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Abstract -- In this research program, new methods of data analysis were applied to the analysis of

multispecles toxicity tests using three complex toxicants. The water soluble fraction of the turbine fuels Jet-A,

JP-4 and JP-8 have been examined as stressors for two microcosm protocols, the standardized aquatic

microcosm (SAM) and the mixed flask culture (MFC). The SAM is a 3 L system inoculated with standard

cultures of algae, zooplanklon, bacteria, and protozoa. In contrast, the MFC is I L and is inoculated with a

complex mixture of organisms derived from a natural source. Analysis of the organism counts and physical

data were conducted using conventional and newly derived multivariate nonmetric clustering methods and

computer visualization techniques. Several fundamental discoveries regarding the impacts of toxicants on

ecological systems were made. The first is that recovery of an ecosystem in the sense that it returns to the

original or reference state is not a property of these systems. In fact, it is unlikely that recovery is a property of

other larger ecological systems. In our experiments the various treatment groups incorporated the information

as to toxicant concentration that was expressed after periods of so-called recovery. The differentiation of the

treatment groups occurred even after the elimination of the toxicant from the test system. Another

fundamental discovery is that multispecies toxicity tests are not repeatable, although within one experiment

the replicates of a treatment group are replicable. In other words, initial conditions are important. The

outcome of this research may lead to a new viewpoint in describing the impacts of toxicants on complex

ecological systems. This viewpoint is described as the Community Conditioning Hypothesis.

Key Words: Multispecies toxicity test, Standardized Aquatic Microcosm, Mixed Flask Culture, Non-metri,
clustering and association analysis, non-equilibrium dynamics

Program Summary, 1991-1994

A common assumption in environmental toxicology is that after the initial impact, ecosystems recover to

resemble the control state. This assumption may be based more on our inability to observe an ecosystem

with sufficient resolution to detect differences, than reality. Recent findings of complex and perhaps chaotic

dynamics in two relatively simple types of microcosms demonstrate that complex dynamics and non-

equilibrium systems are the rule rather than the exception.

In the Standardized Aquatic Microcosm and the Mixed Flask Culture (MFC) microcosms, multivariate

analysis and clustering methods derived from artificial intelligence research was able to differentiate

oscillations that separate the treatments from the reference group, followed by what would normally appear as

recovery, followed by another separation into treatment groups as distinct from the reference treatment. The

explanation may be that the oscillations are the result of the intrinsic chaotic behavior of population

interactions, of which the alteration of detrital quality is but one of many. In fact, preliminary data indicate that

material derived from the jet fuel may be released back into the water column due to the decay or organic

material. The initial impact of the toxicant re-set the dosed communities into different regions of the n-

dimensional space where recovery may be an illusion due to the incidental overlap of the oscillation

trajectories occurring along a few axes.

We now use the new visualization technique of space-time worms to see the trajectories of the

ecosystems through n-dimensional ecosystem space. The dynamics appear to have little regularity and
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resemble chaotic systems in the lack of repeatability and the importance of initial conditions. The dynamics of

ecosystems may be more closely related in terms of basic dynamics to such phenomena as turbulence and

weather formation. The implications for risk assessment and resource management are being examined.

Program Objectives

The principal objective of this project is to examine the patterns in toxicity data from experiments using two

microcosm protocols. We use nonmetric clustering, a multivariate pattern recognition technique developed

by Matthews and Heame (1991), for our primary pattern analyses. NMC has been shown to work well on a

variety of ecological data sets (Matthews and Hearne, 1991). The results from the NMC analyses are then

compared with those from other standard multivariate techniques to compare the utility of each technique for

analyzing aquatic toxicity data.

Specific objectives of the program were:

"* Conduct one series of toxicity tests using the SAM and Mixed Flask Culture (MFC) protocols with 3
complex toxicants such as the water soluble fraction of JP-4, shale derived JP-4, and JP-8.

"* For at least one of the complex toxicants, conduct a second complete series of toxicity tests (SAM and
MFC) to compare similarities between parallel tests.

"* Examine the SAM and MFC complex toxicant data using NMC, linear discriminant analysis,
correspondence analysis, and metric clustering (k-means using Euclidean and cosine distances).

"* Examine existing SAM data from experiments conducted previously for copper sulfate, brass, and
graphite using NMC, linear discriminant analysis, correspondence analysis, and metric clustering.

"* Describe a protocol that can be used for analyzing multispecies toxicity data. This protocol will
incorporate a discussion of the advantages and limitations of the different multivariate analytical tools that
were tested during this project.

We have been able to meet each of these objectives and also to develop an important hypothesis that

describes the effects of stressors upon ecological systems. The Community Conditioning Hypothesis may

be an important key in understanding the ramifications of toxicant impacts at the molecular and ecosystem

levels.

Status of the Research

The results from the three years of the research program have been presented at the Annual Meetings of

the Society for Environmental Toxicology and Chemistry (SETAC), the 1993 First SETAC World Congress in

Lisbon, Portugal, and the yearly Symposium for Environmental Toxicology and Risk Assessment sponsored

by Committee E47 of the American Society for Testing and Materials (ASTM). In addition to these

presentations, we have also presented our research results during several invited seminars, including the

Keynote Address, Ecosystem Dynamics: Wormspace, Chaos and the Implications for Ecological Risk

Assessment", USEPA Regional Risk Assessment Annual Meeting, May 4, 1993, Atlanta, GA.

Since September 1991, we have also prepared and submitted nine manuscripts, three of which have

appeared in publication. Copies of these papers are presented in Appendix A.
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In the three year program, the specific accomplishments met include:

" Completing SAM experiments using Jet-A, JP-4 and two JP-8 experiments. The second JP-8 SAM was
twice the duration of the typical experiment.

" Completing MFC microcosm experiments using the standard protocol for the toxicants Jet-A , JP-4 and
JP-8.

" An extensive investigation into the degradation of the WSF materials in the SAM and MFC systems has
led to the preliminary conclusion that the biological communities may release these materials into the
media during decomposition, redosing the system.

" Completing three sets of MFC experiments modified to explore specific questions as to the design of
multispecies toxicity tests.

" Derivation of a novel method to examine ecological dynamics at the community and ecosystem level, the
space-time worms.

" Incorporation of nonlinear dynamics and chaos into the interpretation of ecosystem dynamics due to
anthropogenic inputs.

Improvements to the RIFFLE program, providing a graphical user interface so that nonmetric clustering
and its association analysis can be accomplished without extensive programming.

Application of these results to ecological risk assessment, including the conclusion that risk assessments
are more akin to weather forecasts, that is forecasts with specified time limits that deal with a chaotic
system.

Derivation of the Community Conditioning Hypothesis, a new means of understanding the changes and
dynamics of ecological systems stressed by xenobiotics.

Examination of databases distinct from our typical research has also proven fruitful. RIFFLE and other
multivariate tests were useful in determining biomarker patterns in two sets of data, a sea anemone
toxicity test with copper sulfate, and a USEPA field experiment using molecular markers derived from
voles exposed to pesticides.

The technology transfer program has also proven successful with the methods developed as part of this
grant which are currently being adopted for the evaluation of effluents from refineries, assessing the long-
term impacts of the Exxon Valdez spill, and in the understanding of risks associated with engineered
organisms. A short course was presented at SETAC 93, that exposed 35 individuals to multivariate
analysis and the use of Al in data visualization. A similar mini course was held in the spring of 1994 for
researchers at NOAAs Sandy Point Laboratory. In order to conduct these workshops, manuals that
describe the techniques developed by this research have been printed and are included in Appendix B.

The research described above has been presented in a number of peer reviewed publications, Master's

theses, technical reports, and course manuals. These writings are attached as Appendices. Below is a

summary of our research program from June 1, 1991 to May 31, 1993 with an emphasis on year three of the

program.

Nonmetnic Clustering, Association Analysis (NMCAA), and Space-time Worms

Unlike the more conventional multivariate statistics, nonmetric clustering is an outgrowth of Artificial

Intelligence (Al) and a tradition of conceptual clustering. In this approach, an accurate description of the data

is only part of the goal of the statistical analysis technique. Equally important is the intuitive clarity of the
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resulting statistics. For example, a linear discriminant function to distinguish 'Ltween groups might be a

complex function of dozens of variables, combined with delicately balanced tdctors. While the accuracy of the

discriminant may be quite good, use of the discriminant for evaluation purposes is limited because humans

cannot perceive hyperplanes in highly dimensional space. By contrast, conceptual clustering attempts to

distinguish groups using as few variables as possible, and by making simple use of each one. Rather than

combining variables in a linear function, for example, conjunctions of elementary "yes-no" questions could be

combined: species A greater than 5, species B less than 2, and species C betwean 10 and 20. Numerous

examples throughout the artificial intelligence literature have proven that this type of conceptual statistical

analysis of the data provides much more useful insight into the patterns in the data, and is often more accurate

and robust. Delicate linear discriminants, and other traditional techniques, chronically suffer from overfitting,

particularly in highly dimensioned spaces. Conceptual statistical analysis attempts to fit the data, but not at the

expense of a simple, intuitive result. Patterns detected by the clustering are then tested against the

hypothesized pattern using association analysis. A more detailed description of nonmetric clustering and

association analysis has been published (Matthews and Heame, 1991) and a brief outline of our multivariate

methods can be found in Appendix A.

The use of nonmetric clustering in the analysis of ecological datasets has led us to formulate the

community conditioning hypothesis. The community conditioning hypothesis states that ecological

communities tend to preserve information about every event in their etiology. In our studies of standardized

aquatic microcosms (SAMs), for example, we observed distinct community changes in response to stress that

would appear and disappear over a two-month period (Landis el al., 1993b; Landis et al., in press). Thus,

even after the dosed systems had "recovered" to a state indistinguishable from the reference systems, a

stress effect reappeared. A purely stochastic system could not exhibit this effect, since information is erased

over time and two systems with identical distributions will remain identically distributed. A chaotic system could

exhibit this effect, but we do not believe these microcosms are inherently chaotic, since similar systems tend

to follow similar evolutions, without the divergences characteristic of nonlinear systems. Instead, we advanced

the hypothesis that an unobserved feature of the community carried information about the stressor

throughout the history of the system. In the case of the SAMs, we hypothesize detrital conditioning as the

mechanism by which information is preserved. We are currently engaged in research testing this specific

hypothesis. However, in general, it will be difficult or impossible to observe or predict the mechanisms

(genetics, competitive interactions, migration dynamics, community structure, etc.) that will preserve

information for an ecological community.

In cases like these, attempting to predict risk for such systems with physical models will be impossible.

Useful physical models must be deterministic, stochastic, or chaotic, and our hypothesis rules out each of

these. Instead, what is needed to predict risk for such systems will be a tool that analyzes them in a manner

more similar to the human expert. In the Al literature, a contrast is made between similarity-based systems and

explanation-based systems (Lebowitz, 1990). A traditional physical model, for example, which will incorporate

each relationship in the real world into a relationship between objects in the computer program, is an

explanation-based system. It attempts to reconstruct the cause and effect evolution of the real-world system
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within the computer system and it will account for the observed data by explaining its causes. Expert systems

are also explanation-based systems, but are closely tied to the explanations given by human experts.

Similarity-based systems stand in contrast to these systems. Similarity-based systems attempt to analyze the

data on its own terms, without preconceptions about explanations. Generally, similarity-based systems

attempt to discover abstractions or generalizations that can reduce the complexity of the data. Similarity-based

systems excel in discovering patterns and relationships within the data that were unknown to human experts,

and have in fact been used with great success to diagnose soybean diseases, discover new classes of stars,

and design aircraft subsystems (Michalski and Chilausky, 1980; Cheeseman et al., 1988; Domeshek et al.,

1994).

Projections and Space-time Worms

One inherent difficulty of understanding multivariate data such as those from microcosm experiments is

the problem of visualization. However, projections of the hyperdimensional data into three dimensional data

for visualization may be valuable in describing the relative positions and dynamics of the experimental groups

from a laboratory microcosm or field experiment.

Nonmetnc clustering can give some help in determining appropriate projections--the variables or

parameters that are the most associated with the clustering are obvious candidates for a projection. However,

if there are more than two or three of them, we have a (reduced) version of the same problem. As a result,

some linear projections, such as Principal Components Analysis (PCA) or Covariance Analysis (COA) might be

useful as a further insight into the nature of the patterns in the data. Each of these methods is actually a

version of 'projection pursuit", in its full generality: seek a projection of the data that maximizes some property

of the data. PCA, for example, maximizes covariance or correlation.

Presently, we are working on a version of projection pursuit that maximizes the nonmetric associations we

have seen, above. Instead of looking at the scatter plot matrix, projections onto all the original axes, and

measuring the association in the quantile quadrats, we are working on an algorithm that will look at the

association for quantile quadrats in an arbitrary projection. There is little mathematical theory to guide such a

search, so it necessarily has to be heuristic. However, we have some promising early results which show that

a good projection can be found reliably in reasonable time. Such a projection would be an adjunct to the

standard projections, and reveal different patterns in the data.

A final problem confronting long-term experimentation is the integration of time into the analysis.

Observations taken on the same system over a period of time are obviously correlated, so the analyst has the

choice of investigating each day individually, and then combining the analyses, or analyzing all of the days

together, but taking care that the time-correlations are considered. Time-sefies analysis is little help, because

it is almost exclusively concerned with univariate changes over time - cycles, trends, etc. With a multivariate

system changing over time, there is no such thing as going "up" or "down", there is only "hither" and "yon".

There are a great many directions to go in a 15 or even higher dimensional space.

One way of visualizing this day-to-day change in a two-dimensional projection of the data is with a three-

dimensional, interactive computer graphic of the resulting space-time "worm": the cylindrical surface
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generated by the two data dimensions and time. We have implemented a graphical tool, and one example of

how the data look Is shown in Figure 1 with two of the treatments from a jet fuel microcosm projected. Three-

dimensional space-time worms can depict two-dimensional dynamics of ecological systems and allow better

comparisons than traditional, one-dimensional graphs.

Treatment 1 Treauneim 4

Figure 1. Space-time Worms of the Jet-A Experiment. Although the experiments begin at very similar
points, the dynamics of the system are quite different during the course of the experiment. At the midpoint of
the experiment the treatments actually converge, and apparently pass through the same area. However, the
systems again diverge and are quite distinct at the end of the 63 day long experiment. The axes in this
projection have been determined by a PCA analysis of 15 measure biotic variables.

The space-time worms certainly depict the intrinsic dynamics of ecological systems and allows

comparisons to be made within ecosystem space. These projections allow us to visualize the relative

dynamics between treatments of one experiment and also to compare the various muitispecies toxicity tests.

Several of the color renditions are presented in Appendix C. Coupled with the tests of significance derived

from metric and nonmetric clustering, these projections allow a new and powerful means of describing impacts

to ecological systems.

The tools developed as part of this research program have allowed a dramatic increase in our ability to

resolve differences in ecological systems. Our similarity-based systems of the analysis of microcosm

experiments and the visualization technique of space-time worms has led to the development of the

community conditioning hypothesis.

The Community Conditioning Hypothesis

A common assumption in ecological risk assessment is that after the initial stress, ecosystems recover to

resemble the control state or reference site. In some instances a new equilibrium state may be established

and these dynamics can be described in probabilistic terms (Bartell et al., 1992).

In our series of microcosm experiments using jet fuels as toxicants, analyses as described above were

able to differentiate oscillations that separate the treatments from the reference group, followed by what

would normally appear as recovery, followed by another separation into treatment groups as distinct from the
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reference treatment. Thus, even after the dosed systems had "recovered" to a state indistinguishable from

the reference systems, a stress effect reappeared.

The community conditioning hypothesis states that ecological communities tend to preserve information

about every event in their etiology. A purely stochastic system could not exhibit this effect, since information

is erased over time and two systems with identical distributions will remain identically distributed. A chaotic

system could exhibit this effect, but we do not believe these microcosms are inherently chaotic, since similar

systems generally tend to follow similar evolutions, without the divergences characteristic of nonlinear

systems. Instead, we advance the hypothesis that an unobserved feature of the community carried

information about the stressor throughout the history of the system. In the case of the SAMs, we hypothesize

detrital conditioning as the mechanism by which this information is preserved. Indeed, degradation rates of

the jet fuel materials within the microcosms does seem to be altered upon redosing depending upon prior

treatment (Markiewicz, 1994). The information of the etiology of the system can be carried in the structure of

the community, the population dynamics of the constituents, and in the structure of the genomes of the

populations.

The fact that complex systems have historical components that determine future events has been

recognized (Nicolis and Prigogine, 1989). The coevolution of the genetic elements and the response of the

resultant community to stressors has been explored by Kauffman and Johnsen (1991) and Kauffman (1993).

However, we believe that community conditioning has distinctive properties relative to these constructs. The

above theories rely on physical simulation models, models that may predict population dynamics, but have

difficulty in generating conceptual shifts in the structure of the ecological system. In a similarity based model,

the data are examined to discover abstractions or generalizations that can reduce the complexity of the data.

Unknown patterns and relationships are often found and have proven useful in medicine, engineering and

astronomy.

The community conditioning hypothesis generates specific and testable hypotheses regarding

ecosystems at the community level. Evolutionary events, whether the introduction of a new species, gene or

other stressor, are incorporated as the "memory" of the ecosystem. This structure along with the exact nature

of the disturbance must be incorporated into the etiology of the outcome, that according to the community

conditioning hypothesis, may be widely separated from the initial stressor event. Specific hypotheses

generated from Community Conditioning include:

1) The complexity and nonlinear dynamics of a biological community may create long latency periods
between observable cause and effects and these effects may be a categorical change in the structure of a
community.

2) There are patterns in common to communities of different compositions and physical scales. These
patterns are more likely to be those at the system level rather than particular interactions among species.

3) The history of an ecosystem is essential in determining the etiology of an effect due to a toxicant or other
stressor. In other words, recovery to an optimal or ground state does not occur.

The accumulation of additional data dealing with changes at the molecular level should enable our

research group to better describe community conditioning and contrast it to the traditional recovery and
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stability models. The ability to describe clusters in unique ways, to visualize the dynamics of ecological

systems using sophisticated projection techniques and then to examine the dynamics for similarities provides

a unique opportunity for the examination of these hypotheses.

Comparison of the Standardized Aquatic Microcosm and the Mixed Flask Culture
Systems

The experimental designs of the two methods (Table 1) reveal a great deal of similarity. The numbers of

groups and the replicates in each group are identical with a total of 24 experimental units available for analysis.

The reinoculation of the SAM with algae and other taxa to simulate migration during the course of the

experiment is not performed in the MFC. The greatest difference in the designs is the fact that the SAM

system is inoculated with set amounts of organisms, minimizing historical inputs before the introduction of the

toxicant. In the MFC protocol, a naturally derived inoculum is used. This inoculum is typically a combination of

several collections and a three month maturation period occurs before samples are withdrawn for the test
procedure. As the experimental units are constructed, a maturation period of 6 weeks is allowed with cross

inoculation among the experimental units performed. Cross inoculation stops at the time of toxicant addition.

This method allows for a greater number of species, many rare, and also sets each unit with it own historical

identity.

In the physical construction of the microcosm units (Table 2) the systems are again similar. Total volume of

the SAM is maintained at 3 K while the MFC is 950 mL of media. Not only is there less volume in the MFC, but

a calculation of the surface of the container to volume ratio indicates that the MFC has 1.5 times the surface to

volume ratio of the SAM method. Organisms and fate processes that are located on the glass surface and

sediment are likely to occur at different rates in two systems.

The types of measurements taken as part of the SAM and MFC protocols are similar (Table 3). The biggest

difficulty and difference is that in the MFC, with its larger number of species, it is difficult to identify the

organisms to species level within a reasonable work load. Because of this, many groupings are combined as in
Total Ciliates or Other Bluegreen Algae. The resolution of structure is therefore not as detailed as in the SAM

protocol. On the other hand it may be argued that the SAM method has less structure because of its lower

number of species.

A list of our data analysis techniques that are used for both methods are listed in Table 4. The

comparisons made here concentrate upon the NMCAA tool, but other methods are available. Again, the very
different structures of the systems can affect the data analysis. The occurrence of numerous species in the

MFC, many of them rare, can make conventional data analysis difficult since rare organisms may be absent in

many of the sample collections.
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Table 1. Comparison of the experimental designs of the SAM and MFC multispecies toxicity tests. The

numbers of groups and replicates are identical in each system.

Experimental Design

Standardized Aquatic Mixed Flask Culture
Microcosm

Number of groups: 4 Number of groups: 4

Number of replicates: 6 Number of replicates: 6

Reinoculatlon: Once per week add one drop Reinoculation: Only reinoculated and cross(circa 0.05 mL) to eah innoculated during the maturation

microcosm from a rmix of the period.
ton species = 5 x 102 caIls of Sampling frequency: 2 times each week
each alga added per microcosm

Addition of test malarials: Add material on Day 7 Test duration: 6-8 weeks
Allow to mature 6 weeks prior
to treatment; track 6 to 8 weeks

Samp~ling frequency: 2 times each week after exposure. Microcosms are
Test duration: 63 days rotated once a week in the

environmental chamber during
the experiment.

Table 2. Comparisons of the physical and chemical structure of the SAM and MFC multispecies toxicity tests.

The media are identical except for the addition of NaHCO3 in the MFC protocol. Due to the reduced volume of

the MFC and its container, the MFC has 1.5 times the surface to volume ratio of the SAM experimental unit.

Size, Medium and Sediment

Standardized Aquatic Mixed Flask Culture
Microcosm

1 1 beakers covered with a large petri dish
One-gallon (3.8 L) glass jars are recommended;
sot glass is satisfactory if new conlainers are
used; measurements should be 160 cm wide Microcosm medium: 900 mL of T82MV
at the shoulder, 25 cm tall with 10.6 cm supplemented with 15 ;g NaHCCO as an
openings. additional carbon source, into which 50 mL

Microcosm medium: 3 L T82MW of inoculum was introduced

Sediment: Composed of silica sand (200 g), Sediment: 50 mL of acid washed sand
ground, crude chitin (0.5g), and
cellulose powder (0.5 g) added to
each container.
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Table 3. Comparisons of the measurement endpoints of the SAM and MFC multispecies toxicity tests.

Essentially the same levels of biological organization are included in both methods. In the calculation of

clusters, derived variables are not particularly useful since they disproportionately weight certain

measurements.

Measurement Endpoints

Standardized Aquatic Mixed Flask Culture
Microcosm

Primary Variables Primary Variables
Population densities of inoculated organisms Population densities of introduced organisms
pH (often by classes such as diatoms, bluegreen
Photosynthesis/Respiration ratio bacteria, ostracods, protozoa etc.)
Optical Density pH
Analytical Chemistry of toxicant Photosynthesis/Respiration ratio
Nutrients Optical Density
Bacterial counts Analytical Chemistry of toxicant

Nutrients
Derived variables Bacterial counts
Algal Diversity
Total Algae Derived variables
Available Algae Algal Diversity
Total Daphnia Total Algae
Total Invertebrates Available Algae

Total Daphnia
Total Invertebrates

Table 4. Data analysis of the SAM and MFC multispecies toxicity tests. In our analyses, each system is

analyzed using the same suite of statistical and artificial intelligence tools.

Data Analysis
Standardized Aquatic Mixed Flask CultureMicrocosm

Graphical Anal (Plot the data)
Intervals of Non-significant Differences (IND)

Metric Multivariate Statistics
Non-metric multivariate Statistics-Riffle

Projections-Space-time worms

Fewer species allow better identification and Thousands of species, and counting is often
understanding of the potential role of each in the done at a variety of taxonomic levels. Not as
observed dynamics. much information on each of the organisms

makes it difficult to assign roles and understand
interactions.

Many rare species
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Comparison of Patterns in the SAM and MFC Test Results

The two methodologies have quite contrasting means of introducing organisms to the systems, and the

operational volumes and surface to volume ratios are quite different. One manifestation of these differences

is likely in the erratic nature of the clustering of the MFC compared to the SAM experiments conducted with

the same toxicant. In Figure 2a, the occurrence of significant clustering in regards to treatment group follows a

distinctive pattern for the SAM experiment, an initial significant clustering followed by a convergence of the

treatments and then a re-emergence of the clustering. The MFC experiment reflects a much noisier pattern,

one that calls into question whether or not the observed significant clustering is an artifact. Figure 2b

compares the results of the SAM and MFC experiments. Note the noise inherent in the MFC as compared to

the SAM system reflected in the NMCAA results.

In spite of the noise, and especially in the Jet-A experiments, an early and late period where the treatment

group., are distinguishable seem to exist. In both sets of experimental protocols, Jet-A would have been seen

to have gernerated more of an impact compared to JP-4, judging by the occurrence of significant clustering

related to treatment effect.

As judged by the NMCAA results, none of the test systems demonstrated a recovery toward a stable

system. This lack of recovery is reflected in both the significance of the clustering relative to treatment and the

changing in the important variable rankings over sampling days. As an example, compare the last 3 sampling

days for the JP-4 MFC experiment. The only variable deemed as important on all three days is "optical

density". "Other Bluegreens", "Ostracod 2", and "P/R" are found on two of the sampling dates. The variables

pH, P. bursaria and Nitzschia are found on only one sampling date each. The rapidly changing significance

values found in both MFC tests also indicate a dynamic and rapidly evolving system.

Generic Multispecies Toxicity Tests

Microcosm testing strategies provide a greater dimensionality to toxicity testing, and resolve impacts that

can not be extrapolated from single species toxicity tests. The MFC and the SAM do not try to simulate

specific natural ecosystems, but they do utilize organisms having distinct interspecific and intraspecific

interrelations and responses typical of natural environments. These methods also display many of the

structural and functional properties of ecosystems, e.g., photosynthetic production/respiration dynamics,

competition and succession, grazing effects, and nutrient cycling (Giddings, 1983; Suter, 1993; Taub, 1984).

Microbial process are present and degradation of xenobiotics and the potential impacts of degradation

products can be studied (Landis et al., 1993c).

The other main advantages of using these generic microcosms is that they are standardized in terms of

species composition (Giddings, 1983; Suter, 1993). The importance of this simplicity and replicability in

construction is that it allows closer examination of specific relationships and interactions in determining

responses to direct and indirect effects, it reduces the dynamic heterogeneity that could potentially diffuse or

hide effect responses, and it allows the comparison of results obtained in different laboratories (Suter, 1993).
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Corrparison of Jet-A and JP-4 SAM Experiments
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Figure 2. A comparison of the SAM and MFC NMCAA results for the Jet-A and JP-4.

The comparability and replicability of construction of a generic system is also a weakness. Since

environmental heterogeneity, migration, colonization and other population, metapopulation and community

level interactions are not modeled well in these systems, effects of toxicants upon these parameters will be

difficult to ascertain. Numerous species representative of aquatic systems are not included, for example, fish

and macrobenthos, and these organisms would be difficult to incorporate given the small size of the system.
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Design Suggestions for Multispecies Toxicity Tests

The comparison of the two methods described here, along with our previous experience with microcosms

and data analysis of these systems (Landis et al., 1993a; 1993b; 1993c; Matthews et al., in press; Haley et al.,

1988; Matthews and Matthews, 1990; Sandberg 1994) leads us to suggest several improvements for the

performance of multispecies toxicity tests. In several instances the suggestions are specific to the MFC and

SAM systems, however many can be applied to systems regardless of size.

One of the most important aspects of any multispecies toxicity test is the realization by the investigators

that these systems are models, inherently much more complex than computer simulations, of naturally

occurring ecological systems. As has been demonstrated for the lakes studied by Katz et al. (1987), the best

predictor of the future behavior of a system is itself. All model ecosystems will be limited in their predictive

power, however, a primary advantage of model systems is that they are likely to also include interactions,

parameters and relationships that are currently unknown and therefore impossible to simulate in an

explanation based system. Because of this fact, multispecies toxicity tests are powerful tools in the

investigation and eventual understanding of toxicant impacts in naturally occurring systems. Our suggestions

are made in this light.

Parameter Selection, Measurement and Sampling Frequency

In both microcosm protocols, the parameters measured and the analyses conducted focus primarily on the

biological structural components, including a few physical parameters, e.g., pH, dissolved oxygen,

conductivity, and alkalinity. Species are identified and enumerated during the course of the experiment, to

determine changes in diversity and abundance patterns. An important consideration is that these parameters

are easily measured given the limited volumes and manpower requirements of performing the SAM or MFC

tests. The premise of using this approach is that focusing on the functions, interactions, and responses of

the individual parts will reveal ecosystem level dynamics (O'Neill and Waide, 1981). Each population variable

can serve as an axis to track the movement of the system through ecosystem space. This approach is not

without theoretical support. Ecosystems as perceived by the organisms are multidimensional. The

Hutchinsonian idea of organisms and populations residing in a n-dimensional hypervolume is the basis of

current niche theory (Hutchinson, 1959). The n-dimensional niche hypervolume is the ecosystem with all its

components as perceived by the population. The variability of these parameters over time as well is used to

account for the variety of species within the ecosystem (Hutchinson, 1961; Richerson et al., 1970; Tilman,

1982).

Other parameters should also be sampled, if possible, to increase the resolution of the toxicity tests.

There are limitations to the using of components to assess effects to the whole ecosystem. Microbial

processes often dominate the metabolism of aquatic systems, yet procaryotic populations are difficult to

measure and their rapid turnover times makes frequent sampling necessary. Since a 24 hr period can be as

many as 48 generations in procaryote populations, sampling on the scale of hours would be necessary.

Although the population structure of filter feeding organisms can give an indication of the procaryotic

assemblage, other parameters can give a more direct indication of the status of the procaryotic community.
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Among these parameters are productivity/respiration ratios; total C02 eff lux; biochemical rates; nutrient

cycling; dissolved oxygen concentrations; pH; substrate decomposition rates; toxicant degradation rates; and

accumulation rates of metabolic by-products (O'Neill and Waide, .981; Sugiura, 1992).

Cross Inoculation

The purpose of cross inoculation among replicate systems is generally seen as a means of ensuring the

homogeneity of the test systems prior to treatment. However, this principally sets each replicate as an island

with frequent migration that will maintain each system with a larger number of species than normal for that

particular island size. Species that would normally become extinct are re-supplied in the inoculum. Upon the

elimination of the cross inoculation followed by the toxicant addition, two factors are operating. First, a

reduction in species as rare organisms become extinct. Second, the effects of the toxicant begin to operate.

In effect, each of the 24 replicates starts from a different location in ecological space, no control can be

exercised to force them into similarity, and finally a toxicant impacts the system. Cross inoculation seems to

unduly complicate the methodology without an increase in sensitivity.

Impact of Multivariate Analysis and Community Conditioning on Risk Assessment and
Environmental Restoration

Search for Relevant Assessment and Measurement Endpoints

Our current research indicates that identity of the variables that contribute the most to separating control

treatment from dosed treatment groups change from sampling period to sampling period. The variables

change in the SAM experiments, no doubt, in response to the successional trajectory of the system as

nutrients become depleted. As nutrients become limiting and the ability of the system to exhibit large

differences in community structure become less, the metric measures do not exhibit the same magnitudes of

separation. Nonmetric clustering does not seem to be as sensitive to these changes.

However, the search for diagnostic measures to indicate the displacement of an ecosystem may not be

fruitless. Although the relative importance of the variables in the SAM experiments may change, there are

often variables that are more critical during the earlier stages of the development of the microcosm and those

that are more crucial in the latter stages. The variable Ostracods is generally more important in the latter halg of

the experimental series than in the latter stages. The crucial aspect is that the clustering algorithm is able to

select ecosystem attributes that are the best in differentiating stressed versus non-stressed systems.

Although expert judgment may be able to predict in some cases variables that could be considered important

to measure, the clustering approach is rapid, consistent, and not biased.

Instead of defining Assessment Endpoints, it may be more practical to define an Assessment Baseline or

hypervolume using variables that have been demonstrated to be important in past descriptions of these types

of ecosystems. Defining the 95 percent confidence region may be a more accurate way of characterizing the

problem than by using artificial constructs or individual assessment measurement endpoint combinations.

Assignment of these confidence regions may also improve the quality and accuracy of environmental risk

assessment. Another logical outcome is that these regions must be defined by the measurement endpoints
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(variables). Measurement endpoints are the means by which a system can be accurately placed and its

trajectory defined in an n-dimensional coordinate system. Such a means of describing systems has already

been proposed by Kersting (1988). The confidence region used to calculate NES is static, but an accounting

of the passage of such a system through the coordinate system should provide a region from which deviation

can be measured. Comparing dosed treatment groups to a control group is essentially the corresponding

exercise but using a control series of replicates instead of an a priori prediction to measure deviation from the

Assessment Baseline hypervolumes.

Measurement endpoints are therefore operationally defined as the variables that set the axes for the

description of the system within the n-dimensional space. Data such as dose-response curves may play a part

it they describe a relevant axes when used in a biomonitoring role. Dose response data, however, are not

measurement endpoints by themselves, but are important in setting relevant system parameters. It is

preferable to select measurement endpoints that are the lowest common denominator of the system that is

capable of being measured. For example, pH is certainly the most direct measurement of hydrogen ion

concentration available. Diversity and other indices of species number and community structure, however, are

composites of species abundance data.

The Myth of Ecosystem Health and Measurement Indices

The use of indices such as diversity and the Index of Biological Integrity have the effect of collapsing the

dimensions of the hypervolume in a relatively arbitrary fashion. Indices, since they are composited variables,

are not true endpoints. The collapse of the dimensions that are composited to one tends to eliminate crucial

information, such as the variability and distribution of the organisms within a particular system. The mere

presence of absence and the frequency of these events can be analyzed using techniques such as

nonmetric clustering and preserves the nature of the dataset. A useful function was certainly served by the

application of these methods, but the new methods of data analysis and compilation should serve to replace

these approaches and preserve the underlying structure and dynamic nature of ecological systems.

Part of the attraction of using indices may result in the pervasive nature of the metaphor, ecosystem

health. In a recent critical evaluation, Suter (1993) dismissed ecosystem health as a misrepresentation of

ecological science. Ecosystems are not organisms with the patterns of homeostasis determined by a central

genetic core. Since ecosystems are not organismal in nature, health is a property that can not describe the

state of such a system. The urge to represent such a state as health has lead to the compilation of variables

with different metrics, characteristics and casual relationships. Suter suggests a better alternative would be to

evaluate the array of ecosystem processes of interest, a process that is now possible given mnultivariate

methods.

The Assumption of Non-equilibrium Dynamics in the Evaluation of Ecosystem Responses to Stressors

A common assumption in environmental toxicology is that after the initial stress, ecosystems recover to

resemble the control state or reference site. These assumptions may be based more on outmoded theory

than reality. Recent findings of complex dynamics in relatively simple microcosms, chaotic dynamics in
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ecological field studies, and techniques of examining complex datasets demonstrate that non-equilibrium

systems are the rule.

The use of nonmetric clustering in the analysis of ecological datasets has led us to formulate a non-

equilibrium theory, the community conditioning hypothesis. The community conditioning hypothesis states

that ecological communities preserve information about every event in their etiology. In our studies of

standardized aquatic microcosms (SAMs), for example, we observed distinct community changes in response

to stress that would appear and disappear over a two-month period (Landis et al., 1993a; Landis et al., 1993b).

Even after the dosed systems had *recovered" to a state indistinguishable from the reference systems, a

stress effect reappeared. A purely stochastic system could not exhibit this effect, since information is erased

over time and two systems with identical distributions will remain identically distributed. A chaotic system could

exhibit this effect, but we do not believe these microcosms are inherently chaotic, since similar systems tend

to follow similar evolutions, without the divergences characteristic of nonlinear systems. Instead, we advanced

the hypothesis that an unobserved feature of the community carried information about the stressor

throughout the history of the system. In the case of the SAMs, we hypothesize detrital conditioning as the

mechanism by which information is preserved. The preservation of the information can be contained in a

variety of structural components of the ecological system, including genetics, competitive interactions,

migration dynamics, community structure or age structure of a population. Examples of such conditioning can

be found in the mitochondrial sequences of human populations and the affinity of 2,3,7,8 dioxin for the

vertebrate Arh receptor.

An outgrowth of this research has been the development of a specific theory, that of Community

Conditioning, that generates specific and testable hypotheses regarding ecosystems at the community level.

As described above specific hypotheses generated from Community Conditioning include:

1. Biological communities may have long latency periods between observable cause and effects.

2. Communities may have patterns in common despite differences in compositions and physical scales.

These patterns are more likely to be those at the system level rather than population level.

3. The history of an ecosystem is essential in determining the etiology of an effect.

Each of these factors effect the assessment of ecological risk.

Degradation of the WSF Components of Turbine Fuel in Microcosm Systems - A.

Markiewicz.

Ms. Markiewicz has conducted an extensive investigation into the fate of the water soluble components of

Jet-A and JP-8 in the MFC and SAM systems. The results are only summarized in this section, the thesis is

included as part of Appendix D.

Degradation rates and biodegradation products of WSF from the fuels were monitored to evaluate

whether the functional dynamics of the systems were similar regardless of the species structure and trophic

complexity. The analysis was conducted using purge and trap gas chromatography with samples taken from

the same microcosms being used for the community analyses. After the normal course of the microcosm

experiment, microcosms from Treatment 1 (0 percent WSF) and Treatment 4 (15 percent WSF) were redosed
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to 15 percent WSF to determine whether the degradation rates would be increased due to selective

adaptation of microbial populations.

As can be seen in Figure 3, the WSF of both Jet-A and JP-4 are complex mixtures of materials with

numerous peaks. However, within 48 hours post application, the concentrations are substantially reduced

due to volatilization and physical and biological degradation (Figure 4). Further examination of the

chromatograms also reveals that the WSF of the jet fuels are comprised of different concentrations and types

of constituents, although they are similar cuts of the refining of petroleum.

In several cases, specific compounds were followed within each of the WSF fractions. Figure 5 depicts

the concentration curves for benzene and toluene. After 48 hours both toluene and benzene are

approximately one-half of their original concentration. At 192 hours (8 days) the concentrations are extremely

low. Interestingly, at 192 hours for benzene and 240 hours for toluene, the materials reappear in the water

column. This may be due to resuspension after release from dead and decaying organisms, or their

appearance as by products of the degradation of higher molecular weight materials. These purges of materials

into the water column occur at irregular intervals throughout the remainder of the experiment.

Further investigation demonstrated that the concentration of the class of hydrocarbons in the WSF

determines the degradation rates rather than the concentration of a specific compound. This finding

suggests that degradation pathways are generic regarding chemical class. Both microcosm types (MFC and

SAM) displayed similar pattems of degradation and metabolite production dynamics. However, only the SAM

displayed increased rates of hydrocarbon degradation in the retreated microcosms.

Multivanate Analysis of the Effects of a Pulsed Release of Jet-A Turbine Fuel from
Sediments Using A Modified Mixed Flask Culture (MFC) Microcosm - R. Sandberg

The aquatic toxicity information used to satisfy regulatory requirements under FIFRA are generated under

a tiered testing sequence with nearly all decisions regarding registration based on the results of single species

tests. Over the last 15 years, a variety of multispecies aquatic toxicity tests have been developed with the

hope that the increased complexity of the test system would result in a more realistic, community-level

response to contamination. Sediments are often times a major repository for contaminants introduced into

surface waters. The science of sediment toxicology itself, however, has been described as being in its infancy

due to the failure to incorporate ecosystem disturbance into toxicity assessments.

This study investigates both the methods and the ecosystem level effects of producing a simulated release

of a complex hydrocarbon mixture from sediments using a 60-day one liter modified Mixed Flask Culture

(MFC) microcosm. A slow pulsed release of the test material from the spiked layer was obtained resulting in

an initial period of perturbation caused by the transfer perturbation of the spiking procedure, as well as the

effects of the hydrocarbon mixture. Monitored community structural parameters indicated that initial

replicability was not obtained, the spatial scale of the MFC may be inadequate, and that treatment effects were

generally detectable throughout the entire test with no apparent recovery or stability of the system.

Multivariate techniques were able to distinguish statistically significant responses of the system holistically and

reveal patterns not apparent with univariate results.
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Figure 3. Gas Chromatographs of JP-8 15% WSF (left) and JET-A 15% WSF (right), immediately after

treatmeid (0.0 hours).
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Figure 4. Gas chromatographs of JP-8 15% WSF (left) and JET-A 15% WSF (right), approximately 48 hours

after treatment.
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Figure 5. Fate curves of two of the constituents of the WSF of JP-8, Benzene and Toluene. Notice the

rapid elimination of these materials from the water column, followed by a subsequent increase.
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Landis, W.G., R.A. Matthews, G.B. Matthews and A.M. Markiewicz. The Community Conditioning Hypothesis
and the Dynamics of Stressed Ecological Systems. Ecological Society of America Workshop Relevancy of
Ecological Data to Pesticide Registration, Knoxville, TN, August 7, 1994.

Submitted for SETAC 94
Landis, W.G., and R.A. Matthews, G.B. Matthews, The Inherent Limitations of Population Modeling in
Environmental Risk Assessment and an Alternative: Community Conditioning.

Matthews, R.A. W.G. Landis and G.B. Matthews. Application of the Community Conditioning Hypothesis to
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Landis, W.G. M.A. Roze, G.B. Matthews, S. Dominguez and A. Fairbrother. A Multivariate Artificial Intelligence
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Graduate Students Supported by the Grant and Student Research Projects
Keel, Lester - Anthopluera as a Monitor for the Environmental Impacts of Toxicants (Dr. Landis-Huxley
College).

Marklewlcz, April - Fate of Jet Fuel Water Soluble Fraction in the Standardized Aquatic Microcosm (Dr. R.
Matthews-Huxley College)

Rodgers, Sara - Comparison of MFC toxicity tests with and without adapted communities (Dr. Landis-Huxley
College).

Sahaklan, Robert - Population Dynamics and the Effects of Toxicants on Community Structure (Dr. Landis-
Huxley College).

Sandberg, Randy - Modification of the MFC for use in sediment testing (Dr. Landis-Huxley College).

Roze, Michael - Application of RIFFLE program for data evaluation (Dr. G. Matthews-Computer Science).

Professional Collaborators in the Research Program

James W. Heame, Computer Science Department, Western Washington University

Anne Falrbrother, USEPA Environmental Research Laboratory, Corvallis, OR and ep&t, Corvallis, OR

Richard Bennett, USEPA Environmental Research Laboratory, Corvallis, OR

Anne Sergeant, Office of Research and Development, U.S. EPA, Washington, DC

Frieda B. Taub, School of Fisheries, University of Washington, Seattle, WA

John H. Taub, Seattle, WA.

Larry Kaputska, ep&t, Corvallis, OR

Marsha Black, Oklahoma State University, Stillwater, OK

Steve Domlngus, USEPA Environmental Research Laboratory, Corvallis, OR

Interactions and Consultations
Over the last year this research has been translated into technology transfers to DOD and EPA

laboratories and the private sector. Apart from presenting the research at national and international meetings,
we have been successful in transferring this data and technology during informal meetings or presentations
on-site. Below is a list of several of the groups with which we met and transferred information over the last 36
months.

Joseph Dulka, Agricultural Product Department, DuPont Experimental Station, Wilmington, DE. Microcosm
use and data analysis.

Lidia Watrud, Team Leader, and Ray Siedler Biotechnology Team, U.S. EPA-Corvallis, OR. Data analysis from
terrestrial microcosms.

Nigel Blakley, Department of Ecology, Olympia, WA. Toxicity evaluation of petroleum mixtures.

SETAC Microcosm Workshop. Design and data analysis of microcosms for pesticide evaluations.

ICI Americas. Data analysis of aquatic microcosm studies.

Anne Sergeant, ORD, U.S. EPA., Washington, D.C. Application of multivariate methods to ecological risk
assessments.

Heather Gordon, National Research Council, Canada. Riffle program.
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Joni A. Torsella, U.S. EPA, Cincinnati, OH. Riffle program.

Patrick A. Thorpe, Grand Valley State University, Allendale, MI. Permtest program.

Charles Hadden, Science Applications International Corp., Oak Ridge, TN. Clustering analysis.

Byron Bodo, Byron A. Bodo & Associates, Canada. Nonmetric clustering techniques and Riffle program.

Prof. Hein H. Du Preez, Rand Afrikaans University, South Africa. Al techniques for multispecies toxicity tests.

Scott Ferson, Applied Biomathematics, Setauket, NY. Nonmetric clustering techniques.

Technology Transfers

SETAC Short Course: "Nonmetrlc Clustering and Association Analysis In Ecotoxlcology",

November 14, 1994, Geoffrey Matthews, Mike Roze, Robin Matthews, Wayne Landis.

NOAA Course on Multivariate Statistics: "Statistical Ecology Mlnlcourse", March 17-18, 1993,

Taught by Drs. Robin and Geoffrey Matthews.

Evaluation of Molecular Marker Datasets: "The Evaluation of Blomarkers Under Field

Conditions", S. Dominguez 1 , A. Eakbrther2 , T. Shiroyama 1 , and P. Bucholz 3 . 1USEPA, Corvallis, OR;

2ecological planning and toxicology, inc., Corvallis, OR; 3 Computer Sciences Corporation, Corvallis, OR.

The application of biomarkers to ecotoxicology has been limited by large interindividual variability caused by

genetic differences and simultaneous exposure to multiple stressors. This study describes the use of a

multivariate approach to analyzing biomarker data from pesticide field studies. Gray-tailed voles (Microtus

canicaudus) were placed in each of 24 0.2-ha enclosures planted with alfalfa. Three months later, populations

reached densities of approximately 60 voles per enclosure. Azinphos methyl (Guthion 2S) was applied using

a boom sprayer at 0, 0.77, 1.55, 3.11 and 4.67 kg active ingredient/ha. Ten adult voles were live-trapped from

each enclosure on days 2,3,4,14,15,16 post-spray, bled, and released at the trap station where they were

captured. On days 6,7,8,10,11,12 ten voles were trapped in each of four enclosures, bled, and killed to

remove brains for analysis of cholinesterase activity. The following were measured in each blood sample:

hematocrit; total and differential leukocyte count, hemoglobin, blood urea nitrogen, creatinine, creatine

phosphokinase, isocitrate dehydrogenase, and lactate dehydrogenase. Summary statistics will be presented

demonstrating the large variation within groups and among days. Analysis of variance techniques showed no

differences among mean values for each of the treatment groups. Brain cholinesterase activity was

significantly depressed in voles from azinphos methyl enclosures.

The biomarker data were derived from field experiments using gray-tailed voles placed in 0.2-ha field

enclosures and dosed with azinphos methyl. Molecular markers included brain cholinesterase activity, blood

chemistry, enzymatic and cell type markers. Data were analyzed using nonmetric clustering and association

analysis (NMCAA), an artificial intelligence technique. NMCAA confirmed the ANOVA results in that brain

cholinesterase activity was an Important variable in clustering on treatment group. However, NMCAA found
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that neutrophils and basophils were also important variables. The alteration of the ratio of leukocyte types has

been previously reported in laboratory tests with azinphos methyl. The quality measurements of the

clustering suggested that additional patterns are present. Using quadrants within the field experiment as a

treatment, a statistically significant relationship was again found. The variables determined to be important

were brain cholinesterase inhibition, pregnancy and basophils. Controlling for quadrant effects, again a

significant association between dose and clusters was found within the quadrants even though the total

sample size within a quadrant was significantly reduced. The biomarkers and NMCAA detected at least two

important patterns in the field experiment, dose and location.

Abstracts of Papers Presented June 1,1993-May 31, 1994

Abstracts of the 1993 Society of Environmental Toxicology and Chemistry Meeting, Houston, Texas
Comparison of Test Results In the Evaluation of the WSF of Several Jet Fuels Using the
Standardized Aquatic Microcosm and the Mixed Flask Culture Protocols. W.G. Landis,
Matthews, R.A., and Markiewicz, A.J., Institute of Environmental Toxicology and Chemistry, Huxley College;
Matthews, G.B., Computer Science Department, Western Washington University, Bellingham, WA. The water
soluble fraction of the turbine fuels Jet-A, JP-4 and JP-8 have been examined as stressors for two microcosm
protocols, the standardized aquatic microcosm (SAM) and the mixed flask culture (MFC). The SAM is a 3 L
system inoculated with standard cultures of algae, zooplankton, bacteria, and protozoa. In contrast, the MFC is
l L and is inoculated with a complex mixture of organisms derived from a natural source. Analysis of the
organism counts and physical data were conducted using conventional and newly derived multivariate
methods. Physical parameters, such as pH and oxygen metabolism, were often not as sensitive as species
and bacterial counts. Like the SAM system, species numbers and other variables that determined clusters
varied among sampling dates. Compared to the larger yet simpler system, the MFC exhibits more violent
dynamics and is more likely to become catastrophically fixated, as in systems dominated by cyanobacteria.
The combination of greater diversity and smaller volume may contribute to the volatile or chaotic dynamics of
the MFC system.
This research is supported by USAFOSR Grant No. AFOSR-91-0291 DEF.
Key Words: microcosms, standard aquatic microcosm, mixed flask culture, chaos, complexity, ecosystems

Characterization and Classification of Direct and Indirect Effects at the Community and
Ecosystem Levels. W.G. Landis and Matthews, R.A., Institute of Environmental Toxicology and
Chemistry, Huxley College; Matthews, G.B., Computer Science Department, Western Washington University,
Bellingham, WA. The dynamics of the response of an ecosystem to a stressor have classically been
separated into direct and indirect effects. The initial direct effects of a toxicant alter the community in two ways.
First, the system can be displaced from its initial state. The magnitude of the displacement may be estimated
using current laboratory toxicity tests, however, given the complexity or even chaotic nature of ecosystems,
the directional vector of this displacement may be impossible to predict. Second, the dispersion or variability
of the system can also be altered. In some instances the variability of the system can be radically decreased or
increased depending upon the type of toxicant. Indirect effects, however, may be so persistent as to take
another stressor event to remove the impacts of this history from the system. In our studies, recovery in the
classical sense of returning to the original or reference state is unlikely to occur. Even in unstressed systems
small initial differences give rise to dramatic changes. The accurate prediction of direction and magnitude of
the indirect effect may prove impossible if ecosystems exhibit sufficiently complex or chaotic dynamics.
This research is supported by USAFOSR Grant No. AFOSR-91-0291 DEF.
Key Words: direct and indirect effects, chaos, complexity, ecosystems

Non-linear Dynamics of Microcosm Ecosystems and the Inherent Limitations of Risk
Assessment. W.G. Landis and Matthews, R.A., Institute of Environmental Toxicology and Chemistry,
Huxley College; Matthews, G.B., Computer Science Department, Western Washington University,
Bellingham, WA. Projections into two dimensional space with time are used to visualize ecosystem dynamics.
The space-time worm projections have demonstrated that the systems are moving in a complex dynamic that
does not repeat or recover as defined as the return of the dosed system to the space and dynamics of the
non-dosed case. In cases where the dosed and non-dosed treatments overlap, the subsequent dynamics
demonstrated that it is a case of passing through and not recovery. The patterns appear to be chaotic, such as
turbulence and weather. Ecological important properties of these systems are: they do not return to an
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original condition upon perturbation; the history of the perturbation resets the initial conditions making a return
to the initial state virtually Impossible; history of the system Is Important In setting the potential dynamics; and
that predictions are limited not by knowledge but by the Inherent dynamics of the system. Risk assessments
and projections of Impacts upon populations and communities have inherent limits on their power of
prediction. These limits are inherent to the underlying dynamics of the system and not based on the
uncertainty of the available knowledge.
This research is supported by USAFOSR Grant No. AFOSR-91-0291 DEF.
Key Words: chaos, risk assessment, non-linear dynamics, ecosystems

Response Volumes (Space-time Worms) as a Method for the Visualization of Ecosystem
Dynamics and Indirect Effects. G.B. Matthews, Computer Science Department; Landis, W.G., and
Matthews, RA., Institute of Environmental Toxicology and Chemistry, Huxley College, Western Washington
University, Bellingham, WA. A variety of indexes and other composite measures of ecosystems, such as
measures of integrity and diversity, have been used to summarize the state of an ecosystem. These
approaches have numerous shortcomings. We have developed a method for the visualization and
quantification of the state of an ecosystem that projects from the original n-dimensional space into a two
dimensional representation. Currently, a principal components projection provides the axes to plot the
system in a two dimensional space. In studies with several sampling dates, a projection is plotted for each
sampling day and then connected to form a three dimensional representation of the changes of the
ecosystem over time. The response-volumes or space-time worms generated by this process provide a three
dimensional representation of the changes of an ecosystem over time. Various perspectives can be
generated until the best viewing point is selected for the particular attribute or question under consideration.
The method has proven vital in the examination of microcosm ecosystems dosed with a variety of toxicants
and should prove useful in the analysis of FIFRA type microcosms and various field studies. A demonstration
of the technique will be presented.
This research is supported by USAFOSR Grant No. AFOSR-91-0291 DEF.
Key Words: ecosystem effects, space-time worms, response volumes, microcosms

Use of the Mixed Flask Culture (MFC) Microcosm Protocol to Investigate the Effects of a
Pulsed Release of Jet-A. R.S. Sandberg and Landis, W.G., Institute of Environmental Toxicology
and Chemistry, Huxley College of Environmental Studies; Roze, M.J., Computer Science Department,
Western Washington University, Bellingham, WA. A 60-day 1 L Mixed Flask Culture (MFC) microcosm utilizing
organisms derived from natural systems was used to assess the potential ecosystem level effects of a
simulated release of a complex hydrocarbon mixture from sediments. A spiked layer of Standardized Aquatic
Microcosm (SAM) sediment was encapsulated under an overlying layer of coadapted MFC silica sand and
detritus. Treatment sediment groups consisting of six microcosm replicates were spiked with 0, 2, 10 and 25
microliters of Jet-A based on the results of preliminary acute 10-day freshwater sediment amphipod bioassays
using Hyalella aztecs as the test species. A slow, pulsed release of the test material from the spked layer was
obtained by stirring vigorously twice weekly throughout the test. Statistically significant effects among both
community level physical properties and individual species population dynamics were observed using
conventional univariate and multivariate techniques as well as a recently developed non-metric multivariate
clustering technique despite the relatively small proportion of Jet-A used in the test.
This research is supported by USAFOSR Grant No. AFOSR-91-0291 DEF.
Key Words: microcosms, standardized aquatic microcosm, mixed flask culture, sediments.

Evaluation of Community Structure and Community Function After Exposure to the
Turbine Fuel Jet-A. S.C. Rodgers and Landis, W.G., Institute of Environmental Toxicology and
Chemistry, Huxley College of Environmental Studies, Western Washington University, Bellingham, WA. The
underlying premises of the Mixed Flask Culture (MFC), an aquatic microcosm design, include 1) that the
effects of a perturbation to an aquatic community may be monitored through the measurement of its functional
parameters (i.e. pH and productivity/respiration ratio) and 2) these measurements will be similar between
different wild-derived communities given the same perturbation. Two MFC experiments were conducted to
assess these two premises. The treatment groups in both experiments consisted of 0%, 1%, 5%, and 15%
WSF Jet-A with six replicates respectively. The experimental designs reflected both the MFC and the
Standard Aquatic Microcosm (SAM); this hybrid design resulted in following a MFC protocol, but incorporated
the SAM specified laboratory cultured organisms. Beaker heterogeneity was encouraged in the second
experiment by not cross Inoculating or reinoculating. The differences between the two experiments was
designed to indicate if differently derived communities react similarly to an identical perturbation. Do the
microcosms within each treatment group resemble each other functionally throughout the experiment, or is
the within group deviation greater than the between group deviation?
This research is supported by USAFOSR Grant No. AFOSR-91-0291 DEF.
Key Words: mixed flask culture, community function, community structure
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Comparison of the Degradation of Water Soluble Components In Jet Fuel Using the
Standard Aquatic Microcosm (SAM) and the Mixed Flask Microcosm (MFC). A.J.
Marklewlcz, Matthews, R.A. and Landis, W.G., Institute of Environmental Toxicology and Chemistry,
Western Washington University, Bellingham, WA 98225. The Standard Aquatic Microcosm (SAM), a
synthetic assemblage of organisms derived from laboratory cultures, was used in comparison with the Mixed
Flask Microcosm (MFC), derived from natural sources, to monitor the degradation rates and biodegradation
products of water soluble components in jet fuel and to evaluate whether ecosystem dynamics are similar
between the two microcosm systems; independent of species diversity and trophic level complexity. The
SAM microcosms were used for analysis of the water soluble fraction of JP-8, and the MFC microcosms were
used for the water soluble fraction of Jet-A. Component degradation and by-products were monitored using
Purge and Trap / Gas Chromatography. Preliminary results from both microcosms, using regression and
multivariate analysis, indicate that all components are degraded simultaneously, but at different rates;
component degradation rates oscillate in similar patterns temporally; most WSF components are completely
degraded within 10-15 days; and that biodegradation products continue to reappear in a cyclic pattem
throughout the experiment. In the SAM microcosms, WSF jet fuel components were rapidly sequestered
from the water column and degradative rates were lower. Both microcosms form significantly distinct groups
when clustered by degradation rates.
This research is supported by USAFOSR Grant No. AFOSR-91-0291 DEF.
Key Words: Microcosms, jet fuel, degradation rates.

Abstracts of the 1994 ASTM Symposium on Environmental Toxicology and Risk Assessment, Montreal,
Quebec, Canada
Structural and Community Level Comparison of Turbine Fuel Test Results Using the
Standardized Aquatic Microcosm (SAM) and the Mixed Flask Culture (MFC) Protocols.
Wayne G. Landis, Robin A. Matthews and April J. Markiewicz, Institute of Environmental Toxicology and
Chemistry, Huxley College of Environmental Studies; Geoffrey B. Matthews and Michael J. Roze, Computer
Science Department, Western Washington University, Bellingham, WA 98225.

The water soluble fraction of the turbine fuels Jet-A, JP-4 and JP-8 have been examined as stressors for
two microcosm protocols, the standardized aquatic microcosm (SAM) and the mixed flask culture (MFC). The
SAM is a 3 L system inoculated with standard cultures of algae, zooplankton, bacteria, and protozoa. In
contrast, the MFC is 1 L and is inoculated with a complex mixture of organisms derived from a natural source.
Analysis of the organism counts and physical data were conducted using conventional and newly derived
multivariate nonmetric clustering methods, and visualization techniques (space-time worms).

Physical parameters, such as pH and oxygen metabolism, were often not as sensitive as species and
bacterial counts. In both the SAM and MFC test systems, species numbers and other variables that
determined clusters varied among sampling dates. Compared to the larger yet simpler system, the MFC
exhibits more violent dynamics and is more likely to become catastrophically fixated, as in systems dominated
by cyanobacteria.

Measurements of the degradation of the various constituents of the water soluble fraction of two jet fuels
occurred in both types of microcosms. In these systems apparent shifts in the microbial flora is observable as
determined by the release of metabolic products into the media.

Observation of the dynamics using multivariate metric and especially nonmetric clustering reveal similar
dynamics at the system level although the structure of the two systems are disparate. In both sets of
experiments it appears that an initial divergence is followed by a convergence from some aspects, followed by
repeated divergences. The pattern is not as clear in the MFC because of the more rapid shifts in structure.
Although both experiments are performed as specified, recovery is not apparent. Recovery is being defined
as a return to the original state space and vector, or at least to that of the controls. The inability to clearly
separate dosed treatment groups from not dosed treatments in the MFC is more likely due to the rapid
divergence of the replicates rather than a recovery or the establishment of an equilibrium.

This research is supported by USAFOSR Grant No. AFOSR-91-0291 DEF.

Community Conditioning as an Alternative to the Stability and Recovery of Ecosystem
Hypothesis In Ecological Risk Assessment. Wayne G. Landis and Robin A. Matthews, Institute of
Environmental Toxicology and Chemistry, Huxley College of Environmental Studies; Geoffrey B. Matthews,
Computer Science Department, Western Washington University, Bellingham, WA 98225.

A common assumption in environmental toxicology is that after the initial stress, ecosystems recover to
resemble the control state or reference site. In some instances a new equilibrium state may be established.
These assumptions may be based more on our inability to observe an ecosystem with sufficient resolution to
detect differences, than reality. Recent findings of complex dynamics in relatively simple microcosms and
ecological field studies demonstrate that non-equilibrium systems are the rule rather than the exception.
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In a series of microcosm experiments, multivariate analysis and was able to differentiate oscillations that
separate the treatments from the reference group, followed by what would normally appear as recovery,
followed by another separation into treatment groups distinct from the reference treatment and each other.
The initial impact of the toxicant re-sets the dosed communities into different regions of the n-dimensional
space where recovery may be an illusion due to the incidental overlap of the oscillation trajectories occurring
along a few axes. We now use the construct of space-time worms to visualize the trajectories of the
ecosystems through n-dimensional ecosystem space. The dynamics appear to have little regularity and
resemble chaotic systems in the lack of repeatability and the importance of initial conditions. However, the
systems appear to be bounded, and replicates of a treatment group do appear to follow similar, irregular
trajectories. A new vocabulary and an understanding of complex systems (Nicolis and Prigogine, 1989) has
been developed that have a direct applicability to community level systems. It is no longer sufficient to say that
ecological systems are complex and difficult to understand, an understanding of these systems should be
attempted using the fundamentals of complexity.

An outgrowth of this research has been the development of a specific theory, that of Community
Conditioning, that generates specific and testable hypotheses regarding ecosystems at the community level.
The theory is conservative in that it incorporates many of the characteristics of complex systems. Evolutionary
events are incorporated as the "memory" of the ecosystem. This structure along with the exact nature of the
toxicant stress must be incorporated into the etiology of the detectable outcome, that according to the
community conditioning hypothesis, may be widely separated from the initial stressor event. Community
conditioning easily incorporates direct and indirect effects, and actually views indirect effects as a part of the
etiology of further outcomes and as adding to the "memory" of the system. Specific hypotheses generated
from Community Conditioning include:

1. The complexity and nonlinear dynamics of a biological community may create long latency periods
between observable cause and effects.

2. There are patterns in common to communities of different compositions and physical scales. These
patterns are more likely to be those at the system level rather than specific interactions among
species.

3. The history of an ecosystem is essential in determining the etiology of an effect due to a toxicant or
other stressor.

Community conditioning is an alternative hypothesis and model for the interpretation of toxicant impacts
and for assessing risk at the community level. It is an altemative to the stability and recovery model of
ecological response to stressors.

This research is supported by USAFOSR Grant No. AFOSR-91-0291 DEF.

Nicolis, G. and I. Prigogine (1989) Exploring Complexity: An Introduction. W. H. Freeman and Company, New
York,.

Artificial Intelligence Based Data Analysis and Visualization Tools for Ecological Risk
Assessment. Geoffrey B. Matthews, Computer Science Department; Robin A. Matthews and Wayne G.
Landis, Institute of Environmental Toxicology and Chemistry, Huxley College of Environmental Studies,
Western Washington University, Bellingham, WA 98225.

Data analysis in ecotoxicology is hampered by the lack of sophisticated visualization tools. The data are
typically complex, multidimensional and time-dependent. We have found that sophisticated visualization
techniques can speed data interpretation by factors of two to ten. Many other disciplines, such as geography
and meteorology, have devoted considerable energy to the development of computer visualization tools to
enhance understanding of complex data (e.g., GIS, Geographic Information Systems). Computer
workstations are falling in price and increasing in power on an almost daily basis. Desktop, three dimensional,
interactive, real-time data visualization is now a reality. It is time that ecotoxicology develop a suite of
approaches and tools that can become a standard part of laboratory and field multivariate data investigation.

In this paper, we present an overview of some of our visualization tools, and their applicability to
ecotoxicological data analysis and ecological risk assessment. These tools are now ported to a standard 486
computer running the NEXTSTEP operating system. A unique feature of our tools is that they are integrated
with our artilcial intelligence (Al) software, to aid the investigator in understanding as well as visualization.
Currently the Al and visualization tools are being integrated as an executive software program called MuSCLE
(Multivariate Software for Community Level Ecology).

We survey the approaches, present our results from analysis of real field and laboratory studies, and
demonstrate the utility of the software. Studies of eutrophication, enrichment of stream ecosystem, laboratory
microcosms (Standardized Aquatic Microcosms and Mixed Flask Culture) and biomarker data from field plot
studies will be presented. In each case, features of the data were revealed that were not visible otherwise,
and in some cases, have led to new interpretations of the impacts of toxicants upon ecological systems.

This research is supported by USAFOSR Grant No. AFOSR-91-0291 DEF.
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Annual Meeting of the Pacific Northwest Chapter of the Society for Environmental Toxicology and Chemistry,
University of Victoria, Victoria, B.C., May 1994
THE RECOVERY MYTH AND AN ALTERNATIVE-COMMUNITY CONDITIONING. W. G. Landis,
R. A. Matthews, Institute of Environmental Toxicology and Chemistry, Huxley College of Environmental
Studies; G. B. Matthews, Computer Science Department, Western Washington University, Bellingham, WA
98225.

A common assumption in environmental toxicology is that after the initial stress, ecosystems recover to
resemble the control state or reference site. These assumptions may be based more on outmoded theory
than reality. Recent findings of complex dynamics in relatively simple microcosms, chaotic dynamics in
ecological field studies, and techniques of examining complex datasets demonstrate that non-equilibrium
systems are the rule.

The use of nonmetric clustering in the analysis of ecological datasets has led us to formulate a non-
equilibrium theory, the community conditioning hypothesis. The community conditioning hypothesis states
that ecological communities preserve information about every event in their etiology. In our studies of
standardized aquatic microcosms (SAMs), for example, we observed distinct community changes in response
to stress that would appear and disappear over a two-month period (Landis et al., 1993a; Landis et al., 1993b).
Even after the dosed systems had "recovered" to a state indistinguishable from the reference systems, a
stress effect reappeared. A purely stochastic system could not exhibit this effect, since information is erased
over time and two systems with identical distributions will remain identically distributed. A chaotic system could
exhibit this effect, but we do not believe these microcosms are inherently chaotic, since similar systems tend
to follow similar evolutions, without the divergences characteristic of nonlinear systems. Instead, we advanced
the hypothesis that an unobserved feature of the community carried information about the stressor
throughout the history of the system. In the case of the SAMs, we hypothesize detrital conditioning as the
mechanism by which information is preserved. The preservation of the information can be contained in a
variety of structural components of the ecological system, including genetics, competitive interactions,
migration dynamics, community structure or age structure of a population. Examples of such conditioning can
be found in the mitochondrial sequences of human populations and the affinity of 2,3,7,8 dioxin for the
vertebrate Arh receptor.

An outgrowth of this research has been the development of a specific theory, that of Community
Conditioning, that generates specific and testable hypotheses regarding ecosystems at the community level.
Specific hypotheses generated from Community Conditioning include:

1. Biological communities may have long latency periods between observable cause and effects.
2. Communities may have patterns in common despite differences in compositions and physical scales.

These patterns are more likely to be those at the system level rather than population level.
3. The history of an ecosystem is essential in determining the etiology of an effect.

Community conditioning is an altemative hypothesis and model for the interpretation of toxicant impacts
and for assessing risk at the community level. It is a clear and discrete alternative to the stability and recovery
model of ecological response to stressors.

This research is supported by USAFOSR Grant No. AFOSR-91-0291 DEF.

Landis, W.G., R.A. Matthews, A.J. Markiewicz, N.A. Shough and G.B. Matthews. (1993a). Multivariate Analyses of the
Impacts of the Turbine Fuel Jet-A Us~ng a Microcosm Toxicity Test. J. Environ. Sci. Vol 2:113-130.

Landis, W.G., R.A. Matthews, A.J. Markiewicz and G.B. Matthews. (1993b) Multivariate Analysis of the Impacts of the
Turbine Fuel JP-4 in a Microcosm Toxicity Test with Implications for the Evaluation of Ecosystem Dynamics and Risk
Assessment. Ecotoxicology 2:271-300.

Abstracts Submitted for SETAC 94, Denver, Colorado
The Inherent Limitations of Population Modeling In Environmental Risk Assessment and
an Alternative: Community Conditioning. W.G. Landis and R.A. Matthews, Institute of Environmental
Toxicology and Chemistry; G.B. Matthews, Computer Science Department, Western Washington University,
Bellingham, WA. As recently pointed out by Oreskes et al (Science 1994, 263: 641-646) explanation based
models can not be validated or verified, only confirmed. In addition to this challenge, we have observed
phenomena in muitispecies toxicity tests that is not adequately described by stochastic or deterministic
models. After microcosms had "recovered' to a state indistinguishable from the reference systems, a stress
effect reappeared indicating that information about the prior stressor remained. Trajectories are sensitive to
initial conditions. A purely stochastic model could not produce this effect, since information is erased over
time and two systems with identical distributions will remain identically distributed. A chaotic model could
exhibit this effect, but we do not believe these microcosms are inherently chaotic, since similar systems tend
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to follow similar evolutions, without the divergences characteristic of chaotic nonlinear systems. Instead, we
advance the hypothesis that often unobserved features of the community carry information about stressor
events througho1't the history of the system. Thus ecological systems are irreversible and that historical
components are critical. These assumptions form the core of the Community Conditioning Hypothesis. As an
alternative, similarity based models, like conceptual clustering, may have an important role in thie prediction of
risks in ecological systems. (USAFOSR Grant No. AFOSR-91-0291 DEF)

Application of the Community Conditioning Hypothesis to the Design of Multispecles
Toxicity Tests. R.A. Matthews, W.G. Landis, Institute of Environmental Toxicology and Chemistry, and G.B.
Matthews, Computer Science Department, Western Washington University, Bellingham, WA. Multispecies
toxicity tests are used to provide a more realistic assessment of a toxin's environmental risk than single-
species toxicity testing. Multispecies test typically measure changes in physical-chemical parameters as well
as in the number, biomass, or growth rate of selected macroinvertebrate, algal, and fish taxa. Ecologists,
however, point out that communities are complex systems and that observable populations are strongly
influenced by unobservable phenomena, such as microbial interactions or detrital conditioning. We have
observed population responses in SAM microcosms that seem to be unexplainable without postulating such
hidden factors: communities that appear to have recovered from toxic stress after one month nevertheless
show significant responses after two months. Based on these observations we have proposed the
Community Conditioning Hypotheses: ecological communities retain information about their history
indefinitely. The following factors, therefore, are important additions to the design of multispecies toxicity
tests: the test duration should be long enough to allow the development of a detrital food base and to expose
latent, dose-related population responses, and "key" microbial processes (including, but not limited to, toxin
degradation rates) should be measured. Further, no assumption of "recovery" should be made for any
community simply on the failure to detect a significant difference between treatment groups, for unobservable
differences can have observable consequences.

The Stability Myth and ::.;e Dynamics and Patterns of Xenoblotlc Impacts to Ecological
Systems W.G. Landis, R. A. Mitthews, Institute of Environmental Toxicology and Chemistry, M. A. Roze. and
G. B. Matthews, Computer Science Department, Western Washington University, Bellingham, WA. A
common assumption in environmental toxicology is that after the initial stress, ecosystems recover to
resemble the control state or reference site. Recent research in the organization of community structure,
chaotic dynamics in ecological field studies, and techniques of examining the dynamics of complex datasets
demonstrate that non-equilibrium systems are the rule. In our microcosm studies, we have observed distinct
community changes in response to stress that would appear and disappear over a two-month period. Even
after the dosed systems had "recovered" to a state indistinguishable from the reference systems, a stress
effect reappeared. Neither stochastic or chaotic dynamics can adequately describe the observed
phenomena. We advance the hypothesis of community conditioning, that an unobserved feature of the
community carries information about the stressor throughout the history of the system. The preservation of
the information can be contained in a variety of structural components, including genetics, competitive
interactions, migration dynamics, age structure of a population or community structure. Community
conditioning is an testable hypothesis and model for the interpretation of toxicant impacts and for assessing
risk at the community level. It is a clear and discrete alternative to the stability and recovery model of ecological
response to stressors. (USAFOSR Grant No. AFOSR-91-0291 DEF)

An Multivarlate Artificial Intelligence Approach to the Evaluation of Blomarkers Under
Field Conditions II. W.G. Landis, Institute of Environmental Toxicology and Chemistry, M. A. Roze. and G.
B. Matthews, Computer Science Department, Western Washington University, Bellingham, WA., S.
Dominguez, U. S. Environmental Protection Agency, Corvallis OR, A. Fairbrother, ecological planning and
toxicology Inc., Corvallis OR. The biomarker data were derived from field experiments using gray-tailed voles
placbd in 0.2-ha field enclosures and dosed with azinphos methyl. Molecular markers included brain
cholirl-s'erase activity, blood chemistry, enzymatic and cell type markers. Data were analyzed using
nonmetric clustering and association analysis (NMCAA), an artificial intelligence technique. NMCAA confirmed
the ANOVA results in that brain cholinesterase activity was an important variable in clustering on treatment
group. However, NMCAA found that neutrophils and basophils were also important variables. The alteration
of the ratio of leukocyte types has been previously reported in laboratory tests with azinphos methyl. The
quality measurements of the clustering suggested that additional patterns are present. Using quadrants
within the field experiment as a treatment, a statistically significant relationship was again found. The variables
determined to be important were brain cholinesterase inhibition, pregnancy and basophils. Controlling for
quadrant effects, again a significant association between dose and clusters was found within the quadrants
even though the total sample size within a quadrant was significantly reduced. The biomarkers and NMCAA
detected at least two important patterns in the field experiment, dose and location. (USAFOSR Grant No.
AFOSR-91-0291 DEF).
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Huxley College of Environmental Studies, Western Washington University
Bellingham, WA 98225-9180

10 August 1993

Dr. Jeffrey M. Giddings
Editor, SETAC News
Springborn Laboratories, Inc.
790 Main Street
Wareham, MA 02571

Dear Editor:
We have been following with great interest the discussion regarding the decision by USEPA to reduce

the number of field tests and aquatic FIFRA microcosms required for the registration of pesticides (Fisher,
L., Oct 29, 1992 USEPA). In the July 1993 issue of the SETAC News Dr. Frieda Taub asks the question,
"Can we make a sufficient case to demand that EPA re-evaluate their stand and provide funds for
an Initiative to develop appropriate ecosystem-level testing for regulatory purposes?"

The answer to the question is yes, but not as a request to return to the status quo of pre-1992.
Several conceptual breakthroughs have been made in the last few years that make a return to ecosystem
level testing a realistic part of the regulatory process. New methods of data analysis and visualization
make it practical to evaluate the systems as a entity, freeing the field from reliance on analysis of variance
and derived methods. In addition, a new vocabulary and an understanding of complex systems (Nicolis
and Prigogine, 1989) has been developed that have a direct applicability to community level systems. It is .Mao
no longer sufficient to say that ecological systems are complex and difficult to understand, an
understanding of these systems should be attempted using fundamentals of complexity.

Multispecies systems whether field studies, FIFRA mesocosms or Standardized Aquatic Microcosms
all have properties fundamentally different from single species toxicity tests. These properties are not all
unique to living systems but fall into the realm of complexity. Complex systems are nonlinear in nature,
may produce chaotic dynamics, and all incorporate changes that reflect the consequences of historical
events, and are irreversible. The irreversible property of complex systems are often manifested in a
cascade of direct and indirect effects. As the direct effects of the toxicant manifest themselves, that
information is imparted to the system through a sequence of indirect effects. These indirect effects are
initiated as soon as the direct effects become manifest. The initial populations of the affected species are
altered, predator-prey relationships change, processing and recycling of detritus transformed, as well as
selection for certain resistant genotypes that alter the population genetics of the surviving popuwW"ons. As
the toxicant degrades it is the indirect effects that carry the consequences of that toxicant imp, c. for an
undetermined time. Indirect effects are both immediate and long-term. Depending upon the exact nature
of these changes, the resultant system may diverge significantly from the desired state or be more or less
sensitive to additional stressors.

Recovery as a return to the original condition or to that of a so called reference site may simply not
exist as a property of these systems. Indeed, evidence for such properties has often proven
underwhelming (Connell and Sousa 1983). Perhaps a more workable definition of recovery may be the
inability to distinguish the impacts due to environmental perturbations from those due to the historical
pollutant stress. Although the impacts of the stressor event remain as part of the overall information
content of the system, it is overwritten to some degree by other environmental factors.

Our current research with microcosms (Landis et al in press), streams and lakes, and even molecular
and physiological markers has demonstrated the power of data analysis methods derived from artificial
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intelligence research approaches coupled with and the power of complexity theory in the formulation of
specific and general hypotheses. Modeling using classical physical models may be inappropriate for
complex systems, and certainly can not take the place of the experimental confirmation of theory.
Indirect eflects are immediate and are the most persistent part of the impact of a stressor. These indirect
effects actually seem to form a "memory" of that event within the system. Finally, as with most complex
systems, ecosystems are irreversible, and definitions such as stability and recovery should perhaps be
reconsidered as to their utility and even appropriateness.

It is inappropriate to eliminate testing at the field or multispecies level. All that remains is inference
from dissimilar systems and models without confirmation. The inability to apply the existing paradigm to
field research does not mean a retreat from the ultimate object of study and protection should occur.
Instead, incorporation of the ideas presented here along with many other concurrent developments should
spur a return to multispecies systems and field research. If the paradigm shifts, so be it.

We'll all be at SETAC Houston and certainly will enjoy a follow on discussion.

References:
Connell, J. H. and Sousa, W. P. (1983) On the evidence needed to judge ecological stability or

persistence. Amer. Nat. 121:789-824.

Landis, W. G., R. A. Matthews, A.J. Markiewicz, N. A. Shough and G. B. Matthews. In press. Multivariate
Analyses of the Impacts of the Turbine Fuel Jet-A Using a Microcosm Toxicity Test. J. Environ. Sci.
Vol 2:2.

Landis, W. G., R. A. Matthews, A. J. Markiewicz and G. B. Matthews. In press. Multivariate Analysis of
the Impacts of the Turbine Fuel JP-4 in a Microcosm Toxicity Test with Implications for the Evaluation
of Ecosystem Dynamics and Risk Assessment. Ecotoxicology.

Nicolis, G. and Prigogine, I. (1989) Exploring Complexity: An Introduction. W. H. Freeman and Co., New
York.

Sincerely,

DR. WAYNE G. LANDIS, Director
Institute of Environmental Toxicology

and Chemistry
Internet: landis@henson.cc.wwu.edu

DR. ROBIN A. MATTHEWS
Institute of Environmental Toxicology

and Chemistry
Internet: robin@duckweed.ietc.wwu.edu

DR. GEOFFREY B. MATTHEWS
Department of Computer Science
Internet: matthews@fortress.cs.wwu.edu

Note to Jeff Giddings: I hope this is not too technical or too long for publication. I felt the references are
warranted just for background to some of the topics. I'll fax a copy to Frieda Taub for her comments.
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ABSTRACT

Biological monitoring and mulispecies toxcity tests generate complex; multivariate data sets. The
primary tools found useful in studies of multivariate data have been ordination and classification techniques
based on a view of the data matrix as a collection of points in a highly-dimensionedfeatsre space. This view
usually requires making unsupported assumptions about the data (Gaussian distributions, equal variances,
etc.) Where these assumptions are not me4 it is often necessary to transform the raw data by taking
logarithms, nomaalizing the variances, or eliminating outlierx. We have developed a technique (Clustening and
Association Analysis) that measures the strength of associations between chatters and treatment groups (or
samples grouped by locadion date etc.). In our technique the data are first clustered independauly of their
treatment group. We advocate the use of nonmetric clustering for this step because it is inscnswv to changes
in scale and can filter out many effects due to outliers and differences in variance between panwneters. After
the clusters are generate4 the degree of match between the clusters and the treatment is calcukaaed If the
data are strongly influenced by the treatrnen the clusters in the data will have a strong association with the
treatment. On the other han4 if the treatment or location has no effec4 the clusters will be rendom with
respect to treatment. The strength of this association can be used to determine a significance level for the
effect. We present the results of this technique on data from a standardized aquatic microcosm (SAM) test.

INTRODUCTION Counts may be in individuals, of our technique in the context of
dusters, or colonies. Observations discussing the analysis of data

Biological monitoring and are quite often simply *missing" or from a standardized aquatic
muitispecies toxicity tests incomplete, due to hazards of field microcosm experiment.
(microcosm and mesocosm) work.
continue to grow in importance.
They address the problems of In this paper we advocate a A Standardized Aquatic
community change, and the methodology for analyzing such Microcosm Study
analytical tools used to study them data sets with the express goal of
must be constructed in this light, simplifying the data. We want to The standardzed aquatic
Measurements on dozens to reduce the data to its important microcosm test we use here for
hundreds of species and abiotic aspects. We do this in two ways. illustration involved the testing of
parameters result in complex, First, the samples, which usually a toxin, and also the possible
multivariate data sets. The run into the hundreds, are reduced mitigating effects of a bacterium
peculiarities of environmental into a few fundamental dusters. which degraded the toxin. The
monitoring result in problems for Second, the measured parameters, toxin was CR, a riot control
the analysis of this data, as weil. both biotic and abiotic, will be chemical, and the bacterium is
Many species are absent, resulting reduced to a few important ones. known as CR-L Questions about
in many zeroes in the data matrix. The important ones are simply the SAM test itself should be
Rare species and'common species those which have the strongest directed to Wayne Landis, Institute
may each indicate effects, although association with the sample for Environmcaaal Toxicology and

their variances arc quite different. clusters. We present the essentials Chemistry, Western Washington
University.

'We wish to thank Wayne Landis, Institute of Environmental Toxicology and Chemistry, Huxley College,

Western Washington University. for his contributions to our project and for providing the SAM study data.
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A MODEL FOR DESCRIBING COMMUNITY CHANGE

The experiment was set up was administered. A secondary studies, the number of samples
with four treatment groups, and effect on the algae can be seen in and the number of species may be
two flasks in each group. Flasks 1 the response of Ankistrodcsmus in ordcrs of magnitude larger, and
and 2 were the control group, Figure 1. The absence of the the overall effect may be difficult
flasks 3 and 4 had the toxin added, predator, Daphnia, in thc toxic to discern.
flasks 5 and 6 had the bacterium, groups allows Ankistrodesnius to
but not the toxin, added, and flasks enjoy healthy growth.
7 and 8 had the toxin and the Standard Approaches To
bacterium. Typical biotic Examination of the data by eye Multivariate Analysis
responses to the test are shown in thus reveals that although there
Figure 1, and abiotic parameters in were four treatment groups, there There are many approaches to
Figure 2. As can be seen by were really only two responses to analytically expressing the
looking at the response of Daphnia the four treatments. We wish to observed differences between
in Figure 1, the degradation find an analytical tool which will treatment groups or.site locationt.
products of this toxin were also confirm this, or, indeed, reveal it Some of these approaches are
toxic. In flasks 3, 4, 7 and 8, the in cases where it is not obvious to primarily graphical in nature, such
Daphnia die out after the eye, and also give us some as principal components and
administration of the toxin, while indication of which species are detrended correspondence analysis,
they show very healthy growth in significantly associated with this which are designed to reduce the
flasks 1, 2, 5 and 6, where no toxin effect. In larger tests, and in field multivariate data to two

dimensions which can be inspected
-TtlDpaa and interpreted directly. These

•oc/o sos techniques, however, still rely on
human judgement to determine
the strength and nature of possible

6 effects.

2• Another common approach to
/* 410 'gomultivariate data is to try to

2 /reduce a sample, with its
2:0 4 associated measures on many

I0 species, to a single number which

2 40 combines all these numbers into
-SC~ns.-t.,,,- o 20one. The Shannon-Weaver

diversity index is an example. One
problem with this approach is
simply that it often does not work.
In our example SAM study, the

1.caaya,,ns diversity indices are plotted in
Figure 3, and there does not
appear to be any strong indication

oof two responses to the four
J 2020 "treatment groups.

Another approach to
'At~atzdesUS- 4 understanding multivariate data is

. to view each sample, with its
"associated measurements on many
parameters (species, temperature,

20 pH, etc.), as a point in
n-dimensional space, where n is

2 the number of parameters. This
a owill permit summary statistics

40 Figure 1 Biotic responses to the about groups, which are collections
4 SAM tesL Treatment groups are of sample points, in terms of

Snumbered from 1 to 8, and day metric properties about a
6 from 1 to 60 collection of points in n-space.

This is the background to a wide

66 PESTICIDES IN NATURAL SYSTEMS:
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variety of approaches, including sensitivity of many of these metrics MgaIrsty
multivariate analysis of variance to scale. If we change one
(MANOVA) and an approach parameter, for instance, from
based on similarity measures millimeters to centimeters, we may
(Smith et al, 1990). These well change important distances in
approaches show a great deal of n-space. If we normalize all I
promise, but their reliance on the measures beforehand, for instance
n-dimensional metric approach to by requiring unit variance, we face N.3
multivariate data leaves them all the problem of justifying this
subject to certain problems. First, distortion of the data. For 2 ,0
there is the choice of metric example, it may well be that a Trestmer 4 20 Day
function itself: Euclidean distance, particular species has very small Group
squared Euclidean distance, cosine variance over all groups. We are s
of vectors distance, Mahalanobis then faced with the decision: do
distance, and many others all have we 'normalize* this spedes and Figure 3 The difficulty with
various features to recommend magnify its variance to be in line single-number Indices, such as
them, but the choice of a with the other species, or do we algal diversity, as character-
particular one for a particular make the decision to remove this Izations of community structure is
problem remains a difficult species from the data set before illustrated here for the SAM test
decision. Second, there is the analysis? Either decision has its

problems. Third, there is the
""03. i-.-o=- problem of incommensurable

parameters. Most of the
n-dimensional metrics require
combining parameters in some
fashion, for example, by summing

100 the squares. If the data set is very
6 .o 0 mixed, however, what is the

justification for combining, say,
temperature and pH? How can we20 5 meaningfully sum the squares of

, 2 40 counts for algae, fish, and dams?
0 Worse, how can we combine biotic

-s and abiotic measures? In any
event, what do such n-dimensional

5 *3 
6distances, 

mean?

1o0 In our work we have strived to
5 -0, avoid the twin pitfalls of

oversimplification (as in diversity
2 4 indices) and a complex approach4 6• 20involving n-dimensional metrics

_ which are difficult to interpret.

4

-s:.o' 20 •Nonmetric Clustering

0 2 4Our approach is based, first, on
1000C 4o nonmetric clustering (Matthews

C. .6;: (and Hearne, 1991), which we %ill
0 outline briefly here. Clustering is,

2f0 frs, a technique of pattern
recognition. The idea is that a

6 Figure 2 Ablotlc responses to data set of many points may0 the SAM test. Treatment groups contain patterns or dusters, i.e. a
are numbered from 1 to 8, and few sets of very similar points.
day from 1 tO 60 Describing a data set as 100

samples from each of three
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dusters is simpler, and more vice versa if it were from *B". patterns in the data without
accurate, than describing the same There may be some parameters judging whether these patterns are
data set as simply 300 points, about which you know little, for due to, or even associated with,
Therefore, the recognition of these example Oalamydamonas, but the the treatment groups. The next
patterns in complex data is important thing about a good step is to analyze the association
paramount to understanding it on clustering is that, at least for some between the clusters and the
a deeper level, parameters, it gives you a good groups. A strong association

idea about the values for the between groups and dusters
Traditional clustering points in the dusters. indicates a significant effect

algorithms, unfortunately, rely on associated with the treatment or
distance measures or metrics in We have implemented location.
n-dimensional space, just like the nonmetric clustering in a computer
approaches discussed above. A set program called RIFFLE In our SAM data, nonmetric
of points is divided into several (Matthews and Hearne, 1991). clustering on day 35 divided the
dusters based on the criterion that This HP LaserJet I D (25 IN samples into two dusters, one
the average within-duster distance ONE 103)HILIIDADD.PRSetween consisting of all samples from
should be smaller than the average dusters and parameter values of flasks 1, 2, 5 and 6, and a second
between-duster distance. In other the data points. The strongest duster consisting of all samples
words, two points are "similar, or association between dusters and from flasks 3, 4, 7 and 8. In other
"belong to the same pattern" if parameters, for the largest number words, a perfect division of the
their n-dimensional distance is of parameters, gives the best samples into dusters "with and
"smalr. The differences between dustering. We have used this *without' the toxin. Since the

the various algorithms for clustering program on a wide clustering was done "blind" with
clustering, agglomerative or range of data sets, and have found respect to the actual treatment
divisive, hierarchical or it to be consistently superior to g9roups, this is a striking result
partitioning, are mainly in how traditional clustering algorithms Under the null hypothesis, i.e.
these dusters are found. But in (Matthews, Matthews and Ehinger that the treatment had no effect
each case, the criterion for 1991; Matthews, Matthews and on the clustering, such a match
dustering validity still relies on an Landis, 1990; Matthews, Matthews between groups and clusters is far
n-dimensional distance or and Hachmoller, 1990; Matthews, less than 1% probable, leading us
similarity function. For the 1988). In the case of the SAM to reject the null hypothesis at the
reasons advanced in the previous data, a nonmetric clustering on day 99% confidence leveL
section, nonmetric clustering was 35 showed that, indeed Daphnia
developed as a pattern recognition and Ankirode.mus were strongly To make sure our analysis was
technique which avoids reliance on associated with the best dustering, not biased in favor of two dusters,
n-dimensional metrics. Thus, nonmetric clustering we clustered the samples on each

achieves both halves of the data sampling date into two, three, four,
The primary distinction of reduction task: the samples are and five dusters. If the four

nonmetric clustering is its reduced to a few dusters, and the treatment groups had led to, say,
definition of clustering validity: a parameters are reduced to those four different responses, then the
clustering of data points is good if few which are best associated with association between the four
the data and the dusters are the dusters. In the SAM case, treatment groups and four dusters
strongly associated. In other and in many of our other tests, the would be higher than the
words, if you know which duster a parameters selected by nonmetric association between the four
data point belongs to, then you clustering as the most significant treatment groups and two dusters.
have a good idea of what kinds of are in concert with the ones a As it turned out (Figure 4)
data values it will have. Suppose, human expert would select, association analysis shows that the
for instance, that the SAM data strongest association was voith only
(Figures 1 .and 2) were divided two dusters.
into two dusters, where samples Clustering and Association
from flasks 1, 2, 5 and 6 were in Analysis
duster *A' and samples from
flasks 3, 4, 7 and 8 were in duster Clustering is only the first step
"B'. Then you would know that if in the analysis of monitoring and
a sample were from duster 'A* it multispecies toxicity test data. The
would, by about day 35, have large clustering is done independently of
numbers of Daphnia and small the treatment groups (or locations,
numbers of Ankismdesrmus, and etc.). Clustering thus identifies
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Figure 4 Significance of match between blind clustering by Matthews, Robin, Geoffrey
the Riffle algorithm and actual treatment groups. Optimal Matthews and Barnard
clustering is achieved using two dusters on day 28. Failure Hachmoller.1990. Ordination of
to find a significant association for more than two dusters Benthic Macroinvertebrates Along
supports the hypothesis of toxicity for degradation products. a Longitudinal Stream Gradient,

Annual Conference, North
CONCLUSIONS data, traditional testing will not American Benthological Society.

reveal them unless they are Blacksburg, Virginia.
Clustering and association associated with the given treatment

analysis is based on the answers to groups. Our approach, however, Matthews, Robin, Geoffrey
the following questions: looks for patterns in the data Matthews and William Ehinger.

independently of the known 199. Cassification and Ordination
1. Are there patterns in the data? treatment groups. This pattern of Uimnological Data. Ecological

analysis of the data can sometimes Modelling (In Press).
2. Are these patterns associated identify effects that the researcher

vwith the treatment groups? did not know about; it can give Smith, Eric P., Kurt W. Pontasch
him or her "surprises and reveal • and John Cairns Jr. 1990.

The answer to the first question new directions in research. In Community similarity and the
tells us whether there is anything other words, traditional tests can analysis of multispecies
"happening* in the data at all. The tell you *yes* or 'no' regarding the environmental data: a unified
answer to the second question tells questions you ask. They cannot statistical approach. Water Res.
us whether the treatment groups tell you "yes, but _.. 24(4): 507-514.
are associated with this effect.
One of the benefits of this division
into two separate questions is that LITERATURE CITED
nonxetric clustering can be used
in the pattern recognition phase Matthews, Geoffrey. 1988.
ano.so n-dimensionai metrics need Clustering Heterogeneous
not be used. Ecological Data. Annual

Conference, International Society
Finally, we would like to point for Ecological Modelling. Davis,

out that traditional significance California.
testing is implictly post hoc. It
attempts to determine only Matthews, Geoffrey and James
whether or not a difference exists Hearne. 1991. Clustering without a
between two given populations, the metric. IEEE Transactions on
treatment and control groups. If Pattern Analysis and Machine
there are, in fact, patterns in the Intelligence 13(2).
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Questions for Geoffrey Matthews: a scientist to recognize them. Like the time
nitrate came out. It said "Daphnia sinodesmus*,

Q. This model, is it user friendly, or do you have to and then nitrate'. I said, *Robin, why is nitrate
have a computer degree to use it? And, is it here?', and she said "Hmm! I'm not sure. Maybe
published? its nutrient limiting, or something like that.* So all

of a sudden she was thinking about something she
A. It is in press, to answer your last question. It is not had not thought about before. This will tell you

production quality. I wouldn't be real proud of it things that you may not have seen before.
if I released it right now. I'm not trying to hide it,
I just don't want to be embarrassed when people Q. What if you change the scales?
look at my software. We are working on putting
all the bells and whistles on it. A. You will get exactly the same results, if you

change the scale on any or all of the variates. It
Q. Is it PC or mainframe based? doesn't depend on that.

A. The search, the dustering, takes a long time. Its
search takes a long time. When doing the
clustering, it looks through lots and lots of dusters.
You can run it on a PC, its written in 'C".

Q. How can I get a copy'

A. I'll give you my card. It'll take a long time on a
PC. Probably do OK on a 386.

Q. In your method, I like the analogy of putting a
nozzle on a fire hose, and if you put a nozzle on a
fire hose, that nozzle is metric, even though you
say it's non-metric. Can your method be
summarized into throttling the flow into something
that can explain more things, better things?

A. There are two data reductions that are important,
and they are both present here. One is the
reduction of the number of variates, the number of
species, from 100 down to 5, or 2; 3 in the present
case. That's one of the funnels. The other is,
instead of 100's of points, 100's of samples, you
have 2. Even though you have 100 samples, 50
from here and 50 from here. The important
difference is between this bunch and this bunch, so
you go from 100 to 2. You are reducing the
number of points; you are reducing the number of
variates.

Q. But what I meant is, do you have a method of (?]
saying, "Hahl Here it is. I didn't know it!'

A. No, then you have to go to the ecclogist. I'm the
mathematician. I don't do any "Hah!" stuff.
(laughter) All my stuff is boring. The exciting
part is Wayne's and Robin's. But it does in fact
lead to those things.

Q. But does i. tell you whether you are right or not?

A. It does more than that. It will tell you surprsi

things. It will give you 'A-hah!'s" You have to be
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Clustering Without a Metric
Geoffrey Matthews and James Hearne

Abstruct-We describe a methodology for clustering data in which a predictions about samples from the data set. Further, we believe
distance metric or similarity function Is not used. Instead, clusterings arm that it is particularly important in exploratory data analysis
optimized based on their intended function: the accurate prediction of situations to fit the data without distorting the data, and our
properties of the data. The resulting clustering methodology is applicable,
without further ad hoc assumptions or transformations of the data methodology therefore eschews all preprocessing of the data
1) when features an heterogeneous (both discrete and continuous) and by, for example, normalization, substitutions for missing point-
not combinab 2) where some data points have missing feature values, values, or elimination of outliers.
and 3) where some features are irrelevant, i.e., have large variance but We take the distance metrics and functions, used in traditional
little correlation with other features. Further, it provides an integral
mmmeu of the quality of the resulting clustering. We have implemented clustering, to be ad hoc solutions to the problem of fitness bias,
a clustering program, mFn ,In line with this approach, and experiments and inappropriate to most real world data analysis situations.
with synthetic and real data show that the clustering is, In many respects, Because we do not use distance functions, many of the prob-
superior to trditional methods. lems of metric-based clustering do not arise. For instance, real

Index Te',ms-Clusterg, cludter validity, multivarlate data, proximity scientific data sets are often heterogenous, or mixed, in their
Indexes, umupervised larnin, types. Some features of a data point may be categorical, others

binary, and others real valued. To create a distance metric for

I. INTRODUCnION such feature spaces introduces more ad hoc assumptions, or,
worse, transforms the data to fit the analysis procedure. Secondly,

HE goal of data analysis is the discovery of a model which incomplete data, i.e., data in which some or all points have
fits the data. Statistical tools to accomplish this goal can missing values for some features, is common in real data sets.

differ in two ways: First, analysis tools differ in the kind of To use a distance metric on incomplete data requires some
model which they fit to the data. For example, regression attempts assumptions about the missing values, such as substitution of
to fit a linear subspace to the data points. Ordination attempts the mean, which again is a gross distortion of the original
to fit a linear order to the data points. Clustering attempts to data. Thirdly, metric-based clustering cannot distinguish between
fit the data with a finite number of clusters, or subpopulations, important features, and those features in the data set which are
each with distinct properties. We call this choice of model for noisy but which have no connection with the underlying cause
an analytic tool its model bias. Second, analysis tools differ in and effect that determines the bulk of the other feature's values.
the criteria used for goodness of fit. Regression typically seeks to Such "nuisance" features typically have to be filtered from the
minimize the sum of the squared distances of the data points from data set in advance of the clustering process. Finally, a measure of
the regression subspace, but other measures, such as absolute clustering quality is often not used, or is used separately from the
value or a weighted sum, can be used. In clustering, the fitness clustering procedure itself. A clustering quality measure indicates
criterion is usually the minimization of intracluster distance and not just which model fits "best," but provides some guidance onsiutnosmxmzto fitrcutrdsac.Tebias nojutwihmdlft"bsbuprvdssmgudnen
simultaneous maximization of inter-cluster distance. The b "how good" the fit actually is. This is critical, for instance, in
of the clustering procedure is then dependent on the distance deciding whether the data is better fit by two clusters, or by
function or metric used. We call this feature of an analysis tool three clusters. Our methodology, however, incorporates a singleits fitness bias.theclsesOumehdoghwvrinopaesaige

Wtsfitness pro se hemeasure of the utility of a clustering which 1) is meaningfully

fitness bias. Our approach makes the clustering procedure easier definable for continuous and discrete, ordered and unordered,

to interpret and also leads to improved performance in some feature types, 2) automatically ignores missing values in the

domains. Our rationale for the fitness bias is our concern for data set, 3) automatically filters nuisance variables out of the

the uses of exploratory data analysis, and not an a priori eventual clustering, and 4) provides an integral measure of the

judgement about similarity measures for data points. We assume quality of the clustering. Further, our approach is nonmetric

that sca.ritific data analysis is concerned with the patterns of (or, in statistical terms, nonparametric) in that our measures

cause and effect implicit in the data, and an appropriate analysis rely on the ordering of numeric data, but not the numeric

tool ought to be biased towards this in its model. In particular, distances.

a clustering methodology will attempt to find subpopulations of We use our measure of utility, called nonmetric fitness (NMF)

the data such that the observed data are highly contingent on and described below in Section II-C, to guide a heuristic search

the subpopulations. An optimal model of the data will be one over partitions of the data. seeking a global maximum. This
which maximizes the predictability of data values, conditioned approach is similar to conceptual clustering approaches to pattern

on the subpopulations. Our methodology thus maximizes the recognition [1], in that the proposed usefulness of the clustering
utility of the clustering, i.e., it attempts to minimize errors in is an important factor in its fitness. Our approach is also similar

Bayesian clustering [21, because we try to maximize the pre-
Manuscript received August 15, 1989; revised August 23, 1990. This work dictability of the actual data values, given the model. However,

was supported in pan by the City of Bellingham, WA. and the Institute for the system in [2) makes metric assumptions, that we do not,
Watershed Studies, Western Washington University. in assuming that the underlying distributions are multivariate

The authors are with the Department of Computer Science, Western
Washington University, Bellingham, WA 98225. Gaussian. Many of the tree-classifier systems [31-[5] use fitness

IEEE Log Number 9040947. measures similar to NMF, but in classifier systems (using super-
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vised learning) instead of a clustering system (using unsupervised pJ3 P? ' 21 P

learning) such as ours. 0

Formal background for the approach is described below in - 0 3 31

Section 11. Details of an implementation in the program, RIFFLE, '•3 " p
are described in Section 111. A comparison of its performance I 1 .-

to that of the k-means clustering algorithm is described in. - 0 1 2 -
Section IV-A, and some of the results of using the program on Pi - - 0 - P0

real world data are summarized in Section IV-B. 0 2 t -

1' 2 2

II. FORmAL TREATMENT 2 3 1.

A. Clusterings , 0

We assume the data constitute a set of I points, D Fig. 1. A hypothetical frequency matrix for three features, P', P2. and p 3.
x. : i = 1,.. - , I} each of which is an ordered K-tuple, where each with three possible discrete values. The frequency counts are entered in

K is the number of features, z, = (x,1,... , X,K). The features each cell, and the label for a typical cell illustrated.
themselves will be named P 1, Pp1. The data can thus be
viewed as a collection of I points in a K-dimensional space,
the feature space. Each of the K features can be continuous or highest frequency. In other words, choose k such that fp ^ ,p2P
discrete, and may or may not have further structure, such as a is a maximum, which we denote: maxk (fJl^p•^ ') In Fig. 1,

natural zero or a natural unit (as in count data). Further, for each Iia InF.

feature, or unknown" can always be the value of a we have fpLAp2Ap3 = 0, fP.^P2AP3 = 2, and fpAp2. =a.
3 1 ' 3 1& 2 3 A- ,j3

point, and so we should predict X3 = P3, and expect to be right about
A clustering of a data set D is a partition C of D into some 5 out of 7 times.

number J of subsets, the clusters C 1,... , C.. The C, are mutually If we make predictions for an entire collection of points, then
exclusive and jointly exhaustive of D. Each data point x, E D our expected total correct percentage, in predicting P3 on the
is given a number j E {1,... , J} which is the number of the basis of P1 and P2 , would be
cluster to which x, is assigned, and has no ordinal significance. MaXk (f123"

We arbitrarily designate this feature, cluster-number, as the zeroth Correct (P ' p , P 2 }) = .m a P, ) ^ P
feature, so that the cluster-number for a data point x, will be N
written x,0 and x, 0 = j iff x, E C,. P0 will then be another where N is the total number of samples.
name for cluster-number. Generalizing to an arbitrary number of dimensions, an attempt

to predict p', with values P',, conditioned on knowledge of
B. Proportional Reduction in Error a set of other features {P' : i E S1, S C {1 .- k - 1.k +

We take the goal of a clustering to be accurate prediction 1,..-, K}, with values P,, is estimated to be correct with

of feature values for data points. We view cluster-number as probability
simply another feature, and so we seek a quantitative measure of (
how well one or more features aid in the prediction of another. E,' maxk,'f (A ps ',)^Pk,)
This is given by an estimate of the reduction in error achieved Correct(P&l{P' : i E S}) = N
when using knowledge of the features, as opposed to prediction
in ignorance. The measure we use is a generalization to an If, on the other hand, we attempt to predict the value of a
arbitrary number of features of Guttman's A for two-dimensional sample on a feature pk using no information at all about the
cross-classification tables, which is extensively discussed in the values of other features, then we can do no better than use the
literature (6]-[101. The measure itself is only applicable to most common value of pk, i.e., Pkk, where E,,f(A, • ,
discrete features; our extension of it to clustering continuous /
features will be described in Section 1I-B-2. is a maximum, which we denote: max#,, ( f(A, 5 P:,)AP,).

1) Discrete Features: Consider the case where we are at- (The sums involved here are just the marginal totals of the
tempting to predict the value of one feature, P3 , on the basis frequency matrix.) If we use this for a guess, then our estimated
of knowledge of two others, PI and P2 , and suppose that each probability of a correct prediction will be
of these features has three possible values, PI takes on values
P%, P,' and P,1, and similarly for PI and P3 . With an adequate max,(
data set, we can obtain accurate frequency counts fPIAP1AP3 of ,E"f(A , P,,)^A,

I , h Correct (P ')=

the number of times a sample obtains values P, P,1, , and P., for N
each i, j, and k. In other words, To obtain a measure of improvement based on these estimated

=probabilities, we can use the extent to which conditioning our
!,P^

2 ^P• ==predictions reduces error. The expected error rate in an uncon-

See Fig. 1 where, for example, fPAPP^=3^ 2. ditioned prediction is

Now suppose for a particular data point x, we know x, = P31 Error(P&) = 1 - Correct(Pk)
and x2 = P,1, and wish to predict x3. Clearly, we can do no and the expected error rate in a conditional prediction is
better than look at all the frequency counts, for samples with the
same values on P' and P2, and choose the value ofPI with the Error(PeI{P' : i E S}) = 1 - Correct(Pf{P' : i E S}).
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and the proportional reduction in error (PRE) is

PRE(PJ{P' : i E S})= Error(Pk)- Error(Pkl{P, i E S})
Error(Pk)

E"~ (max"' ((A,, P:,Apk max"' (r"' (A ,C ) APJ-k)

N - max ,, ("m • ( ("sPA .)A) P)(k,)

As a concrete example, we can calculate this quantity for the 3) If k and k' are independent, then A is 0, but not necessarily
frequency matrix of Fig. 1, with the predicted feature, k = 3, and vice versa.
the known features S = {1, 2) as follows: 4) A is unchanged by permutations of rows or columns.

N = 39 2) Continuous Features: To measure PRE on continuous fea-
tures, discrete values are calculated from the continuous ones.

Z fPA^ A A -- = 13 The range of the feature is subdivided into J connected regions,
4.J and the discrete value of the continuous feature is the number

of the region it falls into. This is justified by the observation
feP:P2 ^ =^ 0 that a clustering procedure, as a consequence of its model bias,"..J produces only a finite number J of clusters. Even with a perfect

Z•"fP\ P2AP3 = 16 clustering, feature predictions will be coarse, limited, for eachJ.3 feature, to one predicted value for each of the J clusters. On
maxk fp^23 = 16 our model, we assume that each cluster will, accordingly, be

k JPPJP, =16associated with a single, connected subrange of each feature.

"For each J-clustering and for each continuous feature k, we
Correct(P 3 ) = 16/39 : 41% choose J - I split-values, sk< < < S,_,, and then define

maxk fPi,^P^eP = 5 the discrete value for each sample xi as

MaXk fP•A ^P22 A = 2 discrete&(x,) = j iff Sk, <Xk < sk,

maxk fP'^p2^e3 = 2x 1  2 k where, for completeness, we can take Sko = min,(x,,) and

max fP^P^e = 2 sk, = max,(Xk) + 1. For example, with two clusters there will

maxk f,^AP^AP3 = 3 be a single split value and each data point will have either a
"high" or a "low" value for each continuous feature. With three

maxk fP2APeAP = 2 clusters, there would be "high," "medium," and "low" values.

UIIaxk fP'AP2AP3 = 5 (More complex subsets could be imagined, but would greatly
increase the complexity of the algorithm and, we believe, would

maxk fPtAp2^p = 2 find little use in practice.)

max, fP^AP2Ap3 = 3 In any computation of PRE involving a continuous feature, it is
understood that PRE is the maximum, over all such sets of splitZ max, fP1 p2AP3 = 26 values, of the proportional reduction in error calculated in the

I J usual way. Calculating such a maximum may involve a search

Correct(P•'I{P., P 2}) = 26/39 • 67% over all candidate split values, or split values can be selected

p 26- 16 heuristically (as in our implementation, Section 111), and these
=(3 } •16 • used as an approximation to the optimal split values.

39 - ;6

In other words, the prediction of P3 in ignorance will be correct C. A Nonmetric Measure of Clustering Fitness
41% of the time, the prediction of P1 using P1 and P2 will be The measure of error reduction PRE, defined above, can be
correct 67% of the time, and so we can expect to be wrong used to define a measure of clustering fitness. The goodness of
43% less often when we use PI and P2 in the prediction of P3  fit of a clustering is determined by how well feature values can
(assuming our sample is representative of the population). be predicted using the clustering. Suppose, for example, we have

If the set {P' : i E S} contains only a single feature, then we a sample x, not pan of the original data set, and we know only
write PRE(P I P') for PRE(P4I { P' : i E S}), and PRE(P IP) p its feature values on the features in a given set, { P' : i E S}, and
Ap.,k, Guttman's A. Some properties of A [61 are we want to predict a feature value x, with j ý S. Using a given

1) A lies between 0 and 1, inclusive, except when the entire clustering of the data in this prediction is a two phase process.
population lies in a single cell of the table, in which case First, the cluster-number for x, i.e., x0, is guessed. using the
it is indeterminate, known feature values, and then the value of x, is guessed, using

2) A is I if and only if all the population is in cells no two xo. The fitness of a clustering, therefore, can be measured by
of which are in the same row or column. calculating PRE(P¶f{P' : i E S}) and PRE(P3 1"). (We can. of
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course, calculate PRE(P'I{P' : i E S}) directly, but that answers P1 P1
a different question, regarding the intercorrelations of the features
with each other. Here we seek an evaluation of the fitness of a
clustering.) In a given clustering problem, we do not generally I • I

know j and S in advance, i.e., we do not know which features
will be used in the prediction task. In fact, we take it to be p2  " 1x 2

part of the clustering task to determine which features can be 1 X

used successfully in prediction. A data set, in other words, may -*

be well clustered in some features, but also contain spurious or 2

noisy features which have little relation to the clusters, and which _,,__92

could never be predicted accurately. (a) (b)
This leads to the following definitions. The nonmetricitess (NMFs) of a clustering C in relation to a feature set Fig. 2. An example data set (a) to be clustered using nonmetric fitness.

Optimal clustering and split values are shown in (b). The point labeled "X"
{P' : i E S}, is the average value of all terms of the form cannot be successfully clustered and will be assigned arbitrarily to cluster I
PRE(P°1{P' :i E S'}) and of the form PRE(P'jP°), where or cluster 2.
S' C S and j E S. A particular feature set (it need not be
unique), for which NMF5 is a maximum is called an optimal
feature set for C, and its nonmetric fitness is denoted simply by On the other hand, if the point labeled "X" is assigned to

NMF. The fitness bias of our clustering methodology is toward cluster 2, then

clusterings with maximum NMF.
The introduction of the set S into our definition of clustering PRE(P 0IP') PRE(P'1P0) 1.0

fitness, and the sets S' C S, permits further refinements in the
notion of clustering fitness. Let the cardinality of S be ISI. If we but
restrict ISI to be strictly less than the total number of features, (10 + 6) - 10
ISI < K, we will obtain a clustering evaluated on a subset of PRE(P'IP 2 ) = 17- 10 6/7

features. Our fitness bias will then not only seek fit clusters, but (10+6)-11
will seek the best features for those clusters, resulting in "data PRE(P 2 IPO) = 5/6.

reduction" on both the points (by grouping them into clusters) 17 - 11
and on the features, but filtering out all but ISI of them. On the In both cases, then, the NMF value will be (1 + 1 + 6/7
other hand, if we restrict the size of S' in the definition of NMF (5/6))/4 2 0.89. The point labeled "X", therefore, can be
we can control the amount of interdependence between features assigned arbitrarily to either cluster, and both of the resulting
used to define the clustering. Setting jS'I = 1, for instance, clusterings are optimal. Any attempt to overcome this problem
requires the clustering to fit each feature in S independently with the "X" point by adjusting the split values will create more
of the others. Setting IS'1 = 2 allows two-feature interactions, problems than it solves, because more of the other points will then
but excludes possible higher-order dependencies among features fall into one of the "troublesome" quadrants. This example also
from consideration. (Both of these restrictions are provided as illustrates how maximization of PRE simultaneously on several
user options in our implementation, Section III.) The size of different features, by adjusting their split values as well as
the optimal feature set ISI is called the number of signifcant the clustering, is necessary to achieve good fitness. Clustering
features, and the size of interactions allowed, IS`I, is called the one-dimensional, continuous-valued data on our criterion is a
interaction-level, degenerate case, as any split value at all will give an NMF of

To illustrate the measure of clustering fitness, and as well 1.0 when cluster-numbers are selected to match discrete feature-
the concomitant selection of split values to maximize NMF, values, and so we require $SI _> 2.
consider the two-dimensional data of Fig. 2(a). We seek an
optimal clustering into two clusters, with ISI = 2 (all features
are significant), and IS'I = 1 (the interaction-level is one and III. IMPLEMENTA0N'O
we attempt to cluster on features independently). In Fig. 2(b) We have implemented our methodology in a computer program
an optimal clustering and the two split values (dashed lines) are called RIFFLE, which is best described as a series of nested
shown. The split values allow us to view the continuous features searches. The outermost loop searches for the best number
as discrete; each point will have either a "high" or "low" value of clusters (J > 2) simply by finding the best clustering for
on each feature, and consequently belong uniquely to one of the each number (in a user-specified range), and comparing the
four cells of the frequency matrix. Points labeled 1 and 2 are NMF values for each. One of the advantages of using NMF
clustered perfectly, because their value on any one feature pr evaluations of clusterings is that fitness measures for clusterings
(cluster-number), p' or P2, determines the values on the other with different J can be meaningfully compared. NMF is a

two. The point labeled "X", however, is more difficult. If it is mesr offpredtio ca c and whethre is ictn
assined o custe 1, henmeasure of prediction accuracy, and whether one is predicting

assigned to cluster 1, then two values (high versus low) or three values (high, medium, or

PRE(P 0 IP2 ) = PRE(P 21P0 ) = 1.0 low), counts of correct and incorrect guesses can be compared
(see Section IV-A-6, below).

but The next level of search, given a tixed number of clusters
J, is for the best cluster-numbering, i.e., assignment of points

PRE(PoIP') = (10 + 6) - 11 = 5/6 to clusters. Since a clustering is a partition of the points, the
17- 11 number of possible clusterings is S(1, J) (Stirling numbers of

pp E(pIpo) = (10 + 6)- 10 = 6/7. the second kind, [11, pp. 90-911), which prohibits exhaustive
17- 10 search. Instead, we begin with a random assignment of each
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point to one of the J clusters, and then execute a hill-climbing Then the time complexity of our algorithm is on the order of
search for improvements. R- H. P. Q + S. For the most common case, interaction level

Currently this is done by reassigning a single point to a K' = 1, and with K < I, this reduces to O(H • I. J. K). The
different cluster, recalculating NMF, and comparing the new size of H is difficult to predict, and in the worst case will be
fitness with the old. If any improvement is found, the point is exponential (1'), but in practice we have found the search to
left with its new cluster-number, otherwise the point is given converge quickly to a local maximum. Letting the interaction
its old cluster-number. In either case, other points are then level K' increase greatly increases the complexity, because of
examined to look for further improvement. Any time a point the large number of possible interactions among features, but we
is successfully reassigned, all other points are then reexamined have found in practice that an interaction level of one works well
for possible further reassignment. This process continues until even with dependent features (see Section IV).
no improvements can be found by single-point reassignments, The user input to the program consists of:
indicating we have reached a local maximum in NMF values. • The data.
To ,avoid local maxima, the search may be repeated a number • The number of features K.
of times starting from a different initial random clustering. The • The type, continuous or discrete, of each feature.
number -f repetitions necessary is, of course, domain dependent, * The minimum and maximum number of clusters to be
but in practice we have never found more than about 50 to be examined.
necessary. ° Optionally, the size of the optimal feature set. Default: the

Nested within the search for optimal cluster-numbers is the total number of features.
evaluation of NMF, which involves a search for the optimal • Optionally, the interaction level. Default: one.
feature set and optimal split values for any continuous features in - Optionally, the number of times to repeat the search. De-
that set. User input relevant to this is the optimal feature set size fault: no repeats.
ISI = K0 and the interaction level IS'I = K'. If the interaction The user can request some or all of the following output,
level is one, then for each feature P1, we evaluate all terms of for each number of clusters between the input minimum and
the form PRE(P" P0 ) and PRE(PoIPk) and average these to give maximum, or for only the number of clusters with the best NMF:
a "score" for P. If the interaction level is greater than one, all * The cluster numbers for each point.
terms of the form PRE(Pk P0 ) and PRE(P°IS') are computed, , The NMF value for the clustering.
for all sets S' with IS' = K'. Each feature P* is then given a * The features in the optimal feature set.
score by averaging all terms in which it appears, either as the * The split values for each numeric feature in the optimal
predicted feature or as a member of the set S'. In either case, feature set.
those Vt features with the highest scores are selected to form * The PRE values for each feature individually with respect to
the optimal feature set, which in turn is used to compute NMF. the clustering.
(For K' > 1 this procedure is heuristic, and optimality is not • Means and variances for each cluster, for numeric features.
guaranteed.)

Finally, nested within the search for optimal features and IV. EvALUATON OF RIFFLE'S PERFORMANCE
calculation of NMF, is the search for optimal split values for
the continuous features. Although there are infinitely many sets A. Monte Carlo Studies
of split values, there are only finitely many that make a difference
to a given data set. If J - 1 split values are sought for a total of I In this section we compare the performance of RIFFLE to

points, J - I distinct points can be selected and their feature k-means clustering, a standard clustering procedure with good
values used as the split values. An exhaustive search would performance on Gaussian data. We compare their ability to
therefore require examining B(I, J - 1) (binomial coefficient, recover clusters in data generated by Monte Carlo methods
I objects taken J - 1 at a time) choices of points for split values, from two or more distinct distributions. We count the number
Currently, our implementation avoids this search by using another of "correct" and "incorrect" classifications by the algorithms
hill-climbing search. The data is sorted, in each feature, before on the basis of the distributions that actually generated the
the main loop of the procedure begins, so that initial split values points. Since the distributions have some degree of overlap, no
can be selected at the quantiles of the data (medians for two procedure based solely on the data could correctly determine
clusters, quartiles for four clusters, etc). At each iteration, these the originating distribution for every point, and so an "optimal
values are adjusted up or down by one data point (in sorted order) algorithm" was used to obtain a lower bound on accuracy.
and the NMF recalculated. If improvements are found, the new Optimal clustering was done by assigning each data point to
split values are retained, otherwise not. its most likely originating cluster, using the known distributions

The time complexity of our implementation, for a fixed number that generated the data points. The optimal algorithm therefore
nbe computed as follows. Let is not a clustering algorithm but serves only to obtain a lower

bound on the misclassification rate. For the RIFFLE algorithm,
I = Number of points. the interaction-level was set to one, so that features were treated
J = Number of clusters. as independent. For the k-means algorithm, squared Euclidean
K = Number of features. distance was used.
K = Interaction level. 1) Two-Dimensional Gaussian Clusters: In our first test, we
R = Number of repeated searches called for .z50. generated two-dimensional Gaussian data in two subpopulations
H = Average length of the hill-climbing search. (similar to the data used in [12]), with subpopulation means
P = Number of PRE values to compute per NMF evaluation along the x = y diagonal, and at several different separations

B(KK'). in means between the two subpopulations. The separation in
Q = Time to compute each PRE value = I • JK'. means ranged from one to five times the standard deviation of
S = Time to sort feature scores = K log K each subpopulation about its own mean a. (The two subpopu-
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Fig. 3. Examples of synthetic two-dimensional data sets used in Monte Carlo
tests. (a) Gaussian data and (b) boomerang data.

50.
Fig. 5. Three-dimensional "cigar-shaped" data. In two dimensions the data
are similar to Fig. 3(a). The points are randomly distributed in the third

40- RIFFLE dimension.

-... K-means

Error 30--.- Optimal

Rate

(7c) 20-

10 --

0-
50 4o 3a 2a

Separation in Means

Fig. 4. Relative degradation of performance of RImFaa, k-means, and optimal
algorithms on two-dimensional Gaussian data. Errors increase for all three
as the means of the two subpopulations are brought closer together. The
separation in means is measured in terms of the standard deviation of each
subpopulation about its mean.

lations each had the same variance.) One hundred points werein each hadthexpesmentawithce) Otne ehcu ster. Fors weah Fig. 6. Clustering of the cigar-shaped data from Fig. 5 by the k-meansgenerated in each experiment, with fifty in each cluster. For each algorithm. Metric proximity dominates the clustering procedure, and the
parameterization the experiment was duplicated ten times, with cigar-shaped structure is not recovered.
different random number seeds, to obtain reasonable standard
errors for the misclassification rates. A typical data set for this
experiment is plotted in Fig. 3(a). Results for the RIFFLE and
k-means algorithms, and the optimal reclassification scheme, are
plotted in Fig. 4. In general, both algorithms performed well on
Gaussian data.

2) Addition of Nuisance Features: A long-standing problem
for many clustering algorithms [11, pp. 108-111] comes in the
form of "cigar" shaped data, as illustrated in Fig. 5. Metric
based clustering algorithms, which seek hyperellipsoidal clusters,
typically break the cigars in half, as illustrated by the k-means
clustering in Fig. 6. Clustering by RIFFLE, however, shown in
Fig. 7, preserved the cigar shapes by placing more importance
on the good fit of the clustering in two of the dimensions, and
less importance on a poor fit in the third.

Data sets similar to the one in Fig. 5 were generated using
the two-dimensional Gaussian data sets from the last section,
with separation of means equal to 2a. 11e cigar shape was Fig. 7. Clustering of the cigar-shaped data from Fig. 5 by the RLzra algo-

created by introducing a third, "nuisance" feature, with values rithm. Because the indicated clustering fits well with two dimensions, the

for the points randomly distributed over a range. The range of random third dimension is ignored.
the nuisance feature varied from zero to four times the separation
in means on the first two features. in Fig. 8 the performance of k-
means is seen to degrade very severely as the range of nuisance feature increases in range, it dominates the other terms in the
noise increases. This is to be expected, since, as the nuisance distance metric. The performance of RIFFLE, however, degrades
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Fig. 8. Relative degradation of performance of RIFFLE, k-means, and optimal Fig. 10. Relative performance of RIFnfL, k-means, and optimal algorithms
algorithms on three-dimensional, cigar-shaped data sets similar to that of on two-dimensional boomerang data similar to that in Fig. 3(b). The angle
Fig. 5. In these data sets the overlap in the first two dimensions was greater, between the two linear subpopulations varied from r/4 to r. RIFFLE's
and the range of the randomized third dimension was increased from zero to performance is equal or superior to that of k-means for most angles except
four times the separation in means in the first two dimensions. the degenerate case of a straight line (r).

50 a common origin. They tend to cluster along two different linear
subspaces of the feature space, resulting in "boomerang" shaped

40 -RIFFLE data, such as seen in Fig. 3(b). To simulate such data, two line
- -- K-means - segments were used. The "reference" line segment was selected

Error 30 - Optimal parallel to the x-axis. Points from one cluster were scattered

Rate uniformly along this line, with added Gaussian noise in both
the x and y dimensions. The second line segment was placed at

20- several different angles to the first, from ir/4 to r, and points

from the second cluster were scattered uniformly along its length,
.. . -with identical Gaussian noise in x and y. A typical data set for

7r/2 is shown in Fig. 3(b).

a oError rates for k-means and RIFFLE on these data sets are plotted
0 2'5 so A 100 in Fig. 10. For angles close to 7r/2 RIFFLE outperformed k-means.

Percentage of Points with a Missing Value The reason for this is that a distance metric clustering, forced to
cluster into two groups, will usually lump most of the points atFig. 9. Degradation of performance of RIFFLE, k-means, and optimal algo- the "bend" of the boomerang into the same cluster. However, in a

rithms on two-dimensional Gaussian data similar to that in Fig. 3(a). The

percentage of points which had one missing feature value was increased from clustering by RIFFLE, split-values close to the bend are preferred
zero to a hundred. The k-means algorithm required some distortion of the data because that gives each cluster a high PRE value on at least one
in order to be usable: a substitution of the mean value for the missing values feature, resulting in one "horizontal" cluster and one "vertical"
was used, and led to rapid degradation in performance. No preprocessing of cluster. In Fig. 11, clusterings by k-means (a) and RIFFLE (b)
the data was necessary for the Rar e procedure, and its degradation was less for a typical boomerang data set are shown. This figure may
severe.

be compared to Fig. 3(b), where the "true" subpopulations for
the points are given. If there is no marked difference between

little because the fitness is nonmetric, and a good clustering in the linear trends of the clusters, however, as when the angle
the first two features will dominate a clustering based primarily approaches zero or 7r, the performance of RaFFLE breaks down.
on the third feature, regardless of its range. 5) Categorical Data: Categorical data was simulated with

3) Incomplete Data: The same two-dimensional Gaussian various numbers of binary features. Two subpopulations were
data sets, with separation of means equal to 2o, were also defined by randomly choosing a single, discrete probability value
modified by taking a percentage of the points and marking one or probk for each feature, giving the probability that a sample from
the other of their two feature values as "missing." RIFFLE required subpopulation one would have a "0" value on that feature. The
no special treatment for missing values, since, with interaction- probability that a sample from subpopulation two would have a
level one, each feature is examined independently of the others "0" was then set at 1 - probk. The experiment was repeated
and a missing feature value is ignored in the calculation of for a number of features varying from 3 to 8. Results for
PRE for that feature alone. However, since the standard k-means both algorithms are in Fig. 12, where it can be seen that their
algorithm requires complete data sets, substitution of the mean performances are similar.
value was used for missing values when running k-means. The 6) Recovering the Number of Clusters: While the "true" num-
performance of the two algorithms on this data is presented in ber of clusters in a data set is an ambiguous notion, we nev-
Fig. 9. As the percentage of points with a missing value increases, ertheless attempted to assess RIFFLE's performance in this area
the performance of k-means degrades more rapidly than RIFFLE. with synthetic data sets similar to those in [ 11]. Three data sets

4) Boomerang Data: Many data analysis situations involve were generated, one with strongly clustered points, one with
clusters of points that are non-Gaussian. One common situation weakly clustered points, and one with unclustered (randomly
is when two populations represent different etiologies, but with distributed) points. Points were scattered over the unit hypercube
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(a) (b)

Fig. It. Clusters generated by k-means (a) and RIFFLE (b) for boomerang data similar to that in Fig. 3(b). K-means clustering puts all the points at the
"bend" in a single cluster because they are near each other in the metric. The aiFFLE clustering, however, separates the data into two subpopulations, each
of which fits well with a particular dimension: one horizontal population and one vertical population.
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Fig. 12. Relative degradation of performance of uFiLFa, k-means, and optimal algorithms on binary categorical data. The number of binary features
was varied from three to eight.

in five dimensions. For the clustered points, four subpopulation- The first was Fishers's "iris" data [141, consisting of two sepal
centers were randomly selected. The strongly clustered points and two petal measurements from 150 irises, 50 from each of
were normally scattered about these centers with a standard three species. We first attempted to recover the "true" number of
deviation of 0.01 in each dimension (no covariance); the weakly clusters from the data. The NMF fitness values for each number
clustered points were scattered about the same centers with a of clusters from two to twelve are plotted in Fig. 14, which
standard deviation of 0.1 in each dimension. These three data sets shows a clear peak at three. This compares favorably to the
were each clustered into two to twelve clusters by RIFFLE, and modified Hubert F index [15] and the fuzzy hypervolume and
the resulting fitness values are plotted in Fig. 13. For the strongly density indexes [16], which have been tested on the iris data,
clustered data, a clear peak is seen at the correct number, four, and which indicate three clusters. The Davies-Bouldin index,
while for the weakly clustered data, a slight peak is still seen at however, does not seem to indicate a preference for any number
the correct number. This compares well to the Davies-Bouldin [15]. Using three as the correct number of clusters, we compared
index and the modified Hubert F index, which are plotted for RIFFLE and k-means clustering. Each correctly reclassified 134
similar data sets in [11, pp. 186-1881; both of these indices out of 150, or 88% of the irises.
indicated four clusters in the strongly clustered data, but showed The second real world data set was the "80X" data set from
a slight preference for three clusters in the weakly clustered data. [111, consisting of eight features extracted from 45 handwritten

In the plot for random data in Fig. 13, a tendency toward better characters, 15 each of "8", "0", and "XV. Fitness values for this
fitness values for larger numbers of clusters can be observed, data are also plotted in Fig. 14, but they do not reveal a clear
This is the well known problem of "over-fitting" a model, which peak. We believe this is due to the small number of data points
plagues all data analysis situations. If necessary, a penalty for in the 8bX data, and the fact that the clusters in the 8o X data

larger numbers of clusters could be introduced, perhaps along ar twe separate as h that eac chrater
lines suggested in [131, but we have not found this necessary are not well separated. Assuming, however, that each character
in practice d represents a "true" cluster, we compared RIFFLE and k-means

clustering on this data set. RIFFLE correctly reclassified 37 out of

45, or 82%, of the characters while k-means correctly reclassified
B. Real World Data only 30 out of 45, or 67%.

1) Known Clusters: We presented two real world data sets 2) Unknown Clusters: In collaboration with colleagues, we
with known properties to RIFFLE and to the k-means algorithm, are also applying RIFFLE to many ongoing problems in the
to see if they could recognize the originating subpopulations. analysis of real world data sets. In each case the program has
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Fig. 13. Fitness values generated by IaFFLE for synthetic data with five features. Data which was strongl% or weakly grouped into four subpopulations
show a peak in fitness at four. Random data do not result in such a peak.

0,5- luted" and "unpolluted" clusters based solely on data involving
counts of macroinvertebrates found at the sites, regardless of

0.4 season. Again, other analysis tools failed to do this.

Fitn",, 03. V. CONCLUSION

We have proposed an approach to clustering based on the
Value 02- , principle that clusters should be selected to maximize their actual

utility in predicting feature values, not ad hoc measures o' im-
ilarity in feature space. We have defined a quantitative measure

0.1 iris of this utility, called nonmetric fimess, which 1) is applicable
--- 8OX to both discrete and continuous features, 2) can automatically

P A1 2 ignore some or all noisy but irrelevant features, 3) can cluster
2 3 4'0 9 l9 12 incomplete data without assumptions about the missing values,

Number of Clusters and 4) provides some guidance in regard to the correct number

Fig, 14. Fitness values for the iris data set and the SOX data set, for varying of clusters. We have also implemented a clustering procedure,
number of clusters, as determined by RIFFLE. For the iris data, a peak is seen RIFFLE, using nonmetric fitness, and tested it on synthetic and
at three. For the BOX data set, no clear peak was identified, indicating that real world data. We compared the performance of RIFFLE tO
the data are not as well clustered, k-means clustering and illustrated several cases where RIFFLE

was superior. We are currently using RIFFLE, in collaboration
created "meaningful" clusters, in some cases revealing previously with domain experts, in exploratory data analysis on real world
unsuspected facets of the data to experts. In a year-round ecolog- problems, where it has proven a valuable adjunct to traditional
ical study of a northwestern monomictic lake 1171, [181, RIFFLE statistical tools. We hope that our work will stimulate the creation
meaningfully clustered both the physical-chemical features and of other clustering algorithms based on such fitness measures, as

the phytoplankton species data. The physical-chemical data well as the use of these measures in other disciplines and data

were separated into epilimnion, hypolimnion, and thermocline analysis tools.

samples, even though data points were collected from three basins
of the lake with quite dissimilar physical characteristics, and
throughout the year. The phytoplankton samples were separated [1] R. S. Michalski and R. E. Stepp, "Learning from observation: Con-
into summer versus winter samples, as these were the most ceptual clustering," in Machine Learning, An Artificial Intelligence
dissimilar populations, with a clear break at fall turnover. Further, Approach. Los Altos, CA: Morgan Kaufman, 1983, pp. 331-363.

rspecies, with low variance relative to the rest of the data [2 P. Cheeseman, J. Kelly, M. Self, J. Stutz, W. Taylor, and D. Free-rare s wman, "Autoclass: A Bayesian classification system," in Proc. Fifth
set but with a high degree of association to the common algal Int Conf Machine Learning. Los Altos, CA: Morgan Kaufmann,
blooms, were identified as optimal features. All other analysis 1988.
tools used on the data failed to accomplish this. In another [3] L. Breiman, J. H. Freidman, R. A. Olshen, and C. J. Stone, Classi-

fication and Regression Trees. Belmont, CA: Wadsworth. 1984.
data set, gathered as part of the national acid rain survey [191 [4] E.G. Henrichon, Jr. and K.S. Fu, "A nonparametric partitioning
and involving hundreds of lakes, RIFFLE successfully partitioned procedure for pattern classification," IEEE Trans. Comput., vol.
lake samples into "impacted" and "not impacted" clusters In a C-18, pp. 614-624, 1969.
thirdldata setpdeaingo wipthd" andnoit-sourcedpollustio .o n ua 5n J. A. Sonquist, E. L. Baker, and J. N. Morgan, Searching for Struc-
third data set, dealing with nonpoint-soure pollution of an urban tue, Review ed. Ann Arbor, MI: Inst. Social Res., Univ. Michi-
stream [201, RIFFLE was able to partition the samples into "pol- gan, 1973.
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Matthews, G. B., R. A. Matthews, and B. Hachm6ller. 1991. Mathematical analysis of temporal and spatial
trends in the benthic macroinvertebrate communities of a small stream. Can. I. Fish. Aquat. Sci. 48:
2184-2190.

Macroinvertebrates were collected at four sites in Padden Creek, a small second-order stream in Whatcom County,
Washington, USA. Two upstream sites were characterized by high densities of sensitive taxa, predominantly
mayflies, stoneflies, and caddisflies, and two downstream sites showed high densities of tolerant taxa, especially
true flies, annelids, Baetis mayflies, and gastropods. Despite the small sample size, some statistical techniques
proved useful. The first two components of correspondence analysis were used to confirm the existence of both
seasonal and spatial trends in the benthic macroinvertebrate populations of the stream. Neither component alone,
however, ordinated the samples with respect to these trends. Combinations of the first two components were
required. A standard clustering technique, k-means clustering with squared Euclidean distance, further confirmed
the seasonal trend. Nonmetric clustering, not widely used in the analysis of ecological data, was necessary to
confirm the spatial trend. Nonmetric clustering was also able to identify a small number of "significant" taxa.
i.e. taxa that reliably served as indicators of spatial position on the stream.

On a effectus un 6chantillnnnage des macroinvert~brLs a quatre sites du ruisseau Padden, un petit cours d'eau
de second ordre situ6 dans le comt( Whatcom de I'ltat de Washington (I-U). Des densites 6lev~es de taxons
sensibles Ctaient caract~ristiques des deux sites d'amont, en particulier des (phbmeres, des perles et des phrv-
ganes, tandis que les deux sites d'aval abritaient des densitffs elevees de taxons tolsrants, surtout des mouches,
des ann~lides, des 6phtmeres du genre Baetis et des gasteropodes. Malgre la faible taille des &chantillons, cer-
taines m~thodes statistiques se sont r~v6lLes utiles. Ainsi, les deux premieres composantes de 'analyse factorielle
de correspondance ont permis de confirmer I'existence de tendances saisonniires et spatiales dans les populations
de macroinvert~bres beithiques du cours d'eau. Toutefois, ni l'une ni I'autre de ces composantes n'a permis
d'effectuer une ordination des 66chantillons en ce qui concerne ces tendances, ordination obtenue toutefois par
la combinaison des deux premieres composantes. L'agglom(ration de moyennes k couplee a la distance eucli-
dienne au carr6, une technique agglom~srative normalis~e, a permis d'stayer cette tendance saisonniire. L'ag-
glomrnration non matrique, rarement utilis•e dans l'analyse de donnees 6cologiques, a &6 n•cessaire pour confir-
mer la tendance spatiale. Cette dernicare analyse a aussi permis d'identifier un faible nombre de taxons
"significatifs", c'est-A-dire des taxons qui ont servi d'indicateurs fiables de la position spatiale dans le cours
d'eau.
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ne of the fundamental principles of mathematical ecol- example, because they require highly oxygenated waters, many

ogy is that changes in the statistical makeup of the biota stoneflies are restricted to headwater streams, which are often
are reflections of changes in the physical environment, less polluted and more turbulent than downstream reaches

The dominance of certain taxa at a particular site or between (Hynes 1970, McCafferty 1981). Many other stream charac-
sites can serve as a quantifiable record of the strength and direc- teristics can be viewed as changing along this longitudinal gra-
tion of environmental changes (Faith and Norris 1989). In the dient. due to the unidirectional downstream flow. This view of
ecology of streams, there are often two dominant environmen- streams as gradients has influenced many of the fundamental
tal changes, one associated with time and the other with loca- theories on how streams function, including organic matter pro-
tion (Green 1974). The benthic community varies with the cessing, macroinvertebrate community trophic structure, in-
season, and also with its spatial position in the stream. Many stream primary productivity, and nutrient cycling (see Minshall
benthic macroinvertebrates have habitat requirements that cor- 1988 and Fisher 1983 for general reviews). However, the com-
respond to longitudinal gradients, upstream to downstream. For plex distributions and patterns exhibited by macroinvertebrates
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make statistical confirmation of such relationships difficult. The Pennak (1978), Ricker and Scudder (1975). Ross (1937). Stark
problem of identifying reliable taxonomic indicators of envi- and Gaufin (1976), and Stone et al. (1965). Macroinvertebrate
ronmental changes is even more difficult. densities for each taxon were calculated as the average number

In this paper we used ordination by correspondence analysis of individuals per square metre (n = 10 per site and date).
and clustering by two techniques, k-means clustering and non-
metric clustering, to obtain statistical confirmation of the Statistical Tests
benthic macroinvertebrate response to both the longitudinal and Throughout this section, a "sample" refers to the pooledthe seasonal trends. Correspondence analysis is well docu- Truhu hsscin sml"rfr otepoemthed seaona trends. liraresponden.ache analys 17 well ado- macroinvertebrate densities at a unique site and date: there weremented in the literature (e.g. Gauch et al. 1977o Kenkel and 20 samples in this study (4 sites x 5 dates). Individual
Orloci 1986; ter Braak 1986). but. while ordination has been macroinvertebrate densities for each taxon are called 'repli-
used extensively for finding and confirming terrestrial vegeta- cates." There were 10 replicates for each taxon (63 taxa) at
tion gradients (e.g. Minchin 1987). it has been used much less each date and time (a maximum of 12 600 replicates, many of
frequently to examine gradients in stream data (e g Green 1974; which had values of zero). Some statistical tests were per-
Culp and Davies 1980: Sheldon and Haick 19S •; Schaeffer and formed on both the sample data averaged by replicate and the
Perry 1986: Faith and Norris 1989). K-means clustering is also raw data, not averaged by replicate: howevera only the results
widely used in many fields (Jain and Dubes 1988). Nonmetric from the averaged samplete ; however, o neralts
clustering, described in the Appendix, is a new technique and frm the averaged sample tests are reported here. Generally.cluserig, escibe intheAppedix isa nw tchnqueand as might be expected. the raw data yielded similar results, but
has not been widely applied to ecological data although we have wit be expeced.
found it useful in a variety of aplications (Matthews and Hearne with larger variances.

1991:Weatrdinatedathe1samplesWusingncothespondencebanalysis.
1991; Mathews et al. 1991). We found that the combination of Correspondence analysis (also called reciprocal averaging)
these three analytical techniques provided an excellent approach determines taxa scores and sample scores in an a guninformed"
to our data set. The spatial and temporal trends were both determines thou scor and sample Tiu sin sam -
revealed by correspondence analysis. The temporal trend was manner, i.e. without prior grouping of the samples. Thus. sam-
confirmed by k-means clustering which successfully separated pies are ordinated independently of information regarding the
samples by dateand the spatial trend was similarly confirmed actual site or date at which they were collected. For our pur-
bymples by c clusteran g whespaich suenassimlaly separatedsam- poses, it was important that the correspondence analysis pro-by the nonmetric clustering which successfully separated cedure give several ordinations of the samples (first, second,

The data we used for our analyses were collected from Pad- third components, etc.), for we found that two components were
den Creek, a small second-order stream located adjacent to the necessary to reveal trends indicated by our subjective evalua-
city of Bellingham in Whatcom County, Washington, Hach- tions. The correspondence analysis procedure is similar to prim-
maller (1989) and Hachmoller et al. (1990) found that the cipal components and factor analysis, but has been shown to
macroinvertebrate fauna in Padden Creek showed distinct be superior to these methods in typical environmental data sets
upstream and downstream distribution patterns. These distri- (Kenkel and Orloci 1986: Ludwig and Reynolds 1988).
bution patterns were thought to be related to differences in the The data were also clustered by the k-means algorithm using
riparian community, especially canopy cover, and the input of squared Euclidean distance, and nonmetric clustering. K-means
nonpoint-source runoff from residential and agricultural areas, clustering (Jain and Dubes 1988) views the samples as pointsnonpintsouce rnof frm rsidetia an agiculura aras, in n-dimensional space, where n is the number of taxa. It seeks
which created a turbid, nutrient-enriched "lower reach" in the -dimension spae, wh this the numbetwxeI seescreek."clusters" of samples such that the distance between samples
creek. from the same cluster is generally less than the distance between

samples from different clusters. The measure of distance
Methods between samples is called the metric. A clustering is optimal

in the metric sense if it maximizes the difference between the
Macronvertebrate Sampling average intracluster distance and the average intercluster dis-

Four sites were sampled in Padden Creek (Fig. 1). Site 1 tance. There are many measures of "distance" for samples,
was located approximately 1 km downstream from the Lake and the choice of a particular distance metric can have a radical
Padden outfall in a forested, relatively undisturbed area. Site 2 effect on the resulting clusters. For our k-means clustering we
was located in a channelized reach that had a less diverse used squared Euclidean distance. Nonmetric clustering.
substrate than Site 1. Both Sites I and 2 were upstream from described in the Appendix, is a new procedure that does not
the confluence of Padden and Connelly Creeks. Connelly Creek use a distance metric to deternaine clusters (Matthews and
is a nutrient-enriched tributary that drains agricultural and Hearne 1991). Instead, a cl,,stering is optimal in the nonmetric
residential lands. Site 3 was located about 1.5 km downstream sense if it maximizes the association between clusters and a
from Connelly Creek in a forested city park that was more large number of taxa. Each taxon is also given a "score" by
disturbed than Site I. Site 4 was located in a freshwater wetland nonmetric clustering, which is a measure of how strongly that
close to the mouth of Padden Creek. Based on vegetation, water particular taxon is associated with the clustering. Both non-
quality, and substrate sampling, Hachm6ller et al. (1990) and metric and k-means clustering are uninformed procedures, ,ike
Uhlig (1991) characterized the four sites as in Table I. correspondence analysis, and do not require prior groupinig of

The macroinvertebrate samples were collected monthly at samples.
each site from June through October 1988 using a Surber Correspondence analysis, metric clustering, and nonmetric
sampler (I--mm net mesh). Ten samples were collected at each clustering were also used in an effort to identify diagnostic taxa.
site on each date. The invertebrates were keyed to the lowest i.e. a subset of the taxa that could be used as indicators of
practical taxon (genus in most cases) using the following environmental conditions. Correspondence analysis not only
references: Anderson (1976), Edmunds and Jensen (1976), ordinates the samples, but also ordinates the taxa. and thus
Hatch (1953-65), Jewett (1959), Merritt and Cummins (1984). "large" taxa scores might be taken to indicate taxa important
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FIG. I. Padden Creek sampling sites and relative proportions of major macroinvertebrate taxa. The
macroinvertebrate proportions were calculated by averaging the macroinvertebrate densities (no./m2)
at each site for the entire study period.

TABLE I. Characterization of the four sampling sites.

Factor Site I Site 2 Site 3 Site 4

Nutrient Low-moderate Low-moderate Elevated Elevated
concentration

Riparian Second-growth Alder; gaps Second-growth Freshwater
vegetation coniferous forest in canopy coniferous forest wetland

Stream
gradient 61 m/km 19 m/km 8 n/km I I m/km

Substrate Diverse Uniform Diverse Diverse
cobble-pebble cobble-pebble pebble-sand pebble-sand

to the correspondence analysis ordination. K-means clustering in greater densities at the upstream sites (Sites I and 2); these
does not rank taxa in importance, and so was not used to iden- three orders made up 62-67% of the macroinvertebrate densi-
tify diagnostic taxa. Nonmetric clustering, however, is designed ties at the upstream sites, but only 26-40% of the densities at
to cluster data and simultaneously identify the taxa that are the downstream sites (Sites 3 and 4). In addition, many of the
"important" with respect to these clusters (Matthews and uncommon taxa (less than 0.5% of the total density) were col-
Hearne 1991). In this regard it is similar to conceptual cluster- lected more frequently at the upstream sites, especially large,
ing techniques (Fisher and Langley 1986), which not only clus- predatory stoneflies. This may be an artifact of the taxonomic
ter the data, but attempt to show how those clusters can be technique because not all taxa were identified to the same level.
characterized by a small subset of the data parameters. A non- In particular, Chironomidae and many of the noninsect taxa
metric clustering which is meaningfully related to a spatial or were identified only to family. This is a pervasive taxonomic
longitudinal trend will also give a list of important taxa, which dilemma, and its relevance to our statistical tests will be dis-
could be used as indicators of that trend. cussed below. In general, the macroinvertebrates collected at

the downstream sites were mostly taxa having relatively cos-
Results mopolitan distributions such as Baetis and Chironomidae and

included a large proportion of noninsect taxa such as oligo-
Hachmller (1989) and Hachm6ller et al. (1990) found that chaetes, gastropods, etc.

the most abrupt change in macroinvertebrate community struc- Table 2 lists the average densities (number per square metre)
ture occurred between Sites 2 and 3. which was attributed pri- for the most common taxa (greater than 0.5% of the total den-
marily to the influence of Connelly Creek. These changes can sity) that were collected from Padden Creek from June through
be seen in the pie charts summarizing the benthic community October 1988. A complete listing of the 63 Padden Creek taxa
in Fig. I. Mayflies, stoneflies, and caddisflies were collected is given in Hachm6ller (1989). It should be noted that the des-
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TABLE 2. Macroinvertebrate densities and nonmetric clustering (NMC) scores for major taxa.

% Average densities (no./m-)
Padden Creek total NMC

macroinvertebrate taxa density Site I Site 2 Site 3 Site 4 score

3-Plecoptera
Malenka spp. 5.0 78.57 80.94 3.44 6.45
Skwala spp. 0.6 3.87 11.84 1.72 2.15 0.47
SuwalliaYTri:nakaiSwelrsa complex 2.9 75.77 19.59 0.21 1.50 0.89

Ephemeroptera
Baetis spp. 10.3 48.43 130.88 60.06 108.93 0.12
Cini'gmula spp. 2.4 46.71 32.29 1.93 1.29 0.68
Epeorus spp. 3.9 95.58 33.58 1.29 0.21
Ironodes spp. 2.3 36.38 32.50 4.73 3.01 0.47
Paraleptophlebia spp. 3.7 13.56 41.11 40.04 31.00
Serratella spp. 1.9 2.36 57.04 4.52 1.50

Trichoptera
Glossosoma spp. 5.4 31.43 119.04 25.61 7.10
Hvdropsyche spp. 4.5 14.52 29.06 8.82 1.07 0.33
Rhyacophda spp. 1.1 24.54 10.33 1.29 0.64 0.89
Parapsyche spp. 4.8 8.18 12.70 107.63 33.15 -0.47

Diptera
,< Chironomidae 7.7 60.70 87.83 59.20 54.03 0.26

Simuliidae 4.0 17.00 0.21 53.17 64.79 -0.33
•Amphipoda

Gammarus lacustris 0.7 0.00 0.86 5.59 17.43 -0.80
Annelida

Enchytraeidae 31.4 210.97 260.05 237.88 355.42 -0.26
Lumbriculidae 2.2 3.44 9.25 23.03 39.61 -0.68

Gastropoda
Ferissia 0.5 0.00 3.87 10.97 2.79 -0.41
Gyraulus 1.4 0.00 13.99 9.68 24.54 -0.26

ignation of "common" is somewhat arbitrary because, again, common taxa, these three being Hydropsyche, Malenka. and
not all taxa were identified to the same level. Serratella.

Confirmation of the observed longitudinal and seasonal The seasonal trend was confirmed by k-means clustering.
trends by correspondence analysis can be seen in Fig. 2, which which separated the samples by datc. The June and July sam-
plots all samples by the first two components of correspondence pies were placed in one cluster and the August, September, and
analysis. Neither trend, however, corresponds well with a sin- October samples in the other, except for one August sample
gle component of correspondence analysis. Instead, the sea- which was placed in with the June and July samples (see
sonal differences tend to spread along a "northwest-southeast" Fig. 2a). On the other hand, nonmetric clustering confirmed
line, and the longitudinal trends spread along an orthogonal, the observed longitudinal trend, and clustered all upstream
north-east - southwest" line. We believe that this observation (Sites I and 2) samples into one cluster and all downstream
is important, as the emphasis in much statistical eoclogy is on (Sites 3 and 4) samples into the other cluster (see Fig. 2b).
recognizing a single. dominant gradient in the population. This The attempt to identify indicator taxa using nonmetric clus-
is the motivation behind "detrended" correspondence analysis, tering was very successful. Unlike correspondence analysis,
for example, which attempts to force a one-dimensional ordi- most of the top taxa scores produced by nonmetric clustering
nation for data sets. In our case, a two-dimensional ordination were from common taxa. These 15 out of the 20 top scores
was essential. were common taxa, and are listed in Table 2. This was impres-

The ordinations by correspondence analysis led to difficulties sive considering there were only 20 common taxa and that non-

in the identification of indicator taxa. First, as seen in Fig. 2. metric clustering is "naive" in that it did not use total macroin-
vertebrate density as a selection criterion. Further, we verified

neither of the first two sample score components, alone, cor- the robustness of this taxonomic subset using a "leave-one-
responds with the trends of interest. Each is a combination ot out" strategy. The nonmetric clustering taxa scores were recal-
both trends. Accordingly, neither of the first two taxa scores culated based on only 19 "training" samples. leaving one
could be used to determine indicator taxa for either trend. Sec- sample out. and then the group (upstream or downstream) for
ond, although correspondence analysis taxa scores were par- the omitted sample was predicted using taxa scores generated
tially associated with the trends (for example, positive taxa from the other 19 samples. This procedure was repeated with
scores were generally assigned to "upstream" taxa and nega- each sample being the one omitted, obtaining 20 tests; thus we
tive taxa scores to "downstream" taxa) the correspondence obtained an estimate of the rate at which errors might occur in
analysis scores were strongly influenced by rare taxa. Only three using these taxa scores to classify unknown samples. by simply
of the top 20 correspondence analysis taxa scores were from counting the number of the "left-out" samples that were mis-
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Discussion

JU Our statistical analyses supported our initial hypothesis that
there were longitudinal and seasonal trends evident in the
macroinvertebrate data. Ordination of samples by correspond-"• ~ence analysis was clearly possible (Fig. 2); however, a two-

dimensional ordination was necessary to confirm each of the
Jul one-dimensional trends.

The existence of (at least) two gradients in a data set made
interpretation of the data by clustering more difficult. Our two

(a) clustering techniques yielded radically different clusters

',S ember because the structure of the data was complex enough to war-
rant two interpretations. Which trend is the "strongest"

""toerN depends on how "strongest" is interpreted. In our professional
judgement, the most obvious trend was the longitudinal trend.
There were marked differences in the makeup of the macroin-
vertebrate communities from upstream and those from down-
stream. However, the existence of this "obvious" trend was
not confirmed by k-means clustering. Instead, a rather new tool.
nonmetric clustering, that approaches data clustering from rad-
ically different assumptions was required to "confirm the
obvious."

"The fact that correspondence analysis gave high scores to
rare taxa might be expected-because, if a taxon is rare, and only
shows up at one site or date, it will, of course, be highly cor-
related with that site or data. But many factors can affect the
reported densities of rare taxa, inc!uding drift and emergence
as well as sampling technique, sorting, and taxonomic expe-

.Site 4 rience. Because only some of these factors are associated with
a gradient, correspondence analysis may not be robust in data
sets where there are many uncommon taxa. In Padden Creek,

(b) _43 of the 63 taxa were uncommon, i.e. making up less than
Site 3 0.5% of the total density. The conclusion we draw is that taxa

scores from correspondence analysis should not be viewed indi-
vidually or in small subsets (such as the top 20), but only
collectively.

Nonmetric clustering was the only technique that proved
S Siteeie successful in both (a) confirming an observed trend and (b)

providing a set of indicator taxa for that trend. Nonmetric clus-
FiG. 2. Samples plotted with respect to the first two components of tering identified a subset of 15 common taxa, given in Table 2,
correspondence analysis. In Fig. 2a, heavy lines connect samples from that provided enough information to classify the samples. and
a single date; in Fig. 2b. heavy lines connect samples from a single did so more accurately than a linear discriminant.
site. The "northwest-southeast" trend in dates and the "northeast-
southwest" trend in sites are illustrated. Grouping of samples in Conclusion
Fig. 2a is by k-means clustering with squared Euclidean distance;
grouping of samples in Fig. 2b is by nonmetric clustering. Ecologically the dominant trends in our stream data were the

longitudinal trend, where, typically, mayflies. stoneflies, and
caddisflies were found at the upstream sites (Sites I and 2),

classified. For our nonmetric clustering-derived characteriza- while noninsects and tolerant taxa were found at the down-
tion. there were no erroneous classifications. By comparison, stream sites (Sites 3 and 4), and the seasonal trend. Our sub-
we also performed "leave-one-out" testing using a linear dis- jective judgement was that the longitudinal trend was more
criminant procedure to reclassify the left-out sample. The linear significant in this study than the seasonal one. Correspondence
discriminant misclassified 15% (3 out of 20), and this was in analysis ordination of the macroinvertebrate data from Padden
spite of the linear discriminant being an "informed" proce- Creek confirmed the presence of both the longitudinal and sea-
dure, i.e. input to the linear discriminant procedure consisted sonal trends in the taxa, but only as a "mixture" of each of the
of both the data points and an identification of which data points first two components of the ordination. In addition, correspond-
came from upstream samples and which from downstream sam- ence analysis typically gave rare taxa the highest taxa scores.
pies. Nonmetric clustering is, in contrast, an "uninformed" even though their relevance to large-scale trends in the data set
procedure. Input to the nonmetric clustering procedure con- was minor. K-means clustering favored the seasonal trend over
sisted only of the data points, and no information about the the longitudinal trend, while nonmetric clustering favored the
location of the samples. Nonmetric clustering was able to longitudinal trend. The nonmetric clustering also provided a
deduce the locations of the samples from the macroinvertebrate robust means of simplifying the description of upstream and
densities alone. downstream clusters by identifying a set of 15 of the most com-
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FiG. A. I. Artificially generated data set clustered in two dimensions.

A computer program. called RIFFLE, implementing non-
metric clustering, has been constructed and is described in Mat-
thews and Hearne (1991). RIFFLE was used for all nonmetric
clustering discussed in this paper.

Nonmetric clustering thus offers the following advantages FIG. A.2. Artificial data set of Fig. Al with (a) a random component
over traditional methods: (1) it does not combine counts from in the : dimension added, (b) clustering by k-means, and (c) nonmetric
dissimilar taxa by means of sums of squares, or other ad hoc clustering.
mathematical techniques; (2) it does not require transformations
of the data, such as normalizing the variance; (3) it works with-
out modification on incomplete data sets; (4) it can work with- species were proved, in testing, to be more reliable than indi-
out further assumptions on different data types (e.g. species cators based on a linear discriminant.
counts or presencelabsence data); (5) significance of a taxon to The primary disadvantages of nonmetric clustering, as we
the analysis is not dependent on the absolute size of its count, see them. are as follows. (1) There are some cases, documented
so that taxa having a small total variance, such as rare taxa. can in (Matthews and Hearne 1991), where metric clustering is to
compete in importance with common taxa, and taxa with a be preferred over nonmetric clustering. In general, we rec-
large, random variance will not automatically be selected, to ommend using both, and examining the results critically, rather
the exclusion of others; (6) it provides an integral measure of than accepting a single clustering method as the best for all
"how good" the clustering is. i.e. whether the data set differs cases. (2) The RIFFLE implementation of iionmetric clustering
from a random collection of points; and (7) it can. in some is very computer intensive, and takes much longer to run than
cases, identify a subset of the taxa that serve as reliable indi- k-means clustering. (3) Implementations of the technique, such
cators of the physical environment; in our case, the indicator as RIFFLE. are not widely available yet.
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ABSTRACT

Matthews. R.A.. Matthews. G.B. and Ehinger, W.J., 1991. Classification and ordination of
limnological data: a comparison of analytical tools. Ecol. Modelling, 53: 167-187.

In this paper we compare the differences between principal components analysis.

hierarchical clustering, correspondence analysis and conceptual clustering to show their

effectiveness for identifying patterns in a large limnological data set. The data for this

comparison come from a multi-year study of Lake Whatcom, a large lake located in the Puget

Sound lowlands of the state of Washington. The data include both physical and chemical

parameters (temperature. dissolved oxygen, pH. alkalinity, turbidity, conductivity, and nutri-
ents) as well as biological parameters (Secchi depth, chlorophyll a, and phytoplankton

species and total counts). The patterns we expected to find include (a) temperature and

dissolved oxygen interactions, (b) ordination by algal bloom sequences, and (c) clustering due

to the effects of stratification.
Principal components analysis was somewhat useful for confirming known water quality

trends, but did not successfully identify large-scale patterns such as stratification and

seasonal plankton changes. Correspondence analysis proved to be superior to principal
components analysis for detecting phytoplankton trends, but was not as good for interpreting
water quality changes. Hierarchical clustering produced highly unbalanced trees for both the
water quality and phytoplankton data, and was useless as an exploratory tool. A new
approach to clustering, implemented in the computer program 1RFFLE, is introduced here.
This clustering algorithm outperformed the other exploratory tools in clustering and parame-
ter ordination, and successfully identified a number of expected and unexpected patterns in
the limnological data.

INTRODUCTION

One of the most difficult problems in aquatic ecology is the interpretation

and modelling of the complex data sets that are generated from limnological

0304-3800/91/$03.50 © 1991 - Elsevier Science Publishers B.V.
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research. The data generally are not linear, rarely conform to parametric
assumptions, and are often measured using incommensurable units such as
length. concentration, and frequency. In addition, most limnological re-
search generates incomplete data sets, not only because of sample loss, but
also due to sampling design. For example, lake depth, temperature, and
dissolved oxygen may be measured every few meters from the surface to the
bottom, while plankton populations are usually sampled only in the photic
zone. As a result, we may have to rely on the robustness of a statistical test
to identify significant trends despite violation of the test's fundamental
assumptions. Further, true gradients, as understood in terrestrial ecology,
are rarely present. Nevertheless. patterns of algal blooms and successions are
present, and their recognition poses an important problem for data analysis
and modelling.

In this paper we compare several types of analytical procedures, including
graphical analysis, hierarchical clustering, and ordination (principal compo-
nents analysis and correspondence analysis), to see how well they identify
patterns in a large limnological data set. While all of these methods are in
common use, they are not all equally useful for identifying patterns in
ecological data sets (Pielou, 1984; Ludwig and Reynolds, 1988). In addition,
we used a new version of conceptual clustering (Fisher and Langley, 1986),
which turned out to be markedly superior to correspondence analysis in
parameter ordination, and superior to hierarchical techniques in clustering.

Our data come from Lake Whatcom, a large monomictic lake in Washing-
ton. Water quality data have been collected from Lake Whatcom since the
early 1960's, with intensive sampling since 1982. The data for this paper are
from spring 1987 through winter 1988 because this period included intensive
plankton sampling as well as water quality monitoring. The patterns we
expected to find in the lake included: (a) temperature and dissolved oxygen
interactions, (b) algal bloom sequences, and (c) indicators and effects of
stratification. Evidence for all of these was discovered in the data set.
However, some of the analytical techniques were less useful than others for
identifying the limnological trends. We have included a general discussion of
the fundamental differences between each analytical technique as well as a
summary of the strengths and weaknesses of each technique for identifying
patterns in limnological data.

METHODS

Study site

Lake Whatcom is a 2000 ha chain lake located in the Puget Sound
lowlands of northwestern Washington (Fig. 1). The lake is divided into three
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Fig. 1. Lake Whatcom sampling sites. Whatcom County. Washington.

distinct basins by subsurface sills; the largest basin, Basin 3. contains 96% of
the lake volume, while Basins I and 2 each contain about 2% of the total
lake volume (Lighthart et al., 1972). Lake Whatcom is a warm, monomictic
lake; the direction of flow is from Basin 3 -~ Basin 2 -. Basin 1. All of the
perennial streams in the Lake Whatcom watershed drain into Basin 3. The
only natural outflow from the lake is Whatcom Creek in Basin 1. However.
the city of Bellingham withdraws water from Basin 2 for municipal drinking
water and industrial uses. In the summertime the municipal withdrawal is
often the only significant outflow from the lake.
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Water quality and phytoplankton sampling

Water samples were collected at four sites in Lake Whatcom (Fig. 1) from
March 1987 to October 1988. Temperature, pH, conductivity, and dissolved
oxygen were measured in the field using a Hydrolab Surveyor II. In Basins I
and 2, where the maximum depths are 20 and 22 m, respectively, these
measurements were taken at 2-m intervals from the surface to the bottom of
the water column. In Basin 3 (maximum depth > 90 m), the measurements
were taken at 2-m intervals to the depth of 20 m, and at 5-m intervals from
20 m to the bottom. Secchi depth was also measured in the field at each site.

The water samples for nutrients analyses (ammonia, nitrate/ nitrite, total
nitrogen, soluble reactive phosphate, and total phosphorus), total organic
carbon, and dissolved inorganic carbon analyses were collected at 5-m
intervals in Basins I and 2, and 10-m intervals in Basin 3. The nutrient
analyses were done using a Technicon Autoanalyzer, following EPA (1983)
guidelines for sampling handling and analysis. The total organic carbon and
dissolved inorganic carbon analyses were done using an OIC Model 0524B
Infrared Carbon Analyzer (APHA, 1985).

All chlorophyll and phytoplankton samples were collected at 5-m inter-
vals from the surface to 15 m (phytoplankton) or 20 m (chlorophyll).
Chlorophyll a extractions were done by filtering 250-500 mL of sample
through a glass fiber filter, which was ground in a tissue grinder and
extracted with 90% spectrophotometric grade acetone. The chlorophyll a
concentrations, corrected for phaeophytin a, were measured using a
calibrated Turner Designs fluorometer (APHA, 1985). Phytoplankton sam-
ples were preserved with Lugol's solution, and were identified and counted
using a Sedgewick-Rafter counting chamber on an Olympus Inverted Micro-
scope (APHA, 1985; Lind, 1985). Representative phytoplankton samples
were sent to the Academy of Natural Sciences of Philadelphia for taxonomic
verification.

Data analysis methods

The data were analyzed using either ordination, clustering, or both.
Ordination of 'points' (all measurements collected at a particular date, site,
and depth, sometimes called 'samples' or 'sampling units') was done by
principal components and correspondence analysis (reciprocal averaging).
Ordination of 'parameters' (e.g., pH, temperature, etc., sometimes called
'attributes", 'dimensions', or'variables') was done by correspondence analy-
sis and conceptual clustering. Clustering was done with an agglomerative,
hierarchical algorithm, as well as with an optimizing, conceptual clustering
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algorithm. Visual confirmation of patterns in the data was made using two-
and three-dimensional graphical displays of the data.

Point ordination

Principal components analysis was done using data normalized by mean
and standard deviation (z-scores), using the FACTOR procedure provided
in the SPSS-X statistical package. This resulted in several ordinations of the
points, one for each principal component. Generally, the first three or four
principal components were inspected graphically.

Correspondence analysis (reciprocal averaging), which simultaneously
ordinates both the parameters and the data points, has proven better than
principal components analysis in the analysis of many kinds of ecological
data. In data sets involving large-scale gradients in the environment, for
example, with high beta diversity along the gradients, correspondence analy-
sis outperforms principal components analysis (Kenkel and Orloci, 1986). It
can be used for detecting unknown gradients or confirming the existence of
expected ones. Correspondence analysis scores were computed directly using
the iterative technique (Pielou, 1984, pp. 184-188).

Hierarchical clustering

Hierarchical clustering uses a measure of similarity or distance between
points, and derived measures of inter-cluster and intra-cluster distance. It is
hierarchical in that each cluster is a subcluster of a larger cluster; the total
clustering forms a tree, or dendrogram. Balanced dendrograms indicate a
good clustering into roughly equal-sized clusters, while unbalanced dendro-
grams indicate little real clustering, but instead a gradual agglomeration of
sample points into a single group.

The choice of a distance measure is often critical to hierarchical clustering
(Ludwig and Reynolds, 1988). We employed two distance measures for
hierarchical ckastering: squared Euclidean distance, defined as E (x, -y,) 2

and cosine of vectors distance, defined as .,(x,y,)/ 1 Xfl(T 1y), where
x, and y, are the parameter values for two points. Cosine distance is similar
to chord distance (Ludwig and Reynolds, 1988), and considers only the
relative proportions of the various parameters that make up a sample point.
Squared Euclidean distance also takes into account the absolute size of
parameter values.

The algorithm we used for forming the hierarchy of clusters was average
linkage between clusters. This method gives good results on synthetic,
Gaussian data known to have well-defined clusters (Bayne et al., 1980).
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Conceptual clustering

The philosophical difficulty with hierarchical clustering is that it assumes
the meaningfulness of combinations of parameters. such as the Euclidean
and cosine distances. above. In ecological data sets. such compositions as
these two are often not meaningful, due to incommensurability. For exam-
ple, an uncommon organism with a large individual biovolume may have the
same total biomass as a common organism with a smaller individual
biovolume, but since both species are measured in organisms per L, the
common organism will dominate in terms of absolute number and propor-
tion. Predators, for example. often fall into this category, being generally
large in size but small in number. However, their functional importance
would be overlooked by this analytical technique which would simply add or
multiply the two numbers. The problem lies not in the manner of counting
organisms, but in the necessity to combine counts of dissimilar species. The
problem is even worse for water quality data, where different parameters are
measured in degrees, pH units, concentrations, and so on.

Conceptual clustering can be used as an alternative to hierarchical cluster-
ing [see Fisher and Langley (1986) for a survey]. A clustering technique is
called 'conceptual' if it yields descriptions of the clusters in terms of
concepts, i.e., in terms of only conceptually important parameters. What is
,conceptually important' depends on context, but in scientific data analysis
we take the following as an acting principle: Clusters are conceptually
important if knowledge of such clusters increases the reliability of predict-
ions about parameter values. In other words, we seek clusters such that most
(if not all) of the actual observed data values for a sample can be predicted
more accurately after its cluster has been identified than before such
identification. Thus, 'conceptually important' clusters, in our methodology,
are those that warrant accurate predictions of parameter values.

We developed a clustering tool, called RIFFLE, in line with these principles,
which is superior to traditional clustering methods for a wide range of
ecological data sets (Matthews and Hearne, 1991). A brief description of the
algorithm is given in Appendix A. 1IFFLE has the following advantages over
traditional clustering methods: (1) Measures based on combinations of
incommensurable parameters, such as Euclidean distance in parameter space
are not used, (2) transformations of scale do not affect the outcome, (3)
parameters can be nominal, ordered, numeric, or mixed, (4) 'noisy' parame-
ters. i.e., those with large variance but little association with any other
parameters, are automatically filtered out and have little effect on the
resulting clustering, (5) 'rare' parameters, i.e., those with small variance but
with a significant correlation to the dominant patterns of the 4ata set, are
automatically given weight in accord with that correlation, and (6) no
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assumptions about points with missing values, such as replacement with
zeroes or with the mean, need to be made. RIFFLE simultaneously clusters the
data and ordinates the parameters in terms of their conceptual significance
to the clusters. It is thus, in a sense, similar to correspondence analysis in
that simultaneous analysis of points and parameters is done, except that a
non-linear patterning the points (a clustering) is sought together with a
linear ordination of the parameters. Correspondence analysis attempts to
provide a linear ordination of both.

RESULTS AND DISCUSSION

Physical-chemical data

The physical-chemical data from Lake Whatcom indicate that the three
basins are dissimilar, which is best illustrated by comparing graphs of the
temperature and dissolved oxygen data for the four sites (Figs. 2-5). The
two shallow basins (Basin 1, Site 1 and Basin 2, Site 2) both had significant
oxygen deficits, and both developed anoxic hypolimnia during the summer.
Basin 3, Site 3, experienced some oxygen depletion during the summer;
however, the oxygen concentrations usually did not fall below 2 mg/L.
Basin 3, Site 4 maintained consistently high dissolved oxygen levels
throughout summer stratification, even at the bottom of the Water column.

The oxygen deficit in Basin 1 was more pronounced than in Basin 2. This
observation was discussed by Ehinger (1988) and is thought to be due, at
least in part, to isolation of Basin I during the summer when the outflow
from the lake into Whatcom Creek was reduced to near zero. The City of
Bellingham continued to withdraw water from Basin 2 throughout the
summer, which flushed Basin 2 with high quality water from Basin 3.

The remaining water quality parameters were strongly influenced by the
temperature and dissolved oxygen conditions in the lake. Basins 1 and 2
experienced epi'imnetic nitrate depletion during summer algal blooms. Con-
currently, ammonia and phosphate were released from the sediments and
accumulated in the hypolimnia of both basins. In Basin 3, similar conditions
developed, but to a much lesser extent. Alkalinity and pH values showed
little variation except during stratification. During this time, the pH values
were slightly higher in the epilimnia of Basins 1 and 2 due to photosynthetic
activity, while the pH values in the hypolimnia were lower due to the release
of reduced compounds from the sediments. Similarly, the alkalinity values
increased slightly near the sediments during stratification. Conductivity,
turbidity, dissolved inorganic carbon, and total organic carbon values were
fairly uniform throughout the sampling period. A complete listing of the
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Fig. 2. Temperature and dissolved oxygen profiles for Basin 1. Site 1.

water quality data is available from the authors, and a list of parameters
sampled is in Appendix B.

Conceptual clustering of the physical-chemical data proved to be best at
confirming the expected trends. Figure 6 shows how RIFFLE clustered the
physical and chemical data for each discrete sample set (matched by date,
site, and depth class). The RIFFLE clusters were plotted by the date and
temperature value for the data set so that the influences of thermal stratifi-
cation can be observed. Sample points were grouped into classes based on
approximate (- 5 meter) depth, and data values were taken as averages of
the values in a single depth class. Depth classes were used because of the
large number of points in the Hydrolab data sets ( > 1600 for each parame-
ter) and because there was some variation in the depth of some samples. For
example, the 'bottom' measurements varied by several meters. depending on
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Fig. 3. Temperature and dissolved oxygen profiles for basin 2. Site 2.

where the boat was located. A smaller total number of points also helped in
the graphical presentation of the data.

In Basin 1. three clusters were selected as best describing the data. Two of
the clusters (o and c-) separate the epilimnion and hypolimnion samples
during stratification, while the third cluster (*) identifies the well-mixed
samples of the unstratified period. The vertical lines marking stratification
and turnover were estimated from the temperature data for each basin:
however, the exact timing of these events was not determined. This is
important because most of the misclassifications in the RIFFLE clusters
occurred within one sampling date of our estimated dates for stratification
or turnover.

Basin 3 clustered into only two groups: stratified epilimnial samples (:)
and a second group consisting of both hypolimnial samples and mixed lake
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Fig. 4. Temperature and dissolved oxygen profiles for Basin 3. Site 3.

samples (*). This supports our temperature and dissolved oxygen data that
show Basin 3 to be oligotrophic. with little change in the hypolimnetic water
quality occurring during summer stratification.

In Basin 2. a unexpected pattern emerged. During stratified periods, three
clusters were identified. Upon closer inspection of the temperature and
dissolved oxygen data, we found that the depth of the thermocline was
deeper in Basin 2 than in Basin 1, and the height of the anoxic portion of the
hypolimnion (0-2 mg/L) was much higher in Basin 1 than in Basin 2..In
Basin 1. both the surface and the 10-m depth classes would lie primarily in
the epilimzuon, while the remaining measurements (20 m and bottom) would
be in the hypolimnion, and strongly influenced by anoxic conditions. How-
ever, in Basin 2, the 10-m depth class would be at the thermocline and
slightly above the anoxic portion of the hypolimnion. The rcmaining sam-
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Fig. 5. Temperature and dissolved oxygen profiles for Basin 3, Site 4.

pies (at 20 m and below) would reflect hypolimnetic influences. fhe three
clusters in Basin 2. therefore, identify the epilimnion. metalimnion. and
hypolimnion.

Principal components analysis did not work well when plotted by individ-
ual basins, but did identify the major trends for the entire data set: The first
principal component accounted for 24% of the total variance; its dominant
terms (with a factor greater than 0.5) were:

0.872 Temperature - 0.842 Depth + 0.735 pH - 0.623 Nitrate/Nitrite

The second principal component accounted for another 19% of the total
variance and its dominant terms were:

-0.779 Dissolved Oxygen + 0.695 Turbidity + 0.663 Alkalinity
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Fig. 6. aRIFFL clustering of chemical data. Conceptual clusters (o. >. and *) plotted by
temperature and date.

The first principal component identified the inverse relationship between
temperature and depth during summer stratification as well as the changes
in pH and nitrate values that were discussed earlier for Basins I and 2. The
second component picked up on the hypolimnetic oxygen depletion that was
observed, to a greater or lesser extent, in all three basins following stratifica-
tion. The positive turbidity factor was probably an artifice that resulted
from sampling too near the sediments, while the alkalinity factor again
reflects the effects of biological activity during stratification.

Hierarchical clustering and correspondence analysis did not identify any
meaningful trends in this data set. Correspondence analysis found nearly all
points to have the same scores, and thus any parameter ordination was of
doubtful validity. Hierarchical clustering resulted in unbalanced dendro-
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grams, and had the added disadvantage that, since points with missing data
could not bc included, the data had to be severely subsetted. Several
parameters (Secchi depth, dissolved inorganic carbon, and total organic
carbon) had to be excluded because they were measured less frequently than
other parameters.

Phytoplankton data set

Since it is only useful to collect phytoplankton data at or near the surface.
this data set is considerably smaller, ia terms of number of points, than the
physical-chemical data set. A complete listing of taxa found is provided in
Appendix C.

400,000

Counts/m1 200,000 - Basin I(Site 1)

0 
-

400,000

Counts/m 3 200,0001 (Site 2)

0 -

400.000

Basin 3
Counts/M 3 200.0001 (Site 3)

400,000-

Basin 3Coungg/m3 200,000 (Site 4)

0
June 1967 Oct 1988

Fig. 7. Total phytoplankton (solid) and diatoms (dashed) in Lake Whatcom.
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Figure 7 shows a summary of the phytoplankton data for Lake Whatcom.
Diatoms (predominantly Melosira ambigua (Grun.) 0. Mull, Melosira dis-

tans (Ehr.) Bethge, and Fragilaria crotonensis (Kitt.) dominated the phyto-
plankton populations most of the year. with peaks occurring during the
winter and spring.

During the late summer (during periods of nutrient depletion in the
epilimnion), blooms of mostly green and bluegreen algae developed, espe-
cially in Basin 1. The densities of green and bluegreen algae never reached
the peak densities that were measured for the winter/ spring diatom blooms.
This is partly due to our system of counting, whereby Coelosphaerium
naegelianum Unger, a common late summer bluegreen alga, was counted by
colonies rather than individual cells. If Coelosphaerium had been counted by
individual cells (not an easy task) or if each plankton count was weighted to
account for biovolume, [as in Ehinger (1988)], the Coelosphaerium total
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Fig. 8. RIFFLE clustering of pbytoplankton data. Conceptual Clusters (0 and *)plotted by
correspondence analysis score and date.
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'count' would increase. This problem of counting individuals, colonies, or
biovolumes is frequently encountered in limnological data sets, and is part
of the reason why the statistical tool needs to be insensitive to scale.

Conceptual clustering of the phytoplankton data again proved valuable
for identifying the major trends in the lake. Figure 8 shows the clusters
generated by RIFFLE plotted by correspondence analysis score (COA) vs.
time. In all three basins, samples collected before and after turnover tended
to be in different clusters; similar rapid changes in the phytoplankton
populations did not occur following stratification. Turnover is a dramatic
event in lakes, often occurring within a few days, that causes rapid changes
in the water quality of the lake. Stratification, however, causes a gradual
divergence of the water quality in the epilimnion and hypolimnion. In Fig. 8.
late summer phytoplankton (o) were clearly distinguished from post-turnover
phytoplankton (*). However, the late summer phytoplankton populations
were not reestablished until several months after the onset of stratification.

In creating the clusters shown in Fig. 8, RIFFLE clustered temporally
adjacent points. This is in line with the proposed existence of temporal
Iplateaus' in phytoplankton succession, mentioned in (Legendre et al., 1985).
RIFFLE, however, clustered them successfully without the ad hoc imposition
of an explicit chronological constrait or the elimination of singleton clusters.

The taxa that -ontributed most heavily to the RIFFLE clusters included
many common species (e.g Fragilaria and Coelosphaerium), but also in-
cluded several 'rare' species that were highly correlated with turnover. One
example is Ceratium hirudinella (O.F. Muell.), a large dinoflagellate. that
never occurred in large numbers, but was only collected during late summer
just prior to turnover. Ceratium is able to compete well during late summer
because it can swim to positions of optimum light and nutrient concentra-
tions. Because of its low density in Lake Whatcom, none of the other
statistical tools used Ceratium to identify late summer phytoplankton
blooms. RIFFLE's ability to use both common and rare taxa is particularly
useful for finding potential indicator species.

Principal components analysis was able to identify the major phytoplank-
ton blooms; however, the results could easily be misinterpreted if impor-
tance was assigned to the individual species comprising each principal
component rather than the trend that those species represent. For example.
the winter diatom bloom was represented by Melosira, Fragdaria and
Tabellaria flocculosa (Roth) Kutz. in the combined data set, but only by
Fragilaria and Melosira in Basin 1 (see Table 1). This does not mean that
Tabellaria was absent or rare in Basins 2 and 3; only that it accounted for
less variation in the data sets for those basins. The interpretation of the
summer phytoplankton blooms is even more difficult: the representative
species are split into two groups in Basin 1, but only one group in the
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TABLE 1

Principal components for Lake Whatcom phytoplankton. Basin I and all basins combined

Basin I Total Species Loading

PC- i 23% Dicryosphaerwmt sp. 0.94
Staurastrum sp. 0.93
Aphanocapsa sp. 0.93

PC-2 16% Rhabdoderma sp. 0.89
Chroococcus sp. 0.87
Oscdlatoria sp. 0.85

PC.-3 11% Fragi/aria crotonensis 0.93
Melosira sp. 0.93

All Basins Total Species Loading

PC-I 15% Dinobryon sp. 0.790
Coeisphaerium naegelhanum 0.769
Eudorina elegans Ehrenberg 0.774
Unknown Greens 0.667
Aphanocapsa sp. 0.542

PC-2 10% Melosira sp. 0.905
Fragilaria crotonensis 0.854
Tabellaria flocculosa 0.847

combined data, and there is little overlap between the species in the different
groups. While in some cases these results might lead to the discovery of an
unknown pattern in the data, close inspection of the Lake Whatcom data
does not support any such conclusion.

Correspondence analysis was more revealing. As can be seen from Fig. 8,
there is a tendency for the COA score gradually to lessen during stratifica-
tion, and swing rapidly back to its highest values immediately following
turnover. This indicates that the large-scale gradient from a mixed to a
stratified lake can be detected by correspondence analysis, and that the Lake
Whatcom sample points successfully ordinated according to this trend.
Basin 3, however, reveals that the presence of outliers can have a disastrous
effect on this ordination technique. Gauch et al. (1977) make the same
observation.

Hierarchical clustering proved ineffective in handling the Lake Whatcom
phytoplankton data, typically resulting in highly unbalanced trees, whether
squared Euclidean distance or cosine distance was used. The tree develop-
ment was disastrously affected by outliers. Modification can be made to
hierarchical clustering that improve its use for chronological samples. These
modifications iclude: (a) transformations of the data matrix (normalization
etc.), (b) the explicit removal of outliers from the data set during clustering,
and (c) the imposition of a constraint to force temporally adjacent sample
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points into the same clusters [see Allen et al. (1977); Legendre et al. (1985)].
However, these constraints seem excessively severe to us, and conceptual
clustering provides an excellent alternative.

CONCLUSIONS

We conclude that limnological data sets are amenable to clustering and
gradient analysis. with the proviso that care must be taken in the tools used.
Principal components analysis was of some use in confirming water quality
trends, in that it achieved a reduction in the redundancy of the data set by
combining correlated parameters (such as temperature and pH) into a single
component. However, principal components did not aid in the identification
of large-scale patterns in the data, such as stratification. Further. used on
data sets with many parameters (such as species lists) principal components
provided only a marginal reduction in the complexity of the raw data. We
found correspondence analysis to be superior to principal components for
detecting large-scale gradients in the phytoplankton data from Lake What-
com. This is consistent with the findings from theoretical studies of ordina-
tion (Kenkel and Orloci, 1986).

We believe that the results of this study, in conjunction with similar
studies at other sites, will lead to an improvement in conventional biogeo-
chemical modelling of limnological systems. Typically these models are
lumped-parameter conceptual models, involving two crucial tasks. First, the
model must be built on a small number of significant components. e.g.
phosphorous, chlorophyll, phytoplankton or zooplankton, and, second, the
gross, qualitative behavior of the lake must be understood in terms of
changes in the states of these components (Scavia and Robertson, 1979, pp.
1-83). Conceptual clustering by RIFFLE helps by providing objective leads in
both of these tasks: It provides an estimate, for each parameter, of how
strongly the entire system is associated with that parameter; these estimates
can guide the selection of components. It also provides a clustering of the
samples of the lake system into states that may be significant parts of the
evolution of the model.

Conceptual clustering was found to be consistently superior to hierarchi-
cal clustering. In clustering the physical chemical data, the presence of
epilimnion and hypolimnion was clearly confirmed by our conceptual clus-
tering algorithm. Hierarchical clustering did not isolate these clusters. In the
phytoplankton set, a division into mixed and stratified communities was
accomplished only by the conceptual clustering algorithm. This, together
with the facts that (a) conceptual clustering makes fewer assumptions about
the data than hierarchical clustering, and (b) it can handle incomplete and
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mixed data sets without further assumptions or data subsetting, makes it a
consistently superior tool for clustering.
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APPENDIX A

RIFFLE clustering

Clustering by the RIFFLE program (Matthews and Hearne, 1991) is a
technique especially adapted to clustering ecological data. It is a partitional
clustering algorithm: the data points are partitioned into clusters in a variety
of ways, and the best such partition is selected as an appropriate clustering
for the data. The 'best' clustering is one which maximizes the value of a
fitness-measure (which evaluates the 'fitness' of the clusters to the data). The
fitness-function used in RIFFLE estimates the accuracy of predictions in an
imagined experiment, an experiment that uses the proposed cluster-member-
ship of a sample to 'predict' whether that sample will have large or small
values on its measured parameters. If a large number of these 'predictions'
agree with the actual sample values, then the clustering fits. We use a
nonparametric measure of fitness in the sense that predictions of numeric
parameters are limited to the coarseness of the clustering. In a clustering
into two groups, for example, only two values are predicted: 'high' values
and 'low' values.

The quantitative measure of prediction accuracy used in RIFFLE is the
proportional reduction in error, or Guttman's A (Goodman and Kruskal,
1954). Suppose we wish to measure the fitness of a clustering into two
groups, and we want to measure the accuracy of prediction for, say, a taxon
t. Let a data point be represented by the vector x, with the point's value on
parameter t be x,. Let the two clusters be denoted by k, and k 2, and, for
taxon t, let i, denote a 'high' value, and t2 denote a 'low' value. (The best
split value between 'high' and 'low' is also determined by the RIFFLE
algorithm, but for concreteness we can assume the median is used.) A
two-dimensional cross-tabulated frequency table, F, of the joint probabili-
ties, is then built, where

F,J-f(: xEck, and x,-t,}I
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i.e.. F., is the number of times a sample is found which is in the i th cluster
and has the jth value (high or low) of the taxa.

Under the usual statistical assumption that the distribution of sample
points in F is representative of the distribution in the population. we can
use F, and a knowledge of a sample's cluster, to predict the taxa count for
that sample. If our sample is in cluster k 2. for example, our guess will be
'high' or 'low' depending on whether F21 or F,, has the larger value, and
similarly if our sample is in cluster kI.

If we do this for many samples, our total fraction of correct guesses C can
be estimated to be:

. Max) F,
C = I NN

where N is the total number of samples. The fraction on which we will be in
error, then, will be I - C. On the other hand, without a knowledge of a
sample's cluster (and without using F), we can do no better in predicting
'high' or 'low' than 50% correct, on average (assuming a median split value).
Our proportional reduction in error, therefore, using this clustering and its
cross-classification table F, will be estimated to be:
(Random Error) - (Clustered Error) 1/2 - (1 - C)

Random Error - 1/2 2C - 1

The RIFFLE program searches over a large number of partitions of the data
in order to maximize this proportional reduction in error for a large number
of measured parameters. In other words. it searches for the one clustering
(out of many) which is most closely associated with the measured parame-
ters.

This algorithm has been implemented in Pascal and has been tested on a
wide variety of computers and data sets (Matthews and Hearne, 1991).

APPENDIX B

Lake Whatcom water chemistry parameters sampled

Temperature pH
Conductivity Dissolved oxygen
Turbidity Alkaliznity
Secchi disk Ammonia
Nitrate/Nitrite Total nitrogen
Soluble reactive phosphate Total phosphorus
Total organic carbon Dissolved inorganic carbon
Chlorophyll a
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APPENDIX C

Lake Whatcom phytoplankton taxa list

Phylum: Chrysophyta
Anomoeoneds senans (Breb. ex Kutz) Asterionellaformosa Hass.
Cyclotella compta (Ehr.) Kutz. Dinobryon sp.
Fragdana crotonensis Kitt. Melosira ambigua (Grun.) o. Mull.
Melosira distans rEhr.) Bethge. Navicula sp.
Stephanodiscus sp. Synedra chaseana (Thomas) Boyer
Synura sp. Tabellariaflocculosa (Roth) Kutz

Phylum: Cyanophyta
"Anabaena sp. Anacystis sp.
Aphanocapsa sp. Chroococcus sp.
Coelosphaerium naegelianum Unger Gomphosphaeria lacustri$ Chodat
Merismopedia tenumssima Lemmerman Microcystis aeruginosa Kuetz.
Nostoc commune Vauch. Oscillatoria sp.
Rhabdoderma sp. Schizothrix calcicola (Ag.) Gore.

Phylum: Chlorophyta
Dictyosphaewmn sp. Eudorina elegans Ehrenberg
Pandorina sp. Pediastrum duplex Meyern.
Scenedesmus quadricauda (Turp.) Spondylosium sp.
Staurastrum sp.

Phylum: Pyrrhophyta
Ceratum hirudinella (O.F. Muell.)
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1 Introduction

The importance of dimensionality reduction in multivariate data analyses
cannot be overstated. The visualization ability of humans is limited to two
or three dimensions, while real-world ecological studies characteristically in-
volve dozens to hundreds of dimensions. Scientific visualization today usually
takes the form of allowing the scientist to interactively view 2D or 3D "slices,"
i.e. linear or nonlinear projections of his or her data. However, the large
number of dimensions in most data makes the number of possible projec-
tions astronomically large. This combinatorical explosion prohibits random
searching for patterns in the data by hand and sets limits on the utility of
purely interactive visualization tools.

Dimensionality reduction is the attempt to give systematicity to the
search for low-dimensional patterns in highly-dimensioned data. Many suc-
cessful techniques already employed in ecology and toxicology, such as prin-
cipal components, factor analysis, and multidimensional scaling, are simply
tools for dimensionality reduction, tools which will tell the scientist which
slices might be interesting to look at. These tools, however, were developed
using simple, direct mathematical techniques, such as eigenvalues, which can
be computed directly. Our work in artificial intelligence and nonparametric
multivariate analysis has been shown to be a useful alternative in many eco-
logical and toxicological analyses (Matthews et al., 1987; Matthews, 1988;
Matthews et al., 1990b; Matthews and Matthews, 1990; Matthews et al.,
1990a; Matthews and Hearne, 1991; Matthews et al., 1991a; Matthews et al.,
1991b).

Artificial intelligence involviag heuristic search promises to revise the pro-
cess of dimensionality reduction. Heuristic search is a technique for efficiently
searching a large space of possible solutions for the "best" one, one that
maximizes one or more desirable properties. We will apply two kinds of
heuristic search for achieving dimensionality reduction: clustering-directed
hill-climbing and encoding neural nets.

Clustering-directed hill-climbing will seek a linear projection of the data
space that maximizes clustering tendency. Maximizing the clustering ten-
dency in a two-dimensional projection should give the user a good feel for
some of the patterns in the fully-dimensioned data set. Since the result of
the clustering-directed search process is a linear projection matrix, the inter-
pretability of the projection vectors should be reasonably straightforward.

1



All linear projections, however, have the potential of losing information
when the highly-dimensioned data is reduced to two dimensions. Encoding
neural nets, however, do not attempt to find a linear two-dimensional pro-
jection matrix, but, rather, an encoding in two dimensions of all the infor-
mation present in the fully-dimensioned data set. If successful, for example,
such neural net encodings could reconstruct the entire data set, in ten or
twenty dimensions, from only a two-dimensional representation of it. In a
sense, neural net encodings seek to remove the redundancy from a data set,
and reduce it to its essence. Plotting the data set under such a reduction is
likely to reveal more patterns than in any linear projection.

2 Clustering-directed hill-climbing

Traditionally dimensionality reduction has taken the form of projections
based on some form of the variance-covariance matrix of the data. In it's sim-
plest form (principal components) the eigenvectors of the variance-covariance
matrix (or the correlation matrix) are used for projections which maximize
the variance. Other techniques are based on various normalizations and
transformations of either the data matrix itself, or the square of the data
matrix, or both. All of these techniques are limited by the assumption that
the only computationally feasible projections are based on sums of squares,
cross-products, and row and column marginal totals and extrema. The prob-

?fms with this technique are illustrated in Figure 1.
The points in this artificial three-dimensional data set exhibit two cigar-

shaped patterns. However, if this data is projected by a technique such as
principal components, something like Figure 2 results, where the intuitive
patterns are obscured. In contrast, if the data is projected as in Figure 3,
then the patterns are obvious.

Our proposal is to use a heuristic search for a projection of maximum pat-
terning. Patterning itself can be measured by many means; our preliminary
work has shown that some measures of clustering tendency, in particular
Guttman's lambda used with a quadrat histogram, are good indicators of
intuitively obvious patterns in two-dimensional data (Guttman, 1941; Good-
man and Kruskal, 1954; Jain and Dubes, 1988; Chen, 1992).

The basic data flow in the heuristic hill-climbing search algorithm is il-
lustrated in Figure 4. First a random projection matrix is selected. Using
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Figure 1: Hypothetical 3d data set.

Figure 2: Hypothetical 3d data set projected on the components of maximum
variance.
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Figure 3: Hypothetical 3d data set projected to reveal patterning.
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Figure 4: Basic steps in the hill-climbing search algorithm.
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this matrix, the highly-dimensioned data are projected down to two dimen-
sions. Clustering tendency is difficult to measure in highly-dimensioned data,
but fairly easy and reliable in two dimensions (Jain and Dubes, 1988; Chen,
1992). This computed measure is then used to readjust the projection ma-
trix: changes are made to the projection matrix over and over, as long as the
computed two-dimensional measure of clustering tendency can be increased.
When it reaches a may:mum, the algorithm stops. In order to avoid the trap
of local maxima, the whole process is repeated several times, starting with
different (randomly selected) projection matrices each time.

3 Neural net encoding

An alternative view of dimensionality reduction rejects projections of the
data matrix entirely. Instead, new parameters, which might have little to do
with the original coordinates, are discovered. An analogy might be useful:
If a tangled piece of string is laying on the ground, the "natural" coordinate
for points on the string would be something based on "distance from one
end" rather than a two-dimensional, x and y set of coordinates. A linear
projection could not possibly discriminate all of the points, however. For
example, any linear projection into one dimension of the points graphed in
Figure 5 would put collapse some points to the same position. A principal
components projection along the line of maximum variance, for instance,
would map all points near the middle of the curve to the same point. This
same phenomenon happens quite often for coenocline data, where the "arch
effect" brings disparate points close together in the projection, and has been
the subject of numerous attempts to overcome it (Gauch, 1982; Pielou, 1984).

Neural nets offer a proven alternative for discovering natural coordinates,
as has already been demonstrated in (Saund, 1989). Data points can be
encoded using a neural net that does not need to use linear projections from
the n-dimensional space the data points come from. In Figure 6, the input
and output layers are both n-dimensional, while the internal layer is only 2-
dimensional. Using the data points, the neural net can be trained to encode
the n-dimensional input into a 2-dimensional internal representation, which
can be used by the decoding net to recover the n-dimensional data in the
output layer. The input layer and oul, .. t layer are compared to assure that
not only is the input encoded into the internal layer, but the internal, two-
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Figure 5: Two-dimensional data with a natural coordinate (distance from
end) in one dimension. Linear projection would map points near the middle
to the same point. A natural coordinate projection would put all the points
along a single line.

dimensional layer by itself is sufficient to recover all of the input.
The figure is deliberately simplified. Each of the nodes in each layer in the

figure is actually a scalar set of variables (Saund, 1989), and the input and
output layers will usually have many more dimensions. Further, connections
between layers actually go both ways, connecting "output" layers to internal
and "input" layers, in order to implement backpropagation (Rumelhart et al.,
1986).
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1 Introduction

The fundamental assumption of nonmetric clustering and association analysis
(NCAA) is the same as for other statistical tests: if the treatment had an
effect, then data points taken from within one group will be more similar
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Figure 1: Clustered three-dimensional data points.

to each other than they will be to data points taken from a different group.
Statistical tests differ primarily in how they measure similarity. The t-test,
for instance, assumes that large differences in the mean values for the groups
implies dissimilarity. The F-test, for another example, assumes that small
variances within the groups implies similarity within them. Each of these
attempts to determine whether the within-group-similarity is significantly
larger than the between-group-similarity.

The strategy for multivariate statistical tests is intuitively illustrated in
Figures 1 and 2. If we assume the tetrahedra represent the control group, and
the octahedra represent the treatment group, and we plot the responses of
three species to the treatment, we might get data that look like these pictures.
It is intuitively obvious that in Figure 1, the within-group similarity is greater
than the between-group similarity, while this fails to be the case in Figure
2. The problem, however, is in quantifying this intuition. With univariate
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Figure 2: Unclustered three-dimensional data points.
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tests, similarity means simply close numerical values. With multivariate data,
however, there is no satisfyingly direct meaning for the concept of similarity.

In Section 2, we discuss definitions of multidimensional metrics. Section 3
introduces nonmetric clustering which relies on a more intuitively satisfying
notion of similarity. In Section 4 we discuss the use of nonmetric clustering
in a significance test to quantify the intuitive difference between a situation
like Figure 1 and Figure 2.

2 N-dimensional distance metrics

The concept of similarity employed in statistical tests for multivariate data
is crucial in determining the nature and suitability of the test. Typically,
multivariate tests rely on a measure of similarity that involves a measure
of vector separation between points. For example, the two points shown in
Figure 3, have the following coordinates:

x y z
Tetrahedron 2 3 5
Octahedron 8 9 1

The three numbers as-sociated wit ea point can be viewed as three
species, or as total algae, daphnia, and total nitrogen, etc. We can measure
the similarity of one point to the other by a number of means. The Euclidean
distance between the points, for example, would be:

V(X1 - X 2 ) 2 + (Yi - Y2) 2 + (Zl - Z2)2 = v/36 + 36 + 16 • 9.4

Or, we could draw two lines from the origin through the points, and then
measure the size of the angle made by these lines. The cosine of this angle
is also easily computed:

XIX2 + Y1Y2 + ZlZ2 16+27+5= •-, 0 .6 4
V/(x2 + y2 z2)(x2 + y2 z22) /(+9+25)(64 + 81 + 1)

Since the cosine of an angle decreases monotonically as the angle increases,
this number would be a measure of the similarity of the points, rather than
the distance. These measures, and dozens more that can be found in the
literature, essentially reduce two multidimensional points to a single number,
giving a measure of their similarity, which I shall call a similarity metric.
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Figure 3: Two points in three-dimensional space.
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Figure 4: Two cigar-shaped cltsters of points in three dimensions.

Similarity metrics are the basis for a number of multidimensional statistical
tests. The simplest, by analogy to ANOVA, is to take the ratio of the average
within-group similarity to the average between-group similarity (Smith et al.,
1990). Clustering algorithms, which cluster points together into groups of
similar points, usually judge similarity based on a distance metric (Jain and
Dubes, 1988).

Similarity metrics are simple to compute, and are intuitively satisfying,
but they have a number of problems associated with them. One of them
is illustrated in Figure 4. Here we have two linear trends in the data, one
exemplified by the tetrahedra running along the lower, front edge of the box,
and one by the octahedra running along the upper, back edge of the box. A
similarity metric, however, would be incapable of recognizing these patterns:
two points at opposite ends of the same cigar are actually farther apart (and
thus less similar) than two points at the same end of different cigars.

6



3 Nonmetric Clustering

In (Matthews and Hearne, 1991), we advanced a new notion of similarity in
multivariate space which does not rely on a similarity metric. The essential
feature of this nonmetric clustering is that the quality of the clustering is
not based on a point-by-point, within vs. between, comparison of similarity.
Instead, we take it as obvious that the "ideal" clusters would be strongly
associated with the responses of a number of species. If most of the species
are numerous in one group of points, but low in another group, then those
groups make natural clusters.

The strategy for assigning points to clusters is illustrated in Figure 5,
where we have two clusters of points, labelled "A" and "B". The question is,
into which cluster do we put the point labelled "U"? The U-point should be
assigned to cluster A, but not because it is closer to the A-points. Indeed, in
the figure, it is difficult to judge whether U is closer, on average, to the A's
or to the B's. But in both the x-axis projection and the y-axis projection, U
is clearly in the midst of the A's, not the B's. If the U-point is assigned to
the A-cluster, then the projections look like this:

AAAAAABBBBB
But if the U-point is assigned to the B-cluster, then both projections look
like this:

AAABAABBBBB
A measure of association between the cluster labels (the A's and B's) and
the x and y axes will show better association with U in the A cluster than
with U in the B cluster.

The "ideal" clustering will show a strong association like this with all of
the data parameters, i.e. with every species in the test. This ideal will usually
be unachievable, but still we can rank clusterings as better or worse in accord
with the strength of their association with most of the species. Looking
back at Figure 4, for instance, we can see that the illustrated clustering,
into tetrahedra and octahedra, has a perfect association in two dimensions
(the two short dimensions), but poor in the third (the long dimension). A
nonmetric clustering of this data will not break the cigars.

In addition to ranking clusterings, and thus being able to look for a "best"
clustering, this approach will also rank parameters with respect to the final,
best clustering. The more strongly a parameter is associated with the final
clustering, the more "important" that parameter is to the final clustering.

7
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Figure 5: Clustered points in two dimensions with their one-dimensional
projections. Point U goes in cluster A because both the x-axis projection
and the y-axis projection would show improved association with the clusters.
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The computer program RIFFLE (Matthews and Hearne, 1991) was built
to find a clustering of data points that showed the strongest association
possible with the largest number of dimensions, and then report both the
clustering and the relative importance of each dimension to that clustering.
This clustering methodology has a number of advantages over conventional
methods:

o It does not combine counts from dissimilar taxa by means of sums of
squares, or other ad hoc mathematical techniques.

* It does not require transformations of the data, such as normalizing
the variance.

* It works without modification on incomplete data sets.

e It can work without further assumptions on different data types (e.g.,
species counts or presence/absence data).

* Significance of a taxon to the analysis is not dependent on the absolute
size of its count, so that taxa having a small total variance, such as
rare taxa, can compete in importance with common taxa, and taxa
with a large, random variance will not automatically be selected, to
the exclusion of others.

* It provides an integral measure of "how good" the clustering is, i.e.
whether the data set differs from a random collection of points.

e It can, in some cases, identify a subset of the taxa that serve as re-
liable indicators of the physical environment. In our research the in-
dicator species selected by RIFFLE often proved to be more reliable
than indicators based on a linear discriminant (Matthews et al., 1991a;
Matthews et al., 1991b).

The major disadvantage of the RIFFLE program is that, in order to find
a clustering of the data points with the desirable qualities listed above, a
massive search through thousands of potential clustering candidates is made
before settling on the "right" one. Even after this search, there is no guar-
antee that RIFFLE finds the optimal clustering, in the sense outlined above.
However, in our research, RIFFLE does find an excellent clustering in a rea-
sonable amount of time.

9



Figure 6: Multivariate points from two treatment groups, marked by octahe-
dra and tetrahedra, and clustered into two groups, marked by light and dark
coloring.

4 Association Analysis
Clustering the data points from a multivariate test is only half of the game,
however. A significance test of the effect of the treatment is still needed. Our
approach to this is illustrated in Figure 6. Each point has both a treatment
group (marked by the shape of the polyhedron) and a cluster (marked by the
coloring of the polyhedron). Bear in mind that the points were assigned to
clusters independently of which treatment group the point came from. It is
only after the clustering by RIFFLE is complete that the association between
groups and clusters is considered. The clustering itself is completely blind to
treatment groups.

10



Further, the use of nonmetric clustering is not essential to this stage of
the analysis. The association between clusters and treatment groups could be
carried out after any clustering methodology, such as hierarchical or k-means
clustering.

Now that each point has both a cluster and a group, the association
between clusters and groups can be evaluated in a contingency table format.
For instance, the points in Figure 6 would fill out the following table:

Tetrahedra Octahedra
Light 1 4
Dark 5 2

Under the null hypothesis that the treatment group has no effect on the
data, the points in one treatment group would be just as likely to be in one
cluster as another, and a uniform distribution of points in the contingency
table would be expected. The Pearson X2 for the table can then be computed
(Fienberg, 1985), to judge the significance of the effect (i.e. the probability,
under the null hypothesis, of obtaining a X2 value at least as large as that of
the observed table). Using this table, we get a value for X2 as follows:

X 2 
(Nq - n,,)2
id nit

_(1 - 2.5)2 +(4 - 2.5)2 +(5 - 3.5)2 +(2 - 3.5)2

+ + +(2 352
2.5 2.5 3.5 3.5

, 3.09

where N.j is the actual cell count and ni, is the expected cell count. With

one degree of freedom (for a 2 x 2 table), this value can be looked up in a
table of X2 probabilities to tell us that this (hypothetical) experiment shows a

significant effect at the 90% level, but not the 95% level. Alternatively, a ran-
domization or permutation test could be used to judge significance (Noreen,
1989).

Much toxicological testing uses four treatment groups, rather than two,

but the strategy is the same. The data are clustered into four clusters, a
(4 x 4) contingency table of treatment groups vs. clusters is assembled, and

the significance of the effect is measured from the contingency table.
The group-cluster contingency table, however, can be used for more than

simple hypothesis testing. The contents of the table can be examined to
determine whether, for example, all four treatment groups were distinct, or

11



only one or two of them. More sensitive measures of association in contin-
gency tables, such as Guttman's A or entropy (Goodman and Kruskal, 1954;
Goodman and Kruskal, 1959; Goodman and Kruskal, 1963; Goodman and
Kruskal, 1972) could also be used, to judge not whether an effect occurred,
but how strong the effect was.

5 Conclusion

Nonmetric clustering and association analysis (NCAA) is a tool for evalu-
ating the effects of treatments on multivariate systems. Because it is based
on nonmetric clustering, the tool can be used on "messy" data, with missing
points or with variates that do not obey assumptions of normality and ho-
moscedasticity. In addition to evaluating the strength of the effect, the tool
also provides insight into which of the variates are most strongly associated
with the effect. It is also a "blind" test, in that the clustering is done inde-
pendently of the treatment groups. This is useful in screening experiments
for unlooked-for effects, such as edge-effects in mesocosms.
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Figure 1: Corners of the 7-cube projected into two dimensions.

1 Introduction-The Curse of Dimensionality

High-dimensional space has a great deal of room. For example. if you have a large
number of points distributed uniformly over a unit-radius sphere in 10 dimensions, then
a sphere of radius 0.74 can be expected to contains only 5% of the points (Huber,
1985). For another example, consider points regularly distributed on the comers of a 7-
dimensional cube, i.e. all points with coordinates which are either 0 or 1, for example;
(0,0.0,0,0,0,0), (0,0,0,0,1,0.1), and (1,1, 1,1,0.0.0). Visualizing the structure of
these 128 points can be difficult with projections. A random projection is likely to look
like Figure 1, practically indistinguishable from a single-population, multivaiate normal
distribution, while a *good' projection will look more like Figure 2. and might suggest
four normal subpopulations. Which pattern is real?

It does no good to suggest we look at -all" projections. Even projections onto
pairs of the origiial axes would involve onerous work. For ten dimensions, there are 45
projections into two axes. and 120 projections into three axes. But these are just the
projections into original coordinates: more general projections (such as the kinds pro-
vided by Principal Components Analysis or Correspondence Analysis) involve projecting
at arbitrary angles to the original coordinates. Asimov has proposed a dynamic look
at all angles. a display that slowly rotates through all possible projections, monitored
by the user so that if any 'interesting" patterns show up (such as the ones in Figure
2) the user can stop the display and investigate (Asimov. 1985). However. rotating at
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Good Projection of the 7-cube
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Figure 2: Comers of the 7-cube projected into two dimensions, in a different direction.
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about 10' per second. a reasonable speed for careful observation, a grand tour of only
fou" dimensions would take about three hours (Huber. 198.5). In field studies, where
the iumber of species and physical/chemical parameters recorded can easily exceed 20
or 30. and hence the dimensionality of the sample points will also be in excess of 20. an
exhaustive study of all projections is clearly out of the question.

hi addition to the sheer size of high-dimensional space. there is also the problem
of -nuisance- variables -parameters which have a large variance but little information.
Not only do they add to the general noisiness of the picture. but their mere presence adds
to the dimensionality of every point. and thus exponentially complicates the analysis.

A number of approaches to this problem have been attracting increasing attention
recently. We present here some of the background to techniques that have proved
useful to us in both toxicology and ecology. First. we discuss in some detail nonmetric
clustering and association analysis. a technique developed to overcome many of the
problems associated with traditional clustering algorithms. Then. we present a brief
survey of some other techniques and challenging problems that we see as becoming
increasingly important in future research.

2 Nonmetric Clustering and Association Analysis

The fundamental assumption of nonmetric clustering and association analysis (NCAA)
is the same as for other statistical tests: if the treatment had an effect, then data points
taken from within one group will be more similar to each other than they will be to
data points taken from a different group. Statistical tests differ primarily in how they
measure similarity. The t-test, for instance, assumes that large differences in the mean
values for the groups implies dissimilarity. The F-test. for another example. assumes
that small variances within the groups implies similarity within them. Each of these
attempts to determine whether the within-group-similarity is significantly larger than
the between-group-similarity.

The strategy for multivariate statistical tests is intuitively illustrated in Figures 3 and
4. If we assume the tetrahedra~represent the control group, and the octahedra represent
the treatment group. and we plot the responses of three species to the treatment, we
might get data that look like these pictures. It is intuitively obvious that in Figure 3,
the within-group similarity is greater than the between-group similarity, while this fails
to be the case in Figure 4. The problem. however, is in quantifying this intuition. With
univariate tests, similarity means simply close numerical values. With multivariate data.
however, there is no satisfyingly direct meaning for the concept of similarity.

In Section 2.1. we discuss definitions of multidimensional metrics. Section 2.2 in-
troduces nonmetric clustering which relies on a more intuitively satisfying notion of
similarity. In Section 2.3 we discuss the use of nonmetric clustering in a significance
test to quantify the intuitive difference between a situation like Figure 3 and Figure 4.

2.1 N-dimensional distance metrics

The concept of similarity employed in statistical tests for multivariate data is crucial
in determining tihe nature and suitability of the test. Typically, multivariate tests rely
on a measure of similarity that involves a measure of vector separation between points.
For example. the two points shown in Figure 5. have the following coordinates:
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Figure 3: Clustered three-dimensional data points.
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Figure 4: Unclustered three-dimensional data points.
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Figure 5: Two points in three-dimensional space.

z y z

Tetrahedron 213 5

IOctahedron 819
The three numbers associated with each point can be viewed as three species. or|

as total algae. daphnia. and total nitrogen. etc. We can measure the similarity of one!
point to the other by a number of means. The Euclidean distance between the points,

for example, would be:

V/(xl --x2) 2 +(yi - 2) 2 + (:l - :2)2 = 1/36 +36 + 16 •,9.4

Or. we could draw two lines from the origin through the points. and then measure the
size of the ange made by these lines. The cosine of this angle is also easily computed:

rIz2 +V1t2+ :I:2 16 +27+ 5
~/(. +j ,:).z +y• + 4•) V/(4 + 9+25)(64+ 81 + 1)

Since t he cosine of an angle decreases monotonically as the angle increases, this number
would be a measure of the similarity of the points, rather than the distance. These
measures. and dozens more that can be found in the literature, essentially reduce two
multidimensional points to a single number. giving a measure of their similarity, which
I shall call a stmaiartt metric. Similarity metrics are the basis for a number of multi-
dimensional statistical tests. The simplest. by analogy to ANOVA, is to take the ratio

4|

2I0i
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Figure 6: Two cigar-shaped clusters of points in three dimensions.

of the average within-group similarity to the average between-group similarity (Smith
et al.. 1990). Clustering algorithms, which cluster points together into groups of similar
points, usually judge similarity based on a distance metric (Jain and Dubes, 1988).

Similarity metrics are simple to compute. and are intuitively satisfying, but they
have a number of problems associated with them. One of them is illustrated in Figure
6. Here we have two linear trends in the data. one exemplified by the tetrahedra running
along the lower, front edge of the box. and one by the octahedra running along the upper,
back edge of the box. A similarity metric, however, would be incapable of recognizing
these patterns: two points at opposite ends of the same cigar are actually farther apart
(and thus less similar) than two points at the same end of different cigars.

2.2 Nonmetric Clustering

In (Matthews and Hearne. 1991), we advanced a new notion of similarity in multivariate
space which does not rely on a similarity metric. The essential feature of this nonmetric
clustering is that the quality of the clustering is not based on a point-by-point, within
vs. between, comparison of similarity. Instead, we take it as obvious that the 'ideal"
clusters would be strongly associated with the responses of a number of species. If most
of the species are numerous in one group of points, but low in another group. then those
groups make natural clusters.

The strategy for assigning points to clusters is illustrated in Figure 7, where we have
two clusters of points, labelled "A" and -B". The question is, into which cluster do
we put the point labelled -'U? The C-point should be assigned to cluster A. but not
because it is closer to the A-points. Indeed. in the figure, it is difficult to judge whether
U is closer. on average, to the A's or to the B's. But in both the x-axis projection and
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Figure 7: Clustered points in two dimensions with their one-dimensional projections.
Point V goes in cluster A because both the x-axis projection and the y-axis projection
would show improved association with the clusters.
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the y-axis projection. U is clearly in the midst of the A's. not the B's. If the U-point is
,sSigned to the A-cluster. then the projections look like this:

AAAAAABBBBB
But if the U-point is assigned to the B-cluster. then both projections look like this:

AAABAABBBBB
A measure of association between the cluster labels (the A's and B's) and the x and y
axes will show better association with U in the A cluster than with U in the B cluster.

If all parameters were ordered. as numeric data is. a simple nonmetric test of asso-
ciation. such as the runs test. with each axis would suffice. However. many parameters
are categorical and a more general test is called for. Nonmetric clustering measures the
association between a clustering (which, itself, is a categorical variable) and another
categorical variable by means of a cross-tab test. A frequency table of cluster-number
vs. categorical-value is set up. and the number of data points in each cell is counted in
order to measure the association between cluster and variable. The most famous cross-
tab test is the X2 test. but the \2 test has some undesirable properties when it comes
to interpretation, and instead nonmetric clustering, in its current form. uses Guttman's
A to measure the association in the table (Goodman and Kruskal. 1954: Goodman and
Kruskal. 1959: Goodman and Kruskal, 1963: Goodman and Kruskal. 1972).

The frequency table approach works well for categorical variables, but what about
numeric variables? Nonmetric clustering takes a pragmatic approach to these: i the
data are going to be adequately described by the clustering (and the whole method is
predicated on its possible success), say into three clusters, then there are really only
three values of a numeric parameter to consider: low. middle, and high. All other
variations in a numeric parameter will be assumed due to variance within the clusters.
Accordingly. we can divide up the range of a numeric parameter into three parts. We
can do this nonmetrically by simply choosing the 33.3 and 66.6 percentile points. This is
illustrated in Figure 8. where we have clustered Fisher's famous "iris" data, and plotted
the results in two of the four original dimensions. The gray lines indicate where the data
divide up into three sections, along each axis. The points are clustered so as to achieve
a maximum association with each axis. where the numeric value on each axis is simply
converted to a categorical value based on these (nonuniform, nonmetric, data-driven)
quadrats.

Of course. there are usually more than two dimensions involved. Even in the simple
"iris' data there are four dimensions. These are plotted a scatterplot matrix in Figure
9. where, it can be seen, there are a lot of cells to consider. The clustering of the points
(their shape and color, in the figure) is selected to maximize, so far as possible, the
association between cluster and each axis. Intuitively, an attempt is made to make each
cell in Figure 9 as homogeneous as possible. It might seem easy to make a single cell
completely homogeneous, by simply coloring (clustering) all points within it the same.
However. each data point shows up in every scatterplot in Figure 9. and recoloring one
cell to make it better may in fact make other cells less homogeneous.

The -ideal" clustering will show a strong association with 4l1 of the data parameters,
e.g. with every species in the test. and result in a uniform cluster within each cell of
the -quantile quadrats&. This ideal will usually be unachievable, but still we can rank
clusterings as better or worse in accord with the strength of their association with most
of the species. Looking back at Figure 6. for instance, we can see that the illustrated
clustering, into tetrahedra and octahedra, has a perfect association in two dimensions
(the two short dimensions), but poor in the third (the long dimension). A nonmetric
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Figure 8: Nonmetric clustering of Fisher's "iris" data set. Nonmetric quadrats areshown with gray lines.
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clustering of these data will not break the cigars. and will show a good association with
two of the three dimensions.

Therefore. in addition to ranking clusterings, and thus being able to look for a
"-best" clustering, this approach will also rank parameters with respect to the final, best
clustering. The more strongly a parameter is associated with the final clustering, the
more -important" that parameter is to the final clustering.

The computer program RIFFLE (Matthews and Hearne. 1991) was built to find a
clustering of data points that showed the strongest association possible with the largest
number of dimensions. and then report both the clustering and the relative importance
of each dimension to that clustering. This clustering methodology has a number of
advantages over conventional methods:

"* It does not combine counts from dissimilar taxa by means of sums of squares. or
other ad hoc mathematical techniques.

"* It does not require transformations of the data, such as normalizing the variance.

"* It works without modification on incomplete data sets.

"* It can work without further assumptions on different data types (e.g., species

counts or presence/absence data).

" Significance of a taxon to the analysis is not dependent on the absolute size of its
count, so that taxa having a small total variance, such as rare taxa, can compete
in importance with common taxa. and taxa with a large, random variance will
not automatically be selected, to the exclusion of others.

"* It provides an integral measure of "how good" the clustering is, i.e. whether the
data set differs from a random collection of points.

" It can. in some cases, identify a subset of the taxa that serve as reliable indica-
tors of the physical environment. In our research the indicator species selected
by RIFFLE often proved to be more reliable than indicators based on a linear
discriminant (Matthews et al., 1991a: Matthews et al., 1991b).

The major disadvantage of the RIFFLE program is that, in order to find a clustering
of the data points with the desirable qualities listed above, a massive search through
thousands of potential clustering candidates is made before settling on the "right" one.
Even after this search, there is no guarantee that RIFFLE finds the optimal clustering,
in the sense outlined above. However. in our research. RIFFLE does find an excellent
clustering in a reasonable amount of time.

2.3 Association Analysis

Clustering the data points from a multivariate test is only half of the game, however.
A significance test of the effect of the treatment is still needed. Our approach to this is
illustrated in Figure 10. Each point has both a treatment group (marked by the shape
of the polyhedron) and a cluster (marked by the coloring of the polyhedron). Bear in
mind that the points were assigned to clusters independently of which treatment group
the point came from. It is only after the clustering by RIFFLE is complete that the
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Figure 10: Multivariate points from two treatment groups, marked by octahedra and
tetrahedra, and clustered into two groups. marked by light and dark coloring.
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association between groups and clusters is considered. The clustering itself is completely
blind to rreatment groups.

Further. the use of nonmetric clustering is not essential to this stage of the analysis.
The association between clusters and treatment groups could be carried out after any
clustering methodology, such as hierarchical or k-means clustering.

Now that each point has both a cluster and a group, the association between clusters
and groups can he evaluated in a contingency table format. For instance, the points in
Figure 10 would fill out the following table:

Tetrahedra Octahedra
Light 1 4
Dark 5 2

Under the null hypothesis that the treatment group has no effect on the data, the points
in one treatment group would be just as likely to be in one cluster as another, and a
uniform distribution of points in the contingency table would be expected. The Pearson
X1 for the table can then be computed (Fienberg, 1985), to judge the significance of the
effect (t.e. the probability, under the null hypothesis, of obtaining a ,(2 value at least as
large as that of the observed table). Using this table, we get a value for -2 as follows:

1.,

(1 -2.5)2 (4-2.5)2 (5-3.5)2 (2- 3.5)1
2.5 2.5 3.5 3.5

- 3.09

where .Vij is the actual cell count and ni,, is the expected cell count. With one degree
of freedom (for a 2 x 2 table), this value can be looked up in a table of -2 probabilities
to tell us that this (hypothetical) experiment shows a significant effect at the 90% level.
)it not the 959c' level. Alternatively, a randomization or permutation test could be used
to judge significance (Noreen. 1989).

Much toxicological testing uses four treatment groups, rather than two. but the
strategy is the same. The data are clustered into four clusters, a (4 x 4) contingency
table of treatment groups vs. clusters is assembled, and the significance of the effect is
measured from the contingency table.

The group-cluster contingency table, however, can be used for more than simple
hypothesis testing. The contents of the table can be examined to determine whether.
for example. all four treatment groups were distinct, or only one or two of them. More
sensitive measures of association in contingency tables, such as Guttman's X or entropy
(Goodman and Kruskal. 1954: Goodman and Kruskal. 1959: Goodman and Kruskal,
1963; Goodman and Kruskal. 1972) could also be used, to judge not whether an effect
occurred, but how strong the effect was.

Nonmetric clustering and association analysis (NCAA) is a tool for evaluating the
effects of treatments on multivariate systems. Because it is based on nonmetric clus-
tering. the tool can be used on -messy; data, with missing points or with variates that
do not obey assumptions of normality and homoscedasticity. In addition to evaluating
the strength of the effect, the tool also provides insight into which of the variates are
most strongly associated with the effect. It is also a 'blind" test, in that the clustering
is done independently of the treatment groups. This is useful in screening experiments
for unlooked-for effects. such as edge-effects in mesocosms.
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3 Projections

Nounietric clustering can give some help in determining appropriate projections-the
variables or parameters that are the most associated with the clustering are obvious
candidates for a projection. However. if there are more than two or three of them. we
have a ýreduced) version of the same problem. As a result, some of linear projections.
such as PCA or COA might be useful as a further insight into the nature of the patterns
in the data. Each of these methods is actually a version of -projection pursuit-. in its
full generality: seek a projection of the data that maximizes some property of the data.
PCA. for example. maximizes co-ariance or correlation.

Presently. we are working on a version of projection pursuit that maximizes the
nonmetric associations we have seen. above. Instead of looking at the scatterplot matrix.
projections onto all the original axes, and measuring the association in the quantile
quadrats. we are working on an algorithm that will look at the association for quantile
quadrats in an arbitrary projection. There is little mathematical theory to guide such
a search, so it necessarily has to be heuristic. However, we have some promising early
results which show that a good projection can be found reliably in reasonable time.
Such a projection would be an adjunct to the standard projections, and reveal different
patterns in the data.

4 Time

4.1 Spacetime Worms
A final problem confronting long-term testing is the integration of time into the analysis.
Observations taken on the same system over a period of time are obviously correlated,
so the analyst has the choice of investigating each day individually, and then combining
the analyses. or analyzing all of the days together, but taking care that the time-
correlations are considered. Time-series analysis is little help, because it is almost
exclusively concerned with univariate changes over time-cycles, trends, etc. With
a multivariate system changing over time. there is no such thing as going "up" or
"-down". there is only "hither" and 'yon". There are a great many directions to go in
10-dimensional space.

One approach to understanding how systems evolve in time is to use some kind
of one or two-dimensional projection. such as PCA or COA, and then examine the
changes in the response "area" over time. In Section 5, the response of the SAM
microcosms for copper sulfate. Jet-A. and JP-4. are plotted. The projections were
PCA projections performed on the covariance matrix of the centered data (Pielou.
1984). A single projection of all data. for all sampling dates, was performed to get
the two-dimensional points, but each plot only plots a single day's data. This way,
the coordinates are consistent from day to day. The plots each consist of numbers, I
through 4. showing the actual samples from treatment groups 1 to 4, and a circle drawn
around the mean of each group. The radius of the circle is proportional to the average
distance between points within the group. Thus, both the central trend of a group and
its within-group variance can be graphically represented by the circle.

A better way of visualizing this day-to-day change in a projection of the data, how-
ever. is with a three-dimensional, interactive computer animation of the resulting space-
time 'worm": the cylindrical surface generated by the response area circles. We have
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implemented silch a tool. and some examples (unfortunately. not in color) of what the
same data look like are shown in Figures 11. 12. and 13.

4.2 Discrete Velocity, Curvature, and Torsion

In addition to visualization, however, we need to find some analysis tools that do not

rely on human judgement. and which can be used as an aid in determining what to
look at in the first place. While univariate time-series analysis does not help, it may be
that some tools that have proven useful in the development of differential geometry will.
Differential geometry is the study of motion and change in arbitrary spaces. Normally.
this implies the use of calculus. and continuous real number fields. However. in our case.

we rarely have the luxury of continuous monitoring, and must make due with a (small)
set of discrete sampling points. Nevertheless. as outlined in Section 4.2.1, some of the
concepts can be generalized to discrete-step processes. It is possible that n-dimensional
velocity, acceleration, curvature and torsion could provide conceptual handles on the
nature of changes in high-dimensioned space.

Intuitively, velocity, curvature and torsion can be understood by considering the
motion of the earth through space. A tangent to the circle the earth follows around the
earth points in the direction of our -velocity vector". A line from the earth toward the
sun points in the direction of our -curvature vector". Now. the whole solar system, sun,
planets and all, is travelling roughly in the direction of the star Vega; thus, in addition
to going around and around in a two-dimensional plane. we are also spiralling out of
that plane in the direction of Vega. Our -torsion vector" points toward Vega. In other
words, the torsion vector points in the direction the corkscrew moves when it is twisted
into the cork. Figure 14 shows how these vectors look on a spiral.

Some mathematical definitions of these quantities follow. We have yet to determine
whether they will be of value in assessing impacts over time.

4.2.1 Mathematical Definitions

A finite, discrete. parameterized curve (fdp-curve) in n-space is a pair, (T, S), where T
is a finite set of real numbers T = {t, ... t, I} (which we assume, for convenience, are in
order: t, < ti * i < j), and s is a function s : T -- R". Intuitively, T represents
the times at which the system was sampled, and s(t) represents the state of the system
at time t.

Given an fdp-curve, (T. a), we can define the (discrete)
velocity vector V of a at time t, E T as the change per unit time:

V(ti) = (s(ti+i) - s(t0))/(t,+1 - t,)

for i < i :5 m - 1. The velocity is the length of the velocity vector:

W.t) -- 11 v(t,) 11

When the appropriate velocities are nonzero, the curvature vector C is the change in
the velocity vector, after normalizing to remove linear acceleration:

C(t,) = I1 ' 1 1  I 1 11 /(t,+, - ti)

VI . 1
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Sh~fil*~ 3DkI VMaIdow-

Figure 11: Spacetime worms of the PCA projections of the copper sulfate SAM response

areas for treatment groups 1 and 4.
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hIM093DWdtV&IhOW

Figure 12: Spacetime worms of the PCA projections of the Jet-A SAM response areas
for treatment groups 1 and 4.
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S,,mple 3D, dt Window

Figure 13: Spacetime worms of the PCA projections of the JP-4 SAM response areas
for treatment groups 1 and 4.



.\Marrhews Nonmetric Clustering Page 22

Curvature

Figure 14: The velocity, curvature. and torsion vectors at a particular point along a
spiral.
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for i < < m - :. Tal, curvature is the length of the curvature vector:

c(t,) =II C(t,) II

The torsion vector and torsion are defined by analogy with the Frenet formulas tO'Neill.
1966). so as to be nearly perpendicular to the velocity and curvature vectors when they
are not changing too rapidly:

T(t,) = (C(t+,) - C(t,))/(t,÷i - ti) + c(t,)V(t,)/ 11 V(t,) 11

t(t,) = 11 T(t.) 11

It should be remarked that velocity at time ti requires the values of t, and t,..
curvature requires ti. t,.+I. and t,-2. and torsion requires ti, t,4 1 , t,+2, and ti+ 3. Thus.
if the original curve has m points, only m - 3 points will have velocity, curvature, and
torsion all defined.

As t,+1 -+ t, these vectors become the tangent. normal and binormal vectors of a
continuous curve in n-space.
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5 Response area plots
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Abstract

This paper describes a user-friendly frontend to the RIFFLE statistical clus-
tering program [5]. I present an informal user's guide to the interface and
discuss some planned extensions to the interface based on current research.
The development of this interface makes a significant data analysis tool ac-
cessible to researchers of all disciplines. As work continues the research team
is developing the interface as an implementation of a unified approach to the
statistical analysis of similar datasets based on the experience gained in the
current studies [6, 7, 8, 10].
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1 Introduction

Clustering is a data analysis technique that attempts to fit the data to a
number of clusters, or subpopulations, each with distinct properties. Clus-
tering algorithms attempt to group the data points by maximizing within
cluster similarity and simultaneously minimizing between cluster similarity.
RIFFLE implements a new approach to nonmetric clustering, and was
developed by Matthews and Hearne [5].

In RIFFLE'S original (command line) form the program requires the user
to have a fairly thorough understanding of the input arguments and their
effects. However, one of the goals of this research is to make this statistical
clustering tool available to researchers in other disciplines. This motivated
a project to develop a graphical user interface making the program easier to
use, and giving graphical results in addition to the original text output.

The following sections will explain how to use the interface (in the process
exploring some of its capabilities), and briefly describe what is planned for
future development.

The interface is implemented on a NeXT computer.

2 Using the Interface

2.1 Data Files

Input files are expected to be real numbers or integers separated by white
space (spaces or tabs). The data file should look something like this:

5.1 3.5 1.4 0.2
4.9 3.0 1.7 0.2
4.7 3.2 1.3 0.4

In this case the number of features would be four, unless there is a
description file (discussed in Section 2.2) that indicates a different number.

The data file must be organized in a specific, but sensible, way. As an
example we'll use Anderson's Iris data [1, 2, 3, 4]. In this dataset each data
point would represent the measurements of four features (or attributes) on
a single Iris flower: petal length, petal width, sepal length, and sepal width.
Since 150 flowers were inspected in the study, there are 150 rows in the data
file. and in each row there are four numbers, representing the values of each
of the four features for that specific flower. Thus the data file is a 150 row
by 4 column matrix of numbers. Each column of data must represent the
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values measured for just one feature. That is, if the first number for the
first flower is the petal length, then the first number for all the other rows
must also be petal length, and so on for all the columns.

RIFFLE is able to accept data with missing values, however, the number
of values in each row must be consistent over the entire file. Missing values
are explicitly indicated by valu( less than or equal to -99, in contrast the
regular data values are expected to be zero, positive integer, or positive
real numbers, but not negative numbers. If a data point is missing the x or
y feature (or both) it will not be plotted. While RIFFLE can accommodate
data that has some missing data values (-99), it probably does not make
sense to run the interface with data that, for example, is missing half of the
data points.

In addition, the association analysis (Section 2.6), and plot by treatment
group (Section 2.7.4) features require the data file to be structured in a way
that allows the interface to distinguish the treatment groups.

"* All of the points in a group must be listed consecutively in the data
file, and

"* All groups must have the same number of points.

With three groups, the interface will consider the first third of the data
points as group "1", the next third as group "2", and the last third group
"3". as was done in Figure 7.

When the interface notices that the number of treatment groups does not
evenly divide the number of data points, it reports this situation. Once the
warning is acknowledged the interface will continue as best it can. Usually
the user will want an equal number of points in each treatment group. If
this is not the case, then using the plot by treatment group feature is not
recommended as the interface may give unexpected results.

The input data file can be selected by choosing the menu items "File"
then -Open DATA" (Figure 1). This opens the file viewer window so the user
can select an input file. The interface opens the file viewer automatically if
the user forgets to open the input file before starting computations.

2.2 Description Files

Optionally, a description file can be provided. This file can describe the
individual features, giving them names, letting them be treated as discrete
or continuous, and letting some of them be excluded from the analysis.
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Figure 1: Main menu and File submenu.

Each feature name is required to be a string without blanks. As an exam-
ple "Sepal-Length" with an underscore separating the words is acceptable,
but "Sepal Length" separated by a space is not acceptable. The file should
consist only of feature names, one of the words "exclude" or "include",
and one of the words "continuous" or "discrete" on each line. Omitted
descriptions default to "include" and "continuous". Here is a legal, but
sloppy, example of such a file:

Sepal-Length exclude continuous
Sepal-Width continuous
Petal-Length continuous include
Petal-Width discrete include

If no description file exists, the number of features is set equal to the
number of data values in the first line of the data file, in which case all
features are taken to be continuous and all are included.

The description file is opened by the file submenu item "Open Desc".
Description files can also be closed or saved by items on the file submenu.
Closing a description file will scan the data file to determine the nmanber of
features, reset the feature names to the defaults "Attrl", "Attr2", and so on,
and will reset the features to include and continuous. This is appropriate
when using a new data file that is not accurately represented by the last
description file. Saving the description information to a file allows the user to
retrieve that information when using the same data set or one with identical
format.



2.3 Input Arguments

When performing a clustering computation the program requires informa-
tion from the user. The Arguments window (Figure 2) accepts the user's
choices, starts computations, graphs the data and results, and reports on
the computation's statistical significance.

paiigitlb m$ J
p~wdmsevu 1234566

Compute

A tO. CO. A n n.... ............ ! .... i*:i:

CW11!1111ý 2;02.007356

Figure 2: Arguments window.

2.3.1 Number of Clusters

The first argument is the number of clusters the program will fit the data
to. A researcher may, or may not, know how many clusters are appropriate.
Performing the computations with different numbers of clusters can give the
user a feel for whether the data can be usefully described by clusters, and if
so, how many clusters. The interface's text output (Section 2.5) will show
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the average quality of each clustering run, giving the researcher an idea of
how many clusters are most appropriate.

The researcher must, however, analyse the data further to verify the
initial findings. For example, suppose a researcher starts with a value of
three, then proceeds to four, five, and six clusters. The interface may show
four clusters as having the highest quality, suggesting that there are four
clusters in the data. However looking at the data may show that there are
obviously only two clusters. How can this happen? Since four is the closest
multiple of two, there is a good chance that four clusters will also show a
strong quality, and may be misleading.

2.3.2 Significant Features

Significant features tells the program how many of the features to include
in the computation. By stating "all" the program knows that every data
feature is important. This input argument exploits the program's ability to
automatically exclude some of the weaker features from consideration. For
example, if there are six features for each data point, the researcher can ask
the program to choose the best four features (Significant Features: = ).
This has the effect of excluding from the computation the two features that
the algorithm finds contribute the least to the proportional reduction in
error-the quality measure RIFFLE uses for clustering [51.

2.3.3 Random Seed

Each time a computation is run with the same information in the arguments
window, and the same input file, the results will be identical. By changing
the random seed the user can force the program to use a new set of pseudo-
random numbers causing the results of the next computation to be different.

2.3.4 Number of Retries

The clustering job that RIFFLE is attempting to perform is an enormous
task. Systematically checking every permutation of data points across the
clusters would result in a computation that takes an intolerable length of
time for all but the smallest data sets. In light of this, clustering algo-
rithnms, including RIFFLE, make approximations to this ideal. RIFFLE uses
pseudo-random numbers to place the points in initial clusters, then proceeds
to rearrange the points until a local best clustering case is arrived at. The
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--Number of Retries" is the number of times RIFFLE is to perform this anal-
ysis, each time keeping the results only if the overall quality was better than
the previous best.

So what values are appropriate inputs? Ten retries usually gives excellent
results, and good results can be obtained in five or fewer retries for a quick
analysis. If, for instance, you wish to simply look at the data plots with
less emphasis on how well the points are clustered, then one retry is all you
need.

2.4 Computing

The Compute button will begin the computation. If the input file has al-
ready been selected the computation will start right away. If the input has
not been opened, the interface will open a file viewer window that allows the
user to select the input data file. When the computation is done the output
will be displayed in text form in the Results window (Section 2.5), the asso-
ciation analysis values (Section 2.6) will be displayed, the Features window
will be updated (Section 2.8), and the results will be plotted (Section 2.7), .

2.5 Text Results

The results of the computation are displayed in the Results window as shown
in Figure 3. The text results include the file name, and most of the data
and computation results in text form so that these results can be printed,
capturing the important aspects.

In this example the data file "iris.dat" was analyzed. The next line indi-
cates that 150 data points with four features ("attributes") were clustered
into three groups, using all four features.

The text results also report the number of features that the program
found suspicious of having degenerate data. A degenerate feature might
have an excessive percentage of identical data values. When these instances
are found, the program does not use these features in the computation, and
marks them as excluded in the features window.

Next, the X2 (chi-square) statistics are listed, as discussed in Section 2.6.
"Qual" is the quality, or proportional reduction in error (PRE) for that

attribute. as discussed in Matthews and Hearne [5].
The ranks and values are the ranks (in a list of the values of that feature,

sorted in descending order), and actual values of the data points used
for that split. For example, in Figure 3 the Sepal-Length line indicates that
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Figure 3: Results window showing text output.

the first split for that feature is at the data point with the 51st largest sepal
length (out of the 150 member sample), and the actual data value for that
51st largest sepal length is 6.30. Likewise the same line shows the second
split is at the 96th largest sepal length (out of 150), and the actual value is
5.50.

If we are looking for two clusters then one split point is defined, and the
results show one rank "Rak" column and one value "Val" column. If we are
looking for three clusters then two split points are defined, each split point
having one set of rank and value columns.

The numbers at the end of the text output are the cluster numbers for
each point. Figure 3 shows only some of the 150 cluster numbers, the rest
can be viewed by scrolling the lower part of the text field into view. The
top left cluster number is the first data point in the file, the next one to the
right is the second data point, and so on.

The cluster numbering is arbitrary and will change from run to run even
though the overall pattern of the clusters will typically remain the same.
For instance, with a single retry the first data point may be in cluster "3".
Rerunning the program with two retries may label that same data point
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(and for that matter, most of the other points in it's cluster) with number
">2"'. The results are probably very similar, except that the cluster that was
labeled -3" the first time is now labeled as cluster "2". This also happens
with the labels (graph symbols) in the plots.

If the program is run with fewer significant features than total features
then a value of 0.0 will be shown in the quality column of the non-significant
features.

If some features are excluded by the description file, or by the features
window, those features will not show up on the text output at all.

Menu items in the Interface are available to print the text results to
paper or save them to a file.

2.6 Association Analysis Results

The association analysis statistics appear in the arguments window. Figure 4
shows the results for the analysis on the iris data.

Asscim.. Aa..ysb
Trs b ,. .ipr 3" . ':,

CahI-Squwm 1;;.C7s55

Figure 4: Association analysis of the iris data.

The plot by treatment group section (2.7.4), gives a discussion on the use
of treatment groups. The number of treatment groups field is set equal to the
number of clusters selected. However, plotting by treatment group, which
requires that", the number of treatment groups evenly divide the number of
data pointi, may not give meaningful results for all values of clusters (and
treatment groups).

If order for the association analysis, and plot by treatment group fea-
twros to work the data file must be structured in a way that allows the
interface to distinguish the groups. See Section 2.1 for information on the
correct data file structure.
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The interface uses the X2 (chi-square) statistic to show the significance of
the association between the two groupings (treatment groups and clusters).
The null hypothesis is that treatment groups and cluster numbers have no
association. In this case the probability of a particular value of cluster
number given a particular value of treatment group should be the same
as the probability of that value of cluster number regardless of treatment
group. Small values of probability indicate a significant association [9]. The
probability value is the probability that there is no association (Since the
null hypothesis states that there is no association). Values that are below
0.01, for example, indicate that there is a greater than 99% probability that
a significant association exists between the clusters and treatment groups.

Notice that the probability values are frequently shown in scientific no-
tation (i.e. 1.391489e-42) and are always between zero and one.

2.7 Graph Results

The interface also displays the clustering results graphically. This is a way
of representing, at the same time, both the input data and the cluster as-
signments listed at the bottom of the results window.

The interface can graphically display the data by simple plot, or scat-
terplot matrix, and by cluster, or treatment group.

All of the graphs have the property that more than one point can be at
the same location, causing the symbols to be plotted one on top of the other.
This may result in the underneath point being invisible, and may result in
plots that have fewer data points than expected. This may also result in
unusual symbols. For example Figure 5 shows a few square symbols which
are filled in with black, and yet there are only three clusters each with a
single symbol: a black disk, a gray disk, and an empty black square frame.
The fourth symbol is a black disk with a square plotted at the same location.
If however, the symbols are exactly the same, or even just the same shape,
then two points at the same location will show only the symbol plotted last.

The same is true for plots that use numerals and letters to represent
points. If different numerals are plotted at the same location, they will result
in an unusual symbol. But if two occurrences of the same numeral occupy
the same location they will be indistinguishable from one point occupying
that location.

As with the text results, menu items in the interface can print the plots
to paper, or save the plots to an encapsulated PostScript file (.eps).
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Figure 5: Simple Plot of Andersont s iris data (two best features showing
three clusters).

In order for the data points to be plotted they must be "included" in
the Features window (see Section 2.8).

2.7.1 Simple Plot

The simple plot shows any two included features graphed against each

other in two dimensions (Figure 5). The x and y features are selected in~the
features window (Section 2.8). At the end of the computation the iterface
figures out which features are the two best (those with the highest PRE g
values) and automatically sets the best feature to the x axis and the second
best to the y axis.

The vertical and horizontal lines show the split points for the clustering.
Figure 5 shows two split points on each axis because three clusters were
requested. At least one point will always fall on each split. When a point
lies on the split it indicates that the point belongs to the region above (if
the line is horizontal), or to the right (if the line is vertical). In Figure 5 the
squares on the bottom and left edges of their cluster are shown on the split
lines, but are in fact included in the center cell of the nine cell grid.
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The simple plot can give the user an intuitive feel for how well the data
fit into clusters. Figure 5 suggests a fairly strong clustering since both x and
y features predict almost perfectly which group a point is in.

It should be noted that the interface can only plot a limited number of
cluster symbols. At this writing the limit is fifteen, however, the symbols
become distracting when there are too many. The plots have a better ap-
pearance with a fewer number of cluster symbols. Also, at some point the
symbols are exhausted and letters are used as symbols. Similarly, the num-
ber of treatments groups is currently limited to fifteen. If more than fifteen
clusters are requested, the data points placed in clusters sixteen and higher
will all be plotted with the symbol "".

2.7.2 Scatterplot Matrix

The scatterplot matrix shows several features plotted against each other in
two dimensions (Figure 6). At the current time up to six features can be
included in the matrix.

As it does for the simple plot, the interface finds the best set of features
automatically (based on PRE values) for display in the scatterplot matrix.
Other features can be selected with the Features window and the matrix
will automatically resize to accommodate fewer or more features (up to the
maximum), without changing the window size.

The S.W. to N.E. diagonal is filled with text cells. Each text cell indicates
that plots on the same row use that feature on the y axis, and plots on
the same column use that feature on the x axis. Centered vertically and
horizontally in the text cell are the feature name and quality. In the S.W.
corner of each text cell is the input file's minimum value for that feature,
and in the N.E. corner is the maximum value.

The example in Figure 6 shows that two of the features are predictive
(with a quality value close to the maximum of 1.0), petal length and petal
width. It also shows that the sepal width feature does not contribute much
to this particular clustering since the data points do not separate into dis-
cernible groups along that axis in the matrix. This visual weakness reaffirms
the feature's low quality value.

Observe that the scatterplot matrix's top row, third column is the same
plot as that shown in Figure 5, except that it is scaled differently (fitting
the matrix into the given window dimensions).
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Figure 6: Scatterplot Matrix showing all four Iris features.
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2.7.3 Plot by Cluster

Plotting by Cluster is demonstrated in the two sections above. In these cases
the plots show how the RIFFLE program places the data points into clusters.
Plotting by cluster represents each cluster by a different geometric symbol
or color, whereas plotting by treatment group represents each group by
numeral. The plot by cluster option will be understood better by examining
its converse, plot by treatment group.

2.7.4 Plot by Treatment Group

Figure 7 shows the same data as the simple plot of Figure 5 with the plot
by treatment group option instead of the plot by cluster option. Figure 7
is scaled to have a longer x axis than Figure 5 to more clearly separate the
points. The points in plot by treatment group are indicated by numerals
instead of the geometric symbols and colors used in plotting by cluster.

3 33

6333 33 33 3
333 3

33 3333 3 3 33

33j 3 33 3 333 3
.... 3

2 2222222
2 &• 2 2 2

22 2 22

1
1 111 1

1 11111
1 11

Figure 7: Simple Plot by treatment group

Other than the labels, the graphing is done the same way the plot by
cluster is done so a direct comparison is appropriate. In fact, it is anticipated
that researchers will swap between the two plot types to check for differences
betweta the treatment groups and clusters.
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Graphing with this option is a tool to help answer the question, -Now
that I have the results of the clustering, how closely do they match the
subpopulations that I know exist?" In the Iris example there would be three
treatment groups which correspond to the three types of irises studied. The
question is, -Do the clusters do a good job of grouping the data by the type
of iris?" Swapping between the two plot types, with the same scale, can
help to answer this question.

The RIFFLE program is -blind" to the treatment groups. That is, RIFFLE
assigns points to clusters without any knowledge of which treatment group
the points come from. However, the data is plotted by the interface, not
RIFFLE. The interface uses structure in the input file to show treatment
groups while RIFFLE remains naive to that information.

In order to plot by treatment group, the data file must be structured in
a way that allows the interface to distinguish the groups. As discussed in
Section 2.1.

"* all of the points in a group must be listed consecutively in the data
file, and

"* the groups must have an equal number of points.

The user indicates the number of groups in the data by using the arguments
window. With three groups. the interface will number the first third of the
data points "1", the next third "2", and\Jhe last third "3", as was done in
Figure 7. k

If the number of treatment groups doet not evenly divide the number
of data points, the interface will report this situation. Once the warning is
acknowledged the interface will render the plkt. Usually the user will want
an equal number of points in each treatment group. If this is not the case,
the interface may give unexpected results.

2.7.5 Adjustable Symbol Size

Symbol size in the plots can be adjusted with the menu item of the same
name. At this time the plot by treatment group option does not support the
adjustable numeral size. but Plot by Cluster can adjust its symbol size. The
best size will typically depend on the number of points in the dataset, and
the size of the plots (which can be changed by resizing the window). Using
one size for the simple plot and a slightly smaller size for the scatterplot
matrix seems to work well.
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2.7.6 Printing Graphs

The Print menu item has both "Graph", and "Full Page Graph" options.
The Graph option will print the graph window at it's current size. If the
window is larger than one page then the printing process gives unpredictable
results. Otherwise the printed graph will be approximately the size seen on
the screen. The Full Page Graph option resizes the viewing window to page
size, leaving half inch margins, and then directs the output to the printer.
This option will make printed graphs with the graph scaled to page size,
and would be useful for making printed graphs that are always the same
dimensions (i.e. not dependant on how you resized the graph window in
that particular session). It is best to choose portrait or landscape page
orientation with the Format menu item prior to using the Full Page Graph
option.

2.8 Features Window

The Features window provides on the fly choices paralleling those made
with the description file, and also controls which features are graphed in the
simple plot and scatterplot matrix.

Sopaldwl- c;.C C ,

.. OOscvsts S5r

Figure 8: Features window: highlighted buttons indicate features included in
computation, and features to graph in simple (x and y) and matrix (Scatter)
plots.

The features window allows the user to change the feature name, include
or exclude the feature in the computation, and designate the feature as either
continuous or discrete. The features window also controls which features are
plotted in the simple and scatterplot graphs. Columns -x" and "y" allow
exactly one of the features to be selected at any time. These columns direct
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which features are plotted on the simple plot's x, and y axes. The Scatter
column. on the other hand. allows two or more features to be selected, and
will plot these in the scatterplot matrix (up to the maximum).

Figure 8 shows all four features included in the computation, all features
are continuous, the third and fourth features are selected for the simple plot
(columns x and y), and all features are selected for the scatterplot matrix
(column Scatter).

A feature must be included in the computation in order for the interface
to plot it. The interface will edit for this requirement and un-select the
feature if it does not qualify for plotting. This will cause an error panel to
appear, and the graph will be cleared. It should be noted that the interface
will crash if the feature is excluded, computed, included, and then graphed.

The information in the Features window (feature name, whether it is
included or excluded, and whether it is continuous or discrete) can be saved
to a description file (Section 2.2) by the menu "File", submenu "Save Desc".

2.9 Color

The color button allows the graphs to display different clusters by color,
always using the same symbol shape. Even if color is used on the screen,
when printing, the interface will adjust the symbols to accommodate a non-
color printer.

3 Future Plans

Although clustering has historically been considered an exploratory data
analysis technique, the research team is investigating promising applica-
tions of the nonmetric clustering tool for predictive statistics as well. The
team is developing an interface version that includes tools for performing a
broader cross-analysis of treatment group type data with several statistical
techniques including the RIFFLE algorithm.
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4 More Information

For more information about nonmetric clustering, the RIFFLE program, or
their applications refer to these papers [5, 6. 7, 8, 9]. Questions about the
interface, or the above issues can also be directed to:

Michael J. Roze: roze@rum. cs. nwu. edu

Geoffrey B. Matthews: matthews~fortress.cs.wwu.edu.
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We investigated the toxicity of the water soluble fraction (WSF) of the turbine
fuel Jet-A using the standard aquatic microcosm (SAM) method. The SAM experi-
ment was conducted using concentrations of 0, 1, 5 and 15% WSF in 3 L SAMs con-
taining 14 species of organisms. The toxicant was added on day 7 of the 63-day ex-
periment. Physical, chemical, and biological measurements were collected twice
each week from day 11 through day 63. In the highest WSF treatment group an
algal bloom ensued, generated by the toxicity of the WSF to Daphnia. As the test
proceeded, the Daphnia populations increased and the algal populations decreased
to about the reference values. In the last few weeks of the experiment Cyprinotus
(ostracod) densities were higher in the reference than in the other treatment groups
and Philodina (rotifer) densities were lower in the reference than in the other treat-
ment groups. Because of high sampling variance, the ANOVA results suggested that
few of these effects were significant. Multivariate analyses, however, revealed two
distinct divergences between treatment groups: an early divergence that was prob-
ably due to the Daphnia/algae response, and a late divergence that was much more
subtle, and may have been related to changes in the detrital quality in the different
treatment groups. The variables that were most important in distinguishing the four
treatments shifted during the course of the experiment, demonstrating the fallacy of
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using only one index or a few measured endpoints in the evaluation of community-
level interactions.

1. Introduction

Multispecies toxicity tests are usually referred to as microcosm or mesocosm
tests, although a clear definition of these terms has not been put forth. Multispecies

toxicity test systems range from approximately 1 L (e.g., mixed flask cultures) to
thousands of liters, as in the case of the pond mesocosms used in pesticide registra-
tion testing. In the standardized aquatic microcosm (SAM) method") developed by
Taub and colleagues ,('-•2 the composition of the microcosm is clearly defined (Table
1). In other types of microcosms, the physical, chemical, and biological composi-

Table 1

Summary of test conditions for conducting the SAM Jet-A toxicity test.

Organisms: Algae added on day 0 at I03 cells for each taxon: Anabaena cylindrica,
Ankistrodesmus sp., Chlamydomonas reinhardi 90, Chlorella vulgaris,
Lyngbya sp., Scenedesmus obliquus, Selenastrum capricornutum,
Stigeoclonium sp., and Ulothrix sp. Animals added on day 4 at concentra-
tions in parentheses: Daphnia magna (16), Cypridopsis sp (ostracod) (6),

Hypotricha (protozoa) (0.1 /ml), Philodina sp. (rotifer) (0.03 / ml)
Test vessel: One-gallon (3.8 L) glass jars; 16.0 cm wide at the shoulder; 25 cm tall with

10.6 cm openings
Medium: T82MV; 3 L added to each container
Sediment: Autoclaved silica sand (200 g), ground, crude chitin (0.5 g), and cellulose

powder (0.5 g) added to each container
Replication: 6 replicate microcosms x 4 treatments
Reinoculation: Once per week one drop (-0.05 ml) added to each microcosm from a mix
(each microcosm) containing 5 x 102 cells of each alga
Addition of test materials: Test material added on day 7 by removing 450 ml from each container and

then adding appropriate amounts of the WSF to produce concentrations of
0, 1, 5 and 15 percent WSF. After toxicant addition the final volume was ad-
justed to 3 L

Test duration: 63 days
Temperature: 200 to 25 0C
Light intensity: 80E m2 photosynthetically active radiation/s (850 to 1000 fc)
Photoperiod: 12 h light/ 12 h dark
Sampling frequency: 2 times each week

Measurements: Algal, invertebrate and protozoa counts, pH, dissolved oxygen, optical den-
sity. Calculated parameters included species concentrations, DO, DO gain
and loss, net P/R ratio, pH, algal species diversity, Daphnia fecundity, algal
biovolume, and biovolume of available algae
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tions may vary widely.
Typically, the goals of multispecies toxicity tests are to detect changes in the

population dynamics of the individual taxa that would not be apparent in single-
species tests, and to detect community-level differences that are correlated with treat-
ment groups. One of the major difficulties in the evaluation of multispecies toxicity
tests has been to analyze the complex data set on a level consistent with these goals.
A number of statistical approaches have been used to evaluate multispecies toxicity
data. Analysis of variance (ANOVA) is the classic method used to examine
differences between the treatment groups. However, because multispecies toxicity
tests generally run for weeks, or even months, there are problems with using
ANOVA, including the increased likelihood of a Type II error (accepting a false
null-hypothesis), the presence of temporal dependence among the variables, and the
difficulty of graphically representing the results. Conquest and Taub('3) developed a
method to overcome some of the problems by using intervals of nonsignificant
difference (INDs). This method corrects for the likelihood of Type II errors and pro-
duces intervals that are easily graphed. The method is routinely used to examine
data from SAM toxicity tests, and is applicable to other multivariate toxicity tests.
The major drawback is that this method can only be used to examine one variable at
a time. While this addresses the first goal in multispecies toxicity testing, it ignores
the second.

Multivariate data analysis methods are necessary to address the second goal of
detecting community-level differences. One of the first multivariate methods used in
toxicity testing was the calculation of ecosystem strain developed by Kersting` 4 "'6)

for a relatively simple (three species) microcosm. At about the same time,
Johnson("-")8 developed a multivariate algorithm using the n-dimensional coordinates
of a multivariate data set and the distances between these coordinates as a measure
of divergence between treatment groups. Both of these methods have the advantage
of examining the ecosystem as a whole rather than by single variables. A major
disadvantage of both these multivariate methods (and of many others) is that all of
the data are usually incorporated without regard to measurement units or the ap-
propriateness of including all variables, even random ones, in the analysis.

Ideally, a multivariate statistical test used for evaluating complex data sets will
have the following characteristics: (i) it will not combine counts from dissimilar
taxa by means of sums of squares, or other ad hoc mathematical techniques; (ii) it
will not require transformations of the data; (iii) it will work without modification
on incomplete data sets; (iv) it will work without further assumptions on different
data types (e.g., species counts or presence/absence data); (v) the significance of a
taxon to the analysis will not depend on its abundance, so rare taxa can compete in
importance with common taxa; (vi) it will provide an integral measure of "how
good" the analysis is (i.e., whether the data set differs from a random collection of
points); (vii) it will, in some cases, identify a subset of the taxa that serve as reliable
indicators of the physical environment. To our knowledge, only one multivariate
technique (nonmetric clustering) satisfies all these criteria."'9 )
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In this paper, we use ANOVA (with INDs) and three multivariate techniques to
search for meaningful patterns in data from a SAM toxicity test using the water solu-
ble fraction (WSF) of Jet-A turbine fuel. Jet-A is one of the most widely available
aviation fuels, and, because of its stringent manufacturing specifications, is an ex-
cellent choice for evaluating the effects of a complex organic toxicant on a
multispecies system. The multivariate techniques include two conventional tests

based on the ratio of multivariate metric distances (Euclidean and cosine of the vec-

tor distances), and one relatively new procedure, nonmetric clustering and associa-

tion analysis."9 ' All three of the multivariate techniques have proven useful in
analyzing complex ecological data sets. (2-2)

2. Materials and Methods

2.1 Reagents
All chemicals used in the culture of the organisms and in the formulation of the

microcosm media were reagent grade or as specified in the ASTM protocol.(')
Glassware for the preparation of the WSF of Jet-A was washed in nonphosphate
soap, rinsed, soaked in 2N HCI for at least 1 h, rinsed ten times with distilled water,
dried, and autoclaved for 30 min. Jet-A was provided by Fliteline Services of Bell-
ingham, Washington, U.S.A., and refined by Chevron. The sample was obtained
from the sample valve used for quality control and water sampling to prevent con-

tamination by the refueling apparatus. The shipment lot was recorded and is on file.

Microcosm medium T82MV was used for extracting the soluble fraction of Jet-A.

Twenty-five ml of Jet-A were added to a 1 L separatory funnel containing 1000 ml

of T82MV medium. For I h, the mixture was repeatedly shaken for 5 min and al-
lowed to stand for 15 min. The mixture was then allowed to stand overnight. The

following day all but the upper 100 ml of the T82MV / WSF mixture was drained
into a clean, sterile 1 L amber glass bottle and capped with a Teflon-lined screw cap.
The WSF was used within 24 h or stored at 40 C for no longer than 48 h.

2.2 Gas chromatography of WSF
A gas chromatographic analysis of the WSF was carried out using a Tekmar

LSC 2000 purge and trap (P&T) concentrator system in tandem with a Hewlett-

Packard 5890A gas chromatograph and a flame ionization detector (FID).•232-51 In-
strument blanks and deionized, distilled water blanks were used to verify the

cleanliness of P&T and GC columns prior to analysis of the WSF samples. A 5 ml

sample was injected into a 5 ml sparger, purged with prepurified nitrogen gas for II
min and dry purged for 4 min. Volatile hydrocarbons, purged from the sample and

collected on the Tenax/Silica gel column, were desorbed at 180 0C directly onto the

SPB-5 fused silica capillary column (30 m x 0.53 mm, ID 1.5,pm film). The column

was held at 35'C for 2 min, increased to 225 0C at 120C/min, and held at that tem-

perature for 5 min. A Spectra-Physics 4290 integrator was used to record the FID

signal output of the volatile hydrocarbons that were separated and eluted from the
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column by molecular weight.

2.3 Short-term toxicity tests
In order to determine the appropriate WSF concentrations to be used for the

SAM microcosm, a series of short-term toxicity tests was performed. This included
96 h algal growth inhibition tests using three species of algae (Chiamydamonas
reinhardii, Ankistrodesmus fakcatus, and Selenastrum capricornutum) and a 48 h
Daphnia magna acute toxicity test.

The test algae were grown in a semi-flow through culture apparatus on the
microcosm media T82MV and collected during log-phase growth for inoculation
into the test flasks. Five hundred ml Erlenmeyer flasks were used as test chambers.
Each test chamber contained 100 ml of the following treatments (reps = 2/treat-
ment): 0 (reference), 6.25, 12.5, 25, 50 and 100% WSF. All dilutions of the WSF
were made using T82MV. The test organisms were added at a concentration of ap-
proximately 3.0 x I10 cells/ml. Test mixtures were incubated at 20.00 C ± 1.00C,
with a 12:12 h light/dark cycle. Cell densities were determined every 24 h during the
96 h test period using a Neubauer counting chamber. The cell numbers were plotted
against the WSF concentrations. If possible, a least-squares regression line was
drawn and the ICs0 (concentration resulting in 50% inhibition compared to the con-
trol) was determined. Significant differences between groups were determined using
ANOVA.

Daphnia magna 48 h acute toxicity tests(61 were conducted using T82MV
medium at concentrations of 0, 6.25, 12.5, 25, 50 and 100% WSF (reps = 2/treat-
ment). Ten neonates were placed in 250 ml beakers containing 100 ml of test
solution. After 24 and 48 h, the numbers of dead cells were recorded. Data were
analyzed graphically and statistically to obtain an estimate of the ECs0.

2.4 SAM toxicity test
The 63-day SAM protocol") was modified to allow dosing with the WSF. The

WSF was added on day 7 by stirring each microcosm, removing 450 ml from each
container, and adding WSF to produce concentrations of 0, 1, 5, and 15% WSF.
The final volume was readjusted to 3 L using T82MV. An attempt was made to filter
and retain the organisms withdrawn during the removal of the 450 ml prior to addi-
tion of the toxicant. All graphs and statistical analyses began with the next sampling
day (day 11). Table 1 summarizes the organisms, conditions and modifications used
for the Jet-A experiment.

2.5 Data cnalysis
The variables that were measured or calculated included the numerical densities

for each species, dissolved oxygen (DO), DO gain and loss, net photosyn-
thesis/respiration ratio (P/R), pH, algal species diversity, algal biovolume, and
biovolume of "available" algae (i.e., available for consumption by filter feeders)."'
The ANOVA INDs''3 and the average values for each variable were plotted by treat-
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ment group against time to identify significant differences. In addition, three
multivariate clustering and significance tests were used to determine dose/ response
relationships. Two of the clustering procedures were based on the ratio of metric
distances (Euclidean and cosine of vectors) within treatment groups vs between
treatment groups. The third test used nonmetric clustering and association
analysis.(91

The biotic parameters used for the multivariate analyses are listed in Table 2.
Treating each sameple on a given day as a vector of values, x = <x- .• x,>, with one
value for each of the measured biotic variables, allows Euclidean distance between
two sample points x and y to be computed as:

S(x - y,)2 .

The cosine of the vector distance between x and y can be computed as:

SxiYi

I1-

Subtracting the cosine from one yields a distance measure, rather than a similarity
measure, with the measure increasing as the points get farther from each other.

The statistical significance of the metric clustering results was calculated using

Table 2

Biotic parameters used in the multivariate statistical tests.

Anabaena

Ankistrodesmus
Chlamydomonas
Chlorella
Daphnia

Ephipia

Small Daphnia
Medium Daphnia
Large Daphnia

Hypotricha (Protozoa)
Lyngbya
Miscellaneous sp.
Cyprinotus (Ostracod)
Philodina (Rotifer)

Scenedesmus
Selanastrum

Stigeoclonium
Ulothrix

Derived variables (e.g., diversity) were not used because they are not independent.
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the within-between (WIB) ratio and an approximate randomization test.(29 ) For

each date, one sample point x was obtained from each of six replicates in the four
treatment groups, giving a 24 x 24 matrix of distances. After the distances were
computed, the ratio of the average within group distance (W) to the average be-
tween group distance (B) was computed (WIB). If the points in a given treatment
group were, on average, closer to each other than they were to points in a different
treatment group, then this ratio will be small. The significance of the ratio was esti-
mated using an approximate randomization test.(29) This test is based on the null
hypothesis that assignment of points to treatment groups is random, the treatment
having no effect. Accordingly, the test repeatedly (500 times) assigned the 24 points
randomly to (pseudo) groups and calculated the WiB ratio. If the null hypothesis is
false, the randomly derived WiB ratio will be larger, on average, than the WIB
ratio obtained from the actual treatment groups. An estimate of the probability
under the null hypothesis was obtained as (n + 1)1(500 + 1), where n was the
number of times the random WiB ratio was less than or equal to the actual WiB
ratio.

In the nonmetric clustering and association test, the data were first clustered in-
dependently of treatment group, using the computer program RIFFLE.!') Because
the clustering analysis is naive to treatment group, the clusters may, or may not cor-
respond to treatment effects. Under the null hypothesis, there should be no associa-
tion between the clustering and the treatment groups. To test this hypothesis, the
association between clusters and treatment groups was measured in a 4 x 4 con-
tingency table, each point in treatment group i and cluster j being counted as a point
in frequency cell ij. Significance of the association in the table was then measured
with Pearson's X2 test:(3 °)

(Naj - nj)2

U nij

N+jNi+
n = N

where N1j is the actual cell count; nij is the expected cell frequency obtained from the

row (N+j) and column (N,+) marginal totals; and Nis the total cell count (i.e., 24).
The significance (probability under the null hypothesis) for this value of X' was com-
puted using standard procedures!'3"

3. Results

3.1 GC analysis
The results from the GC analysis of the WSF are shown in Fig. 1. Immediately

after the WSF was added to the SAMS, approximately 50-60 peaks were
distinguishable in the highest treatment group (15% WSF). By the end of the experi-
ment, virtually all of the peaks had disappeared from the water column, probably
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* * 1

* a

Water Soluble Fraction Jet-A 63 Days

A

Fig. 1. Trap and purge GC( chromatogram from the 15% WSF treatment group showing initial (day 11I)
and final (day 63) peaks.

due to volatization, photooxidation, biotransformation, and biodegradation.

3.2 Short-term toxicity tests
None of the 96 h acute algal toxicity tests indicated significant growth inhibition

or enhancement correlated to treatment. However, the 48 h D. magna tests in-
dicated that concentrations of 10-50% WSF caused Daphnia mortalities of 50-
100%. The graphically derived ECso was approximately 7% WSF (Fig. 2). There-
fore, we expected that the highest concentration in the SAM experiments (15%
WSF) would adversely impact the Daphnia populations shortly after the toxicant ad-
dition.

3.3 SAM univariate results

Daphnia population growth in the reference and lowest treatment group was
similar throughout most of the experiment (Fig. 3). As expected, however, both of
the higher tr,.,atment groups showed inhibition of Daphnia populations. In Treat-
ment 3, the Daphnia populations (especially small Daphnia) started increasing on
day 14. Treatment 4 did not show a major increase in the populations until day 17,
and the population peak was not reached until after day 30.
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Fig. 2. Forty-eight h acute Daphnia toxicity tests results for the WSF of Jet-A.
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Fig. 3. Daphnia magna densities from the SAM toxicitv test of the WSF of Jet-A.
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Early algal blooms were observed in Treatments 3 and 4 (Fig. 4). On day 21 the
peak algal density in Treatment 4 was approximately four times that of the
reference. These increases were most likely due to reduced survival and reproduc-
tion in the Daphnia populations in the first few weeks of the experiment.

At the end of the experiment the average Cyprinotus (ostracod) density in the
reference was approximately twice that of Treatment 4 (Fig. 5), nd the population
densities of other treatment groups were ranked in a dose/response manner. The
ranking was consistent from day 49 onward. Because of the high sampling variance,
the IND plots did not indicate any significant differences between treatments.
Similarly, by the end of the experiment Philodina (rotifer), which were relatively un-
common throughout the experiment, were less numerous in the reference compared
to Treatments 3 and 4. Again, because of the large sampling variance, the IND plots
did not show any significant differences (Fig. 6).

The P/R ratio, measured by changes in daytime and nighttime DO concentra-
tions, exhibited a dose/response relationship early in the experiment, with
Treatments 3 and 4 being significantly different from the reference (Fig. 7A). The
pH also responded in a dose/response manner to the addition of Jet-A. During the

Treatment 1 (0 Percent WSF) Treatment 3 (5 Percent WSF)80' 60

so, 0 Anabm so
N Ankbtrodnms

40, U Chlamydomonas 40.
0 Chkonft
[3 Lyngry,a

30 0 o$ -30'
E Saftnaatum
U Sti RciAnium

10m 10(

01 010 20 30 40 so e0 to 20 3o 40 so 60

TPa, (D(ys)

Treatment 2 (1 Percent WSF)) Treatment 4 (15 Percent WSF)so. so.

so. so,

40 40,

3010
10, 10,

0 0
to 20 31 40 so 0o 10 ýo 30 40 so 6o

Time (Day) Time (Days)

Fig. 4. Algal densities from the SAM toxicity test of the WSF of Jet-A.
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Fig. 5. Cyprinotus densities from the SAM toxicity test of the WSF of Jet-A.
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Fig. 6. Philodina densities from the SAM toxicity test of the WSF of Jet-A.

early part of the experiment (during the algal blooms), pH was significantly higher
in the two highest treatment groups than in the reference (Fig. 7B). On day 49 a sec-
ond deviation from the reference was detected. No significant differences in pH
were observed among the treatment groups by the end of the experiment.
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Fig. 7. Photosynthesis/respiration ratio and pH values from the SAM toxicity test of the WSF of Jet-
A. Upper (INDU) and lower (INDL) limits of significance are shown as dashed lines.

3.4 Multivariate results
The significance levels for the three multivariate tests performed for each sam-

pling day are graphed in Fig. 8. All three tests indicate that there were significant
differences (p _> 0.95) between treatment groups from day 11 through day 25, and
again from day 46 through day 56. No consistent differences were observed from
day 28 to day 39 and on days 60 and 63.
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Fig. 8. Significance levels of three multivariate statistical tests (cosine vector, Euclidean vector, and
nonmetric clustering) for the SAM toxicity test of the WSF of Jet-A.

In Fig. 9, the average cosine distances between the reference group and each of
the three treatment groups are plotted on a log scale. The initial effect of the WSF
dosing (day 11 to day 25) is apparent in the large distances between Treatment 1 and
Treatment 4. Treatment 3 starts out distant from Treatment 1, but subsequently
moves closer to the reference. The period of no significant differences (day 35 to day
46) is also obvious: none of the groups are especially far apart. During the second
period of significant differences (day 46 to 56) a perfect dose/response relationship
for all three treatments is seen, with higher doses becoming more distant from the
control.

Using nonmetric clustering, we were able to list the variables that were the most
important for separating the treatment group clusters for each day that measure-
ments were collected (Table 3). This list shows that the specific variables that were
most important for clustering changed over time. In addition, the number of
variables used for clustering decreased from approximately 5-7 important variables
on days 11-25 to _ 4 important variables from day 28 until the end of the experi-
ment.

4. Discussion

Our examination of individual variables provided only a limited, and somewhat
distorted view of the SAM response to Jet-A. The univariate data analysis did
indeed show that there were some significant responses to the toxicant, especially
during the first few weeks when the Daphnia populations declined and the algal
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Day Important cluster variables (in rank order)
I I M. Daphnia, Chiorella, Chiamydomonas, Ulothrix, S. Daphnia, Selanastrum, Scenedesmus
14 S. Daphnia, M. Daphnia-Selenastrum', Chiamydomonas, Chlorella, L. Daphnia,

Ankistrodesmus
18 A nkistrodesmus, S. Daphinia, Chiorella, Chlamydomonas, Selanastrum, L. Daphnia
21 Ankistrodesmus, S. Daphnia, L. Daphnia-M. Daphnia, Scenedesmus
25 Scenedesmus, S. Daphnia, L. Daphnia, Chloreila, Philodina, M. Daphnia
28 Ankistrodesmus, L. Daphnia, Scenedesmus
32 S. Daphnia, M. Daphmnia, Ankistrodesmus, Chlorella
35 Ankistrodesmus
39 M. Dap/ania-Selenastrum, Cyprinot us-A nkistrodesmus
42ý M. Daphnia, Cyprinotus, Scenedesmus
46 Scenedesmus, Ankistrodesmus, S. Daphnia, M. Daphnia
49 Chlorella, Philodina, A nkistrodesmus, Lyngbya
53 A nkistrodesmus, C'yprinotus, C'hlorella
56 M. Daphnia-Scenedesmus, Ankistrodesmus. Lyngbya
60 Lyngbya, M. Daphnia, Philodina, Chlorella
63 Chlorella, A nkistrodesmus, Philodina, C'yprinotus

'H-4. henr between variables denotes equal rank
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swings in a taxon's population density. The confirmation of gross responses to a tox-
icant does not provide much more insight into the effects of the toxicant in an
ecosystem than do short-term, single-species tests.

The multivariate statistics suggest a much more complex pattern of multiple
divergences and convergences in the similarities between treatment groups. Much as
an ecosystem could be expected to display the rise and fall of species assemblages,
the SAMs appear to indicate that the first divergence was only the beginning of a
series of responses.

The list of variables (Table 3) suggests that the first divergence, which occurred
from about day 11 through day 32, resulted from predictable predator/prey interac-
tions between Daphnia and algae. Theoretically, this divergence should be
characterized by the following properties: (i) it should be fast, because the algae and
Daphnia populations were introduced into the microcosm after being cultured in op-
timal laboratory conditions, in artificially high (and unstable) densities; (ii) it should
be short-lived, because the populations are unstable in the nutrient-rich, early suc-
cessional microcosm; (iii) there should be a tendency for the microcosms to drift
away from their early treatment responses (especially because the WSF is essentially
gone from the microcosms within a few days after its introduction) into more com-
plex communities based on interactions between the remaining biotic constituents.
This first divergence is the only type of response that is normally searched for in
microcosm tests using conventional statistics, and is the response typically reported
in SAM experiments.( 9'10' 32' 33)

The second divergence occurred from about day 46 through day 60. During this
time, other secondary consumers (e.g., Cyprinotus and Philodina) joined Daphnia
and various algal taxa as being important in cluster development (see Table 3). The
second divergence, therefore, may represent the long-term effects of the initial toxi-
cant on a successionally more mature community. If so, the second divergence will
be strongly influenced by detritus quality. Detritus is conditioned by bactena and
fungi, which are highly sensitive to toxins, but are not measured in the microcosm.
Detritus that has passed through the gut of a consumer (e.g., Daphnia) is different
from detritus that originates directly from unconsumed, dead algae. Therefore, the
quality of the detritus may be highly affected by the treatment, but none of the fac-
tors influencing it are measured directly. Secondary consumnrs of detritus and
bacteria (e.g., rotifers and ostracods) are no less affected by the quality of their food
source than algal consumers, so the treatment-related alterations of the quality of
detritus and bacteria will cause differences in the secondary consumer populations.
Because this effect would occur late in the microcosm experiment and would be
difficult to detect using univariate statistics, it would be easy to misinterpret as noise
or as the effects of a degradation product.

Multiple divergences may also be explained without invoking direct impact of
unseen biotic components of the system. The hypervolume defined by the
multivariate data set for each treatment group may simply be moving in various
directions and pass through the hypervolume of another treatment group at an in-
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stant in time. When viewed during that time, the two groups would appear similar

(or to have "recovered"). In reality, this similarity is only a momentary confluence.

Taken separately, none of the biotic variables measured in the SAM experiment

could clearly identify the second divergence. Even pH, a variable with a low sam-

pling error, did not consistently distinguish the second divergence. Without corrobora-

tion, the few pH values that fell outside the INDs late in the experiment would prob-

ably have been considered outliers. However, the three multivariate analyses

demonstrated a clear, significant dose/response relationship for both the first and

second divergences. Nonmetric clustering was also able to select the variables that

were important in distinguishing the four treatment groups, although the variables

contributing to the differentiation changed from sampling day to sampling day

(Table 3). These data suggest that reliance upon any one variable (e.g., Daphnia, or

an index of variables, probably would have missed the second divergence. The im-

plications are important. Currently, only small sections of the ecosystems are

monitored and a heavy reliance is placed upon so-called indicator species. Our data

suggest that such a practice could produce misleading interpretations because the

best indicator species will most likely change over the course of an experiment a

season, or site, etc.
In summary, we found at least two divergences between the similarities of treat-

ment groups for the WSF of Jet-A. Multivariate analyses were crucial in identifying

these patterns; conventional univariate statistics provided only clues. Furthermore,
the complexity of the multivariate responses showed that reliance upon any par-

ticular set of indicator species may be misleading in determining the effects of

stressors upon biological communities.
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Turbine fuels are often the only aviation fuel available in most of the world. Turbine fuels consist
of numerous constituents with varying water solubilities, volatilities and toxicities. This study
investigates the toxicity of the water soluble fraction (WSF) of JP-4 using the Standard Aquatic
Microcosm (SAM). Multivariate analysis of the complex data, including the relatively new method
of nonmetric clustering, was used and compared to more traditional analyses. Particular emphasis
is placed on ecosystem dynamics in multivariate space.

The WSF is prepared by vigorously mixing the fuel and the SAM microcosm media in a
separatory funnel. The water phase, which contains the water-soluble fraction of JP-4 is then
collected. The SAM experiment was conducted using concentrations of 0.0. 1.5 and 15% WSF.
The WSF is added on day 7 of the experiments by removing 450 ml from each microcosm including
the controls. then adding the appropriate amount of toxicant solution and finally bringing the final
volume to 3 L with microcosm media. Analysis of the WSF was performed by purge and trap gas
chromatography. The organic constituents of the WSF were not recoverable from the water
column within several days of the addition of the toxicant. However, the impact of the WSF on
the microcosm was apparent. In the highest initial concentration treatment group an algal bloom
ensued, generated by the apparent toxicity of the WSF of JP-4 to the daphnids. As the daphnid
populations recovered the algal populations decreased to control values. Multivariate methods
clearly demonstrated this initial impact along with an additional oscillation seperating the four
treatment groups in the latter segment of the experiment. Apparent recovery may be an artifact
of the projections used to describe the multivariate data. The variables that were most important
in distinguishing the four groups shifted during the course of the 63 day experiment. Even this
simple microcosm exhibited a variety of dynamics, with implications for biomcnitoring schemes
and ecological risk assessments.

Keywords: jet fuel; microcosm; multivariate statistics; nonmetric clustering; risk assessment.

Introduction

As this is written, the United States Environmental Protection Agency has suspended
the requirement for conducting ecosystem level studies for pesticide registration (Fisher
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1992). Although many factors contributed to the action, apparently the field and pond
mesocosm tests that were conducted did not contribute to the evaluation of risk of
pesticides in a timely and cost effective manner.

Over the last 15 years a variety of multispecies toxicity tests have been developed % ;th
the hope that in doing so. the increased complexity of the test would result in more
realistic, community-level responses to the toxicant. However. the addition of more than
one species. and the generally longer time periods associated with these multispecies
tests, also result in much more complex data sets. Distinguishing toxicant effects from
other community-level changes has become one of the most critical obstacles to the
interpretation of multispecies data sets.

Multispecies toxicity tests are usually referred to as microcosms or mesocosms.
although a clear definition of the size or complexity to distinguish these terms has no!
been put forth. Multispecies toxicity tests range from approximately 1 L (e.g.. mixed
flask cultures) to thousands of litres, as in the case of the pond mesocosms used in
pesticide registration testing. The number of species and origin of those taxa can vary
widely. In the Standardized Aquatic Microcosm (SAM) developed by Taub and col-
leagues (Taub 1969. 1976. Taub and Crow 1978, Crow and Taub 1979. Taub et al. 1980,
Kindig et al. 1983. Taub et al. 1987. Taub et al. 1988, Taub 1988. 1989. Conquest and
Taub 1989) the physical, chemical, and biological components are defined as to species.
media and substrate (see Table I and Fig. 1). In other systems colonization by the
importation of sediment or by repeated inoculation from a natural source is used to
establish the model system. Larger systems often use a combination of means to start
and maintain a multispecies. interactive community.

One of the major difficulties in the evaluation of multispecies toxicity tests haa" been
the difficulty in the analysis of the large data set on a level consistent with the goals of
the toxicity test. Typically. the goals of the toxicity test are:

(1) to detect changes in the population dynamics of the individual taxa that would not
be apparent in single species tests: and.

(2) to detect community-level differences that are correlated with treatment groups
thereby representing a deviation from the control group.

A number of methods have been developed to attempt to satisfy the goals of
multispecies toxicity testing. Analysis of variance (ANOVA) is the classical method to
examine gle variable differences from the control group. However. because multi-
species toxicity tests generally run for weeks or even months, there are problems with
using conventional ANOVA. These include the increasing likelihood of introducing a
Type [f error (accepting a false null-hypothesis), temporal dependence of the variables.
and the difficulty of graphically representing the data set. Conquest and Taub (1989)
developed a method to overcome some of the problems by using intervals of non-
significant difference (IND). This method corrects for the likelihood of Type II errors
and produces intervals that are easily graphed to ease examination. The method is
routinely used to examine data from SAM toxicity tests, and it is applicable to other
multivariate toxicity tests. The major drawback is the examination of a single variable
at a time over the course of the experiment. While this addresses the first goal in
multispecies toxicity testing, listed above, it ignores the second. In many instances.
community-level responses are not as straightforward as the classical predator!prey or
nutrient limitation dynamics usually picked as examples of single-species responses that
represent complex interactions.
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"Table I. Summary of test conditions for conducting SAM JP-4

Organisms
Organisms per chamber: Algae (added on Day 0 at initial concentration of 103

cells for each algae species:
Anabaena cylindrica.
Ankistrodesmus sp..
Chlam vdomonas reinhardi 90.
Chlorella vulgaris.
Lyngbya sp..
Scenedesmus obliquus.
Selenastrum capricornutum.
Stigeoclonium sp..
and Ulothrix sp.

Animals (added on Day 4 at the initial numbers
indicated in parentheses): Daphnia magna ( 16 per
microcosm), Cypridopsis sp. (ostracod) (6 per
microcosm). Tetrahymena thermophila [protozoal (0.1
per mL). and Philodina sp. (rotifer) (0.03 per mL)

Experimental design
Test vessel type and size: One-gallon (3.8 L) glass jars 16.0 cm wide at the

shdulder, 25 cm tall with 10.6 cm openings

Medium volume: 3 L added to each container

Number of replicates x concentrations: 6 x 4

Reinoculation: Once per week add one drop (ca 0.05 mL) to each
microcosm from a mix of the ten species = 5 x 102 cells
of each alga added per microcosm

Addition of test materials: Test material added day 7 by removing 450 mL from
each container and then adding appropriate amounts of
the WSF to produce concentrations of 0, 1. 5 and 15%
WSF. After toxicant addition the final volume was
adjusted to 3 L.

Sampling frequency: 2 times each week

Test duration: 63 days

Physical and chemical parameters
Temperature: 20 to 25 *C

Light intensity: 80 psE m- 2 photosynthetically active radiation s-
(850 to 1000 fc)

Photoperiod: 12 h light/12 h dark

Medium: Medium T82MV

Sediment: Composed of silica sand (200 g), ground. crude chitin
(0.5 g), and cellulose powder (0.5 g) added to each
container

Measurements: Algal. invertebrate and protozoa counts. pH. dissolved
oxygen. optical density. Parameters calculated included
the concentrations of each of the species, DO. DO gain
and loss. net photosynthesis/respiration ratio (P/R).
pH, algal species diversity, daphnid fecundity, algal
biovolume. and biovolume of available algae.
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COMPLETION OF ANALYTICAL BIOOGICAL COMPUTATIONS SUCH AS
CHEmISTRy. CALCULATION OF TOTAL AVAILABLE ALGAE, SPECIES DIVERSITY,
STATISTICS AND I' AND POPULATION DEN4SITIES COMPUTED,
MUJLTI VARIATE ANALYSES IND PLOTS CALCULATED USING SAMS PROGRAM.

Fig. 1. Timeline for the standardized aquatic microcosm JP-4 experiment. Each step of this 63
day protocol is choreographed according to ASTM E 1366-91. The modifications to the protocol
are the elimination of Nitchia. Hyalella azteca. modification of the method for toxicant delivery
and the substitution of T. thermophila B3[V for the hypotrichous ciliate.

Multivariate methods have proved promising as a method of incorporating all of the
dimensions of an ecosystem. One of the first methods used in toxicity testing was the
calculation of ecosystem strain developed by Kersting (1984. 1985, 1988) for a relatively
simple (three species) microcosm. This method has the advantage of using all of the
measured parameters of an ecosystem to look for treatment-related differences. At
about the same time, Johnson (1988a, b) develop.-d a multivariate algorithm using the
n-dimensional coordinates of a multivariate data set and the distances between these
coordinates as a measure of divergence between treatment groups. Both of these
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methods have the advantage of examining the ecosystem as a whole rather than by single
variables, and can track such processes as succession. recovery and the deviation of a
system due to an anthropogenic input.

However, a major disadvantage of both these methods, and of many conventional
multivariate methods, is that all of the data are often incorporated without regard to
the units of measurement or the appropriateness of including all variables in the analysis.
It can be difficult to combine variables such as pH. with units ranging from 0-14. with
the numbers of bacterial cells per ml. where low numbers are in the 10 ' range. to say
nothing of the conceptual difficulties of adding pH units to counts. Similarly. random
variables (i.e.. variables with no treatment-related response) indiscriminately incorpo-
rated into the analysis may contribute so much noise that they overshadow variables
that do show treatment-related effects.

Ideally, a multivariate statistical test uscd for evaluating complex data sets will have
the following characteristics:

(1) It will not combine counts from dissimilar taxa by means of sums of squares, or
other ad hoc mathematical techniques. as in the Euclidean and cosine distance measures.

(2) It will not require transformations of the data, such as normalizing the variance.
(3) It will work without modification on incomplete data sets.
(4) It will work without further assumptions on different data types (e.g.. species

counts or presence/absence data). .
(5) Significance of a taxon to the analysis will not be dependent on the absolute size

of its count, so that taxa having a small total variance, such as rare taxa, can compete
in importance with common taxa. and taxa with a large, random variance will not
automatically be selected. to the exclusion of others.

(6) It will provide an integral measure of *how good' the analysis is. i.e. whether the
data set differs from a random collection of points.

(7) It will, in some cases, identify a subset of the taxa that serve as reliable indicators
of the physical environment.

Recently developed for the analysis of ecological data, nonmetric clustering is a
multivariate derivative of artificial intelligence research that satisfies all these criteria,
and has the potential of circumventing many of the problems of conventional multivari-
ate analysis.

In this paper. we use ANOVA and intervals of non-significant difference. and three
multivariate techniques to search for meaningful patterns in the data set from a SAM
toxicity test using Jet-A turbine fuel. The multivariate techniques include two conventio-
nal tests based on the ratio of multivariate metric distances (Euclidean distance and
cosine of the vector distance), and one relatively new program. RIFFLE, which employs
nonmetric clustering and association analysis (Matthews and Hearne 1991). All three of
the muitivariate techniques have proven useful in analysing complex ecological data sets
(Matthews et al. 1991a, b). Of the three, only nonmetric clustering meets all of the
criteria listed above (Matthews and Matthews 1991). The major disadvantage of the
RIFFLE program is that, in order to find a clustering of the data points with the desirable
qualities listed above, a massive search through thousands of potential clustering
candidates is made before settling on the 'right' one. Even after this search, there is no
guarantee that RIFFLE finds an optimal clustering. However, in our cxperience,
RIFFLE does find an excellent clustering in reasonable time.



276 Landis. Matthews, Markiewicz and Matthews

Jet fuels or perhaps more accurately. turbine fuels, are one of the primary fuels for
internal combustion engines worldwide and certainly are the most widely available
aviation fuel. Over the last 15 years virtually all of the commercial airline operations
and charter operations have converted to a turbine engine because of the inherent low
operating cost of the power plant. its reliability, and in part to the availability of fuel
even in underdeveloped areas. In the US military there has been a progressive replace-
ment of conventional piston engine vehicles with turbine equivalents. Standardization
on a single type of turbine fuel to relieve logistical demands is also underway. Given the
overwhelming predominance of turbine fuel, a fuel spill or accidental release of aviation
fuel will probably be one of the prevalent turbine fuels: Jet-A. used for commercial and
general aviation; JP-4, the standard fuel of the US Air Force and Army Aviation; and
JP-5. the naval equivalent of JP-4, JP-8 is a new fuel proposed as the standard for all
military vehicles using turbine engines.

Along with the environmental considerations, turbine fuels also offer advantages as
model complex toxicants for toxicological research. Because of their use as aviation fuel.
turbine fuels are produced to stringent specifications designed to ensure the safety of
flight. Therefore, the overall general properties of these materials are tightly controlled.
In addition, standard archived samples of the military fuels are maintained for toxicologi-
cal studies at Wright Patterson. AFB. Jet fuels also tend to be less explosive and less
volatile than gasoline, making the materials easier and safer to use. These properties
make jet fuels an ideal material for the investigation of the effects of complex mixtures
upon community dynamics. Like all petroleum products. however, the exact identity of
the constituents varies according to the original crude and the refining process.

This paper reports the effects of low concentration of the water soluble fraction of
JP-4 on the community incorporated in the SAM. The effects of the WSF on the
microcosm communities were subtle. An early increase in algal density was apparent in
the treatment groups containing the highest concentrations of the WSF and was matched
by a decrease in daphnid populations. Multivariate analysis proved to be more powerful
and efficient in highlighting important variables and processes than ANOVA. The
variables that were most important were those distinguishing where treatment-related
effects shifted during the course of the experiment. The multivariate analysis also
detected oscillations in the similarity of the control and dosed groups that were not
apparent using conventional univariate tests. The oscillations may be due to the inherent
perturbations in community dynamics and interactions, or the effects upon the segments
of the community not directly measured, the bacterial detritivores. We also discuss the
implications of this research with regards to the use of indices and the conduct of
environmental risk assessments.

Materials and methods

Reagents

All chemicals used in the culture of the organisms and in the formulation of the
microcosm media were reagent grade or as specified by the ASTM method.

JP-4 was supplied by the US Air Force Toxicology Laboratory at Wright Patterson,
AFB. Ohio.
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Water soluble fraction (WSF)

The WSF of JP-4 was prepared in glassware washed in nonphosphate soap. rinsed, then
soaked in 2N HCI for at least l1. rinsed ten times with distilled water. dried and finally
autoclaved for 30 min. Microcosm medium, T82MV. acted as the diluent for the water
fraction of the WSF.

Twenty five ml of JP-4 is added to the 1 I separatory funnel containing I I of T82MV.
ano iN agitated as follows:
' 1) Shake separatory funnel for 5 min. releasing built up pressure as necessary. (2) allow
funnel contents to remain undisturbed for 15 min. (3) shake contents for 5 min. allow
to stand 15 min. (4) continue same pattern for a total time of 1 h. and finally (5) allow
separatory funnel contents to remain undisturbed for 8 h. At the end of this procedure
the mixture was allowed to stand overnight. The next day all but 100 ml of T82MV,'WSF
of jet fuel mixture from the separatory funnel (leaving the lighter, insoluble fuel mixture
in the flask) was drained into a cleaned, sterile 1 I amber glass bottle and capped with
a Teflon-lined screw cap. The WSF was used within 24 h or stored at 4 'C for no longer
than 48 h before use as toxicant mixture.

Gas chromatography of WSF
This protocol utilizes a Tekmar LSC 2000 Purge and Trap (P&T) concentrator system
in tandem with a Hewlett Packard 5890A Gas Chromatograph with a Flame Ionization
Detector (FID) (ASTM D3710 1988: ASTM D2887 1988: Westendorf 1986). Instrument
blanks and deionized distilled water blanks are used to verify the cleanliness of the P&T
and GC columns prior to analysis of samples. A 5 ml sample is injected into a 5 ml
sparger. purged with pre-purified nitrogen gas for 11 min and dry purged for 4 min.
Volatile hydrocarbons, purged from the sample and collected on the Tenax/Silica Gel
column, are desorbed at 180 °C directly onto the gas chromatograph SPB-5, 30 m x 0.53
mm ID 1.5 R&m film. fused silica capillary column. The column, at 35 *C. is held at that
temperature for 2 min. increased to 225 °C at 12 'C min-1 and held at that temperature
for 5 min. A Spectra-Physics 4290 Integrator records the FID signal output of the volatile
hydrocarbons that have been separated and eluted from the column by molecular weight.

Identification and quantification of GCfractions
Qualitative identification of some components in the WSF of the JP-4 fuel used as the
toxicant in the microcosm test, were determined using a Simulated Distillation (SIMDIS)
Calibration Mixture. The ASTM Method D3710 Qualitative Calibration Mixture is the
standard test method for determining the Boiling Range Distribution of Gasoline and
Gasoline Fractions by Gas Chromatography. This mixture was used as a calibration
standard to determine the retention times for each known component in the mixture
against which unknown components. in the WSF of the Jet fuel mixture, were compared
and identified.

Quantitative estimates of some components of the WSF were made by comparing
sample chromatographs to certified n-paraffin and n-naphtha chromatograph standards.
prepared and analysed under the same P&T/GC conditions.
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Algal toxicity tests

In order to estimate the relative toxicities of the JP-4 mixture and to set the concentra-
tions for the microcosm, a series of short-term toxicity tests were performed (ASTM E
1218 1991). Algal growth inhibition tests were performed using Ankistrodesmus falcatus
and Selenastrurm capricornutum strains identical to those used in the SAM toxicity tests.

Test algae were grown in a semi-flow through culture apparatus on the microcosm
media T82MV and taken during log phase growth for inoculation into the test flasks.
Erlenmeyer flasks (250 ml) were used as test chambers, with serial dilutions of the WSF
at concentrations of 0.0. 6.25. 12.5. 25. 50 and 1(H)°o placed in the flasks. The test
organisms were added at a concentration of approximately 3.0 x 10' cells mn1i. Total
volume was 100 ml with two replicates of controls and the test concentrations used. Test
mixtures were incubated at 20.0CC ± 1.0IC with a 12:12 h light/dark cycle. Using a
Newbauer Counting Chamber. cell densities were determined every 24 h for the 96 h
duration of the test.

The cell numbers were then plotted against the concentrations. If possible, a least
square regression line was drawn and the LC,, (the concentration at which algal growth
is inhibited to 50% of the control) determined. ANOVA was then run on the replicates
to determine if any of the groups are significantly ditferent.

SAM protocol

The 64-day SAM protocol has been described previously (ASTM E 1366-91 1991).
Table 1 describes the organisms, conditions and modifications of ASTM E1366-91 for
this particular experiment. Briefly, the microcosms were prepared by the introduction
of ten algal. four invertebrate, and one bacterial species into 3 1 of sterile defined
medium. Test containers were 4 I glass jars. An autoclaved sediment consisting of 200
g silica sand and 0.5 g of ground chitin is autoclaved in the experimental jar immersed
in a water bath to a point above the sand and chitin level during sterilization. This
procedure helps prevent breakage of the jars and subsequent loss of replicates.

Numbers of organisms. dissolved oxygen (DO) and pH were determined twice weekly.
Room temperature was 20'C ± 2'. Illumination was 79.2 jsEm- 2 photosynthetically
active radiation s-' with a range of 78.6-80.4 and a 16.8 day/night cycle.

Two major modifications were made to the SAM protocol. The first was the means
of toxicant delivery. Test material was added on day 7 by stirring each microcosm.
removing 450 ml from each container and then adding appropriate amounts of the WSF
to produce concentrations of 0. 1. 5 and 15 % WSF. After toxicant addition the final
volume was adjusted to 31. No attempt was made to filter and retain the organisms
withdrawn during the removal of the 450 ml prior to toxicant addition. All graphs and
statistical analysis start with the first sampling day. day 11.

The second modification was the substitution of Tetrahymena thermophila BIV for the
hypotrichous ciliate used in past experiments. The hypotrichous ciliate was becoming
increasingly difficult to culture, probably due to the age of the clone. T. thermophila has
routinely been used in biochemical research and in detoxification studies of organophos-
phates (Landis et al. 1985. 1987. 1991). Using SAM controls, constructed prior to this
experiment. it was demonstrated that the T. thermophila populations were able to exist
within the system. T. thermophila are maintained steriley in a 3% proteous peptone
distilled water media at 20 °C with routine biweekly transfers to perpetuate the stocks.
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The results presented below demonstrate the suitability of the Tetrahvmena for inclusion
in the protocol.

Data analysis

All data were recorded onto standard computer entry forms and checked for accuracy.
The data was then keyed into the SAMS data analysis program and checked for
accuracy. Parameters calculated included the concentrations of each of the species. DO.
DO gain and loss. net photosynthesis/respiration ratio (P,-R). pH. algal species diversity.
algal biovolume. and biovolume of available algae. The statistical significance of these
parameters compared to the controls was also computed for each sampling day using
the Interval of Non-significant Difference (IND) plots developed by Conquest. Note that
algal biovolume. algal species diversity and available algae are all derived variables based
on the algal counts. The net photosynthesis/respiration ratio is not derived using "4C
methods but by comparing oxygen concentrations before lights on, at the end of the
photosynthetic period, and then at the next morning, as specified in the standard
protocol. Photosynthesis/respiration ratio was the variable used during the analysis to
incorporate these measurements.

The multivariate methods used in the analysis include cosine and vector distances and
nonmetric clustering. All of these methods have been previously described (Matthews
et al. 1991. Landis et al. 19c,3a, b) and are reviewed in Appendix A Table 2 lists the
variables used in the clustering process.

Results

Algal toxicity results

The WSF of JP-4 was not very toxic on a percentage (v/v) of the total culture media.
Effects were compared by computing the area underneath the growth curve for both the
96 h experiments. As determined by graphical analysis, since 100% inhibition compared
to controls was not achieved, the IC 5o for Ankistrodesmus was 57% WSF and for
Selenastrum 95% WSF.

Persistence of the JP-4 WSF

Seven compounds. benzene. 2.4 dimthylpentane, ethylbenzene, 2-methylpentane, 2-
methylpropane, o-xylene and toluene, were tracked using GC analysis during the course
of the SAM experiment. Figure 2 is an area graph that presents both the concentrations
of the individual components along with the totals of these seven materials in microcosms
of Treatment 4. As can be readily seen. 504 h after dosing, the relative concentrations
of these materials have rapidly disappeared. After week three, only 2-methylpentane
and 2-methylpropane are detectable. Since only the 2-methylpropane is present 672 h
after dosing, this material may be the final biodegradative product of the absorbed
fraction of the WSF, and is being investigated in more detail

Patterns in algal communities

The largest increase in algal population density occurred in treatment 4 (Fig. 3). The
peak density is approximately twice that of the control replicates at day 21. After the
initial bloom in treatment 4. no particular dose-related pattern is discernible. LyngbYa
makes up a substantial portion of the algal community in each treatment group. which
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Table 2. Biotic parameters used in the multivariate
statistical tests. Biotic variables such as diversity, avail-
able biovolume, and total algal biovolume are not used
since they are derived from the variables listed below.
Including derived variables weights some parameters
more than others since some like Anabaena can be used
alone and again in the calculation of total algal biovo-
lume

Biotic parameter

Anabaena
Ankistrodesmus
Chlamydomonas
Chlorella
Daphnia
Ephipia

Small Daphnia
Medium Daphnia
Large Daphnia

Tetrazhymena
Lyngbya
Miscellaneous sp.
Ostracod (Cyprinotus)
Phdiodina (Rotifer)
Scenedesmus
Selanastrum
Stigeoclonium
Ulothrix

is historically unusual. The number of algal species, as enumerated by the counting
technique, also generally declines in each of the treatment groups, but in a general serse
not related to dose.

Daphnid populations.
Each of the treatment groups exhibited similar dynamics (Fig. 4). None of the groups
were statistically different from the control groups using conventional analysis of
variance approaches. Minor perturbations in the timing of the peaks may have occurred,
but by day 50 the means of each group were very similar.

Ostracod populations.
At the end of the experiment, the average population density in the control treatments
is approximately twice that of treatment 4, the highest toxicant concentration (Fig. 5).
Population density in the two treatment groups with the highest toxicant concentrations,
decline below the no dose treatment and the lowest treatment densities. This pattern is
apparent graphically from day 53 onward. Conventional analysis such as the IND plot
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Fig. 2. Purge and trap Gas Chromatography results for the WSF of JP-4. A substantial
reduction in the number and concentration of the WSF constituents is apparent two
weeks after dosing in Treatment 4. At the end of the SAM experiment the fractions are
at relatively low concentrations.

does not pick any date as significantly different from the control. The probability of the
order remaining consistent on five consecutive dates when derived from a common
population by chance alone and assuming independence of each group is small (12*
(1/4!)5 = 0.0000015).

Philodina and Tetrahymena populations.
Tetrahymena survived in each of the treatment groups until near the end of the
experiment (Fig. 6a). No specific dose related pattern was apparent although a two
sampling period bloom (days 25 and 27) was apparent for Treatment 2. Unfortunately
the error in sampling and the inherent asynchrony in Protistan reproduction prevented
the result from being detectable using conventional methods. Philodina did not appear
in appreciable numbers until after day 25 in any of the treatments. Day 53 showed a
dramatic increase in treatments 3 and 4 followed by a decline, so that by day 60 all
treatments were similar. Although suggestive, the results are not significant; the large
overlap of the standard deviation apparent (Fig. 6b). The difficulty in sampling rapidly
growing and declining populations in asynchronous growth is apparent. Although trends
may be suggested, conventional analysis does not detect a significant effect.
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Fig. 4. Daphnid population dynamics. Each of the treatment groups exhibited similar
dynamics. None of the groups were statistically different from the control groups using
conventional analysis of variance and IND approaches. Minor perturbations in the timing
of the peaks may have occurred, but by day 49 the means of each group are very similar.

pH and photosynthesis/respiration ratio.

Treatment 4 pH did exhibit a statistically significant difference from the other treatments
during the period of the algal bloom during the first ten days after dosing (Fig. 7). On
day 49 a deviation from the control in a dose response manner was detected. However
with the multiple comparisons being made it is difficult to attribute such an event to the
treatment. At the end of the experiment all of the groups resembled reference treatment.

The photosynthesis/respiration ratio did not exhibit statistically significant differences
during the course of this experiment.

Multivariate results
The multivariate methods used in the analysis include cosine and vector distances and
nonmetric clustering. Cosine distance in a clustering based on the relative cosine from
the origin of the multivariate space. The assumption is that similar replicates are close
when relative angles are compared. Vector distance assumes that the replicates that form
a cluster are near when distances are compared. Nonmetric clustering is a technique
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Fig. S. Ostracod population dynamics. The average population density in the control
treatments is approximately twice that of Treatment 4, the highest concentration. In
between, the populations densities are ranked in a dose response manner. Although
suggestive and not readily apparent in the other biological data, the apparent dose
response falls within the IND plot surrounding the control. The bars are standard
deviations for the means of each sampling day. An IND is approximately 2.5 times the
standard deviation.

where replicates that form clusters have similar characteristics, units of measurement or
assumptions as to distribution are not used in this technique.

The significance levels for the three multivariate tests performed for each sampling
day are graphed in Fig. 8. All tests agree that a significant difference between treatment
groups was observed through day 25. Nonmetric clustering demonstrated fluctuations in
this significance from day 25 until 40, and from 40 until the end of the experiment. The
cosine vector and Euclidean vector methods were statistically significant until after day
53.

In Fig. 9, the average cosine distances within the reference group and between the
reference group and each of the three treatment groups are plotted on a log scale. The
initial, strong effect, from day 11 to day 25, is easily seen as a large distance from the
reference treatment 1 (no dose) and treatment 4 (highest dose). The period from day
25 to 30 reflects another more subtle oscillation that is statistically significant using cosine
vector and Euclidean vector clustering. From day 35 to day 46 the distances from
treatment 1 to the other treatments are similar to the within treatment I distances and
the nonmetric clustering does not detect a significant difference. A third period of
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Fig. 6. Tetrahymena and Philodina population dynamics. The population dynamics of
the Philodina suggest a treatment effect towards the end of the experiment. As with the
ostracods the sampling error is too large to distinguish such an effect using conventional
univariate techniques. The bars are qtandard deviations for the means of each sampling
day. An IND is approximately 2.5 times the standard deviation.

separation from the control that is statistically significant using the distance measures,
from day 46 to 53, is seen for the JP-4 SAM.

Also of interest are the variables that best described the clusters and the stability of
the importance of the variables during the course of the experiment. Table 3 lists the

variables determined to be important in defining the clusters of importance for each

sampling day as determined by nonmetric clustering. In general, the number of variables
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Fig. 7. pH. Treatment 4 pH- did exhibit a statistically significant difference from the
reference treatment during the period of the algal bloom during the first ten days after
dosing (INDL = IND upper limit. INDV = [ND upper limit). On day 49 an additional
deviation from the control in a dose response manner was detected.
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Fig. S. Significance levels of the three multivariate statistical tests for each sampling day. Note
that there are two periods, early and late ones, where the clustering into treatment groups is
significant at the 95% confidence level or above.
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Fig. 9. Cosine distance from the control group to each of the treatments for each sampling day.
Note that large differences are apparent early in the SAM. During the middle part of the 63 day
experiment the distances between the replicates of Treatment 1, the control group, is as large as
the distances to the treatment groups. However, later in the experiment the distances from the
dosed microcosms to the control again increase followed by another apparent convergence.

that were important was larger during the start of the test and lower at the end. In
addition, a great deal of variability in rankings is apparent during the course of the SAM.
The number of sampling dates when a variable was deemed important in cluster
formation is listed in Table 4. Chlorella and small Daphnia were ranked 8 out of the 16
sampling dates with Ankistrodesmus ranked 6 out of 16, being ranked in 12 out of the
16 sampling dates. The distribution of ranks was rather even although variables such as
Tetrahymena and Ulothrix did not appear.

The timing of each variable gaining importance in the determination of clusters was
also interesting. Ostracods and Philodina were important after day 32 of the experiment.
as were small Daphnia. Chlorella was selected as a significant variable throughout the
course of the experiment.

Discussion

The examination of individual parameters provided only a limited and somewhat
distorted view of the dynamic responses of the SAM system to JP-4. The univariate data
did show that there were some significant responses to the toxicant as determined by
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Table 3. Important variables as determined by nonmetric clustering ranked according to contribu-
tion for each sampling day. Some variables such as Ankistrodesmiss were important in determining
group clusters in the first half of the experiment. Some of the variables such as Ostracod and
Philodina were more important in the latter stages of the experiment. Note that the order of
importance of even the more common contributors often changed from sampling day to sampling
day. with no one variable being consistently ranked. Chiorella and small Daphnia being the closest.

Day Important Variables in Determining Clusters in Rank Order

11I Selanastrum. medium Daphnia, Chiorella. Ankistrodesmus
14 Selenastrum. small Daphnia. medium Daphnia-Ankistrodesmus'. age Daphnia-

Stigeocloniuma
18 Scenedesmus. Selanstrum. Ankistrodesmus. small Daphnia. Chiorella. large Daphnia
21 Scenedesmus. Ankistrodesmus, Chiamydomonas
25 Chiorella. small Daphnia
28 Chlorella, Ankistrodesmus-Lyngbya', Philodina
32 Ostracod
35 Ostracod. Philodina, Scenedesmus
39 Scenedesmus. small Daphnia
42 Lyngbya, small Daphnia, Philodina, Ankistrodesmus
46 Medium Daphnia
49 Scenedesmus, Chiorella. Philodina
53 Chlorella, Philodina
56 Medium Daphnia-small Daphnia'
60 Small Daphnia. Ostracod, Lyngbya
63 Chiorella, small Daphnia, medium Daphnia, Lyngbya

'Hyphen between variables denotes equal rank.

Table 4. Variable according to success in
determining clusters as defined by nonmetric
clustering. Variables such as Ankistrodesmus
and the Daphnia classes were important in the
course of this study. However, reliance on any
particular organism or a small combination
would have poorly described the dynamics of
the system

Variable Ranked

Chiorella 8
Small Daphnia 8
Ankistrodesmus 6
Scenedesmus 5
Philodina 5
Medium Daphnia 4
Lyngbya 4
Large Daphnia 3
Ostracod 3
Selenastrum 3
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the chemistry. Biological data, taken individually, did not demonstrate a coherent and
unified picture of the response of the biota to JP-4. The biological responses that were
most evident were of only dramatic impacts, such as the increase in the algal populations
due to the inhibitory effect of the JP-4 upon the grazer populations. Axiomatically, an
inhibition of the predominant grazer in the early stages of the microcosm, the Daphnta.
is going to result in an algal bloom. These types of responses do not provide a depth of
understanding of the function and structure of the artificial ecosystem. In contrast to the
biological data, pH did demonstrate some statistically significant differences using the
IND methodology that hinted at an early major impact in treatment 4 and a later
divergence. It is likely that pH is measuring an alteration in the metabolism of the system
and therefore a change in the functionality, but without structural differences it is
difficult to attribute the functional differences to structural alterations.

The multivariate analyses of the structural data revealed patterns not observed using
the univariate analysis of the biotic data. Three oscillations from the non dosed
treatment 1 could be observed that were statistically significant. Two of these oscillations
correspond well to the divergences seen in the pH analysis. However in the divergences
seen between days 25-30 and 50-55 (Fig. 9), suggestions of a dose-response can be seen
that are not apparent in the pH data. It is important that these oscillations were observed
after the demise of the original WSF mixture, no doubt lost to volatilization or
biotransformation and degradation by the biota.

Comparison of jet fuel microcosms

A similar set of results have been obtained for a related toxicant. Jet-A (Landis et al.
1993). In a virtually identical experiment, univariate methods were able to demonstrate
alteration in the grazer (daphnid)-algal dynamics and in two functional measures, pH
and P/R ratio. Subsequent departures of the dosed treatments from the non dosed
treatments were not observed using the biotic measures. However, the functional
measures, pH and P/R. both demonstrated an additional divergence for one sampling
date in the latter half of the microcosm experiment. However, the univariate analysis
does not corroborate these results and they may have been dismissed as chance
occurrences without the multivariate analyses.

The multivariate analyses depicted at least two statistically significant oscillations using
all three measurement techniques. As with the Jet-A. the original WSF mixture had
rapidly decreased in concentration during the first few weeks after dosing.

A detailed comparison of the dynamics of the two SAM experiments is currently
underway to compare similarities and differences in the multivariate space of the impacts
of the two mixtures. However, changes in the structural composition of the systems did
occur repeatedly during the course of the experiments even in these relatively simple
systems. These oscillations point to effects not readily observed or predicted by single
species systems. The repeated divergence of the dosed systems from the reference
systems can be accounted for in two ways:

(1) It may reflect the functioning of the community in terms of parameters not directly
sampled by the SAM protocol.

(2) It may be a persistent fluctuation in the community structure initiated by the initial
stress, but is only periodically visible, as if it were an incompletely dampened nonlinear
oscillation in the systems' inherent dynamics.
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Examination of individual parameters provides only a limited, and somewhat distorted
view of the SAM microcosm response to the WSF of each fuel. The univariate data
analysis did indeed show that there were some significant responses to the toxicant by
individual taxa and chemistry: however, the responses were scattered over time. and did
not present a logical, coherent pattern. Furthermore, the individual responses detected
were typified by wild swings in the population density of a taxon over time.

If you kill or restrict the reproduct, )n of most of the Daphnia. the next microcosm
response is probably an algal bloom. This result could easily have been predicted by the
short term toxicity tests and was expected. However, recent modelling efforts by Taub
et al. (submitted) suggest that the dynamics of these interactions and the resulting
magnitudes of the algal blooms are highly dependent upon the timing of the toxic insult.
Measuring these types of gross responses to the toxicant do not provide much more
insight into impact of the toxicant in the ecosystem than do the short-term single-species
tests. The absolute magnitude of the disturbance and the period of recovery can be
obtained from the microcosm experiment, in the sense of a classical predator prey
interaction. However, the multivariate analysis reveals a more interesting dynamic.

The multivariate patterns suggest a much more complex pattern of multiple diverg-
ences and convergences in the similarities between treatment groups. Much as an
ecosystem could be expected to display the rise and fall of species assemblages. the SAM
microcosms appear to indicate that the first divergence is only the beginning of a series
of responses.

Using nonmetric clustering, we can list the variables that were the most important for
separating the treatment group clusters for each day that measurements were collected
(Table 3). The list of variables suggests that the first divergence, which occurred from
about day 11 through day 25. results from predator/prey interactions between primary
producers (algae) and first order consumers (Daphnia). This divergence should be
characterized by the following properties:

(1) The divergence will be fast, because the algae and Daphnia populations are
introduced into the microcosm after being cultured in optimal laboratory conditions and
then placed into cultures with high available nutrient concentrations. Predation, or the
lack of predation, or other limiting factors will cause rapid changes in the algal and
herbivore populations.

(2) The divergence will be short-lived, because the populations are unstable in the
nutrient rich early successional microcosm. There will be a tendency for the microcosms
to drift away from the early 'treatment' effect into a more typical community based on
both algae and detritus as the food source for the secondary consumers. Initially. this
drift may mask treatment effects and be interpreted as recovery of the system.

The first divergence is the only type of response that is normally searched for in
microcosm tests using conventional statistics. This response is typical of many reported
SAM experiments (Taub et al. 1988, Taub 1988. Haley et al. 1988. Landis et al. 1989).

The second and third divergences occurred from between days 25-30 and 50-55.
During this time, Daphnia and some of the algal taxa were often still important in the
cluster development; however, other secondary consumers (Ostracods and Philodina)
entered the list. The second divergence may represent the long-term effects of the initial
toxicant on a more successionally mature community that is fuelled by both algal
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productivity and detritus. If so. the resulting divergences should have the following
characteristics:

(1) It should be strongly influenced by detritus quality. Detritus is conditioned by
bacteria and fungi, which are highly sensitive to toxicants but are unmeasured in the
microcosm. Also. detritus that has passed through the gut of a consumer (e.g.. consumed
algae) is different from detritus that originates directly from dead algae (unconsumed).
Therefore. the quality of the detritus may be highly affected by the treatment, but none
of the factors influencing the effects will be measured directly.

(2) Secondary consumers of detritus and bacteria are no less affected by the quality
of their food source than algal consumers, so the treatment-related alterations of the
quality of detritus and bacteria will cause differences in the secondary consumer
populations.

Therefore. the series of divergences following the initial algal-daphnid interaction may
still represent a direct response to the initial treatment effects, but because it occurs late
in the microcosm experiment, it is easily misinterpreted as noisy or the effects of a
degradation product. An inclusion of measures of detritus quality and microbial meta-
bolism may answer these questions and such studies are currently being incorporated
into our series of microcosm experiments.

Invoking unseen properties of an ecosystem or other mechanistic explanations may
not be needed to explain the occurrence of oscillations and divergences from a non-
dosed reference system. An alternative and complimentary explanation is available that
perhaps describes the dynamics of multispecies systems at a more fundamental level.

Ecosystem dynamics and the illusion of recovery

The return of a system to its pre-existing state, structurally, metabolically and dynami-
cally, is a classical definition of recovery. There are many biotic and abiotic factors that
govern the composition of an ecosystem after a stress event, substrate type, distance
from colonizing sources, genetic variability of the resident population are but a few.
Since each of the initial conditions are likely to be different from those that lead to the
original system, it is unlikely that the subsequent system will be identical. Similarity.
however, does not mean the same. In fact. similarity at the structural level may lead to
an illusion of recovery.

First. the apparent recovery or movement of the dosed systems towards the reference
or treatment 1 case may be an artifact of our measurement systems that allow the
n-dimensional data to be represented in a two dimensional system. In an n-dimensional
sense. the systems may be moving in opposite directions and simply pass by similar
coordinates during certain time intervals. Positions may be similar, but the n-
dimensional vectors describing the movements of the systems can be very different.

The apparent recoveries and divergences may also be artifacts of our attempt to
choose the best means of collapsing and representing n-dimensional data into a two or
three dimensional representation. In order to represent such data, it is necessary to
project n-dimensional data into three or fewer dimensions. As information is lost when
the shadow of a cube is projected upon a two dimensional screen, a similar loss of
information can occur in our attempt to represent n-dimensional data. The possible
illusion of recovery based on this type of projection is diagramatically represented in
Fig. 10. In Fig. 10a the dosed and the reference systems appear to converge. i.e. recovery
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Fig. 10. Diagrammatic r-presentation of ecosystem movements in ecosystem space. In
a, the dosed and the refe.ence systems appear to converge, i. e. recovery has occurred.
However, this may be an illusion of the variables chosen to describe the system. Fig. lOb
is the same system but viewed from the 'top'. When a new point of view is taken.
divergence of the systems occurs throughout the observed time period.

has occurred. However, this may be an illusion created by the perspective chosen to
describe and measure the system. Figure 10b is the same system but viewed from the
'top'. When a new point of view is taken, divergence of the systems occurs throughout

the observed time period. As the various groups separate, the divergence may be seen
as a separate event. In fact, this separation is a continuation of the dynamics initiated
earlier upon one aspect of the community. Eventually, the illusion of recovery may
simply be the divergence of the replicates within each treatment group becoming large
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enough, with enough inherent variation, so that even the multivariate analysis can not
distinguish treatment group similarities. Not every divergence from the control treat-
ment may have a causal effect related to it in time: differentiating these events from
those due to degradation products or other perturbations is challenging.

Complexity in nonlinear ecological systems
Not only may system recovery often be an illusion but strong theoretical reasons indicate
that recovery to a reference system may be impossible or at least unlikely. In fact.
systems that differ only marginally in their initial conditions and at levels probably
impossible to measure are likely to diverge in unpredictable manners. May and Oster
(1978) in a particularly seminal paper investigated the likelihood that many of the
dynamics seen in ecosystems, generally attributed to chance or stochastic events, are in
fact deterministic. In fact simple deterministic models of population can give rise to
complicated behaviours. Using equations resembling those used in population biology.
bifurcations occur resulting with several distinct outcomes. Eventually, given the proper
parameters, the system appears chaotic in nature although the underlying mechanisms
are completely deterministic. Obviously, biological systems have limits, extinction being
perhaps the most obvious and best recorded. Another ramification is that the noise in
ecosystems and in sampling may not be the result of a stochastic process but the result
of underlying deterministic, chaotic relationships.

These principles also apply to spatial distributions of populations as recently reported
by Hassell et al. (1991). In a study using host-parasite interactions as the model, a variety
of spatial patterns were developed using the Nicholson-Bailey model. Host-parasite
interactions demonstrated patterns ranging through static 'crystal lattice' patterns, spiral
waves, chaotic variation or extinction with the appropriate variation of only three
parameters within the same set of equations. The deterministic patterns could be
extremely complex and not distinguishable from stochastic environmental changes.

Given the perhaps chaotic nature of populations it may not be possible to predict
accurately species presence. population interactions, or structural and functional attri-
butes. Katz et al. (1987) examined the spatial and temporal variability in zooplankton
data from a series of five lakes in North America. Much of the analysis was based on
limnological data collected by Bige and Juday from 1925 to 1942. Copepods and
cladocera. except Bosmina. exhibited larger variability between lakes than between
years in the same lake. Some taxa showed consistent patterns among the study lakes.
They concluded that the controlling factors for these taxa operated uniformly in each of
the study sites. However, in regards to the depth of maximal abundance for calanoid
copepods and Bosmina, the data obtained from one lake had little predictive vowee for
application to other lakes. Part of this uncertainty was attributed to the intrinsic rate of
increase of the invertebrates with variability increasing with a corresponding increase in
rmax- A high rmx, should enable the populations to accurately track changes in the
environment. Katz et al. suggest that these taxa be used to track changes in the
environment. Unfortunately. in the context of environmental toxicology, the inability
to use one lake to predict the non-dosed population dynamics of these organisms in
another, reduces the sensitivity of methods that use comparisons of two systems as
measures of anthropogenic impacts.

A better strategy may be to let the data and a clustering protocol identify the
important parameters in determining the dynamics of and impacts to ecological systems.
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This approach has been recently suggested independently by Dickson et al. (1992) and
Matthews and Matthews (1991). This approach is in direct contrast to the more usual
means of assessing anthropogenic impacts. One classical approach is to use the presence
or absence of so called indicator species. This assumes that the tolerance to a variety of
toxicants is known and that chaotic or stochastic influences are minimized. A second
approach is to use hypothesis testing to differentiate metrics from the systems in
question. This second approach assumes that the investigators know a priori the
important parameters. Given that the important parameters in differentiating non-dosed
from dosed systems change from sampling peiiod to sampling period, this assumption
can not be made. Classification approaches such as nonmetric clustering or the canonical
correlation methodology developed by Dickson et al. eliminate these assumptions.

Implications for monitoring and risk assessment

The results presented in this report combined with the others cited above and the
implications of chaotic dynamics suggest that reliance upon any one variable or an index
of variables is an operational convenience that may provide a misleading representation
of pollutant effects and the associated risks. The use of indices such as diversity and the
Index of Biological Integrity have the effect of collapsing the dimensions of the
descriptive hypervolume in a relatively arbitrary fashion. Indices. since they are compo-
sited variables, are not true endpoints. The collapse of the dimensions that are compo-
sited tends to eliminate crucial information, such as the inherent variability, and its
importance in describing these variables. The mere presence or absence and the
frequency of these events can be analysed using techniques such as nonmetric clustering
that preserve the nature of the dataset. A useful function was certainly served by the
application of indices, but the new methods of data compilation, analysis and representa-
tion derived from the Artificial Intelligence tradition can now replace these approaches
and illuminate the underlying structure and dynamic nature of ecological systems. In the
next 12 months RISC (reduced instruction set computer) based personal computers will
make these approaches widely available and rapidly run at the desktop.

The implications are important. Currently, only small sections of ecosystems are
monitored or a heavy reliance is placed upon so-called indicator species. Our data
suggest that this is dangerous, potentially producing misleading interpretations and
resulting in costly error in management and regulatory judgments. Much larger toxico-
logical test systems are currently analysed using conventional statistical methods on the
limit of acceptable statistical power. Interpretation of the results has proven to be
difficult.

The dynamics observed in our experiments and in the research discussed above should
make obvious that a metaphor such as ecosystem health is inappropriate and misleading.
In a recent critical evaluation. Suter (1993) dismissed ecosystem health as a misrepresen-
tation of ecological science. Ecosystems are not organisms with the patterns of homeos-
tasis determined by a central genetic core. Since ecosystems are not organismal in
nature, health is a property that can not describe the state of such a system. The urge
to represent such a state as health has lead to the compilation of variables with different
metrics, characteristics and relationships. Suter suggests a better alternative would be to
evaluate the array of ecosystem processes of interest, with an underlying understanding
that the fundamental nature of these systems is quite different from those of organisms.

One of the ongoing debates in environmental toxicology has been the suitability of
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the extrapolation and realism of the various multispecies toxicity tests that have been
developed over the last 15 years. One of the major criticisms of small scale systems is
that the low diversity of the system is not representative of natural systems in dynamic
complexity (Sugiura 1992). Given the above discussion and the conclusions derived from
it much of this debate may have been misdirected. The small scale systems used in our
stud), have been demonstrated to express complex dynamics. Kersting and Van Wun-
gaarden (1992) found that even the three compartment microecosystem. as developed
by Kersting (1984. 1985, 1988). expresses indirect effects as measured by pH changes
after dosing with chloropyrifos. Since even full scale systems can not serve as reliable
predictors of the dynamics of other full scale systems, it is impossible to suggest that
any artificially created system can provide a generic representation of any full scale
system. Debate should probably revert to more productive areas such as improvements
in culture. sampling and measurement techniques or other characteristics of these
systems. A more worthwhile goal is probably the understanding of the scaling factors.
in a full n-dimensional representation. that should enable the accurate representation of
specific ecosystem characteristics. Certain aspects of a community may be included in
one system to answer specific questions that in another system would be entirely
inappropriate. If questions as to detritus quality are important then the system should
include that particular component. In other words, the system should attempt to answer
the particular scientific question.

Several questions are now the goals of future research. The dynamics of the loss of
jet fuels from the SAM systems is currently being investigated in greater depth.
Additional data should indicate the persistence of the constituents and help aid in the
determination of initial toxicity, including further information from literature searches
or using quantitative structure activity relationship models. Additional testing of related
materials is being conducted. Finally, questions as to the effects of size and community
structure abound. The SAM system is relatively simple. Data sets incorporating more
diverse species assemblages and of varying sizes are being investigated for comparison.

Conclusion

Effects are seen in the microcosm after the degradation of the toxicant to very low levels
in an oscillating pattern of divergence from the non-dosed treatment, apparent recovery.
which is then followed by another divergence.

Multivariate analysis is crucial in observing effects with typically noisy datasets and
points to the dynamic nature of the variables important in distinguishing the four
treatment groups. Univariate methods would have discounted the contributions of
variables such as Philodina and Ostracod, since the dosed treatments could not be
demonstrated as being statistically different using conventional methods. However, the
nonmetric clustering and association analysis demonstrated the importance of these two
variables and allows the generation of a new hypothesis, the switch of the system to a
detritus base and the resultant differences in system dynamics as indirect effects of the
toxicant addition.

Two general hypotheses are proposed to account for the observed dynamics of the
system. The oscillations may be the result of structural and functional components not
measured. such as detrital processing and quality. The second and not exclusive hypoth-
esis is that the oscillations are due to the inherent nonlinear nature of ecosystems and
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may propagate in an inherently unpredictable but not unbounded fashion over time.
Nonlinear or chaotic dynamics do not imply random behaviour. In fact, chaotic equa-
tions are perfectly deterministic. However. small changes in initial conditions give rise
over time to different outcomes. The possibly nonlinear nature of ecosystems does place
a time constraint over which, given an initial accuracy of initial conditions. the dynamics
of the system can be predicted. Predictions are perhaps better represented as forecasts
over specified periods of time.

The implications of these results is that reliance upon indices that condense data or
upon indicator species may be misleading in determining effects of stressors upon
biological communities. A strategy providing better resolution in determining ecosystem
impacts may be the sampling of a broader set of variables, accepting the variability
inherent in sampling. Given the difficulty of accurately determining initial conditions.
and therefore the dynamics of the system. it may be impracticable or impossible to
accurately predict relevant measurements at specific times. If it is inherently impossible
to predict the relevant parameters at a specified time, only an examination of a
compendium of data from the system is likely to reliably measure effects. A focus on
only a few assessments and their corresponding measurement endpoints will probably
miss important changes in ecosystem structure and function that create the illusion of
sameness, but important differences in the dynamics of structural changes may go
undetected.

If multiple undampened oscillations and even chaotic dynamics characterize eco-
systems then concepts such as ecosystem health and ecosystem recovery should be
eliminated or redefined. Nonlinear or complex systems bordering on the chaotic are
unlikely to exhibit characteristics that correspond to health at the organismal level.
Similarly, recovery of a system to a preexisting state, both in location and dynamics.
may be impossible or highly unlikely.

Appendix A.

Multivariate Techniques-Nonmetric Clustering

In the research described above, three multivariate significance tests were used. Two of them were
based on the ratio of multivariate metric distances within treatment groups versus between
treatment groups. One of these is calculated using Euclidean distance and the other with cosine
of vectors distance (Good 1982. Smith et al. 1990). The third test used nonmetric clustering and
association analysis (Matthews et al. 1990). In the microcosm tests there were four treatment
groups with six replicates, giving a total of 24. This example is used to illustrate the applications
in the derivations that follow,

Treating a sample on a given day as a vector of values, i = jx1 ... x,-. with one value for
each of the measured biotic parameters. allows multivariate distance functions to be computed.
Euclidean distance between two sample points i and Y is computed as

(1) /Z7,- y,

The cosine of the vector distance between the points i and ý is computed as
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(2) D

Subtracting the cosine from one yields a distance measure, rather than a similarity measure, with
the measure increasing as the points get farther from each other.

The within-between ratio test used a complete matrix of point-to-point distance (either Eucli-
dean or cosine) values. For each sampling date, one sample point i was obtained from each of
six replicates in the four treatment groups. giving a 24 X 14 matrix of distances. After the distances
were computed. the ratio of the average within group metric (W) to the average between group
metric (B) was computed (W B). If the points in a given treatment group are closer to each other.
on average, than they are to points in a different treatment group, then this ratio will be small.
The significance of the ratio is estimated with an approximate randomization test. This test is
based on the fact that. under the null hypothesis. assignment of points to treatment groups is

random. the treatment having no effect. The test, accordingly, randomly assigns each of the
replicate points to groups. and recomputes the WIB ratio, a large number of times (500 in our
tests). If the null hypothesis is false, this randomly derived ratio will (probably) be larger than the

WIB ratio obtained from the actual treatment groups. By taking a large number of random
reassignments. a valid estimate of the probability under the null hypothesis is obtained as

(n + 1)/(500 + 1) where n is the number of times a ratio less than or equal to the actual ratio

was obtained (Noreen 1989).
In the clustering association test. the data are first clustered independently of the treatment

group. using nonmetric clustering and the computer program RIFFLE (Matthews and Hearne

1991). Because the RIFFLE analysis is naive to treatment group, the clusters may, or may not

correspond to treatment effects. To evaluate whether the clusters were related to treatment

groups. whenever the clustering procedure produced four clusters for the sample points, the

association between clusters and treatment groups was measured in a 4 x 4 contingency table.

each point in treatment group i and cluster j being counted as a point in frequency cell ij.

Significance of the association in the table was then measured with Pearson's X2 test, defined as

(3) X2 = 1 (Nj - n#)2

81 nij

where N, is the actual cell count and ni, is the expected cell frequency, obtained from the row and

column marginal totals N., and N,. as

(4) n= N,
N

where N = 24 is the total cell count. and a standard procedure for computing the significance

(probability) of X' taken from Press (1990).
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Abstract

Risk assessment typically proceeds by successively combining various un-

certain inferences into an overall probability. For example, in computing the

potential effect on a target species, an extrapolation may have to be made from

an acute test on a similar species. A test on white mice, for example. may be

pressed into service to estimate effects on deer mice. The expected exposure

may be chronic rather than acute, and this will introduce further uncertainty.

The test may have been an LC 50 test, while the criteria standards may involve

NOELs. which again have to be uncertainly estimated from the LC 50. Typ-

ically these uncertainties are combined into a single inferential step, often by

assuming worst case in each step, and independence of each uncertainty. This

procedure results in a conservative estimate, but rarely an accurate one. Fur-

ther. it can create an unwarranted variance of several orders of magnitude from

the actual test results. This type of inference procedure constitutes a proba-

bilistic reasoning system. for which a number of mathematical formalisms have

been developed in the artificial intelligence tradition, such as Dempster-Shafer

theory, truth maintenance systems. and nonmonotonic logic. In this paper, we

use several cases to illustrate the differences between the conventional approach

and a more sophisticated approach that takes into account possible interactions

between the various uncertainties in the system. It is generally possible to get

much more realistic bounds on the risk assebsment by invoking mathematical

methods more sensitive to the logic of combined probabilities.

Keywords: uncertainty, risk assessment. probability, artificial intelligence, ex-

pert systems



Uncertainty Propagation in Risk Assessment

Life is the art of drawing sufficient conclusions from insufficient

premises. -Samuel Butler

1 Introduction

Risk assessment involves the combination of a wide variety of more or less uncertain

sources of information. Some are known very accurately, such as the gravitational

constant or the balances required in redox equations. others are known approxi-

mately, such as the LC 50 of copper sulfate for rodents, while others are largely

informed conjecture. such as the strength of a public reaction to a 10% increase

in the acidity of rain or the stability of an ecosystem. Usually, each of these un-

certainties is modelled by a probability distribution over the possible values that

each of the variables or parameters of interest can obtain. We discuss here sev-

eral approaches to uncertain reasoning that come out of the artificial intelligence

(AI) tradition. and how use of these techniques might improve the practice of risk

assessment.

The variables that go into a risk assessment can be grouped into three major

categories:

1. Physical parameters.

2. Decisions.

3. Values.

Physical parameters are things like temperature, pH, number of organisms. and so

on. In purely scientific studies, as opposed to policy making studies, physical pa-
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rameters are often the only variables that go into the analysis. Decision parameters

are items that are under the user's control. The decision to grant permits. for ex-

ample, can take on such values as: no permits. a few restricted permits, or permits

granted to all who apply. The values of the physical variables often feed into the

decisions. but generally decisions are made in the hope of maximizing the value

parameters. Value parameters are things like jobs, clean air, and healthy wildlife

populations.

Establishing reasonable values for these uncertain quantities is a difficult enough

task. However. even after the experiments or surveys have been done, the problem

remains of combining various uncertain quantities, of reasoning from one unsure

foundation to another. For example, one may have reasonably accurate informa-

tion about the relation of a toxin to a particular species. and reasonably accurate

information about the structure of the toxin and its toxic relationship to various

metabolic pathways. but need to extrapolate this evidence to other species. to an

entire ecosystem. or to other toxins. Methodologies such as the QSAR, for exam-

ple. are attempts to extrapolate from tested species to untested, species, e.g. rats to

Daphnia. or from tested compounds to untested compounds, e.g. 2.4 dichlorophenol

to 2.6 dichlorophenol (Enslein and Craig. 1978: Enslein et al., 1983: Enslein et al..

1988).

Typically, it is assumed that the uncertainties in an analysis are probabilities

of one sort or another, and that, accordingly, the only appropriate models for com-

bining them are the laws of probability. However, anylyzing a set of variables (in-

cluding. perhaps. physical parameters. decisions, and values) with a mathematical,

probabilistic model leads quickly to four major problems:
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1. A combinatorial explosion of possibilities.

2. A lack of semantic information to guide inferences.

3. Poor methods of dealing with ignorance as well as uncertainty.

4. The need to calculate all values in the model at once. rather than incrementally

as evidence is obtained.

Recent Al research has directly addressed these problems. In this paper we briefly

consider some of the merits and problems of three AI approaches: localized ap-

proaches (which attempt to solve the combinatorial explosion problem), causal

nets (which attempt to solve the semantic problem), and Dempster-Shafer calculus

(which attempts to solve the ignorance problem). All of them have the benefit of

being incremental approaches: as each new piece of information is added to the

model. the model incorporates it without large-scale recomputation of all that has

gone before.

After a brief introduction to the underlying probabilistic model of uncertainty

analysis. we will discuss each of the three Al approaches in turn.

2 Mathematical model

The underlying probabilistic model is well understood in the risk assessment lit-

erature (Morgan and Henrion. 1900). If a problem concerns a set of variables.

for example {A. B. C. D. E}, then. for each value that each variable can take on.

we need to know the joint probability of that combination, P(a,b,c,d,e) (where

a is a value A can take on. etc.). The immediate problem with this approach is
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that it is intractable for even small numbers of variables. If there are. say. only

20 variables in a problem. and each can take on, say, 6 values, then there are

620 - 3.656. 158.440.062.976. over 3 quadrillion, different combinations of these

values. Specifying all of these values is plainly unrealistic, but which values are

necessary, and which redundant?

If the variables are continuous numbers and can, in effect, take on a infinite num-

ber of different values, then the joint probabilities must be specified as continuous

multivariate functions of those variables, an even more daunting task. Generally

speaking, most practical risk assessment proceeds by making all variables discrete:

for example, species may be considered "highly susceptible," "moderately suscepti-

ble." or "not susceptible." To keep things simple, we will also, for the most part,

assume that variables are categorical, that is. there are only a small number of dis-

crcte values they can take on. However. many of the techniques discussed can be

generalized to the continuous case.

Characteristically, probabilities are not computed from a full, joint probability

distribution, but are dealt with in a probability tree. such as the one in Figure

1. In this figure we have only four variables, and each variable (A, B. C, and Figure

D) has two possible values, which we will represent as +a. -a. etc., and indicate here.

by the upper and lower branches. There are. accordingly, 24 -= 16 possibilities,

one for each path through the tree from left to right: the ends of the far-right

arrows each represent a different possible outcome. The heavy arrows, for example,

represent the combination (+a. -b. -c. +d1. The numbers on the arrows represent

conditional probabilities, based on all the choices to the left. For instance, the

heavy arrow above C in the figure has the value 0.8. indicating that the conditional
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probability of -c given +a and -b, is 0.8. written P(-cj+a. -b) = 0.8. If all 21

probabilities are known in advance (one number attached to each of the ends of the

far-right arrows), then these conditional probabilities can be calculated by summing

and dividing from right to left. The values at the top right, for example. indicating

that P(+a, +b. +c. +d) = 0.01 and P(+a. +b. +c. -d) = 0.004 together imply that

P(+df+a. +b. +c) = 0.01/(0.01 + 0.004), and so on. Likewise, knowing all of the

conditional probabilities will determine the joint probabilities. The heavy arrows.

for example. tell us that P(+a. -b. -c. +d) = (0.3)(0.2)(0.8)(0.1) = 0.0048.

It is usually much easier for humans to estimate a conditional probability than

to estimate a joint probability. For instance, the probability that it rained last

night. given that the grass is wet and you heard thunder. could be estimated. But

estimating tile probability that you will hear thunder tonight and find wet grass

in the morning, unconditioned by anything, usually leads to confusion. Human

probabilistic judgements are usually conditional. and therefore probability trees

such as the one in Figure 1 are usually filled in along the branches, rather than

from the right side.

The tree can. of course. be rearranged, putting B before A. etc., and getting

a different set of conditional probabilities (P(+al - b) instead of P(-bj+a), for

instance). However. there are still an insuperably large number of conditional prob-

abilities that must be estimated. and the mathematical model itself gives us no help

in determining which are relevant and which irrelevant. Further. if there are some

probabilities in the tree about which we are largely, or even completely, ignorant,

some values for them will have to be provided, even if they are completely arbitrary.

In situations of complete ignorance. a uniform probability distribution is usually as-
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sumed: all outcomes equally likely. Other situations require a "seat-of-the-pants"

estimate: for example. we may estimate that 75% of the local population is likely

to favor a pesticide regulation, using only the current political climate as guidance.

This is not total ignorance, but it is just as arbitrary.

These problems: huge numbers of possibilities, not knowing which of them are

relevant, treating ignorance in an ad hoc manner, and the basic need to recalculate

everything when any one thing changes. lead us into several models of reasoning

under uncertainty that stem from the AI tradition. We now turn to a consideration

of three of them. and their relative merits in dealing with these problems.

3 Local approaches

Early in the development of expert systems. the combinatorial problems associated

with inference under uncertainty were recognized. While it was recognized that.

if the presence of a was evidence for b (e.g. P(bla) was high), then even if we

know a is true we still cannot conclude anything about b without knowing if a is

the only information relevant to b. Another factor, such as c, might completely

alter our expectations. For example. elevated temperature in an aquatic system Figure

generally connotes reduced dissolved oxygen concentrations because of the inverse here.

relationship between oxygen solubility and temperature. However, the elevated

temperature may also imply that it is mid-summer. Photosynthetic activity during

this time may cause increased dissolved oxygen levels if the values come from the.

epilimnion of a biologically productive lake (see Figure 2).

Because it was clearly unrealistic for every inference to consult every possibly
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relevant fact in the system. an approximate approach was used. which would go

ahead and make inferences from a to b. but would attach 'certainty factors- to the

conclusions. Certainty factors are definitely not probabilities: calculating proba-

bilities was deemed too hard and certainty factors were a substitute. An example

from the MYCIN system follows (Buchanan and Shortliffe, 1984). MYCIN was an

early expert system constructed to perform medical diagnosis: examine symptoms.

recommend further tests, and make inferences as to likely causes.

Each inference rule in MYCIN was expressed as an -if-then" statement with a

certainty factor attached, such as these:

1. If a then c (0.4)

2. If b then c (0.6)

3. If c then d (0.8)

which indicated that, for example, if you were reasonably sure about c, then you

would be 80% as sure about d. Various combination rules had to be devised when

chains of reasoning were involved. For example. if a and b were both known for

certain, the first two rules could be combined under the following formula to get a

certainty factor for c:

CF(c) 0.4 + 0.6 - (0.4)(0.6)

0.76

Given this certainty factor for c. the third rule above could be used to give a certainty

factor for d:

CF(d) = (0.76)(0.8)
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= 0.61

The MYCIN certainty factors take on both positive and negative values, allowing

evidence to be either for or against a conclusion.

Such localized rules essentially solved the combinatorial explosion problem by

ignoring it. Their use resulted in practical. working systems that solved large prob-

lems in the real world (Buchanan and Shortliffe, 1984). However. they had to be

used with great care, because, strictly speaking, their inferences were invalid. Con-

sider, for example. what would happen with these rules if different types of reasoning

are mixed. Some inferences are from cause to effect; for example. if you open the

floodgates, you can safely infer that the water downstream will rise. On the other

hand. some inferences are from effect to cause; for example, if you find a large fish

kill. you can legitimately raise your expectation of toxins in the water. But putting

two such inferences together can be disastrous. Consider:

"* If the sprinkler was on then the grass is wet (0.9)

"* If the grass is wet then it rained (0.8)

Therefore:

e If the sprinkler was on then it rained

(0.9 * 0.8 = 0.72)

Each of the two original inferences is quite probable; each of their "if parts lends

support to their "then" parts. The combination of the two, however, is ludicrous.

One attempt to incorporate information such as cause-effect relationships into

the process of reasoning under uncertainty is provided by causal nets, considered in

the next section.
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4 Causal nets

Causal nets, also called Bayesian networks or influence diagrams, are an attempt

to retain the original probabilistic model, exemplified in Figure 1, but meet head-

on the problem of combinatorial explosion by analyzing the kinds of links in the

diagram, and reducing the number of calculations that have to be done without

sacrificing validity of the inferences (Pearl. 1988).

One of the devices brought to bear on this problem is distinguishing cause and

effect. as mentioned at the end of the last section. In Figure 3, the inferences from

"-sprinkler" to -grass" and from -grass- to -rain" are distinguished by being :n the

opposite causal direction. Inferences from cause to effect are carried by ir-messages, Figure 3

while inferences from effect to cause are carried by A-messages. (Since we nor- here.

mally have conditional probabilities of effects, given causes, ir's are associated with

probabilities while A's are associated with likelihoods, hence the names.) Careful

handling of A and ir messages at each point avoids the nonsensical inference from

-sprinkler" to "rain", but does so in a way that does not require every inference to

check every other fact in the system before going ahead. In fact, only in certain.

restricted classes of systems does any non-local checking have to be done. Causal

"loops" are one example. where. for instance, a single cause can have two effects.

but each effect can result in the same symptom. In Figure 4. for instance, the ob-

servation of increased chlorophyll would naturally lead to an increased probability

of algal enhancement, which should strengthen the probability of both an oxygen

sag (by a ir message) and the probability of some form of nutrient enhancement (by

a A message). However, the oxygen sag should not then send a A message up the Figure 4

here.
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fish kill -4 nutrient ladder, because this would increase the probability of nutrients

twice on the same piece of evidence.

Such loops raise problems for the causal net model, and there are a number

of approaches to dealing with them; but these problems are minor compared to a

straightforward mathematical model which wouid require all factors be reconsidered

in all inferences.

A number of other advantages to the causal net model come about as well.

The importance of qualitative uncertainties is obvious. The EPA Framework for

Ecological Assessment. for example, asserts that,

... often the relationship [between measurement and assessment end-

points] can be described only qualitatively. Because of the lack of stan-

dard methods for many of these analyses, professional judgment is an

essential component of the evaluation (U. S. Environmental Protection

Agency. 1992. p. 23)

However. a causal net model offers a standard. formal, and qualitative treatment

of independence. In the mathematical model. for example, independence of events

is defined quantitatively, based on the probability distributions: a is said to be

independent of b. given c, if and only if

P(alb. c) = P(ajc)

Clearly, to establish this in general. one has to go back to the joint probabilities and

calculate things numerically. Humans. however, can often judge whether two things

are independent, without having the slightest idea of the numeric probabilities in-

volved. Consider. for instance, a watershed study and the question of whether or
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not rainfall is independent of soil type. Normally we could easily judge that these

two factors are independent. However, to verify this mathematically, the joint prob-

abilities for each plot of land. for each amount of rain. and for each soil type. would

all have to be calculated or estimated. This is clearly a large task, and also plainly

a waste of time given that we can judge their independence qualitatively without

any of the numbers.

Causal nets, on the other hand. by distinguishing 7r (cause to effect) and A

(effect to cause) inferences, can give deep qualitative insight into this kind of inde-

pendence. For example. height and reading ability in humans are highly correlated.

However. if you know a subject's age (presumably the root cause of the correlation

between height and reading ability), then height and reading ability become inde-

pendent. On the other hand. earthquakes and burglaries are largely independent,

but both can cause your car-alarm to go off. Hearing your car alarm simultaneously

raises the probability of both a burglary and an earthquake. but also renders them

dependent -hearing about an earthquake on your radio will decrease your expec-

tation of a burglar at your car. Rainfall and soil type, for another example, are

only conditionally independent. If it is learned that a hill slope failure occurred,

then rainfall and soil type are no longer independent: a very stable soil type would

increase the probability of heavy rain before the failure. Causal nets, in conjunction

with algorithmic inference engines, can automate such complex qualitative reason-

ing. The automation of such inferences becomes critical as the systems dealt with

become more complicated. and dozens or hundreds of intertwined causes and effects

begin to interact.

An extension of the causal net model to continuous-valued numeric variables is
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straightforward (Pearl. 1988, pp. 344-356). and only requires that some tractable

model of the uncertainties be used. The usual assumptions about uncertainties, such

as uncorrelated. normal distributions, and linear interactions between variables,

suffice.

5 Dempster-Shafer theory

Causal nets are an improved reasoning tool for dealing with probabilities such as

those found in the standard model (Figure 1). However, even with the improvements

found in a causal net approach. at times the probabilities in the standard model

remain intractable. Dempster-Shafer theory was designed to overcome some of these

problems, by approaching probabilities in an entirely different light (Shafer, 1976;

Gordon and Shortliffe. 1984). To understand this approach. consider a standard

model with just two variables, a and b. In the standard model, probabilities must

be assigned to all possible outcomes. namely. (+a, +b), (+a, -b), (-a, +b), and

(-a. -b). Even in a situation of total ignorance. some probabilities (such as 0.25

to each) would have to be assigned to these. In the Dempster-Shafer model, sets of

possible outcomes are considered. Probabilities are defined over these sets, denoting

the hypothesis. in each case. that one or another of the possible outcomes in the

set will be the true one. In our two variable example. for instance, the sets might

consist of such things as {(+a. +b). (-a. -b)}, denoting the hypothesis that either

both a and b will be the case. or neither will. or {(+a. -b), (-a, ÷b)}, denoting the

hypothesis that if either a or b happens. the other won't.

The logic of this approach thus contrasts with the standard model. Rather
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than making joint probabilities easier to deal with by breaking them down into

conditional probabilities, joint probabilities are simplified by lumping them together.

The intuition is that many working hypotheses in science are of this nature: a

disease symptom. for example, may indicate one of several diseases and eliminate

others. The presence of such a symptom. then. is evidence for an hypothesis that

is essentially a disjunction: it's probably either A or B or C, where each of the

hypotheses (A. B. and C) is itself a complete specification of the system.

This approach has the advantage of immediately simplifying most problems. In

dealing with a complex ecological system. for instance, a natural approach does

not usually involve hypotheses governing all possible states of all variables in all

combinations. Rather, a few models are conjectured that have consequences for aol

of the variables. For example. a eutrophic lake would characteristically imply high

temperature. low dissolved oxygen. and a deep depth. An oligotrophic lake, on the

other hand. would imply high temperature, high dissolved oxygen. and either deep

or shallow depth. More finely divided scenarios would be devised, of course, to fit

the level of assessment desired.

Further. the calculation of probabilities over these sets is freed from some of the

problems that plague causal nets and other "Bayesian" approaches. The selection of

prior probabilities, for example. is eliminated. Rather than. say, assigning a uniform

probability to all possible outcomes in the case of complete ignorance, the Dempster-

Shafer theorist simply assigns probability one to the set of all possible outcomes (a

set usually denoted by e. and called the frame of discernment), and zero to any

subset. To make sure these probabilities of sets of hypotheses are not confused

with probabilities of hypotheses, we use m instead of P, and say m((e) = 1.0. In
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a Bayesian approach, by contrast. the initial state of ignorance might be modelled

using a uniform distribution: for example, if there were n possible outcomes. each

one would be assigned a probability of 1/n.

For a simple example of subsequent calculations and the incremental propagation

of uncertain information in the Dempster-Shafer model. consider a simple situation

in which there are only three possible outcomes, A, B, and C. All possible subsets

of these outcomes are illustrated in Figure 5 (except the empty set, which, by

assumption. will never have a probability greater than 0). The frame of discernment Figure

e = {A, B. C} is at the top. and the subset relation is indicated by an arrow, here.

Initially.

m(e) = 1.0

m({A.B}) = m(A.C}) 0.0

(A Bayesian approach. on the other hand. would have P(A) = P(B) = P(C) -

1/3.) Now suppose that information is gained suggesting, at a level of 0.6. that

either B or C is correct. We update as:

m(e) = 0.4

m({B.C}) = 0.6

m({A.B}) = n({A.C}) = ... 0.O

Notice that the remainder (0.4 = 1.0 - 0.6) is not assigned to {A}, the complement

of {B. C}, but remains with the completely neutral hypothesis set, {A, B, C}. This

accords well with intuitions: evidence in favor of {B, C} should not increase the

probability of {A} from 0 to 0.4.
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Combining further evidence with this m function proceeds as follows. Let us

call the above function mi, and suppose we gain evidence in favor of {A. B}. with

strength 0.5. This would give us a new function. M2 . with

M2 (e) = 0.5

M2 ({A.B}) = 0.5

Mrn({B.C}) = M2({A.C})- 0.0

In this case. we would expect B to be supported at some level greater than zero,

since it was supported by both pieces of evidence, and this is the case. The combined

measure function. i73 . obtained from mi and m.), is defined as follows, for any set

Z:

M3(Z)= Z mr(X).m 2 (Y)
.r-Y=Z

Accordingly.

m 3 ({B}) = 7nj({B.C}).m 2 ({A.B})

= (0.6)(0.5)

= 0.3

,n3({A.B}) = mi({A.B.C}) . m2{AB})

= (0.4)(0.5)

= 0.2

773({B.C}) = 7i7({B.C}) m2 ({A. B.C})

= (0.6)(0.5)

- 0.3
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m 3 ({A.B.C}) = m1({A.B.C})'m 2 ({A.B.C})

= (0.4)(0.5)

= 0.2

and all other rn3 values are zero. Notice that the sum of all m3 values remains one.

as a probability distribution should. Occasionally, when evidence supports mutually

incompatable hypotheses. the sum drops below one. For example. if one experiment

supported A as the only explanation. and another experiment supported only B,

then the empty set, 0 = {A} n {B}. representing "no possible explanation of the

evidence.- would get some amount of support. In this case. Dempster-Shafer theory

specifies that the probabilities of the nonempty sets are simply scaled up so that

the total sum remains one. Thus. the full equation for m3, given mi and m2, is:

rn(Z) = - = . M2(Y)

This equation can be applied in an incremental fashion as each piece of information

is acquired. or each decision contemplated.

These calculations may appear confusing and involved, and their justification

involves deep results in model theory and logic (Shafer. 1976), but they are nonethe-

less intuitively satisfying and they can be fully automated. The important fact to

notice about them is that practitioners. in dealing with uncertain evidence, need

only specify which sets of hypotheses the evidence supports. The precise impact

of a piece of evidence on any one variable. physical parameter. decision, or value.

need not be estimated. Combinations of particular variables can be combined into

scenarios, and the probabilities of each scenario dealt with directly. This can result

in considerable conceptual clarity in dealing with complex situations. The usual



Uncertainty Propagation in Risk Assessment 21

requirements of expert solicitation, that he or she imagine wildly unlikely combi-

nations of events, and then estimate probabilities for other variables conditioned

on them. are absent from the Dempster-Shafer methodology. Only likely scenarios.

combinations of variable values, need be considered.

6 Conclusion

The logic of combined probabilities, studied extensively in the artificial intelligence

tradition, is amenable to a large number of approaches. The mathematical founda-

tions of probability are usually based on building up definitions and theorems based

on complete knowledge of a joint probability distribution. However, the higher-

Icvel reasoning often pursued by humans in their assessment of uncertainty and risk

often has little or no basis in numerical combinations of a huge number of probabil-

ity estimates. Nevertheless, current practice in risk assessment often assumes that

such rock-bottom numbers must be obtained or estimated. by some means. before

uncertain inference can proceed.

We have outlined three recent approaches to uncertain inference that stem from

tile artificial intelligence tradition. Localizing the inferences allows us to forget

about many of the numbers involved, but at the expense of making quite unreliable

inferences at times. Causal nets reduce some of the complexity of the problem,

can support automated qualitative reasoning about uncertainty, and are faithful to

the cause/effect distinction which permeates uncertain reasoning. Dempster-Shafer

theory allows uncertain reasoning to proceed on a different level, on the level of

sets of likely scenarios rather than sets of variables and their values, and as a result
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greatly reduces the effort in translating human intuition into an automated system.

and has a much more intuitively satisfying treatment of ignorance.

The ability to automate each of these approaches. to embody their inference

structure into a computer program. has the potential for even greater rewards. A

long tradition of machine learning has found that often a computer-generated analy-

sis can be superior to human intuition. A strong example is provided by Michalski's

expert system (Michalski and Chilausky, 1980). Michalski and his colleagues went

through a long consultation phase with a human expert in soybean pathology in an

effort to build an expert system capable of diagnosing soybean diseases. Michal-

ski then used a m chine learning system to build a second expert system solely

from data concerning soybean diseases and their symptoms; in other words, he used

another AI program, a learning program. to extract the rules used by the second

expert system. Both expert systems were then tested on new cases. The set of rules

proluced by the human pathologist correctly identified only 83% of the new dis-

eases. while the set of rules produced by the computer program correctly identified

99.5'X. of the new cases. "... plant pathologists are now using the machine-induced

rules for their routine diagnoses" (Firebaugh. 1988).

A recent study of the future of computer science and engineering (CS&E) by

a committee of the National Research Council concluded that recent advances in

CS&E were not readily available to many other disciplines, and called on CS&E

to increase its interactions with other disciplines. Among the top priorities for the

future of CS&E they listed:
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"* Increase its contact and intellectual interchange with other disci-

plines ...

"* Increase the number of applications of computing and the quality of

existing applications in areas of economic, commercial. and social

significance ...

"* Increase traffic in CS&E-related knowledge and problems among

academia. industry, and society at large. and enhance the cross-

fertilization of ideas in CS&E between theoretical underpinnings

and experimental experience

(Committee to Assess the Scope and Direction of Computer Science and

Technology, NRC. 1992. p. 34)

This paper is an attempt to initiate a dialogue between CS&E professionals versed

in many techniques of automated reasoning under uncertainty and the practitioners

of risk assessment nationwide. Each of the approaches sketched here has great

potential in risk assessment, particularly in automated software tools which may

soon form a critical part of the risk analyst's repertoire.
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Legends for Figures

Figure 1. Basic probability model. Each path from left to right represents a

combination of the variables A, B, C. and D. Conditional probabilities lie along

arrows, joint probabilities are found at the extreme right hand side.

Figure 2. A case in which one cause (high temperature) can lead to different

effects in different circumstances. The conditional probability alone of low dissolved

oxygen. given high temperature. does not allow an inference from high temperature

to low dissolved oxygen.

Figure 3. Bayesian inference takes account of cause and effect by distinguish-

ing inferences based on causes (7r inferences) from inferences based on effects (A

inferences).

Figure 4. A causal loop that must be handled carefully in Bayesian inference,

even if ir anf A inferences are distinguished.

Figure 5. Dempster-Shafer theory calculates probability over sets of hypothe-

ses. not single variable values. This illustration shows all possible subsets of three

hypotheses.
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the reference treatment. These patterns generally were not detected by
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successional stages is significantly different from the control. This
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population interactions, of which the alteration of detrital quality is
but one of many. The initial impact of the toxicant re-set the dosed
communities into different regions of the n-dimensional space where
recovery may be an illusion due to the incidental overlap of the
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implications of non-linear or chaotic dynamics upon the prediction of
ecological risk are discussed.
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DINTODUMCON
Over the last 15 years a variety of multispecies toxicity tests

have been developed with the hope that in doing so, the increased
complexity of the test would result in a more realistic comparison to
community-level responses to the toxicant. However, the addition of
more than one species, and the generally longer time periods associated
with these multispecies tests, also result in much more complex data
sets. Distinguishing toxicant effects from other community-level
changes has become one of the most critical obstacles to the
interpretation of multispecies data sets.

Multispecies toxicity tests are usually referred to as microcosms
or mesocosms, although a clear definition of the size or complexity to
distinguish these terms has not been put forth. In the Standardized
Aquatic Microcosm (SAM) developed by Taub and colleagues (Taub 1969,
1976, 1988, 1989, Taub and Crow 1978, Crow and Taub 1979, Taub et al.
1980, 1987, 1988, Kindig et al. 1983, Conquest and Taub 1989) the
physical, chemical, and biological components are defined as to species,
media and substrate. The SAM system has undergone round robin testing
(Conquest and Taub 1989) and has been used with a variety of toxicants
and degradative organisms (Landis et al. 1989, 1993).

One of the major difficulties in the evaluation of multispecies
toxicity tests has been the difficulty in the analysis of the large data
set on a level consistent with the goals of the toxicity test.
Typically, the goals of the multispecies toxicity test are twofold:

* to detect changes in the population dynamics of the individual
taxa that would not be apparent in single species tests; and,

0 to detect community-level differences that are correlated with
treatment groups thereby representing a deviation from the control
group.

A number of methods have been developed in an attempt to satisfy
the goals of multispecies toxicity testing. Analysis of variance
(ANOVA) is the classical method to examine single variable differences
from the control group. However, because multispecies toxicity tests
generally run for weeks or even months, there are problems with using
conventional ANOVA. These include the increasing likelihood of
introducing a Type II error (accepting a false null-hypothesis),
temporal dependence of the variables, and the difficulty of graphically
representing the data set. Conquest and Taub (1989) developed a method
to overcome some of the problems by using intervals of non-significant
difference (IND). This method corrects for the likelihood of Type II
errors and produces intervals that are easily graphed, facilitating
further analysis. The method is routinely used to examine data from SAM
toxicity tests, and it is applicable to other multivariate toxicity
tests. The major drawback of the IND is the limitation of examining
one variable at a time over the course of the experiment. While this
method addresses the first goal in multispecies toxicity testing, listed
above, it ignores the second. In many instances, community-level
responses are not as straightforward as the classical predator/prey or
nutrient limitation dynamics, that are usually selected as examples of
single-species responses representing complex interactions.

Multivariate methods have proved promising as a method of
incorporating all of the dimensions of an ecosystem. One of the first
methods used in toxicity testing was the calculation of ecosystem strain
developed by Kersting (1984, 1985, 1988) for a three compartment
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microcosm. This method has the advantage of using all of the measured
parameters of an ecosystem to look for treatment-related differences.
At about the same time, Johnson (1988a, 1988b) developed a multivariate
algorithm using the n-dimensional coordinates of a multivariate data set
and the distances between these coordinates as a measure of divergence
between treatment groups. Both of these methods have the advantage of
examining the ecosystem as a whole rather than by single variables, and
can track such processes as succession, recovery and the deviation of a
system due to an anthropogenic input.

However, a major disadvantage of both these methods, and of many
conventional multivariate methods, is that all of the data are often
incorporated without regard to the units of measurement, or to the
appropriateness of including, all variables in the analysis. Random
variables indiscriminately incorporated into the analysis, may
contribute so much noise that they overshadow variables that do show
treatment-related effects.

Ideally, a multivariate statistical test used for evaluating
complex data sets will have the following characteristics:

0 It will not combine counts from dissimilar taxa or other variable
classifications by means of sums of squares, or other ad hoc
mathematical techniques.

0 It will not require transformations of the data.

0 It will work without modification on incomplete data sets.

0 It will work without further assumptions on different data types.

* Significance of a variable to the analysis will not be dependent
on the absolute size of its count, so that taxa having a small total
variance, i.e. rare taxa, can compete in importance with common taxa,
and taxa with a large, random variance will not automatically be
selected, to the exclusion of others.

0 It will provide an integral measure of the quality of the
analysis, i.e. whether the data set differs from a random collection of
points.

* It will, in some cases, identify a subset of the variables that
serve as reliable indicators of the physical and biological environment.

Recently developed for the analysis of ecological data, nonmetric
clustering is a multivariate derivative of artificial intelligence
research, that satisfies all these criteria and has the potential of
circumventing many of the problems of conventional multivariate
analysis.

In this paper, we use three multivariate techniques to co=are
patterns in the data sets from two SAM toxicity tests using turbine
fuels. The multivariate techniques include two conventional tests based
on the ratio of multivariate metric distances (Euclidean distance and
cosine of the vector distance), and one relatively new program, RIFFLE,
which employs nonmetric clustering and association analysis (Matthews
and Hearne 1991). All three of the multivariate techniques have proven
useful in analyzing complex ecological data sets (Matthews et al. 1991a,
1991b). Of the three, only nonmetric clustering meets all of the
criteria listed above (Matthews and Matthews 1991).
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All chemicals used in the culture of the organisms and in the
formulation of the microcosm media were reagent grade or as specified by
the ASTM method.

Jet-A was provided by Fliceline Services of Bellingham, Washington
and was refined by Chevron. The sample was obtained from the sample
valve used for quality control. The shipment lot was recorded and is on
file. JP-4 was supplied by the U. S. Air Force Toxicology Laboratory at
Wright Patterson, AFB, Ohio.

Water Snluhla FractionR
The wacer soluble fraction was prepared in glassware washed in

nonphosphate soap, rinsed, then soaked in 2N HCl for at least one hour,
rinsed ten times with distilled water, dried and finally autoclaved for
30 minutes. Microcosm medium, T82MV, acted as the diluent for the
water fraction of the WSF.

Twenty five mL of fuel is added to the two liter separatory
funnel, -nd is agitated as follows: (1) shake separatory funnel for
five mi as, releasing built up pressure as necessary; (2] allow funnel
contents to remain undisturbed for 15 minutes; [3) shake contents for
five minutes, allow to stand 15 minutes; [4] continue same pattern for a
total time of one hour; and finally (5] allow separatory funnel contents
to remain undisturbed for eight hours. At the end of this procedure the
mixture was allowed to stand overnight. The next day all but 100 mL of
T82MV/water soluble fraction of jet fuel mixture from the separatory
funnel (leaving the lighter, insoluble fuel mixture in the flask) was
drained into a cleaned, sterile 1 liter amber glass bottle and capped
with a Teflon-lined screw cap. The WSF was used within 24 hours or
stored at 40C for no longer than 48 hours before use as the toxicant
mixture.

GR Chromatography of WSF
This protocol utilizes a Tekmar LSC 2000 Purge and Trap (P&T)

concentrator system in tandem with a Hewlett Packard 5890A Gas
Chromatograph with a Flame Ionization Detector (FID)(ASTM D3710, D2887,
Westendorf 1986). Instrument blanks and deionized distilled water
blanks are used to verify the P&T and GC columns cleanliness prior to
analysis of samples. A five mL sample is injected into a five
milliliter sparger, purged with pre-purified nitrogen gas for eleven
minutes and dry purged for four minutes. Volatile hydrocarbons, purged
from the sample and collected on the Tenax/Silica Gel column, are
desorbed at 180 0 C directly onto the gas chromatograph SPB-5, 30m x 0.53
= ID l.5pm film fused silica capillary column. The column, at 35 0 C,

is held at that temperature for two minutes, increased to 2250 C at
12 0 C/min and held at that temperature for five minutes. A Spectra-
Physics 4290 Integrator records the FID signal output of the volatile
hydrocarbons that have been separated and eluted from the column by
molecular weight. A comparison is then made of the sample chromatograph
to n-paraffin and n-naphtha chromatograph standards for sample
concentration determinations.

Id~ntif{tA•JOn and O•antifL~ation tf ( Frnotinnn

Qualitative identification of somO components in the WSF were
determined using a Simulated Distillation (SINDIS) Calibration Mixture.
The ASTM Method D3710 Qualitative Calibration Mixture ;s the standard
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test method for determining the Boiling Range Distribution of Gasoline
and Gasoline Fractions by Gas Chromatography. This mixture was used as
a calibration standard to determine the retention times for each known
component in the mixture against which unknown components, in the WSF of
the fuel mixture, were compared and identified.

SAM Prntoc_,e1
The 64-day SAM-protocol previously has been described (ASTM

E1366). Briefly, the microcosms were prepared by the introduction of
ten algal, four invertebrate, and one bacterial species into 3L of
sterile defined medium. Test containers were 4 L glass jars. An
artificial sediment consisting of 200 g acid washed silica sand,
cellulose and 0.5 g of ground chitin is autoclaved in the
experimental jar; inmersed in a water bath to a point above the level
of the sediment during sterilization to prevent breakage.

Numbers of organisms, dissolved oxygen (DO) and pH were determined
twice weekly. Room temperature was 200C ± 20. Illumination was 80.0
pEm-2 sec-i PhAR with a range of 78.6-80.4 and a 12/12 day/night cycle.

Two major modifications were made to the SAM protocol. The first
was the means of toxicant delivery. Test material was added on day 7 by
stirring each microcosm, removing 450 mL from each container and then
adding appropriate amounts of the WSF to produce concentrations of 0, 1,
5 and 15 percent WSF. After toxicant addition, the final volume was
adjusted to 3L. No attempt to filter and retain the organisms withdrawn
during the removal of the 450 mL was made prior to toxicant addition.
All graphs and statistical analysis start with the next sampling day,
day 11. The second modification was the substitution, in the JP-4
experiment, of Tetrahymena thermophila BIV for the hypotrichous ciliate.
The hypotrichous ciliate was becoming increasingly difficult to culture,
very likely due to the age of the clone. The results of the JP-4 study
demonstrated the suitability of the Tetrahymena for inclusion in the
protocol.

Data AnalvJS

All data were recorded onto standard computer entry forms and
checked for accuracy. Parameters calculated included the concentrations
of each of the species, DO, DO gain and loss, net
photosynthesis/respiration ratio (P/R), pH, algal species diversity,
algal biovolume, and biovolume of available algae. The statistical
significance of these parameters, compared to the controls, was also
computed for each sampling day using the IND plots developed by
Conquest. The net photosynthesis/respiration ratio is not derived using
1 4C methods but by comparing oxygen concentrations before lights on, at
the end of the photosynthetic period just before lights off, and then at
the next morning, as specified in the standard protocol. The
photosynthesis/respiration ratio was then determined by incorporating
these measurements.

The multivariate methods used in the analysis include cosine and
vector distances and nonmetric clustering. All of these methods have
been previously described (Matthews et al. 1991b, Landis et al. 1993)
and are reviewed in this volume. Variables used in the multivariate
analysis are presented in Table 1.
RZSULtS

pmraiatmn m of thin fu1la. In the case of both WSFs, within three
weeks after dosing the original material had been volitilized or
degraded. In the case of JP-4, benzene, 2,4 dimethylpentane,
ethylbenzene, 2-methylpentane, 2-methylpropane, o-xylene and toluene,
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TABLE 1. intitc paraMatArs ujtd in tho multivariate gtatimtieal tests.
Biotic variables such as diversity, available biovolume, and total
algal biovolume are not used since they are derived from and therefore
not independent of the variables listed below.

Jet a J34
Anabaena Anabaena
Ankistrodesmus Ankistrodesmus
Chlamydomonas Chlamydomonas
Chlorella Chlorella
Daphnia Daphnia

Ephipia Ephipia
Small Daphnia Small Daphnia
Medium Daphnia Medium Daphnia
Large Daphnia Large Daphnia

Hypotricha Tetrahymena
Lyngbya Lyngbya
Miscellaneous sp. Miscellaneous sp.
Ostracod (Cyprinotus) Ostracod (Cyprinotus)
Philodina (Rotifer) Philodina (Rotifer)
Scenedesmus Scenedesmus
Selanastrum Selanastrum
Stigeoclonium Stigeoclonium
Ulothrix Ulothrix

were tracked using GC analysis during the course of the SAM experiment.
After week three, only 2-methylpentane and 2-methylpropane are
detectable. Since only the 2-methylpropane is present 672 hours after
dosing, this material may be the final biodegradative product of the
absorbed fraction of the NSF, and is being investigated in more detail.

Co, mparin of Algal POpuIlation D vnaio-H oshat Tratment. These
area graphs (Figure 1) show the contribution of each algal species to
the algal assemblage for the highest treatment concentration for each
experiment. In the Jet-A treatment the algal populations were highest,
reflecting the increased toxicity of the Jet-A to the daphnid
populations. In both experiments however, an algal bloom was observed
during the first 30 days of the experiment. At the end of the
experiment the numbers and composition of the algal assemblage were
similar, although the proportions of the species making up the
assemblage had some differences. Chlorella seemed to be a greater
constituent of the community in the JP-4 experiment.

Da~hnia Pniolatign 113Mamic. The most direct effect of the jet
fuel upon the population dynamics of the daphnid populations was the
delay in daphnid reproduction (Fig. 2). Peaks were delayed in the
Treatment 4 microcosms in both instances. Daphnids were very important
in determining the clusters in the early part of each experiment but not
as important later. In both experiments two peaks of daphnid
populations are observed. The first reflects the presence of the
toxicant, the second occurs similarly in the dosed and not dosed
systems. Error bars are not shown for clarity.

Oatraeod PoRnulatinn Qynamits. Ostracod populations did not
increase until late in each experiment (Fig. 3). In the Jet-A
experiment (A), the numbers started an increase between days 40 and 45.
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FIG. 1--Compar13on of algal population dynamics-highest treatment.
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FIG. 2--Daphnid population dynamics.
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The experiment using JP-4 as a toxicant (B) did not see the increase in
ostracods until between days 50-55, approximately ten days later.
Consequently, the total numbers of ostracods observed were not as high
in the JP-4 microcosms. Note that the order of densities in the Jet-A
experiment followed a dose response pattern, as did the JP-4 experiment,
even with the lower total numbers. Conventional analysis did not
demonstrate significance, however non-metric clustering did indicate the
importance of the ostracods in determining clusters in both sets of
microcosm experiments.

Philodina Pogulatign fvnimiog. Philodina did not become prevalent

in the microcosms until the second half of the experiment. One of the
major problems was the inherent variability in the sampling and in the
replicates. Organisms that reproduce rapidly can show large differences
in population sizes during the course of a sampling day. Although, in
the later stages of the microcosm experiments the dosed systems had a
generally larger number of the rotifers, the results were not
statistically significant using conventional IND plots. However, using
cluster analysis, Philodina were also determined to be an important
variable in defining clusters. This held true for both the Jet-A and
JP-4 experiments.

Comr~arionn of oH dln=mio of the Jet-A and 6fP-4 1werimentg.

Unlike the biotic variables, pH did reflect some of the the oscillations
detected by the cluster analysis (Fig. 4). In both the Jet-A and the
JP-4 experiments the highest concentrations demonstrated a statistically
significant difference, determined by the interval of non-significant
difference during the first 30 days of the experiment. The second
oscillation, between days 45 and 50, is not as clear since only one
sampling date demonstrated the statistically significant difference.
Type II error becomes a concern with so many comparisons, even with the
corrections incorporated into the IND plots.

Photo~snthesim/Resoiration Ratio. The photosynthesis/respiration
ratio reflects the oscillations seen in pH and the clustering analysis
for the first 30 days and then only for the Jet-A water soluble
fraction. In the Jet-A experiment, a second deviation from the IND plot
was noted in the period corresponding to the second oscillation, but the
result is difficult to distinguish from a type II error. In the JP-4
experiment, the IND plots are large, reflecting the variance in those
sampling days. As an "emergent property", it is not clear if the P/R
ratio provides any more information in this experiment than the
clustering based upon the biotic components.

Osi11ationR in Co~munity u lnamlea Observed in both the Jet-A and

the JP-4 Ixperi4entR. The Jet-A and the JP-4 SAM experiments both
displayed a series of oscillations; revealed by the three clustering
techniques employed in the analysis (Fig. 5). The first oscillation, as
defined by Cosine Distance common to each experiment, is due to the
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FIG. 3--Ostracod population dynamics.
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interaction of the daphnid population and the algae. The result is
statistically significant, as determined by the goodness-of-fit
confidence level, graphed by day in Fig. 6. In both experiments, the
oscillation is within the first 30 days of the SAM time-line.
Interestingly, the magnitude of the first oscillation, as determined by
Cosine Distance, is less in the JP-4 experiment, possibly reflecting the
reduced acute and chronic toxicity of the mixture.

A second series of oscillations, as measured by Cosine Distance,
occur in the last thirty days of each experiment. Again the
oscillations are statistically significant.

TABLE 2. Variable ranking by success in determining nlusters AA defined
by ngnmetrin clumtorin . Variables such as Ankistrodesmus and the
Daphnia classes ranked highly in the course of this study. However,
reliance on any particular organism or a small combination of variables
would inadequately describe the dynamics of the system.

Jet-A JP-4

Variable Ranked Variable Ranked

Ankistrodesmus 12 Chlorella 8

M. Daphnia 11 S. Daphnia 8

Chlorella 9 Ankistrodesmus 6

Scenedesmus 7 Scenedesmus 5

S. Daphnia 6 Philodina 5

L. Daphnia 5 M. Daphnia 4

Ostracod 4 Lyngby& 4

Philodina 4 L. Daphnia 3

Selenastrum 4 Ostracod 3

Lyngbya 3 Selenastrum 3

Ulothrix 1

The participants in the community that contribute to these oscillations
are slightly different judging by the table of important variables
(Table 2). Unfortunately, the length of the SAM protocol is not
sufficient to conduct an analysis of the period and amplitude of the
oscillations. Another complication in examining the results is the
difficulty in making direct comparisons between experiments. Although
the Cosine Distance may be the same, the orientation of the angle can be
quite different.

DiscuIssio
First, the apparent recovery or movement of the dosed systems

towards the reference or treatment 1 case may be an artifact of our
measurement systems that allow the n-dimensional data to be represented
in a two dimensional system. In an n-dimensional sense, the systems may
be moving in opposite directions and simply pass by similar coordinates
during certain time intervals. Positions may be similar but the n-
dimensional vectors describing the movements of the systems can be very
different. A representation of these dynamics is presented in Fig. 7.
The two systems intersect, although the vectors are quite different.
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The apparent recoveries and divergences may also be artifacts of
our attempt to choose the best means of collapsing and representing n-
dimensional data into a two or three dimensional representation. In
order to represent such data it is necessary to project n-dimensional
data into three or less dimensions. As information is lost as the
shadow from a cube is projected upon a two dimensional screen, a similar
loss of information can occur in our attempt to represent n-dimensional
data. Not every divergence from the reference treatment may have a
cause directly related to it in time. Differentiating those events from
those due to degradation products or other perturbations is challenging.

Not only may system recovery be an illusion, but there are strong
theoretical reasons that seem to indicate that recovery to a reference
system may be impossible or at least unlikely. In fact, systems that
differ only marginally in their initial conditions and at levels
probably impossible to measure are likely to diverge in unpredictable
manners. May and Oster (1978) in a particularly seminal paper
investigated the likelihood that many of the dynamics seen in ecosystems
that are generally attributed as chance or stochastic events are in fact

Syssom Do~d

LO J 0 Syam d &W d v*poriod

FIG. 7--Visualization of ecosystem dynamics to reflect a possible
interpretation of the impacts of the jet fuels.

deterministic. In fact, simple deterministic models of populations can
give rise to complex dynamics. Using equations resembling those used in
population biology, bifurcations occur resulting in several distinct
outcomes. Eventually, given the proper parameters, the system appears
chaotic in nature although the underlying mechanisms are completely
deterministic. Obviously, biological systems have limits, extinction
being perhaps the most obvious and best recorded. Another ramification
is that the noise in ecosystems and in sampling may not be the result of
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a stochastic process but the result of underlying deterministic, but
chaotic relationships.

These principals also apply to spatial distributions of
populations as recently reported by Hassell et al. (1991). In a study
using host-parasite interactions, a variety of spatial patterns were
developed using the Nicholson-Bailey model. Host-parasite interactions
demonstrated dynamics ranging from static 'crystal lattice' patterns,
spiral waves, chaotic variation, or extinction with the appropriate
alteration of only three parameters within the same set of equations.
The deterministically determined patterns could be extremely complex and
not distinguishable from stochastic environmental changes.

Given the perhaps chaotic nature of populations it may not be
possible to predict species presence, population interactions, or
structural and functional attributes. Kratz et al. (1987) examined the
spatial and temporal variability in zooplankton data from a series of
five lakes in North America. Much of the analysis was based on
limnological data collected by Brige and Juday from 1925 to 1942.
Copepods and cladocera, except Bosmina, exhibited larger variability
between lakes than between years in the same lake. Some taxa showed
consistent patterns among the study lakes. They concluded that the
controlling factors for these taxa operated uniformly in each of the
study sites. However, in regards to the depth of maximal abundance for
calanoid copepods and Bosmina, the data obtained from one lake had
little predictive power for application to other lakes. Part of this
uncertainty was attributed to the intrinsic rate of increase of the
invertebrates with the variability increasing with a corresponding
increase in rmax. A high rmax should enable the populations to
accurately track changes in the environment. Katz et al suggest that
these taxa be used to track changes in the environment. Unfortunately,
in the context of environmental toxicology, the inability to use one
"reference" lake to predict the non-dosed population dynamics of these
organisms in another eliminates comparisons of the two systems as
measures of anthropogenic impacts.

A better strategy may be to let the data and a clustering protocol
identify the important parameters in determining the dynamics of and
impacts to ecological systems. This approach has been recently
suggested independently by Dickson et al. (1992) and Matthews and
Matthews (Matthews et al. 1991b, Matthews and Matthews 1991). This
approach is in direct contrast to the more usual means of assessing
anthropogenic impacts. One classical approach is to use the presence or
absence of so called indicator species. This assumes that the tolerance
to a variety of toxicants is known and that chaotic or stochastic
influences are minimized. A second approach is to use hypothesis
testing to differentiate metrics from the systems in question. This
second approach assumes that the investigators know a priori the
important parameters to measure. Given that in our relatively simple
SAM systems that the important parameters in differentiating non-dosed
from dosed systems change from sampling period to sampling period, this
assumption can not be made. Classification approaches such as nonmetric
clustering or the canonical correlation methodology developed by Dickson
et al, eliminates these assumptions.

These results presented in this report and by others reviewed
above and the implications of chaotic dynamics suggest that reliance
upon any one variable or an index of variables may be an operational
convenience that may provide a misleading representation of pollutant
effects and associated risks. The use of indices such as diversity and
the Index of Biological Integrity have the effect of collapsing the
dimensions of the descriptive hypervolume. Indices, since they are
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composited variables, are not true endpoints. The collapse of the
d.mensions that are composited tends to eliminate crucial information,
such as the variability in the importance of variables. The mere
presence or absence and the frequency cf these events can be analyzed
using techniques such as nonmetric clustering that preserve the nature
of the dataset. A useful function was certainly served by the
application of indices, but the new methods of data compilaticn,
analysis and representation derived from the Artificial Intelligence
tradition can now replace these approaches and illuminate the
underlying structure and dynamic nature of ecological systems.

The implications are important. Currently, only small sections of
ecosystems are monitored or a heavy reliance is placed upon so called
indicator species. These data suggest that to do so is dangerous, may
produce misleading interpretations resulting in costly error in
management and regulatory judgments. Much larger toxicological test
systems are currently analyzed using conventional statistical methods on
the limit of acceptable statistical power. Interpretation of the
results has proven to be difficult, if not confu-'ng. Appl'=ation of
the approach and tools that proved successful in revealing the complex
dynamics of these small microcosms should prove useful in analyzing
larger toxicological test systems and field research.

coucCsz•us
(1) In both of the experiments, multiple oscillations of the dosed
treatment groups away from the .-sference treatment were observed using
multivariate statistics. The f.rs, oscillation is due to the
differential impact of the NSF of the jet fuels to the algae-daphnid
population dynamics. The following osciulations, although statistically
significant and seen in both experiments, is not as clear cut.

The o. i;rgence of the second oscillation may be due to two
separate mechanisms.

(a) A fluctuation Iue to the initial stress has occurred, but in such a
fashion that an incompletely dampened oscillation repeats. There has
been no fundamental alteration in the functioning o: the ecosystem, and
the oscillations are a result of the inherent time lags and stochastic
factors governing the dynamics of the system.

(b) A fundamental aspect of the ecosystem has been altered so that the
repeated oscillations reflect the persistence of the impact. An
alteration in the detritus quality or in the community involved in the
recycling of detritus may have long term impacts as other nutrients
become limiting in the system. Nutrients are at low levels during the
second 30 dAvs of a tyr -al SAM experiment. This possibility could
include a fundamental and long lasting effect upon the system, contrary
to the first mechanism.

(2) A combination of multivariate analyses appear to be useful and
illuminating in assessing the long term dynamics of these systems. Each
has strengths that make multivariate analysis a strong methodology with
powerful advantages to conventional univariate methods.

(3) Although simple systems, the SX4 experiments exhibits complex
dynamics and behaviors. The protocol results in a persistent system
with good replicability within an experiment, even with complex species
interactions.
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(4) Techniques that allow the reduction and visualization of even
these relatively simple multispecies toxicity tests should contribute to
our understanding of system dynamics and improve hazard assessment.
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ABSTRACT: Many techniques developed by computer
scientists in the field of artificial intelligence (Al)
are currently being used as standard, state-of-the-art
technology. These techniques have repeatedly proven
their value and validity in medicine, geology, agronomy,
and astronomy. We present here an analysis tool for
multispecies data based on nonmetric clustering, an AI
technique developed specifically to aid in the
interpretation of complex ecological data sets. This
technique uses AI search to find an appropriate and
meaningful characterization of a multivariate system.
After appropriately characterizing the system in this
fashion, the relationship between this characterization
of the system and the critical environmental variables
(pollution, toxicity, etc.) can be quantitatively analyzed
to aid in the assessment of the effects of the
environment on the system. Apriori endpoints or indices
are not necessary; the data are allowed to determine the
variables that best separate treatment from controls.
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We have now tested this methodology over a series
of multispecies toxicity tests using a variety of
stressors. During the initial blind testing the
methodologies could pick treatment groups with high
accuracy. When knowledge of treatment group is
available, oscillations in the similarity of the
treatments to the controls are apparent.

Much recent debate in toxicological studies has
focussed on appropriate endpoints for multispecies
toxicity tests and biomonitoring schemes. We suggest
that the search for endpoints appropriate to the entire
field of toxicity testing is a fruitless search. We
recommend instead an approach that standardizes the
common sense approach: different situations, even within
a single experiment, call for different endpoints.
Typically, the toxicologist, if called upon for an expert
opinion, will examine multivariate data, and extract from
that data a few critical species. The behavior of these
species will give an adequate (though perhaps not
complete) picture of the toxic effects. Which species
are selected, and whether it is their mortality,
behavior, or biomass that is important, will always vary
from case to case. We call, therefore, for more research
into the automation of the process typically performed by
the expert. The selection of species, as well as other
parameters, as significant for a particular experiment or
field study, can be done automatically by computer
algorithms. To be blind to the utility of these tools in
the field of toxicology is to work by hand, over and over
again, problems which could be solved in a twinkling with
their aid.

KEYWORDS: artificial intelligence, ecotoxicology,
statistics, expert systems, multispecies tests, field
monitoring



Introduction
Modern ecotoxicology often assumes that ecosystem

level functional indices are desirable. Such an index
would tell us what numbers to measure, which mathematical
formulae to use on them, and the position of the cutoff
point between healthy systems and troubled ones. This
would introduce ''objectivity'' into what is now done
with intuitive assessments. However, the state of an
ecological community is an inherently complex object, and
probably cannot be captured on by a few linear indices.
Remaining with the traditional human ''best judgement,'"
on the other hand, also has problems, such as
subjectivity, prejudice, and the difficulty of
comprehending the innate complexity of ecological
systems. Fortunately, there is a middle ground for
dealing with complex systems, between mathematical
formulae and intuition. The middle ground is provided by
computerized data exploration, using tools from
artificial intelligence, pattern recognition, and
scientific visualization. In other scientific domains,
such as medicine, astrophysics, particle physics,
meteorology, and geology, such tools have been in
widespead use for years. The key to their success is
that the human expert and the software tool are partners
in the exploration of the data. The computer by itself,
of course, has no semantic understanding of the data.
But, equally, the unaided human may be blind to the many
patterns implicit in the data.

Much of the work in computer-aided data
exploration, however, has the wrong focus for
ecotoxicology. Data sets generated, for example, by
meteorological models of a thunderstorm, typically have
millions of data points densely scattered through a
well-defined three-dimensional model. The complexity is
in the sheer number of data points and their
interactions. In ecologically interesting situations, on
the other hand, only a few dozen or hundred data points
are in hand, from widely separated places in space and
time, and each point records data on dozens or hundreds
of species. This results in a relatively small number of
points scattered through the huge volume of n-dimensional
space (where P is the number of different species
counted). Even a modest number of dimensions raises
severe problems for conventional analysis techniques, and



human intuition. For example, if some large number of
points is scattered uniformly over a 10-dimensional
hypersphere with radius one, then a hypersphere inside,
of radius 3/4, will contain only 5% of the points.
Clearly, sampling 10 or higher dimensional space can miss
important things. Further, a lot of the time data points
are missing, or incomplete.

The nature of the problem is that usually we have
too many dimensions. Ten or twenty sampling points with,
perhaps, fifty species, is underdetermined. There is no
way to draw meaningful conclusions about the nature of
the community as a whole (all fifty dimensions), from the
smattering of points. What is required iii dat reduction,
the dimensionality of the data has to be brought down to
the point where ten or twenty points can tell us
something. One methodology for this is based on pmjectons
of the data, such as factor analysis, principal
components analysis, correspondence analysis, or, more
generally, projection pursuit [1]. There are many
algorithms for finding good projections, and even a
suggestion that aU projections be examined in a ''grand
tour'' of the data (2]. However, rotating at about 100
per second, a reasonable speed for careful observation, a
grand tour of only four dimensions would take about three
hours (1], and so computer-aided projections are the only
real alternative.

While such projections are valuable in reducing the
dimensionality of the data, they all suffer from a
problem of comprehensibility. Since arbitrary linear and
nonlinear transformations of the data matrix are allowed,
the meaning of the resulting two-dimensional projection
can be obscure, and difficult for grasp intuitively.

Another possibility for data reduction is provided
by careful experimental design. Measuring too many
parameters can be just as misleading as measuring too
few. The problem with this approach, however, is that in
many circumstances the correct parameters are not known
in advance. Indeed, our understanding of ecological
systems and their response to toxic stress is still in
its infancy. What is needed is a tool to help the
analyst in finding important and significant parameters
in new situations.

The tradition of machine learning (ML) within
artificial intelligence, has been addressing these



problems for some time. The goal of an ML system is, not
only to identify patterns in the data, but to come up
with an efficient and intuitive characterization of them.
Efficient and intuitive, in this context, imply that the
characterization is not overly complex, that it uses
simple logical combinations of descriptions rather than
mathematical formulae, and that it is expressed in terms
of attributes that are not contrived. This has been
formulated as the comprehensibility postulate:

The results of computer induction should be
symbolic descriptions of given entities,
semantically and structurally similar to those a
human expert might produce observing the same
entities. Components of these descriptions
should be comprehensible as single ''chunks'' of
information, directly interpretable in natural
language, and should relate quantitative and
qualitative concepts in an integrated fashion
(3].

It is the primary failing of traditional statistical
approaches, as well as the ''neural net'' approach, to
solving ML problems that they ignore the
comprehensibility postulate.

In this paper, we present nonmetric clustering, a
specialization of ML, faithful to the comprehensibility
postulate, which we have been employing successfully on a
wide variety of ecosystems. After its details are
explained, some consequences for environmental policy
making are outlined.

Machine Learning
As a simple example, consider the data in Table 1

(4]. In this set, we are given three ''positive''
individuals and five ''negative'' individuals and their
characteristics on three attributes. The problem is to
come up with a means of distinguishing the ''positives''
from the ''negatives'' based on height, hair color, and
eye color. There are many possible ways of
distinguishing them, but one nice one might be:

Positives either have red hair, or blond hair and
blue eyes.
Negatives either have dark hair, or blond hair
and brown eyes.



Height Hair Eyes Class
short blond blue +
tall blond brown -
tall red blue +
short dark blue -
tall dark blue -
tall blond blue +
tall dark brown -
short blond brown -

Table 1: Data set problem for idendfication and characterization.

There are several things to notice about this
characterization of the positives and negatives.

First, the data are both categorical and numeric.
The beauty of ML approaches to these problems is that
they apply equally well to either kind of data. To make
a regression, or linear discriminant, categorical data
would have to be numerically coded somehow. A loglinear
model can be used on categorical data, but then the
numeric data would have to be fit in. In an ML approach,
numeric attributes, such as height, are simply recoded
into a number of discrete bins, such as small, medium,
and large. Such categories can be as fine or as coarse
as desired, and in all events are more comprehensible
than an uninterpreted number.

Second. not all the original attributes are used in
the description. Height, it turns out, is superfluous,
and is omitted from the description.

Third, compound descriptions are created using
logical operations, ''and' ''or'' and ''not'', rather
than mathematical formulae. A linear discriminant, for
example, describes by adding up numbers and then
determining if the result is greater or smaller than some
cutoff point. The logical descriptions are much more
natural and intuitive for humans, and lead to
understanding of the data in a way that mathematical
combinations cannot.

Fourth, even with only three attributes and eight
points, there are a lot of different logical descriptions
that have to be considered to get the best one (or even a
good one). With real data sets the combinatorial
complexity of finding a description would rapidly swamp a



C1 A B C D E F C2
+ 1 2 1 2 2 1 +

+ 1 2 2 1 1 2 -
+ 1 2 1 2 2 1 +
-2 1 2 1 1 2 -
-2 1 1 2 2 1 +

-2 1 2 1 1 2 --

Table 2: Synthetic data for nonmetric clustering, with two possible clusterings.

human investigator. A computer aid is essential.
Fifth, no artificial attributes are used. The use

of ''indices'' or ''ordination'' techniques attempts to
introduce a new attribute, defined mathematically in
terms of the original ones, and then use the values of
these indices or components to describe the classes. The
ML description uses the same attributes (height, hair,
and eyes) that were used in the design of the sampling
program, and thus, the description of the classes will
have direct meaning to the investigator, without the need
to learn a new vocabulary. Such descriptions, which use
simple logical combinations of the original attributes,
are called ''conceptual'' descriptions (5].

Nonmetric Clusterng
Nonmetric clustering (NMC) is an ML tool designed

to search for conceptual descriptions of ecological data
sets. The NMC methodology has been implemented in a
computer program called Riffle (61. Unlike the simple
example above, Riffle does not work from a preexisting
set of class labels (such as + and -). Given a data set,
Riffle attempts to two things simultaneously: Group the
points into clusters (classes), and find the simplest
possible conceptual description of those clusters. Since
the points are not previously assigned to classes, Riffle
is free to give the points any class label at all.
However, the class labels must be such that they can be
simply captured in a conceptual description, based on the
original attributes (measured parameters), and, further,
such that they, in turn, capture as much information as
possible about the original attributes.

Consider the synthetic data in Table 2, where six
points have been sampled for six attributes. One



potential clustering, denoted Cl, has two simple
conceptual descriptions, each based on a single
attribute, either A or B. C, D, E and F can be regarded
as superfluous for this clustering. Another potential
clustering, denoted C2, also has simple
characterizations, but in terms of attributes C, D, E,
and F, with A and B as superfluous. While both
clusterings have simple conceptual descriptions, C2
should be preferred because it captures more information
about the points than C1. One way to express this
algorithmically is that there are more good conceptual
descriptions of the classes in C2 than there are of the
classes in Cl. The computer program Riffle will prefer
C2 to Cl for this reason.

To find the best clustering possible, for a given
data set, the algorithm works by examining a great number
of possible clusterings, like Cl and C2, above, and
numerically ranks their conceptual adequacy. All data
points are repeatedly reassigned to clusters, and then
the conceptual association between clusters and
attributes is reevaluated. When an assignment of points
to clusters is found that outranks all others, it is
reported as the most natural clustering.

We will now briefly discuss how conceptual adequacy
is ranked, and also make some remarks on the particular
strategy used in Riffle to convert numeric to categorical
variables.

Numerically ranking conceptual descriptions
To begin with, assume all attributes are

categorical. Nonmetric clustering measures the
association between a clustering (which, itself, is a
categorical variable) and another categorical variable by
means of a contingency table test. A frequency table of
cluster-number vs. categorical-value is set up, and the
number of data points in each cell is counted in order to
measure the association between cluster and variable.
The most famous contingency table test is probably the X2

test, but the X2 test has some undesirable properties
when it comes to interpretation and comprehensibility.
Nonmetric clustering uses Guttman's A to measure the
association in the table [7, 8, 9, 101.

Guttman's A is a measure defined on the bas.iLs of
''optimal predictions''. Consider, for instance, the



Al A2 A3
B1 5 3 1

B2 1 4 2
B3 7 0 5

Table 3: A contingency table to illustrate calculation of Guttnan's A.

contingency table represented in Table 3. Twenty-eight
individuals have been sampled, and their values on
attributes A and B have been tabulated. For
concreteness, A can be regarded as ''height'' and B as
cluster-number. A larger sample size would always be
desirable, but we have no recourse other than to regard
the proportion of points found in any cell as the best
estimate of the probability of finding a new point also
to be in that cell. Now suppose we need to predict which
value on attribute B a new sample is likely to have. In
the absence of any further information, there are nine
Bl's, seven B2's, and twelve 13's, so we would guess B3,

and expect to be right about 12 out of 28 times, giving
us an error expectation of 16 out of 28, or about 57%.
We will call this the absolute error ateof8. Now, however,
suppose we are given a new data point, and are told its
valur for attribute A. How will we predict B, and what
will ,ir expected error rate be when conditioned on this
knowledge? Well, 13/28 of the time the new point will be
Al, and we should then guess B3, and expect to be right
7/13 of the time. Similarly, 7/28 of the time it will be
A2, and we will guess B2, and be right 4/7 of the time,
and 8/28 of the time it will be A3, we guess B3, and are
right 5/8 of the time. Predictions of B conditioned on
A, then, should be correct (13/28)(7/13) + (7/28) (4/7) +
(8/28) (5/8) = 57% of the time, and the error rate ofB conditioned

onA is 43%. The reductioninerror is 57--43, and the proportional
reduction in error is (57- 43)/53 = 26%. In comprehensible terms,
we expect to be wrong about 26% fewer times if we know A.
The proportional reduction in error when predicting A
conditioned on B can be computed similarly. The absolute
error rate of A is (28-13)/28=54%, the error rate of A
conditioned on B is 1 - [(9/28) (5/9) + (7/28) (4/7) +
(12/28)(7/12)] - 43%, and the proportional reduction in



error is (54-43)/54 • 2O%. Each of these proportional
reductions in error is a measure of how well the
knowledge of one attribute aids in the prediction of the
other. A symmetric measure of association can be
obtained by simply averaging the two conditioned
measures, giving the symmetric A, of 23%.

Formally, A can be defined as follows. For a
contingency table with proportional entries Pb, let
P.b = ,Pab, Pa. = CbPab, Pam maXbPab, Pmb = maXaPa,
Pm = maXb Pb, and p,. = max. p.. Then the reduction in error
of b with respect to a is

Ab Pam - P.m
I -- Am

and the reduction in a with respect to b is, similarly,

El Pmh -- PM

The symmetric form, which averages these two cases,
becomes

2A , Pam + z Pvb - Pm - PM.

Obviously, the more strongly two attributes are

associated, the higher the value of A, and vice versa. Some

other properties of A [7] are:

"* A lies between 0 and 1, inclusive, except when the
entire population lies in a single cell of the table,
in which case it is indeterminate.

"* A is 1 if and only if all the population is in cells
no two of which are in the same row or column.

"* Independence is sufficient, but not necessary, for A
to equal 0.

"• A is unchanged by permutations of rows or columns.

We have found A to be an excellent measure of qualitative
association, in that it accords well with intuition and
is much more ''stable'' than X2 [11]. Using A to
calculate the association between cluster-numbers and
categorical attribute values is faithful to the
comprehensibility postulate: an attribute is a good



description of a clustering if knowledge of the attribute
helps predict cluster, and vice versa.

Integrating qualitative and quantitative data
The frequency table approach works well for

categorical variables, but what about numeric variables?
Nonmetric clustering takes a pragmatic approach to these:
if we assume that the data are going to be adequately
described by a clustering into a finite number of
clusters, then there are really only a finite number of
values of a numeric parameter to consider, one for each
cluster. All other variations in a numeric parameter can
be assumed to be due to variance within the clusters.
Accordingly, we can divide up the range of a numeric
parameter into discrete parts. We can do this by simply
choosing quantile points, but a more flexible arrangement
allows the ''splits'' between categorically different
values to be selected by the algorithm as it runs. How
this is accomplished is illustrated in Figure 1. Here we
have marked two clusters with open and filled circles,
and the categorical division of two dimensions into
''high'' and ''low'' values are shown by the dividing
gray lines. The point marked with an ''X'' is
troublesome, as it does not fit well with either of the
two clusters, and keeps us from obtaining a A value of
1.0 for this data set. We could move the vertical line
to the right, changing our division between ''long'' and
''short'', to try to include X in one cluster, but that
would raise more problems by the inclusion of some points
from the other cluster. Similar problems occur if we try
to raise the horizontal line, changing our definition of
''light'' and ''he&vy''.

The computer program Riffle will keep adjusting
these split lines up and down to achieve better
associations between cluster and numeric attribute. In
other words, what counts as ''small'' or ''large'' can be
redefined by the algorithm as it investigates the data.
At the same time, the algorithm is free to reassign the
points themselves to different clusters. Both of these
reinterpretations of the data are tried over and over, to
maximize A. The algorithm stops when it cannot improve
the association between clusters and attribute- any more.

"This clustering methodology has a number of
advantages over traditional clustering methods:



60

00

00

Weight 0

(g) x
20 0 0

00 0 4 5

0 Length (cm) 5

Figure I: Twelve synthetic data points in two dimensions. Clusters are indicated by
open and filled circles. Split values shown by gray lines. The point marked with an
"X' cannot be included in either cluster by moving the split values without introducing
further problems.



* It does not combine counts from dissimilar taxa by
means of sums of squares, or other adhoc mathematical
techniques.

a It does not require transformations of the data, such
as normalizing the variance.

* It works without modification on incomplete data
sets. Since each attribute has its A-association
with the clustering evaluated independently, the fact
that some points have some values for some
attributes, and other points for other attributes, is
irrelevant. Attributes are not directly combined.

* It can work without further assumptions on different
data types (e.g., numeric, categorical, species
counts, presence/absence data, etc.).

* Significance of an attribute to the analysis is not
dependent on the absolute size of its count. For
instance, a taxon having a small total variance, such
as rare taxa, can compete in importance with commuon
taxa, and taxa with a large, random variance will not
automatically be selected, to the exclusion of
others.

e It provides an integral measure of ''how good'' the
clustering is, ie. whether the data set differs from
a random collection of points, by means of the size
of the A values for each attribute.

a It can, in some cases, identify a subset of the
attributes that serve as reliable indicators of the
physical environment. In our research the indicator
species selected by Riffle often proved to be more
reliable than indicators based on a linear
discriminant (12, 13].

The major disadvantage of the Riffle program is that, in
order to find a clustering of the data points with the
desirable qualities listed above, a massive search
through thousands of potential clustering candidates is
made before settling on the ''right'' one. Even after
this search, there is no guarantee that Riffle finds the
optimal clustering, in the sense outlined above.
However, in our research, involving datasets with one or



two hundred dimensions and points, Riffle does find an
excellent clustering in a reasonable amount of time. For
larger datasets, supercomputers and/or more heuristic
searches may be required.

Riffle has been applied successfully in a number of
ecological and toxicological situations. For example, in
a study of urban runoff in a small stream (12], Riffle
was able to identify a community of macroinvertebrates
that was associated with clean water regardless of
seasonal variation. Many of the species in the community
were quite rare, and would have been overlooked without
the use of Riffle. In a study of jet fuel toxicity in
microcosms (14], Riffle was able to identify communities
of species associated with toxic dose. Over the sixty
days of the experiment the communities changed, from
communities distinguished predominantly by their
predator/prey ratios (Daphnia and algae) to communities
distinguished predominantly by the makeup of their
detritivores (Ostracods, etc.). These patterns in the data
suggested new hypotheses and further experiments that
would not have been conceived without Riffle's aid.

Association Analysis: a Significance Test from the Clustering
If the data analyzed have natural groups, such as

treatment groups or sites, a significance test can be
derived from the known groups and the generated clusters.
Under the null hypothesis, clusters generated from the
data will have no a.sociation with the known treatment
groups. Thus, if the generated clusters closely match
the treatment groups, with less than one or five percent
probability under the null hypothesis, then a significant
effect has been found. We have used nonmetric clustering
and association analysis on a variety of multivariate
experiments and find it to be comparable in sensitivity
to many metric tests that make more assumptions about the
underlying distributions of the data [14].

Implications for Ecological and Ecotoxicological Tests
The fact that nonmetric clustering and association

analysis (NCAA) adheres to the comprehensibility
postulate has numerous consequences for the analysis of
ecological data, and for policy. When establishing
policy for mitigation or restraint, the ecologist is
forced into the position of deciding what is ''good'' and



what is ''bad,'' or natural vs. unnatural, or pristine vs.
polluted, or healthy vs. unhealthy. The development of
various ecological indicators (diversity indices,
indicator species, biomarkers, etc.) has proceeded by fits
and starts, primarily because ecosystems are complex and
rarely reproducible, and so a simple division into good
and bad ecosystems is not feasible. Instead, each new
system must be approached on its own terms, and
ecological and toxicological experts must begin to
understand it afresh and derive new concepts each time.

A computational induction from the data alone using
ML techniques has a number of advantages.

1. Machine learning is free from prejudice. Too often
natural ecologists are forced to rely on traditional
indicator species, or traditional measures of
diversity, rather than taking a fresh look at each
new system. Machine learning software does not
remember the past, although the possibility is always
open to incorporate prior information by, for
example, weighting the dimensions.

2. Machine learning is adaptable. There is no need to
establish policy based on a few preselected species,
or on one mathematical technique. A variety of
techniques, and all possible species, can be
incorporated into a single ML tool which will sort
through them and return with an objective picture of
the ecosystem based on the most influential species
and the most informative tools.

3. Machine learning is interactive. Because the
concepts derived by computational induction are
faithful to the comprehensibility postulate, they can
be examined by human experts. The machine is not a
''black box'' which must either be trusted implicitly
or thrown out completely. Refinements in the ML
algorithm can be visualized, based on experiments,
and reincorporated into future generations of the ML
computational tools.

4. Machine learning is not constrained like expert
systems. Unlike expert systems, which attempt to
encapsulate a particular human's expertise in a
computer system, ML tools attempt to derive new



expertise, new categories and concepts, derived from
the data themselves. The only constraint on an ML
system is the comprehensibility postulate, requiring
that all new ideas be expressible in human terms.
Beyond that, anything goes.

5. Machine learning is inexpensive. One of the primary
motivations behind the surge of interest in expert
systems was that a computer program represents a
large initial investment, but a very small marginal
cost subsequently, compared to professional
consultation with a human expert. ML systems, once
developed, are marketed like any other software, and
can be duplicated and reused, in identical form, on
any site.

Because of these advantages, we can recommend a new
direction in ecotoxicological policy. There is a middle
ground between reliance on completely objective, simple,
numerical cutoffs, on the one hand, and largely
subjective, naked faith in consensus human judgement, on
the other. Rather, policy must be made only after
extensive interaction between human experts and their ML
assistants. Without ML and the associated computational
induction, the human expert cannot be sure that some
important concepts not are being overlooked. The human's
compromises and policies should only be made after the
minimal step of consulting with an ML system. Such
man-machine consultations must become part of policy, or
else we are condemned to base judgements cn only partial
information, on oblique, narrow, and slanted views of the
data. We therefore call for ecotoxicologists to review
the large ML literature, and begin to establish standards
for human-computer interactive analysis of ecological
systems.

Future Work: Dynamic Ecosystem Change
While our system of nonmetric clustering and

association analysis does well with a variety of
environmental data, we are currently seeking a
much-needed extension of our ideas. At present, each
data set is treated statically, as an independent point
in time. In reality, environmental systems are extremely
sensitive to their history. What is needed is.a
conceptual description of ecological systems that pays



particular attention to the dynamic nature of systems
over time. On the one hand, time could simply be viewed
as another measured attribute; however, it is obvious
that this attribute holds a special place. Time series
analysis, as it is currently practiced, is frequently a
univariate technique, primarily concerned with trends and
cycles. What is required is a multivariate technique
that makes sense of multivariate trends in patterns. One
straightforward approach is to consider the state of a
multivariate system as a multivariate vector, and the
change over time as simply another vector connecting the
state at one time with the state at another. In this
view, we could define velocity, curvature, torsion, and a
host of other vectors which would, in some sense,
characterize the changes of the system over time.
However, we must look instead for a description of change
that does not violate the comprehensibility postulate.
For a conceptual clustering, we must look for a conceptual
shift, and have a concise notion of what this means. When
we have decided the terms under which conceptual shifts
are described, we can then build an ML tool that will
assist us in our search for understanding. We believe
that a conceptual shift in the character of a comnmunity
or ecological system will be far more significant than
any simple change in the numbers of species.

Conclusion
Machine learning promises to revolutionize the

practice of environmental policy, by making the marriage
of human and computer expertise a reality. We anticipate
computerized ''policy assistants'' that will create an
atmosphere of understanding and familiarity with the most
difficult data. We have presented here, as an
illustration, our own technique of nonmetric clustering
and association analaysis, which we have used repeatedly
in gaining deeper insights into ecological and
toxicological data. The computer tools of machine
learning present a new alternative to past practices, one
which is at the same time more friendly and more
objective, and one which will, sooner or later, be
indispensible to our field.
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Nonmetric Clustering: New Approaches for Ecological Data

Geoffrey Matthews Robin Matthews Wayne Landis

Western Washington University, Bellingham, WA 98225

Abstract divisions is too large to be searched exhaustively and
a hill-climbing algorithm is employed, using several

Ecological studies and multispecies ecotozscological random starting positions.
tests are based on the examination of a variety of Nonmetric clustering has some advantages over
physical, chemical and biological data with the in- conventional clustering methodologies. First, it works
tent of finding patterns in their changing relationships well with incomplete data, where several points may
over time. The data sets resulting from such studies have missing values for a few dimensions. Second. it
are often noisy, incomplete, and difficult to envision, works equally well with categorical, ordinal, and nu-
We have developed machine learning and visualization meric dimensions. Third. it does not require ad hoc
software to aid in the analysis, modelling, and un- modifications of the numeric dimensions, such as nor-
derstanding of such systems. The software is based malizing the variance. Fourth. it does not rely on a
on nonmetrc conceptual clustering, which attcmpts to metric, such as the Euclidean metric, which will corn-
analyze the data into clusters that are strongly asso- bine parameters by sums of squares or other mathe-
ciated with several measured parameters. Our analy- matical methods. Fifth, it provides an integral mea-
szs and visualization tools not only confirmcd suspected sure of the quality of the clustering, allowing an ob-
ecological patterns, but revealed aspects of the data that jective choice, e.g.. for the right number of clusters.
were unnoticed by ecologists using conventzonal statis- Finally. it has the ability to ignore noisy parameters.
::cal tcchri ,;n:s, i.e. parameters with a large variance but random with

respect to the overall pattern. Size of the variance is
not taken into account since all values on all dimen-

1 Introduction sions are merely regarded as small. medium. or large.
The clustering itself is informative, but Riffle ac-

Nonmetric clustering (1] is a variant of conceptual tuallv provides the user with more than a traditionalclustering in that the clustering is designedt not only clustering algorithm. It also reports a list of the pa-
"ci rameters that have a strong association with the clus-

to fit the data. but also to create a simple and concep- g
tual description of the data [2]. The goal of nonmetric ters. This list, which is a subset of all of the parame-
clustering is a partition of the data into disjoint and ters. records only those that are important or signifi-
exhaustive subsets (the clusters) such that most of the cant in relation to the patterns in the data. Parame-

scan be described by simple conjunctive descrip- ters that vary randomly are automatically be excluded
points afrom the list. This feature has proved invaluable to
tions involving some subset of the original parameters.
This differs from varieties of factor analysis '57 in that ecologists. We will describe one case here [4, 5].
a subset of the original parameters is used rather than
a rotation or projection. Our implementation of non-
metric clustering (the computer program -Riffle") per- 2 Mlicrocosm ecotoxicology
forms a search through the space of all partitions of the
data. and all divisions of the parameters into qualita- Riffle has been successful in analyzing data
t ive categories e.g.. --small". 'medium", and -large-), from synthetic microcosms such as the Standardized
and all subsets of parameters. The search terminates Aquatic Microcosm. or SAM [6]. In the SAM, twenty-
when it finds a clustering (I artition), paramneter sub- four jars of wALer are prepared identically with seV'-
set. and categorical division, such that the hit to the eral species of algae, Daphnia. and other biota. The
data cannot be improved. The space of partitions and jars are divided into four treatment goups. normally



a control and three increasingly toxic doses. The jars from multispecies communities to a manageable size.

are monitored closely for two months and population The reduced data is more interpretable by scientists.
counts for all species. as well as physical/chemical pa- and has aided in the discovery of new hypotheses re-

rameters. are recorded every few days. garding community level response to toxic stress.
Over most days of the experiment, nonmetric clus- We believe that our success with this methodology

tering by Riffle can pick out the four treatment groups suggests a new paradigm for toxicity testing. Tradi-

from the biological data alone, even when individual tionall.v assessment of toxicity is done using one or

parameters show no significant difference among the two species deemed suitable. With machine learning

four groups. Further. the parameters (species) that tools, however, the species most suitable to assessing

Riffle selects as associated with the clustering reveal the effects of the toxic agent need not be specified

community-level responses to toxic stress. Quite often in advance, but can be discovered automatically from

some species will respond early in the test, and differ- within the multispecies test. This wiii provide at once

ent ones later. For instance, in at least two of our a more sensitive, and a more realistic, test.

experiments, the treated groups diverged significantly
from the control group. and then, by about the end of Acknowledgements

the first month, "recovered" to a state indistinguish-
able from the control group. However, during the sec- This research is supported by USAFOSR Grant No.

ond month. the treatment groups again diverged from AFOSR-91-0291 DEF.

the control.
This divergence, convergence and redivergence, or

osczllation in distance between treatment and control. References

was also visualized with 3,1 spacetinie graphics. and

its statistical significance was separately confirmed by [I] Geoffrey' Matthews and James Hearne. Clustering
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Abstract

Ecological studies and multispecies ecotoxicological tests are based on
the examination of a variety of physical. chemical and biological data with
the intent of finding patterns in their changing relationships over time. The
data sets resulting from such studies are often noisy, incomplete, and dif-
ficult to envision. We have developed machine learning and visualization
software to aid in the analysis, modelling, and understanding of such sys-
tems, and have applied it to the analysis of lake and stream field studies, and
aquatic microcosm toxicological tests. The software is based on nonmetric
conceptual clustering, which attempts to analyze the data into clusters that
are strongly associated with several measured parameters. We have found in
many cases that this approach is superior to classical clustering algorithms,
all of which rely on an n-dimensional metric (or similarity measure). In each
case, our tools not only confirmed suspected ecological patterns, but also
revealed aspects of the data that were unnoticed by ecologists using con-
ventional statistical techniques. Machine learning tools should, accordingly,
become a standard part of the ecologist's armamentarium.
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Introduction
Machine learning has fallen on hard times. Edward Feigenbaum, in a plenary

talk at the recent IEEE conference on Al applications called it a "big disappoint-
ment."

Understanding ecosystems requires the solution of novel data analysis prob-
lems. Ty,;ically, dozens to hundreds of species, as well as many physical and
chemical parameters, are sampled in natural and artificial systems. These parame-
ters not only change over time, but sampling limitations necessitate acquiring only
a few samples, resulting in shallow data matrices with many dimensions, but few
points. The essential task of computational assistance, then, is to reduce the di-
mensionality and aid in the interpretation of these data sets. Nonmetric conceptual
clustering was designed for these kinds of data (Matthews and Hearne, 1991). It
simultaneously reduces both the complexity and the dimensionality of the set of
data points. The complexity is reduced by grouping the points into clusters. The
dimensionality of the data is reduced by selecting only parameters that fit well
with the generated clusters. Random or noisy parameters are ignored. The ability
to evaluate a model of the data simultaneously on several different fitness criteria
gives nonmetric conceptual clustering its strength.

We have applied nonmetric clustering successfully in multispecies field and
laboratory studies, and in each case we have not only confirmed the presence of
suspected patterns, but also discovered aspects of the data that were unnoticed by
ecologists (Landis et al., 1993; Matthews et al., 1991a; Matthews et al., 1991b).
In addition, these patterns were usually overlooked by conventional statistical
techniques. In this sense, the software has stepped beyond the role of traditional
expert systems, which merely mimic human expertise, and into the role of a
machine learning system: a computer system that can learn things about the
data that a human cannot. Such systenw bhiif 'tqmwer to human
investigators, expertise that is beyond their own ability but which can form part of
a valuable partnership.

We present here a summary of the nonmetric conceptual clustering approach,
some results stemming from applications in ecology and ecotoxocology, and our
attempts to extend the applicability of the nonmetric clustering paradigm to system
dynamics.

Nonmetric Clustering
Nonmetric clustering is similar to conceptual clustering in that the clustering

is designed, not only to fit the data, but also to create a simple and conceptual
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description of the data (Michalski and Stepp, 1983: Fisher and Langley, 1986). The
goal of nonmetric clustering is a partition of the data into disjoint and exhaustive
subsets (the clusters) such that most of the points can be described by simple
conjunctive descriptions involving some of the original parameters (canonical
dimensions, i.e. without rotation, etc). For example, if a large number of the
points (cluster A), in dimensions r, y, and :, had "medium", "small", and "large"
values, respectively, and another large number of points (cluster B), had "large",
"medium", and "medium" values on these same dimensions, then the points could
be described by the two concepts:

Cluster A: 4-* (x = medium) A (y = small) A (z = large)

Cluster B: 4* (x = large) A (y = medium) A (z = medium)

If these two sets of points comprised nearly all of the original data, then the
clustering would be complete. There may be other dimensions in the original data
set, other than x, y, and z, but these dimensions would be regarded as irrelevant to
the above clustering if x, y, and -- sufficed.

To this end, the nonmetric clustering algorithm performs a (nonexhaustive)
search through the space of all clusterings (partitions) of the data, and all divisions
of the parameters into categories (e.g., "small", "medium", and "large"), and all
subsets of parameters. The search terminates when it finds a clustering, parameter
subset, and categorical division, such that the fit to the data cannot be improved.
Naturally, the space of partitions and divisions is too large to be searched exhaus-
tively. Accordingly, a hill-climbing algorithm is employed, starting from a random
partition and quantile divisions of the dimensions. The search is then repeated,
starting from a different random initialization, to avoid local maxima. In our
experience with both synthetic and real data, about ten repetitions are sufficient to
avoid local maxima. The algorithm has been implemented in a computer program
called Riffle, together with a graphical front end for viewing the results.

Nonmetric clustering has the following advantages over some conventional
clustering methodologies:

"* It works well with incomplete data, where several points may have missing
values for a few dimensions.

"* It works equally well with categorical, ordinal, and numeric dimensions.

"* It does not require ad hoc modifications of the numeric dimensions, such as
normalizing the variance.
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"* It does not rely on a metric, such as the Euclidean metric, which will combine
parameters by sums of squares or other mathematical methods.

" It has the ability to ignore noisy parameters, i.e. parameters with a large
variance but random with respect to the overall pattern. Size of the variance
is not taken into account since all values on all dimensions are merely
regarded as small, medium, or large.

The clustering itself is informative, but Riffle actually provides the user with more
than a traditional clustering algorithm. It also reports a list of the parameters
that have a strong association with the clusters is also revealing. This list, which
is a subset of all of the parameters, records only those that are important or
significant in relation to the patterns in the data. Parameters that vary randomly
are automatically be excluded from the list.

There are a number of synthetic data sets on which Riffle can outperform
traditional clustering algorithms (Matthews and Heame, 1991). However, the
most amazing successes with Riffle have been in the analysis of ecological and
ecotoxicological data sets, which we describe in the following sections.

Aquatic Ecology
In both lake and stream studies, Riffle has succeeded in obtaining intuitively

meaningful clusters. In a one-year study of benthic macroinvertebrates in a small
stream, Riffle grouped the samples exactly as a human expert would have done, one
group consisting of "clean" water samples (mayflies, stoneflies, etc.), and another
group consisting of "dirty" water samples (flies, oligochaetes, etc.) (Matthews
et al., 1991 a). Several rare species were found to have high association with these
clusters, and thus were reported by Riffle as important to the overall pattern. But
these same species had been overlooked as important indicator species because of
their rarity. The samples were collected over an entire season, and included both
low-density and high-density samples as the benthos matured over the summer.
Standard clustering techniques were confounded by this seasonal variance and
grouped the samples into "early" and "late" samples, without regard to the fine
structure of the populations.

In a multi-year study of physical/chemical parameters in a large monomictic
lake, Riffle accurately clustered samples according to season into summer epil-
imnion and hypolimnion, as well as winter mixed water samples (Matthews et al.,
1991 b). In a result surprising to the investigators, it also identified a fourth class
of samples. Upon reinvestigating, we noticed that this class had actually been

5



sampled from within the metalimnion-an unforeseen accident of the experimen-
tal design. Further clustering by Riffle of the biological data showed a strong
correlation with the clustering of the physical/chemical parameters. Conventional
clustering algorithms were not able to identify these patterns.

Ecotoxicology
Riffle has also been successful in analyzing data from synthetic microcosms,

in particular, the Standardized Aquatic Microcosm, or SAM (Taub, 1989). In the
SAM, twenty-four jars of water are prepared identically with several species of
algae, Daphnia, and other biota. The jars are divided into four treatment groups,
normally a control and three increasingly toxic doses. The jars are monitored
closely for two months and population counts for all species, as well as physi-
cal/chemical parameters, are recorded every few days. Nonmetric clustering by
Riffle can often pick out the four treatment groups from the biological data alone.

Under controlled situations, such as the SAM, nonmetric clustering can form
the basis of a confirmatory statistical test, which we have termed nonmetric clus-
tering and association analysis (NCAA). In this case, the known treatment groups
form one categorical label, and the cluster numbers form another. (Sometimes,
although by no means always, the treatment groups form an ordinal, and not
merely categorical variable.) The association between treatment group and cluster
number forms the basis of a confirmatory statistic: under the null hypothesis, there
would be no association. Any contingency table test, such as the k2 test, can then
be used to obtain a confidence level.

Nonmetric clustering consistently reveals aspects of the SAM microcosms that
are hidden from other tests. Since Riffle reduces the dimensionality of theSAM
by indicating which species are important on which days of the test, it gives the
practitioner a good handle on how the populations respond to the toxin. Quite
often one species will be important early in the test, of little importance during
the middle period, and then important again later. We have also noticed "chaotic"
trends in the evolution of the SAM. For instance, in at least two of the experiments,
the treated groups diverged significantly from the control group, and then, by about
the end of the first month, "recovered" to a state indistinguishable from the control
group. However, during the second month, the treatment groups again diverged,
in a dose-response fashion. This indicates that, during the putative recovery
period, the systems were nonetheless quite different, and were able to diverge
later. This is symptomatic of chaotic systems, where imperceptible differences in
initial conditions can lead to radically different behavior subsequently.
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Other Applications
Riffle is currently being applied to a wide variety of data analysis problems. We

are currently beginning an investigation into the toxicity of refinery effluents, using
measurements required by the National Pollution Discharge Elimination System
(NPDES). Also, in cooperation with Dr. Anne Fairbrother of the U.S.E.PA.,
Corvallis, we are applying Riffle to studies of biomarkers of toxicological impacts
on mice and birds. Other researchers have applied Riffle to medical diagnosis
problems.

Future Directions: Temporal Dynamics
As well as Riffle works in analyzing data, it is essentially static. Many of

the effects seen in ecological data analysis are dynamic-an effect may be simply
a time delay, for example. Further, oscillations, such as those in the predator-
prey models, can be expected, as well as chaotic dynamics. We are beginning to
apply the lessons learned from nonmetric clustering to the analysis of dynamic
multivariate data. Some of our approaches are outlined below.

Discrete curvature and torsion: The path of an ecosystem through n-
dimensional space over time can be viewed as a parameterized curve. Using
analogies of the Frenet formulas (O'Neill, 1966, pp. 56-66), discrete ana-
logues of the fundamental vectors, velocity, curvature, torsion etc., can be
defined and used to characterize the evolution of the system.

Nonmetric clustering strain: The key idea behind nonmetric clustering strain is
to measure the change in nonmetric clustering from one time slice to the
next. By examining how nonmetric clusters of the points change over time,
measures of the size and direction of the change can be obtained.

Conc•Fptual shift: When performing conceptual clustering the important param-
eters usually change over time. Thus, not only do the points change their
relationships, but the conceptual descriptions of the points can use a different
vocabulary at different times. The measure of how the "best" description
changes over time gives us another handle on understanding dynamic be-
havior.

Visualization: We are also investigating graphical visualization of the evolution
of systems in n-dimensional phase space over time. The curvature, torsion,
clustering shift and conceptual shift can all be visualized with interactive
computer graphics. Projection pursuit and grand tour algorithms can be used
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to maximize the visibility of desired quantities (Asimov, 1985, Huber. 1985).
Critical points, at which the behavior of the systems becomes "interesting."
can then often be found by inspection.

Conclusions
Our program attempts to understand multivariate data on its own terms. To this

end, we have built and applied nonmetric clustering and visualization tools that re-
duce the dimensionality and complexity of multispecies systems to a manageable
size. Other attempts have been made to understand ecosystems in terms of mul-
tivariate response, but the responses were usually measured using n-dimensional
metrics (Johnson, 1988; Kersting, 1988). We have seen repeatedly that metric
approaches suffer from a large number of drawbacks when dealing with ecologi-
cal data. The approach recommended here is free from any metric (or similarity
measure) and its problems.

Recently, the U.S. Environmental Protection Agency has instituted a policy
that calls for the cancellation of multispecies toxicity tests because data analysis
has proven too difficult or inconclusive (Fisher, 1992). We believe that the problem
is not with the multispecies tests, which are carefully designed to be more realistic
than classic, single-species tests, but rather with the poor quality of the data
analysis tools that are applied to the results of these tests. So far as we know, we
are the only group in the United States applying the methodologies of machine
learning to multivariate ecological and ecotoxicological studies, and we are seeing
results that greatly enhance our understanding of the systems and their dynamics.
Interest in our techniques at national toxicological conferences is always high, and
we are convinced that the machine learning paradigm will revolutionize ecology
and ecotoxicology in the near future.
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2 Abstract: Ecological risk assessment has evolved so that the interaction among the components is now

3 an implicit assumption. Unlike single species based risk assessments, it is often crucial in environmental

4 or ecological risk assessments to be able to describe a system with many interacting components. In

5 addition, some quantifiable description of how different biological communities are upon the addition of a

6 toxicant or some other stressor is required to adequately describe risk at the ecosystem level. Three

7 methods have been applied at the ecosystem level, the mean strain measurement used by K. Kersting,

8 the state space analysis pioneered by A.R. Johnson, and the nonmetric clustering developed by G.

9 Matthews for ecological datasets and for analysis of Standardized Aquatic Microcosm data. Each

10 method has direct application to the description of an effected ecosystem without reliance upon a single

11 and specific and perhaps misleading endpoint. Each also can assign distance or probability measures in

12 order to compare the control to treatment groups. Nonmetric clustering (NMC) has the advantage of not

13 attempting to combine different types of scales or metrics during the multivariate analysis and is robust

14 against interference by random variables. Application of these methodologies into an ecological risk

15 assessment should have the benefit of combining large interactive datasets into distinct measures to be

16 used as a measure of risk and as a test of the prediction of risk. The primary impact of these methods

17 may be in the selection and interpretation of assessment and measurement endpoints.

18 Much recent debate in toxicological studies has focused on appropriate endpoints for tests. Nonmetric

19 clustering and other multivariate techniques should aid in the selection of these endpoints in ways

20 meaningful at the ecosystem level. We suggest that the search for assessment and measurement

21 endpoints be left to the appropriate multivariate computation algorithms in the case of multispecies

22 situations. Application of these methods in the verification, validation process of risk assessment will

23 prove to check the selection of endpoints during modeling exercises and to improve the presentation of

24 assessment criteria.

25

26 Key Words: Risk assessment, multivariate statistics, nonmetric clustering, measurement and

27 assessment endpoints, artificial intelligence.
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1 Ecological Risk Assessment Defined
2 Ecological risk assessment is essentially the art of extrapolating from relatively straight-forward

3 information on how toxic a compound is to specific organisms to how complex assemblages of organisms

4 will respond to the toxin in their natural environment. The traditional approach to ecological risk

5 assessment was developed by the National Academy of Science (NAS) using a human health effects

6 paradigm. The NAS model is described in detail in Risk Assessment in the Federal Government:

7 Managing the Process (1), also known as the "red book." The NAS approach uses a four-point approach:

8 a) The initial hazard Identification, which determines whether a chemical is capable of causing

9 adverse health effects. This conclusion is based on laboratory animal studies and, where available,

10 human data;

11 b) The dose-response assessment, which characterizes the relationship between the chemical

12 dose and the incidence of adverse health effects in the exposed population;

13 c) The exposure assessment, which measures or estimates the intensity, frequency, and duration

14 of human exposure to a chemical, or estimates hypothetical exposure; and

15 d) The risk characterization, which combined the dose-response and exposure assessments. This

16 final step evaluates the uncertainties in the previous analyses and provides an estimate of the likelihood

17 of adverse effects under the stated conditions.

18 The NAS paradigm was developed to assess the risks of chemicals to human health, and while many

19 of its principles can be implemented directly in ecological risk assessment, it falls short when applied to

20 non-chemical stressors or interdependent organisms. Furthermore, it does not even begin to address the

21 links between organisms and their environment. Hazard identifications are complicated by the many

22 metabolic and degradation pathways available in the environment. Changes in these pathways can occur

23 naturally, as a result of spatial and temporal changes in species assemblages, but can also be induced

24 as a result of the introduction of a xenobiotic. Exposure assessments are complicated by the

25 extraordinary array of species present at the exposure sites. The species composition also changes as a

26 result of natural forces (seasonality, stochastic extinctions, migrations, etc.) or the introduction of a

27 xenobiotic. Because of this, ecological risk assessment must be recognized as being fundamentally

28 different from human health risk assessments (2).

29

30 Ecological Risk Assessment Models - Review of the USEPA Framework

31 Many of the difficulties in applying the traditional risk assessment paradigm to ecosystems have been

32 addressed in the recent formulation of a Framework for Ecological Risk Assessment (3) (Figure 1).

33 Among the novel features of this framework is the integration of exposure and hazard assessment to

34 reflect the interactions that occur in ecological systems. Also innovative is the inclusion of a Data

35 Acquisition, Verification and Monitoring process within the framework. The key however, is the selection
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1 of assessment and measurement endpoints to make the assignment of risk representative of the system

2 under protection.

3 The USEPA Framework includes three steps: problem formulation, analysis, and risk

4 characterization.

5 Problem formulation is the process that evaluates the characteristics of the stress-inducing agent

6 (e.g., toxin). It also identifies the ecosystem that may be at risk, and identifies possible ecological effects.

7 This information is used to select the ecosystem components or attributes of concern (the assessment

8 endpoints) and to determine the best ways to describe this component or attribute (measurement

9 endpoints). Finally, the assessor prepares a conceptual model that describes the ways in which the

10 stressor could interact with the ecosystem and the likely effects of such an interaction. Problem

11 formulation is not specifically discussed in the NAS paradigm, but in current practice these issues are

12 addressed during planning.

13 The analysis phase contains two components: characterization of exposure and characterization

14 of ecological effects. The exposure characterization determines stressor distribution, characterizes

15 receptors, and quantifies stressor release, migration, and fate. The effects characterization evaluates

16 effects data and response data such as stressor-response analysis (akin to the dose-response

17 assessment described above), the relationship between endpoints, and evidence of causality. This phase

18 is analogous to the hazard identification, dose-response and exposure assessment components of the

19 NAS paradigm.

20 The risk characterization component differs little from its counterpart in the NAS paradigm. It tests

21 the hypotheses developed in the conceptual model described in Problem Formulation by synthesizing

22 information about the stressor and receptor from various sources and describing the supporting evidence

23 for (and uncertainty associated with) conclusions. It also provides some indication of the likelihood of

24 effects occurring and describes the ecologica. significance of any predicted risk.

25

26 Endpoint Selection-Ecological Risk Assessment

27 Endpoints (assessment and measurement) are the keystones of an ecological risk assessment as

28 every other parameter in the process is predicated upon these terms. An assessment endpoint must be

29 something specific and quantifiable such as "maintenance of sport fish populations" or "desertification" or

30 "eutrophication." Values such as "ecosystem health" have little meaning (2) and cannot be easily

3 1 described. Sometimes it is not possible to examine the assessment endpoint directly--for example, one

32 cannot collect bald eagle livers and analyze them for enzyme induction. In this case, measurement

33 endpoints are used to describe the organism or entity of concern. Continuing with the bald eagle

34 exampia, one may wish to examine contaminant concentrations in the eagles' food and compare them to

35 laboratory dose-response data, observe their feeding habits and construct exposure scenarios, and

36 review liver-enzyme data from other eagles (in captivity or found dead) or other birds of prey to arrive at
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I conclusions about enzyme induction in local eagles. In the ecosystem sense, measures of species

2 number, abundance or energy flow would be analogous.

3 The USEPA Framework recommends that assessment endpoint selection consider 1) ecological

4 relevance, 2) policy goals and societal values, and 3) susceptibility to the stressor. To ensure that

5 ecological relevance is addressed, one must have some a priori knowledge of the ecosystem of interest

6 and the relationships between its components. Science must not take a back seat to policy and societal

7 values, but communication between the risk assessor and risk manager is critical to ensure scientific

8 integrity and satisfy policy needs. Finally, the strongest assessment endpoints are both affected by the

9 stressor and sensitive to a specific type of effect caused by that stressor.

10 Measurement endpoints should be selected on the basis of how well they represent assessment

I I endpoints. Practicality and consistency with exposure scenarios often determine the initial range of

12 possibilities. Measurement endpoints must be correlated with or useful for inferring changes in

13 assessment endpoints (4). To the exlent possible, they should be selected for appropriate diagnostic

14 ability, signal-to-noise ratio, sensitivity, and response time. Ideally, measurement endpoints also provide

15 information about indirect effects such as toxicity to an organism upon which the species of interest preys

16 or nutrient cycle inhibition reducing survivorship of fingerlings.

17 An ecological risk assessment is only as good as the data upon which it is based. Thus, data

18 acquisition is an integral part of the risk assessment process. Endpoints can and generally should

19 change with time. At any stage in ecological risk assessment, new data may reveal that a particular

20 endpoint should be added or removed, or that it no longer provides relevant information. For example,

21 tree seedling success may be an important measure in managed ecosystems or when bare or disturbed

22 soil is being colonized, but it provides little information about old-growth forests. Similarly, a measure of

23 biomass in an aquatic system may provide a good indication of overall productivity, but it probably will not

24 contain enough information to determine whether a balanced assemblage of functional groups

25 (shredders, filter-feeders etc.) exists. Preliminary data needs should be outlined during the Problem

26 Formulation and refined as needed during the rest of the risk assessment process. For example, the

27 assessor may discover that the assessment endpoint initially selected is affected less by the stressor

28 being evaluated than by other causes, such as widespread habitat loss or overtishing--this may require

29 selection of another assessment endpoint. Similarly, as the assessment progresses, it may become

30 evident that additional measurement endpoints are needed. Increasingly, the use of multivariate data

3 1 analysis is being called upon to assist in identifying appropriate endpoints for ecological risk assessments.

32

33 Importance of Multivarlate Data In Ecological RIsk Assessments

34 One important feature of ecological risk assessments is that they generally must rely on multivariate

35 data to identify natural and toxicant-induced patterns. This is a result of the multidimensional nature of

36 ecosystems; the Hutchinsonian idea of organisms and populations residing in a n-dimensional
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1 hypervolume is the basis of current niche theory (5). The n-dimensional hypervolume is the ecosystem

2 with all its components as perceived by the population. The variability of these parameters over time as

3 well is used to account for the variety of species within the ecosystem system (6,7,8). Applications of

4 resource competition models have been proposed for evaluating even single-species toxicant effects (9).

S Therefore, in order to begin to describe an ecosystem's response to perturbation, we must recognize the

6 system's multidimensional nature.

7 Our essential goal in multivariate data analysis is to identify ecologically relevant patterns in the data

8 set. This is true reqardless ol whether our ultimate goal is to develop an ecological risk assessment or to

9 evaluate naturally occurring changes in the ecosystem. However, until recently, the data reduction tools

10 available to aid our analyses have consisted primarily of simple graphs (lots of them), simple statistical

11 tests done repeatedly to accommodate all of the measured parameters, and a few truly multivariate

12 statistical tests that generated useful but esoteric results. For example, analysis of variance (ANOVA) is

13 the classical method to examine single variable differences from control groups or reference sites.

14 However, in multivariate data, there are problems with Type II errors. Furthermore, it is difficult to display

15 and assimilate the many ANOVA results that are generated from a muitivariate data set. Conquest and

16 Taub (10) developed a method to overcome some of these problems by generating intervals of non-

17 significant difference for a single variable measured repeatedly over time. This method corrects for the

18 likelihood of a Type II error and produces a visual display of significant vs. nonsignificant differences that

19 is easily graphed. The major drawback to this method is that it only portrays changes in single variables

20 over time.

21 Multivariate methods have proved promising as a method of incorporating all of the dimensions of an

22 ecosystem. One of the first to be used in toxicology was the calculation of ecosystem strain developed by

23 Kersting (11,12,13,14) for relatively simple (three species) microcosms. At about the same time,

24 Johnson (15,16) developed a multivariate clustering algorithm to map the n-dimensional coordinates of an

25 ecosystem and used the distance between these systems as a measure of divergence from the control.

26 Both of these methods have the advantage of examining the multispecies test systems as a whole and

27 can track such process as succession, recovery and the deviation of a system due to an anthropogenic

28 input. Their major disadvantage, which is also a disadvantage with most conventional multivariate

29 statistical techniques, is that all of the data are incorporated without regard to the metric (unit of

30 measurement) or relative value of a variable toward identifying patterns in the data set ('noisy* or random

31 data are included along with the rest). It can be difficult to reconcile variables such as pH with a 0-14

32 metric to the numbers of bacterial cells per mL, where low numbers are in the 106 range. Along the same

33 lines, data that vary randomly and have large metrics may overwhelm the statistical computations and

34 mask the importance of highly correlated variables with small metrics.

35 Ideally, multivariate statistical tests used for evaluating complex data sets, whether the goal is

36 to develop an ecological risk assessment or not, will have the following characteristics:
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2 a) It will not combine counts from dissimilar taxa by means of sums of squares, or other ad hoc
3 mathematical techniques, as in the Euclidean and cosine distance measures;
4
5 b) It will not require transformations of the data, such as normalizing the variance;
6
7 C) It will work without modification on incomplete data sets;
8
9 d) It will work without further assumptions on different data types (e.g., species counts or

10 presence/absence data);
11
12 e) The Significance of a taxon to the analysis will not be dependent on the absolute size importance with
13 common taxa, and taxa with a large, random variance will not automatically be selected to the exclusion of others:
14
15 f) It will provide an integral measure of "how good" the clustering is, i.e. whether the data set differs
16 from a random collection of points; and
17
18 g) It will, if appropriate, identify a subset of the taxa that serve as reliable indicators of the physical
19 environment.

20

21 Although we have now defined the ideal characteristics of a multivariate system, none is of course

22 perfect. However, a method borrowed from the Artificial Intelligence (Al) tradition meets a large

23 proportion of the above design criteria.

24

25 Nonmetrlc Clustering and Association Analysis

26 Unlike the more conventional multivariate statistics, nonmetric clustering is an outgrowth of artificial

27 intelligence and a tradition of conceptual clustering. In this approach, an accurate description of the data

28 is only part of the goal of the statistical analysis technique. Equally important is the intuitive clarity of the

29 resulting statistics. For example, a linear discriminant function to distinguish between groups might be a

30 complex function of dozens of variables, combined with delicately balanced factors. While the accuracy

31 of the discriminant may be quite good, use of the discriminant for evaluation purposes is limited because

32 humans cannot perceive hyperplanes in highly dimensional space. By contrast, conceptual clustering

33 attempts to distinguish groups using as few variables as possible, and by making simple use of each one.

34 Rather than combining variables in a linear function, for example, conjunctions of elementary "yes-no"

35 questions could be combined: species A greater than 5, species B less than 2, and species C between

36 10 and 20. Numerous examples throughout the artificial intelligence literature have proven that this type

37 of conceptual statistical analysis of the data provides much more useful insight into the patterns in the

38 data, and is often more accurate and robust. Delicate linear discriminants, and other traditional

39 techniques, chronically suffer from overfitting, particularly in highly dimensioned spaces. Conceptual

40 statistical analysis attempts to fit the data, but not at the expense of a simple, intuitive result.

41
42
43
44
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1 Applications of Nonmetric Clustering and Association Analysis

2 A detailed description of our multivariate methods, including nonmetric clustering and association

3 analysis is in Appendix A. As examples of the usefulness of multivariate methods in general, and

4 nonmetric clustering in particular, we will use examples of field evaluations and toxicity tests conducted

5 over the last 3 years. Insights into the utility of these methods, the dynamics of even straightforward

6 microcosm systems, and the importance of measurement variables have been the results of these

7 studies.

8

9 Field Studies

10 Before we can determine whether a toxin has affected a group of organisms.or the dynamics of an

11 ecological community, we must first determine what types of changes would occur that are independent of

12 the toxin. In field situations, this is usually attempted by using a reference site, monitoring the changes

13 that occur at that site, and comparing this with the changes that occur in organisms at the "treatment* site.

14 However, one of the most difficult analytical challenges in ecology is to identify patterns of change in

15 large ecological data sets. Often these data are not linear, they rarely conform to parametric

16 assumptions, they have incommensurable units (e.g., length, concentration, frequency, etc.), and they are

17 incomplete (due to both sample loss and sampling design whereby different parameters are collected at

18 different frequencies). These difficulties exist regardless of whether there are toxins present; the only

19 difference is that with the presence of a toxin, we must try to separate the response to the toxin from the

20 other changes that occur at the site(s).

21 We have compared several types of multivariate techniques to evaluate two types of ecological data,
22 a limnological data set that included spatial and temporal changes in water chemistry and phytoplankton

23 populations, and a stream data set that included spatial (longitudinal) and temporal changes in benthic

24 macroinvertebrate species assemblages (17,18). Our objective was to see whether the multivariate tests

25 could identify obvious patterns involving the influences of stratification in the lake and the effects of

26 substrate and water quality changes on stream macroinvertebrates. We used principal components

27 analysis, hierarchical clustering (k-means with squared Euclidean or cosine of vectors distance

28 measures), correspondence analysis, and nonmetric clustering to look for patterns in the data.

29 In both studies, nonmetric clustering outperformed the metric tests, although both principal

30 components analysis and correspondence analysis yielded some additional insight on large-scaled

3 1 patterns that was not provided by the nonmetric clustering results. However, nonmetric clustering

32 provided information without the use of inappropriate assumptions, data transformations, or other data set

33 manipulations that usually accompany the use of multivariate metric statistics. The success of these

34 studies and techniques lead to the detailed examiniation of community dynamics in a series of two

35 multispecies toxicity tests.

36
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1 Multispecies Toxicity Testing

2 The multivariate methods described above have recently been used to examine a series of

3 multispecies toxicity tests. Described below are the data analyses from two recently published tests using

4 methodology derived from the Standardized Aquatic Microcosm (SAM) (ASTM E1366-91 ). The 64-day

5 SAM-protocol previously has been described (19,20,21,22,23). Briefly, the microcosms were prepared

6 by the introduction of ten algal, four invertebrate, and one bacterial species into 3L of sterile defined

7 medium.

8 In the first example (24), the riot control material 1,4-dibenz oxazepine (CR) was degraded using the

9 patented organism Alcaligenes denitnificans denitrificans CR-1 (A. denitrificans CR-1). A. denitnificans

10 CR-1 was obtained using a natural inoculum set in an environment containing the microcosm medium

11 T82MV containing the toxicant CR. After demonstrating the organisms ability to degrade the toxicant CR,

12 a microcosm experiment was set up to investigate the ability of the microorganisms to degrade CR in an

13 environment resembling a typical freshwater environment. Toxicity tests of the riot control material

14 demonstrated that although A. denitrificans CR-1 eliminated the toxicity of a CR solution towards algae,

15 toxicity did remain to Daphnia magna.

16 The SAM experiment was set up with a control group without the toxicant or A. denrtrificans CR-1, a

17 second group with only CR, a third group with only A. denitnificans CR-1, and the fourth group containing

18 both the toxicant CR and the bacterium A. denitrificans CR-1. Conventional analysis demonstrated that

19 the major impact was the increase in algal populations since both CR and the degradative products of the

20 toxicant both inhibited the growth of the major herbivore, D. magna. The control group and the

21 microcosms inoculated initially with A. denitnificans CR-1 were not distinguishable using conventional

22 analysis.

23 As a first test of the use of multivariate analysis in the interpretation of multispecies toxicity tests, the

24 data set used to analyze the CR microcosm experiment were presented in a blind fashion for analysis.

25 Neither the purpose of the experiment or the experimental set up was provided for the analysis.

26 Nonmetric clustering was used to rank variables in terms of contribution and to set clusters. Surprisingly,

27 the analysis resulted in only two clusters being recognized, Control and A. denitrificans CR-1 treatments,

28 and the CR and CR plus A. denitiflcans CR-1 treatments. Variables important in assigning clusters were

29 D. magna, Ankistrodesmus, Scenedesmus and NO2 . Obviously, the inclusion of the principal algal

30 species in these experiments and the daphnia was not a surprise, but NO2 had not been demonstrated as

31 a significant factor in previous analysis. However, the species A. denitnificans denitrificans is classified for

32 its denitrification ability (25).

33 The second major application of nonmetric clustering to the analysis of SAM data has been the

34 investigation of the impact of the water soluble fraction (WSF) of the fuel Jet-A (26). Four treatment

35 groups, control, 1, 5 and 15 percent WSF were used.
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I All of the multivariate tests (cosine distance, vector distance and nonmetric clustering) agree that a

2 significant difference between treatment groups was observed through day 25. From day 28 to day 39,

3 the effect diminished until there were no significant effects observable. However, significant effects were

4 again observable from day 46 through day 56, after which they again disappeared for days 60 and 63.

5 In Figure 2, the average cosine distances within the control group and between the control group and

6 each of the three treatment groups are plotted on a log scale. The initial, strong effect, from day 11 to day

7 25, is easily seen as a large distance from the treatment 1 (control) and treatment 2, together, to both

8 treatment groups 3 and 4, initially, but then treatment 3 moves closer to the control. The period of no

9 significant difference, from day 35 to day 46, is also clear. During the second period of significant

10 difference, from day 49 to 59, a perfect dose-response for all three treatments is seen, with higher doses

11 becoming more distant from the control. This dose-response relationship is consistently maintained over a

12 period of eleven days, for four sampling dates, days 49, 53, 56, and 59. In general, a dose-response

13 relationship like this was not observed earlier, although the magnitude of the distance was considerably

14 greater.

15 Also of interest are the variables that best described the clusters and the stability of the importance of

16 the variables during the course of the experiment. Table 1 lists the variables determined to be important

17 in determining the clusters by importance for each sampling day as determined by nonmetric clustering.

18 In general, the number of variables that were important was larger during the start of the test and lower at

19 the end. In addition, a great deal of variability in rankings is apparent during the course of the SAM. The

20 number of sampling dates when a variable was deemed important in cluster formation is listed in Table 2.

21 Ankistrodesmus was the most consistent of the variables, being ranked in 12 out of the 16 sampling

22 dates. Medium daphnia was also ranked often. However, variables like Ostracod and Philodina did not

23 become important until later in the experiment.

24 The repeated oscillation of the dosed replicates compared to the controls were accounted for in two

25 basic ways:

26 a reflection of the functioning of the community best described by parameters not directly sampled

27 by the SAM protocol; or,

28

29 a repeated fluctuation in community structure initiated by the initial stress and that is visible as an

30 undampened movement in the systems.

31

32 Until more data can be obtained, the cause-effect of the second oscillation can not be determined.

33 However, the use of multivariate analysis detected an unexpected result, one providing a new insight into

34 the dynamics of even the relatively simple laboratory microcosm.
35
36
37
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1 Synthesis

2 Several other researchers have attempted to employ multivariate methods to the description of

3 ecosystems and the impacts of chemical stressors. Perhaps the best developed approaches have been

4 those of K. Kersting and AR. Johnson.

5

6 Multivariate Descriptions of Microcosm Systems

7 Normalized Ecosystem Strain (NES) was developed by Kersting (11,13) as a means of describing the

8 impacts of several materials to the three compartment microecosystems containing an autotrophic,

9 herbivore and decomposer subsystems. These variables in the unperturbed control systems are used to

10 calculate the normal operating range (NOR) of the microecosystem. The NOR is the 95 per cent

11 confidence ellipsoid of the unperturbed state of a system. The center of the NOR is defined as the

12 reference point for the calculation of the NES. The NES is calculated as the quotient of the Euclidean

13 distance from a state to the reference state divided by the distance from the reference state to the 95

14 percent confidence (also called tolerance) ellipsoid, along the vector that connects the reference state to

15 the newly defined state. A value of 1 or less indicates that the new state is within the 95 percent

16 confidence ellipsoid, values greater than 1 indicate that the system is outside this confidence region.

17 Originally limited to ellipsoids, the use of Mahalonobis distances allows the use of more variables as

18 the confidence ellipsoid can be transformed to a confidence or tolerance hypersphere. These ideas were

19 examined using the microecosytem test method developed by Kersting for the examination of

20 multispecies systems. In tests using a relatively straightforward multicompartment microcosm the

21 sensitivity and strengths of this methods were observed. The sensitivity of the NES increased sensitivity

22 as the number of variables used to describe the system increased (13). Another interesting observation

23 was the increasing distance.from the normal space of the system after a perturbation as measured by

24 NES as time increased. This increasing distance indicates that the perturbed system is drifting from its

25 original state. Kersting hypothesized that the system may even shift to a different equilibrium state or

26 domain and that the system would remain there even after the release of the stressor.

27 Apparently as an independent development, A.R. Johnson (15) proposed the idea of using a

28 multivariate approach to the analysis of multispecies toxicity tests. This state space analysis is based

29 upon the common representation of complex and dynamic systems as an n-dimensional vector. In other

30 words, the system is described at a specific moment in time as a representation of the values of the

31 measurement variables in an n-dimensional space. A vector can be assigned to describe the motion of

32 the system through this n-dimensional space to represent successional changes, evolutionary events, or

33 anthropogenic stressors. The direction and position information form the trajectory of the state space and

34 this can be plotted over time.

35 In the n-dimensional hypervolume that describes the placement and trajectory of the ecosystem it is

36 possible to compare the positions of systems at a specified time. This displacement can be measured by
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1 literally computing the distance from the systems and this displacement vector can be regarded as the

2 displacement of these systems in space. This displacement vectors can be easily calculated and

3 compared. Using the data generated by Giddings (27) in a series of classic experiments comparing

4 results of the impacts of synthetic oil on aquarium and small pond multispecies systems, Johnson was

5 able to plot dose response curves using the mean separation of the replicate systems. These plots are

6 very reminiscent of dose-response curves from typical acute and chronic toxicity tests.

7 As summarized by Johnson, the strengths of this methodology are the objectivity for quantifying the

8 behavior of the stressed ecosystem and the power of this methodology to summarize large amounts of

9 data. As with the work of Kersting, this methodology allows the investigator to examine the stability of the

10 ecosystem and the eventual fate of the system relative to the control treatment.
11 Another important application proposed by Johnson (16) was the use of multivariate analysis to

12 ide~ntify diagnostic variables that can be applied in the monitoring of ecosystems. Diagnostic variables, if

13 reliable in differentiating anthropogenically stressed systems from control systems would be extremely

14 valuable in monitoring for compliance and in determining clean up standards. The use of such variables

15 is justified due to the fact that decisions often have to be made with incomplete datasets due to technical

16 difficulties, cost, and a general lack of knowledge. Techniques proposed for the determination of these

17 variables included linear regression, discriminant analysis and visual inspection of graphed data.

18 Johnson conducted a cost-benefit analysis using an ecosystem model that demonstrated under the

19 condition of that model, the benefits of diagnostic variables. In the Discussion, Johnson proposes

20 simulation modeling to attempt to find generalized diagnostic variables that best describe the state space

21 and trajectory of an ecosystem.

22 The major difficulty with the methods detailed above is the reliance on conventional metric statistics.

23 Vector distances in an n-dimensional space including such disparate variables as pH, cells counts and

24 nutrient concentrations are difficult to compare from one experiment to another. Another consideration is

"25 the fact that many of the variables may be compilations of others. Algal biomass is often calculated by

26 using multiplying cell counts by an appropriate constant for each species. Species diversity and many

27 indices of ecosystem health are similarly composited variables. As discussed in the pervious sections,

28 the use of metric methods with nonmetric clustering may prove a useful combination.
29

30 Search for Relevant Assessment and Measurement Endpoints
31 The attempt by Johnson to derive diagnostic variables is an interesting approach. However, our

32 current research indicates that identity of the variables that contribute the most to separating control

33 treatment from dosed treatment groups change from sampling period to sampling period. The variables

34 change in the SAM experiments, no doubt, in response to the successional trajectory of the system as

35 nutrients become depleted. As nutrients become limiting and the ability of the system to exhibit large
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1 differences in community structure become less, the metric measures do not exhibit the same magnitudes

2 of separation. Nonmetric clustering does not seem to be as sensitive to these changes.

3 However, the search for diagnostic measures to indicate the displacement of an ecosystem may not

4 be fruitless. Although the relative importance of the variables in the SAM experiments may change, there

5 are often variables that are more critical during the earlier stages of the development of the microcosm

6 and those that are more crucial in the latter stages. The variable Ostracods is generally more important in

7 the latter half of the experimental series than in the latter stages. The crucial aspect is that the clustering

8 algorithm is able to select ecosystem attributes that are the best in differentiating stressed versus non-

9 stressed systems. Although expert judgment may be able to predict in some cases variables that could

10 be considered important to measure, the clustering approach is rapid, consistent, and not biased.

11 Instead of defining Assessment Endpoints, it may be more practical to define an Assessment

12 Baseline or hypervolume using variables that have been demonstrated to be important in past

13 descriptions of these types of ecosystems. Defining the 95 percent confidence region may be a more

14 accurate way of characterizing the problem than by using artificial constructs or individual assessment

15 measurement endpoint combinations. Assignment of these confidence regions may also improve the

16 quality and accuracy of environmental risk assessment. Another logical outcome is that these regions

17 must be defined by the measurement endpoints (variables). Measurement endpoints are the means by

18 which a system can be accurately placed and its trajectory defined in an n-dimensional coordinate

19 system. Such a means of describing systems has already been proposed by Kersting. The confidence

20 region used to calculate NES is static, but an accounting of the passage of such a system through the

21 coordinate system should provide a region from which deviation can be measured. Comparing dosed

)22 treatment groups to a control group is essentially the corresponding exercise but using a control series of

23 replicates instead of an a prior prediction to measure deviation from the Assessment Baseline

24 hypervolumes.

25 Measurement endpoints are therefore operationally defined, in the context of this paper using a

26 muftivariate approach, as the variables the set the axes for the description of the system within the n-

27 dimensional space. Data such as dose-response curves may play a part if they describe a relevant axes

28 when used in a biomonitoring role. Dose response data, however, are not measurement endpoints by

29 themselves, but are important in setting relevant system parameters. It is preferable to select

30 measurement endpoints that are the lowest common denominator of the system that is capable of being

31 measured. For example, pH is certainly the most direct measurement of hydrogen ion concentration

32 available. Diversity and other indices of species number and community structure, however, are

33 composites of species abundance data.

34

35

36
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1 The Myth of Ecosystem Health and Measurement Indces

2 The use of indices such as diversity and the Index of Biological Integrity have the effect of collapsing

3 the dimensions of the hypervolume in a relatively arbitrary fashion. Indices, since they are composited

4 variables, are not true endpoints. The collapse of the dimensions that are composited to tends to

5 eliminate crucial information, such as the variability and distribution of the organisms within a particular

6 system. The mere presence of absence and the frequency of these events can be analyzed using

7 techniques such as nonmetric clustering and preserves the nature of the dataset. A useful function was

8 certainly served by the application of these methods, but the new methods of data analysis and

9 compilation should serve to replace these approaches and preserve the underlying structure and dynamic

10 nature of ecological systems.

11 Part of the attraction of using indices may result in the pervasive nature of the metaphor, ecosystem

12 health. In a recent critical evaluation, Suter (2) dismissed ecosystem health as a misrepresentation of

13 ecological science. Ecosystems are not organisms with the patterns of homeostasis determined by a

14 central genetic core. Since ecosystems are not organismai in nature, health is a property that can not

15 describe the state of such a system. The urge to represent such a state as health has lead to the
0

16 compilation of variables with different metrics, characteristics and casual relationships. Suter suggests a

17 better alternative would be to evaluate the array of ecosystem processes of interest, a process that is now

18 possible given multivariate methods.

19

20 Future Developments

21 Modeling of ecosystems may play an even more important role as the ability to generate the

22 Assessment Baseline hypervolumes increases. However, the critical aspect is that these models not only

23 predict the outcomes of the species under protection or the fishery that must be preserved but also the

24 values of the measurements that can be made in a field or laboratory situation. These predictions should

25 also predict sampling variability and chaotic and stochastic variation. The development of such models

26 would be a critical development in the formulation of risk assessment methodologies.

27 Development of such models should be made with the understanding that the probability of

28 divergence from the control state or the Assessment Baseline hypervolume given enough time will be

29 1.00. Assessment goals should be defined with reasonable time periods.

30 A major difficulty in the exploitation of these methods is that the vector distances, and to some extent

31 even the cosine distances are not transferable or comparable unless the variables measured are

32 essentially the same with the same metrics. Systems with different descriptive parameters will by

33 definition occupy a different volume of n-dimensional space, making comparisons difficult. Determining

34 the relevant parameters to use a measurement endpoints a priori may be difficult if not impossible.

35 There are benefits that should evolve directly from the use of multivariate techniques. First, it should

36 force the description of measurement and assessment endpoints in terms of acceptable variance in a
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1 dynamic fashion with expected distributions or functionality. Probabilistic criteria will certainly evolve from

2 these aspects.

3 As these criteria are developed, the recognition that ecosystems are unique in their basic nature and

4 not amenable to descriptions that incorporate only one dimensionally with that dimension an arbitrary

5 axis.

6 Finally, the use of multivariate techniques should enable the researcher and assessor the capability of

7 using all of the data in the description of an ecosystem with the results presentable to a decision maker or

8 risk manager. After all, it has proven feasible to portray the results of these analysis in terms of distance

9 and probabilities.

10
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1 Appendix A. Multivariate Techniques

2 In the research described below, three multivariate significance tests were used. Two of them were

3 based on the ratio of multivariate metric distances within treatment groups vs. between treatment groups.

4 One of these is calculated using Euclidean distance and the other with cosine of vectors distance (28,29)

5 (Figure 3). The third test used nonmetric clustering and association analysis (30). In the microcosm tests

6 there were four treatment groups with six replicates, giving a total of 24. This example is used to illustrate

7 the applications in the derivations that follow.

8 Treating a sample on a given day as a vector of values, i = (x.x 17 ), with one value for each of

9 the measured biotic parameters, allows multivariate distance functions to be computed.

10 Euclidean distance between two sample points i and y is computed as

11

12 (x, - y,) 2

13
14 The cosine of the vector distance between the points i and Y is computed as

15

16 1 - y, XiYi

17

18 Subtracting the cosine from one yields a distance measure, rather than a similarity measure, with the

19 measure increasing as the points get farther from each other.

20 The within-between ratio test used a complete matrix of point-to-point distance (either Euclidean or

21 cosine) values. For each sampling date, one sample point i was obtained from each of six replicates in

22 the four treatment groups, giving a 24 x 24 matrix of distances. After the distances were computed, the

23 ratio of the average within group metric (V4) to the average between group metric (B) was computed

24 (WIB). If the points in a given treatment group are closer to each other, on average, than they are to

25 points in a different treatment group, then this ratio will be small. The significance of the ratio is estimated

26 with an approximate randomization test (31). This test is based on the fact that, under the nul hypothesis,

27 assignment of points to treatment groups is random, the treatment having no effect. The test, accordingly,

28 randomly assigns each of the replicate points to groups, and recomputes the W1B ratio, a large number

29 of times (500 in our tests). If the null hypothesis is false, this randomly derived ratio will (probably) be

30 larger than the W1B ratio obtained from the actual treatment groups. By taking a large number of random

31 reassignments, a valid estimate of the probability under the null hypothesis is obtained as (n+1)1(500+1),

32 where n is the number of times a ratio less than or equal to the actual ratio was obtained (31).

33 In the clustering association test, the data are first clustered independently of the treatment group,

34 using nonmetric clustering and the computer program RIFFLE (32). Because the RIFFLE analysis is naive
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1 to treatment group, the clusters may, or may not correspond to treatment effects. To evaluate whether the

2 clusters were related to treatment groups, whenever the clustering procedure produced four clusters for

3 the sample points, the association between clusters and treatment groups was measured in a 4 x 4

4 contingency table, each point in treatment group i and cluster j being counted as a point in frequency cell

5 ii. Significance of the association in the table was then measured with Pearson's X2 test, defined as

6

Z2 __' N4 - n,,)

7 n..,

8

9 where Nijis the actual cell count and nijjis the expected cell frequency, obtained from the row and column

10 marginal totals N+j and Ni+ as

11

n, = N

12 N

13

14 where N a 24 is the total cell count (33), and a standard procedure for computing the significance

15 (probability) of X2 taken from (34).
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1 Tables

3
4 Table 1. Important Variables Ranked By Nonmetric Clustering For Each Sampling Date For The Jet-A
5 SAM Toxicity Test. Some variables such as Ankistrodesmus were consistently important in determining
6 group clusters throughout the experiment. Some of the variables such as Ostracod and EflIodina were
7 more important in the latter stages of the experiment. The order of importance of the variables often
8 changed from day to day, with no one variable being common to each sampling date. The variables used
9 as part of the overall analysis were: Anabaena, Ankistrodesmus, Chlamydomonas, Chlorella, Daphnia

10 (Ephipia, Small Daphnia, Medium Daphnia, Large Daphnia), Hypotricha, Lyngbya, Miscellaneous sp.,
11 Ostracod (Cyprinotus), Philodina (Rotifer), Scenedesmus, Selenastnjm, Stigeoclonium, and Ulothnix.

12

13 Day Important Variables in Determining Clusters in Rank Order

14 11 M. Daphnia, Chloella, Chlamydamonas, Ulothrix, S. Daphnia,Selanastrum,Scenedesmus

15 14 S. Daphnia, M. Daphnia-Selenastruml, Chlamydamonas, Chlorella, L. Daphnia, Ankistrodesmus

16 18 Ankistrodesmus, S. Daphnia, Chlorella, Chlamydamonas, Selanstrum, L. Daphnia

17 21 Ankistrodesrris, S. Daphnia, L. Daphnia-M. Daphnia, Scenedesmus
18 25 Scenedesmus, S. Daphnia, L. Daphnia, Chlorella, Philodina-M. Daphnia

19 28 Ankistrodesmus, L. Daphnia, Scenedesmus

20 32 S. Daphnia, M. Daphnia, Ankistrodesmus, Chlorella

21 35 Ankistrodesmnus

22 39 M. Daphnia-Selena strum, Ostracod-Ankistrodesmus

23 42 M. Daphnia, Ostracod, Scenedesmus

24 46 Scenedesmus, Ankistrodesmus, S. Daphnia. M. Daphnia

25 49 Chlorella, PhfliIdina, Ankistrodesmus, Lyngbya

26 53 Ankistrodesmnus, Ostracod, Chlorella

27 56 M. Daphnia-Scenedesmus, Ankistrodesrrvs, Lyngbya
28 60 Lyngbya, M. Daphnia, Philodina. Chlorella

29 63 Chlorella, Ankistrodesmus, Philodena, Ostracod

30

31 1 Hyphen between variables denotes equal rank

32
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1 Table 2. Variable According to Success in Determining Clusters as Defined by Nonmetric Clustering in
2 the Jet-A SAM Experiments. Variables such as Ankistrodesmus and the Daphtnia classes were important
3 in the course of this study. Reliance on even these two variables would have been misleading in the
4 determination of the second oscillation.
5

6 Variable Ranked

7 Ankistrodesmus 12

8 M. Daphnia 11

9 Chlorella 9

10 Scenedesmus 7

11 S. Daphnia 6

12 L. Daphnia 5

13 Ostracod 4

14 Philodina 4

15 Selenastrum 4

16 Lyngbya 3

17 Ulothrix 1
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1 Figures

2

3
4 Figure 1. Schematic of the Framework for Ecological Risk Assessment (3). Especially important in the

5 interaction between exposure and hazard and the inclusion of a data acquisition, verification and

6 monitoring component. Multivariate analyses will have a major impact upon the selection or assessment

7 and measurement endpoints as well as playing a major role in the data acquisition, verification and

8 monitoring phase.

9

'10 Figure 2. Multivariate analysis of the impact of Jet-A in the SAM test system. Figure 2A shows the

1 1 Cosine distance from the control group to each of the treatments for each sampling day. Note that large

12 differences are apparent early in the SAM. During the middle part of the 63 day experiment the distances

13 between the replicates of Treatment 1, the control group, is as large as the distances to the treatment

14 groups. However, later in the experiment the distances from the dosed microcosms to the control again

15 increase. Significance levels of the three multivariate statistical tests for each sampling day are presented
16 in Figure 2B. Note that there are two periods, early and late ones, where the clustering into treatment
17 groups is significant at the 95 percent confidence level or above.

18
19 Figure 3. Measures of distance between clusters. Two of the commonly used measures of separation of

20 clusters in a n-dimensional space are the cosine of the angle and the vector distance. Each method has

21 advantages and disadvantages. In order to visualize the data as accurately as possible several measures

22 should be employed.

23
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Abstract - The water soluble fraction of the tuibkne fuels Jet-A and JP-4 have been examined as

stressom for two microcosm protocols, the standardized aquatic microcosm (SAM) and the mixed flask

culture (MFC). The SAM is a 3 L system Inoculated with standard cultures of algae, zooplankton, bacteria,

and protozoa. In contrast, the MFC is I L and is inoculated with a complex mixture of organisms derived

from a natural source. Analysis of the organism counts and physical data were conducted using

conventional and newly derived mullivarlate nonmetric clustering methods. In both the SAM and MFC

test systems, species nunters and other variables that determined clusters varied among sampling dates.

Compared to the larger yet simpler SAM system, the MFC exhibits more violent and erratic dynamics. The

variability In the responses may be due to at least three factors, the relatively small size yet high species

number of the MFC relative to the SAM, the inadequacy of the cross inoculation procedure to set initial

conditions, and the almost two fold increase in surface area/volume of the MFC system. Although both

experiments are performed as specified, recovery Is not apparent using nonmetric clustering and

association analysis as well as other more conventional means. Suggestions to Improve the resolution of

multispecies toxicity tests include: sampling variables that represent the metabolism and structure of the

procaryotic community, eliminate cross inoculation and accept the heterogeneity of the replicates, and

use methods that explore the dataset in a multidimensional space, and finally accept the nonequilibrum

nature of multispecies toxicity tests as representative of natural systems.

Key Words: Multispecles toxicity test, Standardized Aquatic Microcosm, Mixed Flask Culture, Non-metric

clustering and association analysis, non-equilrum dynamics
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INTRODUCTION

There has boon a renewed interest regarding the use of muttispecies toxicity tests and in the

evaluation of changes to ecological communities. The recent decision to limit the use of field and

multispecies tests in pesticide registration [1] has sparked a great deal of debate about the

appropriateness of this level of toxicity evaluation. Although many factors contributed to the action,

apparently the field and pond mesocosm tests that were conducted as part of the registration process did

not contribute to the evaluation of risk of pesticides in a timely and cost effective manner. This is in spite

of a number of available methods and analysis techniques.

Over the last 15 years a variety of multispecies toxicity tests have been developed. Multispecies

toxicity tests are usually referred to as microcosms or mesocosms, although a clear definition of the size or

complexity to distinguish these terms has not been put forth. Multispecies toxicity tests range from

approximately I L (e.g., mixed flask cultures) to thousands of liters, as in the case of the pond mesocosms

used in pesticide registration testing. A recent review by Gearing 121 listed eleven freshwater artificial

stream methods, 22 laboratory freshwater microcosms ranging from .1 to 8,400 liters, 18 outdoor

freshwater microcosms ranging from 8 to 18,000,000 liters, and even larger numbers of marine systems.

The Mixed Flask Culture (MFC) and the Standardized Aquatic Microcosm (SAM) were Initially

developed to examine the population dynamics, food-trophic level interactions, and the relationships

between community structure and community function that are not possible with single species toxicity

tests [31. Complexly in the sense of total species numbers and total possible interactions are traded for

the purpose of e9abising generic strutral and functional processes. An underlying assumption or

even hope of this approach was that all ecosystems display the similar patterns and behaviors in their

structural and fuaxnional relationships. Perhaps there exists universal ecosystem properties and universal

patterns of responees to stres [31.
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Previous conparisone of the MFC and SAM by Stay et al. [4] demonstrated that coefficiernt of

variation within two systems were low with chemical measurements and much higher with structural

parameters such as organism counts. Large changes due to the toxicant stress did Increase the

coefficient of variation. In order to test the accuracy of these systems comrparisons to field tests of several

pesticides were made. Stay et al. did conclude that these systems did accurately reflect field tests

conducted with atrazine, fluorene and chlorpyrifos. Since the publication of this report, new methods of

evaluating the dynamics of multispecies systems have been developed.

One of the major difficulties in the evaluation of multispecies toxicity tests has been the difficulty in the

analysis of the large data set on a level consistent with the goals of the toxicity test. Typically, the goals of

the toxicity test are:

"* to detect changes in the population dynamics of the individual taxa that would not be apparent in

single species tests;

"* to examine the fate of the introduced toxicant; and

"• to detect community-level differences that are correlated with treatment groups thereby

representing a deviation from the control group.

A number of methods have been developed to attempt to satisfy the goals of muitispecies toxicity

testing. Analysis of variance (ANOVA) Is the classical method to examine single variable differences from

the control group. However, because multispecies toxicity tests generally run for weeks or even months,

there are problems with using conventional ANOVA. These include the increasing likelihood of

introducing a Type II eror (accepting a false nuN-hypothesis), temporal dependence of the variables, and

the difficulty of graphically representing the data set. Conquest and Taub (5[ developed a method to

overcome some of the problems by using intervals of non-significant difference (IND). This method
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corrects for the Wihood of Type Ii errors and produces intervals that are easily graphed to ease

examination. The method is routinely used to examine data from SAM toxicity tests, and it is applicable to

other nmitivauiate toxicity tests. The major drawback a the examination of a single variable at a time over

the course of the experiment. While this addresses the first and perhaps second goal in muliispecies

toxicity testing, listed above, it ignores the third. In many instances, community-level responses are not as

straightforward as the classical predator/prey or nutrient limitation dynamics. The interactions among the

various measured parameters had to be gleaned by the investigator examining each variable

independently.

Multivariate methods have proved promising as a method of incorporating all of the dimensions of an

ecosystem. One of the first methods used in toxicity testing was the calculation of ecosystem strain

developed by Kersting 16,7,8] for a relatively simple (three species) microcosm. This method has the

advantage of using aN of the measured parameters of an ecosystem to look for treatment-related

differences. At about the same time, Johnson [9,101 developed a multivariate algorithm using the n-

dimensional coordinates of a multivariate data set and the distances between these coordinates as a

measure of divergence between treatment groups. Both of these methods have the advantage of

examining the ecosystem as a whole rather than by single variables, and can track such processes as

succession, recovery and the deviation of a system due to an anthropogenic input.

However, a major disadvantage of both these methods, and of many conventional multivanate

methods, is that ad of the data are often incorporated without regard to the units of measurement or the

appropriateness of including al variables in the analysis. It can be difficult to combine variables such as pH,

with units ranging from 0-14, with the numbers of bacterial cells per ml, where low numbers are in the 106

range, to say nothing of the conceptual difficulties of adding pH units to counts. Similarly, random

variables (i.e., variables with no treatment-related response) indliscrkm•ately incorporated Into the analysis

may contriute so much noise that they overshadow variables that do show treatment-related effects. We
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have Iniemented new tdechiqes ft analysis of patterns in ecological datasets, noret cklstern

and asociaton analysis.

Unlike the more conventional multivariate statistics, nonmetric clustering is an outgrowth of Artificial

Intelligence (Al) and a tradition of conceptual clustering. In this approach, an accurate description of the

data is only part of the goal of the statistical analysis technique. Equally Important is the intuitive clarity of

the resulting statistics. For example, a linear discriminant function to distinguish between groups might

be a complex function of dozens of variables, combined with delicately balanced factors. While the

accuracy of the discrminahM may be quite good, use of the discrilminant for evaluation purposes is limited

because humans cannot perceive hyperplanes in highly dimensional space. By contrast, conceptual

clustering attempts to distinguish groups using as few variables as possble, and by making simple use of

each one. Rather than combining variables In a linear function, for example, conjunctions of elementary

"yes-no" questions could be combined: species A greater than 5, species B less than 2. and species C

between 10 and 20. Numerous examples throughout the artificial inteligence literature have proven that

this type of conceptual statistical analysis of the data provides much more useful Insight Into the patterns

in the data, and is often more accurate and robust. Delicate linear discriminants, and other raditional

techniques, chronically suffer from overfitting, particularly in highly dimensioned spaces. Conceptual

statistical analysis attempts to Ni the data, but not at the expense of a simple, intuitive resul. Patterns

detected by the clustering are then tested against the hypothesized pattern using association analysis.

A more detailed description al nonmetric clustering and association analysis has been published [11.

An addltonal advantage of using clusting methodologies In the comparison of two experimental

methods is fie ality to compare the results at a fundamental level. The question can be simply pui; can

differences in the treatment groups be detected and for what period of time? Since th nonmetric

clustering procedure ranks variables In Wrms of Importance, these rankings can be examined for patterns

Indicating similarities or differences in metabolic processes or structural composition.
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In this repot we would Wce to focus on a comparison betwen the Standardized Aquatic Microcosm

(SAM) as developed by Taub 1121 and ASTM E 1366-91 [131, and the Mixed Flask Culture microcosm

method as developed by Leffler [143 and later modified by Shannon et al. [15]. Over the last three yearn

our research group has examined the toxicity of turbine fuels using the Standardized Aquatic Microcosm

and the Mixed Flask Culture. In the process of using these experimental methods we have also used a

variety of conventional and novel analysis techniques to examine the responses of these systems to the

turbine fuels. This report is a comparison of the methods in light of our recent research findings [16,17J

and our clustedng and artificial intelligence methodologies. We also suggest possible modifications to

these methods, multispecies toxicity tests in general, and the analysis of community level effects.

EXPERIMENTAL METHODS

Chemicals

AN chemicals used In the culture of the organisms for the Standardized Aquatic Microcosm and in the

preparation of the microcosm medium, T82MV, were reagent grade or as specified by the ASTM and

USEPA protocols. Individual hydrocarbon reference standards, that were used to identify and quantify

the water soluble components in the jet fuels, were purchased from the Alltech Chemical Company

(Deerfield, IL), were certified to 99+% purity and A.C.S. spectrophotometric grade. The ASTM D3710

Qualitative Calibration Mix and the Qualitative Reference Reformate Standard were pumrhased from

Supelco Chromatography Products (Belelonte, PA). Al standards w6"e prepared In pesticide residue

grade, A.C.S. specification hexa,4 or carbon disulide, purchased from VWR Scientific (Seattle, WA).

The jet fuel oWmulatlions, used n the two microcosms, were Jet-A, used In tt commercial aircraft, and

JP-4, used In the U.S. Air Force military aircraft. Jet-A is refined by Chevron and was provided locally by

Fliteline Services of Belingham, Washington. JP-4 was supplied by the U.S. Air Force Toxicology

Laboratory at Wright Patterson Air Force Base in Ohio. The samples were collected in two liter fuel cans
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from in-ne quality assurance/qually control valves, sealed on site, lot shipment recorded and transpoued

to the labOrMMy, usig In-place chain-ol-custody procedures.

Water Sohible Fractions

The water soluble fraction (WSF) of Jet-A and JP-4 were prepared in glassware washed in

nonphosphate soap, rinsed, soaked In 2N HCI for at least one hour, rinsed ten times with distilled water,

dried and finally autoclaved for 30 minutes. Microcosm medium, T82MV, was substituted as the diluent for

the water friaion of the WSF. One liter separatory funnels were used as mixing chambers to prepare the

100% WSF due to the control of venting built up gases during the mixing process; the minimal head

space that would prevent potential loss of volatiles; and ease of separating and removing the hydrocarbon

saturated water fraction from the liquid fuel fraction.

Twenty-five mL of the appropriate jet fuel were added to each one liter separatory funnel containing

one liter of sterile, fresh T82MV medium and mixed by agitating the separatory funnel con Is vigorously

for five minutes, slowly releasing bulk up pressure when necessary; then allowing the contents to stand

undisturbed for fifteen minutes, and repeating this procedure until a total time of one hour had elapsed.

The separatory funnel and Its contents were then allowed to remain undisturbed for twelve hours at 20°C,

to maximize the saturation of the T82MV with the water soluble components In the jet fuel.

After twelve hours, the T82MV/I 00% water soluble fraction of jet fuel mixture was slowly drained from

the separatory funnel, being careful to leave behind the final 100 mL in direct contact with the Jet fuel

layer; to avoid incoqxrating any jet fuel emulsion into the water soluble fraction.. The 100% WSF was

placed directly into dean, sterile one liter amber glass bottles and capped with Teflon-lined screw caps.

The 100% WSF was used within twelve hours of preparation.
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Gas CNWoMrogruay of WSF

A Tekmar LSC 2000 Puge and Trap (P&T) concentrator system in tandem with a Hewlett Packard

5890A Gas Chromatograph with a Flame ionization Detector (FID) was used for the analysis of all

microcosm samples and standards. Instrument blanks and deionized distilled water blanks are used to

verify the P&T and GC columns cleanliness prior to analysis of samples. A 5 mL gas tight Teflon Luer lock

syringe was used to remove a 3.5 mL sample and inject it into the 5 mL sparger where the sample was

purged with pro-purified nitrogen gas for eleven minutes and dry-purged for four minutes. Volatile

hydrocarbons, purged from the sample and collected on the Tenax/Slica Gel column, were desorbed at

180*C directly onto the gas chomatograph SPB-5, 30 m x 0.53 mm ID 1.5 pam film, fused silica capillary

column. The GC column was programmed to hold at 350C for two minutes, increase to 2250C at 1 ?min

and hold at that temperature for five minutes. A Spectra-Physics 4290 Integrator recorded the FID signal

output of the volatile hydrocarbons, separated and eluted from the column by molecular weight and

boiling point. A comparison was then made of the sample chromatograph peak retention times and area

under the peak curve to n-paraffin and aromatic chromatograph reference standards, prepared and

analyzed under the same conditions, for sample concentration determinations.

Standardized Aquatic Microcosm (SAM) Protocol

The 63-day SAM protocol previously has been described [13]. Briefly, the microcosms were prepared

by the introduction of ten algal, four invertebrate, and one bacterial species into 3 L of sterile, chemically

defire medium. Tet containers were 4 L glass jars, containing an artificial sediment of 200 g silica sand,

0.5 g of celulose, and 0.5 g of ground dclin and filled with 3 L of the T82MV mediurn. The jars are

autoclaved and Immersed in a water bath to a point above the level of sand during autoclaving. This

procedure helps prevent breakage of the jars and subsequent loss of replicates. The numbers of

organisms, dissolved oxygen (DO) and pH were determined twice weekly. The laboratory environmental

conditions were maintained at a temperature of 20°C ± 20; illumination was 79.2 ipEm"2 sec"1

photosynthetically active radiation, with a range of 78.6 - 80.4 ILEm"2 aec'1 ; and a 12.12 day/night cycle.
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Two MaOW modifications Were made to the SAM Protocod The firs was the momi of faxioaiil dellvey.

On day 7.,450 il. went removed from each container using an autoclaved, 100 iii capacity bastin tube.

with a sterile square of 100 mesh NltexO tied over the opening to prevent the removal of the organisms.

The 100% WSF stock material was then combined with fresh, sterile T82MV and added in appropriate

amounts to produce concentrations of 0.,1,5S and 15S percent WSF for the four treatment groups. After

toxicant addition the final volume was adjusted to 3 L. All graphs and statistical analysis start with the first

samp~ling day, day 11. The second modification was the substitution of Tetrahymerod thernwphia BIV for

the hypotrichous ciliate used in past experiments. The results presented below demonstrate the

suitability of the Tetrahymena for inclusion in the protocol. The microcosms were monitored for structural

parameters, with subsarqples removed from each microcosm and counts of population densities made for

all species, on Tuesdays and Fridays, for the duration of the 63 day expeuiment.

Mixed Fla*k Culture Mkirocosm Protocol

Construction and irnplementation of the 60-day Mixed Flask Culturembncrcsm expeniment was

conducted to the specifications; described in the USEPA document 13189-221296. In brief, natural

occurring assemblages of aquatic organisms were collected from local streams and laikes. brought back to

the laboratory, placed In a 50 L aquarium containing the same, chemically defined sterile mediuim T82MV

used In the ASTM4 Standardized Aquatic Microcosm [131 and aliowed to reassemble and restructure

during a three month equilbration period. Laboratory environmental conditions were maintained at 200

2-C, lightintensityat 80± 2pEm-2 s1, and aphotoperiod of12 hours lightand12 hours dark. Atthe end

of three months, fth resulting co-adapted community was subsampled, with 50 mL. removed and

Inoculated Inlo each of the thirty, cleaned and acid washed 1 L beakers containting 50 g acid-washed white

silica sand, 15 pg NaHCQ3 as an additional carbon source, and 900 nL. of freshly made, sterile T82MV

medium. The beaker microcosms were then placed, in a Puffer-Hubbard CEO 5OLTP Envlronmnental

Chamber, with the environmental conditions set to an Isothermal day/nlghti temperature of 200±~C

Riumination at 80 ± 2 pEm-r 1 , and a photoperlod of 12 hours light and 12 hours dark.
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The microcowns were alowed to equilibrte for six weeks during which time they were cross-

Inoculated once a week to minimize divergence; re-inoculated once a week to ensure a more uniform

distribution of organisms among the beakers; and rotated within the environmental chamber twice a week

to minimize pote.7al light and temperature variations. Cross-inoculation and re-inoculation procedures

were combined to minimize the disturbance to the microcosms. After the six week equilibration period,

the microcosms were examined individually to verify that each contained the specified minimum functional

groups; two species of unicellular green algae; one species of nitrogen fixing blue-green algae; one

species of filamentous green algae; one species of herbivorous grazer; one species of benthic

detritivore; bacteria; and protozoans. A total of twenty-four microcosms were selected, based on minimum

variance from the mean for pH and DO, then randomly numbered and assigned to four treatment groups,

each containing six replicates, with one treatment group of six replicates (Treatment 1) serving as the

reference or non-dosed microcosms. Test material was added on day 0 by stirrng each microcosm,

removing 150 mL from each container, using an autoclaved, 100 mL capacity basting tube, with a sterile

square of 100 mesh Nitex® tied over the opening to prevent the removal of the organisms, and then

adding appropriate amounts of the 100% WSF stock material to produce concentrations of 0, 1, 5 and 15

percent WSF. After toxicant addition the final volume was adjusted to I L. AN graphs and statistical

analysis start with the first sampling day, day 4. The microcosms were monitored for structural parameters,

with subsarnples removed from each microcosm and counts of population densities made for all species,

on Tuesdays and Fridays, for the duration of the experiment, The duration of the experiments was 56

days for the JP-4 and 77 days for Jet-A.

Data Ananya and Vsualkaon

Nanrk I mtar and a ~iation analysis. AN data were recorded onto standard computer entry

forms and checked for accuracy. The data was then keyed into standard data recording spreadsheets and

checked for accuracy. Parameters calculated Included the concentrations of each of the species, DO,

DO gain and loss, net photosynthesis/respiration ratio (P/R), pH, algal species diversity, algal biovolume,

and biovolume of available algae. Note that algal biovolume, algal species diversity and available algae are
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d dedved variables basd on the algal counts. The not phOtoythesiresp'raton ratio is not derived

using 14 C methods but by conmarln oxygen concentrations before lights on, at the end of the

photosynthetic period, and then at the next morning, as specified in the standard protocol.

Photosynthesis/respiration ratio was the variable used during the analysis to incorporate these

measurements.

The multivarlate clustering methods used In the comparison was nonmetric clustering and association

analysis. This method and Its application to ecological datasets has been previously described

[16,17,181. In the nonmetric clustering and association test, the data are first clustered independently of

the treatment group, using nonmetric clustering and the computer program RIFFLE [111. Because the

RIFFLE analysis is naive to treatment group, the clusters may, or may not correspond to treatment effects.

To evaluate whether the clusters were related to treatment groups, whenever the clustering procedure

produced four clusters for the sample points, the association between clusters and treatment groups was

measured in a 4 x 4 contingency table, each point in treatment group I and cluster j being counted as a

point in frequency cell II. Significance of the association In the table was then measured with Pearson's X2

test, defined as

Z2 (~2
, # fn,

where Nq is the actual cell count and N is the expected cell frequency, obtained from the row and column

marginal tta N1 and A4 a

N
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where N - 24 is the totael count, and a standard procedure for computing fh signricanCe (probability)

of Z takenlromPraesal.[19].

Proitions of ecosystem dyrnmics, m -time worms•. One way of visualizing this day-to-day change

in a two-dimensional projection of the data is with a three-dimensional, interactive computer graphic of the

resulting space-time "worm": the cylindrical surface generated by the two data dimensions and time.

Three-dimensional space-time worms can depict two-dimensional dynamics of ecological systems and

allow better comparisons than traditional, one-dimensional graphs. The generation of these projections is

typicaly done using two of the parameters selected by the NMCAA as important in the determination of

clusters. Two axes are used to generate the coordinates of the treatment group and a circle proportional

to the dispersion among the six replicates is drawn. The third axis, time, is then added and the resulting

three dimensional structure is projected using Renderman for the NeXT STEP operating system. The

resultant projection is then rotated in real time so that a perspective providing the best viewing of the

dynamics of the system can be selected.

RESULTS

The results presented here are limited those associated with the nonmetric clustering results for each

of the experiments. More extensive results have been published for the Jet-A and JP-4 SAM

experiments [16,17, respectively].

In all of the experimens decribed in this report, the material derived from the jet fuel WSF has

degraded by day 30 of the experiment. Although numerous peaks are present, by the mid point of the

experiment ile is apparently eft in the water column. The degradation of these materials is extensively

analyzed by Maddewlcz 120].
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The significane level of the nonmetri clustering is discerning treatment groups In the Jet-A and

JP-4 SAM expodernts is depicted in Figure 1. In both experiments the treatment groups were

distinguishable from dosing until approximately day 25-30. A period where the treatments were not

identifiable at the .95 or even .90 significance levels was followed by another clustering according to

dose. The trend is more apparent in the Jet-A data as opposed to the JP-4 data.

The nonmetric clustering was done in two ways for the Jet-A and JP-4 MFC experiments. The first set

of data included identification of each of the algae and other organisms as much as possible to individual

genera or even species. However, since some groups, such as the ciliates, are difficult to identify

taxonomically there are lumped into categories such as total ciliates. A second nonmetric clustering and

association analysis were performed on a data set that lumped individual based data into categories such

as Total Algae. The results of these analyses are presented in Figure 2. In both jet fuel experiments,

there did not seem to be an increase in sensitivity. In some cases days that were significant did not

correspond. In the comparisons that follow, both analysis sets are used.

The results of the Jet-A and JP-4 MFC tests are portrayed In Figure 3. Whether individual or total

counts are used, the Jet-A results exhibit a greater number of points above both the .90 and .95 levels of

significance. In the Jet-A experiment some of these points are found primarily In the later stages of the

experiment, some of these after the normal 56 day run allocated for the JP-4 MFC experiment. This

pattern is most clearly shown in the analysis using the individual counts. As in the SAM experiments, JP-4

apparently has less impact on the system than Jet-A.

A comparison of the SAM and MFC experiments to demonstrate effects as in the discrimination of

treatment groups as detected by NMCAA is presented in Figure 4. The individual count analysis of the

MFC is used since this is similar to the approach used in the SAM experiments. Since dosing with a

toxicant occurs on different experimental days in the two protocols, the x axis has been adjusted to days

since toxicant introduction. In both the comparisons, the MFC demonstrates a more erratic pattern than
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does the SAM experimeLt However, in the J9t-A experiments, an early and late resolutlon Iro

treatment groups sems to be a common pattem. Such a pattem is not readily discernible in the JP-4

exprimetnts.

Another advantage of the NMCAA is that it ranks variables in order of contribution to the establishment

of dusters. Table I lists the hqnouant variables for each of the sampling days for both SAM experiments.

Variables Ostracod has been put in boldlace and Philodina underlined so that they can be readily

Identified In the lists. In the Jet-A and JP-4 SAM experiments these variables do not become Important in

di s-iniating clusters until the latter halof o the experiment. As shown in Table 2, this is in contrast to the

variables Ulsted for the MFC experiments with the same toxicants. Ostracods are again boldface, two

species were present, and Philodina was replaced by Rotlers and underlined to reflect the diversity of this

group. In the case of the MFC experiments, these variables do not seem to reveal any particular pattern in

the is of important variables.

The space-time worm projections tor the Jet-A SAM and MFC experiments are depicted in Figure 5.

We have used the Jet-A SAM and MFC experiments as examples. Two attribute axes are used in these

projections, Ostracods and Ariistrodesmus. Ostracods and Anldstrodesmus are selected by the NMCAA

as an iroitaut variable in both the SAM and MFC experiments. Ostracods are important in describing the

treatment dusters in the second hal of the SAM experiment, AnIistodesmus often an important

varlable in the beginning. Both Andsodesmu and Ostracods are often selected as important variables

throughout the Jet-A MFC experiment. Aithough the systems are established in quite different manners,

the pattems qualtatvely are similar. Each has an initial separation followed by a convergence of the

systems. The conwergence is then followed by another differentiation. In the Jet-A SAM the initial

divergence Is quite large, reflecting tie algal bloom due to the sensitivity of the grazers lo the Jet-A WSF.

In both experiments the 4 groups are stl apparent by the end of the experment. Even after tie

degradtlion of the toxicanth ie systems have as an identity the toxicant treatments. The projections
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DISCUSSION

Conpwison of the SAM and MFC Protocols

The experimereail designs (Table 3) of the two methods reveal a great deal of similarity. The numbers

of groups and the replicates in each group are identical with a total of 24 experimenetal units available for

analysis. The relnoculation of the SAM with algae and other taxa to siimulate migration durin the course of

the experiment: is not performed In the MFC. The greatest difference in the designs is the fact that the

SAM system is Inoculated with set amourts of organisms, miniizing historical inputs before the

hntrdixuction of the toxicant. In the MFC protocol, a naturally derived Inocukum is used. This inoculum Is

typically a combination of several collections and a three month maturation period occurs before samples

are withdrawn for the test procedure. As the experimental units are constructed, a mAuration perio of 6

weeks is allowed with cross Inioculation among the experimental units performed. Cross Inoculation stops

at the time of toxicant addition. This method allows for a greater nunber of species, many rare, and also

sets each unit with it own historical Identity.

In the physical construction of the microcosm units (Table 4) the systems are again simila. Total

vitjme of the SAM Is maintainedat 3 Kwhle the MFC IsS950mL of media Not only Is there less volume in

the MFC, but a calculation of the surface of the container to volume ratio Indicates that the MFC has 1.5

times the surface to volume ratio of the SAM method. Organisms and fate processes that are located on

the glass surface ond sediment are likely to occur at different rates in two systems.

The types of mesreet taken as part of the SAM and MFC protocois we similar (Table 5). The

biggest difficulty and difference, Is that In the MFG, with its lage nuniber of species, it is diffiui to identify

the organisms to species level within a reasonable work load. Becams of this, many groupings are

conibined as in Tota Ciliates or Other Shiegreen Algae. The resolution of structure is therefore not as
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detailed as in fie SAM pmotocol On the other hand it may be argued that the SAM method has less

utcue because of Ns lower mwnber of species.

A list of our data analysis techniques that are used for both methods are listed In Table 6. The

comparisons made here concentrate upon the NMCAA tool, but other methods are available. Again, the

very different structures of the systems can affect the data analysis. The occurrence of numerous species

in the MFC, many of them rare, can make conventional data analysis difficult since rare organisms may be

absent In many of the sample collections.

Conpailson of Patems in the SAM and MFC Test Results

The two methodologies have quite contrasting means of Introducing organisms to the systems, and

the operational volumes and surface to volume ratios are quite different. One manifestation of these

differences is *isely in the erratic nature of the clustering of the MFC compared to the SAM experiments

conducted with the same toxicant. In Figure 4a, the occurrence of significant clustering In regards to

treatment group follows a distinctive pattern for the SAM experiment, an initial significant clustering

followed by a convergence of the treatments and then a re-emergence of the clustering. The MFC

experiment reflects a much noisier pattem, one that calls Into question whether or not the observed

significant clustering is an artifact. Figure 4b also demonstrates the noise inherent in the MFC as

compared to the SAM system reflected in the NMCAA results.

In spite of the noise, and especially In the Jet-A experiments, an early and late period where the

treatment groups are distinguishable seem to exist. In both sets of experimental protocols, Jet-A would

have been seen bo have generated more of an impact compared to JP-4, judging by the occurrence of

significant clustering related to treatment effect.

As judged by the NMCAA results, none of the test systems demonstrated a recovery toward a stable

system. This lack of recovery Is reflected in both the significance of the clustering relative to treatment and
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the changntg in ft InportaM variable rankings over sampling days. As an example, compare the las 3

sanqng days for the JP-4 MFC experiment. The only varable deemed as important on all three days Is

"optical density'. "Other Bluegreenss, "Ostracod 20, and "P/R" are found on two of the sampling dates.

The variables pH, P. bursaria and Nitzschia are found on only one sampling date each. The rapidly

changing significance values found in both MFC tests also Indicate a dynamic and rapidly evolving system.

Geneic Mulffspecies Toxicity Tests

Microcosm testing strategies provide a greater dimensionality to toxicity testing, and resolve impacts

that can not be extrapolated from single species toxicity tests. The MFC and the SAM do not try to

simulate specific natural ecosystems, but they do utilize organisms having distinc interspecific and

intraspecific interrelations and responses typical of natural environments. These methods also display

many of the structural and functional properties of ecosystems, e.g., photosynthetic

production/respiration dynamics, competition and succession, grazing effects, and nutrient cycling

[3,21,221. Microbial process are present and degradation of xenobiotics and the potential impacts of

degradation products can be studied [231.

The other main advantages of using these generic microcosms is that they are standardized in terms

of species composition (3,211. The importance of this simplicity and replicability in construction Is that it

allows closer examination of specific relationships and interactions in determining responses to direct and

indirect effects, it reduces the dynamic heterogeneity that could potentially diffuse or hide effect

responses, and it allows the comparison of results obtained in different laboratories [211.

The comparability and replicability of construction of a generic system is also a weakness. Since

environmental heterogeneity, migration, colonization and other population, metapopulation and

community level interactions are not modeled well in these systems, effects of toxicants upon these

parameters will be difficuit to ascertain. Numerous species representative of aquatic systems are not
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Included, for example fish and ma cr -b erhos, and these organismu would be difficlt of Incorporate given

the small size of Vie system.

Design Suggestfons for PAuispeciea Toxkciy Tests

The conmparison of the twin methods described here, along with our previous experience with

microcosms and data analysis of these systems [16.17,18.23,24,25,261 leads us to suggest several

imnprovements for the performance of imultispecles toxicity tests. In several Instances the suggestions are

specific to the MFC and SAM systems, however many can be applied to systemns regardless of size.

One of the most irmportant aspects of any mnultispecles toxicity test is the realization by the

Investigators that these systems are models, Inherently much more complex than computer simulations,

of naturally occurring ecological systems. As has been demonstrated for the lakes studied by Katz et al.

[271, the best predictor of the future behavior of a system is Itself. All model ecosystems wil be limited In

their predictive power, however, a primary advantage of model systemns is that they are likely to also

include interactions, parameters and relationships that are currently unknown and therefore Impossible to

simulate in an explanation based system. Because of this fact, mulitspecies toxicity tests are powerful

tools In the Investigation and eventual understanding of toxicant Irripacs In naturally occurring systems.

Our suggestions are made in this "gt.

Paramneter Select ion, AdeaswremeNt and Sanpling Frequency

In both microcosm protocola, the parameters measured and the analyses conducted, focus primarily

on the biological structural component, Including a few physical paramneters, e.g., pH, dissolved oxygen.

condluctivty, and a&cainiy. Species are Identified and enumnerated during the course of the experimert,

to determine changes hIn diversity and aoundance pattern. An Imnportant consideration is that these

parameters are easily measuredl given fth Unitd volumes and manpower requirements of performing the

SAM or MFC tests. The premise of using this approach Is that focusing on the functions, Interactions, and

responses of the Individual parts will reveal ecosystem level dynamics (281. Each population variable can
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see as an axis Io trimk t1h movemem of te system through ecosystem spas. This appoac is not

without theoretical suppo•t. Ecosystems as perceived by the organisms are multidimensional. The

Hutchinsorlan Idea of organisms and populations residing in a n-dimensional hypervolume is the basis of

current niche theory 1291. The n-dimensional niche hypervolume is the ecosystem with all its components

as perceived by the population. The vadablit of these parameters over time as well is used to account for

the variety of species within the ecosystem [30,31,32].

Other parameters should also be sampled, if possible, to increase the resolution of the toxicity tests.

There are limitations to the using of components to assess effects to the whole ecosystem. Microbial

processes often dominate the metabolism of aquatic systems, yet procaryotic populations are difficult to

measure and their rapid turnover times makes frequent sampling necessary. Since a 24 hr period can be

as many as 48 generations in procaryote populations, sampling on the scale of hours would be necessary.

Although the population structure of filter feeding organisms can give an indication of the procaryotic

assemblage, other parameters can give a more direct indication of the status of the procaryotic community.

Among these parameters are productivity/respiration ratios; total C0 2 efflux; biochemical rates; nutrient

cycling; dissolved oxygen concentrations; pH; substrate decomposition rates; toxicant degradation rates;

and accumulation rates of metabolic by-products [28,331.

Cross Inovuiaton

The purpose of cross inoculation among replicate systems is generally seen as a means of ensuring

the homogeneity of the test systems prior to treatment. However, this principally sets each replicate as an

island with freqeNt migration that will maintain each system with a larger number oa species than normal for

that particular Island size. Species that would normally become extinct are re-sUplied in the inoculum.

Upon the elimination of the cross inoculation followed by the toxicant addition two factors are operating.

First, a reduction in species as rare organisms become extinct. Second, the effects of the toxicant begin

to operate. In effect, each of the 24 replicates starts from a different location in ecological space, no
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control can be exercised lo force them Into similarly, and finally a oxlcant Irnpacs the System Cros

inoculation seeMs to unduly complicate the methodology without an increase in sensitivity.

Data Analysis

We strongly advocate the use of multivariate and Artificial Intelligence derived tools for the analysis of

multispecies toxicity tests. A variety of methods have been developed that have the potential of

revolutionizing our analysis of the dynamics of multispecies systems and their application to the risk

assessment process has been discussed (341.

Nomnalized Ecosystem Strain (NES) has been developed by Kersting [81 as a means of describing the

impacts of several materials to a three compartment microecosystems containing an autotrophic,

herbivore and decornposer subsystems. These variables in the unperturbed control systems are used to

calculate the normal operating range (NOR) of the microecosystem. The NOR Is the 95 per cent

confidence ellipsoid of the unperturbed state of a system. The center of the NOR is defined as the

reference point for the calculation of the NES. The NES Is calculated as the quotient of the Eucildean

distance from a state to the reference state divided by the distance from the reference state to the 95

percent confidence (also called tolerance) ellipsoid, along the vector that connects the reference state to

the newly defined state. A value of 1 or less indicates that the new state is within the 95 percent

confidence ellipsoid, values greater than I Indicate that the system is outside this confidence region.

The sensitivity of the NES increased sensitivity as the number of variables used to describe the system

increased.

Apparently as an independent development, A.R. Johnson (91 proposed the Idea of using a

multivadste apprsach to to analysis of multispecies toxicity tests. This state space analysis is based upon

the comnnnon of complex and dynamic systems as an n-dimensional vector. A vector can be

assigned to describe the motion of the system through this n-dimensional space to represent

successional changes, evolutinry events, or anthropogenic stressors. The direction and position

Infommatlon form the trajeooy of the state space and this can be plotted over time.



22

Another mportant =p:ation proposed by Johnson [101 was the use d mutivarate aalysis to

identify diagnostic variabls that can be applied in the monitoring of ecosystems. Diagnostic variabs, I

reliable in differentiating anthropogenically stressed systems from cuntrol systems would be extremely

valuable in monitoring for compliance and in detemning dean up standards.

We suggest the use both metric and nonmetric clustering for the evaluation of rnultispecies toxicity

tests. In addition visualization tools such as the space-time worms aide in the evaluation of ecosystem

dynamics. We have found these methods to lead to new insights into the nature of the dynamics of these

tests systems. In the above sections we have summarized the methods. In the context of multispecies

toxicity tests, the use of this approach has lead us to identify and compare the sensitivities of two

microcosm methods and to arrive at the conclusion that the recovery of these systems is likely an illusion

of perspective. These findings along with research along several fronts has lead us to conclude that the

assumption of stability and recovery in ecological systems Is erroneous [171.

Ecosystem Dynamics and Ow Importance of Nonequihbdum Conditions

The return of a system to its pre-existing state, structurally, metabolically and dynamically, Is a classical

definition of recovery. Stability corders upon a system with the ability to recover to P previous state. It has

often been assumed the stability is a property of persistent ecological system"ns. It has even been

suggested that the examination of stability and the measurements of resilience and recovery are the most

appropriate attributes to be studied in multispecies toxicity tests [35]. Stability measurments are even

advocated in spte of evidence indicating that such a property may not exist [361. Even in situations where

an equiliblum does not occur it is assumed that given more time that replicate systems will converge

toward an oetdum condition [37). As comlorting as an assumption of ecological stability may be, there

is an increasing amount of data that indicate that stable systems may be the exception.

The return of a system to Its pre-existing state, structurally, metabolically and dynamicaly, is a classical

definition of recovery. In regard to populations, Connel and Sousa [381 examined a great deal of the

literature on population dynamics and found stability as return to original conditions extremely rare.
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Andrews 1391 in a study of tropical lards found that the population dynamics are unstable. Hypothesized

causes awe the rapid population turnover and the complexity of a food web. Over the last ten years it has in

fact been found that many populations exhibit chaotic dynamics [40,41]. Although density dependent

regulation is operating, the populations are characterized by large unpredictable flctuations that are

inherently unpredictable. In fact there is ample theory that predicts the inherent instability of large

dynamic and connected systems [42,43]. Given the unpredictability of outcomes in a variety of

theoretical (44] and experimental 1451 cases, an assumption about the reality of stability and the reliance

upon the measurement of recovery seems improper.

There is now a considerable amont of theory [46] that indicates systems that are too stable or frozen

actually exhibit lower overall fitness and can lack the ability to respond to environmental alterations. While

there may be order in ecological systems, it is unlikely that stability Is the governing parameter. Perhaps it

is time to discard a restrictive paradigm and search for new explanations of the dynamic behavoir of

ecological systems perturbed by chemicals.

The studies compared here also provide several additional examples of systems that t are not driven

toward an equilibrium. Indeed, given the similarity of pattems there may be more fundamental rules that

govern the dynamics of systems under chemical stress. Indeed, the inherent dynamics of ecological

systems and the study of their causes and outcomes should be the emphasis of multispecies toxicity

testing.
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Table I1. Comp~arison of raricd variables for the SAM experments.

Day Important Variables In Determining Clusters In Rank Order

Jet A Standardzed Aquatic Miacroosm

I1I M. Daphnla, Chloreila, Chiamdanionas, Ulothulx, S. Daphnla,Selanastrum,Scenedesnius

14 S. Daphnia, M. Daphnia-Seienastruml, Chiamydlarmnas, Chiorelia, L. Daphnia, Ankistrodeosmu

18 Ankistmdes~mus, S. Daphnia, Chioreila, Chiamydamonas, Selansftrm, L. Daphnia

21 Anklstrodesnius, S. Daphnia. L. Daphnia-M. Daphnia, Scenedesmius

25 Scenedlesirus, S. Daphnia, L. Daphnia, Chiorelia, Pbijgdina M. Daphnia

28 Ankistrodesnius, L. Daphnia. Scenedlesmus

32 S. Daphnia. M. Daphnia, Aricistrodesmus, Chiorela

35 Ankistrodesmus

39 M. Daphrga-Solenastrum, Ostracod-Ankistrodesmuis

42 M. Daphnla, Ostracod, Scenedesmuis

46 Scenedesnmjs, Ankistrodesmus, S. Daphnia. M. Daphnia

49 Chlorella, Pbodina. Ankistrodesmuis, Lyngbya

53 Ankistrodesmus, Ostracod, Chioreila

56 M. Daphinia-Scenedesmnus, Arkilstrodesrnus, Lyngbya

60 Lyngbya, M. Daphnla, Phidn Chlorella,

63 Chlorella, Ardtistrodesnius, Philoana. Ostracodl

JP-4 Starid&aivi Aquaft icamsmvou

I1I Selanaatnjm, M. Daplutia, Chlorefa, Ankistrodesmus

14 Selenastrum, S. Daphnla, M. Daphnia-Ankisrodesmiusl, L. Daphnia-Stigeoclonlum

18 Scenedesnius, Selanstrum, Ankisirdesmuits, S. Daphnia, Chiorefla, L. Daphnia

21 Scenedeumnus, Ankistrodesnius, Chiarnydlomonas

25 Chlorella, S. Daphnia



30

28 Chlomlla, AI~rdUiSL~ ,tia Ebioda

32 Ostracod

35 Ostrmcd, Eblialoda. Scenedesrus

39 Scenecdsrnus, S. Daphnia

42 Lyngbya, S. Daphnia, Philoina- Ankistrodesmuis

46 M. Dqhnla

49 Scenedesinus, Chiorella, Philodina

53 Chlorella, Phjodina

58 M. Daphnia-S. Daphnia

60 S., Daphnia, Ostracod, Lyngbya

63 Chlorela, S. Daphnia, M. Daphnia, Lyngbya

1 Hyphen between variables denotes equal rank.



31

Ta"l 2. Coenpaumo of ranked variabls for the MFC experiments.

Day Important Variables In Determining Clusters In Rank Order

Jet-A Mixed Fle* Culture

00 Ciliates-Flageilates. Optical Density, P/R

04 Ostracod 2. Other Ugreen-Flagellates1, Chiorella, Amphipods

07 Ostracod 2, Other Diatoms-Optical Density, Scenedesmuis. Chiorella. Other Ugreen

11 Other Diatoms, Nltzschla, pH, Ostracod 1, Other Bluegreen

14 Ankistrodesmus-Other Diatoms, Scenedesmus-Other Fgreen, Other Ugreen, Nltzschia

18 Other Diatoms, Nitzschia, Amph"od, Scenedesmus-Anabaena

21 Other Diatoms, Other Uigreen, Nltzshla

25 Other Uigreen, Other Diatoms, Optical Density, Anabaena

28 P/R, Ankistrodesmujs, pH

32 Chlorella, Other Ugreen, Ankistrodesmus

35 Scenedesn'us, AmTph"ods Flageltates

39 Selenastrum, Scenedesmus-Am~phlpods, Chiorella, Other Diatoms, Ostracod 1

42 Other Ugreen, Nftzshla

46 Ostracod 1, Nitzschla-0ther Bluegreen, Ciliates, P. bursaria

49 Ostracod 1-Othe Diatoms, P/R, Chiorella, Flagellates

56 Chiorella, Ostracod 1, Anldatrodesmus-Flagellates

60 Chlorella, Amphipods, Other Diatoms

63 Chlorefa, Ostrc= 2, Nitzschia

67 Other Diaoms-Ostracod 1-pH, Anlclstrodesmus-Nitzschia-Ostracod 2-Ciliates, P. bursww

70 pH. Other U.green-Amphipods-Cllates, P/R, Ostracod 1. Ankistrod

74 Ostracod 2. Ostrao 1, Arkikstrodesmus-Other Bluegreen. Other Ugreen-P/R

77 pH4, Scenedeurnu-P/R, Other Fgreen-Flageflates-OpticaI Density, Chiorella
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JP-4 Afxed Fian CuAar

00 Selnas". OP Density, P. bursaula, P/R, Scenedesmus

04 M. Daphnla, S. Daphnla, Chlorella, Other Bluegreen

07 Other Bluegreen, Chlorella, Ostracod 2, Lyngbya, Other Diatoms-Optical Density1

11 Other Bluegreen, M. Daphnia, Ciliates, S. Daphnia, Flagellates

14 M. Daphnla, Other Bluegreen, Scenedesmus, Flagellates-pH, S. Daphnia-Cillates

18 pH, Lyngbya, M. Daphnia, Optical Density, Scenedesmus-Other Bluegreen, Rot•ers. Ciliates

22 Rotifors Selenastrum-Cillates, Other Bluegreen, pH, Lyngbya

25 Other Fgreen. Ostracod 2. Scenedesmus-Cillates-pH

29 Nltzschla, Other Diatoms, Copepod, P/R

32 Other Bhuegreen, P. bursaea, pH

35 Citlates-Optical Density, Other Bhuegreen

39 pH, Other Ugreen, P/R

42 Optical Density, Other Diatoms, Selenastrum, Ciliates, Other Bluegreen

46 Flagellates, Ankistrod, P. bursana, Ostracod 2, pH

49 Optical Density, Other Bluegreen, P. bursaria

53 Optical Density, Ostracod 2, P/R

56 Optical Density, Ostracod 2, Other Bluegreen, PIR, pH, Nitzschia

1 Hyphen between variables denotes equal rank
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Table 3. Co aren ofat"e expenwirna desigrs of the SA and MFC munkispecie toxilcy teow. The

numbes of groups and repiae. are identical in each system.

Experimental Design

Standardized Aquatic Mixed Flask Culture
Microcosm

Number of groups: 4 Number of groups: 4

Number of replicates: 6 Number of replicates: 6

Reinoculalon•nce per waek add on drop Reinocdratpon: Only renoculated and cro n
(circa 0.06 mL) to each microcosm from a infoculted during the praturaion
mixof tie ten specile - 5 x 1 )2 •elk of each period.
alga added per microcam Sampling frequency: 2 times each Week

Add ion of teat rmrrals: Add material on Day 7 T duration: 6- wee

Sampling frquenqc: 2 tines each week AJIow to ratmntura 6 w eeks stoteoaten~t;btadk 6 to 8weeks
Test duration: 63 days after expoSure. kicrocoem6 are

rotated onam a week In the
environmental chamber during
the experiment.
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Table 4. CoMb of he phyocald id chmical tuctue of the SAM and MFC multisped"loxicity

tests. The medi are idencal except for the addition of NaHCO3 in the MFC protocol. Due to the

reduced volume of the MFC and Its container, the MFC has 1.5 times the surface to volume ratio of the

SAM experimental unit.

Size, Medium and Sediment

Standardized Aquatic Mixed Flask Culture
Microcosm

One-gallon (3.81-) glass jars are recwnytended; 1 L beakers covered with a large petri dish
sot glase s satsfadoryif new wnclners are
used; measurements should be 16.0 cm wide
at the shoulder, 25cm tall with 10.6 cm
openings. Microcosm medium: 900 mL of T82MV supplemented

with 15 pag NaHCO 3 as an additional carbon source.
Into which 50 mL of Inoculum was Introduced

Sediment Composd of silicasand (200 g), ground.
crude chitin (0.59), and ceaulose powder (0.5 9) added Sediment: 50 mL of acid washed sand
to eadc container.
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Table 5. Comparisons of the measurement endoirnts of the SAM and MFC multispeoes toxicity tests.

Essentially the same levels of biological organization are Included in both methods. In the calculation of

clusters, derived variables are not particularly useful since they disproportionately weight certain

measurements.

Measurement Endpoints

Standardized Aquatic Mixed Flask Culture
Microcosm

Prkimny Variables Primary Variables
Population densities of inoculated organisms Population densities of introduced organisms
pH (often by classes such as diatoms, bluegreen
Photosynthesis/Respiration ratio bacteria, ostracods, protozoa etc.)
Optical DensityOplkal ensiyP'ol tosynthesis/Respirationrai
Analytical Chemistry of toxicant ratio
Nutrients Optical Density
Bacterial counts Analytical Chemistry of toxicant

Nutrients
Derlved varlabes Bacterial counts
Algal Diversity
Total Algae Derlgva d versbl
Available Algae Algal
Total Daphnia Total Algae
Total Invertebrates Available Algae

Total Daphnia
Total Invertebrates
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Tale 6 Data analystis of te SAM and MFC mu=speces toxidty tests. In our analyses, each system s

analyzed usng the same uite of statistical and artical rdtelf•gence tools.

Data Analysis
Standardized Aquatic Mixed Flask CultureMicrocosm 4

Mir co m Graphical (Plot the data)
Intervals of Non-signIficant Differences (IND)

Metric MfiAItvarItat Statistics
Non-metric multivarlate Statistics-Riffle

Projectlons-Space-tlme worms

Fewer species allow better identification and Thousands of species and counting is often done at
understanding of the potential role of each in the a variety of taxonomic levels. Not as much inormation
observed dynamics on each of the organisms makes it difficult to

assign roles and understand interactions.

Many rare species
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Figures

Figure 1. Comparison of the nonmetric clustering and association results for the Jet-A and JP-4 SAM.

Figure 2. The use of individual based and group based data in the determination of nonmetric clus'ering

and association results of the MFC experiments.

Figure 3. Comparison of the impact of Jet-A and JP-4 in the MFC using both individual and group based

nonmetric clustering and association results.

Figure 4. Comparison of the MFC and SAM nonmetric clustering and association results with Jet-A and

JP-4.

Figure 5. Comparison of the space-time worm projections for the Jet-A SAM and MFC experiments. In

these projections time runs left to right and the microcosm axes are Ankistrodesmus and Ostracods. The

divergence-convergence-divergence pattern appears In both experimental systems. Figure 5A portrays

the Jet-A SAM system dynamics. There is a clear initial divergence followed by a convergence and

towards the end of the experiment another divergence. Figure 5B uses the same projection to portray

the dynamics of the Jet-A MFC. In the early part of the experiment the systems largely run parallel to each

other. At the midway point large divergences beginthat appear more erratic and violent compared to the

SAM system.
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1 Introduction

The goal of data analysis is the discovery of a model which fits the data. Statistical
tools to accomplish this goal can differ in two ways: First, analysis tools differ in the
kind of model which they fit to the data. For exarr. '-, regression attempts to fit a linear 0
subspace to the data points. Ordination attempts to fit a linear order to the data points.
Clustering attempts to fit the data with a finite number of clusters, or subpopulations,
each with distinct properties. More ambitious, lumped models, such as hydrologic
models, attempt to fit the data with a model which mimics its causes. We call this
choice of model for an analytic tool its model bias. Second, analysis tools differ in the
criteria used for goodness of fit. Regression typically seeks to minimize the sum of the 0
squared distances of the data points from the regression subspace, but other measures,
such as the sum of absolute values, or the median distance, could be used. Similar
measures are used in lumped models, where the model output is "calibrated" to match
the available data by minimizing the distances. In clustering, the fitness criterion is
usually the minimization of intra-cluster distance and simultaneous maximization of
inter-cluster distance. The bias of the clustering procedure will then depend on the 0
distance function or metric used. We call this aspect of an analysis tools itsfimess bias.

2 Fitness Bias in Regression

Fitting curves to data is an important part of understanding the data. LC5O analysis, •
such as probit, tries to fit a sigmoid curve (such as (1 + e-')-') to the mortality data.
As an illustration of the importance of fitness bias in a simple task like curve fitting,
consider the problem of fitting a curve to the data in Figure 1. The problem of model
bias is usually well recognized. A linear fit, as in Figure 2, or a quadratic fit, as in
Figure 3, are clearly inappropriate for the data in hand. Plots of the residuals would
easily reveal curves that indicate the true nature of the trend has not been captured. An 0
exponential fit, as in Figure 4, is clearly a better model, and the residuals and sums of
squares would confirm this.

Our first hint of trouble arises, however, when we replot the data and the fitted curve
on a log scale. The data on a log scale is shown in Figure 5, and the fitted exponential
line is shown in Figure 6. The fit looks quite poor, and we could draw a much better
line by hand. What went wrong?

To figure this out, note that the exponential line fits better on the right end than on
the left end. Its fit is quite poor for small values of y. That is the clue to what went
wrong. The "fitness" we sought was a "least squares" fit. It's obvious that the square
of a big number is bigger than the square of a small number, and so our regression tried
to get "closer" to big numbers than it did to small numbers.

Clearly this is inappropriate. In almost all data, the variance of samples is not
independent of the mean; usually it is approximately proportional to the mean. The
bigger the mean, the bigger the variance, Thus, we often say, "plus or minus five
percent" while we rarely get a chance to say "plus or minus five"

0

0
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Figure 1: Exponential data.
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Figure 2: Exponential data with a linear fit function.
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Figure 3: Exponential data with a quadratic fit function.
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Figure 4: Exponential data with an exponential fit function.
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Figure 5: Exponential data plotted on a log scale.
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Figure 6: Exponential data plotted on a log scale with an exponential fit function.
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Figure 7: Logs of exponential data.

The fitness bias, toward minimizing the sum of squares, led us to a poor model. If
we want to use sums of square errors, and still count percentage errors with the same
weight, regardless of where they occur, we have to scale the points. This is exactly
what taking logs does. (Of all data analysis techniques on earth, none is simpler or
more useful than taking logs.) The logs of the data are plotted in Figure 7. Of course,
it looks just like the raw data replotted on a loy scale, in Figure 5, but the y-axis scale 0
is different. This would not je significant, except that our fitting routine needs the
rescaled y-axis numbers in order to do a fair job of adjudging fitness. A linear fit on
log-transformed data results in the line shown in Figure 8. Comparing this with Figure
6 shows a much more satisfying model. Taking the inverse log function of our linear
model will give us the best model.

Without the pictures, we might prefer the first model, the exponential fit to the
untransformed data. After all, the raw data have not been tampered with, just to fit
a model. (Indeed, a recent paper in Environmental Toxicology and Contamination
advocated "correcting" for the process of fitting transformed data. The corrections
advocated would have resulted in a fit much like our first, direct, exponential fit.) But
the fitness bias of the modelling procedure has been ignoreA. A sum of square errors is
inappropriate for exponential data, and only appropriate after logs have been taken.
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Figure 8: Logs of exponential data with a linear fit function.

3 Clustering

For the rest of this minicourse we will concentrate on the clustering model. Clustering
is an extremely powerful technique, with widespread applicability in ecotoxicology.
Put simply, clustering is the attempt to divide the data into several groups, or clusters.
Points within each cluster should have much in common, and points from different
clusters should have little in common.

Clustering hinges, then, on whether points are "similar" or "different." This raises
problems in many circumstances, however. How is similarity to be defined? We have
already seen that similarity should be context sensitive-in the regression example,
the distance from one point to another depended on the variance of all the points.
Statistical tests often differ primarily in how they measure similarity. The t-test, for
instance, assumes that large differences in the mean values for the groups implies
dissimilarity. The F-test, another example, assumes that small variances within the
groups implies similarity within them. Each of these attempts to determine whether the
within-group-similarity is significantly larger than the between-group-similarity.

Given a similarity measure, clustering still depends on the algorithm chosen. Con-
sider the data in Figure 9, using Euclidean distance for a similarity me -Ire. (Euclidean
distance has the virtue that, in two dimensions, it is easy to gauge by eye.) Clearly, we
have two groups, outlined by circles. But point A, for example, is closer to point B, in
the other group, than it is to C in its own group. So, it will not do to simply say, "cluster
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Figure 9: Two clusters of points. Yet the point labelled "A' is closer to "B;' in the other
cluster, than it is to "C:' in its own cluster.

each point with the ones it is close to." We need an algorithm.
Later on, we will investigate a nontraditional algorithm for conceptual clustering.

For now, however, consider two traditional algorithms for clustering: agglomerative
and k-means.

3.1 Agglomerative clustering.

Agglomerative clustering starts with each point in its own cluster. Then, it merges
the closest two clusters into a single cluster, resulting in fewer clusters, but with more
points in them. For example, consider the sequence shown in Figures 10 to 14. We
begin with five points which need clustering. The two closest points, point 0 and 2, are
then merged to form one cluster, and relabeled with 0, as in Figure 11. In the figure,
the other points are also renumbered from 0 to the total number of clusters. From this
figure, the two closest points are numbered I and 2, so they are merged in Figure 12.
Now point 2 is closer to cluster 0 than it is to cluster 1, so it is merged with cluster 0
in Figure 13, forming two clusters. If the process is continued one more step, only one
cluster is left, as in Figure 14.

While this process looks simple, there are many details that must be taken into
account. For instance, it is easy to tell which of two points is closer, but how do you
tell which of two clusters is closer? Do you measure from the center of the cluster,
or the edge? Consider the points in Figure 15, and the agglomerative process. In the
beginning, the table of cluster-to-cluster distances is simply a table of point-to-point

• 0
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Figure 10: Agglomerative clustering, stage 1.
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Figure 11: Agglomerative clustering, stage 2.
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Figure 12: Agglomnerative clustering, stage 3.
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Figure 13: Agglomerative clustering, stage 4. 0
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Figure 14: Agglomerative clustering, stage 5.
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Figure 15: Points to cluster using nearest neighbor and farthest neighbor.

1 12 3 14
1 0 2 4.12 5.38
2 2 0 2.23 3.60
3 4.12 2.23 0 3.16

4 5.38 3.60 3.16 0

Figure 16: Table of distances for points.

distances. This table is given as Figure 16. Scanning the table by eye reveals that the
closest two points are 1 and 2, so we should merge them into one cluster.

Now, if we do that, how are we to fill in our table? What is the distance to both I
and 2? Three possibilities suggest themselves: use the distance to 1, the farthest, use
the distance to 2, the nearest, or use some average of the two. Figure 17 shows the two
extreme values. Which we choose has an effect on the merging process. If we use the
"nearest neighbor" strategy, then 3 should be merged with 1 &2 to form the next cluster.
If we use the "farthest neighbor" strategy, then 3 and 4 should be merged to form the
next cluster. If we use the "mean neighbor" strategy, then 3 and 4 should be merged.

There is no clear answer to which strategy is best with agglomerative algorithms.

1&2 3 4
1 &2 0 2.23- 4.12 3.60,,,5.38

3 0 3.16
4 0

Figure 17: Table of distances for points, after merging I and 2.
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Each serves to answer the question "which points belong in a group" in a different
way. Each has a different fitness bias. Nearest neighbor, for instance, tends to group
together long "chains" of points. In the simple example above we saw that nearest
neighbor would add a point to an existing cluster, rather than form a separate cluster.
Farthest neighbor tends to avoid chains, and favors even-sized clusters. Mean or median
neighbor clustering is a compromise. (The clustering illustrated in Figures 10 to 14
used means to determine nearest clusters.)

In addition to choice of distance metric and choice of algorithm, agglomerative
clustering also has the problem: when do you stop? You start out with N clusters,
where N is the number of points, and you end up with I cluster. Clearly the truth is
somewhere in between, but where? The only answer to this is to have another procedure
determine the "quality" of the clustering. Keep agglomerating clusters while the quality
improves, and stop when it starts to degrade.

But, of course, how do you define one clustering as better than another? Some
measures come to mind: a good clustering should have small within-cluster distances,
relative to between-cluster distances, for instance. But how small is good? With
each point in its own cluster, the within-cluster distance is zero. Should there 'e a
penalty attached to single-point clusters? Such questions have a wealth of answers
in the literature, and the answer to each must be understood before the results of an
agglomerative clustering algorithm are understood. They all determine its particular
fitness bias.

3.2 K-means

All agglomerative clustering algorithms are susceptible to being misled. Each makes
choices about cluster membership one at a time, and, once made, the choices are never
undone. There is no "big picture" in agglomerative clustering. This contrasts with
K-means clustering.

K-means clustering takes an entirely different tack. Instead of clustering the points
one at a time, all points are assigned to a cluster at once. To begin with, you have to
choose how many clusters you want (that's the "K" in "K-means"). For concreteness,
let us suppose we are looking for two. Two points are then chosen randomly as "cluster
centers." In Figure 18 these points are numbered 0 and 1. All other points are now
assigned to one cluster based on which "center" it is closest to. This is shown in Figure
19. Now, these points are used to find a new "center," which is the mean of all points in 0

the cluster (the "mean" in "K-means"). Rays in Figure 19 are drawn from each point to
the mean. These new centers are now used to reassign each point to the closest cluster
"center." In Figure 20 you can see that some of the points have been reassigned, and
the centers have moved. This process, of letting the points define the center, and then
letting the center "attract" all the closest points, sooner or later settles down and no
longer changes. At this point, the algorithm terminates. For the data in Figure 18, the •
process settled down after only three iterations. Speed of the algorithm is a notable
feature of K-means clustering.

Since K-means starts with two randomly selected points, it is possible (and actually
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Figure 18: Kmeans clustering, stage 1.

Figure 19: Kmeans clustering, stage 2.
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Figure 20: Kmeans clustering, stage 3.
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Figure 21: Kmeans clustering, stage 4. 0
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Figure 22: Agglomerative clustering of the same data from the Kmeans example.

quite likely) that restarting the algorithm will result in different clusters. The usual
practice is to run the algorithm several times, and then keep the "best" clustering.
where, again, some measure of clustering quality must be provided independently of
the algorithm.

The same data were clustered with an agglomerative algorithm, for comparison, in
Figure 22. While the overall picture is similar, there are significant differences. There
are other cases where K-means and agglomerative clustering result in entirely different
clusters, in spite of the fact that they are both trying to "group together points that are
close."

To use the K-means algorithm, you have to know in advance how many clusters
you want. If you don't know, you can always run the algorithm once for every number
of clusters from 2 to 10, and then keep the best. But again, the same problem of
what is "best" comes up in deciding whether two or three clusters fits best. Neither
agglomerative nor K-means clustering help in this decision.

4 Conceptual Clustering

Similarity should be concept sensitive. For instance, look at Figure 23. Most people
would, on first examination, say that this figure illustrates points arranged in two circles.
But that would mean that the points labelled "A" and "B" belong to different clusters,
even though they are the two points that, on their own, are the closest together. Even
with a distance metric that corrected for variance, such as the Mahalanobis distance,
these two points would still be very close (even closer, in fact).

The problem is that clustering must be both context sensitive and concept sensitive.
In Figure 23, the problem is that no provision is made for the importance of "geometric
figures". A specialized algorithm, using Hough transforms, for example, would have to
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Figure 23: Conceptual clustering problem. "A" and "B" belong to different clusters.
yet they are closer together than any other points.

be devised to cluster the data in the figure correctly. Geometric figures are usually not
important in analyses, although there are exceptions, such as the "arch effect" noted in
many ceonocline studies.

Instead of concepts based on geometric figures, or fitness based on distance mea-
sures, we adopt the following Principle Of Nonmetric Clustering:

TWO POINTS ARE SIMILAR IF THEY HAVE A LOT OF FEATURES IN COMMON.

How this actually gets spelled out in a computer algorithm, and the consequences for
our understanding of data, will concern us for the rest of this session.

4.1 Data

Data come with many problems attached. Consider, for example, the data matrix shown
in Figure 24. In this example, we assume that measurements are made on a number of
species, I ...N, but the measured parameters could be chemical rather than biological.
Each data point, with a unique ID I ...M, comes from a group (Grp), which could be a
treatment group, or a different site in the study, and for each group we have a number
of replicates (Rep).

A number of problems are evident. Some data values may be missing, noted
by "???" in the table. Some may be below detection limit, noted by "BDL" in the
table. Some may have a huge var'ance, like Species 3 (bacteria?), while some are
exceedingly rare, and comprise almost all zeroes, like Species N. Also, some species
may be represented by counts of individuals, while others are estimated by biomass,
chlorophyll, etc. accounting for the inhomogeneity of numbers in the table. Finally,
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ID Grp Rep Species I Species 2 Species 3 ... Species N
I 1 1 45.7 12 ??? 0
2 1 2 5.3 0 2000 0
3 1 3 405.7 1.2 8000000000 0
4 2 1 19 ??? 0

M 12 3 97.2 ??? BDL I

Figure 24: A hypothetical data matrix.

environmental data tables such as these are usually "broad and shallow," that is, they
contain many columns, but few rows. Many species, for example, are found at each
site, but budget restrictions are such that the sites can be sampled only a few times.
These kinds of problems are also compounded if physical-chemical data are added to
the table.

If we are to cluster data like these, the following considerations should be borne in
mind:

I. The measure of similarity should not combine counts from dissimilar taxa by
means of sums of squares or other simple mathematical techniques, since this
will introduce a fitness bias, often with unprcdictable consequences.

2. If possible, the measure of similarity should not require transformations of the
data, such as normalizing the variance. This would also have consequences that
were difficult to interpret, given species like number 3 and number N, in the table.

3. The measure of similarity should be able to work with partial data. If some
samples have most, but not all, species represented with numbers, and others
with "???", then we should not have to throw out the whole sample. Nor should
we have to provide a pseudo-measurement for that value, such as the average of
other samples. Missing data values should be overlooked. (In some cases, the
fact that a data value is missing is important by itself. In these cases, "missing"
should be regarded as another legitimate value, like "BDL", and included in the
analysis. Usually, however, data values are missing for extraneous reasons, and
can be safely overlooked.)

4. Significance of a taxon to the similarity measure should not be dependent on its
size. One or several taxa with small total variance, such as rare ones, may in
fact be quite significant for clustering. They may comprise a set of "indicator"
species. The similarity measure should not be mislead by mere abundance.

5. Of course, any assumptions of normality, heteroscedasticity, and the usual as-
sumptions necessary for analysis based on multivariate Gaussian distributions
must NOT be made. Environmental data are almost never normal.



Nonmetric Clustering SETAC 93 18

6. Care must be taken to avoid "over-fitting" the data. Since there are few points in
a large dimensional space (M << N), almost any model that takes into account
all species will be able to get a very close "sums of squares" fit to the few points
available. A good fit in this sense should be looked at very skeptically.

4.2 The Goal of Clustering

To reiterate: The Principle Of Nonmetric Clustering says

TWO POINTS ARE SIMILAR IF THEY HAVE A LOT OF FEATURES IN COMMON.

While this principle sounds good, we still have a long way to go before we have an
algorithm. First of all, what do we mean by a "lot" of features in common? Well,
in a good clustering, under this criterion, there would be a large number, though not
necessarily all, of the features (dimensions, species, etc) for which each cluster of points
would have similar values. If height were one of these features, for example, then all
the points in one cluster would be tall, another cluster medium, and a third cluster short.
Of course we only mean tall (or medium or short) relative to the points in the other
clusters. So what we mean by "in common" is relative to the data itself.

Further, what we mean by a "lot" of features is also relative to the data. It may
be that there are no clusters with lots of features in common. Every individual data
point may be completely different from all the others. In this case, clustering is clearly
pointless. But if there are some clusterings where the points within each cluster have a
lot of things in common, then we prefer these clusterings to ones where points in the
clusters have less in common.

In formal terms, the clustering should create a logical description of the data. The
clusters should be such that most of the points can be described by simple conjunctive
descriptions involving the original parameters. For example, if a large number of the 0
points (cluster A), in dimensions x, y, and z, had "medium", "small", and "large" values,
respectively, and another large number of points (cluster B), had "large", "medium",
and "medium" values on these same dimensions, then the points could be described by
the two concepts:

Cluster A: ' (x = medium) A (y = small) A (z = large) 0
Cluster B: € (x = large) A (y = medium) A (z = medium)

If these two sets of points comprised nearly all of the original data, then the clustering
would be complete. There may be other dimensions in the original data set, other than
x, 1/, and z, but these dimensions would be regarded as irrelevant to the above clustering
if x, yj, and z sufficed.

To see how this works in an algorithm, consider the series of clusterings in Figures
25 through 28. In this algorithm, points are not assigned to "nearby" clusters in any
sense. Instead, points are randomly assigned to clusters, and then the quality of the

t i i i [ i0
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Figure 25: Riffle clustering, stage 1.

clustering as a whole is measured. In other words, do points in the same cluster have a
lot of features in common? In order to assess whether they have the feature in common,
each feature is divided into three regions (small, medium, and large), giving the tic-tac-
toe appearance. For a larger number of clusters, more regions would be defined. If the
clusters are not good, then each point, in turn, is randomly reassigned to other clusters,
in an attempt to improve the quality of the clustering, until the clustering becomes as
good as can be found by this process. When its as good as it can get, as in Figure 28,
the process stops.

The thing to notice about Figure 28 is that in each row of the matrix, we have points
from only one cluster. In other words, as far as possible, the points from a single cluster
all have the same sets of properties. In the next section we will refine this notion of
similarity.

Also notice that the algorithm is guided at each step by the quality of the clustering.
A numeric estimate of the quality (with lower numbers meaning better) is printed at
the bottom of the figures. Points are not assigned to clusters based on their nearness
to other points, but on the basis of the quality of the clustering as a whole. This is
why the clustering methodology is called "nonmetric clustering;" a metric is not used
to determine cluster membership. Note that event the clustering methods that do use a
metric still require a measure of clustering quality to know when to stop, or to determine
how many clusters, or to decide between two retries.

It would also improve the clustering if we could move some points to different cells,
for example, moving all the l's to the right. Unfortunately, the position of each point on
the board is fixed by the data itself, and our analysis program is not allowed to fudge the
data. But, we can do something that will help. In the full algorithm, the tic-tac-toe lines
are also adjusted, in the search for the best clustering. This is tantamount to adjusting
the boundaries between small, medium, and large. In this way, we may improve the
clustering further. We will have more to say of this, below.
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Figure 26: Riffle clustering, stage 2.
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Figure 27: Riffle clustering, stage 3.
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Figure 28: Riffle clustering, stage 4.

Species 1 Counts
Low Med High

Cluster 1 3 4 10
Cluster 2 12 9 0
Cluster 3 7 11 2

Figure 29: Contingency table giving number of points (samples) with low, medium, or
high numbers of Species 1 in each of three clusters.

4.3 Measures of Predictability

To formalize our intuitions, what we seek is a clustering which is informative. In a
good clustering, knowing which cluster a point comes from tells us a great deal about
the points features. The clustering we seek is a logical description of the data which
is as informative as possible. So, we need a measure of informativeness: How much
does one feature (the cluster) of an object tell us about another?

Consider the contingency table given in Figure 29. This is a pretty good clustering
with respect to Species 1, since Cluster I indicates high counts, Cluster 2 indicates low
counts, and Cluster 3 indicates medium counts. But how do we measure just how good
this is? Standard measures of association in contingency tables, such as X2 or entropy,
could be used, but we seek a more intuitive measure of the information in the table.
(Entropy was used in the small demo program that generated Figures 25 through 28.)

One way to measure the information given by the clustering is to calculate the
proportional reduction in error it gives. Suppose we had a sample, and we had to guess
whether the Species I count would be low, medium, or high. Calculating the marginals
in Figure 29 gives us 22 "low" samples, 24 "medium" samples, and 12 "high" samples.
Other things being equal, we would pick the most likely value, and say that an unknown
sample will probably fall in the medium range. But we would expect that prediction to
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be wrong about (22 + 12) = 33 times out of (22 + 24 + 12) = 58 tries. Thus, our error
rate is 33/58 ;t 57%, in ignorance. Suppose, on the other hand, that we are told what
Cluster a sample comes from. If it is Cluster 1, then we would guess "high,' Cluster
2 we would guess "low:' and Cluster 3 we would guess "medium:" To calculate our
expected error, we need the error rate for each cluster, together with the probability for •
each cluster. For cluster 1, the error rate is 7 out of 17 (41%), for Cluster 2 it is 9 out of
21 (43%), and for cluster 3 it is 9 out of 20 (45%). The probability of Cluster I is 17
out of 58 (29%), the probability of Cluster 2 is 21 out of 58 (36%), and the probability
of Cluster 3 is 2') out of 58 (34%). The expected error rate, then, is

(7/17)(17/58) + (9/21)(21/58) + (9/20)(20/58) 0
or about 43%. So, in ignorance we are wrong 57% of the time, while with knowledge
of the clustering we are wrong about 43% of the time. So, about

57-43S•0.25
57

or about 25% of our erroneous predictions have been eliminated.
This quantity is the proportional reduction in error. It can be formally defined as

follows, for any contingency table. Let:

"* Pab be the proportion of entries in row a, column b of the table,

"* p., be the maximal entry in row a,

"* Pnb be the maximal entry in column b,

p Pa. be the row marginal sum over columns,

* P.b be the column marginal sum over rows,

Sp.,, = maxb P.b be the maximal column marginal,

p Pm. = maxa Pa. be the maximal row marginal,

then the proportional reduction in error in guessing column value b is:

b =•Pam - P.m
I - P~m

and, symmetrically, the proportional reduction in error in guessing row value a is:

I - Pm.

A symmetric A can then be defined as

1 E. Pam + -b Pmb - P.m - Pm".
2  l1(p.. + p,1.)

Some of the properties of lambda are:

in i I II HII I0
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1. A is determinate except when the entire population lies in a single cell of the
table.

2. Otherwise the value of A is between 0 and I inclusive.

3. A is I if and only if all the population is concentrated in cells no two of which
are in the same row or column.

4. \ is 0 in the case of statistical independence, but the converse need not hold.

5. A is unchanged by permutations of rows or columns.

6. A lies between \A and 4b, inclusive.

The real advantages of A are that it is an intuitive measure of informativeness. The
bigger A is, the more one feature tells us about another. In fact, the value of A\ tells us
something specific: If A = 0.5, then our errors in guessing will be cut in half. Some of
our graduate students have also done some preliminary research, comparing A to X2,
entropy, and other measures, and have found it to be more reliable as a relative measure
of association. Our nonmetric clustering algorithm, therefore, uses \ in its computation
of clustering quality.

4.4 Quantitative Data into Qualitative Data

I mentioned before that the division lines between small, medium, and large are subject
to adjustment. However, not all adjustments will help. Consider Figure 30. All but
one of the points have been clustered into two clusters. But we have one troublesome
point, labelled with an "X" in the figure. Should we put this in with the open circles, or
the closed circles? Neither position helps. If we put it with the open circles, we have
the following frequency table:

X-axis Y-axis
Small Big Small Big

Open Circles 7 1 0 8
Closed Circles 0 4 4 0

Now the proportional reduction in error for the Y-axis is one, perfect! But the propor-
tional reduction in error for the X-axis is

5/12 - ((8/12)(1/8) + (4/12)(0)) -08
5/12

On the other hand, if we put the "X" point in with the closed circles, we get:
X-axis Y-axis

Small Big Small Big
Open Circles 7 I0 i 0 7

Closed Circles 0 5 4 1
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0
0 0 0

0
0

0 00

Figure 30: Quantitative data into qualitative data. The configuration of the clusters
themselves determines where the division comes between "large" and "small."

Now the proportional reduction in error for the X-axis is perfect, but the proportional

reduction in error for the Y-axis is S

5/12 - ((7/12)(0)+ (5/12)(1/5)) = 0.8
5/12

Thus, assigning the "X" point to either the open or the closed circles results in the same
A. Under the algorithm, X will be assigned to either cluster, arbitrarily (our algorithm
makes no "fuzzy" assignments).

We are not allowed to change X's position on the graph, that position comes from
the data itself. However, under certain circumstances, we could fix this problem by
adjusting the splits between small and large. Perhaps if we adjust the vertical or the
horizontal line, we could get a better clustering. Sometimes this is possible, but in
Figure 30, it is not. Moving the vertical line to the right will include the "X" with the
open circles, but, alas, will create two troublesome points in the lower left quadrant. 0
Likewise, moving the horizontal line up will allow the "X)' to be included with the
closed circles, but will again create two troublesome points in the lower left quadrant.
No further readjustment of the lines between large and small can help the situation, and
so the program will settle on the indicated clustering, with X assigned arbitrarily.

It is important to note, however, that the lines can be adjusted, and in the figure,
already have. The vertical line has moved to the right, and the horizontal line has moved 0
down. Clearly this led to an improved clustering, and that was why it was done. The
search for a good, high-quality clustering includes the search for good definitions of
"big" and "small" But the data itself constrains these definitions, too.
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Figure 31: Control group points and treatment group points cluster when treatment has
an effect.

5 Association Analysis

The clustering methodology outlined here gives the researcher deeper insight into the
data. The computer program Riffle, implementing this algorithm, can tell the researcher
whether or not the data form natural clusters, how strong they are, and which species
(parameters) are strongly associated with those clusters.

However, given a clustering of the data (nonmetric of otherwise), it can also be used
in a significance test, when treatment groups are well defined. To see this, consider
Figures 31 and 32. If the treatment had an effect, we would expect points in the treated
group to be different from points in the control group. In other words, we expect
treatment groups to cluster well. If, on the other hand, treatment had no effect, we
would not expect clustering, or, if there are clusters, they will not be associated with
the treatment groups.

If we take a sample of data points, some from each treatment group, and cluster
it, we will get something like Figure 33, where each point has two labels: group and
cluster. In the figure we have illustrated this by shape and color. In order to tell if
the treatment is significant, you only have to make a contingency table (contingency
tables again!) and check for association between group and cluster. Since you are only
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Figure 32: If treatment has no effect, we expect unclustered treatment and control
groups.
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Figure 33: If points have treatment groups (shapes) and clusters (colors), the association
between treatment and cluster can be measured.

looking for significance here, and not an interpretable measure, X2 will do fine, and the
95% confidence limit can be looked up in a table. For the tetrahedrons and octahedrons,
we get the following table:

Dark Light
Tetrahedra 5 1
Octahedra 2 4

I'll leave it up to you to calculate the X2 for this example. The Riffle program calculates
it automatically, if you specify treatment groups.

6 The Future

We have come a long way in our understanding of data, and why some things are similar
to others. But a real challenge lies ahead. Many important ecotoxicologal studies are
long-term. Environmental effects typically last for years, and undergo diurnal, seasonal,
and perhaps longer (el nifio?) cycles. Everything we have done so far is static: points
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Figure 34: Spacetime worms cutting through clusterings at different times. Can tem-
poral dynamics be understood in the same way nonmetric conceptual clustering can?

either have something in common, or they don't. But what we need is more like Figure
34. We need to understand each point as a system with a lifetime, a spacetime worm
that stretches through time. Physicists have long realized the utility of this viewpoint.
Modern relativity theory would be unintelligible without it, and spacetime worms and
light-cones abound even in introductory texts.

If we are to make progress understanding such systems, however, we need to be
more flexible than physics, with its the clockwork systems. Ecological systems can
have delays, shifts, and relocations in their temporal evolution. An analysis tool that
tries to compare systems over time must do more than stipulate that "temporal systems
are similar if they are similar at each time." An analysis tool must be ready to do surgery
to a spacetime worm, dissecting it to find its essence, and comparing this essence to
what it finds in other worms. In the spirit of nonmetric clustering, nonmetric temporal
clustering seeks "some times, not necessarily all times, in which the worms have some
features, not necessarily all features, in common." Further, the times, for each worm,
need not be the same, and the features, at different times, need not be the same.

Our analysis tool to do this kind of surgical search over spacetime worms is still in
its infancy. We call the program Riggle, but that is a topic for another seminar.

- -•a m | |I 0



Appendix 1
Software

All software described in this manual and used in the presentation
is available by anonymous ftp from iceberg.cs.wwu.edu in the
directory -ftp/pub/matthews.

Most of this software has a graphical interface which requires the
NEXTSTEP operating system, available for 486 PC's from NeXT,
Inc. However, the source code for a simple, command-line
version of Riffle is also available at the above location.

Included with this manual is a DOS diskette containing the source
code for the command-line Riffle program. NOTE: this code
failed to compile correctly under Turbo C++ and Turbo C++ for
windows. The author does not believe this program is reliable
under DOS. Also on this disk are two recommended statistical
and graphical packages for MS windows, xlispstat and gnuplot.
These are copyrighted programs by other authors, but are freely
distributable. All software is provided "as is, without warranty
and is used at your own risk.



* Riffle

* Author: Geoffrey Matthews
*

"* Permission to use, copy, modify, distribute, and sell this software and its
"* documentation for any purpose is hereby granted without fee, provided that
"* this permission notice appear in supporting
"* documentation, and that the name of Geoffrey Matthews not be
"* used in advertising or publicity pertaining to distribution of the software
"* without specific, written prior permission. Geoffrey Matthews
"* makes no representations about the suitability of this software for any
"* purpose. It is provided "as is" without express or implied warranty.
*

* GEOFFREY MATTHEWS DISCLAIMS ALL WARRANTIES WITH REGARD TO THIS
* SOFTWARE, INCLUDING ALL IMPLIED WARRANTIES OF MERCHANTABILITY AND FITNESS,
* IN NO EVENT SHALL GEOFFREY MATTHEWS BE LIABLE FOR ANY SPECIAL,
* INDIRECT OR CONSEQUENTIAL DAMAGES OR ANY DAMAGES WHATSOEVER RESULTING FROM
* LOSS OF USE, DATA OR PROFITS, WHETHER IN AN ACTION OF CONTRACT, NEGLIGENCE
* OR OTHER TORTIOUS ACTION, ARISING OUT OF OR IN CONNECTION WITH THE USE OR
* PERFORMANCE OF THIS SOFTWARE.

* RIFFLE AUTHOR:
* Geoffrey Matthews
* Computer Science Department
* Western Washington University
* Bellingham, WA 98225
* (206) 650-3797
* matthews@cs.wwu.edu
*
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1 Introduction

This paper describes a user-friendly interface to the RIFFLE nonmetric clustering program [5].
Following a brief introduction to clustering, and to the context of the research project, this paper
will describe how to use the interface and in the process will explore some of its capabilities.

Clustering is a data analysis technique that attempts to fit the data to a number of clusters,
or subpopulations, each with distinct properties. Clustering algorithms attempt to group the
data points by maximizing within cluster similarity and simultaneously minimizing between cluster
similarity. RIFFLE implements a new approach to nonmetric clustering developed by Matthews
and Hearne [5].

The object of clustering is to identify sub-populations in the data. The clusters found may verify
a researcher's ideas about the data set, or may help the researcher to formulate new hypotheses
about the data. The strength of clustering algorithms is their ability to sift through data sets that
are too large for human consumption, and (depending on how the programs are written) can avoid
personal biases that can interfere with research done by humans.

It is appropriate to make a distinction regarding the terminology used in this paper.

* Group is used to mean sub-populations in the data that the researcher knows about in advance
of the clustering analysis. These are independent variable such as, the dosage of toxicant
administered, gender, or season.

e Cluster is used to mean the sub-populations in the data that the clustering algorithm finds.
The clusters may or may not be similar to the groups, and may or may not tell the researcher
something new about the data. An association analysis is used to check for similarity between
groups and clusters. •

In RIFFLE'S original, command line, form the program requires the user to have a fairly thor-
ough understanding of the input arguments and their effects. However, one of the goals of the
research project is to make this statistical research tool accessible to researchers in a wide variety
of disciplines. This motivated a project to develop a graphical user interface to the RIFFLE cluster-
ing program, making it easier to use, and giving graphical results in addition to the original text
output.

The interface is implemented using the NeXTSTEP operating system and software develop-
ment environment. This platform can be run on NeXT machines and computers with Intel '486
processors.

2 Using the Interface

2.1 Data Files

A brief discussion on data sets is included below. See the document Formatting Guidelines for

Riffle Data Sets for a thorough discussion on data sets and description files.
Input files are expected to be real numbers or integers separated by white space (spaces or

tabs). The data file should have a format similar to Figure 1.
RIFFLE is able to accept data with missing values when they are explicitly indicated by values

less than or equal to -99. In contrast, the regular data values must be zero, positive integer, or
positive real numbers, but not negative numbers. This means that data sets with values less than •
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1 5.1 3.5 1.4 0.2
1 4.9 3.0 1.7 0.2
1 4.7 3.2 1.3 0.4

2 4.5 3.8 1.0 0.3

3 5.2 3.0 1.8 0.5

Figure 1: Data file with three groups.

zero must be adjusted so that the smallest value is greater than or equal to zero. Data values may

appear in scientific notation format. If a data point is missing the x or y feature (or both) it will
not be plotted. While RIFFLE can accommodate data that has some missing values, it probably
does not make sense to run the interface with data that, for example, is missing half of its points.

In addition, the association analysis (Section 2.6), and plot by group (Section 2.7.4) features

require the data file to either have an attribute listing each point's group, or to be structured in a
way that allows the interface to distinguish the groups,

* all of the points in a group must be listed consecutively in the data file, and

* all groups must have the same number of points.

With three groups, the interface will consider the first third of the data points as group "1", the
next third as group "2", and the last third group "3" (as in Figure 10).

When the interface is grouping the points this way and it notices that the number of groups
does not evenly divide the number of data points, it reports this situation. Once the warning is
acknowledged the interface will continue as best it can. If the number of points in each group is

unequal, and the groups are not labeled, then using the plot by group feature is not recommended
as the interface may give unreliable results.

The input data file can be selected by choosing the menu items "File" then "Open DATA"

(Figure 2). This opens the file viewer window so the user can select an input file. The interface opens
the file viewer automatically if the user forgets to open the input file before starting computations.

2.2 Description Files

A brief discussion on description files is included below. See the document Formatting Guidelines

for Riffle Data Sets for a thorough discussion on data sets and description files.
Optionally, a description file can be provided. This file lists the individual features, naming

them, directing the application to treat them as discrete or continuous, and directing the application
to include or exclude them from the analysis.

Each feature name is required to be a string without blanks. As an example "SepalLength"
with an underscore separating the words is acceptable, but "Sepal Length" separated by a space
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Figure 2: Main menu and File submenu.

is not acceptable. The file should consist only of feature names, one of the words "exclude" or
"include", and one of the words "continuous" or "discrete" on each line.

The file may optionally include the word "grouptag" once to identify the attribute holding the
group information. The grouptag attribute is automatically excluded from the clustering analysis
so that RIFFLE is blind to the groups. The file may also include the string "numberof groups: n"
where n indicates the number of groups for the association analysis independent of the number of
clusters.

Omitted descriptions default to "include" and "continuous". If "numberof groups: n" is
omitted, the number of groups defaults first to the number of groups observed in the grouptag
attribute if it exists. Otherwise, number of groups defaults to the number of clusters sought.

Likewise, when the grouptag is available that feature will determine which group each point
belongs to. When grouptag is not available, the points are expected to be listed in the data file
such that group "1" consists of the first • data points listed in the file, group "2" the second1
data points, and so on where n is the number of groups as determined above. Here is an example
description file which corresponds to the data file in Figure 1.

numberofgroups: 3
Group-Number exclude grouptag
Sepal-Length continuous include
Sepal-Width continuous include
Petal-Length continuous include

Petal-Width continuous include

Figure 3: Description file with five attributes, four included attributes, and three groups identified
by the first attribute "Group-Number".

If no description file exists, the number of features is set equal to the number of data values
in the first line of the data file, in which case all features are taken to be continuous and all are
included.

The description file is opened by the file submenu item "Open Desc". Description files can also
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be closed or saved by items on the file submenu. Closing a description file will scan the data file
to determine the number of features, reset the feature names to the defaults "Attrl", "Attr2",
and so on, and will reset the features to be included and continuous. This is appropriate when
using a new data file that is not accurately represented by the current description file. Saving the
description information to a file allows the user to retrieve that information when using the same
data set or one with identical format.

2.3 Input Arguments

When performing a clustering computation the program requires information from the user. The
Arguments window (Figure 4) accepts the user's choices, starts computations, graphs the data and
results, and reports on the computation's statistical significance.

3

123456

10

I1

Figure 4: Arguments window.

2.3.1 Number of Clusters

The first argument is the number of clusters the program will fit the data to. A researcher may,
or may not, know how many clusters are appropriate. Performing the computations with different
numbers of clusters can give the user a feel for whether the data can be usefully described by
clusters, and if so, how many clusters. The interface's text output (Section 2.5) shows the average
quality of each clustering run. This gives the researcher an idea of how many clusters are most
appropriate based on which number of clusters has the highest average quality value.
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The researcher must, however, analyse the data further to verify the initial findings. For exam-
pie. suppose a researcher starts with a value of three, then proceeds to four, five, and six clusters.
The interface may show four clusters as having the highest quality, suggesting that there are four
sub-populations in the data. However looking at the data may show that there are obviously two
clusters. How can this happen? Since four is the closest multiple of two, there is a good chance
that four clusters will also show a strong quality, and may be misleading.

2.3.2 Significant Features S

Significant features tells the program how many of the features to consider in the computation. The
argument "all" instructs the program to consider every included data feature in the average quality
measure. By giving a value less than the number of included features the program can choose the
features it thinks are the most important. For example, if there are six features, the researcher can
ask the program to choose the best four features (Significant Features: =•-I). This has the effect
of excluding from the computation the two features that the algorithm finds contribute the least
to the proportional reduction in error (PRE)-the quality measure RIFFLE uses for clustering [5].

The significant features argument exploits the program's ability to decide which features are the
most noisy (or random) in relation to choosing sub-populations in the data. These noisy features
can then be excluded from consideration allowing the program to focus on features that seem to do
a better job discriminating clusters. This type of analysis can give researchers a new perspective
on which attributes may be the most important.

2.3.3 Random Seed

Each time a computation is run with the same information in the arguments window, and the
same input file, the results will be identical. By changing the random seed the user can force the
program to use a new set of pseudo-random numbers causing the results of the next computation
to be different. (See Section 2.3.4).

2.3.4 Number of Retries •

The clustering job that RIFFLE is attempting to perform is an enormous task. Systematically
checking every permutation of data points across the clusters would result in a computation that
takes an intolerable length of time for all but the smallest data sets. In light of this, clustering
algorithms, including RIFFLE, make approximations to this ideal. RIFFLE uses pseudo-random
numbers to place the points in initial clusters, then proceeds to rearrange the points until a local
best clustering case is arrived at. The "Number of Retries" is the number of times RIFFLE is to
perform this analysis, each time keeping the results only if the overall quality was better than the

previous best.
So what values are appropriate inputs? Ten retries usually gives excellent results, and good

results can be obtained in five or fewer retries for a quick analysis. If, for instance, you wish to •
simply look at the data plots with less emphasis on how well the points are clustered, then one retry
is all you need. Noisy data may have clustering results (average clustering quality) that continue
to improve with retry values above ten, this can be investigated on the data sets in question.

6
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2.4 Computing

The Compute button will begin the computation. If the input file has already been selected the
computation will start right away. If the input has not been opened, the interface will open a file
viewer window that allows the user to select the input data file. When the computation is done the
output will be displayed in text form in the Results window (Section 2.5), the association analysis
values will be displayed (Section 2.6), the Features window will be updated (Section 2.8), and the
results will be plotted (Section 2.7).

2.5 Text Results

The clustering results are displayed in the Results window as shown in Figure 5. In this example
the data file "iris.dat" was analyzed. The next line indicates that 150 data points described by four
included features were placed into three clusters, using all four features in the clustering analysis.
The text also show the number of retries and the random seed used.

The text results also report the number of features that the program found suspicious of having
degenerate data (not shown in Figure 5). A degenerate feature has an excessive percentage of either
identical data values, or missing data values. When these instances are found, the program does
not use these features in the computation, but marks them as excluded in the features window and
flags them as degenerate in the text results.

RIFPLE

Version 1.04 Tue Nov 9 16:01:40 PST 1993

Data file: iris.dat

Clustering 150 points in 4 attributes into 3 clusters using
4 significant attributes and 10 retries. randoa seed is 123456.
Attribute Qua. Rnkl Vall Rnk2 Val2

SepalLength 0.73 51 6.30 101 5.40
Sepal.Width 0.51 50 3.20 98 2.90

PetalLength 0.89 50 4.90 100 3.00
Petal_¥dth 0.88 SO 1.60 100 1.00

Average Qual: 0.75

Contingency table:
clusters

0 0 50 I 50
groups 7 43 0 I 50

43 7 0 I so

50 50 50
Association analysis (chi-square significance): 1.000000

Figure 5: Results window showing text output.

Qual is the quality of the feature in the current clustering analysis, where quality is the pro-
portional reduction in error (PRE) value discussed in Matthews and Hearne [5]. The quality value
ranges from 0.0 to 1.0, with 1.0 being the highest quality. If the program is run with fewer signifi-
cant features than included features then a value of 0.0 will be shown in the quality column of the
non-significant features.

The ranks (Rnk) are the split point positions in a list of the values of that feature sorted in
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descending order. The values (Val) are the actual numeric values of the data point at that rank.
For example, in Figure 5 the Sepal-Length line indicates that the first split for that feature is at
the data point with the 51st largest sepal length (out of the 150 member sample), and the actual 0
data value for that split point is 6.30. Likewise the same line shows the second split is at the 101st
largest sepal length, and the actual value is 5.40.

The average quality value (Average Qual) is the average of the above quality values. This
value gives some indication of the strength of the clusters found. With fewer significant features,
the average quality value has a better chance of being close to 1.0. Our experience is that average 0
quality values above 0.50 (with eight or more significant features) frequently indicates that RIFF.E

has found some convincing sub-populations in the data. This does not, however, guarantee that the
clusters match the groups. Perhaps the clusters have nothing at all to do with the groups. It is also
true that with fewer included features, and fewer significant features, the average quality value will
tend to be higher. Fast rules cannot be given for this type of analysis. There is no substitute for
having an expert in the appropriate discipline experiment with specific data sets and arguments.

If we are looking for two clusters then one split point is defined, and the results show one rank
column and one value column. If we are looking for three clusters then two split points are defined,
each split point having one set of rank and value columns.

Next, the contingency table and the corresponding X2 (chi-square) statistic for group/cluster
association are listed (discussed in Section 2.6).

If some features are excluded by the description file, or by the features window, those features
will not show up on the text output at all.

Menu items in the Interface are available to print the text results to paper or save them to a
file.

2.6 Association Analysis Results

The association analysis statistic appears in the arguments window (Figure 6), and in the text
results window with its corresponding contingency table (Figure 7).

Figure 6: Association analysis X2 statistic (from arguments window).

The interface constructs a contingency table with the known groups on the y-axis and the
computed clusters on the x-axis. Then it computes the X2 (chi-square) statistic to measure the
significance of the association between the groups and the clusters [9]. The null hypothesis is that
groups and clusters have no association. In this case the probability of a particular value of cluster
number given a particular value of group should be the same as the probability of that value
of cluster number regardless of group. X2 tells us at what significance level the null hypothesis
is rejected (or more correctly 1 - significance level). Large values of probability indicate a
significant association. Values that are above 0.99, for example, indicate that the association is



Contingency table:
clusters

4 1 0 1 I 6
o 5 1 0 1 6

groups 3 1 1 1 I 6
0 0 S 1 I 6

7 7 7 3
Association analysis (chi-square significance): 0.997183

Figure 7: Contingency table (from text results window).

significant at the 99% level, i.e. that there is a less than 1% probability that this level of association
would happen by chance.

In order for the association analysis to give meaningful results the interface must have the
information linking each point to its group. Section 2.1 discusses the requirements for formatting
the data sets so that this information is available.

Note that the probability values can be shown in scientific notation (i.e. 1.391489e-42) and are
always between zero and one.

2.7 Graph Results

The interface also displays the clustering results graphically. This is a way of representing, at the
same time, both the input data and the clustering results.

The interface can graphically display the data by either a scatterplot, or by a scatterplot matrix,
and by cluster, or by group.

At this time, all of the graphs have the property that more than one point can be at the same
location, causing the symbols to be plotted one on top of the other. This may result in the lower
point being obstructed from view, and may result in plots that have fewer visible data points than
expected. This may also result in unusual symbols. If, however, the symbols are exactly the same,
or even just the same shape, then only the last symbol plotted will be visible. The same is true
for plots that use numerals and letters to represent points. If different numerals are plotted at the
same location, they will result in an unusual symbol. But if two occurrences of the same numeral
occupy the same location they will be indistinguishable from a single point.

In order for the data points to be plotted they must be "included" in the Features window (see
Section 2.8).

As with the text results, menu items in the interface can print the plots to paper, or save the
plots to an encapsulated PostScript file (.eps).

2.7.1 Scatterplot

The plot option shows any two included features graphed against each other in two dimensions
(Figure 8). The x and y features are selected in the features window (Section 2.8). At the end of
the computation the interface selects the two best features (those with the greatest PRE values)
and sets the best feature to the x-axis and the second best to the y-axis.

9
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Figure 8: Scatterplot of Anderson's iris data showing three clusters.

Plotting the data and cluster results can help the researcher discover whether, and how well.,
the data fit the clusters. Figure 8 suggests a fairly strong clustering since both x and y features
predict almost perfectly which group a point is in.

The vertical and horizontal lines show the split points for the clustering. Figure 8 shows two
split points on each axis because three clusters were requested. At least one point will always fall
on each split. When a point lies on the split it indicates that the point belongs to the region above
(if the line is horizontal), or to the right (if the line is vertical). In Figure 8 the symbols on the
bottom and left edges of the center cell are shown on the split lines, but are in fact included in the
center cell of the grid.

It should be noted that there is a limit to the number of symbols the interface can plot.

2.7.2 Scatterplot Matrix

The scatterplot matrix shows several features plotted against each other in two dimensions (Fig-
ure 9). At the current time up to six features can be included in the matrix. As it does for the
scatterplot, the interface finds the best set of features, based on the PRE values, and displays them
in the scatterplot matrix. Other features can be selected with the features window and the matrix
will automatically resize to accommodate fewer or more features (up to the maximum), without
changing the window size.

The S.W. to N.E. diagonal is filled with text cells. Each text cell indicates that plots on the
same row use that feature on the y-axis, and plots on the same column use that feature on the
x-axis. Centered vertically and horizontally in the text cell are the feature name and quality. In
the S.W. corner of each text cell is the input file's minimum value for that feature, and in the N.E.
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Figure 9: Scatterplot matrix showing all four Iris features.

corner is the maximum value.
The example in Figure 9 shows that the two features, petal length and petal width, are predic-

tive, with a quality value close to the maximum of 1.0. It also shows that the sepal width feature
does not contribute much to this particular clustering since the data points do not separate into
discernible groups along that axis in the matrix. This visual weakness reaffirms the feature's low
quality value.

Observe that the scatterplot matrix's top row, third column is the same plot as that shown in
Figure 8, except that it is scaled differently (fitting the matrix into the given window dimensions).

2.7.3 Plot by Cluster

Plotting by Cluster is demonstrated in the two sections above. The plots show how RIFFLE places
the data points into clusters. Each data point is plotted at coordinates equal to two of its featur-s.
The point's cluster determines the symbol used to represent it. This gives the researcher an idea
of how well the clusters represent spatial sub-populations in the data.

Plotting by cluster represents each cluster by a different geometric symbol or color, whereas
plotting by group represents each group by numeral.

2.7.4 Plot by Group

Figure 10 shows the same data as the plot of Figure 8, except that the plot by group option is used
instead of the plot by cluster option. The points in plot by group are indicated by numerals instead

11



of the geometric symbols used when plotting by cluster. Other than the labels, the graphing is
(lone the same way in both plots so a direct comparison is appropriate. In fact, it is anticipated

that researchers will swap between the two plot types to check for differences between the groups
and clusters. When the color display is used, plotting by group will show the groups as numerals,

and the clusters as colors. This way, a direct comparison can be made between the groups and
clusters without redisplaying the plot.

S33
3 3
~33333 3

33 3
M3 33M• 3 3

333 3
333 3333 3

3 2
22 2 3

M ~ 2 Z222

2 2222

1111 1 2

1 Petal_Length 6.9

Figure 10: Plot by group

Graphing the data and results with this option is a tool to help answer the question, "Now
that I have the results of the clustering, how closely do they match the subpopulations that I know
exist?" In the Iris example there would be three groups which correspond to the three types of

irises studied. Tk2 question is, "Do the clusters do a good job of grouping the data by the type of
iris?" Comparing the group and cluster plots can help to answer this question. 0

It should be pc~nted out that the RIFFLE program is "blind" to the groups. That is, RIFFLE

assigns points to clusters without any knowledge of which group the points come from However,
the data is plottei tiy the interface, not RIFFLE. The interface uses a group label attribute or

structure in the input file to show the groups while RIFFLE remains naive to that information.

In order to plot by group, the interface must be able to distinguish between the data groups as

discussed in Section 2.1.

2.7.5 Adjustable Symbol Size

Symbol size in the plots can be adjusted with the menu item "Format" and submenu "Symbol
Size". The best size will typically depend on the number of points in the dataset, and the size of 0

12
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the plots (which can be changed by resizing the window). Using one size for the scatterplot and a
slightly smaller size for the scatterplot matrix seems to work well.

2.7.6 Printing Graphs

The Print menu item has both "Graph", and "Full Page Graph" options. The Graph option will
print the graph window at it's current size. If the window is larger than one page then the printing
process gives unpredictable results. Otherwise the printed graph will be approximately the size seen
on the screen. The Full Page Graph option resizes the viewing window to page size and directs the
output to the printer. This option will make printed graphs with the graph scaled to page size, and
would be useful for making printed graphs that are always the same dimensions (i.e. not dependant
on how you resized the graph window in that particular session). It is best to choose portrait or
landscape page orientation with the Format menu item prior to using the Full Page Graph option.

2.7.7 Color

The color optior. allows the graphs to display different clusters by color, always using the same
symbol shape. Even if color is used on the screen, when printing, the interface will adjust the
symbols to accommodate a non-color printer.

2.8 Features Window

The Features window provides on the fly choices paralleling those made with the description file.,
and also controls which features are graphed in the scatterplot and scatterplot matrix.

Sp]Len

Petai].Width

Figure 11: Features window: highlighted buttons (white) indicate features included in computation,
and features to graph in plot (x and y) and plot matrix (matrix).

The features window allows the user to change the feature name, include or exclude the feature
in the computation, and designate the feature as either continuous or discrete. The features window
also controls which features are plotted in the scatterplot and scatterplot matrix graphs. Columns
"x" and "y" allow exactly one of the features to be selected at any time. These columns direct
which features are plotted on the scatterplot's x, and y axes. The "Matrix" column, on the other
hand, allows two or more features to be selected, and will plot these in the scatterplot matrix (up
to the maximum).
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Figure 11 shows all four features included in the computation. all features are continuous. the

third and fourth features are selected for the scatterplot (columns x and y). and all features are

selectedl for the scatterplot matrix (column Matrix).
A feature must be included in the computation in order for the interface to plot it. The

interface will edit for this requirement and deselect the feature if it does not qualify for plotting.
This will cause an error panel to appear, and the graph will be cleared.

The information in the Features window (feature name. whether it is included or excluded, and
whether it is continuous or discrete) can be saved to a description file (Section 2.2) by the menu

"File". submenu "Save Desc".

3 Future Plans

" Although clustering has historically been considered an exploratory data analysis technique,
the research team is investigating promising applications of the nonmetric clustering tool for

predictive statistics as well.

" The team is developing an interface version that includes tools for performing a broader
cross-analysis of treatment group type data with several statistical techniques including the
RIFFLE algorithm.

" The research team is also experimenting with running RIFFLE on diverse classes of data sets

to see what insights this clustering technique can give into new and classic data analysis
problems.

4 More Information

For more information about nonmetric clustering, the RIFFLE program, or their applications refer

to these papers [5, 6, 7, 8, 10]. Questions about the interface, or the above issues can also be
directed to: 0

Geoffrey B. Matthews: matthewsQskipjack. cs.wwu. edu
Michael J. Roze: rozeQrum.cs.wwu.edu.
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Formatting Guidelines for RIFFLE Data Sets

Michael J. Roze

November 11, 1993

This document describes issues in designing and formatting a data files for analysis with the
RIFFLE non-metric clustering program. These guidelines also touch on some issues in designing
experiments which lend themselves to statistical analysis.

Here's a brief clarification of the terminology used below:

"* The term "Point" is used to describe a specific subject in the experiment (i.e. a microcosm
existing in a particular flask, a mouse, or a geographic region). In terms of a data file, each
point is a row in the file, and each row consists of a specific number of numeric values.

"* "Attribute" or "feature" is some measure that describes a point at a given time (i.e. number
of small daphnia, temperature, or percent ground cover). Several attributes make up each -

row, and in terms of the whole data file the attributes can be considered columns.

e "Data set" or "file" describes an ASCII character file that contains information on a group
of points (typically at a specific time). Each of the points (rows) in this data set must have
an identical number of attributes describing it.

Data Set Organization

The data file must be a simple ASCII file without special characters or formatting. The file should
have only numeric data and whitespace.

If the file is taken from a spreadsheet some manipulation is typically required to simplify the
data set. The column headings need to be removed from the file, as do comments and extraneous
numeric values (such as the date). Spreadsheets on some computer systems also place special
characters such as -M or -Z in the data files even when they are saved as text or ASCII. These
special characters (which are invisible in some text editors) must be removed prior to running
RIFFLE.

The best strategy for constructing useful data sets is to record the data sheet information in a
simple ASCII text file (such as Figure 1), and then have a spreadsheet read in that file. This will
encourage the use of simple data files (which can be processed by RIFFLE, SAS and other statistical
programs), while the spread sheet itself can store the column headings, dates, and comments that
make the data more user friendly.

The RIFFLE clustering program looks for distinct sub-populations in the data. Generally, in-
cluding more attributes in the data set gives RIFFLE more information to sift through, and results
in a more complete clustering analysis. It is, consequently, preferable to group all of the attributes



describing a set of points together into a single file. This makes it possible to investigate the inter-
action and strength of all of the attributes together, with no loss in ability to investigate subsets
of the attributes separately.

For example, two data sets may be recorded for each sample day in an experiment, one focusing
on chemistry and the other on biological attributes. The two data sets describe the same points
on the same day, but use disjoint sets of attributes for each description. While it may make sense
to have two data sheets when collecting the data, for the clustering analysis it is better to join the
data for each point making a single file that has all of the attributes. 0

Similarly, the RIFFLE program tends to work best when the groups are of the same size. A
"control" group in the experiment should have the same number of points as the non-control groups.
Likewise, all of the groups should have their attributes measured at identical intervals, and all of
the groups should have a nearly identical composition (i.e. the same ratio of females to males).
These considerations will improve the quality of the analysis by providing equal amounts of data to
describe each group. It is a mistake to assume that fewer points are needed to describe the control
group adequately, and such a strategy could undermine the experiment.

Guidelines

Data files will look something like the matrix in Figure 1 and follow the rules listed below.

1 5.1 3.5 1.4 0.2
1 4.9 3.0 1.7 0.2
1 4.7 3.2 1.3 0.4

2 4.5 3.8 1.0 0.3

3 5.2 3.0 1.8 0.5

Figure 1: Data file with three groups.

e The data file must be a rectangular matrix of numbers where the points (rows) are separated
by a newline, and the attributes (columns) are separated by white space. For example, if
there are 24 points and 37 attributes, then the file must have 24 lines, and each line must
contain 37 numeric values. RIFFLE will accommodate missing values, but they must be coded
as described below.

* All of the attributes describing the points should be joined into a single file. As mentioned
above, a greater number of attributes gives more information for the analysis, while subsets
of the attributes can easily be investigated.
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" All values in the file must be numbers in either integer, real, or scientific notation format
separated by white space.

" All values in the data set must be greater than or equal to zero except when
describing a missing value. This may require that the numbers be translated so that the
smallest value is zero or positive.

" Missing values must be be coded in the file as values < -99. Typically we use -999 for missing
values. This is done, in part, because this number is easy to spot in the data file.

" The data file cannot contain alphabetic characters (except when used in scientific notation)
or special characters (except white space: space, tab, and newline).

" Attributes that are specifically identified as "discrete" for the RIFFLE program must be
coded as small consecutive integer values starting with 1. Discrete in this context
means that the set of values fall in distinct "bins" and the bins do not have an implicit
ordering. For example, bins of "white", "brown", "black", and "spotted" may not have a
relative ordering, whereas bins of "small", "medium", "large", and "extra-large" are implicitly
ordered. This distinction may be important in some analyses. For instance, it may make
sense to allow "small" and "medium" to cluster together, but not "small" and "extra-large".
Whereas, it may be equally appropriate for "white" and "brown" to cluster together as it is
for "white" and "spotted". In the latter case the attribute can be considered discrete.

Discrete binary attributes, such as gender, need not be coded as discrete, instead,
they can be coded as "continuous". Because RIFFLE is non-metric it makes no difference
whether the continuous values are coded as 0 and 1, or 1 and 2, or 3 and 13, or 1.03 and
1.04. All of these binary codes will provide exactly two values that will differentiate the
attribute's two possible states. Only if the attribute is identified to RIFFLE as "discrete"
must the groups be 1 and 2.

" Group identification values must be coded as consecutive integer values starting
with 1. "Control" or non-dosed groups cannot be coded as 0. For example dose
groups which are originally coded by milligrams of toxicant would have to be translated to
integer values starting at 1.

" A group identification attribute must be included for each point unless the groups are equal
size and the points in each group are listed consecutively in the data file. In this case RIFFLE

will assume (i.e. for n groups) that the first - points are in one group, and the next • points
are in the next group, and so on.

Description File

In addition to the data file, RIFFLE will also accept a description file that provides labels for the
attributes and identifies which attributes to include in the analysis. Figure 2 shows an example of
such a description file.

* Each attribute name is a string without blanks (i.e. "SepalLength" with an underscore is
O.K., as is "SepalLength", and "Sepal-Length", but "Sepal Length" with a space is not
acceptable).

3



numberofgroups: 3
Group-Number continuous exclude grouptag 0
Sepal-Length continuous include
Sepal-Width continuous include
Petal-Length continuous include
Petal-Width discrete include

Figure 2: Description file with five attributes, four included attributes, and three groups identified
by the first attribute "Group-Number".

* Each name must appear on its own line.

* The order of the names must match the order of columns in the data file.

e The description file can optionally include the strings "include" and "exclude" following the
attribute name on each line to tell RIFFLE which attributes to consider in the analysis.
Data files often include some attributes that are not appropriate for statistical analysis,
such as component attributes that are used to compute an aggregate attribute. Including
the component attributes and the aggregate is redundant and inappropriate in the RIFFLE

analysis. Either the components or the aggregate may be included, but not both.

* The description file can optionally include a string "grouptag" following one of the attribute
names. The grouptag attribute identifies which group each point belongs to and is used in the 0
association analysis to test for a statistically significant association between the known groups
and the computed clusters. This attribute is automatically excluded from the clustering
analysis, and is only used for the association statistic. However, it is good practice to explicitly
exclude the grouptag attribute.

a The description file can optionally include a string "numberofgroups: n" where n is the 0
number of groups in the file. This feature can be used to split the points into equal sized
groups when there is no "grouptag" attribute. This can be useful when there is no grouptag
attribute, when it is desirable to divide the points into n groups for one analysis and then
into m groups for another analysis, or when the number of groups does not equal the number
of clusters sought. •

Data files should be accompanied either by description files that have the above information or
a written description that gives instructions on these issues.
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ABSTRACT

Matthews. R.A.. Matthews. G.B. and Ehinger, W.J.. 1991. Classification and ordination of
limnological data: a comparison of analytical tools. Ecol. Modelling, 53: 167-187.

In this paper we compare the differences between principal components analysis.
hierarchical clustering, correspondence analysis and conceptual clustering to show their
effectiveness for identifying patterns in a large limnological data set. The data for this
comparison come from a multi-year study of Lake Whatcom. a large lake located in the Puget
Sound lowlands of the state of Washington. The data include both physical and chemical
parameters (temperature. dissolved oxygen. pH. alkalinity, turbidity, conductivity, and nutri-
ents) as well as biological parameters (Secchi depth, chlorophyll a, and phytoplankton
species and total counts). The patterns we expected to find include (a) temperature and
dissolved oxygen interactions, (b) ordination by algal bloom sequences, and (c) clustering due
to the effects of stratification.

Principal components analysis was somewhat useful for confirming known water quality
trends, but did not successfully identify large-scale patterns such as stratification and
seasonal plankton changes. Correspondence analysis proved to be superior to principal
components analysis for detecting phytoplankton trends, but was not as good for interpreting
water quality changes. Hierarchical clustering produced highly unbalanced trees for both the
water quality and phytoplankton data, and was useless as an exploratory tool. A new
approach to clustering, implemented in the computer program IUFFLE. is introduced here.
This clustering algorithm outperformed the other exploratory tools in clustering and parame-
ter ordination, and successfully identified a number of expected and unexpected patterns in
the limnological data.

INTRODUCTION

One of the most difficult problems in aquatic ecology is the interpretation
and modelling of the complex data sets that are generated from limnological

0304-3800/91/S03.50 V 1991 - Elsevier Science Publishers B.V.
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research. The data generally are not linear, rarely conform to parametric
assumptions. and are often measured using incommensurable units such as
length. concentration, and frequency. In addition, most limnological re-
search generates incomplete data sets, not only because of sample loss, but
also due to sampling design. For example, lake depth, temperature, and
dissolved oxygen may be measured every few meters from the surface to the
bottom. while plankton populations are usually sampled only in the photic
zone. As a result. we may have to rely on the robustness of a statistical test
to identify significant trends despite violation of the test's fundamental
assumptions. Further, true gradients, as understood in terrestrial ecology,
are rarely present. Nevertheless. patterns of algal blooms and successions are
present. and their recognition poses an important problem for data analysis
and modelling.

In this paper we compare several types of analytical procedures. including
graphical analysis, hierarchical clustering, and ordination (principal compo-
nents analysis and correspondence analysis), to see how well they identify S
patterns in a large limnological data set. While all of these methods are in
common use, they are not all equally useful for identifying patterns in
ecological data sets (Pielou. 1984; Ludwig and Reynolds, 1988). In addition,
we used a new version of conceptual clustering (Fisher and Langley, 1986),
which turned out to be markedly superior to correspondence analysis in
parameter ordination, and superior to hierarchical techniques in clustering.

Our data come from Lake Whatcom, a large monomictic lake in Washing-
ton. Water quality data have been collected from Lake Whatcom since the
early 1960's, with intensive sampling since 1982. The data for this paper are
from spring 1987 through winter 1988 because this period included intensive
plankton sampling as well as water quality monitoring. The patterns we
expected to find in the lake included: (a) temperature and dissolved oxygen
interactions, (b) algal bloom sequences, and (c) indicators and effects of
stratification. Evidence for all of these was discovered in the data set.
However, some of the analytical techniques were less useful than others for
identifying the limnological trends. We have included a general discussion of
the fundamental differences between each analytical technique as well as a
summary of the strengths and weaknesses of each technique for identifying
patterns in limnological data.

METHODS

Study site

Lake Whatcom is a 2000 ha chain lake located in the Puget Sound
lowlands of northwestern Washington (Fig. 1). The lake is divided into three
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Fig. 1. Lake Whatcom. sampling sites. Whacom County, Washington.

distinct basins by subsurface sills; the largest basin, Basin 3. contains 96% of
the lake volume, while Basins 1 and 2 each contain about 2% of the total
lake volume (Lighthart et al., 1972). Lake Whatcom is a warm, inonomictic
lake; the direction of flow is from Basin 3 -' Basin 2 -. Basin 1. All of the

p perennial streams in the Lake Whatcom watershed drain into Basin 3. The
only natural outflow from the lake is Whatcom, Creek in Basin 1. However.
the city of Bellinghiam withdraws water from Basin 2 for municipal drinking
water and industrial uses. In the summertime the municipal withdrawal is
often the only significant outflow from the lake.
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Water quality and phytoplankton sampling

Water samples were collected at four sites in Lake Whatcom (Fig. 1) from
March 1987 to October 1988. Temperature, pH, conductivity, and dissolved
oxygen were measured in the field using a Hydrolab Surveyor 11. In Basins I
and 2, where the maximum depths are 20 and 22 m, respectively, these
measurements were taken at 2-m intervals from the surface to the bottom of
the water column. In Basin 3 (maximum depth > 90 m), the measurements
were taken at 2-m intervals to the depth of 20 m, and at 5-mr intervals from
20 m to the bottom. Secchi depth was also measured in the field at each site. 0

The water samples for nutrients analyses (ammonia, nitrate/ nitrite, total
nitrogen, soluble reactive phosphate, and total phosphorus), total organic
carbon, and dissolved inorganic carbon analyses were collected at 5-m
intervals in Basins 1 and 2, and 10-m intervals in Basin 3. The nutrient
analyses were done u•ing a Technicon Autoanalyzer, following EPA (1983)
guidelines for sampling handling and analysis. The total organic carbon and
dissolved inorganic carbon analyses were done using an OIC Model 0524B
Infrared Carbon Analyzer (APHA, 1985).

All chlorophyll and phytoplankton samples were collected at 5-m inter-
vals from the surface to 15 m (phytoplankton) or 20 in (chlorophyll).
Chlorophyll a extractions were done by filtering 250-500 mL of sample 0
through a glass fiber filter, which was ground in a tissue grinder and
extracted with 90% spectrophotometric grade acetone. The chlorophyll a
concentrations, corrected for phaeophytin a, were measured using a
calibrated Turner Designs fluorometer (APHA, 1985). Phytoplankton sam-
ples were preserved with Lugol's solution, and were identified and counted
using a Sedgewick-Rafter counting chamber on an Olympus Inverted Micro-
scope (APHA, 1985; Lind, 1985). Representative phytoplankton samples
were sent to the Academy of Natural Sciences of Philadelphia for taxonomic
verification.

Data analysis methods •

The data were analyzed using either ordination, clustering, or both.
Ordination of 'points' (all measurements collected at a particular date, site,
and depth, sometimes called 'samples' or 'sampling units') was done by
principal components and correspondence analysis (reciprocal averaging).
Ordination of 'parameters' (e.g., pH, temperature, etc., sometimes called
'attributes", 'dimensions', or'variables') was done by correspondence analy-
sis and conceptual clustering. Clustering was done with an agglomerative,
hierarchical algorithm, as well as with an optimizing, conceptual clustering
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algorithm. Visual confirmation of patterns in the data was made using two-
and three-dimensional graphical displays of the data.

Point ordination

Principal components analysis was done using data normalized by mean
and standard deviation (z-scores). using the FACTOR procedure provided
in the SPSS-X statistical package. This resulted in several ordinations of the
points, one for each principal component. Generally. the first three or four
principal components were inspected graphically.

Correspondence analysis (reciprocal averaging), which simultaneously
ordinates both the parameters and the data points, has proven better than
principal components analysis in the analysis of many kinds of ecological
data. In data sets involving large-scale gradients in the environment, for
example, with high beta diversity along the gradients. correspondence analh-
sis e'itperforms principal components analysis (Kenkel and Orloci. 1986). It
can be used for detecting unknown gradients or confirming the existence of
expected ones. Correspondence analysis scores were computed directly using
the iterative technique (Pielou, 1984, pp. 184-188).

Hierarchical clustering

Hierarchical clustering uses a measure of similarity or distance between
points, and derived measures of inter-cluster and intra-cluster distance. It is
hierarchical in that each cluster is a subcluster of a larger cluster; the total
clustering forms a tree, or dendrogram. Balanced dendrograms indicate a
good clustering into roughly equal-sized clusters, while unbalanced dendro-
grams indicate little real clustering, but instead a gradual agglomeration of
sample points into a single group.

The choice of a distance measure is often critical to hierarchical clustering
(Ludwig and Reynolds, 1988). We employed two distance measures for
hierarchical clustering: squared Euclidean distance, defined as E,(x,-y,)2
and cosine of vectors distance, defined as where
X, and y, are the parameter values for two points. Cosine distance is similar
to chord distance (Ludwig and Reynolds, 1988), and considers only the
relative proportions of the various parameters that make up a sample point.
Squared Euclidean distance also takes into account the absolute size of
parameter values.

The algorithm we used for forming the hierarchy of clusters was average
linkage between clusters. This method gives good results on synthetic,
Gaussian data known to have well-defined clusters (Bayne et al., 1980).
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Conceptual clustering

The philosophical difficulty with hierarchical clustering is that it assumes
the meaningfulness of combinations of parameters, such as the Euclidean
and cosine distances. above. In ecological data sets. such compositions as
these two are often not meaningful, due to incommensurability. For exam-
ple. an uncommon organism with a large individual biovolume may have the
same total bioniass as a common organism with a smaller individual
biovolume. but since both species are measured in organisms per L. the
common organism will dominate in terms of absolute number and propor-
tion. Predators. for example, often fall into this category, being generally
large in size but small in number. However, their functional importance
would be overlooked by this analytical technique which would simply add or
multiply the two numbers. The problem lies not in the manner of counting
organisms, but in the necessity to combine counts of dissimilar species. The
problem is even worse for water quality data, where different parameters are
measured in degrees, pH units, concentrations, and so on.

Conceptual clustering can be used as an alternative to hierarchical cluster-
ing [see Fisher and Langley (1986) for a survey]. A clustering technique is
called 'conceptual' if it yields descriptions of the clusters in terms of
concepts, i.e., in terms of only conceptually important parameters. What is
'conceptually important' depends on context, but in scientific data analysis
we take the following as an acting principle: Clusters are conceptually
important if knowledge of such clusters increases the reliability of predict-
ions about parameter values. In other words, we seek clusters such that most
(if not all) of the actual observed data values for a sample can be predicted
more accurately after its cluster has been identified than before such
identification. Thus, 'conceptually important' clusters, in our methodology,
are those that warrant accurate predictions of parameter values.

We developed a clustering tool, called RIFFLE, in line with these principles,
which is superior to traditional clustering methods for a wide range of
ecological data sets (Matthews and Hearne, 1991). A brief description of the
algorithm is given in Appendix A. RIFFLE has the following advantages over
traditional clustering methods: (1) Measures based on combinations of
incommensurable parameters, such as Euclidean distance in parameter space
are not used, (2) transformations of scale do not affect the outcome, (3)
parameters can be nominal, ordered, numeric, or mixed, (4) 'noisy' parame-
ters, i.e., those with large variance but little association with any other 0
parameters, are autorraicaily filtered out and have little effect on the
resulting clustering, (5) 'rare' parameters, i.e., those with small variance but
with a significant correlation to the dominant patterns of the data set, are
automatically given weight in accord with that correlation, and (6) no
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assumptions about points with missing values, such as replacement with
zeroes or with the mean, need to be made. RIFFLE simultaneously clusters the
data and ordinates the parameters in terms of their conceptual significance
to the clusters. It is thus, in a sense, similar to correspondence analysis in
that simultaneous analysis of points and parameters is done. except that a

* non-linear patterning the points (a clustering) is sought together with a
linear ordination of the parameters. Correspondence analysis attempts to
provide a linear ordination of both.

RESULTS AND DISCUSSION

Physical-chemical data

The physical-,hemical data from Lake Whatcom indicate that the three
basins are dissimilar, which is best illustrated by comparing graphs of the
temperature and dissolved oxygen data for the four sites (Figs. 2-5). The
two shallow basins (Basin 1, Site 1 and Basin 2, Site 2) both had significant
oxygen deficits, and both- developed anoxic hypolimnia during the summer.
Basin 3, Site 3, experienced some oxygen depletion during the summer,
however, the oxygen concentrations usually did not fall below 2 mg/L.
Basin 3, Site 4 maintained consistently high dissolved oxygen levels
throughout summer stratification, even at the bottom of the w'ater column.

The oxygen deficit in Basin 1 was more pronounced than in Basin 2. This
observation was discussed by Ehinger (1988) and is thought to be due. at
least in part, to isolation of Basin 1 during the summer when the outflow
from. the lake into Whatcom Creek was reduced to near zero. The City of
Bellingham continued to withdraw water from Basin 2 throughout the
summer, which flushed Basin 2 with high quality water from Basin 3.

The remaining water quality parameters were strongly influenced by the
temperature and dissolved oxygen conditions in the lake. Basins I and 2
experienced epilimnetic nitrate depletion during summer algal blooms. Con-
currently, ammonia and phosphate were releawed from the sediments and
accumulated in the hypolimnia of both basins. Ir, Basin 3, similar conditions
developed, but to a much lesser extent. Alkalinit:, and pH values showed
little variation except during stratification. During this time, the pH values
were slightly higher in the epilimnia of Basins 1 and 2 due to photosynthetic
activity, while the pH values in the hypolimnia were lower due to the release
of reduced compounds from the sediments. Similarly, the alkalinity values
increased slightly near the sediments during stratification. Conductivity,
turbidity, dissolved inorganic carbon, and total organic carbon values were
fairly uniform throughout the sampling period. A complete listing of the
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Fig. 2. Temperature and dissolved oxygen profiles for Basin 1. Site 1.

water quality data is available from the authors, and a list of parameters
sampled is in Appendix B.

Conceptual clustering of the physical-chemical data proved to be best at
confirming the expected trends. Figure 6 shows how RIFFLE clustered the S
physical and chemical data for each discrete sample set (matched by date,
site. and depth class). The PIFFLE clusters were plotted by the date and
temperature value for the data set so that the influences of thermal stratifi-
cation can be observed. Sample points were grouped into classes based on
approximate (- 5 meter) depth, and data values were taken as averages of
the values in a single depth class. Depth classes were used because of the
large number of points in the Hydrolab data sets (> 1600 for each parame-
ter) and because there was some variation in the depth of some samples. For
example, the 'bottom' measurements varied by several meters, depending on

S
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Fig. 3. Temperature and dissolved oxygen profiles for basin 2. Site 2.

where the boat was located. A smaller total number of points also helped in
the graphical presentation of the data.

In Basin 1. three clusters were selected as best describing the data. Two of
the clusters (o and r>) separate the epilimnion and hypolimnion samples
during stratification, while the third cluster (*) identifies the well-mixed
samples of the unstratified period. The vertical lines marking stratification
and turnover were estimated from the temperature data for each basin;
however, the exact timing of these events was not determined. This is
important because most of the misclassifications in the RIFFLE clusters
occurred within one sampling date of our estimated dates for stratification
or turnover.

Basin 3 clustered into only two groups: stratified epilimnial samples (-
and a second group consisting of both hypolimnial samples and mixed lake
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Fig. 4. Temperature and dissolved oxygen profiles for Basin 3. Site 3.

samples (*). This supports our temperature and dissolved oxygen data that
show Basin 3 to be oligotrophic. with little change in the hypolimnetic water
quality occurring during summer stratification.

In Basin 2. a unexpected pattern emerged. During stratified periods, three
clusters were identified. Upon closer inspection of the temperature and
dissolved oxygen data. we found that the depth of the thermocline was
deeper in Basin 2 than in Basin 1, and the height of the anoxic portion of the
hypolimnion (0-2 mg/L) was much higher in Basin I than in Basin 2. In
Basin 1. both the surface and the 10-m depth classes would lie primarily in 0
the epilimnion. while the remaining measurements (20 m and bottom) would
be in the hypolimnion, and strongly influenced by anoxic conditions. How-
ever, in Basin 2, the 10-m depth class would be at the thermocline and
slightly above the anoxic portion of the hypolimnion. The remaining sam-

0
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Fig. S. Temperature and dissolved oxygen profiles for Basin 3, Site 4.

pies (at 20 m and below) would reflect hypolimnetic influences. The three
clusters in Basin 2, therefore, identify the epilimnion, metalimnion, and
h•polimnion.

Principal components analysis did not work well when plotted by individ-
ual basins, but did identify the major trends for the entire data set; The first
principal component accounted for 24% of the total variance; its dominant
terms (with a factor greater than 0.5) were:

0.872 Temperature - 0.842 Depth + 0.735 pH - 0.623 Nitrate/Nitrite

The second principal component accounted for another 19% of the total
variance and its dominant terms were:

-0.779 Dissolved Oxygen + 0.695 Turbidity + 0.663 Alkalinity

0=mma w atm at m a m a a a
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Figl. 6. RIIFFLE clustering of chemical data. Conceptual clusters (o, c)-. and t)plotted by
temperature and date.

The first principal component identified the inverse relationship between
temperature and depth during summer stratification as well as the changes
in pH and nitrate values that were discussed. earlier for Basins I and 2. The

second component picked up on the hypoliranetic~ox~ygen depiction that was
observed, to'a greater or lesser extent, in all three basins following stratifica-
tion. The positive turbidity factor was probably an artifice that resulted

from sampling too near the sediments, while the alkalinity factor again
reflects the effects of biological activity during stratification.

Hierarchical clustering and correspondence analysis did not identify any
meaningful trends in this data set. Correspondence analysis found nearly all
points to have the same scores, and thus any parameter ordination was of
doubtful validity. Hierarchical clustering resulted in unbalanced dendro-
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grams, and had the added disadvantage that, since points with missing data
could not be included, the data had to be severely subsetted. Several
parameters (Secchi depth, dissolved inorganic carbon, and total organic
carbon) had to be excluded because they were measured less frequently than
other parameters.

Phytoplankton data set

Since it is only useful to collect phytoplankton data at or near the surface,
this data set is considerably smaller, in terms of number of points, than the
physical-chemical data set. A complete listing of taxa found is provided in
Appendix C.

400.000 B

ICounts/m3 200.000- Basine 1)

I Basin2
Couns/zn 200000(Site 1)

400,000,

Counts/m3 200,000 Basin 2)

1 (Site 2)

*~01
400,000-

Basin 3
Counts/m 200,000.- (Site 3)

00

IO~gM 0.0 Basin 3
* C@Wts/r ~ 1(Site 4)

0.
June 1987 Oct 1988

Fig. 7. Total phytoplankton (solid) and diatoms (dashed) in Lake Whatcom.

0 ,



1I0 R.A. MATTHEWS Er AL

Figure 7 shows a summary of the phytoplankton data for Lake Whatcom.
Diatoms (predominantly Melosira ambigua (Grun.) 0. Mull. Melosira dis-
tans (Ehr.) Bethge, and Fraglaria crotonensis (Kitt.) dominated the phyto-
plankton populations most of the year, with peaks occurring during the
winter and spring. 0

During the late summer (during periods of nutrient depletion in the
epilimnion), blooms of mostly green and bluegreen algae developed, espe-
cially in Basin 1. The densities of green and bluegreen algae never reached
the peak densities that were measured for the winter/ spring diatom blooms.
This is partly due to our system of counting, whereby Coelosphaerium
naegelianum Unger, a common late summer bluegreen alga, was counted by
colonies rather than individual cells. If Coelosphaerium had been counted by
individual cells (not an easy task) or if each plankton count was weighted to
account for biovolume, [as in Ehinger (1988)], the Coelosphaerium total

Stratification Turnover Stratification

100- .

*0. 0

COA o0 BasinI
(Site 1)

0

0 " 0

Stratification Turnover Stratification

100- • ***

nO 0 0 ai

CO •a (Site 2)0*

0,0

0 0

Stratification Turnover Stratification 0

1000

Basin 3
COA (Sites 3&4)

0
00

Jun 1987 Oct 1988

Fig. 8. RFFLE clustering of phytoplankton data. Conceptual Clusters (o and *) plotted by
correspondence analysis score and date.

• S



CLASSIFICATION AND ORDINATION OF LIMNOLOGICAL DATA 181

S'count' would increase. This problem of counting individuals. colonies, or
biovolumes is frequently encountered in limnological data sets, and is part
of the reason why the statistical tool needs to be insensitive to scale.

Conceptual clustering of the phytoplankton data again proved valuable
for identifying the major trends in the lake. Figure 8 shows the clusters
generated by RIFFLE plotted by correspondence analysis score (COA) vs.
time. In all three basins, samples collected before and after turnover tended
to be in different clusters; similar rapid changes in the phytoplankton
populations did not occur following stratification. Turnover is a dramatic
event in lakes, often occurring within a few days, that causes rapid changes
in the water quality of the lake. Stratification, however, causes a gradual
divergence of the water quality in the epilimnion and hypolimnion. In Fig. 8,
late summer phytoplankton (o) were clearly distinguished from post-turnover
phytoplankton (*). However, the late summer phytoplankton populations
were not reestablished until several months after the onset of stratification.

In creating the clusters shown in Fig. 8, RIFFLE clustered temporally
adjacent points. This is in line with the proposed existence of temporal
'plateaus' in phytoplankton succession, mentioned in (Legendre et al., 1985).
RIFFLE, however, clustered them successfully without the ad hoc imposition
of an explicit chronological constrait or the elimination of singleton clusters.

The taxa that contributed most heavily to the RIFFLE clusters included
many common species (e.g Fragilaria and Coelosphaerium), but also in-
cluded several 'rare' species that were highly correlated with turnover. One
example is Ceratium hirudinella (O.F. Muell.), a large dinoflagellate; that
never occurred in large numbers, but was only collected during late summer
just prior to turnover. Ceratium is able to compete well during late summer
because it can swim to positions of optimum light and nutrient concentra-
tions. Because of its low density in Lake Whatcom, none of the other
statistical tools used Ceratium to identify late summer phytoplankton
blooms. RIFFLE'S ability to use both common and rare taxa is particularly
useful for finding potential indicator species.

Principal components analysis was able to identify the major phytoplank-
ton blooms; however, the results could easily be misinterpreted if impor-
tance was assigned to the individual species comprising each principal
component rather than the trend that those species represent. For example.
the winter diatom bloom was represented by Melosira, Fragilaria and
Tabellaria flocculosa (Roth) Kutz. in the combined data set, but only by
Fragilaria and Melosira in Basin 1 (see Table 1). This does not mean that
Tabellaria was absent or rare in Basins 2 and 3; only that it accounted for
less variation in the data sets for those basins. The interpretation of the
summer phytoplankton blooms is even more difficult: the representative
species are split into two groups in Basin 1, but only one group in the
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TABLE 1
Prunpal Components for Lake Whatcom phytoplankton. Basin I and all basnns combined

Bain I Total Species Loading
PC-I 23% Dici.osphaerium sp. 0.94

Staurasirum sp. 0.93
Aphanocapsa sp. 0.93

PC-2 16% Rhabdoderma sp. 0.89
Chroococcwu sp. 0.87
Oscillatoria sp. 0.85

PC-3 11'% Fragdarta crowonensts 0.93
Melostra sp. 0.93

All Basins Total Species Loading 0
PC-I 15% Dinobryon sp. 0.790

Coelsphaerium naegelhanum 0.769
Eudortna elegans Ehrenberg 0.774
Unknown Greens 0.667
Aphanocapsa sp. 0.542

PC-2 10% Melosira sp. 0.905 0
Fragilaria crotonensis 0.854
Tabellaria flocculosa 0.847

combined data, and there is little overlap between the species in the different
groups. While in some cases these results might lead to the discovery of an
unknown pattern in the data, close inspection of the Lake Whatcom data
does not support any such conclusion.

Correspondence analysis was more revealing. As can be seen from Fig. 8,
there is a tendency for the COA score gradually to lessen during stratifica-
tion, and swing rapidly back to its highest values immediately following
turnover. This indicates that :he large-scale gradient from a mixed to a
stratified lake can be detected by correspondence analysis, and that the Lake
Whatcom sample points successfully ordinated according to this trend.
Basin 3, however, reveals that the presence of outliers can have a disastrous
effect on this ordination technique. Gauch et al. (1977) make the same
observation.

Hierarchical clustering proved ineffective in handling the Lake Whatcom
phytoplankton data, typically resulting in highly unbalanced trees, whether
squared Euclidean distance or cosine distance was used. The tree develop-
ment was disastrously affected by outliers. Modification can be made to
hierarchical clustering that improve its use for chronological samples. These 0
modifications iclude: (a) transformations of the data matrix (normalization
etc.), (b) the explicit removal of outliers from the data set during clustering,
and (c) the imposition of a constraint to force temporally adjacent sample

0
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points into the same clusters [see Allen et al. (1977). Legendre et al. (1985)1.
However, these constraints seem excessively severe to us, and conceptual
clustering provides an excellent alternative.

CONCLUSIONS

We conclude that limnological data sets are amenable to clustering and
gradient analysis, with the proviso that care must be taken in the tools used.
Principal components analysis was of some use in confirming water quality
trends, in that it achieved a reduction in the redundancy of the data set by
combining correlated parameters (such as temperature and pH) into a single
component. However. principal components did not aid in the identification
of large-scale patterns in the data, such as stratification. Further. used on
data sets with many parameters (such as species lists) principal components
provided only a marginal reduction in the complexity of the raw data. We
found correspondence analysis to be superior to principal components for
detecting large-scale gradients in the phytoplankton data from Lake What-
com. This is consistent with the findings from theoretical studies of ordina-
tion (Kenkel and Orloci, 1986).

We believe that the results of this study, in conjunction with similar
studies at other sites, will lead to an improvement in conventional biogeo-
chemical modelling of limnological systems. Typically these models are
lumped-parameter conceptual models, involving two crucial tasks. First. the
model must be built on a small number of significant components. e.g.
phosphorous, chlorophyll, phytoplankton or zooplankton, and, second, the
gross, qualitative behavior of the lake must be understood in terms of
changes in the states of these components (Scavia and Robertson, 1979. pp.
1-83). Conceptual clustering by RIFFLE helps by providing objective leads in
both of these tasks: It provides an estimate, for each parameter, of how
strongly the entire system is associated with that parameter; these estimates
can guide the selection of components. It also provides a clustering of the
samples of the lake system into states that may be significant parts of the
evolution of the model.

Conceptual clustering was found to be consistently superior to hierarchi-
cal clustering. In clustering the physical chemical data, the presence of
epilimnion and hypolimnion was clearly confirmed by our conceptual clus-
tering algorithm. Hierarchical clustering did not isolate these clusters. In the
phytoplankton set, a division into mixed and stratified communities was
accomplished only by the conceptual clustering algorithm. This, together
with the facts that (a) conceptual clustering makes fewer assumptions about
the data than hierarchical clustering, and (b) it can handle incomplete and
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mixed data sets without further assumptions or data subsetting, makes it a
consistently superior tool for clustering.
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APPENDIX A

RIFFLE clustering

Clustering by the RIFFLE program (Matthews and Hearne, 1991) is a
technique especially adapted to clustering ecological data. It is a partitional
clustering algorithm: the data points are partitioned into clusters in a variety
of ways, and the best such partition is selected as an appropriate clustering
for the data. The 'best' clustering is one which maximizes the value of a
fitness-measure (which evaluates the 'fitness' of the clusters to the data). The
fitness-function used in RIFFLE estimates the accuracy of predictions in an
imagined experiment, an experiment that uses the proposed cluster-member-
ship of a sample to 'predict' whether that sample will have large or small
values on its measured parameters. If a large number of these 'predictions'
agree with the actual sample values, then the clustering fits. We use a
nonparametric measure of fitness in the sense that predictions of numeric
parameters are limited to the coarseness of the clustering. In a clustering
into two groups, for example, only two values are predicted: 'high' values 0
and 'low' values.

The quantitative measure of prediction accuracy used in RIFFLE is the
proportional reduction in error, or Gutman's X (Goodman and Kruskal,
1954). Suppose we wish to measure the fitness of a clustering into two
groups, and we want to measure the accuracy of prediction for, say, a taxon
t. Let a data point be represented by the vector x, with the point's value on
parameter t be x,. Let the two clusters be denoted by k, and k2, and, for
taxon t, let t, denote a 'high' value, and t 2 denote a 'low' value. (The best
split value between 'high' and 'low' is also determined by the RIFFLE
algorithm, but for concreteness we can assume the median is used.) A
two-dimensional cross-tabulated frequency table, F, of the joint probabili-
ties, is then built, where

F,,=.(x: xek, and x,-tj I

I0
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i.e.. F, is the number of times a sample is found which is in the ith cluster
and has the jth value (high or low) of the taxa.

Under the usual statistical assumption that the distribution of sample
points in F is representative of the distribution in the Population, we can
use F. and a knowledge of a sample's cluster, to predict the taxa count for
that sample. If our sample is in cluster k, for example, our guess will be
'high' or 'low' depending on whether F,1 or F22 has the larger value, and
similarly if our sample is in cluster k,.

If we do this for many samples. our total fraction of correct guesses C can
be estimated to be:

N

where N is the total number of samples. The fraction on which we will be in
error, then, will be 1 - C. On the other hand, without a knowledge of a
sample's cluster (and without using F), we can do no better in predicting
'high' or 'low' than 50% correct, on average (assuming a median split value).
Our proportional reduction in error, therefore, using this clustering and its
cross-classification table F, will be estimated to be:

(Random Error) - (Clustered Error) 1/2 - (1 - C) 2C- I
Random Error 1/2

The RIFFLE program searches over a large number of partitions of the data
in order to maximize this proportional reduction in error for a large number
of measured parameters. In other words. it searches for the one clustering
(out of many) which is most closely associated with the measured parame-
ters.

This algorithm has been implemented in Pascal and has been tested on a
wide variety of computers and data sets (Matthews and Hearne, 1991).

APPENDIX B

Lake Whatcom water chenustry parameters sampled

Temperature pH
Conductivity Dissolved oxygen
Turbidity Alkalinity
Secchi disk Ammonia
Nitrate/Nitrite Total nitrogen
Soluble reactive phosphate Total phosphorus
Total organic carbon Dissolved inorganic carbon
Chlorophyll a
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APPENDIX C

Lake Whatcom phytoplankton taxa list

Phylum: Chrysophyta
A nomoeoneis senanh (Breb. ex Kutz) Asterioneila formosa Hass.
Cyclorela compta (Ehr.) Kutm Dinobrvon sp.
Fragdaria crotonensis Kitt. Melostra ambigua (Grun.) o. Mull.
Melostra distans tEhr.) Bethge. NavLcula sp.
Stephanodiscus sp. Synedra chaseana (Thomas) Boyer
Synura sp. Tabellanaflocculosa (Roth) Kutz

Phylum: Cyanophyta
"A.nabaena sp. Anacysas sp.
Aphanocapsa sp. Chroococcus sp.
Coelosphaerium naegelhanum Unger Gomphosphaena lacustris Chodat
Mensmopedia tewmaw ma Lemmerman Micro.vs"su aeruginosa Kuet.
Nosgoc commune Vauch. Oscillatoria sp.
Rhabdodernma sp. Schi:othnx calcicola (Ag.) Gom.

Phylum: Chlorophyta
Dictyosphaernum sp. Eudonna elegans Ehrenberg
Pandorna sp. Pediastrum duplex Meyern.
Scenedesmus quadricauda (Turp.) Spond.'losium sp.
Sta'astrum sp.

Phylum: Pyrrhophyta
Ceratium hanadinella (O.F. Muell.)
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trends in the benthic macroinvertebrate communities of a small stream. Can. J. Fish. Aquat. Sci. 48: 0
2184-2190.

Macroinverk.. ies were collected at four sites in Padden Creek, a small second-order stream in Whatcom County,
WAashington, USA. Two upstream sites were characterized by high densities of sensitive'ta\a. predominantly
mayflies, stoneflies, and caddisflies, and two downstream sites showed high densities of tolerant taxa, especially
true flies, annelids, Baetis mayflies. and gastropods. Despite the small sample size, some statistical techniques
proved useful. The first two components of correspondence analysis were used to confirm the existence of both
seasonal and spatial trends in the benthic macroinvertebrate populations of the stream. Neither component alone,
however, ordinated the samples with respect to these trends. Combinations of the first two components ý,ere
required. A standard clustering technique, k-means clustering with squared Euclidean distance, further confirmed
the seasonal trend. Nonmetric clustering, not widely used in the analysis of ecological data, was necessary to
confirm the spatial trend. Nonmetric clustering was also able to identify a small number of "significant" taxa.
i.e. taxa that reliably served as indicators of spatial position on the stream.

On a effectu6 un 6chantillonnage des macroinvertbbr~s A quatre sites du ruisseau Padden, un petit cours d'eau
de second ordre situe dans le comti Whatcom de l'Etat de Washington (IE-U). Des densites elevies de taxons
sensibles 6taient caract~ristiques des deux sites d'amont. en particulier des 6phem~res, des perles et des phry-
ganes, tandis que les deux sites d'aval abritaient des densites 4levees de taxons tol~rants, surtout des mouches,
des ann~lides, des ephemeres du genre Baetis et des gasteropodes. Malgr6 la faible taille des echantillons, cer-
taines methodes statistiques se sont rev~l~es utiles. Ainsi, les deux premieres composantes de ['analyse factorielle
de correspondance ont permis de confirmer l'existence ue tendances saisonni~res et spatiales dans les populations
de macroinvert~bres benthiques ai cours d'eau. Toutefois, ni l'une ni lautre de ces composantes n'a permis
d'effectuer une ordination des 6chantillons en ce qui concerne ces tendances, ordination obtenue toutefois par
la combinaison des deux premieres composantes. L'agglomeration de moyennes k couplee A la distince eucli-
dienne au carrY, une technique agglomerative normalis~e, a permis d'etayer cette tendance saisonni~re. L'ag-
glom~ration non metrique, rarement utilis6e dans ['analyse de donn•es 6cologiques, a 6t6 necessaire pour confir-
mer la tendance spatiale. Cette derni~re analyse a aussi permis d'identifier un faible nombre de taxons
"significatifs", c'est-.-dire des taxons qui ont servi d'indicateur, iables de la position spatiale dans le cours
d'eau.
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ne of the fundamental principles of mathematical ecol- example, because they require highly oxygenated waters, many
ogy is that changes in the statistical makeup of the biota stoneflies are restricted to headwater streams, which are often

k are reflections of changes in the physical environment, less polluted and more turbulent than downstream reaches
The dominance of certain taxa at a particular site or between (Hynes 1970; McCafferty 1981). Many other stream charac-

sites can serve as a quantifiable record of the strength and direc- teristics can be viewed as changing along this longitudinal gra-
tion of environmental changes (Faith and Norris 1989). In the dient, due to the unidirectional downstream flow. This view of
ecology of streams, there are often two dominant environmen- streams as gradients has influenced many of the fundamental
tal changes. one associated with time and the other with loca- theories on how streams function. including organic matter pro-
tion (Green 1974). The benthic community varies with the cessing, macroinvertebrate community trophic structure, in-
season, and also with its spatial position in the stream. Many stream primary productivity, and nutrient cycling (see Minshall
benthic macroinvertebrates have habitat requirements that cor- 1988 and Fisher 1983 for general reviews). However, the com-
respond to longitudinal gradients, upstream to downstream. For plex distributions and patterns exhibited by macroinvertebrates
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make statistical confirmation of such relationships difficult. The Pennak (1978), Ricker and Scudder (1975). Ross (1937). Stark
problem of identifying reliable taxonomic indicators of envi- and Gaufin (1976). and Stone et al. (1965). Macroinvertebrate
ronmental changes is even more difficult. densities for each taxon were calculated as the average number

In this paper we used ordination by correspondence analysis of individuals per square metre (n = 10 per site and date 1.
and clustering by two techniques. k-means clustering and non-
metric clustering, to obtain statistical confirmation of the Statistical Tests
benthic macroinvertebrate response to both the longitudinal and Throughout this section, a -sample" refers to the pooled
the seasonal trends. Correspondence analysis is well docu- macroinvertebrate densities a unique site and date: there poere
mented in the literature (e.g. Gauch et al. 1977: Kenkel and 20 samples in this study (4 sites a 5 dates). IndividualOrloci 1986. ter Braak 1986). but. while ordination has been 2 ape nti td 4stsx5dts.Idvdaused e986:tenv fra 19nding and. cofilording titerrestrialmacroinvertebrate densities for each taxon are called "repli-used extensively for finding and confirming terrestrial vegeta- .

vgt- cates." There were 10 replicates for each taxon (63 taxa) at* ' tion gradients (e.g. Minchin 1987). it has been used much less cate and time (0 replicates. 63 ofeach date and time (a maximum of 12 600 replicates. minm of
frequently to examine gradients in stream data (e.g. Green 1974: which had values of zero). Some statistical tests were per-
Cuip and Davies 1980: Sheldon and Haick 1981; Schaeffer and formed on both the sample data averaged by replicate and the
Perry 1986: Faith and Norris 1989). K-means clustering is also
widely used in many fields (Jain and Dubes 1988). Nonmetric raw data, not averaged by replicate: however, only the results

from the averaged sample tests are reported here. Generally.
clustering, described in the Appendix, is a new technique and
has not in w applied to ecological data although we have as might be expected. the raw data yielded similar results. but
found it useful in a variety of aplications (Matthews and Hearne ith larger variances.

We ordinated the samples using correspondence analysis.1991: Mathews et al. 1991). We found that the combination of Correspondence analysis (also called reciprocal averaging)

these three analytical techniques provided an excellent approach determines taxa scores and sample scores in an "uninformed"
to our data set. The spatial and temporal trends were both determines thou scor and sample Thus. sam -
revealed by correspondence analysis. The temporal trend was manner, i.e. without prior grouping of the samples. Thus. sam-

confirmed by k-means clustering which successfully separated ples are ordinated independently of information regarding the
samples by date. and the spatial trend was similarly confirmed site or date at which they were collected. For our pur-sabptes nom i te rian g whespatich suendwas sfularly sepa iraed sam- poses, it was important that the correspondence analysis pro-by the nonmetric clustering which successfully separated sam- cedure give several ordinations of the samples (first. second,ples by site.

The data we used for our analyses were collected from Pad- third components, etc.). for we found that two components were
den Creek. a small second-order stream located adjacent to the necessary to reveal trends indicated by our subjective evalua-

city of Bellingham in Whatcom County. Washington, Hach- tions. The correspondence analysis procedure is similar to prin-

moller (1989) and Hachm6l1er et al. (1990) found that the cipal components and factor analysis, but has been shown to
macroinvertebrate fauna in Padden Creek showed distinct be superior to these methods in typical environmental data sets

upstream and downstream distribution patterns. These distri- (Kenkel and Orloci 1986; Ludwig and Reynolds 1988).

bution patterns were thought to be related to differences in the The data were also clustered by the k-means algorithm using

riparian community. especially canopy cover, and the input of squared Euclidean distance, and nonmetric clustering. K-means
clustering (Jain and Dubes 1988) views the samples as pointsnonpoint-source runoff from residential and agricultural areas, in n-dimensional space, where n is the number of taxa. It seeks

which created a turbid, nutrient-enriched "lower reach" in the inl-diension spae, wh this the numbetae.I seescreek."clusters" of samples such that the distance between samples
creek. from the same cluster is generally less than the distance between

samples from different clusters. The measure of distance
Methods between samples is called the metric. A clustering is optimal

in the metric sense if it maximizes the difference between the
Macronvertebrate Sampling average intracluster distance and the average intercluster dis-

Four sites were sampled in Padden Creek (Fig. 1). Site 1 tance. There are many measures of "distance" for samples,
was located approximately I km downstream from the Lake and the choice of a particular distance metric can have a radical
Padden outfall in a forested, relatively undisturbed area. Site 2 effect on the resulting clusters. For our k-means clustering we
was located in a channelized reach that had a less diverse used squared Euclidean distance. Nonmetric clustering.
substrate than Site i. Both Sites I and 2 were upstream from described in the Appendix, is a new procedure that does not
the confluence of Padden and Connelly Creeks. Connelly Creek use a distance metric to deterniine clusters (Matthews and
is a nutrient-enriched tributary that drains agricultural and Hearne 1991). Ir:,tead. a cl',stering is optimal in the nonmetric
residential lands. Site 3 was located about 1.5 km downstream sense if it maximizes the association between clusters and a
from Connelly Creek in a forested city park that was more large number of taxa. Each taxon is also given a "score- by
disturbed than Site 1. Site 4 was located in a freshwater wetland nonmetric clustering, which is a measure of how strongly thaL
close to the mouth of Padden Creek. Based on vegetation, water particular taxon is associated with the clustering. Both nnn-
quality, and substrate sampling, Hachm6l1er et al. (1990) and metric and k-means clustering are uninformed procedures. ,ike
Uhlig (1991) characterized the four sites as in Table 1. correspondence analysis, and do not require prior groupin~g of

The macroinvertebrate samples were collected monthly at samples.
each site from June through October 1988 using a Surber Correspondence analysis, metric clustering, and nonmetric
sampler (I--mm net mesh). Ten samples were collected at each clustering were also used in an effort to identify diagnostic taxa.
site on each date. The invertebrates were keyed to the lowest i.e. a subset of the taxa that could be used as indicators of
practical taxon (genus in most cases) using the following environmental conditions. Correspondence analysis not only
references: Anderson (1976), Edmunds and Jensen (1976), ordinates the samples, but also ordinates the taxa, and thus
Hatch (1953-65), Jewett (1959), Merritt and Cummins (1984), "large" taxa scores might be taken to indicate taxa important
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FiG. 1. Padden Creek sampling sites and relative proportions of major macroinvertebrate taxa. The
macroinvertebrate proportions were calculated by averaging the macroinvertebrate densities ino.;m 2 )
at each site for the entire study period.

TABLE I. Characterization of the four sampling sites.

Factor Site I Site 2 Site 3 Site 4

Nutrient Low-moderate Low-moderate Elevated Elevated
concentration

Riparian Second-growth Alder: gaps Second-growth Freshwater
vegetation coniferous forest in canopy coniferous forest wetland

Stream
gradient 61 m/kmn 19 m/km 8 m/km IIi m/km 0

Substrate Diverse Uniform Diverse Diverse
cobble-pebble cobble-pebble pebble-sand pebble-sand

to the correspondence analysis ordination. K-means clustering in greater densities at the upstream sites (Sites I and 2); these
does not rank taxa in importance. and so was not used to iden- three orders made up 62-67% of the macroinvertebrate densi-
tify diagnostic taxa. Nonmetric clustering, however, is designed ties at the upstream sites. but only 26-40% of the densities at
to cluster data and simultaneously identify the taxa that are the downstream sites (Sites 3 and 4). In addition, many of the
"important" with respect to these clusters (Matthews and uncommon taxa (less than 0.5% of the total density) were col-
Hearne 1991). In this regard it is similar to conceptual cluster- lected more frequently at the upstream sites, especially large,
ing techniques (Fisher and Langley 1986), which not only clus- predatory stoneflies. This may be an artifact of the taxonomic
ter the data, but attempt to show how those clusters can be technique because not all taxa were identified to the same level.
characterized by a small subset of the data parameters. A non- In particular, Chironomidae and many of the noninsect taxa
metric clustering which is meaningfully related to a spatial or were identified only to family. This is a pervasive taxonomic •
longitudinal trend will also give a list of important taxa. which dilemma, and its relevance to our statistical tests will be dis-
could be used as indicators of that trend. cussed below. In general. the macroinvertebrates collected at

the downstream sites were mostly taxa having relatively cos-
Results mopolitan distributions such as Baetis and Chironomidae and

included a large proportion of noninsect taxa such as oligo-
Hachm6ller (1989) and Hachmoller et al. (1990) found that chaetes, gastropods, etc.

the most abrupt change in macroinvertebrate community struc- Table 2 lists the average densities (number per square metre)
ture occurred between Sites 2 and 3. which was attributed pri- for the most common taxa (greater than 0.5% of the total den-
manly to the influence of Connelly Creek. These changes can sity) that were collected from Padden Creek from June through
be seen in the pie charts summarizing the benthic community October 1988. A complete listing of the 63 Padden Creek taxa
in Fig. 1. Mayflies, stoneflies. and caddisflies were collected is given in Hachm6l1er (1989). It should be noted that the des-
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TAsLE 2. Macroinvertebrate densities and nonmetric clustering (NMC) scores for major taxa.

% Average densities (no./m)
Padden Creek total NMC

macroinvertebrate taxa density Site I Site 2 Site 3 Site 4 score

Plecoptera
Malenka spp. 5.0 78.57 80.94 3.44 6.45
Skala spp. 0.6 3.87 11.84 1.7? 2.15 0.47
Suwallia.Tri-nakaISwtelzsa complex 2.9 75.77 19.59 0.21 1.50 0.89

Ephemeroptera
Baetis spp. 10.3 48.43 130.88 60.06 108.93 0.12
Cin.vgmula spp. 2.4 46.71 32.29 1.93 1.29 0.68
Epeorus spp. 3.9 95.58 33.58 1.29 0.21
ironodes spp. 2.3 36.38 32.50 4.73 3.01 0.47
Paraleptophlebia spp. 3.7 13.56 41.11 40.04 31.00
Serratella spp. 1.9 2.36 57.04 4.52 1.50

Trichoptera
Glossosoma spp. 5.4 31.43 119.04 25.61 7.10
Hkdropsyche spp. 4.5 14.52 29.06 8.82 1.07 0.33
Rhyacophila spp. 1.1 24.54 10.33 1.29 0.64 0.89
Paraps.che spp. 4.8 8.18 12.70 107.63 33.15 -0.47

Diptera
Chironomidae 7.7 60.70 87.83 59.20 54.03 0.26
Simuliidae 4.0 17.00 0.21 53.17 64.79 -0.33

Amphipoda
Gammarus lacustris 0.7 0.00 0.86 5.59 17.43 -0.80

Annelida
Enchytraeidae 31.4 210.97 260.05 237.88 355.42 -0.26
Lumbriculidae 2.2 3.44 9.25 23.03 39.61 -0.68

Gastropoda
Ferissia 0,5 0.00 3.87 10.97 2.79 -0.41
Gyraulus 1L4 0.00 13.99 9.68 24.54 -0.26

ignation of "common" is somewhat arbitrary because, again, common taxa, these three being Hydrops"che, Malenka. and
not all taxa were identified to the same level. Serrarella.

Confirmation of the observed longitudinal and seasonal The seasonal trend was confirmed by k-means clustering.
trends by correspondence analysis can be seen in Fig. 2, which which separated the samples by date. The June and July sam-
plots all samples by the first two components of correspondence pies were placed in one cluster and the August, September. and
analysis. Neither trend, however, corresponds well with a sin- October samples in the other. except for one August sample
gle component of correspondence analysis. Instead, the sea- which was placed in with the June and July samples (see
sonal differences tend to spread along a "northwest-southeast" Fig. 2a). On the other hand, nonmetric clustering confirmed
line, and the longitudinal trends spread along an orthogonal, the observed longitudinal trend, and clustered all upstream
north-east - southwest" line. We believe that this observation (Sites 1 and 2) samples into one cluster and all downstream
is important. as the emphasis in much statistical eoclogy is on (Sites 3 and 4) samples into the other cluster (see Fig. 2b).
recognizing a single, dominant gradient in the population. This The attempt to identify indicator taxa using nonmetric clus-
is the motivation behind "detrended" correspondence analysis, tering was very successful. Unlike correspondence analysis,
for example, which attempts to force a one-dimensional ordi- most of the top taxa scores produced by nonmetric clustering
nation for data sets. In our case, a two-dimensional ordination were from common taxa. These 15 out of the 20 top scores
was essential. were common taxa, and are listed in Table 2. This was impres-

The ordinations by correspondence analysis led to difficulties sive considering there were only 20 common taxa and that non-
Sin the identification of indicator taxa. First, as seen in Fig. 2, metric clustering is "naive" in that it did not use total macroin-
eintheridentification of indicator tfxa.First, to so ent aone., vertebrate density as a selection criterion. Further, we verified

neither of the first two sample score components, alone, cor- the robustness of this taxonomic subset using a "leave-one-
responds with the trends of interest. Each is a combination of out" strategy. The nonmetric clustering taxa scores were recal-
both trends. Accordingly, neither of the first two taxa scores culated based on only 19 "training" samples, leaving one
could be used to determine indicator taxa for either trend. Sec- sample out, and then the group (upstream or downstream) for
ond, although correspondence analysis taxa scores were par- the omitted sample was predicted using taxa scores generated
tially associated with the trends (for example, positive taxa from the other 19 samples. This procedure was repeated with
scores were generally assigned to "upstream" taxa and nega- each sample being the one omitted, obtaining 20 tests; thus we
tive taxa scores to "downstream" taxa) the correspondence obtained an estimate of the rate at which errors might occur in
analysis scores were strongly influenced by rare taxa. Only three using these taxa scores to classify unknown samples. by simply
of the top 20 correspondence analysis taxa scores were from counting the number of the "left-out" samples that were mis-
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Discussion
/ J Our statistical analyses supported our initial hypothesis that

there were longitudinal and seasonal trends evident in the
macroinvertebrate data. Ordination of samples by correspond-
ence analysis was clearly possible (Fig. 2): however, a two-
dimensional ordination was necessary to confirm each of the
one-dimensional trends.

"The existence of (at least) two gradients in a data set made
interpretation of the data by clustering more difficult. Our two

(a) clustering techniques yielded radically different clusters
'August S em because the structure of the data was complex enough to war- S

rant two interpretations. Which trend is the "strongest"
, depends on how "strongest" is interpreted. In our professional

judgement. the most obvious trend was the longitudinal trend.
There were marked differences in the makeup of the macroin-
vertebrate communities from upstream and those from down-
stream. However, the existence of this "obvious" trend was
not confirmed by k-means clustering. Instead, a rather new tool. •
nonmetric clustering, that approaches data clustering from rad-
ically different assumptions was required to "confirm the
obvious."

The fact that correspondence analysis gave high scores to
"* - rare taxa might be expected because, if a taxon is rare. and only

shows up at one site or date, it will, of course, be highly car-
related with that site or data. But many factors can affect the
reported densities of rare taxa. including drift and emergence
as well as sampling technique, sorting, and taxonomic expe-
rience. Because only some of these factors are associated with
a gradient, correspondence analysis may not be robust in data

(b) _sets where there are many uncommon taxa. In Padden Creek.
S\te 43 of the 63 taxa were uncommon, i.e. making up less than 5

/ 0.5% of the total density. The conclusion we draw is that taxa
"scores from correspondence analysis should not be viewed indi-
vidually or in small subsets (such as the top 20), but onlySite\l collectively.

Nonmetric clustering was the only technique that proved
\ Sim successful in both (a) confirming an observed trend and (b)

providing a set of indicator taxa for that trend. Nonmetric clus-
FiG. 2. Samples plotted with respect to the first two components of tering identified a subset of 15 common taxa, given in Table 2.
correspondence analysis. In Fig. 2a. heavy lines connect samples from that provided enough information to classify the samples, and
a single date; in Fig. 2b. heavy lines connect samples from a single did so more accurately than a linear discriminant.
site. The "northwest-southeast" trend in dates and the "northeast-
southwest" trend in sites are illustrated. Grouping of samples in Conclusion
Fig. 2a is by k-means clustering with squared Euclidean distance;
grouping of samples in Fig. 2b is by nonmetric clustering. Ecologically the dominant trends in our stream data were the

longitudinal trend, where, typically. mayflies, stoneflies, and
caddisflies were found at the upstream sites (Sites I and 2).classified. For our nonmetric clustering-derived characteriza- while noninsects and tolerant taxa were found at the down-

tion. there were no erroneous classifications. By comparison, stream sites (Sites 3 and 4), and the seasonal trend. Our sub-
we also performed "leave-one-out" testing using a linear dis- jective judgement was that the longitudinal trend was more
criminant procedure to reclassify the left-out sample. The linear significant in this study than the seasonal one. Correspondence 0
discriminant misclassified 15% (3 out of 20), and this was in analysis ordination of the macroinvertebrate data from Padden
spite of the linear discriminant being an "informed" proce- Creek confirmed the presence of both the longitudinal and sea-
dure, i.e. input to the linear discriminant procedure consisted sonal trends in the taxa. but only as a "mixture" of each of the
of both the data points and an identification of which data points first two components of the ordination. In addition, correspond-
came from upstream samples and which from downstream sam- ence analysis typically gave rare taxa the highest taxa scores.
pies. Nonmetric clustering is, in contrast, an "uninformed" even though their relevance to large-scale trends in the data set
procedure. Input to the nonmetric clustering procedure con- was minor. K-means clustering favored the seasonal trend over
sisted only of the data points, and no information about the the longitudinal trend, while nonmetric clustering favored the
location of the samples. Nonmetric clustering was able to longitudinal trend. The nonmetric clustering also provided a
deduce the locations of the samples from the macroinvertebrate robust means of simplifying the description of upstream and
densities alone. downstream clusters by identifying a set of IS of the most com-
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Fir. A. 1. Artificially generated data set clustered in two dimensions.0

A computer program, called RIFFLE, implementing non-
metric clustering, has been constructed and is described in Mat-
thews and Hearne (1991). RIFFLE was used for all nonmetric
clustering discussed in this paper.

Nonmetric clustering thus offers the following advantages Fir, A.2. Artificial data set of Fig. AlI with (a) a random component
over traditional methods: (1) it does not combine counts from i h ieso de,()cutrn ykmas n c omti
dissimilar taxa by means of sums of squares, or other ad hoc intezdmsonae.() clustering.b -enad c omti
mathematical techniques; (2) it does not require transformations clsei.
of the data, such as normalizing the variance; (3) it works with-
out modification on incomplete data sets; (4) it can work with- species were proved, in testing, to be more reliable than indi-
out further assumptions on different data types (e.g. species cators based on a linear discriminant.
counts or presence/absence data); (5) significance of a taxon to The primary disadvantages of nonmetric clustering, as we
the analysis is not dependent on the absolute size of its count, see them, are as follows. (1) There are some cases, documented
so that taxa having a small total variance, such as rare taxa, can in (Matthews and Hearne 1991), where metric clustering is to
compete in importance with common taxa, and taxa with a be preferred over nonmetric clustering. In general, we rec-
large, random variance will not automatically be selected, to ommend using both, and examining the results critically, rather
the exclusion of others; (6) it provides an integral measure of than accepting a single clustering method as the best for all
"how good" the clustering is, i.e. whether the data set differs cases. (2) The RIFFLE implementation of nonmetric clustering
from a random collection of points; and (7) it can, in some is very computer intensive, and takes much longer to run than
cases, identify a subset of the taxa that serve as reliable indi- k-means clustering. (3) Implement .ions of the technique, such
cators of the physical environment; in our case, the indicator as RIFFLE, are not widely available yet.
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We investigated the toxicity of the water soluble fraction (WSF) of the turbine
fuel Jet-A using the standard aquatic microcosm (SAM) method. The SAM experi-
ment was conducted using concentrations of 0, 1, 5 and 15% WSF in 3 L SAMs con-

'• , 4 taining~pecies of organisms. The toxicant was added on day 7 of the 63-day experi-
ment. Physical, chemical, and biological measurements were collected twice each
week from day II through day 63. In the highest WSF treatment group an algal
bloom ensued, generated by the toxicity of the WSF to Daphnia. As the test proceed-
ed, the Daphnia populations increased and the algal populations decreased to about
the reference values. In the last few weeks of the experiment Cyprinotus (ostracod)
densities were higher in the reference than in the other treatment groups and
Philodina (rotifer) densities were lower in the reference than in the other treatment
groups. Because of high sampling variance, the ANOVA results suggested that few
of these effects were significant. Multivariate analyses, however, revealed two
distinct divergences between treatment groups: an early divergence that was prob-
ably due to the Daphnia/algae response, and a late divergence that was much more
subtle, and may have been related to changes in the detrital quality in the different
treatment groups. The variables that were most important in distinguishing the four
treatments shifted during the course of the experiment, demonstrating the fallacy of
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using only one index or a few measured endpoints in the evaluation of community-
level interactions.

1. Introduction

Mulhispecies toxicity tests are usually referred to as microcosm or mesocosm 0
tests, although a clear definition of these terms has not been put forth. Multispecies
toxicity test systems range from approximately 1 L (e.g., mixed flask cultures) to
thousands of liters, as in the case of the pond mesocosms used in pesticide registra-
tion testing. In the standardized aquatic microcosm (SAM) methodt" developed by
Taub and colleagues,"2 2̀t the composition of the microcosm is clearly defined (Table
I). In other types of microcosms, the physical, chemical, and biological composi- 0

Table I

Summary of test conditions for conducting the SAM Jet-A toxicity test.

Organisms: Algae added on Day 0 at 103 cells for each taxa: Anabaena cylindrica,
Ankistrodesmus sp., Chlomydomonas reinhardi 90, Chlorella vulgari.,
Lyngbya sp.. Scenedesmus obliquus. Selenastrum capricornutum.
Sigeoclonium sp., and Ulothrix sp. Animals added on Day 4 at concentra-
tions in parentheses: Daphnia magna (16), Cypridopsis sp (ostracod) (6).
Hypotricha (protozoa) (0. 1 / ml). Philodina sp. (rotifer) 0.03 / ml)

Test vessel: One-gallon (3.8 L) glass jars; 16.0 cm wide at the shoulder; 25 cm tall witnh
10.6 cm openings

Medium: T82MV; 3 L added to each container
Sediment: Autoclaved silica sand (200 g), ground, crude chitin (0.5 g). and cellulose

powder (0.5 g) added to each container
Replication: 6 replicate microcosms x 4 treatments
Reinoculazion: Once per week add one drop (-0.05 ml) to each microcosm from a mix con-
(each microcosm) taining 5 x W0 cells of each alga
Addition of test materials: Test material added on day 7 by removing 450 ml from each container and

then adding appropriate amounts of the WSF to produce concentrations of
0, i. 5 and 15 percent WSF. After toxicant addition the final volume was ad-
justed to 3 L

Test duration: 63 days
Temperature: 200 to 250C
Light intensity: 8OpE m: photosynthetically active radiation/s (8350 to 1000 fc)
Photoperiod: 12 h light/ 12 h dark
Sampling frequency: 2 times each week
Measurements: Algal, invertebrate and protozoa counts, pH, dissolved oxygen, optical den-

sity. Calculated parameters included species concentrations. DO. DO gain
and loss, net P/ R ratio. pH. algal species diversity. Daphnia fecundity, algal

biovolume. and biovolume of available algae

0
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tion may vary widely.
Typically, the goals of multispecies toxicity tests are to detect changes in the

population dynamics of the individual taxa that would not be apparent in single-
species tests, and to detect community-level differences that are correlated with treat-
ment groups. One of the major difficulties in the evaluation of multispecies toxicity
tests has been to analyze the complex data set on a level consistent with these goals.
A number of statistical approaches have been used to dvaluate multispecies toxicity
data. Analysis of variance (ANOVA) is the classic method used to examine
differences between the treatment groups. However, because multispecies toxicity
tests generally run for weeks, or even months, there are problems with using
ANOVA, including the increased likelihood of a Type II error (accepting a false
null-hypothesis), the presence of temporal dependence among the variables, and the
difficulty of graphically representing the results. Conquest and Taub,", developed a
method to overcome some of the problems by using intervals of nonsignificant
difference (INDs). This method corrects for the likelihood of Type 1I errors and pro-
duces intervals that are easily graphed. The method is routinely used to examine
data from SAM toxicity tests, and is applicable to other multivariate toxicity tests.
The major drawback is that this method can only be used to examine one variable at
a time. While this addresses the first goal in multispecies toxicity testing, it ignores
the second.

Multivariate data analysis methods are necessary to address the second goal of
detecting community-level differences. One of the first multivariate methods used in
toxicity testing was the calculation of ecosystem strain developed by Kersting"'",
for a relatively simple (three species) microcosm. At about the same time,
Johnson, ...s developed a multivariate algorithm using the n-dimensional coordinates
of a multivariate data set and the distances between these coordinates as a measure
of divergence between treatment groups. Both of these methods have the advantage
of examining the ecosystem as a whole rather than by single variables. A major
disadvantage of both these multivariate methods (and of many others) is that ail of
the data are usually incorporated without regard to measurement units or the ap-
propriateness of including all variables, even random ones, in the analysis.

Ideally, a multivariate statistical test used for evaluating complex data sets will
have the following characteristics: (i) it will not combine counts from dissimilar
taxa by means of sums of squares, or other ad hoc mathematical techniques; (ii) it
will not require transformations of the data; (iii) it will work without modification
on incomplete data sets; (iv) it will work without further assumptions on different
data types (e.g., species counts or presence/absence data; (v) the significance of a
taxon to the analysis will not depend on its abundance, so rare ta.xa can compete in
importance with common taxa; (vi) it will provide an integral measure of "how
good" the analysis is (i.e., whether the data set differs from a random collection of
points); (vii) it will, in some cases, identify a subset of the taxa that serve as reliable
indicators of the physical environment. To our knowledge, only one multivariate
technique (nonmetric clustering) satisfies all these criteria.J""
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In this paper, we use ANOVA (with INDs) and three multivariate techniques to
search for meaningful patterns in data from a SAM toxicity test using the wa:er solu-
ble fraction (WN'SF) of Jet-A turbine fuel. Jet-A is one of the most widely available
aviation fuels, and, tecause of its stringent manufacturing specifications, is an ex-
cellent choice for evaluating the effects of a complex organic toxicant on a
multispecies system. The multivariate techniques include two conventional tests
based on the ratio of multivariate metric distances (Euclidean and cosine of the vec-
tor distances), and one relatively new procedure, nonmetric clustering and associa-
tion analysis."9) All three of the multivariate techniques have proven useful in 0
analyzing complex ecological data sets.f.10-')

2. Materials and Methods

2.1 Reagents
All chemicals used in the culture of the organisms and in the formulation of the

microcosm media were reagent grade or as specified in the ASTM protocol."'
Glassware for the preparation of the WSF of Jet-A was washed in nonphosphate
soap, rinsed, soaked in 2N HCI for at least I h rinsed ten times with distilled water,
dried, and autoclaved for 30 min. Jet-A was provided by Fliteline Services of Bell-
ingham, Washington, U.S.A., and refined by Chevron. The sample was obtained 0
from the sample valve used for quality control and water sampling to prevent con-
tamination by the refueling apparatus. The shipment lot was recorded and is on file.
-Microcosm medium T82MV was used for extracting the soluble fraction of Jet-A.
Twenty-five ml of Jet-A were added to a I L separatory funnel containing 1000 ml
of T82MV medium. For I h, the mixture was repeatedly shaken for 5 min and al-
lowed to stand for 15 miin. The mixture was then allowed to stand overnight. The
following day all but the upper 100 ml of the T82MV/WSF mixture was drained
into a clean, sterile I L amber glass bottle and capped with a Teflon-lined screw cap.
The WSF was used within 24 h or stored at 4°C for no longer than 48 h.

2.2 Gas chromatography of WSF
A gas chromatographic analysis of the WSF was carried out using a Tekmar

LSC 2000 purge and trap (P&T) concentrator system in tandem with a Hewlett-
Packard 5890A gas chromatograph and a flame ionization detector (FID).(,"sl In-
strument blanks and deionized, distilled water blanks were used to verify the
cleanliness of P&T and GC columns prior to analysis of the WSF samples. A 5 ml
sample was injected into a 5 ml sparger, purged with prepurified nitrogen gas for I I
min and dry purged for 4 min. Volatile hydrocarbons, purged from the sample and
collected on the Tenax/Silica gel column, were desorbed at 180°C directly onto the
SPB-5 fused silica capillary column (30 m x 0.53 mm, ID 1.5 pm film). The column
was held at 35°C for 2 min, increased to 225 0 C at 12°C/min, and held at that tem-
perature for 5 min. A Spectra-Physics 4290 integrator was used to record the FID
signal output of the volatile hydrocarbons that were separated and eluted from the

f
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column by molecular weight.

2.3 Short-term toxicity tests
In order to determine the appropriate WSF concentrations to be used for the

SAM microcosm, a series of short-term toxicity tests were performed. These includ-
ed 96 h algal growth inhibition tests using three species of algae (Chlamydamonas
reinhardii, Ankistrodesmusfalcatus, and Selenastrurm capricornutum) and a 48 h
Daphnia magna acute toxicity test.

The test algae were grown in a semi-flow through culture apparatus on the
microcosm media T82MV and collected during log-phase growth for inoculation
into the test flasks. Five hundred ml Erlenmeyer flasks were used as test chambers.
Each test chamber contained 100 ml of the following treatments (reps = 2/treat-
ment): 0 (reference), 6.25, 12.5, 25, 50 and 100% WSF. All dilutions of the WSF
were made using T82MV. The test organisms were added at a concentration of ap-
proximately 3.0 x 10' cells/ml. Test mixtures were incubated at 20.0 0 C ± 1.00C,
with a 12:12 h light/dark cycle. Cell densities were determined every 24 h during the
96 h test pet-iod using a Neubauer counting chamber. The cell numbers were plotted
against the WSF concentrations. If possible, a least-squares regression line was
drawn and the ICs0 (concentration resulting in 50% inhibition compared to the con-
trol) was determined. Significant differences between groups were determined using
ANOVA.

Daphnia magna 48 h acute toxicity tests":&) were conducted using T82MV
medium at concentrations of 0, 6.25, 12.5. 25, 50 and 100% WSF (reps = 2/treat-
ment). Ten neonates were placed in 250 ml beakers containing 100 ml of test
solution. After 24 and .48 h, the numbers of dead cells were recorded. Data were
analyzed graphically and statistically to obtain an estimate of the EC,0.

2.4 SAM toxicity rest
The 63-day SAM protocol"' was modified to allow dosing with the WSF. The

WSF was added on day 7 by stirring each microcosm, removing 450 ml from each
container, and adding WSF to produce concentrations of 0, 1, 5, and 15% WSF.
The final volume was readjusted to 3 L using T82MV. N'o' attempt was made to filter AY1
and retain the organisms withdrawn during the removal of the 450 ml prior to addi-
tion of the toxicant. All graphs and statistical analyses began with the next sampling
day (day 11). Table I summarizes the organisms, conditions and modifications used
for the Jet-A experiment.

2.5 Data analysis
The variables that were measured or calculated included the numerical densities

for each species, dissolved oxygen (DO), DO gain and loss, net photosyn-
thesis/respiration ratio (P/R), pH, algal species diversity, algal biovolume, and
biovolume of "available" algae (i.e., available for consumption by filter feeders).",
The ANOVA INDs"' and the average values for each variable were plotted by treat-
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ment group against time to identify significant differences. In addition, three
multivariate clustering and significance tests were used to determine dose/'response
relationships. Two of the clustering procedures were based on the ratio of metric
distances (Euclidean and cosine of vectors) within treatment groups vs between
treatment groups. The third test used nonmetric clustering and association
analysis.""

The biotic parameters used for the multivariate analyses are listed in Table 2.
Treating each sameple on a given day as a vector of values, x = (xl • x.>, with one
value for each of the measured biotic variables, allows Euclidean distance between

two sample points x and y to be computed as:

,'Z (x, - y,.

The cosine of the vector distance between x and y can be computed as: 0

X,yi

Subtracting the cosine from one yields a distance measure, rather than a similarity 0
measure, with the measure increasing as the points get farther from each other.

The statistical significance of the metric clustering results was calculated using

Table 2
Biotic parameters used in the multivariate statistical tests.

A nabaena
A nkistrodesmus
Chlamrydomonas
Chlorella
Daphnia

Ephipia
Small Daphnia
Medium Daphnia
Large Daphnia

Hypotricha (Protozoa)
Lyngbya
Miscellaneous sp.
Cyprnotus (Ostracod)
Philodina (Rotifer)

Scenedesmus
Selanastrum
Stigeoclonium
Ultohrix

Derived variables (e.g., diversity) %ere not used because they are not independent.
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the within-between (WIB) ratio and an approximate randomizatioh test. 9" For
each date, one sample point x was obtained from each of six replicates in the four
treatment groups, giving a 24 x 24 matrix of distances. After tile distances were
computed, the ratio of the average within group distance (W) to the average be-
tween group distance (B) was computed (WIB). If the points in a given treatment
group were, on average, closer to each other than they were to points in a different
treatment group, then this ratio will be small The significance of the ratio was esti-
mated using an approximate randomization test.292 This test is based on the null
hypothesis that assignment of points to treatment groups is random, the treatment
having no effect. Accordingly, the test repeatedly (500 times) assigned the 24 points
randomly to (pseudo) groups and calculated the WIB ratio. If the null hypothesis is
false, the randomly derived WIB ratio will be larger, on average, than the WIB
ratio obtained from the actual treatment groups An estimate of the probability
under the null hypothesis was obtained as (n + 1)/(500 + 1), where n was the
number of times the random WIB ratio v.3s less than or equal to the actual WIB
ratio.

In the nonmetric clustering and association test, the data were first clustered in-
dependently of treatment group, using the computer program RIFFLE."` Because
the clusterin6 :-alysis is naive to treatment group, the clusters may, or may not cor-
respond to treatment effects. Under the null hypothesis, there should be no associa-
tion between the clustering and the treatment groups. To test this hypothesis, the

association between c!ust.:rs and treatment groups was me-_ured in a 4 x 4 con-
tingency table, each point in treatment group i and clusterj being counted as a point
in frequency cell ij. Significance of the association in the table was then measured
with Pearson's X` test.:'I

*(N,, - ,)
S n,

N.,N,.

",n-, N

where N, :z the a%.tual cell cou.. ',, is the expected cell frequency obtained from the
row (N.,) and column (N,.) marginal totals; and .V is the total cell count (i.e , 24).
The significance (probability under the null hypothesis) for this value of x' was com-
puted using standard procedures."'-

3. Results

3.1 GC anal vsis
The results from the GC analysis of the WSF are shc'in in Fig. 1. Immediately

after the WSF was added to the SANIS, approximately 50-60 peaks were
distinguishable in the highest tre3:ment group (150,' V,'SF). By the end, f the experi-
ment, virtually all of the peaks had disappeared from the water column, probably
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Water Soluble Fraction JS.4-A 63 Days

A B

Fig. 1. Trap and purge GC chromatogram from the 15% WSF treatment group showing initial (Day

11) and final (Day 63) peaks.

due to volatization, photooxidation, biotransformation, and biodegradation.

3.2 Short-term toxicity tests
None of the 96 h acute algal toxicity tests indicated significant growth inhibition

or enhancement correlated to treatment. However, the 48 h D. magna tests in- 0
dicated that concentrations of 10-50% WSF caused Daphnia mortalities of 50-
100%. The graphically derived ECso was approximately 7% WSF (Fig. 2). There-
fore, we expected that the highest concentration in the SAM experiments (15%
WSF) would adversely impact the Daphnia populations shortly after the toxicant ad-
dition. 0
3.3 SAM univariate results

Daphnia population growth in the reference and lowest treatment group was
similar throughout most of the experiment (Fig. 3). As expected, however, both of
the higher treatment groups showed inhibition of Daphnia populations. In Treat-
ment 3, the Daphnia populations (especially small Daphnia) started increasing on
day 14. Treatment 4 did not show a major increase in the populations until day 17,
and the population peak was not reached until after day 30.

' I I II II III II0
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Fig. 2. 48-h acute Daphnia toxicity tests results for the WSF of let-A.
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Fig. 3. Daphnia magna densities from the SAM toxicity test of the WSF of let-A.
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Early algal blooms were observed in Treatments 3 and 4. (Fig. 4) Fig--@ .-.e?'
On day 21 the peak algal density in Treatment 4 was approximately four Le-. times
that of the reference. These increases were most likely due to reduced survival and
reproduction in the Daphnia populations in the first few weeks of the experiment.

At the end of the experiment the average Cyprinotus (ostracod) density in the
reference was approximately twice that of Treatment 4 (Fig. 5), and the population
densities of other treatment groups were ranked in a dose/response manner. The
ranking was consistent from day 49 onward. Because of the high sampling variance,
the IND plots did not indicate any significant differences between treatments.
Similarly, by the end of the experiment Philodina (rotifer), which were relatively un-
common throughout the experiment, were less numerous in the reference compared
to Treatments 3 and 4. Again, because of the large sampling variance, the IND plots
did not show any significant differences (Fig. 6).

The P/R ratio, measured by changes in daytime and nighttime DO concentra-
tions, exhibited a dose: response relationship early in the experiment, with
Treatments 3 and 4 being significantly different from the reference (Fig. 7a). The pH
also responded in a dose/response manner to the addition of Jet-A. During the ear-
ly part of the experiment (during the algal blooms), pH was significantly higher in

Tro.we 1 (0 P( mU VVWF TmrnYem 3 is Pem e Wv'

.. .. .. .

Tr.inwi 21 0PORinu WSF)) TF§WM 4 (Is Pgt9M W5n
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Fig. 4. Algal densitis from the SAM toxicity test of the WSF of Jet-A.
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Fig. 5. C'prinotus densities from the SAM toxicity test of the WSF of Jet-A.
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Fig. 6. Philodina densities from the SAM toxicity test of the WSF of Jet-A.

0

the two highest treatment groups than in the reference (Fig. 7b). On day 49 a second
deviation from the reference was detected. No significant differences in pH were ob-
served among the treatment groups by the end of the experiment.
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Fig. 7. Photosynthesis/respiration ratio and pH values from the SAM toxicity test of the WSF of Jet- •
A. Upper (INDU) and lower (INDL) limits of significance are shown as dashed lines.

3.4 Multivariate results
The significance levels for the three multivariate tests performed for each sampl-

ing day are graphed in Fig. 8. All three tests indicate that there were significant
differences (p _> 0.95) between treatment groups from day 11 through day 2S, and
again from day 46 through day 56. No consistent differences were observed from
day 28 to day 39 and on days 60 and 63.

I I I I0
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Fig. 8. Significance levels of three multivariate statistical tests (cosine vector. Euclidean vector, and
nonmetric clustering) for the SAM toxicity test of the WSF of Jet-A.

In Fig. 9, the average cosine distances between the reference group and each of
the three treatment groups are plotted on a log scale. The initial effect of the WSF
dosing (day I I to day 25) is apparent in the large distances between Treatment I and
Treatment 4. Treatment 3 starts out distant from Treatment 1, but subsequently
moves closer to the reference. The period of no significant differences (day 35 to day
46) is also obvious: none of the groups are especially far apart. During the second
period of significant differences (day 46 to 56) a perfect dose/ response relationship
for all three treatments is seen, with higher doses becoming more distant from the
control.

Using nonmetric clustering, we were able to list the variables that were the most
important for separating the treatment group clusters for each day that measure-
ments were collected (Table 3). This list shows that the specific variables that were
most important for clustering changed over time. In addition, the number of
variables used for clustering decreased from approximately 5-7 important variables
on days 11-25 to <4 important variables from day 23 until the end of the experi-
ment.

4. Discussion

Our examination of individual variables provided only a limited, and somewhat
distorted view of the SAM response to Jet-A. The univariate data analysis did
indeed show that there were some significant responses to the toxicant, especially
during the first few weeks when the Daphnia populations declined and the algal



48 Environmental Sciences, 2, 3 (1993) 000-000 W. G. Land's et al.

.0IC

13100

Tmmn I o0*'fi

STmabrtrit I to Tnsnunt 2
0 Tmourtw I to TraWurU 3

10 15 20 25 30 35 40 46 50 55 so 65

Tilme (Days)

Fig. 9. Cosine distance from Treatment I to each at the remaining treatments for each sampling day.
Smaller cosine distances indicate greater similarity between treatments.

populations peaked in the two highest treatment groups. However, the responses
were scattered, and did not present a consistent pattern. Furthermore, the "signifi-
cant" responses were actually gross aberrations of the microcosm, signifying wild

Table 3
Variables determined to be important in generating nonmetric clusters. Variables are listed in order of
decreasing rank.

Day Important cluster variables (in rank order)
I I M. Daphrnia, Chlorella, Chlamnydamona.s, Ulothri,. S. Daphnia, Selana~strum, Scenedesmus
14 S. Daphna.a MI. Daphnia-Selenastrum', Chiam~vdamona~s, Chlorella. L. Daphnia.

A nkistrodesmus
18 Ankistrodesmus, S. Daphnia. Chlorella, Chlamvydomona~s. Selanstnim. L. Daphnia
21 Ankistrodesmus, S. Daphnia, L. Daphnia-Nt. Daphni,a Scenede~smus
25 Scenedesmus. S. Daphnia. L. Daphnia. Chiorella. Philodina. M. Daphnia
28 Ankistrodesmus. L. Daphnia, Scenedesmus
32 S. Daphnia, MI. Daphnia, Ankistrodesmus, Chiorella,
35 Ankisrodesmus
39 N1. Daphnia-Selenastrum. Clyprmnot us-A nkistrode~smus
42 MI. Daphnia. Cyprinotus, Scenedesmus
46 Scenedesmus, Ankistrodesmu~s, S. Daphinia. MI. Daphnia
49 Chlorella. Philodina, A nkistrodesmus, Lyngbya
53 Ankisirodesmus, Cyprinotus, Chiorella
56 MI. Dophnia-Scenedesmus. Ankisrodesmus. L.Yngbya
60 Lyngbya. M. Daphtnia, Philodina. ChlorelIa
63 Chlorella. Ankistrodesmus. Philodmna, C~vprmnotus

'Hyphen between variables denotes equa) rank

-- --- -
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swings in a taxon's population density. The confirmation of gross responses to a tox-
icant does not p:ovide much more insight into the effects of the toxicant in an
ecosystem than do short-term, single-species tests.

The multivariate statistics suggest a much more complex pattern of multiple
divergences and convergences in the similarities between treatment groups. Much as
an ecosystem could be expected to display the rise and fall of species assemblages,
the SAMs appear to indicate that the first diveigence'was only the beginning of a
series of responses.

The list of variables (Table 3) suggests that the first divergence, which occurred
from about day I I through day 32, resulted from predictable predator/prey interac-
tions between Daphnia and algae. Theoretically, this divergence should be
characterized by the following properties: (i) it should be fast, because the algae and
Daphnia populations were introduced into the microcosm after being cultured in op-
timal laboratory conditions, in artificially high (and unstable) densities; (ii) it should
be short-lived, because the populations are unstable in the nutrient-rich, early suc-
cessional microcosm; (iii) there should be a tendency for the microcosms to drift
away from their early treatment responses (especially because the WSF is essentially
gone from the microcosms within a few days after its introduction) into more com-
plex communities based on interactions between the remaining biotic constituents.
This first divergence is the only type of response that is normally searched for in

microcosm tests using conventional statistics, and is the response typically reported
in SAM experiments.' 0 ''"

The second divergence occurred from about day 46 through day 60. During this
time, other secondary consumers (e.g., Cyprinorus and Philodina) joined Daphnia
and various algal taxa as being important in cluster development (see Table 3). The
second divergence, therefore, may represent the long-term effects of the initial toxi-
cant on a successionally more mature community. If so, the second divergence will
be strongly influenced by detritus quality. Detritus is conditioned by bacteria and
fungi, which are highly sensitive to toxins, but are not measured in the microcosm.
Detritus that has passed through the gut of a consumer (e.g., Daphnia) is different
from detritus that originates directly from unconsumed, dead algae. Therefore, the
quality of the detritus may be highly affected by the treatment, but none of the fac-
tors influencing it are measured directly. Secondary consumers of detritus and
bacteria (e.g., rotifers and ostracods) are no less affected by the quality of their food
source than algal consumers, so the treatment-related alterations of the quality of
detritus and bacteria will cause differences in the secondary consumer populations.

Because this effect would occur late in the microcosm experiment and would be
difficult to detect using univariate statistics, it would be easy to misinterpret as noise
or as the effecs of a degradation product.

Multiple divergences may also be explained without invoking direct impact of
unseen biotic components of the system. The hypervolume defined by the
multivariate data set for each treatment group may simply be moving in various
directions and pass through the hypervolume of another treatment group at an ins-
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tant in time. When viewed during that time, the two groups would appear similar
(or to have "recovered"). In reality, this similarity is only a momentary confluence.

Taken separately, none of the biotic variables measured in the SAM experiment
could clearly identify the second divergence. Even pH, a variable with a low sampl-
ing error, did not consistently distinguish the second divergence. Without corrobora-
tion, the few pH values that fell outside the INDs late in the experiment would prob-
ably have been considered outl'"rs. However, the three multivariate analyses 0
demonstrated a clear, significant dose/response relationship for both the first and
second divergences. Nonmetric clustering was also able to select the variables that
were important in distinguishing the four treatment groups, although the variables

contributing to the differentiation changed from sampling day to sampling day
(Table 3). These data suggest that reliance upon any one variable (e.g., Daphnia, or
an index of variables, probably would have missed the second divergence. The im-
plications are important. Currently, only small sections of the ecosystems are
monitored and a heavy reliance is placed upon so-called indicator species. Our data
suggest that such a practice could produce misleading interpretations because the
best indicator species will most likely change over the course of an experiment a
season, or site, etc.

In summary, we found at least two divergences between the similarities of treat-
ment groups for the WSF of Jet-A. Multivariate analyses were crucial in identifying
these patterns; conventional univariate statistics provided only clues. Furthermore,
the complexity of the multivariate responses showed that reliance upon any par-
ticular set of indicator species may be misleading in determining the effects of
stressors upon biological communities.
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Clustering Without a Metric
Geoffrey Matthews and James Hearne

Abstract-We describe a methodology for clustering data in which a predictions about samples from the data set. Further, we believe
distance metric or similarity function is not used. Instead. clusterings are that it is particularly important in exploratory data analysis
optimized based on their intended function: the accurate prediction of situations to ft the data without distorting the data, and our
properties of the data. The resulting clustering methodology is appUcable,
without further ad hoc assumptions or transformations of the data methodology therefore eschews all preprocessing of the data
1) when features are heterogeneous (both discrete and continuous) and by, for example, normalization, substitutions for missing point-
not combinable, 2) where some data points have missing feature values, values, or elimination of outliers.
and 3) where some features are irrelevant, i.e., have large variance but We take the distance metrics and functions, used in traditional
little correlation with other features. Further, it provides an integral
measure of the quality of the resulting clustering. We have implemented clustering, to be ad hoc solutions to the problem of fitness bias,
a clustering program. RotFL, in line with this approach, and experiments and inappropriate to most real world data analysis situations.
with synthetic and real data show that the clustering is, In many respects, Because we do not use distance functions, many of the prob-
superior to traditional methods. lems of metric-based clustering do not arise. For instance, real

Index Terms-Clustering, cluster validity, multivariate data. proximity scientific data sets are often heterogenous, or mixed, in their
indexes, unsupervised learning, types. Some features of a data point may be categorical, others

binary, and others real valued. To create a distance metric for

1. INTRODUCTION such feature spaces introduces more ad hoc assumptions, or,
worse, transforms the data to fit the analysis procedure. Secondly.

T HE goal of data analysis is the discovery of a model which incomplete data, i.e., data in which some or all points have
fits the data. Statistical tools to accomplish this goal can missing values for some features, is common in real data sets.

differ in two ways: First, analysis tools differ in the kind of To use a distance metric on incomplete data requires some
model which they fit to the data. For example, regression attempts assumptions about the missing values, such as substitution of
to fit a linear subspace to the data points. Ordination attempts the mean, which again is a gross distortion of the original
to fit a linear order to the data points. Clustering attempts to data. Thirdly, metric-based clustering cannot distinguish between
fit the data with a finite number of clusters, or subpopulations, important features, and those features in the data set which are
each with distinct properties. We call this choice of model for noisy but which have no connection with the underlying cause
an analytic tool its model bias. Second, analysis tools differ in and effect that determines the bulk of the other feature's values.
the criteria used for goodness of fit. Regression typically seeks to Such "nuisance" features typically have to be filtered from the
minimize the sum of the squared distances of the data points from data set in advance of the clustering process. Finally, a measure of
the regression subspace, but other measures, such as absolute clustering quality is often not used, or is used separately from the
value or a weighted sum, can be used. In clustering, the fitness clustering procedure itself. A clustering quality measure indicates
criterion is usually the minimization of intracluster distance andsimutanousmaxmiztio ofinte-clste ditane. he ias not just which model fits "best," but provides some guidance on
simultaneous maximization of inter-cluster distance. The bias "how good" the fit actually is. This is critical. for instance, inof the clustering procedure is then dependent on the distance deciding whether the data is better fit by two clusters. or by

function or metric used. We call this feature of an analysis tool
its fitness bias. three clusters. Our methodology, however, incorporates a single

We propose here a clustering methodology with a novel measure of the utility of a clustering which 1) is meaningfully

fitness bias. Our approach makes the clustering procedure easier definable for continuous and discrete, ordered and unordered,

to interpret and also leads to improved performance in some feature types, 2) automatically ignores missing values in the

domains. Our rationale for the fitness bias is our concern for data set, 3) automatically filters nuisance variables out of the

the uses of exploratory data analysis, and not an a priori eventual clustering, and 4) provides an integral measure of the

judgement about similarity measures for data points. We assume quality of the clustering. Further, our approach is nonmetric

that scientific data analysis is concerned with the patterns of (or, in statistical terms, nonparametric) in that our measures

cause and effect implicit in the data, and an appropriate analysis rely on the ordering of numeric data, but not the numeric

tool ought to be biased towards this in its model. In particular, distances.

a clustering methodology will attempt to find subpopulations of We use our measure of utility, called nonmerric fitness (NMF)

the data such that the observed data are highly contingent on and described below in Section II-C, to guide a heuristic search

the subpopulations. An optimal model of the data will be one over partitions of the data, seeking a globa .naximum. This

which maximizes the predictability of data values, conditioned approach is similar to conceptual clustering approaches to pattern

on the subpopulations. Our methodology thus maximizes the recognition (1], in that the proposed usefulness of the clustering

utility of the clustering, i.e., it attempts to minimize errors in is an important factor in its fitness. Our approach is also similar
Bayesian clustering [21, because we try to maximize the pre-

Manuscript received August 15. 1989; revised August 23, 1990. This work dictability of the actual data values, given the model. However,
was supported in pan by the City of Bellingham. WA. and the Institute for the system in [2] makes metric assumptions, that we do not.
Watermhed Studies. Western Washington University.

The authors are with the Department of Computer Science. Western in assuming that the underlying distributions are multivanate
Washington University, Bellingham. WA 98225. Gaussian. Many of the tree-classifier systems [31-[5] use fitness

IEEE Log Number 9040947. measures similar to NMF, but in classifier systems (using super-
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vised learning) instead of a clustering system (using unsupervised P,3 P 2
learning) such as ours. 1 0 I,

Formal background for the approach is described below in - o ,
Section II. Details of an implementation in the program, RIFFLE, -- -------

are described in Section III. A comparison of its performance I- 1 -

to that of the k-means clustering algorithm is described in 0- 1 2 1-

Section IV-A, and some of the results of using the program on p". --0 5 P.

real world data are summarized in Section IV-B. 0 U 2

2 2 1 -----

1 2 2 3
II. FORMAL Ta! .•rr EA TM E

0 2 0
A. Clusterings ,_._,___ "

We assume the data constitute a set of I points, D0 Fig. 1. A hypothetical frequency matrix for three features, pl, p 2. and p3,
{x, : i = 1 -- -,1} each of which is an ordered K-tuple, where each with three possible discrete values. The frequency counts are entered in

K is the number of features, z, = (Zn,,' *", rK). The features each cell, and the label for a typical cell illustrated.
themselves will be named P1,.. . , P'. The data can thus be
viewed as a collection of I points in a K-dimensional space,
the feature space. Each of the K features can be continuous or highest frequency. In other words, choose k such that fP 1 A^P.p

3

discrete, and may or may not have further structure, such as a is a maximum, which we denote: max, (,pi^pp) In Fig. 1,

natural zero or a natural unit (as in count data). Further, for each
feature, "missing" or "unknown" can always be the value of a we have fP^AP2ApJ = 0, f!p^Ap3 = 2, and fPAP•A•P3 = 5,

point, and so we should predict X3 = P,, and expect to be right about

A clustering of a data set D is a partition C of D into some 5 out of 7 times.

number J of subsets, the clusters C 1,'"., Cj. The C, are mutually If we make predictions for an entire collection of points, then
exclusive and jointly exhaustive of D. Each data point x, E D our expected total correct percentage, in predicting P3 on the

is given a number j E {1,. --- ,J} which is the number of the basis of P' and P', would be

cluster to which x, is assigned, and has no ordinal significance. E,. maxk (f , )
We arbitrarily designate this feature, cluster-number, as the zeroth Correct ( Pt. p 2 } = JPAPAP

feature, so that the cluster-number for a data point x, will be N
written x,o and x,o = j iff zx E C. P0 will then be another where N is the total number of samples.
name for cluster-number. Generalizing to an arbitrary number of dimensions. an attempt

to predict P*, with values Pk,, conditioned on knowledge of
B. Proportional Reduction in Error a set of other features {P' : i E S}, S C {1 ... k - 1. k +

We take the goal of a clustering to be accurate prediction 1..... K}, with values P,, is estimated to be correct with

of feature values for data points. We view cluster-number as probability

simply another feature, and so we seek a quantitative measure of
how well one or more features aid in the prediction of another. , maXk, (f(A,ES
This is given by an estimate of the reduction in error achieved Correct(P• {P : i E SJ}) =
when using knowledge of the features, as opposed to prediction

in ignorance. The measure we use is a generalization to an If. on the other hand, we attempt to predict the value of a

arbitrary number of features of Guttman's A for two-dimensional sample on a feature P' using no information at all about the

cross-classification tables, which is extensively discussed in the values of other features, then we can do no better than use the

literature [61-[101. The measure itself is only applicable to most common value of p', i.e., P,, where E"f(A, P:,)^,P,
discrete features; our extension of it to clustering continuous
features will be described in Section ll-B-2. is a maximum, which we denote: max,,, (E, f(A,, P,,) A^P",)

1) Discrete Features: Consider the case where we are at- (The sums involved here are just the marginal totals of the
tempting to predict the value of one feature, P3 , on the basis frequency matrix.) If we use this for a guess, then our estimated
of knowledge of two others, Pt and P2 , and suppose that each probability of a correct prediction will be
of these features has three possible values, PI takes on values

Pt', P', and P,' and similarly for P` and P3. With an adequate max,,,
data set, we can obtain accurate frequency counts fp'A•'ýp•j of orreftAP, Pk

the number of times a sample obtains values P,,, P,,andP Correct,(P
each i, j, and k. In other words, To obtain a measure of improvement based on these estimated

* A, P = ."X = PkH probabilities, we can use the extent to which conditioning our

IpPp• - J predictions reduces error. The expected error rate in an uncon-

See Fig. 1 where, for example, fP^AP2APp = 2. ditioned prediction is

Now suppose for a particular data point x, we know x, = P Error(P•) = 1 - Correct(Pl)
and X2 = P,", and wish to predict X.3 Clearly, we can do no and the expected error rate in a conditional prediction is
better than look at all the frequency counts, for samples with the
same values on P' and P', and choose the value of P3 with the Error(P*I{P': i E S}) = 1 - Correct(P*I{P': i E S}).
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and the proportional reduction in error (PRE) is

PRE(P&I{P' : i E S)) Error(Pk) - Error(P I{P' i E S})
Error(Pk)

~ (mxl~~ P,)A:,))- mx~~(~",ESP:,) A p)

N - max"' (F"'(A P:')Ph)

As a concrete example, we can calculate this quantity for the 3) If k and k' are independent, then A is 0. but rot necessarily
frequency matrix of Fig. 1, with the predicted feature, k 3, and vice versa.
the known features S = {1, 2} as follo. s: 4) A is unchanged by permutations of rows or columns.

N = 39 2) Continuous Features: To measure PRE on continuous fea-
tures, discrete values are calculated from the continuous ones.

,5fpý^ .^p = 13 The range of the feature is subdivided into J connected regions.
"J,• and the discrete value of the continuous feature is the number
S'of the region it falls into. This is justified by the observation

fp = 10 that a clustering procedure. as a consequence of its model bias.

"produces only a finite number J of clusters. Even with a perfect
fp'A^pý,p = 16 clustering, feature predictions will be coarse, limited. for eachI.1 feature, to one predicted value for each of the J clusters. On

maxk • fP'AP2AP3 = 16 our model, we assume that each cluster will. accordingly, be
J associated with a single. connected subrange of each feature.

S=63 1For each J-clustering and for each continuous feature k. we
Correct (PJ) = 16/39 . 41% choose J - 1 split-values. sk.. < ... < s ,_j, and then define

maxk fP'APJAPJ = 5 the discrete value for each sample x, as
I I k

maxk fP A p.APk = 2 discretek(X,) =.j iff s:_, < .r,k <.
maxA. fPI^p2^pA = 2

I 3 = where, for completeness. we can take si,, = min. x.,) and

maxk .fPI^PI^pk = 2 = max,(x,k) + 1. For example. with two clusters there will

mawX fp'^p-^P = 3 be a single split value and each data point will haxe either a
2 2 "high" or a "low" value for each continuous feature. With three

maXk fplp PAP = 2 clusters, there would be "'high.* "'medium." and low'" values.

maxk fP'AP^AP =5 (More complex subsets could be imagined, but would greatlv
3 1 kincrease the complexity of the algorithm and, we believe, would

maXk fp•^AP^AP = 2 find little use in practice.)

maXk fP'AP^AP = 3 In any computation of PRE involving a continuous feature, it is
3 3 k understood that PRE is the maximum. over all such sets of split

Zmaxk fp^^pA, P = 26 values, of the proportional reduction in error calculated in the
,* usual way. Calculating such a maximum may involve a search

Correct(P 3 1{ P1. P1}) = 26/39 2 67% over all candidate split values, or split values can be selected

26- 16 heuristically (as in our implementation. Section lIll. and these
PRE(P 31{ P', P.}) = 39- 1--6 43. used as an approximation to the optimal split values.

In other words, the prediction of P1 in ignorance will be correct C. A Nonmetric Measure of Clustering Fitness
41% of the time, the prediction of P 1 using P1 and P` will be The measure of error reduction PRE. defined abo,.e. can be
correct 67% of the time, and so we can expect to be wrong used to define a measure of clustering fitness. The goodness of
43% less often when we use PI and P: in the prediction of P" fit of a clustering is determined by how well feature values can
(assuming our sample is representative of the population), be predicted using the clustering. Suppose. for example. we have

If the set {P' : i E S} contains only a single feature, then we a sample x, not part of the original data set, and %,e know only
write PRE(PkIP') for PRE(P&I{P, : i E S}), and PRE(P&IP) = its feature values on the features in a given set. {P' : z E S }, nind

Apsp&, Guttman's A. Some properties of A [61 are we want to predict a feature value x:. with .j 5 . Using a given
1) A lies between 0 and 1, inclusive, except when the entire clustering of the data in this prediction is a two phase process.

population lies in a single cell of the table, in which case First, the cluster-number for x. i.e.. x0 , is guessed. using the
it is indeterminate, known feature values, and then the value of x, is guessed. using

2) A is 1 if and only if all the population is in cells no two x0.The fitness of a clustering, therefore, can be measured by
of which are in the same row or column. calculating PRE(PI{P' : i E S}) and PRE(PJI P'). (We can, of
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course, calculate PRE(PJI{P1 : i E S}) directly, but that answers P1 p1

a different question, regarding the intercorrelations of the features 1
with each other. Here we seek an evaluation of the fitness of a
clustering.) In a given clustering problem, we do not generally .
know j and S in advance, i.e., we do not know which features
will be used in the prediction task. In fact, we take it to be p

2  "2
part of the clustering task to determine which features can be 1 1 x

used successfully in prediction. A data set, in other words, may ------------ 2-2
be well clustered in some features, but also contain spurious or * 2
noisy features which have little relation to the clusters, and which .2.
could never be predicted accurately. (a) ib)

This leads to the following definitions. The nonmetric
fiessFig. 2. An example data set (a) to be clustered using nonmetc fitness.

Pe i (NM}, is the a vclustera nge value retof all te s ofeathe f m Optimal clustering and split values are shown in (b. The point labeled "X"
{P' : i E S1, is the average value of all terms of the form cannot be successfully clustered and will be assigned arbitrarily to cluster I
PRE(PO[{P' : i E S'}) and of the form PRE(P'IP 0), where or cluster 2.
S' c S and j E S. A particular feature set (it need not be
unique), for which NMFs is a maximum is called an optimal
feature set for C, and its nonmetric fitness is denoted simply by On the other hand, if the point labeled -X" is assigned to

NMF. The fitness bias of our clustering methodology is toward cluster 2, then

clusterings with maximum NMF. PRE(P°IP') = PRE(P'IP') 1.0
The introduction of the set S into our definition of clustering

fitness, and the sets S' C S, permits further refinements in the
notion of clustering fitness. Let the cardinality of S be ISI. If we but
restrict ISI to be strictly less than the total number of features, R (10 + 6) - 10
'SI < K, we will obtain a clustering evaluated on a subset of PRE(P71P2)0 - 1 = 6/7

features. Our fitness bias will then not only seek fit clusters, but (10+6)- 11
will seek the best features for those clusters, resulting in "data pRE(P 2 IPo) - 17 - 51 =/6.
reduction" on both the points (by grouping them into clusters) 17- 11

and on the features, but filtering out all but ISI of them. On the In both cases, then, the NMF value will be (1 + 1 + 6/7 +
other hand, if we restrict the size of S' in the definition of NMF (5/6))/4 z 0.89. The point labeled "*X". therefore, can be
we can control the amount of interdependence between features assigned arbitrarily to either cluster, and both of the resulting
used to define the clustering. Setting IS'I = 1, for instance, clusterings are optimal. Any attempt to overcome this problem
requires the clustering to fit each feature in S independently with the "X" point by adjusting the split values will create more
of the others. Setting JS'J = 2 allows two-feature interactions, problems than it solves, because more of the other points will then
but excludes possible higher-order dependencies among features fall into one of the "troublesome" quadrants. This example also
from consideration. (Both of these restrictions are provided as illustrates how maximization of PRE simultaneously on several
user options in our implementation, Section III.) The size of different features, by adjusting their split values as well as
the optimal feature set ISj is called the number of significant the clustering, is necessary to achieve good fitness. Clustering
features, and the size of interactions allowed, 1S.7, is called the one-dimensional, continuous-valued data on our criterion is a
interaction-level, degenerate case, as any split value at all will give an NMF of

To illustrate the measure of clustering fitness, and as well 1.0 when cluster-numbers are selected to match discrete feature-
the concomitant selection of split values to maximize NMF, values, and so we require ISI 2 2.
consider the two-dimensional data of Fig. 2(a). We seek an
optimal clustering into two clusters, with IS = 2 (all features
are significant), and IS'J = 1 (the interaction-level is one and III. IMPLEMEN'rAnoN
we attempt to cluster on features independently). In Fig. 2(b) We have implemented our methodology in a computer program
an optimal clustering and the two split values (dashed lines) are called RIFFLE, which is best described as a series of nested
shown. The split values allow us to view the continuous features searches. The outermost loop searches for the best number

0 as discrete; each point will have either a "high" or "low" value of clusters (J > 2) simply by finding the best clustering for
on each feature, and consequently belong uniquely to one of the each number (in a user-specified range). and comparing the
four cells of the frequency matrix. Points labeled 1 and 2 are NMF values for each. One of the advantages of using NMF

clustered perfectly, because their value on any one feature P0 evaluations of clusterings is that fitness measures for clusterings
(cluster-number), P1 or P-, determines the values on the other with different J can be meaningfully compared. NMF is a
two. The point labeled "X", however, is more difficult. If it isassined o custe 1, henmeasure of prediction accuracy, and whether one is predicting

assigned to cluster 1, then two values (high versus low) or three values (high. medium, or

PRE(P 01P2) = PRE(P 2IP0 ) = 1.0 low), counts of correct and incorrect guesses can be compared
(see Section IV-A-6, below).

but The next level of search, given a fixed number of clusters
J, is for the best cluster-numbering, i.e.. assignment of points

PRE(P 0IP') 5 (10 + 6) - 11 = 5/6 to clusters. Since a clustering is a partition of the points, the
17- 11 number of possible clusterings is S(1. J) (Stirling numbers of

PRE(P'IP'3 ) (10 + 6) - 10 = 6/7. the second kind. [11, pp. 90-911), which prohibits exhaustive
17- 10 search. Instead, we begin with a random ascignment of each
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point to one of the J clusters, and then execute a hill-climbing Then the time complexity of our algorithm is on the order of

search for improvements. R. H • P . Q + S. For the most common case, interaction level

Currently this is done by reassigning a single point to a K' = 1, and with K < I, this reduces to Q(H•. I. 2. K). The

different cluster, recalculating NMF, and comparing the new size of H is difficult to predict, and in the worst case will be

fitness with the old. If any improvement is found, the point is exponential (JP), but in practice we have found the search to

left with its new cluster-number, otherwise the point is given converge quickly to a local maximum. Letting the interaction

its old cluster-number. In either case, other points are then level K' increase greatly increases the complexity, because of

examined to look for further improvement. Any time a point Lhe large number of possible interactions among features, but we

is successfully reassigned. all other points are then reexamined have found in practice that an interaction level of one works well

for possible further reassignment. This process continues until even with dependent features (see Section IV).

no improvements can be found by single-point reassignments, The user input to the program consists of:

indicating we have reached a local maximum in NMF values. - The data.
To avoid local maxima, the search may be repeated a number * The number of features K.

of times starting from a different initial random clustering. The * The type, continuous or discrete, of each feature.

number of repetitions necessary is, of course, domain dependent, • The minimum and maximum number of clusters to be

but in practice we have never found more than about 50 to be examined.

necessary. • Optionally, the size of the optimal feature set. Default: the

Nested within the search for optimal cluster-numbers is the total number of features.

evaluation of NMF, which involves a search for the optimal * Optionally, the interaction level. Default: one.

feature set and optimal split values for any continuous features in * Optionally, the number of times to repeat the search. De-

that set. User input relevant to this is the optimal feature set size fault: no repeats.

ISi = K' and the interaction level JS'J = K'. If the interaction The user can request some or all of the following output,

level is one. then for each feature P*, we evaluate all terms of for each number of clusters between the input minimum and

the form PRE(pkP"I) and PRE(POIPk) and average these to give maximum, or for only the number of clusters with the best NMF:

a "score" for P'. If the interaction level is greater than one, all - The cluster numbers for each point.
terms of the form PRE(PkIPJ) and PRE(P 0IS') are computed, * The NMF value for the clustering.
for all sets S' with JS'[ = K'. Each feature P* is then given a * The features in the optimal feature set.

score by averaging all terms in which it appears, either as the * The split values for each numeric feature in the optimal
predicted feature or as a member of the set S'. In either case, feature set.
those K0 features with the highest scores are selected to form • The PRE values for each feature individually with respect to

the optimal feature set. which in turn is used to compute NMF. the clustering.
(For K' > 1 this procedure is heuristic, and optimality is not * Means and variances for each cluster, for numeric features.
guaranteed.)

Finally. nested within the search for optimal features and IV. EvALUATON OF RIFFLE'S PERFORLMANCE

calculation of NMF. is the search for optimal split values for

the continuous features. Although there are infinitely many sets A. Monte Carlo Studies 0
of split values, there are only finitely many that make a difference
to a given data set. If J - 1 split values are sought for a total of I In this section we compare the performance of RIFFLE to

points. J - 1 distinct points can be selected and their feature k-means clustering, a standard clustering procedure with good

values used as the split values. An exhaustive search would performance on Gaussian data. We compare their ability to

therefore require examining B(I, - 1) (binomial coefficient, recover clusters in data generated by Monte Carlo methods

I objects taken J - 1 at a time) choices of points for split values, from two or more distinct distributions. We count the number

Currently, our implementation avoids this search by using another of "correct" and "incorrect" classifications by the algorithms

hill-climbing search. The data is sorted, in each feature, before on the basis of the distributions that actually generated the

the main loop of the procedure begins, so that initial split values points. Since the distributions have some degree of overlap, no

can be selected at the quantiles of the data (medians for two procedure based solely on the data could correctly determine

clusters, quartiles for four clusters, etc). At each iteration, these the originating distribution for every point, and so an "optimal

values are adjusted up or down by one data point (in sorted order) algorithm" was used to obtain a lower bound on accuracy.

and the NMF recalculated. If improvements are found. the new Optimal clustering was done by assigning each data point to

split values are retained, otherwise not. its most likely originating cluster, using the known distributions

The time complexity of our implementation, for a fixed number that generated the data points. The optimal algorithm therefore
is not a clustering algorithm but serves only to obtain a lower

of clusters, can be computed as follows. Let bound on the misclassification rate. For the RIFFLE algorithm.

I = Number of points, the interaction-level was set to one, so that features were treated
J = Number of clusters. as independent. For the k-means algorithm. squared Euclidean
K = Number of features. distance was used.
K = Interaction level. 1) Two-Dimensional Gaussian Clusters: In our first test. we
R = Number of repeated searches called for s50. generated two-dimensional Gaussian data in two subpopulations
H = Average length of the hill-climbing search. (similar to the data used in [12]), with subpopulation means

P = Number of PRE values to compute per NMF evaluation = along the x = y diagonal, and at several different separations

B(K. K'). in means between the two subpopulations. The separation in
Q = Time to compute each PRE value = I. J"'. means ranged from one to five times the standard deviation of

S = Time to sort feature scores =K lcgK tach subpopulation about its own mean a. (The tvo subpopu-
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Fig. 3. Examples of synthetic two-dimensional data sets used in Monte Carlo
tests. (a) Gaussian data and (b) boomerang data.

50
Fig. 5. Three-dimensional "cigar-shaped" data. In two dimensions the data
are similar to Fig. 3(a). The points are randomly distributed in the third

40 - IRFFLE dimension.

-------------------- -means
Error 30 ..... Optimal

Rate

( ) 20

- /

10

04 *
30 4a 3a" 2a a

Separation in Means

Fig 4. Relative degradation of performance of RIFFLE. k-means, and optimal
algorithms on two-dimensional Gaussian data. Errors increase for all three

as the means of the two subpopulations are brought closer together. The
separation in means is measured in terms of the standard deviation of each
subpopulation about its mean.

lations each had the same variance.) One hundred points were Fig. 6. Clustering of the cigar-shaped da'a from Fig. 5 by the k-means

generated in each experiment, with fifty in each cluster. For each algorithm. Metric proximity dominates the clustering procedure, and the

parameterization the experiment was duplicated ten times, with cigar-shaped structure is not recovered.

different random number seeds, to obtain reasonable standard
errors for the misclassification rates. A typical data set for this
experiment is plotted in Fig. 3(a). Results for the RIFFLE and
k-means algorithms, and the optimal reclassification scheme, are
plotted in Fig. 4. In general, both algorithms performed well on
Gaussian data.

2) Addition of Nuisance Features: A long-standing problem
for many clustering algorithms [11, pp. 108-1111 comes in the
form of "cigar" shaped data, as illustrated in Fig. 5. Metric
based clustering algorithms, which seek hyperellipsoidal clusters.
typically break the cigars in half. as illustrated by the k-means
clustering in Fig. 6. Clustering by RIFFLE. however, shown in

Fig. 7, preserved the cigar shapes by placing more importance
on the good fit of the clustering in two of the dimensions, and
less importance on a poor fit in the third.

Data sets similar to the one in Fig. 5 were generated using
the two-dimensional Gaussian data sets from the last section.
with separation of means equal to 20". The cigar shape was
crthseparatedtbyintrodn g ofmean d equa 2a.ne f gature wtha s Fig. 7. Clustering of the cigar-shaped data from Fig. 5 by the RIFFLE algo-
created by introducing a third, "nuisance" feature, with values rithm. Because the indicated clustering fits well ,ith two dimensions, the
for the points randomly distributed over a range. The range of random third dimension is ignored.

the nuisance feature varied from zero to four times the separation
in means on the first two features. In Fig. 8 the performance of k-
means is seen to degrade very severely as the range of nuisance feature increases in range, it dominates the other terms in the
noise increases. This is to be expected, since, as the nuisance distance metric. The performance of RIFFLE. however, degrades
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Fig. 8. Relative degradation of performance of RIFLE, k-means, and optimal Fig. 10. Relative perfcrmance of RIFFLE. k-means, and optimal algorithms
algorithms on three-dimensional, cigar-shaped data sets similar to that of on two-dimensional boomerang data similar to that in Fig. 3(b). The angle
Fig. 5. In these data sets the overlap in the first two dimensions was greater. between the two linear subpopulations varied from -/4 to RI. IFFLE'S •
and the range of the randomized third dimension was increased from zero to performance is equal or superior to that of k-means for most angles except
four times the separation in means in the first two dimensions, the degenerate case of a straight line (7,).

50 a common origin. They tend to cluster along two different linear
subspaces of the feature space, resulting in "boomerang" shaped

40 -RIFFLE data, such as seen in Fig. 3(b). To simulate such data. two line 0
- -- K-means - - segments were used. The "reference" line segment was selected

Error 30- - -- Optimal parallel to the x-axis. Points from one cluster were scattered
Raro 3uniformly along this line, with added Gaussian noise in both

the x and v dimensions. The second line segment was placed at
,7 20 - several different angles to the first, from 7-/4 to -. and points

- -- - ...... from the second cluster were scattered uniformly alone its length. •

0 _---- ........ with identical Gaussian noise in x and v. A typical data set for
ir/2 is shown in Fig. 3(b).

0__ Error rates fork-means and RIFFLE on these data sets are plotted
0 25 50 00 in Fig. 10. For angles close to 7-/2 RIFFLE outperformed k-means.

Percentage of Points with a Missing Value The reason for this is that a distance metric clustering, forced to
cluster into two groups. will usually lump most of the points at

Fig. 9. Degradation of performance of RIFFLE, k-means, and optimal algo- the "bend" of the boomerang into the same cluster. However. in a 0
rithms on two-dimensional Gaussian data similar to that in Fig. 3(a). The
percentage of points which had one missing feature value was increased from clustering by RIFFLE. split-values close to the bend are preferred
zero to a hundred. The k-means algorithm required some distortion of the data because that gives each cluster a high PRE value on at least one
in order to be usable: a substitution of the mean value for the missing values feature, resulting in one "horizontal" cluster and one "vertical"
was used. and led to rapid degradation in performance. No preprocessing of cluster. In Fig. 11, clusterings by k-means (a) and RIFFLE (b)
the data was necessary for the RIFFLE procedure. and its degradation was less for a typical boomerang data set are shown. This figure may
severe. f -

be compared to Fig. 3(b), where the "true" subpopulations for 0
the points are given. If there is no marked difference between

little because the fitness is nonmetric, and a good clustering in the linear trends of the clusters, however, as when the angle
the first two features will dominate a clustering based primarily approaches zero or -.,. the performance of RIFFLE breaks down.
on the third feature, regardless of its range. 5) Categorical Data: Categorical data was simulated with

3) Incomplete Data: The same two-dimensional Gaussian various numbers of binary features. Two subpopulations were
data sets, with separation of means equal to 2a, were also defined by randomly choosing a single, discrete probability value
modified by taking a percentage of the points and marking one or probk for each feature, giving the probability that a sample from 0
the other of their two feature values as "missing." RIFFLE required subpopulation one would have a "0" value on that feature. The
no special treatment for missing values, since, with interaction- probability that a sample from subpopulation two would have a
level one, each feature is examined independently of the others "0" was then set at 1 - probk. The experiment was repeated
and a missing feature value is ignored in the calculation of for a number of features varying from 3 to 8. Results for
PRE for that feature alone. However, since the standard k-means both algorithms are in Fig. 12, where it can be seen that their
algorithm requires complete data sets, substitution of the mean performances are similar. •
value was used for missing values when running k-means. The 6) Recovering the Number of Clusters: While the "true" num-
performance of the two algorithms on this data is presented in ber of clusters in a data set is an ambiguous notion, we nev-
Fig. 9. As the percentage of points with a missing value increases, ertheless attempted to assess RIFFLE's performance in this area
the performance of k-means degrades more rapidly than RIFFLE. with synthetic data sets similar to those in [Il]. Three data sets

4) Boomerang Data: Many data analysis situations involve were generated, one with strongly clustered points, one with
clusters of points that are non-Gaussian. One common situation weakly clustered points, and one with unclustered (randomly
is when two populations represent different etiologies, but with distributed) points. Points were scattered over the unit hypercube •
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(a) (b)

Fig. 11. Clusters generated by k-means (a) and RIFFLE (b) for boomerang data similar to that in Fig. 3(b). K-means clustering puts all the points at the
"bend" in a single cluster because they are near each other in the metric. The RIFFLE clustering, however, separates the data into two subpopulations, each
of which fits well with a particular dimension: one horizontal population and one vertical population.

40 - RIFFLE

- - - K-means
Error 30- --- Optimal

*Rate

20- - -,,- - - - -

10-

too

0 I

*3 4 5 6 7 8
Number of Features

Fig. 12. Relative degradation of performance of RIFFLE. k-means, and optimal algorithms on binary categorical data. The number of binasr% features
was varied from three to eight.

in five dimensions. For the clustered points, four subpopulation- The first was Fishers's "iris" data [14]. consisting of two sepal
centers were randomly selected. The strongly clustered points and two petal measurements from 150 irises. 50 from each of
were normally scattered about these centers with a standard three species. We first attempted to recover the "true" number of
deviation of 0.01 in each dimension (no covariance); the weakly clusters from the data. The NMF fitness values for each number
clustered points were scattered about the same centers with a of clusters from two to twelve are plotted in Fie. 14. which
standard deviation of 0.1 in each dimension. These three data sets shows a clear peak at three. This compares favorably to the
were each clustered into two to twelve clusters by RIFFLE, and modified Hubert F' index [15] and the fuzzy hypervolume and
the resulting fitness values are plotted in Fig. 13. For the strongly density indexes [16]. which have been tested on the iris data,
clustered data. a clear peak is seen at the correct number, four, and which indicate three clusters. The Davies-Bouldin index,
while for the weakly clustered data, a slight peak is still seen at however, does not seem to indicate a preference for any number
the correct number. This compares well to the Davies-Bouldin [15]. Using three as the correct number of clusters, we compared
index and the modified Hubert r index, which are plotted for RIFFLE and k-means clustering. Each :orrectly reclassified 134
similar data sets in [11, pp. 186-1881; both of these indices out of 150, or 88% of the irises.
indicated four clusters in the strongly clustered data, but showed The second real world data set was the "SOX" data set from
a slight preference for three clusters in the weakly clustered data. [11], consisting of eight features extracted from 45 handwritten

In the plot for random data in Fig. 13, a tendency toward better characters, 15 each of "8", "0". and "X". Fitness values for this
fitness values for larger numbers of clusters can be observed. data are also plotted in Fig. 14. but they do not reveal a clear
This is the well known problem of "over-fitting" a model, which peak. We believe this is due to the small number of data points
plagues all data analysis situations. If necessary. a penalty for in We ble thi is due to the alnumer i O data pOints
larger numbers of clusters could be introducedo perhaps along are not well separated. Assuming, however, that each character
lines suggested in [131, but we have not found this necessary represents a "true" cluster, we compared RIFFLE and k-means
in practice. clustering on this data set. RIFFLE correctly reclassified 37 out of

45, or 82%, of the characters while k-means correctly reclassified
B. Real World Data only 30 out of 45, or 67%.

1) Known Clusters: We presented two real world data sets 2) Unknown Clusters: In collaboration with colleagues, we
with known properties to RIFFLE and to the k-means algorithm, are also applying RIFFLE to many ongoing problems in the
to see if they could recognize the originating subpopulations. analysis of real world data sets. In each case the program has
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Fig. 13. Fitness values generated by RIFFLE for synthetic data with five features. Data which was strongly or weakly grouped into four subpopulations
show a peak in fitness at four. Random data do not result in such a peak.

05 luted" and "unpolluted" clusters based solely on data involving
counts of macroinvertebrates found at the sites, regardless of

U-4 season. Again, other analysis tools failed to do this.

03 V. CONCLUSION
We have proposed an approach to clustering based on the

.J principle that clusters should be selected to maximize their actual
utility in predicting feature values, not ad hoc measures of sim-
ilarity in feature space. We have defined a quantitative measure

0 -1 - Iris of this utility, called nonmetric fimess. which 1) is applicable
-- o- Sx to both discrete and continuous features, 2) can automatically

.0 ignore some or all noisy but irrelevant features. 3) can cluster
2 3 3 6 8 9 0 10 11 12 incomplete data without assumptions about the missing values,

Number of Clusters and 4) provides some guidance in regard to the correct number

Fig. 14. Fitness values for the iris data set and the 8OX data set, for varying of clusters. We have also implemented a clustering procedure.
number of clusters, as determined by RIFFLE. For the iris data. a peak is seen RIFFLE, using nonmetric fitness, and tested it on synthetic and
at three. For the 8OX data set, no clear peak was identified, indicating that real world data. We compared the performance of RIFFLE to
the data are not as well clustered. k-means clustering and illustrated several cases where RIFFLE

was superior. We are currently using RIFFLE. in collaboration

created "meaningful" clusters, in some cases revealing previously with domain experts. in exploratory data analysis on real world
unsuspected facets of the data to experts. In a year-round ecolog- problems, where it has proven a valuable adjunct to traditional
ical study of a northwestern monomictic lake 11.71, f18), RIFFLE statistical tools. We hope that our work will stimulate the creation

meaningfully clustered both the physical-chemical features and of other clustering algorithms based on such fitness measures, as

the phytoplankton species data. The physical-chemical data well as the use of these measures in other disciplines and data

were separated into epilimnion, hypolimnion, and thermocline analysis tools.
samples, even though data points were collected from three basins R--C
of the lake with quite dissimilar physical characteristics, and RFERENCES
throughout the year. The phytoplankton samples were separated (11 R. S. Michalski and R. E. Stepp, "Learning from observation: Con-
into summer versus winter samples, as these were the most ceptual clustering." in Machine Learning, An Artificial Intelligence
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Notes

1 Statistical Programming Primer

* For this minicourse we will be using SPSS on a mainframe
computer (called NESSIE), a few specialized statistical pro-
grams written in GWBASIC, and an ASCII text editor called
EMACS. Becoming proficient in all these programs is be-
yond the scope of this course. Therefore, I have listed the

* programming commands that you will need for each exercise.

Commands that you type are written using this font: type.

Variables that you name are written using this font: name.

0 The workbook also contains special EMACS and NESSIE
command subsections that list the most important com-
mands you will be using. If you get lost, refer to the ap-
propriate subsection, or ask your instructor.

1.1 SPSS

We will be using SPSS in "batch" mode. In batch mode,
SPSS instructions are contained in command files (called
"filename.com"); data are contained in a separate data file
("filename.dat"); and output is produced in list files ("file-
name.lis").

Here is how SPSS works: you write command and data files
just like any ASCII text document. No computations are
started until you submit the command file to NESSIE. When
you submit the command file, NESSIE turns on SPSS, SPSS
executes the command file instructions (including accessing
the data file) and sends the results back to your directory on
NESSIE as a .lis file. This process is illustrated in Figure 1.
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Figure 1. Summary of SPSS file creation, execution, and output. 0

0
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Terminal used to read
SPSS output.
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1.1.1 SPSS sample data file (iris.dat)

For most of our practice problems we will be using a simple
multivariate data file containing 50 sepal and petal width
and length measurements from each of three species of iris
(R.A. Fisher, "The use of multiple measurements in tax-
onomic problems", Annals of Eugenics 7:179-188, 1936).
Your NESSIE account contains a copy of iris.dat (listed be-
low). Appendix A includes copies of all! the output files, and
Appendix B includes a summary of the patterns in the iris
data.

iris.dat:
1 5.1 3.5 1.4 0.2 1 4.9 3.0 1.4 0.2 1 4.7 3.2 1.3 0.2 1 4.6 3.1 1.5 0.2 1 5.0
3.6 1.4 0.2 1 5.4 3.9 1.7 0.4 1 4.6 3.4 1.4 0.3 1 5.0 3.4 1.5 0.2 1 4.4 2.9
1.4 0.2 1 4.9 3.1 1.5 0.1 1 5.4 3.7 1.5 0.2 1 4.8 3.4 1.6 0.2 1 4.8 3.0 1.4
0.1 1 4.3 3.0 1.1 0.1 1 5.8 4.0 1.2 0.2 1 5.7 4.4 1.5 0.4 1 5.4 3.9 1.3 0.4 1
5.1 3.5 1.4 0.3 1 5.7 3.8 1.7 0.3 1 5.1 3.8 1.5 0.3 1 5.4 3.4 1.7 0.2 1 5.1
3.7 1.5 0.4 1 4.6 3.6 1.0 0.2 1 5.1 3.3 1.7 0.5 1 4.8 3.4 1.9 0.2 1 5.0 3.0
1.6 0.2 1 5.0 3.4 1.6 0.4 1 5.2 3.5 1.5 0.2 1 5.2 3.4 1.4 0.2 1 4.7 3.2 1.6
0.2 1 4.8 3.1 1.6 0.2 1 5.4 3.4 1.5 0.4 1 5.2 4.1 1.5 0.1 1 5.5 4.2 1.4 0.2 1
4.9 3.1 1.5 0.2 1 5.0 3.2 1.2 0.2 1 5.5 3.5 1.3 0.2 1 4.9 3.6 1.4 0.1 1 4.4
3.0 1.3 0.2 1 5.1 3.4 1.5 0.2 1 5.0 3.5 1.3 0.3 1 4.5 2.3 1.3 0.3 1 4.4 3.2
1.3 0.2 1 5.0 3.5 1.6 0.6 1 5.1 3.8 1.9 0.4 1 4.8 3.0 1.4 0.3 1 5.1 3.8 1.6
0.2 1 4.6 3.2 1.4 0.2 1 5.3 3.7 1.5 0.2 1 5.0 3.3 1.4 0.2 2 7.0 3.2 4.7 1.4 2
6.4 3.2 4.5 1.5 2 6.9 3.1 4.9 1.5 2 5.5 2.3 4.0 1.3 2 6.5 2.8 4.6 1.5 2 5.7
2.8 4.5 1.3 2 6.3 3.3 4.7 1.6 2 4.9 2.4 3.3 1.0 2 6.6 2.9 4.6 1.3 2 5.2 2.7
3.9 1.4 2 5.0 2.0 3.5 1.0 2 5.9 3.0 4.2 1.5 2 6.0 2.2 4.0 1.0 2 6.1 2.9 4.7

1.4 2 5.6 2.9 3.6 1.3 2 6.7 3.1 4.5 1.4 2 4.6 3.0 4.5 1.5 2 5.8 2.7 4.1 1.0 2
6.2 2.2 4.5 1.5 2 5.6 2.5 3.9 1.1 2 5.9 3.2 4.8 1.8 2 6.1 2.8 4.0 1.3 2 6.3
2.5 4.9 1.5 2 6.1 2.8 4.7 1.2 2 6.4 2.9 4.3 1.3 2 6.6 3.0 4.9 1.4 2 6.8 2.8
4.8 1.4 2 6.7 3.0 5.0 1.7 2 6.0 2.9 4.5 1.5 2 5.7 2.6 3.5 1.0 2 5.5 2.4 3.8
1.1 2 5.5 2.4 3.7 1.0 2 5.8 2.7 3.9 1.2 2 6.0 2.7 5.1 1.6 2 5.4 3.0 4.5 1.5 2
6.0 3.4 4.5 1.6 2 6.7 3.1 4.7 1.5 2 6.3 2.3 4.4 1.3 2 5.6 3.0 4.1 1.3 2 5.5
2.5 4.0 1.3 2 5.5 2.6 4.4 1.2 2 6.1 3.0 4.6 1.4 2 5.8 2.6 4.0 1.2 2 5.0 2.3
3.3 1.0 2 5.6 2.7 4.2 1.3 2 5.7 3.0 4.2 1.2 2 5.7 2.9 4.2 1.3 2 6.2 2.9 4.3
1.3 2 5.1 2.5 3.0 1.1 2 5.7 2.8 4.1 1.3 3 6.3 3.3 6.0 2.5 3 5.8 2.7 5.1 1.9 3
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7.1 3.0 5.9 2.1 3 6.3 2.9 5.6 1.8 3 6.5 3.0 5.8 2.2 3 7.6 3.0 6.6 2.1 3 4.9

2.5 4.5 1.7 3 7.3 2.9 6.3 1.8 3 6.7 2.5 5.8 1.8 3 7.2 3.6 6.1 2.5 3 6.5 3.2

5.1 2.0 3 6.4 2.7 5.3 1.9 3 6.8 3,0 5.5 2.1 3 5.7 2.5 5.0 2.0 3 5.8 2.8 5.1
2,4 3 6.4 3.2 5.3 2.3 3 6.5 3.0 5.5 1.8 3 7.7 3.8 6.7 2.2 3 7.7 2.6 6.9 2.3 3
6.0 2.2 5.0 1.5 3 6.9 3.2 5.7 2.3 3 5.6 2.8 4.9 2.0 3 7.7 2.8 6.7 2.0 3 6.3

2.7 4.9 1.8 3 6.7 3.3 5.7 2.1 3 7.2 3.2 6.0 1.8 3 6.2 2.8 4.8 1.8 3 6.1 3.0
4.9 1.8 3 6.4 2.8 5.6 2.1 3 7.2 3.0 5.8 1.6 3 7.4 2.8 6.1 1.9 3 7.9 3.8 6.4
2.0 3 6.4 2.8 5.6 2.2 3 6.3 2.8 5.1 1.5 3 6.1 2.6 5.6 1.4 3 7.7 3.0 6.1 2.3 3

6.3 3.4 5.6 2.4 3 6.4 3.1 5.5 1.8 3 6.0 3.0 4.8 1.8 3 6.9 3.1 5.4 2.1 3 6.7
3.1 5.6 2.4 3 6.9 3.1 5.1 2.3 3 5.8 2.7 5.1 1.9 3 6.8 3.2 5.9 2.3 3 6.7 3.3

5.7 2.5 3 6.7 3.0 5.2 2.3 3 6.3 2.5 5.0 1.9 3 6.5 3.0 5.2 2.0 3 6.2 3.4 5.4

2.3 3 5.0 3.0 5.1 1.8

1.1.2 SPSS sample command file (iris.com)

$ set verify-noimage
$ spss/nobanner/out=iris .lis

file handle iris/name-'iris.dat'
data list file iris free/ species al ov pl pw
variable labels

sl 'sepal length' /
sw 'sepal width' I
pl 'petal length' /
pv 'petal width'/

set width-80
descriptives variables a 9l sv pl pv
sort cases by species
split file by species
descriptives variables a al sew pl p
execute
finish

1.1.3 SPSS sample output file (iris.lis, edited)

11-Mar-94 SPSS RELEASE 4.1 FOR VAX/VMS
VAX WESTERN WASHINGTON UNIVERSITY
This software is functional through December 31, 1994.
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1 0 file handle iris/name='iris.dat'
2 0 data list file iris free/ species sl sw pl pw
3 0 variable labels
4 0 sl 'sepal length' /
5 0 sw 'sepal width' /
6 0 pl 'petal length' /

7 0 pw 'petal width'/
8 0
9 0 set width=80

10 0
11 descriptives variables = sl s pl pw
12

There are 1,498,144 bytes of memory available.
296 bytes of memory required for the DESCRIPTIVES procedure.
8 bytes have already been acquired.
288 bytes remain to be acquired.

Number of valid observations (listwise) u 150.00
Valid

Variable Mean Std Dev Minimum Maximum N

SL 5.83 .84 4.30 7.90 150
SW 3.06 .44 2.00 4.40 150
PL 3.76 1.77 1.00 6.90 150
PW 1.20 .76 .10 2.50 1SO

Preceding task required .25 seconds CPU time; .61 seconds
13 sort cases by species

SIZE OF FILE TO BE SORTED: 150 CASES OF 40 BYTES
SORT COMPLETED SUCCESSFULLY. FILE SIZE: 12 BLOCKS.
Preceding task required .08 seconds CPU time; .14 seconds

14 split file by species
0 15

16 descriptives variables a al se pl pu
17

There are 1,498,848 bytes of memory available.
296 bytes of memory required for the DESCRIPTIVES procedure.
8 bytes have already been acquired.
288 bytes remain to be acquired.

SPECIES: 1.00
Number of valid observations (listwise) = 50.00

Valid

7
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Variable Mean Std Dev Minimum Maximum N
SL 5.01 .35 4.30 5.80 50
SW 3.43 .38 2.30 4.40 50
PL 1.46 .17 1.00 1.90 50
PW .25 .11 .10 .60 50

SPECIES: 2.00
Number of valid observations (listwise) - 50.00

Valid
Variable Mean Std Dev Minimum Maximum N

SL 5.92 .55 4.60 7.00 50
SW 2.77 .31 2.00 3.40 50
PL 4.27 .48 3.00 5.10 50
PW 1.33 .20 1.00 1.80 50

SPECIES: 3.00
Number of valid observations (listwise) = 50.00

Valid
Variable Mean Std Dev Minimum Maximum N

SL 6.57 .67 4.90 7.90 50
SW 2.97 .32 2.20 3.80 50
PL 5.55 .55 4.50 6.90 50
PW 2.03 .27 1.40 2.50 50

Preceding task required .17 seconds CPU time; .54 seconds
18 execute

Preceding task required .02 seconds CPU time; .02 seconds
19 finish

19 command lines read.
0 errors detected.
0 warnings issued.
1 seconds CPU time.
3 seconds elapsed time.

End of job.
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1.2 SPSS practice problem

* Log on to NESSIE by double-clicking on the Telnet-Nessie

icon and entering your account name and password.

Look at your NESSIE directory by typing:

dir4- (+- means hit return)

Look at the SPSS command file by typing the following
EMACS commands:

emacs iris.com+--

0 Change the name of the SPSS output file from iris.l is to
mryiris.lis

Now look at the SPSS data file by typing:

* A^x At iris.dat4--

(AX means hold down the control key and type x)

Save the revised command file (which is in an EMACS buffer)
and exit EMACS by typing:

Ax AS

^x C

Now submit the SPSS command file to NESSIE:

submit/noprint/notify iris.com4-

This will start SPSS and, hopefully, create a new output file
called myiris.lis

Look at your new output, then quit EMACS and log out:

emacs myiris.lis+-'
AX AC

io4--'

19
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(9EMACS QUICK REFERENCE SHEET

__MEANING KEYSTROKE

Enter EMACS Start emacs editor and edit file named "filemacs file < return >

Cursor Movement By Charcter:
UP p

0 DOWN n
LEFT b
RIGHT

By Page:
UP esc-v
Down "v
LEFT "a
RIGHT "e

By Word:
Backward esc-b
Forward esc-f

Deleting By Character: del
"d

By Word: pc-del
esc-d

By Une: "k
esc-o 'k

By Region: w

To mark the begining of a region press "@
To yank back a deleted region, line, or word press y

Correcting Mistakes To abort a command press "
To reverse changes made in current editing session
To recover from a system crash esc-x recover-file

Search & Replace Start search & replace esc-%
enter string to search for < return >

enter the replacement < return >
The cursor will move to the first occurmnce of the string.
Pressing the spacebar will replace.
Pressing the delete key will skip over it.
Pressing the ! will replace all remaining occurances.

Exiting & Saving Save the buffer that is currently selected "x s
Exit EMACS permanently x"c
Attach the parent process x'z

(This only works in VMS if EMACS was spawned)

Getting More Information Online tutorial "ht
Help features accessed by "h
To bring up a menu of all available help hh "h
To return to document from any help screen x
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1.4 NESSIE commands

When you are logged onto NESSIE, you will see a
prompt.

The most important commands for NESSIE are:

To look at the directory dir4--
To copy a file copy filename +-
To rename a file rename filename +-
To delete a file del filename;*--
To purge old copies of files purge+-4
To view the job queue queue+-•
To check on your account quota quota+--
To get on-line help help+-•
To submit an SPSS command file submit/noprint/

notify filename. com+-•
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2 Data Set Structure

2.1 ASCII data 0

Dat sets come in many forms. Formatting a data file so that
it can be read by statistical software can be a real challenge.

Usually the easiest approach is to write a data file using 0
an ASCII editor. The simplest ASCII data file contains only
numbers and whitespace (no comments, tabs, *, bdl, slashes,
dashes, etc.) in a regular, row by column rectangle. Special
numeric codes (e.g., -99, -88) are used for missing data, be-
low detection values, and non-numeric measurements (e.g.
gender). A typical data file might look like this:

190 1 1.3 -99
210 1 2.1 -99
100 2 7.8 35 0
110 2 9.5 40

If the file is taken from a spreadsheet rather than created us-
ing an ASCII editor some manipulation is usually required
to simplify the data set. The column headings need to be S
removed from the file, as do comments and extraneous nu-
meric values (such as the date). Spreadsheets, word proces-
sors, and computer operating systems (DOS, Unix, VMS,
MacOS, etc.) also place special characters such as 14 or -Z
in the data files even when they are saved as text or ASCII. 0
These special characters (which are invisible in some text
editors) must be removed prior to running SPSS or BASIC
statistical programs.

Data files should be accompanied by description or readme
files that describe the contents of each column. For SPSS,
the command file can serve this purpose, using variable and
value labels to keep track of information that is not in the
data file (e.g., site descriptions, measurement units, etc.)

12
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2.2 Common data set problems

Non-ASCII data:
As discussed above, ASCII data files are much easier
to work with for statistical analyses. If the data were
entered into a spreadsheet (or with a word processor)
that has the ability to export ASCII text, it will proba-
bly be easier to clean up the file using the spreadsheet.
If not, it may end up being easier to reenter the entire
data file using an ASCII text editor. Remember that
most spreadsheets insert hidden characters (tabs, end-
of-lines, etc.) than may not show up on the viewing
screen but will nevertheless crash statistical programs.

Below detection values:
For statistical purposes you need to decide whether
to omit these data, enter a single value such one-half
the difference between zero and the lowest measureable
value, or try to estimate a reasonable distribution of
values below the detection point.

Unbalanced data sets:
Many univariate and multivariate programs require
balanced data sets. Sometimes the only choice is to
leave out the unbalanced variables or average replicates
so that the data are balanced.

Dependent variables:
Dependent variables increase the influence of one envi-
ronmental factor on the statistical results. Sometimes
dependent variables are obvious (e.g. alkalinity and
bicarbonate) and a choice can be made to keep only
one of the variables. Other times, the dependence is
due to subtle ecological relationships (e.g. temperature
and dissolved oxygen) and there is no clear resolution.

13
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Unmeasured variables and random variables:
Variables are chosen based on whether the scientist
thinks the measurement is appropriate, as well as on 0
physical constraints (money, people, equipment, time,
etc.). There is no reason to assume that we always
measure the important parameters. There is no reason
to assume that all measured parameters are important!

Measurement units and commensurability:
Many statistical tests, including the popular X2 test,
are affected by changing units (e.g., from mg/L to
pg/L). In addition, most parametric tests are affected
by differences in the unit ranges for each parameter
(e.g., pH ranges from 6.5-8.0, but bacteria range from
100,000-1,000,000).
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3 Overview of Selected Statistical
Procedures

3.1 Regression/Correlation

Linear regression measures the linear relationship between
an independent variable (X) and one (or more) dependent
variables (Yi). The linear equation, Y = a + ,3X, assumes
that the slope (/0) and intercept (a) are constant. The pro-
portion of total variance in Y that is accounted for by the
best-fit linear equation is called the coefficient of determina-
tion, r2 . The significance of a linear regression is calculated
using the critical value of F (similar to ANOVA), with the
null hypothesis that f3 = 0.

Correlation analysis measures the linear relationship be-
tween two variables that are not necessarily functionally de-
pendent. The strength of this relationship is measured using
the correlation coefficient, r, which is v"2. The significance
of the correlation is determined using the critical value of r,
with the null hypothesis that p=O (p is the population cor-
relation coefficient; r is the sample correlation coefficient).

In both regression and correlation, r will be close to 1.0 if
most of the points lie in a straight line. The more the points
spread out, the lower the value of r. Critical values for test-
ing the significance of r, however, are determined by sample
size. (For a sample of 1000, the critical r is only 0.062!)

3.1.1 SPSS example (iriscorr.com)

$ set verify-noimage
t spss/nobanner/outairiscorr .lis

file handle iris/name='iris.dat'
data list file iris free/ species al sw pi pv

15
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variable labels
sl 'sepal length' /
sw 'sepal width' /
pl 'petal length' /
pw 'petal width'/

set width=8O
select if(species eq 1)

"* This subroutine calculates Pearson's r, Kendall's tau *

"* and Spearman's rho correlations for iris species 1 *

correlate variablesisl sw pl pw
/ format - serial

nonpar corr variablesusl sw pl pw
/format a serial
/printaboth

* The next subroutine plots a scatterplot of *
* sepal length vs sepal width for species I *
se*e*.*s*****e**********.*********e*********ee*

plot / formaturegression
/ title="sepal length vs sepal width"

/ horizontal="sepal width"
/ vertical="sepal length"

/ plot sl with sw

* The next subroutine calculates regression statistics e
* on sepal length vs sepal width for species 1 *

regression / variables a sl sw
/ dependent = 91

/ method - enter sw
/ scatterplot (*sresid *pred)
/ residuals a histogram (sresid)

"* The last subroutine calculates multiple regression for *

"* all flower measurements for species 1 only *

regression
/ variables - sl sw pl pw

/ dependent a sl
/ method a stepwise

execute
finish

16



Notes

3.2 ANOVA/MANOVA

Analysis of variance procedures (t test, ANOVA, and
MANOVA) all use ratios of within-group variance to total
variance to test for significant differences between groups.
The null hypothesis is that the population means are not
significantly different. The significance is determined using
the F statistic, which is the ratio of the averaged group vari-
ance to the non-group variance. The F statistic is compared
to a table of critical F values; F statistics greater than the
critical value result in rejection of the null hypothesis. The
decision to accept or reject the null hypothesis carries a prob-
ability (p) of committing a Type I error, which is rejection
of the null hypothesis when it is actually true.

ANOVA is used to test whether any of the groups are sig-
nificantly different. It is often used in conjunction with a
multiple range test to determine which groups are different
from the others. The multiple range test should not be used
if the ANOVA results are not significant.

The three most important assumptions for using ANOVA
are that the samples were collected randomly, the results are
distributed normally, and the variances are homogeneous.
These three assumptions are rarely met in ecological data,
and most uses of ANOVA rely heavily its ability to perform
despite departures from normality and homogeneity.

17
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3.2.1 SPSS example (irisanov.com)

$ set verify-noimage 0
$ spss/nobanner/out=irisanova. lis
file handle iris/namae='iris.dat'
data list file iris free/ species al sw pl pu
variable labels

al 'sepal length' /
sv 'sepal width' /
pl 'petal length' /
pw 'petal width'/

set width=80

"* This calculates ANOVA and multiple ranges for sepal length,4
"* lists descriptive statistics, and test homogeneity of var. 0

oneway al by species(1,3)
/ ranges - duncan
/ ranges = sank
/ statistics - all

* This calculates a nonparanetric version of ANOVA *

npar tests k-v - al by species(1,3)

"* This calculates multiple analysis of variance for *
"* all four flower measurements by species *

manova 9l sw pl pw
by species(1,3)
/ printahomogeneity(all)
/ power
/ print-signif (elsize)
/ cinterval-multivariate (wilks)

execute
finish
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3.3 Species Diversity

Species diversity is composed of two factors: the number
of species in the population (species richness) and the dis-
tribution of individuals among the species in a population
(species equitability). Changes in species diversity are often
used to look for the effects of pollutants or disturbances at a
site, using the assumption that "clean" sites will have many
different species (high species richness), and a large number
of moderately abundant species (high equitability). Polluted
sites, by contrast, would have low species richness and a few
very abundant species (low equitability).

All of the species richness, diversity, and equitability indices
are influenced by the level of effort that goes into sampling,
counting, and identifying the species. Many of these indices
are particularly affected by the lowest taxonomic level used
for separating taxa (e.g., species, genera, family, etc.)

Some commonly used species richness, species diversity, and
equitability indices are listed below. The numbers corre-
spond to the sample problem results in the next section.

Shannon's index (entropy) = H' - - () ln(QU)

A n.(ni-1)Simpson's index = A = - n(n-1)

NO = S (total # of species in sample)

N1 = eH' (# of abundant species in sample)

N2 = 1/A (# of very abundant species in sample)

El (Pielou's Y') = H, (ratio of H' to maximum H')

E2 (Sheldon's index) =

1
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E3 (Heip's index) =

S-1

E4 (Hill's index) =

E5 (modified Hill's index) = (l/A)-i
eH--i

3.3.1 GWBASIC example (divers.lis)

This example is from the program SPDIVERS.BAS (GW-
BASIC). This program, and many more, are supplied with
the textbook Statistical Ecology by John A. Ludwig and
James F. Reynolds (John Wiley & Sons, New York, 1988).
The program calculates a number of different species rich-
ness, diversity, and equitability indices. It is being run on
the following two data sets:

Data Set 1
Species Abundance

A 500

B 300
C 200

Data Set 2
Species Abundance

A 500
B 299
C 200
D 1
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SPDIVERS.BAS edited output file:

THIS PROGRAM COMPUTES:
1. RICHNESS INDICES

Margalef (RI, Eq. 8.1)
Menhinick (R2, Eq. 8.2)

2. DIVERSITY INDICES
Hill's Numbers (NO,N1,N2, Eq. 8.5)
Simpson's Index (Lambda, Eq. 8.7)
Shannon's Index (H', Eq. 8.9)

3. EVENNESS INDICES
El-ES, Eqs. 8.11-8.15

ENTER abundance data for each species
SPECIES-- 1

? 500
SPECIES_ 2

? 300
SPECIES__ 3

? 200

RICHNESS

NO - 3
R1 = .2895297
R2 = 9.486833E-02

DIVERSITY

LAMBDA - .3793794
H' a 1.029653
N1 - 2.800094
N2 = 2.635884

EVENNESS

El a .9372306
E2 - .9333647

E3 - .9000471
E4 a .9413655
ES a .9087769
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ENTER abundance data for each species
SPECIES-- 1

? 500
SPECIES- 2

? 299
SPECIES-. 3

? 200
SPECIES-- 4
?1 I

RICHNESS

NO - 4
RI a .4342945
R2 a .1264911

DIVERSITY

LAMBDA - .3787808
H' a 1.036355
N1 a 2.818924
N2 - 2.64005

EVENNESS

El - .7475723
E2 - .7047309
E3 a .6063078 0
E4 - .9365452
E5 - .9016594
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3.4 Cluster Analysis

Cluster analysis is a multivariate technique used to find pat-
terns of similarity in groups of samples. Our examples will
use agglomerative clustering (the clusters start small and get
bigger by adding "close" samples) with variations on how dis-
tance is measured between clusters and how the new cluster
center is calculated after two samples are joined.

Most clustering programs are exploratory (they help find
patterns) but not confirmatory (they don't test the signif-
icance of a pattern). Also, clustering programs must use all
of the measured variables in the data set, so the inclusion of
random variables or outliers can have serious consequences.

We will use two distance measures in the SPSS example:

Squared Euclidean distance = - y-)2

Cosine distance --
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3.4.1 SPSS example (irisclust.com)

$ set verify-noimage
$ spss/nobanner/out-iriscluster.lis
file handle iris/name='iris.dat'
data list file iris free/ species s9 sw pl pu
variable labels

sl 'sepal length' / s) 'sepal width' /
pl 'petal length' / pv 'petal width'/

set vidth=80

"* This clusters the iris data using SE distance *
"* with the centroid clustering method *

cluster al sv pl pv
/ plot - dendrogram
/ method 7 -entroid
/ measure - seuclid

*e..e.***********************************************

"* This clusters the iris data using cosine distance *

"* with the average linkage clustering method *

cluster sl sv pl pv
/ plot a dendrogram
/ method = baverage
/ measure cosine

execute
finish
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3.5 Factor Analysis (PCA, COA, etc.)

Factor analysis is a widely used multivariate technique that
attempts to identify new variables (from a composite of the
old variables) that can be used to separate groups. It starts
by computing a matrix of the "similarity" between groups
(PCA typically uses a correlation matrix). The similarity
matrix is usually standardized to center the data around
variable means of 0 and variances of 1. The second step is
to find the linear combination of weighted variable scores
that contains the greatest amount of variance (factor extrac-
tion). The first principal component is the combination that
accounts for the greatest amount of variance. The second
principal component is the combination that accounts for the
next greatest amount to variance and is uncorrelated with
the first principal component. There are as many principal
components as there are variables in the data, and if you use
all of them, you account for all of the variance. However,
the idea is to find a large amount of variance in the first few
principal components, then analyse the factor scores to see
which variables contributed most to each component.

Correspondence analysis is similar in concept; the major dif-
ferences occur in how the data matrix is transformed.

As with all of the other multivariate, parametric statistics,
factor analysis is very much influenced by random variables,
outliers, and subtle changes in the grouping of the data. It
appears to work best on data that have strong linear patterns
in a few frequently measured variables.
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3.5.1 SPSS example (irispca.com)

Some statistical programs allow you to run PCA in either
sampling unit (SU) mode or species (variables) mode (see
GWBASIC example). However, the only "easy" SPSS ap-
proach is to ordinate the variables.

$ set verify-noimage
$ spss/nobanner/outfirispca.lis
file handle iris/name= 'iris.dat'
data list file iris free/ species sl sv pi pv
variable labels

sl 'sepal length' /
sw 'sepal width' /
pl 'petal length' /
pw 'petal width'/

set width-80

* This computes PCA and plots PCI and PCII *

factor varfsl sw pl pw
/ criteria - factors(4)
/ plot a rotation(I,2)

execute
finish
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3.5.2 GWBASIC example (rotate.lis, edited)

The GWBASIC program PCA.BAS (Statistical Ecology by
Ludwig and Reynolds, 1988) allows you to select either
species ordination or SU ordination, or both. However, be-
cause it runs on a PC, it can't handle the entire iris data set,
so the example shown below is for a subset of 20 SUs from
each iris species (named rotate.dat in Disk-i).

The choices are a bit confusing in this program. We will per-
form Option #1 (SU ordination), using the different petal
and sepal measurements are "species". All references tc
species 1-4 translate to (1) sepal length; (2) sepal width;
(3) petal length; and (4) petal width. The program doesn't
plot the output, but this can be done using any standard
plotting program.

PCA.BAS edited output file:

STATISTICAL ECOLOGY: A PRIMER ON METHODS AND COMPUTING
INTERACTIVE BASIC PROGRAM

PCA . BAS

This PROGRAM COMPUTES a PRINCIPAL COMPONENTS ANALYSIS
for THREE COMPONENTS based on SnECIES CORRELATIONS

OPTIONS included are:
Option 0 1. Sampling Unit (SU) Ordination
Option # 2. Species Ordination
Option 6 3. BOTH SU and SPEC-SS Ordination

INPUT your CHOICE of Options (1-3) ? ,

- ----------------- PART I. DATA ENTRY------------
INPUT the NUMBER of SAMPLING UNITS (SUs) ? 60
INPUT the NUMBER of SPECIES ? 4
Specify name of DATA File (e.g., PCA.DAT) ? rotate.dat
Specify DISK DRIVE where located: A, B, C, etc. ? b

- - - PART II. PRINCIPAL COMPONENTS ANALYSIS - - -
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R MATRIX (SPECIES CORRELATIONS) - UPPER TRIANGLE
Correlation between Species 1) and Species

2) = -0.047 3) = 0.825 4) a 0.763
Correlation between Species 2) and Species 9

3) - -0.436 4) - -0.372
Correlation between Species 3) and Species

4) = 0.967

Summary of Eigenanalysis:
PERCENT OF ACCUMULATED 0

EIGENVALUE TRACE % of TRACE

1 a 2.846 71.1% 71.1%
2 a 0.963 24.1% 95.2%
3 a 0.175 4.4% 99.6%
4 u 0.016 0.4% 100.0%

EIGENVECTOR 1 = 0.506 -0.267 0.589 0.571
EIGENVECTOR 2 = 0.436 0.899 0.001 0.034
EIGENVECTOR 3 - -0.706 0.319 0.158 0.612
EIGENVECTOR 4 a -0.235 0.134 0.793 -0.546

SAMPLING UNIT Coordinates on the 1st 3 Principal Components
COMPONENTS

SU I II III

1 -0.283 0.052 -0.015
2 -0.262 -0.079 -0.036 •
3 -0.296 -0.044 0.001
4 -0.288 -0.075 0.005
5 -0.297 0.070 0.004
6 -0.257 0.168 0.011
7 -0.303 -0.003 0.039
8 -0.279 0.022 -0.012
9 -0.293 -0.136 0.008

10 -0.275 -0.056 -0.037
11 -0.270 0.119 -0.028

12 -0.290 0.009 0.010
13 -0.280 -0.086 -0.036
14 -0.330 -0.118 0.013 0
15 -0.274 0.216 -0.048
16 -0.278 0.305 0.020
17 -0.273 0.168 0.007
18 -0.273 0.053 -0.005
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19 -0.237 0.163 -0.039
20 -0.290 0.124 0.022
21 0.134 0.111 -0.078
22 0.090 0.073 -0.007
23 0.151 0.081 -0.064
24 0.046 -0.200 -0.015
25 0.130 -0.016 -0.050
26 0.047 -0.068 0.011
27 0.094 0.090 0.024
28 -0.064 -0.217 0.017
29 0.111 0.013 -0.073
30 0.001 -0.124 0.059
31 -0.020 -0.305 -0.025
32 0.054 -0.007 0.025
33 0.062 -0.193 -0.107
34 0.088 -0.018 -0.009
35 -0.005 -0.051 0.020
36 0.110 0.068 -0.057
37 -0.030 -0.091 0.164
38 0.016 -0.087 -0.043
39 0.143 -0.177 -0.071
40 0.016 -0.147 -0.031
41 0.234 0.096 0.131
42 0.144 -0.082 0.061
43 0.273 0.074 -0.020
44 0.179 -0.003 0.021
45 0.233 0.036 0-052
46 0.34o 0.106 -0.064
47 0.046 -0.189 0.111
48 0.283 0.061 -0.076
49 0.245 -0.072 -0.052
50 0.285 0.225 0.063
51 0.171 0.082 0.040
52 0.197 -0.044 0.001
53 0.234 0.054 0.007
54 0.156 -0.136 0.064
55 0.185 -0.056 0.121
56 0.200 0.077 0.084
57 0.182 0.033 0.007
58 0.305 0.303 0.004
59 0.407 0.019 -0.085
60 0.152 -0.190 -0.044
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3.6 Discriminant Analysis

Discriminant analysis is similar to PCA in that it looks for a S
linear combination of variables that can be used to separate
groups. One important feature is that discriminant anal-
ysis selects the best variables for separating predetermined
groups. Random variables should be less of a problem than
in multivariate procedures that use all variables (MANOVA,
clustering, PCA), but group definition can be tricky. The
variables that you include in the analysis are used to gener-
ate discriminant functions, which are like a set of rules that
help decide which group a sample comes from based on its
variable measurements. You can use discriminant analysis to 0
predict group membership for unknown samples or to check
the group assignments of known samples (this shows whether
the "rules" can reproduce the actual group memberships).

Discriminant analysis tends to overfit the data set, so it
is usually better at confirming group memberships for the
known samples than predicting group memberships of un-
known samples.

3.6.1 SPSS example (irisdisc.com)

$ set verifyfnoimage
$ spss/nobanner/outairisdisc lis
file handle iris/nameu'iris.dat'

data list file iris free/ species sl sw pl pw
variable labels

sl 'sepal length' / sv 'sepal width' /
pl 'petal length' / pv 'petal width'/

set width=80
discriminant groups=species(1,3)

/ variables sl sw pl pw / method = wilks
/ statistics = all / plot

execute
finish
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3.7 Nonmetric Clustering and Associa-
tion Analysis

0
Nonmetric clustering and association analysis is fundamen-
tally different than most multivariate procedures in two
ways: 1) it does not use a multivariate distance measure
to define similarity between groups; and 2) it ranks the vari-
able measurements into "large" and "small" categories rather
than using direct counts or measurements. NCAA follows
the strategy that the best clusters are those that have the
most features in common. This strategy is illustrated in Fig-
ure 2. Here, hypothetical data are shown that are strongly
clustered into two groups in the x and y dimensions (Figure
2a), but the third feature, z is completely random (Figure
2b). Traditional clustering programs, which use all three fea-
tures, are misled by the noise in z to the extent that they
generate two completely incorrect clusters that split the data
along the z axis (Figure 2c). Nonmetric clustering recognizes
that z cannot improve upon the separation provided by x and
y, so it clusters (correctly) on x and y, ignoring z (Figure
2d).

0

0
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3.7.1 RIFFLE demonstration (iris.dat)

R RIFFLE
Version 1.03 Wed Sep 8 07:36:34 PDT 1993

Data file: iris.dat
Clustering 150 points in 5 attributes into 3 clusters using
4 significant attributes and 2 retries.
Attribute Qual Rnkl Vili Rnk2 Val2

sepal-length 0.79 51 6.30 96 5.50
sepal-width 0.51 50 3.20 99 2.90

petal-length 0.85 53 4.80 100 3.00
petal-width 0.82 50 1.60 100 1.00

Average Qual: 0.74

Contingency table:
clusters

50 0 0 1 50
groups 1 39 10 I 50

0 9 41 [ 50

51 48 51
Association analysis (chi-square significance): 1.000000

0
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Figure 3. Scatterplot matrix showing iris data groups and Riffle clusters.
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IRIS. LIS

11-Mar-94 SFP8 RELEASE 4.1 FOR VAX/VMS
Page 1
15:36:11 WESTERN WASHINGTON UNIVERSITY on NESSIE VMS VS.4

VAX WESTERN WASHINGTON UNIVERSITY License Number 20077This software is functional through December 31, 1994.

1 0 file handle iris/name='iris.dat'
2 0 data list file iris free/ species al sw pl pw
3 0 variable labels
4 0 sl 'sepal length' I
5 0 sw 'sepal width, I
6 0 pl 'petal length' I
7 0 pw 'petal width'/
8 0
9 0 set width-80

10 0
11 descriptives variables - sl sw pl pw
12

There are 1,491,144 bytes of memory available.

296 bytes of memory required for the DESCRIPTIVES procedure.
8 bytes have already been acquired.
288 bytes remain to be acquired.

11-Mar-94 SPSS RELEASE 4.1 FOR VAX/VMS Page 2
15:36:12 WESTERN WASHINGTON UNIVERSITY on NESSIE VMS V5.4

Number of valid observations (listwise) - 150.00

Valid
Variable Mean Std Dev Mini-m Maximum N Label

SL 5.83 .84 4.30 7.90 150 sepal length
SW 3.06 .44 2.00 4.40 150 sepal width
PL 3.76 1.77 1.00 6.90 150 petal length
PW 1.20 .76 .10 2.50 150 petal width
11-Mar-94 SPSS RELEASE 4.1 FOR VAX/VMS Page 3

15:36:12 WESTERN WASHINGTON UNIVERSITY on NESSIE VMS V5.4

Preceding task required .25 seconds CPU time; .61 seconds elapsed.

13 sort cases by species

SIZE OF FILE TO BE SORTED: 150 CASES OF 40 BYTES EACH.
SORT COMPLETED SUCCESSFULLY. FILE SIZE: 12 BLOCKS.

Preceding task required .08 seconds CPU time; .14 seconds elapsed.

14 split file by species
15
16 descriptives variables - al sw pl pw
17

There are 1,496,848 bytes of memory available.

296 bytes of memory required for the DESCRIPTIVES procedure.
8 bytes have already been acquired.
288 bytes remain to be acquired.

11-Mar-94 SPS8 RELEASE 4.1 FOR VAX/VMS Page 4
15:36:13 WESTERN WASHINGTON UNIVERSITY on NESSIE VMS V5.4
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IRIS.LIS CONTINUED

SPECIES: 1.00

Number of valid observations (listwise) = 50.00

Valid
Variable Mean Std Dev Minimum Maximum N Label

SL 5.01 .35 4.30 5.80 50 sepal length
SW 3.43 .38 2.30 4.40 50 sepal width
PL 1.46 .17 1.00 1.90 50 petal length
PW .25 .11 .10 .60 50 petal width
11-Mar-94 SPSS RELEASE 4.1 FOR VAX/VMS Page S

15:36:13 WESTERN WASHINGTON UNIVERSITY on NESSIE VMS V5.4

SPECIES: 2.00

Number of valid observations (listwise) - 50.00 0
Valid

Variable Mean Std Dev Minimum Maximum N Label

SL 5.92 .55 4.60 7.00 50 sepal length
SW 2.77 .31 2.00 3.40 50 sepal width
PL 4.27 .48 3.00 5.10 50 petal length
PW 1.33 .20 1.00 1.80 50 petal width
11-Mar-94 SPSS RELEASE 4.1 FOR VAX/VMS Page 6

15:36:13 WESTERN WASHINGTON UNIVERSITY on NESSIE VMS V5.4

SPECIES: 3.00

Number of valid observations (listwise) , 50.00

Valid
Variable Mean Std Dev Minimum Maximum N Label

SL 6.57 .67 4.90 7.90 50 sepal length
SW 2.97 .32 2.20 3.80 50 sepal width
PL 5.55 .55 4.50 6.90 50 petal length
PW 2.03 .27 1.40 2.50 50 petal width
11-Mar-94 SPSS RELEASE 4.1 FOR VAX/VMS Page 7

15:36:13 WESTERN WASHINGTON UNIVERSITY on NESSIE VMS VS.4

Preceding task required .17 seconds CPU time; .54 seconds elapsed.

18 execute •

Preceding task required .02 seconds CPU time; .02 seconds elapsed.

19 finish

19 command lines read.
0 errors detected.
0 warnings issued.
1 seconds CPU time.
3 seconds elapsed time.
End of job.
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IRISCORR.LIS

14-Mar-94 818 RELEASE 4.1 FOR VAX/VNS
Page 1
17:t13:26 WESTERN VOHINGTON UNIVERSITY on NESS!! VMS V5.4

VAX WESTERN WASHNDGTON UNIVERSITY License Number 20077
This software is functional through December 31. 1994.

1 0 file handle iris/names Iiris.dat '
2 0 data list file iris free/ species sl aw p1 pv
3 0 variable labels
4 0 ol 'sepal length, /
5 0 my 'sepal width, /
6 0 p1 'Petal length' /
7 0 pw 'petal width,/
8 0
9 0 set widthu80

10 select if (species eq 1)
11
12 ****************************

13 * This subroutine calculates Pearson's r, Kendall's tau*
14 * and Spearman's rho correlations for iris species 1
15 ****************.***********

16 correlate variables-sl ow p1 pv
17 /format - serial
18

PEARSON CORR problem requires 352 bytes of workspace.
14-Mar-94 SPSS RELEASE 4.1 FOR VAX/VMS Page 2

17:13:29 WESTERN WhSIUnaTON UNIVERSnIT on NEBSlE VMS V5.4

- - Correlation Coefficients--

variable Variable variable Variable

Pair Pair Pair Pair

SL .7425 SL .2672 SL .2781 SW .1777
with U( 50) with N( 50) with N( 50) with N( 50)
SW Big .000 PL Sig .061 1W Sig .051 PL Sig .217

SW .2328 PL .3316
with N( 50) with NC 50)
1W Sig .104 PH Big .019

Sig is 2-tailed, 0.0 is printed if a coefficient cannot be computed.
14-Mar-94 SPSS RELEASE 4.1 FOR VAX/VMS Page 3
17:13:29 WESTRN WASHINGTON UNIVERSITY on NESSlE VMS V5.4

Preceding task required .23 seconds CPU tims; .32 seconds elapsed.

19 nonpar corr variablessal sw p1 pv
20 /format a serial
21 /printaboth
22

p 23
24
25 * The next subroutine plots a scatterplot of
26 * sepal length vs sepal width for species 1
27

There are 1,498,944 bytes of memory available.

*'*' NRKSPACE ALLMN FOR 40154 CASES FOR NCIIPARANETIC CORRELATION PROBLUEM

14-Mar-94 8185 RELE1ASE 4.1 FOR VAX/VMS Page 4
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IRISCORR.LIS CONTINUED

17:13:30 WESTER WmaSNI mT UNIVERSITY on NESSIE VMS V5.4

---- KERND AL L COR REZL ATIO N COE ZFFPIC IE N TS - S
VARIABLE VARIABLE VARIABLE VARIABLE
FAIR PAIR PAIR PAIR

SL .5973 SL .2173 SL .2311 SW .1426
WITH NC 50) WITH N( 50) WITH N( 50) WITH N( 50)
SW SIG .000 PL SIG .022 PW SIG .021 PL SIG .094

SW .2343 PL .2217
WITH N( 50) WITH NC 50)
IV SIG .020 PV SIG .030

. 0 is PINTEDiZ IF A COEFFICIENT CANNOT BE COKPUTEDý
14-Mar-94 SPSS RELEASE 4.1 FOR VAX/VMS Page 5

17:13:30 WESTERN WASHINGTON UNIVERSITY on NESSIE VMS V5.4

S PEZA R MAN CO0RREZL A TIO0N COZF FI C I EN TS -- -

VARIABLE VARIABLE VARIABLE VARIABLE
PAIR PAIR PAIR PAIR

SL .7553 SL .2789 SL .2995 SW .1799
WITH N( 50) WITH NC 50) WITH N( 50) WITH K( 50)0
SK SIG .000 PL SIG .025 PV SIG .017 PL SIG .106

SW .2865 PL .2711
WITH N( 50) WITH NC 50)
1W SIG .022 1W SIG .028

* IS PRINTED IF A COEFFICIDNT CANNOT BE CC86PUED.
14-Mar-94 SPSS RELEASE 4.1 FOR VAX/VMS Page 6

17:13:30 WESTERN WASHINGTON UNIVERSITY on NESSIE VMS V5. 4

Preceding task required .24 seconds CPU time; .40 seconds elapsed.

28 plot / Lormateregression
29 / title-*sepal length va sepal vidthg
30 / bhorisontalmosepal widtho
31 / vertical-*sepal lengtho
32 / plot si with sv
33
34
35
36 * The next subroutine calculates regression statistics
37 * on sepal length vs sepal width for species 1*
38 **************************

There are 1,497,152 bytes of ammory available.

PLOT requires 14984 bytes of workspace for execution.
14-Mar-94 SISS RELEASE 4.1 FOR VAX/VMS Page 7

17:13:30 WESTERN MRSHINGUTO UNIVERSITY on NIBSlE VMS V5.4

40



IRISCORR.LIS CONTINUED

** * 0 * 0 * • • * • * • • 0• • P • L 0 T • * * * • 0 • 0* * * • • * * * •

Data information

50 unweighted cases accepted.

Size of the plots

Horizontal size is 65
Vertical size is 40

Frequencies and symbol& used (not applicable for control or overlay plots)

1 - 1 11 - B 21 - L 31 - V
2 - 2 12 - C 22 - K 32 - W
3 - 3 13 - D 23 - N 3j - X
4 - 4 14 - Z 24 - 0 34 - Y
5 -. 5. 15 - F 25 - P 35 - Z
6 - 6 16 - G 26 - Q 36 - •
7 - 7 17 - H 27 - R
8 - 8 18 - I 28 - S
9 - 9 19 - J 29 - T

10 - A 20 - K 30 - U
14-Mar-94 SPSS RELEASE 4.1 FOR VAX/VNS Page 8

17:13:30 WESTZM WNSINGTON UNIVERSITY on NESSIE VMS V5. 4

sepal length vs sepal width

5.8+ 1 +

21 2l +II
5.6+

1 1I

5.4. 2 1 2

1

1 5 1 1 12 21

n 12 1

gI
t
h 4.8 2 1 2

2

4.6. 1 1 1

4.4. 1 1 1
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IRISCORR. LIS CONTINUED

I 1

4,.2±
R÷ .. ÷ --- ------ ------ ------ ------ ------ ------ ------ + ------.÷.. .÷.. .÷.. .÷.. .÷

2 2.4 2.8 3.2 3.6 4 4.4

sepal width

50 cases plotted. Regression statistics of SL on SW:
Correlation .74255 R Squared .55138 S.E. of Est .23854 Sig. .0000
Intercept(S.E.) 2.63900( .31001) Slope(S.E.) .69049( .08990)
14-Mar-94 SPSS RELEASE 4.1 FOR VAX/VMS Page 9

17:13:31 WESTERN WASHINGTON UNIVERSITY on NESSIE VMS V5.4

Preceding task required .27 seconds CPU tine; .79 seconds elapsed.

39 regression / variables - al sw
40 /dependent - sl
41 / method - enter sw
42 / scatterplot (*sresid *pred)
43 / residuals - histogram (sresid)
44
45
46 ********************************* t***

47 * The last subroutine calculates multiple regression for *
48 * all flower measurements for species 1 only *
49 **********************************************************

Thero are 1,497,728 bytes of memory available.

932 bytes of memory required for REGRESSION procedure.
6880 more bytes may be needed for Residuals plots.

14-Mar-94 SPSS RELEASE 4.1 FOR VAX/VMS Page 10
17:13:31 WESTERN WtSHNGTON UNIVERSITY on NESSIE VMS VS.4

* * * * MULTIPLE REGRESSION *S* * *

Listwise Deletion of Missing Data

Equation Number 1 Dependent VarWbla.. SL sepal length

Block Number 1. Method: Enter SW

Variable(s) ntered on Step Number
I.. SW sepal width

Multiple R .74255
R Square .55138
AdJusted R Square .54203
Standard Error .23854

Analysis of VarianceDF Sum of Squares Mean Square
Regression 1 3.35688 3.35688
Residual 48 2.73132 .05690
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IRISCORR.LIS CONTINUED

F r 58.99373 Signif F w .0000

------------------ Variables in the Equation ------------------

Variable B SE B Beta T Sig T

SW .690490 .089899 .742547 7.681 .0000
(Constant) 2.639001 .310014 8.513 .0000

End block Number 1 All requested variables entered.
14-Mar-94 SPSS RELEASE 4.1 FOR VAX/VMS Page 11

17:13:31 WESTERN WASHINGTOt UNIVERSITY on NESSIE VMS V5.4

** ** MULTIPLE REGRESSION S 1 0 N

Equation Number 1 Dependent Variable.. SL sepal length

Residuals Statistics:

Min Max Mean Std Dev N

*PRED 4.2271 5.6772 5.0060 .2617 50
*ZPRED -2.9757 2.5642 .0000 1.0000 50
*SEPRED .0338 .1069 .0453 .0150 50
*ADJPRZD 4.1586 5.6730 5.0050 .2654 50
*RESID -. 5248 .4443 .0000 .2361 50
*ZRESID -2.1999 1.8625 .0000 .9897 50
*SRESID -2.2270 1.8821 .0019 1.0099 50
*DRESID -. 5378 .4552 .0010 .2460 50
*SDRESID -2.3272 1.9352 .0015 1.0270 50
*MA1QL .0055 8.8551 .9800 1.6399 50
*COOK D .0000 .2056 .0213 .0357 50
*LEVER .0001 .1807 .0200 .0335 50

Total Cases - 50

Histogram - Studentized Residual

NEap N ( l1 Cases, : -Normal Curve)
0 .04 Out
0 .08 3.00
0 .20 2.67
0 .45 2.33
2 .91 2.00 :'

3 1.67 1.67''
2 2.74 1.33 ".

2 4.03 1.00 *
6 5.31 .67 "":'
9 6.26 .33 *****:***
4 6.62 .00 ***
4 6.26 -. 33 ""

9 5.31 -. 67 *****
3 4.03 -1.00 "'.

2 2.74 -1.33 *.
2 1.67 -1.67 ':

1 .91 -2.00
1 .45 -2.33 '
0 .20 -2.67
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0 .08 -3.00
0 .04 Out
14-Mar-94 SPSS RELEASE 4.1 FOR VAX/VMS Page 12

17:13:31 WESTERN WA•GSIUqTON UNIVERSITY on NESSIE VMS V5.4

Standardized Scatterplot
Across - *PRED Down - *SRESID
Out + .-.-.- + --.--.- +------ -----------------

3 + + Symbols:

2!I axN
2 +

• : 2.0

3.0

0
I . . . .

-3! . .
Out.---------------4. 4 -4----------

-3 -2 -1 0 1 2 3Out
14-Mar-94 SPSS RELEASE 4.1 FOR VAX/VKS Page 13

17:13:32 WESTERN WASHING~TON UNIVERSITY on NZSSIE VMS '/5.4

Preceding task required .35 seconds CPU time; .95 seconds *lapsed.

50 regression
51 1/variables- al svpl pw
52 / dependent+l
53 / method a stepwiso

There are 1,497,856 bytes of memory available.

1484 bytes of uemory required for REGRESSION procedure.
0 more bytes may be needed for Residuals plots.

14-Mar-94 SPSS RELEASE 4.1 FOR VAX/VMS Page 14
17:13:32 WESTERN WSHINTON UNIVERSITY on NESSIZE VMS V'5.4

50 U TI LZe ZG ZS 10

Listwis Deletion of Missing Data

Equation Number 1 Dependent Variable.. SL sepal length

Block Number 1. Method: Stepwise Criteria PIN .0500 POUT .1000

Variable(s) Entered on Step Number v
1.. Sw sepal width
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*IRISCORR, LIS CONdTINUED

Vultiple R .74255
R Square .55138
Adjusted R Square .54203
Standard Error .23854

Analysis of Variance
Dr Sum of Squares Mean Square

Regression 1 3.35688 3.35688
Residual 48 2.73132 .05690

7 a 58.99373 Signif 7 - .0000

------------------- Variables in the Equation-----------------

Variable B SE B Beta T Sig T

SW .690490 .089899 .742547 7.681 .0000
(Constant) 2.639001 .310014 8.513 .0000

------------ Variables not in the Equation-------------

Variable Beta In Partial Kin Toler T Sig T

PL .139635 .205156 .968423 1.437 .1573
PW .111299 .161605 .945827 1.123 .2673

and Block Number 1 PIN - .050 Limits reached.
14-Mar-94 SPSS RELEASE 4.1 FOR VAX/VMS Page 15

17:13:32 WESTERN WASHINGTOt UNIVERSITY on NESSIE VMS V5 .4

Preceding task required .13 seconds CPU time; .40 seconds elapsed.

54 execute

Preceding task required .02 seconds CPU time; .02 seconds elapsed.

55 finish

55 command lines read.
0 errors detected.
0 warnings issued.
2 seconds CPU time.
4 seconds elapsed time.

End of job.
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IRISANOV.LIS

11-Mar-94 SPSS RELEASE 4.1 FOR VAX/VHS
Page 1
19:42:56 WESTERN MASHINGTON UNIVERSITY on NESSIE VMS V5.4

VAX WESTERN WASHInGTON UNIVERSITY License Number 20077
This software is functional through December 31, 1994.

1 0 file handle iris,'aame-'iris.dat'
2 0 data list file iris free/ species si sw pl pw
3 0 variable labels
4 0 al 'sepal length, /
5 0 sw "sepal width' /
6 0 pl 'petal length' /
7 0 pw 'Petal width'/
8 0
9 0 set width-80

10 0
11 0
12 0 **************************************************************** 0
13 0 * This calculates ANOVA and multiple ranges for sepal length, *

14 0 * lists descriptive statistics, and test homogeneity of variances *
15 0 * * * * * **** *********** tt********t***t*******

16 oneway sl by species(1,3)
17 / ranges - duncan
18 / ranges - snk
19 / statistics - all
20
21 ****************************************************
22 * This calculates a nonparametric version of ANOVA
23 t

ONEWAY problem requires 374 bytes of memory.

There are 1,490,016 bytes of memory available.

11-Mar-94 SPSS RELEASE 4.1 FOR VAX/VMS Page 2
19:42:57 WESTERN WASHINGTON UNIVERSITY on NESSIE VMS V5.4

-------------- ONEWAY------------------

Variable SL sepal length
By Variable SPECIES

ANALYSIS OF VARIANCE

SUM OF MEAN F F

SOURCE D.F. SQUARES SQUARES RATIO PROS.

BETWEEN GROUPS 2 61.6985 30.8493 106.3508 .0000

WITHIN GROUPS 147 42.6404 .2901

TOTAL 149 104.3389

STANDARD STANDARD
GROUP COUNT MEAN DEVIATION ERROR 95 PCT CONF INT FOR MEAN

Grp 1 50 5.0060 .3525 .0498 4.9058 TO 5.1062
Grp 2 50 5.9160 .5479 .0775 5.7603 TO 6.0717
Grp 3 50 6.5700 .6677 .0944 6.3802 TO 6.7598

TOTAL 150 5.8307 .8368 .0683 5.6957 TO 5.9657
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IRISANOV.LIS CONTINUED

FIXED EFFECTS MODEL .5386 .0440 5.7438 TO 5.9176

RANDOM EFFECTS MODEL .4535 3.8794 TO 7.7819

RANDOM EFFECTS MODEL - ESTIMATE OF BETWEEN COMPONENT VARIANCE 0.6112

GROUP MINIMUM MAXIMUM

Grp 1 4.3000 5.8000
Grp 2 4.6000 7.0000
Grp 3 4.9000 7.9000

TOTAL 4.3000 7.9000
11-Mar-94 SPSS RELEASE 4.1 FOR VAX/VMS Page 3

19:42:57 WESTERN WASHINGTON UNIVERSITY On NESSIE VMS VS.4

- --------------------------------- ONEWAY------------------- ------

Tests for Homogeneity of Variances

Cochrans C = Max. Variance/Sum(Variances) - .5123, P = .003 (Approx.)
Bartlett-Box F a 9.324 , P a .000
maximum Variance I Minimum Variance 3.588

11-Mar-94 SPSS RELEASE 4.1 FOR VAX/VMS Page 4
19:42:57 WESTERN WASHINGTON UNIVERSITY on NESSIE VMS V5.4

--- - ------------------------------------- ONEWAY------------------- ------

Variable SL sepal length
By Variable SPECIES

MULTIPLE RANGE TEST

DNCAN PROCEDURE
RANGES FOR THE 0.050 LEVEL -

2.80 2.94

THE RANGES ABOVE ARE TABLE RANGES.
THE VALUE ACTUALLY COMPARED WITH MEAN (J)-MEAN(I) IS..

0.3808 * RANGE * DSQRT(lIN(I) + 1IN(J))

() DENOTES PAIRS OF GROUPS SIGNIFICANTLY DIFFERENT AT THE 0.050 LEVEL

G GG
r r r

ppp

Mean Group 1 2 3

5.0060 Grp 1
5.9160 Grp 2 *

6.5700 Grp 3 * *

HOMOGENEOUS SUBSETS (SUBSETS OF GROUPS, WHOSE HIGHEST AND LOWEST MEANS
DO NOT DIFFER BY MORE THAN THE SHORTEST
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IRISANOV.LIS CONTINUED

SIGNIFICANT RANGE FOR A SUBSET OF THAT SIZE)

SUBSET I 0

GROUP OrpI
MEAN 5.0060

SUBSET 2

GROUP Grp2
MEAN 5.9160

11-Mar-94 SPSS RELEASE 4.1 FOR VAX/VMS Page 5
19:42:58 WESTERN WASHINGTON UNIVERSITY on NESSIE VMS V5. 4

SUBSET 3

GROUP Grp 3
MEAN 6.5700

11-Mar-94 SPSS RELEASE 4.1 FOR VAX/VMS Page 6
19:42:58 WESTERN WASHINGTON UNIVERSITY on NESSIE VMS V5.4

-------------- ONEWAY------------------

Variable SL sepal length
By Variable SPECIES

MULTIPLE RANGE TEST

STUDENT-MEDU AN-KEULS PROCZDURE

RANGES FOR THE 0.050 LEVEL -

2.81 3.35

TiE RANES ABOVE ARE TABLE RANGES.
TIE VALUE ACTUALLY COfPARED WITH MIEAN(J)-MEAN (I) IS..

0.3808 * RANGE * DSQRT(1/N(I) + 1/N(W))

() DENOTES PAIRS OF GROUPS SIGNIFICANTLY DIFFERENT AT THE 0.050 LEVEL

0 G 0GGG

Mean Group 1 2 3

5.0060 Grp 1
5.9160 Grp 2 *

6.5700 Grp 3 * *

K OGfhEOUS SUBSETS (SUBSETS OF GROUPS, WHOSE HIGHEST AND LOWEST MEANS
DO NOT DIFFER BY MORE THAN THE SHORTEST
SIGNIFICANT RANGE FOR A SUBSET OF THAT SIZE)

SUBSET I
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IRISANOV. LIS CONTINUED

GROUP GWp 1
3M 5.0060

SUBSMT 2

GROUP GrP 2
NEWN 5.9160

11-Mar-94 SPSS RELEASE 4.1 FOR VAX/VMS Page 7
19:42:58 WESTERN WASHINGTON UNIVERSITY On NESSIE VMS V5.4

SBSET 3

GROUP Grp 3
MEAN 6.5700

11-Mar-94 SPSS RELEASE 4.1 FOR VAX/VMS Page 8
19:42:58 WESTERN WASHINGTON UNVERSITY on NESSI• VMS VS.4

Preceding task required .48 seconds CPU time; .76 seconds elapsed.

24 par tests k-w a al by species(1,3)
* 25

26 ***t*.*t *tt*tttttttt* ttt**t*t*tttttttttt t*ttt*ttt*t t*t*

27 * This calculates multiple analysis of variance for *
28 * all four flower neasurements by species *

There are 1,498,912 byte* of memory available.

•"~ * Workspace allows for 40154 cases for NPAR tests *

11-Mar-94 SPSS RELEASE 4.1 FOR VAX/VMS Page 9
19:42:58 WESTERN WASHINGTON UNIVERSITY on NESSIE VMS V5.4

- -- Kruskal-Wallis 1-Way Anova

SL sepal length
by SPECIES

Man Rank Cases

30.96 50 SPECIES - 1
82.26 50 SPECIES = 2

113.28 50 SPECIES - 3

150 Total

Corrected for ties
Casem Chi-Square Significance Chi-Square Significance

150 91.5719 .0000 91.7466 .0000

11-3ar-94 SPS RELEASE 4.1 FOR VAX/VMS Page 10

19:42:58 WESTERN WASHINGTON UNIVERSITY on NESSIZ VMS VS.4

Preceding task required .15 seconds CPU tine; .54 seconds elapsed.

30 amnova sl sw pl ps
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IRISANOV.LIS CONTINUED

31 by species(1,3)
32 / print-homogeneity(all)
33 / power
34 / print-signif(efsize)
35 / cintervalusultivariate(wilks)
36
37

>Note # 12167
>The last subcomand is not a design specification--A full factorial model is
>generated for this problem.

11-Mar-94 SPSS RELEASE 4.1 FOR VAX/VMS Page 11
19:42:59 WESTERN WASHINGTON UNIVERSITY on NESSIE VMS V5.4

******ANALYSIS OF VARIANCE******

150 cases accepted.
0 cases rejected because of out-of-range factor values.
0 cases rejected because of missing data.
3 non-mpty cells.

I design will be processed.

CELL NUMBER
1 2 3

Variable
SPECIES 1 2 3

Univariate Homogeneity of Variance Tests

Variable .. SL sepal length

Cochrane C(49,3) a .51231, P - .003 (awprox.)
Bartlett-Box F(2,48620) = 9.32439, P = .000

Variable .. SW sepal width

Cochrans C(49,3) a .41509, P a .215 (approx.)
Bartlett-Box F(2,48620) - 1.04554, P a .352

Variable .. PL petal length

Cochrans C(49,3) v .53990, P a .001 (approx.)
Bartlett-Box 7(2,48620) a 27.93313, P - .000

Variable .. 1W petal width

Cocbrans C(49,3) - .60036, P a .000 (approx.)
Bartlett-Box F(2,48620) a 19.62158, P u .000

Cell Number .. I

Determinant of Variance-Covariance matrix - .00000
LOG(Determinant) a -13.06736

11-Mar-94 SPSS RELEASE 4.1 FOR VAX/VMS Page 12
19:42:59 WESTERN WASHINGTON UNIVERSITY on NZSSI VMS V5.4
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IRISANOV. LIS CONTINUED

******ANALYSZS OF VARZANCE -- DBSZGI 1**

Cell Number .. 2

Determinant of Variance-Covariance matrix - .00003
LOG (Determinant) - -10.54631

Cell Number .. 3

Determinant of Variance-Covariance matrix = .00017
LOG(Determinant) - -8.67736

Determinant of pooled Variance-Covariance matrix .00006
LOG(Determinant) a -9.72392

Multivariate test for Homogeneity of Dispersion matrices

Boxs M a 152.84429
F WITH (20,77566) Dr- 7.34218, P a .000 (Approx.)
Chi-Square with 20 DF - 146.80302, P a .000 (Approx.)

12-Mar-94 SPSS RZLEASE 4.1 FOR VAX/VMS Page 13
19:42:59 WESTERN WASH274GTCN UNIVhRSITW' on NgSSIZ VMS V5.4

* * * * * *AN A L Y S O S 0 F VA R I A NC E -- DESIGN 1***

EFFECT .. SPECIES

Maltivariate Tests of Significance (S a 2, N - 1/2, N a 71

Test Name Value Aprox. F Hypoth. DF EZror DF Sig. of F

Pillais 1.19643 53.97255 8.00 290.00 .000
Hotellings 32.37084 578.62869 8.00 286.00 .000
Wilke .02338 199.44317 8.00 288.00 .000
Roys .96977
Note.. F statistic for WILK'S Lambda is exact.

Nultivariate effect Size and Observed Power at .0500 Level

TEST NAME Effect Sizent. P

51Pillais .598 431.780 1.00
Hotellings .942 4629.030 1.00
Wilke .847 1595.545 1.00

EFFCT .. SPCIZES (Cont.)
Univariate F-tests with (2,147) D. F.

Variable Nypoth. SS Error 8 Hypoth. KS Error NS F Sig. of F

SL 61.69853 42.64040 30.84927 .29007 106.35084 .000
SK 11.34493 16.96200 5.67247 .11539 49.16004 .000
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IRISANOV .LIS CONTINUED

PL 437.71000 27.64340 218.85500 .18805 1163.81071 .000
FN80.41333 6.15660 40.20667 .04188 960.00715 .000

variable ETA Square Moncent. Power0

SL .59133 212.70167 1.00000
Sw.40078 98.32008 1.00000

PL .94060 2327.62142 1.00000
PW.92888 1920.01429 1.00000

- -- -- -- -- -- - -- - -- - - - - -- -- - - - -
Estimates for SL

-- Individual mualtivariate .9500 WILK confidence intervals
-- two-tailed observed power taken at .0500 level

11-Mar-94 SPSS RELEASE 4.1 FOR VAX/VMS Page 14
19:43:00 WESTERN WASHINGTON UNIVERSITY on NESSIE VMS V5.4

A N A L A Y S IS O F V ARI A NCEZ-- DESION I~ ~ '

Estimates for SL (Cont.)
SPECIES

Parameter Coeff. Std. Err. t-Value Sig. t Lower -950 CL- Upper

2 -. 82466667 .06219 -13.26041 .00000 -1.02075 -. 62859
3 .085333333 .06219 1.37214 .17211 -. 11075 .28141

Parameter Noncent. Powr

2 175.83860 1.000
3 1.88276 .274

- -- -- -- -- -- - -- - -- - - - -- - - - - - - -0
Estimates f or SW

-- individual multivariate .9500 WILK confidence intervals
-- two-tailed observed pwr taken at .0500 level

SPECIES

Parameter Coeff. Std. Err. t-Value Sig. t Lover -95% CL- Upper

2 .370666667 .03922 9.45005 .00000 .24700 .494340
3 -. 28733333 .03922 -7.32549 .00000 -. 41100 -. 16366

Paramester Noncent. Power

2 89.30353 1.000
3 53.66283 1.000

Estimiates f or IL
Individual multivariate .9500 WILK confidence intervals
two-tailed observed power taken at . 0500 level

SPECIES

Parameter Coeff. Std. Err. t-Valu* Sig. t Lover -95% CL- Upper

2 -2.3000000 .05007 -45.93264 .00000 -2.45788 -2.14212
3 .510000000 .05007 10.18506 .00000 .35212 .66788

Parameter Nancent. Power

2 2109.80740 1.000
3 103.73552 1.000

11-Mar-94 5155 RELESE 4.1 FOR VAX/VMS Page 15
19:43:00 WESTERN VhSHDNGTON tUVEV`RSIT`1 on HESSIS VMS V5. 4
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*'~' *ANALYSIS OF VARIANCZ--DESIGN 1*~*

Estimiatea for 1W
--Individual multivariate .9500 WILX confidence intervals

two-tailed observed power taken at .0500 level
SPECIES

Parameter Coeff. Std. Err. t-Value Sig. t Lower -95% CL- Upper

S2 -.95333333 .02363 -40.34257 .00000 -1.02784 -.87883
3 .126666667 .02363 5.36020 .00000 .05216 .20117

Parameter Noncent. Power

2 1627.52331 1.000
3 28.73177 1.000

-

6768 bytes of memory are needed for m~MAN execution.
11-Mar-94 SPSS RELEASE 4.1 FOR VAX/vmS Page 16

19:43:00 WESTRN WASHIIM1UI UNIVERSITY on NESIE VMS V5. 4

Preceding task reqwired .68 seconds CPU time; 1.52 seconds elapsed.

38 execute

Preceding task reqwired .02 seconds Cpu tine; .02 seconds elapsed.

39 finish

39 coinand lines read.
0 errors detected.
0 warnings issued.
2 seconds CPU time.
4 seconds elapsed time.

End of job.
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11-Mar-94 SPSS RELEASE 4.1 FOR VAX/VMS
Page 1
16:16:03 WESTERN WASHINGTON UNIVERSITY on NESSIE VMS V5.4

VAX WESTERN WASHINGTON UNIVERSITY License Number 20077
This software is functional through December 31, 1994.

1 0 file handle iris/name-'iris.dat'
2 0 data list file iris free/ species al sw pl pw
3 0 variable labels
4 0 sl 'sepal length' /
5 0 sw 'sepal width, / 0
6 0 pl 'petal length' I
7 0 pw 'petal width*/
8 0
9 0 set width-SO

10 0
11 0 *
12 0 * This clusters the iris data using sq euclidean distance *
13 0 * with the centroid clustering method •
14 0 f**t*******************.*.***

15 cluster sl sw pl pw
16 / plot a dendrogram
17 / method - centroid
18 / measure a seuclid
19
20 •••••**.*•**•• * *•* *•*••***••*** 0

21 * This clusters the iris data using cosine distance •
22 * with the average linkage clustering method

There are 1,496,960 bytes of memory available.

CLUSTER requires 50144 bytes of workspace for execution. 0
11-Mar-94 SPSS RELEASE 4.1 FOR VAX/VMS Page 2

16:16:05 WESTERN WASHINGTON UNIVERSITY on NESSIE VMS V5.4

* •****HIE RARCHICAL CLUSTER ANALYSIS*** **

Data Information S
150 unweighted cases accepted.

0 cases rejected because of missing value.

Squared Euclidean measure used.

1 Agglomeration method specified.

11-Mar-94 SPS8 RELEASE 4.1 FOR VAX/VMS Page 3
16:16:06 WESTERN WASHINGTON UNIVERSITY on NESSIE VMS V5.4

* *•***HIERARCHICAL CLUSTER ANALYSIS*

Agglomeration Schedule using Centroid Method

Clusters Combined Stage Cluster 1st Appears Next
Stage Cluster 1 Cluster 2 Coefficient Cluster 1 Cluster 2 Stage

1 102 143 .000000 0 0 58
2 129 133 .010000 0 0 73
3 11 49 .010000 0 0 63 0
4 8 40 .010000 0 0 22
5 10 35 .010000 0 0 24
6 1 18 .010000 0 0 21
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IRISCLUS.LIS CONTINUED

7 128 139 .020000 0 0 51
8 117 138 .020000 0 0 45
9 97 100 .020000 0 0 28

10 58 94 .020000 0 0 93
11 83 93 .020000 0 0 52
12 64 92 .020000 0 0 37
13 81 82 .020000 0 0 36
14 4 48 .020000 0 0 30
15 20 47 .020000 0 0 29
16 2 46 .020000 0 0 23
17 9 39 .020000 0 0 53
18 5 38 .020000 0 0 44
19 30 31 .020000 0 0 39
20 28 29 .020000 0 0 21
21 1 28 .017500 6 20 22
22 1 8 .021875 21 4 31
23 2 13 .025000 16 0 24
24 2 10 .026944 23 5 38
25 113 140 .030000 0 0 89
26 124 127 .030000 0 0 75
27 . 89 96 .030000 0 0 28
28 89 97 .027500 27 9 46
29 20 22 .035000 15 0 63
30 3 4 .035000 0 14 54
31 1 50 .038889 22 0 35
32 75 98 .040000 0 0 91
33 54 90 .040000 0 0 74
34 24 27 .040000 0 0 43
35 1 41 .042857 31 0 44
36 70 81 .045000 0 13 74
37 64 79 .045000 12 0 65
38 2 26 .047200 24 0 39
39 2 30 .049444 38 19 68
40 111 148 .050000 0 0 103
41 121 144 .050000 0 0 55
42 66 87 .050000 0 0 66
43 24 44 .050000 34 0 90
44 1 5 .051563 35 18 78
45 104 117 .055000 0 8 96

11-Mar-94 SPSS RELEASE 4.1 FOR VAX/VNS Page 4
16:16:07 WESTERN WASHINGTON UNIVERSITY on NESSIE VMS V5.4

******HIERARCHICAL CLUSTER ANALYSIS******

Agglomeration Schedule using Centroid Method (CONT.)

Clusters Combined Stage Cluster 1st Appears Next

Stage Cluster I Cluster 2 Coefficient Cluster 1 Cluster 2 Stage

46 89 95 .059375 28 0 81
47 137 149 .060000 0 0 77
48 142 146 .060000 0 0 89
49 141 145 .060000 0 0 55
50 55 59 .060000 0 0 66
51 71 128 .065000 0 7 111
52 68 83 .065000 0 11 81
53 9 43 .065000 17 0 62
54 3 7 .065556 30 0 68
55 121 141 .067500 41 49 72
56 108 131 .070000 0 0 105
57 106 123 .070000 0 0 109
58 102 114 .070000 1 0 67
59 69 88 .070000 0 0 130
60 52 57 .070000 0 0 97
61 51 53 .070000 0 0 92
62 9 14 .075556 53 0 114
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63 11 20 .078056 3 29 78
64 21 32 .080000 0 0 84
65 64 74 .083333 37 0 108
66 55 66 .087500 50 42 70 0
67 102 122 .087778 58 0 110
68 2 3 .088438 39 54 88
69 76 77 .090000 0 0 70
70 55 76 .074375 66 69 92
71 12 25 .090000 0 0 101
72 121 125 .091875 55 0 121
73 105 129 .092500 0 2 98
74 54 70 .096667 33 36 112
75 124 147 .097500 26 0 87
76 56 91 .100000 0 0 94
77 116 137 .105000 0 47 122
78 1 11 .105000 44 63 85
79 84 134 .110000 0 0 86
80 6 19 .110000 0 0 106
81 68 89 .112222 52 46 94 0
82 126 130 .120000 0 0 104
83 33 34 .120000 0 0 95
84 21 37 .120000 64 0 85
85 1 21 .126533 78 84 90
86 73 84 .127500 0 79 87
87 73 124 .112222 86 75 124
88 2 36 .128681 68 0 101
89 113 142 .132500 25 48 103

ll-Mar-94 SPSS RELEASE 4.1 FOR VAX/VIS Page 5
16:16:07 WESTERN WASHINGTON UNIVERSITY on NESSIE VMS VS.4

* * * HIERARCHICAL CLUSTER ANALYSIS'* "** *

Agglomeration Schedule using Centroid Method (CONT.)

Clusters Combined Stage Cluster 1st Appears Next

Stage Cluster 1 Cluster 2 Coefficient Cluster 1 Cluster 2 Stage

90 1 24 .136389 85 43 120
91 72 75 .140000 0 32 108
92 51 55 .144722 61 70 99 0
93 58 99 .145000 10 0 119
94 56 68 .145781 76 81 100
95 17 33 .150000 0 83 106
96 104 112 .154444 45 0 98
97 52 86 .157500 60 0 111
98 104 105 .157986 96 73 117
99 51 78 .158906 92 0 128

100 56 62 .166300 94 0 118
101 2 12 .169068 88 71 114
102 118 132 .170000 0 0 140
103 111 113 .170625 40 89 117
104 103 126 .180000 0 82 105
105 103 108 .170833 104 56 131
106 6 17 .184167 80 95 115
107 65 80 .200000 0 0 112
108 64 72 .212431 65 91 123
109 106 119 .217500 57 0 139
110 102 115 .229375 67 0 126
111 52 71 .234444 97 51 123
112 54 65 .234800 74 107 113
113 54 60 .234082 112 0 118
114 2 9 .238656 101 62 125
115 6 15 .238800 106 0 116
116 6 16 .232500 115 0 142
117 104 111 .239762 98 103 121
118 54 56 .250975 113 100 132
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IRISCLUS. LIS CONTINUED

119 58 61 .251111 93 0 147
120 1 45 .268934 90 0 125
121 104 121 .269368 117 72 122
122 104 116 .229259 121 77 133
123 52 64 .271310 111 108 128
124 73 120 .306944 87 0 126
125 1 2 .360690 120 114 129
126 73 102 .372882 124 110 134
127 67 107 .380000 0 0 135
128 51 52 .385779 99 123 134
129 1 23 .407008 125 0 142
130 63 69 .427500 0 59 137
131 103 136 .430000 105 0 139
132 54 85 .457008 118 0 137
133 101 104 .497483 0 122 138

11-Mar-94 SPSS RELEASE 4.1 FOR VAX/VMS Page 6
16:16:07 WESTERN WASHINGTON UNIVERSITY on NESSIE VMS V5.4

' ' 8 RAHIERARCHICAL CLUSTER ANALYSIS' S' I

Agglomeration Schedule using Centroid Method (CONT.)

Clusters Combined Stage Cluster 1st Appears Next

Stage Cluster 1 Cluster 2 Coefficient Cluster 1 Cluster 2 Stage

134 51 73 .515499 128 126 143
135 67 150 .525000 127 0 145
136 109 135 .570000 0 0 138
137 54 63 .595117 132 130 143
138 101 109 .678967 133 136 144
139 103 106 .693056 131 109 141
140 110 118 .762500 0 102 141
141 103 110 .763210 139 140 144
142 1 6 .836225 129 116 146
143 51 54 .971792 134 137 145
144 101 103 1.475938 138 141 148
145 51 67 1.498889 143 135 147
146 1 42 1.621804 142 0 149
147 51 58 2.847609 145 119 148
148 51 101 3.306975 147 144 149
149 1 51 15.786713 146 148 0

11-Mar-94 SPSS RELEASE 4.1 FOR VAX/VMS Page 7
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* * ** * *HIERARCHICAL CLUSTER ANAL YSIS'Y''''

Dendrogram using Centroid Method

Rescaled Distance Cluster Combine

C A S E 0 5 10 15 20 25
Label Seq . --------------------------------------------------

102 -÷

143 -,

114 -+
122 -,

115 -.
124 -,

127 -,
147 -*

84 -,

134 -+

73 -,
120 -,
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IRISCLUSM.LIS CONTINUED

51 -,

53 -+
66 -+-+
87 -e
55 -,

59 -,
76 -,
77 -,
78 -,
64 -,
92 -+

79 -÷
74 -,
75 -+
98 -÷
72 -+

128 -+ +-+
139 -+

71 -, 0
52 -,
57--+
86 -+
69 -,
88 -,
63 -,
56 -,
91 -, 0
97 -,

100 -.

89 -,
96 -+
95 -÷-+ +---+
83 -,
93 -, I
68 -,
62 -+
54 -+
90 -,
81 -+
82 -,
70 -+ +-+
65-. 0
80 -*
60 -*
85 -+
67 -,

107 -÷---+
150 -+

58 -+
94 -÷
99 ---------.
61 -+

137 -+
149 -+
116 -,

121 -,

144 -+

141 ----------------------------------------

145 -+

125 -,

129 -,

133 -+

105 -,

117 -+

138 -, 0
104 -+-+
112 -+ I
111 -+

58 0
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148 -*
113 -+
140 "+
142 -+
146 -+
101 -+
109
135 -+ .......
106
123
119 -+
108 -+
131 -+
126 -+
130
103 -,
136 -+
118
132 -+ I
110 --- 4

19 -+
33 -+
34 -,
17 -4-4
15 -+
16 -+

9 -+

39 -,
43 -,
14 -,
12 -+
25 -4
30 -+
31 -+

10
35 -4
2 -+

46 -+
13 -+
26 - -

4 -,
48 -+

3 0+
7 -4

36
24 -+
27 -,
44 -+

5-4
38

8 -+

40 -.
1 -÷

18 -- ---------------------
28 -+
29 -1
50 -+-+
41 -4
11 -4
49 -4
20 -+
47 -+
22 -,
21 -.
32
37 -4
45 -4
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IRISCLUS.LIS CONTINUED

23 -÷ I
42 -------

11-Mar-94 SPSS RELEASE 4.1 FOR VAX/VMS Page 11
16:16:09 WESTERN WASHINGTON UNIVERSITY on NESSIE VMS V5.4 0

Preceding task required 1.95 seconds CPU time; 4.61 seconds elapsed.

24 cluster al sw pl pw
25 / plot = dendrogram
26 I method = baverage
27 / measure = cosine
28
29

There are 1,497,376 bytes of memory available.

CLUSTER requires 50144 bytes of workspace for execution.
11-Mar-94 SPSS RELEASE 4.1 FOR VAX/VMS Page 12

16:16:09 WESTERN WASHINGTON UNIVERSITY on NESSIE VMS V5.4

* * * * *t HIERARCHICAL CLUSTER ANALYSIS *S* I

Data Information

150 unweighted cases accepted.

0 cases rejected because of missing value.

Cosine measure used.

1 Agglomeration method specified.

11-Mar-94 SPSS RELEASE 4.1 FOR VAX/VMS Page 13
16:16:10 WESTERN WASHINGTON UNIVERSITY on NESSIE VMS V5.4

* * * * * HHIERARCHICAL CLUSTER ANALYSIS * S * *

Agglomeration Schedule using Average Linkage (Between Groups)

Clusters Combined Stage Cluster 1st Appears Next
Stage Cluster 1 Cluster 2 Coefficient Cluster 1 Cluster 2 Stage

1 102 143 1.000000 0 0 24
2 103 112 .999998 0 0 87
3 66 83 .999997 0 0 17
4 1 11 .999995 0 0 10
5 51 75 .999992 0 0 17
6 114 133 .999989 0 0 37
7 36 37 .999989 0 0 121
8 59 81 .999988 0 0 13
9 136 147 .999987 0 0 87

10 1 3 .999986 4 0 27
11 8 39 .999983 0 0 23
12 28 40 .999977 0 0 23
13 59 70 .999977 8 0 25
14 92 95 .999976 0 0 45
15 128 139 .999975 0 0 41
16 118 138 .999973 0 0 77
17 51 66 .999967 5 3 21
18 21 35 .999967 0 0 61
19 29 50 .999959 0 0 74
20 61 77 .999957 0 0 96
21 51 94 .999956 17 0 36
22 109 123 .999952 0 0 65
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IRISCLUS.LIS CONTINUED

23 8 28 .999951 11 12 39
24 102 105 .999948 1 0 38
25 59 93 .999946 13 0 59
26 7 20 .999945 0 0 62
27 1 49 .999945 10 0 64
28 127 140 .999941 0 0 46
29 84 117 .999940 0 0 77
30 4 9 .999939 0 0 53
31 57 60 .999932 0 0 95
32 120 131 .999930 0 0 85
33 10 13 .999929 0 0 61
34 87 98 .999923 0 0 78
35 5 43 .999919 0 0 66
36 51 72 .999916 21 0 73
37 114 129 .999915 6 0 71
38 102 144 .999915 24 0 71
39 8 19 .999914 23 0 54
40 137 149 .999910 0 0 115
41 111 126 .999910 0 15 103
42 56 64 .999906 0 0 60
43 97 100 .999901 0 0 72
44 110 116 .999893 0 0 58
45 79 92 .999891 0 14 98

11-Mar-94 SPSS RELEASE 4.1 FOR VAX/VMS Page 14
16:16:10 WESTERN WASHINGTON UNIVERSITY on NESSIE VMS V5.4

* * *** *HIERARCHICAL CLUSTER ANALYSIS ****

Agglomeration Schedule using Average Linkage (Between Groups) (COWT.)

Clusters Combined Stage Cluster let Appears Next

Stage Cluster 1 Cluster 2 Coefficient Cluster I Cluster 2 Stage

46 127 148 .999890 28 0 63
47 52 62 .999886 0 0 72
48 126 134 .999884 0 0 101
49 32 46 .999882 0 0 108
50 18 41 .999878 0 0 93
51 53 90 .999865 0 0 69
52 6 22 .999861 0 0 62
53 4 30 .999861 30 0 67
54 8 48 .999860 39 0 64
55 121 141 .999855 0 0 90
56 54 55 .999853 0 0 86
57 89 96 .999851 0 0 92
58 110 145 .999849 44 0 68
59 59 82 .999822 25 0 89
60 56 91 .999822 42 0 84
61 10 21 .999822 33 18 76
62 6 7 .999801 52 26 100
63 113 127 .999799 0 46 70
64 1 8 .999799 27 54 74
65 106 109 .999799 0 22 79
66 5 38 .999795 35 0 82
67 4 31 .999791 53 0 99
68 110 122 .999785 58 0 90
69 53 76 .999783 51 0 88
70 113 124 .999779 63 0 107
71 102 114 .999772 38 37 112
72 52 97 .999766 47 43 92
73 51 58 .999758 36 0 78
74 1 29 .999750 64 19 93
75 142 146 .999743 0 0 120
76 2 10 .999740 0 61 94
77 84 118 .999739 29 16 83
78 51 87 .999736 73 34 89
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IRISCLUS.LIS CONTINUED

79 106 108 .999722 65 0 85
80 73 130 .999718 0 0 101
81 71 85 .999711 0 0 140
82 5 47 .999711 66 0 100 0
83 84 104 .999696 77 0 125
84 56 132 .999695 60 0 98
85 106 120 .999678 79 32 126
86 54 78 .999670 56 0 88
87 103 136 .999645 2 9 129
88 53 54 .999637 69 86 116
89 51 59 .999637 78 59 104
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******HIERARCHICAL CLUSTER ANALYSIS*****

Agglomeration Schedule using Average Linkage (Between Groups) (CONT.)

Clusters Combined Stage Cluster 1st Appears Next

Stage Cluster 1 Cluster 2 Coefficient Cluster 1 Cluster 2 Stage

90 110 121 .999636 68 55 112
91 16 34 .999632 0 0 109
92 52 89 .999611 72 57 95
93 1 18 .999588 74 50 105
94 2 26 .999566 76 0 108
95 52 57 .999560 92 31 114
96 61 88 .999544 20 0 113
97 24 27 .999542 0 0 110
98 56 79 .999534 84 45 106
99 4 12 .999529 67 0 122

100 5 6 .999505 82 62 118
101 73 126 .999501 80 48 125
102 101 107 .999477 0 0 115
103 111 125 .999475 41 0 107
104 51 68 .999411 89 0 127
105 1 14 .999396 93 0 118
106 56 74 .999393 98 0 116
107 111 113 .999332 103 70 120
108 2 32 .999310 94 49 122
109 16 23 .999296 91 0 119
110 24 44 .999281 97 0 137
111 65 99 .999269 0 0 144
112 102 110 .999209 71 90 128
113 61 63 .999205 96 0 131
114 52 86 .999160 95 0 132
115 101 137 .999114 102 40 124
116 53 56 .999110 88 106 132
117 25 45 .999105 0 0 142
11 1 5 .999099 105 100 134
119 16 17 .999096 109 0 130
120 111 142 .998965 107 75 129
121 15 36 .998942 0 7 139
122 2 4 .998937 108 99 134
123 67 150 .998915 0 0 148
124 101 115 .998798 115 0 128
125 73 84 .998775 101 83 135
126 106 119 .998763 85 0 133
127 51 80 .998715 104 0 136
128 101 102 .998683 124 112 138
129 103 111 .998669 87 120 135
130 16 33 .998666 119 0 143
131 61 69 .998607 113 0 141
132 52 53 .998501 114 116 136
133 106 135 .998420 126 0 145

11-Mar-94 SPSS RELEASE 4.1 FOR VAX/VIS Page 16
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IRISCLUS.LIS CONTINUED

16:16:11 WESTERN WASHn oUNIVERSITY on NESSIE VMS VS.4

** * **HIERARCHICAL CLUSTER ANALYSIS****, *

Agglomeration Schedule using Average Linkage (Between Groups) (CONT.)

Clusters Combined Stage Cluster 1st Appears Next

Stage Cluster 1 Cluster 2 Coefficient Cluster 1 Cluster 2 Stage
134 1 2 .998373 118 122 137
135 73 103 .998306 125 129 138136 51 52 .998198 127 132 141137 1 24 .998064 134 110 139138 73 101 .997631 135 128 140139 1 15 .997577 137 121 142140 71 73 .997149 81 138 145141 51 61 .996819 136 131 144142 1 25 .996550 139 117 143143 1 16 -. 996356 142 130 147144 51 65 .995959 141 111 146145 71 106 .995934 140 133 146146 51 71 .993265 144 145 148147 1 42 .990918 143 0 149148 51 67 .988577 146 123 149149 1 51 .904194 147 148 011-Mar-94 SPSS RELEASE 4.1 FOR VAX/VMS Page 1716:16:12 WESTERN WASHINGTON UNIVERSITY on NESSIE VMS V5.4

H I** *RAIERARCHICAL CLUSTER ANALYSIS.S .I

Dendrogran using Average Linkage (Between Groups)

Rescaled Distance Cluster Combine

CA S E 0 5 10 15 20 25
Label Seq .----------o.--------------------------------------

102 -+

143 -+

105 -+

144 -+

114 -,

133 -,

129 -,

121 -,

141 -+
110 -+

116 -÷

145 -.
122 -,

137 -+
149 -+

101 -+

107 -,

115 -÷
118 -,

138 -,

84 -,
117 -+

104 -÷

126 -,

134 -÷

73 -+

130 -,
103 -÷
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112
136
147
142
146
127
140
148
113
124
128
139
111
125
71
85

120
131
109
123
106
108
119
135

65
99
61
77

63
69
59
81
70
93
82
67
98
66
83
51
7S
94
72
58
68 -- --------------------------------------------
80
57
60
89
96
97

100
52
62
86
53
90
76
54
55
70
92
95
79
56
64
91
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132 -+
74 -+
67 -.---.

150 -,

16 -÷

34 -÷
23 -÷
17 -+

33 -+
25 -+
45 -.---.
36 -÷

37 -+
15 -+
24 -+
27 -+

44 -+
7 -÷

20 -÷
6-+

22 -- +
5 -+

43 -+
38 -+
47 -+
18 -+

41 -+

29 -+
50 -÷

1 -+

11 -,

3 - --+-------------------
49 -÷8 -+

39 -÷
28 -+
40 -+
19 -.
48 -+
14 -+

4 -+
9 -,

30 -+
31 -÷
12 -÷
32 -+
46 -+
21 -÷
35 -÷
10 -÷

13 -÷
2 -+

26 -÷
42 ......

11-Mar-94 SPSS RELEASE 4.1 FOR VAX/VMS Page 21
16:16:13 WESTERN WASHINGTON UNIVERSITY on NESSIB VMS V5.4

Preceding task required 1.50 seconds CPU time; 4.56 seconds elapsed.

30 execute

Preceding task required .01 seconds CPU time; .07 seconds elapsed.

31 finish

31 command lines read.
0 errors detected.
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11-Mar-94 SPSS RELEASE 4.1 FOR VAX/VMS
Page 1
19:02:44 WERSTEN WASHINGTON UNIVERSITY on NESSIE VMS V5.4

VAX WEzSTERN wASImN oN UNIVERSITY License Number 20077
This software is functional through December 31, 1994.

1 0 file handle iris/name-'liris.dat'
2 0 data list file iris free/ species sl aw pl pv
3 0 variable labels
4 0 sl sepal length' /
5 0 sw "sepal width, /
6 0 pl 'petal length' /
7 0 pw 'petal width'/
8 0
9 0 set width=80

10 0
11 0 *
12 0 * This computes standard PCA and plots the first two components *

13 0 *
14 factor var-sl sv pl pv
15 / criteria - factors(4)
16 / plot - rotation(1,2)
17

There are 1,496,768 bytes of memory available.

This FACTOR analysis requires 2864 ( 2.8K) bytes of mmory.
11-Mar-94 SPSS RELEASE 4.1 FOR VAX/VMS Page 2

19:02:45 WESTERN WASHINGTON UNIVERSITY on NESSIE VMS VS.4

FACTOR ANALYS I S -

ANALYSIS NUER 1 LISTWISE DELETION OF CASES WITH MISSING VALUES

EXTRACTION 1 FOR ANALYSIS 1, PRINCIPAL-COIPONDIS ANALYSIS (PC)

INITIAL STATISTICS:

VARIABLE CONALZTY * FACTOR EIGDIVALUE PCT OF VAR CUM PCT

SL 1.00000 * 1 2.89686 72.4 72.4
SW 1.00000 2 .91513 22.9 95.3
PL 1.00000 * 3 .16506 4.1 99.4
PW 1.00000 * 4 .02295 .6 100.0

PC EXTRACTED 4 FACTORS.

FACTOR MATRIX:

FACTOR 1 FACTOR 2 FACTOR 3 FACTOR 4

SL .88055 .36852 -. 29596 -. 03496
SK -. 46244 .88030 .10453 .01740
PL .98995 .02286 .07075 .12033
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INSPCA.LIS CONTINUED

pi .96314 .06224 .24805 -. 08336

FINAL STATISTICS:

VARIABLE COM .,ATY * FACTOR EIGINVALUE PCT OF VAR CUl PCT

SL 1.00000 * 1 2.89686 72.4 72.4
SW 1.00000 * 2 .91513 22.9 95.3
PL 1.00000 3 .16506 4.1 99.4
Pm 1.00000 * 4 .02295 .6 100.0

11-Mar-94 SPSS RELEASE 4.1 FOR VAX/VMS Page 3
19:02:45 WESTERN WASHINGTON UNIVERSITY an NESSIE VMS V5.4

FACTOR ANALYSIS

VARIMAX ROTATION 1 FOR EXTRACTION 1 IN ANALYSIS 1 - KAISER NORMALIZATION.

VARIMAX CONVERGED IN 6 ITERATIONS.

ROTATED FACTOR MATRIX:

FACTOR 1 FACTOR 2 FACTOR 3 FACTOR 4

SL .50947 .S6048 .00373 -. 00180
SW -. 17756 -. 03202 .98356 -. 00810
PL .79103 .52675 -. 27417 .14708
IW .89077 .40366 -. 19882 -. 06369

FACTOR TRANSFORMATION MATRIX:

FACTOR 1 FACTOR 2 FACTOR 3 FACTOR 4

FACTOR 1 .74969 .58088 -. 31567 .02983
FACTOR 2 .11471 .35633 .92725 -. 00917
FACTOR 3 .65177 -. 73079 .19986 -. 03457
FACTOR 4 .00122 -. 03936 .02486 .99891

11-Mar-94 SPSS RELEASE 4.1 FOR VAX/VMS Page 4
19:02:46 WESTERN WASHINGTON UNIVERSITY oa NESSIE VMS VS.4

FACTOR ANALYSIS

HORIZONTAL FACTOR 1 VERTICAL FACTOR 2

I
I
I 1
I
I
I
I
I
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I3

I4

2 0

I

I
I
I
I

2 I
I
I
I
I
I
I
I
I 0
I
I
I
I
I
I

I

SYMOL VARIABLE COORDINATES SYMBOL VARIANBL COORDINATES

1 SL ( .50947, .86048) 2 SW ( -. 17756, -. 03202)
3 PL ( .79103, .52675) 4 IW ( .89077, .40366)

11-Mar-94 SPSS RELEASE 4.1 FOR VAX/VMS Page 5
19:02:46 WESTERN WASHINGTON INIVERSITY on NESSIE VMS V5.4

Preceding task required .48 seconds CPU time; 1.10 seconds elapsed.

18 exectte

Preceding task required .02 seconds CPU time; .02 seconds elapsed.

19 finish

19 comand lines read.
0 errors detected.
0 warnings issued.
1 seconds CPU time. 0
2 seconds elapsed time.

End of job.
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11-Mar-94 SPSS RELEASE 4.1 FOR VAX/VMS
Page 1
19:20:07 WESTZRM WhSHINGTCN UNiVERSITY on NESSIE VMS V5.4

VAX WESTERN WASHINGTON UNIVERSITY License Number 20077
This software is functional through December 31, 1994.

1 0 file handle iris/nameu'iris.dat'
2 0 data list file iris free/ species si sw pl pw
3 0 variable labels
4 0 al 'sepal length' /
5 0 sw sepal width' I
6 0 pl 'petal length' /
7 0 pw 'petal width'/
8 0
9 0 set width=80

10 0
11 0
12 0 * This procedure does a discriminant analysis on the iris data
13 0 -

14 discriminant groups-species(1,3)
15 / variables sl sw pl pw
16 / method - wilks
17 I statistics - all
18 / plot
19

There are 1,496,640 bytes of memory available.

SZINC ANALYSIS= WAS ONITTED FOR THE FIRST ANALYSIS ALL VARIABLES
ON THE VARIABLES= LIST WILL BE DITERED AT LEVEL 1.

This DISCRIMINANT analysis requires 1160 bytes of memory.
11-Mar-94 SPSS RELEASE 4.1 FOR VAX/VMS Page 2

19:20:08 WESTERN WASHINGTON UNIVERSITY on NESSIE VMS V5.4

D I S C R IMINANT ANAL YS I S

ON GROUPS DEFINED BY SPECIES

150 (UMSIEZGTED) CASES WERE PROCESSED.
0 OF THESE WERE EXCLUDED FROM THE ANALYSIS.

150' (UMWEIGMETD) CASES WILL BE USED IN THE ANALYSIS.

NURWER OF CASES BY GROUP

NUKBER OF CASES
SPECIES UNWEIGHTED WEIGHTED LABEL

1 50 50.0
2 50 50.0
3 50 50.0

TOTAL 150 150.0

GROUP -NS
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SPECIES SL SW YL PW

1 5.00600 3.42800 1.46200 0.24600
2 5.91600 2.77000 4.27200 1.32600 0
3 6.57000 2.97400 5.55200 2.02600

TOTAL 5.83067 3.05733 3.76200 1.19933

GROUP STANDARD DEVIATIONS

SPECIES SL SW PL PW

1 0.35249 0.37906 0.17366 0.10539
2 0.54786 0.31380 0.47896 0.19775
3 0.66769 0.32250 0.55189 0.27465

TOTAL 0.83682 0.43587 1.76725 0.76224
11-Mar-94 SPSS RELEASE 4.1 FOR VAX/VMS Page 3

19:20:08 WESTERN WASHINGTON UNIVERSITY on NESSIE VMS V5.4

POOLED WITHIN-GROUPS COVARIANCE MATRIX WITH 147 DEGREES OF FREEDOM

SL SW PL PW

SL 0.2900707
SW 0.90997281-01 0.1153878 0
PL 0.1715088 0.56250342-01 0.1880503
1W 0.38601361-01 0.32710201-01 0.4296735Z-01 0.4188163Z-01

POOLED WITHIN-GROUPS CORRELATION MATRIX

SL SW PL PW

SL 1.00000
SW 0.49739 1.00000
PL 0.73434 0.38186 1.00000
PW 0.35022 0.47053 0.48416 1.00000 0

CORRELATZONS WHICH CANNOT 81 COMPUTED ARE PRINTED AS 99.0.

WILES' LAMBDA (U-STATISTIC) AND UNIVARIATE F-RATIO
WITH 2 AND 147 DEGREES OF FREEDOM

VARIABLE WILES' LAMBDA F SIGNIFICANCE

EL 0.40867 106.4 0.0000
SW 0.59922 49.16 0.0000
PL 0.05940 1164. 0.0000 S
PW 0.07112 960.0 0.0000

11-Mar-94 5P18 RELEASE 4.1 FOR VAX/VMS Page 4
19:20:09 WESTERN WASHINGTON UNIVERSITY on NESSIE VMS V5.4
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COVARIANCZ MATRIX FOR GROUP 1,

SL . SW PL PW

SL 0.1242490
SW 0.9921633Z-01 0.1436898
PL 0.16355101-01 0.11697961-01 0.30159181-01
RI 0.10330611-01 0.92979593-02 0.6069388E-02 0.1110612E-01

COVARIANCZ MATRIX FOR GROUP 2,

SL SW PL PW

SL 0.3001469
sw 0.80489801-01 0.98469391-01
PL 0.1865796 0.8567347E-01 0.2294041
PW 0.5222857Z-01 0.41204081-01 0.74008161-01 0.39106121-01

COVARIANCE MATRIX FOR GROUP 3,

SL SW PL PW

SL 0.4458163
SW 0.9328571Z-01 0.1040041
PL 0.3115918 0.71379591-01 0.3045878
PW 0.53244901-01 0.47628571-01 0.48824491-01 0.7543265E-01

TOTAL COVARZANCE MATRIX WITH 149 DEGRERS OF FREEnOK

SL SW PL PW

SL 0.7002613
SW -0.41702911-01 0.1899794
PL 1.264395 -0.3298201 3.123177
PH 0.5106246 -0.1216394 1.296417 0.5810063
11-Mar-94 SPSS R3ELASE 4.1 FOR VAX/VMS Page 5

19:20:09 W3ST=N WASHINGTON UNIVERSITY on NESSII VMS V5.4

D I S C R I KI NANT ANAL YS I S

ON GROUPS DZFINED BY SPECIES

ANALYSIS NURR 1

STZPWISE VARIABLL SELECTION
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IRISDISC.LIS CONTINUED

SELECTION RULE: MINIMIZE WILKS' LAMBDA
MAXIM NUMBER OF STEPS .................. 8
30INUM TOLERANCE LEVEL .................. 0.00100
MINIMUM F TO ENTER ....................... 1.0000
MAXIMUM F TO REMOVE ...................... 1.0000

CANONICAL DISCRIMINANT FUNCTIONS

MAXIMUM NUMBER OF FUNCTIONS .............. 2
NIMM CUMULATIVE PERCEIT OF VARIANCE... 100.00

MAXMU SIGNIFICANCE OF WILKS' LAMBDA.... 1.0000

PRIOR PROBABILITY FOR EACH GROUP IS 0.33333

-VARIABLES NOT IN THE ANALYSIS AFTER STEP 0

MINIMUM
VARIABLE TOLERANCE TOLERANCE F TO ETER MILKS' LAMBDA

SL 1.0000000 1.0000000 106.35 0.40867
SW 1.0000000 1.0000000 49.160 0.59922
PL 1.0000000 1.0000000 1163.8 0.05940
PW 1.0000000 1.0000000 960.01 0.07112
11-Mar-94 SPSS RELEASE 4.1 ?OR VAX/VMS Page 6

19:20:09 WESTERN WASHINGTON UNIVERSITY on NESSIE VMS V5.4

AT STEP 1, PL WAS INCLUDED IN THE ANALYSIS.

DEGREES OF FREEDOM SIGNIF. BETWEEN GROUPS
WILKS' LAMBDA 0.05940 1 2 147.0
EQUIVALENT F 1163.81 2 147.0 0.0000

-VARIABLES IN THE ANALYSIS AFTER STEP 1 -

VARIABLE TOLERANCE F TO REMOVE WILKS' LAMBDA

PL 1.0000000 1163.8

-VARIABLES NOT IN THE ANALYSIS AFTER STEP 1

MINIMUM
VARIABLE TOLERANCE TOLERANCE F TO AITER MILKS' LAMBDA

SL 0.4607440 0.4607440 31.295 0.04158
SW 0.8541802 0.8541802 43.475 0.03723
I• 0.7655883 0.7655883 25.927 0.04383

F STATISTICS AND SIGNIFICANCES BETWEEN PAIRS OF GROUPS AFTER STEP

RACK F STATISTIC HAS I AND 147.0 DEGREES OF FREEDOM.

GROUP 1 2

GROUP

72



IRISDISC.LIS CONTINUED

2 1049.7
0.0000

3 2223.9 217.81
0.0000 0.0000

11-Mar-94 SPSS RELEASE 4.1 FOR VAX/VMS Page 7
19:20:09 WESTERN WASHINGTON UNIVERSITY on NESSIE VMS V5.4

* * * * * * * * * * * * * * * * *' * * * * * * * * * * * * * * * * * * * * * * *

AT STEP 2, SW WAS INCLUDED IN THE ANALYSIS.

DEGREES OF FREEDOM SIGNIF. BETWEEN GROUPS
WILKS' LAMBDA 0.03723 2 2 147.0
EQUIVALDNT F 305.332 4 292.0 0.0000

--- - ---------------- VARIABLES IN THE ANALYSIS AFTER STEP 2----------------

VARIABLE TOLERANCE F TO REMOVE WILKS' LAMBDA

SW 0.8541802 43.475 0.05940
PL 0.8541802 1101.9 0.59922

----------------- VARIABLES NOT IN THE ANALYSIS AFTER STEP 2 -..............

MINIMUM
VARIABLE TOLERANCE TOLERANCE F TO ENTER WILES' LAMBDA

SL 0.4056307 0.4056307 11.214 0.03224
PW 0.6700620 0.6700620 35.822 0.02492

F STATISTICS AND SIGNIFICANCES BETWEEN PAIRS OF GROUPS AFTER STEP 2

EACH F STATISTIC HAS 2 AND 146.0 DEGREES OF FREEDOM.

GROUP 1 2

GROUP

2 804.16
0. 0000

3 1458.8 112.20
0.0000 0.0000

11-Kar-94 SPSS RELEASE 4.1 FOR VAX/VMS Page 8
19:20:09 WESTERN WASHINGTON UNIVERSITY on NESSIE VMS V5.4

AT STEP 3, PW WAS INCLUDED IN THE ANALYSIS.

DEGREES OF FREEDOM SIGNIF. BETWEEN GROUPS
WILrS' LAIMDA 0.02492 3 2 147.0
S uxVALzwT F 257.854 6 290.0 0.0000

-------------------- VARIABLES IN THE ANALYSIS AFTER STEP 3----------------
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IRISDISC.LIS CONTINUED

VARIABLE TOLERANCE F TO REMOVE WILKS' LAMBDA

SW 0.7475999 55.036 0.04383
PL 0.7351089 38.979 0.03832
RI 0.6700620 35.822 0.03723

------------- -VARIABLES NOT IN THE ANALYSIS AFTER STEP 3----------------

MINIMUM

VARIABLE TOLERANCE TOLERANCE F TO ENTER WILKS' LAMBDA

SL 0.3965791 0.3964933 4.7397 0.02338

F STATISTICS AND SIGNIFICANCES BETWEIN PAIRS OF GROUPS AFTER STEP 3

EACH F STATISTIC HAS 3 AND 145.0 DEGREES OF FREEDOM.

GROUP 1 2

GROUP

2 692.77
0.0000

3 1376.1 131.92
0.0000 0.0000

11-Mar-94 SPSS RELEASE 4.1 FOR VAX/VWS Page 9
19:20:09 WESTERN WASHINGTON UNIVERSITY on NESSI3 VMS V5.4

AT STEP 4, SL WAS INCLUDED IN THE ANALYSIS.

DEGREES OF FREEDOM SIGNIF. BETWEEN GROUPS
WILKS' LAMBDA 0.02338 4 2 147.0
EQUIVALENT F 199.443 8 288.0 0.0000

-------------- -VARIABLES IN THE ANALYSIS AFTER STEP 4----------------

VARIABLE TOLERANCE F TO RMVE WILES' LAMBDA

SL 0.3965791 4.7397 0.02492
SW 0.6435380 24.906 0.03147
PL 0.3964933 38.032 0.03573
PW 0.6551095 27.298 0.03224

F STATISTICS AND SIGNIFICANCES BETWEIN PAIRS OF GROUPS AFTER STEP 4
EACH F STATISTIC HAS 4 AND 144.0 DEGREES OF FREEDOM.

GROUP 1 2

GROUP

2 552.04
0.0000
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IRISDISC.LIS CONTINUED

3 1092.8 103.23
0.0000 0.0000

F LEVEL OR TOLERANCE OR VIN INSUFFICIENT FOR FURTHER COMPUTATION.
11-Mar-94 SPSS RELEASE 4.1 FOR VAX/VMS Page 10

19:20:09 WESTERN WASHINGTON UNIVERSITY on NESSIE VMS V5.4

SUMMARY TABLE

ACTION VARS WILKS'
STEP ENTERED RDIOVED IN LAMBDA SIG. LABEL

1 PL 1 .05940 .0000 petal length
2 SW 2 .03723 .0000 sepal width
3 PW 3 .02492 .0000 petal width
4 SL 4 .02338 .0000 sepal length

CLASSIFICATION FUNCTION COEFFICIENTS

(FISHER'S LINEAR DISCRININANT FUNCTIONS)

SPECIES 1 2 3

SL 19.61905 12.46482 9.807505
SW 26.19068 8.997175 5.231723
PL -13.70145 7.385376 14.31615
PW -18.60743 5.568353 20.56174
(CONSTANT) -82.79144 -69.89760 -101.6665

CANONICAL DISCRIMINANT FUNCTIONS

PCT OF CUM CANONICAL AFTER WILKS'
FCN ZIGE•VALUE VARIANCE PCT CORR FCN LAMBDA CHISQUARE DF SIG

: 0 0.0234 546.484 8 0.0000
1' 32.0777 99.09 99.09 0.9848 1 0.7733 37.399 3 0.0000
2* 0.2931 0.91 100.00 0.4761

* MARKS THE 2 CANONICAL DISCRIMINANT FUNCTIONS REMAINING IN THE ANALYSIS.

STANDARDIZED CANONICAL DISCRIKINANT FUNCTION COEFFICIENTS

FUNC 1 FUNC 2

SL -0.39790 0.09856
SW -0.54879 0.68806
PL 0.92044 -0.47046
PW 0.58602 0.61812

11-Mar-94 SPSS RELEASE 4.1 FOR VAX/VMS Page 11
19:20:10 WESTERN WASHINGTON UNIVERSITY on NESSIE VMS V5.4

STRUCTURE MATRIX:

POOLED WITHIN-GROUPS CORRELATIONS BETWEDI DISCRIMINATING VARIABLES
AND CANONICAL DISCRIMIKANT FUNCTIONS
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IRISDISC.LIS CONTINUED
0

(VARIABLES ORDERED BY SIZE OF CORRELATION WITHIN FUNCTION)

FUNC 1 FUNC 2

PL 0.70240* 0.16393

SW -0.11948 0.84827*
PW 0.63408 0.74861*
SL 0.21028 0.31179*

UNSTANDARDIZED CMONICAL DISCRIMINANT FUNCTION COEFFICIEITS

FUNC 1 FUNO 2

SL -0.7387907 0.1829974
SW -1.615583 2.025554
PL 2.122543 -1.084885
PW -. 2.863515 3.020374
(CONSTANT) -2.172296 -6.800889

CANONICAL DISCRIXINANT FUNCTIONS EVALUATED AT GROUP MEANS (GROUP CDITROIDS)

GROUP FUNC 1 FUMC 2

1 -7.60132 0.21571
2 1.84638 -0.73710
3 5.75494 0.52140

11-Mar-94 SPSS RELEASE 4.1 FOR VAX/VMS Page 12
19:20:10 WESTERN WASHINGTON UNIVESITY an 3ESSI VMS V5.4

TEST OF EQUALITY OF GROUP COVARZANCE MATRICES USING BOX'S N

THE RANKS AND NATURAL LOGARITHMS OF DETERMINANTS PRINTED ARE THOSE
OF THE GROUP COVARIANCE MATRICES.

GROUP LABEL RANK LOG DETERMINANT

1 4 -13.067360
2 4 -10.546312
3 4 -8.677356

POOLED WITHIN-GROUPS
COVARIANCE MATRIX 4 -9.723919

BOX'S M APPROXIMATE F DEGREES OF FREEDOM SIGNIFICANCE
152.84 7.3422 20, 77566.8 0.0000

CLASSIFICATION RESULTS -

NO. OF PREDICTED GROUP NDIEERSHIP
ACTUAL GROUP CASES 1 2 3

GROUP 1 50 50 0 0
100.00 0.00 0.0%

GROUP 2 50 0 48 2
0.0% 96.0% 4.0%
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IRISDISC.LIS CONTINUED

GROUP 3 50 0 1 49
0.00 2.0% 98.0%

PERCZ•T OF "GROUPZD" CASES CORRETLY CLASSIFIED: 98.00%

CLASSIFICATmIN PROCESSING SumSARY

150 CASES WERE PROCESSED.
0 CASES WER EXCLUDED FOR MISSING OR OUT-OF-RANGE GROUP CODES.
0 CASES HAD AT LEAST OUE MISSING DISCRIMINATING VARIABLE.

150 CASES WERE USED FOR PRINTED OUTPUT.
11-Mar-94 SPSS RELEASE 4.1 FOR VAX/VMS Page 13

19:20:10 WESTERN WASHINGTON UNIVERSITY on NESSIZE VMS V5.4

Preceding task required .90 seconds CPU time; 2.43 seconds elapsed.

20 execute

Preceding task required .01 seconds CPU time; .01 seconds elapsed.

21 finish

21 command lines read.
0 errors detected.
0 warnings issued.
1 seconds CPU time.
3 seconds elapsed time.

End of job.
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John Lenth
Take-Home Final ENVR 451

March 13,1994

IRIS DATA ANALYSIS

Bar Graph: Mean sepal length, sepal width, petal length and petal width with
error bars representing the standard deviation.

T
6 ~T 1
""TT Q Mean Sepal Length

±T E Mean Sepal Width
E 4

T T i Mean Petal Length
2 U Mean Petal Width

2 X.A.

0
12 3

Iris Species

Discussion:

The mean for the following parameters increases from iris species 1 to 3; sepal

length, petal length, and petal width. The mean sepal width appears to be

approximately the same for the three iris species. In general, ids species 1 appears to

have the smallest petals and sepals while iris species 3 has the largest. However, the

error bars depicting the standard deviations for each parameter suggest that all of the

observed differences may not be significant. For example, the error bars show

considerable overlap exists between species 2 and 3 for mean sepal length. The

above graph suggests that all the measurements taken on the iris species except sepal

width are positively correlated (i.e. all the parameters tend to increase together).
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Polar Ordination based on Percent Dissimilarity (99 SUs total, 33 SUs/Iris species)
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PCA - Components I and 11 (150 SUS total, 50 SUs/Iris species)
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COA - Components I and 11 (75 SUs total, 25 SUs/Iris species)
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Discussion: Ordination Results

All the polar ordination techniques effectively demonstrated that differences do

exist between the three iris species based on at least one of the parameters measured

in the iris data set. The data points from iris species 1 were generally well separated

along the x-axis from the data points corresponding to iris 2 and iris 3. While the data

points from iris 2 and 3 did overlap in some areas, they still appeared to be enough

distance between the majority of points to conclude that differences existed between

these two species as well. Separation of iris 3 from iris 1 and 2 was observed along

both the x-axis and the y-axis in polar ordination, with multiple axis. The separation of

iris species along the x-axis generally reflected a gradient in petal lengths while the y-

axis was more weakly associated with differences in sepal widths or lengths.

PCA and polar ordination appeared to reflect the same major trends in the data.

For example, PCA also showed a pronounced separation of iris 1 from iris 2 and 3 on

component I and a less pronounced separation of iris 2 and 3. This separation of data

on component I was similarly associated with a gradient of petal lengths and accounted

for 72.4% of the total variation in the data. Component II was less useful in identifying

differences between the species because the data points for all three iris species

overlapped significantly. This most likely occurred because component II is associated

with sepal width which appears to be approximately the same for all iris species even

though it has high overall variability (i.e. component II accounts for 22.9% of the total

variation ).

The results obtained using COA were nearly identical to those obtained using

PCA. The same strong separation of the data points from iris 1 from those of iris 2 and

3 was observed on component I even though their position relative to the origin was

reserved. Likewise, data points from iris 2 and 3 were more weakly separated and

component II was of little use in identifying differences in the iris species.
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Confirmatory Satistics: One way ANOVA and Tukey test for sepal length by ;-;s
species

Note : The following transformation was used to correct for heterogeneity of variances:
Transformed Data = Loglo (sepal length + 1)

Ho: The mean sepal length does not differ between iris species
HA: The mean sepal length does differ between iris species 0

a = 0.05

ANALYSIS OF VARIANCE

SUM OF MEAN F F
SOURCE D.F. SQUARES SQUARES RATIO PROB.

BETWEEN GROUPS 2 .2517 .1259 112.1700 .0000

WITHIN GROUPS 147 .1650 .0011

TOTAL 149 .4167

Conclusion: Reject Ho

TUKEY TEST: All pairs of iris species were significantly different at the 0.05 level.

Confirmatory Satistics: One way ANOVA and Tukey test for sepal width by iris
species

Ho: The mean sepal width does not differ between iris species
HA: The mean sepal width does differ between iris species
a = 0.05

ANALYSIS OF VARIANCE

SUM OF MEAN F F
SOURCE D.F. SQUARES SQUARES RATIO PROB.

BETWEEN GROUPS 2 11.3449 5.6725 49.1600 .0000

WITHIN GROUPS 147 16.9620 .1154

TOTAL 149 28.3069

Conclusion: Reject Ho

TUKEY TEST: All pairs of iris species were significantly different at the 0.05 level.
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Confirmatory Satistics: One way ANOVA and Tukey test for petal length by Iris
species

Note: The following transformation was used to correct ;or heterogeneity of variances:
Transformed Data = LogO (petal length + 1)

Ho: The mean petal length does not differ between iris sp'ocies
HA: The mean petal length does differ between iris species
a = 0.05

ANALYSIS OF VARIANCE

SUM OF MEAN F F
SOURCE D.F. SQUARES SQUARES RATIO PROB.

BETWEEN GROUPS 2 4.9694 2.4847 1902.9132 .0000

WITHIN GROUPS . 147 .1919 .0013

TOTAL 149 5.1614

Conclusion: Reject Ho

TUKEY TEST: All pairs of iris species were significantly different at the 0.05 level.

Confirmatory Satistics: One way ANOVA and Tukey test for petal width by iris
species

Note: The following transformation was used to correct for heterogeneity of variances:
Transformed Data = Loglo (petal width + 1)

Ho: The mean petal width does not differ between ids species
HA: The mean petal width does differ between iris species
a = 0.05

ANALYSIS OF VARIANCE

SUM OF MEAN F F
SOURCE D.F. SQUARES SQUARES RATIO PROB.

BETWEEN GROUPS 2 3.9110 1.9555 1388.2919 .0000

WITHIN GROUPS 147 .2071 .0014

TOTAL 149 4.1181

Conclusion: Reject Ho

TUKEY TEST: All pairs of iris species were significantly different at the 0.05 level.
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Discussion: Summary of Results

The ANOVA results all showed that at least one of the iris species is significantly

different for all the parameters measured. Furthermore, the Tukey tests showed that no

two pairs of species were statistically the same for any of the measurements. Thus, the

three iris species appear to differ significantly in relation to all the parameters measured.

While it is important to know that statistically "significant" differences exist

between the species, the ordination techniques were more useful for identifying the

major patterns present in the data. For example, because petal length was consistently

associated with the axis describing the most variability in the data, the ordination

techniques all clearly showed that petal length was the most important parameter in

differentiating the iris species. The relative magnitude of the difference between

species could then be assessed by examining the distance between clusters of data

points for the different iris species. If there was significant scatter in the data points for

one iris species along either axis relative to the other species, it can be assumed the 0

species may have a wider response range for one or more of the variables measured.

The ordination techniques were also able to show when similarities existed in the

data. The large amount of overlap observed in the data points on component II of both 0

PCA and COA suggests that sepal width was not as important in defining differences

between the iris species despite the results of the ANOVA and Tukev tests. However,

this illustrates a problem one may encounter when using ordination. A variable may 0

have so much random variability that more meaningful patterns are lost in all the

resultant "noise" that is generated in the data set. The bar graph on page one does

suggest that other interesting patterns may have been present in the data that were left 0

out or made less visible due to the influence of sepal width on the axes generated by

the different ordination techniques. Other potential patterns might be more clearly

elucidated by examining component III of PCA or by trying the ordinations without sepal 0

width.
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Abstract

The Standardized Aquatic Microcosm (SAM), a synthetic assemblage of organisms

derived from laboratory cultures, was used in comparison to the Mixed Flask Culture

Microcosm (MFC), derived from natural sources. Degradation rates and biodegradation

products of water soluble components in jet fuel were monitored to evaluate whether the

functional dynamics were similar in the two microcosms; independent of species

diversity and trophic level complexity.

The SAM microcosms were used for the analysis of 1 %, 5%, and 15% water

soluble fraction (WSF) treatments of JP-8, and the MFC microcosms were used for the

1%, 5%, and 15% WSF treatments of Jet-A. Additional 15% WSF treatments were

conducted on the 0% and 15% SAM and MFC treated microcosms to determine whether

degradation rates would be increased due to the selective adaptation of hydrocarbon

utilizing microbial populations.

Component degradation products and metabolites were monitored using Purge &

Trap/Gas Chromatography. In both microcosms the concentration of the hydrocarbon

class of compounds in the water soluble fraction determined the degradation rates for

that class of compounds, rather than individual hydrocarbon component concentrations;

initial structural and functional conditions in the microcosms determined degradation

rates and persistence; both microcosm systems display the same patterns in degradation

and metabolite production dynamics; only the SAM displayed increased rates of

hydrocarbon degradation in the re-treated microcosms; and that metabolites from

refractory hydrocarbon degradation appeared throughout the experiments.

Key Words- Microcosms, jet fuel, degradation rates.

This research is supported by USAFOSR Grant No. AFOSR-91-0291 DEF.



Introduction

Microbial degradation is the primary mechanism responsible for mediating the

toxicity, persistence, bioavailability, and bioaccumulation of petroleum hydrocarbons in

the environment (Atlas, 1981; Atlas and Bartha, 1993; Zobell, 1946, 1950).

However, the importance and role of these microbial degradative processes have not been

included in previous assessments of petroleum impacts to aquatic ecosystems (Gibson,

1977; Saunders, 1977). The development of multispecies ecotoxicological testing

procedures, or microcosms, is a progressive step towards providing simpler,

replicable, and readily standardized testing systems that can be used to facilitate the

study of the functional processes mediated by microorganisms in the context of

ecosystem-level dynamics. The objectives of this study were to evaluate microbial

community hydrocarbon degradation mechanisms, rates, and transformation products in

two aquatic microcosms, the Mixed Flask Culture (MFC) microcosm (Leffler, 1980;

Shannon and Anderson, 1989) and the Standardized Aquatic Microcosm (SAM) (ASTM

E1366-91, 1991; Taub and Read, 1982). The purpose was to determine whether the

two microbial communities display similar patterns in degradative rate responses and

products, independent of petroleum fuel composition, microcosm type, microcosm

species diversity, and trophic level complexity.

The global impacts of petroleum production and industry on atmospheric, aquatic,

and terrestrial environments have increased several orders of magnitude during the last

fifty years. The frequency and quantity of petroleum currently being transported

throughout the world has resulted in greater discharges, spills, and emissions into the

global ecosystem that has surpassed the ability of indigenous microbial communities to

degrade and eliminate. In addition, the use and steady depletion of readily accessible

sources of petroleum has caused increased efforts in the exploration for petroleum

reserves in more remote wilderness areas and off-shore locations. The potential for

these activities to contaminate and destroy ecologically fragile environments, is rapidly

being realized. Atmospheric transport and deposition, coupled with these anthropogenic

activities, have resulted in a global ecosystem where true hydrocarbon-free sites no

longer exist (Vandermeulen, 1978).

The operational, accidental, or intentional release of hydrocarbon mixtures are

at any concentration, deleterious to the plant and animal life associated with that

environment. Most of these hydrocarbon contaminants are similar in structure to

naturally occurring compounds and as a result are more hazardous, due to their ability
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to biochemically interfere with the enzymatic mechanisms of induction and modes of

action in the organisms (Gibson, 1977; O'Neill and Waide, 1981).

The physical effects of these compounds can be equally destructive and toxic.

Higher molecular weight components will immediately coat, smother, and asphyxiate

both organisms and plants by the physical blocking of airways and stomata. The indirect

effects of these coatings will be manifested in the consumption of the hydrocarbons by

organisms either by preening to remove the coating from their feathers, hair or skin, or

by the ingestion of plants or algae contaminated with the hydrocarbons (Beer, 1968;

Bourne, 1968).

Lower molecular weight components will penetrate directly through pores or

stomata and indirectly through uptake by root systems, diffusion, and dissolution of fatty

molecules in the outer membranes of the organisms and plants (Browning, 1953).

These lighter petroleum hydrocarbon components dissolve in the plasma membrane in

both plants and animals and create spaces within the membrane structure by displacing

the fatty molecules. The damage to the plasma membrane increases permeability and

may cause cell contents to leak into the intercellular spaces, or for materials to move

from within the cells into the hydrocarbon fraction (Vandermeulen and Ahem, 1976).

Localized regions of chlorosis and necrosis may be prevalent on the leaf structure or the

entire plant may be destroyed. Processes involving transpiration and photosynthesis

may also be impaired and reduced, while respiration may be increased or decreased

depending on the plant species involved (Baker, 1971; Vandermeulen and Ahem, 1976).

The refractory compounds composed of the high molecular weight polycyclic

aromatics and asphaltenes will remain in the environment at the site of the release for

periods of time ranging from months to several years. The potential for these compounds

to re-contaminate and affect the biota will be dependent on the resuspension and trophic

cycling events occurring within that environment.

The release of petroleum hydrocarbons to the environment, whether in crude or

refined form will cause effects that are physically damaging and toxicologically

destructive over a time span of several years. The potentiation of these effects will be

dependent on a complexity of direct and indirect, biotic and abiotic processes and

dynamics. Specifically, these will involve the indigenous microbial communities and the

physical, structurai, and functional components and processes of the ecosystem,

interacting with the physicochemical properties of the petroleum hydrocarbons

(Gibbons, 1977; Giddings, 1983). In prior studies, the focus has been primarily on

observations and measurements taken at the actual spill or discharge site and on

laboratory derived dose-response relationships where selected "representative" or
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"sensitive" laboratory organisms were exposed to serial dilutions of petroleum mixtures

under controlled environmental conditions (Connell and Miller, 1984). The use of

microcosms is means of integrating these methods into simpler, cost effective,

replicable testing systems that will enable the measurement of the potential ecosystem-

level fate and effects of toxicants under more controlled, statistically robust conditions

(Giddings, 1983; Hammons et al., 1981; Kroer and Coffin, 1992; Leffler, 1980;

Shannon et al., 1986; Suter 1I, 1993; Taub, 1984; Wilkes, 1977).

Microcosms

The ability to assess the effects of petroleum hydrocarbons on ecosystem

functional processes and biological structural components, prior to their release to the

environment, will allow valid predictions of their potential for ecological risk to be

formulated. In turn, regulatory decision-making will be improved for the greater

protection of dwindling environmental resources (Bartell et al., 1992; Suter II, 1993).

The use of microcosms is an attempt to integrate these ecosystem-level functional and

structural processes with chemical hazard assessments to facilitate predictions of

ecological risk (Giddings, 1981; Hammons et al., 1981; Shannon and Anderson, 1989;

Suter II, 1993; Taub, 1983). The design of the microcosms to be smaller, trophically

simpler, replicable, and standardized testing systems allows closer examination of

specific relationships and interactions in determining direct responses to direct effects.

In addition, it reduces the natural variances associated with analyzing any complex

system that could potentially diffuse or hide effect responses. It also allows the

comparison of results obtained in different laboratories, without microcosm design

differences becoming a factor (Suter II, 1993). As with most experimental designs and

testing systems, the use of microcosms in environmental risk assessments is a

compromise to obtain the most information of ecosystem processes, in relation to

chemical fates and toxicological effects, without having to conduct field tests and still

maintain some acceptable level of realism.

Microcosms were originally developed and used for studies of population

dynamics, species interactions, and community structural and functiona! relationships

(Beyers, 1963; Leffler, 1980; Taub, 1984). In these early tests, many of the

processes and population interactions that occur in natural ecosystems were

demonstrated to occur in the synthetically created microcosms including photosynthetic

production and respiration dynamics, algal competition and succession, grazing effects,

and nutrient cycling (Beyers, 1963; Giddings, 1983; Shannon and Anderson, 1989;

Taub, 1980, 1983). These preliminary results encouraged the rapid development,
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modification and use of microcosms in chemical fate and toxicological effects tests to

provide greater dimensionality and realism beyond the level of the single species

toxicity tests being conducted (Giddings, 1981).

Current microcosm toxicological tests conducted are similar to their

predecessors, but with less systematic reviews, evaluations, and comparisons made of

the different methodologies. The novelty of conducting these experiments has resulted in

experimental designs that in many instances, are inappropriate for the hypothesis being

tested. The hypothesis is either not explicitly stated, or is severely limited in ecological

significance. The analytical parameters focus primarily on the biological structural

components with a few physical parameters included, such as pH, dissolved oxygen,

conductivity, and alkalinity. Species are identified and enumerated during the course of

the experiment to determine changes in diversity and abundance patterns, with survival

used as the endpoint to indicate organism response to the toxicant effect. The premise of

using this approach is that because ecosystems are so complex that by focusing on the

functions, interactions, and responses of the individual parts would, when combined

together, reveal and explain whole ecosystem dynamics (O'Neill and Waide, 1981).

Ecosystems are not, however, the sum of their individual components, nor can

measurements of a few parameters be extrapolated to infer natural ecosystem responses

and properties (O'Neill and Waide, 1981).

The limitations of using components to assess effects to the whole ecosystem are

apparent. Community structure is frequently altered in the environment by natural or

anthropogenic stress events but is not necessarily reflected in alterations in ecosystem

functional processes. Similarly, alterations in ecosystem functions may not necessarily

produce changes in community structure (Matthews et al., 1982). O'Neill and Giddings

(1979) showed that the elimination of an algal population had little effect on

photosynthetic productivity, due to the release of other algal populations from

competitive inhibition and their subsequent utilization of the freed nutrients.

Conversely, the elimination of certain microbial communities that are responsible for

the degradation and decomposition of organic matter in a system will result in profound

changes in nutrient cycling. These changes will not be displayed by immediate

alterations in the higher trophic level populations that are usually monitored (Sheehan,

1984a).

The objectives of progressive ecosystem-level tests must become more explicit.

The parameters measured must be extended to include more complex functional

components beyond the standard physical data of pH, dissolved oxygen, conductivity, and

nutrient levels. Community metabolism rates that include photosynthesis and
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respiration ratios, total CO2 efflux, biochemical rates, ATP concentrations, chlorophyll

concentrations, nutrient cycling, dissolved oxygen concentrations, pH, substrate

decomposition rates, toxicant degradation rates, bioaccumulation rates, and accumulation

rates of metabolic by-products become especially important parameters to measure

when comparing between microcosm systems or to field tests (O'Neill and Waide, 1981;

Sugiura, 1992). The utilization of these processes with the biological components may

provide the necessary insights to determine whether there are specific patterns in the

rate responses that are the direct (or indirect) result from exposures to specific

chemical classes of compounds (Sheehan, 1989).

The advantages of using rate responses are that they display similar first order

kinetics, logistic growth curves, or proportionality functions that are comparable both

within and between systems (Alexander, 1985). Current testing strategies have not

been extended beyond simple P/R ratios and nutrient cycling to determine whether the

rate responses and intensities in one microcosm system are comparable to those

determined in another microcosm or to the ecosystem they are meant to simulate

(Sugiura, 1992). Instead of attempting to simulate ecosystem complexity and realism,

microcosm designs should be selected that provide the effect responses important for a

particular combination of chemical stressor and ecosystem type to be investigated

(Suter II, 1993).

The two aquatic microcosms selected for this study were the Mixed Flask Culture

(MFC) microcosm, developed by Leffler (1984) and later modified by Shannon and

Anderson (1989), and the Standardized Aquatic Microcosm (SAM), developed by Taub

and Read (1982). The major advantage of using these "generic" microcosms is that they

are both standardized in terms of species composition and are constructed to be

ecologically similar at the initiation of the experiment (Giddings, 1983; Suter II,

1993). The organisms used in the two microcosms have distinct interspecific and

intraspecific interrelations and responses that are comparable to those present in the

environment (Giddings, 1983; Leffler, 1980; Suter, 1993; Taub, 1984). However,

both systems are synthetically assembled to produce taxonomically simple or generic

communities and in SAM methodology, are gnotobiotic or completely defined populations.

The MFC and the SAM have the same artificial sediment, the same chemically

defined media, and an assemblage of organisms representing different trophic levels

inoculated into them. The primary differences between the MFC and the SAM microcosms

were the source of their species assemblages, their level of "realism" in terms of

species diversity and complexity, and their size. The MFC populations were collected

locally from natural aquatic environments, combined together in a chemically defined
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medium, and allowed to "co-adapt" for a predetermined length of time. The resulting

artificial community was used as the stock community inoculum in the construction of

the 1.0 L microcosms. The MFC microcosms have the same major taxa as the SAM's but

are generally more species rich, with greater species diversity and trophic level

complexity. In the SAM the populations are axenic, laboratory cultured organisms that

are individually inoculated at known densities directly into the 3.8 L microcosm

containing the chemically defined medium. Its simpler composition precludes species

diversity and trophic complexity.

An advantage of the MFC microcosm protocol is the "realism" inherent to the

more natural assemblage that potentially enables greater extrapolation of test results to

the ecosystem from where it was derived (Leffler, 1980; Shannon and Anderson,

1989). An advantage of the SAM protocol is the reproducibility and statistical

robustness of the test results that presumably enables their extrapolation to many types

of ecosystems. Another advantage is the presumed sensitivity of "new" versus "mature"

SAM microcosms. The new microcosms are thought to display structural alterations or

dose-response patterns with greater sensitivity and amplitude immediately following

toxicant exposure than mature, aged microcosms (Kindig et al., 1983; Taub, 1984).

The underlying assumption of using generic microcosms for ecosystem-level

toxicity testing is that all ecosystems display the same patterns and behaviors in their

structural and functional relationships and processes. That there exists universal

ecosystem properties and universal patterns of responses to stress (Giddings, 1983).

Ecological realism and complexity are sacrificed for the purpose of discerning and

defining these generic ecosystem-level structural and functional processes that could be

applied to all ecosystems.

The adaptation of these microcosms for analyzing microbial community

interactions and functional responses after exposure to jet fuel contaminants required

several considerations and modifications. One modification was the selection of an

appropriate parameter to measure that would indicate the rate responses of the

hydrocarbon transformation and mineralization processes. The sensitivity of the

parameter measured to resolve changes in the rate responses and intensities wert also

considered as well as the analytical accuracy by which the parameters could be

determined. Another modification was the time frame within which the measurements

were taken (Kroer and Coffin, 1992; Saunders, 1977; Sugiura, 1992). Of these

factors, the sampling frequency was considered to be one of the most critical. The

dynamics of microbial population growth and substrate utilization rates mandate a

sampling frequency that lies within the longevity of the organism's life cycle. Samples
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collected at a frequency ranging from days to weeks will not reveal microbial degradative

pathways and mechanisms that occur within a period of a few hours (Saunders, 1977).

Experimental Design

The MFC and SAM microcosm systems were used to monitor the rates of microbial

degradation and metabolic by-products formed during the biodegradation of the

hydrocarbon components in the water soluble fractions of two jet fuels. The parameters

that were selected for analysis were the concentrations of the individual hydrocarbon

components as they were degraded and the concentrations and types of metabolic

intermediates that were produced. All hydrocarbon analyses were conducted using a

purge and trap concentrator system in conjunction with a gas chromatograph.

Qualitative identifications and concentrations were determined for the hydrocarbon

components in each of the jet fuels and the metabolic intermediates produced (USEPA,

1982).

The rates of biodegradation were calculated for each hydrocarbon component by

regressing the decrease in concentrations through time and using the slopes as rates of

degradation (Walker and Colwell, 1976a). The rates of hydrocarbon component

degradation were compared within the microcosm experiments to determine the effects

of concentration on degradation rates. The rates were also compared between

microcosms to determine significant differences or similarities in microbial degradation

rates and metabolic pathways. The intermediate compounds produced were compared as

well to determine potential similarities in metabolic pathways.

The selection of the Mixed Flask Culture microcosm and the Standardizej Aquatic

Microcosm, that are different in species composition, structural complexity, size, and

construction, was to evaluate and compare whether they display similar patterns of rate

responses and intensities in the degradation of hydrocarbon components, when treated

with the water soluble fraction of a jet fuel. Secondly, to determine whether the same

rate patterns are repeated, when they are re-treated with a second water soluble

fraction of jet fuel. Third, to determine whether the patterns are similar to responses

and intensities observed in field studies. Finally, to determine whether microcosms

must resemble real ecosystems, as closely as possible, to be valid models of ecosystem

dynamics or whether ecosystem dynamics display similar patterns in rate responses

independent of species composition and trophic complexity.

Jet Fuel
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The jet fuels JET-A and JP-8 that were used in this study, are composed of

complex mixtures of hydrocarbons that have been refined and blended to produce

artificial formulations. The fuels are produced by blending certain percentages of

naphtha (alkanes and aromatic hydrocarbons), gasoline (C5 to C9 alkanes, alkenes,

cycloalkanes, and aromatics), and kerosene (n-dodecane, alkyl-benzene derivatives,

naphthalene, and its derivatives) to meet commercial and military specifications

(Riser-Roberts, 1992). The JET-A fuel is the most commonly used aviation fuel in the

commercial sector. The JP-8 fuel is a new formulation recently created by the U.S. Air

hcrce as a less toxic alternative to the JP-4 fuel currently being used by the military

sector. The specific hydrocarbon concentrations and components within each jet fuel

will vary with each manufactured lot. The source of the component mixtures is variable

from lot to lot. The specific characteristics will be dependent on the geological and

geographical origin of the initial crude oil as well as the nature of the cracking

procedure used during the refining process (Connell and Miller, 1984; Perry, 1980;

Riser-Roberts, 1992).

The jet fuel components belong to three major classes of hydrocarbons that are

characterized by their chemical structure. The alkanes are the normal, straight chain

paraffins or saturates and include the cyclic alkanes. The alkenes are the olefins or

unsaturated nonaromatics and the aromatics are the mono-, naphthalene, and polycyclic

aromatic compounds (Boesch et al., 1974). The specific chemical structures and the

concentrations of these three classes of petroleum hydrocarbons in the jet fuels will

determine their chemical properties. These properties will influence their solubility,

volatility, toxicity, persistence, and resistance to rates of photochemical oxidation and

microbial degradation in the environment (Davis, 1967; Riser-Roberts, 1992).

Hydrocarbon Chemistry and Toxicology

The alkanes are chains of carbon atoms with attached hydrogen atoms and may be

simple straight chains (n-normal), branched (iso-, sec-, tert-), or have a simple ring

configuration (cyclo-) (Figure 1). Low molecular weight alkanes have low boiling

points and are highly volatile. They are slightly soluble in water and extremely soluble

in fats and oils that enhances their rapid penetration through membranes and into

tissues. Alkanes act primarily by solubilizing or emulsifying fats, mucous membranes,

and cholesterols (Browning, 1953). In mammals alkanes have also been found to

penetrate rapidly into the fatty cells of the myelin sheath that surround nerve fibers,

dissolve the nerve cells and cause degeneration of the axon, interrupting the

transference of nerve impulses (Manahan, 1989).
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High molecular weight alkanes are exclusively lipophilic but are considered to be

virtually non toxic though they may affect chemical communication and interfere with

metabolic processes. Many of the same high molecular weight alkanes are produced

biogenically and have been found occurring naturally in terrestrial plants, aquatic algae,

and macrophytes as well as in all marine organisms (Boesch et al., 1974; Riser-

Roberts, 1992). Some of the alkanes detected and identified in this study were n-

propane, 2-methylbutane, n-pentane, 2-methylpentane, 3-methylpentane, n-hexane,

2,4-dimethylpentane, n-decane, n-dodecane, n-tridecane, and n-tetradecane (Figure

1).

The alkenes are also chains of carbon atoms with attached hydrogen atoms, but the

chains contain carbon-carbon double bonds and are unsaturated in relation to the total

possible number of attached hydrogen atoms, compared to an alkane of similar carbon

chain length. The double bonds convey a planar conliguration that allows the formation

of the geometrical isomers cis- and trans- (Figure 1). Alkenes are generally more

reactive due to the presence of the unsaturated double bond that provides a location for

chemical attack not present in alkanes. They are present specifically in refined

petroleum products, such as gasoline and aviation fuels. Alkenes undergo addition

reactions which increase their chemical and metabolic capabilities in forming

potentially more toxic metabolites. They can be transformed by three pathways. They

can be polymerized to create long polyethylene chains, oxidized to form oxides that on

hydrolysis can form glycols, and halogenated to form extremely toxic chlorinated and

brominated hydrocarbon pesticides (Browning, 1953; Manahan, 1989).

In experimental animals the cis- isomer has been found to be an irritant and

narcotic that causes damage to the liver and kidney. The trans- isomer has been found to

cause weakness, tremors, and cramps due to its effects on the central nervous system as

well as nausea and vomiting from adverse affects involving the gastrointestinal tract

(Manahan, 1989). The alkenes detected in this study were tentatively identified as cis-

2-pentene and trans-2-pentene and were believed to be the metabolic by-products from

the degradation of the aromatic compounds.

The aromatics hydrocarbons have a basic six carbon atom ring configuration with

six hydrogen atoms and three double bonds and are unsaturated in attached hydrogen

atoms. The aromatic ring may occur in a single configuration as benzene, in two attached

rings to form naphthalene, or in many attached rings as polycyclic aromatic

hydrocarbons (PAH's) (Manahan, 1989). The aromatic ring structures may also have

substituted methyl or more complex alkyl side chains as in the case of toluene, xylene,

ethylbenzene, and propylbenzene (Figure 2). The substitution of the hydrogen atoms on
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the aromatic ring, will alter the degree of polarity, lipophilicity, persistence, and

toxicity of the compound (Rochkind, 1986; Manahan, 1991). The carbon-carbon,

resonance stabilized bonds of the aromatic ring structure confers an increased stability

to these compounds making them not only acutely toxic but some of the most persistent

and carcinogenic in the environment (Brown, 1982; Manahan, 1989).

Benzene, toluene, and the three isomers of xylene are among the most common

monocyclic aromatic chemicals found in jet fuel (Davis, 1967; Moore and

Ramamoorthy, 1984; Riser-Roberts, 1992). They have low molecular weight, low

water solubility, mid-range octanol-water partition coefficients, high volatility and

flammability, and their toxicological modes of action are narcosis (Manahan, 1991;

Rappoport, 1967). Their structure, stability, and ability to be both slightly

hydrophilic and lipophilic enhances their accessibility to more niches, species,

biochemical pathways, and sites of action that accounts for the subsequent assessment of

these compounds as priority pollutants by the USEPA in 1977 (Rochkind, 1986;

Manahan, 1991; Moore and Ramamoorthy, 1984). As a result of their ecotoxicological

significance, the biodegradation rates and metabolic by-products of these compounds

were emphasized in this study.

Benzene (bp 80.1 *C) is a potent narcotic, that affects the central nervous

system. At high concentrations inhalation of air containing approximately 64 g/m 3 of

benzene can be fatal within a few minutes and one tenth of that level can cause acute

poisoning within an hour (Manahan, 1989). Exposdre causes skin irritation, fluid

accumulation in the lungs (edema), excitation, depression, and may eventually lead to

respiratory failure and death. At lower concentrations benzene can cause blood

abnormalities, lower white cell count, and damage bone marrow (Browning, 1953;

Manahan, 1989). These toxicological effects have been attributed specifically to the

trans-benzene-1,2-oxide intermediate formed during the eukaryotic oxidation of

benzene (Manahan, 1989). Prokaryotic oxidation specifically forms cis-benzene-1,2-

oxide (Gibson, 1976) (Figure 4).

The oxidative process involves the incorporation of the oxygen atom directly into

the ring structure to form an epoxide. This epoxide intermediate, which is not

immediately degraded, resides in the cell structures actively reacting with cell

nucleophiles. Cellular damage to the blood, lymph, and bone marrow cells results and

ultimately affects liver and kidney function (Manahan, 1991). The epoxide structure is

eventually converted to phenol by a slower, nonenzymatic rearrangement process and is

eliminated from the body. Approximately 16% is respired as benzene within the first

five hours of exposure, while the remainder is released more slowly, in the form of
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phenol sulfate, with the rate of release being dependent on the amount of benzene stored

in the lipophilic tissues (EPA, 1986; Manahan, 1989). Benzene is of most concern due

to its known association with the development of leukemic cancer in humans.

Toluene (bp 1 10.6°C) is also a narcotic but is more potent than benzene. At low

concentrations it produces skin irritations and at higher levels affects blood cells, the

liver, the kidney, and the central nervous system to cause headaches, nausea, and

impaired coordination (Browning, 1953; Manahan, 1989). Toluene is less water

soluble and more lipophilic than benzene. It rapidly penetrates membranes and

transported to the site of action at greater concentrations that increases its potential for

toxic effects (Kauss and Hutchinson, 1975). However, the rapid enzymatic degradation

of toluene mediates the site concentration and reduces its potential toxicological effects

(Berry and Brammer, 1977; Donahue et al; 1977, Kauss and Hutchinson, 1975). The

mechanism involved in moderating these effects is the rapid oxidation of the methyl

side-chain that is enzymatically more accessible than the more stable ring structure.

The benzyl alcohol and benzoate intermediates formed are conjugated to hippuric acid and

are rapidly eliminated. This metabolic pathway account for approximately 70% of the

dose with the remainder being respired from the lungs unchanged as toluene (Rochkind

et al., 1986; Manahan, 1989).

The xylenes ortho, meta, and para (bps 144.4"C, 139.1°C, and 138.30C,

respectively) act as narcotics on the central nervous system but to a much lesser extent

than benzene and toluene. At high concentrations they cause headaches, impaired

coordination, edema, and nausea. At lower concentrations they cause skin irritations,

anemia, blood cell damage, and reduce blood platelets (Browning, 1953; Manahan,

1989). The double methylation of the xylenes make them virtually insoluble in water.

They are very lipophilic with high octanolwater partition coefficients and the potential

for rapid transport to the site of action. The toxicity of the xylenes is mediated by the

rapid oxidation of one of the methyl substituted groups and the cleavage of the aromatic

ring. The position of the second methyl group on the benzene ring determines the

number of enzymatic steps in the degradation process, the specific metabolic pathway,

the rate of degradation, and the potential for bioaccumulation (Berry and Brammer,

1977; Donahue et al., 1977; Evans et al., 1991; Kauss and Hutchinson, 1975; Perry,

1979; Worsey and Williams, 1975). The elimination of xylenes is primarily through

the excretion of metabolites in the form of methyl hippuric acid that represents 95% of

the absorbed dose, 1-2% as xylenols, and 3-5% respired from the lungs as unchanged

xylene (Rochkind et al., 1986).
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The toxicological effects of ethylbenzene, propylbenzene, and butylbenzene are

intermediate between benzene and toluene. Their narcotic activity is slower, of longer

duration and primarily depressant. Neither acute or chronic poisoning has been

recorded in humans (Browning, 1953).

Microbial Degradation

Microbial communities in all ecosystems are composed of the same types of

microorganisms that perform the same functional processes on which energy flows and

nutrient cycling are critically dependent (Atlas and Bartha, 1993; Fenchel, 1977;

Ford, 1993; Zobell, 1946). The utilization of hydrocarbons as a substrate for energy

and growth by a microbial community will depend on the type of microorganisms, the

similarity of the hydrocarbon chemical structure to natural substrates utilized by the

microorganisms, nutrient availability, the frequency of the hydrocarbon exposure, its

concentration, and the commensal and cometabolic relationships existing between the

microbial populations (Atlas, 1981; Gibson, 1977).

Indigenous aquatic microbial communities are composed of autotrophic and

heterotrophic prokaryotes that include algae, bacteria, viruses, fungi, molds, and yeasts

(Atlas and Bartha, 1993; Brock et al., 1994; Ford, 1993; Riser-Roberts, 1992). The

microbial community structure in each habitat will be determined by the requirements

in each micro-environment for specific microbial processes and the abiotic constraints

on the types of viable and active microorganisms at any given time. In addition,

constraints by anthropogenic perturbations will also affect community structure (Ford,

1993).

The relative success of a microbial population will depend on its ability to

selectively adapt and utilize a nutrient or xenobiotic and on its physiological rates of

nutrient uptake, inherent metabolic rates, and growth rates (Brock et al., 1994:

Gibson, 1977). The critical environmental factors that directly affect microbial

metabolic degradative rates and growth rates are temperature, light, nutrient

concentrations of nitrogen and phosphorus, and oxygen availability (Atlas and Bartha,

1993; Brock et al., 1994; Ford, 1993). In addition, the effects of latitude, season, and

watershed hydrogeochemical and biological processes will mediate nutrient quality and

availability. Trophic/food-web interactions, predation, and competition as well as wind

and wave activity, depth, and pressure will further limit optimal conditions for any one

microbial population, at any given time (Atlas, 1981, 1988, 1991; Brock et al., 1994;

Focht, 1988; Wolfe, 1987).
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In aquatic environments most microorganisms are found preferentially

associated with organic particulate and dissolved matter or attached and growing on the

surfaces, or enclosed in polysaccharide or chitin biofilms (Atlas and Bartha, 1993;

Brock et al., 1994; Bull and Slater, 1982). The surfaces utilized may be inorganic or

organic matter and may include soil or sediment particles, living or dead algal cells, or

other organisms. The bacterial cells attach by excreting adhesive polysaccharides and

use the biofilms to trap nutrient or xenobiotic substrates for growth (Brock et al.,

1994). Fungi are believed to use their hyphal filaments to physically fragment

substrates, encapsulate, and penetrate particles to which the nutrients, or the

xenobiotic may be adsorbed (Riser-Roberts, 1992). The lipophilic partitioning

characteristics of hydrocarbons to biofilms and organic coatings on benthic substrates,

suspended particulates, and dissolved materials will determine its availability to

biodegradation and the types of microorganisms performing the degradation (Karickhoff,

1979; Karickhoff et al., 1984; Riser-Roberts, 1992). However, most microorganisms

are able to optimize their utilization of any given micro-environment by using multiple

function enzymes that are able to shift metabolic pathways to enable the uptake and use

of mixed substrates (Brock et al., 1994).

The microbial communities that are specifically responsible for the degradation

of hydrocarbons in aquatic ecosystems are heterotrophic bacteria, filamentous fungi, and

yeasts or unicellular fungi (Davis, 1967; Riser-Roberts, 1992). Complete

mineralization of most complex mixtures of hydrocarbons requires the synergistic

associations between both the fungal and bacterial populations (Riser-Roberts, 1992).

The heterotrophic bacteria are the predominant microorganisms involved in the

oxidative degradation, assimilation, and cometabolism of hydrocarbons. They possess

active mixed function oxidases that are capable of utilizing molecular oxygen to initiate

the degradative process. They preferentially utilize the low molecular weight, slightly

water soluble, and weakly adsorbed hydrocarbons that include the short chain alkanes

and the alkyl-substituted mono-aromatics (Riser-Roberts, 1992). Their small size,

short generation times, and capacity to colonize and utilize these hydrocarbons rapidly,

enables them to compete more successfully than the fungi for readily available

substrates (Davis, 1967; Riser-Roberts, 1992). In environments subject to

turbulence from air currents, wave action, water currents, tidal influences, and

anthropogenic activities, bacteria are the dominant hydrocarbon degraders (Atlas and

Bartha, 1993).

Filamentous fungi are predominantly involved in the oxidative and hydroxylative

degradation of the more refractory hydrocarbons. These hydrocarbons have high
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molecular weights, are chemically complex in structure, insoluble in water, and have

high lipophilic and adsorptive properties. These include the longer chain alkanes, the

higher molecular weight substituted aromatics, and the polycyclic aromatics (Riser-

Roberts, 1992). Fungi have norspecific enzyme systems that allow them to degrade or

transform hydrocarbons of complex structure, but their metabolism often results in

persistent intermediates that are carcinogenic (Riser-Roberts, 1992). Filamentous

fungi are slow growing, forming mats or clumps of hyphal filaments that penetrate and

fragment the substrates, exposing more surface area to potential degradation (Atlas and

Bartha, 1993). In undisturbed environments, fungi can be the dominate microorganism

that initiates the degradative process by the physical penetration of the organic pollutant

in the surface microlayer (Riser-Roberts, 1992).

The process of hydrocarbon biodegradation is defined as the ability to convert

hydrocarbons to compounds of lower molecular weight by the removal of two carbons, as

carbon dioxide, through microbially mediated enzymatic oxidation or hydroxylation

reactions. The types of hydrocarbons that are actively biodegraded include the alkanes,

branched alkanes, alkyl-substituted side chains on cyclic and aromatic hydrocarbon ring

structures, alkenes, cycloalkanes, and aromatics (Figures 1-2) (Johnson, 1964).

Mineralization is defined as the complete oxidative or hydroxylative degradation of the

hydrocarbon to its inorganic components of carbon dioxide and water (Swindoll et al.,

1989).

Cometabolism or cooxidation is defined as the simultaneous oxidation of a

hydrocarbon by a bacterial microorganism that is actively oxidizing a different

hydrocarbon to use as a carbon substrate for growth (Alexander, 1985; Atlas, 1978;

Gibson, 1977, 1978; Horvath, 1972; Horvath and Alexander, 1970; Perry, 1979).

The oxidizing enzyme recognizes both the substrate for utilization and the other,

proximal, hydrocarbon and oxidizes both at the same time. The oxidation process is

limited by the greater specificity of the next enzyme in the sequence, which does not

recognize the cooxidized hydrocarbon as a substrate. The original substrate is oxidized

further, but not the cooxidized hydrocarbon. In some instances, the intermediates can

accumulate to very high concentrations that may be inhibitory or toxic to the microbial

communities (Atlas and Bartha, 1973; Kappeler and Wuhrmann, 1978a). However,

most intermediates are utilized rapidly by the microorganisms having the appropriate

enzymatic systems. Prior to utilization, all intermediates must be present in a

sufficient threshold concentration to induce the mixed function oxidases in the

microorganisms to continue the oxidation process (Atlas and Bartha, 1993; Horvath and

Alexander, 1970; Perry, 1979).
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Single populations of microorganisms are capable of initiating the oxidation of

hydrocarbon components, but complete mineralization and cometabolic p~ocesses can

only be accomplished by consortia of diverse microbial populations (Horvath, 1972;

Horvath and Alexander, 1970; Perry, 1979; Riser-Roberts, 1992). The inability of

early researchers to demonstrate microbial degradation of certain hydrocarbons was not

necessarily based on the microorganisms' inability to oxidize or cometabolize the

hydrocarbons. The experimental methodology that was used, preferentially selected for

specific microorganisms that were only capable of utilizing one hydrocarbon as their

sole source of carbon and energy (Horvath, 1972).

Early studies of microbially-mediated hydrocarbon degradation mechanisms and

rates focused on using laboratory cultured, pure strains of microorganisms, either

individually or in artificially assembled consortia. Nutrient amended media containing

the individual hydrocarbon of interest would be placed in flasks as a liquid broth or

combined with agar to make solid media plates. The selected microorganism(s) were

inoculated into the flasked solutions, or plated on the solid medium and then incubated

(Atlas and Bartha, 1993; Foster, 1962; Johnson, 1964). The ability of the organisms

to grow in the hydrocarbon amended media was considered as evidence of the utilization

of the compound as a growth substrate. Quantification of the microorganisms were by

plate counts and most probable number. Plate counts consisted of counting the discrete

colonies that were formed from the growth of a single microorganism originally

deposited on the agar plate. Most probable number uses statistical analyses and

successive dilutions of the sample to reach a point of extinction. Replicate dilutions

were scored as positive or negative and the pattern of the scores, used with the

appropriate statistical tables, gave the most probable number (Atlas and Bartha,

1993). The most probable number technique is more laborious and less precise than

the plate count method.

Identification of the microorganisms were determined using one of three methods.

The first two methods were based on the phenotypic characteristics of the

microorganisms that require specific organic and inorganic nutrients to grow, use

specific pathways for the metabolism of nutrients, or are resistant to certain

antibiotics. Adjustments to the culture medium would preferentially select for specific

phenotypes and inhibit others. The first method consisted of using a selective medium

that specifically inhibited the growth of one species, but allowed the growth of another.

The second method involved a differential medium amended with specific dyes that

indicated by the color produced, the specific metabolic pathway utilized by the

microorganism. The third method involved the visual microscopic inspection of the
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microorganisms for distinguishing features, such as pigmentation (Atlas and Bartha,

1993; Brock et al., 1994; Kester and Foster, 1963; Pirnik et al., 1974).

Evidence of the biodegradation of the hydrocarbon comnp3nents were based on the

same techniques used to identify and count the microorganisms. Some indicators used

were the ability of the microorganism to grow in the hydrocarbon amended medium and

the ability to increase in comparison to other microorganisms by presumably utilizing

the additional nutrients associated with the hydrocarbons (Horvath, 1972). Another

technique that utilized analytical instrumentation involved measuring the aromatic

hydrocarbon medium inoculated with microorganisms for ultraviolet properties. The

disappearance of ultraviolet absorbance indicated that oxidative cleavage of the aromatic

nucleus had occurred and was due to microbially-mediated degradative processes (Atlas,

1978).

These biodegradation tests provided information at the molecular level of the

biochemical oxidative mechanisms and transformation products of individual

hydrocarbon degradative reactions (Gibson, 1977). The use of radiolabeled oxygen

(018) and carbon (C1 4) in pure cultures of microorganisms also helped to reveal the

mechanisms in the oxidative degradation of n-alkanes, branched alkanes, alkenes,

cyclics, and some aromatics (Gibson et al., 1970; Gibson et al., 1974; Ooyama and

Foster, 1965). The identification of the radiolabeled intermediate compounds and

metabolic by-products that accumulated during the degradation process enabled the

biochemical sequences to be determined. As analytical methodologies improved, these

metabolic by-products were verified by the solvent extraction and analysis of the

intermediates using thin layer chromatography, paper chromatography, and partition

column chromatography (Johnson, 1964; Kester and Foster, 1963; Pirnik et al.,

1974). These results helped to confirm that the primary mechanism of hydrocarbon

component degradation was almost exclusively oxidation, performed by specific

microbial populations, by means of induced mixed function oxidases utilizing molecular

oxygen (Johnson, 1964; Kester and Foster, 1963; Pimik et al., 1974).

The limitations of the early biodegradation tests using pure microbial cultures in

solutions containing individual hydrocarbon became apparent when attempts were made

to extrapolate and apply their results to the environment. In the structural and

functional complexity of ecosystem-level processes, degradation rate reactions and

mechanisms involving complex mixtures of hydrocarbons were inconsistent with

laboratory results. The problem was not that the laboratory data were incorrect, but

rather that the limited focus of the original experiments were inapplicable to the

complexity of interactions and relationships at the ecosystem-level of organization.
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The analytical methodologies used in the early microbial studies were based on

established enumeration, identification, and interpretive procedures that had been used

successfully in the other fields of science during that time. However, the techniques

used were inadequate and inappropriate for the small size, short life cycle, short

regeneration time, numerical abundance, genetic adaptability, and interactive

capabilities specific to microorganisms (Saunders, 1977). The problems associated

with enumerating microorganisms using plate counts or most probable number are

susceptible to analytical errors as well as methodological errors. Colonies formed too

close together may obscure the actual number of originally plated bacteria, while the

development of too few colonies will fail to meet the statistical criteria for utilization

(Atlas and Bartha, 1993). Nutrient amended agar or media also may contain inhibitory

substances that can prevent the full potential for growth and utilization by the

microorganisms. Enumerating micron-sized organisms that even at low densities may

number in the millions per ml volume is subject to a certain degree of variance and

error that is dependent on the analytical technique used and the expertise of the analyst.

In addition, the inability of this method to differentiate between viable microorganisms

and non-viable, inactive organisms, together with the other factors described, will

compromise this methodology in terms of precision, accuracy, and ability to derive

meaningful relationships or patterns (Saunders, 1977).

The ability of microorganisms to form cometabolic relationships also is ignored

or overlooked as a factor in the biodegradation of the hydrocarbons. The cometabolic

process does not yield carbon, energy, or growth to the microorganisms involved.

Counts of these microorganisms would yield low population densities in comparison to

the quantity and types of hydrocarbons oxidized to their respective intermediate

configurations (Alexander, 1985; Horvath and Alexander, 1970).

The use of species identification and classification is another parameter that loses

applicability in studies involving microbial organisms (Atlas and Bartha, 1993).

Microorganisms are able to alter their DNA and RNA structures by utilizing genetic

transfer and recombination mechanisms. These mechanisms in combination with their

very short generation times allow them to modify their enzymatic pathways in response

to a stressor event or chemical toxicant and adapt to the altered environment. They can

then transfer the adaptive mechanism to their progeny and to other microorganisms.

The alteration of their genotype will alter their phenotypic utilization of substrates and

metabolic pathways. A taxonomically identified microbial population that is exposed to a

xenobiotic at the initiation of an experiment will become a different, genetically unique
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population by the end of the experiment (Atlas and Bartha, 1993; Ford, 1993;

Marshall, 1993).

The application of behavioral patterns observed in larger organisms to explain

microbial community interactions and relationships can also lead to incorrect

interpretations of metabolic pathways and mechanisms of biodegradation. Competition

infers that one species will increase in nuro bers at the expense of the other species.

However, in cometabolic processes, two or more populations could be present that may

or may not be numerically the same, based on their hydrocarbon substrate preferences,

utilization rates, intrinsic growth rates, and inherent metabolic rates (Horvath,

1972). The diversity of microhabitats available to micron-sized organisms enables

these organisms to coexist on temporal and spatial scales that are comparable to no other

group of organisms. The microbial relationships and interactions may involve the

classical competition, predation, synergistic or antagonistic dynamics observed in more

complex organisms, but it is questionable whether they define and dictate microbial

behavior with the same importance and to the same extent.

The early attempts of microbiologists to analyze complex microbial processes by

reducing the scope of the experimental design to individual species and individual

hydrocarbons failed to reveal important microbial interactions and degradative

mechanisms for complex mixtures of hydrocarbons. In addition, the lack of

methodological standardizations in the types of microbial studies conducted contributed

to the difficulty in the validation or comparison of these test results. Test chambers

used were different sizes and types. The composition and concentrations of the nutrient

amended media solutions and agar plates varied with the diversity of the microorganisms

arbitrarily selected for experimentation. Environmental conditions that the

microorganisms were incubated at varied in temperature regimes, photoperiods, oxygen

concentrations, and illumination. The need to expand the scope of microbial degradative

research to include consortia of microorganisms in test systems that are replicable,

reproducible, and standardized became apparent.

Hydrocarbon Degradation

Current studies involving indigenous microbial communities have been able to

substantiate some of the earlier results as well as provide new dimensions to the

characterization of microbial degradation dynamics of hydrocarbon mixtures (Atlas,

1981, 1988, 1991; Evans et al., 1991; Gibson, 1978; Hutchins, 1991; Kroer and

Coffin, 1992; Worsey and Williams, 1975). Each chemical class of hydrocarbons

including the alkanes, cycloalkanes, alkenes, aromatics, and polycyclic aromatics
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(Figures 1-2) are degraded by specific types of microorganism using specific enzymatic

mechanisms (Table 1)(Appendix A) (Atlas, 1981; Cerniglia et al., 1979; Gibson,
1977; Focht et al., 1990; Johnson, 1964; Kester and Foster, 1963; Walker et al.,

1975; Westlake et al., 1974). The most important microbial species that are

responsible for the oxidative degradation of petroleum hydrocarbons belong to the genera

Arthrobacter and Pseudomonas (Atlas, 1981). Once the hydrocarbon is initially

oxidized by a specific microorganism, the degradative mechanisms shift from

hydrocarbon metabolism to conventional biochemical pathways. The intermediate

hydrocarbon is then metabolized as an alcohol, aldehyde or fatty acid, without regard to

the origin of the parent hydrocarbon (Figure 3) (Ooyama and Foster, 1965).

Microbial degradation of alkanes is primarily by the sequential oxidation of the

terminal methyl group by molecular oxygen by the induction of microbial mixed

function oxidases. The intermediates that are formed are more polar compounds, such as

alcohols, aldehydes, and fatty acids (Brock et al., 1994; Riser-Roberts, 1992). The
initial step in the oxidation of the alkane is believed to start by the attachment of the

microorganism to the alkane. The terminal methyl group becomes part of the

phospholipid micelle of the cell membrane that forms a pathway from outside the cell

membrane to the site of enzymatic activity (Johnson, 1964; Perry, 1979). The initial

oxidative attack forms an alcohol that through repeated oxidations produces an aldehyde

and finally a fatty acid. The fatty acid can be oxidized at the carbon atom that is beta to

the initially oxidized carbon atom and the two carbons cleaved off as carbon dioxide to

form a new fatty acid, two carbon units shorter. The alkane is then ready for another

oxidative attack at the new terminal carbon. This processes continues until acetyl-

coenzyme A is the final product, where it is incorporated into the tricarboxylic acid

cycle and converted to carbon dioxide (Figure 3) (Atlas and Bartha, 1993; Brock et al.,

1994; Davies and Hughes, 1968; Johnson, 1964; Manahan, 1989). Some fatty acid

intermediates have been found to be toxic and to accumulate during biodegradation (Atlas

and Bartha, 1973). Other fatty acids are incorporated directly into the membrane

lipids without further beta-oxidation (Riser-Roberts, 1992).

The alkane chains containing five to eighteen carbon atoms are preferentially

used as growth substrates though carbon chains with as few as two, or as many as forty-

four, can be utilized by some microorganisms (Fredericks, 1966; Riser-Roberts,

1992). Alkanes with shorter chains from five to nine carbon atoms are more easily

used as a source of carbon than longer chains with ten to fourteen carbons (Fredericks,

1966). The lower molecular weight alkanes from two to four to are more toxic to

bacteria due to their ability to solubilize lipid membranes (Fredericks, 1966).
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Alkane degradation is predominantly by bacterial populations that can out-

compete slower growing microorganisms due to their rapid growth rates and ability to

use these easily degraded compounds as a nutritive source. The slower growing

microorganisms are able to utilize the more resistant branched alkanes, cyclics, and

aromatics (Johnson, 1964; Riser-Roberts, 1992; Schaeffer et al., 1979). Once the

alkanes are depleted the bacteria are replaced by the slower growing microorganisms as

well as the fungi that have greater metabolic flexibility to degrade refractory

hydrocarbons (Fredericks, 1966).

Branched alkanes were found to be similarly degraded, but via the oxidation of

both terminal methyl groups (Kester and Foster, 1963; McKenna, 1977; Pirnik et al.,

1974). The degree of branching, the location of the side chain, and the length of the

parent alkane chain will determine the rate of degradation. Usually, the greater the

degree of branching the slower the rate of degradation. Alkanes composed of five to six

carbons atoms having an alkyl side chain on the beta carbon atom will not be utilized as

rapidly as alkanes with seven to ten carbons (Johnson, 1964; Schaeffer et al., 1979).

Few microorganisms are capable of utilizing these hydrocarbons for growth due to the

limitations of the oxidative enzymes to accommodate the alkyl-branched structure

(Riser-Roberts, 1992).

Cycloalkanes are more resistant to degradation than alkanes or branched alkanes

and are more toxic. The presence of an alkyl side chain will promote oxidation by

providing a terminal methyl group for oxidative attack, followed by the oxidation of the

ring structure to form a cyclo-ketone or cyclo-alcohol (Fredericks, 1966). The ring

structure is then cleaved and degraded as an alkane (Figure 4) (Atlas, 1981; Ooyama and

Foster, 1965).

Alkenes can be oxidized at the unsaturated terminal carbon by the same

mechanisms involved in the oxidation of alkanes. They can be oxidized also at the double

bond to form epoxides that can be further oxidized to ketones, aldehydes, or esters

dependent on the position of the double bond in the chemical structure (Atlas and Bartha,

1993). The 2-alkenes are degraded more readily than the 1-alkenes due to the terminal

methyl groups at each end of the molecule that provide sites for potential oxidative attack

by more microorganisms (Riser-Roberts, 1992).

Aromatic hydrocarbons are degraded by microbial populations utilizing the same

enzymatic pathways, regardless of whether the process occurs under aerobic or

anaerobic conditions (Figure 4). Oxygen is the primary electron acceptor in oxic

conditions while nitrate, sulfate, carbon dioxide, or nitrous oxide serve as the terminal

electron acceptor in anoxic conditions (Atlas, 1981, 1991; Focht, 1988; Hutchins,
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1991; Swindoll et al., 1989). The induced microbial mixed function oxidases cause the

ring structure to incorporate one molecule of oxygen in the form of a dioxygenase and the

resulting dihydroxylated ring (catechol) is opened by enzymatic cleavage at the ortho

position, yielding a ciscis-muconic acid. This is oxidized further to beta-ketoadipic

acid which is oxidatively cleaved into the tricarboxylic cycle intermediates of succinic

acid and acetyl-Coenzyme A (Atlas and Bartha, 1993; Focht, 1988; Gibson, 1977).
A alternative metabolic pathway involves the cleavage of the dihydroxylated

aromatic ring at the meta position to yield 2-hydroxy-ciscis-muconic semialdehyde

that after further metabolism produces 2-keto-4-pentenoic acid, acetaldehyde, and

pyruvic acid (Atlas and Bartha, 1993; Rochkind, 1986). Fungi and algae are able to

biodegrade aromatic hydrocarbons similar to the mechanism utilized by mammalian

hepatic mixed function oxidases where the trans-benzene- 1,2-oxide intermediate is

formed rather than the cis-benzene-1,2-oxide formed by bacteria (Cerniglia et al.,

1979; Gibson, 1977). The same metabolic pathways are also involved in the

degradation of polycyclic hydrocarbons (Davies and Hughes, 1968). The trans-diol
intermediates formed in the degradation of many polycyclic aromatic hydrocarbons have

been found to be carcinogenic while cis-diols have not (Atlas and Bartha, 1993).

The degradation of alkyl-substituted aromatics is initiated first by the oxidation

of the terminal methyl group followed by beta oxidation, as in the oxidation of alkanes.

The ring is then oxidized and cleaved. The presence of an methyl or alkyl side-chain on

the aromatic ring will increase the rate of oxidative degradation. In addition, mono-

aromatics will oe degraded faster than the di-, tri-, and poly-cyclic aromatics (Atlas,

1978, 1981; Cemiglia et al., 1979; Gibson, 1977).

The specific combination of hydrocarbon components in the fuel mixtures will

determine the types of microbial populations actively present and the degradation rates

of the individual hydrocarbons (Bailey et al., 1973; Horowitz and Atlas, 1977b; Ooyama

and Foster, 1965; Perry, 1979; Walker and Colwell, 1976a; Walker et al., 1976b,

1976c; Westlake et al., 1974). In addition, the molecular weight, structural

configuration, and concentration, of the hydrocarbon component will mediate the rate of

oxidation. The lower the molecular weight and the simpler the hydrocarbon structure

the more rapid will be the degradation ( Atlas and Bartha, 1993; Davis, 1967). The
rank order of hydrocarbon utilization and degradation rates from the most rapid to the

slowest is: alkanes, branched alkanes, cyclo-alkanes, aromatics, polycyclic aromatics,

and asphaltenes. This relationship does not imply that these compounds are degraded

sequentially. The lower molecular weight fractions of all hydrocarbon classes are

degraded at the same time, but a different rates that are dependent on their concentration
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in the mixtures (Bailey et al., 1973; Horowitz and Atlas, 1977b; Ooyama and Foster,

1965; Perry, 1979; Walker and Colwell, 1976a; Walker et al., 1976c; Westlake et

al., 1974).

In a mixture containing high concentrations of n-alkanes Walker, Colwell, and
Petrakis (1 976c) found that the alkanes were degraded more rapidly than aromatics. In

a mixture containing high levels of aromatics the same microbial communities degraded
more aromatics than alkanes. However, each mixture supported the growth of different

populations of microorganisms with the n-alkane mixture supporting bacteria and

yeasts and the aromatic mixture supporting only bacteria (Walker et al., 1975; Walker
and Colwell, 1976a; Westlake et al., 1974). The microorganisms that were not

utilizing a specific hydrocarbon substrate for growth were still found to be present, but

in a dormant or inactive state.

The higher molecular weight aromatic hydrocarbons are degraded at the same
time as the lighter hydrocarbons, but their structural complexity makes these

compounds more resistant to oxidative attack and subsequently slower to be degraded.

The presumed preferential degradation of lower molecular weight hydrocarbons by

microorganisms is a misconception. The presence of two potential sites for oxidative

attack at the terminal methyl groups of straight chain alkanes and the ease of the

oxidation determines the faster rate of degradation for these compounds (Bailey et al.,

1973). Sequential degradation of hydrocarbon components would result in a lag period

in the biodegradation of the other classes of hydrocarbon components (Atlas and Bartha,
1972; Walker and Colwell, 1976a). Gas chromatograms of the water soluble

hydrocarbon components of jet fuel display no lag periods in the degradation of the

higher molecular weight compounds (Figures 7-12).

The cometabolic oxidation of many hydrocarbons will be determined by the

specific hydrocarbon components present in the petroleum mixture (Horvath, 1972;
Horvath and Alexander, 1970; Ooyama and Foster;, 1965; Perry, 1979). Aromatic

hydrocarbons were initially believed to be resistant to microbial oxidations due to the

inability of single species of microorganisms to oxidize and utilize the hydrocarbons as
nutritive substrates (Horvath, 1972). However, when the aromatics are present as

mixtures with other hydrocarbons that can serve as nutritive substrates, a substantial

number of the mono-, di-, and tri-aromatic hydrocarbons can be cometabolized by

consortia of microorganisms (Alexander, 1980; Atlas, 1978; Gibson, 1977; Horvath,

1972; Horvath and Alexander, 1970). Cometabolism of other hydrocarbons were also
found to require specific hydrocarbon substrates. Van Eyk and Bartels (1968) found

that hexane and butane are strong inducers of alkane degradation. Hexane can serve as a
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growth substrate in the cooxidation of 2-methylheptane, o-xylene, and

ethylcyclohexane. The cometabolism of cycloalkanes requires the presence of propane,

n-heptane, or 2-methylbutane to serve as substrates (Hou, 1982; Ooyama and Foster,

1965). In the cometabolism of several aromatic hydrocarbons, hexadecane was found to

serve as the primary substrate (Perry, 1979).

Several other factors will affect microbial utilization rates. The presence of

thiols, metals, and other contaminants in the hydrocarbon mixture can inhibit or be

potentially toxic to the microorganisms. The production and secretion of emulsifiers by

microorganisms will potentially expose more of the surface area of the hydrocarbon

mixture to microbial oxidative activity. The viscosity of the hydrocarbon mixture will

determine the dispersal and size of the contaminated area, with the thinner and less

viscous layers being more conducive to microbial attack. Finally, the presence,

thickness, and organic content of the microlayer will determine the amount of

hydrocarbon compounds absorbed and adsorbed -as well as the availability of

microenvironments and substrates for microbial utilization (Atlas, 1981, 1988,

1991; Focht, 1988; Kampfer et al., 1991; Wolfe, 1987). Microorganisms have been

found to occur from ten to one hundred times more frequently in the surface microlayer

than at the ten centimeter depth at oiled sites (Atlas, 1981).

Environmental factors are crucial in the determination of the specific indigenous

microbial species present and their rates of hydrocarbon degradation. One of the

primary factors mediating microbial oxidative degradation is temperature (Atlas et al.,

1978; Brock et al., 1994). Temperatures of 200C to 40°C will increase microbial

utilization rates of hydrocarbons. Abiotic losses of lower molecular weight

hydrocarbons will also be increased by evaporation and volatilization (Atlas, 1975;

Dibble and Bartha, 1979; Horowitz and Atlas, 1977b; Ward and Brock, 1976; Westlake

et al., 1974). At lower temperatures near 4"C, growth rates and utilization rates of

psychrophilic microorganisms have been found to be similar to mesophilic

microorganisms at 18*C (Delille and Siron, 1993). Abiotic losses are dramatically

reduced, especially in the presence of ice that will physically prevent the volatilization

of hydrocarbons from the water (Atlas, 1975).

Atlas (1975) found that both paraffins and aromatics are biodegraded at 10°C

and 20°C in all oils with the lighter alkanes being degraded more rapidly than any of the

other types of hydrocarbons. Heavier oils were found to be degraded at slightly higher

rates at lower temperatures due to the lack of inhibitory effects to the microbial

communities, that is present at higher temperatures. Cometabolism was found to be the

primary degradative mechanism at lower temperatures (Horowitz and Atlas, 1977b).
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Studies of temperate lakes in Wisconsin by Ward and Brock (1976) found that summer

temperatures of 20°C to 25°C were optimal for oil biodegradation by indigenous

microbes, but nutrient limitations restricted the rates and extent of the degradation.

During the spring, winter, and fall seasons temperature became the primary limiting

factor. The highest rates of hydrocarbon degradation were found to be about one month

after ice melt, when the constraints imposed by both temperature and nutrient

concentrations on microbial utilization rates were minimized.

All environmental factors, when they are examined separately, will impose some

constraints on the types of microorganisms present and their functional processes. Each

factor will be described in terms of a range that will be optimal for non-specific

microbial growth and utilization rates. Some of these ranges have been determined for

optimizing microbial utilization rates of hydrocarbons. The optimal range for pH is

from 7.5 to 7.8 (Dibble and Bartha, 1979). Oxygen concentrations range from 5 mg/L

to 8 mg/L (Ward and Brock, 1976). Nutrient concentrations of nitrogen, phosphorus,

and iron must be present in specific proportions to each other with C:N, C:P, and N:P

ratios of 10:1, 100:1, and 10:1 to be optimal (Atlas, 1981; Dibble and Bartha, 1979;

Fedorak and Westlake, 1981). In addition, other factors including season, climate,

sunlight, altitude, depth, wind and wave activity, and prior exposure of the environment

to hydrocarbon releases will also affect the microbial community structure and

degradation rates (Atlas, 1981, 1987; 1991; Evans et al., 1991; Hutchins, 1991;

Focht, 1988; Riser-Roberts, 1992; Wolfe, 1987). Some abiotic rate-dependent

processes that will also be affected by these environmental factors include

photooxidative decomposition, adsorption, absorption, hydrocarbon partition

coefficients, and solubilization.

The results of some of the studies on the effects of environmental factors on

hydrocarbon degradation rates appear to be intuitively self-explanatory. Warmer

seasons will increase degradation rates, wind and wave action will increase volatilization

and mixing to provide greater surface area for degradative activity, and aerobic

utilization rates will be faster than anaerobic rates. The limitations of these studies

involving single environmental factors are their inapplicability to real environmental

conditions. The importance of the study by Ward and Brock (1976) was that optimal

conditions for microbial populations are never realized in terms of any single

environmental factor. There will always be other factors that will become limiting or

impose constraints. Environmental factors when combined, produce a unique set of

conditions on temporal and spatial scales that will affect microbial functions and

processes in ways that on first examination may be counterintuitive.
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The ability to examine microorganisms in the context of ecosystem-level

physical, structural, and functional interactions will reveal microbial functional

processes as well as the mechanisms that control and regulate these functions.

Laboratory experiments and field validation studies must be well defined and designed to

be conducive to examining the special functions, processes, and interrelationships that

microorganisms impart to all ecosystems. The small size, enzymatic adaptability, short

generation time, and genetic versatility of microorganisms conveys to them a uniqueness

apart from all other types of organisms. Microorganisms are the single, primary

organisms responsible for the fixation of nitrogen, decomposition of organic matter,

transformation of chemica! contaminants, recycling of nutrients and carbon, and energy

flows in all environments. To ignore their importance and role in any study involving

ecosystem structural components and functional processes will yield results that are

limited in scope, applicability, and ecological significance.

The objectives of this study were to measure the hydrocarbon degradative

responses of twu ':parate microbial communities exposed to complex mixtures of

hydrocarbons in two types of microcosms, the Mixed Flask Culture microcosm and the

Standardized Aquatic Microcosm. The microcosms were different in the source of the

organisms, the numbers of organisms, species diversity, trophic level complexity,

sediment organic matter quality, and size. The purpose was first to determine whether

the microbial communities display similar patterns of rate responses and intensities in

the degradation of hydrocarbon components when treated with the water soluble fraction

of a jet fuel. The second purpose was to determine whether the same rate patterns are

repeated when the microorganisms were re-treated with a second water soluble fraction

of jet fuel. Third, to determine whether the patterns were similar to responses and

intensities observed in field studies. Finally, to determine whether microcosms must

resemble real ecosystems, as closely as possible, to be valid models of ecosystem

dynamics, or whether ecosystem dynamics display similar, universal patterns in rate

responses independent of species composition and trophic complexity.
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Materials and Methods

Chemicals

All chemicals used in the culture of the organisms for the Standardized Aquatic

Microcosm and in the preparation of the microcosm medium, T82MV, were reagent grade

or as specified by the ASTM and USEPA protocols (ASTM E1366-91, 91; Shannon and

Anderson, 1989). Individual hydrocarbon reference standards that were used to identify

and quantify the water soluble components in the jet fuels were purchased from the

AlItech Chemical Company (Deerfield, IL) and were A.C.S. spectrophotometric grade

(>99+% purity). These included n-pentane, n-hexane, n-heptane, n-octane, n-nonane,

n-decane, n-undecane, n-dodecane, n-tridecane, n-tetradecane, n-pentadecane,

cyclohexane, cycloheptane, cyclooctane, benzene, ethylbenzene, toluene, ortho-xylene,

meta-xylene, and para-xylene. The ASTM D3710 Qualitative Calibration Mix and the

Qualitative Reference Reformate Standard were purchased from Supelco Chromatography

P-oducts (Bellefonte, PA). All standards were prepared in pesticide grade, A.C.S.

specification hexane or carbon disulfide, purchased from VWR Scientific (Seattle, WA).

The Jet-A jet fuel used in the Mixed Flask Culture microcosm experiment is a

refined aviation fuel used extensively throughout the world in commercially operated

aircraft and was provided locally by Fliteline Services of Bellingham, Washington. The

JP-8 jet fuel used in the Standardized Aquatic Microcosm experiment is a new,

experimental formulation refined and produced by the United States Air Force and was

provided by the U. S. Air Force Toxicology Laboratory at Wright-Patterson Air Force

Base in Ohio. The samples were collected in two liter fuel cans from in-line quality

assurance/quality control valves and were sealed on site. The lot shipment was recorded

and the samples were transported to the laboratory.

Glassware

All reagent preparation, measuring, and dispensing of solutions were performed

using class A volumetric glassware. The preparation, mixing, and addition of the 100%

water soluble fraction of the jet fuel to the microcosms were performed using 1 L

separatory funnels and class A graduated cylinders. The graduated cylinders were used to

reduce the potential loss of volatiles during the measuring and dispensing process. All

glassware used in the culture of the laboratory organisms, in the preparation of

solutions, reagents, and media including microcosm containers, samplers, and sample

reservoirs were washed in hot soapy water using Labtone*, a non-phosphate

dishwashing soap. The glassware was rinsed four to six times in hot water until all
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soapy residue was removed, rinsed four times in distilled water, inverted and allowed to

dry. The dried glassware was covered with aluminum foil with the dull side in contact

with the glass and autoclaved for thirty minutes in a Market Forge Sterilemaster at 15

psi and 250°C.

All microcosm beakers, jars, samplers, and sample reservoirs were filled with

the 2N HCI after the regular washing and rinsing process and allowed to soak overnight.

The following day the glassware was rinsed ten times in distilled water, with the final

rinse remaining in the glassware for another twelve hours to remove any residual acid.

The glassware was then rinsed two more times with distilled water, inverted and dried..

When dry the glassware was covered with alumin, im foil, dull side in contact with the

glass, and autoclaved for 30 minutes.

Chromatography glassware consisted of class A volumetric flasks, pre-cleaned 4

ml, 10 ml, and 40 ml clear glass vials with Teflon®-lined screw caps, gas tight

HamiltonO syringes, two 5 ml gas tight Teflon' luer lock Hamilton® syringes, and two 5

ml glass spargers with frits for the TekmarO Purge and Trap LSC 2000 Concentrator.

The syringes, vials, and spargers were purchased from Supelco Chromatography

Products (Bellefonte, PA).

Chromatography glassware was cleaned in hot soapy water, using Alconox®

powder detergent, rinsed in hot water until all soapy residue was removed, rinsed three

times with 10% sulfuric acid (H2 SO4), rinsed ten times in deionized distilled water

(obtained from a Barnstead Nanopure four cartridge system) then inverted and dried at

105°C for four hours.

Preparation of the 10096 water soluble fraction of jet fuel

The water soluble fraction (WSF) of Jet-A and JP-8 were prepared in glassware

washed in nonphosphate soap, rinsed, the soaked in 2N HCI for at least one hour, rinsed

ten times with distilled water, dried, and autoclaved for 30 minutes. The S*t:'-lardized

Aquatic Microcosm medium, T82MV, was substituted as the diluent for the water

fraction of the WSF. Separatory funnels were used as mixing chambers to prepare the

100% WSF.

Twenty-five ml of the appropriate jet fuel were added to each 1 L separatory

funnel containing 1 L of sterile, fresh T82MV medium and mixed by agitating the

separatory funnel contents vigorously for five minutes, slowly releasing built up

pressure when necessary, allowing the contents to stand undisturbed for fifteen minutes,

and repeating this procedure until a total time of one hour had elapsed. The separatory
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funnel and its contents were then allowed to remain undisturbed for twelve hours to

maximize the saturation of the T82MV with the water soluble components in the jet fuel.
After twelve hours, the T82MV/ 100% water soluble fraction of jet fuel mixture

was carefully drained from the separatory funnel. The final 100 ml of the WSF in direct

contact with the jet fuel layer was left in the separatory funnel to avoid incorporating

any fuel emulsion into the final water soluble fraction. The 100% WSF was placed

directly into clean, sterilized one liter amber glass bottles and capped with Teflone-

lined screw caps. The 100% WSF was used within twelve hours of preparation.

In the Mixed Flask Culture microcosm experiment, two liters of 100% WSF of

JET-A were prepared to ensure a final volume of 1260 ml necessary to treat the

eighteen 1 L MFC microcosm beakers. In the Standardized Aquatic Microcosm

experiment, four liters of 100% WSF of JP-8 were prepared to provide the necessary

3780 ml to treat the eighteen 3 L SAM jars.

Microcosm Protocols

Treatment Regime

Each microcosm experiment consisted of two consecutively conducted component

experiments. The first experiment was conducted as specified in the original protocol

using 0%, 1%, 5%, and 15% water soluble fractions of jet fuel as the toxicant. The

second, extended experiment consisted of re-treating the 0% WSF reference and 15%

WSF treated microcosms with fresh 15% water soluble fractions of jet fuel after sixty-

three days had elapsed.

Mixed Flask Culture Microcosm (MFC)

Construction and implementation of the 60-day Mixed Flask Culture (MFC)

microcosm experiment was conducted to the specifications described in Shannon and

Anderson's (1989) modification of Leffler's (1980) original protocol. Natural

assemblages of aquatic organisms were collected from local streams and lakes during

January of 1992. The sites ir•.jeod Padden Creek, Squalicum Creek, Whatcom Creek,

Baker Creek, Silver Creek, Heron Pond, Lake Whatcom, and Lake Padden. The samples

were brought back to the laboratory and placed in a 50 L aquarium containing sterile

T82MV medium (ASTM E1366-91). The organisms were then allowed to acclimate for a

three month period. Laboratory environmental conditions were maintained at 20" ± 2*C

with the light intensity at 80 ± 2 fEm'2 s"1 and a photoperiod of 12 hours light and 12

hours dark. At the end of three months the resulting aquatic community was subsampled,

with 50 ml placed into each of the thirty, cleaned and acid washed 1 L beakers. Each
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beaker contained 50 g of acid-washed white silica sand, 15 jig NaHC03. and 900 ml of

freshly made, sterile T82MV medium. The beakers were placed uncovered in a Puffer-

Hubbard CEC SOLTP Environmental Chamber. The environmental conditions were set to

an isothermal day/night temperature of 20" ± 2*C, illumination at 80 ± 2 JEm-Zs-1, and

a photoperiod of 12 hours light and 12 hours dark (Figure 5).

The MFC's were allowed to equilibrate for six weeks. Once a week they were

cross-inoculated to minimize divergence, re-inoculated to ensure a more uniform

distribution of organisms among the beakers, and rotated within the environmental

chamber to minimize potential light and temperature variations. All microcusms were

removed from the environmental chamber, but kept in their order of position. Each

microcosm was gently stirred, a 100 ml aliquot removed using a Standardized Aquatic

Microcosm dip sampler described in ASTM E1366-91, and combined together in a

sterile, 4 L Erlenmeyer flask. To the flask contents, 300 ml from the stock community

aquarium were added, mixed, and redistributed to each microcosm in 110 ml aliquots.

The final volume of each microcosm was brought up to 1 L with fresh, sterile T82MV

medium to compensate for evaporative losses. The microcosms were then placed back

into the environmental chamber in a pattern that would rotate each set of four beakers to

a new shelf, and clockwise individually by one microcosm position.

After six weeks the microcosms were examined individually to verify that each

contained the specified minimum functional groups: two species of unicellular green

algae, one species of nitrogen fixing blue-green algae, one species of filamentous green

algae, one species of herbivorous grazer, one species of benthic detritivore, bacteria,

and protozoans. The microcosms were then monitored for two days, with morning

dissolved oxygen, evening dissolved oxygen, and pH measurements recorded. The

microcosms that displayed measurements divergent from the mean and outside the

determined 95% Confidence Intervals were removed from the experiment. A final total

of twenty-four microcosms were then randomly numbered and assigned to four

treatment groups (including the reference group) with each group containing six

replicates. The microcosms were re-assigned shelf positions within the environmental

chamber with each shelf containing one replicate from each treatment group.

JET-A Jet Fuel Water Soluble Fraction Application

On Friday (designated Day 0) 150 ml of the medium was removed from each of

the twenty-four MFC's using an autoclaved, 100 ml capacity basting tube, with a sterile

square of 100 mesh Nitex* tied over the opening to prevent the removal of the
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Mixed Flask Culture Microcosm

MFC
Stock Aquarium Construction

(3 months)LaL
Environmental Chamber

(6 weeks)
Equiibration Perod

(Reinoculation, Rotation,

Tre atment: and Crossinoculation)

0% WSF 1% WSF 5% WSF 15% WSF

Day 0 Treatment 1 Treatment 2 Treatment 3 Treatment 4

Count Organisms
Remove Outiers
AddToxicart

Day 4 - Day 60: Count organisms, D.O., and pH
Day 0 - Day 14: Purge & Trap / Gas Chromatograph

Re-Treatment:
0% WSF 15% WSF

Day 60 Day 60

AddToxica:t:

0%+15%WSF 15%+15%WSF

Day 60 Day 60

Day 60 - Day 74: Purge & Trap / Gas Chromatograph

Figure 5. Wxed Flask Culture microcosm construction and JET-A water soluble
fraction treatment application.



organisms. Treatment groups (of six replicates each) containing 0%, 1 %, 5%, and

1 5% JET-A water soluble fractions were prepared as follows:

1 ) 0% WSF (designated as the reference group) were refilled with 1 50 ml of

fresh, sterile T82MV medium;

2) 1 % WSF (designated as Treatment 2) were refilled with a 150 ml mixture

containing 10 ml of the 100% JET-A water soluble fraction combined with

140 ml of fresh, sterile T82MV medium;

3) 5% WSF (designated Treatment 3) were refilled with a 150 ml mixture

containing 50 ml of the 100% JET-A water soluble fraction combined with

1 10 ml of fresh, sterile T82MV medium;

4 ) 15% WSF (designated Treatment 4) were refilled with 150 ml of the 100%

JET-A water soluble fraction jet fuel.

The final volume in each microcosm was adjusted to 1 L with sterile, fresh

T82MV. The beakers were covered with sterile 15 mm x 100 mm inverted plastic

petrie dish lids and placed in their assigned positions within the environmental chamber.

The microcosms were monitored for physical, structural and functional parameters on

Tuesdays and Fridays for the duration of the 60 day experiment. The results from this

experiment are presented by Landis et al.,(1 994).

On day 60 both the 0% WSF reference group and the 15% WSF treatment group

were split into two sub-groups of three replicates. Three replicates from the reference

treatment group and three replicates from the 15% WSF treatment group were treated

with freshly prepared 100% WSF JET-A jet fuel to a final concentration of 15% WSF

(Figure 5). The other six replicates were treated with freshly prepared T82MV

medium. As before, 150 ml were removed from each of the twelve microcosms and

treatment groups (of three replicates each) containing 0%+0%, 0%+ 15%, 155%+0%,

and 15%+15% JET-A water soluble fractions were prepared as follows:

1 ) 0%+0% WSF (designated as the new reference group Treatment 1) were

refilled with 150 ml of fresh, sterile T82MV medium;

2) 0%9+1 5% WSF (designated as the new Treatment 2) were refilled with

150 ml of freshly prepared 100% WSF of JET-A;
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3) 15%+0% WSF (designated as the second reference group Treatment 3) were
refilled with 150 ml of fresh, sterile T82MV medium;

4) 15%+ 15% WSF (designated as the new Treatment 4) were refilled with

150 ml of freshly prepared 100% WSF of JET-A.

The final volume in each microcosm was adjusted to 1 L with sterile, fresh
T82MV. The beakers were then covered with sterile 15 mm x 100 mm inverted plastic

petrie dish lids and returned to the environmental chamber.

Standardized Aquatic Microcosm (SAM)
The 63-day Standardized Aquatic Microcosm (SAM) protocol is described in

ASTM E 1366-91. The microcosms are constructed by placing a sediment of 200 g of

acid-washed, white silica sand, 0.5 g of cellulose powder, and 0.5 g of ground chitin in

the bottom of each of thirty, 3.8 L glass jars and adding 3 L of unautoclaved T82MV
medium. The jars were placed in an autoclavable NalgeneO tray that was filled with

enough water to be above the level of the sediment in the jars and autoclaved for one hour
at 250"C and 15 psi. After cooling, the filter-sterilized vitamins and other heat

sensitive T82MV medium components were added to each jar and the pH adjusted to 7.0 ±
0.2 with sterile 1 N HCI. The jars were then capped to prevent airborne contamination
until the initiation of the experiment, within twenty-four hours after the construction

of the microcosms.

At the initiation of the experiment (designated Day 0) nine axenic laboratory

cultures of algae were harvested, rinsed with fresh, sterile T82MV medium, counted,

and inoculated at the recommended density of three million cells into each microcosm

(Figure 6). The species used were Anabaena cylindrica, Ankistrodesmus sp.,

Chlamydomonas reinhardi 90, Chlorella vulgaris, Lyngbya sp., Scenedesmus obliquus,
Selenastrum caprcornutum, Stigeoclonium sp., and Ulothrix sp. The unicellular green

algae were counted using a hemacytometer. The filamentous green algae and the

filamentous blue-green algae were counted by initially breaking the filaments into
shorter strands. The algae were placed in sterile, 50 ml culture tubes with Teflon*-

lined screw caps containing acid washed glass beads and agitated vigorously.

Nanoplankton counting chambers, or Palmer cells, were then used to count the individual

cells.
The SAM microcosms were each covered with a sterile 15 mm x 150 mm

inverted plastic petrie dish lid and placed in random positions in an oval pattern on a

specifically constructed table in an environmentally controlled room. The bank of lights
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Standardized Aquatic Microcosm
Treatment:

Day 0 Day 4 Day 7

Add: Algae Add: Daphnia Count Organisms
Rotifers Remove Outliers
Ciates Add Toxicant

0% WSF 1% WSF 5% WSF 15% WSF

Treatment 1 Treatment 2 Treatment 3 Treatment 4

Day 11 - Day 63: Count organisms, D.O., pH, and Nutdents
Day 7 - Day 35: Purge &Trap /Gas Chrornatogmph

Re-Treatment
0% WSF 15% WSF

Day 63 Day 63

Add: ToxicartI

0%+15% WSF 15%+15% WSF

Day 63 Day 63

Day 63 - Day 91: RPrge & Trap / Gas Chromatograph

Figure 6. Standardized Aquatic Microcosm construction and P-8 water soluble
fraction treatment application.



parallel above the microcosms were adjusted to provide illumination at 80 ± 2 mEm-2 s-1,

with a photoperiod of 12 hours light and 12 hours dark. The temperature in the room

was maintained at an isothermal day/night temperature of 20" ± 2°C.

On Day 4 the remaining organisms were added to each microcosm in the following
densities: 300 Tetrahymena sp., 90 Philodina sp., six Cyprinotus sp., and 6 adult

Daphnia magna with eggs, 6 immature D. magna without eggs, and 10 D. magna instars
(less than 24 hours old). The microcosms were then monitored for two days, with

morning and evening pH and dissolved oxygen measurements recorded to identify and

remove microcosms outside the determined 95% Confidence Intervals for a final total of

twenty-four microcosms. The SAM's were then randomly numbered and assigned to four
treatment groups, each containing six replicates, with one treatment group of six

replicates (Treatment 1) serving as the reference. The replicate microcosms were

assigned to six block groups of four around the table so that each block held one replicate

from each treatment group.
On Day 7, a 600 ml subsample was removed from each of the twenty-four

microcosm and placed in twenty-four correspondingly labeled, sterile 1 L temporary

reservoirs. Algae were counted in each reservoir using a Palmer cell with a NOx ocular

and 40x objective phase contrast microscope. Twenty-five microscope fields or 50
cells were counted for each algal species. Counts of daphnia and ostracods were made by

visually inspecting the entire 600 ml subsample. The microorganisms were counted by

dispensing 0.2 ml aliquots of a 2 ml subsample onto a clean petrie dish lid, inspecting

each drop using a stereozoom microscope, and recording the total number per 2 ml

sample. After all counts were made the 600 ml subsamples were returned to their

respective microcosms.

JP-8 Jet Fuel Water Soluble Fraction Application

On Day 7, after all counts were completed and the subsamples returned to their

respective microcosms, 450 ml of medium were removed from each of the twenty-four

3 L microcosms using the sterile basting tube with NitexO. Treatment groups containing

0%, 1%, 5%, and 15% JP-8 water soluble fractions were prepared as follows:

1 ) 0% WSF (designated as the reference group Treatment 1 ) were refilled with

450 ml of fresh, sterile T82MV medium;

2 ) 1% WSF (designated as Treatment 2) were refilled with a 450 ml mixture

containing 30 ml of the 100% JP-8 water soluble fraction prepared earlier,

combined with 420 ml of fresh, sterile T82MV medium;
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3) 5% WSF (designated as Treatment 3) were refilled with a 450 ml mixture

containing 150 ml of the 100% JP-8 water soluble fraction combined with

300 ml of fresh, sterile T82MV medium;

4) 15% WSF (designated as Treatment 4) were refilled with 450 ml of the

100% JP-8 water soluble fraction jet fuel.

The final volume in each microcosm was adjusted to 3 L with sterile T82MV

medium and the microcosms re-covered with a sterile 15 mm x 150 mm inverted

plastic petrie dish lid. The microcosms were monitored for structural parameters, with

subsamples removed twice weekly from each microcosm and counts of population

densities made for all species for the duration of the 63 day experiment. The results

from the SAM microcosm are presented by Landis et al. (1994).

After day 63, both the reference (0% WSF) and the 15% WSF treatment groups

were split into two sub-groups of three replicates. Three replicates from the reference

treatment group and three replicates from the 15% WSF treatment group were treated

with freshly prepared 100% WSF JP-8 jet fuel (Figure 6). The other six replicates

were treated with freshly prepared T82MV medium. As before, 450 ml were removed

from each of the twelve microcosms and treatment groups (of three replicates each)

containing 0%+0%, 0%+15%, 15%+0%, and 15%+15% JP-8 water soluble

fractions were prepared as follows:

1 ) 0%+0% WSF (designated as the new reference group Treatment 1) were

refilled with 450 ml of fresh T82MV medium;

2) 0%+ 15% WSF (designated as the new Treatment 2) were refilled with

450 ml of freshly prepared 100% WSF JP-8;

3) 15 %+0% WSF (designated as the second reference group Treatment 3) were

refilled with 450 ml of fresh T82MV medium.

4) 15%+ 15% WSF (designated as the new Treatment 4) were refilled with

freshly prepared 100% WSF JP-8.

The final volume in each microcosm was adjusted to 3 L with sterile T82MV

medium, re-covered with a sterile 15 mm x 150 mm inverted plastic petrie dish lid and

placed in a randomly assigned a new position around the table in the environmentally

controlled room.
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Sterile Mixed Flask Culture Microcosm

Three additional microcosms that were conditioned for six weeks were autoclaved

in a Market Forge autoclave for one hour at 250°C and 15 psi. Once cooled, 150 ml of

the medium were replaced with 150 ml of fresh made 100%/T82MV water soluble

fraction of JET-A. The sterile MFC's were covered with a sterile 15 mm x 100 mm

inverted plastic petrie dish lid and placed in the environmental chamber. Samples were

removed and analyzed on the Purge & Trap/Gas Chromatograph system to detect

biodegradation metabolites or changes in the hydrocarbon degradation rates (Figure 12).

Gas Chromatograph Analysis of Jet Fuel WSF

Sampling Regime

In all of the microcosm experiments, immediately following treatment with the

water soluble fraction of the jet fuel, one replicate from each treatment group was

collected for Purge and Trap/Gas Chromatograph (P&T/GC) analysis. Hydrocarbon

component identification and quantification was performed with modifications according

to USEPA Methods 601 (1982a) and 602 .(1982b) (Westendorf, 1986). A clean,

sterile 5 ml pipet was used to remove 5 ml from each treatment replicate to transfer

and dispense the sample into a sterile, pre-cleaned 4 ml, 1S mm x 45 mm vial. Care

was taken to minimize turbulence and potential release of volatiles. The vial was filled

to prevent any headspace or air bubbles and sealed with a Teflon®-Iined screw cap. All

samples were stored in the dark at 4°C until the time of analysis.

In the MFC experiment samples were initially collected from the next replicate

in each treatment group every two days, for a total of fourteen days. Purge and Trap/Gas

Chromatograph analyses were completed within one week of sampling. In the re-

treatment experiment, the MFC microcosm sampling frequencies were increased to

every twelve hours with samples collected from all replicates at the same time and

P&T/GC analyses conducted within two days of collection.

In the SAM experiment samples were collected every twelve hours and analyzed

within twenty-four hours of collection on the P&T/GC system for both the initial and the

re-treatment experiments. Sampling durations were also extended to one month, even

though all initial volatiles had disappeared within two weeks of treatment.

Purge and Trap/Gas Chromatograph

A TekmarO LSC 2000 Purge and Trap (P&T) concentrator system in tandem with

a Hewlett-PackardO 5890A Gas Chromatograph (GC) with a Flame Ionization Detector

(FID) was used for the analysis of all standards and microcosm samples (Appendices B-
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C). Instrument blanks and deionized distilled water blanks were used to verify the P&T

and GC columns cleanliness prior to analysis of samples.

On the day of analysis, samples were allowed to reach ambient temperature in the

dark prior to analysis. A 5 ml gas tight Teflon® Luer lock HamiltonO syringe was used to

remove a 3.5 ml sample from the 4 ml sample vial, using care to minimize any

turbulence or incorporation of air into the sample, and injected into the 5 ml glass

sparger on the P&T system (Appendix B). The sample was then purged with pre-

purified nitrogen gas for eleven minutes to strip all the volatiles from the sample. The

volatiles were collected on the Tenax/Silica Gel column trap and were then dry purged

for four minutes to remove excess water. The trap was then heated very rapidly to

180°C and the flow of the nitrogen was reversed to rapidly desorb and carry the volatile

hydrocarbons directly onto the Gas Chromatograph's SPB-5, 30 m x 0.53 mm ID, 1.5

lum film, fused silica capillary column. The GC column was programmed to hold at 35"C

for two minutes, increase to 225°C at 12"C/min and hold at that temperature for five

minutes. A Spectra-Physics 4290 Integrator recorded the FID signal output of the

volatile hydrocarbons that had separated and eluted from the column by molecular weight

and boiling point (Figures 7-12). A comparison was then made of the sample

chromatograph peak retention times and area under the peak curve to n-paraffin and

aromatic chromatograph reference standards that were prepared and analyzed under the

same conditions for sample concentration determinations (Appendix C).

Statistical Analysis

Data were reported as area under the peak curve for the water soluble

components, and were logarithmically transformed (base 10) to insure variance

homogeneity and improve linear regression techniques. The logarithmic data points

were regressed for each hydrocarbon component in each of the treatment groups. The

slope of the regressed line for each of the hydrocarbons in each of the treatment groups

was used as the rate of degradation of the component in time. The individual slope

coefficients were compared in each of the other treatment groups and between both

microcosms for significant differences in degradation rates using the Student's t test

statistic (Tables 10-12, 16-19) (Zar, 1984).
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Results

In both the Mixed Flask Culture (MFC) microcosm and the Standardized Aquatic

Microcosm (SAM) experiments, three treatment groups were amended with serial

concentrations of water solubilized fractions of hydrocarbons that were derived from the

jet fuels JET-A and JP-8, respectively. The degradation rates of the hydrocarbon

components were monitored using the Purge and Trap/Gas Chromatograph (P&T/GC).

Each chromatograph peak represented a specific hydrocarbon component. The magnitude

of each peak was a function of the concentration of the volatile hydrocarbon in the sample

(Figures 7-12). The chromatographs enabled the comparison of the degradative rates

for the individual hydrocarbon components between the treatment groups, within each

microcosm experiment and between the treatment groups of the two microcosms.

To increase the linearity of the degradation slopes for individual hydrocarbons

and to increase the homogeneity of their variances all chromatograph peak areas were

transformed to logarithmic scale and regressed (Appendices D and E) (Zar, 1984). The

slopes of their regressed concentrations through time were used to estimate rates of

degradation. The greater the absolute value of the slope above zero, the faster the rate of

degradation. In both the MFC and SAM experiments the slopes of selected hydrocarbons

for each of the treatment groups were plotted on one graph (Figures 19-31). The mean

area under the peak curve values and standard deviations-for the re-treated microcosms

were also included.

The slopes of the individual hydrocarbon components were compared, using the

Students t test to determine whether their degradation rates in the 15% WSF treatment

group were significantly different from their degradation in the re-treated 0%+15%

and the 15%+15% WSF groups (Tables 10-12) (Zar, 1984). In addition, the

degradation rates of the hydrocarbon components in the 0%+15% and the 15%+15%

WSF treatment groups were compared to each other to determine whether they were

significantly different (Tables 10-12).

The specific hydrocarbon components that were the focus of this study were

selected on the basis of their presence in both the JET-A and the JP-8 water soluble

fractions. The hydrocarbon components selected were categorized by their chemical

structure into three major classes of hydrocarbons the alkanes, the aromatics and the

alkyl-substituted aromatics. The alkanes consisted of decane, dodecane, tridecane, and

tetradecane (Figure 1). The aromatics consisted of benzene, toluene, and meta-, ortho-,

and para-xylenes (Figure 2). The alkyl-substituted aromatics were ethylbenzene,

propylbenzene, and butylbenzene (Figure 2). Cyclooctane was also included in the group
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Figure p6. Gas Chromatographs of JP-8 15% WSF (left) and JET-A 15% WSF (right),
approximately 208 hours after treatment.
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of alkyl-substituted aromatics.

All other hydrocarbons that were present or appeared during the course of the

experiments were considered metabolic by-products or intermediates formed during the

degradative process. These compounds were 2,4-dimethylpentane, 2-methylpropane,

pentane, cis-2-pentene, trans-2-pentene, and propane. Hexane, butane, and 3-

methylpentane were present as minor components in the jet fuel(s) and also as

metabolites of hydrocarbon degradation. These hydrocarbons were not emphasized in the

general analysis of hydrocarbon degradation processes (Figures 31-38).

Modifications were made in the experimental design prior to the initiation of the

re-treatment experiment in the JET-A MFC microcosm, and were later implemented in

the JP-8 SAM experiments. The modifications involved increasing the sampling

frequency from every forty-eight hours to every twelve hours, decreasing the sample

holding time prior to analysis from four days to a maximum of two days, and including

more replicates in the analyses to improve statistical robustness. As a result,

hydrocarbon degradation rates were monitored more precisely for longer periods of time

and oscillations in the production of metabolites were revealed in greater detail during

the course of the experiment. The presence of cis-2-pentene was originally not detected

in the previous 1%, 5%, and 15% JET-A WSF treatments. However, in both the

0%+15% WSF and the 15%+15% WSF treatments the production of cis-2-pentene was

detected to be a major metabolite of JET-A WSF degradation and occurred at

approximately the same time intervals in both treatment groups (Figures 15a and 15b).

JET-A MFC and JP-8 SAM Results

In both the MFC and the SAM microcosm experiments there were several similar

patterns in degradation rate responses and metabolite production. All hydrocarbon

components diminished during the course of the experiments at relatively constant rates

(Figures 19-30). Their degradation rates were linear functions with the duration of

the degradation being dependent on the initial concentration of the water soluble fraction

treatment. In the 1% WSF 1 treatment the degradation of all the hydrocarbon components

was complete within four days (Figure 13b). In the 5% WSF treatments the degradation

of the major hydrocarbon components was complete within five to ten days of treatment

(Figures 14a and 17a). In the 15% WSF treatments the degradation of the major

components was complete within twelve to fourteen days (Figures 14b and 17b).

1The results from the JP-8 SAM 1% WSF treatment microcosms were not utilized in
this study, due to the loss of sample integrity from the prolonged holding period prior to
analysis.
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Chromatographs of the respective 15%+15% WSF's of the two jet fuels in the

MFC and the SAM displayed unique degradation profiles (Figures 7-12). At the

initiation of the treatments the JP-8 water soluble fraction appeared to contain

components in higher concentrations than in the JET-A WSF (Figures 7 and 8). A

comparison of the chromatographs analyzed at set times during the course of their

respective experiments showed that JET-A components were retained for longer periods

of time (Figures 9 and 10). The components in highest concentration were identified to

be the aromatics toluene, ethylbenzene, benzene and the xylenes (Table 2). The JP-8

components in highest concentration were identified to be the alkanes dodecane,

tridecane, decane, and tetradecane (Table 3). The alkanes in the JP-8 appeared to be

eliminated from the fuel mixture at a faster rate than the JET-A aromatics, however

this relationship was an artifact of the sensitivity of the GC column. The alkanes were

present in lower concentrations, but the GC column was more sensitive to them and

resulted in chromatograms for JP-8 that were initially greater in magnitude. The

water soluble fractions of the jet fuels in both microcosms were persistent for

approximately the same period of time regardless of composition (Figure 11).

In the MFC and SAM reference microcosms the low molecular weight n-alkanes

were present in low concentrations (Figures 13a and 16). At the initiation of the MFC

experiment the alkanes propane, hexane, pentane, 2,4-dimethylpentane and trans-

pentene were readily detected (Figure 13a). Conversely, in the SAM experiment none of

these alkanes were detected until approximately 18 days into the experiment (Figure

16). The hydrocarbons were similar to those detected in the MFC reference microcosms

and included propane, hexane, butane, 2,4-dimethylpentane, 2-methylpentane, and 3-

methylpentane. In both microcosm experiments these same compounds were also

detected at relatively low concentration levels in the other treatment groups. The

production of these alkanes generally increasing in magnitude, as the treatment

concentration increased (Figures 13-18). The production of alkanes has been

attributed to the degradative oxidation of biogenic aromatic compounds by bacterial and

algal communities (Nalewajko, 1977).

The degradation of the water soluble fractions of both jet fuels were primarily

through microbially-mediated oxidative transformation and utilization mechanisms.

The production of low molecular weight alkanes, branched alkanes, alkenes and mono-

cyclic aromatic compounds during the course of the two experiments that were not

present in the initial water soluble fractions, were attributed to microbial degradative

activities. In the sterile MFC experiment all hydrocarbon component degradations were

severely reduced for at least one week. The sterilized microcosms were allowed to be
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exposed to airborne microorganisms and after approximately two weeks the hydrocarbon

degradation rates increased and were degraded completely by the end of one month

(Figure 12). The sterile microcosms also produced hydrocarbon components after two

weeks that were similar to the metabolites detected in the unsterilized MFC and SAM

microcosms.

The degradation rates of the hydrocarbon components in the 1%, 5% and 15%

WSF treatment groups were more similar to each other, within the same microcosm

experiment, than to the rates of degradation in the re-treated 0%+15% and the

15%+15% WSF treatment experiments. The initial rate of degradation of a specific

hydrocarbon component at one treatment level was consistently the same or similar to

its initial rate of degradation in the other two treatment groups. The degradation slopes

for decane, dodecane, toluene, benzene, the xylenes, ethylbenzene, cyclooctane, and

butylbenzene illustrate this relationship (Figures 19-20 and 23-29). As the

concentration of the hydrocarbon decreased, the rate of degradation changed as well. The

slope of the hydrocarbon component degradation in each of the treatment groups diverged

to produce final regression equations that were not indicative of the initial period of

similarity (Appendices D-E).

In the 0%+15% and the 15%+15% WSF treatments the initial slopes of the

degradation curves began at the same concentration level on the y-intercept. In the JET-

A WSF re-treated groups the degradation slopes of decane, benzene, o-xylene,

butylbenzene and propylbenzene rapidly diverged to be significantly different from the

15% WSF treatment slopes (Tables 10-12). In the JP-8 re-treated groups the slopes

of decane, dodecane, benzene, toluene, m,p-xylene, o-xylene, ethylbenzene and

propylbenzene diverged and became significantly different from the 15% WSF

treatments (Tables 10-12).

In both microcosms the degradation rates of the individual hydrocarbon

components in the 0%+15% WSF treatments were not significantly different from their

matching components in the 15%+15% WSF treatments during the first two to fours

days after treatment. As degradation continued, the individual hydrocarbon degradation

rates in the 0%+15% WSF also diverged from the 15%+15% WSF treatment rates to

become significantly different (Figures 39-50). In the JET-A MFC benzene, toluene,

and o-xylene became significantly different with the 0%+15% WSF treatment

components degraded at faster rates. In the JP-8 SAM dodecane, the xylenes and

ethylbenzene became significantly different, but the 15%+15% WSF treatment

components were degraded faster (Table 16) (Tables 10-12).

In the JET-A MFC microcosm experiment the degradation slopes of an individual
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hydrocarbon component in the 1%, 5%, and 15% WSF treatments were generally

parallel with each other and the 15% WSF treatment components were generally

degraded faster than in the 0%+15% and 15%+15% WSF groups (Figures 19a - 30a).

In the JP-8 SAM experiment the degradation slopes of an individual hydrocarbon in the

1%, 5%, and 15% WSF treatments were also generally parallel with each other, but the

15% WSF treatment components were consistently degraded at slower rates than in the

0%+15% and 15%+15% WSF treatment groups (Figures 19b - 30b).

JET-A MFC Results

The class of hydrocarbons that were present as a group in the highest

concentrations in all of the MFC microcosms were the aromatics (Table 2). Though

dodecane was the single hydrocarbon component in the highest concentration, the

aromatics toluene, meta-, para-, and ortho-xylenes, ethylbenzene, and benzene were

the major constituents of the water soluble fractions. The other components that were

present in slightly lower concentrations were the longer chain alkyl-substituted

aromatics butylbenzene and propylbenzene including the cycloalkane cyclooctane. The

longer carbon chain n-alkane compounds decane, tridecane and tetradecane were present

in the least amounts (Table 2).

The hydrocarbon components were separated into their respective chemical

classifications and ranked by concentration levels, with the component in the highest

concentration ranked first. In each of the treatment groups the same or similar

hierarchical rankings were maintained except in the 1% WSF treatment (Tables 4a, 6a,

and 8a). The alkane rank order was dodecane, decane, tridecane, and tetradecane. The

1% WSF treatment group was the exception with decane being the only alkane detected

(Table 3a). The aromatics were toluene, m,p-xylene, o-xylene, and benzene with the

exception being in the 1% WSF treatment where the order was m,p-xylene, toluene, o-

xylene, and benzene (Table 6a). In the alkyl-substituted aromatics the order was

ethylbenzene, butylbenzene, propylbenzene, and cyclooctane. In the 1% WSF treatment

ethylbenzene and cyclooctane were the only components detected (Table 8a). Above the

1% WSF concentration level the hydrocarbon components were solubilized to the same

extent and retained the same hierarchy in their concentrations. The re-treated

0%+15% and 15%+15% WSF treatments maintained the same hierarchical rankings in

the alkane, aromatic, and alkyl-substituted aromatic concentrations as displayed in the

single treatment groups (Tables 4a, 6a, and 8a).

The concentrations of the individual hydrocarbon components were higher in each

successive treatment group as the percentage of the WSF treatment increased. However,
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Table 2. Initial concentrations (zgIL) of the individual hydrocarbon components in

the JET-A water soluble fraction treatment groups.

JET-A MFC

Treatment Group Concentrations (ig/L)
Hydrocarbon 0%WSF 1%WSF 5%WSF 15% WSF 0%+15% WSF 15%+15% WSF

Dodecane 838.0 3874.9 5690.3 5043.3
Toluene 61.5 741.8 3294.1 3459.6 3599.0
m,p-Xylene 73.4 541.3 2590.2 2682.9 3103.8
Deine 4.8 60.4 502.3 2298.6 2525.0 2599.9
Ethylbenzene 15.2 24.8 236.8 1212.9 1269.2 1356.4
o-Xylene 33.9 257.0 1121.0 1170.2 1198.8
Benzene 13.6 145.7 539.8 556.7 572.2
Butylbenzene 35.5 209.1 305.5 327.7
Propylbenzene 21.6 140.0 158.5 170.6
Cyclooctane 21.6 114.8 120.6 121.8
Tridecane 102.2 450.0 498.9
Propane 45.3 88.5 47.0 159.9 111.4
Tetradecane 35.0 87.1 132.6
trans-2-Pentene 3.0 4.4 7.7 3.6 530.6 26.4
cis-2-Pentene 12.2 5.8
Oclane 3.9 10.4 18.6
3-Methylpentane 1.9 7.2 8.5 8.4
Hexane 9.3 5.1 7.3 6.4 9.0
2-Methylpropane 2.6 3.0
2,4-Dimethylpentane 1.7 2.1 3.1
Pentane 47.8



Table 4. Alkane hydrocarbon components In rank order of concentration for each
treatment group In (a) the JET-A MFC and (b) the JP-8 SAM microcosmns.

81. JET-A MFC Alkanes
Mean Mean

Rank Order 1% WSF 5% WSF 15% WSF 0% + 15% WSF 15% + 15% WSF
1 Dmcn Dodemn Doeanmodc
2 Decor* Decone Decone Decane
3 TrIdecane Tridecane Tridecane
4 Tetradecane

b. JP-8 SAM Alkanes
Mean Mea

Rank Order 1% WSF 5% WSF 15% WSF 0% + 15% WSF 15% + 15% WSF
1 Dofms Dodcn D~mn Ddcn
2 Decone Trkdecane Trdeocane Tridecane
3 Tridecane Decane Tetradecane Telradecaie
4 Tetradecan Tetradecane Decor* Decane

Table 5. Alkane hydrocarbon components In rank order of degradation for each
treatment group In (a) the JET-A MFC and (b) the JP-8 SAM micocosms.

a. ~JET-A MFC AManes
Mean MeGM

Rank Order 1 %WSF 5% WSF 15% WSF 0% + 15% WSF 15% + 15% WSF
I Domie Odeue Dewte Tridecane Dodscone
2 Dswie Tridecane Cxbcie Tetradscane
3 nmrigrol Dwswe Tridecane
4 Tetradecane Decone

b. JP-8 SAM AManes
Mme Mmo

Rank Order 1 % WSF 5% WSF 15% WSF 0% + 15% WSF 15%.+ 15% WSF
1 Teradecone Tetradecane Tetradecane Tetradecane
2 Tridecane Tridecane TrIdecane Tridecane
3 Dodecon Decone Docon Decane
4 Decuu Dodocon dne Dodecmn ,-a-*



Table 6. Aromatic hydrocarbon components in rank order of concentration for each
treatment group in (a) the JET-A MFC and (b) the JP-8 SAM microcosms.

a. JET-A MFC Aromatics
Mean Mean

Rank Order 1% WSF 5% WSF 15% WSF 0% + 15% WSF 15% + 15% WSF
I m,p-Xylene Toluene Toluene Toluene Toluene
2 Toluene m,p-Xylene m,p-Xylene m,p-Xylene m,p-Xylene
3 o-Xylene o-Xylene o-Xylene o-Xylene o-Xylens
4 Benzene Benzene Benzene Benzene Benzene

b. JP-8 SAM Aromatics
Mean Mean

Rank Order 1 % WSF 5% WSF 15% WSF 0% + 15% WSF 15% + 15% WSF
1 m,p-Xylene m,p-Xylene m,p-Xylene m,p-Xylene
2 Toluene Toluene Toluene Toluene
3 o-Xylene o-Xylene o-Xylene o-Xylene
4 Benzene Benzene Benzene Benzene

Table 7. Aromatic hydrocarbon components In rank order of degradation for each
treatment group in (a) the JET-A MFC and (b) the JP-8 SAM microcosms.

a. JET-A MFC Aromatics
Mean MGaM

Rank Order 1% WSF 5% WSF 15% WSF 0% + 15% WSF 15% + 15% WSF
1 Toluns Tokuens Tokuens Toluene Toluene

2 Benzene m~p-Xylene Benzene Benzene m~p-Xylene
3 o-Xylens o-Xylene m,p-Xylene m~p-Xylene Benzene
4 m,p-Xylene Benzene o-Xylene o-Xylene o-Xylene

b. JP-8 SAM Aromatics
momn Lma

Rank Order 1% WSF 5% WSF 15% WSF 0% + 15% WSF 15% + 15% WSF
I Toluene Toluene Tokuens Toluene
2 m~p-Xytene m,p-Xylene m,p-Xylene m,p-Xylene
3 o-Xytene Benzene Benzene Benzene
4 Benzene o-Xylene o-Xylene o-Xylene



Table 8. Alkyl-substituted aromatic hydrocarbon components (and Cyclooctane) In
rank order of concentration for each treatment group In (a) the JET-A MFC
and (b) the JP-8 SAM microcosms.

a. JET-A MFC Alkyl-Substituted Aromatics
Mean Mean

Rank 1% WSF 5% WSF 15% WSF 0% + 15% WSF 15% + 15%/1 WSF
I Ethylbenzene Ethylbenzene Ethylbenzene Ethylbenzene Ethylbenzene
2 Cyclooctane Butylbenzene Butylbenzene Butylbenzene Butylbenzene
3 Propylbenzene Propylbenzene Propylbenzene Propylbenzene
4 Cyclooctane Cyclooctane Cyclooctane Cyclooctane

b. JP-8 SAM Alkyl-Substituted Aromatics
Mean Mean

Rank 1% WSF 5% WSF 15% WSF 0% + 15% WSF 15% + 15% WSF
1 Propylbenzene Propylbenzene Butylbenzene Butylbenzene
2 Butylbenzene Butylbenzene Propylbenzene Propylbenzene
3 Ethylbenzene Ethylbenzene Ethylbenzene Ethylbenzene
4 Cyclooctane Cyclooctane Cyclooctane Cyclooctane

Table 9. Alkyl-substltuted aromatic hydrocarbon components (and Cyclooctane) In
rank order of degradation for each treatment group in (a) the JET-A MFC
and (b) the JP-8 SAM microcosms.

a. JET-A MFC Alkyl-Substituted Aromatics
MeaM Mean

Rank 1% WSF 5% WSF 15% WSIF 0% +15% WSF 15% +15% WSF
I Ethylbenzene Ethybeonzens Ethylbenhene Ethylbenzene Ethylbenzene
2 Propylbenzene Cyclooctane Cyclooctane Cyclooctane
3 Butylbenzene Butylbenzene Propylbenzene Propylbenzene
4 Cyclooctane Propytbenzene Butylbenzene Butylbenzene

b. JP-8 SAM Alkyl-Substituted Aromatics
Mean Mean

Rank 1% WSF 5% WSF 15% WSF 0%.+ 15% WSF 15% + 15% WSF
1 Ethylbenzene Propylbenzene Propylbenzene Propylbenzene Propylbenzene
2 Cyclooctane Butytbenzene Cyclooctane Cycloocan
3 Ethylbenzene Cyclooctane EthyRbenzene Ethylbenzene
4 Butylbenzene Ethylbenzene Butylbenzene Butylbenzene



the increase in their concentration levels were not consistent with the concentrations of

the WSF amendments (Table 2). The concentations of the indiv;dual components

increased several orders in magnitude above the expected concentration levels as the

percentage of the WSF added to the microcosms was increased. In the 5% WSF the

concentration of xylenes were seven times higher and toluene twelve times higher than

expected. In the 15% WSF the concentrations of the individual hydrocarbons were also

elevated above the expected levels. However, the degree of difference between the

expected anri the measured concentrations was much less with most components being

only foui times greater. Propylbenzene and butylbenzene concentration levels were the

exceptions by being six times higher. In the re-treated microcosms the concentrations

of the hydrocarbon components in the 0%+15% were generally higher than in the

initial 15% WSF group while the 15%+15% WSF treatments were consistently greater

th,, the component concentrations in either the 15% WSF or the 0%+15% WSF

treatment group (Table 2).

The individual hydrocarbons in each treatment group were also categorized into

their chemical classes and ranked in order of their decreasing rates of degradation

(Tables 5a, 7a and 9a). A comparison of the ranked order of hydrocarbon concentrations

to their ranked rates of degradation revealed that the two rankings were not the same for

most of the treatment groups (Tables 4a - 9a). The n-alkanes in the 1% and 5% WSF

were the exceptions. The concentration of decane was highest in the 1% WSF and it was

degraded at the fastest rate (Tables 4a and 5a). In the 5% WSF dodecane was present in

the highest concentration followed by decane and the order of degradation rates was

dodecane first and decane second.

At the 15% WSF concentration level that included the 0%+15% and the

15%+15% WSF treatments the rank order of degradation was more variable. The trend

seemed to indicate that the higher molecular weight alkanes which were in the lowest

concentrations were degraded at the fastest rates, while the lower molecular weight

alkanes degraded at slower rates (Tables 5a). These results are consistent with alkane

utilization by microorganisms. The highe, .aiolecular weight alkanes in the WSF were

preferential carbon substrates for the bacteria and were rapidly utilized and degraded.

The lower molecular weight alkanes were present as metabolites and may have been less

energetically useful or inhibitory to the microorganisms. These alkanes that were not

utilized or were utilized at much slower rates accumulated in the microcosm medium.

A comparison of the ranked aromatic concentrations and degradation rates display

slightly different dynamics than the alkanes. Toluene was highest in concentration in the

5%, 15%, 0%+15%, and the 15%+15% WSF treatments and was degraded at the
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fastest rate in all treatment groups (Tables 6a and 7a). The rank order of hydrocarbon

concentrations remained the same from the 5% WSF through the 15%+15% WSF

treatments, while the rank order of hydrocarbon degradation rates did not remain

consistent. The 15% and the 0%+15% WSF treatments had the same rank order of

degradation, but the 15%+15% WSF treatment did not. The only consistent results

were for toluene which was degraded at the fastest rate and for o-xylene which was

degraded at the slowest rate (Tables 6a and 7a).

The alkyl-substituted aromatics were similar to the aromatics in that

ethylbenzene which was present in the highest concentration was degraded at the fastest

rate (Tables 8a and 9a). Cyclooctane which was in the lowest concentration in all

treatment groups was degraded second to ethylbenzene in the 15%, 0%+15% and

15%+15% WSF treatments. As in the alkanes and the aromatic rankings, the ranked

order of degradation rates were not consistent between any of the treatment groups.

Unlike the aromatics, no individual compound was consistently degraded at the slowest

rate.

Hydrocarbon Treatment Comparisons

In the alkanes the degradation of decane was the most rapid in the 15% WSF

treatment, decreased in the 1% WSF, and was the slowest in the 5% WSF treatment

(Appendix D)(Figure 19a). In both the 0%+15% and the 15%+15% WSF treatment

groups decane degradation rates were significantly different from the 15% WSF

treatment and were slower than in any of the other treatment group rates (Table 10).

However, the rates of decane degradation in the 0%+15% WSF treatment compared to

the 15%+15% WSF treatment were not significantly different.

Dodecane was degraded at the fastest rate in the 0%+15% WSF, followed by the

5% WSF, and 15%+15% WSF treatments, with the slowest rate in the 15% WSF

treatments (Appendix D) (Figure 20a). There were no significant differences between

the rates of degradation in the 15% WSF compared to the two re-treated groups or

between the two re-treated groups (Table 10).

Tridecane and tetradecane were not detected in the lower treatment groups, but

were present in the 15% WSF treatments and tetradecane was degraded faster than

tridecane (Figures 21a and 22a). There were no significant differences between the

rates of degradation in the 15% WSF compared to the two re-treated groups or between

the two re-treated groups for both components (Table 10).

In the aromatic group of hydrocarbon components toluene was consistently

degraded at the fastest rate in all of the treatment groups. The rate of degradation in the
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Table 10. Student's t test for significant differences (*to.os (2), 26) between log
regressed degradation rate coefficients for each alkane hydrocarbon
component in the 15%, 0%+15% and the 15%+15% WSF treatments.

JET-A MFC (WSF) JP-8 SAM (WSF)
Alkane (WSF) 0%+15% 15%+15% 0%+15% 15%+15%

Decane [15%] * *
Decane (0% + 15%]

Dodecane [15%]
Dodecane [0% + 15%]

Tridecane [15%]
Tridecane [0% + 15%]

Tetradecane [15%]
Tetradecane [0% + 15%]

Table 11. Student's t test for significant differences (*to. (2), •J between log
regressed degradation rate coefficients for each aromatic hydrocarbon
component in the 15%, 0%+115% and the 15%+15% WSF treatments.

JET-A MFC (WSF) JP-8 SAM (WSF)
Aromatic (WSF) 0%+15% 15%+15% 0%+15% 15%+15%

Benzene [15%] " " a

Benzene [0% + 15%] a

Toluene [15%]
Toluene [0% + 15%]

m,p-xylene [15%] a

m,p-xylene [0% + 15%] )

o-xylene (15%] a a

o-xylene [0% + 15%] * a

Table 12. Student's t test for significant differences (*to.o1 (2. 2j) between log
regressed degradation rate coefficients for each alkyl-aromatic hydrocarbon
component in the 15%, 0%+15% and the 15%+15% WSF treatments.

JET-A MFC (WSF) JP-8 SAM (WSF)
Alkyl-Aromatic (WSF) o%+15% 15%+15% o%+15% 15%+15%

Butylbenzene [15%] ) a

Butylbenzene [0% + 15%]

Cydooctane (15%]
Cyclooctane [0% + 15%]

Ethylbenzene [15%]
Ethylbenzene [0% + 15%] )

Propylbenzene 115%]
Propylbenzene [0% + 15%]
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Figure 19. Log transformed degradation slopes for the n-alkane decane from the
(a) JET-A MFC and (b) JP-8 SAM microcosms.
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Figure 20. Log transformed degradation slopes for the n-alkane dodecane from the
(a) JET-A MFC and (b) JP-8 SAM microcosms.
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Figure 21. Log transformed degradation slopes for the n-alkane tridecane from the
(a) JET-A MFC and (b) JP-8 SAM microcosms.
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Figure 22. Log transformed degradation slopes for the n-alkane letradecane from the
(a) JET-A MFC and (b) JP-8 SAM microcoms.



5% WSF treatment was greater than in any of the other treatment groups. The

0%+15% WSF was second, followed by the 15% WSF, the 1% WSF, and finally the

15%+15% WSF treatment group (Appendix D) (Figure 23a). The 15% WSF

degradation rate was not significantly different from the 0%+15% or the 15%+15%

WSF treatments; however, the re-treated groups were degraded at significantly

different rates compared to each other (Table 11).

The degradation rates of benzene in the 1%, 5%, 15%, and 0%+15% WSF

treatments were very similar. The 15% WSF was degraded at the fastest rate, while the

15%+15% WSF treatment was degraded at the slowest rate (Appendix D) (Figure 24a).

The 15%, 0%+15%, and 15%+15% WSF treatment groups were degraded at

significantly different rates from each other (Table 11).

The mixture of meta- and para-xylenes were degraded at the fastest rate in the

5% WSF treatment concentration followed by the 15%, 0%+15%, 15%+15%, and the

1% WSF treatments (Appendix D) (Figure 25a). Though there were definite patterns in

the rates of degradation for the 15%, 0%+15%, and the 15%+15% WSF treatments, no

significant differences were determined between any of these three treatment groups

(Table 11).

For ortho-xylene the patterns in treatment degradation rates were identical to

those for the meta- and para-xylenes. The rank order in degradation rates for the

treatment groups were 5%, 15%, 0%+15%, 15%+15%, and the 1% WSF's (Appendix

D) (Figure 26a). There were significant differences in the degradation rates between

the 15% and the 15%+15% WSF treatments and between the 0%+15% and the

15%+15% WSF treatments (Table 11).

In the alkyl-substituted aromatic group ethylbenzene was consistently degraded

at the fastest rate in all of the treatment groups. The highest rate of degradation

occurred in the 5% WSF treatment, similar to toluene, and the xylenes. The 15% WSF

was second, followed by the 0%+15%, 15%+15%, and finally by the 1% WSF

treatment (Appendix D) (Figure 27a). There were no significant differences between

any of the three 15% WSF treatment groups (Table 11).

The degradation rate patterns of cyclooctane were similar to benzene,

butylbenzene and propylbenzene. The order of degradation was 15%, 0%+15%,

1S%+15%, and the 5% WSF being degraded at the slowest rate. There were no

significant differences in the rates of degradation between the 15%, 0%+15%, and

15%+15% WSF treatments (Table 12) (Figure 28a).

Butylbenzene and propylbenzene displayed similar degradation rate patterns,

that-were similar to those for benzene. The fastest rate of degradation occurred in the
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15% WSF treatment, followed by the 5%, the 15%+15%, and the 0%+15% WSF

treatments. For butylbenzene there was no significant differences between the two re-

treated groups, but they were both significantly different from the 15% WSF treatment

group (Table 12) (Figure 29a). For propylbenzene there was no significant difference

between the 15% WSF and the 15%+15% WSF treatments, or between the 0%+15%

and the 15%+15% WSF groups. However, the 15% WSF was significantly different

from the 0%+15% WSF treatment (Table 12) (Figure 30a).

The degradation rates for many of the hydrocarbon components in the 0%+15%

and 15%+15% WSF treatments were significantly different from the 15% WSF

treatments. The degradation rates in the 15% WSF treatments were consistently faster

than the rates of degradation in the 0%+15% and 15%+15% WSF treatments (Figures

19-30) (Tables 10-12). A summary of the combined hydrocarbon components ranked

by their rates of degradation is listed (Table 13).

The hydrocarbon metabolites produced during the course of the experiment in the

treatment groups, fluctuated in concentration that was dependent on their rates of

utilization by the microorganisms and on the rates of the degradation of the parent

compounds. Propane, 2-methylpropane, 2,4-dimethylpentane, trans-2-pentene, and

hexane concentrations were substantial increased at the forty-eight hour, one hundred

forty-four hour and at approximately the two hundred and sixteen hour time periods

during the course of the experiment (Figures 31a, 34a, 35a, 37a, and 38a). cis-2-

Pentene was also highly variable in concentration (Figure 32a). Only 3-methylpentane

remained relatively constant throughout the experiment (Figure 36a).

JP-8 SAM Results

The alkanes were the major components in the water soluble fraction of JP-8

(Figures 17b - 18b) (Table 3). Dodecane was the highest in concentration in all of the

WSF treatment groups, as in the JET-A MFC. Tridecane was the second highest in

concentration level with decane and tetradecane being third and fourth, respectively

(Tables 3 and 4b). The alkyl-substituted aromatics propylbenzene and butylbenzene

were next in concentration with ethylbenzene and cyclooctane at much lower levels. The

aromatics m,p-xylenes, toluene, o-xylene, and benzene, were present in the lowest

concentrations and were much lower in comparison to the JET-A water soluble fraction

concentrations (Tables 2-3).

These hydrocarbon components were also ranked by concentration levels in their

respective hydrocarbon classes (Tables 4b, 6b, and 8b). Only the aromatics maintained

the same concentration rankings in each of the treatment groups (Table 6b). In the
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Table 13. Summary of the ranked order of degradation rates for all JET-A MFC
hydrocarbon components In all treatment groups.

1% WSF 5% WSF 15% WSF 0%+15% WSF 15%+15% WSF
Decane Toluene Dewane Tetradecane Toluene
Toluene Ethylbenzene Ethylbenzene Toluene Ethylbenzene
Benzene Dodscate Toluene Tridecane Dodecate
Ethylbenzene m,p-Xylerie Cyclooctane Ethylbenzene Cyclooctane
o-Xylene o-Xylene Tridecane Dodecane m,p-Xylene
m,p-Xylene Dwcane Benzene Benzene Tetradecane

Benzene m,p-Xylene m,p-Xylene Tridecane
Propylbenzene Butylbenzene Cycloocane Benzene
Butylbenzene Propylbenzene o-Xylene Decasn
Cycloocciane o-Xylene Dewane o-Xylene

Dodecane Propytbenzene Propylbenzene
Butylbenzene Butylbenzene

Table 14. Ranked order of degradation for all JP-8 SAM hydrocarbon components in all
treatment groups.

1% WSF 5% WSF 15% WSF 0%+15% WSF 15%+15% WSF
Ethylbenzene Tetradecane Tetradecane Propylbenzene Teiradecane

Tridecarie Propylbenzene Tetradecane Propylbenzene
Propylbenzene Butylbenzene Tridecane TrIdecane
Cyclooctane Cyclooctane Toluene Toluene
Toluene Ethylbenzene Cyclooctane m,p-Xylene
m~p-Xylene Toluene m,p-Xylene Cyclooctane
Ethylbenene m~p-Xylene Ethylbenzene Ethylbenzene
Butylbenzene Tridecane Benzene Benzene
o-Xylene Propylbernzene Dwcane Decane
Benzenet Benzene Butylbenzene Butylbenzene
Dodecane o-Xylene o-Xylene o-Xylene
Deon Decan Dodmcf Dodmcw

Dodoe~



Table 3. Initial concentrations (gg/L) of the individual hydrocarbon components in
the JP-8 SAM water soluble fraction treatment groups.

JP-8 SAM
Treatment Group Concentrations (pgI/L)

Hydrocarbon O%WSF 1%WSF 5%WSF 15% WSF 0%+15% WSF 15%+15% WSF
Dodecn 534.5 3988.7 3474.8 4025.3
Tridecane 377.7 2685.1 2569.3 3124.7
Decane 35.5 393.4 2317.0 1984.0 1919.0
Tetradecane 299.0 1581.0 2493.4 2 :,5.8
m,p-Xylene 6.2 159.6 1211.3 1281.9 1278.9
Propylbenzene 122.8 966.3 585.3 699.2
Butylbenzene 95.9 893.3 736.6 776.6
Toluene 8.5 97.1 541.1 579.3 558.1
o-Xylene 4.0 76.0 535.5 395.8 452.2
Butane 0.2 130.8 250.4 371.9
Hexane 5.5 78.5 163.3 183.9 6.1 7.0
Ethylbenzene 54.6 168.0 411.9 398.6
Cyclooctane 14.5 104.8 63.1 71.4
Benzene 16.1 29.9 101.8 97.2 93.7
trans-2-Pentene 12520.7 5436.3 85.4 38.0
Pentane 57.9 5083.2 270.4 181.7 148.8
Octane 55.2 52.5 52.9
2,4-Dimethylpentane 1.2 10.1 25.7 34.5
2-Methylpentane 8.3 10.8 38.6
Propane 10.0 41.0 94.3 29.5 105.9 48.9
3-Methylpentane 3.5 2.3 3.8 11.1 10.7 10.4
2-Methylpropane 1.1 1.4
cis-2-Pentene 122.8



alkanes dodecane was the only hydrocarbon component to have the same ranking in all

treatment groups. The 0%+15% and the 15%+15% WSF treatments had the same rank

order of hydrocarbon component concentrations, with dodecane first followed by

tridecane, tetradecane, and decane. The rank order was not consistent when compared to

the other treatment groups (Table 4b). For the alkyl-substituted aromatics,

propylbenzene was highest in the 5% and the 15% WSF treatments, with butylbenzene,

ethylbenzene, and cyclooctane following (Table 8b). In the 0%+15% and the

15%+15% WSF treatments propylbenzene and butylbenzene were reversed with

butylbenzene being highest, followed by propylbenzene, ethylbenzene, and cyclooctane.

Unlike the JET-A MFC water soluble component concentrations, the concentrations of

hydrocarbon components in the JP-8 SAM were not consistent in their rank order of

concentrations in each of the treatment groups, except for the aromatics.

The concentrations of the individual hydrocarbon components increased as the

percentage of the WSF treatment increased. The exception was decane, which decreased

in concentration as the jet fuel water soluble fraction was increased (Table 4b). In the

0%+15% and the 15%+15% WSF treatments some components were also less in

concentration than in the original 15% WSF treatment. Some of the compounds that

were less concentrated were benzene, butylbenzene, cyclooctane, decane, propylbenzene,

and o-xylene. Some compounds that were slightly elevated in the 0%+15% WSF

treatments, but lower in the 15%+15% WSF treatments were decane, ethylbenzene,

tetradecane, toluene, and m,p-xylene. The only substantial increases in hydrocarbon

component concentrations above the 15% WSF treatment were for ethylbenzene that was

three times greater and for tetradecane that was one and one half times higher (Table 3).

As in the JET-A MFC experiment, the increase in the component concentration

levels were not consistent with the concentrations of the WSF amendments (Table 3). A

comparison of the individual hydrocarbon concentrations in the 15% WSF to the 5%

WSF concentrations showed that most components increased seven fold. The 0%+15%

and 15%+15% WSF treatment concentration levels of the individual hydrocarbons were

generally lower and more variable in their ranked concentrations.

The individual hydrocarbons in each treatment group were categorized into their

chemical classes and also ranked in order of decreasing rates of degradation (Tables 4b -

9b). A comparison of the hydrocarbon component concentrations to their ranked rates of

degradation revealed similar results to those in the JET-A MFC, where the concenuation

of a hydrocarbon component did not determine its rate of degradation. However, in this

microcosm experiment none of the hydrocarbon components that were ranked by

concentration matched any of the hydrocarbons ranked by degradation rates in any of the
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treatment groups (Tables 4b - 9b).

In the alkanes tetradecane was degraded at the fastest rate in the 5%, followed by

the 15%+15%, the 15%, and the 0%+15% WSF treatments though it was the lowest or

second to lowest in concentration. Tridecane was the second fastest alkane degraded,

followed by decane and dodecane. The degradation rates for the higher molecular weight

n-alkane hydrocarbons were faster than the rates of degradation for the lower molecular

weight alkanes, similar to alkane degradation patterns in the JET-A MFC. The difference

in this microcosm experiment was that the concentrations of the alkanes were much

higher compared to the shorter chain alkanes.

A comparison of the ranked aromatic hydrocarbon concentrations to the ranked

degradation rates showed more consistent results than in the JET-A MFC microcosm

experiment, m,p-Xylene was highest in concentration in the 5%, 15%, 0%+15%, and

the 1 5%+ 15% WSF treatments, but was consistently degraded at the second fastest rate

in all treatment groups (Tables 6b and 7b). Similar to the JET-A aromatics, toluene

was degraded at the fastest rate in all treatment groups and o-xylene was degraded at the

slowest rate in the 15%, 0%+15%, and 15%+15% WSF treatments. At the 5% and

1 5%+ 15% WSF treatment levels the rank order of degradations were identical in both

the JET-A and the JP-8 (Table 7a and 7b).

In the alkyl-substituted aromatics the concentration and degradation dynamics

are very different from those in the JET-A MFC experiment. Propylbenzene was

present in the highest concentration in the 5% and 15% WSF groups, but was degraded

at the fastest rate in all treatment groups (Tables 8b and 9b). Butylbenzene was

present in the highest concentration in the 0%+,15% and 15%+15% WSF treatments,

but was degraded at the slowest rate in the 5%, 0%+15%, and 15%+15% WSF

treatment groups. Ethylbenzene was consistently the third highest in concentration, but

was either the slowest in degradation as in the 15% WSF treatment, or was second to the

slowest in the other three treatment groups (Table 9b). These results are inconsistent

with the results in the JET-A MFC where ethylbenzene was degraded at the fastest rate in

all treatment groups (Table 9a). Cyclooctane was present in the lowest concentration,

but was degraded at the second fastest rate in the 5%, 0%+ 15%, and 1 5%+ 15% WSF

treatments which was similar to its pattern of degradation in JET-A MFC.

Hydrocarbon Treatment Comparisons

In the alkanes tetradecane was degraded at the most rapid rate in the 5% WSF,

followed by the 15%, the 15%+15%, and slowest in the 0%+15% WSF treatment

(Appendix E). There was no significant differences in degradation rates between the
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15% WSF and the two re-treated groups or between the two re-treated groups (Table

10) (Figure 22b). Tridecane was also degraded the fastest in the 5% WSF treatment,

followed by the 15%+15%, 0%+15%, and 15% WSF treatments (Appendix E) (Figure

21b). Similar to tetradecane there were no significant differences in degradation rates

between any of the treatment groups (Table 10).

Decane was degraded at the fastest rate in the 15%+15% WSF, followed by the

0%+15%, 15%, and 5% WSF treatment groups (Figure 19b) (Appendix E). In the

15% WSF treatment decane was degraded at a significantly different rate compared to

both the 0%+15% and the 15%+15% WSF treatments. The 0%+15% and the

15%+15% WSF treatments were not significantly different from each other (Table

10).

Dodecane was degraded at fairly low rates in all treatment groups with the

15%+15% WSF being degraded the fastest, followed by the 0%+15%, 5%, and 15%

WSF treatment (Appendix E) (Figure 20b). The degradation rates in the 15% WSF and

the re-treated groups were all significantly different from each other (Table 10).

In the aromatic group of hydrocarbon components, toluene was consistently

degraded at the fastest rate in all of the treatment groups, as in the JET-A MFC. The rate

of degradation in the 15%+15% WSF was the fastest, followed by the 0%+15%, 5%,

and 15% WSF treatments (Appendix E) (Figure 23b). The 15% WSF degradation rate

was significantly different from the 0%+15% and the 15%+15% WSF treatments, but

the 0%+15% and the 15%+15% WSF treatment groups were not significantly different

(Table 11).

The mixture of meta- and para-xylenes were degraded in the identical order as

toluene with the 15%+15% WSF being the fastest, followed by the 0%+15%, 5%, and

15% WSF treatments (Appendix E) (Figure 25b). There were significant differences in

the degradation rates between the 15% and the 0%+15% and to the 15%+15% WSF

treatments. The 0%+15% and the 15%+15% WSF treatments were also significantly

different from each other (Table 11).

The degradation rates of benzene were 15%+15%, 0%+15%, 15%, and 5%

WSF treatments (Appendix E) (Figure 24b). The 15% WSF treatment group was

degraded at a significantly different rate than in the 0%+15% and the 15%+15% WSF

groups, but not at different rates between the two re-treated groups (Table 11).

For ortho-xylene the patterns in treatment degradation rates were identical to

those for toluene and the meta- and para-xylenes. The rank order in degradation rates

for the treatment groups were 15%+15%, 0%+15%, 5%, and 15% WSF treatments

(Appendix E) (Figure 26b). Similar to the other xylenes, there were significant

47



differences in the degradation rates between the 15% and the 0%+15% and 15%+15%

WSF treatments, as well as between the 0%+15% and the 15%+15% WSF treatments

(Table 11).

In the alkyl-substituted aromatic group propylbenzene was consistently degraded

at the fastest rate in all of the treatment groups. The highest rate of degradation

occurred in the 0%+15% WSF, followed by the 15%+15%, 5%, and 15% WSF

treatments (Appendix E) (Figure 30b). There were significant differences between the

15% WSF and the 15%+15% WSF, but not between the 0%+15% WSF treatment. Both

of the re-treated groups were not significantly different from each other (Table 12).

The degradation rates of cyclooctane were the 5% WSF, followed by the

15%+15%, the 0%+15%, and the 15% WSF treatments (Figure 28b) (Appendix E).

There were no significant differences in the rates of degradation between the 15% WSF,

the 0%+15%, and the 15%+15% WSF treatments (Table 12).

Butylbenzene was degraded at the fastest rate in the 15% WSF treatment,

followed by the 0%+15%, the 15%+15%, and finally by the 5% WSF treatments

(Figure 29b) (Appendix E). For butylbenzene, there was no significant differences

between any of the three 15% WSF treatment groups (Table 12).

Ethylbenzene was degraded the fastest in the 15%+15% WSF, followed by the

0%+15%, 5%, and at the slowest rate in the 15% WSF treatment group (Figure 27)

(Appendix E). All three treatment groups were significantly different from each other

in their degradation rates (Table 12). A summary of the combined hydrocarbon

components, ranked by their rates of degradation is listed (Table 14).

The metabolic hydrocarbon components that were produced during the course of

the experiment also varied in concentration and were dependent on degradation of the

parent compound and the rate of utilization of the metabolite by the microorganisms.

The metabolites were propane, cis-2-pentene, pentane, 2-methylpropane, and 2,4-

dimethylpentane (Figures 31b-35b, respectively). As in the JET-A MFC propane,

pentane, 2,4-dimethylpentane, 3-methylpentane, trans-2-pentene and hexane

displayed the same increases in concentrations at approximately the same time intervals

of fifty, ninety-six, one hundred forty-four, and two hundred eighty hours. During the

initial experiment more amounts of the compounds were released than from the later

re-treated groups. For the hydrocarbon components 3-methylpentane, trans-2-

pentene, and hexane there was a complete separation of the treatment responses between

the initial treated groups and the re-treated microcosms (Figures 36b-38b).
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JET-A MFC and JP-8 SAM Hydrocarbon Degradation Rate Comparisons

The accelerated degradation rates in the initial JET-A MFC water soluble fraction

treatments, compared to the depressed degradation rates in the initial JP-8 water

soluble treatments dominate the rankings of the hydrocarbon components within each

microcosm experiment. In the JET-A MFC 0%+15% and the 15%+15% WSF

treatments the degradation rates were significantly slower compared to the initial 15%

WSF treatment. In the JP-8 SAM the re-treated microcosms generally had degradation

rates significantly faster than their initial 15% WSF treatment degradation rates.

There were sufficient patterns displayed in each microcosm experiment that indicate

that microbial degradation mechanisms and metabolic pathways are similar when

exposed to the same type of toxicant stressor.

An analysis of the initial microcosm treatment groups compared to each other

does reveal some similarities between the degradation of hydrocarbon components in the

two microcosms. In both microcosm experiments decane, benzene, and butylbenzene

were all degraded at the most rapid rate in the 15% WSF, while dodecane, ethylbenzene,

toluene, meta- and para-xylenes, and ortho-xylene were degraded more rapidly in the

5% WSF treatment (Table 15). The JET-A MFC rank order would indicate that the most

rapid degradative rates occurred in the 15% WSF treatment. The JP-8 SAM would seem

to indicate the reverse with the most rapid degradation occurring in the lower 5% WSF

treatment.

A comparison of the MFC 0%+15% WSF degradation rates to the 15%+15% WSF

rates indicated that only propylbenzene and butylbenzene were degraded faster in the

15%+15% WSF treatment than in the 0%+15% WSF treatment (Table 16). In the

SAM experiment propylbenzene was the only hydrocarbon compound that was not

degraded faster in the 15%+15% WSF treatment. An analysis of only the JET-A MFC

results would indicate that in the 0%+15% WSF treatments the hydrocarbon

components were degraded at the fastest rate. However, an analysis of the JP-8 SAM

results would indicate the opposite relationship that the 15%+15% WSF treatment

groups were degraded at faster rates.

Cyclooctane and tridecane were the only hydrocarbons that were not significantly

different between the two microcosms in any of the treatment groups tested (Tables 17

and 19). Dodecane was the only hydrocarbon significantly different between the two

microcosms in all treatment groups tested, with butylbenzene also being significantly

different in all but two comparisons. The majority of the significant differences that

were determined for the water soluble fraction treatments were between the 15% WSF

treatments compared to each other in the MFC and the SAM microcosms and between the
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Table 15. Initial treatment groups ranked in order of decreasing rates of degradation
for each hydrocarbon component for the JET-A MFC and the JP-8 SAM
experiments.

JET-A MFC Rank JP-8 SAM Rank
Hydrocarbon 1 2 3 1 2

Decane 15% 1% 5% 15% 5%
Dodecane 5% 15% 5% 15%
Tridecane 15% 5% 15%
Tetradecane 5% 15%

Benzene 15% 5% 1% 15% 5%
Toluene 5% 15% 1% 5% 15%
m,p-Xylene 5% 15% 1% 5% 15%
o-Xylene 5% 15% 1% 5% 15%

Ethylbenzene 5% 15% 1% 5% 15%
Propylbenzene 15% 5% 5% 15%
Butylbenzene 15% 5% 15% 5%
Cyclooctane 15% 5% 5% 15%

Table 16. Re-treated initial treatment groups ranked in order of decreasing rates of
degradation for each hydrocarbon component for the JET-A MFC and the JP-8
SAM experiments.

JET-A MFC Rank JP-8 SAM Rank
Hydrocarbon 1 2 1 2

Decene 0%+15% 15%+15% 15%+15% 0%+15%
Dodeuene 0%+15% 15%+15% 15%+15% 0%+15%
Tridecane 0%+15% 15%+15% 15%+15% 0%+15%
Tetradecane 0%+15% 15%+15% 15%+15% 0%+15%

Benzene 0%+15% 15%+15% 15%+15% 0%+15%
Toluene 0%+15% 15%+15% 15%+15% 0%+15%
m,p-Xylene 0%+15% 15%+15% 15%+15% 0%+15%
o-Xylene 0%+15% 15%+15% 15%+15% 0%+15%

Ethylbenzene 0%+15% 15%+15% 15%+15% 0%+15%
Propylbenzene 15%+15% 0%+15% 0%+15% 15%+15%
Butylbenzene 15%+15% 0%+15% 15%+15% 0%+ 15%
Cyclooctane 0%+15% 15%+15% 15%+15% 0%+15%



Table 17. Student's t test for significant differences (*to.0o (2). 26) between log
regressed degradation rate coefficients for each alkane hydrocarbon
component when compared between the two microcosm experiments in the
15% WSF, the 0%+15% WSF, and the 15%+15% WSF treatment groups.

JP-8 SAM
JET-A MFC (WSF) 15% WSF 0%+15% WSF 15%+15% WSF

Decane [15%)
Decane [0% + 15%]
Decane [15% + 15%]

Dodecane [15%] )
Dodecane [0% + 15%/ * *
Dodecane [15% + 15%] * 0 *

Tridecane [15%]
Tridecane [0% + 15%]
Trldecane [15% + 15%)

Tetradecane [15%]
Tetradecane [0% + 15%]
Tetradecane [15% + 15%]

Table 18. Student's t test for significant differences (*to.os (2). between log
regressed degradation rate coefficients for each aromatic hydrocarbon
component when compared between the two microcosm experiments In the
15% WSF, the 0%+15% WSF, and the 15%+15% WSF treatment groups.

JP-8 SAM
JET-A MFC (WSF) 15% WSF 0%+15% WSF 15%+15% WSF

Benzene (15%] ) a a

Benzene [0% + 15%] a

Benzene [15% + 15%] a a

Toluene [15%] a

Toluene [0% + 15%] a

Toluene [15% + 15%] a

m,p-xylene [15%] a

m,p-xylene [0% + 15%] a a

m,p-xylene [15% + 15%] a a

o-xylene 115%] a a a

o-xylene [0% + 15%] a a a

o-xylene [15% + 15%] a



Table 19. Student's t test for significant differences (tos (2). 2) between log
regressed degradation rate coefficients for each alkyl-substituted aromatic
hydrocarbon component when compared between the two microcosm
experiments in the 15% WSF, the 01/6+15% WSF, and the 15%+15% WSF
treatment groups.

JP-8 SAM
JET-A MFC (WSF) 15% WSF 0%+15% WSF 15%+15% WSF

Butylbenzene [15%]
Butylbenzene [0% + 15%]
Butylbenzene [15% + 15%]

Cyclooctane [15%]
Cyclooctane 10% + 15%]
Cyclooctane [15% + 15%]

Ethylbenzene [15%] *
Ethylbenzene [0% + 15%/6]
Ethylbenzene [15% + 15%]

Propylbenzene [15%]
Propylbenzene [0% + 15%].
Propylbenzene [15% + 15%]
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Figure 39. Comparison of JET-A MFC and JP-8 SAM mean degradation rates for
decane in the re-treated microcosm groups.
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Figure 40. Comparison of JET-A MFC and JP-8 SAM mean degradation rates for
dodecane In the re-treated microcosm groups.
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Figure 41. Comparison of JET-A MFC and JP-8 SAM mean degradation rates for
tridecane in the re-treated microcosm groups.
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Figure 42. Comparison of JE:T-A MFC and JP-8 SAM mean degradationi rates for
tetradecane in the re-treated microcosm groups.
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Figure 43. Comparison of JET-A MFC and JP-8 SAM mean degradation rates for
toluene in the re-treatee microcosm groups.
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Figure 44. Comparison of JET-A MFC and JP-8 SAM mean degradation rates for
benzene In the re-treated microcosm groups.
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Figure 45. Comparison of JET-A MFC and JP-8 SAM mean degradation rates for
m,p-xylene in the re-treated microcosm groups.
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Figure 46. Comparison of JET-A MFC and JP-8 SAM mean degradation rates for
o-xylene In the re-treated microcosm groups.
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Figure 47. Comparison of JET-A MFC and JP-8 SAM mean degradation rates for
ethylbenzene in the re-treated microcosm groups.
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Figure 48. Comparison of JET-A MFC and JP-8 SAM mean degradation rates for
cyclooctane in the re-treated microcosm groups.
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Figure 49. Comparison of JET-A MFC and JP-8 SAM mean degradation rates for
butylbenzene in the re-treated microcosm groups.
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Figure 50. Comparison of JET-A MFC and JP-8 SAM mean degradation rates for
propytbenzene In the re-treated microcosm groups.



re-treated 0%+15% WSF and the 15%+15% WSF treatments in the two microcosms

(Tables 16-19).
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Discussion

The Mixed Flask Culture microcosm and the Standardized Aquatic Microcosm are

both used to model ecosystem structural and functional processes for determining the

effects of chemical toxicants on aquatic environments. The validation of these

microcosms for use in ecological risk assessments has been a slow process and is still

subject to a degree of uncertainty. The principal concerns involve which properties to

measure that *best" constitute ecosystem processes, the degree of structural realism

that should be replicated, the interpretation of the multivariate data results, the

replicability of the test systems, and the applicability of the results for extrapolation to

the ecosystem. The decisions that are made to address these issues will dictate the

accuracy and validity of risk assessments to evaluate and predict the effects of toxicants

on an ecosystem from extrapolated microcosm results.

The decision to use one type of microcosm model for ecosystem-level testing, as

opposed to another has previously been dependent on the investigator's opinion of what is

an ecosystem and what properties or functions define that ecosystem. The microcosm

models developed and used have been evaluated by the researchers conducting the tests,

but few comparative evaluations have been made between microcosm experiments.

Fewer studies have been conducted to compare the effect responses between different

microcosm models using the same type of toxicant. The MFC and the SAM were selected

for comparison due to their generic similarities, but distinctly different theoretical and

structural histories. Their specific attributes make them ideal systems to compare and

determine whether effect intensities measured in one type of environment are similar to

other ecosystems.

Intuitively, the use of real assemblages of organisms excised from a system and

treated with a chemical contaminant is an obvious and rational procedure to use for

examining community and potential ecosystem-level effects. The principal difficulty

with this kind of approach is attaining the degree of realism that is economically and

experimentally feasible. The cost associated with the construction, maintenance,

operation, monitoring, and staffing required to conduct a "real-world" microcosm

experiment is prohibitive to most researchers. Every decision that is made to modify

the system to be simpler, cost effective, and less labor intensive will compromise the

realism of the system. The dilemma becomes how much realism can be sacrificed

without jeopardizing the integrity of the experiment. In conjunction with these

decisions is the problem of how to replicate these systems to confirm test results and to

reproduce these results in other geographical areas that have different indigenous
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assemblages of species.

The use of a synthetically constructed microcosm has the distinct advantage of not

even addressing the *realism* dilemma. The parameters of interest focus on the

functional properties, effect responses, and the interactions of the organisms through

time within the contained system. The microcosms attempt to simulate only the general

properties and functions present in all natural systems, not the actual structural

components. There has been an inherent bias against lising artificially contrived

microcosms, however, these systems have proved to diemonstrate many of the same

functional processes and dynamics observed in natural environments. In addition, the

replicability and reproducibility of these systems increase their versatility for use in

other types of studies.

The final decision to select one microcosm type as opposed to another should

depend on the specific hypotheses to be tested and the appropriateness of the microcosm

type for testing the hypothesis. The selected microcosm type should be able to display

the interrelationships and rate responses that have been observed in the ecosystem being

investigated. The selection of a microcosm model that is functionally dependent on

photosynthesis/respiration processes may not be the appropriate system to use if the

hypothesis to be tested relates to detrital community processes and structure.

Extrapolations from responses obtained using inappropriate microcosm tests to predict

effects at the ecosystem-level of organization will be limited in applicability and in

many cases inaccurate.

The MFC and the SAM are compared to test whether the two systems display

similar degradative rate responses, with the same level of intensity, when treated with a

similar type of toxicant. As valid generic models of ecosystem properties and dynamics

they are expected to display similar patterns in the rates of degradation when abiotic

environmental conditions are maintained at similar and constant levels. The microbial

communities in each system are assumed to be composed of similar types of

microorganisms that perform similar types of metabolic and degradative processes. The

specificity of microbially-mediated enzymatic degradative pathways will dictate that the

individual components in the toxicant will be degraded at rates specific for the chemical

structure and properties of that component. Compounds with similar chemical

structures and properties would be expected to be degraded by similar enzymatic

pathways at relatively similar rates.

The actual rates of degradation for each component may be different when

compared between the two microcosms, due to the variability of utilization rates

inherent in all populations, but they should not be significantly different. The
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populations are distinctly different and derived from distinctly different sources, but

their rate of component utilization and degradation (slopes) through time should display

similar rate patterns. The similarity of the constraints placed on the two microcosm

systems in terms of environmental conditions and the type of toxicant should elicit

similar patterns of responses, regardless of the actual species composition. The

existence of universal ecosystem properties and universal patterns of response would

imply that these rate patterns determined in the microcosms should be similar to

patterns observed in natural ecosystems.

The comparison of the MFC and the SAM degradation rate patterns to field

observations is more difficult due to the variability of previous sampling methodologies

and the stochastic environmental conditions that dramatically affect the microbial rates

of degradation. The consistent pattern that has been observed and documented in both

field and laboratory microbial degradative studies is that microbial communities pre-

exposed to hydrocarbon mixtures will degrade subsequent hydrocarbon mixtures at

quantifiably faster rates (Aelion et al., 1989; Atlas, 1981; Evans, 1991; Focht,

1988). A re-treatment of the MFC and the SAM should cause the degradative rate

responses (slopes) to display similar patterns of increased degradation rates. This

criteria is used to determine whether the MFC or the SAM display generic functional

processes that are comparable to field determined results.

The validation of the MFC or the SAM to accurately simulate ecosystem functional

rate responses and patterns would establish their use in ecological risk estimates and

chemical hazard assessments. The issue of whether microcosms must resemble real

ecosystems as closely as possible to be valid models of ecosystem dynamics would be

resolved. Ecological realism and complexity in microcosms may not be necessary to

discern and reveal ecosystem-level functional processes. Specific populations would not

determine general ecosystem properties or rate responses to stress and the implications

would be that there may not exist a specific organism or factor that can be used to

indicate ecosystem responses to toxicant stress.

The Mixed Flask Culture Microcosm

The mixed flask culture microcosm design attempts to incorporate some degree of

realism by using "real ecosystem" assemblages of organisms. These natural assemblages

are presumed to reflect more "natural" responses to toxicant exposure than a

synthetically assembled microcosm system. The primary limitation of these

microcosms is their smaller size which places added constraints on the full expression

of functional and structural responses.
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In the construction of the MFC's, the stock community is inoculated

relatively sterile 1 L test chambers containing autoclaved sand and sterile T82MV

medium. At this stage the microcosms display early successional colonization dynamics.

Initially, there are few species interactions, the cycling of nutrients and energy flows

are not complete, organism numbers and species diversity are still very low, and the

microbial communities are relatively inactive. During the six week equilibration

period, the microcosms are re-inoculated with fresh aliquots from the stock aquarium,

cross ilnoculated between the microcosms, and evaporative losses replenished with fresh

medium. In essen'•ce, the successional phase is manipulated to produce an established and

productive community of organisms, similar in organizational structure and complexity

to the stock community.

At the time of toxicant addition, the MFCs have been manipulated to be extremely

productive, high in available nutrients, and with very high cycling rates for carbon and

other energy-rich compounds. The biomass and total number of organisms present are

artificially high, species diversity is very high, and there is a very active microbial

degradative and decompositional community in place. The detrital matter is composed of

high molecular weight organic material that is high in nutritive quality. Algal cells and

cell fragments, molts of cladocera, amphipods, and copepods, fecal material containing

intact and fragmented cellular material, and flocculent clumps of colloidal cellular and

fecal debris held together in gelatinous matrices formed by bacterial activity are

present. The silica sand sediment is discolored and covered with greenish-yellow

biofilms and organic coatings to form loosely consolidate aggregates. Rapid physical and

chemical degradation and decomposition of organics is possibly due to complex and

diverse microbial populations.

The initial conditions in the MFC's have been controlled to such an extent that

their nutritive status, diversity of organism activity, and carrying capacities are well

beyond the "real world" levels for a system of that size. In any natural system there are

always species that are dormant, inactive, or controlled to some extent by competition

and predation. They all have the potential to become viable and contribute to the

structure and dynamics of the system during optimal conditions. In the MFC

microcosms, the luxury supply of nutrients and the temperate, environmentally

controlled conditions have allowed many of the otherwise dormant species to become

active and to temporarily compete for nutritive and spatial resources.

The addition of a toxicant to these highly optimized systems elicits responses that

are not necessarily applicable to the "real' ecosystem responses that the microcosms

were intended to simulate. The hydrocarbon components in the water soluble fractions of
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the jet fuel provided additional carbon sources and alternative metabolic pathways for

utilization by greater consortia of microorganisms. Degradative rates for the

hydrocarbon components were relatively high and involved active mineralization

processes as well as cometabolic processes by highly developed, interactive microbial

consortia (Figures 19-30). In addition, the detection of hydrocarbon intermediates

prior to treatment in the MFC microcosms indicate that the algae were producing

hydrocarbon intermediates and aromatic compounds that the microbial population were

able to degrade. The rapid degradation of the water soluble components in the MFC

microcosms could have also been a function of presence of microorganisms pre-adapted

to utilize and degrade the similarly structured aromatic compounds. The initial

conditions in the MFC microcosms will alter the degradation rates of the hydrocarbons

and is apparent when compared to the degradation rates in the re-treated MFC

microcosms that were not amended with fresh medium, cross-inoculated, or re-

inoculated prior to the second treatment.

In the *mature' (re-treated) MFC microcosms there were more total numbers of

individuals, but they represented fewer species of organisms. The algal species were

dominated by the blue-green algae and several species of Scenedesmus that formed small,

dark green clumps in which other bacterial organisms, rotifers, amoebae and protozoa

were associated. The detritus was composed of low molecular weight organic material

that was highly fragmented and low in nutritive value. The debris contained less intact

particulates and consisted primarily of denser, less flocculent clumps of unidentifiable

cellular and fecal debris that were more yellowish-brown in color compared to the

vibrant yellowish-green color in the initial microcosms. The ostracod detritivore

populations were also very high. The rates of degradation of the hydrocarbon components

in these "aged" systems were slower than the initial microcosm experiment treatment

groups with the slowest rates consistently occurring in the 15%+15% WSF treatments

(Table 16).

The Standardized Aquatic Microcosm

The SAM is an artificially constructed system with the chemical, physical and

biological components assembled to meet specifically defined and exact criteria. The

organisms were selected due to their availability and diversity of metabolic pathways

that are representative of generic functional groups (Taub, 1984). The SAM's were

developed to be reproducible, non-site specific assemblages that demonstrate ecosystem

structural and functional properties, rather than ecosystem structural reality.

Biological relationships and responses are believed to be more apparent in these
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simplified systems without the confusion associated with multispecies assemblages that

may otherwise hide important processes and dynamics (Taub, 1984).

The SAM microcosms are sterile at the initiation of the test with the inoculation

of the algae occurring several days prior to the inoculation of the protozoa and small

macroinvertebrates. However, the addition of the toxicant occurs within one week of the

construction of these systems that were still in the early successional stages of

development. The short time frame between the construction, inoculation, and treatment

of the SAM's causes these systems to be relatively devoid of both prokaryotic and

eukaryotic organisms, with no carbon reservoir at the initiation of the test. The large

nutrient source is limited to the chemically defined liquid medium (T82MV) and is only

available to the algae for utilization. The bacteria inoculated into the medium with the

protozoa are chemoorganotrophs and incapable of utilizing the inorganic nutrient salts in

the medium.

The organic detrital matter consisted of the 0.5 g of cellulose and chitin that were

added to the microcosm sediment on the day of construction and any algal cells, cellular

debris, fecal matter, and molts that had accumulated in the first seven days. The limited

quantity and quality of this initial organic detrital matter was capable of supporting the

initial low densities of bacteria, protozoa, rotifers, and ostracods. The long-term effects

of the initial poor quality of the detrital matter and lack of an available carbon reservoir

on the extended success of these populations is still unresolved. It was observed that not

until four to six weeks had elapsed into the experiment that detritivore populations were

present to a significant degree (Landis et al., 1993, 1994). The only microorganism

present at the initiation of the experiment was the bacteria Enterobacter aerogenes.

This organism is used as the food source for the laboratory cultures of rotifers and was,

by its association to the organisms, inoculated into the microcosms at the same time.

Airborne microorganisms eventually entered the microcosms and supplemented the

bacterial community. In addition, the overall scarcity of organisms in relation to algal

biomass created an initial system with little or no interaction between the species

present. The initial rate of detrital utilization and cycling of energy and carbon were

still in the preliminary stages and the biochemical metabolic pathways for

transformation and degradation processes were limited or non-existent. The lag time in

the degradation of the hydrocarbon aromatics may have also been due to the lack of a pre-

adapted microbial community to biogenically produced hydrocarbons or the lack of a

diverse microbial community existing in these microcosms that were both present in the

initial MFC microcosms.

The responses elicited from the exposure of the toxicant in the initial SAM
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systems are presumed to be highly sensitive (Kindig et al., 1982). The relatively
"Nyoung age" of the systems implies that they have not developed overlapping functional

and structural components. They are presumed to be unable to adapt to the stress event

and use alternative pathways to dampen the potential measurable effects of the toxicant.

An alternative viewpoint is that the initial SAM's are so disconnected in organism

interactions and cycling processes that they simulate individual single species toxicity

tests that happen to be conducted in one container at the same time. The initial direct

effects of the toxicant on the few organisms present are expected to yield simple

mortality results that lack ecological meaning. The indirect effects on subsequent

generations of the organisms, the quality and quantity of organic detrital matter

produced, and the cycling of carbon, energy, and nutrients will be more subtle and

difficult to extrapolate at the ecosystem-level. The initial SAM conditions are so

artificial compared to natural ecosystems that only an extreme catastrophic event will

create a similar system as sterile and barren of an organic carbon reservoir.

The initial conditions in the SAM's resulted in slower degradation rates of the

water soluble fractions of hydrocarbons compared to the re-treated SAM microcosms

(Figures 19b-30b). The initial conditions in the 'aged' SAM's prior to re-treatment

were very different from the initial SAM's. They were characterized by trophic

dynamics that were highly interactive and included competition for limited food

resources and predation. Daphnia populations were very high and the remaining algae

were the blue-green algae Lyngbya sp. and Anabaena cylindrica and the green alga

Scenedesmus obliquus. Ostracods, rotifers, and microbial communities were more

developed, interactive, higher in abundance, and actively processing the organic matter

that had accumulated during the course of the experiment. The detrital matter consisted

of yellowish-brown, low molecular weight organic matter consisting of unidentifiable

re-cycled cell fragments, molt fragments and fecal material. The silica sand sediment

was discolored yellowish-green and slightly coated with organic films. The degradation

rates of the hydrocarbon components in these microcosms were significantly faster when

compared to their counterparts in the initial treatments, with the 15%+15% WSF

treated components consistently being degraded at faster rates (Table 16). The

increased rate of hydrocarbon degradation in the re-treated SAM's compared to the

initial degradation rates agrees with the criteria selected to establish the validity of the

SAM to display ecosystem-level properties.

JET-A and JP-8 Hydrocarbon Comparisons

The hydrocarbon degradation rates in the initial MFC and the SAM WSF treatment
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groups are significantly different from each other. The differences appear to be more

dependent on the initial conditions that existed in each of the microcosms, rather than on

the concentrations or compositions of the water soluble fractions they were treated with

(Tables 2-9, 13, and 14). In both the JET-A and the JP-8 the WSF's of jet fuel are

composed primarily of the same hydrocarbon components. The differences are in the

concentrations of those components and their ranking in concentration as a specific

chemical class of hydrocarbons in the fuel mixture. The concentrations of the alkane,

aromatic, or alkyl-aromatic hydrocarbon class of compounds will determine the types of

microbial populations degrading the components, not the concentrations of the individual

hydrocarbon components (Walker et al., 1968; Westlake et al., 1974). The rates at

which the microbial populations degrade these components becomes dependent on the

initial functional and structural conditions within a system, the chemical structure and

properties of the hydrocarbons, and lastly on the concentration of the individual

components.

The hydrocarbon components in the highest concentration in the JET-A fuel were

the mono-aromatics, followed by the alkyl-substituted aromatics. The alkanes were

variable in concentrations with dodecane in the highest concentration, of all the

compounds and tetradecane in the lowest (Table 2). The hydrocarbons that were

degraded at the fastest rates were the aromatic compounds, followed by the alkanes, and

last by the alkyl-aromatics (Table 13). Though there was some overlap between the

classes of hydrocarbon degradation rates, as a group they were degraded at distinctly

different rates.

The majority of the active hydrocarbon degrading microbial populations in the

JET-A MFC microcosms were specific for aromatic oxidation, cooxidation, and cleavage

of the aromatic ring structure (Atlas, 1981; Atlas and Bartha, 1994; Focht and

Westlake, 1988; Gibson, 1974, 1977). The higher concentration of the aromatic in the

JET-A water soluble fraction mixture selected for these organisms. The

microorganisms capable of degrading alkanes were also present, but their activity was

secondary to the aromatic degrading microorganisms, due to the lower concentrations of

available alkane substrates for growth and reproduction (Brock et al., 1994). The

slowness of the degradation rates for the alkyl-aromatic compounds compared to the

degradation of the n-alkanes is due to their greater structural complexity that inhibits

the initial microbially induced oxidative attack, subsequent oxidation, and cleavage of the

aromatic ring.

In the JP-8 fuel mixture the alkanes with ten to fourteen carbon atoms in length

were present in the highest concentrations, with the alkyl-substituted aromatics next,
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and the mono-aromatics in the lowest concentration (Table 3). The rates of degradation

were more rapid for the longer chain alkanes tetradecane and tridecane, with decane and

dodecane being degraded at the slower rate in almost all of the treatment groups. The

alkyl-substituted aromatics were degraded at slightly slower rates and the aromatics at

the slowest rates (Table 14). The higher concentration of alkanes in the JP-8 WSF

supported microbial populations that were primarily more generalized, opportunistic

species. These organisms require fewer specialized enzymatic mechanisms to degrade

the simple, straight chain carbon structures (Atlas and Bartha, 1994; Pirnik et al.,

1974; Walker et al., 1976b). The presence of these organisms also enabled the

degradation of the alkyl-substituted chains on the aromatic compounds to occur at faster

rates. The microorganisms that are capable of utilizing and degrading the aromatic

compounds were present, but due to the lower concentration and importance of the

aromatics in the water soluble fraction, their growth and reproduction were reduced in

comparison (Brock et al., 1994).

Hydrocarbon Degradation Similarities

The degradation of aromatics requires specialized biochemical mechanisms to

cleave the aromatic ring structure and these specialized mechanisms are only provided

by specialized microbial communities (Atlas and Bartha, 1993) (Appendix A). This

requirement for specialized enzymatic mechanisms will determine the rate at which

these transformation and degradative processes occur. In the MFC these specialized

organisms would be present and active at the time of treatment, due to the production of

biogenic hydrocarbons by the algae. In the SAM these organisms would have had to enter

the microcosms via the algae and other laboratory cultuie inocula, or transported into

the microcosms adsorbed on the surfaces of airborne dust and soot particles. The role of

the photoautotrophic bacteria (the blue-green algae) already in place in both

microcosms was not investigated, but may have also assisted in the degradation of the

aromatic compounds.

The microorganisms capable of degrading the aromatics in the MFC and the SAM

would be expected to perform the chemical transformation at rates that should be

relatively similar, due to the specificity of the degradative pathways. A comparison of

the aromatic degradation rates in the two microcosms did display similar rate patterns.

Toluene was always degraded at the fastest rate in all treatment groups, benzene was

degraded at the slowest rate in both the MFC and SAM 5% WSF treatment groups, and o-

xylene was always degraded at the slowest rate in all of the 15% WSF treatment groups

as well as in the re-treated groups (Tables 7, 13-14). When the rates of degradation in
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each treatment group were compared benzene and ethyibenzene were degraded at the

fastest rate in both of the 15% WSF treatment microcosms and slowest in the 5% WSF

groups. Conversely, toluene, m,p-xylene, and o-xylene were degraded at the fastest rate

in both microcosms in the 5% WSF group and slowest in the 15% WSF treatment groups

(Table 13).

The Student's t test was used to compare the individual hydrocarbon's degradation

slopes both within each microcosm experiment and between the two microcosms. Within

each microcosm experiment the hydrocarbon degradation rates in the re-treated

0%+15% and the 15%+15% WSF treatment groups were more similar to each other

than they were to the initial WSF treatment groups. The magnitude of the significant

differences were principally between the initial 15% WSF treatment groups compared

to the 0%+15% and the 15%+15% WSF treatment groups. The significant differences

between the two re-treated groups were to a much less extent (Tables 10-12).

A comparison of the hydrocarbon degradation rates between the MFC and the SAM

indicate that the SAM 15% WSF treatment group accounts for the majority of the

significant differences. The degradation rates of benzene, toluene, m,p-xylene, o-

xylene, and ethylbenzene in the SAM 15% WSF treatment group were significantly

different from the SAM re-treated microcosm groups and the MFC 15%, 0%+15% and

15%+15% WSF treatment groups (Tables 11-12 and 18-19). When the two

0%+15% WSF treatment groups were compared using the same compounds, they were

not significantly different except for o-xylene. In the 15%+15% WSF treatment

groups only benzene was significantly different (Table 18).

The degradation rates in the initial SAM 15% WSF treatments were very

different from both the re-treated SAM's and all of the MFC WSF treatment groups. If

the re-treated microcosms had also displayed significantly different degradation rates

between the MFC and the SAM, then the results may indicate that the rates were a

function of the microcosm type and the jet fuel composition. However, the similarity of

the 0%+15% WSF treatments and the 15%+15% WSF treatments between the two

microcosms indicate that the degradation of these compounds follow similar metabolic

pathways and that the two microcosms were more similar to each other in functional

responses, after an initial conditioning period had elapsed. The lack of significant

differences between the MFC 15% WSF treatments compared to the SAM 0%+15% and

15%+15% WSF treatments implies that the functional processes in the initial MFC's

were also more similar to the functional processes occurring in the re-treated SAM

microcosms.

The alkanes and the alkyl-substituted aromatics in the re-treated groups also

60



displayed similar degradation rates when the MFC and the SAM 0%+15% and the

15%+15% WSF were compared (Tables 17 and 19). Dodecane, tetradecane, and

butylbenzene were the only hydrocarbons significantly different in the 0%+15% WSF

treatments, while in the 15%+15% WSF treatment groups the only components

significantly different were dodecane, butylbenzene, and propylbenzene. At these

concentration levels, the implications are that the microorganisms responsible for the

degradation of specific hydrocarbon classes of compounds will utilize principal

enzymatic systems and specific degradative pathways. The relative consistency and

similarity of the degradation rates for each class of hydrocarbons, regardless of the

actual composition of the microbial community or the composition of the jet fuel support

these results.

The metabolic by-products or intermediates formed during the degradative

processes in all treatment groups in both microcosms were also very similar. These

compounds included 2,4-dimethylpentane, 2-methylpropane, pentane, cis-2-pentene,

trans-2-pentene, propane, hexane, butane, and 3-methylpentane. The similarity of

their temporal patterns of production and elimination are also indicative that the same

microbial metabolic pathways and mechanisms are being used to degrade the hydrocarbon

components in the two microcosms.

The similarity between the degradation rates in the MFC and the SAM re-treated

groups could also indicate that the two microcosm systems had evolved or been

conditioned to become more functionally similar to each othe" (Figures 39-50). The

sampling regime could have induced or directed the subsequent developments within the

two systems so that their responses would be similar. The MFC and the SAM were both

sampled twice a week using the same sampling device and the same techniques. The

microcosms were stirred vigorously to re-suspend the detrital matter and sediments

prior to the removal of the subsample. The re-suspension physically dispersed the

clumps of blue-green algae, fragmented cells, fecal matter and sediment aggregates and

served to re-expose more substrate surface area for utilization. Buried algal cells and

other relatively high quality organic matter were also re-suspended to become available

for further utilization. Each sampling event caused a pulsed release of nutritive organic

material back into the system as well as exposing hydrocarbon absorbed and adsorbed

substrates for photooxidative, volatilization, and microbial degradation processes. The

pulsing of the organic matter, nutrients, and hydrocarbons twice a week probably helped

to maintain certain organism concentrations, interactions, and rates of cycling for

longer periods of time, than would have persisted without the impact of the sampling

regimes.
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The similarities in degradation rates between the MFC and the SAM microcosms

may also be a result of the selective toxic effects of the jet fuels. Their effects could

essentially re-structure the biological components so that above a certain water soluble

concentration some microorganisms would always be eliminated or inhibited, while

others would be activated or freed from competitive constraints. The resulting

structural composition would be more uniform and consistent in the types of surviving

microbial populations for each treatment group. These treatment selected

microorganisms have the potential to determine and control the functional processes and

responses for that treatment group. The faster rates of degradation for toluene, m,p-

xylene, o-xylene, and ethylbenzene in the 5% WSF treatment groups in the MFC and the

SAM may indicate that at those concentration levels the microbial utilization of these

compounds was stimulated. At the 15% WSF treatment concentration the effects may be

more inhibitory and caused a slower rate of utilization. The MFC 1% WSF treatment

groups had the slowest rates of degradation that could indicate that the concentration

levels of the aromatics were not at sufficient levels to induce the necessary enzymatic

systems for utilization. It could also indicate that the concentrations of the aromatics

were not sufficient to be preferred as a substrate for energy or as a carbon source

(Alexander, 1985).

In support of the selective effects of toxic substances to microorganisms,

previous studies using indigenous microbial populations exposed to various

concentrations of organic toxicants in water, soil, sediment, and sewage have been

conducted (Alexander, 1985). At low concentration levels the microbial populations

mineralized the compounds to carbon dioxide. At intermediate concentration levels the

toxicants were degraded by both mineralization and cometabolic mechanisms by the

respective microbial communities. At high concentrations the microorganisms shifted to

predominantly cometabolic pathways that produced organic intermediate compounds

including alcohols, aldehydes, ketones, and carboxylic acids (Alexander, 1985). The

explanations for this degradative pattern were that the mineralization of low levels of

hydrocarbons may require oligotrophic microbial populations that are able to perform

more enzymatically specialized oxidative processes. At the mid-range concentration

levels the hydrocarbons were conducive for both types of metabolic pathways. At high

concentration levels the absence of mineralization may be a result of the inhibition of

mineralizing, but not the cometabolizing microbial populations (Alexander, 1985).

These relationships would explain the similar degradation rate patterns in the same

treatment groups when compared between the two microcosms. Similar shifts in

microbial metabolic pathways and mechanisms for hydrocarbon degradation would occur
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at the same percent WSF concentration levels, rather than at individual component

concentration levels (Tables 15 and 16).

Hydrocarbon Degradation Dissimilarities

There were significant differences determined for the degradation rates of some

hydrocarbon components both within each microcosm experiment and between

microcosms. One explanation could involve the structural complexity of the

hydrocarbon component being degraded. The oxidation of methyl- and alkyl-substituted

aromatics require several enzymatic steps involving several types of specialized

microorganisms. The alkyl side chain must first be oxidized by alkane degrading

microorganisms followed by oxidation and cleavage of the aromatic ring structure that

would involve several degradative steps. The more steps involved in the degradative

process, the longer the process would take and the more opportunities there would be for

differences in utilization rates to occur (Gibson, 1977). This would apply to the

degradation of any hydrocarbon compound, but the significant differences that were

determined did seem to be more prevalent for those compounds that rely on several

oxidative steps, especially in the xylenes where the position of the methyl group on the

aromatic ring will affect the ease of oxidation (Tables 11 and 18).

The initial structural and functional conditions in the MFC and the SAM

microcosms were crucial in determining the hydrocarbon degradation rates in not only

the initial treatment groups, but also in the re-treated groups. The differences in the

degradation slopes of the hydrocarbon components in the initial microcosm experiments,

compared to their respective slopes in the re-treated microcosms are obvious (Figures

19-30). In the re-treated MFC and SAM experiments the differences between the

initial structural and functional conditions in the 0%+15% and the 15%+15% WSF

treatment groups were much less obvious. The hydrocarbon degradation rates in the re-

treated groups display their almost identical processes at the beginning of the re-

treatment experiment. As the experiments progressed the component degradation slopes

gradually begin to diverge. Some hydrocarbon components diverged to a greater extent

than other components until they were significantly different from each other (Tables

17-19).

In the MFC the reference treatment microcosms (0% WSF) that were re-treated

with the 15% WSF were able to degrade the hydrocarbon components faster than in the

re-treated 16%+15% WSF treatment microcosms. In the SAM experiment it was the

hydrocarbon components in the 15%+15% re-treated groups that were degraded at

faster rates. If the initially treated 15% WSF groups had "recovered" to be comparable
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to the untreated groups, then the two re-treated groups should not have diverged over

time. The presumption would be that by the time of the second re-treatment event

(sixty days after the initial treatment) both the 0% and the 15% WSF treatment groups

would be "starting" from the same structural and functional state of development

(Figures 39-50). If the relationship of faster degradation rates for pre-adapted

microbial communities is valid, then the 15%+15% WSF treatment groups should have

degradation rates that are at least as rapid as the 0%+15% WSF. The fact that they did

diverge indicates that every treatment to a system has a subtle and lasting effect. These

effects have the potential to affect and control the future structure and function of the

system, that may not be detected or differentiated as an indirect result caused by a

toxicant release using conventional analytical procedures.

Another factor that could account for the significant differences determined

between the two microcosms was the length of time selected to compare the degradation

slopes of the hydrocarbon components. The criteria used was the time required to

mineralize the compound, or reduce the concentration to a minimum threshold level. If

the compound was degraded completely the total length of time was used. If the compound

decreased in concentration to a certain threshold level, the duration of time to reach the

threshold level was used. If the compound was degraded to a certain level and then began

to increase as a result of the production of the compound as a metabolite, the length of

time selected was the interval of time to its increase. The selection of a shorter time

interval for comparisons would have probably eliminated many of the significantly

different determinations that would have emphasized those points on the regression that

were the most similar (Figures 39-50). However, a shorter time interval would not

have revealed subsequent degradative rate patterns.

Several other factors that may have contributed to the significant differences in

hydrocarbon rate responses could have been the different size of the microcosms, the

surface to volume ratios of the test chambers, and the quality and quantity of the detrital

organic matter that would affect the partitioning and bioavailability of the hydrocarbon

component for microbial utilization (Dewitt et al., 1992, Karickhoff et al., 1979). The

MFC was smaller in size, but its surface to volume ratio was approximately one and one

half times greater than the SAM microcosm. The adsorption of the hydrocarbons to the

glass walls of the MFC microcosms would remove more organics from the water column

and concentrate them for greater utilization by the microbial communities associated

with the glass surfaces. The higher absorption and adsorption of the hydrocarbons to the

higher molecular weight, high quality detrital organic matter in the MFC would also

concentrate the compounds in microhabitats that have the greatest number of associated
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microbial populations and would also be accessible for greater utilization. Conversely,

the hydrocarbon components in the SAM would have less available glass surface area and

organic matter on which to be adsorbed or absorbed. The hydrocarbons would partition

between the organisms, the glass, the sediments, and the water column that might make

the compounds less concentrated for utilization by the microorganisms.

The toxicity of the respective jet fuels could also have affected degradation rate

responses. The high levels of aromatics in the JET-A WSF's confer greater immediate

toxicological effects to the microcosm organisms compared to the less toxic alkanes in

the JP-8 WSF. The decrease in the degradation rates in the JET-A MFC 15%+15% WSF

treatment group could be attributed to the toxicity of the mixture. The initial 15% WSF

treatment may have slightly inhibited microbial degradation, but the second 15% WSF

treatment could have had an additive effect and inhibited degradation to a greater extent.

Conversely, the JP-8 SAM WSF was less toxic and may have induced degradation by

enabling more microbial populations to survive and adapt in the 15%+15% WSF

treatments. An increase in the survival of the microorganisms could account for the

slightly higher rates of degradation compared to the 0%+15% WSF treatment.

Microcosm Assessment

In the initial SAM experiment the rates of degradation "lagged" to the extent that

they were significantly different from those in the later re-treatment experiment and

from the degradative rates in the MFC experiments. The initial SAM experiment did

display similarities in degradation rates for the individual components in each treatment

group. It also displayed relatively consistent patterns in the ranking of the components

by concentration and degradation rates in their alkane, aromatic or alkyl-aromatic

chemical class. The SAM also displayed the shifts in the microbial metabolic pathways

with changes in the water soluble fraction concentrations. The results were consistent

between replicates and the ability to make decisions regarding the validity of a response

or pattern observed could be made with some degree of confidence due to the

standardization and the robustness of the statistical data.

The limitation of the initial SAM experiment was the initial conditions that

caused most of the degradative response rates to be at significantly slower rates. The use

of the SAM for risk estimations or for simple fate and effect studies may generate

degradation rate studies that over-estimate the length of time the compound will be in

the environment. Though this may be protective to the environment in discharge

permitting, an accidental spill may encourage remediation techniques well beyond the

immediate necessity warranted by the size of the release. A predictive ability that would
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allow the appropriate placement of labor, finances and other resources to a spill site

would be more protective to the environment and cost effective in the long term.

In the Mixed Flask Culture microcosm experiment the initial conditions

generated degradative rates that were elevated when compared to all the other treatments

and to the SAM experiments. This type of response has been quantified in previous

laboratory experiments where the results obtained were due to the optimization of

conditions that were not applicable to real ecosystem processes (Alexander, 1985;

Gibson, 1974; Walker et al., 1976a). The MFC microcosms did display the same shifts

in metabolic pathways as the concentrations of the water soluble fractions were

increased. However, the results for the component degradation rates in the treatment

groups were more variable and could have been dependent on a combination of factors

affecting the initial microbial community in the microcosm. The inability to standardize

and replicate these microcosms as closely as in the SAM protocol could account for much

of the variability in the results.

The limitation of using the MFC initial microcosm protocol was the highly

elevated degradative rate responses that in risk assessment studies could have under-

estimated the amount of time necessary to degrade the WSF mixture. The presumed

shorter time interval for the degradation of the WSF mixture would cause greater

damage to the environment by being under protective. Risk estimations would be based

on degradative rates that were unrealistically elevated and could lead to the permissible

discharge of hydrocarbon mixtures in excess of the ecosystem's capacity to degrade the

compounds. Remediation attempts at a spill site may be understaffed or underfunded

based on the assumption that the compounds would be rapidly removed by indigenous

microbial populations within a short period of time.

Microcosm Validation

An assessment of the two microcosms as valid biological models of ecosystem

structure and function were made in terms of their ability to display rate responses

similar to those found in field studies. Increased rates in the degradation of the

hydrocarbon components in those treatment groups that had been previously treated

were expected, but only consistently observed in the SAM microcosm re-treatment

experiment. The MFC microcosm re-treatment experiment results were more highly

variable. The aromatics and alkyl-aromatics had consistently higher degradation rates

in the 0%+15% WSF treatment group than in the 15%+15% WSF treatment (Table

16).

The Standardized Aquatic Microcosm does seem to be the most consistent,
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replicable, reproducible, and valid microcosm model for use in ecosystem-level studies

involving complex mixtures of hydrocarbons. The microcosm dynamics allowed the

determination of subtle changes in microbial degradative metabolic pathways and were

comparable to field determined results. The weakness of using the SAM protocol is the

dynamic role that the Daphnia play in the structural and functional responses in the

microcosms. Their presence or absence can determine the evolutionary direction of the

microcosm system after the addition of the toxicant. The microcosm experiment becomes

a test of the sensitivity of the Daphnia to the toxicant that can determine the sensitivity

of the entire system to the toxicant (Sugiura, 1992). The other weakness is the

construction and use of a relatively sterile initial system. The low species diversity

constrains the system to a degree by placing too great of importance on the responses of

very few representative species that are often not well researched. In addition, the lack

of established and interactive microbial, detritivore, and macroinvertebrate

communities in conjunction with active energy and nutrient cycling, severely limits the

types of possible structural and functional responses to the toxicant effects. Rather than

a "sensitized" system the initial SAM microcosms are handicapped in the types of rate

responses and biological sublethal endpoints that can be measured.

Some recommendations would be to increase the period of acclimation prior to

treatment from seven days to possibly fourteen, to replace the Daphnia magna with a less

efficient grazer such as a Ceriodaphnia species, and increase the types of detritivore and

microorganisms present. Sampling regimes and analyses must be modified to include

greater sampling frequencies when conducting any studies involving microbial

communities. Volatile hydrocarbon components that are produced from the degradation

of biogenically derived aromatic compounds could also be included as a parameter to

measure. The elevated production of these compounds after treatment may be used as an

indicator of toxicant stress to the microbial community. Whether these releases would

be correlated to other types of stress events occurring in natural environments would

have to be investigated.

Some parameters that should not be included in the monitoring and measurement

of microbial degradative mechanisms and metabolic rates are carbon dioxide and

radiolabeled biomarkers. Alexander (1985) found that the exposure of indigenous

microbial populations to low concentrations of hydrocarbons stimulated the release of

carbon dioxide. The release of the carbon dioxide was not a stress related response by

the microorganism, but was due to the metabolic pathways used by the microorganisms

to mineralize the hydrocarbons to inorganic carbon. McKeena and Kallio (1964)

reported that alkane hydrocarbons increased the oxygen consumption and respiratory
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release of carbon dioxide in microbial populations, but there was no concomitant

oxidative degradation of the hydrocarbons. The elevated release of carbon dioxide that is

presumed to be a significant functional response was found to be in this situation merely

respiratory stimulation. Alternatively, the use of radiolabeled genetic or enzymatic

markers in long term microbial studies are severely limited by the rapid generation

times of the microorganisms. Within a short period of time of two to three days the

radiolabel can be 'diluted' to below detection limits in the resulting progeny (Atlas and

Bartha, 1994).
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Conclusions

The MFC and the SAM microcosms have both strengths and weaknesses in their

experimental designs. It becomes the responsibility of the investigator to evaluate these

systems and determine the appropriateness of the microcosm type for the proposed

research. Both microcosms were developed as a basic protocol with the flexibility to be

manipulated or modified to meet the needs of the researcher (Taub, 1984). The

importance of having this flexibility is that it allows the investigator to focus the

research on the time dependent changes in population densities and metabolic processes

relevant to the hypothesis being tested. It is these processes that are the important

indicators of the effects of a toxicant on ecosystem function and not the actual structural

composition within the microcosms (Sugiura, 1992). The research hypothesis should

never be formulated to conform within the constraints defined by the microcosm

protocol.

The hydrocarbon degradation rates in the initial MFC and the SAM WSF treatment

groups were significantly different from each other for most hydrocarbon components.

The initial conditions that existed in each of the microcosms were responsible for these

differences, rather than the concentrations or compositions of the water soluble

fractions they were treated with. The concentrations of the specific hydrocarbon class of

compounds in the WSF will determine the types of microbial populations degrading the

components, not the concentrations of the individual hydrocarbon components. The rates

at which the individual hydrocarbons are degraded will be dependent on the types of

functionally active microorganisms, the initial structural and functional conditions in

the systems, and the chemical structure and properties of the hydrocarbon.

The microorganisms will degrade each hydrocarbon class of compounds using

specific enzymatic mechanisms and metabolic pathways that are consistent, regardless of

the actual composition of the microbial community or the composition of the jet fuel.

The metabolic by-products and intermediates formed during the hydrocarbon degradative

processes were almost identical in the two microcosms and reflect the similarity in

functional processes of the two microbial communities. The MFC and the SAM microbial

communities also displayed similar shifts in metabolic pathways and mechanisms for

hydrocarbon degradation that were dependent on the concentration of the water soluble

fractions rather than individual component concentration levels.

The major hydrocarbon components in the water soluble fractions in both

microcosms were mineralized within a period of approximately two weeks. Subsequent

degradations of higher molecular weight, polycyclic aromatic compounds occurred later
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in both the MFC and the SAM. Lower molecular weight aromatic and alkane metabolites

were released into the water column and detected for up to one month after treatment.

The presence of these metabolites as well as metabolites from the degradation of biogenic

aromatic compounds were perceived as indirect treatments to the systems. The

concentration of these treatments were low in comparison to the initial treatment of the

WSF of the jet fuel, but could indirectly serve to influence the structural and functional

processes in the microcosms.

The ecosystem implications from these microcosm tests are that the

disappearance of a toxicant from one or a few of the parameters measured in the system

does not imply that the perturbation to the system is finished and that the system has

recovered. The indirect effects caused by chronic low level releases of biogenically

produced toxic metabolites, bioaccumulated toxicants from dying organisms and lysed

cellular material, anthropogenic activities, and natural perturbations can potentially

control and modify structural and functional processes. These indirect effects can be as

subtle as a small change in the cycling rate of a specific nutrient or in the rate of

nitrogen fixation in photoautotrophic bacteria that will have profound long term effects

on the functional integrity of the ecosystem. The diversity of microhabitats that exist in

every ecosystem can potentially retain and periodically release these toxicant or their

intermediates for years or decades after the initial toxicant release. The effects

generated by these releases will extend far beyond that interval of time.

The results from this study indicate that the initial conditions within the

microcosms will determine the dynamics within the system long after the perturbation

or toxicant is gone. The degradation rates in the MFC and the SAM became more similar

after the microcosms had acclimated and matured during the two months prior to the re-

treatment. The divergence of the degradation rates between the two re-treated groups in

both the MFC and the SAM indicate that though the two systems were treated with the

same concentration of the water soluble fraction of a jet fuel the prior history of the

systems eventually influenced their future functional rate responses. These altered rate

responses were initially indistinguishable from the reference re-treated groups, but

during the course of the experiment they eventually caused the two groups to display

distinctly different degradation rates. In the MFC the divergence was caused by a

decrease in degradative capacity of the microbial community, while in the SAM the

divergence was caused by an increase in microbial degradative ability. The replication

of the divergence in the rate responses in the two microcosms suggests that ecosystems

will respond similarly after the initial toxicant exposure event. However, the eventual

rate that the system will degrade the toxicant and the subsequent effects on the microbial
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and higher organism structure and functional processes will be dependent on, and a

culmination of, that system's ecological history.

The validity of the SAM and the MFC microcosm as biological models of ecosystem

structure and function was tested on the criterion of their ability to display increased

rates of degradation in the re-treated groups similar to observed responses in field

studies. The SAM did display increased rates of degradation for almost all hydrocarbon

components in the re-treatment experiment and are considered valid generic

simulations of ecosystem processes and dynamics (Table 16). The SAM's have the added

advantages of being replicable and reproducible, producing consistent and statistically

robust results. The SAM's are the preferred microcosm model for this type of study.

Conversely, the MFC displayed almost no increased degradation rates in the re-treated

microcosm experiment. In addition, though they could produce results comparable to the

SAM's, any interpretation of the results would have been difficult due to the high

variability in the data.

Whether all ecosystems display the same patterns and behaviors in their

structural and functional relationships and processes that can be utilized in research to

extrapolate results to the ecosystem-level of organization is still not clearly defined.

The similarities determined between the two microcosms in their rates of degradation

that were independent of the microcosm type, jet fuel composition, species diversity and

trophic level complexity could imply that there existed universal ecosystem properties

and universal patterns of responses to stress. However, the similarities could also

merely be a function of the chemical structure of the hydrocarbon component that is

degraded in rate controlled reactions that are catalyzed by an initial, microbially-

mediated oxidizing event.
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APPENDIX A

Microbial species known to be responsible for the oxidative degradation of petroleum
hydrocarbons.

Hydrocarbons Microorganisms Reference
Aikanes Pseudmonas sp. Gibson et al, 1974

Pse~dmronas a/Go vorans Riser-Roberts, 1992
Norcardia sp. Gibson et al, 1974
Pseudoronas aenig/nosa Van Eyk and Bartels. 1968
Pseiidomonas puddi; Worsey and Williams, 1975

Propane Mycobacterium smegmatis Riser-Roberts, 1992
Butane Mycobacterium smegmatis Riser-Roberts, 1992
Pentane Mycobactedum smnegmatis Riser-Roberts, 1992
Hexane Mlycobacterlum smegmatis Riser-Roberts, 1992
Decane Comnebactenum sp. Kester and Foster, 1963
Dodec"i Comebacterium sp. Hou, 1982
Tridecane Comeobacterlum sp. Kester and Foster, 1963

Pseud~ofnas aenig/nosa Van Eyk and Bartels, 1968
Tetradecane Microcoocus cerificans Riser-Roberts, 1992

Comebacterlum sp. Koster and Foster, 1963
Pentalecone Cornebacterfum sp. Kester and Foster, 1963
Hexadecwie Comebacterlum sp. Kester and Foster, 1963

Branched Aikanes Bre v/ba cterium eqthrogenes Riser-Roberts, 1992
Comebacterlum sp. Riser-Roberts, 1992

Alkenes Pseuxbmonas o/eovoran Riser-Roberts, 1992

Aromatics Achromobacter up. Rochkind et al, 1986
Comamionas testosteroni Kampfer et al, 1991
Norcardla up. Gibson et al, 1974
Psouchomonas sp. Rochkind at al, 1986

Pwdxnasaeiug/osa Rochkind et al, 1986
Psoudomasciam Kampfer at al, 1991

Psedomnasfluoescens Kampter et al, 1991
Psa~noasputdi Gibson et al, 1974

Comnebacterium sp. Fedorak and Westlake, 1981
VibdO sp. Fedorak and Westlake, 1981
Actnetobeacter Fedorak and Westlake, 1981
Ore v/ba cterlum Fedorak and Westlake, 1981
Flavobacterium Fedorak and Westlake, 1981
C&wf Riser-Roberts, 1992
MkIMOCOCCUS Fedorak and Westlake, 1981
A/calgens sp. Fedorak and Westlake, 1981

Benzene Moraxe//a Reineke et al, 1984
Toluene Esche rich/a coig Zeyer et al, 1985
Xylenes; Nocardla up. Gibson et al, 1974



Appendix B

Summary sheet of the Tekmar LSC 2000 Purge and Trap Concentrator and the Hewlett
Packard 5890A Gas Chromatograph columns and analytical conditions.

Tekmar LSC 2000 Purge and Trap column and conditions:

Sample size: 5 ml
Valve, mount and line initial temperature: 300C
Purge pressure: 140 kPa
Purge: 11 minutes at 42.6 cm/sec with N2
Dry purge time: 4 minutes
Trap: Tenax/Silica Gel, 1/8" x 12", SS
Desorb preheat temperature: 175°C
Desorb temperature and time: 1800C for 4 min
Bake temperature and time: 1800C for 5 min

Hewlett Packard 5890A Gas Chromatograph column and conditions:

Column: SPB-5, 30 m x 0.53 mm ID, 1.5 ;Lm film
Column head pressure: 30 kPa
Carrier Gas: Nitrogen
Nitrogen flow rate: 46.1 cm/sec
Hydrogen flow rate: 40 cm/sec
Alf flow rate: 350 cm/sec
Column temperature program: 350C/2 min//12°C/min to 2250C/5 min
Detector: Flame Ionization Detector
Integrator: Spectra-Physics 4290



Appendix C

Purge and Trap/Gas Chromatograph determinations of the area under the curve, for each
of the listed certified hydrocarbon standards used to calculate hydrocarbon component
concentrations in the JET-A MFC and JP-8 SAM microcosms.

Hydrocarbon Peak Area Log Area Concentration Retention Time
Standards Under the Curve Under the Curve (ug/L) Minutes

2,4-Dimethylpentane 3114580 6.4934 10.8 2.51
2-Methylpentane 3273419 6.5150 10.8 1.85
2-Methylpropane 1110942 6.0457 3.0 1.33
3-Methylpentane 452626 5.6557 1.5 1.95
Benzene 11883196 7.0749 80.0 3.05
Butane 5425525 6.7344 9.0 1.43
Butylbenzene 2086230 6.3194 6.4 10.22
Cyclooctane 14266055 7.1543 32.0 8.24
Cyciopentane 845774 5.9273 15.2 1.63
Decane 1401309 6.1465 6.4 9.29
Dodcane 780875 5.8926 6.4 12.25
Ethylbenzene 392718 5.5941 1.5 6.90
Hexane 3874046 6.5882 10.8 2.13
Wane 3665145 6.5641 10.8 5.72

Pentane 280056 5.4472 19.4 1.64
cis-2-Pentene 1853569 6.2680 12.3 1.47
trans-2-Pentene 2250274 6.3522 14.9 1.50
Propane 31580 4.4994 3.0 1.18
Propylbenzene 3759580 6.5751 8.6 8.58
Tetradecane 406501 5.6091 4.4 14.82
Toluene 9977637 6.9990 21.6 5.05
Tridecane 432135 5.6356 4.4 13.58
m,p-Xylene 1095353 6.0396 1.8 7.06
o-Xylene 689156 5.8383 0.9 7.48
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Appendix F

Calculated t values for significant differences between the hydrocarbon degradation
slopes in the JET-A MFC and the JP-8 SAM 15%, 0%+15% and the 15%+15% WSF
treatments when compared within their respective microcosm experiments.

JET-A MFC (WSF) JP-8 SAM (WSF)
Hydrocarbon (WSF) 0%+15% 15%+15% 0%+15% 15%+15%

Decane [15%] 4.68 4.77 9.46 9.07
Decane [0% + 15%]

Dodecane [15%] 2.91 7.32
Dodecane [0% + 15%] 4.11

Tridecane [15%]
Tridecane [0% + 15%]

Tetradecane 115%]
Tetradecane (0% + 15%]

Benzene [15%] 2,41 5.66 4.87 5.36
Benzene [0% + 15%] 2.55

Toluene [15%] 8.37 8.13
Toluene [0% + 15%] 2.31

m,p-xylene [15%] 3.80 6.58
m,p-xylene [0% + 15%] 3.48

o-xylene [15%] 2.84 4.21 7.78
o-xylene [0% + 15%] 2.52 ?.47

Butylbenzene [15%] 3.73 3.50
Butylbenzene [0% + 15%]

Cyclooctane (15%]
Cyclooctane [0% + 15%]

Ethylbenzene (15%] 3.10 4.69
Ethylbenzene [0% + 15%] 10

Propylbenzene [15%] 3.21 5.02
Propylbenzene [0% + 15%]

to.05, (2) U6 - 2.056 (Zar, 1984).



Appendix G

Calculated t values for significant differences between the hydrocarbon degradation
slopes in the JET-A MFC and the JP-8 SAM 15%, 0%+15% and the 15%+15% WSF
treatments when compared between the microcosm experiments.

JP-8 SAM
JET-A MFC (WSF) 15% WSF 0%+15% WSF 15%+15% WSF

Decane (15%] 11.62 6.13 4.42
Decane [0% + 15%] 7.89
Decane [15% + 15%] 5.50

Dodecane [15%] 3.70 2.62
Dodecane [0% + 15%] 5.52 4.46 2.88
Dodecane [15% + 15%] 5.18 4.13 2.52

Tetradecane [15%]
Tetradecane [0% + 15%] 3.51
Tetradecane [15% + 15%]

Benzene [15%] 5.36 5.01 3.65
Benzene 10% + 15%] 5.35
Benzene [15% + 15%] 4.29 2.50 3.17

Toluene [15%] 9.29
Toluene 10% + 15%1 4.53
Toluene [15% + 15%] 3.20 2.25

m,p-xylene [15%] 6.05
m,p-xylene [0% + 15%] 3.92 3.67
m,p-xylene [15% + 15%] 2.47 4.36

o-xylene [15%] 6.19 3.54 4.62
o-xylene (0% + 15%] 6.17 4.04 3.05
o-xylene [15% + 15%] 4.66

Butylbenzene 115%] 2.21 2.13
Butylbenzene 10% + 15%] 2.97 3.06
Butylbenzene [15% + 15%] 2.32 3.65 3.91

Ethylbenzene 115%] 4.47 5.70 5.63
Ethylbenzene [0% + 15%] 3.17
Ethylbenzene (15% + 15%]

Propylbenzene [15%]
Propylbenzene (0% + 15%] 4.57
Propylbenzene (15% + 15%] 3.49

to.os. (2) n - 2.056 (Zar, 1984)
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ABSTRACT

The aquatic toxicity information used to satisfy regulatory requirements under

FIFRA are generated under a tiered testing sequence with nearly all decisions

regarding registration based on the results of single species tests. Over the last 0

15 years, a variety of multispecies aquatic toxicity tests have been developed

with the hope that the increased complexity of the test system would result in a

more realistic, community-level response to contamination. Sediments are •

oftentimes a major repository for contaminants introduced into surface waters.

The science of sediment toxicology itself, however, has been described as being

in its infancy due to the failure to incorporate ecosystem disturbance into toxicity •

assessments.

This study investigates both the methods and the ecosystem level effects of

producing a simulated release of a complex hydrocarbon mixture from 1

sediments using a 60-day one I modified Mixed Flask Culture (MFC) microcosm.

Treatment sediment groups consisting of six microcosm replicates were spiked

with 0, 2, 10 and 25 microliters of Jet-A based on the results of preliminary acute

10-day freshwater sediment amphipod bioassays using Hyalella azteca as the

test species. For each test chamber, a spiked layer of Standardized Aquatic

Microcosm (SAM) sediment was encapsulated under an overlying layer of

coadapted MFC silica sand and detritus. Data were examined using both

conventional univariate, as well as newly developed multivariate techniques.

Analysis of The Jet-A using purge and trap gas chromatography revealed a 0

slow pulsed release of the test material from the spiked layer. Univariate results

(iv)
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*

of the functional parameters indicated that an initial period of perturbation

occurred followed by a stable state.Effects were apparently caused by the

transfer perturbation of the spiking procedure, as well as the effects of

thehydrocarbon mixture. Univariate results of structural parameters indicated

that treatment effects generally detectable through the entire test, that a general

initial imbalance in population sizes existed at the beginning of the treatment

period on day zero, and that no apparent stability of the control group or

recovery of the system from perturbation was apparent. Virtually all multivariate

techniques were able to distinguish statistically significant responses of the

system to treatment despite the relatively small proportion of Jet-A used in the

test.

These results suggested that although both the cross-inoculation procedure

and the spatial scale of the MFC system may be inadequate, the method of

incorporating spiked sediment into the MFC is a useful technique and may merit

further study. The observed instability of the reference group and the failure of

the system to return to a pre-exposure state were also not incompatible with the

observations of other questioning the existence of stability in natural systems.

(v)
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INTRODUCTION

Regulation for the testing of the environmental fate and effects of

chemicals produced in the United States is conducted under the Federal Water

Pollution Control Act, the Toxic Substances Control Act, and the Federal

Insecticide, Fungicide, and Rodenticide Act (FIFRA). FIFRA is unique from other

legislation in that it (1) regulates known toxic chemicals that are manufactured

for direct environmental application, and (2) the method, amount and timing of

entry into the environment can be predicted and regulated (Bedford, 1984).

Under FIFRA, manufacturers are required to provide registration information

regarding environmental fate, actual field dissipation, and aquatic toxicity

information using laboratory acute and chronic tests, simulated field tests, and

full field studies on nontarget species (Bedford, 1984; Urban and Cook, 1986).

The aquatic toxicity information used to satisfy these requirements are

generated under a tiered testing sequence (Urban and Cook, 1986). Acute

toxicity information for both fish and invertebrates is required. Other testing,

including chronic tests, simulated field tests and full field tests, are often not

required based on the results of the acute testing. Recently, the United States

Environmental Protection Agency has suspended the requirements for

conducting ecosystem level studies for pesticide registration based on the limited

information derived from these tests, as well as the high costs in both effort and

expense (Fisher, 1992). Even before this new regulatory decision, few

chemicals have ever undergone a full tiered testing and nearly all decisions

regarding pesticide registration is based on information derived from single-

species tests.

Many researchers have criticized this approach due to the fact that single

species tests may not be adequate predictors of potential effects on communities
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and ecosystems (Cairns, 1986; Kimball and Levin, 1985). Acute lethality testing

was originally designed for the bioassay of drugs used in individual organisms

that were not amenable to chemical study and is ideal for that purpose (Moriarty,

1988). The use of the acute LD5 0 over the last 40 years to predict the toxicity of

xenobiotics is much more uncertain. The value will vary with species, strain,

age, environmental conditions and genomic structure, and does not take into

account sublethal effects. Clearly, the potential rate of increase for a population,

r, will decrease not only with an increase in the death rate predicted by the

LD5 0, but also a shrinking birth rate through interferences in fertility and

fecundity, as well as developmental effects.

Multispecles Tests

Ecosystem Properties

Since all naturally occurring organisms live in ecosystems, the structural

and functional properties of ecosystems determine the context in which

populations and communities of these organisms develop, persist, and interact.

Ecosystems can be viewed as simply energy processing units, converting

incoming solar energy into chemical energy and finally heat. Because this

process requires a supply of inorganic nutrients, a certain portion of energy is

utilized in obtaining and recycling these nutrients.

Thus, ecosystem function can be viewed as a combination of energy and

matter flow. The production, or anabolic process, is simply the conversion of

inorganic matter to organic matter utilizing the sun's energy in photosynthesis.

The catabolic, or regenerative process, is simply the release of stored organic

chemical energy as heat and the elements are returned to inorganic form.

Xenobiotic effects on ecosystems have the potential to disturb all of the

components of the ecosystem either directly or indirectly. The immediate
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effects of xenobiotics released into the environment are on individual organisms,

either through direct toxicity or by altering the environment (Moriarty, 1988).

However, the ecological significance resides in the indirect impact on

populations of species. For example, a high mortality of a particular species

population can have little or no ecological significance. On the other hand, a

xenobiotic that kills no individuals of a population but retards development can

have a severe ecological impact. Thus, xenobiotics with no direct toxicity can

have severe ecological impacts.

Theoretically, a reduction in population size of a species due to the

introduction of xenobiotics could potentially increase the sizes of other

populations of aesthetically, ecologically, or economically important species due

to the alteration of interspecies relationships in early life stages, resulting in the

survival of more individuals to maturity. Effects such as this simply could not be

* ,determined through single-species testing of indigenous or surrogate species 1
and could potentially be evaluated in a multispecies test system.

Microcosms

* t Over the last 15 years a variety of multispecies aquatic toxicity tests have

been developed with the hope that the increased complexity of the test system

I would result in a more realistic, community-level response to xenobiotics

(Giddings, 1981; Leffler, 1984; Taub and Read, 1982; Touart, 1988). These

multispecies tests have been recommended as logical and meaningful

intermediates between traditional population-based single-species tests and

uncontrolled natural ecosystems for evaluating the effects of xenobiotics 'Cairns,

1984; Giddings, 1981; Kimball and Levin, 1985). The size of multispecies tests

can range from 1 1 microcosms, as in the Mixed Flask Culture (MFC) (Leffler,

1984), to the thousands of liters commonly used in pond mesocosms for

pesticide registration testing (Touart, 1988). Although no clear size distinction
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has been made between microcosms and mesocosms, microcosms are

generally regarded as 1-4 1 static, open, freshwater systems (Leffler, 1984).

Realism vs. Generality

A common distinction is often made in the literature between "generic"

microcosm systems, which mimic no specific system in any detail but exhibit

properties common to all systems, and systems that simulate some specific

ecosystem in lesser or greater detail (Giddings, 1981). A realistic system

designed to simulate a particular natural ecosystem does so at the expense of

generality (Giddings, 1981). Conversely, a generic system designed to simulate

broad categories of natural systems does so at the expense of simulating any

one system. As stated by Stay et al. (1989a): In general, microcosms proposed

for screening toxic chemicals are generic systems that do not replicate any

specific natural system but simulate properties common to many systems.

Generic microcosms are of two types: (1) those derived from mixing stock

monocultures (i.e. the Standardized Aquatic Microcosm (SAM), Taub and Read,

1982), and (2) those derived from natural ecosystems (i.e., the Leffler

microcosm (MFC), Leffler, 1984).

The Standardized Aquatic Microcosm (SAM) system (ASTM E 1366-91) is

a 60-day three I test system defined as to species, media, and substrate.

Replicability and repeatability are theoretically obtained by inoculating specific

quantities of traditionally laboratory cultured test organisms generally used in

single species tests into containers of artificially prepared chemically defined

sterile test media and substrate. Ten species of algae are added on day zero, six

species of protozoa and animals on day four, and the test material on day seven.

The system is then kept on a 12/12 hour light/dark schedule at a specific

temperature and is monitored twice weekly for structural and functional

properties. Evaluation is usually based on the results of graphical
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representations of significant differences between treatment groups based on

0 ANOVA for each measured parameter.

The Mixed Flask Culture (Leffler, 1984), on the other hand, is a

multispecies test system utilizing organisms derived from natural inocula. This

protocol is based on the assumption that ecosystem-level functional properties of

naturally derived systems are independent of structure and microcosms derived

from a variety of sources will respond consistently to the same xenobiotic based

* on these functional properties. Also, since the microcosms are derived from

natural sources, extrapolation to natural ecosystems is considered to be more

accurate although this has not been substantiated.

* In this system, an initial 2 1 inoculum for a 40 1 stock community is

obtained from natural sources and allowed to mature for three months in a

laboratory. This period allows the stock culture to theoretically coadapt into a

0 stable species assemblage. One I beaker microcosms containing a small

amount of silica sand sediment and 950 ml of T82MV (ASTM E 1366-91) media

are then inoculated with 50 ml of this stock community. These are then allowed

* to "mature" for six weeks in an incubator under similar conditions to the SAM.

Twice weekly cross inoculations, additions of sterile media, and weekly rotations

are performed prior to day zero to theoretically provide for consistency among

* replicates, simulate immigration, and permit reintroduction of extirpated species.

Both functional and structural variables are then monitored on a schedule of

decreasing frequency with emphasis being placed on functional variables.

Structural components are not monitored with the same degree of detail as in

the SAM.

Structure vs. Function

Increasingly however, evidence suggests that aquatic ecosystem structural

changes are apparent before any functional process changes become
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detectable (Cairns and Pratt, 1986; Odum, 1990; Odum, 1985; Pratt, 1990;

Schindler, 1987). Functional parameters are robust and are primarily substrate

driven and limited, and are not overly influenced by the particular biological

machinery processing these substrates. Consequently, where anthropogenic

stressors do not affect the supply of these substrates, functional variables show

little effect. As an example of this, Stay et al. (1988), in analyzing the effects of

Fluorene on MFC microcosms developed from four natural communities,

reported that slight but significant changes in functional variables gave no

indication of the almost complete elimination of some zooplankton populations,

suggesting further that effects of function give little insight into structure.

Community structure data however, although high in information content, is

usually difficult to analyze and interpret. Individual species, being in a natural

setting, are usually clumped in negative binomial distributions and may not even

be present in some replicates. Combined with the impacts of the xenobiotics

themselves, this can lead to invalidations of the assumptions of normality and

homogeneity of variance required by ANOVA, thereby reducing the statistical

power of the procedure. These problems have resulted in some cases, in the

selection and use of community parameters for the interpretation of tests results

based on their statistical characteristics, in seeming disregard of their ecological

relevance. These have primarily been functional variables due to the more

normal distributions of measurements even thcukgh function gives little insight

into structure. However, ANOVA has been shown to be robust despite

violations of assumptions as long as there are equal numbers of replicates and

has been used successfully (Zar, 1984), although problems with type II errors

remain (failing to reject a false null hypothesis due to interferences from

variance).
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The Genome

* An aspect of multispecies testing not often encountered in the toxicological

literature involves discussions of the influence of genomic structure on the

results of multispecies toxicity tests. Individual species populations can not only

*0 be regarded as collections of individuals, but as collections of genes (Moriarty,

1988). Xenobiotic stress, acting selectively through direct or indirect effects on

individuals in a population, can alter the composition and size of that particular

0 populations genome. This happens, in large part, in a stochastic fashion.

Individuals within that population may, or may not have the particular genetic

makeup neccessary to effectively cope with the particular direct or indirect

* effects of that xenobiotic. This may result in selection against individuals in that

population and a subsequent restriction of the gene pool due to the elimination

of all of that particular organisms genes. This sets the stage for subsequent

random genetic drift (founder effect) and island biogeography to occur within the

test unit.

These effects are similar to both those occuring due to natural stressors on a

population, and to the partitioning of natural systems in small enclosures.

Enclosing small portions of ecosystems is identical to the establishment of a new

sub population in nature and results in initial differences in gene frequencies

from the original populations. In addition to this, larger proportions of the total

gene pool are attributed to each individual organism and their particular genetic

combination. This allows more freedom for stochastic events to influence gene

frequencies, and can produce a treatment effect similar to that produced by

xenobiotics and natural stressors.

Criticisms

* Despite the strong and convincing theoretical ecological arguments that can

be made endorsing the use of multispecies tests (Cairns, 1983; McMahon et al.,
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1978), several concerns remain from both a regulatory as well as a scientific

standpoint. These can be generally condensed into six main points (Cairns

1993):

1. Are the results more predictively accurate than single
species tests? (Mount, 1987)

2. Are multispecies results more easily extrapolated to
natural systems? (Heath, 1980)

3. How replicable and reproducible are the results?

4. Will the magnitude of natural variation prevent the
detection of effects?

5. Are suitable end points possible to determine?

6. Are multispecies tests cost effective?

The first five points illustrated here are instructive in that they illustrate the

current limits of the field of ecotoxicology. As Cairns (1993) points out, it is

gradually being realized that on both spatial and temporal scales, most studies of

ecotoxicology are inadequate. Population ecology, rather than ecosystem and

landscape ecology, has been the predominant area of interest in the past.

Consequently, conceptual and statistical difficulties arise when attempts are

made to evaluate and extrapolate the results of multispecies tests to natural

systems.

Multivarlate Analysis

In view of these problems, a major difficulty in the evaluation of multispecies

tests has been in analyzing results on a level consistent with the goals of the

toxicity test (Landis et al., 1993a; 1993b; 1993c). Detectable changes in
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individual population dynamics within the test system must be incorporated into a

* community level response to the xenobiotic in question.

Conventional tests of significance, such as Analysis of Variance (ANOVA),

have been successfully used to examine significant differences of single

* variables between treatment groups. However, due to the temporal dependence

of the data, an increasing likelihood of making a type II error (accepting a false

null hypothesis), and difficulties in representing the data set graphically, there

* are problems associated with these tests. ANOVA's calculated within a sampling

day for each variable, besides being difficult to depict graphically, may give

misleading results. Problems with increasing within group variation over time

* decreases the probability detecting effects and increases the probability of

making type II errors. Questions of when to reject the null hypothesis when

significant differences are found for one or a few variables also arise when

* different numbers of variables are monitored for each test.

Conquest and Taub (1989) have developed a method that overcomes several

of these problems. Called the Interval of Nonsignificant Difference (IND), this

* method is easily able to graphically depict significant differences from the control

mean based on ANOVA within sampling days. By depicting these intervals over

time, this method corrects for the likelihood of making type II errors. Graphical

* depictions of the magnitude of difference from the non treated group required to

obtain significance, as well as which treatment groups are significantly different

from the non treated group, are possible. This method is routinely used in SAM

0 experiments and is valid for use in other applications.

However, while this is a useful method for examining data on a variable by

variable basis, it fails to incorporate these individual dynamics into a single

0 community-level response. Multivariate methods have shown promise in

evaluating all of the variables holistically, (Johnson, 1988a; Johnson, 1988b;
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Kersting, 1988; Matthews et al., 1991a; Matthews et al., 1991b; Smith et al.,

1990), thereby taking a step closer to evaluating and integrating responses on

ecosystem and landscape levels rather than extrapolating individual population

responses from single and multispecies tests to natural complex ecosystems.

Sediments

Sediments are oftentimes a major repository for contaminants introduced into

surface waters (Lyman, 1984). Since petroleum hydrocarbons, other organics,

and heavy metals tend to sorb to it, sediment often accumulates contaminant

concentrations several orders of magnitude higher than that found in the water

column (Lee and Jones, 1984). There is known to be a continual flux of

inorganic (Shaw and Prepas, 1990) and organic compounds (Meyer-Reil, 1987)

through the sediment-water interface.

In addition to accumulating contaminants to a much higher degree than

the water column, sediments are also orders of magnitude more permanent and

serve as a better record of past contamination (Burton, 1991). This has led to

increased monitoring of sediment contamination and benthic macroinvertebrate

communities by regulatory agencies (Southerland et al., 1992; USEPA, 1987).

Sediment Toxicology

The science of sediment toxicology has been described as being in it's

infancy due to the failure to incorporate ecosystem disturbance into toxicity

assessments (Burton, 1991). During the late 1970's and early 1980's, it became

apparent that physiochemical and biological relationships between sediment

contaminants and the sediment environment were complex and variable and not

easily manageable using chemical criteria (Lee and Jones, 1984). This led to

increased regulatory interest and research activity into better methods for

assessing contamination (USEPA, 1987). Consequently, numerous single-
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species assays were developed for the assessment of sediment toxicity to a

* variety of organisms. Subsequent reviews of studies using these assays has

revealed that each test species or selected endpoint was the most sensitive at

one time or another (Burton, 1991) and that no species is the most sensitive to

40 all xenobiotics (Sloof et al., 1986). Other studies have demonstrated the

importance of using multiple assays of several species to evaluate toxicity due to

this variation in sensitivity between species for each specific contaminant in each

* environmental setting (Pontasch et al., 1989, Burton et al., 1987; Wiederholm

and Dave, 1989).

These surrogate responses are simply quantified on the basis of sample

0 toxicity and the effects are extrapolated to in situ conditions. Although this

satisfies the objectives of defining sample toxicity to the test species, they do

little to document and define ecosystem toxicity (Burton, 1991). This disparity is

* becoming increasingly more obvious as examples are published in the literature

(Pontasch et al., 1989). Since significant cases of acute toxicity have been

encountered only infrequently (Chapman, 1989) and subacute levels of

contamination with the potential to disrupt ecosystem structure and function

more common, the need for the investigation of a test system providing an

ecosystem level response to contaminated sediment is clearly indicated.

Turbine Fuels

Leaking underground storage tanks are a major source of groundwater

contamination by complex mixtures of petroleum hydrocarbons containing

hazardous compounds regulated by the EPA (Hutchins et al., 1991). There are

approximately two million underground petroleum storage tanks in the U.S. and

there have been 90,COO confirmed releases reported in the U.S. during 1988 and

1989 (OUST, 1990). Despite conscientious oil spill prevention programs,
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petroleum hydrocarbons are occasionally released from pipeline systems

(Guiney et al., 1987). The fate and effects of these materials has not been

studied as thoroughly as in the marine environment despite the relatively high

volumes of these contaminants in freshwater systems (Guiney et al., 1987; U.S.

Coast Guard, 1982-83).

Because of their wide availability, the low operating cost associated with

their use, and the reliability of the turbine power plants using them, turbine (jet)

fuels are one of the primary internal combustion fuels available worldwide. Any

spills of aviation fuel in the U.S. will likely involve one of the major formulations of

turbine fuel: Jet-A, JP-4, JP-5, or JP-8 (Landis et al., 1993a; Landis et al.,

1993c). Several such spills are well documented and have recently teen the

subject of other types of research. This work has mainly focused on the

bioremediation potential for contaminated aquifers and soil (Aelion and Bradley,

1991; Hutchins et al., 1991; Madsen et al., 1991; Song et al., 1990).

Turbine fuels also offer advantages as model complex toxicants for

toxicological research. Due to their use primarily as aviation fuel, turbine fuels

are produced to more stringent standards than other types of internal

combustion fuel (ASTM D 1655-89). The characteristic combustion/retention

"hump" of individual organic components seen in gas chromatographic outputs

of virtually all complex fuels, is required for the smooth and efficient running of

most internal combustion engines and is more tightly controlled as to purity,

chemical constituency and relative composition in turbine fuels for safety

reasons. For example, automotive gasolines produced in the "blender" area of a

refinery are typically "tested" by burning them in single cylinder test engines

(ASTM D 2699-89, ASTM D 2700-89). The types and relative amounts of

individual compounds used in their formulation can be manipulated by the

refinery technicians until volatility requirements are met and the engines no
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longer give the "pinging" sound characteristic of low quality fuel (ASTM D 439-

89). Consequently, fuels can be manufactured to performance standards utilizing

whatever the refinery has ample supplies of, resulting in quite different complex

mixtures between manufacturers even within a given manufacturer on a given

day. Turbine fuels, however, being produced to much more exacting standards

for safety reasons, are much more likely to be very similar mixtures.

Consequently, any multispecies test results and associated risk analysis are

much more likely to be valid for a number of environmental applications.

Purpose

The purpose of this research was to evaluate both the methods and the

ecosystem level effects of producing a simulated release of a complex

hydrocarbon mixture from sediments using a 60-day one I modified Mixed Flask

Culture (MFC) microcosm. Treatment sediment groups consisting o1 six

microcosm replicates were spiked with 0, 2, 10 and 25 microliters of Jet-A based

on the results of preliminary acute 10-day freshwater sediment amphipod

bioassays using Hyalella azteca as the test species. For each test chamber, a

spiked layer of Standardized Aquatic Microcosm (SAM) sediment was

encapsulated under an overlying layer of coadapted MFC silica sand and

detritus. Data were examined using both conventional univariate, as well as

newly developed multivariate techniques.

Analysis of The Jet-A using purge and trap gas chromatography revealed a

slow pulsed release of the test material from the spiked layer. Univariate results

of the functional parameters indicated that an initial period of perturbation

occurred followed by a stable state. Effects were apparently caused by the

transfer perturbation of the spiking procedure, as well as the effects of the

hydrocarbon mixture. Univariate results of structural parameters indicated that

13
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treatment effects generally detectable through the entire test, that a general

initial imbalance in population sizes existed at the beginning of the treatment

period on day zero, and that no apparent stability of the control group or

recovery of the system from perturbation was apparent. Virtually all multivariate

techniques were able to distinguish statistically significant responses of the 6

system to treatment despite the relatively small proportion of Jet-A used in the

test.

These results suggested that although both the cross-inoculation procedure

and the spatial scale of the MFC system may be inadequate, the method of

incorporating spiked sediment into the MFC is a useful technique and may merit

further study. The observed instability of the reference group and the failure of

the system to return to a pre-exposure state were also not incompatible with the

observations of other questioning the existence of stability in natural systems.
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METHODS AND MATERIALS

Reagents

All chemicals used in either the culture of the laboratory organisms used in

the study, the preliminary acute tests, or in the Mixed Flask Culture were reagent

grade as specified in the ASTM method for the Standardized Aquatic Microcosm

(SAM)(ASTM E 1366-91, 1991). Jet-A turbine fuel was obtained from Fliteline

services in Bellingham. The shipment lot number was recorded and is on file 1 .

Acute Tests

In order to determine appropriate concentrations of Jet-A to use in the MFC,

both range-finding and definitive acute, 10-day amphipod bioassays using

Hyalella azteca were conducted according to the ASTM protocol (ASTM E 1383-

90). These tests were conducted using the same sterile sediment and media as

used in the MFC. For a summary of test conditions, see Table 1.

For test chambers, 1 1 borosilicate glass beakers (Pyrex no. 1000) that had

been washed in a non phosphate laboratory detergent (Labtone), rinsed in

distilled tap water, acetone rinsed, rinsed three times in distilled tap water, and

dried for two hours at 105 oC were used. Each chamber was randomly assigned

a number, treatment group, and shelf position in a temperature and light

controlled room before being assembled.

Assembly included the addition of 100 ml of silica sand that had been acid

washed and rinsed to pH seven with tap distilled water. Individual test chambers

were then spiked with the appropriate amount of Jet-A added to the 100 ml of

silica sand sediment according to treatment group. Each chamber's

'Institute of Environmental Toxicology and Chemistry (IETC), Huxley College, Western

Washington University, Bellingham, WA 98225.

15



TABLE I
Summary of test conditions for conducting acute amphipod bioassays

Organisms
Species 20 Hjyale/la azteca
Size 4 mm in length
Feeding Every three days, 14 mg

or more per unit
Exoerimental design
Test type static
Test vessel 1 I beakers, covered and
aerated
Volume 1 I total
Replicates x concentrations 3x4 (range)

6x4 (definitive)
Concentrations 0 pls, 10 pls, 100 pls, and

1000 pls (range)
0 pls, 250 pls, 500 pls,
and 750 pls (definitive)

Addition of toxicant Day 0
Duration 10 days
Endpoint Death

Physical and chemical parameters

Temperature 20 oc +/- 1 oC
Pnotoperiod 12 hours light/12 hours dark
Medium 900 ml T82MV
Sediment 100 ml acid washed white
quartz sand
Water quality measurements
Day 0 and day 10 dissolved oxygen

,onductivity
hardness
pH
alkalinity

sediment was first sprinkled with the appropriate amount of Jet-A from a

Hamilton chromatography syringe. The sediment was then stirred with a sterile

glass rod and the test chamber immediately covered with a 150 x 15 mm

diameter petri dish to minimize evaporation of the Jet-A. The chamber was then

held on a vortex vibrational mrxer for 15 seconds to further homogenize the
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sediments. Finally, to avoid mixing during filling, a 100 x 15 mm diameter sterile

* petri dish was placed in the chamber over the sediment using sterile forceps and

the chamber was filled to one I with the sterile media used in the SAM (850 ml

T82MV)(ASTM E 1366-91). The 100 x 15 mm sterile petri dish was then

* carefully removed with sterile forceps so as to minimize disturbance of the

sediment-water interface. Twenty carefully acclimated and sized test organisms

from the stock culture 2 were then added. Chambers were then individually

* covered with plexiglas covers, placed on their assigned shelf positions, and

aerated with charcoal filtered air for ten days at 20 oc +/- 1 oc on a 12/12 hour

light/dark schedule. The test organisms were fed 14 mg of Purina brand 3 rabbit

pellets per test chamber every three days beginning on day zero (Ingersoll and

Nelson, 1990).

Dissolved oxygen, pH, conductivity, hardness, and alkalinity were measured

* both at the beginning and end of the tests. On day zero, all chambers were

measured for dissolved oxygen. For the acute range-finding test, pH and

alkalinity were assumed to be equal to the values for the stock T82MV, which is

* recorded for all sterile T82MV media produced and is kept on file 4. Two sterile

18 I carboys were required to obtain the appropriate volume for the definitive

test, alkalinity and pH and were measured on a single aliquot of a 50/50 mixture

of the two carboys. Similarly, conductivity and total hardness were measured on

a single aliquot of the final T82MV stock solution used for each test.

On day 10, all chambers were measured for dissolved oxygen and pH in both

* tests. Conductivity, hardness, and alkalinity were measured on a single

2Institute of Environmental Toxicology and Chemistry (IETC), Huxley College, Western
Washington University, Bellingham, WA 98225. Original stock culture obtained from:
Eugene Green, National Fisheries Research Contaminant Center, 4200 New Haven Rd.
Columbia, MO. 65201-9634. Received 12/6/91.
3purchased at Hohl Feed and Seed, 1324 Railroad Ave, Bellingham, WA 98225.
4Institute of Environmental Toxicology and Chemistry (IETC), Huxley College, Western
Washington University. Bellingham, WA 98225.
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randomly chosen chamber from each treatment group. During the test,

dissolved oxygen was measured daily on those chambers observed to be having

difficulty with aeration to ensure that the minimum dissolved oxygen

requirements of 40 % of saturation were met. For a summary of details of water

quality methods, see Appendix I.

Data were then analyzed for normality and homogeneity, and subjected to an

appropriate definitive statistical analysis under a null hypothesis of treatment

having no effect. LC5 0 's were then determined graphically.

Mixed Flask Culture

The Mixed Flask Culture (MFC) protocol has been previously described

(Leffler, 1984). Fifty ml of acid washed white quartz sand sediment .sas added

to 30 individual one I Pyrex beaker test chambers (Pyrex no. 1000). Each

chamber had been washed in Labtone, rinsed in tap water, 2N HCL washed and

then rinsed ten times in tap distilled water. Fifteen pg/I of NaHCO 3 and 900 ml

of T82MV were then added to the test chambers before

they were inoculated with 50 ml of a naturally derived stock community from a 40
i

I acid washed aquarium. This stock culture, containing 2-3 cm of similarly acid

washed white quartz sand sediment and 38 liters of sterile T82MV media, had

originally been inoculated with 2 liters of water from a variety of natural sources

in the Bellingham (Washington) area. This culture was allowed to mature for

three months prior to being used as an inoculum for the test chambers. Each

beaker was then randomly numbered and placed on the

bottom shelf of a 20 Oc +/- 1 Oc, 12/12 hour light/dark incubator.

Once weekly for six weeks following inoculation from the stock culture, the 1 1

test chambers were cross inoculated to provide for consistency among replicates

through simulation of immigration and permitting the reintroduction of extirpated
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species. Cross inoculation consisted of stirring and removing 100 ml from each

of the test chambers and adding this to a sterile 6 1 erlenmeyer along with 300 ml

of the original stock culture. This mixture was vigorously swirled and then 110

ml was redistributed to each of the test chambers. Each chamber was then

* topped up to 1 I with fresh T82MV. During this period, rotation within the

incubator was carried out twice weekly.

At the end of the six week maturation period, the individual chambers were

* randomly selected and culled to 24 chambers based on preliminary predawn and

late afternoon dissolved oxygen and pH readings. Since all chambers had the

required 4 mg/I predawn and 11 mg/I late afternoon dissolved oxygen levels,

0 microcosms having the highest deviations of dissolved oxygen from the mean

values were selected. The selected microcosms were then examined for the

required functional groups.

0 The individual chambers were then randomly split into four groups of six

microcosms and spiked accordingly. Each of the remaining 24 chambers was

randomly assigned a new number, treatment group, shelf, and shelf position in a

0 20 oc +/- 1 oc 12/12 hour light/dark incubator. Each of six shelves held one

test chamber from each of four treatment groups. Each chamber was covered

with a 150 x 15 mm sterile petri dish. Rotation within the incubator continued on

* a weekly basis until the end of the experiment. No reinoculations were

performed after spiking.

Spiking

* Each individual test chamber was sediment spiked with Jet-A according to

treatment group. A new, identically cleaned and numbered 1 I chamber,

containing an additional 50 ml of SAM sediment comprised of acid washed

* white quartz sand and both powdered cellulose and chitin in a 0.5gr(cellulose or

chitin)/200 g sand ratio (ASTM 1399-91) was first injected with an appropriate
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amount of Jet-A using a Hamilton chromatography syringe. The 0 pl group

received only distilled deionized water while treatments 2, 3, and 4 received 2,

10 and 25 pl of Jet-A. A 150 x 15 mm diameter petri dish was then immediately

placed over the chamber to minimize evaporation while being held on a vortex

vibrational mixer for 15 seconds to homogenize the spiked sediments. Finally, to

avoid mixing during transfer, a 100 x 15 mm diameter sterile petri dish was

immediately placed in the chamber over the treated sediment using sterile

forceps and the original microcosm was transferred over to the new dosed

chamber by gently pouring and scraping with a sterile rubber policeman. The

100 x 15 mm dish was then gently removed using the sterile forceps to minimize

disturbance of the underlying, spiked sediment.

Regular sampling was then carried out in accordance with the established

SAM (ASTM E 1366-91) and MFC (Leffler, 1984) protocols. Sampling included

dissolved oxygen, pH, turbidity, and organism numerical densities twice weekly

on sampling days (Tues & Fri). Dissolved oxygen was monitored as in the SAM

protocol in order to calculate P/R ratios. This included predawn and late

afternoon measurements on days prior to sampling (mondays and thursdays) in

order to obtain the necessary data to calculate the P/R ratio. pH and turbidity

were measured just prior to disturbance in the morning on the day of sampling.

For numerical densities, each microcosm was vigorously stirred and the sides
I

scraped with sterile rubber policemen specific for treatment group. Each

chamber was then subsampled for algal, protozoan, and "large" organism

(invertebrate) counts. Algae was counted using a palmer nanoplankton counting

chamber and a Zeiss microscope at 400x. A total of 50 cells of each category

were counted or 25 fields, whichever was reached first. Densities were then

calculated utilizing the known media volumes of the Palmer cells and the area of

the microscope fields. For protozoan counts, Paramecium bursaria and Rotifers

20
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were counted as per ten 50 pl drops, ciliates and flagellates were counted as per

two 10 pl drops dispensed with a calibrated automatic micropipettor. All were

viewed with a dissecting scope. Large organisms were counted using a SAM

sampling device. 300 ml were removed from each microcosm via sterile,

treatment specific SAM samplers and mason jars. This volume was sequentially

counted for large organisms in small increments before being placed back into

the test chamber. For a summary of test conditions, see Table 2.

Gas Chromatography

Gas Chromatography samples were collected both the evening prior to

sampling and the day of sampling of the MFC in order to track the pulsing in

* concentration in the dosed treatment groups as a result of the disturbance of

sampling. To conserve volume, one sample was taken from each of the

treatment groups on a rotational basis both the evening before sampling and

then immediately after stirring vigorously the morning of sampling for each

sampling day. Four ml of media were removed from the approximate center of

each of the sampled chambers using a 10 ml disposable pipette and was stored

at 4 oc in a cleaned and acid washed screw top test tube. These samples were

then analyzed using purge and trap (P&T) gas chromatography. This was

performed using a Tekmar LSC 2000 Purge and Trap (P&T) concentrator in

tandem with a Hewlett Packard 5890A Gas Chromatograph and a Flame

Ionization Detector (FID). Deionized distilled water blanks were used to verify

the P&T and GC columns cleanliness prior to analysis of the sample. A 3.5 ml

0 sample was injected into a 5 ml sparger, purged with pre-purified nitrogen gas

for 11 min and dry purged for 4 min. Volatile hydrocarbons, purged from the

sample and collected on the Tenax/Silica Gel column, were desorbed at 180 oc

* directly onto the gas chromatograph SPB-5, 30m X 0.53 mm ID 1.5 pm film,

fused silica capillary column. The column, at 350C, was held at that temperature
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TABLE 2
Summary of test conditions for conducting sediment spiked Jet-A MFC

Organisms
Organisms per chamber 50 ml as inoculated from

stock culture

Exoerimental design
Test type Multispecies
Test vessel 1 I borosilicate glass

beakers covered with a 150 x 15
mm peiri dish covers

Medium Volume 1 I total
Replicates x concentrations 6 x 4
Concentrations 0 pl, 2 pl, 10 pl, and 25 pl
Addition of toxicant Day 0
Sampling frequency Twice weekly
Duration 60 days

Physical and chemical oarameters
Temperature 20 oc +/- 1 oc
Light Intensity Enough to sustain algal growth
Photoperiod 12 hours light/12 hours dark
Medium 900 ml T82MV

8 pg/I NaHCO 3
Sediment 50 ml of coadapted plus 50 ml

of spiked sediment

Measurements Dissolved oxygen
pH
Turbidity
Organism counts
Gas chromatography
Sediment TOC

Parameters Calculated Photosynthesis (P)
Respiration (R)
P/R ratio
Absorbance
Organism densities
Total algae
Total Protozoa
Total Invertebrates
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for 2 min., increased to 2250C at 120 C/min and held at that temperature for 5

amin. A spectra-Physics 4290 Integrator was used to record

the FID signal output of the volatile hydrocarbons that were separated and

eluted from the column by molecular weight.

Bacteria

Bacteria were also enumerated each sampling day using an established

direct count procedure (Coleman, 1980; Porter and Feig, 1980; Francisco et al.

1973). The epiflourescent stain DAPI (4'6-diamidino-2-phenylindole) was used

due to it's superior performance staining small cells (Coleman 1980), it's

specificity for active DNA allowing examination of samples with detritus present

(Porter and Feig, 1980), and it's superior storage qualities (Porter and Feig,

1980).

Individual replicates within each treatment group were sampled on a

rotational basis to conserve volume. One ml was removed from the approximate

center of one chamber of each treatment group and sterilly preserved with 40 pI

of 0.2 pm fifltred glutaraldehyde. These samples were stored in the dark at 4

oc. Slides were prepared by first assembling a 15 ml, 25 mm filtering apparatus.

This was done by first washing the filtering apparatus tower and frit in 2N HCL

and rinsing in autoclaved deionized distilled water. A droplet of autoclaved and

0.2 pm filtered deionized distilled water was then placed on the frit and a black

Poretics brand 25 mm 0.2 pm polycarbonate filter was placed on the bubble of

water. The filtration tower was then secured and vacuum was briefly applied to

seat the filter.

To determine cleanliness of the apparatus, a blank was prepared each day

by adding 3 ml of sterile, autoclaved deionized distilled water via a 10 ml

disposable pipette and 300 pls of 50 pg/mI of 0.2 pm filtered DAPI via a 2 ml

disposable pipette to the assembled 15 ml filtering apparatus and allowing this to

23
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sit for five minutes. Vacuum was then applied slowly until all of the water was

filtered without allowing the filter to be sucked dry. The filter was then removed

from the disassembled apparatus using sterile tweezers and placed on a droplet

of Resolve low fluorescence immersion oil on a clean kim-wiped slide. Another

drop of oil was then added followed by a 25 mm round no. 1 coverslip using the

tweezers. This was then tapped with the tweezers to push out any air bubbles.

Finally, the slide was labelled and viewed with a Nikon Otiphot-2 epiflourescent

microscope at 1250X using Resolve immersion oil under the lens. Fifteen fields

were examined under UV for contamination using a 71 x 71 pm Whipple

eyepiece grid. If less than one - two cells were seen per field the slide was

accepted as a blank. The slide was then wrapped in foil and placed in a plastic

labelled slide storage box and stored at 0 oc.

Sample slides were then prepared for viewing in a similar fashion except they

were vortexed well prior to having 200 pi removed and placed in the filtering

tower along with 200 pl of 50 pg/mI 0.2 pm filtered DAPI and 1800pl of the

autoclaved deionized distilled water. Enumeration and recording of the total

bacterial cell counts of 15 fields of the 71 x 71 pm Whipple eyepiece grid using

epiflourescent microscopy was then done for each sample slide. The slides

were then immediately foil wrapped to exclude light and stored in a labelled

plastic slide box at 0 oc.

Total Organic Carbon

At the conclusion of the microcosm experiment on day 60, all chambers

were drained using a siphon hose and allowed to air dry. The flocculent upper 0

sediment layer was removed during siphoning and was discarded. All air-dried

microcosm sediments were then stirred with sterile glass rods and shaken for 30

seconds on a vortex mixer. The contents were then blended for two minutes in a 0

small blender. Approximately 10 ml from each beaker was then placed in a 30
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ml scintillation vial that had been ashed for 12 hours in a muffle furnace. These

* were then covered with foil and a teflon cap and labelled with treatment group

and replicate and shipped to a lab5 to be analyzed for total carbon using a CHN

analyzer.

* Data Analysis

Calculated Parameters

Data from the MFC was recorded on computer entry forms and

* subsequently entered into a computer. Entries were checked for accuracy and

numerical densities of each monitored category were calculated along with net

photosynthesis (P), respiration (R), photosynthesis/respiration ratio (P/R),

* absorbance (A), and total algae in accordance with the SAM protocol (ASTM E

1366-91). Total protozoa and total invertebrates were calculated in a manner

similar to total algae. Numerical densities of each algal and protozoan category

0 were calculated as cells or organisms per ml. The "large' organisms H. azteca,

copepods and ostracods were calculated as organisms per 100 ml.

Net photosynthesis (P) was calculated as follows:

* P = PMDO2-AMDO1

Where: AMDO1 = first a.m. measurement
PMDO2 = first p.m. measurement

and is simply the net photosynthesis for the daytime period.

Night respiration (R) was calculated as follows:

R PMDO2-AMDO3

Where: AMDO3 = second a.m. measurement

and is simply net dark period respiration.

The P/R ratio was calculated as follows:

5Katherine Ann Krogslund, Senior Oceanographer, Manager, Marine Chemistry Lab, 224 Old
Oceanography Building WB-10, University of Washington, Seattle, WA 98195.
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PIR = (PMDO2-AMDO1)/(PMDO2-AMDO3)

Values greater than/less than one indicate a net oxygen/biomass gain/loss for

the 24 hour period.

Absorbance was calculated as:

-log1 O(percent transmission/1 00)

and is simply a physical measure of the light absorbance of the media.

Total algae was calculated as:

,Algaei (103 cells/m1)

which is simply the sum of all algal cells, expressed as 103 cells per ml.

Total protozoa was calculated as:

XProtozoai (organisms/ml)

which is simply the sum of all protozoa, expressed as organisms per ml.

Total invertebrates was similarly calculated as simply organisms per 100 ml:

Trlnvertebratei (organisms/Il 0 ml).

Bacterial cells, in order to be more consistent with the goals of the test, and to

avoid the large statistical error involved with calculating cells per unit volume

(usually cells per I), were simply reported as the number of cells per 15 fields as

generated from the direct epiflourescent counts.

Univariate Statistics

The statistical significance of most of these calculated parameters, along with

the physical parameter data for dissolved oxygen and pH, were computed using

the Interval of non-significant difference (Conquest and Taub, 1989). ANOVA's

were calculated each sampling day for each variable and were used to plot

average daily values and IND's over time in order to identify significant

differences between the controls and treatments under a null hypothesis of no

treatment effect:
IND = meano,roUp ± td. ,MSW(I/n, +1/n
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where:
td.f. = Students t value for the degrees of freedom associated with

the mean square (MS) error term of ANOVA.
MSW = Mean Square (MS) within group error term from daily

ANOVA.
nt and nc = number of treatment/control replicates.

Each of the data sets for the monitored biological variables was first

transformed (log10 + 1) before calculating the ANOVA and the IND to allow for

nonnormal distributions of the data. Values were then transformed back (10x - 1)

into original values and these IND's were plotted with original means of the

untransformed data.

Bacterial cells and total organic carbon, due to the limitations on the data,

were handled differently. Bacterial cells, due to the absence of replication, were

analyzed using a Pearson's correlation matrix under a null hypothesis of each

comparison being uncorrelated (p=O). Linear regression was also used

regressing each treatment group against time in order to compare slopes for

dose-response relationships under the assumption that cell numbers were

dependent upon treatment. These were conducted under a null hypothesis of no

linear relationships between time and cell numbers.
Total organic tarbon, due to the absence of temporal data, was simply

tested for normality, homogeneity, and subjected to ANOVA under a null

hypothesis of treatment having no effect.
0 Multivariate Statistics

Three multivariate significance tests were also used. Two of these used the

distance measures of cosine of the vector and Euclidean distance between test
chambers (Good, 1982; Smith et al, 1990). Statistical significance was

determined by analyzing the average within and between group distances using

a permutation test (Noreen, 1989). The third test, RIFFLE, utilizes a nonmetric
clustering algorithmn (Matthews and Hearne, 1991) and a simple observed -

27



expected contingency X2 goodness-of-fit association analysis to determine the

significance of the clustering produced by Riffle. 0

Due to the suspected dependence of the functional variables on the structural

variables, multivariate analysis was performed on functional and structural

components separately. In addition to this, the derived variables of P, R, P/R

ratio, total algae, total protozoa and total invertebrates were excluded due to

their dependence upon other, included variables. The parameters used for

multivariate analysis are listed in Table 3. 0

For the Euclidean distance and cosine of the vector tests, individual replicates

were treated as a vector of values with one value for each measured parameter:

X = (x1...xn) 0

Euclidean distance between replicates was then computed as:

Z X ,(X, _y)

Where x and y are values for each measured parameter from each of two 0

compared replicates.

Similarly, the cosine of the vector between replicates was computed as:

S,.,xiyi

A ratio test of average within group distances over average between group

distances (W/B), analogous to ANOVA, was then used to determine significance

of the groupings (Smith et al., 1990). For example, for each sampling date, the

average within/between group ratio was computed as:

mean within grouo distance = W/B ratio •
mean between group distance

A large ratio indicates relatively larger distances for within groups as opposed to

between groups indicating a poor within treatment clustering effect. A small

ratio, on the other hand, indicates a smaller within group distance compared to
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between groups, indicating more of a treatment effect. The significance of this

grouping was then determined using an approximate randomization test

(Noreen, 1989):
probability (p) = (n + 1)/(500 + 1)

where n = the number of times a ratio less than the actual within/between ratio is
obtained.

This test essentially reassigns replicate labels and recomputes the W/B ratio a

large number of times (500). The value obtained is analogous to a statistical

probability value "p" and if a larger ratio, on average, is obtained more than 95%

of the time, the test is considered significant at the ot = 0.05 level under a null

hypothesis of no treatment effect. These significance levels were then plotted

over time.

In the nonmetric clustering analysis Riffle (Matthews and Hearne, 1991), the

data were first clustered independently of treatment group. Clusters generated

by Riffle may, or may not correspond to treatment group. The null hypothesis for

this procedure states that treatment groups ; d cluster numbers have no

association. To evaluate whether clusters assigned by the program

corresponded to treatment group, a simple Pearson's X2 observed - expected

4 x 4 contingency goodness-of-fit test (Fienberg, 1985) was conducted:

nj

where Nij is the actual cell count and nij is the expected cell frequency.

The significance (probability) for this value of X2 was computed using a standard

procedure (Press et al., 1990). Significance levels from this association analysis

were then plotted over time.
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TABLE 3
Parameters used in the multivariate statistical tests. Derived ,,ariables were not
used since they are derived from and therefore not independent of other,
independent variables.

Euclidean distance
&

Riffle Cosine of the vector

Functional: pH pH
DO1 Do1
D02 D02
DO3 D03
Absorbance Absorbance

Structural: Selenastrum sp. Selenastrum sp.
Chlorella sp. Chlorella sp.
Scenedesmus sp. Scenedesmus sp.
Ankistrodesmus sp. Ankistrodesmus sp.
Other Green algae Other Green Algae
Filamentous Green
Nitzchia sp. Nitzchia sp.
Other Diatoms Other Diatoms
Lyngbya sp. Lingbya sp.
Other Blue-Greens Other Blue-Greens
Amoeba Amoeba
Ciliates Ciliates
Flagellates Flagellates
Paramecium bursaria Paramecium bursaria
Rotifers Rotifers
Hyalella azteca Hyalella azteca
Copepods Copepods
Ostracod 1 Ostracod 1
Ostracod 2 Ostracod 2
Insect larvae
Bacteria
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RESULTS

Gas Chromatography

Unfortunately, many of the samples taken for gas chromatographic

analysis were lost due to biodegradation of the samples while being stored in the

test tubes. Satisfactory results, analyzed within several days of sampling, were

obtained for all groups on days zero, four, 17, 18, and 21. For day 25,

satisfactory results were obtained for the 10 and 25 pl groups only. All

satisfactory analytical results were for actual sampling days except those

obtained for day 17.

From these results, a pulsed release of Jet-A from the encapsulated

sediment was obtained (Fig. 1). The time required for release from the sediment

corresponded to dose (Fig. 2). The Jet-A remained in the test systems for a

substantial portion of the duration of the test (Fig. 3). However, no clear

exposure duration could be determined.

Acute Tests

Graphical cumulative percent mortality results for the acute amphipod

bioassays are shown in Fig. 4. Graphically obtained LC5 0 's for the range-

finding and definitive tests were approximately 512 and 263 pl of Jet-A. The

results of the range-finding test were not subjected to tests for normality,

homogeneity, and definitive statistical analysis due to the lack of variance in the

1000 pf treatment group, and the use of fewer than 4 repli;dtes per treatment

group precluding the use of nonparametric tests. Data from the definitive test

were found to be normal (Shapiro-Wilk's test: square root transformation at the a

=0.01 level) but were also unable to pass a Bartlett's homogeneity of variance

test due to the lack of variance for the 25 pl treatment group. The data were
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Fig. 1 Gas chromatography results from the 25 pl treatment group on days 17
(1/25/93) and day 18 (1/26/93). Day 17 was taken prior to sampling on day 18.
The pulse in concentrations of the Jet-A components is readily apparent.
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Fig. 2. Gas Chromatography results from days 0 (upper) and 4 (lower)from the
25 pl treatment group. Similar results for other treatment groups on day 4
indicate no release of Jet-A from the sediment had occurred.
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Fig. 3. Gas chromatography results of the 10 pI (upper) and the 25 pl (lower)
treatment groups from day 25. Portions of the original spiked Jet-A remain in the
test system.
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Fig. 4. Hyalella azteca acute percent mortality. The range-finding testconcentrations were 0 pls, 10 pls, 100 pls, and 1000 pls. For the definitive test,concentrations were 0 uls, 250 uls, 500 uls, and 750 uls.
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subsequently analyzed using ANOVA and found to be significantly different (Ho:

all groups equal, square root transformation at cx = 0.05). Due to the normal 0

distribution of the data, a probit analysis yielded a similar LC50 of 259 pls.

Water quality characteristics for each test were well within the required

parameters for acceptability as specified in the protocol.

Functional and Structural Parameters

Univariate results of the functional parameters indicate that an initial period

of perturbation occurred followed by an apparent stable state as defined by the

IND. Initial functional dissolved oxygen parameters indicated that an initial

period of depression in dissolved oxygen concentrations occurred in all dosed

treatment groups on days four through 21 relative to the 0 pl group with all

groups generally increasing in concentration over time (Figs. 5-7,11). These

were generally statistically significant based on the IND. From days four through 0

seven, a general initial depression was also seen in the 0 pl group (Figs. 5-11).

This phenomena was assumed to be due to, in addition to both a stress

response to the toxic effect of the Jet-A, and the added heterotrophic substrate •

provided by the complex mixtures of Jet-A in the dosed groups, an increase in

respiration in all treatment groups caused by transfer perturbation increasing the

availability of sediment-born heterotrophic substrates. This appeared to occur 0

mainly in the light period and may have been due to the high availability of

dissolved oxygen at this time (Figs. 6, 8, 10). On days 14 - 18, a statistically

significant increase in the P/R ratio was observed for the 0 pl group, apparently

due to a decrease in nighttime respiration during this period (Figs. 7 and 9).

Thereafter, a steady general increase in both net photosynthesis and night

respiration (Figs. 8 and 9) was observed resulting in an apparent balance in the

P/R ratio (Fig. 10).
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The values for the functional parameter pH also agree with this hypothesis.

An initial decrease is seen in all treatment groups on days four through seven, 0

due to the predominance of respiration over photosynthesis resulting in a net

gain in the hydrogen ion content of the media (Fig. 12). This is statistically

significant for all groups on day seven only during this period, presumably due to 0

the nature of the pH variable as essentially log transformed data. Thereafter, a

steady increase in pH is seen in all treatment groups, indicating a predominance

of photosyrnthesis over heterotrophic respiration until day 46, when significantly 0

higher pH values were seen for all dosed groups presumably due to the smaller

populations of protozoa and invertebrates present.

Absorbance also indicates an increase in photosynthesis on days seven 0

through 28 in the 0 pl treatment group (Fig. 13) and is in agreement with the

trend observed with PMDO2 (Fig. 6). This was apparently due to the relatively

larger growth rate of Scenedesmus sp. and Anabaena sp. in the 0 pl group

during this period (Figs. 15, 17 and 18). Some statistically significant differences

from the 0 pl group were seen during this period based on the IND.

Initially, univariate results of structural parameters indicate that an initial 0

general imbalance in population sizes existed at the beginning of the treatment

period on day zero. Thereafter, treatment effects were generally detectable

through the entire test, with no apparent stability of the control group or recovery

of the system from perturbation.

Total algae (Fig. 14), after an initial imbalance in population sizes on day

zero, reveals a steady increase in total algal cells per ml for all treatment groups.

Due to within treatment variances, there were essentially never any statistically

significant differences between the 0 pl group and all other groups. Of all algal

categories monitored, the blue-green categories clearly dominated all treatment 0

groups late in the experiment (Fig. 15). The category Other Blue-Green algae
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was essentially comprised entirely of Anabaena. No apparent recovery or

stability of the 0 pl treatment group was apparent. 0

Of the individual algal categories monitored, Selenastrum sp., Scenedesmus,

and Other Blue greens were the most noteworthy. Although not statistically

significant, Selenastrum appeared to go through a classic algal dose response 0

with the 2 pl group as the most stimulated in growth(Fig. 16). Scenedesmus

peaked in growth on day 18 for the 0 pl group with the 25 pi group densities

significantly lower during much of the experiment (Fig. 17). Other Blue-Green 0

algae, again comprised overwhelmingly of Anabaena, were apparently more

dense in the 0 and 25 pl treatment groups during the latter stages of the test

although this was not statistically significant based on the IND due to a large 0

within group variance (Fig. 18).

Although not statistically significant, similar apparent differences in initial

population sizes of total protozoa numbers were observed and instability of the 0 0

pI group is apparent throughout much of the test (Fig. 19). Although not

generally significant based on the IND due to large within group variance, total

numbers for all of the dosed treatment groups were consistently less than the 0 0

pl group until the last few days, when total numbers fell in this group (Figs. 19-

20). One notable exception to these observations is P. bursaria, which

significantly increased dramatically in numbers in the 25 pl group (Figs. 20-21). 0

All other groups were similar in character to Total Protozoa, with a general

instability of the 0 pI treatment group and fewer total numbers in the treated

groups. 0

Population dynamics of the invertebrates were similar in pattern in all

treatment groups with an initial small population, apparently similarly uneven in

size as the algal and protozoan categories (Fig. 22-23). Total numbers appear 0

depressed in both the 10 and 25 pl treatment groups throughout the test with no
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apparent recovery of the system from perturbation or stability of the 0 pl group

(Fig. 23). An apparent bloom of H. azteca and ostracods (Ostracods II) occurred 0

late in the experiment in most treatment groups and appeared to behave in a

dose-response manner with decreasing total numbers in relation to dose (Figs.

24-25). These differences were detectably significant during the later bloom.

Specifically, H. azteca populations remained relatively constant throughout the

experiment with little variance due to very low population numbers until late in

the test on days 39 - 60, when populations rose in all groups except the 25 pi

group, where all the H. azteca were apparently dead. Ostracod II also

contributed to the late bloom with the 0 and 2 pi groups having generally

significantly greater numbers from day 28 on despite the large within group

variance present (Fig. 25).

Multivarlate Analysis 0

The significance levels for the three multivariate tests used are graphed in

Figure 26. Euclidean distance was able to determine 12 significant days for the

functional parameters and two for the structural parameters. Similarly, cosine of 0

the vector and RIFFLE were able to determine significance 12 and six days for

the functional parameters, and three and seven days for the structural

parameters. Based on the fact that, for a test such as this with 18 consecutive 0

sampling days, the probability for falsely rejecting the null hypothesis (a type I

error) increases to 0.60 (with an a of 0.05 x 18 days = 0.60) if a rejection were

to be based on a single significant observation. In view of this, significance, and 0

a rejection of the null hypothesis, would occur with three observations of

significant groupings of the data based on treatment effect (one erroneous

significant effect could be expected due to chance every 10 sampling days- 0
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therefore, three significant days are reasonably required to demonstrate

0 significance). Based on this, all three methods were able to demonstrate a

significant treatment effect for both structural and functional parameters except

Euclidean distance for the structural parameters (Fig. 26).

For functional parameters, cosine of the vector and Euclidean distance

measures were able to pick out treatment effects much more frequently than

Riffle. Oscillations in effect significance are apparent from the plots based on

0 comparisons of all three multivariate tests and are similar to observations made

by others with similar data sets (Landis et al., 1993a; Landis et al., 1993b; Landis

et al., 1993c). Periods of no significant differences between treatment groups

0 identified by all three multivariate tests may not be recovery of the dosed groups

but merely periods of no detectable differences. The initial period of no

significant differences between treatment groups identified by all three

multivariate analyses (days 21-32) appears to correspond well with the similar

dissolved oxygen levels observed during this period for all treatment groups

(Figs. 5-7,10). Important variables identified with nonmetric clustering in

determining treatment effect are shown in Tables 4 and 5. The overall

importance of the pH and AMDO categories picked out by RIFFLE (Table 4)

correspond well with observations made with the univariate results of increased

respiration in the treated groups and this appears to change over time (Table 5).

The slightly higher overall rankings of the AMDO parameters over the PMDO2

parameter may be due to the lower within group variances for the AMDO

0 parameters generally observed throughout the test (Figs. 5-7).

Of the three methods used, nonmetric clustering (RIFFLE) appeared to do

the best job of determining effect for the structural variables. Similar oscillations

in effect significance are apparent from the plots based on comparisons of all

three
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Fig. 26. Plots of significance over time of the Euclidean distance, cosine of the
vector, and Riffle multivariate analyses. Critical values are 0.95 at the a=0.05
significance level.
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Functional Variables
Variable Rank

pH 16

AMDO1 15

AMDO3 15

PMDO2 12

ABS 8

Structural Variables

Scenedesmus 10

P. bursaria 9

Other Green Unicellular 8

Ciliates 7

Rotifers 7

H. azteca 7

Other Diatoms 6

Flagellates 5

Chlorella 4

Selenastrum 3

Lyngbya 3

Other Blue-Greens 3

Copepods 3

Ankistrodesmus 1

Nitzchia 1

Ostracods II 1
Table 4. Important variables according to success in determining treatment
effect as determined by nonmetric clustering (RIFFLE). Values correspond to
the frequency of obtaining a Proportional Reduction of Error (PRE) value greater
than or equal to 0.5 throughout the entire test.
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multivariate tests (Fig. 26). The long period of no observed significant

differences between treatment groups identified by all three multivariate

analyses (days 46-56) is apparently due to the relative similarity of the major

structural groups during this period (Figs. 14, 19, and 23). Important variables

identified by RIFFLE in determining treatment effect are also shown in Tables 4

and 5. These results also correspond well with the results of the univariate

methods and support observations of the overall importance of certain structural

groups in determining treatment effect due to differences in numbers. A similar

change in importance over the course of the test is also evident.

Bacteria

The results of the comparisons of the bacterial cell counts were inconclusive

due to the apparent nonlinear relationships of the data and the lack of replication

precluding the use of ANOVA. Positive Pearson correlation's in bacterial

numbers were found for comparisons of the 0, 2, and 10 pl treatment groups

with time, and between the 0 and 2 pl treatment groups (Table 6).

Day 0 pI 2 pl 10 pl
0 pl 0.59

2 pl 0.61 0.72

10 pI 0.51 0.27 0.32

25 pl 0.19 0.18 0.45 0.07

Table 6. Pearson correlation coefficients of bacterial cells per 15
fields obtained from direct counts. Bold values are significant.

R crit. 0.05 (2), 16 = 0.468. Ho: p=O

Subsequent linear regression analysis of all treatment groups with time revealed

significant relationships and positive slopes for the 0, 2, and 10 pl treatment

groups with intercepts not significantly different from zero at the a = 0.05
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significance level (Table 7). However, examination of line fit plots revealed high

values for all three of these treatment groups (Fig. 27). Due to the known S

potential for linear regression to be overly influenced by these large values, this

precluded any comparison of slopes for dose-response relationships. From

Figure 27, the relationship between the 0 and 2 pl groups is apparent and the 0,

2, and 10 pl groups appear to have a nonlinear relationship with time. The 25 pl

group appears to have been depressed in growth over time, possibly due to a

toxic effect of the Jet-A resulting in the absence of a significant relationship with 0

time. However, the lack of replication precluding the use of ANOVA or the

Interval of Nonsignificant Difference (IND), and the apparent nonlinear

relationships of the treatment groups with time prevents the use of this data for

drawing any further conclusions.

0 Il 2 l 10 pli 25 pi
R 0.59 0.61 0.51 0.19
Fcalc 8.56 9.66 5.77 0.58

p value 0.01 0.01 0.03 0.46
Regression
Coefficients 0
Intercept 125 109 179 253

t statistic 1.34 1.27 1.49 3.93
p value 0.2 0.22 0.15 0

Slope 7.77 7.59 8.22 1.4
t statistic 2.93 3.11 2.4 0.76 0
1p value 0.01 0.01 0.03 0.46

Table 7. Results of linear regression analysis of bacterial cells per 15 fields over
time. Bold values are significant. For R, Rcrit 0.05 (2),16 = 0.468; Ho: p = 0. For
the F statistic; Ho: all coefficients are zero. For the t statistics; Ho: coefficient is
zero.
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Total Organic Carbon

Total organic carbon analysis yielded significantly increasing average 9

amounts of organic carbon in relation to treatment (Table 8) although the

uncertainty as to its origin limited the usefulness of the data. Based on ANOVA,

a significant difference was observed for all treatment groups. The progressively 0

increasing amounts with treatment may have been due to remaining

hydrocarbons in the sediment or to the presence of degradative microbes

utilizing the Jet-A as an energy source in the sediment layer. 0

Treatment 0 pl 2 pl 10 pl 25 pl
groups
Treatment 0.051 0.059 0.067 0.083
means 0
ANOVA
TABLE
Source Degrees of Sum Squares Mean Square F

freedom
Between 3 0.0034 0.0011 11.000 0
Within 19 0.0018 0.0001
Total 22 0.0052
Critical F - Decision:
3.13 reject Ho: all
(0.05,3,19) groups equal

Table 8. Treatment means and ANOVA results for total organic carbon (TOC).
Mean values are in percent carbon. Treatment groups were significantly
differen* based on ANOVA.
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DISCUSSION

The results of this research indicate that the technique of incorporating

contaminated sediment produced a significant response in the MFC multispecies

test and may be a useful technique for the exposure and evaluation of other

sediment contaminants in a multispecies test system. Moreover, the results

indicate that the cross inoculation procedures designed to ensure replicability as

well as the size of the test chambers, may be inadequate. Finally, the results of

this MFC multispecies test are not incompatible with observations of others who

question the existence of stability in biological communities.

The response of the MFC to the treatment indicated that an initial universal

depression in dissolved oxygen levels occurred due to an increase in respiration,

which was followed by an algal bloom of primarily blue-green algae, and a

general depression in protozoa and invertebrate populations later in the test.

The initial functional response of increased respiration appeared to be due to the

transfer perturbation increasing the availability of sediment born heterotrophic

substrates since the untreated group was included in the initial response.

However, an increase in respiration is also a suspected response to toxic stress

(Odum, 1985) and this could explain the later differences observed between the

reference and treated groups. Also, although the treatment amounts were small,

the added substrate provided by the complex hydrocarbons present in the

treated groups may have been a factor in the observed increase in respiration.

Hydrocarbons are known to be degraded in aquatic systems by microbes under

suitable conditions, the rate of which varies with mixture. Some of this

degradation is known to proceed best when associated with sediments and can

be influenced by the availability of nutrients (Rheinheimer, 1985). Since the Jet-

A was associated with the sediment in this test and the availability of nutrients in
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the media was high at the outset, it seems plausible that this could have been

responsible for some of the increase in respiration. Most likely however, the

observed dynamics are due to a combination of the above factors.

The responses of the structural parameters evaluated in this test are similar

to those typically observed in these tests. Towards the end of the test period, •

the observed bloom of blue -green algae is a common response when the

xenobiotic is not selectively toxic and nutrient limitation occurs, favoring species

capable of producing nutrients. The general depression in numbers of the S

protozoa and invertebrate groups is also a common response and is assumed to

have been due to direct or indirect toxic effects of the Jet-A.

One interesting exception to this is the response of P. bursaria in this test. S

Throughout much of the test, P. bursaria numbers were generally four times as

dense in the 25 pl treatment group as in the reference 0 pl group. The 2 and 10

pl groups also appeared to have larger numbers although this was not generally

statistically significant based on the IND. Since P. bursaria are known

opportunists capable of both autotrophic and heterotrophic activity, and are

limited in specific competitive ability (Landis, 1988), these dynamics may indicate 0

that competition for some resources was negligible in these groups.

Theoretically, a species with high genetic variability and low comnetitive ability

could survive the impact of the xenobiotics and take advantage of the 0

subsequent lack of competition for resources. However, not enough is known

about the ecology of these organisms to provide a definite answer.

Due to the large pore capacity of the overlying silica sand MFC sediment

allowing access of the overlying water and detritus to the spiked layer, and the

incorporation of the powdered cellulose and chitin in the spiked sediment layer

providing sorptive substrate for the xenobiotics, an effective simulation of natural 0

freshwater sediment contamination from underlying sources was also achieved.
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This technique may also be valid for use with natural contaminated freshwater

sediment either through the use of sediment dilution to obtain concentration-

effect information (Giesy et al., 1990; Landrum et al., 1990), or simply with whole

sediments from various contaminated sites. Problems with obtaining acceptable

control and reference sediments, as well as with the dilution method itself, would

have to be addressed. A suitable "clean" non contaminated reference site

sediment would have to be obtained with physiochemical properties which

* ' bracket that of the contaminated sediment (ASTM E 1391-90, 1991). In addition,

a control sediment (Adams et al., 1985), either natural or artificially prepared,

would need to be obtained with a known composition and quality for which

baseline information is available that demonstrates no toxicity (ASTM E 1391 -

90, 1991).

Dilution methods would also have to be acceptable. Currently, there is little

information available on the most appropriate methods for diluting test sediments

to obtain graded contaminant concentrations or concerning the methodological

effects of such dilutions (Burton, 1991). Materials used for the dilution of the

contaminated sediment must also be uncontaminated and have physiochemical

properties similar to the contaminated sediment so as not to affect the contact

time of the interstitial water with the contaminated sediment. Also, the effect of

disrupting the sediment integrity during sampling and manipulation must be

considered.

The results of this MFC multispe ,jes microcosm test also indicate that the

cross inoculation procedure specified in the protocol and used in this research is

inadequate. The occurrence of differences in initial numbers of virtually all

structural components indicates that assumptions and procedures to ensure

replicability were not adequate. This may have been due to inadequate volume

transfer during the cross inoculation procedure, resulting in small initial
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differences in species abundances between replicates. This could have

changed community interactions significantly enough to account for the

differences in abundances between replicates during the three day interval

between the last cross inoculation and the initial counts. Algal and protozoan

populations could theoretically have increased significantly during this three day 0

interval. Observations of differences in initial numbers of some of the

invertebrate groups, though noticeable different, can be discounted due to low

initial numbers. These initial differences amount to essentially one total 0

organism between treatment groups which could have been purely a chance

event. Due to these observations, I would recommend both increased volume

during the cross inoculation from 10 percent of volume to 20 - 40 %, as well as a

cross inoculation just preceding sampling and dosing on day zero to improve the

replicability of this particular protocol.

Perhaps most interestingly however, is the observation that the test appears 0

to have been inadequate on both spatial and temporal scales. Spatially, this is

very evident since, again, some of the invertebrate groups had very low initial

population numbers. Differences of essentially portions of one individual 0

between treatment groups were observed and treatment groups were being

compared on the basis of a very few total individuals. The genomic makeup of

these individuals may, or may not, be representative of the worlds population of 0

these particular organisms. In any event, if these individuals were only present

in some replicates and were to vary considerably in their sensitivities to the

xenobiotics, or were simply to die of natural causes, the results of the

multispecies test could have become overly dependent on the simple presence

or genetic makeup of these few individuals due to their importance in their

respective communities. The resulting changes in community structure and S

function would not be representative of a natural ecosystem where a larger
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genome of the particular species in question would be present. Any multispecies

test system must be sized appropriately to avoid these problems and must be at

least large enough to include a representative number of all potentially included

more common organisms identified with species abundance distributions. In my

view, this size must be based on the largest of these species in order to include

a representative sample of all common species populations.

Temporally, virtually all of the structural variables monitored with the

univariate analyses indicate that the treated groups had not returned to a pre

exposure or control state upon the completion of the test based on the IND, or

that a stability of the 0 pl control group was demonstrated. Landis et al. (1993b),

have observed, in similar tests with similar oscillations in effect significance using

multivariate analyses, changes in multidimensional representations of treatment

groups which suggest that a return to a control, or pre exposure state, may be

impossible. Periods of apparent recovery may simply be illusions created by the

reduction in dimensionality that accompanies the usual two dimensional

representations of the data. Questions have been raised (Landis et al., 1993d)

regarding the apparent nonlinear nature of these oscillations in relation to

complex systems, chaotic dynamics, the importance of historical events, and the

irreversibility of these systems. These observations imply that the generic vs.

specific argument concerning these multispecies tests, and the reference to a

control, or stable, state may be invalid. It was suggested that possibly a more

workable solution or definition of recovery may be the ability to distinguish

treatment effects from historical stress, whether these are due to prior pollutants,

or natural factors. Indeed, as Connell and Sousa (1983) have suggested, in an

extensive review of the existence of stability in the classic sense, that stability

may not exist and that perhaps a more workable definition would simply be

persistence of a given ecosystem within bounds.
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In any event, In my view, the fact remains that the observed nonlinear

dynamics, apparent in the above mentioned multidimensional projections, may 0

still simply be due, in part at least, to founder effect. The small populations

present in these microcosm multispecies tests are, including the non treated

groups, restrictions of a genome, which is in itself a treatment effect. Connell 0

and Sousa (1983) have suggested that the bounds of population fluctuation may

narrow as the spatial scale becomes larger. Clearly, these dynamics need to be

investigated in further detail on a larger spatial and temporal scale in a natural 0

setting, where the test system is really a part of a much larger system in which

the effects of natural immigration from unexposed sources and the incomplete

dispersal of xenobiotics is the norm and physical dynamics are uncontrolled. 0

Recently, the EPA has removed requirements, in most cases, for acute effects

of pesticides on birds, and outdoor mesocosm studies (Fisher, 1992). The

justification is based on the fact that, for making risk decisions, the information 0

supplied by these studies does not contribute much beyond that supplied by

lower tiered, less expensive tests. Also, the information generated by these

studies takes substantial time for review by the EPA staff. The intended result of 0

these changes being that risk assessment will be enhanced due to using

resources reviewing more readily available lower tiered information and incident

reports, resulting in risk management in a more timely manner than has been ,

previously achieved.

Historically, mesocosm research has been hampered by failing to

demonstrate ecological damage due to cost factors usually limiting replicates to 0

three, which usually have high variability. Also, questions concerning the degree

to which effects can be assigned to the test chemical and not some outside

factor, the difference between mesocosm studies, and extrapolation of results to •

more realistic aquatic ecosystems have not been adequately answered.
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These studies should be continued in view of the above mentioned new

research developments. Answers to most of the problems associated with these

mesocosm studies may be become more apparent with new developments in

statistical and multidimensional visualization techniques providing new methods

for the definitive evaluation of these types of studies, as well as previously

impossible insights into the validity of previously established theoretical

ecological paradigms. These new techniques may be able to see through the

*, uncontrolled previous and concurrent natural and anthropogenic stressors

causing high variability and tease out the effects of the xenobiotic in question.

However, if nonlinear and chaotic dynamics, irreversibility, and the importance of

* small initial differences emerge as properties of these systems, the extrapolation

of specific results to other natural systems may be impossible. These types of

studies may lead to the development of new standards for the protection and

* management of ecosystems as persistence within bounds under constant

natural and anthropogenic stressors.

0

0
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CONCLUSIONS

1. The sediment spiked Jet-A turbine fuel produced statistically significant

functional and structural responses in the MFC multispecies test observed 0

through the use of both univariate and multivariate statistical techniques.

2. The method of incorporating spiked sediment into an established 0

multispecies test system is a useful technique and may merit further

study using other types of test material, including contaminated natural

sediment. 0

3. The cross inoculation procedure as specified in the MFC protocol is

inadequate. 0

4. The MFC multispecies test needs to increase on a spatial scale sufficient

to include representative numbers of all individual species populations. 0

5. The observed instability of the control group and failure of the treated

groups to return to a pre exposure state based on structural data are not 0

incompatible with the observations of others questioning the existence of

stability.

0
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APPENDIX I

Water Quality Methods

Alkalinity
Alkalinity was measured by potentiometric titration using an Orion model 231

pH meter and an 81-02 electrode calibrated with pH 4 and 7 buffers. Samples
were titrated with 0.02 N HCL to pH 4.5 t 0.05 and the volume of acid recorded.
Titration was then continued to pH 4.2 ± 0.02 and recorded. Alkalinity was then
calculated as:

(2A - B) xO.02N x 50,000
ma31 misofsample

Where: A= ml required to reach pH 4.5 ± 0.05
B= ml required to reach pH 4.2 * 0.02
0.02N= Normality of the HCL

Conductivity 0
Conductivity was measured using a Lamotte DA-LR-699 conductivity meter

calibrated to the manufacturers specifications.

Dissolved Oxygen
All dissolved oxygen measurements were obtained using a YSI model 57

dissolved oxygen probe air calibrated to the manufacturers specifications,
correcting for both pressure and temperature when possible. This probe was
accurate to within * 0.1 mg/l. Separate probes were used for treated and non
treated groups.

Hardness
Hardness was determined by titrating duplicate 50 ml aliquots of samples with

0.01 N EDTA (standardized with 1 mg/I standard calcium solution in the
presence of eriochrome Black T indicator (EBT) at pH 10(ammonia buffer)).
Titration's were carried out with the pH adjusted to 10 by the addition of an 0
ammonia buffer and - 2 grams of EBTindicator. Total hardness was then
calculated as:

A x B x 1000
mlsofsample

Where: A = ml of EDTA
B = mg CaCO 3 equivalent to 1.00 ml of EDTA
equivalence of EDTA: 1 mg CaCO 3

Duplicate values were then averaged and reported.
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pH
pH was determined using portable hand-held Piccolo pH meters (HI 1280)calibrated with pH 7 and 10 buffers according to the manufacturers

0 specifications. Readings were obtained using separate meters for treated andnon treated groups and were accurate to within -t 0.01 pH units.

Turbidity
Turbidity was measured using a Spectronic 20 calibrated with T82MV.
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ABSTRACT

This study is an initial evaluation of the intertidal sea anemone Anthopleura
elegantissima as a candidate species for use in marine toxicity monitoring efforts.
Many characteristics make Anthopleura elegantissima a potentially useful
species for in-situ or laboratory monitoring of chemical pollution in the intertidal.
These include: relatively large size, wide geographic distribution, low mobility,
endosymbiotic algae, clonal reproduction, and exposed tissues.

To evaluate this potential, anemones collected from one aggregation were
exposed to copper sulfate in filtered sea water for 24 days to determine acutely
toxic concentrations. Anemones were acclimated and exposed in the laboratory
at 100 C and a 12:12 hour photoperiod. Anemones were fed chopped fresh
Mytilus edulis tissue, and test media was renewed every three days.

The rangefinding test resulted in a median effective concentration of 1350
gg/L copper. A subsequent 48 day sublethal exposure experiment yielded
significant reductions in anemone growth, tentacle extension frequency, and
feeding frequency. Endosymbiotic zooxanthellae division was stimulated at 250
gg/L. Copper was bioaccumulated linearly with dose, without apparent
regulation. The lowest observed effective concentration for percent weight gain
was 175 gg/L copper. These results indicate that A. elegantissima is hardy in the
laboratory, easily obtainable, and exhibits sublethal effects at concentrations well
below that of the copper sulfate EC50. Anthopleura elegantissima appears to be

a potentially useful biomonitoring species, and further test development is
warranted.
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INTRODUCTION

Biomonitoring involves the use of biological system performance to

provide information about pollutant concentrations or impacts on a particular
ecosystem. Many marine biomonitoring efforts rely on effects measurements
from only one species or utilize bioaccumulation measurements from shelled

organisms such as molluscs and crustaceans. This strategy has several

shortcomings, notably, the reliance on the responses of a limited number of

species, the interference to uptake of pollutants by the shell, and cessation of
pumping in molluscs. The use of Mytilus edulis in biomonitoring has also been

problematic due to irregular reproduction cycles (U.S. EPA, 1989). In addition,

the large reliance on bioaccumulation as an ecosystem management endpoint

neglects the importance of biological dose response relationships. Thus, there
is a need for the additional development of intertidal monitoring species
amenable to biological effects measurement and free from interferences that

may mitigate accumulation of toxicants.
As an adjunct to existing biomonitoring programs, I have examined the

toxicity of copper sulfate to the intertidal sea anemone Anthopleura

elegantissima. The evaluation consisted of a short-term range finding test
measuring the acute toxicity of copper sulfate, and measurements of

physiological, behavioral , symbiotic, and bioaccumulation responses after a 48

day sublethal exposure period. Attributes of the species that make it a

potentially useful biomonitoring organism include its sessile lifestyle, long
lifespan, clonal reproduction, relatively large size, symbiotic associations with

unicellular algae, wide distribution, and the abundance of scientific information

about the species. Measurement endpoint selection was made on the basis of

the mechanistic toxicology of copper, usage of endpoints in other monitoring
protocols and in accordance with the biology of A. elegantissima. The

experimental results are evaluated with respect to the potential utility of A.

elegantissima as a species useful for marine biomonitoring efforts.

BIOMONITORING

Biomonitoring programs have included both pollutant tissue burdens and

biological effects measurement. A biomonitoring method may examine

pollutant impacts at several levels of biological utilization and organization:

chemical uptake, transformation and degradation, site of action effects,
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biochemical responses, physiological and behavioral responses, and

population, community and ecosystem effects. The efficacy of a biomonitoring
program depends on both the minimum concentration of toxicant that may be

reliably detected (sensitivity), and the amount of delay between the appearance
of putatively toxic conditions, and the presentation of the endpoint response
measured (Van der Schalie, 1986).

Regulatory Mandates for Biomonitoring
Biomonitoring may be used retroactively to assess ecosystem damage

after a pollution event, for example in natural resource damage assessments
prescribed by the Oil Pollution Act of 1990 (U.S.C. 33§2761), and the
Comprehensive Environmental Response, Compensation, and Liability Act of
1980 (U.S.C. 42§9601 et seq.). Alternatively, toxicity testing and pollutant
uptake tests may be used to predict pollution effects a priori such as during
chemical screening mandated by the Toxic Substances Control Act of 1976

(U.S.C. 15§2603). Biomonitoring is also used to routinely assess effluent

toxicity under the Federal Water Pollution Control Act of 1987 (U.S.C. 33§1254).
A fourth purpose for Biomonitoring is also associated with programs that survey
ecosystems to determine long-term trends in ecosystem health, for example the
use of sentinel organisms in the field or in the laboratory to detect large scale
spatial and temporal trends in toxicity or bioaccumulation.

There are several national ecosystem monitoring programs

administered by the U.S. Environmental Protection Agency (USEPA) that are
pertinent to this research: the Environmental Monitoring and Assessment
Program, and the Status and Trends program. In addition, the Puget Sound
Water Quality Authority administers biological surveys in Puget Sound such as
the Puget Sound Estuary Program, and the Puget Sound Ambient Monitoring
Program.

The regulatory use of biomonitoring for contaminants in aquatic
environments officially began in 1984 when the Office of Water of the EPA
issued a 'Policy for the Development of Water Quality Based Permit Limitations

for Toxic Pollutants' (Federal Register, 1984). This policy established a
commitment by the regulatory community to use an integrated strategy
consisting of both biological and chemical methods to address toxic and
conventional pollutants. The 1987 amendments to the Federal Water Pollution
Control Act significantly strengthened this position. While this program is meant
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to assess "end of pipe" toxicity in conjunction with water quality criteria, the

USEPA regulates new and existing chemicals, and genetically engineered

organisms through the Toxic Substances Control Act (TSCA). The Toxic

Substances Control Act may regulate the chemical if there is an unreasonable

risk to human health or the environment. Under TSCA, toxicity testing

information is collected in a tiered fashion as part of a hazard assessment that

addresses the life cycle of the substance and the risks to aquatic and terrestrial

biota.

Biomonitoring Program Design
Well-designed biomonitoring programs make use of a variety of toxicity

tests in conjunction with physicochemical data to provide an assessment of the
overall impact of a toxicant on an ecosystem. Toxicity tests are used as
components of a conceptual model of environmental assessment that includes
toxicant loading and fate, body burdens, organismal and population effects,
ecosystem changes, and the socially derived ecosystem functions and values
that are to be protected (White, 1984).

Several tradeoffs and problems must be addressed while designing a

biomonitoring program. A shortcoming of many previous biomonitoring surveys
has been collection of data solely on tissue toxicant burden. While this is an

indication of exposure, toxicity must be estimated from the data. Measurements

of biological responses to toxicants are an advantage over physicochemical
monitoring, as chemical concentration data alone are not sufficient to predict

toxicity. Biological sensitivities may exist at concentrations below analytical
detection limits, and toxicity may be altered by ecosystem factors, interactions of
chemicals, and site-specific water quality.

A tradeoff exists between the reliability of a biological effects
measurement for detecting a toxic effect, and detecting a specific toxicant, or

between a measurement that gives an early indication of toxicity, and a
response that may become manifest later but with fewer "false positive"
responses. Extrapolations must often be made between taxa, measurement

endpoints, laboratory responses and field responses, levels of biological
organization, and geographic locations or seasons of the year. Finally, there is
the possibility of acclimation to the toxicant attenuating the biological effects
dose response or bioaccumulation.
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Selection of Aquatic Biomonitoring Species
Species selection is only one part of the overall design of a

biomonitoring protocol but it relates to many of the design problems listed
above. It is impossible for one species to provide enough information to make
conclusions regarding the greater ecosystem (Cairns, 1986). It is, therefore,

preferable if biomonitoring schemes make use of a variety of species at several
trophic levels. The following is a list of criteria for selection of appropriate
sentinel organisms to be used in aquatic field surveys, although many of the
criteria also apply to the oevelopment of laboratory toxicity tests (Phillips, 1980;
Van der Schalie, 1986).

1. The species must integrate pollutant effects over time.

2. The species should be sedentary or sessile to be representative of a
particular geographic area.

3. The species should be common and abundant for ease of collection.

4. The species should be large enough to provide sufficient tissue for

analysis.

5. The age or size should be sufficient to allow sampling of more than one

year class.

6. The species should be tolerant of laboratory conditions.

7. The species should be tolerant of lower salinity and higher temperatures

(estuarine adaptation).

8. There should be a correlation between water concentration and the
organism body burden.

We may add to this list the requirement that the species tested be
endemic to the locations receiving the subject toxicant for at least part of its life
cycle. Some states require the use of indigenous species while the EPA allowQ
departure from species specified by regulation only under special
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circumstances (Webber, 1991). In general, the suitability of a species for

evaluating pollution depends on its ability to reliably reflect the ecosystem from

which it is sampled. Alterations in environmental pollutant levels should result

in reproducible, quantifiable, and meaningful changes in physiological,

biochemical, or morphological characteristics in the species under examination.

Marine Biomonitoring Species
Few marine species are used in regulatory toxicity testing programs, and

most species iested are fishes or arthropods. The most commonly used are the

sheepshead minnow (Cyprinodon variegatus), several silverside species

(Menidia sp.), the bay mysid (Mysidopsis bahia), and the copepod (Acartia

tonsa) for acute tests. The bay mysid and the sheepshead minnow are the

preferred , 9cies for lifecycle tests (Hansen, 1984). Echinoderm gamete,

embryo, and adult tests are in common use (reviewed by Bay et al., 1993).

Tests utilizing reproduction of macroalgae, and growth of microalgae have
proven successful (Thursby et al., 1993). Bowmer et al. (1986) developed

toxicity tests utilizing a variety of responses in the brittle star Amphiura filiformis.

The most widely used in-situ biomonitoring species is the common

mussel Mytilus edulis, which has been employed both in the United States and

in other parts of the world in the National, International, and California Mussel

Watch programs (Goldberg et al., 1978; Martin and Severeid, 1984; U.S. EPA,

1989). Typically, Mytilus edulis suspended in cages within the water column

are periodically sampled for survival, shedl growth, scope for growth, and

bioaccum ulation determinations (U.S. EPA, 1989).

TOXICITY TESTING WITH CNIDARIANS

Few cnidarians have been used to study the effects of environmental

toxicants, although hydroids have received some attention (reviewed by

Stebbing and Brown, 1984). Specific growth rate, morphological changes,

behavior, and lysosomal hydrolase activity have been applied as measurement

endpoints in hydroids exposed to metals and other toxicants (Karbe, 1972;

Stebbing, 1976; Moore and Stebbing, 1976; Moore, 1980; Houvenaghel, 1984).

Stebbing (1976) developed an assay for metal toxicity using the inhibition of

colonial growth rate in the marine colonial hydroid Campanularia flexuosa

(Laomedea flexuosa). Stebbing observed inhibition of colonial growth rate after

eleven days exposure to 10-13 gIg/L copper. Karbe exposed the marine
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colonial hydroid Eirene viridula to Cu, Pb, Zn, Hg, and Cd over short (2-3

weeks) and long (3 months) periods (1972). Tissue disintegration was evident

within a few hours at 3000 pg/L copper, and morphological changes occurred at

60 ýLg/L copper. The threshold concentration for acute effects was from 30 to 60

1ig/L copper in Karbe's experiment. Houvenaghel (1984) examined inhibition of

feeding rate in the hydroid Hydractinia echinata exposed to a variety of
pollutants. The freshwater cnidarian Hydra attenuata was used as a first tier

evaluation of teratology (Johnson, 1983).
Campanularia flexuosa exposed to field samples from a polluted estuary

showed morphological changes and increases in gonozooids which were
positively correlated with dissolved copper and cadmium concentrations

(Stebbing et al., 1983).
In hydroids, starvation, low temperatures, and presumably other

environmental stressors cause tissue degeneration and reduced growth (Moore

and Stebbing, 1976). Degeneration is reversed when environmental conditions
improve. Lysosomal hydrolase activity from C. flexuosa exposed to copper was

found to be a more sensitive endpoint than tissue degeneration in response to

copper intoxication (Moore and Stebbing, 1976). Lysosomal hydrolase plays a

role in tissue degeneration.
The anthozoan Anemonia viridis regulated copper uptake over 5 day

exposures to 50 and 200 pg/L copper (Harland and Nganro, 1990). Harland et

al. (1990) measured significant zinc and cadmium accumulations during
laboratory exposures of the sea anemones Anemonia viridis and Actinia

equina. Brown and Howard (1985) measured Cu uptake during 7 day
laboratory exposures of A. equina and A. viridis. Both species exhibited uptake

only at the highest concentration tested (200 , g/L).

Anthoaleura elegantissima as a Biomonitoring Species
With respect to the species selection criteria outlined above, several

attributes of Anthopleura elegantissima make it a potentially useful biological
indicator of chemical stress in the intertidal. It is distributed from Alaska to

Southern California between 0 and 4.5 feet above mean lower low water level

(Hand, 1955). This wide distribution facilitates long-range site comparisons.

Being intermediate in mobility between motile predators and sessile

suspension feeders, the species remains localized in the intertidal with

movements related to secondary habitat selection (Sebens, 1982). Low motility
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allows field data to be representative of geographically discrete areas.

Moreover, the absence of a shell creates the potential for continuous dermal

exposures of A. elegantissima to toxicants borne by aerial deposition, water

column , and surface microlayer pathways.

The most common growth form in the intertidal is the clonal aggregation.

A solitary growth form exists lower in the intertidal, often subtidally (Francis,

1979). Sexual reproduction through the release of gametes occurs

approximately annually (Sebens, 1981a). Clonal aggregations are formed

asexually by longitudinal fission of individuals; making the aggregation

genetically homogeneous. Thus, repeated collection of genetically identical

individuals is possible. Experimentation with monoclonal replicates is useful for

assessing environmental factor interactions with phenotypic variation. That is,

the responses of genetically identical organisms may be used to distinguish

between genetic and environmental factors affecting toxicity. Moreover,

experimental variance is generally lessened. One caveat to the use of

monoclonal replicates in toxicity testing is that the response of one genotype is

not necessarily reflective of the average species response.

Anthopleura elegantissima exposed to sunlight typically have

endosymbiotic algae in their gastrodermal cells (Hand, 1955). Endosymbionts
may be an unknown species of Chlorella , or the dinoflagellate Symbiodinium

californianum. This symbiotic association creates a venue for assessing toxicity

at two trophic levels simultaneously.
Anthopleura ele<, ntissima is a conspicuous species in the coastal rocky

intertidal system. In the ýl-Aifornia rocky intertidal zone, its percent cover (3%) is

second to the barr,.ih Chthamalus fissus (4%/6), and ranks second in biomass

(24 g dry wt .m 2 ) to the mussel Mytilus californianus (49 g dry wt-m"2 ) (Littler,

1980). Consistent with the species selection criteria above, A. elegantissima is

an important component of the intertidal ecosystem; Fitt et al. (1982) calculated

gross primary productivity for zooxanthellate A. elegantissima and found it

similar to that of intertidal seaweed populations (48-151 g C-m-2-yr 1 ). A.

elegantissima is preyed upon by the aeolid nudibranch, Aeolidia papillosa,

(Macfarland and Muller-Parker, 1993), and the sea star Dermasterias imbricata

(Sebens, 1983), and possibly various fish, bird and mammal species (Ates,

1991).
Development of toxicity testing methodologies utilizing Anthopleura

elegantissima benefit from the abundance of prior research with this species.
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The reproductive biology is well defined (Ford, 1964; Sebens, 1980; 1981a,b;

1982). Feeding strategies, energetics, biochemical composition, and the

symbiotic interactions have been explored (Sebens, 1981b; Jennison, 1979;

Zamer and Shick, 1987, 1989; Shick and Dykens, 1984; ). Aspects of

oxyradical metabolism have been studied (Dykens et al., 1992; Dykens and

Shick, 1982). This research also attests to the hardiness of the species in the

laboratory.

TOXICOLOGY OF COPPER

Copper chemistry in marine waters is influenced by both biotic

accumulation causing surface enrichment, and physical processes such as

upwelling and ligand formation causing desorption from sediments (Boyle and

Edmond, 1975). Boyle reviewed the available data on copper in seawater and

found that concentrations ranged from 0.15 Ig/L in the open sea, to about 1.0

g.g/L in polluted estuaries (1979). Copper was selected for this research not

only for its relevance to coastal pollution, but because it is routinely utilized as a

reference toxicant for toxicity test development and laboratory quality assurance

(Jop, et al., 1993).
Copper is an essential element, utilized as a prosthetic group in various

enzymes such as superoxide dismutase, ceruloplasmin, tyrosinase, laccase,

cytochrome c oxidase, ascorbate oxidase, and lysyl oxidase. Copper is also in

the oxygen-carrying molecules hemocyanin and plastocyanin. Copper plays a

role in essential functions such as electron transport, collagen synthesis,

melanin formation, hemoglobin synthesis, and amino acid metabolism (Ettinger,

1984). Many copper-containing enzymes function as oxidases, reducing

molecular oxygen to water while oxidizing a variety of inorganic and organic

substrates.
As a result of the hormetic nature of copper, organisms have developed

regulatory pathways that control cellular copper metabolism. In general, these

pathways employ a series of metal binding ligands. In mammals, as copper

enters the cell it binds first to reduced glutathione, then is transferred to

metallothioneins where it is stored or subsequently transferred to copper

enzymes (Freedman et al., 1989). Albumin and histidine in plasma also play

roles in copper homeostasis (Ettinger, 1984). Animals exposed to copper

typically have greater levels of thionein-like copper binding proteins (Viarengo

et al., 1981). Copper tends to concentrate intracellularly in lysosomes
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(Sternlieb and Goldfischer, 1976). Lysosomes are formed by vesiculation from

Golgi bodies and are routinely used in degradative metabolism (catabolism).

High levels of heavy metals, including copper, can result in a loss of lysosomal

membrane stability and the accumulation of lipofuscin granules within the

lysosomes (Regoli, 1992). Before excess copper can cause toxicity it must

enter the cell at rates beyond the range of control afforded by the various

pathways listed above. Alternatively, endogenous copper may escape the

normal metabolic pathway, as in inborn errors of metabolism such as Wilson's

disease (Ettinger, 1984).

Copper may cause toxicity by a variety of mechanisms. First, exogenous

ligands may enter the cell and extract copper from normal copper binding sites

thereby inactivating copper enzymes and/or creating new cytotoxic copper-

ligand species. Second, copper may displace beneficial metals from the active

sites of enzymes. Third, copper may bind to a deactivating (or activating) site on

enzymes or nucleotides, especially at nucleophilic groups. Copper commonly

forms complexes with organic molecules at groups containing sulfur, oxygen,

and nitrogen, it has a particularly high affinity for sulfhydryl groups (Martin,

1986). Fourth, as a transition metal active in redox reactions with both Cu+1

and Cu+2 redox states available intracellularly, copper-ligand complexes may

participate in reactions that spawn damaging free radicals (Petering and

Antholine, 1988). Finally, copper binding and redox cycling in conjunction with

glutathione can deplete cellular glutathione content thereby upsetting the

cellular redox status (Viarengo et al., 1990). These latter two aspects are taken

up more ful!y in the following sections.

Aside from steric modifications imposed by nonspecific binding of copper

to biomolecules such as proteins, and nucleotides, some ligand-copper

complexes effect damage through free radical production. As the main

damaging species produced is the extremely reactive hydroxyl radical, much of

the free radical damage is located at or very close to the copper complex. A
free radical is any species that has one or more unpaired electrons, such as the

hydrogen atom, diatomic oxygen, and most transition metals, including copper.

Less reactive secondary radicals may travel greater distances to inflict damage

elsewhere. Lipid radicals can arise and participate in a peroxidative chain

reaction that damages membrane lipids and membrane proteins (Chan et al.,

1982; Borg and Schaich, 1984; Bus and Gibson, 1979). Copper-imposed free

radical toxicity is mediated primarily by activated oxygen species.
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Pertinent to this research are the activated oxygen species, as copper

has been shown to catalyze the formation of destructive oxyradicals (Samuni et
al., 1981; Aruoma et al., 1991). Activated oxygen species consist of the one,
two, and three electron reduction products of 02, namely the superoxide anion

radical (021), peroxide anion (022-), and the hydroxyl radical (.OH). The

hydroxyl radical reacts extremely rapidly with most biomolecules: sugars, amino

acids, lipids, DNA, phospholipids, and organic acids through three different

mechanisms: hydrogen atom abstraction, addition, and electron transfer.
Copper undergoes redox cycling with hydrogen peroxide and

superoxide anion to catalyze the formation of hydroxyl radicals according to the

metal catalyzed Haber-Weiss reaction as follows (Samuni et al., 1981):

202"" + 2H+. < .... > H202 + 02 (a)

H202 + [Cu('+)] < .... > .OH + OH + [Cu( 2 +)] (b)

02-- + [Cu(2÷)] <...> [Cu(1÷) + 02 (c)

02"" + H202 < .> 02 + -OH +OH" (d)

Superoxide anion plays a dual role of reducing copper (equation c), and
dismutating spontaneously or with superoxide dismutase (SOD) to form
hydrogen peroxide (equation a). The superoxide anion mediated redox cycling

of copper shown in equation (c) can be replaced by other reducing agents such
as ascorbate which also produces hydrogen peroxide during its oxidation
(Shinar et al., 1983). Reaction (b) is the Fenton reaction known to occur with

both copper and iron salts in in-vitro aqueous solution. Reaction (d) shows the
net Haber-Weiss equation in the presence of the complexed copper salt

catalyst.

Oxygen radicals are produced in aerobic organisms by hemoglobin
oxygen transfers, mitochondrial, and photosynthetic electron transport chains

(ETC), and through organic xenobiotic redox cycling via NAD(P)H-dependent
reductases (mixed function oxidase system) (Foote, 1976; Jewel and Winston,

1989; Livingstone et al., 1990). Hydrogen peroxide is formed by the

spontaneous dismutation of superoxide anion, or catalytically with the enzyme
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superoxide dismutase. Superoxide formed during oxidation of
Cu(+1)glutathione, and during the oxidation of reduced glutathione may also

dismutate to hydrogen peroxide (Minkel et al., 1980). Thiols, in general, oxidize

rapidly in the presence of copper and other transition metals with a resultant

production of hydrogen peroxide (Nath and Salahudeen, 1993). Finally, free
radicals may arise through photooxidations of heterocyclic compounds such as

histidine (Foote, 1980).
In summary, the coupling of redox cycles with an electron donor via an

autoxidizing substrate yield the dismutation product hydrogen peroxide.
Hydrogen peroxide is converted to the hydroxyl radical through a metal
catalyzed heterolytic cleavage reaction. The metal is subsequently reduced by
superoxide anion or another reducing agent (e.g.. ascorbate or glutathione).
Hydroxyl radicals react within a few angstroms of the metal to inactivate
biomolecules through a free radical chain reaction. Secondary radicals such as
the metastable H02-/02-, and carbonyl radical species can pass through
membranes to cause damage at a distance as can lipid radical formed into
hydroperoxides. Hydrogen peroxide may also diffuse to other compartments to
react at other metal centers. This sequence can generally be mitigated through
removal of activated oxygen species by superoxide dismutase or catalase.

The theoretical evidence for metal-catalyzed free radical toxicity is

supported by measurements of antioxidant induction, and lipid peroxidation and
other by-products of radical chain reactions in copper-exposed biological
systems. Copper-induced damage to calf thymus DNA was characteristic of
hydroxyl radical caused lesions in an in-vitro system containing copper,
hydrogen peroxide, and ascorbic acid (Arouma et al., 1991). Inhibition of
acetylcholine esterase activity in--vitro showed a similar dependence on
copper ions in conjunction with ascorbate and hydrogen peroxide (Shinar et al.,
1983). Mytilus galloprovincialis exposed to copper showed increased levels of
malondialdehyde and other aldehydic compounds. These compounds are by-
products of lipid radical chain reactions. An increase in lysosomal lipofuscin
granules was noted in the digestive gland as a possible detoxification modality.
Lipofuscin is a by-product of lipid peroxidation. The free radical detoxification
compound glutathione was significantly depressed in exposed mussels
(Viarengo et al., 1990).

There is an array of enzymes and non-enzymatic defenses to free radical
toxicity. For example, catalase (EC 1.11.1.6), superoxide dismutase (EC
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1.15.1.1), ascorbate peroxidase and glutathione peroxidase (EC 1.11.1.7),

ascorbic acid, glutathione, and the fat soluble vitamins alpha-tocopherol and

beta-carotene all attenuate the formation of oxyradical species (Winston, 1991).

ENDPOINT SELECTION

Appropriate biological effects, or endpoints, must be selected for

measurement in conjunction with the species selection. Similar to species
selection, criteria exist for endpoint selection that generally address variability,

sensitivity, ease of measurement, and integration of effects. The majority of field

assessment programs measure toxicant body burdens rather than biological
effects. Martin and Severeid (1984) listed the criteria below for biomonitoring

endpoints used as part of the California State Mussel Watch Program.

1. The biological response indicator should be quantitatively influenced by
toxic pollutants or other environmental stressors.

2. The biological response indicator should compensate for natural

environmental stressors and thus respond only to stress induced
by toxic pollutants.

3. The biological response indicator should have a significant biological or

ecological meaning (survival, growth, recruitment, reproduction).

4. The biological response indicator should be a quantitative statement of

sublethal or chronic impacts of pollution.

5. The biological response indicator should be reasonably easily measured
in the field or laboratory.

6. If an adverse effect is measured at the organismal or population level, the

biological response indicator should be interpretable at other levels

of organization: subcellular, cellular, and ecosystem.

7. The biological response indicator should be referable to historical

biological and chemical information and data sets.
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SELECTED MEASUREMENT ENDPOINTS
The endpoints selected for measurement in this research were chosen

on the basis of the characteristics of A. elegantissima, the mode of action of
copper, and the endpoint selection criteria outlined above. Anemone weight

and behavior were measured over the course of the exposure period. Catalase
activity, endosymbiotic zooxanthellae density and the percent in division,

photosynthesis and respiration, and copper bioaccumulation were measured at

the conclusion of the exposure period.

LQrwth
Growth measurements integrate the processes of energy acquisition and

expenditure, and mechanistic toxicology. Copper intoxication can cause
energetic diversion from growth to cell repair or detoxification processes. Other
research has demonstrated inhibition of growth with metal exposure. Coho
salmon (Oncorynchus kisutch) exposed to sublethal levels of copper exhibited
initially decreased rates of growth, but later became acclimated (Buckley, et al
1982). The growth inhibition was accompanied by reduced feeding rate.
Hydranth growth rate in the freshwater hydroid Hydra littoralis was inhibited by
copper (Karbe 1984). Brown and Howard (1985) found reduced growth rate-
among branching corals exposed in the field to tin smelter effluent. They did not
find this effect in the massive corals, such as Porites. Growth rate has been a

common endpoint in marine hydroid toxicity tests. Karbe (1972) found growth
inhibition in Eirine viridula exposed to copper, mercury, zinc, and cadmium.

Colonial growth rate of the marine hydroid Campanularia flexuosa was
inhibited by 10 lIg/I copper (Stebbing 1976; Stebbing 1979). Below this level

copper exposure resulted in increased gonozooid (reproductive polyp)
production over gastrozooid (feeding polyp) production. Initially decreased
specific growth rates, but with recovery, were noted on exposure of C. flexuosa
to reduced salinity (Stebbing 1981). A similar pattern of gonozooid production
was also noted.

In the case of A. elegantissima, which has indeterminate growth and
lifespan, attainment of larger bcody size yields greater sexual and asexual
reproductive output. As gonad volume, and presumably gamete production, is
directly related to body size, larger size will result in greater sexual reproductive

output (Sebens, 1981a). Anthopleura elegantissima reproduces asexually by
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longitudinal fission (Hand, 1955). The timing of fission appears to be related to
prey capture area and energetic requirements with larger anemones dividing
more frequently than smaller ones (Sebens, 1979; Sebens, 1982). Only A.
elegantissima greater than 1.0-1.2 cm basal diameter, approximately 2 years

after settlement, will divide. In the rocky intertidal, asexual reproduction can be

advantageous in terms of secondary competition for space and for the
amplification of successful genotypes (Paine 1966; Shick et al., 1979). Larger
body size can also reduce the effects of predation (Francis, 1979). Thus,
inhibition of growth has important ecological consequences.

Reha
Behavioral changes that involve feeding, reproduction, predator/ toxicity

avoidance, or learning can adversely affect survival and fitness. Behavioral
toxicity can result from impaired sensory function or nerve signal transmission.
Anthopleura elegantissima possess gastrodermal and epidermal nonpolar
nerve nets that are linked across the mesoglea. Coordinated activity is
facilitated by differently organized neuronal conducting systems linking sensory
cells, muscles, and neural concentrations (pacemakers) (Shick, 1991).
Sensory capabilities are carried out by scattered receptor cells, typically with
modified apical flagella. Discharge of the nematocysts is stimulated by
mechanical contact of the food item, or by chemical stimuli at ciliary cones at the
apex of the nematocyst capsule (Mariscal, 1974). Nematocyst discharge also
appears to be mediated by nervous system control as nematocyst discharge is
reduced after feeding (Shelton, 1982).

The behavioral repertoire of sea anemones is limited compared to
mammals and fish, however, there are simple and easily observable behaviors
related to survival. Anemones commonly retract the gastric column when
mechanically disturbed and nematocyst discharge has been shown to increase
with continued mechanical stimulation (Conklin and Mariscal, 1976). Patterns
of behavior have been established for tentacle and gastric column retraction
responses to high light intensities (Shick and Dykens, 1984). Feeding rate in
hydroids has been explored as a toxicological endpoint (Houvenaghel, 1984).
Fredericks (1976) observed attraction/avoidance responses to an oxygen
gradient in A. elegantissima. Intraspecific contact between non-clonemates
elicits the defensive acrorrhagial response (deposition of nematocyst bearing
tissue from specialized areas on the column) (Francis, 1976). This relative
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simplicity of behavioral options results from the limited behavioral demands of a

passive feeding, sedentary lifestyle, and, in part, from the two dimensional

aspect of the nervous system, and the small variety of cell types (Shick, 1991).

Sea anemones extend their tentacles for passive capture of prey or to

increase light capture for photosynthesis. Shick and Dykens (1984) showed

that the degree of tentacle expansion was inversely related to light intensities

above 200-300 j±E- m-2. s- 1. Tentacles are frequently retracted during high

light intensities with the effect of reducing photosynthesis rate. They suggested

that there was no tidal or circadian rhythm to expansion as dim illumination

rendered continuous expansion.
Anthopleura elegantissima is an opportunistic feeder and will ingest a

large variety of prey, the bulk of which is plant material, molluscs, and

crustaceans (Sebens, 1981b). The feeding response is a well defined

behavioral pattern with three phases; 1) prey capture by nematocysts and

movement of the prey to the mouth, 2) opening of the mouth, and 3) ingestion of

the prey. Reduced glutathione, proline and asparagine leaked from prey can
elicit preparatory behaviors to the feeding response. Behavioral toxins can
interfere with the feeding reaction at a variety of stages (Lindstedt, 1971):

1. tentacle orientation;
2. initiation of the feeding response;

3. continuation of the feeding response;

4. termination of the feeding response.

Copper may exert damage to the nervous system by damaging
receptors, or by interfering with synaptic or neuronal transmission. Magnesium

ions inhibit synaptic transmission and are often used with invertebrates as an
anesthetic. Houvenaghel (1984) measured feeding response of the marine
hydroid Hydractinia echinata challenged by various toxicants. With polar and

ionic substances there was strong and long lasting contraction of the gastric

column and tentacles and subsequent inhibition of the feeding response.
Feeding activity of the barnacles Semibalanus balanoides and Balanus

crenatus were diminished by exposure to 80 ppb Cu (Powell and White, 1989).
Copper in the range of 20.8-25.6 jig/I caused complete cessation of Mytilus
edulis pumping rate (Redpath and Davenport, 1988). The effect of copper on

Mytilus was an mall or none" response with pumping rate stoppage caused by
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shell adduction. Chromium at 1.0 mg/I significantly inhibited filtration rate in the

bivalves Mytilus edulis and Mya arenaria (Capuzzo and Sasner, 1977).

Chemoreceptors of the blue crab Callinectes sapidus were significantly

damaged by 100 gg/I copper (Bodammer, 1979).

photosynthesis and Respiration
Photosynthesis and respiration rates are integrated measurements of

energy flow and each may be diminished or enhanced according to the dose
and mechanism of toxicity. They are integrated in the sense that any number of
toxicant induced lesions or forced metabolic pathway biases could result in
stimulation or depression of these two processes. Copper, and even
compounds that are not nutritionally important, may cause stimulation of
respiration in hydroids at low concentrations (Stebbing, 1976).

In general, photosynthesis and respiration rates are extremely variable

over the course of a day or year depending on body size, habitat, behavior,
temperature, nutritional condition, and season. Excursions of photosynthesis
and respiration rates that are toxic must, by definition, diminish survival or
reproduction. Changes in photosynthesis and respiration would most likely be
useful as "alarm parameters", giving early warning of toxicity (Zachariassen et
al., 1991).

Photosynthetic light saturation for A. elegantissima occurs between 125-
350 ILE. m- 2 . s-1 (Fitt et al., 1982). Ught saturation is the point at which
increasing light intensities no longer stimulate photosynthesis. Inhibition of
photosynthesis occurs in most phototrophs at high light intensities, but this effect
was not found in A. elegantissima at intensities up to 1550 AE. m- 2 . s-1. Gross
photosynthetic rates are correlated with chlorophyll a content and
zooxanthellae number, and weight-specific gross photosynthesis rates are
inversely related to anemone size (Fitt et al.. 1982). Notably, Fitt's group did not
find differences in maximum photosynthetic rate between fed, starved, or freshly
collected A. elegantissima (Fitt et al., 1982). High shore and low shore
anemones did not differ in chlorophyll a content or biomass ratios of
zooxanthellae to host (Shick and Dykens, 1984). Anthopleura elegantissima
varied photosynthetic rates over short time periods through shading of
zooxanthellae by contracting or by attaching debris to the column verrucae in
response to high light intensity induced hyperoxia and ultraviolet radiation

(Shick and Dykens, 1984). This behavior was more frequent among high shore
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anemones. Expulsion of endosymbionts may be a long-term adaptation to high

light intensity (Pearse, 1974).

Respiration rates in A. elegantissima depend on anemone weight,

nutritional state, behavior, and emersion periodicity. Oxygen consumption rates

decrease with increasing anemone weight and oxygen consumption is highly

dependent on feeding state, as fed anemones have nearly twice the rate of

starved or newly collected anemones (Fitt et al., 1982). Respiration rates did

not change over the course of the day. Anaerobic metabolism is not often

utilized as Shick and Dykens (1984) showed intertidal A. elegantissima to

remain fully aerobic during up to 15 hours emersion in the dark. In high shore

anemones, comparable to shading behaviors that minimize photosynthesis,
oxygen consumption may be reduced by quiescence. Anemones acclimated to

low shore heights did not reduce their activity upon emersion.
Fed A. elegantissima received approximately 13% of the carbon fixed by

endosymbiotic zooxanthellae (Fitt et al., 1982). This quantity greatly increased

for starved or newly collected A. elegantissima (45%). Nutritional state also

affected gross photosynthesis to respiration ratios (P:R). Starved anemones

had P.R in the range of 2.0-3.0 while P:R was usually less than 1.0 in fed

anemones. Zamer and Shick (1987) calculated energy budgets for A.

elegantissima and estimated the translocation of carbon fixed by endosymbiotic

zooxanthellae at 41 and 79% for high and low shore anemones respectively.

Scope for growth was also different depending on shore height with a higher
value due to increased prey capture rates, greater prey absorption efficiencies

and reduced metabolic demands due to greater aerial exposure in high shore

anemones. Interestingly, a large part of the energy budget was attributed to

mucus production (ca. 30%).

Reductions in photosynthetic rate due to copper toxicity has been

demonstrated by Rijstenbil and Wijnholds for the marine diatom Dictylum

brightwelli (1991). Anderson and Morel (1978) also recorded photosynthetic
inhibition in the marine dinoflagellate Gonyaulax tamarensis exposed to

copper. Scott and Major (1972) measured significant heart rate and respiration

depression in Mytilus edulis at exposures greater than 0.2 ppm (200 pg/L)

copper.
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caccumulation
Bioaccumulation is the process by which chemicals enter an organism

through the diet or by direct absorption through epithelia and respiratory
surfaces. Bioaccumulation is determined by chemical analysis of residues or
metaoolites of the toxicant present in tissues. Bioaccumulation tests have been
popular as an indicator of exposure and the availability of toxicants.
Compounds that bioaccumulate often tend to concentrate in ascendancy
through trophic levels (biomagnification). For bioaccumulation data to yield
toxicological usefulness, the data must be equated with biological effects
(Peddicord, 1984; Widdows and Donkin, 1991). Bioavailability is dependent on
both the target organism, site specific water quality such as pH, salinity, and
dissolved organic content. Body burdens are not simple reflections of ambient
toxicant concentrations. The regulation of toxicant uptake or induction of
detoxification processes makes interpretation of tissue toxicant measurements
difficult and hampers the correlation of tissue burdens with toxic effects.

Ionic copper may exist at the +1, -L2, and +3 oxidation states, with
copper(ll) being the most stable in aqueous solution. Copper(lll) complexes are
relatively r..,(. and are unstable in aqueous solution. The re.ative stability of
Cu(l) and Cu(ll) species in solution, and their biological availability depend on
the nature of the ligands present and the composition of the solution. Copper
toxicity and uptake are most closely related to availability rather than total
copper concentration. Copper availability is dependent on pH, and the
presence of organic or inorganic ligands. Sunda and Guillard (1976)
demonstrated this dependence by altering copper availability independently of
total copper concentration with the use of varying chelator concentrations and
measuring toxicity to the marine diatom Thalassiosira pseudonana. Lower pH
increasep toxicity presur, Jy due to an increase in free cupric ion.

Toxicant uptake at the organism level is mediated by anatomy, behavior,
size, seasonal cycles, and by the presence of endogenous sequestration
pathways, such as metal binding proteins. As uptake is largely a function of
surface area, small organisms and those without shells would absorb (and
adsorb) a greater mass of toxicant per body weight than organisms partly
covered by shells or that are larger with a smal!ar surface to body weight ratio.
This relationship may be overcome by tissues with greater absorptive area,
such as gills. Behavior is important in that it includes avoidance of toxic
conditions, for instance, cessation of pumping in mussels or escape by
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swimming. Also, different feeding methods may place the organism close to

toxicant laden sediments or at the upper trophic levels where secondary

poisoning is exacerbated by biomagnification. Seasonal cycles of gonad

production yield fatty tissues that absorb lipophilic compounds. Membrane

transport proteins facilitate uptake of essential nutrients and toxicants may
compete for this process or damage their function.

Harland and Nganro (1990) measured copper uptake by the symbiotic

sea anemone Anemonia viridis. Their study indicated that A. viridis regulated

uptake over 5 days exposure to 0.05 and 0.2 mg/I copper. Proposed

mechanisms for the regulation of copper were the expulsion of zooxanthellae

and the production of mucus. Harland et al. (1990) noted that zinc uptake in the

anemones Anemonia viridis and Actinia equina was slight at polluted ,4reas, but

that uptake was greatly enhanced in laboratory exposures. This disparity may

be due to the presence of chelating compou 1Is in natural waters.

Zooxanthellae Density and Reproduction
The A. elegantissima used in this study hosted the endosymbiotic

dinoflagellate Symbiodinium califomianum. Zooxanthellae reside

intracellularly within vacuoles of gastrodermal cells. Endosymbiotic

zooxanthellae density and number of algae in the process of division (mitotic
index) are endpoints that are easily measured from anemones in the field by

simple enumeration from preparations of tentacle tissue. These parameters are
important, since reductions in zooxanthellae standing crop may reduce the

productivity of the symbiosis.

Zooxanthellae density is a function of algal division rate, algal death rate,

and expulsion rate. Wilkerson et al. (1983) measured the ratio of dividing

zooxanthellae to zooxanthellae density (mitotic inoex) in A. elegantissima
freshly collected from Lopez Island, Washington. Wilkerson's results showed

asynchronous zooxanthellae division and a mean mitotic index of 2.88%. The

approximate doubling time calculated from the mitotic data for the

endosymbiotic zooxanthellae population was 11.2 days.

Cnidarians exposed to temperature stress increase the expulsion of

endosymbionts (Glynn, 1984). Brand et al. (1986) found the Gymniodinium sp.
reproductive rate dose response to be stimulated at low concentrations and

depressed with higher copper concentrations and reproductive rate was more

sensitive to copper than reductions in photosynthetic rates. Elevated heavy
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metal concentrations increased expulsion of zooxanthellae in laboratory
exposures (Harland and Nganro, 1990). Accumulation of copper in
zooxanthellae and subsequent expulsion may be a modality for regulation of

copper (Harland and Nganro, 1990).

,atalase Activity

Biochemical endpoints of toxicity (biomarkers), such as enzyme
induction/inhibition, stress proteins, and immunoiogical suppression, are
typically measurements selected on the basis of knowledge about the mode of
action of the toxicant to obtain early indications of damage at the cellular level.
Biomarkers tend to give information that is more detailed and specific to the

chemical and the organism. Hence, there can be difficulty interpreting

biomarker response with regard to organism heolth or population effects.
Biomarkers may be distinguished as either adaptive responses, such as the
case of enzyme induction, or toxic effects like DNA strand breakage. Previous
work with biomarkers in cnidarians showed stimulation of lysosomal hydrolase
activity in Campanularia flexuosa exposed to copper and the induction of heat
shock proteins in the scyphozoan Aurelia sp. (Moore and Stebbing, 1976;
Black and Bloom, 1984). In this study an adaptive response was measured: the
response of catalase activity to copper-induced oxidative stress.

Catalase is a hematin-containing enzyme that catalyzes the conversion
of hydrogen peroxide to water and molecular oxygen (2H202 --- > 2H20 + 02).

Catalase is mostly found in mitochondria and peroxisomes, and scavenges
H202 generated during electron transport chain reactions, and fatty acid

oxidation, respectively. Removal of hydrogen peroxide and peroxide side
groups is catalyzed by both ascorbate peroxidase and glutathione peroxidase,

and these two enzymes share the hydrogen peroxide dismutation function of

catalase.

An increase in activated oxygen species in algal-host symbionts due to
photosynthetically induced hyperoxic conditions has been demonstrated.
Dykens and Shick (1982) showed increased partial pressures of 02 in

photosynthetically active A. elegantissima. Superoxide dismutase activity was

positively related to chlorophyll content (an indication of algal biomass).
Following this, Dykens' group discovered direct evidence of light dependent

oxy-radical formation in A. elegantissima endosymbiotic zooxanthellae and

host tissue (Dykens el at., 1992). Hydroxyl radical and superoxide anion
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production occurred in aposymbiotic (algae-free) anemones as well, possibly

indicating radical production from direct photoexcitations.
Catalase activity was induced by increasing photosynthetically active

radiation and UV radiation exposures to intact symbioses and isolated
zooxanthellae from the anthozoan Aiptasia pallida (Lesser and Shick, 1989a;

Lesser, 1989). This was also the case in reciprocal transplant experiments

between low and high light intensities, although the effect was weaker (Lesser

and Shick, 1989a). Shick and Dykens (1985) found catalase activity to
correspond with chlorophyll-related SOD activity in their survey of Great Barrier
Reef symbiotic invertebrates. Dykens (1984) showed a direct relationship

between catalase activity and chlorophyll content in A. elegantissima. Catalase
was photoinactivated by high light intensities (400-450 i±E-m2-s- 1 PAR for 4
hours) in Aiptasia pallida, possibly due to damage caused by hydroxyl radicals
(Tapley, 1989). In view of the mechanistic toxicology of copper and the
abundance of activated oxygen species in A. elegantissima, it is expected that

the deleterious effects of oxy-radicals would be potentiated by copper and that
subsequent hydrogen peroxide production may induce catalase activity.

Among copper-exposed biological systems examined, catalase may be

either induced or depressed. Induction may occur in response to influxes of

hydrogen peroxide, whereas depression may be Laused by site-specific radical

damage. Catalase inhibited damage to mammalian DNA in in-vitro systems
containing copper and hydrogen peroxide (Aruoma et al., 1991). Catalase

activity was depressed in copper-exposed common carp (Cyprinus carpio
morpha) (Radi and Matkovics, 1988). Glutathione peroxidase activity was,
however, stimulated. Copper was strongly inhibitory in-vitro to catalase from

tissues of the fish Sarotherodon mossambicus (Singh and Sivalingham, 1982).

Fundulus heteroclitus (mummichog) exposed to copper for 96 hours showed

depression of catalase in both whole animal and in vitro exposures (Jackim,

1974).
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OBJECTIVE OF STUDY

This study was designed to evaluate the utility of A. elegantissima as a

candidate species for toxicity biomonitoring. A deficiency of field biomonitoring
programs has been the under-utilization of biological effects monitoring and
inattention to rocky shoreline communities. Where effects monitoring has been

undertaken, only several species have been examined. Monitoring with Mytilus
edulis has been hampered by their intermittent reproduction, the interference of

the shell to pollutant uptake, and by their tendency to cease pumping when
exposed to some toxicants. These problems may be overcome through the
development of more suitable monitoring systems. Anthopleura elegantissima,
and other cnidarians, may prove to be valuable organisms for environmental
assessment efforts.

As a first tier evaluation, the first objective was to determine appropriate

sublethal dosages through an acute toxicity rangefinding exposure. The
second objective was the measurement of dose responses of a suite of
measurement endpoints that take advantage of the biology of A. elegantissima.
The last objective was an evaluation of the experimental results with respect to

biomonitoring efficacy.
The results represent an initial evaluation of A. elegantissima as

candidate species for toxicity studies. Chronic effects were measured at levels
far below acutely lethal concentrations and bioaccumulation was linear with
increasing dose. While effects were not in a range commensurate with ambient
copper concentrations at polluted marine environments, the results do show
that A. elegantissima is amenable to toxicity testing and further experimentation
with other toxicants or measurement endpoints may show suitable sensitivity.

22



METHODS AND MATERIALS

Seawater. Toxicant. Water Quality Instrumentation and Glassware
Seawater used in the rangefinding and sublethal tests came from the

open-circuit seawater system at Shannon Point Marine Center at, Washington.
Seawater from this system was filtered through 5-micron spun fiberglass filters
and trickled through activated carbon before storage in acid washed 20 liter
high-density polyethylene carboys. The filtered sea water (FSW) was allowed
to age for at least 2 weeks at 100C before use to allow the oxidation of dissolved
organic matter.

Cupric sulfate pentahydrate, CuSO4-5H20 (Sigma, lot 38F-0527), was
used for both the acute exposure and the sublethal exposure experiments. A
stock toxicant solution in filtered sea water was made at the beginning of the
experiment and kept at 50 C. Serial dilutions were made at each test media
renewal. Reported test group toxicant concentrations are calculated from the
dilution series.

All glassware and materials in contact with the anemones, toxicant, or

dilution water, with the exception of the pH and dissolved oxygen probes, were
washed with phosphate-free laboratory soap, rnsed 5X with tap water, 2X with
tap distilled water, acid washed with 10% HNO3 solution, rinsed 7X with
deionized-distilled water, and allowed to air dry. Probes (D.O. and pH) were
rinsed with copious amounts of tap distilled and distilled-deionized water
between sampling different treatment groups. Measurements with these probes
were made in order of increasing toxicant concentration to avoid carryover of

copper. During toxicant exposure periods, pH and dissolved oxygen were
measured at every media renewal. Dissolved oxygen was measured with a
Yellow Springs Instruments, Inc. combination D.O.-temperature-salinity meter,
model 57, with a Clark electrode. The meter was calibrated before each use by
the water saturated air method corrected to salinity, temperature and barometric
pressure. An Orion, Inc. model 231 ionanalyzer with a Ross combination
electrode was used to measure pH. A two point calibration at pH 4 and pH 7
with buffers at 100C was conducted before each use.
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Acute Toxicity Rangefinding Test

Zooxanthellate anemones used in the rangefinding acute toxicity phase

of the experiment were collected from one large tidepool at Sares Head on the

western shore of Whidbey Island, Island County, Washington, U.S.A (Lat.

48026'W; Long. 122041'N). Sares Head is a conglomerate and boulder outcrop

located approximately one-half mile north of Deception Pass (Fig. 1). The
tidepool is located near the mean low water level and the anemones were
collected during a -1 foot tide. A total of 65 anemones were collected on August
9, 1991 using sharpened wooden medical tongue depressors to dislodge the
pedal disc from the substrate. An attempt was made to collect clonemates in the
sample by collecting anemones from one contiguous aggregation. The sample
was transported within two hours of collection in two acid washed 5 gallon pvc
buckets containing freshly collected seawater to the laboratory at Western
Washington University. Upon arrival, intact anemones were placed individually
in numbered, 250 ml glass beakers containing 150 ml filtered seawater.

The anemones were acclimated to laboratory conditions for 33 days at
10°C on a 12:12 photoperiod in a laboratory incubator. Light intensity at tray
level under cool fluorescent lights was approximately 165 gEinsteins mi 2 s-1

measured with a Licor quantum photometer model L1-185. Beakers were
rotated to equalize light exposures, and incubator temperature was recorded at
every culture water renewal. Anemones were fed chopped fresh Mytilus edulis
tissue approximately 12 hours prior to media renewal; at the beginning of the
light period. Wet weight of mussel tissue portions fed to each anemone was
measured to the nearest 0.1 gram on a top-loading balance. Mussel tissue was
offered to the anemones with forceps and direct contact of the food to the inner
tentacles. Approximately 12 hours after feeding the sides of the beakers were
cleaned and culture water was renewed. Debris and mucus was removed from
the anemones and beakers were cleaned with an acid washed rubber
policeman and FSW in a Nalgene squirt bottle. Anemones with damaged pedal

disks and anemones that did not feed were culled during the acclimation
period.

To explore tentacle regeneration, surgical scissors were used to clip one
inner whorl tentacle from anemones anesthetized with 4.75 mg/I MgCI in FSW.
Tentacles were clipped 2 days prior to beginning the exposure period.
Maximum time in the anesthetic solution was two minutes, after which
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anemones were placed in fresh seawater. Subsequent attempts to measure

tentacle length with a hand-held scale, an ocular micrometer, photomicroscopy

and a micromanipulator were hampered by anemone movements and this effort

was abandoned.
The dosing period began by randomly assigning healthy anemones to

treatment levels. Serial dilutions of a 7.821 mg/I CuSO4 stock solution in FSW
were made to the log10 series: 1990.74, 199.07, 19.91, and 1.99 ug/l CuSO4
(31.33 gM, 3.133 igM, 0.3133 giM, and 0.0313 gM Cu). Treatment groups

consisted of 9 anemones per copper concentration and included 9 anemones
in a zero dose reference group exposed to FSW only. The timetable for
experimental procedures is illustrated in Figure 2.

Assay maintenance during the exposure period was the same as during

the acclimation period. Dissolved oxygen and pH were measured immediately
prior to media renewal. Response to gentle prodding, retraction, and food
aversion were noted at media renewal. Criteria for food aversion and anemone
retraction were the presence of intact mussel tissue and the covering of the
polyp mouth by tentacles, respectively, at media renewal. Egested pellets were
not counted as food aversion incidence. Anemones that failed to respond to
gentle prodding with any retraction movement for two consecutive days were
removed as putative mortalities. The test was terminated after 28 days of

exposure.
I determined appropriate exposure conditions during this experiment.

For example, dissolved oxygen concentrations reached very low levels if the
interval between feeding and test solution renewal extended beyond 8 hours, or
if chopped mussel rations were greater than approximately 0.4 grams wet
weight. The lethal copper concentration and anemone maintenance
procedures determined during the rangefinding test were utilized in the

sublethal exposure experiment.
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OOLLErTED (Day -33)
August 9, 1991

TENTACLE CLIPPING (DAY -2)
STA Rr DOSE ~Day 0)

Held 0 100C QUALITATIVE OBSERVATIONS OF
Media. Changed MUCUS PRODUCTION, BEHAVIOR, AND
every 3rd day MORPHOLOGY

I EMSUF TERW.INATED (Day 28)

Figure 2. Timelilne for Collection and Exposure: Acute Toxicity
Rangef inding Test.
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Seventy-five zooxanthellate anemones were collected on December 3,

1991 during a zero-foot tide from an exposed sandstone outcrop at the western

shore of Samish Bay, Skagit County, Washington, U.S.A. (Lat. 48038'W; Long.

122029'N). Samish Bay is a large, relatively unprotected, sand and boulder

substrate bay (Fig. 1). The collection area was a boulder tidepool complex

approximately +1 foot above mean low water level. Anemones were

transported in two 5 gallon pvc buckets within one hour of collection to the

laboratory at Western Washington University where they were immediately

placed individually in 250 ml glass beakers containing 150 ml FSW in a 100C.

incubator.
The day after collection, the anemones were transported in two 5 gallon

pvc buckets on ice containing FSW to a running seawater table at Shannon

Point Marine Center where they were kept, unfed, under natural light to remove

sand and shells adhering to the anemones. They were returned to Western

Washington University 9 days after collection and placed individually in
numbered 250 ml glass beakers in a 100C. incubator with a 12:12 photoperiod

under Sylvania Gro-Lux fluorescent lights. Light intensity at tray level averaged
140 pEinsteins m- 2 s-1 . Specimen handling procedures were identical to the

acute test. The timetable for sample handling and the exposure period is
illustrated in Figure 3.

Baseline reduced weight measurements were taken 2 days prior to

commencing the exposure period. Reduced weight was measured by weighing
below the pan of a Mettler AE163 analytical balance (Muscatine 1961).

Dislodged anemones were suspended in FSW by a hooked 8cmXO.25mm

constantan wire inserted into the actinopharynx and displacement mass was

determined. The balance was internally calibrated, and FSW temperatures
were recorded after every 7 anemones were weighed.

The sublethal exposure period commenced 22 days after sample

collection. In addition to a zero dose reference group, a toxicant stock solution
was serially diluted to prepare nominal 250, 175, 100, and 25 ug/I Cu treatment

concentrations (3.934 pM, 2.754 gM, 1.574 IM, and 0.3934 gM Cu). Sixty-five
healthy anemones were randomly assigned to 5 treatment levels, each with 13

replicates individually exposed to 150 ml treatment media in 250 ml glass

beakers. The media renewal, feeding, behavior data collection, beaker rotation

and water quality measurement regimen was performed as in the acute test
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COLLECTED (Day -22)
December 3, 1991

Reduced Weight Measured (Day -2)
START DOSE (Day 0)

Held @ 100C
Media Changed Reduced Weight Measured (Day 24)
every 3rd day

Reduced Weight Measured (Day 39)
Photosynthesis-Respiration Measured (Day 44)
EXPOSURE TERMINATED (Day 48)

Figure 3. Timeline for Collection and Exposure: Sublethal Test.
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described above, except a maximum of 8 hours was allowed between feeding

and media renewal. Midway through the exposure period, on day 24, and,

again near the end of the exposure period on day 39, the anemones were

dislodged from their beakers with sharpened tongue depressors and reduced
weight was measured in FSW. Anemones were not fed for 3 days prior to

reduced weight measurement. Tentacle retraction and feeding aversion were
determined as in the acute test. Behavior data from 11 media renewals were
tallied to give summations of aversion and retraction behavior occurrences and
table values indicated are the group means.

The toxicant exposure period was terminated the morning of day 48.

Anemones were dislodged from their beakers, rinsed 2X with FSW, blotted dry,
placed individually in whirlpack bags and transported on ice for storage at

-70 0C.

Photosynthesis and Respiration
On days 41, 42 & 44 photosynthesis and respiration rates of anemones

were measured by measuring dissolved oxygen flux in the light and in the dark
in sealed flasks containing exposed and control group anemones. Four

randomly selected anemones from the control, 100, and 250 jig/I treatment
groups were placed in 125 ml Erlenmeyer flasks containing filtered, undosed,

seawater and a micro-stir bar. Photosynthesis and respiration of each
anemone was, easured singly. Clark type dissolved oxygen electrodes were
inserted into each flask. Care was taken to remove all visible bubbles of air
from each flask and the probes were sealed in place with BOchner funnel

gaskets and parafilm. The probes were calibrated by the water saturated air
method. Probes were connected to an Endeco type 1125 pulsed D.O. sensor

controller, and temperature and oxygen data were recorded every 2 minutes
with a computerized data collection system. A circulating water bath was used

to maintain constant (100±4 C) temperature.

Each flask was placed equidistant from fluorescent light banks and
directly above a magnetic stir bar motor to ensure stirred conditions within the

flasks. Light intensity averaged 230 gEinsteins m- 2 s-1 under water at a

distance of -5 cm from the fluorescent bulb to the flask wall. The system was

operated for 30 minutes prior to placement of the anemones to allow the probes

to equilibrate. Anemones were allowed to acclimate for 30 minutes under light,

then oxygen concentration was monitored for 30 minutes under light, 30
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minutes in darkness, and then for 30 minutes under light again. At the

conclusion of the measurements, the anemones were returned to their beakers

and exposure regimen. Photosythesis and respiration rates were calculated
from the slope of the D.O. flux, and the volume of the flask containing the
anemone and probe. Final data are expressed as V.g 02 g- 1 anemone dry
weight h- 1. Poor temperature control, and air bubbles rendered data from days
41 and 42 of poor quality and only data from day 44 are included herein.

Sample Preparation and Tissue Cooper Analysis
Frozen anemones were individually weighed to the nearest 0.1 mg then

homogenized in a total volume of anemone plus clean seawater of 20 ml for 45
seconds at mid-speed in a Virtis model 20 electric tissue homogenizer. Four 1
ml aliquots of homogenate were placed in new plastic 1.5 ml Eppendorf tubes
and were frozen at -200C. The remaining anemone homogenates were placed
individually in pre-muffled, pre-weighed ceramic crucibles and were dried at
1050C until a constant dry weight was obtained..

Sample preparation for atomic absorption spectrophotometric analysis of
copper in anemone tissues followed the dry ashing procedure (AOAC, 1980).
Crucibles containing dried homogenate were muffled at 4500C for 12 hours.
Four ml of reagent grade concentrated nitric acid was added to each cooled
crucible and then slowly evaporated off over a laboratory hot plate. Crucibles
were subsequently muffled at 4500C for one hour and cooled. A 1 N solution of
reagent grade HCI in distilled, deionized water was used to dissolve the ash.
The crucibles were rinsed with 3 aliquots of the acid solution and the dissolved
sample was brought to 25 ml in a class A volumetric flask. The acidified
samples were stored at 40C in 60 ml Nalgene bottles until analysis.

A Perkin Elmer atomic absorption spectrophotometer model 560 with
oxidizing air-acetylene flame was used to measure sample absorption by direct
aspiration at 324.8 nm wavelength, and 0.7 nm slit width (0.077 mg/I sensitivity,
linear range up to 5 mg/I Cu) (Perkin Elmer, 1982). Sample absorption was
measured relative to a serial dilution of a dry ashed copper standard in FSW,
and a dry ashed FSW blank prepared with class A glassware. Samples and
standards at room temperature were measured in triplicates of 5 second
processor derived averages. The spectrophotometer was recalibrated every 10

samples. Salt buildup required periodic cleaning of the burner head and
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recalibration. Tissue copper levels were calculated using the standard curve

and are expressed as pg Cu/g anemone dry weight.

Zooxanthellae Density and Cell Division
One ml aliquots of anemone homogenate in Eppendorf tubes were

thawed on ice, and vortexed 3X for 20 seconds. Remaining tissue clumps were
homogenized by adding 0.2 ml of homogenate to approximately 1 ml of filtered
seawater in a 2 ml Wheaton glass hand-held tissue grnder, and grinding for 25
strokes. The grinder contents were quantitatively diluted with filtered seawater,
vortexed, and cells observed at 400X on an Improved Neubauer
hemacytometer grid. Homogenate dilutions were made to yield approximately
1X 106 cells/mi. A total of 6 subsample counts were made for each homogenate
sample. Cells undergoing cytokinesis were noted if a division furrow was
observed. Data are expressed as cells per gg animal supematant protein.

Supernatant Protein Concentration
To provide a more accurate expression of per unit animal zooxanthellae

density and catalase activity, the protein concentration of the homogenate
supernatant was determined. Protein was quantified relative to a bovine serum
albumin standard by the protein-dye binding method of Bradford (1976). The
calibration series was made by serial dilution of a 1.0 mg/ml distilled deionized
water-bovine serum albumin stock solution (BSA Sigma, lot 88F0790). The
Bradford reagent was made by dissolving 143.0 mg of 70% Coomassie Blue G
dye in 100 ml of absolute ethanol, to which 100 ml of 85% phosphoric acid was
then added. This solution was brought to 1 liter with distilled deionized water

and then filtered through a Whatman #1 filter. The Bradford reagent was stored
at 40C and brought to room temperature before assay.

Thawed 1.0 ml aliquots of homogenate in Eppendorf tubes were
vortexed 3X for 20 seconds and centrifuged at 11,000 rpm in a Sorvall
centrifuge model 24S for 5 minutes at room temperature. Three 0.1 ml
subsamples of the supernatant were individually diluted with distilled-deionized
water, vortexed, and the Bradford reagent was added. The final mixture was
briefly vortexed and the absorbence at 595 nm was recorded exactly 'I
minutes after the addition of the dye reagent with a Perkin Elmer Lambda 3B

uv/visible spectrophotometer. Sample protein concentrations were calculated

from regressions of BSA standard dilution absorbence.
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Catalase Activity

Depletion of hydrogen peroxide by the first order reaction 2H202 -- >

2H20+02 (literature rate constant k=10 7 IX mo1- 1 X s-1) was monitored to

quantify catalase activity in supernatants of anemone homogenates by the
method of Beers and Sizer (1952), with modifications contributed by David

Tapley (pers. communication). This method has the advantage of determining

the concentrations of enzyme and substrate, which is a necessity due to the first

order nature of the reaction.
Catalase activity was measured by continuously monitoring the decrease

in the absorbance of H202 at 240 nm with an IBM model 9420 UV-Visible

spectrophotometer. Eppendorf tubes containing 1.0 ml aliquots of frozen
anemone homogenate were thawed at 50C, vortexed 3X for 20s, and

centrifuged at 11,000 rpm for 5 minutes in a Sorvall 24s centrifuge at 50C. The
substrate was a freshly made 4.4%v/v solution of -30% reagent grade H202

dissolved in 50mM phosphate buffer pH7. Strength of the substrate solution
was checked by adding 100 gIl to 3 ml buffer and measuring the absorbance at

240 nm. Substrate solution strength was adjusted to between 0.500 and 0.550
A240 prior to beginning the assay-

Between 40 and 120 Il of supernatant was added to 3 ml of 50mM pH 7
phosphate buffer at room temperature (-220 C) in a quartz cuvette. Background
absorbance of the supernatant-buffer solution was measured to ensure turbidity
remained below 1 absorbance unit. The reaction was initiated by adding 100 gl

substrate solution. The decline in absorbance of the sample relative to a quartz
reference cuvette containing buffer only was continuously monitored on a chart

recorder until the absorbance decreased by 0.05 units. Catalase

measurements were made in triplicates from each supernatant sample.
Catalase activity was calculated from the change in absorbance and is
expressed as p.Mole H202 s-1 mg- 1 protein.
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STATISTICAL ANALYSIS
Data were tested for homoscedasticity by Shapiro-Wilk's test, and normal

distribution by Bartlett's test using the PC-based statistical package Toxstat
release 3.2 (Toxstat, 1990). Data that could not be transformed to meet the
above assumptions of analysis of variance were further analyzed for
significance with the Toxstat hosted Kruskal-Wallis nonparametric test.
Descriptive statistics, correlation, regression, and one way analysis of variance
significance testing were calculated using the SPSS Release 4.0 statistical
program on the Western Washington University VMS computer (SPSS, Inc.,
1992). Non-metric clustering and association analyses were calculated with the
RIFFLE program (Matthews and Heame, 1991). All significance levels were set
a-priori at 5%. The rangefinding test EC50 values are graphical estimates as
lack of partial mortality in more than one treatment group did not allow
calculation of confidence limits (Webber, 1991).
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RESULTS

Anthopleura elegantissima exhibited sublethal responses well below

acutely toxic doses of copper. The lowest observed statistically significant
concentration for a biological effect was 175 jgg/L for percent weight gain in the
second half of the exposure period. Behavioral endpoints were inhibited and
zooxanthellae reproduction was stimulated in the 250 gig/L treatment when
compared to the control group. Copper was bioaccumulated without apparent
regulation of uptake. Each of the endpoint responses are addressed
individually below.

RANGEFINDING TEST
After 24 days exposure to copper sulfate, total cumulative mortality was

78% in the highest concentration treatment group tested (2000 gIg/L copper).
None of the other treatment groups sustained mortality. The graphical EC50

estimate was 1350 jig/I. Mucus production, tentacle retraction, and food
aversion were more pronounced with increasing dose. Mucus production was
extreme in the 2000 jgg/L group and mucus was removed from the anemones at
each media renewal. Mid and high dose (200 and 2000 igg/L Cu) anemones
showed stress at media changes by increased swelling and extension of the
column. Squash mounts of clipped tentacles viewed under magnification
indicated the presence of unidentified green-brown granules in the mid and
high dose groups.

SUBLETHAL EXPOSURE

Anemone Growth
Initial reduced weight was not significantly different between the groups

(initial mean reduced weight=0.1 163 g; sd=0.0486). Percentage difference was

calculated from reduced weight data to yield calculated percent gain data for
the first half of the exposure period, the second half, and percent gain over the
entire exposure period. Group averages, standard deviations and ANOVA
significance are shown in Table 1. The percent weight gain dose response for

the first and second intervals of the exposure period is shown in Figure 4.
Weight gain was not significantly different in any of the groups at the mid point
of the exposure period. Weight gain was affected by treatment concentration in
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the second half of the exposure period, with severe inhibition in the 175 and

250 Vig/L groups. The concentration response for overall percent weight gain

showed statistically significant inhibition of weight gain in the 175 and 250 Aig/L

groups relative to the control group (Fig. 5).

Statistically significant behavioral effects were found with increasing

dose. Kruskal-Wallis nonparametric ANOVA showed a significant increase in

tentacle retraction behavior in the highest dose tested (250 jig/L) compared to

the 25 jig/L and control groups (Table 2). Likewise, feeding aversion was

significantly greater in the 250 gig/L group compared to the 25 gig/L and control
groups. Feeding aversion responded to treatment concentration in a biphasic

manner with weak (statistically non-significant) stimulation of feeding at the 25

and 100 gg/I levels. Feeding aversion in the 175 pig/L group was

approximately equal to the control group response, while aversion was

pronounced in the 250 gIg/L group (Fig. 6a). There was no bimodality in the

tentacle retraction behavioral response; increasing test concentration yielded

more frequent tentacle retraction (Fig. 6b). Tentacle retraction and feeding

aversion were greatest at the middle of the exposure period.
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Figure 4. Percent Gain in Reduced Weight During the First 24 days

and During the Last 15 Days of Exposure to Copper. Error bars
represent standard deviation (n=13).
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Figure 5. Percent Gain in Reduced Weight of Anemones with Dose
of Copper Over the Entire Exposure Period. Error bars represent
standard deviation (n=13).
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Concentration After 24 Days ANOVA SIGNIFICANCE

Ag/L Copper percent weight gain (SD) Fprob.=O.421:Fcalc=O.989

0 21.9(8.3) no sig. diff.

25 18.4 (9.3)

100 23.9 (9.4)

175 22.9 (9.9)

250 18.1 (10.9)

Concentration Between Days 24-39 ANOVA SIGNIFICANCE

gig/L Copper percent weight gain (SD) Fprob.=0.000:Fcalc=l 1.318

250 175 100 0 25

0 14.3 (5.5) 250

25 18.1 (9.5) 175

100 12.2 (7.5) 100

175 5.6 (7.5) 0 *

250 0.2 (9.0) 25 * *

Concentration Between Days 0-39 ANOVA SIGNIFICANCE

p•g/L Copper percent weight gain (SD) Fprob.=0.0013:Fcalc=5.1 10

250 175 0 25 100

0 39.4 (12.0) 250

25 40.4 (21.1) 175

100 50.7 (41.9) 0 *

175 29.7 (12.9) 25 *

250 18.2 (12.0) 100 *

Table 1. Percent Gain In Reduced Weight Results. The tables
indicate treatment group means, standard deviations and Duncan's multiple
range test results for the first half (days 0-24), second half (days 24-39), and

from the start to the finish of the exposure period (days 0-39), respectively

(n=13).
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Figure 6a. Feeding Aversion Frequency Dose Response. Error bars

represent standard deviation (n=13).
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Figure 6b. Tentacle Retraction Frequency Dose Response. Error

bars represent standard deviation (n=13).
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Concentration FEEDING AVERSION ANOVA SIGNIFICANCE

g~g/L Copper mean after 11 media changes KRUSKAL-WALLIS

0 25 100 175 250

0 0.69 (1.11) 0

25 0.39 (0.96) 25

100 0.39 (0.65) 100

175 0.69 (1.32) 175

250 3.00 (2.12) 250

Concentration TENTACLE RETRACTION ANOVA SIGNIFICANCE

Igg/L Copper mean after 11 media changes KRUSKAL-WALLIS

0 25 100 175 250

0 0.00 (0.00) 0

25 0.31 (0.63) 25

100 0.85 (1.21) 100

175 1.00 (0.91) 175

250 2.00 (0.82) 250

Table 2. Anemone Behavior Frequency. Feeding aversion and tentacle
retraction frequency treatment means, standard deviations, and Kruskal Wallis
non-parametric ANOVA significance (n= 13).
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Photosynthesis and Respiration

No statistically significant gross specific photosynthesis or specific

respiration rate, or Pgross/R ratio concentration responses were observed

between the 0, 100, and 250 pgg/L groups after 44 days exposure to copper.
Group averages and standard deviations are listed in Table 3. Anemones from
the 25 and 175 ug/L groups were not tested.

Copper Bioaccumulation
Copper levels in whole anemone homogenate increased linearly with

concentration, with no apparent regulation of copper uptake at low dosage
(Tissue Burden =7.22(SE=1.36)+0.216(SE=0.009)XDose) (R2 =0.893;
Fcalc=526.1; Fprob=0.000) (Fig. 7). Analysis of variance showed each group
mean tissue copper level to be significantly different from each other except for

the 25 gg/L and control groups (Table 4).

Zooxanthellae Density and Cell Division

Zooxanthellae density was essentially constant among the treatment
groups, with no statistically significant differences detected by analysis of

variance. Both the number of zooxanthellae cells at the cytokinesis stage
(mitotic) and percent mitotic index was significantly elevated in the 250 pgg/L

group relative to the control, 25, and 100 1ig/L groups (Table 5). The mitotic
index concentration response is shown in Figure 8.

Catalase Activity
Analysis of variance did not reveal any significant catalase activity

differences between any of the dose groups. Group means and standard
deviations are in Table 6.
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Conc. PHOTOSYNTHESIS RESPIRATION P:R n=
pg/L Copper (GROSS)

jig 02/g dry wt./hour jig 02/g dry wt./hour
0 189.4 (84.4) 252.6 (100.8) 0.74(0.81) 4

25 .
100 157.0 (35.0) 184.4 (19.3) 0.85 (0.13) 3
175
250 121.9 (45.6) 169.7 (58.7) 0.71 (0.12)1 4

Table 3. Photosynthesis, Respiration and Pgross:R Ratio Results.

Table shows treatment means and standard deviations at day 44 of the

exposure period. No statistically significant differences were detected.
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Concentration COPPER ANOVA
SIGNIFICANCE

gg/L Copper jig Cu/g dry wt. Fprob=0.00:Fcalc=132.7

0 25 100 175 250

0 8.1 (4.4) 0

25 12.8 (4.8) 25
100 26.1 (6.8) 100 *

175 47.0 (9.1) 175 * * *

250 61.0 (8.8) 250 * * * *

Table 4. Copper Bloaccumulation In Anemone Tissue After 48 Days
of Exposure to Copper. Table indicates treatment means, standard
deviations and Duncan's multiple range test results (n=13).
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Figure 7. Tissue Copper Uptake After 48 Days of Exposure to
Copper. Error bars represent standard deviation. Least squares regression
indicated by hatched line (n=13).
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Concentration ZOOXANTHELLAE ANOVA SIGNIFICANCE

gg/L Copper cells/ gg protein (SD) Fprob.=O.640:Fcalc=O.634

0 6.895X10 4 (1.946X10 4 ) no sig. diff.

25 6.799X10 4 (1.478X10 4 )

100 6.779X10 4 (1.380X10 4 )

175 6.180X10 4 (1.405X10 4 )

250 7.096X10 4 (1.475X10 4 )

Concentration DIVIDING ZOOX. ANOVA SIGNIFICANCE

1gg/L Copper cells/ gg protein (SD) Fprob.=0.044:Fcalc=2.615

100 25 0 175 250

0 1003 (663) 100

25 935 (517) 25

100 914 (336) 0

175 1088 (527) 175

250 1472 (442) 250 * * *

Concentration MITOTIC INDEX ANOVA SIGNIFICANCE

gg/L Copper percent (SD) Fprob.=0.0496:Fcalc=2.531

100 25 0 175 250

0 1.5 (0.7) 100

25 1.4 (0.8) 25

100 1.4 (0.5) 0

175 1.7 (0.8) 175

250 2.1 (0.6) 250* * *

Table 5. Zooxanthellae Density and Cell Division Results. Table

indicates treatment group means, standard deviations and Duncan's multiple
range test results (n=13).
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Figure 8. Mitotic Index of Zooxanthellae In A. elegantissima After
48 Days Exposure to Copper. Error bars represent standard deviation
(n=13).
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Concentration CATALASE ANOVA SIGNIFICANCE

Igg/L Copper gMoles H202/min./mg prot. Fprob.=O. 111

0 18.15(7.7) Fcalc= 1.969

25 23.57 (6.58)

100 24.49 (7.48) no sig.
diff.

175 22.02 (4.98)

250 18.25 (10.27)

Table 6. Catalase Activity In the Anemone A. elegantissima (animal
fraction). Mean catalase activity after 48 days of exposure to copper.
Standard deviations are in parentheses (n=13).
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Multivariate Evaluations
Multivariate evaluations included MANOVA, and non-metric clustering.

Multivariate analysis of variance indicated a significant difference between the
treatment groups (Pillais F=1.659; Fprob<0.001). This supports, based on the
whole data set (% weight gain days 0-24; % weight gain days 24-39; mean
tentacle retraction frequency; mean feeding aversion frequency; tissue copper;
zooxanthellae density; zooxanthellae division; gross photosynthesis;
respiration; and catalase activity), the statistically significant dose responses
observed in univariate ANOVA but without accrual of type 2 error.

Nonmetric clustering of the best four biological effects variables, selected
by the RIFFLE algorithithm to give the largest proportional reduction in
clustering error, partitioned the data set into 3 different groups that
corresponded to control, medium and high dosages (Association Analysis Chi
Square significance = 0.999). Similar results were obtained when the cluster
was based on the best 7 variables. Variables determined to be the best
clustering determinants correspond to those variables with statistically
significant dose responses as determined by multiple range tests. Variables
determined to be most important attributes to determining the clusters are listed
in Table 7.
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VARIABLE QUALITY QUALITY
4 attributes 7 attributes

feeding aversion 0.64 0.61
tentacle retraction 0.60 0.39
mitotic index 0.57 0.46
weight gain 2nd half 0.39 0.41
weight gain 1st half 0.52
zooxanihellae density 0.35
catalase activity 0.29

AVERAGE QUALITY: 0.55 0.43

Table 7. Non Metric Clustering Results. Variables determined to be the
most significant attributes influencing clustering quality at a clustering number
of 3.
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DISCUSSION

The relatively high copper EC50 (28 days) value (1350 gg/L) determined

in the rangefinding test implies that mortality would not likely be a useful
endpoint in biomonitoring programs with A. elegantissima. Mortality, in general,
has little utility in in-situ biomonitoring as sensitivities are often too low and
response speed is usually extended compared to other sublethal responses
(Van der Schalie, 1986). Tolerance of high pollutant concentrations may,
however, allow sublethal effects biomonitoring to be effective in highly polluted
areas.

Acutely lethal concentrations of copper were higher for Anthopleura

elegantissima than for other cnidarians. The greater biomass (and surface to
volume ratio) of anemones may reduce site-of-action toxicant concentrations as
compared to the smaller hydroid species tested. With the hydroid Eirene
viridula, Karbe (1972) noted tissue destruction within a few hours after exposure
to 3000 gg/L copper and lethality within 2 days at 500 jgg/L copper. The A.
elegantissima EC50 estimate for copper is also much higher than median
lethality results reported for Neanthes arenaceodentata (LC50=250 l1g/L; 28
days), and Crassostrea gigas (LC50=560 gg/L; 96 hour) (Reish et al., 1976;
Okazaki, 1976). Scott and Major (1972) reported threshold concentrations at
100-200 Igg/L for lethality in Mytilus edulis exposed to copper.

Qualitative results from the rangefinding test showed increased tentacle
retraction, feeding aversion, copious mucus production, and the presence of
unidentified granules observable in tentacle squash mounts. Mytilus edulis
exposed to 40 gg/L copper also exhibited granules in digestive gland cells;
these were identified as lysosomal accumulations of lipofuscin granules
(Viarengo et al., 1990). Many xenobiotics are toxic through free radical
mechanisms, and the biochemical measurement of lipid peroxidation

byproducts may be a useful biomonitoring endpoint. Similar mucus production
and tentacle retraction behavior was observed by Harland and Nganro (1990)
in exposures of Anemonia viridis to 200 1ig/L copper. Mucus production may

be a detoxification modality as metals and organic toxicants may be rendered
less toxic through binding by exuded mucus.

The sublethal test showed growth rate inhibition as the most sensitive
endpoint (Table 1). Other studies have shown cnidarian growth rate to be
sensitive to copper (Karbe, 1972; Stebbing, 1976; 1979; Moore and Stebbing,
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1976). Stebbing's (1979) determination of growth rate inhibition at 10 i±g/L
copper with Campanularia flexuosa is much less than the lowest observed

effect concentration (LOEC) of 175 g~g/L copper observed in the second half of
the exposure period. The LOEC is the lowest test concentration yielding a
statistically significant dose response and is therefore sensitive to experimental
design. Overall weight gain was inhibited by 64% in the 250 Itg/L group. In light
of the drastic increase in feeding aversion and tentacle retraction, the observed
growth inhibition is most likely related to nutritional deficits. Increased tentacle
retraction reduces the quantity of light reaching the zooxanthellae and may
lessen the zooxanthellae nutritional contribution to the anemone. The rate of

decline 'n, growth rate would increase as stored nutrients are depleted. Growth
inhibition may also be attributed to increased energy allocated to mucus
production. Growth rate inhibition would likely be more profound in the field as
the test anemones were fed fresh mussel tissue by hand in this experiment.

Growth was weakly stimulated relative to the control group in the 100
gg/L treatment, although the response was not statistically significant. This
trend is in accordance with the role of copper as a micronutrient, or possibly
with a general stimulatory response to low levels of toxicants. Stebbing (1976)
found transitory stimulation in C. flexuosa growth rates with low level exposure

to cupric chloride. He posited that stimulation may be a natural homeostatic
response to stress. Any stimulation due to improved nutrition would depend on
a less than optimal background concentration of copper in the diluent.

As mentioned above, hydroids typically degenerate during starvation or

other stressful periods. This is reversed when conditions improve. This
plasticity of size is also a feature of anthozoans and may be a useful
measurement in biomonitoring programs. Measurements of growth by the
reduced weight method are amenable to both field and laboratory experiments.

Anthopleura elegantissima exhibited behavioral responses to copper at
250 I±g/L (Table 2). Behavioral responses are, in many cases, among the most
sensitive endpoints, possibly because the receptor organs are usually highly
exposed to dissolved toxicants (Deving, 1991). In cnidarians, the nervous
system is proximate to toxicants dissolved in the external milieu and in the
coelenteron. The toxic effects of copper may be due to receptor degeneration
or to nerve signal transmission interferences. Increased tentacle retraction
frequency could be damaging to A. elegantissima through decreased prey

capture efficiency, and decreased absorption of sunlight causing reduced
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photosynthetic rates and a resultant decrease in translocation of nutrients from

the zooxanthellae. Feeding aversion, likewise, will reduce nutrient uptake and

scope for growth.
While behavioral responses have rarely been utilized in field

assessments of ambient toxicity, they have been used successfully in laboratory
settings (Van der Schalie, 1986). Copper exposures in the range of 20.8-25.6
pg/L caused termination of pumping in Mytilus edulis (Redpath and Davenport,

1988). Although significant aversion and tentacle retraction responses were not
as sensitive (Table 2), A. elegantissima has available a more varied behavioral
repertoire than Mytilus, and uptake of toxicants is not constrained by shell

closure.
From the results of the bioaccumulation analysis (Figure 7), A.

elegantissima does not regulate or significantly detoxify tissue copper. This
lack of regulation is attractive from the standpoint of biomonitoring because it

allows a clear correlation of ambient concentrations to tissue burdens.
Furthermore, tissue copper was correlated with sublethal effects in this

experiment. The results of the copper bioaccumulation part of the experiment
are in accordance with the experiment described by Harland and Nganro
(1990). While they exposed Anemonia viridis for only 5 days, their results
indicated a mean whole anemone tissue copper burden of approximately 48 ±g

Cu gram-1 dry weight in anemones exposed to 200 gig/L copper in seawater.
Their results differed from mine in that they observed regulation of copper

uptake at low dosage (50 gg/L) and increased zooxanthellae expulsion,
whereas zooxanthellae densities were nearly constant at the end of this study.

After 3 days exposure to 40 l±g/L copper, the mussel Mytilus

galloprovincialis tissue copper concentrations were 300% of the control
(Viarengo et al., 1981). After 48 days exposure, A. elegantissima in the 100
gig/L dose group accumulated 322% of the control group mean tissue burden.
Uptake of copper by Anemonia viridis was approximately 1200% of the no

dose control group tissue burden after 5 days exposure to 200 jig/l copper
(Harland and Nganro, 1990). Thus, copper uptake rates may be higher in M.

galloprovinciali3, and A. viridis although the exposure period differences may
be too great to facilitate the comparison. Prolonged exposure would allow time

for induction of detoxification mechanisms such as metal binding proteins, and
zooxanthellae expulsion. The lower accumulation reported in this experiment
may represent steady-state detoxification rate influences. The two studies listed
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above, represent short-term copper uptake. In light of elevated zooxanthellae

division rates observed (Figure 8), the detoxification role of zooxanthellae

expulsion hypothesized by Harland and Nganro may apply here as well. If

zooxanthellae expulsion and growth rates both increased in response to dose,

detoxification may be carried out as zooxanthellae densities remain constant
across all dose groups.

Catalase activity did not show any statistically significant dose response,

although there was a pattern of stimulation of catalase activity at low dosage,

and weak inhibition of activity at 250 pg/L. This is in accordance with an
adaptive response endpoint. Response would be diminished as the enzyme
itself is inactivated by the toxicant. As oxidative stress in Cnidarians has been
largely associated with high light intensities, irradiance levels in this experiment
may have been inadequate to produce activated oxygen species. Light

intensities in the field would be much greater. Tentacle retraction frequency
increased with dose, and the resultant shading of the zooxanthellae may lessen

photosynthesis rates and production of activated oxygen species. Catalase is

robust to biochemical purification and analysis, making it a good biomarker from

the standpoint of analytical practicality. In light of the lack of significant
response in this experiment, it may not be a useful biomarker for copper

intoxication.
Copper had little effect on zooxanthellae density (Table 5). Interestingly,

zooxanthellae reproduction, as measured by the density of cells in cytokinesis,
increased in the 250 gg/L group, relative to the control group. The observed

increase in dividing zooxanthellae may be due to an indirect effect of copper on

the anemone. A loss of control over the zooxanthellae by the anemone may be
caused by copper intoxication. As densities were fairly constant, mitotic index
dose response curves were very similar to mitotic density curves (Figure 8).

Control mitotic index (M.I.) was approximately half (1.55%) of the M.I. measured

in freshly collected A. elegantissima (2.88%) (Wilkerson et al., 1983). This may
indicate that there was a decline in M.I. over time due to laboratory conditions.

Stimulation of growth rates in planktonic dinoflagellates exposed to copper has
been reported (Brand et al., 1986).

Attenuation of toxicity may be achieved by algae through the external

release of copper complexing compounds (McKnight and Morel, 1979).

Complexation afforded by both the host and the zooxanthellae may further

reduce concentrations of toxic copper species. Zooxanthellae expulsion is a
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common response in symbiotic cnidarians exposed to stress. Increases in

zooxanthellae reproduction may offset increases in expulsion rates to allow
zooxanthellae density to remain constant. An alternative view might be that

there was no change in expulsion rates with dose, and the observed mitotic

densities were cells "frozen" in cytokinesis. The stimulation of division may
have been a transient effect occurring at the beginning of the exposure period
when tissue copper levels were lower.

For a biomonitoring program, one of the endpoint criteria listed in the
introduction was that the response variable should have a significant biological
meaning, preferably an adverse effect. Increase in zooxanthellae division
would not appear to be an overtly adverse effect although it may result in a shift
in material transfer between the host and symbiont. Blooms of endosymbionts

could draw more heavily on host resources and exacerbate hyperoxia.
Zooxanthellae density is a convenient measurement for field biomonitoring and
may show a different response with other toxicants.

The advantages of A. elegantissima as a biomonitoring organism lie

largely with the attributes of the species, which are in good accordance with the

biomonitoring species selection criteria outlined in the introduction. Based on
the results of this study, several endpoints warrant further development for
inclusion into biomonitoring programs. Endpoints were selected at several

levels of biological organization: bioaccumulation, biochemical, physiological,

behavioral, and community (endosymbiotic zooxanthellae). Growth inhibition,
behavior, zooxanthellae division, and copper uptake may be easily measured
from anemones kept in the field or laboratory. Manuy of these endpoints meet

the endpoint criteria listed in the introduction, as well. The dose response
sensitivity was not within the range of copper concentrations typically found at
polluted sites, however, appropriate sensitivity may be found through other

experimental designs or with other toxicants. The question remains how this
species may be effectively utilized as a biomonitoring tool.

As was touched upon above, biomonitoring programs may assume a

variety of forms depending on the goals and budget of the investigation. The
monitoring program may be targeted to pollutant concentrations in biological
tissues, or may examine effects at several levels of biological organization.

Clearly the most efficient design generates the most useful information for the
lowest level of effort.
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While the response of one species is fundamentally not adequate to

estimate ecosystem level pollutant impacts, the inclusion of a variety of species

and endpoints into the examination will yield increasing accuracy. To this end,

employment of toxicity tests utilizing A. elegantissima provides greater

confidence in evaluations of pollutant impacts in the intertidal zone. Aside from

this simple adjunction to the existing suite of toxicity tests, the species may
provide a more efficient system for biomonitoring in particular through in-situ

deployments.
The U.S. EPA Marine/Estuarine Complex Effluent Toxicity Testing

Program (U.S. EPA, 1989) approaches effluent biomonitoring utilizing a tiered

approach, with the level of effort determined by the results of the tests in the
preceding tier. Measurements of pollutant uptake, shell growth and scope for

growth in Mytilus edulis deployed in-situ is used to complement laboratory

toxicity testing of effluents and receiving waters. In-situ monitoring has the
advantage of providing long-term site specific estimates of pollutant impacts.

Variations in seasonal environmental factors and pollutant input rates are
integrated over the deployment period. Anthopleura elegantissima may serve

well as a replacement, or supplement, to the use of Mytilus edulis. Furthermore,

A. elegantissima may be well suited to monitoring intertidal pollution through in-
situ deployment as its tissues are continuously exposed, and clonal replicates

may be utilized. Few, if any, pollution biomonitoring programs target the vast
rocky intertidal zones of the world.

The goal of biomonitoring is to generate information within a conceptual

framework that is useful for managing human impacts to ecosystems. Effective

biomonitoring requires the knowledge of relationships between measurement

endpoints and ecosystem level responses over long time periods. Developing
economical and efficient biological effects measurement systems, including

suitable in-situ biomonitoring species, facilitates the goal of effective ecosystem
management.
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CONCLUSIONS

1. The Anthopleura elegantissima 28 day lethality rangefinding test resulted
in a copper sulfate EC50 estimate of 1350 gg/L.

2. Anemone growth, tentacle retraction behavior, feeding aversion
behavior, and endosymbiotic zooxanthellae division rate,responses
occurred at concentrations well below that of the copper sulfate EC50.

3. Copper was bioaccumulated linearly with dose.

.4. Zooxanthellae division was stimulated with increasing copper dose.

4. The existence of an overall treatment group dose response was
confirmed by multivariate analysis of variance.

5. The biological attributes of Anthopleura elegantissima are largely in
accordance with established criteria for selection of biomonitoring
species.

6. Based on this initial evaluation of Anthopleura c "ggantissima, the species
is amenable to toxicity testing and use in environmental pollutir,
biomonitoring programs.

57

| Um a



REFERENCES CITED

AOAC. 1980. Atomic absorbtion method for fish. In Official Methods of Analysis
of the Association of Analytical Chemists, 13th ed. p399.

Anderson, D.M. and F.M.M Morel. 1978. Copper sensitivity of Gonyaulax
tamarensis. Limnology and Oceanography. 23(2):283-295.

Aruoma, 0.1., B. Halliwell, E. Gajewski and M. Dizdaroglu. 1991. Copper-ion-
dependent damage to the bases in DNA in the presence of hydrogen peroxide.
Biochem. J. 273:601-604.

Ates, R.M.L. 1991. Predation on cnidaria by vertebrates other than fishes.
Hydrobiologia. 216/217:305-307.

Bay, S., R. Burgess and D. Nacci. 1993. Status and applications of echinoid
(phylum echinodermata) toxicity test methods. In W.G. Landis, J.S. Hughes and
M. Lewis, eds., Environmental Toxicology and Risk Assessment, ASTM STP
1179. American Society for Testing and Materials, Philadelphia, PA, pp. 281-
302.

Beers, R.F. Jr. and I.W. Sizer. 1952. A spectrophotometric method for measuring
the breakdown of hydrogen peroxide by catalase.J. Biol. Chem.195:133-140.

Black, R.E. and L. Bloom. 1984. Heat shock proteins in Aurelia (Cnidaria,
Scyphozoa). Jour. Exp. Zool. 230:303-307.

Bodammer, J.E. 1979. Preliminary observations on the cytopathological effects
of copper sulfate on the chemoreceptors of Callinectes sapidus. In W.B.
Vernberg, A. Calabrese, F.P. Thurberg and F.J. Vemberg, eds., Marine
Pollution: Functional Responses. Academic Press. New York, NY, pp. 223-237.

Borg, D.C. and K.M Schaich. 1984. Cytotoxicity from coupled redox cycling of
autoxidizing xenobiotics and metals. Isreal Journal of Chemistry. 24:38-53.

Bowmer, T., R.G.V. Boelens, B.F. Keegan and J. O'Neill. 1986. The use of
marine benthic key species in ecotoxicological testing: Amphiura filiformis (O.F.
MOller) (Echinodermata: Ophiuroidea). Aquatic Toxicology. 8:93-109.

Boyle, E.A., and J.A. Edmond. 1975. Copper in surface waters south of new
zealand. Nature. 253:270.

Boyle, E.A. 1979. Copper in natural waters. In J.0. Nriagu, ed., Copper in the
Environment, Part 1, Ecological Cycling. John Wiley & Sons, New York, NY, pp.
77-88.

Bradford, M. M. 1976. A rapid and sensitive method for the quantitation of
microgram quantities of protein utilizing the principle of protein-dye binding.
Anal. Biochem. 72:248-254.

58



Brand, L.E., W.G. Sunda and R.R.L. Guillard. 1986. Reduction of marine
phytoplankton reproduction rates by copper and cadmium. J. Exp. Mar. Biol.
Ecol. 96:225-250.

Brown, B.E. and S. Howard. 1985. Responses of coelenterates to trace metals:
A field and laboratory evaluation. Proc. 5th Int. Reef Congress. 6:465-470.

Buckley, J.T., M. Roch, J.A. McCarter, C.A. Rendell and A.T. Matheson. 1982.
Chronic exposure of coho salmon to sublethal concentrations of copper-I. Effect
on growth, on accumulation and distribution of copper on copper tolerance.
Comp. Biochem. Physiol. 72(1): 15-19.

Bus, J.S. and J.E. Gibson. 1979. Lipid peroxidation and its role in toxicology.
Reviews in Biochemical Toxicology. 1:125-149.

Cairns, J.C. Jr. 1986. The myth of the most sensitive species. Bioscience,
36(10):670-672.

Capuzzo, J.M. and J.J. Sasner. 1977. The effect of chromium on filtration rate
and metabolic activity of Mytilus edulis L. and Mya arenaria L. In F.J. Vemberg,
A. Calabrese, F.P. Thurberg and W.B. Vemberg, eds., Physiological Responses
of Marine Biota to Pollutants. Academic Press, New York, NY. pp. 225-237.

Chan, P.C, O.G. Peller and L. Kesner. 1982. Copper(ll)-catalyzed lipid
peroxidation in liposomes and erythrocyte membranes. Lipids. 17(5):331-337.

Conklin, E.J. and R.N. Mariscal. 1976. Increase in nematocyst and spirocyst
discharge in a sea anemone in response to mechanical stimulation. In G.O.
Mackie, ed. Coelenterate Ecology and Behavior. Plenum Press, New York, NY.
PP.

Doving, K.B. 1991. Assessment of animal behavior as a method to indicate
environmental toxicity. Comp. Biochem. Physiol. 10OC(1/2):247-252.

Dykens, J.A. 1984. Enzymic defenses against oxygen toxicity in marine
cnidarians containing endosymbiotic algae. Marine Biology Letters. 5:291-301.

Dykens, J.A and J.M. Shick. 1982. Oxygen production by endosymbiotic algae
controls superoxide dismutase activity in their animal host. Nature. 297:579-
580.

Dykens, J.A., J.M. Shick, C. Benoit, G.R. Buettner and G.W. Winston. 1992.
Oxygen radical production in the sea anemone Anthopleura elegantissima and
its endosymbiotic algae. J. Exp. Biol. 168:219-241.

Ettinger, M.J. 1984. Copper metabolism and diseases of copper metabolism. In
R. Lontie, ed., Copper Proteins and Copper Enzymes. CRC Press, Boca Raton,
FL, pp. 175-229.

59



Federal Register, 1984. Development of water quality based permit limitations
for toxic pollutants; national policy. 49(48), Friday, March, 9.

Fitt, W.K., R.L. Pardy and M.M. Littler. 1982. Photosynthesis, respiration, and
contribution to community productivity of the symbiotic sea anemone
Anthopleura elegantissima (Brandt, 1835). J. Exp. Mar. Biol. Ecol. 61:213-232.

Foote, C.S. 1976. Photosensitized oxidation and singlet oxygen: consequences
in biological systems. In W.A. Pryor, ed., Free Radicals in Biology. Academic
Press, New York, NY, pp. 85-133.

Foote, C.S. 1980. Photooxidation and toxicity. In R.S. Bhatnagar, ed., Molecular
Basis of Environmental Toxicology. Ann Arbor Science, Ann Arbor, MI, pp. 37-
50.

Ford, C.E. 1964. Reproduction in the aggregating sea anemone Anthopleura
elegantissima. Pacific Science. 18:138-145.

Francis, L. 1976. Social organization within clones of the sea anemone
Anthopleura elegantissima. Biol. Bull. 150:361-376.

Francis, L. 1979. Contrast between solitary and clonal lifestyles in the sea
anemone Anthopleura elegantissima. Amer. Zool. 19:669-681.

Fredericks, C.A. 1976. Oxygen as a limiting factor in phototaxis and in
intraclonal spacing of the sea anemone Anthopleura elegantissima. Marine
Biology. 38:25-28.

Freedman, J.H., M.R. Ciriolo and J. Peisach. The role of glutathione in copper
metabolism and toxicity. Journal of Biological Chemistry. 264(10):5598-5605.

Glynn, P.W. 1984. Widespread coral mortality and the 1982-1983 El Nifio
warming event. Envir. Conserv. 10:149-154.

Goldberg, E.D., V.T. Bowen, J.W. Farrington, G. Harvey, J.H. Martin, P.L. Parker,
R.W. Risebrough, W. Robertson, E. Schneider and E. Gamble. 1978. The
mussel watch. Environ. Conserv. 5:101-125.

Hand, C. 1955. The sea anemones of Central California. Part I1. The
endomyarian and mesomyarian anemones. Wasmann J. Biol. 13:37-99.

Hansen, D.J. 1984. Utility of toxicity tests to measure effects of substances on
marine organisms. In H.H. White, ed.,Concepts in Marine Pollution
Measurements. Maryland Sea Grant College, University of Maryland, College
Park, MD, pp. 33-56.

60



Harland, A.D. and N.R. Nganro. 1990. Copper uptake by the sea anemone
Anemonia viridis and the role of zooxanthellae in metal regulation. Marine
Biology. 104:297-301.

Harland, A. D., G.W. Bryan and B.E. Brown. 1990, Zinc and cadmium absorption
in the symbiotic anemone Anemonia viridis and the non-symbiotic anemone
Actinia Equina. J. Mar Biol. Ass. U. K 70:789-802.

Houvenaghel, G.T. 1984. The hydroid Hydractinia echinata as a suitable
bioassay species for low reacting compounds. In G. Persoone, E. Jaspers, and
C. Claus, eds., Ecological Testing for the Marine Environment Vol 2. State
Univ. Ghent and Inst. Mar. Scient. Res., Bredene, Belgium. pp. 67-83.

Jackim, E. 1974. Enzyme responses to metals in fish. In F.J. Vemberg and W.B.
Vernberg, eds., Pollution and Physiology of Marine Organisms. Academic
Press, New York, NY, pp. 59-65.

Jennison, B.L. 1979. Annual fluctuations of the lipid levels in the sea anemone
Anthopleura elegantissima (Brandt, 1835). J. Exp. Mar. Biol. Ecol. 39:211-221.

Jewell, C.S.E. and G.W. Winston. 1989. Oxyradical production by
hepatopancreas microsomes from the red swamp crayfish, Procambarus clarkii.
Aquat. Toxicol. 14:27-46.

Johnson, E. M. 1983. In M.S. Christian, W.M. Galbraith, P. Voytek, and M.A.
Mehlman, eds., Advances in Modem Environmental Toxicology III, Princeton
Science Publications, Princeton, NJ, pp. 77-91.

Jop, K. M., A.M. Askew, D.J. Texeira and J. MacGregor. 1993. Quality control in
aquatic toxicity testing programs: evaluation of copper and hexavalent
chromium as reference toxicants. In W.G. Landis, J.S. Hughes, and MI. Lewis,
eds., Environmental Toxicology and Risk Assessment, ASTM STP 1179,.
American Society for Testing and Materials, Philadelphia, PA, pp. 397-404.

Karbe, L. 1972. Marine hydroiden als testorganismen zur prufung der toxizitat
von abwasserstoffen. Die wirkung von schwermetallen auf kolonien von Eimen
viridula. Marine Biology. 12:316-328.

Karbe, L., T. Borchardt, R. Dannenberg and E. Meyer. 1984. Ten years of
experience using marine and freshwater hydroid bioassays. In G. Persoone, E.
Jaspers and C.Claus, eds., Ecological Testing for the Marine Environment, Vol.
2. State Univ. Ghent and INst. Mar. Scient. Res., Bredene, Belgium. pp.99-129.

Lesser, M.P. 1989. Photobiology of natural populations of zooxanthellae from
the sea anemone Aiptasia pallida: assessment of the hosts role in protection
against ultraviolet radiation. Cytometry. 10:653-658.

61

_ _ - -



Lesser, M.P. and J.M. Shick. 1989. Photoadaptation and defenses against
oxygen toxicity in zooxanthellae from natural populations of symbiotic
cnidarians. J. Exp. Mar. Biol. Ecol.. 134:129-141.

Lindstedt, K.J. 1971. Chemical control of feeding behavior. Comp. Biochem.
Physiol. 39A:553-581.

Littler, M.M. 1980. Southern california rocky intertidal ecosystems: methods,
community structure and variability. In J.H. Price, D.E.G. Irvine and W.F.
Famham, eds., The ShoreEnvironment, Vol. 2, Ecosystems, Academic Press,
New York, NY, pp. 565-608.

Livingstone, D.R., P. Garcia Martinez, X. Michel, J.F. Narbonne, S. O'Hara, D.
Ribera and G.W. Winston. 1990. Oxyradical production as a pollution mediated
mechanism of toxicity in the common mussel Mytilus edulis L., and other
molluscs. Functional Ecology. 4:415-424.

Macfarland, F.K. and G. Muller-Parker. 1993. Photosynthesis and retention of
zooxanthellae and zoochlorellae within the aeolid nudibranch Aeolida
papillosa. Bi1. Bull. 184:223-229.

Mariscal, R.N. 1974. Nematocysts. In L. Muscatine and H.M. Lenhoff, eds.,
Coelenterate Biolology: Reviews and New Perspectives. Academic Press,
New York, NY. pp. 129-178.

Martin, R.B. 1986. Bioinorganic chemistry of metal ion toxicity. In H. Sigel, ed.,
Metal Ions in Biological Systems, Vol. 20: Concepts on Metal Toxicity. Marcel
Dekker, Inc., New York, NY, pp. 21-65.

Martin, M. and R. Severeid. 1984. Mussel watch monitoring for the assessment
of trace toxic constituents in California marine waters. In H.H. White.
ed., Concepts in Marine Pollution Measurements. Maryland Sea Grant,
University of Maryland, College Park, MD, pp. 291-323.

Matthews, G. and J. Hearne. 1991. Clustering without a metric. IEEE
Transactions on Pattern Analysis and Machine Intelligence. 13(2): 175-184.

McKnight, D.M. and F.M.M Morel. 1979. Release of weak and strong copper
complexing agents by algae. Limnol. Oceanogr. 24(5):823-827.

Minkel, D.T., K. Poulsen, S. Wielgus, C.F. Shaw, III and D.H. Petering. 1980. On
the sensitivity of metallothioneins to oxidation during isolation. Biochem. J.,
191:475-485.

Moore, M.N. and A.R.D. Stebbing. 1976. The Quantitative cytochemical effects
of three metal ions on a lysosomal hydrolase of a hydroid. Journal Mar. Biol.
Ass. U. K. 56:995-1005.

62

-4i



Moore, M.N. 1980. Cytochemical determination of cellular responses to
environmental stressors in marine organisms. Rapp. P.-v. Rdun. Cons.
int.Explor. Mer. 179:7-18.

Muscatine, L. 1961. Symbiosis in marine and freshwater coelenterates. In H.M.
Lenhoff and W.F. Loomis, eds., The Biology of Hydra. University of Miami Press,
Coral Gables, FL, pp. 255-268.

Nath, K.A. and A.K. Salahudeen. 1993. Autooxidation of cysteine generates
hydrogen peroxide: cytotoxicity and attenuation by pyruvate. Am. J. Physiol.
264:F306-F314.

Okazaki, R.K. 1976. Copper toxicity in the pacific oyster Crassostrea gigas. Bull.
Environ. Contam. Toxicol 16:658-664.

Paine, R.T. 1966. Food web complexity and species diversity. The American
Naturalist. 100(910):65-75.

Pearse, V.B. 1974. Modification of sea anemone behavior by symbiotic
zooxanthellae: expansion and contraction. Biol. Bull. 147:641-651.

Peddicord, R.K. 1984. What is the meaning of bioaccumulation as a measure of
marine pollution effects?. In H.H. White. ed.,Concepts in Marine Pollution
Measurements. Maryland Sea Grant. University of Maryland, College Park, MD,
pp. 291-323.

Perkin Elmer, 1982, Analysis of fish and seafood. In Analytical Methods for
Atomic Absorption Spectrophotometry. Perkin Elmer Corporation, Norwalk, CT.

Petering, D.H. and W.E. Antholine. 1988. Copper toxicity: Speciation and
reactions of copper in biological systems. Reviews in Biochemical Toxicology.
9:225-270.

Phillips, D.J.H. 1980. Quantitative Aquatic Biological Indicators-Their Use to
Monitor Trace Metal and Organochlorine Pollution, Applied Science Publ. Ltd.,
London, p.488.

Powell, M.I. and K.N. White. 1989. Influence of the heavy metals copper and
cadmium on the behaviour of Semibalanus balanoides and Balanus crenatus.
Mar. Behav. Physiol. 14:115-127.

Radi, A.A.R. and B. Matkovics. 1988. Effects of metal ions on the antoxidant
enzyme activities, protein contents and lipid peroxidation of carp tissues. Comp.
Biochem. Physiol. 90C(1):69-72.

Redpath, K.J. and J. Davenport. 1988. The effect of copper, zinc and cadmium
on the pumping rate of Mytilus edulis L. Aquatic Toxicology. 13:217-226.

63

Im m ne i I I l lll I I I l l ma I iBI qe . . . .



Regoli, F. 1992. Lysosomal responses as a sensitive stress index in
biomonitoring heavy metal pollution. Mar. Ecol. Prog. Ser. 84:63-69.

Reish, D.J., J.M. Martin, F.M. Piltz and J.Q. Word. 1976. The effect of heavy
metals on laboratory populations of two polychaetes with comparisons to the
water quality conditions and standards in southern california marine waters.
Water Res. 10:299-302.

Rijstenbil, J.W. and J.A. Wijnholds. 1991. Copper toxicity and adaptation in the
marine diatom Dictylum brightwelli. Comp. Biochem. Physiol. 100C(1/2):147-
150.

Samuni, A. M. Chevion and G. Czapski. 1981. Unusual copper-induced
sensitization of the biological damage due to superoxide radicals. The Journal
of Biological Chemistry. 256(24): 12632-12635.

Scott, D. and C. Major. 1972. The effect of copper II on survival, respiration, and
heart rate in the common blue mussel Mytilus edulis. Biol. Bull. 143:679-688.

Sebens, K.P. 1979. The energetics of asexual reproduction and colony
formation in benthic marine invertebrates. Am. Zool., 19:683-697.

Sebens, K.P. 1980. The control of body size and longitudinal fission in the sea
anemone Anthopleura elegantissima. Biol. Bull. 158:370-382.

Sebens, K.P. 1981 a. Reproductive ecology of the intertidal sea anemones
Anthopleura elegantissima (Brandt) and A. xanthogrammica (Brandt): Body
size, habitat, and sexual reproduction. J. Exp. Mar. Ecol. 54:225-250.

Sebens, K.P. 1981 b. The allometry of feeding, energetics, and body size in
three sea anemone species. Biol. Bull. 161:152-171.

Sebens, K.P. 1982. Recruitment and habitat selection in the intertidal sea
anemones, Anthopleura elegantissima (Brandt) and A. xanthogrammica
(Brandt). J. Exp. Mar. Biol. Ecol. 59:103-124.

Sebens, K.P. 1983. Morphological variability during longitudinal fission of the
intertidal sea anemone Anthopleura elegantissima (Brandt). Pacific Science.
37(2):121-132.

Shelton, G.A.B.1982. Anthozoa. In G.A.B. Shelton, ed., Electrical Conduction
and Behavior in "Simple* Invertebrates. Oxford Univ. Press, New York, NY, pp.
203-242.

Shick, J.M. 1991. A Functional Biology of Sea Anemones. Chapman & Hall,
New York, NY.

64



Shick, J.M., Hoffman, R.J., and Lamb, A.N. 1979. Asexual reproduction,
Population structure, and genotype-environment interactions in sea anemones.
Amer. Zool. 19:699-713.

Shick, J.M. and J.A. Dykens. 1984. Photobiology of the symbiotic sea anemone
Anthopleura elegantissima: Photosynthesis, respiration, and behavior under
intertidal conditions. Biol. Bull. 166:608-619.

Shick, J.M. and J.A. Dykens. 1985. Oxygen detoxification in algal-invertebrate
symbioses from the Great Barrier Reef. Oecologia. 66:33-41.

Shinar, E., T. Navok and M. Chevion. 1983. The analogous mechanisms of
enzymatic inactivation induced by ascorbate and superoxide in the presence of

V copper. The Journal of Biological Chemistry. 258(24): 14778-14783.

Singh, S.M. and P.M. Sivalingham. 1982. In vitro study on the interactive effects
of heavy metals on catalase activity of Sarotherodon mossambicus (Peters). J.
Fish. Biol. 20:683-688.

SPSS, Inc. 1992. SPSS Release 4.0, SPSS, Inc., Chicago, IL.

Stebbing, A.R.D. 1976. The effects of low metal levels on a clonal hydroid. J.
Mar. Biol. Ass. U.K. 56:977-994.

Stebbing, A.R.D. 1979. An experimental approach to the determinants of
biological water quality. Phil. Trans. R. Soc. Lond. B. 286:465-481.

Stebbing, A.R.D. 1981. The effects of reduced salinity on colonial growth and
membership in a hydroid. J. Exp. Mar. Biol. Ecol. 55:233-241.

Stebbing, A.R.D., J.J. Cleary, M. Brinsley, C. Goodchild and V. Santiago-
Fandifio. 1983. Responses of a hydroid to surface water samples from the river
Tamar and Plymouth Sound in relation to metal concentrations. J. Mar. Biol.
Ass. U.K. 63:695-711.

Stebbing, A.R.D. and B.E. Brown. 1984. Marine ecotoxicological tests with
coelenterates. In G. Persoone, E. Jaspers and C.Claus, eds., Ecological Testing
for the Marine Environment, Vol. I . State Univ. Ghent and Inst. Mar. Scient.
Res., Bredene, Belgium, pp.307-339.

Sternlieb, I. and S. Goldfischer. 1976. Heavy metals and lysosomes. In, J.T.
Dingle and R.T. Dean, eds., Lysosomes in Biology and Pathology, Vol. 5. North
Holland, Amsterdam, pp. 185-200.

Sunda, W. and R.R.L. Guillard. 1976. The relationship between cupric ion
activity and the toxicity of copper to phytoplankton. Journal of Marine Research.
34(4):511-529.

65

,-w



Tapley, D.W. 1989. Photoinactivation of catalase but not superoxide dismutase
in the symbiotic sea anemone Aiptasia pal/ida. Amer. Zool. 29:53A.

Thursby, G. B., B.S. Anderson, G.E. Walsh and R.L. Steele. 1993. A review of
the current status of marine algal toxicity testing in the united states. In W.G.
Landis, J.S. Hughes and M. Lewis, eds.,Environmental Toxicology and Risk
Assessment, ASTM STP 1179. American Society for Testing and Materials,
Philadelphia, PA, pp. 362-377.

Toxstat, 1990. Toxstat Release 3.2, D.D. Gulley, A.M. Boelter and H.L. Bergman,
University of Wyoming, Laramie, WY.

U.S. EPA. 1989. Biomonitoring for the Control of Toxicity in Effluent Discharges
to the Marine Environment. EPA1625/8-891015. U.S. EPA Center for
Environmental Research Information-Office of Research and Development,
Cincinnati, OH.

Van der Schalie, W.H. 1986. Can biological monitoring early warning systems
be useful in detecting toxic materials in water? In T.M. Poston and R. Purdy,
eds.,Environmental Toxicology and Risk Assessment, ASTM STP 921,
American Society for Testing and Materials, Philadelphia, PA, pp. 362-377.

Viarengo, A., G. Zanicchi, M.N. Moore and M. Orunesu. 1981. Accumulation and
detoxification of copper by the mussel Mytilus galloprovincialis Lam.: a study of
the subcellular distribution in the digestive gland cells. Aquatic Toxicology.
1:147-157.

Viarengo, A., L. Canesi, M. Pertica, G. Poli, M.N. Moore and M. Orunesu. 1990.
Heavy metal effects on lipid peroxidation in the tissues of Mytilus
galloprovincialis Lam. Comp. Biochem. Physiol. 97C:37-42.

Webber, C.1. 1991. Methods for Measuring the Acute Toxicity of Effluents and
Receiving Waters to Freshwater and Marine Organisms, 4th Edition. United
States Environmental Protection Agency, Office of Research and Development,
Washington D.C.

White, H.H. 1984. Mussel madness: Use and misuse of biological monitors of
marine pollution. In H.H. White, ed.,Concepts in Marine Pollution
Measurements. University of Maryland, College Park, MD, pp. 325-337.

Widdows, J. and P. Donkin. 1991. Role of physiological energetics in
ecotoxicology. Comp. Biochem. Physiol. 100C(1/2):69-75.

Wilkerson, F. P., G. Muller-Parker, L. Muscatine. 1983. Temporal patterns of cell
division in natural populations of endosymbiotic algae. Limnol. Oceanogr.
28(3):1009-1014.

Winston, G.W. 1991. Oxidants and antioxidants in aquatic animals. Comp.
Biochem. Physiol. 100C(1/2):173-176.

66

Immlm



Zachariassen, K.E., T. Aunaas, J.F. Borseth, S. Einarson, T. Nordtug, A. Olson
and G. Skjervo. 1991. Physiological parameters in ecotoxicology. Comp.
Biochem. Physiol. 10OC(1/2):77-79.

Zamer, W.E. and J.M. Shick. 1987. Physiological energetics of the intertidal sea
anemone Anthopleura elegantissima: Ih. energy balance. Marine Biology.
93:481-491.

Zamer, W.E. and J.M. Shick. 1989. Physiological energetics of the intertidal sea
anemone Anthopleura elegantissima, Ill. Biochemical composition of body
tissues, substrate specific absorption, and carbon and nitrogen budgets.
Oecologia. 79(1):117-127.

67



AIR FORCE OF SCIENTIFIC RESEARCH (AFSC)
tIOTICE OF TRANSMITTAL TO OTIC
This technical report has been reviewed and is
loproved for public release 1AW AFR 190-12
istribution in unlimited.

joan Boggs
STINFO Program Manager


