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Experimental data collection plans are described that permit the study of from
five to thirty experimental factors . These plans we re selected from those
employed in physical science research anq were suitable for human factors
engineering research. The maximum number of dat a collection point s required
for each basic design never exceeds thr ee hundred and often is less . The
method of e~p1oying these designs is a two-phase one. In the first phase, a
large number of potentiall y critical factors are systematically screened
quickly and economically in a way that identifies the more important ones. In
the second phase, functions are obtained that relate the more important
quantitative factors to operator performance. The need for this type of
approach is justified on the basis of data obtained from an analysis of human
factors eng ineering experiments published between 1958 and 1972 in the journal,
Human Factors. Five principles that enable economical multifactor human
factors experiments to be successfully conducted are stated and when assumptions
are made concerning the application of these principles, empirical data is
provided in support.
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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 onl y as needed f o r  definite and
well-understood purposes, and those tools are best which a re  not only
most natural  for the worker  but also most readil y understood by the
reader to whom the findings of the research  are to be addressed. The
great histor ical  contributions to stat is t ics did not come about by the
intention of the autho r to make a stat is t ical  formula ; on the contrary,
they were inventions devised for interpret ing certain baffling research
problems with which the investigato r was confronted in some concrete
setting. It is such natural  emergence of procedures from the needs of
the situation, rather tha n 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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Economical multifactor designs alread y employed in other scientific
vocations were selected for their applicability to human factors engineering
problems. With the designs in thi s 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 p recise predic tion 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
necessary -- tha t the investigator suspects have critical effects on performance.
Using screening designs, a long lis t o f fac tors can be orde red approximately
in terms of their relative effects on performance and the factors which account
for most of the performance va riability can be identified. Generally, only a
few fac tors -- probably less than 10 - - will be responsible for most of the
variance. If these factors are quantitative, as most of them are in human
fac tors engineering research, the function relating them to performance can
be approximated by a polynomial using response sur face designs.

Human factors engineering experiments, as results from ana lyses of 14
yea rs of published research reveal, have generally studied too few factors and
have taken many mo re observations than should have been required for the job.
The need for new approache s is attested to by the failure of the conventional
methods to provide experimental data that will account for most of the perfo r-
mance variations within the experiment or will predict field performance.

To take less data and obtain more information than is ordinaril y done
• requires a shift in experimental philosophy and in experimental method.

Economical multifactor design s ar e viable resea r ch tools in human fac tors
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 collec tion.
4 5. A conscientious effort on the part of the experimente r 

—

can usi~ally make a small amount of data both reliable
and accurate.0.

Justifications for these principles are discussed.
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FOREWORD

In a 1956 edition of a physic, book, the author d iscussed the theory of
space fl ight. He concluded with the prognosis that although such an adventure
we. theoret icall y poss ible , man wou ld never leave the earth ’ s atmoSp here
unt il he had develo ped a more po werful fuel , one cipabl, of cr.atlng the r.qulr.d
t hrust c*lcu lated by the author. A year later , howev er , t he Russ ian ’ . sent up
t heir first satell ite usin g the same fuel considered Inadequate in the physics
book. Instead of usin g only one rocket .- the basis for tha calculations in the
book - - they used two , one to boost t he othe i- , and by this dUferent methodology

— were ao le to accom plish 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 result s 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 ha ve 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

• empir ical data necessary to relate fifteen or mor e f ac tors to operator per-
formance, might acknowledge that it was theoretically possible, but would

• probably abstain, considering the requ es t imprac t ical and irr esponsible, if
he were to consider it seriously at all.

I.

- 

- 

Thi s report provides an alternative approach for the investigator
working on applied human factors engineering problems who is not satisfied
with how well his experimental results solve real world problems. It Is a

f.~ ~ 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

U I
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In hu~nan 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 thi s, particularly in regard to
collecting multifactor data economically. While these tools are basically
the same as those traditionally employed in human factors engineering
research, the way that they are used is changed. Thi s change makes the
seemingly impossible possible.

Much of the philosophy for experimental design in this report was

adapted from that described in numerous papers by G. E. P. Box, who has
developed many ingenious experimental plans for physical science resea rch.
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

apply to the practical conduct of formal experimentation. Enough statist ics
are suppl ied as tools - - generally in an oversimplified form - - to help an
investigator use the designs immediately, but with little concern for either
stat is t ical theory or methods of analys is. These must be obtained from the
original papers . This report should be read in orde r from beginning to end.
The chapters are sequenced so that each provide a class of designs that
match a corr esponding phase of an ent ire experimental program. Knowledge
of subsequent chapters depends on the understanding of the previous chapters .

The time available for this report did not permit certain important
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

• field studies . No r does this report provide information on how to control the
bias that the order in which different experimental conditions are presented to
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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.

I am convinced 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 eff ect ive
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 
•
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CHAPTER I.
REQUIREMENTS FOR UPGRADING HUMA N FACTORS EXPERIMENTS

“ Economical multifactor designs ” (EMDs), as the term Is used here, refe r 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” refe r s to a basic experim ental design that contains
no mo r e than 300 obse r vation point s and usually a great many Less. The designs
desc r ibed her e we re selec ted because they ar e suitable fo r m os t human factors
engineering experiments concerned with the problem of equipment design. Whether
or not they are suitable for other pr oblem s in which human performance is involved

will not be considered in this report.

IMPORTANCE OF EMDS FOR HUMAN FACTORS ENGINEERING RESEARCH

The importance of these designs to human factors engineering research cannot
be fully appr eciated un less one has exam ined c rit ically the information produced

from tr adit ional methods of s tudying these problems. While the practical value of
the results of formal human factors experiments has been questioned in general (1) ,
lit tle effort has been made to evaluate the productivity and effectivness of the
methods employed in this experimentation. Simon (44) com pared the methods used
in human factors eng ineering research with the types of question s the research
was in tended 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

a

7 - . • 

~Dunnette (2 6) has made similar criticisms about psychological research in
general. Campbell and Stanley (15) have questioned some of the techniques
employed in educational psychology.

I
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analysis was made of the experiments published in the journal, Human Factors,
between 1958 and 1972. * Their design characteristics and effectiveness in
accounting for the variability in operator performance in the experiment s we re
determined. The results of the analysis showed clearly that many of these fo rmal
experiments were little more than extravagant exercises, examining factors that
explained little of the results of the particular experiment and less when related to
pe rformance in the real world. A reanalysis of 239 analysis-of-variance tables
reported in this journa l during the fourteen year period showed that in approxi-
mately 60 percent of the experiments, the experimental factors that were purpose-
j
~ 

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 fac to rs studied in these experiments was two , the chances that thi s data
wou ld predict per formance in a comp lex operat ional situation with any degr ee of

— 

- 
accuracy are slim.

The 23 9 experiments were gr ouped for many analyses acco rding to the numbe r
of factors studied in the experiment. The percent of experiments having from none
to seve n equipment (and system and environment) factors are shown in Table [1-1].
In thi s sam e table , the percent is shown when the experiments were regrouped

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

Number of Equipment, Subject , and
• Facto r s Equipment Factors Temporal Factors

0 0. 8 -

1 29 .7  20 .5
2 38.9 43. 5

, -i
3 23. 0 25. 5
4 5. 4 7 . 5
5 1.7 2 . 5  10. 4
6 0 0

~ : 7 0.4 0 .4

- 
• 

- 

~Reference will be made throughout thi s report to thi s analysis of the experiments
in the journa l. Human Factors. The conditions and scope of thi s ~nalysis ar e
described briefly in Appendix I.

2
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according to the number of equipment, subject, and temporal factors in an expe ri-
ment. Sources of variance due to subjects and trials were defined as “experimen-
tal factors ” only whe n 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 only 36
looked for systematic effects of performance over trials. In the remaining
experiments, while subjects or trials would usually be removed as a source of
varian ce in an analysis-of-variance table , these effects were never examined or

- 

- 
interpreted further .  Over half of the experiment s in which subjects or trials were
treated as an interpretable factor occurred in an experiment studying a sing le
equipment factor. This accounted for the largest shift in the two distributions seen

• in Table [i_i] when there was a drop in t he numbe r of one-factor experiments and
an inc rease in the number of two -factor experiments when subjects and trials were
conside red to be factors.

The median proportion of performance variance in an experiment accounted
for by the experimental factors when only equipment factors were considered ver-
sus when equi pment , subjec t, acid temporal factors were considered diffe red by
only three percent overall. Histograms for the two analyses are shown in Fig-
ure (t -i) . It is apparent that whether or not subject and temporal factors were

• included in the analyses of these human factors engineering expe riments (with the
emphasis on equipment parameters), it made only a marginal difference in how
much of the per formance variability was explain ed by the part icula r se t of experi-

• mental factors.

Experimental Design Characteristics.  Characteristics of the 236 experiments
with from one to five equipment factors in an expe riment are shown in Table (1-2].
The contents of thi s table should be self-explanatory; the conclusions drawn from
thi s table are summarized and interpreted as follows:

1) The median number of equipment factors studied in all of the exper i-
ments were two. Less than eight percent of the experiments studied
four or more equipm ent factors in an experiment (Column 2). Even

- 
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PROPORTIONS (X.01)

Figure [i-i] . Distribu tion of proportions of variance accounted for by

4 
expérime~ttl factors in 239 experiments.

• when subject and tempor al factor s we re counted, in only t en percen t
of the experiments were four or more factors studied. [Table 1_ i)

2) The median number of levels per equipment factor for all experiments
was th ree (Colum n 3). For the f ive-factor  studies, the median num-
ber of levels pe r factor reduced to only two, which meant that non-
linear relationships betw•een main effects and performance could not

p be es timated.

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
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.

N
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3) Some experiments used more than a thousand observations to study
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. (Colum n 5)

4) Subjects rathe r than trials were the primary method of replicating;

while the median value s pe r groups appear reasonable , the maximum

• 

number of replications for all groups were quite high. As the number

of factors in th e experiment s increased, the size of t he experimental

effor t  seemed to deter the amount of replication to some extent.
(Column 4)

It seems that a great deal of e f for t  which might have been expended collecting new

information over a la rger  experimental space was used only to make repeated

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 expe rimental factors (and their

interact ions)  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 conclusion s drawn from Table [1-3] are:

5) On the average, the more equipment factors in an experiment, the

grea ter  the proportion of the performance variability in the experi-.

- 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 th e equi pment plus temporal (or subject) factor studies are
removed f rom the one-factor gr~ ip and added to the two-factor
group, the proportion accounted for by the remainder of the one-

L • factor group increases and for the newly formed two-factor group

decreases (Colum n 2). This shift suggests that the presence of sub-
ject or temporal factors (ag 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 tern-

poral factor is on the average not as great as that of an equipment
fac tor in these human factors experiments.

6
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7) The probability that at least half of the pe rf or mance va riability will

be accounted for by equipment factors  increases as the number of

equipment fac tors  increases .  “Probability” is based on the percent

of experiments in the particular groups that equaled or exceeded the

amount shown. (Colum n 3)

These resul ts  show two important trends: One, wi th less than four independent

variables in an experiment,  the factors that were  purposefully varied accounted

for I tSS  of the variabili ty in per formance  on the average than other conditions

which were supposedly rep licated or inconsequential in the experiment. Two , even

when five factors  were  studied , there is still an uncomfortably large proportion of

the var iance 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 ope rational situation.

The values related to Equipment factors only in Tables [1-2] and [1-3] can be

combined to provide a measure of the quality of the experimental results and the

redundancy and effect iveness  of the experimental designs.  These are  referred  to

as “indexes ” in Table [1-4] and are interpreted and defi ned 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)
Equipment Factors Quality Redundancy Effect iveness

in Sing le Experiment Index Index Index

p

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

8
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variance associated with the equipment factors to the proportion
associated with irrelevant sources of variance. (Colunm 1)

2) The redundanc y In data collection more than doubles when more tha n
three factors are studied. “Redun da ncy” 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. Thi s calculation was based on the
assumption that there were three levels per factor. (Column 2)

3) 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 bi~sed on median values of the proportion, and total

observations for each group of experiments. Had the sam e measures been made
for individual experiments, the range of value s would be quit e 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 factor.e engineering

* 

research in general, the numbers In Tables (1-3] and [1-4] would seem to indicate
‘
~~~~ 1 that a great deal of tim e 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 expe rimental efficiency drops off .

:‘ The results of the analysis clearly Indicate the characteristics that fu ture
human factors experimental desi gns must have if the goal of pred icting field per-

formance from laboratory data is ever to be achieved. Specifically , experiments

must Include a great many more factors tha n are currently included in a single

iI~
9

- 
!~~~~~~~~~— — .--~~~~~ ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ ~~~~~~~~~~~~~~~~ - - 

- -~~~
-
~~~—~~~~



F— I •--- ---- --- -

experiment and the number of observations must be held to a minimum in order to
make mult ifactor  expe r iment s 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 f i rs t  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 experim ents, one equipm ent 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
one by 0. 16 to obtain 6. 3 factors. Based on the sam e calculation using the propor-

— ti o ns of variance accounted for by two, three , fou r , and five factors, we would
need 6. 5, 6. 6, 6. 5, and 7 . 7 factors  respectively to account for “all” of the vari-
ance in an experiment.

Considering the degree of independence among these groups of data , the
• answers — centering around seven factors — are remarkably consistent. Perhaps

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 merely
-

- 

• 
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
p 

were based on median values, and indicates that the hypothesized number of fac-

tors  would be sufficient only fi fty percent of the time. To account for most of the
variance ninety percent  of the time, that numbe r of fac tor s would have to be

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

—
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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
expe rimental variables whether the number of factors were ten or one. Supposedly
in the exper iment , nothing else has been changed to cause the performance to vary.
However, in our sample, among expe riments 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
- 

ye t.

Two rathe r obvious situations can exist when the experimental factors fail to
account for most of the performance variance within the experiment: either the
rela tive effects of “random ” (chance) variability — although small — are over-
whelming the effects of expe rimental factors that have only small, albeit reliable.
e ffec t s, or there are major sources of uncontrolled or irrelevant variances run-

• fling rampant in the experiment that distort the data so as to cause even important
effec ts to appear relatively small.

The refore , 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 - conduc t ed expe riment , and 2) the most important factors affecting perfo r-
mance on the particu la r 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

- -p

1t 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 per fo rmance would be meanin gless. This might be so if an experimenter
could know that all other conditions of the experiment were identical to those that

r would be experienced under operational conditions and that there would never be a
wish to gene ralize beyond these specifi c conditions. Since it is highly unlikely that:1- thi s would ever be so, many more factors tha n “ type of control” could be added to

-

~~~~ 
the experiment relevant to th e charac teristic s of the task , the environment , and

2 the personnel.

1 1 -
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paper, although how this is done is neither intuitively obvious nor dealt with to any
great extent in institutions from which human factors resea rchers 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, 1. e., number of factors 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
invest igator 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-
tee n or twenty factors within which he believes the ten most important one s will
even tually be found. Thus , it would be safer to ~~gin a research program with
approximately fi fteen or so factors in the experiments. Thi s not only increases
the chances of having the more important factors included in the experiment but
also inc r eases the chances of in cluding the fac tor s need ed to accur ately pr edict
performance in the operational situation.

If the initial fi fteen or so factors are carefully selected by a knowledgeable
expe rimenter and the experiment is performed with reasonable care, the set of
fac tor s 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
thi s point. He wrote:

“Experience in a large number of screening expe riments in industrial
situations has consistently shown that the re ar e only a few cri tical va ria-
bles and a larg e number of unimport an t va riables associated wi th each
specifi c problem . There is limited practical value in attr ibutin g

- 

- ‘statistical signi ficance ’ to any number of the ‘unimportant’ va r iables
while one or more of th e ‘critical few ’ va riables escape consideration. In
the real world it becomes usefu l to assume that total variation and total
ef fec t can be broken in t o all of thei r 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 usefu l 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)
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Avoid Excessive Data Collection. The data in Table (1-2), Colum n 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 , the re 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-
men ts more tha n one subject was te sted on the same experimental conditions.
These replications add to the magnitude of the data collection process and tend to
reduce the number of factors an experimenter is willing to study. The question

the refore is: how many obse r vations a r e a r ea sonable numbe r to consider when
selecting economical multifactor designs. Until more experience has been acquired. 

-

t he 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-

manc e, then a minimum of 136 obse rvat ions would be required to estimate th e
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 HUMA N FACTORS RESEARCH

- 
- In the discussions that follow, methods of economically collecting multifactor 

I

da ta will be described. No designs are included in thi s report that handle less than
five factors, and some techniques are described that wil l permit an examination of
from fifteen to -thirty factors.

An effort  was made to include only those techniques and designs that were par-
ticularly suitable for experiments to arrive at design parameters for equipm ent
used by the human operator. While EMDs may not be applicable to all human fac-
tors enginee r in g problem s, they will be to a great many. There Is so much room

.~~~

- 
- for improvement in ou r resea rch m ethods tha t even when certain designs are not

di r ect ly applicable, the principles behind these designs can still be u seful .

~~~~~~~~
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Human factors eng ineering experimentation lends itself marked ly 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 eng ineering research must ultimately find solutions tha t are app licable to
real world problems. Any success in thi s 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 majority of these
experiments are conducted under circumstances in which time and money are lim-
ited. These desi gns 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 tha n 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 ins tances 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 rea d consecutively. Unless a
r eader is thoroug hly 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 discipline s as independent entities, the approach

• 
proposed here for human factors research considers selected designs from each
chapt er as steps in a sequ ence of desi gns which the experimente r would employ as -

he progresses throug h the program . Thus the discussion in Chapter III on frac -
tional factorials — suitable for quali tat ive and quantitative factors — is included

P here primarily to familiarize the reader with the technique to be employed in
Chapter IV . Chapte r IV employs fractional factorials for purposes of quic k ly
screening large numbers of variables to discover which are the most important
ones. Chapter V describe s the techniques whereby the effects of these more
im porta n t va riables can be measured and r ela ted quantitatively to operator per-
(ormance. Presumably if out of a great many candidate factors the most Important -

I ~ ones are chosen, the final equation of seven to ten factors should pe rmit more pre-
cise predictions of field pe rfo rmance tha n has been possible up to now. Before the

N
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- 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 mult ifactor designs are based. These are discussed next in Chapter II.

*
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CHAPTER II.
‘p.

BASIC PRINCIPLES OF ECONOMICAL MULTIFACTOR DESIGNS

The economical multifactor designs (EMDs) discussed in this paper do not
diffe r markedl y f rom desi gns t radit ionall y employed in human factors research.
They are all branches of the same gene ral family, stemmin g from the theory of
mult iple regression and its specialized form of the analysis of va riance. Emphasis
is given to special features  of the factoria l desi gn s, par t icularly the 2~ series
including the principles of single de grees of freedom, confounding, and fractional
replicates. The experimenter who is familia r with these topics of ma thematics and
statist ics will have littl e t rouble unders tanding the underl ying structu re 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 investigato r mus t have as compared to the way much human
fac tors engineering research has been traditionally handled.

SOURCES AND METHODS OF ECONOMY

EMD s can best be unders tood t h rou gh an understand ing of the principles on
whic h they are based. Since the onl y practical means of including more factors
wit hin the same experimental plan is to reduce the, amount of data that must be
collected to an absolute min imu m, the principles for EMD s revolve about the sources -

from which and the method s by which the economy can be obtained. The follow in g
sections outline the content s of Chapte r II.

Sources

Which experimental conditions should be eliminated from replicated factorial
desi gns in order to reduc e the size of an experiment without a material loss of
information? In most experiments , some economy can be achieved by:

~~~
-
: ~~
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1) Minimizing repeated measurements of the same experimental conditions.
Given the choice between including more factors in an exper iment or
replicating a smaller experimental space, the former will generally
provide the most unbiased estimates of the effects of interest. In fact ,
t here 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 likel y to be non-exi stent or relatively unimportant. To plan
to isolate the effect of a fifth-orde r interaction, for example, is to corn-
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 t hing over and ove r again or to stud y unimportant aspects of the problem when
the same effort  might have been used to examine a large r portion of the critical
space. Yet from its inception, human factors research has tended to emphasize
the former approach.

Met hods

“It ain’t what you do but the way you do it, ” an old son g 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 ,EMD s 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 try ing

J ~~~ . to rediscove r it.

L
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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
the need to take extra data that serves primarily as a cover-up for
poo r procedures.

Each of these principles is based on continued investigator involvement from
the pre-experirnental planning stage, through the data-collection, to the analysis
and interpretation of the data. How different this is from the usual approach
where the princ iple investigator plans an experiment and turns it over to his
lesser-trai ned assistant to run and analyze. In usin g EMDs, the investigator will
con sider 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 flexibl e
plans and probabilistic guesses as important tool s of the research process. He
will find himself more involved in the total experimental process than eve r before.

The rationale on which these principles are based will be discussed in the
sections that follow. The reader who find s some of these principles difficult to

• accept because of his previous experiences should be reminded that those expe -
riences have come almost t otally from experiment s in which fewer than five equip-
rnent factors have been investigated in a single study. It will be shown how some
uneconomical method s employed in human factors research in the past were needed
to cover the limitations which result f ro m studying only two or three factors in an
experiment, and how the reason s for many of these method s disappear when five
or more factor s are to be studied. To really feel comfortable employing economical
multifactor designs, the investigator must get used to “thinking big. ” The very
conditions tha t must be present to safely study many fac tors economically are the

ones that exist (for the caref ul experimenter) when many factors are included in
a single desi gn. The principles themselves tend to support one anothe r.

‘ 4 
-

The five basic principles underlying EMD s are described in detail below,
including the rationale, supporting data, and the conditions under which they are

- - 
- and are not applicable.

4
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CMD PRINCIPLE I. DON’T REPLICAT E A BASIC EXPERIMENTAL DESIGN
UNNEC ESSARILY.

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 abl e to replicate, fewer factors had to be studied in the experiment .

• Th is proves to be th e wrong choice in most cases, f or a precise study of a small
portion of the experimental space has litti , predictive power in an operational
situation in which performance is affected by a g rea t many factors. The results of
a great many small experiements have neve r been satisfactorily consolidated (44)
When there are limit s 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 latte r alternative will generally
result in more and better information, particularly when a large number of factors
is involved.

Wh y 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 thi s distinction, da ta collection can be reduced and the
savings redirected toward studying more factors at nominal costs.

S.

Replication of a basic design can be achieved by testing more than one subject

~t. on the same experimental conditions or testing the same subject more than once on
the same experimental condit ions. There is an implicit assumption that the subjects
have been drawn at random from a homogeneous population , and that on retestin g
the same subject, performance on subsequent trials can be measured independently

$ 4 .
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of performance on preceding trials. There are several reason s 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 e r ror  variance to test for statistical
significance.

3) To- measure the ef f e c t s  of individual differences or changes in per-
formance over time by treating the dimension being repl icated as
an experimental factor.

As t he discussion wh ich follows will show, some of these goals may be
achieved without replication and some are irrelevant to the original pu rpose of

— conducting the experiment. If economy in experimentation is important , an
experimenter must be able to distinguish among the different circumstances.

Replicating to Measure Pe rformance More Precisely

-
‘ 

- 

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

precision when in fact:

- the use of replication for precision is unwarranted

I- - 
- 

- an alte rnative to replicating for precision exists.

Situations in which - Replication f o r  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 condition s, 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 t he field, where the need for economy is often greater than in
the labo ratory. To solve this “problem ” by replicating many times is both
inappropriate and unwarranted.

20
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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
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.
Thu s averagin g 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 va r iance that
must be understood if generalization f rom th e laboratory data to the operational
situat ion is to be of practical value. Replicatin g an experimental design for this
pur pose is not onl y uneconomical but becomes the means by which the inve stigator
avoid s his research responsibilities. It allows him to be lazy in the planning and
the conduct of the experiment, hiding rathe r than identif ying, controlling, and
isolatin g effects. If the investigator, instead of replicating, had used the same
data collection effor t  to identif y th e causes of the wide fluctua tions, the quality of
his info rmat ion 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 ac hieved if suspected parameters are
measured and their effects evaluated usin g 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 fluc tuations in performance that cannot be readil y 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.

S.
- .5-

It should be n ’ 4 1 that to replicate for precision may have grown out of an
experience invo1v.~ ~ly 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 design s of that small size,
some replication may have been necessary to obtain a sufficient number of degrees

~~ 

-

~~~~ 
- of f reedom and a comfor table 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 incr ease the numbe r of observations used to es timate a mean. If the
number of factors in an experiment is lar ge enou gh , 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 conduc ted on
eight factors , eac h at two levels , the total number of observations (or experimental
conditions) in the experiment would be 25 6. 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 2n designs, being merely
mean differences between two halve s of the experiment, will all be based on 128
mea sures.

Hidden re plications can have certain advantages over true replications. Hidden
replications of the different levels of a single factor, since they are ac tually 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 rep lications we re 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 per formanc e across
a great many conditions . If , of course, the interest res ts 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. Thi s then, in a pa rticular mission and task situation ,
might be the one , sit uation-specific case where replication for precision might be

justif ied.

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

-

. enough obse rvations to make reasonably precise estimates of the main, two-factor
interaction, and possibly three-factor interaction effects.

r ~
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Replicating to Obtain an Error  Estimate for a Significance Test

Replication can provid e 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
er ror as “the failure of two identically treated plots , or experimental unit s, to give
identical yields , or res ponses. ” This error  is assumed to be distributed normally.
In practice, where economy is a viabl e 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
replica tin g to obtain an estimate of the error va r iance. When factorial designs
have been too big to replicate, the highest-order interaction has been used in lieu

• of an er ror te rm. In doing thi s, the experimenter implicitly made the assumption
that the effect of this interaction on performance is negligible. By definit ion, for
an eff ect to be negligible, the variability in performance would be no greater than
could be expected by chance. In practice, this assumption is althost never checked.
Circumstances under which this ass umption is likely or not likely to be valid will
be discussed later.

Error  estimates can also be obtained without replicating the basic design by
using what mig ht be called — employing a chess-term analogy — a “discovered” replica
tion. If a large number of factors is studied in a single experiment, it is highly
proba ble that the effects of some will be ne gligible. If data is collected originally
with the unreplicated design, that data collected on factors with negligible effects
(and we need not know whic h these will be ahead of time) can be used to obtain an
estimate of error.  This is so, of course, because by definit ion if an effect is

r negligible, the re are no meaningful differences among levels and they therefore
represent a replication.

If the number of factors in the stud y is large enough , there will be little troubl e
1 - 

in deciding whethe r or not effects are negli gible. Mere consideration of the

7
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practical value of observed differences should suffice. In addition, if the propor-
tion of variance attributable to the pa rticular factor is small, its relative impor-
tance within the experiment is established.

Situations in which Error E stimates are Unwarranted. Traditionally tests of
statistical significance have been used to identif y 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

— 
decid e whethe r his “h ypothesis” (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 measur e the reliability of an effect,

not how much of an effect there is. The results of such tests can be influenced

by any numbe r of decisions on the part of an investigator. There have been
se rious questions raised as to it s suitability for factor identification (3)(4)(3 1)(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 identifica tion of critical factors, therefore should be based on whether

the effect on performance is important rathe r than merely reliable. Ordinarily

- - 
in a multifactor experiment, if the former is true , the latter wiU follow.

*J~ the analysis of the experiment s 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 th em were “statist icall y significant” effects. In one three-factor stud y involv-
• - ing 3024 observation s (49), one of the factors was statistically significant at

p < 0. 01. However, all of the factors including the significant one and their
interaction s combined accounted for less than one -half of one percent of the total
variance, while the error variance (experimente r ’s categorization) accounted for

b,’ 0. 92 of the total variance. The remaining 0. 07 was almost equall y distributed
-~~~~~ between subject and subject-by-experimental factor inte ractions. Much discussion

was gene rated by the identification of the “significant” but trivial affect.

- I: ’.!
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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 ca re and effort , if enough factors are included in the basic experiment,
any random variance associated with replication would be inconsequential relative
to the other effects. As Budne ( 14, p. 140) stated: “the existance of high residual
variation in an experiment merely indicate s that the most important variables were
not included in the experimental design. E Note : Other possible explanations for
high residual variations are considered in the discussion of EMD Principle v.1

- 
I Statistical signif icance alone is a f unction of sample size and this residual varia-

tion, and is thus not a good measure of wha t is or is not important in the real world.
The absolute magnitude of residual variation must be considered. When estimating
error va riances 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 T rials 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 condition s. 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
measurements on the same task. In some experiments, however, knowledge of t he
effects of trials or subjects on performance is of primary interest: in others , this
knowledge is treated merel y as an irrelevant fact.

Situations in which Multiple Subjects and Trials are not True Replications.
- 

I Some human factors experiments include amon g their experimental factors — in
addition to the equipment factors — subject and temporal factors . For example, an
experiment may be designed to answer question s such as: Do pilots perform dif- .

- 
- ferentl y with a new display-control configuration than non-pilots ? Should equipment

be designed differently to compensate for age or sex differences among operators?

How muc h diff erence is t he re in operator performance using different devices after
- a great deal of practice ? What effect does the design of a piece of equipment have

on the abil ity to perform a monotonous task? Answers to these questions can only
I
j 25
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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 facto r a re not reall y re plications. In these quasi-replicat ions, the special
characteristics of the subjects or the positions of the trials in a series of trials
are intended to re present (in conjunction with the equipment characteristic) a unique
experimental condition. When thi s 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
t rials are intended to be only replica tions .

• When multiple subj ect s and t rials 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 th ose in wh ich mult iple subject s were used was th ere a concern about
the effect some subject characteristic such as their sex, experience, or handedness
had on the ability to per form using the equipment . Only 35 percent of the experi-
rnents in which the same subjects were tested repeatedly on the same experimental -

conditions was there any interest in the effects of such temporal characteristics
as learning or the effects of performing a task ove r extended periods of time.

In view of the limited numbe r of times when subject and temporal change s
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 eng ineering experiment s actually include subject charac-
teristics as factors of their des i gn. This probably has its h is tor ical  ori gin in the
fact that human factors expe r iments are conducted to find ways of optimisin g per-
formance by improving the equipment rather than by selecting or training the
operator. Whethe r or not the separation of these various effects on performance
is wise cannot be discussed here. Obviously where a disordinal interaction can be

26
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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
with subjects will sometimes be isolated and presented in an analysis-of-variance
table, and thereafter  ignored. Neithe r the discussion of the results nor the conclu-

• sions d rawn concerning the data will mention anything about this subject va r iance.
Under these circumstances, this data must be considered irrelevant.

It is sometimes argued, however, that knowledge of subject variance ii 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 expe riment.
When multiple subjects are run as replications, the chances tha t they are repre-
sentative of the population is slight for the following reasons:

1) The ave rage 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 sub3ects have been selected, it is often on the basis of a single
label (fo r 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 variation s in pe rfo rmance are
taken into account

27
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4) Quantitative descriptions of population and samples are seldom

available making it impossible to adequately identif y 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
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
progresses and do so at different rates. In summary, it is highly presumptive
to believe that the variance associated with the perfo rmance of a small group of
subj ects used to replicate an experimental design has much permanency or pra c-

tical validity insofa r as the experimental results may be applied to the real world.
Under these conditions , replicating expe riments 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
expe rimental design no t readily recognized as an example of quasi-replication is

that in which several subjects are tested on the same series of experimental con-
dit ions but th e 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.

In a second case, when a quantitative variable is being studied , collectin g 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 strai ght 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 va r iable in the
experimental desi gn is to obtain redundant information and would be equivalent to
replicating. In practice , of cour se, there is always some uncertain y of the order

of the relationship to expect and there are certain economical experimental designs

1~
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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 Replication s are Desirable

Althoug h 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 provid e additional information toward an understanding of the problem
under investigation.

Investigating T ransfer Effects. In human factors engineering studies, the
experimenter mu st be careful to minimize the effects of the order in which a num-
ber of experimental condition s are presented to the same subject. This has already
been discussed and the point was made that running more than one subject for the
pu rpose of reducing th is ord er of presentation effect is not considered to be
ordinary replication. Instead, the requirement that each subject to be tested on
experimental condit ions in a different order adds a new factor, anoth er 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-

• rnent 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 c ondition to affect the results of the experimental condition
tested next. Residual effects may carry ove r 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 greate r than in the direct effect.

29
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To obtain the best information about transfe r effects, replication of experi—
• mental conditions is required. In some design s, 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 method s of handling transfer effects is too large a
topic to be treated here, but may be found in othe r references. (2)( 16)(39)

Developing the Power of the Test in Comparison Studies. Simon (44) dis-
tinguishes between human factors engineering experiments which t ry  to identif y
the factors having the most important effects on performance and those which corn-.
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 latte r case, particularly when
the interest in the comparison stud y is to esta blis h tha t t here is no difference in
operator performance on two or more equipment cond itions (for example, in order
to ju stif y 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 doe s, 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 Replication s.
• Althoug h the importance and value of tests of significance have been more or less

downgraded in thi s 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
source s of va r iance.

r - 

- To keep the amount of data collection within reasonable bound s for this purpose, -

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

C
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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 degree s of freedom to
estimate experimental error,  and a more powerful 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 expe rimental condition may be ju stified

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 presentation. then it may be
desirable to run several tr ials sequentially on the same condition to offset transfe r
effect s 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, seve ral trials may be run (for example,
four). Then the first  two, which may be biased from the residuals effects f rom
the previous experimental condition, can be eliminated from any calculation. Thi s
situation differs from the one in which replications are used to escape from the
responsibility of explaining real but unidentifted 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 ,
as an alternative to counte rbalancing (which can require a great many additional

1’ 
- obse rvations), 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.

31



~~~~~ A second situation in which the experimental method might introduce a bia s is
the habituation and expectation found in psychophysical measures of sensory
threshold in “method s of limits ” studies. By running each subject at least two
trial s on the same condition , f irst  appr oaching 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 throug h a study
once and examined his data. Tha t 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 ultimatel y made , this is still more economical

than the - number tha t have typically be en employed.

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

Some EMD s reduce the amount of data to be collected by not isolating certain
higher-orde r effects which are assumed to be negligible. Higher-order effects
generally refe r to three-factor  (or hig her) interaction s, and any third degree (or
higher) component of a function relating operator performance to an experimental -

varia ble. If the a ssumption of negligible higher-order effects is valid, then this
reduction in the data collection effort is obtained wit h essentially no loss of critical

- 
- information. Preferably, the experimenter begin s with the assumption of negligible

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

• What is “Negligible ”?

At least two criteria are usefu l for deciding whether an effect is negligible or

nbt. The first  is whether the absolute size of the effect in the experimenter ’s

jud gment would have any practical effect on performance. The second is how the

4 
~~~ size of the effect compares with the size of the ot he r effects in the same stud y.

Propor tion of perfo r mance variance (eta squared) is a useful measure (31), and

withL~ any experiment, effects account ing 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 ne gl igible

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. Pe r haps the most common has
been their use of a Latin (or Graeco-Latin) square design. A Latin Square desi gn

provides an economical way of estima t ing the effects of three factors on perfor-

mance provided that no interactions exist among the factors. For example, to

study t he effects of two type s of controls (A or B), handedness of the operator

( Left or Rig ht), and direction of movement relationship between display and control

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

eig ht experimental conditions. On the assumption that no interactions exist among

the fac tors , 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-l~.

CONTROL (C)
A B

L D I z~(1) (2) 1 -

HANDEDNESS (H) i D 1 E-’R (3) (
~) I

- I 
- 

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 , Ri ght handed opera to r , and Indi r ect mot ion rela t ion

Cell (4) = Control B, Ri ght handed oper ator , and Direct motion relation

Fi gure [11- 1] . Latin square experimental desi gn for three factors .

- — ~‘In the anal ysis of the experiments in the journal , Human Factors, from 1958 to
1972 , 16 percent of the main and interaction equipment effects that accounted far

-
~~ 

less than 5 percent of the va r iance 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
Motion Relation (M) 1
Residual 16

After performance data were collected, the effect of Controls would be determined
by the differences between means of the A and B columns , the effect of Handedness

would be determined by the differences between mean s of the L and R rows, and the
effec t of the Direction of Motion Relation would be determined by the dif ferences

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 eve r 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 + ( H x M )

M + (CxH)
H + ( C x M )

The reader can check this himself by noting t hat exactly the same combinations of
cell values would ha ve 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 desij n , the effects of these two sources of variance

L . cannot be estimated independently. Therefore, in the case of M + (C x H), we
- ‘ will obta in an unbiased estimate of the effec t of M only if t he eff ect of C x H is

negligible.

Behavioral-scientists using Latin square design s 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 interaction s are concerned and that many
of the main effects estimated from Latin square designs are distorted. Two -factqr
interactions are not to be considered “higher-order ” effec ts.

A second situation in which psychologiéts have assumed that an interaction
effect is negligibl e is when the highest-order interaction is usect as a substitute

~
- er ror  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

j 
will be valid for all prac tical purposes , provided four or more factors are being
studied.

- 

- Except in the two situations cited above, psyc hologists have generally fail ed
to collect their data to take advantage of the possibil ity that hig her-order  effects
are  negligible, even when they believe it. One experimente r (28 , p. 120) tested
twelve subjec ts under every combination of a ~~ (seven factors at two levels each)
fac toria l desi gn , a total of 1536 measurements. In his analysis , he calculated sep-
ara tely 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 det ermined accounted for less tha n 2. 5 percent of the treatment variance. An
examination of his data revealed that had he also included the four-factor  interactions -

wit h the others , the pooled por tion would still have accounted for  only fou r percent
of t he treatment variance and less than 1 percent of the total variance within the

F experiment. Since the pooled por tion encompassed the effects of 64 sources of va n-
ance, for  any prac t ical purpose, these effects are negligible. Had the investigator --

- - anticipat ed or been willing to assume t hat four -factor inte ract ions or higher would
have negligible effects , and had not taken the measurement s requ ired to isolate
t hem from th e lower -order effec t s, he could have reduced his data collection by half
wit h p ractically no loss of information. If he then wished to maintain his original

4 level of ef for t , the 768 observations that were not needed to comp 1et~ th e ori ginal

~ 
1 desi gn could have been more effec t ively employed to stud y The effec ts of additional

variables or to dete rmine if an y of t he ori ginal variables related non-linearly to
performance. — 
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Two T ypes of H igher-Order  Effects

EMD s can be conveniently categorized by the type of higher-order  effects whic h
they assume ne glig ible. In a general sense, certain designs make no provisions
for collecting the data required to isolat e selected higher-order inte raction effects;
others partition interaction effects and are desi gned to ignore third-degree or

• hig her ter ms of an equation relating the independent va r iables to performance.
Those that assume higher-orde r interaction s are negligible are the fractional
factorials and screening designs discussed in Chapters III and IV. These are based

on an anal ysis of variance model and are most suited for the stud y of qualitative
factors or any two-level factors. Those that assume higher-degree terms are
ne gligible 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 exception s to this method of partitioning, the distinction is useful
for understandin g EMD s 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 level s respec-.

-
‘ tivel y. EiglIteen observations will be needed to complete the basic factorial design.

The total 17 degrees of Erèedom could be partitioned in two ways as shown in
Table [U- li ,  dependin g on whether the ANOVA or the regression model is to be
used. * - 

•

In Table [Il-li , Column I, the 17 degrees of freedom are partitioned into

- - 
main and interaction effects. In Column II, howeve r , the partitionin g is even

grea ter, each effect being associated with a sin gle degree of freedom repr~ 8e-ifl ing
a fër t n— in ~ pol ynomial. The sources of variance adjacent to one ai~ot4fé~r are
wholes or par ts of tFti áfn~ r -T.hu~s., -the f~ux • degrees—of-~f-reedom of the AxB
Interaction effect can be partitioned into sources of one degree of freedom each

-
, A x B, a linear -by-linear portion of the interaction; A~ x B, a quadratic-by-linear

portion ; A x B2, a linear -by-quadratic portion ; and A2 x B2, a quadratic-by-
quadratic portion. If most of the variance associated wit h the interaction can be —

accounted for  by the linear-by-linear portion , A x B, t hen it may not be necessary

to Isolate the remaining three higher-order effects.  In later chapters , how the

assumption of negligible higher-order  effects can be employed to reduce the amount
41J of data taking will be explained in more detail.
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Table [II-lj. Two Methods of Partitioning Sources of Variance

I U

Source s 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)

Factor A 2 d . f .  A 2 1st
A 2nd

Main Effects Factor B 2 d . f. B2 1st
B 2nd

Factor C 1 d .f .  C 
- 

lit

m t .  A x B 4 d. f A 2 x B 2nd
A x B 2 3rd
A2 x B 2 3rd

T wo Factor  A x B 4th
Interactions m t .  A ~ C 2 d. f . A 2 x C 2nd

A x C  3rd

m t .  B x C  2 d . f .  B2 x C  2nd
B x C

Three -Factor m t .  AxBxC 4 d .f .  A x B x C 3rdInteractions 2A x B 2 x C  4th
A 2 x B 2 x C  4th
A x B x C  5th

~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 Negligibl e

While it is easy to assume that hig her-order effects are negligible, whether
they are in fact is another matter. Even when the assumption is made tentatively,
to be checked as t he experiment pro gresses, it would lose much of its practical
value in the use of economical designs if it were valid only infrequently. There is
evidence , however , tha t this is not the case.

Mathematical and Intuitive Argument s. The assumption of negligible higher-
ord er 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
firs t  order of small quantities and if the function relating them to performance may
be differen tiated (i. e .,  is a smooth relat ions h ip), then when p variables are
measu red on a continuous scale we ma y validly neglect all the interactions above
a cer tain order , f or a (~ - l ) th order interaction is of the Pth order of smallness. ”
They furthe r stated that when some variables are qualitative rather than quantita-
t ive, “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
coeffic ients for hi gher-degree te rms of a polynomial approximating a response
surface, allude to the expectation that hi g her-order  effec ts are negligible “assuming
the properties of similarity and smoothness.

The economical design s proposed by these statisticians were devised originally
for research in the physical sciences where variable s are quantiative. Will
the assumption hold , and will the desi gns be useful for  behavioral science research ?

In human factors engineering research and ot her 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 occasionall y on a discrete but orde red scale that can be tr eated as if it were

continuous (e. g., 1, 2, 3, 4, 5, etc. targets). However until recently there has

been no empirical evidence to su ppor t or re j ect this assumption insofa r as human
factors researc h is concerned.

The analysis of all experiment s published in the journal , Human Factors,
determined empirically how important hig her-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 va r iance accounted for by each main
and interaction effect of the equipment factors was calculated. After separating
t he data , in Table [11-2], by the order of the interaction bein g exarn~ ‘~ d (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 (Column s 5 through 9). In the other cases the propor-
tion of variance for the individual interactions were analyzed (Columns 10 and 1-1). -

For example, in half of the experiments studying fou r fac tors at a time , th e
sum of th e propor tion of va r iance accounted for by four three-factor interactions
was 0. 03 or less. The maximum proportion accounted for by the sum of the
fou r three-factor  interaction s in any of these four factor experiments was 0.11 .

- :  Of the 13 combined propor tions accounted fo r 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 interaction s

- 
were examined, only 1. 9 percent (or one interaction out of the 52 of that category)
aL counted 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 propor tions t hat
were summed to obtain it. For example, the combined proport ion of variance

accounted for by all fo ur 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

- 
th e combined values of th ese eff ect s as re present in g how much of t he total va riance -

would not have been accounted for if all two-factor inte ractions had neve r been
calculated , or would have been confounded with othe r effec t s had t hese effects  never

~~ 

-
• 

been collected.
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From the data in Table (11-21, the following generalizations can be made:

1) The more factors studied in a single experiment, the smaller the
proportion of variance accounted f or by individual interactions.

2) The higher the order of interaction, the lower the proportion of variance
acc ounted for  by that order.

3) Four-factor interactions and higher are for all practical purposes
negligible.

4) In ove r 75 percent of the expe riments , three-factor interaction effects
can be considered to be negligible. However, as the numbe r of variables
studied in an experiment decreased , some three-way interactions effects
were large enough to require further examination.

Three-Factor Interactions. From Tabl e [11- 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 fou r inter-
act ion s account ed for only 0. 11 of total va r iance. Of the four interactions that
were summed to make t hat amount, onl y one accounted for more than 0. 05 of total
va r iance; 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 along with some descriptive data

• in Table [11-3]. This was the case in onl y 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.
Onl y fou r of t he 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 va r iance. 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 [11-3). Anal yses of Three-Factor Interaction Effects Accounting for
More Than • 05 of the Total Variance -

Proportion
Number of Proportion of Total Number of Accounted for
Factor, in Variance Accounted Interaction by Individual Number of Type of Type of

the Experiment for by Combined 3F1. Effects Summed 3F1s Levels Variable* Interaction

1 3 - 19 1 • 19 2, 2, 2 LLL Disordinal
2 3 . 18 1 .18 3, 2, 30 LLL **
3 3 • 16 1 - 16 3, 4.2 LLL **
4 4 • 11 4 . 06,. 04,.00,. 01 3, 2.2 NNN Ordinal

5 3 • 10 1 • 10 2, 3, 2 LLL

6 3 - 09 1 - 09 3. 3, 5 LLN Ordinal

7 3 • 08 1 • 08 3. 3. 5 LLN Not
Significant

• 
8 4 - 06 4 - 04.. 01. . 01.. 00 20, 3, 2 LNN Ordinal

*Lrqua lftative ; N:.qua nt itative; LLN.2 qualitative. 1 quantitative ; LNN= 1 qualitative. 2 quantitative
**1J,ed as er ror term

s**In.ufficient data w decide

interactions were primarily qualitative variables; there was only one exception
(No. 4). Only one (No. 1) of these three-factor interactions (amon g 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 deperxl in g on the level of a second factor which is ope rating when the
performance is measured. The others were the ordina l type of interaction (V-type )
which could probably have been eliminated had a d ifferent 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 wh ich 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 assumpt ion 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 inte r-

s-- - - 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 design s are
constructed so as not to ignore two-facto r interactions, it still is of interest to

- obtain quant itative information on how important these effects are likely to be.
From the data in Table [11- 21, the following generalization s can be made about the
two-factor interaction effects:

• 1) The more factors studied in an experiment, the more likely an m di-
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 experiment s had the combined effects of

• the two-factor interactions in the studies accounting for more than
0. 05 of th e total variance. Only 11.3 percent of the individual two-

- factor interactions in the studie s 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
t

negligible.
I

In general , interaction effects tended to be somewhat hig her when qualitative
factors were involved than quantitat ive.

4. 
-

~~~~

High er -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. Thu s the main effect of a three-level factor with

~~ 
- ‘f- two degrees of freedom in the analysis of variance, will be represented by two 

_ _ _  

43

~~~~~~~~~~~~~~~~~~~~~ ~~~~~~~~~~~~~~~~~~~



terms in the equation — a linear and a quadratic term. The interaction of two
three-level variables with four degrees of freedom in the analy sis of variance

would be represented by t he following four terms , each with a single degree of
freedom , in the polynomial:

x x .  (linear-by -linear interaction ) 2nd degree te rm

x2x. (quadratic-b y-linear interaction) 3rd degree te rm

xlx
2 . (linear -by-quadratic interaction) 3rd degree term

x~x~ (quadratic-by- quadratic interaction) 4th degree te rm

The degree of the term.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 quant itative factors
limit the data collection to that required for a f i rs t  or second degree models. In
the above example of the two-factor interaction, th is would mean t hat only t he

linear-by-linear component of the interaction would be estimated and the other three
component s would be assumed negligible.

Similarly, if a fac tor contained five experimental levels, its relation to
perform ance could be represented by four terms:

2 3 4x. x . x. x.
1 ’ 1~ 

‘ 1 ’ 1

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 neg ligible?

Because the anal ysis of variance model dominated the analyses of the experi-
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 quantitat ive main effect were published , it was possible to

determine how well equation s containing f rom firs t  to f if th-order terms would fit
these main effects. An analysis was performed on all quant itat ive main effects

wit h three, four, five, or six levels t hat had accounted for 0. 25 or more of the
total performance va r iance in the experiment. The results are shown in Table [11-41.$

- ~~~~~ -.-~——— -~~~~---~~~~~~~~ ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ ~~~~~~~~~~~~~ ~~~~~~~ 
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Table [U-41. Proportion of Variances of Main Effects Accounted
for as a Function of the Order of the Polynomial

- Orde r of the Polynomial

-; ; 1st 2nd 3rd 4th 5th
Nuinbe r of - **Percentile RanksLevels
Involved 1 50 100 1 50 100 1 50 100 1 50 100 1 50 100

3 (20) * .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 .99 1.0 1.0 —1.0—

6 ( 2) - .60 - - .98 - - 1.0 - - 1 . 0 - — 1. 0—

- 
*Numbers in parentheses indicate the number of main

ef fect s included in the analysis. Only main effects
that accounted for • 25 or more of the total variance

• were included,

**percentile rank is interpreted to mean : 1 is the
- smalle st proport ion of variance of any main effe ct

explained by that order polynomial; 50 is the
- median proportion explained; 100 is the highest

proportion.

Table (11-41 shows the proportion of the variance of quantitative main effects
that is accounted for when represented by polynomials of diffe rent orders. Obviously

an equation of order (d - 1) will account for all of the variance of any main effect
5.

with d levels. For each group of data, the lowest, median, and highest proportions
- ‘ accounted for are presented as 1, 50, and 100 percentile ranks. One can conclude

— 
from the data in this table that for the sample involved, the inclusion of highe r-
than-second order terms in the polynomial will account for a negligible proportion

4. of the main effects.

I
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- When thi s is so for main effects , then Plackett and Burman ’s (40) statement
regarding critical order of the interaction of quant itat ive variables is likel y to
be applicable, and the importance of third-degree and highe r effect s should be

slight. In the few cases when the assumption is not valid , a fact that can be
detec ted if the proper experimental desi gn is employed, more data may have to

• be collected. The chance s for large higher-orde r effects however may be

minimized by the technique s described next.

Methods of Minimizing Higher-Order Effects

Th e degree to which higher-order  effects may be ne gligible 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 negli gible 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 probabilit y that higher-order effects will be
negligible. These are:

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

Th is procedu re simply recognizes the fact that sufficiently small

- 
sections of any curve can be approximated by a st raight line. The

- 
investigator should know enoug h about his factors f rom preliminary

- studies to be able to set his boundaries so as to encompass most of
the space of inte rest without exceeding second-order relations hips.

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

p

- ‘

~ 

In order to simplif y relationships , tr ansfo rmations 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

- L ~ on a scale that linearizes the function between it and performance.
-

~~ 3) Exert prope r 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 occur red by merely examining the data. With

H 

_ _ _  

46

~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ ~~~~~~~~~~~~~~~~~~~~~~~~ -- —
~~~



— ~~
T5-5

~~ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _

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

resu lt of a subject fouling-up several times or chang ing his strategy
mid -stream in an experiment. None of these condition s are asso-
ciated wit h the experiment but are actually artif acts of t he experi-
mental situation. Many experimenters attempt to meet these
problems by running many subjects or many trials on the same
experimental cond itions and averag in g out these effects. However
this is not conducive to data collection economy. The other alterna-
tive is to give maximum att ent ion to see t hat as each piece of dat a

is collected the chances for contamination f rom irrelevant sources
be minimized.

4) Exercise proper controls to eliminate systematic but irrelevant
sou rces of va r iance.

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,
suc h as learning or fatigue. Othe r systematic but irrelevant sources
of variance can be attributed to such factors as equipment drift.
The commonly employed counterbalancing tec hniques do not always

reduce these effects and in fact at times may enhance them. Tech-
niques such as “blockin g ” (42), usin g practiced subjects , and

- - monitoring equipment which can ’t be controlled are all ways in
which these systematic sou rc es of irrelevant variance (generally
appearing as interactions) can be reduced.

a-f

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 result s are formall y anal yzed. Implicit in this approach has

been the attitude t hat it’s not quite cricket to change one ’s mind once the design
has been devised or the data collection is on its way. A s a result, the cost of

obtaining information has usually been inflated unnecessarily since data collection

4 7 -
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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
of ten of marginal qualit y because th e investigat or failed to anticipate disruptive
conditions or stop the stud y when such conditions became apparent as the program
progressed.

Had the experiment s 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 f irs t  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 profitabl e directions or to stop the experiment if there
are signs that additional data collection would have contributed little addit ional
information . This principle of progressive iteration is fundamental to most
economical design s and provides the safety feature when minimizing replications
and assuming negligible higher-order  effects.

Box and Hunter (8) have noted that “the only time an experiment can be properl y
designed is af t er it has been completed. ” They state “It might be possible to
devise some ri gid 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 appl y a process wh ich, when properl y handled, will
converge to the required solution” (p. 139). Thi s principle — so successful in
chemical engineering research — can be equally so in human factors experiment s

- 
- 

for equipment design.

- ,  Wh erea s the two previou s principles of design - economy were concerned with
what measures might be omitted , this princip le deals with the way data s~iould be
collected. By using this proce5~ of p~-ogressive iteration, the amount of data
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~~~, which must be collected to obtain a certain level of information can generally be
reduced. This economy is ac hieved:

1) By f irs t obtaining a less precise overview of the eff ect s of a g r ea t
many factors in order to select the most important to stud y 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 factor~ , 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 trul y critical factors are being studied.

2) By avoiding the exploration of parts of an expe rimental 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 throug h the
space by collecting a little data at a time, analyzin g it , and using
it to guid e him to the regions of greatest importance. If in the
earlie r stages of the study th e effect s of certa in facto rs are found
to be negligible, they may be dropped from late r 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 ~~~~~~ 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.
I. 

-~~ 
- 

Describing an imaginary system , they illustrate how they would
search a two-factor space composed of temperatur e and percent
chemical concentration to find the combination of value s which
give the optimum chemical r esponse. They point out the extrava-
gence of mapping the entire space since this would include a great
many condit ions where the response level would be of little

— I: -
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interest. Instead they arr ive at the optimun~ throu gh a series of
small iterative steps as follows:

a) By starting at the “bes t guess ” location , take enough data
point s to fit by t he method of least square, a polynomial
of sufficient order to provide a local approximation of the
surface ( Figure [11-2 , A] measures 1-5) .

b) From this information , take additional measures in the region
at which higher responses were likel y to occur (Fi gu re [u-z, A]
measures 6, 7, and 8).

c) Continue to repeat this until the region of optimum response
can be identified (Figure [11-2, B] measures 9, 10, etc) .

d) At the final stage of this progression , before making a com-
plete map of the region , t ransform the variables and conduct
the final mapping experiment in the coordinate s of the new —

scales (Fi gure [11-2, C]) . This eliminates interaction effects ,
make s the response surface more symrn-~trical, and simplifie s
locating the optimum position fairl y accurately.

Response surface designs of this type will be discussed in
Chapter V.

3) By terminating the experiment as soon as all of the desired informa- —

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

Since one or both of these event s generally occur long before the
da ta 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 hi gher-order

5- 

effects are negligible. Its purpose was to assess the effects of
seven factors germane to establishing the optimum design of a
perip heral 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 2~ 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 involve s the previously discussed assumption that
fourth-order or higher interaction effect s will be negligible. Here the
investigato r would collect enough data to complete a half-replicate (64
conditions) of a factorial desi gn. This type of design is discussed in

— Chapter UI. With this much information he could determine whether third-
order inte raction effects were sizeable and if they were not, could feel
reasonably secure that still highe r-order  effects would be even smaller,
and terminate the expe riment. If the third-order effects were large,
however, he could then comple te the othe r half of the complete factorial
to learn more of the higher-order effects . The chances are against the
lat ter case and by using the progressive ite ration approach, he exercises
an option to reduce the data collection if the facts warrant it.

A st ill more economical application of collectin g data sequentially in
pro gressive iterations can be fo und using the screening technique des-
cribed Chapte r IV. With thi s approach, the investigator would begin by
collecting data on 24 of the 128 experimental conditions in the comple te
fac torial. 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 fac torial, he would have been able to determine with reasonable
confidence which factors  and their two-factor inte ractions were the most
important. Al though 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

- I his entire design.

In still a third approach, describe d in Chapter V on response surface
methodolog ies , the inve stiga tion could run the half-replicate of the
factorial in blocks of ei ght condi tions , and add in each block an additional
experimental point located at the cente r of the experimental space. The
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eight extra cente r 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
quadra tic effects would provide more information than the investigato r
could have obtained with the complete fac torial and at less cost.

Still greate r economy might have been achieved by combining the screen-
ing approach with the response surface approach. However, with only
seven variable s, the potential savings would be very small. When the
number of variable s reaches 15 or more , the potential savings would
allow multifactor experiments to be conducted that othe rwise might neve r

have been possible.

4) By bein g abl e to evaluate some data before the decision to replicate is
made

The arguments against replication have already been presented.
When there are indications that a half-replicate of a factorial has
given all of t he 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 bet ter to complete t he

factorial without repetition . The same would be true if only a
1116th fraction of the total factorial had been run. Rather than

- 

- 
repeat the same experimental condition s again, the same precision

4 and more information would be obtained if a different j  / 16th fraction
were run.

An iterative approa ch provide s litt le just ificat ion for  re plication .
If in an early analysis, the data seems uncontrolled , then the solu-
tion is to find the source c~f the unexplained variance ra t her than

- ~~. ~ a means of hidin g 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 fac torial wit h one observer doe s

appear to provide all of the information needed, replicating the

_ _ _ _  __—

~~~~~ 
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sa me 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 th is is exactly what a tes t 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
degrees 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 rela tively strai ght diagonal with a slope of one. Thi s type of plot

is also useful for quickly detecting the conditions on which two subjects
devia te 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 inte raction. Unless a specifi c subject characte r-
istic is being investigated, such an interaction has little info rmation

va lue. Commons reasons for a disagreement among rank orders of
experimental conditions between presumably homogeneous subjects are:

1) poor experimental cont rol, 2) large order-of-presentation effects ,
3) inadequate training and/or practice , and 4) momentar y dis t ractions,
either inte rna l or external, to the subjects.

- ,

- 
-

0.

1~
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EMD PRINCIPLE IV. SUBS TITUTE EXPERIMENTER ’S KNOWLEDGE AND
ANA LYTIC SKI LLS FOR DATA COLLECTION.

Cookbook experimental designs and mechanical data collection procedures ar e
inordinately wasteful . Considerably greater economy can often be achieved when -‘-

the experimenter becomes more personally involved . As a result of their
“behavioristic ” background, experimental psychologis ts have frowned upon this
approach. Reacting to “a rm-chair ’ psychology, many psychologists have tried to
emulate the “ scientific approach” by eliminating all subjective considerations
f r om 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-
ments of meager depth and limited breadth . To reverse this trend, more investi-
ga tor involvement is needed.

The use of the expe rimenter ’ s j udgment 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
da ta, whether to add or drop fac tors, 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 thi s 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

-~~~
. functional relation ships. If he puts thi s informati on to prope r use, he can usually

- ;  reduce the amount of data he must collect without any mate rial loss of information.
For example, there is an abundance of psychophysical data to show that when
the intensity of light (in the middle bri ghtness range) is inc reased in equal
physical increments, the change in bri ghtness will be perceived by the observer
as a curvilinear function, 1. e. monotonic and negatively accelerated. To

-t 
‘

~~~ 
approximate this curve , a t least three points would have to be plotted . Howeve r, —

by knowing that thi s is the approximate function relating physical and
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psychological bri ghtness, the experimenter could plan his da ta collection by
selecting levels of light intensity distributed at equa l intervals on a logarithmic
scale. In this case , bri ghtness as perceived by an obse rve~ would be essen-
tially linearly re lated to the physical change (on a log-footlambe rt 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 be tween two or three levels for thi s single factor may appear small and
of little practical consequence. However, if there were seven factors in an expe ri-
ment with a similar amount of savings, then for a complete factorial design the
number of data collection points would drop from 37 

= 2187 to 2~ = 128, and for
a f ractional factorial that keeps all main and two-factor interactions from being
confounded with one another, the reduc ti on would be from 37 2  

= 243 to
2 7- 1 

= 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 rela tionships are not known beforehand , the experimenter can often
obtain sufficient experience quickly and cheaply by making a few preliminary
measurements. An informal explo ra tion of factors and their parameters before
any serious planning be gins is probably the quickest and safest way to provide
an observant and reasonably sophisticated investigator with the clue s needed
to select the best candidate experimental factors and their measurement scale s,
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.

Iden tifying which Confounded E ffects are Important
5.

The economy achieved by not isolating confounded effects that are assumed to
be ne gligible was discu ssed 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 neg lig ible. Any

r
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measured effect in this case — actually the sum of A + ABCD — must be assumed
due to Factor A.

There are circumstances however when a number of effects are confounded

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
the important one s 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-
menter can determine analytically from the existing data which two-factor inte r-
actions are most probably important.

The situation is analogous to an electronic technician who must troubleshoot a
complex piece of equi pment 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

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 INDIVIDUA L
MEAS URE ME NT.

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

~; —I-

principles of economical multifactor desi gns 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.

- ..~.
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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 inte ractions, subject fac tors, and
temporal factors combined. In a quarte r 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 expe riment 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 statis tically elegant experi-

• mental design to purif y badly conceived and poorly executed experiments. Wi th
economical znultifactor desi gns , such laxity can no longer be tole rated.

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 bia s
exper imental measurements were reduced, eliminated , or measur ed 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, —

time limitations, political considerations, and othe r sources not directly related
to the experiment can create an environment in which biased data is likely to
occur. In thi s 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
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 per formance. 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 la rge

- - - 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
situa tion. 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 er ro r va riance 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
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., obj ect si ze,
object-to -background brightness contrast , object pattern); among different
airfields, these critical visual factors are allowed to vary indiscrimi-
nately. Inàufficient time is allotted to a pre -experimental period in

which a fruitful rang e of value s for the experimental factors can be
established and the procedure s 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.
The parameters of many equipment factors held constant are unknown.
Complex stimuli in the real world are represented unrealistically in the

experiment to simplif y the task of defining and controlling them. A
technique for simulation is selected becau se it is chea per 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 complica ted 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 ,
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 atudy; the fact
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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 modif y 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
collec tion can result in a failure to note that he is not following ins truc -
tions, ha s 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 equi pment

that the data collection phase must be hurried . Long experiments are
divided in to blocks of time without regard for the advantages of orthog-
onal bloc king. 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 oc curred — was

• it an artifact or just an extreme of a normal distribution ? The experi - -

menter has insufficient experie-nce to know what to do during the
experimental run when data on a particular condition is lost.

Analysis. Although counterbalancing for order of presentation effects ,
these sources of variance are not isolated during the analysis of the

data. The use of par ticular designs such as a Latin square make s it
impossible to estimate certain interaction effects (e. g. ,  equipment X
subject X trials) which are almost certainly, going to have an effect.
Er ror va riances are actually what’ s lef t over afte r 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-
call y 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 . Thi s 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 111.
ECONOMICAL DESIGNS FOR QUALITATIVE FACTORS

( FRACTIONAL FACTORIALS )

A factorial  desi gn is made up of expe rimental  condit ions in which every level
of every factor is combined once with every level of every  other facto r . A f r a c-
tional factorial desi gn , or f rac t iona l rep l icat ion , is made up of only a portion of
the experimental  conditions of the complete factorial  selected in such a way that

hi g her -order  e f fec t s  are not isolated f rom lower-order  e f f ec t s .  Thus the economy
f r om f ra ctional fac tor ia ls  i s based on the assumption that hi ghe r -o rde r  in terac t ion

- 
e f fects  are neg li gible and need not be independentl y estimated.

- 
Fractional factorials  have been used inf requen tl y in human fac tors  eng ineer ing

research , appearin g pr imar i l y in the form of a Latin square. These desi gns a r e

presented he re because they do represent  one form of economical desi gn , but

more  impor tan t , because the i r  cha rac t e r i s t i c s  and methods  of cons t ruc t ion  are

basic to the designs di scussed in later chapters .  While f rac t ional  factor ials  at
two levels are sui ted for both quali tat ive and quanti tat ive variables ,  those which
can handle three or r .iore trea tments of a variable will probably be more usefu l in
the study of qualitative variables.

- Because so much excellent material  has been wri t ten  abou t the construct ion
- end charac teristics of fractional factorials  ( 1 6 ) ( 1 7 ) ( 1 8 ) ( 19 ) ( 2 3 ) ( 2 9 ) ( 3 4 ) ( 4 5 ) ( 5 1 )  only

enou gh information will be presen ted here to famil iar ize  the reader with some of
- - 

- 
the fundamental concepts, notations, and techni ques of fo rming fract ional  replicates

- so that he will understand their applications in subsequent chapters. For a more

-

- complete t reatment , supplemental  reading is urged.

- ‘ SOME UND ER LY IN G CONCE PTS A N D NOTATION S
I.

4.

- ~,. There are a number of ways of conceptualizing the conditions of an experi-
m enta l . desi gn. Of these ,  a sign matr ix  is a par t icular ly  usefu l form for understand-
in g two-level factorial and fractional factorial desi gns . Thi s discussion will show the
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rela tionship between the symbology convent ional l y em ployed by the psycholog ist to
describe his experimental desi gn and the sign matr ix.  The development here may
seem slow to some; it has been purposefull y oversimp lified to be sure to get the

ideas ac ross.

Develop ing a Sign Matrix for Two-Level  Factorial Designs

Psycholog ists often desi gn experiments by drawing cells to represen t the
experimental conditions. For example, in a two -factor,  two-level  desi gn , the

following would represen t the experimental plan .

Factor A

Low (1)  Hi g h (a)

I II
L o w ( l )

4 2

Factor B

III IV
Hi gh (b)

6 4

The Roman numerals in each cell of the desi gn serve to identif y the cells . The
Arabic numbers in the lower-ri ght corner of each cell are fic titiou s performance
scores assigned to each condition. The alphanumerics , (1)  and (a) or (b) ,beside

the levels Low and Hi gh, respectively, of each factor are abbreviated notations
fl ’ - used to represent those levels.  In an experiment , each experimental  condition is

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

Factors

Cell Number A B Fictitious Performance Scores

I low( 1) low( l )  4

- : II hi gh(a) Iow( 1) 2

III I ow( l )  hig h(b) 6

IV hig h(a)  hi g h(b)  4
- 4 .
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This can be more simply expressed by using only the alphanumeric desi gnations
for the low and high levels:

Factors

Cell Number A B Fictitiou s Performance Scores

I ( 1)  (1 )  4

II a ( 1 )  2

III ( 1)  b 6

IV a b 4

If only the Letters of the factors in which the hig her level is bein g used are wr i t ten
down , this matrix can be shortened sti l l  more . Thus:

Cell Number Experimen tal Condition Fictitious Performance Scores —

I ( 1) 4

II a 2

III b 6

IV ab 4 

Every factor contribute s to each experimental condition; therefore ,where  no le t te r

is shown in the notation , the low level  for the corresponding fac tor is in fact being —

used. For example , Cell Number III is a combination of the low level of factor A
(since a is missin g) and the hig h level of factor B (since b is presen t).  A conditio n
in which all Levels are low is designated by ( l ) . *

Experimental conditions of a 2 k design (where k equals the number of fac tors)
can also be described by deno ting the low level of a factor  by a minus sign ( - )  and
the hi gh level by a plus si gn ( -1-), thus:

3

_ _ _ _ _ _ _ _

• *The concepts of low and high can onl y be applied to quanti tat ive 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.

I
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Factors

Cell Number Experimental Condi tion A B

I (1) - -

II a + -

III b - +

IV ab + +

Wi th fou r observations of a 22 design , three independent effects can be
es timated. One is the effect of factor A , another is fac tor B, and as in any facto-
rial desi g n, 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-
t ionalar i thmetric rules— multiplying two of the same signs gives a plus and two
dif f erent  signs g ives a minus. *

Thus for  sig ns fo r  the AB in t er actions would be

- 
- - 

— A B AB

- - = +

+

• - + =  -
- + + = +

These can be combined into a sign matrix along with a fourth column , r e f e r r e d  to

as the Identity (I) colum n, 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 [Ill-li .
8 ’ ,

4; -

$ 
-

*j f the re had been three factors , A , B , and C, and if for a~pa rt icu lar experimen-
- t al co ndi tion t he signs we r e -, - , and + respectively, then the signs for the fou r

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 [Ill- l]. Experimental Conditions, Sign Matrix, and Scores

Sign Matrix 
__________

- Fictitiou s
Cell Experimental Primary De rived Identity Performance

Number Condition s A B AB (I) Scores

1 ( 1) — - + + 4

- 

- 
- II a + - - + 2

- III b - + - + 6

- IV ab + + + + 4

Estimating the Effects (Mean Differences)

Th e primary section of the sign matrix in Table [ill_i] shows the combinations
of levels of each fac tor that define each experimental condition. Thu s condition a
in Cell II would be made up of the high value of fac tor A and the low level of fa c-
to r 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

+ 2

-~~~~ - - 6

+ 4

Summing these , we would ge t -4. This sum must then be divided by 2~~~1, whe re k

is the number of factors in the experiment. In this case , 2k~~ = = = 2.

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

t -.. difference between the performances in the high and the low conditions of factor A.
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Using the sign matrix [In - i] 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 + abj/2

and when t he pe rformance scores are subst itu ted ,

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 mus t divide by
the total number of experimental conditi ons, thus:

Mean = (+4 + 2 + 6 + 4 )/ 4  = + i 6 / 4  = +4

Calcula ting Sums of Squares and Mean Squares

For a 2k fac tor ial desi gn , the sum of squares can be obtained directly from

the estimated effect since

Sum of squares = 2 (effect)

r - where k is the number of factors in the experiment. In the above example, wi t h
two factors, then = 1, and the sum of squares for  each source of variance
would be:

2Sum of squares for A = (-2) = 4
2Sum of squares for B = (+2) = 4

Sum of squares fo r AB = 0 = 0

(
-5
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The total sum of squares would be 8. This can be checked by the conve ntional

method of summing the squares of the deviations of the performance scores in each

experimental condition from the grand mean , or

(4 - 4)
2 

+ (2 - 4) 2 
+ ( 6  - 4) 2 

+ (4 - 4) 2 
= 8

Since each sum of squares is associated with a single degree of freedom , the

sum of squares for each effect equals the mean squares or va riance. Wi t h this

design, there is no estimate of error.

Orthogonality

The property of orthogonality can be i l lustrated with the sign matrix in

Table [III- 1]. When two independent factors are orthogonal , they are uncorrelated ,

uncortfounded , 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 ma t rix , where the cross products of their

corresponding signs contain an equal number of plus and minus signs. Although we

talk of + and - signs, we ar e, in reali ty , dealing with + 1 and -l but for convenience

have ignored the numbers. Thu s if we multiplied the signs of columns A and B of

the sign matrix in Table [u t-i] , 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 orthogona l.

CONSTRUCTING FRACTIONAL FACTORIALS FOR FACTORS AT TWO LEVELS

- r - 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 depend s on the selection of what will be saved and what will be lost.

Blocking and Confounding

-- ,- Blocki~ g re fers  to a technique of dividing the experimental conditions of a

complete- factorial desi gn into smaller units, or blocks. When the correct set of

( 
~
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experimental conditions are assigned to each block, an averag e performance

change between blocks will not bias the estimates of the effects of greatest interest.

B lockin g is usef u l when , for example, it is not possible to run an entire factorial

design on a sing le day. Instead of dividing up the conditions in some random fashion

to do half on one day and half on another,  mo re systematic blocking t echniques

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

per formance on all second day conditions to be higher , blockin g can prevent the

effec ts of g rea tes t in ter es t fr om being biased by thi s shift .  But there is a price.

Each tim e an experiment is blocked to preserve certain effects,  the estimates of

some other e ffects 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 variabil i ty are

not independent, i. e .,  orthogonal. When effects  are confounded , it is not possible

to determine which effect is responsible for observed d i f ferences  in performance.

For this reason, when blocking, the investigator tr ies to select those experimental

effects  to be confounded in which he is least interested or which he believes to be
unimportant  in the f i r s t  place.

4 Although too simple a situation to be of any practical value, let us continue to
2 - -

use the 2 factorial desi gn to illustrate how blocking and confounding occur. In the
orig inal si gn matrix of Table [III-1~!, the perfo rmance scores associated with the

four expe rimental 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 dete rmine 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 al t er natives , as shown in Table [111-2] .

c If there is an average change in performance from day to day which the
inves tigator cannot measure, and he divides the experimental conditions according

to the f i r s t  a l ternat ive,  he will obtain erroneous information on the effect  of fac-

tor B which is confounded with the effect  of differences between day s (blocks) .

- 

7:
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~ 
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Table~ 1I-ZJ. Blocking Alte rnative s for a a2 Factorial

Alte rnatives

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 f i rs t  and second day,
- 

, a consideration which would produce three more alternatives.

Thi s can be seen from [III- 2], since a d i f ference  between per formance  on the

conditions on the two days is the sam e as the d i f ference  between the hi gh and low

levels of factor B. Similarly, should he choose the second al ternat ive,  he will

obtain erroneous informati on on the ef fec t  of factor A . Should he choose the thi rd

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

In larger studies, the number of a l ternat ives  would be equal to N (N - 1) 1 4

- where N is the number of experimental conditi ons to be divided into two days and —

4 ref lects  the fact that there was no ef for t  to distinguish which day a block of con-

ditions will go into. When the number of experimental conditions are larger  than

in this over-simplif ied example, many of the possible a l ternat ives  will leave the
-- - - estimates of all of the effec t s biased — confounded with blocks — if the experimenter

- 

- 

- 
- does not understand the principles of blocking. That is why in si tuations such as

this, the worst  thing to do is to assign the conditions into days according

-
~~ 

-1 to some random plan. Instead, the investigator should block his experi- -
‘

mental conditions so that he will lose the information he cares  least about and will

prese rve the information in which he is most interested.  Althoug h the choices are

~ ~~~~~ r idiculously Limit ed in thi s simple example , let us assume that the invest i gator is

least interested in the AB interaction. This means that he should confound the
-~~ effects  of the AB interaction with the ef fec ts  due to days. This is done by placing

in one day all experimental conditions which in the si gn matr ix  in Table [run-i ]

~~~~~~

4 -

4~~
p. - \ -
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are minus on the A B  interaction and in the othe r day, those which are plus .

This is shown in Table [111-31. Performance scores on each condition are the
same as those given in the ori g inal sign matrix of Table [u i-i) 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 ~ieve r know what the real (ori g inal) 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)  - aJ/2 = (+4 + 9 - 4 - 5)/ 2 = +4/2  +2

- Effect  AB = [+(l) + ab - a - b ]/ 2  = (+4 + 4 - S - 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

- 

- unaffected . On the other hand , the estimate of the AB interaction effects  has

- change&. While we know from the way the problem was devised that the change

came from the increase during the second block , ordinarily an investi gator would

- Table [III-~~. Blocked 22 Factorial
- 

E f fec t s

- A B AB Performance

Day l
(1) - - + 4

ab + + + 4

j Day 2 a + - - S

b - + 9

(
_‘

~ 

‘I.
.

I.  f - 
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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

case the AB interaction, the investigato r was able to obtain an unbiased estimate
of the remaining effects.

Had th e inves tigat or blocked by confoundin g factor A , pe rhaps because he was
interested in obtaining an unbiased estimate of the AB interaction, then condi-

ti on s 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 thi s case, the estimates of the B and AB

2 effects  would be unaffected by an increment  of +3 in performance in the last half of

- 
I the experim ent, 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.

Fractioning and Aliasing

A fractional factorial design is created by using the experimental condition s
of some of the blocks in the tota l factorial and eliminating the remaining blocks of
condi tions from the experiment. If certain criteria are met , the information

ob tained fr om the f rac tional r eplicate will be fo r all prac tical purposes , as good
as that obtained from the Lull replicate. It is in creating and selecting a fraction

-: most likely to meet th e r equi r ed crit er ia that the pr oblems of design arise.

To illustrate the problems, conditions, and techniques associated with the

4 desi gn of f ract ional  factorials,  we shall beg in with the complete factorial for four
variables at two levels each. The complete sign matrix fo r a factorial  is shown

-
~~~ in Table [111-41.
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2 Table [111-4]. Sign Matrix for  a 2~ Factorial Design

E F F E C T S  1

_ <~~~~~ ~~~~~~~~

(I) - , - — — +  — + +  — - - + —  + — — 1
a -4- - , - — —  — — 4 - -,- — — 4 - 4- +~~ I•~~~~~ -’~b — - - k —  — 4 — 4 -  — + — +  + - ‘
ab -.- 4 -i- -f + + - r +

c + — — +  + — — +  — + + —  — + 4 - —

EXPERT’L ‘C - t - 4 — —  + 4 - — —  — — + +  — — + 1 -

C O N D I T I O N S  ~ ~~ :~ :~ :~~ :L
d + — — +  _ + +—  4 - — — +  — + + - -
a,i • + — —  — — 4 4 4 - 4 - — —  — - - + 4 -

~~ - , - — + —  ~~ ~~~~~~+ — ± — - , -

.b.1 + - ,- + +

cd # — — +  + — — +  4 — — f  + — —~~~
.1C41 4 + — —  + + ——  + 4 - — —  +~~~~~~ — —bcJ 4 - — + —  + — + —  + — + - -  + — + —.bCJ + + + +  + 4 + 4  + + + +  + 4 ± -

We beg in by dividing the 16 conditions of the factorial  desi gn into two
blocks,  using the ABCD interact ion as the basis for the division.  Any effect  used
to block a factorial is referred to as a defining contrast. In this case, there is

only one, the ABCD interact ion.  As with the 2 2 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.

The size of the experimental desi gn is reduced by eliminating one of the
blocks.  In thi s exam ple, the block with the minus signs in the ABCD column was

7 ~ ~~~ not used. The si gn matr ix  of the remaining block , with only plus si gns in the
ABCD column, is show n in Table [111-5]. Since this is the block with the ( 1 )  condi-
tion in it , the one with the lowe r level of all factors ,  it is r e f e r r ed  to as the “ prin-
ci ple ” block. The orig inal sixteen experimental  conditions of the factor ial  have
been reduced to ei g ht conditions, a ha l f - replicate of the complete factor ial .  This

- 
- 

is expressed as a

k~ 
-

4-12 design
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Table [111-5] Sign Matrix for  a Z~~~’ Fract ional Factor ial Design
- - (Principle block) (I = ABCD)

E F F E C T S

— .c~~~~ ~~~~~~~ ~~~~~~~ ~~~~~~~

(i) 4 - — — +  — + +  — + + —  + - - +

ab + + + +  

EXPERT ’L ac + + — - -  + - s - — —  — - + +  — — + +
C O N D I T I O N S  ~~ 

+ - + -  + - + -  - + - +  4 - —~~

~~ 4 + — —  - - 4+  + + — —  — — + 4
bd + — + —  — + — +  + — + —  — + — +

cd + — — +  + — — +  + — — +  + — - +

.b~~ + + + +  + + 4 4  + + + +  + + + +

-1 4 . . . 4-1 3or 2 (one-half)  of the 2 factorial, which of course is composed of 2 = 2 = 8 -

experimental conditions.

When half the data required for the complete factorial is collected , half the
information which might have been estimated is lost. Thi s can be understood by
study ing the sign matrix in Table [111-5]. It can be seen that:

1) No estimate of th e ef fect of the defi ning contrast , the ABCD inter-
action, can be made . Only the positive conditions of ABCD are in
thi s block making the calculation of the ABCD effect equal to that for

-
‘ 

the mean, which is calculated from the Identity column, L -

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

-
~~~~ between hig h and low levels withi n blocks.

~ . .
~~ 3) Howeve r , ce rtain pairs of effects have an identical sign pattern , for

example, effects A and BCD , effects  B and ACD, effects BC and AD,

75
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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
wit h 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

est imate of the ef fec ts  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 som e combinat ion of both.

Instead of construct ing a sign matr ix  and relying on visual  inspect ion to deter-

mine which effects  are aliased, there is a rather simple way to determine this.

- I ~ Firs t ,  the defining contrast  is specified as

I = ABCD

whe re I is r e f e r r ed  to as the Identity factor and when multiplied by any effect  is

treated as unity (one) .

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 = A

- Results in A = A2 BCD = BCD

- The alias of an inte raction is caluclated in the same way, e. g.,

Defining Contrast I = ABCD

- :~~ -~ 
Multiplied by AC = AC

Results in AC = A2BC 2 D BD
- 4

~~~~~~~- - 1  -

• ‘ Thi s procedure has its mathematical basis in modular arithmetic.
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Wi th ei ght experimental condition s from the 24 _ i  frac tional 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

Effec t  3 C = ABD

Effect  4 D = ABC

Effec t  S AB = CD

Effect  6 AC = BD

Eff ect 7 AD = BC

I

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

is actually being measured is

A + B C D

The plus sign does not  necessarily mean that the apparent effect of A will always

be enhanced if the effect of BCD is not negli gible. BCD may have a negat ive

effec t , so that when it is aliased with the effect  of A ,

A + ( -BCD)  = A - BCD

the observed effect  mig ht appear smaller than the independent e f f ec t  of A, or the

- - 
- two large effec ts  could conceivably cancel each othe r out.
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An examination of the aliases in thi s desi gn reveals the importance,
when fr actional factorials  are used , of the assum ption that hi g her -order  interac-
tion effe cts are neg ligible. Wi th this particular desi gn in Table [111-5], unbiased

estimates of the main effect  are possible only if the th ree- fac tor in te rac t ions  are
neg ligible , and unbiased effects  of any three  of the two-factor in teract ions  are
possible only if thei r aliases — another  set of two- fac to r  in t e rac t ions  — are neg li-
gible.  For human fac tors  eng ineer ing problems,  with two-factor  in teract ions
aliased with one another ,  the use fu lness  of this 2

4 _ i  
desi gn would be quite limited.

Suppose that the re  had ori g inally been a f ive- fac to r  factor ial ,  a 2~ desi gn,
from which a ha l f - repl icate  was created with the ABCDE interact ion for the defi n-
ing contras t .  Using the mult i plication techni que jus t  described , it becom es appar-

- 

- ent that all main effec ts  will be aliased with only four - fac to r  in te rac t ions  and all
two-fac tor  interact ions will  be aliased with  onl y t h r e e - f a c t o r  in te rac t ions .  The
possibility of getting unbiased main and two-fac tor  interact ion e f f ec t s  has
increased  considerably with this desi gn.

The Resolution of a Fractional Factorial

The resolut ion level  of a f ract ional  factor ia l  desi gn indicates the degree  and
nature of its alias pat tern.  Of par t icular  in teres t  is the alias pa t t e rn  of the main
ef fec t s  and the two-fac tor  interac t ions .  In this report ,  desi gns  of Resolut ions  III,
IV and V or hi gher have the greates t  applications. The relationships between some
resolut ion levels  and which main and in terac t ion  ef fec ts  are confounded are as
fol lows:

Resolut ion ill: Main effects are unconfounded with one anothe r but
aliased with all interaction effects .

Resolution IV: Main effects  are unconfounded with one another  and two-
factor interactions but two-factor interactions are
aliased among themselves .  Both a re  aliased with  hi g her-
order  in teract ions.

-

‘ Resolut ion V : Main ef fects  and two- fac to r  in terac t ions  are  unconfounded
with one another but are aliased with hi g h e r - o r d e r
interact ions .
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Since for most human factors  eng ineering problems, one cannot assume with

any confidence that two-fac tor  interact ions are not impor tant , designs of Resolu-

tion V or hi gher are the most interesting . They are  the f ir s t  in which neithe r

main effects  nor two-factor  in teract ion e f fec t s  are  confounded within or between

one another , being aliased only with hi gh e r - o r d e r  interactions.  Thi s does not

mean that there  are no applications for  desi gns  of Resolutions III and IV , for t he re

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

Desi gns of Resolutions UI , IV , and V a re  sometimes r e f e r r e d  to as three- ,

four - , and f i v e - l e t t e r  desi gns, r e f e r r i ng  to the number of le t ters  in the smallest

‘~word ’ in the defining contrast  for the desi gn. * It is easy to see how thi s relates

to the degree of aliasing . A Resolution III desi gn with a t h r ee - l e t t e r  word in the

defining contrast (e. g. , X Y Z )  must alias a main e ffe ct (X) with a two- fac to r

in terac t ion  ( Y Z ) .  A Resolution IV desi gn with a four - le t te r  word (e. g. , W X Y Z )

will alias a main effect  (X) only with a th ree - fac to r  interact ion ( W Y Z )  but some

two-fac tor  in te rac t ions  (XY)  will be aliased with others ( W Z ) .

The Other Block

• In the f i r s t  exam ple of a fract ional  fac tor ia l,  the principal block was selected

to represent the half-repl icate  of the factor ia l .  This block included the experi-

menta l  condit ions:  (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-

t ions:  a, b, c, d , abc, abd , acd , bcd?

Should the selection of one block or the other affect  the resul ts  of the experi-

• ment? Not if the assumptions are met. If the hi ghe r -o rde r  aliased ef fec t s  are

t ru l y neg lig ible , then lower-order  ef fec ts  will be the same whether  one block or

the other  is used. However,  if the hi g h e r - o r d e r  aliased effects  are not neg li gible .
then the combined effects  in the two blocks will d i f fe r .

0.

~Up to now, all defining contras ts  have had only a sing le word since we have con-
sidered onl y ha l f - rep l ica te  designs.  When smaller  f ract ions  are  developed , more
than one e f fec t  will  be involved.  When these are  strung out, e. g . ,  I = ABCDEF
CDE = ABF, the ef fec ts  are r e f e r r ed  to as words . ” In thi s case, the  smal les t
word has th ree  le t ters  and it would be a Resolution III desi gn.

~~~~ A. •~ - ~~~~ - ~~~~~~~~~~~~~~~~~~~~~~~
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How does the block which is used affect  the notations? An examination of Table
[111-6] shows that all the signs in the ABCD column in the second block are nega-
tive. No estim ate of this interaction is possible, of course,  and it is still aliased
with the Identity (I) column represent ing 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 colum n , they are minus .  T h e r e f o r e , the def ining con-
t ras t  would be wr i t t en

I = - A B C D

Using the multip lication techni que described ear l ier , the alias of the A effect
would be -BCD . An examination of Table [111-6] reveals  that  these two e f fec t s  also
have identical pat terns ,  but that the si gns are reve r sed .  Thi s charac te r is t i c  will
be found with all of the aliased effects  in this second block;  one of the two aliased
pairs will be posit ive and the other negative.

Table [111-6]. Sign Matr ix  for  a 2 4- 1  Frac t iona l  Factor ia l
(I -A BCD)

E F F E C T S

• U

_ <~~~~~~< U< ~~~~~~< O < ~~~~~~~< o < ~~~ <

+ + — —  — — + +  — — + +  + + — —

+ — + —  — + — +  — + — +  + — + —

EXPERT ’ L + — — +  + — — +  — + + —  — + ÷ —
CONDITIONS + + + +  + + + ÷

+ — — +  — + + —  + — — +  — + + - . -

+ + + +  — — — —  + + + +

+ + — —  + + ——  + + — —  + + — —

+ — + - -  + _ + _  + — + —  + — + —
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CREATING SMALLER 2k-p FRACTIONA L FACTORIALS

.. -•~

If instead of the half-replicate, a still smaller desi gn was desired, then a
quarter-replicate of the ori ginal factorial desi gn could be created. This time
the half-replicate would be di vided into two parts by selecting another effect to be
sacrificed and using for the quarter-repl icate  only the half with either all plu s or
all minus conditions for that effect.  Of course, there would be no practical reason
to use a quarter-repl icate of a 2~ desi gn. That would involve onl y fou r experimen-
tal conditions for the ent ire  experiment. The example is used here onl y to illu s-
trate how smaller replicates can be constructed.

Let us assum e that the experimenter decides that he is not interested in the
effect  of the ABD interact ion, 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 (4 ) are all those with an odd number of the

let ters  in the ABD interaction and that the conditions of the othe r block ( - )  has all

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

F If the + block is used as the quarter-repl icate, then the signs for quarter-

replicate effect ABD would correspond with those of the Identity facto r and the

• relationship would be written

I = A B D

Had the othe r block been selected , then the relationship would have been

I = -ABD

81
4 ,

~ 
- ,

~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ ~~~~ ~~~~~~~~~~~~~~~~~~~~~~~ ~~~~~~~~~~~~~~~~~~



r ~~~~~~~~~ ~~~~

——-— 

~~

‘ ______________________ -

~~~~~~~

‘-

F 1 l

For this example, however, we will use the + block , as shown in Table [111-7].

To create thi s quarter-repl icate, estimates of the effects of ABCD and ABD
were purposely lost. We may write the expression

I = A B C D = ABD

and refe r 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 2B 2 CD2 
= C

An examination of the quarter-replicat ion sign matrix, Table [111-7], will show
that no effects of ABCD, ABD , or C can be estimated sinc e only the high level (+)
conditions of each are in that block. No contrast with a lower level is possible.
Aliasing between main and two-fac tor  interactions is considerable; each effect  is
aliased with four others.

Table [111-7]. Sign Matrix for a Quarter  Rep licate
of a 24 Factorial  (I = ABCD = ABD = C)

EFFECTS

U UU U Z ~ U U
2 < ~ ~ ‘~~~ U ~

+ + + + + + + + + + + + + + + +

KI. Na

I A B D I  A B D D B A I D A B  I

ALIASES OF EFFECTS IN CORRESPONDING COLUMN

‘..

1$
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The presence of a main effect  as a part of the defining contrast,

I = AB CD = A B D = C

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 a l t e rna t ives  are there? One mi ght try d i f ferent  effects in the

defining contrasts, but for this part icular example, no other combination would

eliminate aliasiri g at least one main effect and in some, more than one main effect
would be lost.

• In the early discussion of fractional factorials,  the hig hest-order  interaction

I was used to create the half-replicate.  However , when fur ther  divisions are  made ,

the ~best’ design — i. e.,  the one that permits the highest Resolution possible —

may not necessari ly  be created using the highest-order  interaction. The quarter

replicate of a 2~ factorial is a case in point. A hi gher resolution design can be

obtained using two three-fac tor  and one four - fac tor  interactions for the defining

contras t  than us ing a f ive- fac to r interact ion with any other effect .  With the 4-3-3

factor  interaction selection, a qua r t e r - r eplicate, 2~ design, would be of Resolu-

• tion III . No main e f fec t s  would be confounded with one anothe r , although they
I 

would be confounded with two-factor interact ions.  Had we used instead the high-
• e st, f ive - fac to r  interaction with either a fo ur -factor , th ree - fac to r  or two-factor

in te rac t ion  as the other generator ,  the com plete defining contrast  would have at

least one word of one or two let ters and be a desi gn of Resolution I or II
respectively.

F -  

Anothe r character is t ic  of defining contrasts  containing more than one word

has to do with the si gn pattern. Had we selected the set of four experimental con-

• ditions associated with the - sign for  the quarter  replicate of the 2~ factorial,  the
- defining contrast  would have been

0•
4

I = ABCD = -ABD = -C

Note that the multiplication of signs is retained across these condit ions.
~~9
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While 2k f ract ional  factor ials  represent  a considerable economy in data

collection over the use of a complete factorial,  particularly when the number of

factors  are eig ht or more,  there  are relatively few human factors engineering

problems in which the interest  is s tr ict ly limited to a great many factors having

only two conditions or levels.  The advantage of understanding the construction and

symbology of 2k .p  f ract ional  factorials (i. e .,  fractional replicate s, of the total ,

with each of k factors  at two levels)  will be more apparent in later chapters when

these desi gns are employed as a step in the screening process or a part of a more

complex desi gn to obtain response surfaces.

SOME 2~~~~ FRACTIONAL FACTORIA L 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

• ‘Tractional Factorial  Experiment Desi gns for Factors at Two Levels , ” published

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

1) All main ef fec ts  and two-fac tor  interactions are unconfounded with

one~anothe r , with the following exc eptions:

13 factors :  12 two-factor  interact ions could not be estimated

• (out of 78J .

14 factors:  2 two-factor interactions could not be estimated (out

of 91).

15 factors:  2 two-factor interaction s could not be estimated (out

of 105).

2) All designs requ ired 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-fac tor  in teract ions  is confounded with blocks.
‘ ‘ - 4

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

cr i ter ia  are  not met .
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— FRACTIONAL FACTORIALS FOR FACTORS WITH MORE THAN TWO LEVELS

- If the factors  are  quantitative, som ewhere in the progress  of the experiment it
a

will often be necessary to look at a minimum of three and as many as five Levels  in
order to determine whether  non-l inear  relationships might exist. If the factors are
qualitative , however , there can be occasions where the number of experimental
conditions of a single factor mig ht be more than five. *

Fractional factor ials  for factors with more  tha n three levels are a part of the
body of economical mult i factor  designs. However , they are beyond the scope of

- - 
-
- thi s report. This g roup  of desi gns , however , might be usefu l in the investigation

of the effects  of qualitative factors.

Symmet r i ca l  Fractional Factorial Designs with Three or Four Levels
-~~~; I

- 

• 
The economy of the fractional factorial over the complete factorial  becomes a

necessity if more than a few factors  are to be examined and these factors  contain
S three  or four levels per factor .  However , these desi gns will not be discussed in

thi s report since the material  receives excellent t reatment  in a numbe r of othe r

• L sources and is not critical for understanding other designs considered later in
this report.

3k-p  Desi gns. Excellent discussions on the construction of three- level  frac-
tional factorial  desi gns can be found in Cochran and Cox (16) and Davies (23) . A

government publication prepared by Conner and Zelen (19) provides designs for
:~~~~. four to ten factors , at three levels  each. Of these desi gns, those listed in

Table [111-8] satisfy the following criteria:

1) Require less tha n 300 experimental conditions in the basic design

2) Handle five or more factors

3) Allow for blocking

01n the analysis  of 14 years of human factors  engineering research,  only eig ht per-
cent of the fac tors  in 239 experiments looked at more than f ive  levels per fac tor .
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• 
- 4) No main effects  are confounded with any othe r main effects or

two-factor interaction effects.

Table 111-8. Fractional Factorials with Three Levels
Found in Conner and Zelen (19)

Numbe r of Clear Two-Way
Number  of Fract ional  Observations Number  Observat ions In te rac tions  Over

Fac tors  Replicate in Replicate of Blocks  per Block Total Numbe i- Possible

- 5 1 /3  81 9 9 9 / 10

3 27 10 /10

I b 1 /3  243 27 9 1 3 / 15

- 9 27 15/ 15
- 

7 1 /9  243 27 9 18/21

• 9 27 2 1 / 2 1

8 1 / 2 7  243  27 9 24 /2 8

• 4 9 27 28/28

9 1/ 8 1  243 27 9 3 0/ 3 6

9 27 36/3 t ,

10 1/ 2 4 3  243  9 27 4 3 / 4 5

• In addition, most of the two-factor  interactions are independent of one another , but
in some cases, portions of the interactions are aliased with other port ions.  Inter-

- action s of two three- leve l  factors contain four degrees of freedom , each of which

• can be isolated. While som e of these are the portions that are confounded , other
portions of the same interact ion may still be isolated , and an effect  est imated . Had

- these few exceptions not been allowed, much larger  blocks or more  total observa-
• t ions would be needed. As with any fractional  factorial,  both main and two-factor

interact ion effec ts  are aliased with hig her-order  effects .
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4k-p Designs. Four- level  fract ional  factorial designs can be constructed from

two-level fractional facto rial designs. A method for doing this is explained in

Cochran and Cox ( 16 , p. 273).

Non-Symmetr ical  Fract ional  Factorials

It is not always possible nor desirable for  an experimenter to assign an equal
number of levels to all fac tors .  Fractional factorial desi gns for  fac tors  with two
and three  levels have been worked out by Conner  and Young (18). In these designs,

as in the other fract ional  factor ia ls  noted here , the grand mean , all main effects

and all two-factor in teract ion effects  can be estimated, that is, they are not con-

founded with one another .  They are of course confounded with highe r -o rde r  inter-
action ef fec ts ,  which tentat ively must be assumed to be neg ligible. An explanation

of how these desi gns are constructed is g iven in Conner and Young ’s paper.

Conner and Young provide non-symmetr ica l  fractional desi gns for each of the

~~ 2m 3n desi gns, from (m f n) = 5 to (m + n) = 10, (m, n ~ 0). Of these desi gns,

ten exceed the 300 observat ion limit set for this report.  These were: ~~~~~6 4 4 5 5 5 2 6 3 6 4 6 2 7 3 7  2 82 3 , 2 3 , 2 3 , 2 3 , 2 3 , 2 3 , 2 3 , 2 3 , and 2 3 .  Availabl~~ ten factor

designs requir ing less tha n 300 observations were 2 139, 2832, and 29 31. Nine
1 8  5 4  6 3  7 2factor  designs requir ing less than 300 observations were 2 3 , 2 3 , 2 3 , 2 3

and 2831. Eight factor desi gns requir ing less than 300 observations were 2 137,
3 5  4 4  5 3  6 2  7 12 3 , 2 3 , 2 3 , 2 3 , and 2 3 . No seven factor  or smaller design required more

than 300 observations.

U SING FRACTIONAL FACTORIA L DESIGNS WITH QUANTITATIV E AND
QUALITATIV E FACTORS

For experiments  in which the major i ty  of the critical factors are quanti tat ive,

f rac t ional  factor ials  are  best employed as a device for achieving economy in con-

junction with the screening process and in the development of response surface

desi gns .  These applications will be discussed in the subsequent chapters .  For

thi s purpose, f ract ional  factorial desi gns of Resolution V will probably be

suff ic ient .
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• For experiments in which the majority of critical factors are qualitative,
appropriate fractional factorials can prove to be more economical and still pro-
vide essentially the same informat ion  as complete factorials when a large number
of factors  are studied. However , as an added safety precaution, desi gns of Reso-
lution VII should be employed if possible in order  to keep the th i rd-order  interac-
tions unconfounded among themselves  and with lower-order  e ffec ts .  Thi s may
mean increasing the number of experimental conditions within a block or employ -

- ing a slightly larger fract ional  replicate . To do otherwise, however, would be

risky since the chances of getting important third-order interactions with quali-

tative factors  are highe r than with quantitative fac tors .
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CHAPTER IV.
ECONOMICAL DESIGNS FOR SCREENING A. LA RGE NUMBER OF FACTORS

At  the start  of a human factors  research program, the investi gator is often
aware  of fiteen to th i r ty  equipment , system , and /o r  environmental  f ac to r s , that
could conceivably have an important effect on operator pe rformance. T ypically
in experiments on equipment design , thi s list is reduced to f rom two to four  fac tors
usually on the basis of expediency, equi pment availability, and expe rimente r or
customer interests, with little regard for their relative importance in the scheme
of things.  As a result , in the past , considerable time and money has been expended
inves t iga t ing  fac tors  which have relative ly small ef fec ts  on the per formance  of
in teres t  (44) .

The experirr ental plans in thi s chapter provide a method with which the effects
of f rom f i f teen  to th i r ty  variables can be studied while taking far  fewer  measure-
ments  than have often been made in some experiments of two or three fac tors .
These plans , r e fe r red  to in the statistical l i te ra ture  as “ screening” or “ saturated”
desi gns , are all forms of the fract ional  factorial  desi gns discussed in Chapter  III.
They are t reated here  as a special class of economical desi gns because:

1) They should be used earl y in a research program when less is known
about the problem.

2) They are  intended for  “ screening ” very large number of variables
to identif y the most important.

3) The y are not intended to obtain an accurate representation of any
part icular  part  of the experimental space.

4. ’,
• 4) They trade any loss in precision for  the opportunity of obtaining

a comprehensive overview of the experimental space in order  to
know what should be studied Later in greater  detail.

The screening  process  is as much an approach as it is an experimental  desi gn.
Eve ry  princi ple of economical designs is employed. With f ract ional  factor ia ls  as

k •
~~ a ba sis , screening is accomp lished by applying the Jud lc 1ou s use of the p r o g r e s siv e
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i terat ion princi ple and by using the experimenter ’ s jud gment s at times in place of
more data collection to unravel certain confounded effects. Mathematically, screen-
ing des igns  are the same whethe r app lied to chemical or human fac to r s  problems,
but methodologically there  may be some additional considerations which a f fec t  the
use of these desi gns whe n humans are involved.

These include:

1) When screening designs  are employed in some chemi cal eng ineering
and agr icu l ture  experiments, only N observation s may be used to
study N - 1 variables. In human factors  expe riments, while each
block of data should be examine d as it is obtained in accordance
with the princi ple of p rogress ive  iteration , it is unlikely that the
screening study would end before 3N observations are made. At
least 3N observa tions are needed to isolate two- fac tor  inter-
act ions f rom main effe ct s and to identif y the important two-
factor  interact ions.

2) In human fac tors  screening studie s , the order in which experi-
mental conditions are presented seriall y to an observe r is more
likely to introduce biased result s than in chemical research.
Thi s is a general problem found in all studie s in which a man is
his own control and will not be discussed in thi s section.

3) For many human fac tors  engineering problems, building the
apparatu s needed to per form a truly multifactor study could
become prohibitively costly, part icularly since the primary

• purpose of the study is to eliminate most of the variables f rom
future  studies. While th is  is not an experimental desi gn
problem , it can influence the selection of both desi gns and experi-
menta l problems , whethe r it should or not.

GENEIIA L APPROACH
- -

Screening studies p rogress  in several  stages. The f i r s t  stage involves a
saturated design in whi ch (N - 1) e f fec t s  will be isolated by using at least N experi-
mental  condit ions careful ly selected f rom the total factor ial  design. The e f f ec t s

~~ 

—I 
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that are isolated in saturated desi gns are usually independent e stimates of the main

effe cts*, each confo unded with two-factor  and hi gher interaction ef f e c t s .  For this
reason, the basic design must be augmented in the second stage of the screening

stud y, usually by adding N more observations, to isolate the main effects f rom at

least the two-factor interactions. Further observations may be ad ~d to isolate or

at least identif y whi ch two factors  interactions are important.

BSr this stage , there  should be enough information to grossly orde r the fac to rs

and two-factor interactions in terms of the magnitude of their effects on performance.

Still the number of measurements taken will have been relatively few , yet with a
large number of fac tors, the precision of the e stimates fairly high. The quality of

the data increases as the number of factors  increase and so does the savings

incurred from using screening designs.

STAGE ONE OF THE SCREENING PROCESS: SATURATED DESIGNS

The number of experimental conditions in these experimental designs must be

at least one more than the number of factors to be studied in the experiment.

Designs with this high factor-to -condition ratio are often referred to as saturated

desi gns.

‘ The number of experimental conditions in the basic design can be used to
identify two type s of saturated desi gns for slightly different app lications. In one
the number conditions n-iust equal some power of two; in the other, they must be

• divisible by four.

Construct ing Saturated Designs when the Number of Conditions Equals a
-- - Power of Two

Using a technique des cribed by Box and Hunter (10) saturated designs can be
constructed as follows:

Step 1 . Determine the size of the basic design. The number of experimental

conditions in this basic (saturated) design should equal the next power of two larger

*In this report, screening studies are conducted with each factor having only two
levels. An inve stigator has the task of selecting the se levels to represent the
points between which a maximum range of performance is likely to occur. The
importance of some exploratory work is evident.
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than the number of fac tors  to be studied. With six factors , the next power of two

hi gher than six is = 8. With 25 factors, the next higher would be 2~ = 32,
and so forth. To illustrate the procedure, a plan for the study of seven factors
requiring ei ght experimental conditions will be developed.

Step 2. Construct a sign matrix of N experimental conditions which permits

N-i effects to be independently isolated. Since eight experimental conditions are

needed to independently estimate seven effects, the sign matrix for a factor ial
design already known to meet the conditions is written down first. The factorial

pe rmits  seven effects to be independently estimated: three main effects , three
two-factor interactions, and one three-factor interactions. Using the notations

and symbols described in Chapter III , the sign matrix for the factorial is shown

in Table [Iv-1].

The matrix is orthogonal. When any two columns of signs are  multiplied
together , the product column has an equal number of + and - si gns which (being
actually +1 and -1) sum to zero.

Table [lV-l]. Sign Matrix for a Design - Design I

1 ~~~~~~ ~dDESIGN TYPE AND INDEPENDENT FACTORIA L EFFECTS AND ALIASED INTERACTIONS
RESOLUTION ~

3 W~~~~ 0 0 w• 2
V L

I Mean A B C ABC BC AC AB
z

- - 0
‘-S

-~~~~ ~~ 1 (i) + - - - + + + 6
~~ 2 a  + + - - + + - 4~~~~~
.~ 3 b + - + - + - + -~~ 

4 a b  + + + - - - - + 1O~~~
~ 5 c + - - + + - - + 0~~~
~~ 6 a c + + - + - - + - 2 ”

- .  ~ 7 b c  + - + + - + - - 22~~~
~ 8 a b c  + + + + + + + + 36~~~w U,

4- •w 

-

_________ ________

— 
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DESIGN I PRIMARY SIGN MATRIX DERIVED SIGN MATRIX
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Step 3. Convert the eight treatment, three-factor matrix to a seven-factor

- 

- matrix. The preceding matrix, Table (iv-i], while enabling seven independent

estimates to be mad e, is suitable for handling only three factors. What is needed
is a desi gn of ei ght treatments which will enab le the effects of seven factors to be
isolated and estimated with equal precision.

- To illustrate the procedure , the desi gn is f irs t conve r ted so that it can han-
- die four factors. This is accomp lished by substituting the four th factor for  an inter-

- 

• 
action effect in the ori ginal design which is assumed (tentatively) to be negli gible .
Without any othe r evidence , the highest order interaction is usually selected.
Therefore , factor  D is substituted for the ABC interaction, i. e. D = ABC , and

- - Design II , shown in Table [IV-2] , is formed.

Note that the sign matrix for  Design II , Table [IV-2J , is identical to that of
Design I [Iv - l ] ;  the labels , however., have changed, for example, to reflect the
addition of another factor.  The double line of effects above the sign matrix now
indicates which effects are aliased in Desi gn LI. For example, Design II was

- created by making Effect  D equal to ABC; thi s means that D and ABC are aliased.
Howeve r, in any desi gn where there are four factors at two levels each,

Table [iv-2] . Sign Matrix for a 2
4_ l  

Desi gn - Desi gn II

DESIGN TYPE AND INDEPENDENT FACTORIAL EFFECTS AND ALIASED INTERACTIONS
- RESOLUTION W 

~~ 
Mi

-
- 

•

- 
• — ___________

IV 1 ABCD• BCD ACD ABD D AD BD CI)
- 3 I Mesn - 

A B C ABC BC AC AB2 v — _ _ _  _ _ _  _ _ _

+ - - - - + + +1 3 1 (1) 
d + + - - + + - -

-
~~~~ - 1 b d + - + - + - + -

• . I- ~ 
+ + + - - - - + 10

~ 5 c d + - - + + - - +
~ a c + + - + - - + - 2 ”
1 b c  + - + + - + - - 22~~~1 ~~~~~~8 l b c  I _ _  

+ + + + + +  + +

DESIGN I II PRIMARYSIGN MATR IX DERIVED S.GN MATRI X
(

5- — __ ____--S__________ ______________
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there can be fifteen mean and inte raction effects. When there are only eight
experiment al conditions in a design for four factors (a ~~ design), then
is is understood implicitly that effects will be aliased with one another.
The Identity factor (I), representing the estimate of the mean, is determined by
multiplying the only known aliased effects  by one of its own terms, thus:

Aliased effects ABC = D (Thi s was an arbitrary selection. )
Multiplied by ABC = ABC
Eci uals A 2B2C2 

= ABCD
• Or I = ABCD (Defining Contrast for  Desi gn II. )

In Desi gn II , Table [ I V-2 J ,  the word in the defining contrast aliased with the Iden-
tity fac tor , I , is writ ten above I in that column. The aliases of the othe r effects
are  also wri t ten above the effects  with which they are aliased. For examp le , when
I = ABCD, then A = BCD, B = ACD, and so forth , according to the rule s described
in Chapter III.

Since a new factor , D , was added to the desi gn , this must be reflected in the
desi gnation s for  the expe rimental conditions. This is done by addin g the lette r d

• to the original desi gnations whenever the high level of factor D is included in the
experimental condition (as indicated by the presence of a plus sign in the D ABC
column).

The procedure of sub stituting a new factor for the inte ractions tentatively
assumed to have negli gible effects can continue . For example , the next substitu-
tion might be a fif th variable , E, for interaction BC. Since E = BC , then I = BCE
(as previously explained), But since I is also aliased with ABCD , we can now write

0. 1 ABCD = BCE.
~~4. - ‘,

BCE and ABCD are referred to as design generators, since their product will pro-
duce still anothe r word (ef fec t )  which is also aliased with the others.  Thus
(BCE) (ABCD) = ADE, and the complete defining contrast becomes:

I BCE = ABCD = ADE.
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We have now completed a desi gn in which five factors, from A to E, are being

studied with ei ght experimental conditions, a 2 5 .2  
design , or a quarter-replicate

of a factorial. This is Design III which is shown in Table [IV-3 1 . In this design,

the seven effects can still be independently isolated, but each effect has three other

effects aliased with it.

The technique of substituting a new variable for each of the interactions in the

ori ginal design could continue until D ABC , E = BC, F AC, and G = AB to

- 
form a seven facto r , ei ght experimental condition desi gn. This desi gn is a

- -  one-sixteenth fractional factorial  of the complete = 128 experimental conditions
I of the full factorial .  The seven effects  are still independent of one anothe r , but now

each effect is a composite of a main effect  aliased with 15 inte ractions.

- Step 4. Determining the aliases of the independent effects. This fully saturated

design , referred to as the Bas ic design in future discuss ions, is shown in Table
[IV-4] . While the sign matrix remains unchanged , the labels show each increment

in the substitution process along with the new aliased effects and the new desi gna -

tions for  the experimental conditions that occur in this seven factor design.

S Table [IV-3] . Sign Matrix for a ~~~~ Desi gn - Design III

— 

0 
—

DESIGN TYPE AND ~ ~ Z ~- - 
~~~~~RESOLUTION 0 w Z z INDEPENDENT FACTORIAL EFFECTS AND AL IASED INTERACTIONS

• w~~ 0 8w
2~~

2 0

12 ADE 
— 

DE ABDE ACDE BCDE ABCDE CDE BDE
2 41 2 BCE~ ABCS CE BE AE S ABE ACE

— — J~~.. I ABCD* BCD ACD ABD D AD 
- 

BD 
-- 

CD
- 

- _~ 
,, 2 I Mean A B C ABC BC AC AR

- . 
-5 V - _ _ _ _  _ _ _ _  _ _ _ _  _ _ _  _ _ _ _  _ _ _  = =

a.
~~ 1 (1) e + - - - - + + +

$ - 2 a d e  + + - - + + - - 4 0
3 b d + - + - + - + - 8~~~
4 a b  + + + - - - - + io~~5 c d  + - - + + - - + o~~~6 i C + + - + . - + 2 ,,,
7 b c  e + - + + - + - - 22~~x 8 a b c d  • + + + + + + + + ~~~~~

~~ 

_ _ _  _  _ _ _ _ _ _ _  _ _ _ _ _ _  

U,

DESIGN I II III PRIMARY SIGN MATRIX  D E R I V E D  SIGN MATRIX
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Table (nr-4]. Basic Design

U)

DESIGN TYPE AND RESOLUTION z INDEPENDENT FACTORIAL EFFECTS AND ALIASED INTERACTIONS
w~~ ~~~~~~~

I Z~~ u. Z Ui
I Mi . .

0 00 . 5  1 2 3 4 5 6 7 — —
123-. ABCDEFC BCDEFG ACDEFG ABDEFG DEFC ADEFC BDEFC CDEFG — —

23.. EEC AEFC BEFG CEFG ABCEFC BCEFG ACEFC ABEFC
13-. ADFC DFG ABDFG ACDFG BCDFC ABCDFC CDFG BDFG

74 3.. BCFG ABCFG CFG BEG APG FG ABFG ACEG
2 

~~ 
12. BDEC ABDEC DEC BCDEC ACDEG CDEG ABCDEC ADEG

2-. ACEG CEC ABCEG AEC BEG ABEC EG BCEG

1-. CDC ACDG BCDG DG ABDC BDG ADG AICDG
_____________________ 4 ABG~ BC AG — ABCG CG ACC BCG G

6-3 123 CDEF ACDEF BCDEF DEE ABDEF BDEF ADEF AICDEI

III 23 ABEF BEE AEF ABCEF CE? ACEF BCEF EF
13 SDF ABDF OF BCDF ACDF CD? ABCDF AD?

2 V 3 ACF~ 
CF ,ej~~~ AF SF AS? F BC?

12 ADE DE ABDE ACDE SCDE ABCDE CDE BDE
41 “ - 2 BCE* ASCE CE BE AE E ABE ACE2 IV 1 ABCD* ECD ACD ABD 0 AO BD CD

— _______ — —  

1—Mean A B C ABC BC AC AS
2~~~~ 

___  — —V
0

~ I U) e r g  + - - — — + + +
2 a d e + + - + + - -

1.) - + - + - + - + - S i
-.~ .3 b d I

+ + + - - - - + Lo~~~- 4 a b  F 
+ . - + + - - +.

~ ~ c d  g 
+ + - + - - + - 2~~~6 a c + - + + - + - - 2 2 0

7 h c  e + + + + + + + + 3b~~
~ 8 a b c  d e I ~~~~

DESIGN I II III IV V PR IMARY SIGN MATRIX DERIVEDSIGN MATRIX
- _ _ _ _ _ _ _—

Each Desi gn increment (II, UI, IV and V) indicate s the additional aliases and

altered designations of the experimental conditions as each new main effect was

subs tituted for an interaction in the ori ginal design. In the column headed: “Def in-
ing Contrast”, the Defining Generators are marked with an asterisk. These are the

a. 

- ori ginal confounding of main and interaction effects. These generators were multi-

plied togethe r in all possible combinations to determine the remaining words of the
Defining Contra sts. How the generators are to be multiplied to produce each word
is indicated by the numbers in the column headed: “Generating Products. ’ For

I

example , the numbers 1, 2 , 3, and 4 are associated with the Defining Generators
ABCD , BCE , ACF , an d AB G re spectively. When 1 and 2 , i. e. (ABCD)(BCE ) , are
multiplied togethe r , as shown in Table (IV -4 J, the product fo rm s a new word for
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the Def ining Contrast , ADE. Anothe r example can be found with 234 nea r the top of
the Generating Products column. This means that the corresponding word in the
Defining Contrast column, EFG, was formed by multiplying the defining generators,
1, 2, and 3, or (BCE)(ACF)(ABG) (ABC 2EF)(ABG) = (ABEF)(ABG) = (A 2 B2EFG)
= EFG. There is a new word for all possible combination of the four generators
(four things two at a time plus four things three at a time plus four things four at a

7-4 . . .time). For thi s 2 design , the Defining Contrast, with an Identity factor , I,
fou r Defining Generator s , plus eleven new words , becomes:

I = ABCD = BCE = ADE = ACF = BDF = ABEF = CDEF = ABC

= CDG = ACEG = BDEC = BCFG = ADFG = EFG = ABCDEFG.

From thi s the other aliased effe ct s can be gene rated in the manner described in
Chapte r III. This generation has already been done in the Basic Design ,
Table [IV-4 ] ,  and the aliases of each of the seven independent effects are listed in
the same columns. It should not be forgotten that althoug h we write the aliases as
A z BCD ABCE = DE and so for th , actually any single estimated effect is
the combined ef f e c t  of all of its aliases, e. g. A + BCD + ABCE + DE and so forth.

In thi s saturated desi gn , each main effect is associated with

No main effe cts

3 two-factor  interactions

4 three-factor  interactions
~~~~~~~ 5

5

- - a 4 four- fac tor  interactions

3 five -factor interactions

1 six-factor interaction .

Each independent effect has its unique set of aliases. The entire matr ix  of aliases
is totally dependent upon the Defining Contrasts which were in turn determined by
the particular interaction with which each main effect was originally co~ founded.N \\
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Step 5. Facing the realities about the assumption of negligible inte ractions.
The likelihood of higher-order interactions having any appreciable effect has alread y
been discussed. Without attempting to draw a fine line at the moment between what
is or isn ’t a h igher-order  interaction, the evidence suggests that one can gene rally

feel quite comfortable ignoring four-factor  interactions or higher and quite uncom-

fortable ignoring two-factor interactions. If we tentatively assume that we won ’t be

concerned with three-fac tor  interactions eithe r — thi s will be che cked late r — then the

particular aliase s of greatest  con ce rn in thi s ~~~~ saturated design are:

I 
- 

Effect 1 = A + BC + CF + DE

Effect  2 = B + AG + CE + DF

Effect  3 = C + AF + BE + DG

Effect 4 = D + AE + BF + CC

Effect 5 = E + AD + BC + FG

Effect  6 = F + AC + BD + EG

Effe ct 7 = G + AB + EF + CD

In the Basic De si gn , Table [IV-4 1, the main and two-factor  interaction effects have

been printed in bold-face type to make them more visible.

Variat ions of the Basi c Saturated De signs

The basic saturated design mi ght be modified under the following circumstances:

1) When the number of effects  to be inve stigated with N treatments is

less than N - i .

2) When the Basic design is to be blocked.

3) When unplanned-for information is “discovered. ”

When There Are  Fewer Than N - i  Factors

Basi c desi gns were discussed as if there would always be saturation, that is

1 ‘~- that the re  would be N - i  factors for N treatments. However since the N numbe r of
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treatments are limited to some power of two , there will be time s when the number
of factors might be less than N -i .  Since it is still possible to estimate N - i  effects,
how might the extra available effects be utilized?

Interaction Effects. In the ca se where N equals eight and the numbe r of
factors are less than seven, the seven independent estimates could be:

6 fac tors  and one two-factor  interaction

5 factors  and the interaction of one factor with each of two others

4 factors  and all two-factor  interactions between any three

3 factors  and all interactions between them.

What has been described , of course , are the situations that existe d in the build-up
from a factorial  to the Basic de si gn — but in reverse.

When a part icular interaction effect is of interest, then care mu st be taken to
see that the si gn matrix fi ts  the need. For example , if there had only been six
variables and the investigator wished to estimate the effect of the AC interaction
unconf ounded with any main effect , then in developing the Basic design, the factor F
could not have been substituted for the interaction AC. Instead it might have been
subst i tuted for  the interaction BC (since no factor G is being used) leaving the AC

S 

interaction independent of any main effe cts. Thi s would change the defining rela-
S t ions according ly as well as which effects are aliased.

Estimating Error .  In saturated designs, no estimate of experimental e r ro r  is
possible when the degrees of freedom are used up estimating the main and interaction
effects.  If however there are fewer  than N - i  identifiable effects or if the remaining
interaction effects  are in fact unimportant, then the extra observations could pro-
vide some estimate of error .

0.

When the Basic Design is Blocked

When the ziumbe r of observations in the Basic design is large , the investigator
may wish to block. In human factors  eng ineering research , if the same individual
is  tested sequentially ove r a number of conditions , irrelevant sources of variances
tend to creep in and distort  the estimates of interest.  Both the individual and the
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equipment can vary as a result of factors created artifically by the experimental
situation. When the number of observations exceed ten or so , the possibility of
blocking the design should be seriously considered. The principles of blockingr and its advantage s for reducing irrelevant sources of variance are discussed in
considerable detail elsewhere (l6)(23), and specifically for human factors eng i-
neer ing  research by Simon (42).

The purpose of blocking is to separate the experimental conditions into blocks
in such a way that if an average performance difference exists between these blocks
the effects  of greatest  interest  will not be distorted. To achieve this more precise
measure of the effects  within blocks , however, the inve stigator must sacrifice the
precis ion of those effects  confounded with the effects of blocks. Presumably the
investigator selects those effect s to be sacrificed f rom amon g the ones in which
he is least interested , or the one s which would be so obviously large tha t a precise
estimate is not needed. Of course , if all of the columns in the desi gn are not used
(that is , there are fewer than N - I  main and interaction effects of interest),  one of
the extra columns could be used for blocking within the Basic de sign.

The blocking of the design into two parts is accomplished by assi gning all
• experimental condition s with a plus si gn in the column to be used for blocking into

one block and all with a minus sign in that column into the second block. Although
the ef fec t  of differences between blocks is totally confounded with whatever effect
may have been measured by that column (including all of the aliased effects),  the
ef fec t s  of blocking will still be independent of the remaining effects  in othe r

- - - columns.

When Unplanned-for Information is “Discovered”

As the number of variable s in a saturated desi gn increase , the probability of
getting negligible effects also increases . When this is so, some special advantages

• occur.

‘:.Result s of a basic saturated design must be interpreted with caution insofar  as the
~ 

‘u’. neg lig ible results  are concerned. Since main effects in a saturated design areF aliased with two-factor  interaction effects and the measured value is the sum of
all the aliases , the failure to discove r an effect could conceivably be due to a large
positive main effect combined with a large ne gative interaction. Thi s will be di s-
covered when the Basic desi gn is augmented.
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“Discovering” Er ror  Estimates. As in any experiment, whether involving a
saturated or factorial desi gn , if an effe ct is found to be negligible , the hi gh and
low levels of that factor can be treated as replications in the experimental design
and the data collected at each level can be used to obtain an estimate of e r ro r .
Although it may not be known in advance which factors  will have a negligible effect ,
as the number being studied exceed 10 or so, there is a hi gh probability that some
of them will. Although no plan for error is included in the original design,
discovered negligible effects serve as the source for estimating error. Any
bias that might exist in thi s error  estimate will be upward, leading to a more
conservative test of significance.

“Discovering” a Factorial De si gn. When a large number of factors are being
investigated and the effects  of some are negligible , there are circumstance s in
which the orig inal saturated design rever ts  to a factorial design for  the important
variables.  This means that an investigator can have his cake (stud y N variables)
and eat it too (estimate all factorial effects ii only two are important).

The concept of the resolution of a design was discussed in Chapter III . Satur-
ated ( B a s i c )  design s are desi gns of Resolution LU, since no main effect is confounded
with any othe r main effect , but main effects are confounded with two-factor  inter-

L action s and tw o-factor interactions are confounded with each othe r . The example in

: [ 111-4] with seven factors and eight observations is a ~~~~ design of Resolution III.

To determine how many factorial de signs can be found within the saturated

• de sign , the general rule to app ly is:

A desi gn of resolution R will provide a complete factorial in any sub-set
of the ( R- l )  variables. ( 10 , p. 342)

For Resolution III desi gns , complete factorials are possible for any sub-set of two
factors  out of the total N - i  variables. For example , in the seven-factor  saturated
design , if the effects of — we do not need to know which ahead of time — pair of
fac to rs  prove to be important and the remaining are not , then the original saturated
design already provide s the data needed to e stimate the effects  of the two factors
and their interaction. A second , more inclusive rule is:

If a de sign of resolution R is used to screen sub-sets of R factors , then
full fac tor ia ls  will result for certain sub-sets and fractional factorials
for others.  (10 , p. 343)
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Fractional factorials would occur for any sets of three effects if they were a word
in the defining contrasts. Thus , for the Basic Desi gn , Table [IV-4] , a defining
gene rator was I = ABC. If the sub-set of factors A, B, and G were discovered to
be the three important ones , only fractional factorial projections are possible. If
the three important factors were not all in one of the words in the defining con-
t ras ts , for  example , factors A, B, and C , then the complete factorial  could be pro-
jected. When the Basic desi gn is combined with certain augmented designs (e. g . ,
A. D. 2 discussed later in thi s section), the combined design become s one of
Resolution IV. Therefore , although we don ’t know ahead of time which sub-set  of
factors will turn out to be important, whichever does , the design still provid es
the capacity to examine a complete or a fractional factorial for four of those
variables.

While it is unlikely in human factors experiments that only three or four
factors out of a great many being screened will be the only important ones and the
re mainde r will be negligible , the reade r should be aware that there will be circum-
sta nces in whi ch the original screening de sign may provide estimates of the e r ro r
variances and the data needed to estirr ate the effects of some complete or fractional
factorials.  Howeve r , Box and Hunter (10 , p. 343) warn: “Evidence from experi-
ments of this kind should only be regarded as sugge stive and subject to confirma-
tion rathe r than supplying definite proof. ”

Saturated De signs when the Numbe r of Conditions is a Multiple of Four

The technique used by Box and Hunte r to develop saturated designs can be used
when the number of experimental conditions is a multiple of some power of 2 , e. g .,

- 
- - 

8, 16 , 32 , 64, 128, etc. Plackett and Burman (40) developed saturated design s
whi ch enable independent e stirr .ates of up to N - i  factors each of two le vels with N
experimental condition s where N is a multiple of 4, e. g . ,  8, 12 , 16 , 20 , 24 , 28,
32 , 36 , etc. up to and including 100 with the exception of 92 . For those desi gns
where N is a power of 2 , Plackett and Burman ’ s (P-B)  de signs are the same as
Box and Hunter ’ s (B-H) desi gns.
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Two dif ferences  between P-B and B-H designs which can affect how the designs
are used and interpreted are:

1) When it occurs , the degree of confounding between main and
interaction effects  in P-B de signs is less than in B-H designs.

2) P-B de signs provide an investigator with more opportunities to
control the degree of experimenta l precision than do B-H desi gns.

— Confounding. In B-H saturated desi gns , main and interaction effects  are
totally confounded. This  means that with fractional factorial  desi gns of two levels ,
the calculation for  the main effect would be identical with tha t for the aliased inter-
action effect .  Thi s confounding was discussed in Chapter III, and should be obvious
in the B-H desi gns since they were constructed by equating, for example, factor  E,
with interaction AD.

With  P-B designs in which the number of observation s are  not some power of
two , the degree of confounding can be less than 100 pe r cent. Tukey (48) calculated
(as indexe s to the degree of confounding) such value s as 0. 11, 0. 16 , 0.11 , and 0. 10
for P-B desi gns with N’ s of 12 , 20 , 24, and 25 respectively. Since 1.00 represents
total confounding, Tukey con cluded: “If simple two factor interaction s concern you

-
, in an experiment, Placket-Burman patte rns are unusually attractive. ” (48 , p. 171)

If one intends to estimate only main effects  and run only a Basic design , then those
designs in which the main effects and interactions are least correlated would be
expected to give the least biased estimate of the main effects.

Precision. Preci~sion in saturated desi gns (2 k-P ) of Resolution III is propo r-
tional to the square root of the number of experimental conditions. The more —

experimental conditions measured, the greater the precision. Increasing pre-
cision increases the powe r of the tes ts  of statistical significance and increases the
accuracy of the estimation. If an investigator wishes to estimate an effect  approxi-
mately f ive times more precisely than a single expe rimental condition can be meas-

• ured , he ‘iust select a design where the N=25. The nearest  P-B desi gn requires
24 observat ions and would be suitable ; the nearest  B-H desi gn would have been for
N~~32 , providing more precision than was needed. Both P-B and B-H designs are
constructed so that one is able to estimate the ef f e c t s  of all factors with equal and
maximum precis ion.

1”.
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Sele cting a F-B Desi gn

- Piackett and Burman (40) have provided the data to construct their saturated
de signs for:

1) Up to N - i  two-level  factors , where N experimental conditions are

for all cases of N /4  up to 100 (with the exception of N = 92) .

2) U p to N - i  three-level fac tors , for  N =9 , 27 , and 81 experimental

conditions.

3) U p to N - i  f ive-level  f ac to r s , for  N =25 and 125 experimental

conditions.

4) Up to N - i  seven-level factors  for  N=49 experimental conditions.

Of these , the data to construct all desi gns involving 32 or fewer experimental con -

di t ions is provided in full in Appendix III . Specifically, these are :

Level Numbe r of Expe r imental Conditions (N)

2 8 ( 2 3)

2 12

2 16 (2~ )

2 32 (2~~)

3 9 -

3 27

-~~~~ 

- 5 25

I;

The information needed to construct  larger P-B saturated design s can be found in

~
_ . ‘

.. their paper . The desi gns for N 8 , 16, or 32 are equivalent to the B-H designs.

Three and five level desi gns mi ght be useful  when the non-l ineari ty of quanti-
- . - tat ive factors is expected to be large and the opportunity for  much additional follow

on work is small. More than likely they would be employed with qualitative fac tors
if that  many different  classe s existed. Any results obtained with thi s desi gn whe re
main effects  are confounded with interactions must be interpreted with caution.

I I S
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STAGE TWO OF THE SCREENING PROCESS: AUGMENTATION DESIGNS

In human factors engineering research there will ordinarily be litt le reason to
plan a Basic ( saturated) desi gn without augmenting it with an additional N obse rva-
tions. With this total of 2N observations, ZN- i  effects  can now be independently
estimated. Properly selected augmentation designs can , for example, isolate the
main effects from a string of two-factor interaction effects , which should not
be assumed to be negligible a priori.

Just which augmentation desi gn is best depends on what the analysi s of the
f i rs t  block of data shows and what the investigator believe s needs isolation to
complete the screening process.  These augmentation desi gns , a second block of
the complete factorial, also satisfy the requirement of economy and follow the
princi ple of progessive iteration in data collection. In addition , this is the stage at
which inve stigator ’ s jud gment begins to play a more critical role.

Except where othe rwise indicated , the augmentation designs (A. D . )  described
below were selected primarily from the papers by Box and Hunte r ( 10)(l1) . Each
desi gn, when combined with the Basic desi gn, serve a specific purpose, as

- indicated.

A. D. 1. To isolate a single main effe ct and all its two-factor  interactions from
the remaining effects, unbiased by any othe r main effects  or two-factor
inte ractions.

:- If a second set of expe rimental conditions are added to the Basic desi gn ,
Table [IV-4 1, such that the two matrices are identical exèept that the sign of a

- 

single factor is reversed,  then the combined desi gn will provide an estimate of
the main effect of the switched factor and all associated two-factor  interaction
effects  unbiased by any other main effects or two-factor combinations.

-~~, To illustrate thi s, a second set of ei ght conditions are developed in which the
si gns of factor  E have been reversed , but the signs of all other factors remain the

- r same. This means that in forming this set of ei ght experimental condition s, the

55 • 
opposite levels of factor  E are used. The conditions for  A. D. 1 and those in the
Basic  design are shown in a new sign matrix of Table [I V -5 ) .
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Inspection of thi s new sign matrix show s how the additional conditions make
-

- only the sign pattern for factor E and all of its two-factor interactions distinctive

~ from those of the previously aliased main and two-factor interaction effects. All
- othe r previously aliased effects  are un changed , still aliased to hi gher-orde r inter-

action effects tentatively assumed to be negligible.

Isolating Aliased Effects

Let us digress for  a moment in order to relate what occurred in the sign matrix

- to what happens with the defining generators and aliased effect s when A. D. 1. is

-
- 

combined with the Basic design.

For the Basic design , Table [I V -4 J ,  the defining generators were

I = ABCD ABC = ACF = BCE

- 
since D had been confounded with ABC , C with AB, F with AC , and E with BC. In

A. D. 1., the signs in factor E were reversed. Ori ginally, E had been equated with

BC in the 2~ design , and I = BCE. Now , with the sign reveraal , -E would be

equated with BC (or E with -BC) and

1 = - B C E .

The defining generators for A. D. 1. are therefore:

I = ABCD = ABC = ACF = -BCE

If we w rite down only those words in the defining contrasts for 1 which are composed

~
. 

of no more than three letters , we would have

:- ;.

1 = ABC ACF = BCE = CDG = BDF = ADE = EFG (Basic)

~~~

_. .4 
1

., . I = ABG = ACF = -BCE = CDG = BDF = -ADE = -EFG (Augmentation)

Every word in the augmentation design with an E or a BC in it is now associated

with a ne gative si gn.
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- With the data from eithe r half of the design, eithe r the Basic or the

- augmentation half , the re is no way to independently estimate the size of the effects
- - of A, BC, CF, or DE, regardless of sign. But by combining the two halves, two

separate estimates can be made . When the t~’o are subtracted, the effects of the
factor with the reversed sign can be estimated. When they are added , the effects
of the remaining string of aliased effects can be estimated. Let us look at an
examp le of how thi s works. To shorten the example , we will look at only the three
strings of three two-factor  interactions each aliased to A, B, and E. To the se we
will add some new fictitious performance scores.

The aliase s for A in ea ch half of the design are

(A + BG + CF + DE) = 7 (Basic)

(A + BG + CF - DE) = -3 (Augmentation)

Now i~ we add the two sets of equalities, we would get

( Z A + 2 B G + 2 C F )  = 4 or ( A + B G + CF) = 2

-- and if we subtract them ( changing all of the sign s in the lower set), we ’d get

(Z DE) = 10 or DE = 5

S 

To continue with the strings of aliases associated with the B effect , we would have

(B + AG + CE + DF) = -5 (Basic)

(B + AG - CE + DF) = 4 (Augmentation)

- . 

When these two strings are added we get

~

~~. 
‘ ( Z B - F Z A G + Z D F )  = -1 or ( B + A G + DF) = -0. 5

I
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and when they are subtracted, we get:
t

L (2 CE) = -9 or CE = -4 . 5

Ta kin g jus t one more effect out of the seven, we determine the aliases for the
strings associated with the E effect. These are

(E + BC + AD + FG) 10 (Basic)

(E - BC - AD - FG) 2 (Augmentation)

which yields (2 E) = 12 or E = 6 , when added , and 2 (BC + AD + FG) = 8 or
(BC + AD + FG) = 4, when subtracted.

Thus it can be seen that by reversing the signs in only the E column of the
basi c matrix in Table [IV-4 1 (making -E = BC), we have been able to isolate the
main effect E and its interaction s AD and BE. Had we continued, the othe r two-
facto r interactions for E would also have been isolated from the other main effects
and two-factor interactions. With the 16 experimental condition s, 15 effects can be
independently isolated. In this example , they a re the one main effect , E , each of
its six interact ions with fac tors  A , B, C , D , F, and 0, and the seven string s of
still aliased two -factor interactions. Mi of these , howeve r , still ar e aliased with
hi gher-order interactions. The fif teenth effect  in this case is between blocks.

A. D. 2 To isolate all main effects from all two-factor interactions, leaving the
two-factor inte ractions still aliased among themselves. S

P

The si gn matrix for thi s augmentation design is created by reversing the sign
of every factor (but not the Identity) in the Basic design. The new experimental
conditions of the augmentation de sign are formed by combining the opposite levels
of each factor used in the original conditions of the Basic design . The combined

-

. 
- ‘ Basic and augmentation set — now totalling 16 conditions — is shown in Table [IV-6] .

With the sixteen observation points , fifteen effe cts can be isolated. In this
de sign , these will be the seven main effects and the eight independent strings of

5’ 

three two-factor interaction s whi ch remain aliased. Whereas the Basic design was
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of Resolution III , this combine d de sign is of Resolution IV. Higher-orde r interaction \
effects are still aliased with these fifteen independent effects.

Inve stigator Logic

A. D. 2. does not identify which of the three two-facto r interactions within a
string are important. Ordinarily this can be done only by colle cting more data.
However the amount to be coilected can be reduced if the investigator ’s analytic
ability is used to narrow down the possibilities . Youden (52)
suggests that the effects- of each fraction — the Basic and A. D. 2 — should each be cal-
culated separately as well as combined. A study of the si gn patterns of the two sets
of data may give a clue as to which interactions are critical.

For example, if the separate estimates of a main effect are both substantial

and of the same si gn , this supports the conclusion that a main effect is present. If

the separate estimates for any given main effect are substantial but of opposite sign ,

this is equally good evidence that at least one of the two-factor inte ractions con-

founded with the main effect is not neg ligible. By way of illustration, two new sets

of f ict i t ious data are shown in Table [ Iv-7J  representing the effects e stimated from
the data of the Basic and the A. D. 2 designs. To simplify the discussions that fol-

low , a string of e ffects  will be desi gnated by the factor name of the single

main effect in the string whenever possible.

Table [IV-7]. Two Sets of Performance Data for Seven Effects

- - Effects Aliases Block I (Basic) Block II (A.D.2.)

iS 1 A, DE, CF, BG +12 ( +9 (

2 B, AG, CE, DF +1 +3
3 C, BE, AF, DG +7 4 +8 -4- —

• 4 D, BF, AE, CG +2 +1
- - - 5 E, BC, AD, FG +0 +2

6 F, EG, AC, BD -10 4 +14 (
7 G, AB, EF, CD +3 +2
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In Table FIV-7), factors A and C both show large positive effects and factor F
shows one large positive and one large negative effect in each set. One might therefore
suspect that it is not factor F that is important but one or more of the three inte r-
actions, AC , BD, or ~ G, that are aliased with F. Critical interactions often
include at least one of the critical main effects , so one would suspe ct that Inter-
action AC is the cii t ical one.

A. D. 3. To help the investigator analytically identif y c ritical main and two -way
interaction effects.

Up to this point , au gmenting the Basic desi gn enabled the effects of specific
main and interaction effects to be isolated. In the case of the A. D. 2. desi gns , all
main effects were isolated from all two-way interaction effects , but strings of two-
way inte raction s remained aliased; additional data must be taken to separate their
effects.  As an alternative , Youden (52) suggests that instead of separatin g the main
from the two- way interaction effects , an au gmentation design could be chosen that
would alia s the main effects with a uniquely different set of two-factor interactions
from those aliased in the Basic desi gn. Properly done , this would permit the inve s-
tigator to analyze the results and very often detect which main and which two-

factor effects in an alia sed strin g are the critical ones , without havin g to collect
more data.

This augmentation design would be created from an entirely diffe rent f raction
(i. e. , a different  “f amily ”) f rom the Basic desi gn and the levels of thi s fraction
reversed. A fr action from a different family is obtained by simply repeating the
procedure used to develop the ori g inal Basic desi gn , Table [IV-4J ,  but aliasing
different  sets of interaction s wi th each main effect. Thus the Basic desi gn was
created f rom the three-variable factorial design by aliasing D=ABC , E= BC, F=AC ,
and G=A B. An augmentation design from a different family could be developed , for

example, by aliasing D=BC, E=AC , F=A B, and G ABC . Beware of merely revers-
ing two aliases. For example, if E=BC and F=AC were used in the Basic , don ’t
use F= BC and E=AC.

The defining gene rators for a Basic design for a new family are:

I = ABF = ACE = BCD = ABCG

112
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and the defining contrast would be:

I ‘ -,

; ~~~
- -

~~ I = ABF = ACE = BCD = ABCG = BCEF = ACDF = CFG

- ABDE = BEG = ADO = DEF = BDFG = CDEG

= A~EF0 = ABCDEFG

For A. D. 3. howeve r , the reverse levels of this second fraction should be used
- 

along with the Basic desi gn.

To illustrate how an analysis might be made , fictitious performance scores
are associated with the aliased main and two-factor inte raction s in the Basic
(Table (Iv-4J)  and in the A. D. 3. designs separately. These are shown in

- 
- 

Table (Iv-8] .

Each design enable s seven ef fe ct s to be independently estimated, but each effe ct
is the composite of one main effect , three two-factor interactions, and other higher-
order inte raction s which are tentatively considered to be negligible and are not
included in [IV-8].

Table [IV-8]. Performance Data for the Basic and A. D. 3 Designs

Basic Augmentation (A. D. 3)

A , BG, CF, DE 1.6 A , BF, CE, DG .5
B, AG, CE, DF 9. 2 B, AF, CD, EG 7. 5

• 
- C, AF, BE, DG-l i .8 C, AE , BG, FG -3. 3

D, AE , BF, CG 3.0 D, AG, BC, EF 1.8
- T

., E, AD, BC, FG 7. 0 E, AC , BG, DF 5.8
F, AC, BD, EF 3.9 F, AB , CG, DE 1.5
G, AB, CD, EF 2 .3  G, AD , BE, CF 7.4

— 
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Youden (52) exp lains how an investigato r can use the information from these
— two designs toge the r with his analytical ability to determine which main and two-

facto r interaction effects are the important ones. To do this, the largest effects
found in Table (IV-8] were extracted and shown here along with their signs:

Basic Augmentation

B, AG . CE J DF + B , AF, CDI EG +
C, AF J, BE , DG - E~ AC , BG , DF +
E , AD, BC , FG + GJ AD, BE, CF +

For any main effect to be important, it must be found in these larger effects and
-
. 

- 
the sign for both sets must be the same. Thi s holds for B and E in this exam ple.

For any interaction effect to be important, it must be found in these larger
effects and the signs for both sets must be different. In the strings beginning
with factor C in the first  set and factor C in the second , the sign s are oppoatte
suggesting an important interaction; BE is common to both strings. On the other
hand, although AD is found in a string in each set , the signs for both strings were
the same, which doe s not suggest the presence of an important interaction.

Youden discusses more complex examples and pattern s of effects and shows
how these can be logically interpreted. In certain case s, where several critical

source s of variance exist within an aliased set , some may have positive and some

negative effe cts with the result that they cancel each other. Thus the analysis of
patterns may not always be directed toward large effects.

$ 
Y ouden warns:  “The partial confounding of main effects with fractional

replicates doe s not give something for nothing nor does it solve all the problems of
the experimenter half the information is lost by the partial confounding but the -

-

interaction has been identified. The experimenter must choose what he wants. This i
indeed , is the real art of experimental design. ~‘ (52 , p. 358) As the number of
variable s increase s, the difficulties in making these logical inte rpretations
increase . H~wever there is nothing to stop the expe rimenter from collecting more

5..
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data . Other fractiona l designs of both the same of diffe rent families would help
clarif y the situation. Even if this were done seve ral more times , the economy
achieved by not doing the complete factorial is still impressive.

Using the Identity (I) Colunm to Measure Block Effects

If the Identity (I) column is otherwise unused, it can be used to determine
whether or not irrelevant sources of variance have crept into the expe rimental
results to create an average shift in performance between the time the Basic
and the Augmentation Designs were run. To do thi s, the signs of the Identity
column of the Augmentation Design would be reversed from those in the Basic
des ign. If any change in performance has an equal effect across all of the

conditions in the block , the estimates of other 15 effects of interest will be
unaffected, since the two desi gns are orthogonal to one another.

A. D. 4 To add a new factor to the study.

If the experimente r can be assured tha t no extraneous sources of variance
will a ffect performance differentiall y between the two blocks, he can use the
Identity (I) column of the Augmentation Design to collect information about a new
factor. Of course, all of the ori ginal aliases of the (I) column will be aliased with
the new f ac tor .

The (I) column, rather than being used to estimate the mean, or measure
differences between the two blocks , can be used to add an additional factor to the
study. In so doing, all of one level of the new factor will be run during the f i rs t
block (i. e. the Basic design) and all of the othe r level will be run during the
second block (i .e.  Augmentation design). This change in factor level automatically
reverses  the sign of the Identity column between the two parts.

A. D. 5. To obtain unbiased estimates of all main and interaction effects among
any three factors  if the remaining factors are of no importance.

-II .

An augmentation design of the “fold-ove r ” type (e. g. A. D. 2) in combination
with the basic , saturated design , result s in a fractional factorial of Resolution IV .
In the discussion on saturated desi gns, it was noted that a desi gn of resolution R
wil l  provide a complete factorial in any sub-set of the ( R - l )  factors.  Thi s means
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that with a Resolution IV design, if only three out of all possible main effects are

sizeable and the others negligible, it would be possible to estimate the effects of
the three two-factor interactions and the one three-factor interaction for the three

f factors. It is not necessary to know in advance which three factors will be the

important one s. -

The main effe cts and all interactions can also be obtained for  any four factors

in a Resolution IV design (i. e. the Basic design plus a fold-ove r desi gn) provided

the remaining effects are negligible and provided the fou r factors are not one of the

four - fac to r  interactions in the defining contra st.

STAGE THREE OF THE SCREENING PROCESS: ISOLATION DESIGNS

Let us f i r s t  re view the experimental sequence up to this point. At least N

experimental conditions are used in the basic (saturated) designs to estimate (N - 1)

effects .  However , with these desi gns , main effects are aliased with two-factor

interaction and higher effects.  If N additional experimental conditions are collected

(augmentation de signs),  it is possible with certain desi gns to isolate completely main

effects from two-factor  interactions. However , strings of two-factor interacti on s

will still be aliased with one another. With othe r de signs, while neve r completely

isolating main and interaction effects , certain critical interactions can be logically

identified.

Situations will arise when even supplementing the early efforts with an additional

augmentation de sign will not provide enough information to positively isolate the

critical effects. Thi s will more likely be the case when large r numbers of factors are
F - being studied. Consistant with the needs for economy, the final isolation of aliased

effec ts  — and these may be two-factor or even a three-factor  interaction that is

suspected of not being negligible — may be accomplished without collecting an

enti rely new block of data. Daniel (20) suggests some plans in which only a few

addi tional, properly selected experimental conditions can be examined to identif y
specific aliased effects which are probably important.

tL ~~~
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I. D. 1. To separate a single pair of two-factor interactions with one extra condition.

Suppose the experimental conditions of the Basic and A. D. 2 de signs have been
run and the analysis shows that the effects of factors  A and B and the string of the

two -factor interactions (AB+CD+EF) are much larger than the other effects. The
inve stigator would guess that the large interaction effect  was probably due to the AB

interaction. Such a guess may need furthe r confirmation but it is a Cood beginning.

On the other hand , if the analysis had shown the largest effects to be factors A, B,

and the str ing of two-factor  interactions (AF+ BE+DG) with the remaining effects

being small, there is a question as to which interaction (or inte ractions) of the

string is responsible for  the large effe ct. Daniels (20 , p. 413) propose s the fol-

lowing approach which combines experimenter analytic skills with expe rimental

design.  —

Tb~ invest igator might assume that the effe ct of inte raction DG is neg li gible

since n .~~” -~er facto r D nor G show large effects.  If DG is neg ligible then the

investigato r know s that the effe ct is a measure for the cómb~ined (AF+ BE). In order
to determine which of these is the responsible one , these effects must be separated.
This  can be done by adding performance data from an additional experimental con-

dition which will measure the effect of (AF-BE) .

How can one determine the experimental condition that will represent among
othe r things the confounded effect of the difference between the AF and BE inter-

actions? The easiest way is to make use of a sign matrix.

In the same way that the size of an experim ental effect is estimated by corn-

binin g the mean performances on each experimental condition , the performance of
an experimental condition can be estimated by combining the experimental effects.

- 

- In othe r words , a si gn matrix can be used in both directions.

To find an experimental c~ ion that will include among several effects one
* that represent s (AF - BE) ,  th t~ awing steps are taken:

1) Wri te  down only the inte ractions of interest and all main effects
associated with them. Also include the mean , as re presented  by
the Identity (I).

2) Put those main effects considered to be neg li gible in parentheses.
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Followin g the se two steps for  thi s example would produce:

I A B ( E ) (F) AF BE

Next it is necessary to decide on the sign of the a rithmetric operations required to

combine these effects , i. e . ,  whether to add or subtract them. Signs for  thi s pur-
pose are assi gned as follows: -

3) To include the effect  (AF - BE), AF and BE must have opposite

signs. In this example , we will use +AF and -BE.

4) A minus sign is arbitrarily assigned to all negligible effe cts.

5) The Identity factor , (I), is positive.

These steps result in the following pattern:

+1 A B -(E)  - (F )  +AF -BE

Only the si gns for  A and B have not been designated. The se are determined from
the signs already indicated. For examp le , since the product of the signs of A and
F must result in the positive si gn assigned to AF, and since F is already negative ,
then A must also be minus. Similarly,  since the product of the signs B and E must
re sult in the nega tive sign assigned to BE, and since E is negative, then B must be
posit ive.  The completed patte rn would be:

“Isolation ”
condition = +1 -A i-B - (E )  - (F)  +AF -BE
numbe r 1

The experimental condition that thi s patte rn of effe cts represents is b. Thi s
was dete rmined by noting those main effects  with plus signs (e. g. involving the

-: high level of each factor), and as has been the procedure in the past , naming the experi-
mental condition by the combination of letters representing those effects .  There

are of course a great many other effects that have been ignored up to thi s point;
howeve r , if this is experimental condition b, then the level of all of the other main
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effe cts must be low , implying a minus sign. In summary, perfo rmance for

experimental condition b could be estimated by combining the effects of the critical

-
~ factors and interactions as follows:

b = I - A + B - (E)  - (F) + (AF - BE) + the remaining effects that are neg ligible

By omitting all neg ligible effects , that equation can be shortened to:

-
: b = (I) - A + B + (AF - BE).

However , we do not know the effect of (AF - BE), and the performance value for

experimental condition ~ will be obtained empirically. Therefore , the equation will

be rewri t ten  as follows:

(AF - BE) b - (I) + A - B.

The effect of (AF - BE) ca... the re fore  be e stimated by arithmetically combinin~ the

performance value obtained by running one or mo re subjects on experimental con -

dition b. The effects  of A and B, and the mean (I), can be obtained from the results

that have already been estimated from the data from the Basic and Augmentation

designs (A. D. 2 . )  combined.

- Once the value of (AF - BE) is obtained , it can be combined with the value of

- 
(AF + BE) obtained fiwm the earlier data col-l~ ction to isolate the effects AF and BE

as follows:

(AF + BE) + (AF - B E )  = 2 AF

5
’ (AF + BE) - (AF - BE) = 2 BE

Dividing each of these result s by two yields the individual effects  of each
- in terac t ion .

o.

Obtaining othe r conditions. Expe rimental condition b is not the only one that

wou ld enable the two effects  to be isolated. Othe r conditions could be obtained by

reve r s ing  the sign s assigned to AF and BE , or changing the arbi t rary  si gns of the

~~- 
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negli gible conditions, E and F, whi ch in turn would change the signs of A and B.
Additional experimental conditions, formed by a reassignment of the signs while
following the above procedures, are shown in Table [IV-9] .

- - If two experimental conditions are to be added instead of one , they should be
selected f rom those cases where A and B have the same respective signs for
each condition but the signs assi gned to the interactions are reversed. Thi s would
pair: abe and abf , a and aef , and b and bef. Two or four experimental condi-
t ions  might be used to provide additional precision. Admittedly, the use of so few
conditions is f r aug ht with danger , but the purpose is one of identification where

making precise estimates is not as critical as determining relative strengths.

I. D. 2 To separate four members of a single string of two-factor inte ractions
with three extra experimental conditions.

Daniels (20 , p. 414) uses the same principles for this separation as for I. D. 1.,
however , in thi s case it is sli ghtly more elaborate. Let us imagine that as a result

Table (Iv ...91. Other Experimental Conditions that Might be Used to
Isolate the Effects of (AF+BE)

r 
- 

EFFECTS

FIXED DETERMINED ARBITRARY GIVEN

: A B (E) (F) AF BE

2) - + + + - + bef

6 3) 4- + + + - - + abe

_ _  _ _  _ _ _  

; : : 
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of combining the data from the Basic and A. D. 2. de signs it was found that the
factors A, C, E, and C are the important one s along with the effect of a string,
(AB + CD + EF + GH) . In this case , there is no obvious rationale for reducing the

numbe r of two-factor  interactions as was done in I. D. 1. since one term in each is
an important one. With four aliased interactions, at least three additional experi-
mental conditions will be required and their signs should be orthogonal among the

strings, thus :

Effe cts

AB CD EF GH

1) + + - -

Experimental 2) + +Conditions 
-

3) + - - +

These conditions are orthogonal since the products of the signs for  any pair of rows

y ield an equal number of plus and minus si gns. Next , the “minor ” factors will be
arbi t rar i ly assigned a minus sign. These are the unimportant factors in the inter-
actions , in thi s case , B, D, F, and H. Next , the signs for the c ritical factors are

also ort hogonalized , and along with the minor factors must fit the interaction signs
For example, the product of the sign assigned to A and the minus sign of B (not

shown) must yield a plus for AB in the first  condition. Thus A has to have a minus
si gn. With all minor variable s having minus sign s, the signs of the major variable s,

based on the inte rac tion sign matrix above, must be as follows :

Effects

1) — — + +

: - Experimental 2) - + +Conditions 
-

3) - + + -
.4

~~- .~~ When these two matrices are combined, the three new experimental conditions

would be def ined by:

p$
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Effects Conditions

I A C E G AB CD EF GH

(+ - - + + + + - . 
- 4 eg

(+ - + - + + - + - ) cg

(+ - + + - + - - + )  cc

The designation of each condition is obtained by assigning a letter for each main
effect in whi ch the high level is used , i. e. the one with the + sign. The effects
considered ne gligible are not shown. Had all effects been shown, the matrix would
show an orthogonal pattern.

The performance level for condition ~~~~~, for example, could be estimated if all
of the effects in the above matrix were known. If the data from the Basic and
augmentation design, A. D. 2. were available we would know the effects of I,A, C, E,
and G, but not that of the individual effects of the four interactions; up to thi s point ,
we only know the effect of their combined sum, (AB + CD + EG + GH) . We do not
know the effe ct of the combination, CAB + CD - EF - GB) which would be needed to
estimate performance under condition eg.

But we are not estimating the performance for conditions ~g. or or
The reason for identif ying the three new conditions was to be able to run subjects

• on them and determine the actual performance scores for each. These scores
can be combined with the effects already known in a way that will permit the effects
of the two-factor interactions to be isolated. Just how thi s is accomplished is
best understood by looking at the sign matrix above combined with the effect of the
string of two-factor interactions, as shown here :

là  -‘
~ Source from which Effects Fictitious

Conditions value is obtained I A C E C AB CD EF GH Performance
.4

(AB-1.CD+EF+GH) Basic + A. D. 2. (+ + + +)+ +3

(eg) Tested subjects (+ - - + + + + - -) +5

(cg) Tested subjects (+ -- + - + + - + -) -2

(cc) Tested subjects (+ - + + - + - - +) +6
‘5
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These four sources along with their corre sponding pe rformance values should

be summed together. This would yield:

31 - 3A + lC + 1E + 1G. + 4AB = + 12

The effects  of CD, EF, and GB have been cancelled out. Since the mean (I) , A, C, E,
and G would be known from the estimates alread y obtained from the data of the Basic
and A. D. 2 . desi gns , by prope r arithmetic substitution and simplification, the
effect  of AB can be determined.

Interaction CD can be obtained in the same way. This time the four sources
are combined by subtracting (cg) and (ce) from (AB+CD+EF+GH) and (eg). Thi s
causes the si gns of all components of (cg) and (Ce) to be reversed, of course, and
whe n the four sources are now summed, all of the interactions except CD will can-
cell out. The remnant s of 1,A , C, E, and G will be eliminated as before by substi-
tu t ing  the appropriate value s already obtained fro m completing the Basic and Aug-
mentation designs.

To isolate the effect  of EF, (eg) and (ce) must be subtracted from (AB+ CD+EF
+GH) and (cg) .  To isolate the effect  of GH, (eg) and (cg) must be subtracted from
(AB+CD+EF+ GH) and ( C e ) .

I. D. 3. To separate members of a string of three-factor  interactions.

No examples will be given , but it is apparent that the same log ical approach

can be applied to any set of confounded data. In each case , the following steps
- - would be required:

1) To reduce the effort  the experimenter can f i rs t  t ry to logically
eliminate certain of the aliased effects.

2) At least (N - 1) additional experimental conditions must be
used for N aliased effects in a st ring.

3) The row s of signs of the aliased effects  to be isolated must be

made orthogonal to one another.

- 
- -
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4) Minor factors in the aliased effects can be arbitrarily given

any sign.

5) The sign s of the majo r factors , when combined with those of the

minor factors , must be made to correspond to the sign pattern of
the aliased interactions according to rule s for multiplying signs.

6) Experimental conditions are identified by those factors with plus
si gns associated with them.

7) Combining effects to isolate the desired ones requires that all
lowe r-order  effects alread y be de termined.

Whe n only a few data points are  used that are not or thogonally blocked with the

preceding portions of the design , some considerations must be given to orde r of

— presentation effects. The value s obtained for these new I. D. points, being collected
afte r the othe r data , may be distorted for reasons totally unrelated to the relevant
experimental factors . This may be difficult to asce rtain, but can be handled in
seve ral ways. For example:

1) If it is suspected before the experiment is run or after the first
block (Basic) tha t a particular factor will have a large effect
and therefo re its inte ractions with othe r factors m i g ht be of

interest , isolation data points might be included in with the
• Basic and/or  augmentation desi gns.

2) In addition to the isolation data points , a number of data points 
-.

that have already been used in the previous designs mi ght be

retested when the isolation points are run to determine whether
there has been any block shift.

3) The value of the individual point could be estimated with a poiy-
‘ nobiial derived from the basic and augmentation design data

-. - and compared with the empirically derived value obtained when

the isolation point is tested .
.4- I  -

I. D. 4. To isolate the second-order coefficients of a response surface.

Once the most important factors and two-factor interactions ha ve been
identified, the final step of a research program is to describe the function relating

_ _ _ _ _ _  _ _  
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the se factors and ope rator performance. The next chapter discusses various
econ omical designs for obtaining these relation ships, referred to as “ response sur-
faces , ” which repre sent the levels of performance within a multifactor space. One
of those design s — a central-composite design — is constructed around a fractional
factorial design. Whereas a ~~~~ fractional factorial desi gn can only estimate the
linea r main effects and l inear-by-linear portions of the two-factor interactions,
second orde r (quadratic) effects can be obtained by 1) taking measures at the center
of the hype rcube represented by a factorial or fractional factorial with all factors
at two levels; 2) adding 2K more data collection points at the apex of a pattern

that passe s th r ough the center point and th roug h the center of ea ch face of the

hypercube. These are called the “ star” portion of a design.

Only a par t of the data already collected in the screening study may be used

in the construction of the hypercube portion of the response surface design. The
actual numbe r of useful conditions depends on which augmentation and isolation
designs are employed. Therefore in addition to the cente r points and the “ sta r ”
portion of the response surface design , more data must be collected to complete a

- Resolution V fractional factorial .  There will be a savings howeve r over the data

— that would be required were every point of the entire response surface , cent ral-
compos ite desi gn to be collected. -

S.
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ECONOMICAL DESIGNS FOR QUANTITIVE FACTORS

Many factors included in human factors engineering experiments are quantita-
• tive and can be represented on a continuou s scale. Resolution , signal intensity,

vibration , field of view, work load , closure rate , and bits of information are all
examples of such quantitative variables . Other factors such as background com-
plexity, pilot/non-pilot subjects, and target types , while often treated as qualita-
tive variables , can be imensionalized, quantified , and described on a continuous
scale .

Quantita tive factors allow the results of an experiment to be expressed as a
function relating ope rator performance to equipment , system , and environmental
pa rameters. When truly multifactor experiments are conducted , however , the
traditional method of plotting the means for one or two factors at a time — pa rticu-
la rly if they interact — is not truly info rmative. Neither the shape nor the values

j of the curve s of the plotted means can be used opera tionally without knowledge of
the effects of the unplotted factors, if there are inte ractions between the plotted
and unplotted factors , simple plots are even more worthless. What is needed, of

- course, is a multifactor equation that relate s all the factors . However inconvenient
this might be for immedia te in terpretat ion , it increases the effectiveness of the
info rmation.

- Experimental desi gns for de termining the function relating perfo rmance and
predicto r var iables by means of an approximating polynomial , is called a response

-- - surface. While these polynomials do not seek to explain underlying funct ional
mechanism s, they do describe the empirical relation ship and can be used to es ti-
mate by interpolation* the effec t s of conditions that were not actually studied in the

1, : experiment.

~It is inherently dangerou s to use a polynomial to ext rapola te beyond the limits of
- 

- - .. the experimental space.
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Thi s class of experimental design s employs a regression model and the choice
of the coordinate s of the experimental conditions is under the control of the experi-
menter. This latter feature distinguishes them from the “undesigned” experiments
in whi ch a reg ression model is also employed but in which the coordinates of the
data collection point s cannot be selected by the experimenter.

CHARACTERISTICS OF RESPONSE SURFACE DESIGNS

Box and Hunte r (8) describe the characteristics of experimental designs for
fitting response surfaces. A good design should:

1) Utilize a grid of data points of minimum density over a multifactor space
of greatest practical interest,

2) Allow for approximating a polynomial of an order tentatively assumed to

be representationally adequate to fit the response surface. When no

assumption is made of the form of the function initially, one starts with

a f i r s t -order  polynomial model.

3) Check on the adequacy of the function by allowing certain combinations of

• higher orde r terms to be examined.

4) Permit the already completed design of order d to form the nucleus from
which a desi gn of order (d + 1) may be built , if the assumed polynomial
prove s inadequate.

5) Lend itself to blocking which

a) helps maintain a steadier experimental environment when an experi-
mental program is extended ove r many data point s and time , and

b) pe rmits an expe rim en t to be carried out sequentially, so that certain
chan ges can be made in the experimental plan based on information

obtained f rom the previous data collection period.

6) Be “ rotatable” so that the orthogonal axe s of the experimental design can
take any orientation without changing the confidence in the prediction made
at an y given point.

H ‘a
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- Economy

Response surface designs embody to the fullest the principles of data collection
economy. They are planned so as to minimize redundancy and limit data collection
to tha t which is really necessary. They require the experimenter to be continually
involved.

Economy of response su rface design s is accomplished , in part , by collecting
only enoug h da ta to estimate the coefficients of the lowest degree polynomial capa-
ble of fitting the empirical data .

Theoretically, a minimum of N data collection points are required to write a
polynomial of N - i  coefficients (plus the mean). Therefore to write a second
de gree polynomial (Tay lor series expansion) for five factors at least 21 observa-
tions are required. This is

\
a much smalle r number than the 243 observations

required to complete a 35 factorial design, or even the 81 observations for a
one-third fractional replicate. Even when some additional observations are added
to the 21, the savings in data collection is consiâerable and the loss in information
is usually negligible. The coefficients that will be estimated are for the mean

the linear terms (~ 1x1), the quadratic terms (P 1~x~ ). and linear-by-linear
cross product te rms (~ ..x .x.) .

Furthe r economy is achieved in many of these designs by employing the prin-
ciple of sequential progressive iteratiQn. In designs that are orthogonally blocked ,
the data can be collected a block at a tim e. If each block corr esponds to a degr ee
of the pol ynomial , it is possible to t erminate the experiment as soon as the lowest
degree polynomial is found that fits the data .

p

Applications -

I.

Response surface desi gns provide an economical method of con ducting experi-

~ 
j  ments that:

~ 
1) Search a loosely-defined experimental space to discover the coo rdinates of

that combination of pa rameters which will optimize operator performance

— —~ 
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for a particular task . This was the purpose for which response surface

methodologies were originally developed . It was assumed that the
investigator had little or no knowledge about the response surface and

therefore did not know if he was investigating an area near the optimum

coordinates . Response surface methodologies represent an economical

mean s of exploring the experimental space to find the optimum.

2) Describe the function relating operator performance and equipment ,

system, and environmental pa rameters. At the sacrifice of some preci-
sion , an overvi ew of a complex world can be obtained. This tying together
of diverse components into a quantitive function can also serve as a fram e-
work within which additional elements can be added or a data base devel-

oped that can later be refined .

Human factors engineering expe riments are seldom required to search for an
optimum response th rough a loosely-defined experimental space. Ordinarily the
boundaries of the experimental space are fairly rigidly defined by customer inter-
es ts, the state-of-the-art in equipment development or anticipated development,
the normal condition s of the real world , and/or the results of preliminary testing
by the experimenter. Under these circumstances, responses will be mapped over -

- 

.

- 

- the entire space. A search approach might be employed, however, if there is

reason to suspect that the space is so large that a second —- or at most , a third —

order polynomial will not approximate the response surface. Ordinarily, the
narrowe r the limits of the expe rimental space , the more nearly linear the relation -

ship will be. .

Most human factors data within a multifactor space, as has already been
shown , will not be too non-linear , particularly if the factors a-re properly scaled
to begin with. Humans don ’t show erratic patterns of behavior in these circurn -
stances. When irregular curves are observed, it can generally be traced to either

~5 poor data colle ction technique s or to a curve that is a composite of seve ral under-
lying factors operating togethe r (44)

Anothe r reason that response surface designs will seldom be used in human
factors research to search for an optimum is because engineers ordinarily prefer
information in the form of trade-off data. An engineer wants to know what will

F’1 
.
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happen to performance if he uses a little less expensive component or if he improves
one factor and degrades another in order , for example , to reduce the weight or size
of the equipment. Finding only the optimum parameters assumes tha t all factors
that greatly affect performance are included in the experiment. They seldom are ,
and for most human factors research any claim of “optimum” results should be
suspect until eight or ten factors have been examined.

Response surf ace designs were devised ori ginally for chemical research and
many of the problems associated with carry ing out expe riments with human subjects

— we re never considered. How to decide the order in which experimental conditions
are tested receive s cursory t reatment in a few designs , yet it represents a major
probl em in human factors experiments, The presence of qualitative factors and
how to include them economically in the respon se surface designs are not discu ssed
direc tly. Howeve r , qualitative factors can be treated as “dummy” va riables when
they are to be included in response surface designs. (24)(47)

~ ypes of Desi gns 
-

-: Response surface designs can be classified according to their order, the num-

ber of levels per factor , and their symmetry. Of the various designs , the central-
composite design — which was described in Box and Wilson ’s (12) introductory
paper — has been described most frequently. Simon (43) discusses its application
for human factors engineering expe riments. The designs that will be considered

• here will be restricted~~o those requiring less than 300 observations for a basic
design which can be used to study from five to fif teen var iables . Specifically,
there will be: - 

-

o Second-order response surface designs

.Central-composite designs

Partial replication of central-composite design s

Res ponse sur face designs r equiring th ree levels per factor

Non-symmetrical response surface designs

Third-order response surface designs

Response surface designs for “messy” experimental spaces
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CENTRAL-COMPOSITE SECOND ORDER DESIGNS

G. E. P. Box and his co-workers (5) ( 9 ) (  12) introduced response surface
designs in the 19 50’s along with a philosophy and a methodology of research that

make thi s class of design an embodiment of the principles of economical research.

Originally a means of discoverin g the coordinates of independent factors that opti -
mize the response or yield , response surface methodology ha s also proved usefu l

for mapping an entire multifactor space relating operator response to equipment

parameters. A number of excellent papers have been published that describe the

rationale and the mechanisms of desi gning, analyzing, and using these designs (13)
(1 6) (17) (33) ,  including a review of the literature (32).  One pape r discusses its
applicability for human factors engineering research (43). This approach is pa r-
t icula rly useful after the critical factors have been selected by the screening
process described in Chapter IV .

Construction

The total N experimental conditions in any k-dimensional central composite
designs is

N = n  + n  + n
* 

c s o

where

n = ~~~~~ the number of points of the “cube” portion of the design represent-
ing a two-level factorial (when p = 0) or a ( l / 2 ) P fractional factorial of

Resolution V when k is five or more factors. Examples of these , sui table
for response surface designs , can be found in Appendix II. The coded

coordinates of the cube portion are (±1 , ±1, . .. ,  *1 ).

2k , the numbe r of points of the “star” portion of the design , a k dimen-
sional analogue of an octahedron having 2k vertices . The coded coordi-
nate s of the star portion are (*a , 0 , ..., 0) (0 , ±a , 0 , ... , 0) .,.,

-t 
.5 .5 

(0 , •.. ,  0 , ±a). The value of a determines whether the desi gn will be
or thogonally blocked .
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= the number of points at the center of the design, with coded coordinates
(0 , 0, ..., 0). When an expe riment is blocked , those cente r points

~ associated with the cube portion are referred to as nco and those as so-
d ated with the star portion are refe rr ed to as n50. The number and

-
- distribution of the center points will affect orthogonal blocking, rotat-

ability, the uniformity of variance across the response surface , and the
power of the goodness of fit test ,

The spatial arrangement of the coo rdinates of a central-composite design for  three
factors  is shown in Figure [V - l I .  The coordinates for  the ei ght ve rtices of the
cube , the six vert ices of the octahedron , and one center point are shown. In prac-
tice , as will be described below , more measures are  made at the center.

Features of Central-Composite Desi gns

Some important features of the se des ign s a re:

1) The coefficients of a second degree polynomial of the fo llowing form can
be estimated:

Y = x + 3.x. + ~3. .x~. + ~3. .x.x.
0 0 1 1  li ii 1 - 1 3

The coefficients of the linear (x 1) and linear-by-linear inte raction (x1x~)
terms are orthogonal, and their effects can be independently estimated.
They are also orthogonal to the coefficients of the quadratic (x2.) terms.

- However, coefficients of the quadratic (x~.) terms are not orthogonal to

- one anothe r or the mean (x0) and their effects are somewhat
inte rcorrelated.

- 

- 
Box and Hunter (8, p. 174) suggest that it is not appropriate to test

- 

individual coefficients for  statistical significance, with the intention of
S. dropping those that are not significantly diffe rent from zero. Instead ,

the complete equation is the best description of the immediate data , and

- ‘ — if a tes t is to be made , it should be for the adequacy of the combined
term s of the same degree. If there is an interest  in the contribution made

-1’~ 
by a particular factor , th en a test should be made of the combined

13
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Figure [V - l I .  Spatial arrangement  of the coordinate s of a
- central-composite design for three factors

I
LIMITS OF

FACIOR3  ( 

~~~~~~~~~~~~~~~~~ INTEREST

I 

EXPERIMENTAL

. 1 0 +1 +‘( FACTOR 2

FACT :~ 1 ~~
., - ,.,a

Figure [V-2 ] .  Spherical characteristic of the space
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contribution of all terms involving that factor. Of course , the search for
important factors should have occurred during a screening period prior
to the ef fort to es timate a response surface.

2) The expe rimental space covered by these designs form a hypersphere.
(Figure [V - 2 J . )

Central-composite designs reduce the size of the experiment by not
collecting data in the less inte resting parts of the experimental space .
An experimenter should normally know enou gh about his problem to be —

able to localize his experiment around the reg ion of grea t interest. With
central-composite designs , more information is collected at the center
of the re gion with less and less collected the fu rther one mo .es away
from the cente r , If there is reason to study a corner of the region,
auxiliary data points can be added .

3) Central-composite designs are constructed so that the “i nfo rmation” is
equal for all points equidistant from the cente r. (Rotata bility)

“Irformation” , as the term is used here , is defined as the reciprocal of
the variance at any point on the response sur face. The feature of rota t-
ability permits the orthogonal axe s of the experimental design to be
rotated to any orienta tion without changing the confidence in a predicti on
made at any given point. For a rota table design of k fa ctors , the coded
coo rdinate of the length of the arm of the star from the center of the

.5 design should equal when fractional factorial designs of (1 /2 ) 1’ are
used in place of the hypercube , a should equal z(1~1~)~

14 , This is the same
as saying that the coded* length of the axial arm from the center (*a) is

- - 

. equal to the square root of the square root of the numbe r of actual data

~5

‘ Levels of an experimental facto r are coded by standa rdizing the real world values
such that the center point is equal to zero and the point which forms a coordinate

• of the cube made the standardized unit equal to ± 1. Any coded value, x , equals

-
~~~~ 1 10

55 U.
1

where X stands for a real world value at level l and at the center , ~~ and U stands
for the unit of measurement equal to one standardized unit. The similarity
between this and a z-score should be noted .

- ‘1

l3~
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I points in the cube portion of the basic design. This value of a will not

always permit the equation for blocking, discussed next, to be
satisfied, In that case , a should be adjusted , for an o rthogonal design
should take precedence over a rotatable design. Usually the difference
between the two values , for  human factors engineering research, will be
of little practical value,

4) Orthogonal blocking enables the techniques of sequential iteration to be
employed.

The experimental conditions of the cube and the star portions of the
.5 

desi gn represent  orthogonal blocks within which f i r s t -o rder response
surfaces  can be estimated. Ordina rily, data is collected on the cube
portion of the desi gn and examined to see if a f i r s t -o rde r  model is
adequate . If so , the study ends . If not , data is collected for  the sta r
portion of the desi gn against which a second-order model is tested.

Mean d i f ferences  in pe rformance between these two o rthogonal blocks
of data will not affect  the estimates of the coefficients of the second-
degree polynomial. The number of center points assigned to each block
and the length of the axial arm (±a) are important to the o rthogonality of
the desi gn .

• To gua rante e orthogona l blocking in the central-composite designs , it is
necessary  that

4 2k-p ,20 2 
= (n + n ) / ( n  + n )

C co S so

when n and n are  the num ber of center points to be added to the cubeCo so
and the sta r portions respectively. If the full factorial is used , p = 0; if

a frac tional of ( 1 / 2 ) P is employed , p take s on that va lue . Various solutions
will satisf y the above equation ; howeve r , the total no should allow for
some replication of center points within at least one block to provide a
measure  of experimental e r ror  (see lack-of-f i t  test below).

When the numbe r of variables is five or more , the cube portion can be
divided into sub-blocks without affecting the coefficients of the main and
two-factor  interaction effects  in the second-degree polynomial. With this

- ~~~- ..-
~ additional blocking of the hypercube , the n ,~0 cente r points should be d i s —

,~ . . t r ibuted equally among the sub-block s.
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5) Central-composite desi gns provide relatively uniform precision throughout

most of the experimental space.

The precision of the response surface (or “information contou r ”) of a con-
ventional 32 factorial desi gn is shown in Figure [v_ 3 , A]. With rotatabil-
ity, this information contour of a two variabl e central-composite design
must look like Fi gure [v-3 , B]. By varying the number of points at the
cente r of the design from one to three , the info rmation profile of Figure
(v-3 , B] can be changed — as shown in Figure [v-3 , C] — to make the

.5 precision of information more uniform within the experimental limits,
particularly between coded value s 0 and ±1 .

6) Central-composite desi gns provide a test of how well f i rs t  or secon d-
order models fit  the emp irical data.

By adding center points to the cube portion of the design , the presence of
quadratic effects  can be determined, the significance of which can be
tested against the estimate of error  obtained from the replicated cente r
points . If there  is evidence that hi gher-order  effects exist , then data
must  be taken for the star portion of the central-composite design in
order to approximate the response surface with a second degree poly-
nomial. How well this second-order model fits the empirical data can
also be tested. If the fit is still inadequate , more data may have to be
taken to fit a third-order  model. For the central-composite designs , no
specific provision s have been made for this last step. Late r , some
sequential third-order designs will be described , although a large num-
ber of data points must be added to approximate a third-order response
su rface. Since there are only a few degrees of freedom for the error
term in a central composite design , the power of the lack-of-fi t  test is
extremely low. While a rejectio n of the null hypothesis can be conside red
indicative of the need for a higher -order  model , a failure to reject the

- :  - null hypothesis cannot be accepted without fur ther  evidence that the fit is
S. adequate.

De sign Pa rameters

Values needed t o cons t ruct second orde r , central composite design s for study-
ing f r om five to twelve var iables are given in Table [v-i 1. This in clude s the

-~ 
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A. Conventi onal 32 factor ia l

B. Two-factor central-composite desi gn

3C ENTER POINTS

~~~~~~~~~~~~~~~~~~~~~~~

- ~ ç. C. Effect of adding more center points to B

-~ Figure [V-3]. Information contours of experimental desi gns
fr om Sox m d  Hunts, ($).]
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Table [v-i] . Parameters for Designing Orthogonally Blocked,
- 

- 

Second-Order Central-Composite Designs
‘ —

Distribution for
Orthogonal

- Blocking**
Number of -.

Factors n n n n N- ~ Cube Star
C CO S SO

5 16 6 10 1 33 2 .00 1(16+6) (10+1)

6 32 8 12 2 54 2 .37 2( 16+4) (12+2)

7 64 8 14 4 90 2 .83 8(8+1) (14+4)

8 64 16 16 4 100 2 .83 4(16+4) (16+4)

9 128 8 18 6 160 3.36 8(16+1) (18+6)

10 128 8 20 4 160 3.36 8( 16+1) (20+4)

11 128 16 22 4 170 3. 40 8(16+2 ) (22+4 )

12 256 8 24 9 297 4. 00 8(32+1) (24+9)

*Length of axial arm of star for orthogonal blocking.

**Given are the number of blocks in the cube portion of the design, the number
‘ of cube point s in a block, the number of center points for the block containing

the cube points; the number of point s in the star, the number of center points
for the block with the star points. For example, 8(8+1); (14+4) would mean
that there are nine blocks altogether, eight of which each contain ei ght cube
points plus one center point and the ninth which contains fourteen star points
plus four center points.

numbe r and distribution of the data collection points in the fractional factorial of

the cube in the sta r (n 8),  and the number of center points distri buted to the

- 
- 

cube and the star (n 50), and the total number of points (N) in the basic design .

~s. In addition , the length of the arm of the star (a) is given for orthogonal blocking.

To assure  orthogona l blocking, th e number of blocks 
~~~ 

into which the cube por-

-~~~ tion of the design can be divided is shown , followed in parentheses by the number

of 
~~~ 

+ n 0) points within each block . In the second pa rentheses are the number of

..-
~ (n 5 + n

50
) in the sta r portion of the design . All of the designs are of Resoluti on V .

To aid in their construction , the defining contrasts for the cube portions are given
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~~~~~~~~ sq ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ -



r ’  ~~
r55 -—-— — — ____

— 

I 

—_--- -- __~~~~~~~~~~~~~~~~~~~~~ - -‘

in the lists of f r actional factor ials in Appendix II. Possible modifications of these

plans include: 1) Adding more center points in the correct proportions of each
block to provide a more powerful test of significance; 2) Reducing by half the

number of poin ts in som e fractional factorials in the cube portion by allowing a
few specific two-way interactions to be confounded with one anothe r .

Pa rtial Replica tion of Central-Composite Designs

The basic central-composite design provides an estimate of experimental

e r ror  derived from replicated data points at the center of the design. If it is sus-

pected that variance may not be homogeneous throughout the response surface , it

may be necessary to duplicate points in othe r parts of the experimental space .

While such duplication provide s more precision in the estimates of the coefficients,

more degrees of freedom for an estimate of the coefficients , mo re degrees of free-

dom for an estimate of the experimental error , and a more powe rfu l test of the

adequacy of the second order model , it also means an increase in the number of

run s that must be made.

Dykstra (27) suggests that when non-central replication is desired for the

second-order design s , economy can be achieved by duplicating only a portion of

• the orig inal plan . In his pape r , eight type s of pa rtially duplicated second-order
response surface designs are presented to be used with classic central-composite

design s. These designs replicate either the cube (Class 1) or the sta r (Class 2)
.5 portion of the desi gn. If the cube portion of the original central-composite design

k . . . k k - lwere a 2 factorial, the replication may be 2 , or 2 , On the other hand , if the

cube portion itself had been only a fractional 2k 1 , the replication may be eithe r
.5 21

~~
1 or ~~~ The 2k points of the sta r are always duplicated. Origina l

p plans and pa rtial replicate s are selected so as to maintain a Resolution V design

in which no main effect nor two-factor inte raction will be aliased with any other .

S.

Dykstra ’s classification scheme for the partially replicated desi gns is shown

in Table rv -z ] .  The number of data points in the cube and star , the number of

center points distributed to the cube or sta r pa rt s of the design for orthogonal

blocking, the value s of a for o rthogonal blocking, and the total N are given.

Only ’desi gns for five or more factors are included here,

139
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In his paper , Dykstra supplies the equations needed to determine the

distribution of data collection points when larger experimental designs with partial

replications are desired. He discusses which designs might be biased were third-
orde r effec t s not ne gligible; these are the less-than-Resolution - VI designs . He
shows how to calculate the degrees of freedom for the variance associated with the

lack-of-fit  of the second-order model and the degrees of freedom of the error
variance for the partially replicated de signs . These pa rtially re plicated designs ,wher’

compared with the original central-composite designs , will give increased precision
in di rect proportion to the number of experimental runs . Tests can be made for the

he terogeneity of the er ror  variance across the experimental space.

SECOND-ORDER RESPONSE SURFACE DESIGNS
WITH THREE-LEVELS PER FACTOR

Box and Behnken (7) recognized that although there exists an infinite choice

of levels for any quantitative, continuous independent variable , there may be prac-

tical reasons for keepin g the number of levels small. Even the five le vels required
by the central-composite designs may be burdensome in certain applications. They
the refore developed a set of response surface designs based on three-level incom-

-

• plete factorials. -

These designs emphasize economy in data collection (e . g. one replica te of a
12 factor design requires 204 data points), allow the coefficients of a second-
de gree polynomial to be estimated, and provide fo r a test of the lack-of-fit of
the model to the empirical data. Orthogonal blocking is employed whenever pos-
sible . The majority of these designs are formed by combining two-level factorial
or fractional factorial de signs with “incomplete block” designs . Some understand-
ing of how these design s are constructed will aid the reade r who may wish to read
the ori ginal pape r to understand how the data should be analyzed. The information

- ~.‘ supplied here will also be of value in the selection and use of par ticular designs .

~~

‘ Incomplete Block De signs

An incomplete block design is one in which the expe rimental condition s are
assigned to blocks in a way that eliminates the differences in pe rfo rmance that

14 
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I ar ise f rom the effect s of diffe rences between blocks. The numbe r of expe rimental
conditions in a block is less than the total number in the basic design.

U
One type of blocking was discussed in Chapte r III on fractional factorial

designs. These designs might be used , for example , if it were not possible for an
experimente r to run all of the expe rimental condition s for the complete design in

one day. He would use an incomplete block design to assign the conditions to the
two days (blocks) in a way that irrelevant day to day changes in the equipment
would not affect the comparisons of interest. In thi s form of blocking, some

higher-order interaction effects are usually confounded with blocks in order to
keep the main and two-factor interaction effects from being biased by any dif fer-
ences between blocks.

Anothe r type of incomple te block designs (referred to as Balanced Incomplete
Block, or B. I. B. designs) compare the effect of eve ry expe rimental condition with

equal precision. Chapter 11 in Cochran and Cox (16) has an excellent discussion on
these designs. In B. I. B. designs , each block will contain the same number of

experimental conditions , each condition will appear the same number of times in
the complete design , and every experimental condition will occur togethe r within a
block with every other experimental condition an equal number of times. This type

- - - of blocked design is also used with the factorial to construct the three-level ,
second-order response surface designs.

- In certain cases , the number of replica tions required to achieve the balance
described above may become pr ohibitively lar ge. Then designs that do not have a

— 

- complete balance will be used. These are referred to as Pa rtially Balanced —

- I~. - Incomplete Block (P . B. I. B.)  designs . In P. B. I. B. designs where variations between
blocks are large, some pairs of experimental conditions are compa red more pre-

• cisely than others . The simplest of these desi gns are those with only two levels of
-• precision, referred to as f i rs t  and second associate classes. Pairs of experimental

-

- 
I. conditions that are within the same block are called f irst  associated; pairs that are
~ . not within the same blocks are called second associates,

- 55•~~

t~ 
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Construction

The two-level factorial (or fractional factorial) and the Balanced (or  Partially
Balanced) Incomplete Block designs are combined to create the three-level, second-
order response surface design s proposed by Box and Behnken (7) .  For example , —

to develop a four-factor , th ree level response su rf ace design , the following
Balanced In complete Block design for fou r experimental conditions , distributed
two at a time in six blocks , is used.

Experimental Conditions

Xl X2 X3 X4

1 * *
2 * *
3 * *Blocks
4 * *
5 * * —

6 * *

The indicates which experimental condition (X i) is in which block. To make it a
completely balanced design , each experimental condition is replicated three times .

A 2 2 fac torial desi gn ,

X. X.
i .1

-l -l
+1 -1
-1 + 1
+1 +1

5
4

is substituted for each aste risk in the B. I. B. desi gn. Whenever an asterisk

~ : 
does not appear in the B. I. B., then a ze ro is in serted ins tead. In addition , cente r
points (0 , 0 . 0, 0) are also added .

143 -
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The complete design would appea r as:

Variables
7, Z~ Xs 74

1 — 1  —1 0 0
-
~ I —1 0 . 0

—I 1 0 0
1 1 0 0
0 0 — l —1 Bloek I
0 0 1 — 1

.9 0 0 — 1  1
0 0 1 1

9 0 0 0 0
~ ~~~~ ‘i

= U 1 0 0 — 1

— 
—1 0 0 1

1 0 0 1
-‘-‘ 0 — I — I  0 BIock 2

0 1 — I  0
-~ (-4 0 — 1  1 0

~I 1 1 0
‘~~ 18 0 0 0 0

~ 19- 
0 1 0 — I
0 — 1 0 1
0 1 0 1

—1 0 —1 0 BIock 3
1 0 — I  0

—1 0 1 0
1 0 1 0

27 . 0 0 0 0.
which can be sho rtened by combining + and - terms into ± , such that (±1 ±1) 5

implies the four possible combinations of sign s in the ~2 factorial.
/

~*1 ± 1 0 if
0 0 * 1 ± 1  -

0 0 0 0
/

0* 1 *1 0 - 
-

-

— 0 0 0 0

*1 0 * 1  0 
55

* 
- 0 * 1  0 ± 1

0 0 0 0.

Thus the combination of the B. I. B. and factorial designs has created a four-

factor , three-levels (-1 , 0 , +1) per factor, response surface design with a total N
of 27 in three orthogonal blocks of 9 each. The characteristics of three-level
response surface designs requiring fewe r than 300 observations in the basic
desi gn for 5, 6, 7, 9, 10, 11, and 12 variables are listed in Table FV-3 1. The
complete designs , reproduced from Box and Behnken ’s (7) Table 4, are in Appen-
dix IV. It is necessary to refer to the original pape r to learn how to analyze these
designs. Designs for 5, 7 , and 10 factors , based on a Balanced desi gn with

L I
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Table (v-3]. Second Order Response Surface Designs
with Three Levels per Factor

No. of Total No. of Possible No. of Center Type of
Variables N Blocks Points* I. B. Design**

5 46 2 6 BIB

6 54 2 6 PBIB

7 62 2 6 BIB

-
~~ 9 130 5 or 10 10 PBIB

10 170 2 10 PBIB

11 188 1 12 BIB
- 

- 12 204 2 12 PBIB

*Center point s will be distributed equally among the blocks.

**BIB refers to Balanced Incomplete Block designs;
PBI B refers to Partially Balanced Incomplete Block.
When PBIB designs are used, two error terms must
be calculated f o r  the two associate classes.

only one error  term, will be easier to analyze than the others which are based on
Pa rtially Balanced desi gns with two error te rms. As with the central-composite
designs , all of these include the property of rotatability and when thi s conflicts with
the orthogonality of blocking, the latte r is favored. Tests of goodness-of-fi t  are
possible. These desi gns are all of Resolution V , enabling estimates of main and
two -factors inte raction effects to be estimated independently of one another. In

r general , they are more economical than comparable 3~~~’ fractional factorial s. —

The center points are replicated to keep the variance relatively constant within
the l imits of the experimental space (±o) ,  and particula rly between ± 1.

145

—.5- 
~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ ~~~~~~~~~ ____________



r ~~~~i~~T
—r--- ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~

i_

I 
-

T H I R D - O R D ER RESPONS E SURFACE DESIGNS

Although higher-order  effects are usually negligible, there may be times when

th~ existence of third-order effects is suspected. L~~s and Na rasimham (22) pub-~~-( -
.

lished a series of third-order designs for up to 15 factors. For certain of these ,

called ‘ sequential third-order rotata ble designs , it is possible to collect a block

of data that provide s the coefficients of a second-order surface. If the second-

o rder model failed to fit the experimental data , a secon d block of data could be

added to obtain the coefficients for  a th i rd-order  surface. The two blocks are

orthogonal , and in many of the desi gns , the data collection can be broken into

- 
orthogonal sub-blocks, An earlier pape r by Das (21)  supplies some support data -

- for understanding,  constructing, and using these desi gns .

Third-order  response surface designs will not be described in more detail

here  because of a number of features  that make them inherently poor f or most

human factors  engineering re search. These are:

1) The number of levels per factor in som e of these desi gns is quite large.
For example , fifteen levels per factor are used for a f ive-factor  design .

2) The number of observations required for  the complete third-order design

becom e quite la rge for eight or more factors . For example , for  eight
- factors , 480 conditions are needed; for nine factors , 1256 conditions are

needed,

• There may be— circumstances when an experimenter might wish to use these

th i rd-order  designs to study five or six factors . However , before any third-orde r
design is seriously considered for  an investigation of quantitative va riables , the

- experimenter mi ght find it more practical to expend som e prelimina ry effor t  in
p f inding measurement scales that will enable the relationship between performance

and equipment parameters to be expressed by a linea r or quadratic polynom ial .

I.

N O N - S Y M M E T R I C A L  SECOND-ORDER RE SPONSE S U R F A C E  DESIGNS

r There are many situations in which it would not be possible to have the same

numbe r of levels for all factors . The symmetrical desi gns described earlier

required that either three or five levels always be employed for the second-order

r 

_ _  
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f models, Draper and Stoneman (25), however, propose a set of non-symmetricaldesi gns suitable for handling factors at two and three levels or two and four levels .In addition , they make data collection even more economical by tentatively ente r-taining the idea that certain coefficients are not required in the polynomial, Thisallows for the fitting of a polynomial with fewe r terms than the num ber requiredfor the Taylor series expansion (used with the central-composite designs) andresults in a furthe r reduction in the number of experimental condition s requ ired .

For example , suppose an experiment was to be planned containing sevenfactors , four at two levels and three at three levels , A complete factoria l designfor this 2~~3~ case would requi re 432 observations, If , however , it we re tentativelyassum ed that two-level factors (factors 1 through 4) exert only f irst-o rde r effectswhile three-level factors (factors 5, 6 , and 7) exert both first  and second-orde reffects , and the interaction of three-level factors need be represented by only thel inear_b y_ linear com ponent , then the relationship could be represented by thefollowing polynomial:

Y = 
~~ 

+ + p2’~2 + ~~~
3

X
3 

+ + + ~6x6 +

2 2 2+ ~ 55X
5 + ~66 x6 + ~77x7 + + ~57x5x7 +

To fit this polynomial, a design consisting of 32 data points in the basic desi gn anda replication of ei ght additional point s is suggested .

The construction of these desi gns is based on multiple sets of fractional fa c-torials of different magnitudes and degrees of fractionation . The characteristics• of a Resolution V design are met — no f i rs t  or second-order effects of any type areconfounded with one anothe r. In certain design s, if this rule is violated in one part
- 
- - 

of the design , a compensatory effect is introduced in another so that in the finaldesi gn , no violation exists .

As with the central_composite designs , tests of the lack-of-fi t  of the poly-nomial to the collected data can be made, If it is found to be inadequate , additionaldata mus t  be collected to estimate the other coefficients .
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It is beyond the scope of thi s report to describe these design s in more detail.
Draper and Stoneman (25) provide a clear explanation of-how the designs are con-

-: stru cted and what can be done in the even t more data mus t be collected. The under-
standing of the principles of fractional factorials and their applications , described
in thi s report in Chapters III and IV , will enable the reader to understand the

Draper and Stoneman article.

Designs for the 2p3q and 2p4q cases each have been worked out and presented
in detail by Stoneman (46) for  all 45 combinations of p and q when (p + q) run s from
2 to 10 , (p. q ~ 0). Of these , only the 2 149 design , requiring 56 coefficients to be
estimated in the polynomial, exceeds the 300 observation limit set in thi s report.
Thi s requires 324 observations, still a small amount compared to the 524, 288
required for a complete factorial. The next largest design, 2248, requires
only 192 observations in the basic design to estimate 47 coefficients of the poly-

1 9nomial. The largest of the two and three level designs, 2 3 , require s 146
observations in the basic design to estimate 56 coefficients. All othe r designs of
this group require less than 100 observations.

RESPONSE SURFAC E DESIGNS FOR “MESSY” EXPERIMENTAL SPACES

Ordinarily in an experiment in which the investigator can select the factor
levels , it is assumed that the experimental space will be a regular, symmetri-

/al, multivariate space , with any point within the space a candidate data collection

• / point. There are circumstances , however , when practical problems of feasibility,

[ operability, and availability of the system being studied make it necessary to
Li - 5•c~hop, slice , and gouge sections off and out of the experimental space. Also at

- 

- times , there may be specific experimental conditions that , by decree , must be
-
~~ * 

inc luded in the expe rimental design. As a result , it is difficult to supe rimpose
conventional expe rimental design s on such a space effectively.

Kennard and Stone (35) describe an ingenious plan for constructing a response
surface experimental desi gn that considers the constraints mentioned above . No
assumption of the correct model of the response surface is required. The desi gn

- 

- 
points are selected sequ entially in such a way that the mangled space will be

~ 
t-_ 

-
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represented as uniformly as possible by the existing points whenever the
experimenter decides (fo r purposes of economy) to terminate the experiment.

‘5 -~~

Construction

The experimental design is selected from a set of N data collection points in a
multifactor space . Th ese N points are the usable points (referred to as “candidates”)
of a complete factorial plan within the idealized experimental space , i. e. before the
inope rable region s were removed. The actual design points are selected from

- the N candidate points and include any data collection points dete rmined
a priori by authority. Kenna rd and Stone provide the algorithm by which this

- . I “messy” design can be constructed using a computer , although they wa rn that “its
spirit is not that of a cookbook , but that of an assistant, ” (32 , p 148).

To appreciate these designs, it is helpful to learn how they are constructed. Let
us examine some examples provided by Kennard and Stone. A “messy” five
factor space originally characterized by a 34 x 41 factorial is shown in Figure
IV -4 , A]. However, out of the 324 points in the complete factorial, only 216 are
actually available and ope rable. The shaded po rtions in the figure represent the
experimental condition s that cannot be used. The problem is to select a set of

- - experimental design points from the 216 candidate points . The aim is to end up
• with a set of points in the design “uniformly” spread over the available space .

- 
The numbers in the fi gure indicate the point and the order in which they were
selected,

The algo rithm employed to build this design is simple and direct. The steps
-~~ - are as follows :

~ ~~

- 1) First find a point at the boundary of the space , e. g. the lowest value of
every facto r .

2) Next find the point that is the farthest distance* from the f i rs t  point.

0 _ _ _ _ _ _ _ _

• -s~ *Distance is defined as the sum of the differences squared between each value of
• the coordinates of the two points in question. For example , in a three-dimensional

~~ space , the coordinates of two points might be ( -1 , 3, 2) and (2 , 2 , -2),  The dif-
- ! ~~~ • fe rences between them are ( -3 , 1, 4), which when each value is squa red and

-
~ summed is 24.
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Figure (V-4]. “Messy” experimental desi gns
[Ad.pt.d fr om Ksnn .rd m d  Stan. (32)]
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3) F rom among the remaining candidates , find the point that is farthest from
the points already in the design.

The final step is repeated until the experimente r terminates the design process.
When there are ties , the point with the smallest index is arbitrarily selected .
When to stop adding points to the desi gn depends in pa rt on the resources of the
investigator, that is , how economical he must be.

In the second example , what Kennard and Stone refe r to as the “boss option ”
is exercised. In Figure FV-4 , B), the eleven black dots indicate those experimental
condi t ion s tha t were included in the experimenta l design by decree, The numbers
represent the design points selected from the candidate points and the orde r in
which they were selected, according to the previously described algorithm, but
after taking into consideration the already selected eleven points . In thi s case ,
the f irs t  point selected by the computer is actually the twelfth point in the design ,
the one farthest from the already selected eleven points.

Practical Considerations

The more the usable (candidate) space deviates from the symmetrical factorial,
the greater the chance that the “messy” design will be imbalanced with all of the
disadvantages of any nonsynimetrical , nonorthogonal design. To correct for this ,

• the authors suggest an orthonormalizing transformation of the distance calculation s
prior to selecting-the design points; this give s the selected points a more spherical
orientation and a more uniform coverage. (35 , p. 140) .5

Perhaps the most critical limitation against using these design s for truly
- - 

- multifactor human factors experimentation lies in the computer memory necessary
to store the inte rpoint distances, which can strain even the largest computers. To
overcom e this the authors state : “For problems having a very large number of
candidate points , it has been found that a workable procedure is to f irst  calculate
the radiu s for each point , sort the radii , choose radii bands , and then have only
points in these bands as input to the selection procedure. ” (35 , p. 148)

.
~~~~~~~
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CHAPTER VI.

CONCLUSIONS

If human factors engineering experiments are expected to supply the data
needed to accurately predict field performance, then it is imperative to include
within a cohesive set of experiments most of the factors that will have a major
effect on the performance of a particular task. It is no longer realistic to believe
that the result s of a large number of small -- two to five factors -- experiments
can ever be combined quantitatively to form a unified data base. Nor is the excuse
any longer tenable that large experiments are too costly to perform.

The rationale, approach, and designs described in thi s report provide a
practical method of studying a great many factors economically. Basically the
de signs that have been described are not radically different from those that have
been conventionally employed in human fact~~s engineering research, only the
manner in which they are applied and the way the results are interpreted are
changed. But these changes are the decisive factors that enable “economical” and
“multifactor” to be used to describe the same experimental plan. Furthermore
the simplicity of its rationale makes the approach so credible : if data-taking is
avoided until there is some evidence that it is required and if that which is col-
lected is untainted from as many irrelevant effects as possible, the total amount
of effort required to study a great many factors suddenly becomes reasonable.
The situation is further enhanced by the fact that ordinarily, for any specific

- 

-~~~ • situation, only a relatively few of a great many factors have any important effect
on perfo rmance. If an experimenter first obtains a less precise overview of

- - performance patterns within his experimental space as quickly and as cheaply as

- I possible, and if he uses thi s data to identify the important parts of the space, he

-
. can afford to expend the effort to probe more deeply where it really counts.

L
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While the design proposed here may not be suitable for all human factors
- engineering problems, they will be suitable for many, particularly those in which

the factors are quantitative. The approache s proposed for employing the designs
will certainly increase the successful attainment of many research goals over
those that have been employed up to now. The only way to determine the circum-
stances in which these experimental methods will and won’t work is to try them.

—
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APPENDIX I

AN ANALYSIS OF THE METHODO LOGY AND EFFECTIVENESS
OF SOME REPRESENTATIV E HUMAN FAC’IORS EXPERIMENTS*

The journa l, HU MAN FACTORS, it informs its contributors, “publishes
original articles which increase and diffuse the knowledge of man in relation to
machine and environmental factors in all their ramifications, pure and applied. ”
An analysis was made of one hundred and forty-one article s published in this
journal from Volume 1, No . 1, Septembe r 1958 through Volume 14, No. 3,
June 1972 in which formal experiments were described and the results presented

in some summary statistical tables. Thirty-four analyses of variance in 23 of
the articles were excluded from the final analysis because they fell into one of
the following categories:

. A partial analysis of a more complete analysis. (n 8)

. A reprint of an analysis from a study not described in
the article. (11 3)

• A stud y of a single fac tor at two levels. (n = 4)
• N) data (n = 7), incomplete data (n = 9), ’ or incorrect

data. (n = 2) —

• CM square analysis. (n = 1)

As a result of these exclusions, the data in this report is based on the test of
the 118 articles and the 239 analyses of variance tables in these articles.
Although the data for several analysis of variance table s may have been col-

-, lected at the same time, either the independent variables or the performance
• 

- measure changed. The refore, since this paper is not concerned with content,
each analysis of variance is treated as if it is the results of a different
expe riment, which it is.

k~
-

55. * . . . . .While a great deal of the information supplied by this analysis appears in this
present pape r as support for the principles of economical multifacto r design s,
a complete report of these results, along with additional data to be collected
for a follow-on contract, will be published next year.
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Is this sample representative?

There are a great many human factors experiments produced yearly in
industry and gove rnment laboratories that are never published in the jou rnal.
Many of these have a security classification which limit their accessability. How
representa tive, therefore, is the group of experiments covered in this report?
While there is no way to accurately answer this que stion, some observations can
be made which suggest that in general those papers published in HUMAN FACTQ~.S
and those published as company reports and gove rnment documents will not differ

materially insofa r as their experimental methodologies are concerned. For one

thing, the human factors community is relatively small, probably composed of

fewer than 2000 people of whom less than one-fourth do anything tha t might be
remotely con sidered to be research. For another, members of the Human
Factors Society who publish in the jo urnal as well as those on its editorial staff
a re among those doing research in industrial and the gove rnment laboratories.

Which organizations conducted and funded the research?

Eight type s of organizations could be readily identified. These were:

Army

4 Consulting —
- - Air Force

• Government (non-military)
Industry
Navy
University
Other (e. g. private research organizations) -

Over 34 percent of the work was done in industry, 28 pe rcent in universities,
and 20 percent in consulting companie s which supported approximately 64, 36,
and 31 percent of their own work respectively. The remaining support came

from the gove rnment agencies - - with military agencies as a group funding
approximately twice as much as non-military agencies. Of these publications,
the Army published more in-house research in this journa l than either of the
other two military organizations.
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THE DATA BASE

-~ -
~~ The basic data extracted from the articles includes characteristics of their

experimental designs and certain data collection procedures. 1w addition, each
analysis of variance table was reanalyzed to determine the proportion of to tal
variance within the experiment attributable to each identifiable source of variance.

The limited usefulness of tests of statistical significance has received
increased recognition in recent years (3)(4)(37)(4l). A result may be statistically
significant if the sample is large enough. As a result, many effects found to be
reliable are also found to be trivial when the proportion of variance it accounts
for in the experiment is measured. This measure is referred to as eta squared.

Eta squared is calculated by dividing the sum of square s for the particular
source of variance in question by the total sum of squares. The proportion is
a descriptive index of the strength of the relationship between a source of variance -
and performance and is meaningful only within that particular sample. Anothe r
measure, omega squared is an inferential measure of how much of an effect a
factor would have in the population based on the experimental results. It
modifie s the estimate on the basis of the error variance and the number of
degrees of freedom involved. There are several forms of omega squared
depending on the experimental design employed as well as certain statistical
assumption s made in developing the equation (50).

For our purposes, howeve r , eta squared is cons idered to be the more
appropri ate statistic to use in this analysis because:

1. It provides a direct measure of the quality of the data in
the individual experiment and needs to make no assumptions
about a hypothetical population. This is not the case with
the various inferential measurements (50).

2. Since it uses no error  term, a decision need not be made
as to what should be used to estimate “error ”, Nor is it
necessary to recalculate the values used in the published
data, if the experimenter failed to use the -more technically
correct error term.

3. It provides the most optimistic estimate of the contribution
of each source of variance.

4. Th, measure is simple, intuitively understandable, and
familiar . Its square root is a correlation between a
source (variable ) and performance. With a 1 d. f. variable ,
d is a Pearson product moment correlation. With more

- 
- I d ( . ,  it is a correlation ratio, or eta .
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There is an unknown quantity which eta squared cannot supply, and that is how

much of the real world is represented by the experiment. While the equipmental

factors may only account for 25% of the total performance variance within a

poorly-conducted human factors engineering experiment or 90% of the total

performance variance within a well-conducted experiment, if the number of

factors included in the laboratory experiment are either so few or so unimportant

that they represent only 30% of the performance variance found when the task is

measured in the real world, then in fact, any observed proportion of variance

explained within the experiment will probably be considerably less than that

found in the field until better methods of selecting and studying more factors in

the labo ratory ar e employed.

THE DATA STRUCTURE

Sources of performance variability in human factors engineering expe riments

can be segregated into three primary classes:

1) Those associated with physical parameters of the equipment, system
- 

1 and environment, referred to as Equipment Variables. (E)

2) Those associated with people -- the subjects. (S)

3) Those associated with temporal changes from trial to trial. (T)

Since this report is not concerned with the content of the experiments, these

sources of variance in the analyses of variance tables were reclassified into the

above classes and their interactions.

Two other categorie s were employed in the analysis for sources of variance

* not included in the above classes. In a few instance s, the experimenter included

- 

- “Order ” as a methodological variable in which the order of presenting experi-

mental conditions was included as an exper imental va riable and the effec t isola ted

in the analysis. In some experiments, the experimenter did not partition certain

interaction effects , but provided some pooled estimate of several such sources

of variance. A “pooled” category has been introduced to handle these cases.

The 239 analyses of variance were often examined in subgroups defined by

the number of equipment factors in each group. There were seven such groups

_ _ _ _ _ _ _ _ _ _  
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- - involving zero, one, two, three, four , five, and seven equipment factors.
Since there were only two experiment s with no equipment factors and only one

with seven, these were sometimes not included in an anlysis; that is, some

analyses were based on only 236 experiments. With only four five-factor experi-
ments, these too were occasionally omitted from an analysis and subsequent

- discussion, when there was insufficient data for the purposes of the particular

- 
analysis.

• 
- 

There are a number of ways in which th is data can be organized. For
example, the studies might have been grouped by the number of any kind of

- - 
1 factor - - equipment, subject, or temporal - - in the experiment rather than only

by the number of equipment factors . While these different groupings do result
- • in different values for particular groups (particularly the one factor group), as

the information is used for this r eport, the differences between the two analyses
are not relevant.

“Unexplained ” Variances. Throug hout the discussion of this analysis,
reference will be made to the proportion of data accounted for by the experiment

and the proportion not accounted for , or “unexplained” . The term “unexplained”
has a particular meaning that should be understood in the context in which it is
used. Here, “unexplained” refers to the interactions between subject s and trials

- and between subjects and/or trials and equipment factors when subjects and trials

were treated as replications in the experiment. This is rather conservative
definition of the term, since it does not include subject and trial main effects, nor
orde r of presentation effects , when actually their presenc e in any magnitude

- reflects a failure on the part of the experimenter to control these unwanted

:.~ sources of var iance. To this extent, “unexplained” as used here is somewhat

* 
synonymous with “irrelevant” or “unwanted” sources of variance, not planned

-
- for by the experimenter.

;- ~.

•5 - -
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4 APPENDDC II
‘ - . 5.

FRACTIONAL FACTORIA L DESIGNS AT TWO LEVELS*

Plan 2.58. 1/2 replicstk~t of 5 facto r. Plan 2.6.16. 1/2 rcplieation of 6 factor . in 2 blocks
of 16 unit, each.

Factors: 4 H, C, D, E. Factor.: 4 Ii, C, D, E, F~
I—AJ1 (DE. I =ABCDEF .

Block confounding : ~~~* Block confounding : AJSF.
Block Blocks

1 2
• (I) .6 a be (1) .ô~ a ce ac b~ I.e a,

abed ad bd ad abed d. ed .6.1. 6.1 cede ad bob
de cod. ad. ted. beef ~~ .eef tj nbe/ ef ci
abc. co be cc odef bedf beef ocd/ def .bdf akd.f .1/

Plan 2.7.16. 1/2 replication of 7 factors in 4 blocks or 16 units cad,.

F~eio rs. . I , B, C, I) , E . P. G.

I—~1II ( VEFO.
Block co,ifou ndi iig: ABFO, ~l (F  B~~~

— I Blocks

1 2 3 5-

(1) abc, oh e~ ac 6. be a
sbcd do cd 06.1. 6.1 acde ad bcde
bc~/ of ocef 6/ abef cf of abel
ode/ bcd( bde i si-ill i-del aW/ abedel 4/
cd/p abdej,~ obcdf ~ defy ad/p bed c/p bdfp ocd c/p
oh/p re/p /p abcef1i & ‘c/,~ ac/p ac/p bef,,
b4ep ai-d~ ad..p 

~~~~~ ab,-dry dg edep abdp
oceg by beep sq eg obeg obeg cy

- 5 
- Plan 4.8.16. 1/4 rep lic atio n of 8 fact or. in 4 l,lov ks of Ili units i~aeli.

.5 

Factor.: 4B , ( D , J ’.~~~ C, J1.

I= AB(’EG~.AIlDFIb = ( DE Pall .

- 
- - 

Block confoundi,,g: ACD, BE! , AB(VEF .

Blocks
_ 4, 

.~ I 2 3 4
~~~ (1) .-ilph We/ li bee/p acth-jpt cef shi p ol,lh

.Oc/ph .6.1/ aidep aol, tide beeph f h  .4/p
- • - -.~~ b.d.p 6.1, c/ph di 06/h abed/p ad. acegh

:- ad.!!, ace/p ab abed p h i-p dli bade/p h bef
~~~~~ 

‘ ‘- c/p h del tudp bet a,—.) ,pt 06cr/h aodefp
- 

~
- abc. obdep l. ad/h ~ fp 6.1/p h be! ep edek

bad/I. b/p co dep t ob.p abdM ad/ph .i-f
dp an abe/pt abedef ce/h, dc/p bed bph

•Adapt.d from National Bureau of Standards (46)
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Plan I.O.U. 1/4 replication of 9 factor. in 13 blocks of 10 units each.

Factor.: ii , Ii , C, U, E, F, (1, II , J .
I = 4lS( ’ECJ =AISI) FII J = ( ‘DEbGll.

Block eo..fo.,nding: elI IAJ, JIEPJ, AIW’l)l?b’~ BC,!, 1IISD, ( ‘F? , A l) KFJ .

Blocks

I 2 3 4 5 0 7 5
( I )  Wi-/h ni-dc/ph abep cii) 6cr/h) ni/p h) abdpj
nbc/ph acilep bile / h alaS/p h) .u ’pf tic.) cd/ hf

- bed. p c/p h nh/h ode hip) d/p hj .,bc.l/I,, ace)
nile/h ab ep b-cu e/ph ace/li) nbcilj up )  6./ph)
b.Shj rJ’j  nbee/p) ac.hg l.) 6.5. c.li-/ iabih.-/p apt
acd/p) a6eep hj  eh) bit/f a/p obdep h cdi-!. bef
crp hj  hcdfgj nd/f abet) dept b/p ac/ nbc,brh

- abe/f adb) bed p h) cc/pj abcde/ ach Opt.
- b.ii-/pf ph) abel,) sole/f bce/p cdpl. abdh n.j

neilehj  ak/f /gj bu rg h an at.!! cd/p kiph
- i-h bed eh) adep t) nb/pj .1/ hi-h sri-ph. abed/p

- 
abphj ad./p) bc.k/j ehj nlicdph neil p b-if dh

—~ u-/pt bdp neil - -ski/h c.iefphj bc~ a) abd./ hf
sb-ce neil/h be/p h i-p abdr) n/ hf be/p h) i-u i-p1
Oct/h cc abcg ad/g h b/h) di-) iibe,lrpj  ac/ph)
uidp abe/p h ccf 1, bed aCQJ ate.lefghf ib.-f l,f bj

Plan 4.10.11. 1/4 replication of 10 factors in 16 blocks of 16 units each.

Factors: A, B, C, D, E, F, 0, II, J, K.
I—ABCDEFQ=ABCDHJK=EF OHJK

- Block confounding: ADEFOK, AFGJ, DEJK, BEFH , ABDWIK , ABEGHJ, BDFHJK , HJK ,
ADEFOHJ, AFOJIK, DEN, REFJK, ABDOJ, ABEOK, BDF .

• 

1 3 3 

Blocks 

6 8
• (1) .6.1/k a.1i~k b-edit abe9)k de/pj beef aodek

abe/Ak deli beephj acde/p t.j k f p hj  abd phJ k acAk bed/li
bee/li) .cdeA/k abopAk dc/p h ar/pAt b-cd p h bj 064/Aft
ae~k 6.4/) /p aodgk bteg aide/p t ak/ft do)
bc/p cad ph .6/ 6 dfj ace/f t b-edo) ep ~b-def,0
aaigAk bade/ph c/A) abdeAjk 6.6/ ad/A/k ab/p Ak dpA

- - - - eplij  abde/phj h ace/Ak bidet abhk dfh bc/ph) acdphj k
.bfpJk 49) be aid/k e/ abdab acepj h b-cdeJ9) —

— ado/ft abc.J ado, be/p t abed/p cpA bdJ t c/i
abeihj c/ lilt bd/p kt mph edegkk aba/p t .d.J kj boA/k

— - OdhO abed/ph) .4.10 udep hj bofp hj k ide/ lit abc.!,
ade/ bet edepjt abe./pj 6.1/ph/k .9) abed c/k
bd.pJk ac/it abide/ cot ad b/k .4/9)0 abepj
ad/phi b,liJk .dAt abc/li b-dc/l it seA cbidoplij or! phjk
ed/p U abqk adkj b/h/k abed .J hJ e.hj k Odep lik ac/p h
.Oci.p cc/p t bde/j k a.) edj k abc/j ad/p bpk

9 10 11 12 13 14 15 16

- 
,
~ 

- fp hk abd pt. .dll 6.41k/k abc/hI d.Aj k bao,lik aede/ph
atop d./p O bee//h aidoj J O .64/) ac/p

-
,  b.qjh aadc/9) .64 dat a. bed/k f , J t  .64,1

ac/ph) bcdphj k hO aid/li b.c/lit aad.h .b.pAJ 4,1,01*
- 

r- - ‘ belt aid/k .6/ph) iI,0Jt .ap!.J bcd4pliJt ,1lih abel,
- r - ..o/ b-ideA o~ k abde/pj 049)0 adpJ .0 4/k

ar/ft aid.-J seep bcd.fpk sb/p dpk bajA ad/f

~~ 
.,. etA) 4/ li J O bcfplik cedsA opt-k .64./ph ac4AJ bed.t.Jt

idoph) ab.e/phj k Ide/At bat .bidhh c/ li 64/ph) ap t/k
- 

~~
.. .0.4/9)0 c,1 64 40 .44 abash .d.,1t b4,J

64/p apI abed/k 4) ode/jO to) edo, .6.4,0
~ ~~- adopOk bc/ph ide/k) .be.hj k MA) c/hit. said/plO cpA

6401 a.AJk ab.d.plh ac/ph .4/plO Oph idA) .64k/k
- .4)0 id/p .0.9k bdq ac/gO abide/J O ..J

- 

~ ad abc/k .4/pjk 6,1 akd.pjO .4,1 644 o.k
- abide/SO oil IdiphJ a4pb4k .4/ph) .iqAJl adliA b/h
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Plaa 11.11.11. 1/16 replicat ion of II factors in 8 l,locks of 10 mit. ,‘a,I..

Factors: A , B, I’, D, E, F, 0, II, J. K, L.

I =ARCAJK=ABEFJL= CDEFKL=.BCI~VJKL=4DJ, ~VL=ACF0K= III) FOJ =ABC!) bJriul
=EFG7JJK=.e oIJJL~~AB0HKL~.ADflIJKL.. RCHIL=JfDEIIK.-ACEIIJ.

Block confounding: DEFY?, DeFY), BCDE, .-I(’EF, 1U’I) G, .lIIEti, ~1IiI)F.__-u5~~~~ Blocks

1 2 3 4 5 6 7 8
(1) abed beep abe/ adep cde/ ar/p b-ut/p
abide/ph c/ph ad/h ralp h be/h sb-ph b-del. ni-rh
dc/p/i alice/p/ i b-cd/fl abdpjl of / i i-p/i s i-deft be)!
abi-hjl dAft au-ph) I re/h/ i brdrphj i nbdi-/A/S b-f ph)t acd(p hj i
ni-u-f/ k b-dr/f A ah/pj k bcjk rd/u k ad/ k up / h nb-u-ui
64 ph / k ni-p h/k r4cA)k ode/p h/k abet/k beef phj k uibu ’dfhf A IA/ k
arilpkl b-gOt a,t.d i-Al bide/gAl cr61 i.e/ph i .1(61 ak/hi
be/hAt ni-dr/ hAl c/gAOl nAki abdfg hkl bud hAt nun -phI l .‘lrp hkt
slid/f u-/f b-h) air) cr41,) ii ticrj b-nip) np/
eu-ph) u,bdcghj  ar de/pj sb-cf phj be/gj 4/pt) ni-/h.) hi-dr/hf
abepi i-dep t Ode/p hi f gl  ni-eig ht abed/p t b-i-u-/I adult
cd/ Al sb/hi 

- 
or! abed cAl 641 u-hI ad p At b-i-phi

bcaf rk aek sbr ef hk aid/k dr/Ak b/A slide/pb - i-i-/p h
a/ghk bcd/ghk dgk kp h& abegk acdrghk i- Ak ,iS4AL- -

befp j kl ad/p /Al abi-dphjki uurgjk i pt./ ki bdepjki nb-/Al ciljAl -

adehj ki beet.) Al c/jOt 64/h/Al nb-u-ala-/fl -i uwfhjf ri u-uk/p h/ Al ,uhuiphjkl

P*aa 11.12.18. 1/16 replication of 12 factors in 16 blocks of 16 units each.

Factors: A, B, C, D, E, F, 0, II, J, K, L, M.
I =ABCDJK =ABEFJL= CDEFKL=BCEQJJ (LM=ADE GLM = AC? ‘0KM r JIDFCJ.1I

~~ABCDEFGH =EFGHJK ’ CDOIIJL =ABOHKL=ADFUJKLM= B( ‘f lILM =Bl) EllK.~f
=ACEHJM. 

-

Block confounding: DEFG, BCFG, BCDE, ACEF, ACDO, ABEG, ABDF, AIICDE?VIIJKL,
— ABCHJKL, ADEHJKL, AFGIIJKL, BDOIIJKL, BEFHJKL, ( ‘DFHJKL, ( ‘EGJIJKL .

Blocks
1 2 3 4 6 6 7 8

(1) sbd/j abe/ di-) beep b-hf ar/p rhk -

abede/pli r-rpt/ idph ak/ph) ad/h arde/gj tide!. nhdr/gk
ace//k bidet bc/k aid/k ab/pjt ski-/hA op/k or/h)
04 ph/ k a/ptA ode/ph/k b-u-p tA cdrh/t dpk nb-cd/h/k bidpj
bide/ tm aceflm oral/jim brim dpji m rdehim ob-de/pji m b-drAft!,..
a/phjim 64 pAls. bep hf Ia. sdefph ia. sb-i-c/h/ku. oh/p ta. nh/ t a. ac/gj kim
sOd/kim j tla. detinu nbc//kim si-dr/phi... ad//kim bedp kia. abed/him
eephkir.. sb-rde/phjklm akfphkh.u rdpi,jk ia. b-hAt.., b-rep/kim se/ tWa. i-pta.
dc/p/i sb-opt alit! /pi bid/fl au-i 4/ti b-rift
•bc!uj l i-diAl b-ede/pki sb-ideAl aep h/ i b-dr/phi abcephkl oil p hI
sedptl bi-/p/ki ee/hjl si-u-p / tI ab-dcki c//ti side/i 56) 61
be/lit! adehj ti sb-dp/ l 6.1/h/ ti n/pAt! abed phjki bfpi .j i ide/ph) 61
be/ps. srdpJ .u. abedu-h/km bide/p / a. c/ a. sb-deja. bce/j ka. d//a.
edit.... be/A) a. /gjks. oh/a. akip hm c/p h/a. odgh/ ka. abr~pAja.

- 
- atop/ ta. 4./pta. bd/hm ab-dpkm sr/ha. bid/km sb-ru . .du-km

ad) lii 0... abc#kss orepa. ce/Atm bde/p tj ka. seplika. i-dc/ph ... b/p tta.

- I 
-
- 9 10 11 12 13 4 15 16

~ 
-i ,-., 

- abed 4/ cde/ b-/k odep ae dA/ b- dfp sit
c/pA abdeghj abgh adep hk k/h b-r/p~ ace!. bcde/h/
64./It aok sd/k ~broj id/p/k dr/Ak ab-ed..pjk ce/pt
si-p h/ k b-cd/phi bee/ph/k d/pA/ - sb-oh ft - 

sb-u-gA /h/k sb-dAt
ac)im Od.fla. b/jim edef/tia. abe p/tm nb-cAlm re/gjla. abedepla.
iied/pAJ ta. si-gAla. acdephji... Obgh/ Al s. dc/A/la. id/p t a. aMA/ia. /hia.

— 
c/kim abed/tim obrekim sdia. b-cf pkia. k/h/Wa. aptia. 64/p/ Wa.

-, 
— .

- abdep hkl,u. e/phjtim d/ghki,., bc.’/phia. ardhtta. odepjktm bcd. ’fhkIa. arch/ Wa.
Op Al edcp l rgji eAt a//I WI be/ i adrft

~~~ 
au-dr/Ui .6/Al .64./All obcd/pi bedephf I ore/pAl oealjphj i 6.4.1

- ru, maci/p/i .d/9)kl ac/pt! sc/A/ ti ret! abide/f Al abe/k! udjt!
- - 

-; 41/i booAJtl 0.41*1 b-depjkl abuS/phtl pA J W du-p tti abe/ph/Al
id.p)k. 64* 64.,. bedhJs. abcd./a. ce/ a. air.. .br/j .
.1/S/ba aide/S/a. ac/ti. me/p/ui ph. .bd/pAJm ab.fp la. depAja.
.4/p. aOo./p tu. abed/p/km .04./lit. 64/A. i/k... ada//k. bet...
Ia~. 410. oh/ ta. egO. .e./phJka. bad.phka. bep&J tm aed/phha.
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Pisa $4 13.11. 1/*14 replics t ioa, of i:t fs,-io,,. in S blocks of 16 wilt. ,‘seIi.

Factor.: it , Ii, I ’. I .t, I~ F . 0. II, .1, K, L, U,.V.
1: 4irnIe aa for Flit. 04.1:15.

Block coufomiding : All, .11’, 111 ‘, AII ( ‘F.V, ( ‘FX . llb?ti’, 1lF.V.

Block.. only : All two— f ictor i,iterailion.. ire’ niu aueui-ol.h. ezcrpl Alt, . U’, .11!, Ill ’, Ill) , lii , (III, (U,
(1K, IIJ , Il K, JK.

lb-locks

I 2 3 4 !~ ii 7 $

( I )  phjk u-/ui- u-dip/i cdu-p ki aep Ai ace /p t) Li aul/ hf au rAl
ebbS. ep)!a.
aOcdf hjir.. abed/p its.
akd./j k aAcdr/gi.
u-/p / i.. u-/hAl..
/p hjk iui. Ia..
akd,pAa... .bcdej ka...
abed p 1-Is aOoIAji,.

PIsa $4 14.11. 1/64 replicat ion of 14 factors in 16 block, of 10 units each.
Factor.; A, 1t, C, D, E, F.0, lj , J , K, L, M, N, o,

I: Seine as for Plan 64.14.8,

Block confounding: ABEl), lICK, ACEKO, 48CM, CEMO, 4KM , BEKMO, eICLO , lt*”EL, AI1KLO,
EKL, BLMO, AELM, CKLMO, ARCEKLM.

Blocks only: All Iwo-factor interactions are measurable i-ri-u- p1 (‘P.! and JO.
Bloi’k..

I 2 3 4 5 6 7 8 9
( I )  .0/hOt cefj ka. / ms cd/ft .. ph/k cdph, /ph/tm.. ed/p t.. abcdcphmi.
odhkis.,. abed/a...
ace/p t. be.phln
ad,/pWu. 6d.p ka. 10 II 12 18 14 15 It.— - 

- 
b/p/ti.. apt/a.. abq&jks abide/p h sbcfphjka. abed.’ ft wiii abe.. abcd,/j k abe/a.
ba4/ph ~s. acd9) tl...o

• abc.fl,u,ruo cc/h) ka.so
abdMjk. do//is

P1.. 128.15.16. 1/128 replication of 15 factor. in 18 blocks of 16 units each.
Factor. : A, B, C, D, E, F, 0, H , J , K, 4M , N, O, p ,

I: Same as for Plan 128.15.8.
Block confounding: ABD, ACF, BCDF, ABCE, CDE, BEF, ADEF, FJ , ABDFJ , ACJ, 130W,

0 
- 

A.BCEFJ , CDEF.1 , BFJ, ADFJ. -

Blocks only: All two-factor interaction. ezeepl EL and FJ are measurable.

Blocks
I.

5i• _ 1 2 3 4 St S 7 8 9‘ ( I )  a.dpAh aadpj i abchia. Ode/ta. r.,likla.I .dehjk a. .0.9k Ocd.hj i dphsp
ac/S/ti... ada/p/li...
.40/i., ai/9)ki.g
ccdka.asp pha....p 10 11 12 1* 14 15 IS
6.4/p/a.. .0/lilt.. aej kb.p ab.dpIm..p bJ a.sp cd.hi..p au-ph/u...p aid.lik.p. k.p h/hMp
bd.pbtM. .bat...
abacpAla.~ bekl.p
.0/p/h.p 6.4/S/sp

• .: - - Othar conditions Ut ths blocks an be eseetsd by multip lying the tingle condition given Ina , usch block by the condition. In Block 1 accordIng to the rules tot multiplication a*ppllsd

- - 
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Plan 64.13.8. 1/64 nltIi.iit ~~~it of i:t fictois lit lu bI~wk.. of 14 .tiiits ,‘su:li,
Factor.: it, B, (‘, 1), l~, ? (I, II, J, K, L, Al, jy’,
f a,,Alj( ’f l ~ .lllKb ’LA ’~~(’lTh’F’LN ~ - .111(1111. - (‘lD(iJ/,-- bI”(IlIN-=illi(’l)EI”OlfN~ 4lLJKL

— I lUKL~ kF~JKN - - Aill ‘I) Et ~JKN -~ (1l l,JK = ’1111t’ ‘I) Gl lJK-= .Il1A~b’O/ I./Kj N=Cf)E~’OflJKLN
. ~

( ‘KOJL. ’ - ltl) ltW.l/.’- I1(’t (
~JN~—AliFw,m’~ Iu’lclI.l ~~1ll E;,J~~-t ’F’lJJLN flJ,p’jJJ~p.j

—• I II ‘tYIK=.-ll 1KOK--- A’ ‘b ’(ll. ’I.4V -
~ lSl) 1 ”llKi’.N~—1l ( ‘l~’llKI ~= ltI)!~’lIKL.-~ lS4”b’!1KN’~— Al)Pl!KN

~ - 1IlJL.lI.V.~’ lS( ‘1..%l~V .- lfll/t ’F•%I~’,-l( ‘EF.i l.-- ItlX1ll.tlt ’.’_= A l ‘G!IMN ~~~l DEF’OllLAl
~= IU’ahFCIIL.%l_ ISIIJK.iIN - 1l(JKAl,V 1ll)KbjK!.~%I lI(’l~.’l”JKLAfa~AJ)(1JJJKLMN
a,- IUYIIIJKLIIN ltI)h~F’(JII.lK.1l-- - ~l( ‘KF’OIIJK.ll-- I ‘l)ECJ~llN ail lIlt1i.lAfN~.4JiCD?’ WLM
= F GJL3I =.-IIY ’l) E!IJL. I IN — RI!, lI ..%IX ~ I ‘l~l”Jj,J.i(_ ~lIibll,IAl = .4H( ’llECKLMN
— KOKL.%IN= (‘I)F’GKAl~— .lBF(;K.tt- I ‘/)E!llt’i IN= .-llIb.’IIK.IIN-= .1111 ‘!)I”JlKLM
— H1KL~ll.

Plan 64.14.8. I/Gd rel)lie’nI-ion or 14 fiu’tors in :12 hkwks of S .11,115 Cfl (?II.

— l”iii’tors: il , Ii , 1’, 1) , .n:, ~ (;, It , J , K, L, iLl, N, 0.
I~’i lJff ’I) ( ) =~I1ff i’F’LNU.- ( ‘l) l ~blR~-= i1IS (II lL() ~- ( ‘I) OI lL~ l~’F’QllNu ~.A1K’l)R?Wl1NO~~A1UKL

=( ‘I) ,JKL0 =I ~b,J KNO .. I/U l) R?JKN - (1!IJKO - A/U i) llhl,JK =AJIEF’ QlIJKLN
=(‘I)kl’(1lIJKJ.,JW).-~.I( ‘I”(LlJJ) -- J S1) I ~’G.Jf. — Il( ‘!‘YIJN- 1ll)b(UN0~—lI(’I’.’IlJ--- ,I! )l~.’ltJO
.“:l ( ‘I ”IlJLNOa,. 1SI) PlI,Il..V III ‘I~.VJKO- - , lllb.’(j Kr it ( ’l ’Y.~KLN~. ’1ll) F’OKf aNO A( ’KlIKL
~J SDh7IKJ. () a11( ’F IIK.W) . l l) F l I I t ? ’e’~ .l 1) 1..%(f4/~r aJ t( ’L, ll,W) IIl) ! AlOu ’-i- I t ( ’I!.’FAf

=Jl l)QI lMN0 ~~~~~uV!l3I.V . llmFWIlL,t F - /U ‘I~F ’C!l1JIf 0- J i l) J KAIN= APJKMNO
=~lDEFJ KLAf 0 — J I ( ‘KF IIU..ll- l l)( JI l.IKLMN() - - I1 (Y?IIJKLMN~-~lil) I~’bWl1,IKA(
=ai1Pl ~.’b’GllJ K.%!4 ’).- I ‘!) l ~( ,I.llN0=~lltl~.’(L1.if N- -A 1t( ’J) F (AJ Lit f ~ F’ GJLMO 1III( ’l) E1IJLMN
a.. !tl IJ LAIN O= ( ‘lf l ”f l.J.l f O — . llSF’Il.J .l !~ . IJ l ( ’J) KGlCJ ,~lf NO =EOICLMN= Cl) b’GKAf
~ AIlb’OK.%l0-~( ‘lthlI K.1lN~-- . I I1l~I !KM.V0~~A1U ’DI”UKLAf 0= PI IK L . if ,

Plan 128.15.8. I / 12$ reidi.’. Iii. ,. iii I !~ fneItine in :12 I,In.’ks of S ,iuits ,‘,iek.

Factors: it. B, (‘~ 1) , /~, F’, (1, II , J ,  It’, j, ~tl , .V, I) , I ’

J =~AJtEQN~ ,t( ‘I ~’1”N!’- II I ‘F’GI’ —~- I) l ’.i ’iI() - A1llIF ~V0s— ,t( ’!I (JNO! ’..’ lS( I) I ’.~’0l’ ’A1) tIKO
~~1ID EGllKNo.- I ‘I )E/”lI K.VOl’-- -  .-I I li’ ‘I) I ’ilhlkOI’ -a itEI ”(J llKr-a l l l ”J IKN = (YJIJ KNP
a’~illl( ’El1KI ~~ III ‘IIJf % ’OI ’- .41 ‘E (JIJ .lQI ’ AIl / ~b ’II,/O aa J ’Vj IJj N0~s /j( ’I) /j ~ ’(J Jf JNP ~~f lCDFHJ P
=4IIl.I Gl l .J .L) I t7l JX =- 1Ill4 ’l~.!KNl’ ~~( ‘I) b.YJJ KJ ’= llL) I ~b~JK—AA) FG JKN =AlJ CEI i’OJKNO P
... CF JKOI ’= JK O 1I.~JKN0~~1I I SKL O P.  1~ GIt’LN0P — IU?EF KLNO=ACF OKLO
=41tl) EF’0KLI ’=_ lf l ”KLN1 ’~ IS ( ’l) (I KLN = Al ‘lIl ~KL~ It1HltJ ’~~ tp b;a llLNp =4lI(,DE?’HLN
=CI) F’OII L = 1S1~’F (JiI!A) l ’ -~ APllLNOl ”~AIU ’GlILN0=( ’It’IlL0.~ACIJJKLN =a J SCEGJf JKL

- - 
— Kb’! 1JKLI ’=aA lii’ V l I J KLN l ’ -~ - iU ‘IIKF’ Ql IJ KI~N0-~ Ill ‘!) l ’f lJ KLO =I)( IIIJ KLOt ’• —A8f) KI1JKLNOI ’= (- ‘I) JLN0=4l1Cl)K(UL 1llth ’PJLOl’-~lIllFGJLNOJ ’ (,EbYJj LN
~ ABCFJL -. AOJLP.= !IKJLNI’.’-’ ( ‘l) GI IJ A 10= 4/U ‘!)XIIJAlNO .=ADl~b ’GI1JMNOP

1IDf l lJ if OP~~CM’HJMs. ’i1lSCb’GllJMN ’s.4lJJMNl ’.a. J SEOJ F J MJ ’=a4(jGJKM ~.fj Cff.JJ (?.fN
- 

- 
—EFG JKMNI ’—411FJK.t l!’=AUI) K?~JKMO=J uvb’aJKMNo= l) JKMNOI ’ =ABDEGJKMOP
~ BDGMNP a.a ADEMP =iIil( ’DEFOAf , = Cl) FMN-,. lIEFMNOl ’=AFOMOP .~ARCMO
~ CEGMNO=A1IOi!KMNO1 ’= EIIKMOP =- !1UEF OIJKMO =ACFIIKMNO=A!JDEFHKMNP
—DFCI !KMP = !SCDHKM = ACl) EOIlKIf N...AlS( ’l)( lllJ KLM1 ’~,,i ’DEIJJ KLA,NJ ’
.a.BDEFOIIJKLMN= ADP JJJKL M~=AltCKF’llJKLMOl C I’GUJKLMNoI’= !IHJKLMNO

~
p. 

‘ AEC1IJKLMO~ J U QJ L f OI~~ACb2LAf NOp.a.f lhf Eb’ QJLMNO= f r’JLMO.-IICDEFJLMP
• —4CDFUJLMNP =AIIDJLMN= l) E6JLAf~~ADOKLMNo,.~ B1)EKLMO a’. (JDEFGKLMOP

- r - —ABCDFKLMNO!’=~lEF KLAf N= J3FO KLM =CKMf /’~~ 4J,CEOKLMNp...QjjLMN
AB 1LMa..ACEF’G1ILMP. DCFIILMN ~ a..DEF’11LMNO. ’..ABD ?QliLMO ACDHUJOP

- I —BCDEGHLMNOP.
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APPENDIX III

PLACKETT AND BURMA N ]iESIGNS

Designs for L = 2 (i.e., two levels per factor). The first row of any
design is shown opposite N, the number of experimental conditions (divisible
by four) that are equal to or greater than the number of factors to be studied.
Plus and minus signs represent (as In other factorial designs) the high and low
levels respectively of a factor. A complete design is generated from the row
of signs by shifting It cyclically one place for’N-Z more times. This will create
N-i rows Including the first one If each time a shift is made the new row of
signs is listed below the previous one. A final column of all minus signs is
added to make a total of N-i columns. For example, if N = 4, and the row
were + - +, then the complete matrix would be

+ - +  -

- + +  -

+ +.  -

The rows represent the factors and the columns represent the experimental
conditions. The signs show which level for each factor is used to make up the
particular experimental condition. If there are fewer than N-i  factors, only

• the appropriate number of rows are used and the rest dropped. All columns will
continue to be used, allowing for extra experimental conditions for estimating
error.

The following designs were selected from Plackett and Burma&s (40) paper:

4 ~

--
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L 
TABLE OF DESIGNS

N = 8 . + + +- + - -

N = 1 2 . + +- + + +- - -+ -

N = 1 6 . + + + + - + - + + - = + ~~~~~~

~~ = 2 0 . + +- -+ + + + = +~~~~~~+~~~~~~~~~~~~~~ _ + +_

N = 2 4. + + + + + - +- ++ - -+ + .~~~~~~~~ + _ + _ _ _ _

N = 28. First nine rows
_________

+ +- + + +- - .- - -+ +- -+ - _ _+ + + +_ + +_
- + + + + + ~~~ - - + - - -+ - - + - + -+~~~+ + _ + +  ____________• 

-

~ 2 3 1
— - - -+ + + + + - + - + - - -+ - -+ + +_ + _ + +

3 1 2
+ + +- - - -+ +  - + - - + - + - ‘ - - + + - + ÷ +- +

N = 3 2 . - - - -+  - + - + +  + - + + - - - + + +  + + - - +  + - + - -  +

Designs for L = 3 and 5. The first column is given below and the complete
design is formed by permuting it cyclically (N - 1)/(L - 1) - 1 times and adding
a row of zeros. —

N = 9, L = 3. 01220211
N = 27, L = 3. 00101 21120 11100 20212 21022 2

F N = 25, L = 5. 04112 10322 42014 43402 3313

Additional plans can be found in the original article for
2 levels : N = multiples of 4, except 92, up to 100.
3 levels :, N 81
5 levels : N = 125
7 levels : N = 49

a’

~~~~~~
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r APPENDIX IV

THREE-LEVEL RESPONSE-SURFACE DESIGNS*

Number of No. of Blocking and
Facton (k) Design Matrix Points Aaoclation Schemes

-

- 

5 
- 

~~~~ ~~~~~~~.
0
~~~ ci1It. cllJ.

0± 1  0 0* 1
±1 0 ± 1  0 0

F ~ 0 0 0 ± 1 ± 1  3
~~

: ~ 0 0 0 0 0
L

0 ±1 ±1  0 0
- *1 0 0 ± 1 0

0 0 ± 1  0 ± 1- - -
- ±1 0 0 0 ± 1
- 0 ± 1 0 ± 1 0 3

I i  - 
0 0 0 0 0 ____

- N — 4 6

6 ±1 *1 0 ± 1  0 0
0± 1 ± 1 0* 1  0

0± i ±l O~~ i 
~~ 2 blse~~o(27,

0± 1  0 0 ± 1 ±1 FIMAesocLates:11 0 ±~ 0 0 ±1 (1,4); (2, 5); (3, 6).

N— U

7 0 0 0 ± 1 ±1 ±1 0
±1 0 0 0 0 *l ~~ Z bheka ol3l.
±1~~~i ~~±?~~~ ~~~~ 56 BIB (ooe ei.ociats claes).

0 0 ± 1 ±1  0 0 ± 1
*1 0 ± 1  0 ±1 0 0

0 ±1 ±1 0 0 ± 1  0
0 0 0 0 0 0 0  _ _ _

N 6 2

9 ‘ii ~ o~~i 0 0 * 1  0 o
.
~~~~ 0*1 0 0±1 0 0 ± 1  0 1- 24‘ F 0 0±1 0 o ± i  0 0 ± 1  J

0 0 0 0 0 0 0 0 0 2 (a) S blocb ol2s.

*1 ± 1 ± 0 ~b) 10blocks o( 13.
-
~~ 0 0 0 * 1* 1 ±1 0 0 0 1 - 2 4

4 0 0 0 0 0 0 ± 1 ± 1 ±1 J PlM Aanciatas:
0 0 0 0 0 0 0 0 0 2 (l,4 ; 1 , 7); (4, 7);

-: - (3,5 ;  2, 8); (5, 8);
±1 0 0 0 ±1 0 0 0 ± 1  (3,6 ;  3, 9); (6,9).
0 0 ± 1 *1 0 0 0 ± 1  0 1 - 2 4
0*1 0 0 0± 1 *1 0 0
0 0 0 0 0 0 0 0 0 2

± 1 0 0 0 0 ± 1 0 ± 1 0
0*1 0*1 0 0 0 0*1 1 - 2 4
0 0 ±1 0* 1  0 ± 1  0 0 J
0 0 0 0 0 0 0 0 0 2 

(
I 0±1 0 0*1 0 0± 1 0 1 - 2 4‘I 
~~~‘-~ 

- 0 0±1 0 0*1 0 0±1 J
- - , 0 0 0 0 0 0 0 0 0  2

N — 1 3 0

[“Adspi.d from So.. and S.Irnkun (7).] (contInued)
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r 
(Appendix IV, continued)

Number of No. of Blocking and
Factors (k) Design Matrix Points Aseociation Schemes

10 ‘ 0 * 1 0 0 0 ± 1 *1 0 0* 1
*1- *1 0 0*1 0 0 0 0±1
0*1 *1 0 0 0*1 *1 0 0 2 blocks of 85.

±?~~ ~~~~ ~~~~ 0*1 ±1 *1 160 S condAisociates:
0 0 ±1 *1 *1 0 0 0 0 ±1 1,8; 1,9; 1,10);

*1 0 - 0 ± 1  0 0* 1± 1 0 0 2,S ; 2 ,7 ; 2 ,10);
0 0*1 0*1 0*1 0±1 0 3,5; 3,7 ;  3,9~;±1 0*1 0 0*1 0 0±1 0 4,5 4,6 48 ,
0 0 0 * 1 ± 1 ± 1 0 ± 1 0 0 6~ 10~l; (6, 9~; &, 8). —

, 0 0 0 0 0 0 0 0 0 0 • 10

N — i T O

11 .

*

~~ 0 *1 *1 ~~ ~~ Use P° fractionated
0* 1  0 0* 1  0 0 0* 1 ±1 *1 onz ,rj..

±1 0*1 0 0±1 0 0 0±1 *1 
“~ “Toseth ‘bi±1 *1 0*1 0 0*1 0 0 0*1 -a.

BIB(ooe aa.ociate claes)
0 0* 1 ±1 *1 0* 1  0 0* 1  0
0 0 0* 1 ±1 *1 0 ± 1  0 0 ± 1

*1 0 0 0 ± 1 ±1 ±1 0 ± 1  0 0
• 0 ±1 0 0 0 ± 1 ±1 *1 0 ± 1  0 

_____

- 0 0 0 0 0 0 0 0 0 0 0 .  N— 188

12 *1 *1 0 0*1 0*1 0 0 0 0 0
0 ±1 ±1 0 0* 1  0* 1  0 0 0 0 4 k l L J IQ 20 0* 1 ±1 0 0* 1  0 ± 1  0 0 0

~ 0 ±1 *1 0 0 ±1 0 *1 0 1 PIMAancss
0 0 0 0 0 *i ±1 ~ ~ ±i 0 ±1 ~i’ 1k~ ’. l~1t.’IA 1°• *1 0 0 0 0 0± 1 *1 0 0 ± 1  0 ~~ “i’  I,’, — .

0* 1  0 0 0 0 0* 1* 1  0 0* 1• *1 0 ± 1  0 0 0 0 0±1 ±1 0 0
0*1 0*1 0 0 0 0 0±1 *1 0
0 0*1 0*1 0 0 0 0 0*1 ±1 -

*1 0 0*1 0±1 0 0 0 0 0±1 _____0 0 0 0 0 0 0 0 0 0 0 0  N— 2G4

-‘ 
- Notes

4
1. Unisie otherwise Indicated the symbol (±1 ±1 *1) 4, Designs for 6.7,10, and 12 can be block ed by alloc ating

means th .t all com bln.tions of plus and mInus levels any tri als in which the product of th . signs of the levels
are to be ~~~ we positive to one block end any in which they are

negative to another block. (E.g., —1 . —1. 1, 0 would be
• - 2. Whenever I t s  posaible to us. a fractional factorial . i~iV. tr lal —1 , —i , — 1 , 0 would be consid ered a

~~ 
- -
~~ of Resolution V It Is u..d In piece of the fu ll factorial. negative tr IaL)[ - This l~ the case with th . design for 11 varIables ,

7 -- S Designs for 9 variables are already blocked according
3. me dotted lines indi cate how the designs for 6 and 9 • to the dotted lines , but bloc king can be doubled by further

variable, can be blocked , dividing them into positive and negative trials as per note 4.
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IT

To isolate the ci feet of AR , these four sources along with their corresponding

~~~ pcrformance values should be summed , as indicated by the signs in the AB column .

~~ This would yield :

41 — 2A + 2C + 2E + 2C + 4AB = +12

~~ The effects of CD, EF, and Gil have been cancelled out. Since the mean (1), A , C, E,

~ ~~~ and G would be known from the e stimates already obtained f rom the data of the Basic

and A. D. 2 . desi gns , by prope r arithmetic substitution and simplification, the

ef f e c t  of AB can be determined.

lnLraction CD can be obtained in the same way. This time the four  sources

are combined by subtracting (cg)  and (cc) f rom (AB+CD+EF+GH) and (eg).  This

causes the signs of all components of (cg) and (cc) to be reversed, of course , and

when the fou r sources are now summed , all of the interactions except CD wil l  can-

cell out. The remnants of I,A , C, E, and C will be eliminated as before by substi-

tuting the appropriate value s already obtained from completin g the Basic and Aug-

mentation desi gns.

To isolate the effe ct of EF , (eg) and (ce) must be subt racted from (AB+ CDrEF

-FGH) and (cg). To isolate the effect  of GH, (eg) and (cg) must be subtracted f ’o m

(AB+CD+EF+GH) and (Ce).

I. D. 3. To separate members of a s tr ing of th ree- factor interaction s.

No examples will be given, but it is apparent that the same logical approa.’h

can be applied to any set of confounded data. In each case , the following steps

would be required:

1) To reduce the effor t  the experimenter can f i r s t  t ry  to logically

eliminate certain of the aliased effects.

2) At least (N - 1) additional experimental conditions must be

used for N aliascd effects in a string.

3) The rows of signs of the aliased effects to be isolated must be

made orthogonal to one another.

I .” p~ j e fu r  T.:h~~ c.~I R~~~~,i- t ]
~ 

N.. . I ’ 73—33 ~ i~, r~ o . j cj l  Y.u lt k l .w-  I
tor V ’ri t.tr~ t ug !t .:, ‘fl t i .~~ ~~ ~s — Ifl, cr i,sq ~ t .r~~Md’t,t L t.y C .t ~. ir~~’n
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