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"It is always pedantic to try to make forced use of statistical devices
borrowed from another field when they only poorly fit, Statististical
procedures are tools to be drawn upon only as needed for definite and
well-understood purposes, and those tools are best which are not only
most natural for the worker but also most readily understood by the
reader to whom the findings of the research are to be addressed. The
great historical contributions to statistics did not come about by the
intention of the author to make a statistical formula; on the contrary,
they were inventions devised for interpreting certain bafiling research
problems with which the investigator was confronted in some concrete
setting. It is such natural emergence of procedures from the needs of
the situation, rather than the imitative use of statistics, that should
be the ideal toward which we work, "

C.C. Peters and W, R. VanVoorhis,

“Statistical Procedures and
their Mathematical Bases',
1940
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ABSTRACT

Economical multifactor designs already employed in other scientific
vocations were selected for their applicability to human factors engineering
problems. With the designs in this report, the effects of between five and
thirty factors can be investigated with fewer than 300 observations, As
presented here, these are not merely a conglomerate of experimental designs,
but an approach which, if followed, should provide laboratory data from which
more precise prediction of field performance is possible.

To make certain that the most important factors are being investigated,
an initial experiment should contain the 15 or 30 factors -- or more if

S e et sl ety
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necessary -- that the investigator suspects have critical effects on performance.

Using screening designs, a long list of factors can be ordered approximately
in terms of their relative effects on performance and the factors which account
for most of the performance variability can be identified, Generally, only a
few factors -- probably less than 10 -- will be responsible for most of the
variance. If these factors are quantitative, as most of them are in human
factors engineering research, the function relating them to performance can
be approximated by a polynomial using response surface designs.

Human factors engineering experiments, as results from analyses of 14
years of published research reveal, have generally studied too few factors and
have taken many more observations than should have been required for the job,
The need for new approaches is attested to by the failure of the conventional
methods to provide experimental data that will account for most of the perfor-
mance variations within the experiment or will predict fieid performance,

To take less data and obtain more information than is ordinarily done
requires a shift in experimental philosophy and in experimental method.
Economical multifactor designs are viable research tools in human factors
engineering research because:

1. Replicating basic designs is often unnecessary,

2, Higher-order effects are usually negligible,

' 3. Analyzing the data as the experiment progresses often
permits an early termination of the study.

4, Experimental logic may be substituted at times for
actual data collection,

5. A conscientious effort on the part of the experimenter
can usnally make a small amount of data both reliable
and accurate.

Justifications for these principles are discussed.




FOREWORD

In a 1956 edition of a physics book, the author discussed the theory of
¥ space flight. He concluded with the prognosis that although such an adventure
was theoretically possible, man would never leave the earth's atmosphere
until he had developed a more powerful fuel, one capabls of creating the required
; thrust calculated by the author. A year later, however, the Russian's sent up
: their first satellite using the same fuel considered inadequate in the physics
4 book. Instead of using only one rocket -- the basis for the calculations in the
book -- they used two, one to boost the other, and by this different methodology
were aole to accomplish the ""impossible',

Investigators concerned with the design of man-machine systems usually
concede that the real world is more complex than their experimental simula-

tion, Some are satisfied with this, believing that the simplicity facilitates the

interpretation of the data and that eventually the results from many experi-
ments can be combined into a multifactor, cohesive data base, Others are
more skeptical of this simple approach, having observed how numerous

; efforts to quantitatively synthesize the results from human factors experi-
ments have not been very successful, Instead, they would prefer that their
experiments represent the real world more completely (i. e. include a much

larger number of variables), This objective has been hindered in the past in

part because when conventional experimental data-collection plans have been
used, they quickly exceed practical limits imposed by the available time and

money, The typical human factors experimenter, were he asked to obtain

empirical data necessary to relate fifteen or more factors to operator per-
T formance, might acknowledge that it was theoretically possible, but would
probably abstain, considering the request impractical and irresponsible, if

k. he were to consider it seriously at all,

This report provides an alternative approach for the investigator

o :a'.au"-tiﬁ

working on applied human factors engineering problems who is not satisfied

with how well his experimental results solve real world problems, Itis a
follow-on to the report, '"Considerations for the design and interpretation of
human factors engineering experiments', written last year. In that report,

a number of misconceptions and inappropriate methods commonly employed

i




in human factors experiments were discussed, Suggestions on how to

improve the quality of experimental data were made, This report provides

; the rationale and the tools for accomplishing this, particularly in regard to

1 collecting multifactor data economically, While these tools are basically i
the same as those traditionally employed in human factors engineering
research, the way that they are used is changed, This change makes the

seemingly impossible possible,

Much of the philosophy for experimental design in this report was

R

adapted from that described in numerous papers by G. E. P, Box, who has

developed many ingenious experimental plans for physical science research,

e

The designs described in this paper have been employed for many years in

chemical and agricultural research; they are included here because they are

suitable for research involving human behavior, particularly when the

independent variables are physical system parameters,

This report emphasizes method, design, and intepretation as they

mh

apply to the practical conduct of formal experimentation, Enough statistics :

are supplied as tools -- generally in an oversimplified form -- to help an
k| investigator use the designs immediately, but with little concern for either

statistical theory or methods of analysis, These must be obtained from the

original papers, This report should be read in order from beginning to end, 3
The chapters are sequenced so that each provide a class of designs that

match a corresponding phase of an entire experimental program, Knowledge

A ol

of subsequent chapters depends on the understanding of the previous chapters,

The time available for this report did not permit certain important 4
aspects of conducting economical multifactor experiments to be discussed.
A noteworthy omission is a discussion of the conduct of economical multi- )
factor ''undesigned' experiments, These are the ones in which the independent
variables are not under the experimenter's control, as is the case in many 3
field studies. Nor does this report provide information on how to control the

bias that the order in which different experimental conditions are presented to

iv
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the same subject may have on the effects of primary interest, Nor is the

cost involved in building a simulator suitable for truly multifactor experi-
mentation considered in this report, although it represents a practical
problem equal in magnitude to that of collecting data economically, Some of

the above omissions will be treated later in separate papers,

Iam convincéd that the approach proposed in this report -- if used
properly -~ can make a material improvement in the quality of human factors
engineering research, It must be put to use before the more subtle details
can be worked out and the conditions under which it will be optimally effective
identified, I welcome hearing from readers who care to discuss the content
of this report, who may need clarification on any point, or who disagree with

its content,

Charles W, Simon
1973
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CHAPTER 1.

REQUIREMENTS FOR UPGRADING HUMAN FACTORS EXPERIMENTS

"Economical multifactor designs' (EMDs), as the term is used here, refer to
data collection plans that enable a large number of factors to be investigated in a
single experiment while keeping the total number of obser~ations to a reasonable
size. For this paper, ''large' refers to at least five factors and at times as many
as 15 or 30. '"Reasonable size'' refers to a basic experimental design that contains
no more than 300 observation points and usually a great many less. The designs
described here were selected because they are suitable for most human factors
engineering experiments concerned with the problem of equipment design. Whether
or not they are suitable for other problems in which human performance is involved

will not be considered in this report.
s
IMPORTANCE OF EMDS FOR HUMAN FACTORS ENGINEERING RESEARCH

The importance of these designs to human factors engineering research cannot
be fully appreciated unless one has examined critically the information produced
from traditional methods of studying these problems. While the practical value of
the results of formal human factors experiments has been questioned in general (1),
little effort has been made to evaluate the productivity and effectivness of the
methods employed in this experimentation. Simon (44) compared the methods used
in human factors engineering research with the types of questions the research
was intended to answer. He concluded that the methods most commonly employed

were often misapplied or inadequate for obtaining the desired information. *

An Analysis of Some Human Factors Experiments

To provide a quantitative evaluation of the quality of data produced in human

factors engineering experiments and the methods employed to obtain this data, an

*Dunnette (26) has made similar criticisms about psychological research in
general. Campbell and Stanley (15) have questioned some of the techniques
employed in educational psychology.
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analysis was made of the experiments published in the journal, Human Factors,

b ke e,

between 1958 and 1972.% Their design characteristics and effectiveness in

N’ accounting for the variability in operator performance in the experiments were
determined. The results of the analysis showed clearly that many of these formal
experiments were little more than extravagant exercises, examining factors that
explained little of the results of the particular experiment and less when related to
performance in the real world. A reanalysis of 239 analysis-of-variance tables
reported in this journal during the fourteen year period showed that in approxi-
mately 60 percent of the experiments, the experimental factors that were purpose-
ly varied in order to measure their effect on performance accounted for less
than half of the total performance variance within the experiment. Since the median
number of factors studied in these experiments was two, the chances that this data
would predict performance in a complex operational situation with any degree of

accuracy are slim.

A

The 239 experiments were grouped for many analyses according to the number

of factors studied in the experiment. The percent of experiments having from none
to seven equipment (and system and environment) factors are shown in Table [I-l].

In this same table, the percent is shown when the experiments were regrouped

Table [I- 1] Percentage of 239 Experiments Studying Different Numbers of Factors

Number of Equipment, Subject, and
Factors Equipment Factors Temporal Factors
0 0.8 -
1 29.7 20.5
2 38.9 43.5
N 3 23.0 5.5
4 5.4 {5
d 2 RN SN dne
¥, 6 0 0
3 7 0.4 0.4
¥ *Reference will be made throughout this report to this analysis of the experiments
.5 in the journal, Human Factors. The conditions and scope of this analysis are
b described briefly in Appendix I.




according to the number of equipment, subject, and temporal factors in an experi-
ment. Sources of variance due to subjects and trials were defined as '"experimen-
tal factors' only when they were examined in the experiment for meaningful effects
as opposed to being treated merely as forms of replication. Only ten of the

239 experiments examined specific subject characteristics and onlf 36

M i S o N

looked for systematic effects of performance over trials, Inthe remaining
experiments, while subjects or trials would usually be removed as a source of
variance in an analysis-of-variance table, these effects were never examined or
interpreted further. Over half of the experiments in which subjects or trials were
treated as an interpretable factor occurred in an experiment studying a single
equipment factor. This accounted for the largest shift in the two distributions seen
in Table [I- l] when there was a drop in the number of one-factor experiments and
an increase in the number of two-factor experiments when subjects and trials were

considered to be factors.

St

The median proportion of performance variance in an experiment accounted

for by the experimental factors when only equipment factors were considered ver-
sus when equipment, subject, and temporal factors were considered differed by
only three percent overall. Histograms for the two analyses are shown in Fig-
ure [I-l]. It is apparent that whether or not subject and temporal factors were
included in the analyses of these human factors engineering experiments (with the
emphasis on equipment parameters), it made only a marginal difference in how
much of the performance variability was explained by the particular set of experi-

mental factors.

Experimental Design Characteristics. Characteristics of the 236 experiments

with from one to five equipment factors in an experiment are shown in Table [I-Z].
The contents of this table should be self-explanatory; the conclusions drawn from

this table are summarized and interpreted as follows:

1) The median number of equipment factors studied in all of the experi-
ments were two. Less than eight percent of the experiments studied

four or more equipment factors in an experiment (Column 2). Even
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Figure [I-l]. Distribution of proportions of variance accounted for by
! experimentez]l factors in 239 experiments.

when subject and temporal factors were counted, in only ten percent

of the experiments were four or more factors studied. [Table I- l]

2) The median number of levels per equipment factor for all experiments

was three (Column 3). For the five-factor studies, the median num-

ber of levels per factor reduced to only two, which meant that non-
K| linear relationships between main effects and performance could not

§ be estimated.

Considering the normal complexity of the real world, these experiments
of few factors would appear to be examining only a small part of it,
One can reflect on the problems that the blind men from Istanbul had in

Eawi ol £

defining the elephant in order to understand why the results from human
factors engineering experiments have had only marginal success in

quantitatively predicting performance in the field,
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i 3) Some experiments used more than a thousand observations to study

3 the effects of from one to five factors. Most of this effort — several
times more than that needed to collect information on the basic design-

‘ was expended making repeated measurements on the same experi-

mental conditions. (Column 5)

4) Subjects rather than trials were the primary method of replicating;
while the median values per groups appear reasonable, the maximum
number of replications for all groups were quite high. As the number
of factors in the experiments increased, the size of the experimental
effort seemed to deter the amount of replication to some extent.
(Column 4)

It seems that a great deal of effort which might have been expended collecting new
information over a larger experimental space was used only to make repeated

E’ measurements on the same conditions,

Quality of Experimental Results. In Table [1-3]. the median proportion of the

total performance variance accounted for by the experimental factors (and their
interactions) is shown for experiments grouped according to the number of factors
in the experiment. Two sets of data are shown — when the number of factors are
based only on equipment variables and when the number is based on equipment,

subject, and temporal variables. The conclusions drawn from Table {1-3] are:

5) On the average, the more equipment factors in an experiment, the
greater the proportion of the performance variability in the experi-

I ; ment that will be accounted for by those factors. This is essentially

the same when equipment, subject, and temporal factors are all con-

sidered. (Column 2)

' 6) When the equipment plus temporal (or subject) factor studies are
removed from the one-factor group and added to the two-factor
group, the proportion accounted for by the remainder of the one-
factor group increases and for the newly formed two-factor group
decreases (Column 2). This shift suggests that the presence of sub-
ject or temporal factors (as opposed to subject and trial replications)
tends to depress the proportion of the total variance accounted for by
the equipment factors alone, but that the effects of a subject or tem-
poral factor is on the average not as great as that of an equipment

factor in these human factors experiments.
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7) The probability that at least half of the performance variability will

be accounted for by equipment factors increases as the number of
equipment factors increases. "Probability'' is based on the percent
of experiments in the particular groups that equaled or exceeded the

amount shown. (Column 3)

These results show two important trends: One, with less than four independent
variables in an experiment, the factors that were purposefully varied accounted
for less of the variability in performance on the average than other conditions
which were supposedly replicated or inconsequential in the experiment. Two, even
when five factors were studied, there is still an uncomfortably large proportion of
the variance not accounted for. Outside the laboratory, other factors not included
in the experiment can also affect performance: this would serve to increase the
proportion of variance not accounted for by the experimental data were it applied

to the operational situation.

The values related to Equipment factors only in Tables [I-Z] and [1-3] can be
combined to provide a measure of the quality of the experimental results and the
redundancy and effectiveness of the experimental designs. These are referred to

as 'indexes' in Table [1-4] and are interpreted and defined as follows:

1) The quality of the data improves as the number of equipment factors

increases. ''"Quality' is defined here as the ratio of the proportion of

Table [1-4]. Some Relative Measures of Experimental Results.

Number of (1) (2) (3)
: eq.xipmentb Factors Quality Redundancy Effectiveness
in Single Experiment Index Index Index
1 0.19 24, 2.2
2 0. 45 30. 1.7
3 0.82 19. 2.3
4 1.56 51 0.8
5 1.86 57. 0.5

e




variance associated with the equipment factors to the proportion
associated with irrelevant sources of variance, (Column 1)

The redundancy in data collection more than doubles when more than
three factors are studied. '"Redundancy' is defined here as the num-
ber of observations in an experiment over the minimum number
required to obtain the coefficients of a polynomial describing a sec-
ond degree response surface. This calculation was based on the
assumption that there were three levels per factor. (Column 2)

The effectiveness of the experimental design decreases markedly

when more than three factors are studied. 'Effectiveness' is defined
here as the ratio of the proportion of variance accounted for by the
equipment factors over the total number of observations required to
obtain it. (Column 3)

These three indexes are bnsed on median values of the proportions and total
observations for each group of experiments. Had the same measures been made
for individual experiments, the range of values would be quite large; the use of
average here only helps to identify a trend. The measures of quality, redundancy,
and effectiveness should not be taken too seriously as absolute indexes; however,
as a crude indication of relative merit they can be useful in the comparison of
human factors engineering experiments.

Establishing EMD Requirements

To the extent that the experiments published over the past fourteen years in
the journal, Human Factors, are representative of human factorse engineering

research in geﬁeral. the numbers in Tables [I-3] and [1-4] would seem to indicate
that a great deal of time and effort has gone into obtaining information of limited
practical value. Particularly noteworthy is the increase in quality of the data at
about the same place — number of factors — that experimental efficiency drops off.

The results of the analysis clearly indicate the characteristics that future
human factors experimental designs must have if the goal of predicting field per-
formance from laboratory data is ever to be achieved. Specifically, experiments
must include a great many more factors than are currently included in a single




experiment and the number of observations must be held to a minimum in order to

make multifactor experiments economically feasible.

More Factors in the Experiment. The critical question is: Approximately how

many equipment factors should be included in an experiment if one hopes to predict
real world performance from laboratory data? A first approximation to answer _'

this question can be obtained from the data based on the equipment factors only in .
Table [1-3], Column 2,

If in the one-factor experiments, one equipment factor accounts for 0. 16 of
the total variance (on the average) how many factors would be needed to account
for "'all" of the variance? The arithmetic answer would be determined by dividing t
one by 0. 16 to obtain 6.3 factors. Based on the same calculation using the propor-
tions of variance accounted for by two, three, four, and five factors, we would
need 6.5, 6.6, 6.5, and 7.7 factors respectively to account for "all" of the vari- 1

ance in an experiment.

Considering the degree of independence among these groups of data, the

answers — centering around seven factors — are remarkably consistent. Perhaps

3

the extra factor which seemed necessary in the case of the five-factor experiments}

was needed to compensate for an inability to estimate the contribution of the quad-
ratic component of the main effects since for this group, there was a median of ’
only two levels per factor. On the other hand, this variation may have been merel
a quirk resulting from the small amount of available data. In any case, these num-
bers suggest that had approximately seven factors and three levels per factor been
used in these experiments most of the performance would have been accounted for,
on the average. The phrase, ''on the average, ' reminds us that the calculations :
were based on median values, and indicates that the hypothesized number of fac-
tors would be sufficient only fifty percent of the time. To account for most of the
variance ninety percent of the time, that number of factors would have to be

increased. A suitable correction would suggest that to account for most of the




|
|

performance variance in an experiment most of the time, approximately ten

factors, each at three levels, should be included in a single study. *

This recommendation, based as it is on empirically derived data, ignores the

theoretical principle that if an experiment were performed properly, then most of

the performance variance within the experiment should be accounted for by the
experimental variables whether the number of factors were ten or one. Supposedly
in the experiment, nothing else has been changed to cause the performance to vary.
However, in our sample, among experiments studying the same number of factors,
the proportion of variance accounted for ranged from 0,10 to 0.90. It is obvious

that other conditions must also be operating that have not been taken into account ]

yet.

ki

Two rather obvious situations can exist when the experimental factors fail to
account for most of the performance variance within the experiment: either the ]
relative effects of '"random" (chance) variability — although small — are over-

whelming the effects of experimental factors that have only small, albeit reliable,

effects, or there are major sources of uncontrolled or irrelevant variances run-

ning rampant in the experiment that distort the data so as to cause even important |

effects to appear relatively small.

- e

Therefore, the recommendation based on the empirical data that approximately

ten factors are needed to account for most of the experimental variance in an

experiment must be accompanied by the implicit assumptions that 1) there will be
a well-conducted experiment, and 2) the most important factors affecting perfor-
mance on the particular task are included in the experiment. How to conduct a

"clean" experiment is an art that will not be treated to any great extent in this

It might be argued that to consider including ten factors in an experiment

intended to compare the effects of three hand-controls, for example, on track-
ing performance would be meaningless. This might be so if an experimenter

could know that all other conditions of the experiment were identical to those that
would be experienced under operational conditions and that there would never be a
wish to generalize beyond these specific conditions. Since it is highly unlikely that
this would ever be so, many more factors than ''type of control" could be added to
the experiment relevant to the characteristics of the task, the environment, and
the personnel.




paper, although how this is done is neither intuitively obvious nor dealt with to any
great extent in institutions from which human factors researchers receive their
training. How to include the most important factors in an experiment will be a
major technique discussed later on in this report, and it has a bearing on the topic
at hand, i.e., number of féctors in an experiment. One method of finishing a pro-
gram with some assurance that the most critical factors have been studied is by
starting the program with more factors than will be eventually needed and allow
the empirical data to identify the most important. While it might be difficult for an

investigator to name the exact ten most important factors affecting performance on

a given task, even if he is quite familiar with that task, he can probably select fif-
teen or twenty factors within which he believes the ten most important ones will

eventually be found. Thus, it would be safer to begin a research program with

approximately fifteen or so factors in the experiments. This not only increases

the chances of having the more important factors included in the experiment but
also increases the chances of including the factors needed to accurately predict

performance in the operational situation.

If the initial fifteen or so factors are carefully selected by a knowledgeable
experimenter and the experiment is performed with reasonable care, the set of
factors that will ultimately describe and predict performance in the real world
might be smaller than the hypothetical ten. Budne's (14) comments are relevant on

this point. He wrote:

""Experience in a large number of screening experiments in industrial

situations has consistently shown that there are only a few critical varia-
bles and a large number of unimportant variables associated with each
specific problem. There is limited practical value in attributing
'statistical significance' to any number of the 'unimportant' variables
while one or more of the 'critical few' variables escape consideration. In
the real world it becomes useful to assume that total variation and total
effect can be broken into all of their components and that each component
may be attributed to a particular variable or cause. In the light of experi-
ence, it is both practical and useful to make the assumption that a very

few of these many variables or causes contribute a major portion of the ]

total variation or effect." (p. 140)

12
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Avoid Excessive Data Collection. The data in Table [I-Z]. Column 5, reveals

that in some cases thousands of observations were made to study the effects of one
or two factors. If truly multifactor experiments are to be conducted, there must
be some way to reduce the magnitude of the effort. An examination of the

239 experiments that were analyzed revealed a considerable amount of redundancy
in the data collection. For example, in 44 percent, the same subject was tested
more than once on the same experimental conditions. In 93 percent of the experi-
ments more than one subject was tested on the same experimental conditions.
These replications add to the magnitude of the data collection process and tend to i
reduce the number of factors an experimenter is willing to study. The question :
therefore is: how many observations are a reasonable number to consider when
selecting economical multifactor designs. Until more experience has been acquired,
the following logic was employed to answer this. If it is only necessary to deter-
mine the second-order relationship between fifteen factors and operator perfor-
mance, then a minimum of 136 observations would be required to estimate the

135 coefficients of a polynomial approximating that relationship. Since many
experiments will be considering fewer factors, somewhat arbitrarily, it would

seem that any experimental design initially requiring more than 300 observations

would be wasteful, Many should require less,

APPLICABILITY OF EMD TO HUMAN FACTORS RESEARCH

In the discussions that follow, methods of economically collecting multifactor
data will be described. No designs are included in this report that handle less than
five factors, and some techniques are described that will permit an examination of

from fifteen to thirty factors. iﬂ

An effort was made to include only those techniques and designs that were par- E |

ticularly suitable for experiments to arrive at design parameters for equipment

used by the human operator. While EMDs may not be applicable to all human fac-
tors engineering problems, they will be to a great many. There is so much room
for improvement in our research methods that even when certain designs are not

directly applicable, the principles behind these designs can still be useful.

13




Human factors engineering experimentation lends itself markedly to the
application of economical multifactor designs, First of all, because human
factors engineering research involves relating physical equipment and
environmental factors to operator performance, a majority of the factors to be
studied can be measured on quantitative and continuous scales. Second, human
factors engineering research must ultimately find solutions that are applicable to
real world problems. Any success in this regard will not be arrived at using pro-
cedures of the past, performing multitudes of small independently planned experi-
ments with the aim of ultimately consolidating their results. The failure of the
approach has emphasized the need to look at a bigger picture in a single experi-
ment, even if some precision is sacrificed initially. Third, the ma.jority of these
experiments are conducted under circumstances in which time and money are lim-
ited. These designs will enable the most information to be obtained at the least
cost. Finally, the designs, when used properly, encourage an investigator to seek
solutions to problems rather than to merely do experiments. In general, they pro-
vide a method of arriving at the best answer with a minimum of elegance and in

some instances provide a means of evaluating their own effectiveness.
ECONOMICAL MULTIFACTOR DESIGNS — A PREVIEW OF THINGS TO COME

The chapters that follow are arranged to be read consecutively. Unless a
reader is thoroughly familiar with each chapter in turn, he will not understand a
subsequent chapter. Although the designs described in each chapter have been
developed and even used in other disciplines as independent entities, the approach
proposed here for human factors research considers selected designs from each
chapter as steps in a sequence of designs which the experimenter would employ as
he progresses through the program. Thus the discussion in Chapter III on frac-
tional factorials — suitable for qualitative and quantitative factors — is included
here primarily to familiarize the reader with the technique to be employed in
Chapter IV. Chapter IV employs fractional factorials for purposes of quickly
screening large numbers of variables to discover which are the most important
ones. Chapter V describes the techniques whereby the effects of these more
important variables can be measured and related quantitatively to operator per-
formance. Presumably if out of a great many candidate factors the most important

ones are chosen, the final equation of seven to ten factors should permit more pre-

cise predictions of field performance than has been possible up to now. Before the




reader can be comfortable with the methods proposed in any of these three

chapters, however, he must understand, accept, and use the principles on which
economical multifactor designs are based. These are discussed next in Chapter II.

15
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CHAPTER 1I,

BASIC PRINCIPLES OF ECONOMICAL MULTIFACTOR DESIGNS

The economical multifactor designs (EMDs) discussed in this paper do not
differ markedly from designs traditionally employed in human factors research.
They are all branches of the same general family, stemming from the theory of
multiple regression and its specialized form of the analysis of variance. Emphasis
is given to special features of the factorial designs, particularly the 2" series
incl\;ding the principles of single degrees of freedom, confounding, and fractional
replicates. The experimenter who is familiar with these topics of mathematics and
statistics will have little trouble understanding the underlying structure of econ-

omical designs.

The difficulties that may arise in the use of EMDs will come from the shift in
philosophy, the difference in the experimental approach, and the degree of control
and involvement the investigator must have as compared to the way much human

factors engineering research has been traditionally handled,
SOURCES AND METHODS OF ECONOMY

EMDs can best be understood through an understanding of the principles on
which they are based. Since the only practical means of including more factors
within the same experimental plan is to reduce the_.v amount of data that must be
collected to an absolute minimum, the principles for EMDs revolve about the sources
from which and the methods by which the economy can be obtained. The following

sections outline the contents of Chapter II.
Sources
Which experimental conditions should be eliminated from replicated factorial

designs in order to reduce the size of an experiment without a material loss of

information? In most experiments, some economy can be achieved by:

16




Methods

1) Minimizing repeated measurements of the same experimental conditions.

Given the choice between including more factors in an experiment or
replicating a smaller experimental space, the former will generally
provide the most unbiased estimates of the effects of interest. In fact,
there are many instances in which there is little to be gained from

replication.

2) Not measuring experimental conditions in order to estimate effects
that are likely to be non-existent or relatively unimportant. To plan
to isolate the effect of a fifth-order interaction, for example, is to com-

bine unwarranted optimism with an inordinate waste of time and effort.

These principles seem so intuitively obvious. How wasteful it is to study the :
same thing over and over again or to study unimportant aspects of the problem when
the same effort might have been used to examine a larger portion of the critical
space. Yet from its inception, human factors research has tended to emphasize

the former approach. ;

"It ain't what you do but the way you do it, " an old song informs us. Economy
can be achieved in the collection of experimental data by changing the way data has

been typically collected in the past. Three more principles of EMDs are:

3) Use a more flexible approach to data collection. Begin with an experi-
mental plan that can be modified as the experiment progresses, changing
direction if necessary or terminating the data collection when it is

apparent no more information can be obtained.

4) Substitute investigators' knowledge and analytical skills for actual data
collection. Experimenter objectively is a desirable goal, but not to the
point that known data is discarded and time and effort is wasted trying

to rediscover it.
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5) Take extra precautions to minimize irrelevant sources of performance
: variance that creep in to bias the data collection phase. This can reduce
3 : the need to take extra data that serves primarily as a cover-up for

poor procedures.

Each of these principles is based on continued investigator involvement from
the pre-experimental planning stage, through the data-collection, to the analysis
and interpretation of the data. How different this is from the usual approach
where the principle investigator plans an experiment and turns it over to his
lesser-trained assistant to run and analyze. In using EMDs, the investigator will
consider more carefully why he is collecting his data and what he really wants to

, get out of it. He will be more interested in finding answers than in doing
"experiments.'  He will rely more on himself and less on the experimental design
to guide his data collection and analysis. He will become willing to accept flexible
plans and probabilistic guesses as important tools of the research process. He

will find himself more involved in the total experimental process than ever before.

The rationale on which these principles are based will be discussed in the
sections that follow. The reader who finds some of these principles difficult to
o accept because of his previous experiences should be reminded that those expe-

b .‘ riences have come almost totally from experiments in which fewer than five equip-

ment factors have been investigated in a single study. It will be shown how some

uneconomical methods employed in human factors research in the past were needed
to cover the limitations which result from studying only two or three factors in an
experiment, and how the reasons for many of these methods disappear when five
or more factors are to be studied. To really feel comfortable employing economical
multifactor designs, the investigator must get used to 'thinking big.'" The very

- conditions that must be present to safely study many factors economically are the

i ones that exist (for the careful experimenter) when many factors are included in

a single design. The principles themselves tend to support one another,

.

9

{ £y The five basic principles underlying EMDs are described in detail below,
= including the rationale, supporting data, and the conditions under which they are

and are not applicable.

18




T ————

EMD PRINCIPLE 1. DON'T REPLICATE A BASIC EXPERIMENTAL DESIGN
UNNECESSARILY. 1

If the number of replications of an experimental design is held to a minimum,
the savings that result from not making repeated measurements on the same con-
ditions can be used to make measurements on different experimental conditions.
Some replication may be necessary if for no other reason than it may give the
experimenter more subjective confidence in his data and when no economical
limits are placed on the data collection and analysis, it need not be discouraged.
In the past, however, replicating has been too often the tail that wagged the dog:
in order to be able to replicate, fewer factors had to be studied in the experiment.
This proves to be the wrong choice in most cases, for a precise study of a small
portion of the experimental space has little predictive power in an operational -
situation in which performance is affected by a great many factors. The results of
a great many small experiements have never been satisfactorily consolidated (44)
When there are limits on time and money and it is necessary to choose between
making repeated measurements on the same experimental conditions or taking new
data over an expanded experimental space, the latter alternative will generally
result in more and better information, particularly when a large number of factors

is involved.

Why Replicate ?

Most experimenters tend to replicate automatically whether they need to or
not. In this section, the reasons that investigators replicate will be discussed and
a distinction will be made between those circumstances when it is and is not neces-
sary. By attending to this distinction, data collection can be reduced and the

savings redirected toward studying more factors at nominal costs.

Replication of a basic design can be achieved by testing more than one subject
on the same experimental conditions or testing the same subject more than once on
the same experimental conditions. There is an implicit assumption that the subjects
have been drawn at random from a homogeneous population, and that on retesting :

the same subject, performance on subsequent trials can be measured independently
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of performance on preceding trials. There are several reasons why repeated

measurements are made in these experiments:

1) To increase the precision with which mean performance can be

estimated.

2) To obtain an estimate of error variance to test for statistical

significance.

3) To measure the effects of individual differences or changes in per-
formance over time by treating the dimension being replicated as

an experimental factor.

As the discussion which follows will show, some of these goals may be
achieved without replication and some are irrelevant to the original purpose of
conducting the experiment., If economy in experimentation is important, an |

experimenter must be able to distinguish among the different circumstances.

Replicating to Measure Performance More Precisely

 Investigators have often replicated their basic experimental plan to obtain a
more precise measure of mean performance. In some human factors experi-
ments, the use of multiple replications has been justified on the basis of improved

precision when in fact:
- the use of replication for precision is unwarranted

- an alternative to replicating for precision exists,

Situations in which Replication for Precision is Generally Unwarranted. There

are certain tasks in which wide, unexplained fluctuations in performance occur from
trial to trial which totally obscure the ''true' measures of mean performance.

When this occurs, many investigators will make repeated measurements on the

same conditions, using either extra trials or many subjects, and use only an aver-
age measure in subsequent analyses and discussions to smooth the effects of the
unwanted fluctuations. Quite often this situation arises when experiments are
being conducted in the field, where the need for economy is often greater than in

the laboratory. To solve this "problem' by replicating many times is both

inappropriate and unwarranted,
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What the experimenter has done by smoothing the data in this way is to obtain

a clearer picture of the mean effects of the conditions that were included in his 1
experiment. What he has failed to do is to understand the reason for the large
fluctuations that did occur and will probably reoccur under operational conditions.

Thus averaging can give a precise estimate of a trivial effect and an inflated

sense of the importance of the experimental conditions in the experiment, but may
cause the investigator tc overlook far more important sources of variance that
must be understood if generalization from the laboratory data to the operational
situation is to be of practical value. Replicating an experimental design for this
purpose is not only uneconomical but becomes the means by which the investigator
avoids his research responsibilities. It allows him to be lazy in the planning and
the conduct of the experiment, hiding rather than identifying, controlling, and
isolating effects. If the investigator, instead of replicating, had used the same
data collection effort to identify the causes of the wide fluctuations, the quality of
his information would have been markedly improved. In those cases where it is
not possible to control factors that are suspected of accounting for the fluctuations,
both economy and understanding can be achieved if suspected parameters are
measured and their effects evaluated using a regression model. Replication should
not be used to hide sources of variances which instead should be and could be

identified and measured.

Situations in which Precision can be Obtained without Replication. There will

always remain some fluctuations in performance that cannot be readily identified:
replication can be used in these cases to obtain a more precise estimate of mean
performance. The standard error of the mean — the measure of its precision — is
inversely related to the square root of the number of observations used to obtain
the mean. Therefore the more observations that are involved, the narrower the
range within which the true mean can be expected to lie.

It should be no* ! that to replicate for precision may have grown out of an ‘
experience involvi 11y experiments in which a few factors were studied. Ninety-

two percent of the experiments published in Human Factors between 1958 and 1972

included only three or fewer equipment factors. With designs of that small size,

some replication may have been necessary to obtain a sufficient number of degrees

of freedom and a comfortable degree of precision. However when experiments
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with five or more factors are studied, as considered in this report, replication

for precision will be unwarranted,

Making repeated measurements of the same experimental condition is not the
only way to increase the number of observations used to estimate a mean, If the
number of factors in an experiment is large enough, there is sufficient hidden
replication (30, p. 103) within the basic design to provide a reasonable precision
without replication. For example, if a factorial experiment were conducted on
eight factors, each at two levels, the total number of observations (or experimental
conditions) in the experiment would be 256. Therefore each mean of a main effect
would be calculated from one-half of the observations, or 128 in this case. Each
effect, whether main or any order of interaction in these 2™ designs, being merely
mean differences between two halves of the experiment, will all be based on 128

measures.

Hidden replications can have certain advantages over true replications. Hidden
replications of the different levels of a single factor, since they are actually taken
in combination with many different levels of the other factors, provide a more
representative measure of mean performance within the experimental space
than would be the case if the replications were repeated measures of the same
condition, This is desired when the purpose of the experiment is to obtain a general
multifactor function relating the equipment variables to performance across
a great many conditions. If, of course, the interest rests in a specific task, the
precision of the equation— an average across the total multifactor space — may not
describe as precisely some points in that limited space representating the particular
task under consideration. This then, in a particular mission and task situation,
might be the one, situation-specific cise where replication for precision might be

justified,

The general rule however is not to replicate when hidden replications provide

enough observations to make reasonably precise estimates of the main, two-factor

interaction, and possibly three-factor interaction effects,
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Replicating to Obtain an Error Estimate for a Significance Test

Replication can provide an estimate of experimental error, which is used in
tests of statistical significance as the standard against which observed differences
among experimental conditions are tested. Chew (17, p. 5) defines experimental
error as ''the failure of two identically treated plots, or experimental units, to give
identical yields, or responses.' This error is assumed to be distributed normally.

In practice, where economy is a viable criterion in the design of an experiment,

- there are acceptable alternatives to replicating to obtain an

estimate of the error variance

- there are circumstances when no error variance is needed.

Situations in which Error Estimates can be Obtained without Replications.

Behavioral scientists have tested the statistical significance of effects without
replicating to obtain an estimate of the error variance. When factorial designs

have been too big 1o replicate, the highest-order interaction has been used in lieu

of an error term. In doing this, the experimenter implicitly made the assumption
that the effect of this interaction on performance is negligible. By definition, for
an effect to be negligible, the variability in performance would be no greater than
could be expected by chance. In practice, this assumption is altnost never checked.
Circumstances under which this assumption is likely or not likely to be wvalid will

be discussed later.

Error estimates can also be obtained without replicating the basic design by

using what might be called — employing a chess-term analogy — a ''discovered' replicas

tion. If a large number of factors is studied in a single experiment, it is highly
probable that the effects of some will be negligible. If data is collected originally
with the unreplicated design, that data collected on factors with negligible effects

(and we need not know which these will be ahead of time) can be used to obtain an

- estimate of error. This is so, of course, because by definition if an effect is

negligible, there are no meaningful differences among levels and they therefore

represent a replication,

If the number of factors in the study is large enough, there will be little trouble

in deciding whether or not effects are negligible. Mere consideration of the
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practical value of observed differences should suffice. In addition, if the propor-
tion of variance attributable to the particular factor is small, its relative impor-

tance within the experiment is established.

Situations in which Error Estimates are Unwarranted. Traditionally tests of

statistical significance have been used to identify critical factors in human factors
engineering research. An investigator would select a group of factors that he
believed to be important, would collect some performance data on the conditions
representing combinations of these factors, and would apply a significance test to
decide whether his '""hypothesis' (that these were important factors) was correct.
Since a majority of human factors experiments have been relatively small, replicat-
ing the basic design has been the only way the error estimate used in the signifi-

cance test could be obtained.

But tests of statistical significance only measure the reliability of an effect, ]
not how much of an effect there is, The results of such tests can be influenced
by any number of decisions on the part of an investigator, There have been
serious questions raised as to its suitability for factor identification (3)(4)(31)(37)
(38)(41)(44). With many replications, the biggest danger is the identification of

statistically significant (i. e., reliable) factors that have only trivial effects, *

The identification of critical factors, therefore should be based on whether
the effect on performance is important rather than merely reliable. Ordinarily

in a multifactor experiment, if the former is true, the latter will follow,

*In the analysis of the experiments in Human Factors, out of 494 main effects that
were examined, 194 accounted for 0.04 or less of the total variance in their
particular experiment. Of these, the invesigators concluded that 11. 7 percent
of them were '"'statistically significant' effects. In one three-factor study involv-
ing 3024 observations (49), one of the factors was statistically significant at
p <0.01. However, all of the factors including the significant one and their E

: interactions combined accounted for less than one-half of one percent of the total g

T variance, while the error variance (experimenter's categorization) accounted for

b 0.92 of the total variance. The remaining 0. 07 was almost equally distributed
- - between subject and subject-by-experimental factor interactions. Much discussion

was generated by the identification of the ''significant'' but trivial affect.
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For factor identification, or screening experiments as they are referred to in this |
report, tests of significance need not be made. It is assumed instead that with
reasonable care and effort, if enough factors are included in the basic experiment, |
any random variance associated with replication would be inconsequential relative j
to the other effects. As Budne (14, p. 140) stated: 'the existance of high residual '
variation in an experiment merely indicates that the most important variables were
not included in the experimental design, [Note: Other possible explanations for
high residual variations are considered in the discussion of EMD Principle V.]
Statistical significance alone is a function of sample size and this residual varia-
tion, and is thus not a good measure of what is or is not important in the real world.
The absolute magnitude of residual variation must be considered. When estimating
error variances for significance tests is of secondary interest, then replicating
designs for this purpose is unwarranted. As Davies (23, P. 20) points out, obtain-
ing error estimates for screening experiments is unjustified since these are not

the types of experiments in which irrevocable decisions must be made.

When Subjects and Trials are Treated as Experimental Factors

Psychologists have always had some concern for individual differences., To
study individual differences, more than one subject must be tested under the same
set of conditions. Psychologists have also had a long involvement in problems of
learning, forgetting, and other phenomena of changes in performance over a period

of time. To study these temporal factors, the same individual must make repeated

73 Py measurements on the same task. In some experiments, however, knowledge of the
," A effects of trials or subjects on performance is of primary interest; in others, this
e knowledge is treated merely as an irrelevant fact.

b £ ;' Situations in which Multiple Subjects and Trials are not True Replications.

i , Some human factors experiments include among their experimental factors — in

addition to the equipment factors — subject and temporal factors. For example, an
experiment may be designed to answer questions such as: Do pilots perform dif-
ferently with a new display-control configuration than non-pilots? Should equipment
be designed differently to compensate for age or sex differences among operators?
How much difference is there in operator performance using different devices after
a great deal of practice? What effect does the design of a piece of equipment have

Gi) 3 on the ability to perform a monotonous task? Answers to these questions can only
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be obtained from experiments in which several subjects perform the same tasks or

single subjects repeat the same task several times.

In these cases, however, multiple measures on the same condition of an equip-

ment factor are not really replications. In these quasi-replications, the special

e

characteristics of the subjects or the positions of the trials in a series of trials

are intended to represent (in conjunction with the equipment characteristic)a unique

mie st

experimental condition, When this is so, the subject characteristics and temporal

changes over trials are treated as meaningful factors in the same sense that the
equipment factors are. In these cases, the interactions among equipment, subject, :

and temporal factors are also meaningful, This is not the case when subjects and

trials are intended to be only replications, ;

When multiple subjects and trials are employed to estimate a meaningful

effect, therefore, the discussion on minimizing replications does not apply.

However, the analysis of the 239 human factors experiments revealed that in only
5 percent of those in which multiple subjects were used was there a concern about
the effect some subject characteristic such as their sex, experience, or handedness 3
had on the ability to perform using the equipment. Only 35 percent of the experi-
ments in which the same subjects were tested repeatedly on the same experimental i
conditions was there any interest in the effects of such temporal characteristics

as learning or the effects of performing a task over extended periods of time.

In view of the limited number of times when subject and temporal changes i

were actually meaningful factors, it is important to distinguish when that is the
case and when it is not. The distinction affects critical decisions for the design of

the experiment.

Situations in which Measures of Individual Differences are Irrelevant. Rela-

tively few human factors engineering experiments actually include subject charac-
teristics as factors of their design. This probably has its historical origin in the
fact that human factors experiments are conducted to find ways of optimizing per-
formance by improving the equipment rather than by selecting or training the

operator. Whether or not the separation of these various effects on performance

is wise cannot be discussed here. Obviously where a disordinal interaction can be
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expected between subject and equipment characteristics, both sources of variance

must be included in the same experiment.

In the majority of the cases, however, when repeated measures are made on |
the same experimental conditions using different subjects, the variance associated j
with subjects will sometimes be isolated and presented in an analysis-of-variance ;
table, and thereafter ignored. Neither the discussion of the results nor the conclu-|
sions drawn concerning the data will mention anything about this subject variance.
Under these circumstances, this data must be considered irrelevant. ~.

It is sometimes argued, however, that knowledge of subject variance is a ;
measure of individual differences and will be important when the results of the
experiment is to be applied to the real world. In practice, unfortunately, this is
seldom the case; the variance attributable to subjects is seldom a useful piece of

information. To be useful,

- the subjects employed in the experiment must be truly repre-

sentative of the population to which the data is to be extracted

- representativeness must be based on multiple characteristics

- the values of the characteristics for the sample and population

must be known.

These conditions seldom exist for the typical human factors experiment,
When multiple subjects are run as replications, the chances that they are repre-

sentative of the population is slight for the following reasons:

1) The average number of subjects in human factors experiments run

around ten,

2) In many cases, no systematic sampling of subjects is or can be made and *

the ones that are used are those that are available,

3) When subjects have been selected, it is often on the basis of a single
label (for example, Air Force pilot). It is seldom that additional
considerations (such as amount of flying time, types of aircraft
flown, etc.) that account for wide variations in performance are

taken into account,
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4) Quantitative descriptions of population and samples are seldom f

available making it impossible to adequately identify to what

sub-portion of the population experimental results refer,

In addition, the artificiality of the experimental situation also influences
the performance of individual subjects., A part of the variability between 1
subjects' performance reflects the basic instability of a mean score for subjects
that are often still learning how to handle the experimental situation as the study 1
progresses and do so at different rates, In summary, it is highly presumptive
to believe that the variance associated with the performance of a small group of
subjects used to replicate an experimental design has much permanency or prac-
tical validity insofar as the experimental results may be applied to the real world, 1

Under these conditions, replicating experiments for this purpose is not justified.

Special Situations, There are some common ‘situations in which it is easy to

confuse quasi-replication with the irrelevant replication and vice-versa. One
experimental design not readily recognized as an example of quasi-replication is’
that in which several subjects are tested on the same series of experimental con-
ditions but the order of presentation is varied to compensate for any biased effects
that sequential position might have on the measure of the particular condition.
Although the basic experimental design is being repeated by each subject, it is not
true replication since the subjects are confounded with an additional variable —

order of presentation.

11"1 a second case, when a quantitative variable is being studied, collecting too
many levels of that variable is not only uneconomical but also an unwarranted form
of replication. As a general principle, to take more than N + 1 levels of a quan-
titative variable that can be related to performance by an equation of degree N is
wasteful, A simple example of this would be when the relationship between an
independent and dependent variable is known to be a straight line within the limits
of interest (i.e., can be approximated by a first degree equation). Under these
circumstances to include more than two levels of the independent variable in the
experimental design is to obtain redundant information and would be equivalent to
replicating. In practice, of course, there is always some uncertain'y of the order

of the relationship to expect and there are certain economical experimental designs
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which require a large number of levels per variable. However, where economy is

a consideration, more than the necessary number levels of a quantitative variable

must be considered to be another form of unwarranted replication.

When Replications are Desirable

Although replicating has frequently been used unnecessarily, it would be
foolish to claim that replications are never necessary, There are circum-
stances when multiple measurements of the same experimental condition
can provide additional information toward an understanding of the problem

under investigation,

Investigating Transfer Effects. In human factors engineering studies, the

experimenter must be careful to minimize the effects of the order in which a num-
ber of experimental conditions are presented to the same subject. This has already
been discussed and the point was made that running more than one subject for the
purpose of reducing this order of presentation effect is not considered to be
ordinary replication. Instead, the requirement that each subject to be tested on
experimental conditions in a different order adds a new factor, another source of

variance, to the experiment and should be considered in the analysis.

In the experiments analyzed in the journal, Human Factors, many investigators

verbalized concern about this order-of-presentation effect; however, when system-
atic counterbalancing was employed to compensate for such effects, relatively few
statistically removed the variance associated with the effort, This could inflate
the error variance for the tests of significance of the differences among the equip-
ment variables. What's more, in no experiment was an effort made to isolate

the transfer effects from the direct effects of the mean performance for each
experimental condition. A transfer effect is the residual effect that carries over
from one experimental condition to affect the results of the experimental condition
tested next. Residual effects may carry over to more than one subsequent con-
dition. In some experiments, transfer effects are considered to be a nuisance;

in others — particularly in training problems — interest in the residual effects may

be as great or greater than in the direct effect.

Cdcaitin.




To obtain the best information about transfer effects, replication of experi- 4

mental conditions is required. In some designs, each subject repeats the first ;
one of a series of experimental conditions in a row of a latin square design used to
counterbalance order. The methods of handling transfer effects is too large a
topic to be treated here, but may be found in other references. (2)(16)(39)

Developing the Power of the Test in Comparison Studies. Simon (44) dis-

tinguishes between human factors engineering experiments which try to identify

the factors having the most important effects on performance and those which com-
pare the relative effectiveness of several experimental conditions. In the former
case, replications can increase the degrees of freedom to a point where tests of
significance begin to spotlight trivial effects. In the latter case, particularly when
the interest in the comparison study is to establish that there is no difference in
operator performance on two or more equipment conditions (for example, in order
to justify the use of the least expensive piece of equipment), then some way is
needed to increase the power of the F-test. To insure that the F -test will not lead
to an erroneous conclusion that a difference of a certain magnitude does not exist
when in fact it does, the degrees of freedom of the error estimate should be large.

Replication may be the only way to achieve the required power.

Estimating Error Variances for Significance Tests from Partial Replications.

Although the importance and value of tests of significance have been more or less
downgraded in this report, they cannot be totally discarded., Tests of significance
can be helpful when the experimental data was sloppily collected so that there is a
relatively large amount of variability outside the effects of interest. If the numbers
that make up means are highly variable, then differences between means must be
viewed with some degree of skepticism. Tests of significance can be applied to
check the overenthusiasm of an experimenter who might otherwise accept as
reliable differences between means that were actually attributable to irrelevant

sources of variance.

To keep the amount of data collection within reasonable bounds for this purpose,

economy can be maintained by replicating only a portion of the total experimental




design, There have been a number of plans for partial replication for specific

purposes. These include:

1) Making repeated measures at the center of the experimental space. This

technique has been used to obtain an error term in central-composite
(response surface) designs with which to test how well first or second

order regression models fit the experimental data. (9) |

2) Repeating a fraction of the complete design, It is sometimes
feared that variability may change away from the center of an experimental

design. Dykstra (27) suggests a technique of partially replicating over

the entire experimental area to obtain more precise estimates of the

coefficients of a second order polynomial, more degrees of freedom to
estimate experimental error, and a more powe rful test of the adequacy

of the second order model. Box (6) also discusses this alternative.

Minimizing Experimental Artifacts. Pragmatically, there will be times when

running a subject repeatedly on the same experimental condition may be justified

in the name of economy. If the number of observations in a basic design is large

and there is a need to be concerned with the order of pregentation, then it may be

- desirable to run several trials sequentially on the same condition to offset transfer

effects without the need for counterbalancing. In many transfer situations, with

reasonable planning the residual effect will usually subside after a trial or two. In
practice, this assumption should be tested. However, if it is so, and if care is
taken to avoid learning or fatigue effects, several trials may be run (for example,
four). Then the first two, which may be biased from the residuals effects from
the previous experimental condition, can be eliminated from any calculation. This
situation differs from the one in which replications dre used to escape from the
responsibility of explaining real but unidentified sources of variance. On the
contrary, in the present example, replication is used to overcome an artificial
and identified variance which came from an experimental procedure. In the end,

i A

as an alternative to counterbalancing (which can require a great many additional
observations), the above technique could prove more economical, Its validity
could be tested by running two subjects on all conditions in opposite orders to

see how well the means correlate, If order effects have been eliminated,

and if there is no reason to believe there are disordinal equipment-by-subject
interactions, then an almost perfect positive rank-order correlation should be
obtained.
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A second situation in which the experimental method might introduce a bias is
the habituation and expectation found in psychophysical measures of sensory
threshold in "methods of limits'' studies. By running each subject at least two
trials on the same condition, first approaching the threshold from above and the
second time approaching it from below, these artificial biases should be averaged

out.

In general, if an experimenter must replicate — if it helps him feel more
comfortable about his results — he can always do it after he has run through a study
once and examined his data., That would be the time to decide just how much
replication is required, rather than before the experiment has been planned. Even
if three or four replications are ultimately made, this is still more economical

than the number that have typically been employed.

EMD PRINCIPLE II. IF HIGHER-ORDER EFFECTS ARE ASSUMED NEGLIGIBLE,
THE DATA REQUIRED TO ISOLATE THESE EFFECTS NEED NOT BE COLLECTED
UNTIL THERE IS EVIDENCE THAT THE ASSUMPTION IS INVALID.

Some EMDs reduce the amount of data to be collected by not isolating certain
higher-order effects which are assumed to be negligible. Higher-order effects
generally refer to three-factor (or higher) interactions, and any third degree (or
higher) component of a function relating operator performance to an experimental
variable. If the a ssumption of negligible higher-order effects is valid, then this
reduction in the data collection effort is obtained with essentially no loss of critical
information. Preferably, the experimenter begins with the assumption of negligible

higher-order effects, which he continues to check as the experiment progresses.

What is ""Negligible'' ?

At 1eas£ two criteria are useful for deciding whether an effect is negligible or
ndt. The first is whether the absolute size of the effect in the experimenter's
judgment would have any practical effect on performance. The second is how the
size of the effect compares with the size of the other effects in the same study.
Proportion of performance variance (eta squared) is a useful measure (31), and
withia any experiment, effects accounting for one or two percent of the total

variance ordinarily can be considered small,
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Whether an effect is negligible or not has nothing to do directly'with whether
or not it is statistically significant. It may be statistically significant yet negligible

or not significant and not negligible. *

When Psychologists have used this Assumption

There are a number of situations in which psychologists have traditionally
employed the assumption of negligible interactions. Perhaps the most common has
been their use of a Latin (or Graeco-Latin) square design. A Latin Square design
provides an economical way of estimating the effects of three factors on perfor- ]
mance provided that no interactions exist among the factors. For example, to
study the effects of two types of controls (A or B), handedness of the operator
(Left or Right), and direction of movement relationship between display and control

(Direct or Indirect), a single replicate of a complete factorial design would require

eight experimental conditions. On the assumption that no interactions exist among
3 the factors, a Latin square design with only four experimental conditions can be
: used to e stimate the effects of the three factors. The experimental plan would ]

look like Figure [II-1].
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.§ Cell (1) = Control A, Left handed operator, and Direct motion relation

Cell (2) = Control B, Left handed operator, and Indirect motion relation

Cell (3) = Control A, Right handed operator, and Indirect motion relation

'.-*

qf Cell (4) = Control B, Right handed operator, and Direct motion relation
.

; \ Figure [II-1]. Latin square experimental d'esign for three factors.

“In the analysis of the experiments in the journal, Human Factors, from 1958 to
1972, 16 percent of the main and interaction equipment effects that accounted for
less than 5 percent of the variance in the experiment were considered statistically
significant (p < 0.05) by the investigator.
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If twenty operators were randomally distributed equally among the four cells,

the total experimental design would consist of 19 degrees of freedom partitioned as

follows:
Source d.f.
Control (C) 1 ;
Handedness (H) 1 J
Motion Relation (M) 1 |
Residual 16

After performance data were collected, the effect of Controls would be determined

bl isibial) 0 D2 e i il

by the differences between means of the A and B columns, the effect of Handedness

would be determined by the differences between means of the L and R rows, and the

A

effect of the Direction of Motion Relation would be determined by the differences ]
between means of the I and D diagonals. These three estimates are orthogonal
(i.e., independent of one another). No further reduction of the residual variance is

possible.

When a Latin square design such as this is analyzed, the traditional analysis
of variance table would appear as if no estimate of the CxH, CxM, HxM, or
CxHxM interactions were ever made. In fact, the estimates attributed to the three
main effects (C, H, and M) are actually the results of main effects confounded with
interactions. Specifically, the indicated effect of C, H, and M are not due to these

main effects alone, but are actually the combined effects:
C + (HxM) i

M + (CxH)
H + (CxM)

The reader can check this himself by noting that exactly the same combinations of
cell values would have been used, for example, to calculate main effect M and the
interaction C x H, namely (Cell 1 + Cell 4 - Cell 3 - Cell 2). The resulting value
is divided by two. In this design, the effects of these two sources of variance
cannot be estimated independently. Therefore, in the case of M + (C x H), we
will obtain an unbiased estimate of the effect of M only if the effect of C x H is

negligible.

Behavioral’scientists using Latin square designs make the implicit assumption

that interactions are negligible. However, there is a high probability that the
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assumption is invalid where two-factor interactions are concerned and that many

of the main effects estimated from Latin square designs are distorted. Two-factor

interactions are not to be considered "higher-order'" effects.

A second situation in which psychologists have assumed that an interaction
effect is negligible is when the highest-order interaction is used as a substitute
error term in the analysis of an unreplicated multivariate experiment. No test of
the assumption is ever made. However, the chances are good that the assumption
will be valid for all practical purposes, provided four or more factors are being
studied.

i

Except in the two situations cited above, psychologists have generally failed
to collect their data to take advantage of the possibility that higher-order effects
are negligible, even when they believe it. One experimenter (28, p- 120) tested
twelve subjects under every combination of a 27 (seven factors at two levels each)
factorial design, a total of 1536 measurements. In his analysis, he calculated sep-
arately all of the main, two-factor, three-factor, and four-factor interactions but
pooled the effects of five-factor, six-factor, and seven-factor interactions, which he
had determined accounted {or less than 2.5 perceat of the treatment variance. An
examination of his data revealed that had he also included the four-factor interactions
with the others, the pooled portion would still have accounted for only four percent
of the treatment variance and less than 1 percent of the total variance within the
experiment. Since the pooled portion encompassed the effects of 64 sources of vari-
ance, for any practical purpose, these effects are negligible. Had the investigator _
anticipated or been willing to assume that four-factor interactions or higher would
have negligible effects, and had not taken the measurements required to isolate
them from the lower-order effects, he could have reduced his data collection by half
with practically no loss of information. If he then wished to maintain his original
level of effort, the 768 observations that were not needed to complete the original
design could have been more effectively employed to study he effects of additional

variables or to determine if any of the original variables related non-linearly to

performance.




Two Types of Higher-Order Effects

EMDs can be conveniently categorized by the type of higher-order effects which
they assume negligible. In a general sense, certain designs make no provisions
for collecting the data required to isolate selected highef-order interaction effects;
others partition interaction effects and are designed to ignore third-degree or
higher terms of an equation relating the independent variables to performance.
Those that assume higher-order interactions are negligible are the fractional
factorials and screening designs discussed in Chapters III and IV. These are based
on an analysis of variance model and are most suited for the study of qualitative
factors or any two-level factors. Those that assume higher-degree terms are
negligible are based on a regression model and are most suited for quantitative
variables. This breakdown is employed in the designs discussed in Chapter V.
While there are exceptions to this method of partitioning, the distinction is useful

for understanding EMDs based on the principle of negligible higher-order effects.

To illustrate the distinction between the two types let us imagine an experiment
to study the effects of three variables, A, B, and C, at 3, 3, and 2 levels respec-
tively. Eigﬁt'e‘en observations will be needed to complete the basic factorial design.
The total 17 degrees of freedom could be partitioned in two ways as shown in
Table [II-1], depending on whether the ANOVA or the regression model is to be

used. 5

In Table [II-1], Column I, the 17 degrees of freedom are partitioned into
main and interaction effects., In Column II, however, the partitioning is even »
greater, each effect being associated with a single degree of freedom representing

a term-in a polynomial. The sources of variance adjacent to one ‘g‘not-hﬁi:are

wholes or parts of the same.- Thus, .the four degrees-offréedom of the AxB A
" Interaction effect can be partitioned into sources of one degree of freedom each:
: A x B, a linear-by-linear portion of the interaction; A2 x B, a quadratic-by-linear
A portion; A x BZ, a linear-by-quadratic portion; and A2 x Bz. a quadratic-by-
quadratic portion. If most of the variance associated with the interaction can be
§ accounted for by the linear-by-linear portion, A x B, then it may not be necessary
to 1solate the remaining three higher-order effects. In later chapters, how the
assumption of negligible higher-order effects can be employed to reduce the amount
ﬁ of data taking will be explained in more detail.
1
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Table[lI-1). Two Methods of Partitioning Sources of Variance |
I I
Sources of Variance and Degrees of Terms of the Polynomial and Degree of "
Freedom in Analysis of Variance Terms in Regression Model |
Model (1 d.f, each) 5
Factor A 2d.f. &, lst
A 2nd
Main Effects { Factor B 2 d.f. B, Ist
B 2nd
Factor C 1 d.f. c 1st
( Int. Ax B 4d.{. Asz 2nd
A~ x B2 3rd
A2 x B2 3rd
Two Factor A xB 4th
interactions } ;) AXC 2d.f. A,xC 2nd
; A" xC 3rd
A \ Int. Bx C 2 d.f. B, xC 2nd
H B " xC
Saree O ut. ARBuC 4 4.5, AykB =0 3rd
peRsey A®xB,xC 4th
A2 X Bz x C 4th
A" xB xC 5th
. B *The line over the letters indicates that an effect is being referred to; without the

| line it is a term of a polynomial with one degree of freedom.

¥
.
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Arguments and Evidence that Higher-Order Effects are Negligible

While it is easy to assume that higher-order effects are negligible, whether
they are in fact is another matter. Even when the assumption is made tentatively,
to be checked as the experiment progresses, it would lose much of its practical
value in the use of economical designs if it were valid only infrequently. There is :

evidence, however, that this is not the case.

Mathematical and Intuitive Arguments. The assumption of negligible higher-

order effects is made continually in the statistical literature on experimental design.
Plackett and Burman (40, p. 306) wrote that "if main effects are regarded as being
first order of small quantities and if the function relating them to performance may
be differentiated (i.e., is a smooth relationship), then wheng variables are
measured on a continuous scale we may validly neglect all the interactions above

- 1)th order interaction is of the p':h order of smallness. "

a certain order, for a (p
They further stated that when some variables are qualitative rather than quantita-
tive, 'the justification for the assumption must be found in considerations outside
the data which the experiment provides in commonsense or philosophical grounds. "
Box and Hunter (10, p. 213), as justification for designs that do not supply
coefficients for higher-degree terms of a polynomial approximating a response

surface, allude to the expectation that higher-order effects are negligible ""assuming

the properties of similarity and smoothness. "

The economical designs proposed by these statisticians were devised originally
for research in the physical sciences where variables are quantiative, Will
the assumption hold, and will the designs be useful for behavioral science research?
In human factors engineering research and other areas of applied experimental
psychology, because of the interest in equipment and system parameters, many of
the independent variables can be ordered quantitatively, sometimes on a continuous
and occasionally on a discrete but ordered scale that can be treated as if it were
continuous (e.g., 1, 2, 3, 4, 5, etc. targets). However until recently there has
been no empirical evidence to support or reject this assumption insofar as human

factors research is concerned.

The analysis of all experiments published in the journal, Human Factors,

determined empirically how important higher-order effects were in that population
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of studies. Some of the results of this analysis are reported here; a description

of the study and the measure employed is found in Appendix I.

Higher-Order Interactions

For each experiment, the proportion of variance accounted for by each main
and interaction effect of the equipment factors was calculated. After separating
the data, in Table [II-2], by the order of the interaction being exam:-2d (Column 1)
and by the number of factors in the experiments from which the data was taken
(Column 2), this data was analyzed in two ways., In one case, the sum of the pro-
portion of variance accounted for by all of the interactions of the same order in
an experiment (Column 3) was the basic unit for the analysis; in these cases, the
term '"combined'' was used (Columns 5 through 9). In the other case, the propor-

tion of variance for the individual interactions were analyzed (Columns 10 and 11), 3§

For example, in half of the experiments studying four factors at a time, the
sum of the proportion of variance accounted for by four three-factor interactions
was 0.03 or less. The maximum proportion accounted for by the sum of the
four three-factor interactions in any of these four factor experiments was 0.11,
Of the 13 combined proportions accounted for by the sum of the four three-factor
interactions in each experiment, 13.2 percent (or two combined interactions)
accounted for more than 0, 05 of the total variance. When individual interactions
were examined, only 1.9 percent (or one interaction out of the 52 of that category)

accounted for more than 0, 05 of the total variance.

Since all interaction effects of the same order in a single experiment seldom
accounted for approximately the same proportion of the variance, it would probably
be misleading to divide a combined proportion by the number of proportions that
were summed to obtain it, For example, the combined proportion of variance
accounted for by all four of the two-factor interactions in a four-factor experiment
was 0.11. On the average, each two-factor interaction would account for 0.0275
parts of the total variance. This is not recommended; it would be better to think
the combined values of these effects as representing how much of the total variance
would not have been accounted for if all two-factor interactions had never been
calculated, or would have been confounded with other effects had these effects never |

been collected.
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From the data in Table [II-2], the following generalizations can be made:.

»>
1) The more factors studied in a single experiment, the smaller the

proportion of variance accounted for by individual interactions.

2) The higher the order of interaction, the lower the proportion of variance

accounted for by that order.
3) Four-factor interactions and higher are for all practical purposes
negligible.

4) In over 75 percent of the experiments, three-factor interaction effects
can be considered to be negligible. However, as the number of variables
studied in an experiment decreased, some three-way interactions effects

were large enough to require further examination,

Three-Factor Interactions. From Table [II-2], it can be seen that when five

factors were studied in an experiment, the three-factor interaction effects were
negligible. However, this is based on the results from only four experiments.
Three-factor interaction effects also appear to be negligible for all practical
purposes in the four-factor studies, The maximum combined value of four inter-
actions accounted for only 0. 11 of total variance. Of the four interactions that
were summed to make that amount, only one accounted for more than 0. 05 of total

variance; it accounted for 0. 06.

All of the experiments in which the combined three-factor interactions accounted

for more than 0. 05 of the total variance are listed aleng with some descriptive data
in Table [II-3]. This was the case in only eight of the 72 experiments which could
be analyzed for three-factor interaction effects. Six of these eight were the effects
of individual three-factor interactions; two were the combined value of four effects.
Only four of the eight accounted for more than ten percent of the total variance.
Two (No. 4 and No. 8) were the combined value of four individual three-way inter-
action effects of which only one of the six individual interactions ones accounted
for 0.06 of the total variance. Two (No. 2 and No. 3), although accounting for 0,18
and 0, 16 of the total variance in each experiment, were used in lieu of an error
term. That means that the experimenter treated these effects as if they were due
to pure chance, i.e., were negligible. One case (No. 7) was not reliable, i.e.,

statistically significant. The factors making up this group of three-factor
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Table [[I-3). Analyses of Three-Factor Interaction Effects Accounting for
More Than , 05 of the Total Variance ;

Proportion
Number of Proportion of Total Number of Accounted for
Factors in Variance Accounted Interaction by Individual Number of Type of Type of
the Experiment for by Combined 3FIs Effects Summed 3FIs Levels Variable* Interaction

3 .19 .19 2,2,2 LLL Disordinal
.18 .18 3,2,30 LLL L
.16 .16 3,4,2 LLL ok
.11 . 06,,04,,00,,01 3,2,2 NNN Ordinal
.10 .10 2,3,2 LLL *o%
.09 . 09 3,3,5 LLN Ordinal

. 08 .08 30905 LLN Not
Significant
. 06 .04,,01,.01,.00 20,3,2 LNN Ordinal

*L=qualitative; N=quantitative; LLN=2 qualitative, 1 quantitative; LNN=1 qualitative, 2 quantitative
#%*Used as error term
=ik Insufficient data to decide

interactions were primarily qualitative variables; there was only one exception

(No. 4). Only one (No. 1) of these three-factor interactions (among those for which
it could be determined) was of the disordinal type (X-type). A disordinal inter-
action is one in which the performance at different levels of a factor will be ordered
differently depending on the level of a second factor which is operating when the
performance is measured. The others were the ordinal type of interaction (V-type)
which could probably have been eliminated had a different measurement scale been
used or if the performance scores had been appropriately transformed. It is of
interest to note that in the worst case, that is the case in which the three-factor
interaction accounted for 0. 19 of the total variance, the absolute difference between
the worst and the best of the eight experimental conditions in that experiment was

1. 44 bits /second of transmitted information from display to control. In reaction

time alone, the difference amounted to 0. 78 parts of a second.

It is apparent that a tentative assumption that three-factor interactions are
negligible is the most parsimonious one to make. In a very few cases, it may be
wrong. However if the measurement scales are selected from the beginning to

linearize the data as much as possible, the number of critical three-factor inter-

actions will be reduced. Non-negative effects are more likely with qualitative factors,
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Cochran and Cox (16, p. 219) suggest watching the two-factor interactions for
clues that three factor interactions might be important. They suggest that if the
main effects and two-factor interactions of a set of factors are large, then it is
likely that some three-factor interactions might also be large. If the two-factor
interactions are small, it is less likely (but not impossible) that the three-factor

interactions are large.

Two-Factor Interactions. While most economical multifactor designs are

constructed so as not to ignore two-factor interactions, it still is of interest to

obtain quantitative information on how important these effects are likely to be.

From the data in Table [II-2], the following generalizations can be made about the

two-factor interaction effects:

1) The more factors studied in an experiment, the more likely an indi-

vidual two-factor interaction will be negligible.

2) If all of the data from experiments with three or more factors were
combined, only 36 out of 72 experiments had the combined effects of
the two-factor interactions in the studies accounting for more than
0. 05 of the total variance. Only 11.3 percent of the individual two-
factor interactions in the studies involving three or more factors
accounted for more than 0. 05 of the total variance. Only 3.2 per-
cent of the individual two-factor interactions in the studies involving
three of more factors accounted for more than 0. 10 of the total

variance.

3) Two-factor interactions, in general, cannot a priori be assumed

negligible.

In general, interaction effects tended to be somewhat higher when qualitative

factors were involved than quantitative.

Higher-Order Terms of the Polynomial

The functions relating quantitative factors to performance can be
approximated by a graduated polynomial, Each term of the polynomial will repre-

sent a single degree of freedom. Thus the main effect of a three-level factor with

two degrees of freedom in the analysis of variance, will be represented by two




terms in the equation — a linear and a quadratic term. The interaction of two

three-level variables with four degrees of freedom in the analysis of variance
would be represented by the following four terms, each with a single degree of

freedom, in the polynomial:

xixj (linear-by-linear interaction) 2nd degree term

xizxj (quadratic-by-linear interaction) 3rd degree term

xixzj (linear-by-quadratic interaction) 3rd degree term !
2 2 . gl :

xixj (Quadratic-by-quadratic interaction) 4th degree term

The degree of the term_‘.y_is equal to the sum of the exponents in the term: the order
of the equation is equal to the highest degree of any term in the equation, The
majority of economical multifactor designs that can be used with quantitative factors
limit the data collection to that required for a first or second degree models. In
the above example of the two-factor interaction, this would mean that only the
linear-by-linear component of the interaction would be estimated and the other three

components would be assumed negligible.

Similarly, if a factor contained five experimental levels, its relation to

performance could be represented by four terms:

of which the cubic and quartic terms would be assumed negligible. The question is:

How likely is it that these higher-order effects are really negligible?

Because the analysis of variance model dominated the analyses of the experi- s
ments published in the journal, Human Factors, between 1958 and 1972, there was

less data available for checking this assumption. However, whenever the means

of every level of a quantitative main effect were published, it was possible to
determine how well equations containing from first to fifth-order terms would fit
these main effects. An analysis was performed on all quantitative main effects

with three, four, five, or six levels that had accounted for 0. 25 or more of the

total performance variance in the experiment. The results are shown in Table [II-4]. |




Table [11-4]. Proportion of Variances of Main Effects Accounted
for as a Function of the Order of the Polynomial

Order of the Polynomial

lst 2nd 3rd 4th 5th
N hex af Percentile Ranks™*
Levels
Involved 1 50 100] 1 50 100 |1 50 1001 50 100|1 50 100

320 .71 .96 1.0|-- 1,0 —

4 (10) .55 .76 1.0/.92 ,98 1.0 ——1.0 — .
5 (4) .80 .97 1.0/.95 .99 1.0{.991.0 1.0 [—1.0 —

6 (2) u =60 = 98 & s 0 R ih T R Lo T

*Numbers in parentheses indicate the number of main
effects included in the analysis. Only main effects
that accounted for , 25 or more of the total variance
were included,

T
——

**Percentile rank is interpreted to mean: 1 is the
smallest proportion of variance of any main effect
explained by that order polynomial; 50 is the
median proportion explained; 100 is the highest

’_-‘ proportion.

B

",,_ . Table [II-4] shows the proportion of the variance of quantitative main effects
: that is accounted for when represented by polynomials of different orders., Obviously
£

® J an equation of order (d - 1) will account for all of the variance of any main effect

i ;

[ 3 with d levels. For each group of data, the lowest, median, and highest proportions
bR accounted for are presented as 1, 50, and 100 percentile ranks. One can conclude
i from the data in this table that for the sample involved, the inclusion of higher-

_' "" than-second order terms in the polynomial will account for a negligible proportion

; ‘: of the main effects.
¥,
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When this is so for main effects, then Plackett and Burman's (40) statement
regarding critical order of the interaction of quantitative variables is likely to
be applicable, and the importance of third-degree and higher effects should be
slight. In the few cases when the assumption is not valid, a fact that can be
detected if the proper experimental design is employed, more data may have to
be collected. The chances for large higher-order effects however may be

minimized by the techniques described next.

Methods of Minimizing Higher-Order Effects

The degree to which higher-order effects may be negligible is not totally
dependent on characteristics of the factors themselves. Instead the manner in
which the experimenter designs his experiment and collects his data can do much
to influence the validity of the principle of negligible higher-order effects, as it
affects the use of economical multifactor designs. There are a number of steps
that-can be taken to increase the probability that higher-order effects will be
negligible. These are:

1) Keep the range of values over which a factor is varied relatively
small,

This procedure simply recognizes the fact that sufficiently small
sections of any curve can be approximated by a straight line. The
investigator should know enough about his factors from preliminary
studies to be able to set his boundaries so as to encompass most of
the space of interest without exceeding second-order relationships.

2) Employ a scale that will linearize the relationship between independent
and dependent variables whenever possible.

In order to simplify relationships, transformations of the data are
often employed. This should be done beforehand by selecting the

values of the levels of the independent variable at proper intervals
on a scale that linearizes the function between it and performance.

3) Exert proper administrative control during the data collection phase
to minimize disruptive events.

When interactions are detected, there is of course no way to dis-

tinguish why they occurred by merely examining the data. With




two-factor interactions, the reasonableness of their presence might

be determined rationally. With higher-order interactions, this is less
likely and it is not impossible that these may have occurred as a
result of a subject fouling-up several times or changing his strategy
mid-stream in an experiment. None of these conditions are asso-
ciated with the experiment but are actually artifacts of the experi-
mental situation. Many experimenters attempt to meet these
problems by running many subjects or many trials on t!xe same
experimental conditions and averaging out these effects. However
this is not conducive to data collection economy. The other alterna-
tive is to give maximum attention to see that as each piece of data
is collected the chances for contamination from irrelevant sources

s

be minimized.

4) Exercise proper controls to eliminate systematic but irrelevant
sources of variance.

Many interaction effects of the ordinal variety in experiments in
which the same subject is tested under more than one experimental
condition come from systematic changes in operator performance,
such as learning or fatigue. Other systematic but irrelevant sources
of variance can be attributed to such factors as equipment drift.

The commonly employed counterbalancing techniques do not always
reduce these effects and in fact at times may enhance them. Tech-
niques such as '"blocking'" (42), using practiced subjects, and
monitoring equipment which can't be controlled are all ways in
which these systematic sources of irrelevant variance (generally

appearing as interactions) can be reduced.

EMD PRINCIPLE III, COLLECT AND EVALUATE DATA IN A SEQUENCE OF
PROGRESSIVE ITERATIONS.

Most psychological experiments are completely planned and all the data is
collected before the results are formally analyzed. Implicit in this approach has
been the attitude that it's not quite cricket to change one's mind once the design
has been devised or the data collection is on its way. As a result, the cost of

obtaining information has usually been inflated unnecessarily since data collection
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generally continues long after the desired information has been obtained. In
addition to the higher cost of doing experiments in this way, the information is
often of marginal quality because the investigator failed to anticipate disruptive
conditions or stop the study when such conditions became apparent as the program

progressed.

Had the experiments been planned in such a way that the data required for a
complete design be collected and analyze a little at a time before the entire design
was completed, the knowledge gained from the first blocks of data could be used to
decide what to do next. This knowledge may lead to the decision to alter the course
of data collection into more profitable directions or to stop the experiment if there
are signs that additional data collection would have contributed little additional
information. This principle of progressive iteration is fundamental to most
economical designs and provides the safety feature when minimizing replications i

and assuming negligible higher-order effects.

Box and Hunter (8) have noted that "the only time an experiment can be properly
designed is after it has been completed.'' They state: ''It might be possible to
devise some rigid system of experimentation which proceeded in accordance with

some set of unalterable rules; but this, since it would have to sacrifice the

experimenter's basic knowledge, would be extremely inefficient and would commend
itself to no one who had any exposure to the realities of experimentation. In
practice, what one can do is proceed sequentially and have available at each stage

a variety of useful techniques which will help the experimenter to decide what to

do next. The aim should be to apply a process which, when properly handled, will
converge to the required solution" (p. 139), This principle — so successful in
chemical engineering research — can be equally so in human factors experiments

for equipment design.

Whereas the two previous principles of design economy were concerned with

what measures might be omitted, this principle deals with the way data should be

collected. By using this procesa oi progressive iteration, the amount of data




which must be collected to obtain a certain level of information can generally be

reduced. This economy is achieved:

B

By first obtaining a less precise overview of the effects of a great
many factors in order to select the most important to study more
precisely later

Too many human factors experiments have expended effort study-
ing factors which after an elaborate experiment was completed

was found to have only trivial effects on performance. If a sequen-
tial study has been planned, a relatively small amount of data
could have been collected first on a great many factorc, enough to
decide which had the greatest effect on the performance under
investigation. Any loss in precision could be compensated for

later when only a few truly critical factors are being studied.

By avoiding the exploration of parts of an experimental space that are

uninteresting, uninformative, or unimportant

Instead of collecting data according to a regular pre-arranged
pattern which samples at regular intervals throughout an experi-
mental space, an investigator may skirt selectively through the
space by collecting a little data at a time, analyzing it, and using
it to guide him to the regions of greatest importance. If in the
earlier stages of the study the effects of certain factors are found
to be negligible, they may be dropped from later data collection
efforts. If a first order polynomial doesn't adequately fit the data,
the experimental space can be expanded to obtain an estimate of
non-linear relationships. If the boundaries of the experimental
space don't encompass the coordinates of the optimum response,

the foci of the experimental space can be shifted.

Box and Hunter (8) use an iterative approach to find the coordi-
nates of a multifactor space where the chemical yield is maximum.
Describing an imaginary system, they illustrate how they would
search a two-factor space composed of temperature and percent
chemical concentration to find the combination of values which
give the optimum chemical response. They point out the extrava-
gence of mapping the entire space since this would include a great

many conditions where the response level would be of little
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interest. Instead they arrive at the optimum through a scries of

small iterative steps as fullows:

a) By starting at the ""best guess'' location, take enough data
points to fit by the method of least square, a polynomial
of sufficient order to provide a local approximation of the

surface (Figure [1I-2, A] measures 1-5),

b) From this information, take additional measures in the region
at which higher responses were likely to occur (Figure [II-2, A]

measures 6, 7, and 8).

c) Continue to repeat this until the region of optimum response

can be identified (Figure [II-2, B] measures 9, 10, etc).

d) At the final stage of this progression, before making a com-
plete map of the region, transform the variables and conduct
the final mapping experiment in the c\oordinates of the new
scales (Figure [II-2, C]). This eliminates interaction effects,
makes the response surface more symm*étrical, and simplifies

locating the optimum position fairly accurately.

Response surface designs of this type will be discussed in
Chapter V.,
By terminating the experiment as soon as all of the desired informa-

tion has been obtained or when the data already collected explains
most of the observed variance

Since one or both of these events generally occur long before the
data for a factorial design has been collected, the savings is sub-
stantial. A case in point was the seven-factor experiment described
earlier (28) to illustrate the savings by assuming higher-order
effects are negligible. Its purpose was to assess the effects of
seven factors germane to establishing the optimum design of a
peripheral vision display. The factors were line width, black-to-
white ratio, display area, display shape, visual fixation point,

rate of movement, and angle of lines; there were two levels of

each factor. The experimenter designed and ran 12 subjects on

the full factorial design consisting of the 27 - 128 treatments.
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The experimenter might have made a considerable savings in the amount

of data he had to collect with no loss of information, and in some cases
with a gain, by employing one of several possible progressive iteration

approaches,

The first approach involves the previously discussed assumption that
fourth-order or higher interaction effects will be negligible, Here the
investigator would collect enough data to complete a half-replicate (64
conditions) of a 27 factorial design, This type of design is discussed in
Chapter LII. With this much information he could determine whether third-
order interaction effects were sizeable and if they were not, could feel
reasonably secure that still higher-order effects would be even smaller,
and terminate the experiment. If the third-order effects were large,
however, he could then complete the other half of the complete factorial
to learn more of the higher-order effects. The chances are against the
latter case and by using the progressive iteration approach, he exercises

an option to reduce the data collection if the facts warrant it.

A still more economical application of collecting data sequentially in
progressive iterations can be found using the screening technique des-
cribed Chapter IV. With this approach, the investigator would begin by
collecting data on 24 of the 128 experimental conditions in the complete
factorial. However, after each block of eight condition, he would stop
and analyze his results in order to determine which new conditions to
study in the next block. From the 24 conditions, 3/16th fraction of the
total factorial, he would have been able to determine with reasonable
confidence which factors and their two-factor interactions were the most
important, Although he may decide to add another block to increase the
precision of his estimates or resolve some uncertainty that might still
exist, he still could terminate his experiment early for he would have
learned just about everything he eventually did learn when he completed

his entire design,

In still a third approach, described in Chapter V on response surface
methodologies, the investigation could run the half-replicate of the 27
factorial in blocks of eight conditions, and add in each block an additional

experimental point located at the center of the experimental space. The
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eight extra center points would provide enough additional data to make a

crude test to see if a linear model fit the data already collected. If the
linear model was adequate, the experiment could end; if it were not, with
eighteen additional data points added to the basic design a second order
polyomial could be written for seven variables., This ability to estimate
quadratic effects would provide more information than the investigator

could have obtained with the complete factorial and at less cost.

Still greater economy might have been achieved by combining the screen-

ing approach with the response surface approach. However, with only

seven variables, the potential savings would be very small, When the

number of variables reaches 15 or more, the potential savings would

allow multifactor experiments to be conducted that otherwise might never
have been possible, : j

By being able to evaluate some data before the decision to replicate is
made

The arguments against replication have already been presented. 4

When there are indications that a half-replicate of a factorial has

given all of the information that a full replicate would give, the
experiment should stop. To repeat the same half-replicate cannot
be justified. If one is going to waste measurements in that manner,
possibly to increase precision, it would be better to complete the
factorial without repetition. The same would be true if only a
1/16th fraction of the total factorial had been run. Rather than
repeat the same experimental conditions again, the same precision
and more information would be obtained if a different 1/16th fraction

were run.

An iterative approach provides little justification for replication.
If in an early analysis, the data seems uncontrolled, then the solu-
tion is to find the source of the unexplained variance rather than
a means of hiding it. Suspected variables might be added to subse-
quent stages in the build-up of the design, or at least controlled or

measured.

If an analysis of an incomplete factorial with one observer does

appear to provide all of the information needed, replicating the
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same set of experimental conditions using a second subject might
serve one purpose which has not been dealt with up to now. It may
provide a quick check of the reliability of the first set of estimates.
While this is exactly what a test of statistical significance is intended
to do when two sets of data such as this are combined and analyzed,

if the economy of data collection has minimized the number of

aegrees of freedom to the point where a test of significance will

have little power, more subjective confidence (rather *han statistical
reliability) may be acquired for the data if a visual check of a scatter-
plot of the means of the experimental conditions from two subjects yields
a relatively straight diagonal with a slope of one. This type of plot

is also useful for quickly detecting the conditions on which two subjects
deviate significantly: this permits explanations to be sought before con-

tinuing the data collection,

Severe differences between the ranks of the experimental conditions
ordered on the mean performance will appear in an analysis of variance
as a subject-by-factor interaction. Unless a specific subject character-
istic is being investigated, such an interaction has little information
value. Commons reasons for a disagreement among rank orders of
experimental conditions between presumably homogeneous subjects are:
1) poor experimental control, 2) large order-of-presentation effects,

3) inadequate training and/or practice, and 4) momentary distractions,

either internal or external, to the subjects.




EMD PRINCIPLE IV. SUBSTITUTE EXPERIMENTER'S KNOWLEDGE AND 1
ANALYTIC SKILLS FOR DATA COLLECTION.

Cookbook experimental designs and mechanical data collection procedures are
inordinately wasteful. Considerably greater economy can often be achieved when
the experimenter becomes more personally involved. As a result of their
"behavioristic' background, experimental psychologists have frowned upon this
approach. Reacting to "arm-chair” psychology, many psychologists have tried to
emulate the 'scientific approach" by eliminating all subjective considerations
from the data collection, both on the part of the subject and the experimenter. As
] a result, many of them have stopped doing research and began doing rigid experi -
5 ments of meager depth andvlimited breadth, To reverse this trend, more investi-

gator involvement is needed.

The use of the experimenter's judgment to modify the course of an experiment

has already been discussed in EMD Principle III. As the experiment progresses,

the investigator can decide whether or not he needs to continue to collect more
data, whether to add or drop factors, or to shift the experimental space, or to

replicate or not. But these judgments are made in order to avoid collecting data

‘ unnecessarily, that is, to avoid collecting data that will add essentially nothing new
to the information already obtained. There are, however, applications of experi-

menter judgment wherein this knowledge and skill can be used to obtain information

in lieu of actual data collection.

Selecting the Proper Measurement Scale

;‘, & In many experiments, the investigator's experience with the independent and
dependent variables is sufficient to enable him to anticipate the shape of their

=
E s functional relationships. If he puts this information to proper use, he can usually

reduce the amount of data he must collect without any material loss of information.
For example, there is an abundance of psychophysical data to show that when

the intensity of light (in the middle brightness range) is increased in equal

physical increments, the change in brightness will be perceived by the observer

as a curvilinear function, i.e. monotonic and negatively accelerated. To

3 ¢ approximate this curve, at least three points would have to be plotted., However,

: by knowing that this is the approximate function relating physical and

.
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Psychological brightness, the experimenter could plan his data collection by
selecting levels of light intensity distributed at equal intervals on a logarithmic
scale. In this case, brightness as perceived by an observer would be essen-

tially linearly related to the physical change (on a log-footlambert scale) and a
minimum of only two levels would be required to approximate it. In this hypo-
thetical example where only the minimum possible data points are considered, the
difference between two or three levels for this single factor may appear small and
of little practical consequence. However, if there were seven factors in an experi-
ment with a similar amount of savings, then for a complete factorial design the
number of data collection points would drop from 3‘7 = 2187 to 27 = 128, and for

a fractional factorial that keeps all main and two-factor interactions from being
confounded with one another, the reduction would be from 37-2 = 243 to

27-l = 64. Furthermore, by preplanning so that the experimental factors are
scaled so as to approximately linearize their individual relationships to perform-
ance as much as possible, not only is the amount of data to be collected reduced,
but also the chances that higher-order interaction effects will be negligible is
increased (EMD Principle No. 2).

When relationships are not known beforehand, the experimenter can often
obtain sufficient experience quickly and cheaply by making a few preliminary
measurements. An informal exploration of factors and their parameters before
any serious planning begins is probably the quickest and safest way to provide
an observant and reasonably sophisticated investigator with the clues needed
to select the best candidate experimental factors and their measurement scales,
as well as to forwarn of potential problems that might arise during the data
collection. This preliminary effort will almost always enhance the quality of

final experimental results, and materially reduce the effort required to collect

good data,

Identifying which Confounded Effects are Important

The economy achieved by not isolating confounded effects that are assumed to
be negligible was discussed in EMD Principle II. For example, if Factor A and
Interaction ABCD are confounded, there would be no need to isolate the two effects

if it could be assumed that the four-factor interaction effect were negligible. Any
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measured effect in this case — actually the sum of A + ABCD — must be assumed s
due to Factor A. j

There are circumstances however when a number of effects are confounded E
and the chance that all of them are negligible is low. A typical case in a sequential
screening design is the confounding of a string of two-factor interactions. The

ordinary approach would be to collect a complete block of additional data to separate

the effects of the different two-factor interactions in the string; this would permit 1

it

] the important ones to be identified, A more economical approach, described in
Chapter V, would be to collect a little extra data in such a way that the experi-

E menter can determine analytically from the existing data which two-factor inter-

actions are most probably important,

The situation is analogous to an electronic technician who must troubleshoot a
complex piece of equipment in order to determine the cause of a malfunction. He
may follow a highly proceduralized job aid that takes him a step at a time through
a standard sequence of checks, looking for the signals that will indicate where the
trouble lies. Or he may know from the combination of observable symptoms the .
approximate location of the trouble and start his testing near there, rather than go
through the entire, more elaborate sequence. If he is correct, he has reduced the

number of steps needed to find the trouble.

As a general principle, whenever the experimenter's judgment can be used in 1
place of data collection, it should be as long as provisions are made to have this
judgment eventually checked.

EMD PRINCIPLE V. MINIMIZE BIAS EFFECTS ON EACH INDIVIDUAL
MEASUREMENT.

If one wishes to collect less data while obtaining essentially the same informa-
tion, the data that is collected must be as accurate as possible. All of the
principles of economical multifactor designs depend on this being the case. Yet
if one examined the experimental literature, the size of some error variances

seem to negate precision and accuracy for much of the human factors data.

57




L]

R o
-
|

".

i

|

e

In half of the 239 experiments analyzed in Human Factors, more than

25 percent of the total performance variance within the experiments could not be
explained by the equipment factors and their interactions, subject factors, and
temporal factors combined. In a quarter of the experiments analyzed, 44 percent -
of the performance variance was '"unexplained'"* by those factors, Among
individual experiments, there were some in which the unexplained variance was
less than 10 percent and some in which it was more than 90 percent. Since these
percentages describe only the amount that was not explained within the experiment
and since experiments ordinarily include only some of the conditions operating in
the real world, the experimental results could be expected, on the average, to

describe very little of what would happen under operational conditions.

There is a prevailing attitude — implied if not actually expressed — that a
large residual variance in so far as human performance is concerned is natural, i.e,,
it is a normal phenomenon to be deplored but accepted. As a result, even when
half of the variance in an experiment is not accounted for by the factors that were
intentially varied (or those, like subjects and trials, that might be expected to
vary), the quality of the data is seldom questioned. Instead, experimenters (anti-
cipating that such a condition might exist) rely upon massive, redundant data collec-
tion programs and a mystical faith in the ability of a statistically elegant experi-
mental design to purify badly conceived and poorly executed experiments., With

economical multifactor designs, such laxity can no longer be tolerated,

EMD Principle V reverses this trend by emphasizing the importance of being
concerned with the purity of the measurement of each individual data point. It is
based on the premise that much of what has been considered to be error or residual
variance, that is, the large unexplained variance within an experiment, is not an
inherent and inescapable characteristic of human performance, but the result of
inadequate experimental planning, improper data analysis, and poorly managed
data collection techniques. If the more common sources that frequently bias
experimental measurements were reduced, eliminated, or measured as each piece
of data is collected, then:

1) That which is called residual error variance within an experiment

will shrink to an inconsequential size;

*See page 163, in Appendix I, for the specific definition of the term 'unexplained",
as used in this report,
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2) Field performance will be predicted more accurately from
laboratory data.

The goal of EMD Principle V, of course, is to make each individual measurement
so bias-free that it can stand alone as a valid representation of performance under
analogous conditions in the real world. Some examples commonly found in human

factors engineering experiments that may bias the results are discussed below.

Sources that Bias Experimental Measurements

Most experienced experimenters will acknowledge that financial pressures, J
time limitations, political considerations, and other sources not directly related 3
to the experiment can create an environment in which biased data is likely to
occur. In this environment, the least-experienced personnel are assigned the
tasks of collecting and analyzing the data; these are the ones least prepared to
recognize surreptitious sources of bias or to know how to handle them if they are 1
recognized. As a result, conditions that bias experimental measurements are

quite commonly found. In general, these conditions fall into two major classes:

1) Those that affect individual experimental conditions

differentially,

2) Those that affect the experimental conditions uniformly,

In the first class, uncontrolled and/or unidentified factors vary throughout the
experiment and become confounded with estimates of the means, interactions, and
residual variances. Isolated incidents and events that appear and disappear at
random throughout the experiment also have effects on performance. These
confounded effects result in mean distortions that remain hidden (since there are

no standards against which to compare them); they are revealed however by the large

b 4

residual of unaccounted-for variance and a failure to predict outside the laboratory,

In the second class, the conditions of the experiment are non-representative of
the conditions found in the real world. These distortions cannot be recognized
from an examination of the experimental data; they are revealed when experiments
with little internal residual variance fail to predict performance in the operational

situation, To predict should be the ultimate criterion of experimental quality,
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A few of the more common circumstances that can distort human factors

experimental data and account for a high residual error variance are:

Design. Too few factors and too few levels per factor are used because it

was believed (incorrectly, as this report will show) that to include more

P KRR

would make the size unmanageable. Some of the factors that are studied

are not the important ones because the customer is not sophisticated

enough to ask the right questions and the experimenter is not sufficiently
motivated to educate the customer. Certain nominal factors (e.g.,
airfield) are in fact a composite of several factors (e.g., object size,

i object-to-background brightness contrast, object pattern); among different

airfields, these critical visual factors are allowed to vary indiscrimi-

k)

nately. Insufficient time is allotted to a pre-experimental period in
which a fruitful range of values for the experimental factors can be
established and the procedures tested so that the experiment can be

run smoothly,

Equipment. Left-over equipment from a previous study is used in spite

of the fact that it was not designed to simulate the new task properly.

s

The parameters of many equipment factors held constant are unknown.

e

Complex stimuli in the real world are represented unrealistically in the

experiment to simplify the task of defining and controlling them. A

technique for simulation is selected because it is cheaper rather than
because it is representative. Equipment is built with little regard for
the problems of running an experiment; as a result changing experimental
conditions becomes so complicated and time consuming that mistakes are
made and subjects grow weary. Environmental parameters that affect
performance but cannot be controlled are not measured as they vary so
that their effect can be removed statistically after the fact. Experi-

menters fail to understand how components of a physical system interact,

ok

so that when one condition is set, others are unknowingly changed,

Equipment is not properly debugged before the experiment is begun.

Subjects. Subjects are selected from ''the guys in the lab'" or student

""'volunteers'' from the Psychology 100 class. 'Image interpreters'

are borrowed from the military for a target recognition study; the fact




that they have been trained to interpret photographic imagery while the
study involves imagery from an advanced radar system is considered
irrelevant, Subjects are improperly motivated or instructed; they
become bored with the proceedings or modify their procedures part way
through the experiment. Limitations on the use of subjects are arbi-
trarily imposed by such things as union rules in industry or military
protocol. Inadequate monitoring of the subject during the actual data
collection can result in a failure to note that he is not following instruc-
tions, has become tired, or was not paying attention at the appropriate
time. Subjects are distracted or disturbed by conditions of the environ-

ment when the laboratory is not properly shielded,

Procedures. So much time and money are used to construct the equipment
that the data collection phase must be hurried. Long experiments are
divided into blocks of time without regard for the advantages of orthog-
onal blocking. Concern with possible order of presentation effects but
without the knowledge of how to properly handle them causes an experi-
menter to randomize the order. No effort is made to determine at the
time of occurrence why an extreme performance score occurred — was

it an artifact or just an extreme of a normal distribution? The experi- .
menter has insufficient experience to know what to do during the

experimental run when data on a particular condition is lost.

Analzsi . Although counterbalancing for order of presentation effects,
these sources of variance are not isolated during the analysis of the
data. The use of particular designs such as a Latin square makes it
impossible to estimate certain interaction effects (e.g., equipment X
subject X trials) which are almost certainly going to have an effect.
Error variances are actually what's left over after the experimenter
has removed what he may be interested in rather than what he should
have. Small experimental designs leave too few degrees of freedom to
make powerful enough test of significance. Data is analyzed automati-
cally by computer and is not studied for peculiarities by the
experimenter, The experimenter does not know how to handle outliers

or missing data.
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In summary, as each measurement is made the investigator must constantly
assess whether or not the critical parameters associated with the equipment, the
subjects, the environment, and the task (including those artificially introduced by
the experimental procedures) at that moment are representative of the conditions
in the field to which the experimental results are to be eventually extrapolated.

If they are not, the data at that point is distorted and the results of the experiment
will be distorted. This same type of assessment must be made to guide the
experimenter who must decide how to correct a detected distortion. Biasing
circumstances can be eliminated with a little care, should be if the quality of the

experimental data is to be maintained, and must be if economical multifactor
designs are to be viable,
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CHAPTER III

ECONOMICAL DESIGNS FOR QUALITATIVE FACTORS
(FRACTIONAL FACTORIALYS)

A factorial design is made up of experimental conditions in which every level
of every factor is combined once with every level of every other factor. A frac-
tional factorial design, or fractional replication, is made up of only a portion of
the experimental conditions of the complete factorial selected in such a way that

higher-order effects are not isolated from lower-order effects. Thus the economy

from fractional factorials is based on the assumption that higher-order interaction

effects are negligible and need not be independently estimated.

Fractional factorials have been used infrequently in human factors engineering
research, appearing primarily in the form of a Latin square. These designs are
presented here because they do represent one form of economical design, but
more important, because their characteristics and methods of construction are
basic to the designs discussed in later chapters. While fractional factorials at
two levels are suited for both qualitative and quantitative variables, those which
can handle three or niore treatments of a variable will probably be more useful in

the study of qualitative variables.

Because so much excellent material has been written about the construction
and characteristics of fractional factorials (16)(17)(18)(19)(23)(29)(34)(45)(51) only
enough information will be presented here to familiarize the reader with some of
the fundamental concepts, notations, and techniques of forming fractional replicates
so that he will understand their applications in subsequent chapters. For a more

complete treatment, supplemental reading is urged.

SOME UNDERLYING CONCEPTS AND NOTATIONS

There are a number of ways of conceptualizing the conditions of an experi-

mental design. Of these, a sign matrix is a particularly useful form for understand-

ing two-level factorial and fractional factorial designs. This discussion will show the




relationship between the symbology conventionally employed by the psychologist to
describe his experimental design and the sign matrix. The development here may
seem slow to some; it has been purposefully oversimplified to be sure to get the

ideas across.

Developing a Sign Matrix for Two-Level Factorial Designs

Psychologists often design experiments by drawing cells to represent the
experimental conditions. For example, in a two-factor, two-level design, the

following would represent the experimental plan.

Factor A

Low (1) High (a)

Low (1)

Factor B

111 iv
High (b)

The Roman numerals in each cell of the design serve to identify the cells. The
Arabic numbers in the lower-right corner of each cell are fictitious performance
scores assigned to each condition. The alphanumerics, (1) and (a) or (b) beside
the levels Low and High, respectively, of each factor are abbreviated notations
used to represent those levels. In an experiment, each experimental condition is

formed by combining the ievels of the two factors in each cell, as follows:

Factors
Cell Number A B Fictitious Performance Scores
I low(1) low(1) 4
II high(a) low(1) 2
III low(1) high(b) 6
IV high(a) high(b) 4
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This can be more simply expressed by using only the alphanumeric designations
for the low and high levels:

- o
¥ Factors
Cell Number A B Fictitious Performance Scores
I (1) 1) 4
11 a (1) 2
III (1) b 6
v a b 4

If only the letters of the factors in which the higher level is being used are written

down, this matrix can be shortened still more. Thus:

Cell Number Experimental Condition Fictitious Performance Scores
I (1) 4
II a 2
III b 6
E v ab - 4
an S MRS G e e

Every factor contributes to each experimental condition; therefore,where no letter
is shown in the notation, the low level for the corresponding factor is in fact being
used. For example, Cell Number IIl is a combination of the low level of factor A

(since a is missing) and the high level of factor B (since b is present). A condition

in which all levels are low is designated by (1).*

Experimental conditions of a Zk design (where k equals the number of factors)
can also be described by denoting the low level of a factor by a minus sign (-) and

the high level by a plus sign (+), thus:

*The concepts of low and high can only be applied to quantitative factors. When
qualitative factors are being studied, no such distinction can be made. If one
level of the qualitative factor can be considered the standard from which devia-
tions are to be measured, that is usually designated the low level.




Factors |

Cell Number Experimental Condition A B

I (1) AN .,
) S a + - |
11 b A
Iv ab + 4+

With four observations of a 2 design, three independent effects can be
estimated. One is the effect of factor A, another is factor B, and as in any facto-
rial design, the third is the interaction of A and B. The signs of the AB Interac-
tion can be determined by '"multiplying' the signs for A and B according to conven-
tional arithmetric rules— multiplying two of the same signs gives a plus and two

different signs gives a minus. *

Thus for signs for the AB interactions would be

A B AB

- e

- o et =

o4 o= 4
/

These can be combined into a sign matrix along with a fourth column, referred to
as the Identity (I) column, which can be used to calculate the mean of the data. A
column of the fictitious performance scores for each experimental condition is also

added., The completed matrix is shown in Table [III-1],

*If there had been three factors, A, B, and C, and if for a particular experimen-
tal condition the signs were -, -, and + respectively, then the signs for the four
possible interactions would have been: AB, +; AC, -; BC, -; and ABC, +.
Actually, a + represents +1 and a - represents -1, and it is the ones that are
actually being multiplied, These are eliminated in the notation and discussion
for the sake of simplicity,
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Table[III-l]. Experimental Conditions, Sign Matrix, and Scores ‘

Sign Matrix
: Fictitious

Cell Experimental Primary Derived Identity Performance 1
Number Conditions A B AB (I) Scores ﬁ
4
1 (1) - - + + 4 .
11 a + - - + 2 ]
I b s : + 6 ’

v ab + + + + 4

Estimating the Effects (Mean Differences)

The primary section of the sign matrix in Table [III-I] shows the combinations
of levels of each factor that define each experimental condition. Thus condition a

in Cell II would be made up of the high value of factor A and the low level of fac-
tor B.

The entire matrix can be used to estimate the effect of each factor and its
interactions. For example, to estimate the effect of factor A, the signs in the A

column would be attached to the corresponding performance values, thus:

- 4
ot 2
- 6
+ 4

Summing these, we would get -4. This sum must then be divided by Or
is the number of factors in the experiment. In this case, N L e e

When -4 is divided by 2, we get -2, the effect of factor A. It is also the mean

difference between the performances in the high and the low conditions of factor A.




PR S

Using the sign matrix [III-1] to estimate the AB interaction effect, we would

assign the signs in column AB to the experimental conditions and obtain the

following:
Effect AB = [+(1) - a - b + ab]/2
and when the performance scores are substituted,
Effect AB = (+4 -2 - 6+ 4)/2 = 0/2 = 0
Similarly we could estimate the effect of factor B, thus:
Effect B = (-4 - 2 + 6+ 4)/2 = +4/2 = +2

In calculating the mean using the signs of the Identity column, one must divide by

the total number of experimental conditions, thus:
Mean = (+4+ 2+ 6 + 4)/4 = +16/4 = +4

Calculating Sums of Squares and Mean Squares

For a Zk factorial design, the sum of squares can be obtained directly from
the estimated effect since

i\l

k- 2
Sum of squares = 2 2(effect)

where k is the number of factors in the experiment. In the above example, with

two factors, then 2k-2 = 1, and the sum of squares for each source of variance

would be:

Sum of squares for A = (-2)" = 4
Sum of squares for B = (+2)2 = 4
Sum of squares for AB = 0 =Y
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The total sum of squares would be 8. This can be checked by the conventional J
method of summing the squares of the deviations of the performance scores in each

experimental condition from the grand mean, or

oo d s AR kb AT A~ 8
Since each sum of squares is associated with a single degree of freedom, the
sum of squares for each effect equals the mean square, or variance. With this

design, there is no estimate of error.

Orthogonality

The property of orthogonality can be illustrated with the sign matrix in
Table [III-1]. When two independent factors are orthogonal, they are uncorrelated,

unconfounded, and their effects can be independently estimated.

Orthogonality is said to exist between any two factors if their cross products
sum to zero, or in the case of a sign matrix, where the cross products of their
corresponding signs contain an equal number of plus and minus signs. Although we
talk of + and - signs, we are, in reality, dealing with +1 and -1 but for convenience
have ignored the numbers. Thus if we multiplied the signs of columns A and B of
the sign matrix in Table [III-1], we would get (from top to bottom) +, -, -, +.
Effects of A and AB, B and AB, A and I, B and I, and AB and I are also orthogonal.

CONSTRUCTING FRACTIONAL FACTORIALS FOR FACTORS AT TWO LEVELS
In this section, the complete factorial will be divided into smaller blocks and

only some of these blocks will be used — a fraction of the total design. Of course

when less data is taken, some information is lost. The construction of fractional

factorials depends on the selection of what will be saved and what will be lost.

Blocking and Confoundinﬂg

Blocking refers to a technique of dividing the experimental conditions of a

complete factorial design into smaller units, or blocks. When the correct set of
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experimental conditions are assigned to each block, an average performance

change between blocks will not bias the estimates of the effects of greatest interest.
Blocking is useful when, for example, it is not possible to run an entire factorial
design on a single day. Instead of dividing up the conditions in some random fashion
to do half on one day and half on another, more systematic blocking techniques

should be employed. Then even if something happens between days to cause the

FE7 RS RO

performance on all second day conditions to be higher, blocking can prevent the
effects of greatest interest from being biased by this shift. But there is a price.
Each time an experiment is blocked to preserve certain effects, the estimates of

some other effects will be lost by being confounded with any effects due to differ-

ences between blocks.

Confounding means that the effects of two or more sources of variability are
not independent, i.e., orthogonal. When effects are confounded, it is not possible
to determine which effect is responsible for observed differences in performance.
For this reason, when blocking, the investigator tries to select those experimental
effects to be confounded in which he is least interested or which he believes to be

unimportant in the first place.

>

Although too simple a éituation to be of any practical value, let us continue to
use the 22 factorial design to illustrate how blocking and confounding occur. In the
original sign matrix of Table [111-1], the performance scores associated with the
four experimental conditions were: (1) = 4;a = 2; b = 6; and ab = 4. However,
before the experiment these ''true' values would be unknown to the experimenter.
Let us imagine that he wishes to determine the effects of factors A and B and their
interaction, AB, but must run half the experiment on each of two days. He sus- '
pects that there are uncontrollable changes in his equipment from day to day, and
is concerned how he should divide the four experimental conditions into two sets of

two. He has three alternatives, as shown in Table [III-2].

If there is an average change in performance from day to day which the
investigator cannot measure, and he divides the experimental conditions according
to the first alternative, he will obtain erroneous information on the effect of fac-

tor B which is confounded with the effect of differences between days (blocks).
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Table [111-2]. Blocking Alternatives for a 2z Factorial

T R TS O S L\ R S Sy

Alternatives
1 2 3
ONE DAY :* (1) (1) (1)
a b ab
ANOTHER DAY b a a ]
ab ab b

%*No distinction is made here as to which is the first and second day, :
a consideration which would produce three more alternatives. ;

This can be seen from [III-2], since a difference between performance on the
conditions on the two days is the same as the difference between the high and low
levels of factor B. Similarly, should he choose the second alternative, he will
obtain erroneous information on the effect of factor A. Should he choose the third

alternative, he will receive erroneous information about the AB interaction effect.

In larger studies, the number of alternatives would be equal to N(N - 1)/4
where N is the number of experimental conditions to be divided into two days and
4 reflects the fact that there was no effort to distinguish which day a block of con-
ditions will go into. When the number of experimental conditions are larger than
in this over-simplified example, many of the possible alternatives will leave the
estimates of all of the effects biased — confounded with blocks — if the experimenter
does not understand the principles of blocking. That is why in situations such as
this, the worst thing to do is to assign the conditions into days according
to some random plan., Instead, the investigator should block his experi- Z
mental conditions so that he will lose the information he cares least about and will
preserve the information in which he is most interested. Although the choices are
ridiculously limited in this simple example, let us assume that the investigator is
least interested in the AB interaction. This means that he should confound the
effects of the AB interaction with the effects due to days. This is done by placing

in one day all experimental conditions which in the sign matrix in Table [III-1]
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are minus on the AB interaction and in the other day, those which are plus.
This is shown in Table [III-3]. Performance scores on each condition are the

&S same as those given in the original sign matrix of Table [III-l] except that all
scores on the second day were increased by 3 points to represent the additional
effect that uncontrolled changes in the equipment had on performance. Since
the experimenter can never know what the real (original) values were, he

must use the above data to estimate the effects.

If we calculate the effect of A, B, and AB as we did before we would find:

Effect A = [+a+ab - (1) -b]/2 = (+5+ 4 -4 -9)/2 = -4/2 = -2
Effect B = [+b+ ab - (1) -a)/2 = (+4+ 9 -4 - 5)/2 = +4/2 = +2
Effect AB = [+(1) +ab-a -b]/2 = (+4+ 4 -5-9)/2 = -6/2 = -3

By comparing these values with the earlier calculations, we can see that in spite

of an increase of +3 in the last two conditions, the effects of factors A and B are

unaffect._led. On the other hand, the estimate of the AB interaction effects has
changed. While we know from the way the problem was devised that the change

came from the increase during the second block, ordinarily an investigator would

Table[III-3]. Blocked 22 Factorial

Effects
A B AB Performance
Day 1
(1) - - + 4
ab + & + 4
Day 2 a + - - 5
X b - + U 9




never know whether the observed effect was due to an AB interaction or a

difference in blocks or both. But by sacrificing the estimate of one effect, in this

5

2 3

case the AB interaction, the investigator was able to obtain an unbiased estimate

B

of the remaining effects.

Had the investigator blocked by confounding factor A, perhaps because he was
interested in obtaining an unbiased estimate of the AB interaction, then condi-
tions a and ab would be in Day 1 and b and (1) would be in Day 2. Days are
equivalent to blocks, of course. In this case, the estimates of the B and AB
effects would be unaffected by an increment of +3 in performance in the last half of

i the experiment, but the estimate of the effect of factor A would be totally con-
founded with the effect of blocks. :

In larger experiments, a design could be divided into more than two blocks
. and in that case more than one effect would be lost. As the number of factors
»: increase, it becomes more probable that some higher-order effect confounded with
block will be negligible. In that case, blocking can be accomplished without any

practical loss of information.

o Fractioning and Aliasinﬂ

" A fractional factorial design is created by using the experimental conditions

| of some of the blocks in the total factorial and eliminating the remaining blocks of
. conditions from the experiment. If certain criteria are met, the information
obtained from the fractional replicate will be for all practical purposes, as good
as that obtained from the tull replicate. It is in creating and selecting a fraction

most likely to meet the required criteria that the problems of design arise.

e

To illustrate the problems, conditions, and techniques associated with the
design of fractional factorials, we shall begin with the complete factorial for four
variables at two levels each. The complete sign matrix for a 24 factorial is shown

in Table [III-4].
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Table [III-4]. Sign Matrix for a 24 Factorial Design
3
EFFECTS ? 3
Q 8 0O
~<w? 028309228282
) R R e S S
a s S S T S
b t == ==t —F=-F -4 =
ab R e S
c - —+ +—-=-+ -+ +- -+ 4 =
EXPERT’L o St e S Sl i S
CONDITIONS ok o R e R SO T
d G LS I SE S T
ad Pt = =kt b= - =4
bd S T R e R SIS e
e
cd + —=4 $==—F F =+ +-— -4
acd ++-=- ++-=- ++ - 44 e
bed + -+ = +-+=- +-F - + -4
sbed + + + + +FFF T A+ A+
! We begin by dividing the 16 conditions of the 24 factorial design into two
‘ blocks, using the ABCD interaction as the basis for the division. Any effect used
i to block a factorial is referred to as a defining contrast, In this case, there is
only orie, the ABCD interaction. As with the 22 factorial, the experimental condi-
; tions are assigned to blocks by putting all of the conditions with a plus sign in the
- ABCD column into one block and all with a minus sign into the second block.
E . The size of the experimental design is reduced by eliminating one of the
:f' blocks. In this example, the block with the minus signs in the ABCD column was
{ not used. The sign matrix of the remaining block, with only plus signs in the
«1_ ABCD column, is shown in Table [III-5]. Since this is the block with the (1) condi-
M ¥ tion in it, the one with the lower level of all factors, it is referred to as the 'prin-
i‘ ciple'" block. The original sixteen experimental conditions of the 24 factorial have
» i been reduced to eight conditions, a half-replicate of the complete factorial. This
i is expressed as a
§
&
g design
%> )‘ _
R !
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Table [III-S] Sign Matrix for a 24-1 Fractional Factorial Design

(Principle block) (I = ABCD)

EXPERT’L
CONDITIONS

<2 o¢8§022% 888

EFFECTS g

(1)
ab

+- -+
++++

++ - -
+-+ -

o By
+ -+ -

+--+

++++

—++- =4+ +- -+
———————— ++ + +

t+t——- -+ ——4+
+-4+- —+—-F —+-4

——++ +t+-—= - =4+
—+-+ +t—-+- -+-4

+—-=4+ +--+ +--4

+++4+ ++4+4+ +++4

experimental conditions.

action, can be made.
this block making the calculation of the ABCD effect equal to that for

information which might have been estimated is lost.

studying the sign matrix in Table [III-5]. It can be seen that:

or 2'l (one-half) of the 24 factorial, which of course is composed of 2

When half the data required for the complete factorial is collected, half the

1) No estimate of the effect of the defining contrast, the ABCD inter-
Only the positive conditions of ABCD are in

the mean, which is calculated from the Identity column, I

2) Every other effect has an equal number of plus and minus condi-
tions. Thus all of these effects can be estimated from the differences

between high and low levels within blocks.

3) However, certain pairs of effects have an identical sign pattern, for
example, effects A and BCD, effects B and ACD, effects BC and AD,

This can be understood by
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etc. In fact every effect has one other effect with the same sign
pattern. That means that when the performance values associated
L with each experimental condition are summed according to the sign
pattern, the effects of these matched or aliased sources will be the
same. These aliased effects are totally confounded; no independent
estimate of the effects of the aliased pairs are possible. It is
impossible to know whether the measured effect of A is due to fac-

tor A or interaction BCD or some combination of both.

Instead of constructing a sign matrix and relying on visual inspection to deter-
mine which effects are aliased, there is a rather simple way to determine this.

First, the defining contrast is specified as

I = ABCD
where I is referred to as the Identity factor and when multiplied by any effect is
treated as unity (one).
E : To determine the alias of A, the defining contrast, ABCD, is "multiplied"
- by A, as if by the usual rules of algebra, but dropping all squared terms, Thus:
' Defining Contrast I = ABCD
Multiplied by = A

E Results in A%BCD = BCD

The alias of an interaction is caluclated in the same way, e.g.,

Defining Contrast I = ABCD
i Multiplied by AC = AC
1
- Results in AC = AZBCZD = BD
i 1
w “This procedure has its mathematical basis in modular arithmetic,
5
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With eight experimental conditions from the 24-l fractional factorial it is

possible to estimate seven independent effects, no matter how many variables are

being studied. The entire aliased set would be:

Defining Contrast I = ABCD
Effect 1 A = BCD
Effect 2 B = ACD
Effect 3 C = ABD
Effect 4 D = ABC
Effect 5 AB = CD
Effect 6 AC = BD
Effect 7 AD = BC

As with Latin squares, when effects are aliased, e.g., A = BCD, the effect that

is actually being measured is

A + BCD
The plus sign does not necessarily mean that the apparent effect of A will always
be enhanced if the effect of BCD is not negligible. BCD may have a negative
effect, so that when it is aliased with the effect of A,

A + (-BCD) = A - BCD

the observed effect might appear smaller than the independent effect of A, or the

two large effects could conceivably cancel each other out.
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An examination of the aliases in this design reveals the importance,
when fractional factorials are used, of the assumption that higher-order interac-
- tion effects are negligible. With this particular design in Table [III-5], unbiased
estimates of the main effect are possible only if the three-factor interactions are
negligible, and unbiased effects of any three of the two-factor interactions are

possible only if their aliases — another set of two-factor interactions — are negli-

gible. For human factors engineering problems, with two-factor interactions

aliased with one another, the usefulness of this 24-1 design would be quite limited.

Suppose that there had originally been a five-factor factorial, a 25 design,
from which a half-replicate was created with the ABCDE interaction for the defin-

ing contrast. Using the multiplication technique just described, it becomes appar-

ent that all main effects will be aliased with only four-factor interactions and all |
two-factor interactions will be aliased with only three-factor interactions. The

possibility of getting unbiased main and two-factor interaction effects has

increased considerably with this design.

The Resolution of a Fractional Factorial

i The resolution level of a fractional factorial design indicates the degree and
nature of its alias pattern. Of particular interest is the alias pattern of the main |
effects and the two-factor interactions. In this report, designs of Resolutions III,

IV and V or higher have the greatest applications. The relationships between some

resolution levels and which main and interaction effects are confounded are as

follows: s
. 3
Resolution III: Main effects are unconfounded with one another but :
aliased with all interaction effects.
¥ :
- Resolution IV: Main effects are unconfounded with one another and two-
? factor interactions but two-factor interactions are
’ o aliased among'themselves. Both are aliased with higher-
g h order interactions.
:& _‘ q
e Resolution V:  Main effects and two-factor interactions are unconfounded
G with one another but are aliased with higher-order

interactions.
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Since for most human factors engineering problems, one cannot assume with

any confidence that two-factor interactions are not important, designs of Resolu-
tion V or higher are the most interesting. They are the first in which neither
main effects nor two-factor interaction effects are confounded within or between
one another, being aliased only with higher-order interactions. This does not
mean that there are no applications for designs of Resolutions III and IV, for there

are. Some important uses will be discussed in Chapter IV.

Designs of Resolutions III, IV, and V are sometimes referred to as three-,
four-, and five-letter designs, referring to the number of letters in the smallest
"word'' in the defining contrast for the design.* It is easy to see how this relates
to the degree of aliasing. A Resolution III design with a three-letter word in the
defining contrast (e.g., XYZ) must alias a main effect (X) with a two-factor
interaction (YZ). A Resolution IV design with a four-letter word (e.g., WXYZ)
will alias a main effect (X) only with a three-factor interaction (WYZ) but some

two-factor interactions (XY) will be aliased with others (WZ).

The Other Block

In the first example of a fractional factorial, the principal block was selected
to represent the half-replicate of the 24 factorial. This block included the experi-
mental conditions: (1) ab, ac, ad, bc, bd, cd, and abcd. But what if the other
block had been chosen which contained the remaining eight experimental condi-

tions: a, b, ¢, d, abc, abd, acd, bcd?

Should the selection of one block or the other affect the results of the experi-
ment? Not if the assumptions are met. If the higher-order aliased effects are
truly negligible, then lower-order effects will be the same whether one block or
the other is used. However, if the higher-order aliased effects are not negligible,

then the combined effects in the two blocks will differ.

#*Up to now, all defining contrasts have had only a single word since we have con-

sidered only half-replicate designs. When smaller fractions are developed, more
than one effect will be involved. When these are strung out, e.g., I = ABCDEF =

CDE = ABF, the effects are referred to as '""words.' In this case, the smallest
word has three letters and it would be a Resolution III design.
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[111-6] shows that all the signs in the ABCD column in the second block are nega-
tive. No estimate of this interaction is possible, of course, and it is still aliased
with the Identity (I) column representing the mean of the block. However, the
signs of these two columns are reversed. The signs in the Identity column are

still plus, but in the ABCD column, they are minus. Therefore, the defining con-
trast would be written

I = -ABCD

Using the multiplication technique described earlier, the alias of the A effect
would be -BCD. An examination of Table [III-6] reveals that these two effects also
have identical patterns, but that the signs are reversed. This characteristic will
be found with all of the aliased effects in this second block; one of the two aliased
pairs will be positive and the other negative.

Table [III-6). Sign Matrix for a 24-! Fractional Factorial

(I = -ABCD)
EFFECTS

o)

3] fa)
(] O oo m Opm Dsgg
—~qomdqd O<COL O4COL O o
el L= T
+ e By el — o
EXPERT'L e e e
CONDITIONS W R e S oot U e R
+ - - + - + + - S o bl i oy T e
+ 4+ 4+ == — = + 4+ 4+t = - =

How does the block which is used affect the notations? An examination of Table
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CREATING SMALLER Zk-p FRACTIONAL FACTORIALS

If instead of the half-replicate, a still smaller design was desired, then a
quarter-replicate of the original 24 factorial design could be created. This time
the half-replicate would be divided into two parts by selecting another effect to be
sacrificed and using for the quarter-replicate only the half with either all plus or
all minus conditions for that effect. Of course, there would be no practical reason
to use a quarter-replicate of a 24 design. That would involve only four experimen-
tal conditions for the entire experiment. The example is used here only to illus-

trate how smaller replicates can be constructed.

Let us assume that the experimenter decides that he is not interested in the
effect of the ABD interaction, and decides to use it for the next division. If the
eight experimental conditions of Table [III-5] are divided on the basis of the signs
in the ABD column, the two blocks would be: '

+ block = ac, bc, cd, abcd

- block (1), ab, ad, bd

Note that the conditions of one block (+) are all those with an odd number of the
letters in the ABD interactionand that the conditions of the other block (-) has all

conditions with an even number (or none) of letters found in the ABD interaction.

If the + block is used as the quarter-replicate, then the signs for quarter-
replicate effect ABD would correspond with those of the Identity factor and the
relationship would be written

I = ABD

Had the other block been selected, then the relationship would have been

I = -ABD
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For this example, however, we will use the + block, as shown in Table [III-7].

To create this quarter-replicate, estimates of the effects of ABCD and ABD

were purposely lost, We may write the expression
I = ABCD = ABD

and refer to the two effects associated with the Identity factor (I) as the defining
generators rather than the defining contrast. By multiplying these generators
together, we generate a third effect, or word, which is also aliased with the Iden-
tity factor and the other two effects. Thus,

ABCD x ABD = A°B%cD? - C

An examination of the quarter-replication sign matrix, Table [III-?], will show
that no effects of ABCD, ABD, or C can be estimated since only the high level (+)
conditions of each are in that block. No contrast with a lower level is possible.
Aliasing between main and two-factor interactions is considerable; each effect is

aliased with four others.

Table [III-7]. Sign Matrix for a Quarter Replicate
of a 24 Factorial (I = ABCD = ABD = C)

EFFECTS
Q & s A B
8 @ W - S - B A =]
2 -~ < a < ux 8 2 2% 828 28 2
| -
2 ac C e S SRR B R e SRt e iy e
8
:bc i Dot o P e Sl e e e e i e e
2 o + - - L T ST A S T U S e
iabcd e T e AT e e TR S R et S D S
g
x
[*)
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ALIASES OF EFFECTS IN CORRESPONDING COLUMN
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raises some question as to the desirability of the particular set of defining gener-
ators that were used. Ordinarily it is preferable to be able to estimate all main
effects. But what alternatives are there? One might try different effects in the
defining contrasts, but for this particular example, no other combination would
eliminate aliasing at least one main effect and in some, more than one main effect

would be lost.

In the early discussion of fractional factorials, the highest-order interaction
was used to create the half-replicate. However, when further divisions are made,
the '"best' design —i.e., the one that permits the highest Resolution possible —
may not necessarily be created using the highest-order interaction. The quarter
replicate of a 2&-> factorial is a case in point. A higher resolution design can be
obtained using two three-factor and one four-factor interactions for the defining
contrast than using a five-factor interaction with any other effect. With the 4-3-3
factor interaction selection, a quarter-replicate, 25 design, would be of Resolu-
tion III. No main effects would be confounded with one another, although they
would be confounded with two-factor interactions. Had we used instead the high-
est, five-factor interaction with either a four-factor, three-factor or two-factor
interaction as the other generator, the complete defining contrast would have at
least one word of one or two letters and be a design of Resolution I or II

respectively.
Another characteristic of defining contrasts containing more than one word
has to do with the sign pattern. Had we selected the set of four experimental con-

ditions associated with the - sign for the quarter replicate of the 24 factorial, the

defining contrast would have been
I = ABCD = -ABD = -C

Note that the multiplication of signs is retained across these conditions.
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While Zk-p fractional factorials represent a considerable economy in data
collection over the use of a complete factorial, particularly when the number of
factors are eight or more, there are relatively few human factors engineering
problems in which the interest is strictly limited to a great many factors having
only two conditions or levels. The advantage of understanding the construction and
symbology of Zk'p fractional factorials (i.e., fractional replicates, 2-15 of the total,
with each of k factors at two levels) will be more apparent in later chapters when
these designs are employed as a step in the screening process or a part of a more

complex design to obtain response surfaces.
SOME Zk'p FRACTIONAL FACTORIAL DESIGNS

In Appendix II, some two-level fractional factorial designs for from five to
15 factors are provided. These were selected from the document entitled
"Fractional Factorial Experiment Designs for Factors at Two Levels, ' published

by the U.S. Department of Commerce (45), according to the following criteria:

1) All main effects and two-factor interactions are unconfounded with

one another, with the following exceptions:

13 factors: 12 two-factor interactions could not be estimated

(out of 78).

14 factors: 2 two-factor interactions could not be estimated (out
of 91).
15 factors: 2 two-factor interactions could not be estimated (out

of 105), S

2) All designs required less than 300 observations. (Actually, the

maximum number was 256 for 10, 12, 14 and 15 variables.)

3) No more than 16 experimental conditions are in any block, and no

main or two-factor interactions is confounded with blocks.

In the original document, other designs are available in which some of the above

criteria are not met.
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i FRACTIONAL FACTORIALS FOR FACTORS WITH MORE THAN TWO LEVELS

E : i\ - If the factors are quantitative, somewhere in the progress of the experiment it ]
| will often be necessa;.ry to look at a minimum of three and as many as five levels in :
= i order to determine whether non-linear relationships might exist. If the factors a<ns1:XMLFault xmlns:ns1="http://cxf.apache.org/bindings/xformat"><ns1:faultstring xmlns:ns1="http://cxf.apache.org/bindings/xformat">java.lang.OutOfMemoryError: Java heap space</ns1:faultstring></ns1:XMLFault>