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Abstract

THE USE OF COVARIANCE STRUCTURE ANALYSIS FOR THE 
EXPLORATION OF ACQUIESCENCE AND OTHER RESPONSE STYLE 

ISSUES IN FACETED TEST DATA

by

Lawrence A. Jordan 

Adviser: Professor Samuel Messick

This dissertation was designed to test the two-factor
theory of acquiescence, using faceted test data. More general­
ly, it was intended as an exposition of the statistical and 
methodological problems posed by faceted test data.

The two-factor theory of acquiescence states that there 
are two kinds of acquiescent response styles, which may be dis­
tinguished using two kinds of item reversals. Polar opposite 
reversals (I am X and I am Y , where X and Y are antonyms, for
example) are suitable for detecting "agreement" acquiescence,
and negation reversals (I am X and I am not X . for example) 
are suitable for detecting "endorsement" acquiescence. Agree­
ment is thought to be inversely related to verbal ability, 
while endorsement is thought to be positively related to lmpul- 
sivity and rapid responding. The two-factor theory may be 
studied by designing faceted test data, in which the same item 
content is expressed with both polar opposite (true or false
keyed) and negation (positively or negatively phrased) reversals.

xiv



Chapter 2 reviews the component analysis problems which 
are posed by faceted test data. In addition to individual dif­
ferences in test content, faceted test data are presumably also 
influenced by individual differences in response style tenden­
cies associated with the design facets, and it is useful to es­
timate the size of the variance components for these individual 
differences. These component estimates have immediate implica­
tions for the reliability of measures, for example. Under 
stated assumptions, determinate component analysis solutions 
exist for certain low-dimension designs. When the assumptions 
fail or high-dimension designs are used, however, determinate 
solutions may be difficult to obtain using classical least- 
squares methods. Fortunately, recent work by Eock and Jtfreskog 
and their colleagues has led to very general component analysis 
methods, as a special case of maximum-likelihood covariance 
structure analysis. These new methods yield component estimates 
under a wide range of assumptions, and. also provide ways of com­
paring the merits of differing models for the same data.

As a pilot study, covariance structure analysis was applied 
to data which were originally collected by Morf and Jackson as a 
test of the two-factor theory of acquiescence. The results in­
dicated that their design could be improved by counterbalancing 
item reversals so that the response style facets are not system­
atically confounded with differences in item content.

xv



New data for testing the two-factor theory were collected 
from 199 undergraduates at several colleges in the New York City 
area, using scales based on the Personality Research Form Play 
and Understanding scales. Strong agreement components were 
found, and agreement had the predicted negative correlation with 
verbal ability. The endorsement components were small, however, 
and unrelated to measures of impulsivity and rapid responding. 
Several minor response styles were also predicted, for item for­
mat (self-descriptive vs. attitude format) and for overgenerali­
zation (absolute vs. relativistic phrasing, using a faceted ver­
sion of the F-scale). Cf the four response styles— agreement, 
endorsement, item format and overgeneralization— only agreement 
is present in the data in any strength. For the F-scale, however, 
it was possible to fit models in which the agreement components 
for absolutely-worded scales were greater than the ones found 
with relativistlcally-worded scales.

An unexpected feature of the data was that subjects from one 
college were markedly lower in verbal ability than the other sub­
jects— so much lower^that it was necessary to analyze the data 
separately within the low and high ability groups.' For all the 
measures, variance components for content and error were similar 
in size for each of the groups , but the agreement component was 
about twice as large in the low-ability group than in the high- 
ability group. This indicates that agreement is more of a meas­
urement problem in low-ability groups.
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INTRODUCTION

This dissertation aims at a merger of two separate lines 
of Inquiry. The first line is primarily substantive, and con­
cerned with the interpretation of the response style of acqui­
escence in test data. The second line is primarily methodo­
logical, and concerned with the use of component and covariance 
structure analysis for addressing response style issues. Re­
sponse styles may *be defined as individual differences in re­
sponse to variations in test item format, where the variations 
have no conceptual relationship to the nominal content of a 
test. It has long been known that such variations can system­
atically affect the rank order of scores and the apparent reli­
abilities of tests, and that they introduce extraneous variance 
in test scores which needs to be detected and controlled (Cron- 
bach, 19^2). A more recent view is that the Individual dif­
ferences which give rise to response styles can also be inform­
ative about personality in their own right (Jackson & Messick, 
1958).

The first chapter reviews the literature on response 
styles. Acquiescence was first detected in tests of ability 
and achievement, but has since been studied more intensively in 
personality tests such as the California F-scale, MMPI, and 
PRF. Initially, acquiescence was defined as the tendency to 
respond true, yes, agree or like on tests with bipolar response 
options. later work has suggested the presence of at least two 
kinds of acquiescence, which I will call agreement and endorse­
ment. Agreement acquiescence has been called ’'interpretive



acquiescence" (Messick, 1967)* "true responding" (Morf, 1968), 
or "agreement acquiescence" (Bentler, Jackson, & Messick, 1971)* 
and is operationally defined by differences in scores on true 
and false keyed scales for the same content. Endorsement ac­
quiescence has been called "trait endorsement" or "trait accept­
ance" (Jackson & Messick, 1965), "impulsive acquiescence" (Mes­
sick, 1967)* "item endorsement" (Morf, 1968), or "acceptance 
acquiescence" (Bentler, et al., 1971)» and is operationally de­
fined by differences in scores on positively and negatively 
worded scales for the same content. Agreement and endorsement 
were often confounded with one another, and with the nominal 
content of tests, in early studies of acquiescence. The first 
chapter ends with a discussion of the Morf (1968) study, which 
provided evidence for the separation of agreement, endorsement, 
and scale content, but evoked a great deal of critical discus­
sion (Eentler, 1973; Bentler, et al., 1971* 1972; Block, 1971* 
1972; Jackson & Morf, 1973* 197^» Morf & Jackson, 1972; Samel- 
son, 1972). Review of this material indicates that Morf’s basic 
design can be improved to provide better tests of response style 
hypotheses.

In the second chapter, recent developments in the litera­
ture on component and covariance structure analysis are reviewed. 
Morf had analyzed his data using factor analysis, with limited 
use of formal significance tests, but the newer methods of com­
ponent and covariance structure analysis— which were not highly 
developed when Morf analyzed his data— provide more rigorous, 
statistically-based tests of response style hypotheses. What is
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here called component structure analysis Is less a systematic 
method of analysis than a heuristic approach to the analysis of 
faceted test data. It is based on the work of Eock and his col­
leagues (Eock, i9 6 0, 196^; Bock, Dlcken & van Pelt, 1969; Chap­
man & Bock, 1958), and provides significance tests for structur­
al hypotheses and ways of investigating response style issues. 
Component structure analysis has been largely superseded by rec­
ent developments in covariance structure analysis (Eock & Earg- 
mann, 1966; Jdreskog, 1 9 67, 1969. 1970)* which provide compre­
hensive maximum-likelihood methods for testing detailed hypothe­
ses about the covariance structure of data. In a reanalysis of 
the Bock et al. data, Bramble and Wiley (197*0 have shown that 
covariance structure analysis may be applied to response style 
hypotheses. Chapter 2 provides a thorough review of covariance 
structure analysis as applied to analyses of faceted test data.

The third chapter reports the results from a reanalysis of 
Morf*s (1968) dissertation data, and this reanalysis served as a 
pilot study of themethods used in the present dissertation. Part 
of Morf's database involved scales in which the same PRF content 
was expressed in either true or false (agreement facet), positive
or negative (endorsement facet), and self-descriptive or attitude
. . to be(form facet) format. On examination, his scales wereAcounter-
balanced for the form facet (the same item stem was used to pro­
vide both a self-descriptive and an attitude item), but not 
counterbalanced for the agreement and endorsement facets (items 
defining these facets were based on entirely different stems).
The lack of counterbalancing in the Morf data is a major design 
flaw. As shown in Chapter 3» the covariance structures for most



of Morf’s sets of scales are reproduced better by fitting models 
to the item stem groups than to the response style facets. The 
chapter ends with a discussion of a balanced incomplete block 
design intended to assure that the design facets are not repre­
sented by items which are based on systematically different stems.

Chapter 4 presents the procedure and hypotheses for the pres­
ent dissertation. With items counterbalanced across design facets, 
it is possible to make a defensible test of the two-factor (agree­
ment and endorsement) theory of acquiescence. The present dis­
sertation also tests the hypotheses that agreement is negatively 
related to verbal ability, and endorsement is positively related 
to tempo, speed of response, and impulsivity.

Chapter 5 presents the results. A complication for the anal­
ysis was that there were two distinct subsamples in the data col­
lected for the dissertation, a low-ability subsample from a local 
"technical" college, and a high-ability subsample from several 
"academic" colleges. The analysis indicates that there is very 
little endorsement acquiescence in the data. There are strong 
agreement acquiescence effects in the data, especially in the 
low-ability group. The analysis confirms the hypothesis of a 
negative linear relationship between agreement and verbal ability, 
and also reveals a strong nonlinear relationship such that the 
low-ability group is much more variable in agreement tendency 
than the high-ability group. A summary of the results appears 
in Chapter 6, which concludes the dissertation.



Chapter 1
5

The Response Style of Acquiescence

Response styles arise from Individual differences In re­
sponding to features of test Item format which have no concep­
tual relationship to the nominal content of a test. True-false, 
Likert, multiple-choice, and other Item formats elicit consist­
ent kinds of response habits, and Individual differences in these 
habits can lead to spurious correlations among tests having the 
same format or among subscales of a test battery. It has long 
been known that variations in test Item format can systematically 
affect the rank order of scores and apparent reliability of a 
test, and that they introduce extraneous variance which needs to 
be detected and controlled. Cronbach*s (19^2, 19^6, 1950) re­
views summarized the early research on response styles, which had 
revealed noncontent response tendencies of acquiescence, evasive­
ness, working for speed rather than accuracy, guessing when un­
certain, and checking many items on lists. He recognized that 
response styles could be either "mere incidental sources of er* 
ror" or reflections of "deeper personality traits," but thought 
that they should be regarded primarily as an "enemy to validity" 
Cronbach, 1950). A more recent view is that the individual dif­
ferences which give rise to response styles can be informative 
about personality in their own right. (Damarin & Messick, 1965; 
Jackson & Messick, 1958, 1961; Messick, 196?).

Historically, noncontent responding was first attributed to 
response "set," defined as "any tendenoy causing a person to con­
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sistently give different responses to test items than he would
when the same content is presented in a different form" (Cron-
bach, 19^6). This definition implies a distinction between
"content" and "set," and the first prerequisite for research on
noncontent responding is a design which enables us to distinguish
between these two sources of variance. Jackson and Messick made
a similar distinction between "content" and "style"—

between the interpretation of behavior in terms of (a) the 
content of "needs" and of cognitive structures generally 
and in terms of (b) characteristic styles or response and 
action. • . • One may legitimately ask not only what a 
person says and does (the particular content of his state­
ments and actions) but how he acts (his characteristic 
mode or style of expression).

What is conceptually a relatively sharp distinction is 
typically blurred and confounded in a particular concrete 
act; the what and how are fused in a given goal-directed 
response (Jackson & Messick, 1958, p. 2̂ -3)•

Fixed-alternative tests offer rather little scope for stylistic 
responding, and are Intended to reduce the opportunities for free 
expression which are present in essay or sentence completion 
tests. A researcher wants a tractable measure of the content he 
is interested in, with as little noise as possible, but unfortu­
nately, even fixed-alternative tests are susceptible to various 
kinds of distortion. From a response-style point of view, these 
distortions represent stylistic responding, which may not be re­
lated to the kind of content a researcher wants to measure, but 
can nevertheless be informative about traits of the subjects. 
Jackson and Messick (1961) made a further distinction between re­
sponse "style," representing variance associated with variations 
in item format and having some generality beyond a single test or



single occasion of measurement, and response "set," representing 
form-specific or occasion-specific variance (which would normally 
be treated simply as error variance). This paper adopts the term 
"response style" as a generic term for reliable honcontent re­
sponding, and focussed primarily on the response style of acqui­
escence. Acquiescence was first detected in tests of ability and 
achievement, but has since been studied more intensively in per­
sonality tests such as the California F-scale, Minnesota Multi- 
phasic Personality Inventory (MMPI), and Personality Research 
Form (PRF).

Acquiescence and Ability Assessment 
An early finding was Fritz's (1927) discovery that on a very 

difficult, balanced, true-false information test, 6 b t of the 
wrong answers had been marked true, while only ^6% had been mark- 
ed false. This was interesting; as Damarin and Messick remarked: 
"Nothing in classical test theory would lead us to suppose that 
the incorrectly answered items in true-false tests would display 
other than half 'true' and half 'false' responses" (Damarin & 
Messick, 1965i P* Fritz's finding was replicated and extend­
ed to other kinds of bipolar response options, and Lentz (1938) 
suggested the name "acquiescence" for the tendency to favor the 
positive responses true, yes. like, agree, etc., in such tests.
A typical finding is that in true-false tests of ability, the 
false-keyed items are more reliable and correlate more highly 
with the total score and with other ability measures than the 
true-keyed items (Wesman, 19^7 ).



Cronbach introduced his disesussion of a study as follows: 
"The procedure was the usual one: to obtain a ’bias* score for
each individual and determine its reliability. If the score is 
reliable, the response set is proved to exist" (Cronbach, 1950* 
p. 8). Notice that there must be a reliable bias score (e.g., 
true minus false responses, if the suspected source of bias is 
acquiescence) before we can say that the data are affected by a 
response style. A type of item variation which merely shifts a 
scale mean upward or downward, by increasing the difficulty of 
items, for example, will not yield a reliable bias score. Fritz 
had Interpreted his finding in terms of a general tendency to 
respond true rather than false— perhaps because we habitually 
say "True or false?" rather than "False or true?" Such a general 
tendency could account for the mean difference between the true 
and false scales in Fritz’s data; but to conclude that a response 
style is present, we must find systematic individual differences 
in the tendency, which would show up as a reliable bias score, a 
nonzero variance component for bias, or a person-by-measures in­
teraction, depending on how the data were analyzed. In other 
words, a response style Interpretation of the data is that there 
are some persons who favor true over false, while others favor 
false over true. Couch and Keniston (i9 6 0 ) dubbed the two kinds 
of people "yeasayers" and "naysayers," and acquiescence refers to 
the individual differences dimension running from yeasaying to 
naysaying. Some researchers (e.g., Peabody, 196^, 1966) have at­
tempted to provide separate scores for yeasaying and naysaying 
("acquiescence" and "negativism"), but the best measure of the
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naysaying tendency Is simply a measure of yeasaylng with reflect­
ed scoring (Eock, Dicken, & VanPelt, 19 69). The traditional way 
of measuring acquiescence uses true minus false bias scores, 
which means that persons with high scores will be yeasayers.

Cronbach*s usual method for establishing that a response 
style is present was to compute split-half or coefficient-^ reli­
ability for a bias measure. A roughly equivalent procedure is 
that of showing that two variations of a scale correlate less 
highly than their respective reliabilities will allow, which im­
plies that another source of variance besides common content must 
be present in the data. Neither of these methods yields signifi­
cance tests for the presence of the suspected response style. 
Variance component and covariance structure analyses provide more 
flexible and sophisticated ways of addressing response style is­
sues, as discussed in detail in Chapter 2.

Another point which may be mentioned in the context of abil­
ity assessment is that acquiescence can only operate when sub­
jects are uncertain about the "correct" answer to an item. On a 
balanced true-false vocabulary test, for example, a subject who 
knows all the answers will not have an opportunity to display his 
acquiescence; less obviously, a subject who gets every answer 
wrong will also be treated as neutral in acquiescence. From the 
standpoint of content, of course, the same thing is trues A sub­
ject who is maximally acquiescent and who knows none of the ans­
wers— and would presumably respond true to all the questions—  
would get half the Items right on a balanced test, and thus would 
be scored as somewhat neutral in verbal ability (depending on the



difficulty of the test). Thus, scores on a test and acquiescence 
measured by true and false variants of the test will tend to be 
nonlinearly related (Cronbach, 1950» Damarin & Messick, 19&5* Mes- 
slck, 1967). Formulas for estimating acquiescence as a weighted 
function of content have been proposed (Helmstadter, 1957; Mes- 
sick, 196l). These formulas have the drawback that the functional 
form of the relationship between acquiescence and a particular 
kind of content must be presumed known, and if the functional 
form is incorrectly specified, the formulas will introduce a non­
linear relationship between content and acquiescence, where none 
existed before. This problem has never been solved satisfactor­
ily, and most researchers have handled the problem by ignoring it 
and using standard linear models.

The trade-off between content and acquiescence does have im­
plications for test and research design. Cronbach was primarily 
concerned with content validity, and since the influence of re­
sponse styles is greatest with difficult or ambiguous items or 
ambiguous instructions, he recommended that items and instructions 
be as unambiguous as possible, and that items should not be too 
difficult for the students tested. He recommended the use of "do 
guess" instructions, and the use of forced-choice and multiple- 
choice formats whenever possible. Multiple-choice items, in par­
ticular, are relatively free from response sets except with very 
difficult items or very poor students (Cronbach, 1950)* Multiple- 
choice tests are the most popular kind of fixed-alternative abil­
ity tests, perhaps partly as a result of the findings on response 
style. The multiple-choice format is not well-suited to person­



ality measurement, however, and I know of no standardized mul­
tiple-choice personality test. Accordingly, problems of acqui­
escence are more acute for personality assessment than for abil­
ity assessment.
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Acquiescence and Personality Assessment

The F-scale. Following the publication of The authori­
tarian personality (Adorno, et al.f 1950), the F-scale and 
other measures developed for this work were correlated with 
almost every variable extant* Reviewers of this material 
(e.g., Titus & Hollander, 1957; Byrne, 1966, pp. 237-2 8 3) 
have found it difficult to make a substantive interpretation 
of the results. Titus and Hollander concluded:

Without entertaining a broad critique, one may nonethe­
less be awed by the massive and amorphous area which has 
been touched upon by F-scale researchers. To comprehend 
it requires a theoretical substructure which is not yet 
available, except in kaleidoscopic form (Titus & Hollan­
der, 1957, P. ^72).

Careful work had gone into the construction of the F-scale. 
Adorno et al. had postulated on the basis of psychoanalytic 
theory that authoritarian or "fascist” personality involved a 
number of interrelated features: conventionalism, authoritar­
ian submission, authoritarian aggression, destructiveness and 
cynicism, preoccupation with power and "toughness," supersti­
tion and stereotypy, anti-intraception, projectivity, and an 
exaggerated concern about the sexual behavior of others. Ac­
cordingly, items were written for each of these traits, and 
combined into the F-scale. For purposes of detecting "fascists" 
in the general population, it is reasonable to construct a test 
which is factorlally complex. For purposes of integrating a 
theory of authoritarian personality with the rest of personal­
ity theory, however, it is a terrible strategy, since it is
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difficult to tell which components of a factorially complex 
test are responsible for its correlations with other measures. 
Factor analyses of the F-scale have confirmed the multidimen­
sional nature of the scale (Eendig, 1959* I960; Camilleri, 1959; 
Krug, 1961). While a number of critics have suggested the need 
for separate measures of the F-scale components (e.g., Jackson 
& Messick, 1958), no one. has attempted to construct these. Krug 
and Moyer (1 9 6 1) correlated factor subscores from the F-scale 
with subscales of the Edwards Personal Preference Schedule and 
Guilford-Zimmerman Temperament Survey and found, as predicted, 
that the factor subscores were not all related to the other per­
sonality measures in the same way.

Shortly before Titus and Hollander’s review, acquiescence 
was also found to be a component of the F-scale (Bass, 1955* 
1957* Chapman.& Campbell, 1957;-Christie, Havel, & Seidenberg, 
1958; Jackson & Messick, 1957; Jackson, Messick, & Solley, 1957; 
Leavitt, Hax, & Hoche, 1955; Messick & Jackson, 1957). All of 
the items in the F-scale were true (or agree) keyed, so that 
acquiescence tendencies would be confounded with authoritarian­
ism. The usual method for showing the presence of acquiescence 
in the F-scale involved administering the original F-scale and 
false keyed reversals to the same subjects. In a review and re­
analysis of nine studies using F-scale reversals, Chapman and 
Bock (1958) found that acquiescence consistently accounted for 
18-39# of the reliable variance of the original (true keyed)
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F-scale, while content accounted for 36-52#; the remainder was 
accounted for by the content-acquiescence covariance, (See 
Chapter 2, where the Chapman-Eock analyses are discussed in 
detail.)

The components found for the F-scale are among the largest 
acquiescence components found for any published scale.

f Adorno et al. were concerned about the dangers of writ­
ing an all true-keyed scale, but «/Aat happened is that
the false-keyed items^ originally provided, dropped out during 
the item analysis and revision process, owing to their relatively 
poor correlations with the total scale score. Because of the 
substantial acquiescence components, acquiescence made a notice­
able contribution to the reliability of the all-true-keyed scale. 
The F-scale was intended to measure a factorially complex syn­
drome involving about nine separate traits, and Adorno et al. 
should probably* have been satisfied with a test having a low in­
ternal consistency. It is well known that a factorially complex 
test can have a high correlation with a factorially complex cri­
terion (such as "authoritarian personality"), but will necessar­
ily have a low internal consistency. From this point of view, 
the quest for increased internal consistency of the F-scale was 
misguided, and resulted in substantial contamination of the meas­
ure by acquiescence. From a research point of view, it is equal­
ly misguided to suppose that the proper use of the F-scale is the 
"detection" of fascists in the general population, and its more
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likely uses would include validation of the theory of authori­
tarianism underlying the scale, and study of the relationships 
between the traits underlying the authoritarian syndrome and 
other personality variables. From this second point of view, 
it. would be preferable to build homogeneous subscales for the 
constituent traits:

The notion to be emphasized here is that the use of a 
single total score is an unfortunately simplified re­
flection of a dynamic theory that postulates a complex 
of traits (Messick & Jackson, 1958, p. 7^7 ) •

Contamination of the F-scale by acquiescence tends to add to 
the difficulty of interpreting scores on the F-scale, since 
authoritarianism and acquiescence have different theoretical 
and practical implications.

Some researchers have argued that the confounding of con­
tent and style in the F-scale is advantageous, since: (a) ac­
quiescence contributes to the empirical validity of the F-scale, 
and (b) acquiescence may have a theoretical relationship to the 
the trait of "authoritarian submission," which Adorno et al. had 
conceptualized as Ha submissive uncritical attitude toward ide­
alized moral authorities of the ingroup" (Gage & Chatterjee,
I960; Gage, Leavitt, & Stone, 1957* Leavitt, Hax, & Roche, 1955)* 
Point (a) is true in the sense that the correlation between F-
scale content and acquiescence leads to improved prediction of

w h ic h  isa criterion measureAnot also contaminated by acquiescence (Chap­
man & Bock, 1 9 5 8). As for point (b), reversal studies show that



16

there are some Ideologically consistent subjects who will en­
dorse authoritarian content regardless of the direction of key­
ing, while others are acquiescent, endorse both true-keyed items 
and their reversals, and are ideologically confused (Christie et 
al., 1958). Both groups would tend to score high on the origi­
nal true-keyed scale, however, and as Peabody (1 9 6 6) has noted, 
"it makes both a theoretical and a practical difference whether 
they [the high scorers] are confused and apathetic or fanatical 
true believers."

Christie et al. (1958) reported difficulty finding under­
graduate subjects with high scores on the original F-scale, who 
would "firmly reject" the reversals.

These individuals who whole-heartedly and consistently en­
dorsed the most discriminating F-scale items displayed an 
enthusiastically random pattern of response to the reversed 
items. Our interpretation is that they have a tendency to 
make extreme responses and are ideologically somewhat con­
fused (Christie et al., 1958, p. 150).

Christie et al. had used Likert scaling, and so their data were 
subject to extremeness response style as well as acquiescence 
response style (e.g., Peabody, 1962). (This paper avoids the 
complications posed by extreme responding, by emphasizing test 
data in true-false rather than Likert format, and by interpreting 
results using Likert data along the acquiescence but not the ex­
tremity dimension.) Christie et al. had also avoided what Jack­
son and Messick (1958) called the "extremely-worded, cliche-rid­
den style" of the original F-scale, when they wrote their rever-

_ . , .  alsosals, and had expressed the reversals in a false-keyed and^more



cautious or "relativistic" style* What Christie et al. found, 
then, was a response pattern In which subjects used extreme 
categories to endorse extremely-worded Items, but responded more 
neutrally and somewhat Inconsistently to more cautiously-worded 
reversals. Jackson and Messick (1958) suggested that another 
potential style component of the P-scale might be based on extrem­
ity of wording. They suggested that this response style, which 
they called "overgeneralization," might be studied by means of a 
facet design in which F-scale items were reversed along the over­
generalization dimension (with absolutely-worded, extreme, dog­
matic statements at one pole, and relatively-worded, cautious, 
probabilistic statements at the other), as well as along the ac­
quiescence dimension. The overgeneralization component could be 
found in true-false data, since it is based on extremity of word­
ing of the items, rather than extremity in the choice of Likert- 
scale response options.

Clayton and Jackson (1961) wrote absolute and relative rever­
sals for F-scale items, which were later used by Morf (1968).
Morf administered both the absolute and relative subscales
to the same subjects, making it possible to estimate an overgen­
eralization component, and his F-scale data are discussed in some 
detail in Chapter 2 and again in Chapter 3* from a methodological 
point of view. A reanalysis of Morf's data provides no evidence 
for an overgeneralization component. Some suggestions are made 
in Chapter 3 which may improve the test of the overgeneralization 
hypothesis.
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The MMPI. After the wave of research concerned with ac­
quiescence in the F-scale, interest shifted to the role of 
acquiescence in the MMPI. The issues are more complicated 
for research using the MMPI, since at least two other response 
styles— social desirability (SD) and impression management—  

have been held to be determinants of MMPI responses. SD has 
been claimed by Edwards (1957) to be the major determinant of 
MMPI responses and, indeed, of responses on most personality 
inventories. It is marked by scales consisting of items for 
which the keyed response is both desirable, based on ratings 
of the desirability of the keyed response, and probable, based 
on actual response frequencies. In the MMPI, many of the 
clinical scales behave like SD scales with reflected scoring, 
owing to the highly undesirable content of the items. Impres­
sion management, on the other hand, is marked by scales such 
as the L ( " H e ”) scale and Cofer, Chance and Judson's (19^9)
Mp ("positive malingering") scale. Persons scoring high on 
impression management scales are making desirable but improba­
ble responses (e.g., responding false to "I do not always tell 
the truth," from the L scale, or true to "I am entirely self- 
confident," from the M£ scale). Few of the MMPI scales are 
designed to detect impression management, however, and it usu­
ally has a minor role in determining the MMPI factor structure.

The wave of research concerned with acquiescence in the 
MMPI began with Messick and Jackson’s (1961) review and Jackson 
and Messick*s (1961, 1962a, 1962b) factor analyses of MMPI re­
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sponses for three large samples— one of prisoners, one of hos­
pitalized mental patients, and one of college students. Jack­
son and Messick used several novel procedures for scoring the 
MMPI. The first involved separate scoring of the true and 
false items of the standard MMPI scales. Another involved the 
provision of five graded SD scales, all true-keyed and contain­
ing items which were relatively heterogeneous for content and
homogeneous (at five graded levels) for rated SD. In each of»
the three samples, two large factors dominated the factor

about
structure, accounting for/75^ o f the common variance or 55% o f  

the total variance. In the-hospital and college samples, the 
larger of these factors ranked the scales fairly well in order 
of their average rated SD values, while the smaller factor 
completely separated the true and false subscales. In the 
prison sample, the same two factors appeared, but the size of 
the factors was reversed. Jackson and Messick interpreted the 
two factors as SD and acquiescence, because of the clear as­
sociation between scale properties and factor loadings, and 
attributed them to response styles.

It had been known for some time that the MMPI was domi­
nated by two large factors, and they had been labeled "Anxi­
ety" and "Repression" by Welsh (1956), on the basis of their 
apparent content. Welsh had also obtained "pure factor" scales 
A and R, the first a nearly all-true scale with markedly unde­
sirable content, and the second an all-false scale with items 
predominately neutral in rated SD. It had also been known
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that the MMPI lacks "simple structure" in Thurstone's (19^7) 
sense, and that the test vectors for the first two factors 
fall Into a distinctive "circumplex structure" (Schaefer,
1959; Kassebaum, Couch, & Slater, 1959). The Jackson-Messick 
analyses also revealed the circumplex ordering, which was 
even more accentuated by the separate keying of the true and 
false parts of the scales. Locating factors in a circumplex 
array is somewhat arbitrary, and Jackson and Messick used a 
patterned quartimax rotation to fit the two factors to an SD- 
acquiescence theory of the data. The acquiescence factor 
corresponds closely to Welsh's H scale (except that the R 
scale is false-keyed, and acquiescence is always reported in 
the true or yea-saying direction), and the SD factor corres­
ponds closely to Welsh's A scale (except that the mostly-true 
A scale also has a modest loading on the acquiescence factor). 
Thus, the nominally content-based and the nominally style- 
based factors tend to coincide.

The Jackson-Messick findings concerning the true and 
false parts of the scales were unprecedented in the MMPI lit­
erature, and raised serious questions about a content inter­
pretation of the data: When the true and false parts of the
classical clinical scales were scored in the content direction, 
their correlations were low and often negative, instead of be­
ing strongly positive as we would expect for alternate measures 
of the same content. For example, the D, H£, Ma, Mf, Pa, Pd
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and SI scales all had negative correlations between their true
and false parts In the prison sample (Jackson & Messick, 1961).

Another kind of support for the acquiescence theory of the
MMPI is provided by the correlations between the MMPI factors
and independent measures of acquiescence. Couch and Keniston
(i9 6 0) obtained a 360-item scale over extremely heterogeneous
content called the "Overall Agreement Score" (OAS), and Eock et
al, cite their finding of a correlation between the OAS and
first-factor scale A (r = .50) as evidence for the acqui-- -OAS, A
escence theory. Actually, since A is thought to be primarily
a measure of SD responding, the correlation between the OAS
and second-factor scale R (r - -.3*0 should provide a bet-

“ “ OAS,H
ter estimate of the correlation between the supposedly content-
free OAS and acquiescence on the MMPI.

The style interpretation of the MMPI evoked considerable
controversy (Block, 1965, 196?; Bock et al., 1969. Dicken,
1967; Dicken & Van Pelt, 1967; Jackson, 1967a, 1967b, 1967c;
Jackson & Messick, 1961, 1962a, 1962b, 1965; Lichtenstein & Ery-
an, 1965; Messick, 1967? Messick & Jackson, 1961; Rorer, 1965;
Rorer & Goldberg, 1965; Tellegen, 1 9 65). Jackson and Messick
had encouraged readers to think of the main MMPI factors as
all response style, as in the passage:

In all three samples two very large factors appeared, Iden­
tifiable as acquiescence and desirability. On the average, 
approximately three-quarters of the common variance and 
over half of the total variance was attributable to the two 
stylistic dimensions . , .

In addition, several quite small factors were obtained 
in each of the analyses, some attributed to item overlap 
and some to consistent content responses (Jackson & Messick, 
1962a, pp. 296-297).
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Jackson and Messick always Insisted that response styles have 
personological significance and even a certain amount of diag­
nostic Import, since the "massive response sets apparently con­
tribute to the differentiation of normals from mental patients 
and thus to convergent validity" (ibid.) Eut it was clearly 
not desirable to have only a few small factors attributable to 
distinctive psychopathological content in the MMPI. The vari­
ance which they attributed to the acquiescence factor in the 
three factor analytic studies ranged from 25# to of the 
common variance.

In the mid-60*s, several item reversal studies raised 
doubts about the acquiescence part of the response style theory 
of the MMPI, since very high original-reversed correlations 
were found for the MMPI scales (Dicken & Van Pelt, 1967; Lich­
tenstein & Bryan, 1965; Rorer, 1 9 65). Only Rorer estimated
variance components for his data, and he found acquiescence only
components ofA4# and 5^ for the A and R scales, as against 85# 
and 69# for the content components (the remainder being attrib­
utable to error of measurement). The largest acquiescence com­
ponent was found for Jackson-Messick scale Dy-3» which was es­
timated to have 10# of its variance attributable to acquiescence
as against 75# attributable to content. The-sizes of the origi-

reversal
nal-reversed correlations in the other/studies suggest that the 
estimates of variance components for these other studies would
comparable to those found by Rorer. Rorer chose to overlook
the small acquiescence components which he had found, and con­
cluded:
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If due allowance were made for features of the design 
which tended to inflate these acquiescence estimates, 
it seems unlikely that any scale variance would be at­
tributed to acquiescence (Rorer, 19^5* p. 1^5)•

For a variety of reasons, Rorer (19^5) and Block (19&5) re­
jected the response style interpretation of ttie MMPI, and 
strongly defended a content interpretation of the first two 
factors. With respect to acquiescence, the evidence included: 
(a) the results of the reversal studies showing small acqui­
escence components; (b) Block*s showing that essentially the 
same factor structure found by Jackson and Messick could be 
found when scales having equal numbers of true and. false items, 
which were presumably balanced for acquiescence, were used; and 
(c) Block*s showing that the R, Dy-3 and other scales marking 
the acquiescence factor could be interpreted as content-based 
measures of impulsivlty or, with reflected scoring, as measures 
of what Block called "Ego-control."

The dispute whether the first two factors of the MMPI may 
be claimed for "content" or for "style" may be simply resolved 
if they are interpreted as content-style amalgams of some sort, 
which is essentially the position taken here. While a complete­
ly style-based interpretation of the MMPI seems too strong, it 
is clear that the association between the style and content of 
the scales is too regular to be a random occurrence. What is 
remarkable in the data is the clear association between the 
stylistic features of the scales (the direction of keying and 
rated SD of the items) and the content of the scales: That is
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a phenomenon which needs to be explained. Block (1965, p. 61) 
interprets the association as an "accident,” to be explained 
by "the characteristics of the MMPI-item pool, in conjunction 
with some other understandings," and Rorer (1 9 65* p. 1^1) in­
terprets it as a result of "certain systematic characteristics 
of our language." Their semantic explanation of the confound­
ing of keying and content does not go far beyond noting that 
such confounding is present, and seems ad hoc. And the puzzle 
remains: Why does the confounding occur in the first place?
Why is it that:

it is apparent from inspection of the item content of the 
A and R scales that more than direction of keying dis­
tinguishes the two scales. Without exception, the A scale 
items ask for a highly subjective appraisal of emotional 
well-being, internal states, and personal adequacy. The 
subject marking True on these items describes himself as 
mentally flaccid, anxiously indecisive and full of self­
doubt, lacking in the emotional resources and energy to 
act, conforming, concerned with the possibility of criti­
cism, overly sensitive to signs of disapproval from others, 
and troubled by his 01m  mental contents and processes. In 
contrast, the R items deal with comparatively objective 
physical concerns, with emotionality and violence, and 
with self-affirmation, assertiveness, and social presence. 
The subject marking these items in the keyed-False direc­
tion characterizes himself as unexceptional, unaggressive, 
and equable in mood, and as unconcerned with competing or 
expressing himself in the social world. He is not required 
by these items to report on his self-esteem or on such pa­
tently dysphoric concerns as covered by the A scale. This 
degree of similarity of content within the two scales, and 
the clear contrast between the scales, would not be ex­
pected if the first factor represented exclusively acqui­
escence tendency (Bock et al., 1969, p. 128).

As Bock et al. show, however, small acquiescence components can
have "appreciable effects" on scale characteristics. These
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effects help explain both the imbalance of keying on the MMPI 
and the correlations found between MMPI scales and the heter­
ogeneous OAS measure, A detailed discussion of Eock's compon 
ent analysis models will be presented in Chapter 2, but it 
will be helpful to draw some contrasts between the factor an­
alytic and component analysis methods for studying response 
styles, in the next section.
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Factor analysis vs. component analysis. The Jackson- 
Messick analyses suggested that acquiescence accounted for 
25-45# of common-factor variance, while component analyses 
have suggested that it accounts for 4-5# of scale variance.
An even sharper contrast between the methods may be drawn by 
focusing on a single scale such as the R scale, which Jack­
son and Messick regarded as a relatively pure measure of 
acquiescence (naysaying). In their college sample, Jackson 
and Messick (1962b) found that the R scale had a loading of 
-.80 on the acquiescence factor and a communality of .6 9 :
This implies that 64# of the R scale variance is accounted for 
by the acquiescence factor, 5# by other (presumably content) 
factors, and 31# by unique variance (specificity and error).
In Rorer*s college sample, on the other hand, the component 
analysis indicated 5# of the R scale variance attributable to 
acquiescence, 69# to content, and 26# to error. Clearly the 
estimates based on factor analysis and component analysis are 
far apart, and agree only in their estimates of the size of 
the error variance.

Jackson and Messick (1965) have pointed out some flaws 
in the Rorer data which would lead to overestimates of the 
content variance and underestimates of the acquiescence vari­
ance. Because it is not administratively feasible to admin-

Atl (■f'CmS o£
ister^the original and reversed MMPI to subjects at a single
sitting, Rorer administered them at two different test sessions.
These data were then compared with data for students who had



27

taken the original MMPI twice. Under the component analysis 
model used by Rorer, the acquiescence component is estimated 
as a function of the extent to which the test-retest correla­
tions exceed the original-reversed correlations. Because 
Rorer*s test-retest sample was obtained under different con­
ditions than his original-reversed sample, and the differences 
in testing conditions tended to bias the analysis in the di­
rection of minimizing the discrepancy between the test-retest 
and original-reversed correlations (e.g., the test-retest in­
terval was four weeks, while the original-reversed interval 
was only two), Jackson and Messick (19&5) concluded that Rorer*s 
acquiescence components were probably underestimated. These 
flaws in the Rorer study are probably not sufficient to reverse 
the order of magnitude of the content and acquiescence compon­
ents, however, so the problem of reconciling the factor analy­
sis and component analysis results is not solved: The factor
analysis results imply that the acquiescence component is much 
larger than the content component, while the component analysis 
results imply just the reverse. Which results shall we accept, 
and why do the two methods yield such drastically disparate es­
timates?

Component analysis uses planned keying variations— i.e., 
item reversals— to estimate acquiescence, while Jackson and 
Messick*s factor analyses use the existing or "found'* keying 
variations in the MMPI as the basis for interpreting the second 
factor as acquiescence. The main problem with the use of the
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existing keying variations to estimate acquiescence Is that 
true and false keyed scales may be systematically different 
in content, so that true and false response discrepancies are 
a function of both content and acquiescence. When planned 
item reversals are used and subjects respond to the same 
items in both a true and false keyed form, as in the Horer 
study, acquiescence appears to be a small proportion of scale 
variance on the MMPI.

Bock et al. (1969) collected new data for the MMPI. They 
chose to focus on two MMPI scales, so it would be administrat­
ively feasible to have subjects respond to both original and 
reversed MMPI items on two separate occasions. They selected 
the 81% true keyed Pt scale and the ?8% false keyed Hjr scale, 
which are the clinical scales most resembling Welsh*s A and R 
scale. Like Rorer, Bock et al. found small acquiescence and 
large content components ( . 0 2  and .05 for acquiescence, and .73 
and .58 for content, expressed as proportions of original scale 
variance). Unlike Rorer, however, Bock et al. point out that 
these small acquiescence components can have a noticeable effect 
on scale characteristics and behavior, primarily as a conse­
quence of the correlation (.47) between Pt scale content and ac­
quiescence. This content-acquiescence correlation implies that 
11# (.11 s 2 x .4-7 Xx/ToTTT73) of the Pt scale variance is at­
tributable to content-acquiescence covariance. The covariance 
component, which indexes the extent of content-acquiescence con­
founding in the Pt scale, is actually larger than the acquies­
cence component.
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The two-factor theory of acquiescence. When Jackson and 
Messick (1 9 6 5) reanalyzed Rorer's data for the original-reversed 
sample, they found that with tests scored in the content direc­
tion, the original and reversed subscales loaded on the same 
factors and in the same direction. This confirmed the finding 
which Rorer had interpreted as evidence of content consistency 
for the original and reversed scales. Yet the true and false 
parts of many scales still loaded in opposite directions on the 
factor previously identified as acquiescence in the Jackson- 
Messick analyses. Table 1.1 displays the correlations which 
Rorer found for the Hs and H£ subscales, as reported by Jackson 
and Messick (19 65). These are correlations for male subjects, 
and the correlations for female subjects are very similar. The 
Hs scale is an example of a scale in which the true and false 
parts have high positive correlations, in both their original 
and reversed form. Subjects endorsing many Hs true items are 
making a variety of somatic complaints, and subjects rejecting 
many Hs false items are, consistently, denying that they are in 
good health. The keyed direction of Hs items is uniformly unde­
sirable. On the Hjr scale, however, we find high original-re­
versed correlations ( . 6 6 for true and .5^ for false scales), but 
low true-false correlations ( . 0 1 for original scales and .06 for 
reversed scales). Rorer had attributed these high original-re- 
versed correlations to content, and they cannot be attributed to 
acquiescence as traditionally conceived because the reversed- 
true items are false-keyed in the content direction, and the 
reversed-false items are true-keyed in the content direction.
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T a b le  1 ,1

Correlations among Original and Reversed Versions
of True and False Parts of MMPI Hs and Hjr Scales3

Original Reversed
true false true false

Hs Scale (High Content Consistency)

Original
true
false

1.00 
.61 1.00 •

Reversed
true
false

.51 .^2 1.00 
A ?  .71 .72 1.00

Hy Scale (Low Content Consistency)

Original
true
false

1.00 
.01 1.00

Reversed
true
false

.66 .08 1.00 

.13 .5^ .06 1.00

Correlations for Rorer's (19&5) original-reversed sub­
sample (males only, N = 9 6 ), as reported by Jackson and Messick 
(1 9 6 5). All subscales scored in content direction.
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It was the low correlation between the true and false parts of 
the scales, however, and the finding of a factor which separated 
the true and false parts of all the scales, which had originally 
led Jackson and Messick to interpret the factor as acquiescence. 
Clearly true and false scales correlating ,01 cannot be measures 
of the same content.

The Rorer findings led Jackson and Messick to propose a
p a r ttwo-factor theory of acquiescence, which rests^on an ambiguity 

in the notion of item reversal. Initially, acquiescence had 
been defined as the tendency to endorse like, agree, yes, or 
true on tests with bipolar response options. As in the reversal 
studies of the F-scale, acquiescence could be detected and meas­
ured by writing item reversals which expressed the same content

3ufin both true and false keyed form, .there are at least two ways 
of reversing the sense of an item with the form "I am X»” say, 
which may be termed negation and polar opposition. A negation 
reversal has the form "I am not X," while a polar opposite re­
versal has the form "I am Y," where Y is an attribute inconsis­
tent with X and at the opposite pole of the content scale. A 
fourth item type is produced by negation of the polar opposite 
("I am not Y"), and might be termed a double negative. Jackson 
and Messick suggested that the two kinds of reversal could serve 
to operationalize two kinds of acquiescence, which I will call 
agreement and endorsement.

Agreement has been called "interactive aqulescence" (Mes­
sick, 1967), "true responding" (Morf, 1968), or "agreement ac­
quiescence" (Eentler et al., 1971)» and is operationally defined



by differences in scores on true and false keyed scales for the 
same content. Agreement is thought to be the kind of acquies­
cence elicited by attitude scales such as the F-scale, and is 
related to what Damarin and Messick (1 9 6 5) called "Pattern I 
acquiescence: Low verbal interpretive skill," Endorsement has
been called "trait endorsement" or "trait acceptance" (Jackson 
& Messick, 19 65)* "impulsive acquiescence" (Messick, 19 67),
"item endorsement" (Morf, 1 9 68), or "acceptance acquiescence" 
(Bentler et al., 1971), and is operationally defined by differ­
ences in scores on positively and negatively worded scales, for 
the same content. Endorsement is thought to be the kind of ac­
quiescence elicited by personality inventories such as the MMPI, 
and is related to what Damarin and Messick (19&5) called "Pat­
tern II acquiescence: Speed, tempo and fluency."

In order to separate agreement and endorsement from one 
another and from content, it is necessary to have a fully crossed 
2 x 2  design on the scales for a given kind of content. In the 
reversal studies of the MMPI, most of the Item reversals used 
negation, so that typically, positively worded true items were 
given negatively worded and now false-keyed reversals. This 
leaves open the possibility that a person might respond true 
to the original and false to the reversal items because of his 
tendency to endorse items as self-descriptive (rejection of neg­
atively worded items is tantamount to accepting the positively 
worded originals, according to this theory). Reversal studies 
of the MMPI sufficed to rule out agreement acquiescence as an
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explanation for the second factor, but could not rule out en­
dorsement acquiescence since endorsement acquiescence was con­
founded with content.

Bentler et al. (1972) illustrate negation and polar oppo­
site reversal using the attributes X = "happy” and Y = "sad." 
An item "I am happy" appearing on a scale of depression (say) 
can be reversed by negation ("I am not happy") or by polar op­
position ("I am sad"), with a fourth variant produced by double 
negation ("I am not sad"). Only by having all four kinds of 
items can effects due to agreement and endorsement be separated 
from content responding. Table 1.2 displays the four item var­
iants, together with a content key and the two acquiescence keys. 
The two-factor theory of acquiescence predicts the pattern shown 
in Figure 1.1(a) for data which have not been scored in the con­
tent direction. Usually data are preprocessed by scoring all 
scales in the nominal content direction (which amounts to re­
flection of all the false keyed Items), yielding the predicted 
pattern shown in Figure 1.1(b) (after Morf, 1968, p. 11). In 
data containing all four kinds of scales (PT, PF, NT, NF), the 
two-factor theory of acquiescence predicts that a plane can be 
found through the data in which each kind of scale lies in a 
different quadrant.



T a b le  1 .2

Content, Agreement, and Endorsement Response Patterns

Item Form Direction 
of Wording

Direction 
of Keying

Symbol Content
Key

Acquiescence Keys 
Agreement Endorsement

X positive true PT T T T

Y positive false PF F T T

not Y negative true NT T T F

not X negative
>

false ' NF F T F
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AGREEMENT

NT PT
negative positive

true true

NF PF
negative positive
false false

ENDORSEMENT

(a) Unscored data.

AGREEMENT

NT PT
negative positive

true true

PF NF
positive negative
false false

ENDORSEMENT

(b) Scored data.

Figure 1.1. Predicted location of scales defined by 
hypothetical Agreement and Endorsement factors in data which 
are (a) unscored, or (b) scored. In the content direction.
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A content Interpretation of the Hs and Hy scales. Before 
examining the evidence for a two-factor theory of acquiescence, 
it will be useful to consider a content interpretation of the 
pattern of correlations found for the Hs and Hjr scales. As 
shown for Rorer's data in Table 1.1, all four versions of the 
Hs scale tend to have high positive correlations, suggesting 
that they are all measuring essentially the same thing. An ex­
amination of the Hs scale items will show that they almost all 
involve somatic complaints, as appropriate for a scale of "hy­
pochondriasis." For the H£ scale, however, the true and false 
original scales correlate only .01, and appear to be measuring 
somewhat different things. The finding of such low correlations 
between true and false parts of a scale was part of the evidence 
suggesting the presence of acquiescence— later specialized to 
endorsement acquiescence— in the MMPI.

The different behavior of the Hs and Hjr scales is especially 
surprising because they have many items in common. In fact, 
four of the 11 Hs true items and 16 of the 22 Hs false items also 
appear on the Kj; scale, keyed in the same direction. Table 1.3 
lists all of the items appearing on the Hs and H£ scales, grouped 
in six categories:

A - True keyed and common to Hs and Hjr {If items)
B “ True keyed and unique to Hs (7 items)
C “ True .ke.ved and unique to Hjr (9 items)
D " False keyed and common to Hs and Hjr (16 items)
F ~ False keyed and unique to Hs (6 items)
F “ False keyed and unique to (31 items)
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Table 1.3 

Comparison of Hs and Hjr Scale Items

A. True keyed and common to Hs and Ejr
23. I am bothered by attacks of nausea and vomiting.
43. My sleep is often fitful and disturbed.

114. Often I feel as if there were a tight band about my head.
I8 9. I feel weak all over much of the time.

B. True keyed and unique to Hs
29. I am bothered by acid stomach several times a week.
6 2. Parts of ray body often have feelings like burning, ting­

ling, crawling or like "going to sleep."
72. I think a great many people exaggerate their misfortunes

in order to gain the sympathy and help of others.
108. There often seems to be a fullness in my head or nose

most of the time.
125. I have a good deal of stomach trouble.
l6l. The top of my head sometimes feels tender.
273» I have a numbness in one or more regions of my skin.

C. True keyed and unique to Hjr
10. There seems to be a lump in my throat much of the time.
32. I find it hard to keep my mind on a task or a job.
44. Much of the time my head seems to hurt all over.
47. Once a week or oftener I feel suddenly hot all over,

without apparent cause.
76. Most of the time I feel blue.

179* I am worried about sex matters.



T a b le  1 .3  (c o n tin u e d )

True keyed and unique to Hjr (continued)
186. I frequently notice my hand shakes when I try to do some­

thing.
238. I have periods of such great restlessness that I cannot 

sit long in a chair.
253. I can be friendly with people who do things which I con­

sider wrong.

False keyed and common to Hs and Hjr
2. I have a good appetite.
3. I wake up fresh and rested most mornings.
7. My hands and feet are usually warm enough.
9. I am about as able to work as I ever was.

51* I am in just as good physical health as most of my friends.
55* I.am almost never bothered.by pains over the heart or in

my chest.
103. I have little or no trouble with my muscles twitching or 

jumping.
153* During the past few years I have been well most of the 

time.
163. I do not tire quickly.
175* I seldom or never have dizzy spells.
188. I can read a long while without tiring my eyes.
190. I have very few headaches.
192. I have had no difficulty in keeping my balance while

walking.
230. I hardly ever notice my heart pounding and I am very sel­

dom out of breath.
2^3. I have few or no pains.
27^. My eyesight is as good as it has- been for years.
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E. False keyed and unique to Hs
18. I am very seldom troubled by constipation.
6 3. I am troubled by discomfort in the pit of my stomach every

few days or oftener.
6 8. I wish I could be as happy as others seem to be.

130. I have never vomited or coughed up blood.
155. I an neither gaining nor losing weight.
281. .I do not often notice my ears ringing or buzzing.

P. False keyed and unique to H£
6 . I like to read newspaper articles on crime.
8 . My daily life is full of things that keep me interested.
12. I enjoy detective or mystery stories.
26. I feel that it is certainly best to keep my mouth shut 

when I'm in trouble.
30. A t times I feel like swearing.
71. I used to like drop-the-handkerchlef•
8 9 . It takes a lot of argument to convince most people of 

the truth.
93* I think most people would lie to get ahead.
107. I am happy most of the time.
109. Some people are so bossy that I feel like doing the op­

posite of what they request, even though I know they are
right.

12^. Most people will use somewhat unfair means to gain profit 
or an advantage rather than lose it.

128. The sight of blood neither frightens me nor makes me sick.
129. Often I can't understand why I have been so cross and 

grouchy.
136. I commonly wonder what hidden reason another person may 

have for doing something nice for me.
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T a b le  1 .3  (c o n tin u e d )

False keyed and unique to (continued)
137. I believe that my home life Is as pleasant as that of 

most people I know.
141. My conduct Is largely controlled by the customs of those 

about me.
147, I have often lost out on things because I couldn't make 

up my mind soon enough.
160. I have never felt better in my life than I do now.
162. I resent having anyone take me in so cleverly that I have

had to admit that it was one on me.
170. What others think of me does not bother me,
172. I frequently have to fight against showing that I am

bashful.
174. I have never had a fainting spell.
180. I find it hard to make talk when I meet new people.
201. I wish I were not so shy.
213. In walking I am very careful to step over sidewalk cracks.
234. I get mad easily and then get over it soon.
265. It is safer to trust nobody.
267. When in a group of people I have trouble thinking of the 

right things to talk about.
279* I drink an unusually large amount of water every day.
289. I am always disgusted with the law when a criminal is

freed through the arguments of a smart lawyer.
292. I am likely not to speak to people until they speak to me.
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The items in the first five categories are overwhelmingly con­
cerned with somatic complaints, which is one of the categories 
which always appears in attempts to cluster the MMPI items.
(For example, 27 of these 42 items appear on Tryon and Eailey*s 
[1970] Body Symptoms scale, -and 31 of* 42 appear on Wiggins* [1966] 
Organic Symptoms or Poor Health scales.) In reading through the 
first five groups of items, there appears to be little difference 
between the items unique to the Hs or scales, except perhaps 
that some of the Hjr items seem to be symptomatic of tension ra-

p
ther than somatic complaints (10, 32, ?6, 179* 186, 238 in^C).

On examining the false keyed items unique to the Hjr scale, 
in the sixth category, we find a few items involving somatic 
complaints (160, 1?4), but most of them appear to be from a dif­
ferent universe of content than the Hs and other items. Of 
particular interest for a clinical interpretationof "conversion 
hysteria" are a number of items which are keyed for denial of 
problems in talking to people, getting to know them, being in 
conflict with them, or distrusting their motives (2 6, 8 9, 93»
109, 124, 136, 141, 162, 201, 265, 2 6 7, 292). Clinically, highA

Hs people have many somatic complaints, and have also been char­
acterized as crabbed, dissatisfied, defeatist and cynical (Cuadra 
& Reed, 1954). High Hjr people are also noted for multiple somat­
ic complaints— which are difficult to localize and often trans­
parently useful for purposes of making life miserable for people 
who are close to them— but they also seem to have a peculiar 
lack of Information about how well they get along with others.
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Consider Sullivan’s characterization of a more or less typical
male hysteric:

So he has these attacks in and out of season when the 
provocation is sufficient; and he remains comfortably 
unaware of their effect on others, partly because he 
doesn’t pay much attention to other people anyway and 
partly because these are his symptoms, this is his 
sickness, this is somethin? mysterious and rather aw­
ful which abruptly descended upon him at 4:00 A.M. on 
a particular unforgettable morning and which the doc­
tors haven’t succeeded in making much sense of (Sulli­
van, 1956, p. 208).

Unlike the defeated and embittered high Hs people with whom
they share so much apparent pain and suffering, hysterics
often give the impression that their life and relationships
with others would be perfectly lovely if only it weren’t for
the current medical problem:

• • . one discovers sometimes the almost juvenilely 
simple type of operation set up to profit from the 
disabling system. The patient will often tell you in 
the most transparent fashion: "If it were not for
this malady then I could do " and what follows is
really a quite grandiose appraisal of one’s possibil­
ities. . . .  We know that under cover of the hyster­
ical disorder the patient works out dramas that are 
rather blatantly expressive of what is on his mind, 
and we marvel sometimes at the prodigies of inatten­
tion by which no clue as to what is the source of the 
difficulty reaches his awareness (ibid., p. 2 1 7).

From a content point of view, then, many of the false keyed 
items which are unique to the Hjr scale seem to be getting at 
the hysteric’s repression and denial of what others would re­
gard as his real problems in living.

I mentioned 16 Hjr items from group F which are clinically 
relevant to a diagnosis of hysteria (2 involving somatic com­
plaints, and 14 involving denial of conflict with others)—  

what about the remaining 15 items from group F? They are quite



a mixed bag. There are seven items dealing with aggression 
and violence, where the keyed false response suggests denial 
of interest in the topic (6 , 12, 3 0* 128, 129, 23^» 2 8 9). 
Consider item 6 : "I like to read newspaper articles on
crime." A true response clearly indicates an interest in 
crime (though not whether the respondents sympathy lies with 
the criminal or victim), and the.keyed false response indi­
cates lack of interest or, possibly, that the respondent has 
better things to do. To the extent that these items indicate 
repression of aggressive impulses, they can also be considered 
clinically relevant to a diagnosis of hysteria. For three 
more items, the keyed false response indicates a lack of in­
teresting things. t-Q .do., unhappiness, o r  an unpleasant home 
life, and is vaguely suggestive of depression (8 , 1 0 7, 13 7). 
It would be futile to try to justify all of the items from a
clinical standpoint, because of the inadequacy of the original 

keying
criterionAof the scales. The MMPI scales were constructed by 
choosing items which discriminated about 1500 "normal" persons 
from rather small groups of neuropsychiatric patients. Fifty 
persons diagnosed as having conversion hysteria formed the 
criterion group for the H£ scale, and many of the items do not 
stand up under cross-validation (Kleinmuntz, 1 9 6 7). I nomi­
nate item 71 ("I used to like drop-the-handkerchief") as the 
item most likely to be on the Hjr scale by accident.

Thus, there are two main content areas covered by the Hs 
and Hjr items. The Hs scale appears to be an essentially uni­
factorial measure of somatic complaints, but the longer Hjr
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scale contains items from at least two content domains. The 
29 Hjr items in groups C and D (20 of which are shared with 
the Hs scale) appear to be measuring the somatic-complaint 
component, while the 31 false Hy items in group F appear to 
be measuring a repression or denial component.

To see how a content interpretation of the Hs and Hjr 
scales leads to a plausible Interpretation of the MMPI fac­
tors, examine Figure 1.2, which displays the loadings for se­
lected MMPI scales in the (I,II) plane. These loadings are 
from the male subsample of Rorer’s original-reversed data 
again, as reported by Jackson and Messick (1965). Double 
points in Figure 1.2 represent the original and reversed ver­
sions of the scales, scored in the content direction. (Pro­
jections of the majority of MMPI scales are omitted in this
Figure, which shows only scales which have been specifically 
discussed in this chapter.) The true and false Hs subscales 
and the true Hy subscale all load together at the undesirable 
end of the first factor. These somatic-complaint scales are 
markedly undesirable in content, like the anxiety and tension 
items making up the A scale, leading to the interpretation of 
the first factor as Social Desirability. The false Hy scale
loads on the second factor, next to the R scale and near the
negative pole of the factor identified as Acquiescence.
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Social ■ 
Desirability Hsf Hs

Figure 1.2. Selected loadings in plane of largest two factors for Rorer (19^5) 
data, male subsample, as reported by Jackson and Messick (19&5)* MMPI reversed 
scales have been underlined.
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Thus, content and style interpretations of the MMPI tend 
to converge on an identification of the same factors. Social 
Desirability is the £ of psychopathology, and while such unde­
sirable traits as somatic complaints and anxiety complaints

Hou/evc*',
are conceptually distinct, they are highly correlated. it is
the second factor which is most at issue here, and the factor
described as acquiescence is marked at its negative pole by
scales interpretable from a content point of view as measures
of repression, I would argue that the group F Hjr scale items
meet the definition of "content" as

• • • response consistencies which reflect a particular 
set of broader behavioral tendencies, relatively endur­
ing over time, having as their basis some unitary per­
sonality trait, need state, attitudinal or belief dis­
position, or psychopathological syndrome (Jackson & Mes- 
sick, 19o2b, p. 542).

The keyed false responses do not represent repression or de-
primarily oG

nial of just any content, but /content concerned with inter­
personal conflict, emotionality, aggression and violence. Ac­
cording to clinical theory, hysterics have difficulty coping 
with these and deal with them using the mechanism of repression. 
Vide Shapiro:

. • • the picture of. hysterical neurosis is relatively 
clear-cut. It was the first neurotic condition to be 
studied by Freud, and, among neuroses, none has been 
more definitely or clearly associated with the operation 
of a specific defense mechanism than has hysteria with 
repression. The relative simplicity of this association 
becomes evident if, for example, it is compared with the 
constellation of defense mechanisms usually considered 
to be operative in obsessive-compulsive pathology— name­
ly, regression, reaction-formation, isolation of affect, 
and undoing.



The mechanism of repression, furthermore, has a 
simplicity and clarity that is unique among the various 
defense mechanisms. It was, along with hysterical pa­
thology, the first defense to be studied, and it retains 
a basic or elemental quality among the mechanisms, which 
cover a considerable range in both complexity and clar­
ity. The mechanism of repression and its significance 
In hysterical pathology are, therefore, clear enough and, 
undoubtedly, real enough (Shapiro, 19&5* P* 1 0 8).

Shapiro’s monograph discusses hysteria as a "neurotic style," 
and explicitly relates the notion of neurotic style to the 
work of Gardner, Klein, and their associates on "cognitive 
style" (cf. Gardner, Holzman, Klein, Linton & Spence, 1959; 
Gardner, Jackson & Messick, I960; Shapiro, 1965* PP. 13-15)•

At this point, some ambiguity in the notion of "response 
style" may be noted. In their original paper on content and 
style in personality assessment, Jackson and Messick (I9 5 8) re­
lated the notion of style to both "cognitive style" (p. 2^3 ) 
and "response set" (p. 2 h b ) , with "response style" (p. 2 5 1) 
emerging as the preferred expression and having connotations of 
both cognitive style and response set. Jackson and Messick in­
dicated that it was difficult to distinguish between content 
and style in actual behavior:

One may legitimately ask not only what a person says or 
does (the particular content of his statements and ac­
tions) but how he acts (his characteristic mode or style 
of expression).

What is conceptually a relatively sharp distinction 
is typically blurred and confounded in a particular con­
crete act; the what and how are fused in a given goal- 
directed^ (Jackson & Messick, 1953* P» 2^3).

W p c r t  SC.
At the same time, they indicated that It was possible to dis­
tinguish between content and style in data, by designing as­
sessment techniques "to evoke theoretically important styles



of response." Such devices as systematically varying true and 
false keying, positive and negative wording, absolute and rel­
ative phrasing, and so on* would enable researchers to separate 
the variance attributable to content from the variance attri­
butable to style. Thus, the conceptual distinction between 
content and style seems appropriate for the notion of "cogni­
tive style," which is confounded with content (and presumably 
correlated with content in data), while the proposed research 
model seems appropriate to the original notion of "response 
set" since it depends on the detection of response habits as­
sociated with (from a content point of view) superficial char­
acteristics of item and test formats. For field-independence, 
the best known cognitive style construct, one would not ordinar­
ily consider partialling out field-independence in order to get 
better measures of "content." Field-independence is typically 
conceptualized as a "content" which is measured along with other 
cognitive "content" variables. For response styles associated 
with direction of keying or wording, however, it seems natural 
to consider partialling them out to get better measures of "con­
tent." The force of the finding that 25-^5^ of the MMPI common- 
factor variance is attributable to acquiescence is that this 
sort of "massive" response style effect is an indictment of the 
instrument. That the MMPI is dominated by two large factors 
accounting for 7 5 i  of the common-factor variance is already an 
undesirable feature for an instrument which is used, for better 
or worse, for purposes of differential diagnosis; if these two 
factors are merely attributable to response style, it seems to 
follow that the MMPI is basically worthless.
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There Is more congruity between the content and style in­
terpretations of the acquiescence-repression factor than meets 
the eye. Clinically, repression is a defense mechanism, and 
an aspect of hysterical neurotic style. Shapiro argues per­
suasively that it resembles a cognitive style, since the hys­
teric’s faulty recollection is aided by a rather impressionistic 
and global mode of cognition. It would seem difficult to meas­
ure repression as directly as one can measure anxiety or hypo-

or
chondriasis: People who are anxious/feel sick much of the
time are well aware that this is so, and even though it is

•to \f\Me
socially undesirable A they can be reported! accurately. Peop­
le who avoid threatening material using the defense mechanism 
of repression, however, don’t know that they do it. Repression 
takes place outside of awareness, and lacks the strong negative 
affect associated with anxiety or somatic complaints. Thus, I 
would rationalize the form of the R scale and the group F 
scale items by suggesting that most of the items deal with in­
terpersonal conflict, aggression and violence— in rather mild 
forms— in such a way that the non-keyed true response indicates 
an interest in the topic, while the keyed false response indi­
cates a lack of interest. On this reading, it is crucial that 
the items do not imply "I am an aggressive, violent person," 
which most people can truthfully deny; instead, the items im­
ply something like, "I am interested in aggression and vio­
lence." Given the history of the species, it seems rather 
natural for human beings to express an interest in aggression, 
violence, and the milder forms of interpersonal conflict, and 
the systematic denial of such an interest suggests the opera-
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tion of the defense mechanism of repression. The association 
between repression and the negative ("nay-saying") pole of the 
acquiescence factor was accidental, but it makes clinical 
sense. After the fact, we can interpret the group F items 
as having a suppressor function: They serve to identify the
subgroup of people expressing many somatic complaints who are 
also using repression as a defense mechanism.

Hathaway and McKinley never conceptualized conversion 
hysteria, say, as a unifactorial— or even multifactorial— per­
sonality dimension which they set out to measure. Instead, 
they began with a criterion group of people diagnosed as hav­
ing conversion hysteria, and selected the items which empiri­
cally distinguished them from normal controls. Now, if the 

scale is actually multifactorial, as I have argued, that 
poses problems for the use of the scale in diagnosis. These 
problems have little to do with the content-style controversy, 
but should be mentioned here. An "elevated" Kj; score (above 
70 after T score conversion) results from about 30 keyed re­
sponses, for both males and females (Hathaway & McKinley, 1967* 
p. 26). Since the scale consists of 60 items, it is possible 
for the 30 keyed responses to come primarily from the somatic 
complaint component or primarily from the repression component, 
and it would clearly make a difference for purposes of inter­
pretation if there were a substantial imbalance either way.
MMPI specialists attempt to deal with this problem using pro­
file analysis so that, for example, if Hs and H£ are both ele­
vated it means one thing, while if Ĥ r is elevated and Hs is
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normal or low it means something else. From a measurement 
point of view, it would be preferable to attempt to measure 
the somatic component and repression components separately, 
rather than to make inferences about them based on profile 
differences.

As for the status of the controversy over the interpre­
tation of the MMPI second factor, I will mention several 
points which seem well established, together with several 
questions which seem unresolved. (1 ) We have several rever­
sal studies showing that H scale content can be expressed in 
true as well as false keyed form, and that the resulting 
(agreement) acquiescence components are small for the H 
scale (about 5% of scale variance). Such a small agreement 
component implies only a minor perturbation of the rank order 
of individuals on R scale content using the unbalanced scale, 
so that the observed association between content and direc­
tion of keying would not, by itself, invalidate the infer­
ences one would like to draw on the basis of R scale content, 

f (2) We have the showing of Bock et al. that small acquies­
cence components can nevertheless have a strong.effect on the 
correlational behavior of scales if acquiescence is corre­
lated with content. Recall that Bock et al. discussed A and 
R scale content, and then provided a component analysis of 
the Pt and scales. An examination of the A and Pt scale 
items indicates that the Pt scale is a reasonable proxy for 
the A scale, so that the observed correlation of .^7 between 
Pt content and acquiescence is approximately what would be
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found for the A scale as well. Bock et al. found a negligible 
correlation (-.09) between Hy scale content and acquiescence, 
but I would judge that this estimate would not necessarily 
hold for R scale content as well, owing to the multifactorial 
nature of the Hy scale. It is entirely possible that acquies­
cence is uncorrelated with the Hy resultant content, but cor­
related with both components. A simple example will show this. 
Imagine the following factor structure:

- I  II KHs H
1 

• o • o

Hy .7 .7
R  ̂ .0 1 .0  j

This implies that Hs and R are uncorrelated, while Hy is cor­
related with both. Two factors account for all the variance 
of the three variables, so we have the luxury of measuring them 
without error. Nov: add acquiescence (Ac) and a third factor to 
this structure, and the fact that acquiescence and Hy content 
are uncorrelated is compatible with several very different 
factor structures, e.g.,

Hs

m .

H
AC

I II III
1.0 .0 .0
.7 .7 .0
.0 1.0 .0
.0 .0 1.0 J

(a)

ri!o 
.7

II III
.0 .0

.7 .0

1 .0 .0

-.5 .7
(b)

r I /1.0
.7

II III
.0 .0  ̂
.7 .0

1 .0 .0

-.7 .0 j
(c)
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At one extreme, (a) depicts a situation In which acquiescence 
is uncorrelated with Kjr and Its two components; (b) depicts a 
situation in which acquiescence is uncorrelated with Hy but 
correlated with both components; and at another extreme, (c) 
depicts a situation in which acquiescence is entirely pre­
dicted by Hs and H, so that the third factor is not needed, 
but acquiescence is still uncorrelated with Hy. These three 
situations would have somewhat different implications for an 
attempt at a substantive interpretation of acquiescence. As 
it now stands, the literature does not provide direct evi­
dence in the form of a component analysis concerning the rela­
tionship between R scale content and acquiescence. The rever­
sal studies using the R scale do not provide test-retest data 
for the same subjects, making it impossible to estimate the 
R scale content-acquiescence correlation. On the other hand, 
the Bock et al. data do not directly address the issue of R 
scale content and acquiescence. It would be feasible to re­
analyze the Eock et al. data, performing separate component 
analyses of the items measuring the somatic component (groups 
A a n d  items 160 and 17^ from group F in Table 1.3)» anc* 
the items measuring what I have interpreted as the repression 
component (the remaining group F items). A by-product of this 
analysis would be an estimate of the correlation between the 
somatic-complaint and repression components.
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(3) A third Issue raised in the content-style controversy 
over the second MMPI factor is the Jackson-Messick hypothesis 
of a second (endorsement) acquiescence factor. My reading of 
the literature is that the first (agreement) acquiescence fac­
tor should not be ruled out as having a bearing on the MMPI 
factor structure. The endorsement acquiescence hypothesis 
would, if confirmed, strengthen the response style position 
in the controversy over the MMPI. To my knowledge, no one 
has ever prepared sets of polar-opposite original and reversed 
items for the MMPI (as noted earlier, the existing reversals 
are primarily of the negation kind), and administered both 
sets to the same subject. Most of the studies bearing on the 
two-factor theory of acquiescence have used items drawn from 
the PRF item pool. The most extensive set of new data was 
collected by Morf (1968). These data are reanalyzed in Chap­
ter 3> and I will argue there that the data do not provide 
support for the two-factor theory. Neither do they disprove 
it, however. The next section discusses another line of evi­
dence, other than the evidence based on the MMPI factor struc­
ture, which has implications for both the two-factor theory of 
acquiescence and for a substantive interpretation of acquies­
cence.
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Substantive Interpretations of acquiescence. At about 
the time that the content-style controversy was heating up 
over the MMPI, Damarin and Messick (1965) completed a review 
of studies by Cattell and his associates which included var­
iables having a bearing on response style issues. Evidence
from a series of these studies (Cattell, 1955* Cattell, Dubin

I& Saunders, 195^a, 195^-b; Cattell & Gruen, 1955* Cat^ll & 

Peterson, 1959; Cattell & Scheier, 1959, I960) suggested the 
presence of at least two acquiescence patterns, which Damarin 
and Messick called Pattern I (low verbal interpretive skill) 
and Pattern II (speed, tempo and fluency). Pattern I acqui­
escence is evidenced by negative correlations between verbal

sability and acquiescence (e.g., Frederiksen & Messick, 1959; 
Messick & Frederiksen, I95S). This had been noted a number 
of times in studies using acquiescence measures based on the 
MMPI. In Cattell*s work, the measure Little logical consis­
tency of attitude (HI32?), a count of discrepant responses to 
major and minor parts of syllogisms scattered throughout a 
questionnaire, serves as a measure of Pattern I acquiescence. 
Damarin and Messick suggested that Pattern I acquiescence 
might arise from overgeneralization, "as measured by the un- 
reflective acceptance of sweeping, unqualified beliefs." On 
this view, the negative relationships betvreen verbal ability 
and acquiescence arise because people with low verbal ability 
are more likely to endorse glittering generalities. Pattern 
II acquiescence, on the other hand, is evidenced by positive 
correlations between acquiescence and measures of speed, tempo
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and. fluency. This pattern resembles the pattern discovered by
Couch and Keniston in their clinical assessment of subjects
scoring highest and lowest on the OAS acquiescence measure:

. . .  we asked the subjects about their attitude toward 
questionnaires, Yeasayers and naysayers described how 
they approached the task of answering Likert scale items 
in consistently different ways. The yeasayer responded 
to the "surface" of the items' meaning, did not reflect 
on their possible full implications, and thus gave im­
pulsive, immediate answers. This pattern is consistent 
with the yeasayer*s preference for blunt, straightforward, 
and extreme opinions, which reflect his emotional feel­
ings at the moment. In quite an opposite manner, the 
naysayer analyzes and dissects each item, considering it 
from several points of view and attempting to be "logi­
cal" in his responses to the highly "interpreted" state­
ments of the questionnaires (Couch & Keniston, i9 6 0, pp.).

Some simplification would result if low verbal interpretive
skill and measures of speed, tempo and fluency were highly
correlated, but as Damarin and Messick observe:

There is no evidence that acquiescers of this type have 
either higher or lower ability than their opposite num­
bers, the naysayers. Rather, subjects who are high on 
this pattern seem to acquiesce as part of a generally 
rapid, slap-dash approach to many of the tasks put be­
fore them (Damarin & Messick, 1965* p. ^3)»

We have, then, two psychological interpretations of acquies­
cent responding, which Messick (196?) called "interpretive ac­
quiescence" and "impulsive acquiescence." The first is in­
tellectually based, while the second is temperamentally based.

The articulation between the agreement-endorsement dis­
tinction arising from the MMPI controversy, and the interpre­
tive-impulsive distinction which has just been made, is not
fully clear:
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Further research is required to see if the agreement ten­
dency results primarily from interpretive difficulties 
and the endorsement tendency primarily from impulsive­
ness, or whether both intellectual and temperamental pro­
cesses contribute, perhaps in different proportions, to 
both agreement and endorsement response tendencies (Mes­
sick, 1967, p. 14*0. [My preferred term "endorsement" has 
been substituted in this passage for Messick's preferred 
term "acceptance" for the newer kind of acquiescence; no 
difference in the interpretation of the two kinds^of ac­
quiescence is implied, but the terms "agreement" and "en­
dorsement" facilitate a symbolization of agreement and 
endorsement components, in later chapters, by and ">) J.

Pattern I acquiescence had been observed primarily with acqui­
escence measures derived from the F-scale and other attitude 
surveys, while the Couch and Keniston OAS measure was derived 
from items on personality inventories such as the MMPI. It 
seemed possible that the apparent failure of acquiescence to 
show up in reversal studies of the MMPI was attributable to 
the fact that Pattern II acquiescence was more important for 
the MMPI than Pattern I acquiescence. Noting the ambiguity in 
the notion of item reversal— polar-opposite versus negation—  

Jackson and Messick (1 9 6 5) suggested that negation reversals 
served to operationalize Pattern I acquiescence or agreement, 
while polar-opposite reversals would serve to operationalize 
Pattern II acquiescence or endorsement. Thus the lines were 
dravm, pairing the interpretive-temperamental acquiescence dis­
tinction based on an examination of the correlates of acqui­
escence, with the agreement-endorsement distinction based on 
two different ways of operationalizing acquiescence in rever­
sal studies.



In the first study designed with the agreement-endorse­
ment distinction in mind, Jackson and Lay (1968) prepared sets 
of negation and polar-opposite reversals for five PRF scales. 
This study provided no evidence that either kind of acquies­
cence was found in the experimental scales, which Jackson and 
Lay attributed to the fact that the PRF items used, which had 
been drawn from the published form of the PRF, were highly 
content-saturated. No component analysis of the scales was 
performed, but the factor analysis suggested that acquiescence 
would not be a sizable component. Also, none of the content 
factors appeared to be correlated with acquiescence markers 
based on heterogeneous MMPI items.

The most ambitious attempt to construct faceted scales 
suitable for measuring both agreement and endorsement is 
Morf's (19 68) dissertation (Morf & Jackson, 1972). Morf used 
items originally written for four PRF scales, but not included 
in the published form because of somewhat modest content satu­
rations, and prepared true and false keyed and positively and 
negatively worded variations on the scales, in a 2 x 2  de­
sign. In a factor analysis of the data, Morf found an agree­
ment and endorsement factors showing the predicted pattern in 
Figure 1.1(b) (cf. Morf & Jackson, 1972, Figure 1, p. 3^5 )•
The two factors accounted for 30$ of the common variance (12$ 
of the total variance), and provided clear support for the 
two-factor theory of acquiescence.
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Implications for Research

No study has yet been made in which agreement and endorse­
ment acquiescence have been measured, using reversal methods, 
along with measures of the intellectual and temperamental pro­
cesses thought to underlie them. Thus, it would seem desirable 
to measure agreement, endorsement, verbal ability simultaneously 
and study their interrelationships (Messick, 19&7). ^ detailed
statement of hypotheses about these relationships is reserved 
for Chapter h .

The method of choice for analyzing the data is some form 
of component structure analysis. Chapter 2 discusses compon­
ent structure methods as developed up to the time of the Eock 
et al. (1969) study of MMPI data. Recent developments in max­
imum likelihood methods for covariance structure analysis pro­
vide even better ways of testing structural hypotheses for 
faceted test data (Jdreskog, 197*0» and these methods are also 
reviewed in Chapter 2.

Chapter 3 applies these methods to a reanalysis of Morf's 
(1968) data, which provide the principal direct support for 
the two-factor theory of acquiescence. This, reanalysis raises 
a number of questions about the strength of the support offered 
by the Morf study, and suggests a number of ways in which that 
study can be improved.
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Chapter 2

Component Analysis and Covariance Structure Analysis

This chapter reviews two kinds of models for analyzing 
faceted test data. The initial concept of the dissertation 
was to use component analysis, which had been applied to F- 
scale data by Chapman and Bock (1958) and to MMPI data by 
Bock (196^; Bock et al., 1 9 6 9). The methods seemed general- 
izable to more complex designs than Bock had considered. In 
fact, Bock (i9 6 0) had indicated that "a monograph reporting 
the results and the steps in the general method" was in pre­
paration, but no such monograph seems to have appeared. The 
component analysis model provides an Interesting approach to 
faceted test data, and on stated assumptions it yields com­
putable estimates of the variance components in test data.
The model tends to break down when the assumptions are not 
met, as we shall see, but it can still provide useful infor­
mation about test data, especially with small datasets.

The first part of the chapter.reviews component analysis
Vas applied to 2— designs, and illustrates the method with 

several datasets. Component analysis has been largely super­
seded as a distinct kind of analysis, partly by work on the 
general multivariate approach to ANOVA (e.g., Bock, 1975"), 
and partly also by the work on maximum likelihood methods of 
covariance structure analysis. The second part of the chapter 
reviews covariance structure analysis. This method is illus­
trated in Chapter 3.
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Component Structure Analysis

We begin with 2^ measures of the same content, in a 
2 x 2 x • • . x 2 design. We will speak of the latent sources 
of variance underlying the observed measures as "content" and 
k facets or, collectively, as the k+1 "variance components." 
The structural model for the observed measures may be written:

[2.l] x = + B z + e ,

where:

x is a 2̂ S x 1 observable random vector of test scores, 
with E(x) = JJL ;

z = (?» yS» V... )‘ is a (k+1) x 1 latent random vec­
tor of scores on the component variates, specialized as 
a content component (£) and k components attribut­
able to the facets of the design («<, y3,Y... )» with
mean vector E(z) = 0  ; ' 

e is a 2— x 1 latent random vector of error variates, 
with mean vector S(e) = 0 ; and 

B is a 2^. x (k+1) design or pattern matrix of fixed 
constants.

Covariance matrices will be symbolized by a capital-C with 
subscripts, so that E(xx*) = CL-. , E(ze* ) = C , etc. In 
general, we will assume that the error variates are uncorre­
lated with the latent components (C = C - 0 ) , and withze ez
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more restrictive assumption that the error variances are 
equal (C = d”2 I ) • Taking crossproducts and expectations

V  w

of [2.1], we may write the basic expression for the covariance 
structure of the observed measures as:

[2.2] C = BC B* + C ,L J xx zz ee *

which expresses the known covariances C__ in terms of the
A  A

known parameters in B and the unknown covariances C andz z
c • f2-2] is formally equivalent to the standard factorG G
analysis model with correlated factors, except that the param­
eters in B are known rather than unknown (3urt, 19^7). By
solving [2.2] for the component structure of the latent com­
ponents, a consistent solution will be:

[2.3l C„„ = E” C B*“ - B" C 3'“ ,L J zz xx ee *

where B~ is any £-inverse of B such that B"B = I • As
it happens, we can always take E to be orthogonal by col­
umns such that 3 fB = 2^ I , which entails a simple form for
B with coefficients equal +1 , and also a simple form for
the inverse of B , namely B“ = 2“— B* • For example, for
one, two and three facet models, the appropriate design mat­
rices are:
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[2 • ̂c]

B,

B,

<* /a
1 1 1
1 1 -1
1 - 1 1

\ 1 - 1 -1

s c>& /3
/I 1 1
/ 1 1 1

1 1 - 1
1 1 - 1
1 - 1 1
1 - 1 1

t 1 - 1 - 1
\l - 1 - 1

and

\

J
In each case, the first column of B^ in [2 .̂ ] corresponds to 
the content component, which implies that the tests have all 
been scored in the content direction, and the subsequent col­
umns correspond to successive facets of the design. The de­
signs all imply main-effect models, snd the tests may always 
be ordered in x so that the designs in [2j+] apply. In each 
case, it can be confirmed that B*B = 2— I , and taking B“ to 
be the left g-inverse of B , we have immediately:

[2.5] B" = (B’E r ^ *  = 2“-B* .

With this result, [2 .3J may be rewritten:

[2.6] C = 2’ 2̂ [ b 'C B - B* C B .J zz I xx ee J

We consider now a general strategy for component structure 
analysis, implicit in the Chapman and Bock (1958) and Bock et 
al. (I9 6 9) analyses, which involves the order-k Hadamard "solu­
tion" matrix. The order-k Hadamard matrix Hk may be generated
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as the Kronecker product ®  <8> . • • <&> with k terms,
beginning with below, and for order 1 to 3> we have:

[2.7a]

[2.7b]

C  2> 7 °]

H„

Hr

H'

=  2’

= 2-1
'l l 'l i> 
l l - i - i  
l - i  l -i 
l -1 -l i )

and

= 2-3/2j

t, oi A 'Y <x/i «Y AY c&i
(1 1 'i 1 1 1 'i n
1 1 1 - 1  
1 1 - 1  1 -  
1 1 -1 -1 - 
1 - 1 1  1 - 
1 -1 1 -1 - 
1 - 1 - 1  1 

Vi -l -i -l

Some general properties of this class of matrices are readily 
apparent. They are square, not necessarily symmetric matrices 
of order 2 ^ x 2 ^ .  They are orthonormal by columns so that 
H*H = I , which implies ET* = H* . Finally, the design ef­
fects are in "conventional order," with main effects followed 
by successively higher degrees of interaction effects (Bock, 
1975 > PP. 273-277). The first k+1 columns of (,2.73 corres­
pond to the design patterns of £2.V]> note that has
more columns than (for k>l). The surplus columns of
have been labeled as interactions involving the facets of the 
design as, logically, they are. Whether the effect of such
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Interactions on the component structure can be investigated 
depends partly on the assumptions made about the data, and 
partly also on the degrees of freedom available for exploring 
alternate models. In general, we will assume that no inter­
actions are present.

As we shall see when we examine examples of 2̂ S designs, 
the observed covariances in Cxx may be characterized as a 
complex function of the latent variates. Considerable simpli­
fication results when both sides of £2.2*] are postmultiplied 
by of the appropriate order, and premultiplied by its
transpose. The simplification results from the fact that

A[2.8a] .= 2*1

[z. 8b] or = 2—‘

for k = 1

where the (k+1)-square identity matrix is bordered on the 
bottom, in the general case [2.8b3, by a (2--k-l) x (k + 1) 
null matrix. Let H* C H = V , say. Then from [2 .2], we

X X

can obtain:

[2.9a] V = 2 C zz + H » C e e H for k = l

f*2.9"b| or = 2-( zz ° ) + H* C H for k > 1
L J [ 0 0 J ee

The right side of [2.9] may be characterized as a simple func­
tion of the component variances in CZ2 , but a complex
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function of the error variances in C • Still further simpll-v?
fication results if we can assume homogeneous error, with 
Cee = <f€2 I , which entails H* Cee H = I as well. In par­
ticular, with the error variances homogeneous and presumed 
known, the variance components may be found simply as:

0.10} °\ = 2-S(v -

in the general case. The presence of zero or near-zero elements 
on the left side of £2.103 serves as a partial check on the as­
sumptions of the model. We may now proceed to work out some of 
these principles of analysis in a few concrete instances.
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A 2-component (1-facet) design. Table 2.1 displays the 
developments In equations [2.1]-£2.10] for a 2-component de­
sign. The design follows the model and concepts of Chapman 
and Bock's (1958) analysis of the F-scale. In the structural 
model for individual scores, corresponding to Chapman-Bock 
equations [l]-[2] and [2.1] of this paper, t and f repre­
sent the observed scores bn true and false keyed versions of 
the F-scale. The population means and errors of measurement

and , and the latent 
sources of reliable variance are the content and acquiescence 
scores £ and oi .

The covariance structure of the observed measures, in 
the second panel of Table 2.1, summarizes the relationships 
given by Chapman-Bock equations [3]i [*0 and [6], It is ap­
parent from the covariance structure that there are five un-

2 2 2 .pknown elements (6^ , 6 ^  , and o€ ^ ) , but only
2 2three known elements (<£ , 6  and ) , so the solu-t f tf

tion for the elements of C2Z is underidentified. The solu­
tion is a just-identified one if we assume zero error vari­
ances, but that assumption is not very plausible. Assuming 
that the error variances are equal eliminates one of the un­
knowns, but still does not yield an identified solution. One 
defensible strategy is to use estimates of reliability 
and , obtained from item analyses of the true and false
tests, to estimate the "true score" (substantive) components

are represented by jufc ,
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Component Analysis for 2-Component Design 

Structural Model

Covariance Structure of Observed Measures

xx

Solution Oneration

+ E

Component Structure of the Latent Variates
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of variance, and then let the residuals estimate the error 
variances. That is, we assume that the error variances are 
known to be:

[2.11a] <f/t - U

Now the solution is a just-identified one, and the estimates 
of the variance components in C are available by straight-

ZZ

forward algebraic methods. If estimates of p  are not/ ff A p
available, another defensible strategy is to assume
and then use [2.11a] to estimate the common error variance.

The "solution operation" of Table 2.1 is implicit in the 
Chapman-Bock analysis, and explioit in the Bock et al. (1 9 69) 
analysis of MMPI data. It amounts to a rotation of the axes 
of C through ^5°» and leads to compact formulas for theXX
variance components of C__ , in the bottom panel of Table

ZZ

2.1. The solution for C summarizes the relationships givenzz
by Chapman-Bock equations [5]» [7] and [8].

Table 2.2 contains a reworking of the Chapman-Bock analy­
ses for six P-scale studies. Studies missing estimates of 
01  f t t  are omitted, and Bass’s (1955) study is added to the 
studies considered by Chapman and Bock. All of the variances 
reported in the original studies have been rescaled so that 

= 1.000 , making it easier to compare results across
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T a b le  2 .2

Component Analysis for a Panel of 6 Studies 
(after Chapman and Book, 1958)

Statistics
Studies®

A B C D E F
N subjects 84 134 144 184 152 346
n items/scale 28 10 16 30 10 10

Datab

<r2f .313 .600 .751 .454 .859 .716

*tf .112 .132 -.009 .195 .046 .161

*11 .768 .932 .86? .922 .976 1.019

—22 .544 .668 .884 .532 .883 .697

-1 2 .344 .200 .125 .273 .070 .142

/°tt .81 .69 .53 .71 .52 .6 0

/°ff .50 .41 .41 .42 .43 .42

Estimates

> 2
^ t .190 .310 .470 .290 .480 .400

.156 .354 .443 .263 .490 .415
?e2 .173 .332 .457 .277 .485 .408

£*2 • 297 .300 .205 .323 .246 .306

.186 .168 .214 .127 .199 .145
2 ^ .344 .200 .124 .273 .070 .141
A .732 .445 .297 .673 .159 .337
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Table 2.2 
(continued)

aReferences to original studies: A - Bass, 1955 \ B, C -
Chapman & Campbell, 1957; D - Chapman & Campbell, unpublished; 
E, F - Christie et al., 1958.

. 2 Published variances were rescaled so that - 1.000
for all studies. Elements of V are obtained by transforma­
tion of C • Reliabilities were obtained by split-half meth- xx
ods in study A, by coefficient-otin studies B, C and D, and by 
unreported methods in studies E and F,
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studies, , and d*f2 and 6  (computed as » rt f * t ^  have
been adjusted accordingly* Note that while the calculations
are reported with three decimal places, the accuracy of the
calculations is limited to two decimal places, at most, owing
to the influence of r._ , >0. . and /O.. on the results.— tf ' tt ~f f

The first point to notice in Table 2.2 is that the var­
iances and reliabilities of the false scales are markedly lower 
than those of the true scales. These are phenomena which the 
component analysis model attempts to explain, and attributes 
to acquiescence or, more precisely, to a content-acquiescence 
correlation. The variances of true and false scales under the 
model are:

[2.12a] 6 *  = d£2 + d"2 + 2 ̂  , and

[2.12b] <ff2 = <5j2 - 2 ^  +<*•«?,

so assuming equal error variances, the true scales will have 
larger variances whenever there is a positive content-acquies­
cence covariance; and under the same circumstances, the true
scales will have larger apparent reliabilities.

The reliability estimates reported in Table 2.2 vary con­
siderably in magnitude. We have already noted the differences 
between the reliabilities for true and false tests from the 
same study. One reason for the differences in reliabilities 
between studies is the fact that they are estimated from
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scales which vary In length from 10 to 30 Items. Using the 
Spearman-Brown formula to adjust all the true scale reliabil­
ities to a common scale length of, say, 30 items, the values 
for j range from .68 to .87* Other reasons for the
differences In reliabilities between studies include sampling

S i  d i f f e r e n t  St* f i r i. rr%e S }
variability from study to study,Aand the use of different 
methods for estimating reliability (coefficient-^ a^d spllt- 
plot).

Chapman and Bock chose to complete the solutions for the 
variance components using two alternate values for the error 
variance, namely = .15<5l2 and *30 • Table 2.2

w u

uses error variances estimated separately for each individual 
study. An empirical check on the assumption of equal error 
variances can be made using [2.11], and as shown in Table 2.2,
a.2 £2and are very similar within each study, and do not
differ significantly. Accordingly, the error variances were 
pooled within studies using 2^ = + ^ f  ̂ * Finallyt

-  /\ A  A  Ausing L2.10J and <3̂  , the variance components
and correlations between latent variates were obtained, as 
shown in the last four rows of Table 2.2.

Since the data were scaled to yield true scale variances 
of 1, the variance components in Table 2.2 are directly inter­
pretable as proportions of true scale variance. A check on 
the computations (for the first study) is given by:

^t2 = .297 + .186 + 2 x .732 x/.29? x .id6 + .173 e 1. »
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within rounding error. All six studies show substantial var­
iance components for acquiescence, ranging from 13# to 21# of 
true scale variance. The acquiescence components tend to be 
smaller than the content components, which range from 25# to 
32# of the true scale variance. The studies agree in showing 
positive correlations between F-scale content and acquiescence, 
ranging from .16 to .73. When the content-acqulescence corre­
lation is high.(the median value is about .4), a large propor­
tion of true scale variance is attributable to the content- 
acquiescence covariance, so acquiescence contaminates relation­
ships between the F-scale and outside measures both directly, 
as a determinant of scores, and Indirectly, through its corre­
lation with content. As Chapman and Bock observe,

Whether the added acquiescence variance in the F scale 
is "valid” or "invalid" depends on what is being pre­
dicted. Prediction of a comparatively acquiescence free 
measure, such as ratings on Fascism by counselors, would 
be improved by use of the all positive form. But in 
predicting scores on another paper-and-pencil test which 
itself contains extraneous acquiescence variance, the all 
positive scale would produce too high a correlation 
(Chapman & Bock, 1958, p. 333)*

Bock et al. (19 69) also observe that a positive content-acqui- 
escence correlation creates a selection pressure which favors 
true items during the scale construction process, since true items 
will be noticeably more highly correlated with a total score 
than false items, and will result in noticeably more reliable 
scales than the false items. The contribution of acquiescence
to reliability is a spurious one, however, since it degrades
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the measure of content and artificially inflates the correla­
tions between measures similarly contaminated by acquiescence.

The 2-component model is very limited. Error estimates 
must be obtained from sources external to the observed covar­
iances, and in the Chapman-Bock model internal consistency and 
split-half reliabilities are used as (admittedly not very sat­
isfactory) indications of the error in the data. Chapman and 
Bock suggest that additional parallel-form true and false 
scales should be used "over an appropriate period" to provide 
reliability estimates which are theoretically more appropriate 
for estimating error. Coefficient-in particular, is only 
a lower bound to reliability considered as a ratio of common- 
factor to total variance of the items comprising a scale, with 
equality only when the items are strictly unifactorial (e.g., 
McDonald, 1970). Since the items of the F-scale are necessarily 
multi-factorial if acquiescence and content are present in the 
data, coefficient-ocmust underestimate the reliable variance 
of the true and false scales. By the procedure we have adopted

a.f>f>Afesit
for the 2-oomponent model, increasing the^reliabillty would de­
crease the error variance, Increase the content and acquiescence • 
components, and decrease the content-acquiescence correlation. 
Provision of parallel-form measurements would increase the num­
ber of tests available for analysis, leading perhaps to larger 
component models. In general, increasing the number of measures 
and components provides more flexibility in analysis and better 
opportunities for estimating components of variance for a given
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kind of test. Ultimately, measures of a given kind must be 
related to other measures bearing on the construct validity 
of the components, so it is useful to carry out a component 
analysis in tandem with an analysis of related measures. 
Otherwise one is left with an internal analysis of only one 
kind of test— F-scales, in the present case— which is not 
terribly informative.

Some interesting methodological issues can be addressed 
by using the 2-component model in an illustrative manner, 
however, because derivations are easier with a 2-component 
model than with more complex designs. One point to notice 
is that the model assumes a kind of tau-equivalence of all 
components, which is related to the problem of "adequate re­
versal" of items discussed throughout the acquiescence liter­
ature, The use of pattern matrices B with coefficients 
equalling +1 is tantamount to the assumption that the content 
component is equal for all measures, the acquiescence compon­
ent is equal for all measures, and so on for other components 
of the scales. There are several sets of reversals in the 
literature, Including the "logical" reversals of Bass (1955) 
who reversed the F-scale items primarily using negation, and 
the "psychological" reversals of Christie et al. (1958)* who 
reversed the content of F-scale items along with the dogmatic, 
sweeping style of the items, Jackson et al, (1957)* on the 
other hand, attempted to reverse the F-scale content while
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retaining the item style of the original items, and their 
reversals behave differently from the reversals in other stud­
ies analyzed by Chapman and Bock. They obtained

• C :

,ooo - .2 3 9
c
** V - .2 3 9  A 67

(with scales scored in the content direction, as for the other 
studies). Based on a split-half reliability of .77 for the 
false scale, 6^ is estimated by [2.11b"] to be .107* and the 
variance components are estimated as

.193 .142\ A
zz V .142 .432

C = ( ) , = .461 .

A
p  is in the range found for other studies, but is

A 9over twice the size of , when most of the other studies 
found • Chapman and Bock considered the Christie
et al. reversals to be superior, and rejected the Jackson et 
al. results as being due to inadequate reversal, but the mat­
ter bears further study. Christie et al. and Jackson et al. 
apparently agree that there are really three components of 
the F-scale— content, acquiescence, and a third variable which 
may be called "overgeneralization.” Representing the third 
component by f i , the implicit model for true scales would 
bei

£ + U  +  +  e t
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By all accounts, Christie et al* constructed a reversed scale 
having (after scoring In the content direction) the structure

+ yS + = (C + ( * )  - ,

while Jackson et al. constucted a reversed scale

f2 = < - *  - *  + = 5 - < * +^ >  + <f* •

A 2-component model cannot discriminate among three compon­
ents, and the Christie et al* reversals evidently confound 
overgeneralization with content, while the Jackson et al. 
reversals confound it with acquiescence. Jackson et al. con­
ceptualized overgeneralization as a response style component 
which would properly be lumped with acquiescence, while Chris­
tie et al. conceptualized overgeneralization as a component 
of content. Prom the results with the two kinds of reversals, 
we may conclude that 6 ^  + 6 ^  > <5̂  and ^  > dj? ,
but it would be preferable to have a 3-component model enab­
ling us to discriminate all three components. Such a model 
will be discussed later in the chapter.

Another methodological issue which may be addressed us­
ing the 2-component model is the issue of a proper metric for 
the analysis. If the structural model in Table 2.2 holds in 
the metric of the raw data, and the variance and error com­
ponents are equal in true and false scales, the variance com­
ponents will not necessarily be equal in rescaled data: In
particular, they cannot be equal in standardized data if there 
is a content-acquiescence correlation. Examination
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n p ?of [2.12] will show that , 6 #  and will not be equal
for standardized scales weighted by 1 / and 1 / • The
routine standardization of scales, in factor analytic research, 
can serve to obscure relationships which are apparent in the 
metric of the raw data. For example, Bock et al. found that 
the MMPI Pt scale has a larger content component than the 
scale, but that the acquiescence components and error variances 
were approximately equal in absolute terms. This is interest­
ing, since “we would not expect the subject’s tendency to ac­
quiesce to vary from scale to scale in an instrument in which 
items from different scales are intermingled” (Bock et al.,
1969» p. 1 3 3)* If the finding of equal acquiescence components 
for the two MMPI scales can be replicated, it would imply that 
we can use simpler models for the joint behavior of the two 
scales than if acquiescence components have different sizes in 
the two scales. The finding of equality would be difficult to 
discern, however, if the data had been standardized prior to 
analysis. Standardizing scales can have the effect of distrib­
uting artifacts of content saturation and content-acquiescence

fic>c.k e-t <*,(•balance throughout a test battery. We can see from the^compon­
ent analysis that acquiescence is a larger proportion of total 
Hy variance than of total Pt variance, and an analysis of corre­
lations would emphasize that fact, to the neglect of the finding

4eeju,icsconce e r r o r  v a r i a n c e s
that the^components^are equal in absolute terms.
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Chapman and Bock (1958t P* 332) Indicate that the variance 
components In the 2-component model may be tested for signifi­
cance using formulas equivalent to:

[2.13a] (rfe2 + z Z h / Z l  a/ F(N-19 oo) (content)

[2.13b] < + 2 ) /  tfg ~  F(N-1, oo) (acquiescence).

These tests assume that the error variances . . .
of the true and false scales are normally distributed, 

equal, and known. The numerators must be significantly larger 
than the denominators in order for the variance components to
be considered significantly nonzero. Using either erf = .30 o. ,
. . , or Crro? %which Chapman and Bock considered a conservative estimate^ or

the usually larger estimates of error in Table 2.2, the content
and acquiescence components are significantly nonzero (£ < .01)
in all of the studies considered.
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A 3-component (2-facet) design. For a 3-component model, 
we need four tests of the same content, and a 2 x 2  design 
on the tests will enable us to estimate two method or response 
style components in addition to the content component. Bock 
et al. (I9 6 9) have provided one example of a 2-facet model, 
using MMPI data. By using original and reversed scales on two
separate occasions, with the same subjects, they were able to
estimate variance components for content, acquiescence and 
trait instability (time 1 vs. time 2, a period of one week), 
for both the Pt and the Ĥ r scale.

A variation of the Bock et al. 3-component model will be
illustrated here, using F-scale data from Morf*s (1 9 6 8) study. 
The data will be discussed further in Chapter 3» in connection 
with a covariance structure analysis of the same data. Morf 
administered four scales to the same subjects, designated as 
follows:

RT ( Relative phrasing, true-keyed )
AT ( Absolute phrasing, true-keyed )
AF ( Absolute phrasing, false-keyed )
^  ( Relative phrasing, false-keyed )

Thus, the data permit an analysis for components of content (£), 
acquiescence (o<), and overgeneralization (y3). The top panel of 
Table 2.3 displays the structural model for the data. The 
scales have been reordered slightly so that, after scoring in
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T a b le  2 *3

i

Component Analysis for a 3-Component Design (F-scale) 

Structural Model

= jx + B z + e

f i  i  i \

X

RT
f Xl \

AT x2
AF X 3

RF vv

i i -i 
i - i i

\ i  - i  - iJ
f c \

ot

\ * u V
Covariance Structure of Observed Measures

xx B C~_ B* zz + Cee
1.0000 
.6035 
.0113 

V.-.0019
.9764

- .0 3 0 7
-.0293

.5113.2280

Solution Operation

1.1666
.3998

-.0002
.0467

°) + H» C H
0 J ee

sym. \1.2172 
.0179 .3677

-.0408 .0243 .353iy

sym,

.6168
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the content direction, the appropriate design matrix has the
form of [2.4b], The observed covariances are given in the
second panel of Table 2.3. For convenience, the covariance
matrix has been scaled so that the largest variance (for the
RT scale) is one. As in [2.2], the expected values of the
observed covariances may be found as B C B* + Cl , wherezz ee

Finally, using the solution matrix H of [2.7b], the obtained 
value for V of [2.9b] is given In the bottom panel of Table

Before discussing the properties of V , it may be noted 
that with the assumption of unequal error variances, the solu­
tion for the 3-component model is a just-identified one, since
there are 10 observed values in C and 10 unknown values inxx
C and C . A simultaneous solution for the unknowns may zz ee
be obtained by stringing out the elements of Cxx into a vec­
tor u , say, and stringing out the elements of C__ and C

ZZ 61

Into another vector y • Then the unknowns may be found by 
solving the system of equations

\

C.zz

Cee

2.3.

[2.14] u Ly ,



where L is a 10 x 10 matrix of coefficients expressing the 
expected values of elements of u in terms of the expected 
values of elements of y . The system £2.143 is shown in de­
tail in Table 2.4. This is a consistent system of equations 
having the unique solution given in Table 2.5*

What can we say about the solution in Table 2.$? First, 
it is of interest to test the error variances for homogeneity, 
using Bartlett’s test, and we obtain ?£(3) = 16.02, £ < .005. 
Apparently the AF measure has a smaller error variance than 
the others (it is also the measure with the smallest observed 
variance). Second, we note that 6 ^  -  .216 is slightly larger

pthan <*£ *2°3 * and that both are in the range found for
these components in the 2-component analyses in Table 2.2. The 
content-acqulescence correlation may be estimated as .448 , 
which is positive and moderately large, as we have found ear- 
Her. The overgeneralization component <j£ - .004 is rather 
small, however, and is not (as we will see in a moment) signif­
icantly different from zero. As discussed in Chapter 3» there 
are certain problems with the manner in which these F-scale re­
versals were obtained, making it difficult to interpret the re­
sults unequivocally in terms of response style hypotheses. 
Taking the data at face value, however, we would have to con­
clude that the hypothesis of an overgeneralization component 
for the data is not confirmed.
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T a b le  2 .4

Expected Values of C for a 3-Component Designxx

u = L y

(d2 )11 r 1 1 1 2 2 2 1 0 0 0 r ^ 2 )

<f222 1 1 1 2 -2 -2 0 1 0 0 X*2
0C

* 233 1 1 1 -2 2 -2 0 0 1 0

<r2
44

1 1 1 -2 -2 2 0 0 0 1

4 l 1 1 - 1 2 0 0 0 0 0 0 <%jb

31 1 - 1 1 0 2 0 0 0 0 0

*32 1 -1 -1 0 0 2 0 0 0 0

*41 1 -1 -1 0 0 -2 0 0 0 0 K '2
e2

^42 1 - 1 1 0 -2 0 0 0 0 0

/ * 3 ,
1 1 - 1 -2 0 0 0 0 0 0 >

s 2I ^ 4 )
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T a b le  2 .5

Solution for Variance Components from Table 2.^

Estimates of C (Correlations above Diagonal)zz

zz

^.203^ ( . W O )
\

(.3670)
s .0939 .2160. (-.25^7)

**/!> p  j
^.0101 -.0072 .0036J

Estimates of Cee

Cee = dlag( .3833, .3715. .2^13. .*H62 )
HT AT AF HP
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The expected values of V as a function of the latent 
components are given in Table 2.6, under the assumptions of 
homogeneous and heterogeneous error. It can be seen that the 
expected values of V are simpler than the expected values 
of C in Table 2.4, especially under the assumption of 
homogeneous error. Expressions for the variance components 
are readily derived from Table 2.6. Whether error is homo­
geneous or not, the variance components are estimated by

II i d n  - w

II
CM

£(v * -22

'S'
 

jo
 

II i ( V —33

yielding (within rounding error) the results in Table 2.5. 
Significance tests for the hypotheses that the variance com­
ponents are zero are given in the bottom panel of Table 2.6, 
and assume multivariate normality for the observed measures 
(Bock et al., 1969* p. 133). For the present data, the crit­
ical P = 1.26 , and we find:

“ •05?193,193
F(content) = 3 .3 0 , £ c .0001
P(acquiescence) = 3.45 * £ < .0001
P(overgeneralization) » 1.04 , n.s.

As mentioned earlier, the overgeneralization component is 
evidently null.
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T a b le  2 .6

Expected Values of V for a 3-Component Design

Element
2

Assuming Cee = d  I Assuming cee = dlas>

H 2 + <? +
i

-22 +  <S2 + \ z * l 1

“ 33 + <? +

“ 44 < ? k t * l
I

-21 +

V
“ 31

+

“ 32
+ if-4l 4

“41 0 izh, <r?“ 4i ^

“42 0
K S 3 . 4

“43 0 K  -21

Significance Tests for Components

Content: v _ _ / v J( ~  F(N-1,N-1)

Acquiescence: 222^*^44
Overgeneralization: 2 ^ ^ / v ^  ^  F(N-1,N-1)
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Bock et al. considered the model assuming homogeneous 
error, and in that case, component covariances are estimated 
by:

A
=  — 21 * 

i / i =  * * 3 i  * 8,14

= i S 32 ‘
Population values of the component correlations are estimated

A  A A
by Jo  -  /  <Ŝ <Ŝ  , etc., but the sample values are esti-

- -  A.
mated by = I 2I  ^  ~ 1 1 — 22 * et°* resembles a corre­
lation corrected for attenuation, while r>. represents the
correlation which would be attained by scoring the scales for
content and acquiescence using

A
t  = x_ + x + + x. andA 1 2 3 4
*  = xi + *2 - *3 - ’

and correlating them. Assuming multivariate normality and
homogeneous error, Bock et al. indicate that r, may be
tested for significance in the usual manner, on N-2 degrees
of freedom, as a test of HQ: = 0 .

With heterogeneous error, the off-diagonal elements of
V are biased by a weighted function of the error components.
The bias has the form £Zh,. » where h.. is the Ji-thi "Ji c i jLL
element of H in [2.7bJ7 WitVf’summation over ji. , the bias 
is essentially a crossproduct of the vector of error variances
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and a particular column of H . From the pattern of the bias 
terms in Table 2.6, it is clear that the component covariances 
may be estimated by:

A
f a  = i d zl  - .
f a  = > . “ .d

f a  * 4(232 - 2*x ) .

yielding (within rounding error) the values in Table 2.5*
Given that the overgeneralization component is null, the com­
ponent covariances involving overgeneralization in Table 2.5 
cannot be meaningful, even though their (population) correla­
tion estimates appear to be nontrivial. The matter requires 
further study, but I would speculate that the hypothesis 
Hq * = 0 (for example) may be evaluated by computing a
sample correlation corrected for bias due to heterogeneous 
error by means of

[2.15] f a  = .

and evaluating it on N-2 degrees of freedom. Using [2.15], 
we obtain:

= 93152 9 i * 1? 2 ) = 4 *6° » £  < . 0 0 0 1  ,
“0  ~ .0617 , t(192) - .86 , n.s. , and
r* = .0^30 , t(192) = .60 , n.s.
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A AThus, while the estimates of p  and p  in Table 2.6 ap-
' t p  V/>>

pear to be nontrivial, the associated component covariances
may be regarded as null, and so these component correlations
should be set to zero, p  , on the other hand, is clearly

' f y t
nonzero.

For the sake of completeness, formulas for the error 
variances in terms of the elements of V may be derived for
the case of heterogeneous error. These turn out to be:

6 *
e l

s
Z44 + V“43 + V

“42 + 2, » 41

4
2

3 Z44 +  Z43 " Z42 " -41 ’

4 3
3

" “^3 + Z42 - v ^  , and

3 ~44 - ~43 “ Z42 + v . “41

The sign pattern of H can be seen here as elsewhere in
data.
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Evaluation of component analysis as a method. In prln- 
ciple, component analysis may be extended to any 2— design 
and to designs In which the facets have more than two levels. 
The steps In the method are basically: (a) Write the struc­
tural model expressing the observed measures as a function of 
the latent variates, as in [2.1]. (b) Obtain the covariance
structure for both sides of the structural model, which ex- w 
presses the observed covariances in terms of the latent com­
ponents, as in [2.2]. (c) Pre- and post-multiplication of the
covariance structure by the appropriate solution matrix will

+hC.
result in a tidy simplification ofA right side of equation 
[2.2], enabling one to express the latent components as a 
function of the observed covariances.

In practice, there are usually a number of ways to pro­
ceed with the analysis. For the simple case of the 2 x 2  

design, Bock (i9 6 0) provided one model permitting the estima­
tion of four components, which requires H* Cxx H to be diag­
onal, and another model (Bock et al., 1969) permitting esti­
mation of three components, which requires homogeneous error. 
The last section of the chapter provided yet another model

^or tkc 2 x 2  <diCS*«jn
Awhich allows heterogeneous error. All of the models involve 
relatively cumbersome algebra, and a certain amount of "fid­
dling” with the data and model before a researcher can be 
reasonably certain that the model fits adequately. It would 
seem difficult to specify rules of analysis, for the general 
case, with enough precision that a general computer program
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could be written to perform the analysis. The analysis will 
often Involve an artistic flair for making the minimal number 
of assumptions required for a Just-identified model which Is 
suitable for analysis. In a Just-identifled model, the mat­
rix V = H* C H contains precisely as many nonzero expected 
values as there are unknown variances and covariances.

If the model is underldentlfied, there are fewer nonzero 
elements of V than there are unknowns, and no solution is 
possible unless we adopt the strategy adopted for the 2-com- 
ponent model and obtain independent estimates for some of the 
unknowns. If the model is overidentified, however, other 
problems arise. For example, we concluded that the bvergener- 
allzation component variance and covariances were essentially 
zero In the Morf data. Implicitly, I then ignored the third 
row of V , retaining the estimates of the error variances 
which had been, based on the fourth row of V . If d̂ 2 is 
really zero, however, the elements of the third row of V are 
as much a function of the error variances as the elements of 
the fourth row, so both rows should be used to estimate the 
error variances. This yields an overldentifled model, since 
there are now more equations than unknowns, and in sample data 
the system of equations will be inconsistent with probability 
1. With an over-identified model, the most direct approach to 
a solution would be to go back to the equations [2.1^] display­
ed in Table 2.^, striking out the columns of L and rows of
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y which no longer apply. The least-squares estimates of the 
unknowns may then be obtained using y = (with L
missing columns 3* 5 and 6 and no longer square, as indicated). 
Alternately, elements of V may be expressed as a function of 
their expected values, and least-square estimates of the un­
knowns can be obtained from the resulting equations. With an 
overidentified model, some of the simplicity of analysis 
brought about by the solution operation H* C H tends to be 
lost. Moreover, it is no longer clear that appropriate sig­
nificance tests for the components can be obtained as a simple 
function of the elements of V .

One of the advantages of component analysis is that, un­
der multivariate normality assumptions, significance tests are 
available for the individual variance components and for as­
pects of fit to the model (e.g., that certain elements of V 
have expected values of zero in the population). Despite the 
completely worked small examples of component analysis provided
by Bock,.it is not clear how significance tests should be per- A
formed in more complex designs. Rules have been formulated for 
component analysis models involving balanced designs with uncor­
related components and homogeneous error (e.g., Searle, 1971* ch. 
9)» but correlated components, heterogeneous error variances and 
overidentified models all pose problems for a statistically rig­
orous development of component analysis models— and faceted test 
data can involve all three of these complications. Even small
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models do not provide an overall test of adequacy for the mod­
el, so that one must test the Implications of the model in a 
piecemeal and often ad hoc manner, using whatever degrees of 
freedom are available for such tests.

For a variety of reasons, then, component analysis is not 
completely satisfactory as a method for analyzing faceted test 
data. Conclusions about the data can be reached, of course, 
but they require tricky and often tedious detective work. Nev­
ertheless, component analysis provides an interesting heuristic 
approach to the analysis of test data,' and it can be a useful 
and informative method for small data sets. Maximum likeli­
hood methods for analyzing covariance structures proved a more 
versatile and powerful approach, however, and these are dis­
cussed later in the chapter. ■
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Relationships between component analysis and analysis of 
variance. It may be useful here to Indicate the relationships 
between component analysis, on the one hand, and univariate and 
multivariate repeated-measures ANOVA (Bock, 1975, pp. ^56-^6^; 
Winer, 1972, pp. 335-3^7. **96-^97). Consider a Subjects-by- 
Treatments-by-Treatments ANOVA layout, with two repeated meas­
ures factors, each having two levels. The data layout corres­
ponds to the 2 x 2  component analysis design discussed earli­
er. The standard ANOVA treatment of the data treats it as a 
special case of a 3-way layout, with a random subjects factor 
crossed by two fixed treatment factors, and the analysis par­
titions the variance as shown in Table 2.7. The usual analysis 
yields the two treatment main effects and their interaction, 
with a separate error term for each. The error terms are for­
mally subject-by-treatment interactions, and the hope is usually 
that they can be pooled for the tests of the treatments. (If 
the subject-by-treatment interactions are null, the three error 
terms each estimate the replication error tfg2 , which a r e  nolT 
usually estimated unless the entire design is repeated using 
the same subjects.)

Note that in the expressions for the expected mean-squares, 
at the right of Table 2.7, the "treatment components" 6 ^  , 
and are different in character from the "subject-by-treat­
ment" components 4a • < b  and J The "treatment com­
ponents" (for want of a better term) are a function of the vari-

Ject-by-treatment" components are a function of individual dif-
ance of the treatment means around while the "sub-
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Table 2.7 

Expected Mean-Squares in the
Subjects-by-Treatments-by-Treatments ANOVAa

Source df Mean
Sauare

E(MS)

Grand mean 1 m s g

Subjects N-l MSS 4 *

Treatment A 1 MSa 4 + 2 d 2 +it a 2N 2 ~ a
Error (A) N-l m s sa 4 + 2tfna

Treatment B 1 m s b 4 + 2 «fb + 2 N d 2“ D

Error (B) N-l MSSB 4 * 2 d 2Itb

AB Interaction 1 MSAB 4+ d 2 +flab N ^ 2 - ab
Error (AB) N-l MS_ ^s a b 4 + <r2iTab

Replication
error

- None 4
aAfter Winer, 1972, p. 3^6; specialized for the case of 

the 2 x 2  design.
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ferences variance around, the treatment means. The "treatment 
components" are a quadratic function of the fixed effects, and 
are only analogous to variances, while the "subject-by-treat­
ment" components are true variance components (Searle, 1971» 
p. 388). It is only the latter which are of interest in a 
component analysis.

AtiOVAIn a multivariate^,treatment of the same data, we can let 
the data be represented by the N x £ matrix Y = 
with a £ x 1 mean vector

f -  1»  
y = l zi

and a £ x £ covariance matrix

S = -i- (Y*Y - Nyy*) .N-l
As shown by Bock (197£), pre- and post-multiplication of the 
quadratic form? Nyy1 and S by an orthogonal £ x £ ,solution 
matrix P , say, yields all the mean squares required for the 
univariate ANOVA in Table 2.7. For the case of a 2 x 2  de­
sign, the number of repeated measures is £ = ^ , and the solu­
tion matrix P is the Hadamard matrix Hg of [ 2 , ?b]. Adapting 
Bock*s notation, we have:

MSM* = N P'yy*P , and 
MSE* = P*(Y'Y - Nyy')P/ (N-l) = P*SP , 

for the transformed mean-square matrices for the mean vector 
and error, respectively. MSM* and MSE* are each £ x £ mat­
rices, and their diagonal elements may be shown to be precisely:
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diag[MSM*] = [ MSg , MSa , MSfi , MSAB ] and

diag[MSE*] = [ MS , MS , MS , MS ] .L J L S SA SB SAB J

Thus, the univariate F-ratios for the treatment effects are 
obtained by taking the last £ - 1 diagonal elements of 
MSM* as numerators, and the corresponding diagonal elements 
of MSE* as denominators. Moreover, if the ANOVA assumptions 
about the population covariance structure Z , are met, then 
P*SP will be nearly diagonal. Eartlett’s sphericity test may 
be used to test whether P*2TP is diagonal in the population 
(cf. Bock, 197?# P. ̂ 62). Eesides providing the univariate
results in a simple computational layout, the multivariate
treatment of the data leads directly to the appropriate multi­
variate test of treatment differences in the case where the 
univariate assumptions are not met.

For present purposes, we are not interested in tests of 
differences between means. As indicated in Chapter 1, the 
means for faceted test data are essentially arbitrary. In com­
ponent analysis, we are basically interested in the covariance 
structure S , and it should be apparent that the component 
analysis "solution operation" of [2.9] is identical with the 
operation used to obtain MSE* in the multivariate treatment of
repeated measures. That is, V = H* C H and MSE* = P* S Pxx
differ only in notation, not in form or effect. Another nota- 
tional difference.between the component analysis and the ANOVA



100

handling of the data can be found in the expressions for the 
expected values of the variance components. Comparing the ex­
pressions in Table 2.6 with those in Table 2.7* we can set up 
the following equivalences:

6 *  + 4 6^  s. €% + ^ 6^

✓2 >2 ^2£  3  + <£. .41 c TTab 6
fls  t h is  , there. A rc  -hr/o A t i - c r ^ e  r>o t *  ^ £/-CfnS A, r
i/an«nce c.or»j>anents. Not only are the subscripts different,
but the coefficients of the variance components are different
in the two cases. There is no term corresponding to €  ^ on7Tab
the left side of the equivalences because the component analysis
handling of the data assumed no 0(-by-£ interaction variance
component, which would imply individual differences associated
with the product. On the other hand, the ANOVA handling
of the data allows no component covariances, estimated from the
off-diagonal elements of V , since it requires the components
to be uncorrelated. With test data, it seems more important to
allow the underlying components to be correlated, than to allow
for component interactions, and we have already found signifi-

2 tfcrmcant off-diagonal elements of V implying a 6 - ^ ^ o x  content- 
acquiescence covariance in several analyses. (An component
interaction has no necessary relationship to an AB interaction
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Involving the test or "treatment” means, by the way, except
that if the former is present it leads to a term inflab
the expected values for the AB and SAB mean squares. An

component interaction implies that the ot-pn-ji regression
is different for different levels of , which is a somewhat
more esoteric phenomenon than an AB interaction of the means.)

With the . term dropped from the right side of theTTab
equivalences, it is easy to trace the correspondences between 
the two notational systems. 6 ^  and 6^ , sometimes called 
"replication error j' are equivalent in interpretation and effect. 
If the subjects were brainwashed and the same tests or "treat­
ments" were administered, and this were repeated a number of 
times, we would expect slightly different results each time; 
even though the sample had not changed: This is replication

perror. The content component <£r and the subjects or "per-
2sons" component ̂  are evidently equivalent in the two nota­

tional systems, and refer in any case to individual differences 
in the common content of the tests or, in ANOVA terms, to the 
common content of the dependent variable. The terms a^d

are also equivalent, as are the terms and 2 ^ ,
and are interpreted as individual differences variance associ­
ated with the two design facets. The differences in the coef- 

ttesc pavrc of exprcstUnS 
ficients^appear to be a definitional one. In the component
analysis model, the acquiescence effects for each person
are directly defined as being distributed N{0,<j^) (Bock et al., 
1969* P# 131). A "variance due to interaction in the population"
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2such as <£. t however. Is being defined in terms of the meansTfa
in a 2-way S x A table which has been collapsed over the B 
factor of the design; i.e.,

N 2 ,
= fL S. faa. J /  (N - 1)

i=ll=l ii
(after Winer, 1972, pp. 318-319). Computationally, ^  is

2defined as a mean sum of squares over N persons, while ^ a
is defined as a mean sum of squares over 2N observations,
with a ffejQ and both being counted for each
person. This leads, in the 2 x 2  design, to the relation­

's 'S A oships <^a = 2 and b = 2 ^ 2 .
The component analysis and ANOVA expressions for the ex­

pected mean squares differ conceptually as well as computation­
ally. The ANOVA expectations are based on the Corn­
field and Tukey (1956) "pigeonhole model" for deriving expected
values for mean squares, and involve an assumption that the 7T 

foalf) effect
A 7Ta , TTb and TTab (if any) interactions are all uncorrelated.

The expected values under the component analysis model, on the
t * *™  * *other hand, areA ak»’rv "to Scheffe's (1959* ch. 8) reformulation

of the mixed-effect AN0VA> which is aimed at relaxing this as­
sumption. There are two quite different mixed-effect models 
for ANOVA which lead to the same tests of significance for the 
treatment effects (when P ' S ?  is diagonal), but entail dif­
ferent definitions for the variance components and different

< 2Ha
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ways of conceptualizing the covariance structure underlying 
the analysis. Hocking (19?3)» Scheffe (1959) and Searle (1971* 
pp. 400-^0*0 have discussed the differences in the two kinds of 
models in the context of the 2-way mixed-effects layout, but I 
know of no discussion of these differences in the context of a
3-way mixed-effects layout such as the 2 x 2  component analy­
sis design which has been discussed in this section. Of the 
two kinds of models, the one which leads to the component anal­
ysis values for the expected mean squares has a more direct ex­
tension to maximum-likelihood methods for covariance structure 
analysis, and may be preferred for present purposes.
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Covariance Structure Analysis

Mulaik (1972, ch. 15) has provided a readable expository 
review of covariance structure analysis (CSA) using maximum 
likelihood (ML) methods. He attributes the recent elaboration 
of these methods to both Bock and Bargmann (1966) and Jdreskog 
(19 66, 1967, 1969, 1970, 197*M Joreskog & Lawley, 1 968), who 
were working Independently and from somewhat different starting 
points. Bock and Bargmann were working on CSA as a general 
method of variance component estimation, while Joreskog was 
working on the extension of ML factor analysis (Lawley, 19^0) 
to tests of simple structure hypotheses. Joreskog (1966) had 
formulated tests of simple structure hypotheses in terms of 
the factor analysis model

[2.16] S = BOB' + E ,

where S is the n x n matrix of obtained covariances, B 
is the n x r factor pattern, C is the r x r matrix of cor­
relations among the factors, and E is the n x n diagonal 
matrix of unique variances. [2,16] resembles the component 
structure model [2.2], Aat instead of being a matrix of fixed 
coefficients, B contains a Msimple structure" factor pattern 
in which some of the coefficients are fixed at a value of zero, 
but the others are free to vary. The methods which Joreskog 
developed to obtain a ML solution for [2.16]^with a mixture of
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fixed and free coefficients in B and/or C 7
i-A > it

extremely wide generality: A applications to many kinds of
prei/iooS Iy

CSA problems and to complex path analysis models which had^been 
difficult to handle satisfactorily.

Joreskog*s (197*0 review shows how an amazing variety of 
parametric estimation problems can be brought within the frame­
work of his latest and most elaborate version of the CSA model.
In addition to the theoretical work leading to general methods

tf *for solving restricted ML equations, Joreskog has made important 
contributions to the numerical analysis of actual data. The 
ML equations do not usually have "computable*' solutions which 
may be obtained in a fixed number of steps. Instead, the solu­
tions must be obtained by means of numerical analysis (e.g., 
Householder, 1953)» which involves iteration from an initial 
trial solution to a solution meeting some convergence criterion. 
With his co-workers, J&reskog has provided a series of computer 
programs which implement the ML methods for a variety of models, 
in particulars a subroutine package for minimizing a function 
of several variables (Gruvaeus & J&reskog, 1970), UFABY3 (Jores­
kog & van Thillo, 1971), ACOVS and ACOVSF (Joreskog, Gruvaeus, & 
van Thillo, 1970), ACOVSM (JcJreskog, van Thillo, & Gruvaeus, 1971)* 
SIFASP (van Thillo & Joreskog, 1970), and LISREL (Joreskog & van 
Thillo, 1972). The next few sections of this chapter will ex­
plicate the general CSA model as embodied in the ACOVSF program.
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The ACOVSF model. We begin with a very general structural 
model:

[2.17] x - ji - A(Bz + d) + e , where:

x is an n x 1 observable random vector such that E(x)
= fx and E(xx*) = 2  in the population^ and x and S 
respectively are the obtained mean vector and covari­
ance matrix;

A is an n x m matrix of coefficients with rank m < n ;
mm mm mm mm mm

B is an m x r matrix of coefficients with rank r <  m ;
z is an r x 1 latent random vector such that E(z) = 0

and E(zz*) = C is symmetric with rank r ; 
d is an m x 1 latent random vector of disturbances such

that E(d) = 0 and E(dd*) = D is diagonal; and
e is an n x 1 latent random vector of disturbances such

that E(e) = 0 and E(ee') = E is diagonal.

The latent variates z , d and e are assumed to be uncorre­
lated, so that E(zd*) = E(ze») =* E(de*) = 0 , and taking 
crossproducts and expectations of both sides of [2.17] yields:

[2.18] S « A(BOB* + D)A* + E .

Since the dimensions must meet r < m <  n , the “outer” mat­
rices A(.)A* and E have a size n x n given by the d a t a f anJ Me
“inner” smallest matrix C has a size r x r which determines
the rank of the model. Notice that the covariance structure
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£2.183 contains one factor model nested inside of another, 
with Q = BOB' + D , say, representing the second-order fac­
tors, and AQA* + E representing the first-order factors.

With no restrictions on the right side of [2.18], an in­
finite number of models will fit the data, and a sufficient 
number of restrictions must be placed on the constituent mat­
rices A, B, C, D and E to yield a unique solution. Jores-
kog's model is so general that any element of the constituent 
matrices may be specified as: (a) free; (b) fixed at any real
value; or (c) constrained to equal another free element. Al­
most any covariance structure model can be expressed through 
an appropriate choice of free, fixed and constrained coeffici­
ents. In some applications, A = I , B - I , C = I , D = 0 ,
and/or E = 0 . When A = I and D = 0 , for example, the
model reduces to the model £2.16] and when, in addition, C = I , 
the model reduces to the model for factor analysis in an orthog­
onal rotation. Other possibilities are given by Joreskog (1974).
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ML estimation of free parameters. For given estimates 
of the constituent matrices, some of whose elements are fixed 
by hypothesis, we will agree to write 

_ A A AAA A A A
[2.19] 2 = A (BOB* + D)A» + E ,

where the carets indicate a particular set of estimates for
all of the free parameters of the model. We seek estimates of
these parameters which maximize the likelihood (or log-likeli-

Ahood) of the observed S given 2. . If 2  is multivariate- 
normal, the log-likelihood of the observed S is

[2.20] = -§Nnln(27r) - &(N-l)[ln|sl + n] ,

where £1 is the set of all n x n positive definite matrices,
while

[2.21] = -iMnln(27T)- |(N-l)[ln|S[ + tr(s£-i) ] ,
A _where is the set of all 2  meeting [2 .19] given the re-

II
strictions (Joreskog, 1 9 6 7). Instead of maximizing [2.21], it 
is convenient to minimize

[2.22] P = -2(1;*,- Ifc)
= (N-l)[ln|£| - ln|sl + tr(S£.-1) - n] .

F is minus 2 times the logarithm of the likelihood ratio for 
testing uj against the general alternative ft , and in large 
samples F is distributed as with degrees of freedom
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equal to the difference in the number of parameters estimated 
under the two hypotheses H w  and (Joreskog, 1970), The
number of parameters estimated under is £n(n+l) for
the unique elements of S plus n for the mean vector, while 
the number of free parameters estimated under is £ (say)
plus n for the mean vector, so the test statistic iss

[2 .23] P ~  X 2 [iE<2+1> - E] »
2at some selected level. If F <  » we can say 

restricted model "fits the data." If the model does not fit, 
it may be because too low a dimensionality r has been speci-

t>ectux$e.fied, or At°0 many restrictions have been imposed on the 
model.

To minimize £2.22], we need the partial derivatives of 
F with respect to each of the constituent matrices. Accord­
ing to Joreskog (1970), these turn out to be (omitting a factor
of N-l): •

[2.24a] ap/aA
[2.24b] 3P/3B
[2.24c] 3P/3C
[2.24d] 3F/3D
[2.24e] ? F /d E

£-1 A P = £  (Z
A

- s)X“
tial derivatives are each matrices of the same size as the
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matrix of the denominator (l.e*, £F/£A is n x m , like A , 
eto.)» and eexcW tas zero values wherever the matrix of the de­
nominator is -free^ and equalized values wherever the matrix of 
the denominator is constrained.

The most direct approach to minimization of a differenti­
able function of several variables is to set the partial deriv­
atives to zero and solve the resulting equations algebraically. 
This can seldom be accomplished for irregular CSA models of the
kind considered by Joreskog, so various numerical techniques
must be used. The ensuing account relies on discussions of the 
principles of numerical analysis sketched by Bock and Bargmann 
(1 9 66), Bramble (1971)* Gruvaeus and Joreskog (1970), Joreskog 
(1966, 1 9 67) and Mulaik (1972).

The one-to-one matching of the elements of the parameter 
matrices and the elements of the partial derivative matrices in 
[2.2**] permits a useful device: Let the free parameters be
strung out in a vector 0 with £ elements, and then the cor­
responding elements of the partial derivative matrices may be 
strung out in another vector g called the "gradient," which 
has the same size as 0 and the same arrangement of elements. 
Some "bookkeeping" will be needed to keep track of the fixed 
and constrained parameters, but the free parameters will be a- 
vailable in a tidy form. F of [2.22] may now be understood as
P(©i) , the value of F for a given set of parameters ©A at
the ,1-th iteration, and the gradient g(0i) will contain the
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partial derivatives evaluated with the same parameters. The
AML estimates of the parameters are taken as the values 0 for

which F(0) is a minimum, at which point g(0) = 0 • The
minimization problem may now be expressed by saying that, be­
ginning with trial values of ©A for jl = 1 , we seek values 
of which make F(0^+^) < F(©i) and g —* 0 •

Figure 2.1 illustrates the principles involved in minimi­
zation. F( 0) is a continuous o-dimensional manifold weaving 
through Q-space, illustrated in Figure 2.1 by a wavy line rep­
resenting the trace of F(0) on a plane passing through the 
minimum in £ - space. Suppose we start at the point F(0^) 
which happens to lie in this plane, and we want to find F(0) • 
Each point F(0~) in the plane will be a point on the wavy 
line, and each gradient g(0^) evaluated at the same point 
may be represented geometrically as the slope of the line tan­
gent to F(8) at the same point. (The tangent lines are il­
lustrated as lying in the plane, but they may intersect the 
plane instead.) Clearly, one end of the gradient always points 
in the general direction of the minimum. The method of steep­
est descent treats F(0) as linear, and from trial values ©A
we take new values

[2 .25] ei+ i = a! + clg (ei) ,

where c^ is a suitable small constant; in other words, we
take a short step in the direction of the gradient, or "downhill."



Local
Minimum

S(0)
Absolute
Minimum

Figure 2.1. Minimization of F(©1) using gradient 
vector g(0— ) - 9F/3© evaluated at ©i •
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Iterations using [2,25] continue until all values of g are 
zero, within some tolerance € , which is taken to be the 
minimum (more properly, a minimum) of the function.

The method of steepest descent always converges, in the 
sense that each F(©i+1) <  F(0-) and the process reaches a 
point where g(©l) = 0 . The method is very slow, however, 
particularly as the trial values near the minimum. Minimiza­
tion may be speeded up somewhat by interpolating steps having 
the form

[2 .26] eA+1 = e^ + c ^ e i -  e^“2 ) ,

at every third iteration. This is the method of resultant de­
scents, which uses the resultant of gradients at g(8 -̂) and 
g(0i“l) to find the direction at step 1.+1 (Joreskog, 1966).

A problem with all of the minimization methods to be dis­
cussed is that there is no guarantee that the obtained minimum

AF(0) will be an absolute minimum over the entire parameter 
space. If the initial trial value had been taken on the left 
side of the wavy line in Figure 2.1, the minimization process 
might stop at the point flagged as a "local minimum." A good 
starting point will speed up convergence, and may determine 
which local minimum is reached, if there is more than one.
Bock and Bargmann (1966) seem to feel that it is not difficult 
to find a good starting point, and Joreskog recommends that sev­
eral starting points be used, to see if they all converge to the
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fitAminimum. Chanda (195*0 has explored the conditions under which 
the ML criterion is unimodal. If £  is strictly multivariate- 
normal, then the probability of finding local minima and saddle 
points diminishes as the sample size increases, but the problem 
needs further exploration.

Joreskog has concerned himself with another kind of minimi­
zation misbehavior, called "boundary problems," which are said 
to occur when the minimization process leads to a region of par­
ameter space where the parameters take on unrealistic values.
This can happen if the elements of E or sometimes D begin to
take on negative values. Joreskog generally handles this prob­
lem by requiring elements of E to be greater than or equal 
to .005 through the iterations. Sometimes the condition will 
correct itself, but if the minimum is, reached with an element of 
E on the "boundary," with a value of .005, the solution is said 
to be an "improper" one. Joreskog recommends using new starting 
values if this occurs.

Bock and Eargmann adopted the Newton-Baphson method of min­
imization. In addition to the gradient g , which is the de­
rivative of F with respect to the parameters (i.e., g = d F /d 6 ), 
•this A analytic expressions for the second derivatives of F 
with respect to the parameters, which may be represented as

C2 .2?] h = a2p/ae,3ek = as/ae .

H Is called the "Hessian" matrix, and has an order of 2  x £ .
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For the Newton-Raphson method, let h! indicate the Hessian
matrix evaluated at the trial point 0^ ; then the next trial

*
point is found as

[2.28] ei+1 = ©i - (Hl)"1 g(0i) .

In this method, F(0) is implicitly treated as a quadratic
function, since [2.28] is derived from an order-two Taylor ser­
ies expansion. Bock and Bargmann indicate that the minimization 
process converges rapidly, if it converges at all. The negative 
of the expected value of the Hessian at- point _i is the infor­
mation matrix j! = -E(H— ) of the parameters at the same point.
E(H— ) usually has a simpler expression than itself, and a
simplification of the Newton-Raphson method known as Fisher*s 
scoring method is obtained by taking the trial points as

[2.29] 0±+1 = + (ji)"1 g(©^) ,

using the information matrix rather than the Hessian. At the 
minimum, J = -H , and contains the variance-covariance
matrix of the ML estimates.

A drawback of the Newton-Raphson and scoring methods is 
that they require the computation of H“^ or at each it­
eration, which can be a formidable task. In a possibly typical 
unrestricted factor analysis model involving 40 variables and 10 
factors, the number of free parameters £ will be on the order of
4-00, so H and J are on the order of 160,000. One variant of the
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Newton-Raphson method evaluates H-l only once, or only 
periodically, to save the labor of repeated inversions.
Apart from the difficulty of obtaining many inversions, it 
may be difficult to obtain even one accurate inversion of 
this size, owing to rounding error. For large problems,
H may become singular or nearly so during the process of 
iteration. Nevertheless, Bock and Bargmann have used the 
method successfully with several small problems, inverting 
H at each iteration.

9

The final minimization method is usually known in the 
literature as the Fletcher-Powell method. It was originally 
developed by Davidon (1959)* improved by Fletcher and Powell 
(1 9 6 3) who added an elegant proof of convergence, and im­
proved further by Joreskog (1967) who applied it to the prob­
lem of ML estimation. In this method, expressions for the 
second derivatives of F never have to be obtained analy­
tically, and a £ x £ matrix never has to be inverted; yet 
it yields iteratively improved matrices W— , say, such that 
Ŵ - J-l , the variance-covariance matrix of the parameters 
evaluated at the minimum, as F(0--) -► F(0) • The iterative 
equation is

[2.303 = 6^-- /3 W-g(fi^) ,

where ft is a positive constant determined separately for
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'in priAciple
each iteration. The new gradient g(0i+1) may^be differen­
tiated with respect to f t , and for a given ft will have a 
slope

[2.31] s(/j) = a[g(ei+i) j /a/3 = [-tAgfei)]* g(ei+1) ,

which is a scalar. In particular, for ft = 0 , the slope
s ( P = 0) = [-wig(0i)]# g(Oi) , which may be taken (since its
sign is arbitrary) as negative. (And if s((3=0) = 0 , the
minimization is complete.) The function [2.31] has at least

so the
one minimum at a point* £.(ft= ftmi n ) “ 0 » forA ^min * 0 * and 
any number of points f t * for which s ( f i= f t * ) is positive and 
f t *  > ftmin • since [2*31] would be difficult to evaluate di­
rectly, the Fletcher-Powell method estimates f ° T use as
the constant ft in [2.30] by finding a value f t * and inter­
polating for an estimate of /$m^n • That is, we know that

[2.32] 0 < A <  A *  , for whichmin I

[2.33] s^=0) < s(|«=pmln) = 0 < ,

and the two points 0 and f t * and their slopes enable us to 
fit a third-degree polynomial to [2.31]. The minimum value

WlM approAl'ttafC ftrttln t av*«̂
for the polynomial in the range [2.32]/xls then taken to be the 
constant ft for iteration î . A suitable value for f t *  at 
iteration i may be obtained by extrapolation, ft -  1 may be 
taken as the first trial values If s{ft-l) >  0 , we may take 
f t * = 1 and interpolate for ftm^n 5 otherwise, we may extrapo-
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ate linearly for . usingm m
/3min = -s(/3=0) / [s(£=l) - s(/?=0)] .

In practice, Joreskog recommends several Interpolations and/or 
extrapolations at each iteration, to allow for an irregular 
form of [2,31] and a narrower bracketing of than [2.32]
implies (Gruvaeus & Joreskog, 1970). Finally, once /3 is de­
termined, is obtained using [2.30], along with the new
gradient g(0~+1) and a new value for W—+1 • The latter is 
obtained by means of:

[2.3^a] ti = /Swig(ei) ,
[2.3^-b] ui = g(©-+1) - g(0i) , and
[2.3^o] vi - wiul ; and finally,
[2.3^d] wi+1 = W— + t~(t-)» / (t-)*u- + v-(v~)» / (u-)»v- .

In principle, there is no reason why ttoo different minimi­
zation methods cannot both be used for a particular problem. 
Joreskog typically starts off with a couple of steepest descent 
iterations, which approach a minimum very rapidly at first, and 
then switches to Fletcher-Powell iterations, to refine the es­
timates of the ML parameters closer to the minimum.
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Implications of Content-Acaulescence Covariance

I have alluded several times to the principle that acqui­
escence can have a large effect on the behavior of scales when 
content and acquiescence are correlated, and this section il­
lustrates the principle with a short example. Recall that 3ock

Couch and Keniston 
et al. cited the A correlation of r = .5 0 ,“ 0£S,A
between the QAS acquiescence measure and the MMPI A scale, as 
a piece of evidence for the influence of acquiescence on the 
MMPI factor structure. Block and Rorer had attributed this re­
sult to the contamination of the CAS items by A scale content, 
but another explanation is possible.

With the aid of a path model in Figure 2.2, we can trace
the effect of a content-acquiescence c<s on the corre­
lation between a balanced measure of content and a 
content-free measure of acquiescence. As shown in Figure 2.2, 
the latent sources of variance are £  and o( , and the observed 
measures are the true measure of content t , the false measure 
f , a balanced composite measure b = ^( t + f ) , and the
content-free measure of acquiescence a . The path coefficients
depicted are the ones resulting from a component or covariance 
structure analysis in which the true and false measures of con­
tent have components <Ĵ2 = .6^ , 6jr = .04 , and <3jj* = .16
(since /a = «50). The true and false measures are represented

9* ----- ------
as having error variances of .16, and the independent measure of
aquiescence is represented as having an error variance of .15
and a reliability of .85. These are hypothetical coefficients,
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Figure 2.2. Path model showing the relationship between 
the latent variates £ and <k and observed measures repre­
senting true (t) , false (f) , and balanced (b) .measures of 
content, together with a content-free measure of acquiescence 
(a) .
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with values which simplify computations, but resemble the 
coefficients . obtained with the actual A and
QAS scales.-

Routine use of the conventions for path analysis (e.g., 
Duncan, 1966 ) enable us to derive the following implications 
of the model in Figure 2.2:

<ft2 = .82 + .22 + 2 x .5 x .8 x .2 + .^2 = 1.00

6 *  = .82 + .22 - 2 x .5 x .8 x .2 + A 2 = .68

tf2 = + 1 ^ 1  = .82 +|(./+2 ) = .72h *

^ta ” <-8 H - 5 ) / 3 3  + (.2)/TS5 = .533

= (.8)(.5)/35 - (.2)/755 = .2101 ct

<  = (.8)(.5)/7S3 = .372ba

<f2 = .85 + .15 = 1.00a

From these summary statistics, correlations between the con­
tent measures and the acquiescence measure may be obtained as:

*ta = = ’533

^  a = = -255

iba = rfba/<fbtfa = * *

The derived result for the true scale, r^a = .533 t closely
resembles the obtained result r = .5 0 . showing that the" Q A S ,A
obtained result can be explained without resorting to the as­
sumption that the QAS is contaminated by first-factor content.
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Notice that the derived result for the balanced scale, rba =
.^36 , Is also quite high. This result faithfully mirrors the
parameter estimate for the content-acquiescence correlation,
jo = .50 1 which can be seen by correcting r, for attenu-*"ba
ation due to error of measurement for the b and a measures. 
The reliability of the a measure is .8 5, and the reliability 
of the b measure is

'°bb = <*j2 / *b = = .89-,

which yields the attenuation-corrected correlation

/>* = *̂ 36 / JX .85) (.89 ) = .50 = JO.
' ba ' £ c<

/°ba * °*'*ler wor3s, is just the population correlation be­
tween acquiescence and a balanced measure of content, when both 
are measured without error, and this is equivalent to the value 
of >0 with which we began.



123

Simply-Patterned ACOVS Models

Wiley, Schmidt and Bramble (1973) have defined a class of 
covariance structure models which I will call "simply-patterned,M 
The class of models includes component analysis as a special 
case, and has the general form

[2.35] Z  = A(BC B* )A + E ,

where A and E are n x n diagonal matrices containing scal­
ing factors and error variances, respectively; C is an r x r 
symmetric matrix containing component covariances; and B is a 
fixed n x r pattern matrix consisting of r columns from a 
Hadamard matrix of size n • Thus, the model is suitable for

yany data having a 2— component analysis design. This section 
works through the principles of covariance structure analysis 
for the simply-patterned class of models, for the case of the 
2^ design, touching on the problems of determining the rank of 
the model, testing a range of models of a given rank, deciding 
when to stop fitting, and identification of parameters.

Testlna: a range of models. For the 2^ design, the rank 
of the observed data is £ =* 8 , and the class of simply-pat­
terned models may be defined in terms of the columns of the mat­
rix in equation [2.7c]. In principle, any or all of the
columns of may be used— the definition of the class of mod­
els is that broad. In practice, we wish to fit a model of low 
rank, and are likely to be most interested in the columns of 
which represent the main effects of the design.
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The first problem to be faced is that of deciding the rank 
r of the model, and the probable componentsAcan be detected in 
the data, but the discussion of this problem >7111 be deferred.
Once a particular pattern Br , say, has been chosen, the next 
problem is that of testing a "range" of models to determine 
whether we can fit models incorporating the pattern Br }and

Of W’.th o J f “
with restrictions on the other matrices in the model. Table 2.8

A

lists the variants of the elementary matrices used to define a 
range of models. The most restricted model we shall consider 
may be written

A

[2.36] £  = A1(Br C1 B^.)A1 + Ex ,

implying no scaling factors (A^ =1). , uncorrelated components
O(C-̂  = diagonal) , and homogeneous error variances (E^ = €  I) . 

The least restricted model is

[2.37] £ =  A3(Br C2 B£)A3 + E2 ,

which implies that the scaling factors are estimated from the
data (except for one fixed parameter needed to assure identifi­
cation of the model), correlated components, and heterogeneous 
error variances. For ease of recall, the lower-valued subscripts 
in [2.36-2 .37] and Table 2,8 refer to more restricted forms of 
the elementary matrices.

Thus, [2.36] and [2.37] define the outer limits of a range 
of models to be tested with a given pattern matrix. Conceptually, 
the range has an illimitable number of fine gradations between 
the most restricted model [2 .36] and the least restricted model
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Elementary Matrices Used for Fitting Simply-Patterned ACOVS
Models £  = A(E C B')A + E

Scaling Factors: A (o x £)

Ag = diag(l,l,a^,a^, . . . a )
A^ = diag(l,a2 ,a , . . . a )
A^ = diagfa^ag, . . . a^)

Pattern Matrices: B (t> x r)

B i = (1,1,1, . . . 1)

B* = 2
1 1 1 . 1 1 1 1 1  
.1 -1 1-1 1-1 1 -1,

B3

B«'if

1 1 1 1 1 1 1 1  
1 - 1  l - l  l - l  l - l  
tl - 1 - 1  1 1 -1 -1 1
1 1 1 1 1 1 1 1  
1-1 1-1 1 - 1  1-1 
1 1 - 1 - 1  l l - l - l
1 - 1 - 1  1 1 - 1 - 1  1 /

Component Covariances: C (r x r)
C^ = diag(c^,£g, . . .  o )
Cg = general symmetric

Error Variances: E (jp x o)
- 6  I (homogeneous error)

Eg = diag(e1 ,e2, . . . e^)
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[2,3?]: The class of models given by [2.35] defines a/space,
even with B determined In advance, and by definition, a vec- r
tor space permits an infinite number of subdivisions. In prac­
tice, the system of eight models generated by crossing A v s .
A^ with vs. C2 and vs. Eg will provide a satisfact­
ory framework for interpreting the data and deciding what sorts 
of restrictions can be applied without seriously degrading the 
fit of the data to the model.

Wiley et al. discuss this 2 x 2 x 2  system of models, 
and also a set of models having the form

A
[2.38] A(BCB» + kI)A + E  ,

where k is a fixed constant. The most restricted form of
[2.38] may be obtained by reparameterization of [2.37]» t>y al­
lowing all eight scaling factors to be unconstrained. [2 .38] 
spans the same space as [2.35]» and may be considered a member 
of the class of simply-patterned models. [2.38] and its vari­
ants were not found to be interpretively useful for the
data considered in this dissertation, however, and will not be 
discussed further.

There are also models more restricted than [2 .36] which 
are still simply-patterned— for example, we can constrain C 
to be homogeneous as well as diagonal, or constrain C to equal 
the identity matrix, but these are not generally useful.



Deciding; when to stop fitting;. A useful theoretical dis­
tinction can be made between confirmatory and exploratory fac­
tor analysis (Jdreskog, 1 9 69), which I will parody here. In a 
purely confirmatory analysis, the researcher has a strong hypo­
thesis about the covariance structure of the data— Ideally a 
single structural model which he wishes to test for goodness of 
fit. Assuming a large sample from a multivariate normal dis­
tribution, equation £2.22] has a “X? distribution in this situ­
ation. A single test of the hypothesis is made, and the re­
searcher accepts or rejects it and writes up the results. This 
never happens, of course, but if it were to happen, the probabil­
ity statement based on the obtained X? would have a rigorous 
statistical meaning. In a purely exploratory analysis, on the 
other hand, the researcher has only weak hypotheses about the 
data— perhaps some notion of the kinds of models which might be 
suitable— but basically wants the data to tell him what sorts of 
effects and relationships are present in his collection of varia­
bles. If the phenomena observed in the data seem plausible, in 
the light of psychological theory or whatever, the researcher can 
(and should) follow up his exploratory analysis with a confirma­
tory one. In the exploratory situation, the obtained values
for the models he tests do not have any rigorous statistical mean­
ing, owing to multiple nonindependent tests of the same data, cap­
italization on chance, and so on, but differences in the obtained
J)

X values can serve as an index of the size of effects in the 
sample, and will enable him to form a Judgment whether some effects 
are more important and more likely to replicate than others.
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Most real research situations Involve a rather tangled 
mixture of confirmatory and exploratory hypotheses. For our 
component analysis problem, the analysis may be regarded as 
purely confirmatory with respect to the hypothesis that the 
measures have a common content component, partly confirmatory 
and partly exploratory with respect to the hypothesis that com­
ponents associated with the design facets are present in the 
data, and mostly exploratory with respect to the hypotheses 
that the components are correlated or not, that the error var­
iances are homogeneous or not, and that the components are pres­
ent in the metric of the data as given. Unfortunately, it is 
difficult to formulate rigorous tests of the confirmatory part 
of the analysis without making a number of decisions about these 
other issues: All too often "decisions” about the metric of the
data, Independence of the components and homogeneity of error 
get buried as statistical "assumptions." Many kinds of analyses 
are greatly simplified if such assumptions can be made, but it 
may be as important to test the assumptions as to test the major 
hypotheses of the study. One of the great strengths of ACOVS 
methods is that -tUcy tes±s0(-so<ne of the assumptions into the 
open, where they can be examined along with the tests of the 
major hypotheses. But then it may be necessary to regard the 
data analytic enterprise as Inherently exploratory with any given 
dataset, and only confirmatory to the extent that new or similar 
datasets give similar results. JiJreskog has written, "In practice, 
the ^confirmatory-exploratory3 distinction is not always clear
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cut" [I97*f, p. 1]. I would go a step further, and assert that 
the distinction is never clear cut, and cannot be.

A recent statement about the interpretation of X? tests 
in maximum-likelihood estimation is worth quoting in fulls

The X2 test [for a given model} is a test of the speci­
fied model against the most general alternative that £  
is any positive definite matrix.

Suppose Hq represents one model under given speci­
fications of fixed, free, and constrained parameters. Then 
it is possible, in large samples, to test the model Hq 
against any more general model H-, , by estimating each 
of them separately and comparing their X  goodness-of-fit 
values. The difference in X2 is asymptotically a X 
with degrees of freedom equal to the corresponding differ­
ence in degrees of freedom. In many situations, it is pos­
sible to set up a sequence of hypotheses such that each one 
is a special case of the preceding one and to test these 
hypotheses sequentially.

The values of X2 should be interpreted very cau­
tiously. In most empricial work many of the hypotheses 
may not be realistic. If a sufficiently large sample were 
obtained, the test statistic would, no doubt, indicate 
that any such hypothesis is statistically untenable. The 
hypothesis should rather be that [the specified model] 
represents a reasonable approximation to the population 
variance-covariance matrix. From this point of view the 
statistical problem is not one of testing a given hypo'the- 
ils (which a priori may be considered false), but rather 
one of fitting various models with different numbers of 
parameters and, of deciding when to stop fitting. In other 
words, the problem is to extract as much information as 
possible out of a sample of given size without going so 
far that the result is affected to a large extent by •noise.* 
it is reasonable and likely that more information can be 
extracted from a large sample than from a small sample. In 
such a problem the^differences between X  values matter 
rather than the X  values themselves. . . .  A large drop 
in X  [when more parameters are introduced], compared to 
the difference in degrees of freedom, indicates that the 
changes made In the model represent a real improvement.
On the other hand, a drop in X close to the difference in 
degrees of freedom indicates that the Improvement in fit is 
obtained by * capitalizing on chance,* and the added param­
eters may not have real significance and meaning [Jdreskog, 
197^» P* ^5 my Italics],
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The force of saying that we are using "large-sample" tests for 
goodness of fit, and that X  differences are "asymptotically"
X? , is that we assume that the observed values not only esti­
mate the population values, but estimate them rather well. Par­
adoxically, if our sample is large enough to really represent 
the population, we are almost certain to find that the hypothe­
sis of fit is "statistically untenable" or false. Thus, we hope 
to find a "reasonable approximation" of the population covariance 
matrix with, hopefully, as few parameters as possible.

There is a strong tug toward fitting the most parsimonious 
possible model for the data, but, clearly, an open-ended explora­
tory analysis will yield an "acceptable fit" to models which are 
too parsimonious to replicate— let alone represent the true popu­
lation state of affairs. One must be diffident about presenting 
the results for the most restricted model located in the data, be­
cause if it fits, any number of less restricted models will also 
fit. I like to think of the fitting process as one of informally 
mapping the region defined by models having the form of [2.35] 
which fit the data, aiming for generalizations of the following 
kind: "X and Y are the most important components in the data; the 
other components do not materially improve the fit." "Correlated 
components are needed for acceptable fit." "Heterogeneous error 
variances are not required for acceptable fit." Arifa so on. The 
emphasis should be one of Identifying features of the models 
which improve the fit materially, rather than on finding a par­
ticular model which "fits best."
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Determination of rank and Identification of the probable 
components. There are practical as well as theoretical con­
siderations Involved In the decision to stop fitting models to 
the data. In principle, we have 8 choices for models using a 
single column of , 28 choices for models using 2 columns,
56 choices for models using 3 columns, and so on. For each 
choice of B , there are (ignoring the fact that there will be 
some redundant and underidentified models) eight distinct models 
in the range, plus any number of other simply-patterned models 
which could be fitted. Control card preparation for covariance 
structure analysis can be somewhat onerous, however. I use a 
version of the ACOVSF program (jSreskog et al., 19?0), and a 
typical set of control cards for testing a range of eight models 
contains about 300 lines, and generates over 1000 lines of out­
put. The enormous flexibility of the program is purchased at a 
certain cost! It is useful, therefore, to make a preliminary 
determination of the rank of the data and the probable components 
present in the data before fitting ACOVS models with the ACOVSF 
program. (Incidently, there is an ACOVS computer program, and 
the ACOVSF computer program is a version of it which uses esti­
mates of second derivatives in the computations and also yields 
standard errors for the parameters. I use "ACOVS” as an acronym 
for "analysis of covariance structure"; unless otherwise indi­
cated, the computer program used is a linear descendent of ACOVSF.)

I like to look at several preliminary tests on the dimension­
ality of an observed matrix S thought to be suitable for com­
ponent analysis. It is very comforting when the tests all agree,
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as they sometimes do. The tests are sensitive to different in­
formation about the data, however, and it can be useful to see 
which tests agree and which do not.

The easiest test to apply is the roots-of-R-greater-than- 
one test, which is the Guttman-Kaiser rule for the number of 
factors in factor analysis, and indicates the number of princi­
pal components having a positive coefficient-Ci (Kaiser, 1961).
It may be considered a lower bound on the number of variance 
components present in the data.

The next few tests are likelihood-ratlo tests on a covar-t

iance structure which are available in a closed form. They can 
all be expressed as tests for equality of s variances (or 
eigenvalues, which may be interpeted as variances in multivar­
iate work), and have the form:

[2.39] X2 = -KlnW = -K lnpT / (Xrf./s)-] ,
8 —  S —

where W is the likelihood ratio, obtained as the product of 
the variances $ (i " 1» s) divided by the £-th power of their 
mean, and K is a scale factor which improves the large-sample 
approximation - ( N - l ) l n W ^ X ^  . K is always less than N-l 
and is on the order of N - s/3 for several of the tests below 
(Box, 19^9), but when N »  s , K Is negligibly different from 
N-l .

Among the classical likelihood-ratio tests which may be 
used are the Wilks (1932), Mauchly (19^0), and Bartlett (1950, 
1951a» 1951^) "sphericity" tests on R and S . Wilks provided
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the classical test of the hypothesis Hq : P = I that a corre­
lation matrix is equal to the identity matrix. If the Wilks 
test cannot be rejected, there is no point in pursuing a com­
ponent analysis of the data. Mauchly (19^0) provided a more 
restrictive test of the hypothesis Hq * Z! = I of sphericity

-£or a. L& *4.ri c4£and equality of a variances^in a given metric. Bartlett ex­
tended Wilks’s test to the hypothesis Hq: P = FrFr + I  *

where F contains the correlations of the variables with the r
first r principal components of R • Eartlett’s test may be 
expressed as a test for equality of the last s -  2  “ L  eigen­
values of R , and is interpreted as a test for "significance" 
of the first r principal components. The ^  of equation
[2.39] are the si smallest eigenvalues, and K is taken as 
N - l  - (2s2+s+2)/6s . The resulting X 2 is interpreted with 
i(s +s-2) degrees of freedom.

All of these classical tests can be performed using ACOVSF, 
and the ACOVS significance test is constructed on exactly the 
same likelihood-ratio principles as the classical tests. In 
fact, the ACOVS fitting function [2.22] may be expressed in the 
form [2.39] by taking the to be the eigenvalues of S2“^
at the minimum. The ACOVSF program does not take advantage of
the scaling factor K , which is only available when there is a

a ficovSf- /\
closed-form estimate 2. , butAcan find 3C when closed-form
estimates of X  do not exist or would be extremely tedious to 
obtain.
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It is useful to have a preprocessor program which computes 
some of the classical tests on dimensionality, and also com­
putes the matrix V = S H of equation [2.9]. Much can be 
learned about the components of S by examining V . If we
let & 2 represent the component corresponding to the ^-th 

1
column of H , it can be shown that the diagonal elements of 
V have the expected values ...

[2.40] = £0^2 + tf2 »

where tf*2 is the mean of the error variances (see the discus­
sion, earlier in the chapter, in connection with Table 2.6).
0-j2 is the content component dg2 , 0^ is the component 6

corresponding to the c< facet of the design, and so on. It
that the diagonal elements for tb 

will often be apparent by inspection that the/content component
and one or more of the other components are considerably larger 
than the others; if so, these are the "probable components" 
present in the data. We aim to fit r fewer than £ components, 
and by formally testing for equality of the smaller diagonal ele­
ments of V — which estimate 6 2 if the corresponding variance 
components ara null— we can obtain a preliminary estimate of r .
The rationale for looking at V in order to make decisions about 
the components of S has been explored earlier in the chapter, 
and comes from the work of Bock and his associates (particularly 
Bock, I960; Bock & Bargmann, 1966; Bock at al., 1969; see also 
Bock, 19?5i for an application of the same principles in testing 
the assumptions for a repeated-measures ANOVA)•
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Somewhat speculatively, I have adopted the following pro­
cedure for testing V t and found It useful. (Examples will
be given In the results section of the dissertation.)

1. Obtain V - H* S H •
2. Reorder V so that the last £-1 diagonal elements

are in descending order by size, which is an implicit reordering
of the columns of H , reserving the first column of H and
the leading diagonal element of V for the content component 
(content should be one of the larger components in the data, but 
it doesn't have to be).

3. For s = £, £-1, . . . 2 , obtain the eigenvalues
) , _i = 1, _s of Vg , where is the lower-right js x js

submatrix of the reordered V .
4. Test Vg for sphericity at each step using £2.39]*

M
where M = N - 1 - (2s2+s+2)/6s , and 

[2.4-1] -M In W /v X2[!(s2+s-2)] .

This is simply an application of the classical Mauchly (1940) 
test for the successive submatrices of V •

For s = £ and £-1 , [2.4l] corresponds to well-known
tests on S . With data thought to be suitable for component 
analysis, it should be possible to comfortably reject the hypo­
thesis of sphericity with £ > £-1 , and fail to reject for some 
s >  2 • The value of s for which we first failr to reject sets 
an upper limit on the number of components which can be detected 
in the data, in the metric of the data as given, and assuming un­
correlated and (strictly speaking) homogeneous error variances 
for the measures.
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For s 53 £  [2.4«l] Is lndentlcal to Mauchly's test. I have
described It as a test on V , but since V and S differ 
only by a similarity transformation and therefore have the same 
eigenvalues (Graybill, 1 969, p. 45), and Mauchly's test for
sphericity of S depends only on the eigenvalues of S , the
same test can be made using the eigenvalues of V . If we fail
to reject the hypothesis of sphericity for s = £ , it is a
very bad omen: It implies that our measures of the same osten­
sible content are homoscedastic and uncorrelated.

For s = £-1 , [2.41] is identical to Huynh and Feldt's
(1970) test of the hypothesis HQ : S  - aj» + ja' + <f2 I (where 
a is a real-valued £ x 1 vector, and j is the £ x 1 unit 
vector), which is a test of fit to the "Type HM pattern required 
for pooling error terms in the one-sample repeated-measures 
ANOVA. If we fail to reject this hypothesis, it implies that 
only one random component cJ].2 is needed, and none of the com­
ponents associated with the design facets are detectable; how­
ever, the error variances may be regarded as possibly correlated 
with individual differences on the content component. If mean 
differences on the observed measures are meaningful,, failure to 
rejct the hypothesis of sphericity at this step will Justify an 
analysis of mean differences using mixed-model assumptions.

For s <; £-2 , [2.41] is testing the hypothesis that V
has the form:

where 0 is the s x s null matrix. Comparing this with [2.9b],

A  *  z 1 ,
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[2.42] implies the strong assumption that CeQ = <5* I , but 
contrary to the development of the component analysis model in 
the early part of the chapter, it allows Cze f  0 • Other as­
sumptions are possible, of course, and may be bs^cA using 
ACOVS methods. As the purpose of the tests on V is to gain 
an idea of the dimensionality and probable components in the 
data, the matter need not be pursued further here.

As a final test on dimensionality, it is useful to per­
form an unrestricted maximum-likelihood factor analysis (UMLFA) 
on the data, using a program such as UFABY3 (Jtfreskog & van 
Thillo, 1971)* testing for goodness of fit using successive 
numbers of factors. This also sets a lower limit on the rank 
of the simply-patterned component model. Depending on the as­
sumptions made for the component model, it may not be possible 
to fit a component model with a rank as low as the first UMLFA 
model which fits the data.

Final remarks on dimensionality. The search procedure for 
making preliminary checks on dimensionality and the probable 
components is highly exploratory, of course, and together with 
the subsequent testing of ACOVS models it is highly conducive to 
Type I error. The significance tests associated with the vari­
ous maximum— likelihood criteria used throughout the process 
have hardly a shred of statistical meaning left at the end. The 
significance tests are being used as a kind of yardstick against 
which the merits of models can be compared, for purposes of sep­
arating the plausible wheat from the Implausible chaff.
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In evaluating alternate models, the size of various efects 
may be as important as the significance levels associated with 
them. Large first differences in the roots of S and R , or 
in the diagonal values of V , tend to be accompanied by large
p%  differences in the significance tests for dimensionality.

The sizes of the estimated variance components also tend to speak 
for themselves. Suppose the following estimates are obtained:

~ *5 > = *3 » = = »02 » even the fi and

Y  components are real, they are an order of magnitude smaller 
than the first two components, and (depending on the size of the 
error estimate) probably cannot be measured very well. In the 
datasets I have looked at, it is comforting to discover that the 
variance component estimates do not change very much across a 
wide variety of trial estimates on the other parameters, especial­
ly for the larger components. Often the rough estimates of com­
ponents based on the elements of V , such as the ones used ear­
lier in the chapter, will be within 5 or 10% of the estimates ob­
tained after testing many ACOVS models.
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Characterizations of particular simply-patterned ACOVS 
models. In this section, some general features of analysis for
2-component and 3-component models are discussed. To be thor­
ough, we can begin with O-component and 1-component models.
The 0~component models of interest ares

A
2 = I (for correlations), and
A oz  = <f I ,

which may be tested in closed form for goodness of fit by the 
Wilks (1932) and Mauchly (19^0) likelihood-ratio tests mentioned 
earlier. The most interesting 1-component simply-patterned mod­
els are:

i  = >}• +<f2 1 ,

£  = <sf j y  + e ,
£  - ff * + I , and
Z  = ff* + E ,

where f is a £ x 1 free vector which may be expressed in 
terms of the elementary matrices in Table 2.8 as f = .
The first of the 1»-component models is the compound symmetry 
padelv' for which Wilks (19^6) provided the closed-form test of 
fit, and the last is theAl-factor model^which may be tested by 
UMLFA methods.

With data suitable for component analysis, we should be 
able to reject all of the 0-component and 1-component models, 
as mentioned earlier, but we can use the 1-component models to 
illustrate the "identification" problem in maximum-likelihood

A
estimation. The general model £  = A(BCB* )A + E is said to 
"unidentified" if the free parameters of the model do not have
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unique values at the minimum Z .  For example* if A = A^ and 
C =* Cg , which are the least-restricted forms of these mat­
rices which we are considering, the general model will be un-

A
identified even if there is a unique value of 2 for which the 
maximum-likelihood equations are minimized. For any estimate

Aof £ » it will always be possible to divide A^ by any arbi­
trary constant k and multiply Cg by k2 , and still obtain

A
the same Z  • Thus, the least-restricted elementary matrices 
A^ and C2 can never be used simultaneously. In the 1-com­
ponent models above, the term d£2 jj* may be specified as 
I(BiC2 BJ)I , and the term ff* may be specified as 
A2(B1 IB^)A2 » which sets A to fixed values in the first case 
and C to fixed values in the second.

The r&nge' of 2-component models introduces some complica­
tions. The pattern matrix for 2-component models may always be 
expressed (by rearranging the observed measures if necessary) as

f 1 1 1 1 1 1 1 1 ^
BJ = => ( L L L L  ) ,d  \ 1 -1 1-1 1-1 1 -1 J

where

L = 1  1 I 1 -1
is the "building block," so to speak, for the pattern Bg • If 
the two components are content and agreement, this specification 
of the model assumes that the Observed measures are alternately 
true and false keyed. It follows from the general model that
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A
2  -

LCL LCL LCL LCI?
LCL LCL LCL LCL
LCL LCL LCL LCL
LCL LCL LCL LCL

A + E = A( J ®  LCL )A + E ,

where J = Jj' is the 4 x 4  unit matrix. It is useful to 
distinguish between the "common" or "component" part of the 
model, which is 2- E = A( J8>LCL )A , and the error part,
which is simply E . We will allow E to be either homogen­
eous or heterogeneous, depending on which gives the better fit. 
ltfow consider the common part of the model. The meaning of the 
scaling factors in A is that, in some metric for the data, we 
require the component-space to have the form

A”1 ( £ - E ) A-*1 = J ®  LCL ,

in which each of the 2 x 2  blocks LCL is identical with
every other such block. If A = I , then we are constraining 
component-space to have the form J ®  LCL in the given metric 
for the data, and in general, we will prefer to have A known, 
for ease of interpretation. If the "proper" metric for the data 
is not known, however, optimal scaling is provided by letting 
the elements of A be free, subject only to the minimal re­
strictions needed for identifiability.

Let G = LCL , and since L"1 - ^L , we can write C = 
£LCL • Since LCL = IGI , we can rewrite the simply patterned 
model as

A
2 =  A( J ®  IGI )A + E * A( I 11 I )• G ( I I I I )A + E .
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Thus, any 2-component model based on - ( L L L L )  can be re­
expressed In terms of the pattern B** = ( I 11 I ) , since

B2 C B2 = B2 ̂  B2* * and VlCe versa* Note fchat

In component-space and In the metric A , C contains the 
content and agreement covariance matrix, and G contains the 
true and false covariance matrix. But while models based on 
B2 and C can be freely converted to models based on B# and 
G , and vice versa, placing restrictions on C will not gen­
erally have the same effect as placing restrictions on G . If 
C is required to be diagonal, for example, we find

G

so that G is not diagonal, but does have the implicit restric­
tion 6 ^  -  . Similarly, if C is required to
have equal diagonal elements, making it proportional to a corre­
lation matrix, G is implicitly required to be diagonal but not 
necessarily homogeneous. I mention these equivalences, because
we may occasionally want to consider restrictions on C other

certain
than 0=0-^ and C - Cg > and it is useful to know what/re­
strictions on the components imply for the observed covariances. 
Whatever the metric of the data, and whatever restrictions are on 
C , the general 2-component model implies that any true-false
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pair of measures has a constant correlation

^tf = fi12 / ̂ 1 1 ^ 2 2 
in component-space. The true-false pairs cannot have a constant
correlation in test-space under the model, however, unless the 
error variances are homogeneous. If the error variances are ho­
mogeneous,

£fcf ~ ® 2 f v /^£ii+ *̂ )(8 fi22+^ ^
estimates the constant correlation in test-space. (These examp­
les are expressed in terms of the 2-component content and agree­
ment model, but can be modified for other pairs of components.)

In testing a range of 2-component models, I will use the 
crossed combinations; A^ vs. vs. C2 , and E^ vs.
from Table 2.8. Note that has fixed l*s for the two leading
diagonal elements. As a general rule, at least one diagonal ele­
ment of A must be fixed whenever C is completely free, as men­
tioned earlier. In the 2-component model, however, one additional 
restriction is needed for identification whenever C = Cg • The 
nature of the identification problem is a little difficult to pin
down, but it turns out that if A - and C are paired, we can

s ^ *
obtain the same estimate ^  by multiplying by an arbitrary
k and the transformation is absorbed by di­
viding * a^ , a^ and ag by the same value k • The ad­
ditional restriction can be placed on C , if desired. The ap­
proach adopted here has the effect of expressing the variance 
components in the metric of the first true-false pair of observed 
measures.
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3-coraponent and ^-component simply-patterned models are ob­

tained by taking B equal to B^ or B^ from Table 2.8. It 
may be necessary to permute the rows and columns of S so that
B will have the particular columns given in Table 2.8 or, equiv­
alently, the rows of B can be permuted to match the components 
of the observed S . For 3-component and ^-component models, we 
can write [2 .35] as

£  = A ̂  J C (K* K» ) A + E

f K  C K* K C K A  
= AI A + E

\ K C K '  K C K ' J

= A ( J ®  K C K* ) A + S ,

where J is a 2 x 2  unit matrix, and K represents the ^ x 3
upper half of B^ or the ^ x ^ upper half of . Thus, for
these models, the component part can be partitioned into four
identical submatrices (in the metric of A ). When C is diagon­
al, it can be shown by carrying out the multiplication KCK'
that each of the submatrices has the Eargmann (1957) "equipredict- 
abillty" pattern. For identification, at least one element of A 

must% be fixed whenever C. = , and it is convenient to set the
scaling matrix to A = A^ if scaling factors are to be used.
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Chapter 3 

Reanalysis of Morf*s (1968) Data

Drs. Morf and Jackson graciously provided data collected 
for Morf's (1968) dissertation, giving me the opportunity to 
test some covariance structure analyses of the data. This 
chapter reports the results of the reanalysis, discusses some 
of the theoretical and methodological problems encountered, 
and lays the groundwork for the design and hypotheses of the 
present dissertation.

A s  discussed earlier, Morf*s study is the most ambitious 
attempt to construct faceted scales suitable for measuring both 
the agreement and endorsement types of acquiescence. For each 
of four PRF content areas— Sxhibition, Play, Succorance and 
Understanding— Morf constructed four short scales in a 2 x 2  

design, for measuring content and the facets of agreement and 
endorsement. Additionally, each of the resulting items was 
translated from self-descriptive ("I am X") to attitude ( " X 
is good," or "I like X") format, which provides a potential 
basis for measuring a third response style component which I 
will call "form." Thus, the heart of the data base was a com­
pletely faceted structure, with 4 content areas x 2 agreement 
x 2 endorsement x 2 form facets, yielding a total of 32 vari­
ables. Nineteen other variables, some faceted and some not, 
were also Included, and involved scales for: heterogeneous
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MMPI and PRF content; PRF desirability; the F-scale variations
of Jackson and Lay (1968); social desirability scales for an
adjective checklist; and sex.

analysis
In Morf's/of the data, the entire correlation matrix (51 

variables) was factored and targeted for eight factors:

Stylistic factors:
1. true responding (agreement)
2. item endorsement (endorsement)
3. adjective endorsement 
k . desirability

Content factors:
5. Exhibition
6 . Play
7. Succorance
8. Understanding

Preliminary analyses had indicated that a factor for the response 
style of form would not emerge, but the fit of the data to the 
above eight factors appears to be very good. Morf used Rent­
ier's (1971) Clustran procedure, which yields a best fit to 
oblique hypothesis vectors, followed by rotation to the orthog­
onal matrix which best fits the oblique loadings.

Factoring the matrix of intercorrelations for the oblique 
solution yields some interpretive bonuses among the second-order 
factors. At the second-order level, the item endorsement and 
adjective endorsement factors merge, suggesting that similar 
impulsive response patterns might be Involved in both endorsement 
factors. The true responding (agreement) and understanding



factors also merge into a second-order factor, loading in op­
posite directions, suggesting that agreement is negatively- 
related to the dimension of intellectual curiosity which the 
Understanding scale was intended to measure. These results 
lend support to the hypothesis that agreement is related to 
intelligence, and endorsement to impulsiveness (Messick, 19^7 ).
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Theoretical Issues

It Is well known that factor analysis suffers from two 
major kinds of indeterminacy— the indeterminacy of the com- 
munalities and unique variances of the measures, and the in­
determinacy of rotation. Indeterminacy of the communalities 
is closely related to the number-of-factors problem, since 
it is relatively simple to solve for the unknown
communalit.es when a decision about the number of factors hasb

been reached. Once the number-of-factors issues is settled, 
indeterminacy of rotation poses problems which can bedevil 
attempts to make substantive sense of the data, since we 
want to identify a convenient set of axes for common-factor 
space with the theoretical constructs thought to underlie 
the data.

The next two sections of the chapter briefly evaluate 
Morffs analysis from the standpoint of the issues raised by 
the two kinds of indeterminacy. A third section discusses 
the problem of "adequate reversal" of items and scales.'
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Indeterminacy of communalltles end the Issue of signifi­
cance tests, Morf's conclusions about his data do not rely 
on formal significance tests, apart from a few X 2 tests on 
the sign patterns obtained from his targeted factor loadings.

3-f‘a.rtJla.rjL
In this, he was followingAfactor-analytic practice. Since
the early days of factor analysis, the lack of significance
tests has been one of the most frequent criticisms of the
method. Although maximum-likelihood tests for the number of
factors in factor analysis, and for the dimensionality of a
correlation matrix, have been available since Lawley's (19*1-0)
and Eartlett’s (1950, 1951) classic papers, my impression is
that over 90% of factor-analytic results are still being re-
ported without preliminary checks on the dimensionality of the

A
data being analyzed.

A researcher must decide the important number-of-factors 
question before he can solve for the unknown communalities of 
the measures. The most widely used rule-of-thumb for deciding 
the number-of-factors question is probably still the Guttraan- 
Kaiser rule: Retain as many factors as the correlation matrix
has eigenvalues greater than one. Kaiser’s (i9 6 0) state-of-the- 
art paper provides a rationale for the rule in terms of: (a)
algebraic criteria -of necessity; (b) psychometric criteria of 
reliability; and (c) psychological criteria of meaningfulness. 
Point (a) refers to the fact that the rule corresponds to Gutt- 
man’s (195*0 weak lower bound for the number of factors (Gutt- 
man’s strons lower bound yields too many factors). Point (b)
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refers to the principle that principal components must have 
eigenvalues greater than one in order to have a positive coef­
ficient**^; apparently Kaiser never published a formal proof 
of this principle, but McDonald (1970) has provided a proof 
under certain restrictive assumptions. Finally, Kaiser (I960, 
p. 144) considers point (c) decisive; The rule leads "almost 
invariably . . .  to the number of factors which practicing 
psychologists were able to interpret." He summarily dismisses 
the "statistically correct but scientifically issue-confusing, 
significance tests of Lawley and Company," and provides words 
of comfort for "those of you who have been browbeaten by the 
imprecations of second-rate statisticians into thinking that a 
significance test for the number of factors is essential to the 
proper application of factor analysis" (Kaiser, I960, pp. 143— 
14-4-). A decade later, however, in another state-of-the-art 
paper, Kaiser concluded that "the most important future work 
• • • should continue to concentrate on the number-of-factors 
question" (Kaiser, 1970, p. 4-140, so perhaps the issue is not 
yet -settled. The later paper also provides an unusual glimpse 
of a factor analyst at work, deciding the number-of-factors is­
sue in a doubtful case: The process involves "root-staring,
plotting the value of eigenvalues against their ordinal numbers, 
consulting my tummy for a nice answer upon staring at this plot, 
and then seeing if I could make up some . . .  rational, simple
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rule of behavior which explicates objectively what my tummy 
tells me” (p. ^07). In his Inimitable manner, Kaiser was as­
serting that the "right” factor solution tends to be esthetic- 
ally pleasing, and that the best factor analysts have always 
been guided by experience, intuition and esthetic sense— not 
necessarily in that order. Naturally, psychologists whose 
tummies react badly to eigenvalue plots are made somewhat un­
easy by this state of affairs; they might be comforted if some 
formal significance tests could be found to correlate with 
feelings in the tummy.

The issue of significance tests in factor analysis must 
be considered . historically, in terms of avail­
able techniques. Although Lawley established a theoretical 
basis for a test of numbers of factors in 19^0, it involved 
"matrix inversion, and eigenvector-eigenvalue problems of the
worst sort,” as Kaiser (I960) put it. The convergence proper- 

early
ties of^maximum-likelihood solutions were rather poor. As 
McDonald (1970) made clear, there is no necessary connection 
between the theoretical basis of factor analysis models and 
the properties of iterative algorithms needed to obtain solu­
tions with sample data: The models yield matrix functions to

*,.

be maximized or minimized, but the practical problems involved 
in actually finding the stationary points of the functions, 
within the limitations of accuracy for digital computers, can 
be severe. It is hardly helpful to have an elegant statistical
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model for factor analysis, if one’s data are too extensive to 
analyze by hand, and the available computer programs behave 
somewhat unpredictably. Jdreskog’s (196 6, 19&7) computational 
breakthrough, which involves the use of a minimization algo­
rithm published by Fletcher and Powell (1963)* has been acknow­
ledged as providing the first reasonably reliable practical 
method of maximum likelihood factor analysis (e.g., McDonald, 
1970; Hakstian & Muller, 1973).

Maximum likelihood tests for dimensionality need not be 
decisive, of course. They depend for power on the number of 
subjects, measures and factors, the selected alpha level, and 
the (unknown) actual size of relationships between measures in 
the population. A researcher may decide that he has too much 
power, and choose not to interpret the-trivial factors. Alter­
nately, he may decide that he has too little power, and either 
eliminate some of his measures from the analysis, or collect 
data from more subjects. The power functions of multivariate
procedures are technically very formidable, and they depend in

*any case on unknown population parameters, so thatAresearcher 
must still rely on rules-of-thumb and "experience" for deciding 
whether he has too much, too little, or just the right amount 
of power (JSreskog, 1969). A reasonable rule would be that 
data at hand should pass a statistical test for dimensionality
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as an upper bound for the number of lnterpretable factors 
(Gorsuch, 1974, p. 141).

Montanelll (1974) an^ Erowne (1963) have Indicated that 
maximum likelihood methods sometimes "underestimate" the cor­
rect number of factors when Ns are small, but the sense of 
"underestimates" seems misleading in this context. One would
hardly complain that a t test underestimates the mean differ-.

3 JSrvijp le m e a n  f e r c n c e .
ence because a w s s *ound to be n°k significant in a study

hneeurvwith a known population ̂ difference of .5 0  and n = 32 in each 
group; with C{ = .0 5, the power of the^test can be readily 
calculated as .5 0* so that there was only a 50-50 chance of 
finding a significant mean difference from the outset (Cohen, 
.1969» P. 34). Instead of concluding that maximum likelihood 
sometimes underestimates the number of factors, we should con­
clude that sample sizes are sometimes much too small. If the
N is too small to use maximum likelihood methods, then it is

to use other n\C<rhods as w e ll*
probably too small^ Hakstian and Muller (1973) com­
pared maximum likelihood and other decision rules for numbers 
of factors, for 17 published data sets involving 6-34 measures 
and 100-^21 subjects. Maximum likelihood yielded the same 
number of factors or more factors than the roots-greater-than- 
one rule, for 15 of the data sets, snd also matched the number 
of factors extracted in the original studies more often than 
the roots-greater-than-one rule; so it is probably not the 
case that the use of maximum likelihood will result in fewer
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factors being extracted, or that the published literature is 
full of studies having inadequate sample sizes for the num­
ber of factors extracted (cf. Armstrong & Soelberg, 1968;
Tobias & Carlson, 1969).

Morf extracted eight factors from his data, essentially 
because that was the number hypothesized. By several common 
tests for numbers of factors, the data were underfactored.
The tests were applied to correlations involving 46 of the 51 
variables included by Morf (three adjective checklist measures 
were not included in the data sent to me; an infrequency meas­
ure was omitted because of its low variability; sex was also 
omitted), Bartlett's test for dimensionality of the correla­
tion matrix was the winner, with 19 significant dimensions be­
fore the residual roots stabilized at a non-significant value 
(X?(351) - 399*0?; £ < .10), This is undoubtedly an overes­
timate, and on theoretical grounds we would expect Bartlett's 
test to overestimate the dimensionality of common-factor space. 
The roots greater-than-one rule was next with 14 factors, 
while the maximum likelihood test (JOreskog & van Thlllo, 1971) 
yielded 12 factors (X2 (549) = 600.45, £ = *0 6 3) before a non­
significant chi square was found. Since the roots-greater- 
than-one rule provides a theoretical lower limit, and the maxi­
mum likelihood test a statistical upper limit, it would seem 
that the appr<jj?iate number of factors for the data is In the 
neighborhood of 13.
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Overfactoring and underfactoring lead to "fission" and 
"fusion," respectively, to use Cattell*s expressions: If too
many factors are extracted, the "true" factors will spilt 
apart In nonrepllcable ways; while If too few are extracted, 
some of the "true" factors must fuse In order to fit the dimen­
sionality allowed. There are Indications that It Is usually 
better to overfactor (slightly) than to underfactor (Gorsuch, 
197^* PP« 156-160). In examining the solutions obtained by 
extracting successively more factors from data having a known 
factor structure, the known structure can usually be identified 
when a few too many factors are extracted, since the surplus 
factors can be Isolated as specifics; but as still more factors 
are extracted, the known structure will become fragmented.

The question of the correct number of factors is particu­
larly important for confirmatory factor analysis where, as In 
the case of the Morf data, h factors are predicted but the 
data will support r > h factors. Morf chose to extract h 
factors and rotate them to a target matrix, but extracting too 
few factors has the effect of injecting unwanted variance Into 
the solution and omitting some of the wanted variance. On the 
other hand, if he had extracted r factors, it would have been 
perhaps too easy to fit the predicted factors, since he would 
have been fitting an 8-dlmenslonal set of hypotheses in a 
space of higher dimensionality.
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One of the aims of this dissertation is that of applying 
maximum likelihood methods— -which were not readily available 
when Morf analyzed his data— to tests of response style hy­
potheses. Jflreskog’s (1970) general approach to the analysis 
of covariance structures provides tests not only for dimension­
ality of the data, but also for the fit of hypothesized factor 
structures. It provides a statistical basis for addressing 
the tricky problem of rotational indeterminacy, which is the 
topic of the next section.
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Indeterminacy of rotation and the Issue of Procrustes 
methods. Block (1971, 1972) has criticized the Morf analysis 
for its use of procrustes rotation methods, and monte carlo 
studies of these methods indicate that they can yield super­
ficially "good" solutions with random data (Horn, 19^7; Hum­
phreys, Ilgen, McGrath, & Montanelli, 19 69). Humphreys et al. 
showed, in particular, that capitalization on chance in the 
rotation process tends to decrease with high numbers of sub­
jects, with low factor/variable or high'marker/factor ratios 
(which are confounded in their study), and to some extent with 
high numbers of variables. The elaborate faceting of the Morf 
data, which yields a high marker/factor ratio for the acquies­
cence factors, provides a safeguard against abuse of procrustes 
methods (Eentler et al, 1972). One index of the extent to which 
a targeted rotation results from a valid underlying structure 
is the number of "high" (over .3 or .4, say) loadings obtained. 
If the underlying structure is very different from the targeted 
structure, the number of high loadings is depressed by the 
stretching and squeezing of test vectors to fit their Procrus­
tean bed. For the Morf data, 17.2# of the targeted loadings 
exceed .3 , and 10.3# exceed .40. This compares very favorably 
to Guilford and Hoepfner's (1971) results using targeted rota­
tions. They report only of targeted loadings over .3 ,
and 4,6# over .4. Guilford and Hoefner also adjust their
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target matrix to fit their data, inserting small positive or 
negative loadings in the target in order to improve the fit 
(cf. Guilford & Hoepfner, 1971» PP» 53* 56; Horn & Knapp, 1973* 
p. M).

The existing monte carlo work on procrustes rotation sug­
gests that extreme caution needs to be used in interpreting 
the results of procrustes methods, but provides only crude 
guidelines for the practical researcher. The random data used 
in the Humphreys et al. study do not really resemble data col­
lected in actual research, and more monte carlo work needs to 
be done, perhaps using data with different kinds of known 
structure, such as the Tucker et al. (1969) series of simulated 
correlation matrices. Jackson and Morf (1973* 197*0 have pro­
vided two auxiliary studies bearing on the adequacy of the 
Morf analysis. The first study capitalizes on the fact that 
the form facet (self-descriptive vs. attitude scales) did not 
yield a factor, which enables them to repeat the analysis using 
more or less parallel subsets of the data. This study shows 
that the facet design of the Morf data can be found in both
sets of measures. This is not too surprising, since 

Cachŷ of the parallel subsets has a higher factor/measure and
than bofh -Jubse+ilower marker/factor ratic^ making it easier to fit an arbitrary 

target. However, if the fit in each subset is entirely due to 
capitalization on chance, we would not expect factors obtained 
in one subset to correlate with the corresponding factors in



159

the second subset, end Jackson and Morf (1973) found inter- 
battery correlations of .73 and . 5^» respectively, for the 
crucial agreement and endorsement acquiescence factors. Block 
had suggested that the first auxiliary study "is logically 
faulty and does not address itself to the question, Will the 
Morf and Jackson factors fit a randomly constructed target 
matrix as well as the factors fit the hypothesized target mat­
rix?" (Block, 1972, p. 10, referring to a prepublication copy 
of the Jackson and Morf, 1973* study). The second auxiliary 
study indicates that the answer to Block’s question is No 
(Jackson and Morf, 197*0.

In a sense, the use of procrustes methods is not the 
real problem. Data should never be collected for a factor an­
alytic study without some hypotheses about the nature of the 
factors expected, and if very specific hypotheses can be made 
for the structure of the data, it seems only natural to ana­
lyze the data in ways which maximize fit to the hypothesized 
structure. In principle, we do precisely that in using analy­
sis of variance to test hypotheses about means; the major dif­
ference is that the standard methods of ANOVA indicate whether, 
on stated assumptions, the observed means could be obtained by 
random sampling from a population in which the means are real­
ly equal. Accordingly, Joreskog’s (1970) hypothesis-testing 
methods provide a welcome addition to the techniques available
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for factor analysis, and to methods available for testing 
response style hypotheses.

Maximum likelihood methods do not completely solve the
problem of rotational Indeterminacy, because If the predicted

apattern B and the estimates Z- = BOB' + E provide an ac­
ceptable fit to the obtained covariance matrix, then any pat­
tern B* 55 BT with covariances C* = t” * C T ,~* , where T 
is any nonsingular matrix, will fit the data equally well 
(Jflreskog, 1970). Since T"1 exists, (BT) (T- 1 CT'-1) (BT) 
or B* C* B#* reduces to BC B* . However, maximum likelihood 
methods can be helpful when we need to choose between two sol­
utions Bj C BJ + E and Bg C B£ + E , where B^ and Bg 
have the same full-column rank, but Bg y6 B^ . This principle 
will be illustrated later in the chapter, after a discussion 
of the theoretical issue of adequate reversal.
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Adequacy of reversal and counterbalancing. Another crit­
icism of the Morf study Is that the Items used were Inadequate­
ly reversed, since some of the reversals may be logical con­
traries rather than logical contradictories (Block, 1971; Sam- 
elson, 1972). As discussed in Chapter 1, this criticism ap­
pears to be partly a misunderstanding of the factor analytic 
and covariance structure approaches to the study of acquies­
cence. Reversals need not be contradictory (though they must 
be contrary) along the content dimension, provided that the 
reversals affect the fixed means of the scales and not the 
rank order of individuals along the content dimension. The 
analysis of the data is orthogonal to the scale means, and is

IVprimarily response to the rank order of subjects on the scales.
^ d i f f e r e n t  ( f i n d

Morf's results may have been affected by a^reversal
t/e 1%problem,Abecause the content stems used to define the response 

style facets are distributed nonrandomly across the facets of 
his design. When we examine the items defining the agreement 
facet for the four PRP content areas, for example, the true 
keyed items are based on one set of stems, while the false 
keyed items are based on another. For the most part, the true 
and false keyed items are not reversals at all, but entirely 
different items. The same is true for the positively and neg­
atively phrased items defining the endorsement facet.



Table 3*1 displays the manner In which the content stems 
are matched with the design facets for the PBF content areas. 
Morf considered it unwise to administer eight variants of the 
same stem to a single subject, for obvious reasons, and most 
of the stems appear in either two or four variants. For exam­
ple, the first stem for Exhibition is concerned with having a 
"flashy car," and the two variants were scored for the ESPT 
and EAPT scales; similarly, the first stem for Play is con­
cerned with "children's games," and the two variants are 
scored for the PSPT and PAPT scales. Morf's complete test in­
strument, which contained a number of subscales not discussed 
here, contained a total of 560 items. These items were divid­
ed into two separate questionnaires, indicated by the letters 
A and B in Table 3.1* and administered at two different test 
sessions. So far as possible, items based on the same stem 
were not administered at the same test session. Some other 
features of the PRF scales which may be noted from Table 3.1 
are that the number of items per scale varied from b to 8; 
the content areas used differing numbers of stems, ranging 
from 18 for Exhibition to 2b for Understanding; finally, each 
content area used a constant number of 2b self-descriptive and 
2b attitude items.

Morf (1968, pp. b l - b 2 )  wrote the self-descriptive items 
first, aiming for the pattern shown for the .Understanding 
soales in Table 3.1: Approximately six items were obtained



Table 3.1
Patterns of Stem Overlap for Morf’s PRP Content Areasa
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Exhibition Play Succorance Understanding
S A S A S A S AStem P N P N P N P N P N P N P N P NT F T F T F T F T F T F T F T F T F T F T F T F T F T F T F T F

1. B A B A B A A B B A2. A B B A A B B A A B
3. A B A B A B A B
4. B A A B B A A B
5. B A B A A B B A6. A B A B B A B A
7. A B B A B A A B A B B A B A8. A B A B A B B A B A A B A B
9. B A A B B A A B B A10. B A A B A B B A B A
11. B A A B A B B A A B
12. B B A A A B B A A B
13. A B A A B A B14. A B B B A B A A B
1l‘ B A A B A B B A16. A B B A B A B A
17. A B A B B A B A18. B A B A A B B A
19. B A A B A B20. A B A B B A21. B A B A
22. A B A B
23. A B: 24. A B

Items 6 5 6 7 6 8 6 4 6 6 6 6 6 6 6 6 6 6 6 6 7 6 5 6 6 6 5 7 6 6 5 7

aA indicates item appears on scale in questionnaire A, administered at test 
session one, while B indicates item appears on scale in questionnaire B, 
administered at test session two.
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or written for each of the four self-descriptive scales, with 
no stem being used twice; then each self-descriptive item was 
rewritten as an attitude item, expressing an attitude toward 
the "external referent" contained in the self-descriptive 
item. This resulted in 24 attitude items, each having a re­
versed self-descriptive item based on the same stem, Morf was 
less successful in obtaining this pattern for the other three 
content areas, where the same stem was sometimes used three 
or four times. Each self-descriptive item was then randomly 
assigned to the A or B questionnaire, and its counterpart was 
assigned to the other questionnaire.

Morf's item stems may be characterized as counterbalanced 
with respect to test session and the facet of form, but not 
counterbalanced with respect to the facets of agreement and 
endorsement. For example, each self-descriptive item for Un­
derstanding has a corresp ond lng attitude item based on the 
same stem, and each questionnaire A item has a corresponding 
questionnaire B item. But the true keyed items are based on 
one set of stems (1-6 and 13-17) while the false keyed items 
are based on another (7-12 and 18-24), and the positively 
phrased items are based on one set of stems (1-12) while the 
negatively phrased items are based on another (13-24). The 
picture is less clear for the other three content areas, but 
It is always the case that the stems are not counterbalanced 
with respect to the facets of agreement and endorsement.
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Because of the lack of counterbalancing In Morf’s item 
pool, the design facets of agreement and endorsement may be 
confounded with variance attributable to differing groups of 
stems within each content area. With a rough content analysis 
of the Exhibition stems, for example, we can discern one fair­
ly homogeneous group of stems concerned with artistic or ath­
letic performance (stems 3**?»ll»i6 in Table 3*1)» while the 
remainder are concerned with being noticed in ordinary social 
situations (being the center of attention for unspecified 
reasons, standing out at parties, telling Jokes, saying "some­
thing shocking," and so on). The performance items are ap­
propriate for the construct of Exhibition, but they may also 
be tapping achievement needs or aesthetic interests which are 
not measured by any of the other items. If all or most of the 
performance items were included in a few cells of the 2 x 2 x 2  

design (in Table 3.1, they are predominantly positively phrased 
and true keyed), It could yield a spurious agreement or en­
dorsement effect which is really due to the content Imbalance.

Counterbalancing the design facets across the content 
stems is a way of lessening the risk of inadvertent reversal 
failure in the scales, and the last section of this chapter 
discusses a balanced incomplete block design for the stems 
which will be used in this dissertation. We turn now to the 
reanalysis of the Morf data. As we shall see, at least some 
of Morf*s scales are predicted better by patterns of stem over­
lap than by response style hypotheses.
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Reanalysls of Morf Data— PRF

Preliminary remarks. Subject #29 was missing a card In 
the raw data furnished to me and was dropped, along with sub­
jects #174 and 175* who both had three scored responses on the 
Infrequency scale. I also found several errors in the scoring 
keys. Item 352 rather than 552 belongs on the ESPP scale* and 
Items 7 and 33^ seem to belong on the HPPT scale. There were 
a few missing responses here and there. I scored these as 
1.5 (intermediate between 1 and 2) instead of, say, plugging 
in the applicable item means. These may account for minor 
discrepancies between my results and Morf*s results.

I also chose to analyze covariances between the scales 
rather than correlations, on the grounds that response style 
and error components should be more or less equal from scale 
to scale in the metric of the raw data, but would then not be 
equal in the metric of standard scores for each scale. More­
over, a sign pattern for response style— the pattern (1,-1,1, 
-1,1,-1,1,-1) for agreement, for example— applies properly to 
the raw scores since, on theoretical grounds, agreement can­
not be expected to be a constant proportion of scale vari­
ance if agreement is present in the data. The fact that the 
scales vary in numbers of items, as shown in Table 3«1» then 
presented a problem, since the scales had differing variances 
as a function of number of items. The soales were initially
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scored for numbers of responses in the keyed (content) direc­
tion , and these raw scores were rescaled by the scale lengths, 
making them equivalent to proportions of items in the content 
direction. All scales were then rescaled a second time by 
the standard deviation of the scale having the largest vari­
ance (SSNF), so that the final scales have variances less than 
or equal to one. The resulting variance-covariance matrices 
are shown in Table 3*2. The rescaling was double-checked by 
performing the equivalent operations on the variance-covariance 
matrix of the raw scores: Let S represent the variance-co­
varlance matrix of the raw scores; then each matrix reported 
in Table 3*2 may be found as S* = k(NSN) , where N is a 
diagonal matrix containing reciprocals of the scale lengths, 
and k - 3•9279 » the reciprocal of the standard deviation of 
the SSNF scale— i.e., the reciprocal of the square root of the 
largest diagonal element of N S N  . The net effect of the re­
scaling is to yield variance-covariance matrices having elements 
of about the same order as correlations, but in fact somewhat 
smaller than the actual correlations— a feature of the data 
which should be noted in examining the results.
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Table 3.2
Variance-covariance Matrices for PRF Scales®

SPT SPF SNT SNF APT APF ANT ANF
Exhibition

SPT 6607SPF 1820 95^5SNT 2421 5206 8081 .

SNF 1587 2682 2769 8437
APT 2515 0791 0773 0735 3604
APF 0530 2362 1441 1970 0093 5446
A NT 0693 2328 1225 -0293 0802 0156 6344
ANF 0252 2321 1186 2932 0099 1043 -0118 6848

Play
SPT 7188
SPF 0878 9200
SNT 2264 2883 6463
SNF 1834 2288 1216 6856
APT 2650 2322 2512 1464 7936
APF -0 2 3 6 3373 1294 1504 0296 7146
ANT 1917 263 6 3463 0869 2074 1575 6704
ANF 1778 25^5 0945 3691 2120 1988 0778 7745

Succorance
SPT 7563SPF 1298 7464
SNT 2315 1796 7022
SNF. . 3789 1457 2989 10000
APT 2419 0709 1301 1849 3962
APF 1111 4181 1572 0883 0272 7271ANT 1255 0980 2758 1260 0474 1341 7573ANF 2393 1726 1045 2752 0681 1235 1240 5860

Understanding
SPT 8705SPF 2608 7832
SNT 2048 1836 8887SNF 2929 2986 0653 7372
APT 3555 1048 2452 0675 8409APF 1851 4645 1694 2271 0639 6879ANT 0758 0374 2292 -0079 0803 0505 7228
ANF 180? 2394 0618 2843 1177 2258 -0 0 2 5 4342

aTo 4 decimal places (decimal omitted).
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Unrestricted Maximum Likelihood Factor Analyses (UMLFA). 
Significance tests from a UMLFA for each of the PRF content 
areas, using the program UFABY3 (Joreskog & van Thlllo, 1972), 
are reported In Table 3.3« If we adopt a .10 significance 
criterion for goodness of fit, we are led to accept a dimen­
sionality of three for the Exhibition and Play scales, and a 
dimensionality of four for the Succorance and Understanding 
scales. (Since the hypothesis is one of goodness of fit, and 
we seek "non-signifleant" results in order to accept the null 
hypothesis that the model fits, use of a higher significance 
level than the usual .05 is a conservative strategy.) For the 
areas of Exhibition and Play, the 3-factor solutions are clear­
ly appropriate: The 3-factor fits are adequate (£ = .310 and
£ - .652); the 3-factor solutions yield significant improve­
ment over the corresponding 2-factor solutions (£ < .001 and 
£ < .001); and the 3-factor solutions do not differ signifi­
cantly from the corresponding 4-factor solutions (£ = .253 and 
£ = .522). For the areas of Succorance and Understanding, the 
results are less clear-cut: The 3-factor solutions are almost
adequate (£ * .073 and £ = .063), and are significantly im­
proved over the corresponding 2-factor solutions (£ = .003 and 
£ < .001), but the corresponding ^-factor solutions show con­
tinued improvement in fit over the 3-factor solutions (£ = .08^ 
and £  *» .030). The decision reached was to accept 3-factor 
solutions for Exhibition and Play, and 4-factor solutions for
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T a b le  3 .3

Significance Tests from UMLFA of PRF Scales In Morf Data

Factors
Goodness of Fit Improvement in Fit

Chi Square df £ . X? df £
Exhibition

i 108.48 20 <.001
2 ^7.05 13 <•001 61 .43 7 <.001

3 8.26 7 .310 38.79 6 <.001
1.67 2 .433 6.59 5 .253

Play
1 108.53 20 <.001
2 42.77 13 <.001 65.76 7 <.001
3 5.07 7 .652 37.70 6 <.001
4 .86 2 .649 4.21 5 .522

Succorance
1 102.43 20 <.001
2 33.24 13 .002 69.19 7 <.001
3 12.98 7 .073 20.26 6 .003

4 3.25 2 .196 9.72 5 .084
Understanding :

1 94.54 20 <.001
2 47.2 7 13 <.001 47.27 7 <.001
3 13.42 7 .063 33.85 6 *.001
** 1.05 2 .591 12.37 5 .030
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Succorance and Understanding. The test of dimensionality pro- 
vided by UMLFA is scale-free, so theAchl square values and 
probability values would have been obtained if correlations 
or some other linear rescaling of the data had been used.

Table displays the varimax factor patterns which re­
sult, for each of the content areas, based on the decisions 
adopted for the test of dimensionality. The factor patterns 
closely resemble the patterns predicted on the basis of stem 
overlap, as indicated by the column labeled "Stem pattern" in 
Table 3*^» a point which requires some discussion.

Let us say that two scales have "stem overlap ** when they 
share three or more items having the same stem. We can illus­
trate this concept using the pattern of stem overlap for the 
Exhibition . area in Table 3.1. Exhibition scales 1 and 5 
(ESPT and EAPT) have stem overlap by this definition, because 
they have six items sharing the same stem. Similarly, scales 
2, 3* 6 and 7 (ESPF, ESNT, EAPF and EANT) form a set having 
stem overlap, and scales 4 and 8 (ESNF and EANF) form another 
set having stem overlap. Additionally, scale 6 has stem over­
lap with scale If, though scale b does not have stem overlap 
with 2, 3 and ?• If stem overlap causes scales to covary, as 
it should, these considerations would lead us to predict the 
following factor pattern for the eight Exhibition scales*
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Table 3«*
Varimax Loadings and Stem Patterns from UMLFA of PRF Scales

Scale
Varimax loadings3 Stem pattern

1 2 3 * 1 2 3 *
Exhibition

SPT 764* 121 048 X 0 0
SPF 072 916* 325 0 X 0
SNT 225 449* 287 0 X 0
SNF 158 -039 901* 0 0 X
APT 319* 051 028 X 0 0
APF 015 231* 226 0 X X
ANT 058 261* -0 3 2 0 X 0
ANF -Oil 136 333* 0 0 X

Play
SPT 444* -148 272 X 0 0
SPF 291 536* 216 0 X 0
SNT 575* 213 024 0 X 0
SNF 124 146 499* 0 0 X
APT 431* 012 252 X 0 0
APF 021 560* 138 0 X 0
ANT 504* 249 -0 1 2 0 X 0
ANF 071 184 665* 0 0 X

Succorance
SPT 577* 056 135 266 X 0 0 0
SPF 091 850* 069 076 0 X 0 0
SNT 209 125 802* -0 1 6 0 0 X 0
SNF 432* 074 255 334 0 0 0 X
APT 400* 036 053 003 X 0 0 0
APF 034 470* 116 101 0 X 0 0
ANT 0 55 071 322* 1*5 0 0 X 0
ANF 141 133 083 533* 0 0 0 X

Understanding
SPT 334 182 182 3*3* X 0 0 0
SPF 060 613* 115 247 0 X 0 0
SNT 161 147 600* -009 0 0 X 0
SNF 018 189 -009 744* 0 0 0 X
APT 898* 028 155 064 X 0 0 0
APF 023 684* 098 131 0 X 0 0
SNT 026 013 371* -Oil 0 0 X 0
SNF 104 266 -018 310* 0 0 0 X

aHlghest loading for each scale Is starred.
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0 0 \ 
x 0 
x 0 
0 x 
0 0 *
X X
x 0
0 X

and this is. the "stem pattern" shown for Exhibition in Table 
3.4. The x*s represent positive, nonzero loadings, and 
the 0*s represent zero or near-zero loadings. Scale 6 is 
indicated as having stem overlap with factors II and III.
This pattern is a "simple structure" pattern, and is close 
to the pattern which results from UMLFA on the eight Exhibi­
tion scales, followed by varimax rotation.

Stem patterns for the other three content areas are 
readily derived from Table 3.1, and are shown in Table 3.4. 
Examining the results, we can see that the varimax pattern 
resembles the stem pattern for Exhibition. For Succorance 
and Understanding, the varimax pattern also resembles the 
stem pattern, except that one scale in each area (SSNF and 
USPT) has slightly higher loadings on a non-predicted factor 
than on the predicted one; in each case, however, a minor 
additional rotation in the (I,IV) plane will yield the pre­
dicted stem pattern. For the area of Play, the varimax and 
stem patterns do not resemble one another; The stem overlap 
hypothesis predicts that scales 2, 3 ,  6 and 7 will load to­
gether; instead, scales 1, 3* 5 and 7 load together, while

M
f  x 
0 
0 
0 
x 
0 
0 
0V

o
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scales 2 and 6 load on a separate factor. Moreover, further 
rotation will not bring the varimax and stem patterns for 
Play intoAalignment. As we shall see, the varimax pattern 
for Play is more consistent with a response style interpreta­
tion of the factors than with a stem overlap interpretation, 
but the reverse is true for the other three content areas.

Procrustes rotation to stem and style patterns. Stem 
patterns for the PRF content areas were discussed in the pre­
vious section, but we need to specify style patterns in order 
to compare the fit of stem and style patterns to the data.
For a factor solution, the response style hypothesis that 
the underlying factors are content, agreement, endorsement and 
form, may be tested by rotating the obtained factors to the 
following target matrix:

C A E F

[3*2]

(1 n1 — i1 — i1 ~ 11 -1
4

1 -1-1\ 1 - -1/
From a number of results indicating that the form component is 
not needed for the areas of Exhibition and Play, the first 
three columns of [3»2] may be used to represent the response 
style hypothesis that (for a 3-factor solution) the underlying 
factors are content, agreement and endorsement.
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Some additional discussion of [3 ,2~] may be useful. The 
portion of the target matrix representing the content, acqui­
escence and endorsement components is obtained by

KEYUNSCORED
C A E

SCORED
C A E

[3 .2 3

SPT
SPF
SNT
SNF
APT
APF
ANT
ANF

i l l s  
1 1 1 L\\ 1 1 1 \

1 1 1 
i l l

1

1 
w 1

=
1 1 ** 1 

1 1 1

1 1 -1/
1

\-l /
1 1 —1 

\1 -1 1

where ®  represents a Hadamard or element-by-element product 
of vectors (Rao, 1973* P« 30). The order of the measures is 
the one used in Table 3 , 1  and throughout. With the data in un­
scored form, as indicated by the matrix on the left (with true 
responses coded 2 and false responses coded 1, say): (a) con­
tent is represented by the pattern given by the key, which is 
also the first column of the matrix on the left; (b) acqui­
escence is measured by counting true responses, as represented 
by the second column; and (c) endorsement is measured by 
counting true responses to positively phrased items and false 
responses to negatively phrased items, as represented by the 
third column. The data were systematically scored in the con­
tent direction, however, so the matrix on the right must be 
multiplied through by the scoring key to obtain the appropriate 
target matrix for content-scored data, on the right. This is 
the reason for the somewhat contraintuitive pattern used to 
represent endorsement in £3.2].
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The form component may be construed in one of two ways, 
which can be labeled FI and F2. The pattern ( 1 1 1  1-1-1-1-1 ) 
for unscored data represents a differential tendency to respond 
true to self-descriptive items, regardless of content (FI), 
while the same pattern for scored data represents a differential. 
tendency to endorse the content of items presented in self-de­
scriptive form (F2). FI resembles a "response style," while 
F2 would be interpreted along content lines (i.e., items imply­
ing "I am exhibitionistic" may be endorsed more often than items 
implying "It's good for people to be exhibitionistic.") If the 
FI interpretation of form is adopted, then the form component 
should be represented by

and if the F2 interpretation is adopted, then the form component 
should be represented by the F2 pattern on the left. Both the 
FI and F2 pattern were used, during various phases of the reanal­
ysis, but the FI pattern invariably yielded smaller variance com­
ponents than the F2 pattern. Accordingly, the F2 pattern was re­
tained, as shown in [3.23, to represent the form component. The 
F2 pattern never accounts for as much variance as the content, 
acquiescence and endorsement patterns, but it accounts for more 
than the FI pattern.
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To compare the fit to alternate stem and style factor 
patterns, orthogonal procrustes rotations using Schdnemann’s 
(1966) procedure were obtained for the varimax patterns in 
Table 3.4. The procrustes problem may be sketched as fol- 
lows: Let A be the obtained factors in any^rotation, and
let B be a rational target matrix corresponding to the 
stem or style hypotheses for the data. We want to rotate 
A to a least-squares approximation of B using

[3.3] B = A T ,

where T is an orthonormal matrix such that T*T = TT* *=
I • Another way of stating the problem is that we want to
minimize tr(E*E) , where E = A T -  B , and Schflnemann
(1966) has given a completely general solution. Suppose now
that we have alternate rational target matrices B^ for stem
hypotheses and B for style hypotheses* For Exhibition,for£

1
0
0

example, the rational targets are
-1 ( 1 0 0 0

13 M  B* a 0 1 1 0
u J 1 {0 0 0 1
from Table 3,Jf, and

[3.5]

0
1
0

0
0
1

B2 =
1 1 1 1  
1 - 1 1 - 1  
1 - 1 - 1  1

1 1 
1 -1

1 1 
1 -1

1 - 1 - 1  1 "*• .
by taking the first three columns of Equation 3*2. It is a 
simple matter to obtain the least-square approximations
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A Tj and A Tg to the rational targets and Bg , respec­
tively, but we are still In a poor position to say that one 
fit Is better than the other. The functions minimized, say:

[3*63 tr(E*E^) , where E^ = A Tj - B^ , and

[3.?] tr(E£E2 ) , where E2 = A T2 - Bg ,

are partly a function of the targets, and tr(BJBj) $ tr(BJBg) 
In general. For a given target B , however, we may "condi­
tion" the target to the observed communalItles of A , as
follows: Let D. = dlag(AA*) and “ diag(BB') ; then

* -*we may define a "conditioned" target B* = B , which
will have the same row sums of squares as A • Then, If A T
fits B* exactly, tr(E*E) will be zero, and as tr(E*E)
gets larger, we can say that the fit is poorer; or if we find
tr[(AT* - B*)1 (AT* - B * 0  >  tr[(AT* - B*)«(AT* - B*)] , we
can say that the obtained A fits Bg better, in a least-
squares sense, than It fits B* . (If B* can be rotated
orthonormally to B* , of course, A will fit them equally2
well). I know of no significance test which applies to this 
procedure, but at least it enables us to quantify the differ­
ences in fit to the stem and style patterns.

The results of the procedure sketched in the previous 
paragraph are given in Table 3*5 for stem patterns and 3*6 for 
style patterns. Recapitulating the procedure, we have varimax
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T a b le  3 *5

Orthogonal Procrustes Rotations to Stem Patterns for Morf Data

Scale
Loadings®

y.2
1 2 3 4

n

Exhibition
SPT 755* 160 072 601
SPF 024 964* 137 948
SNT 191 505* 205 33^ tr(E* E) = .231
SNF 092 149 899* 839APT 315* 069 038 105 maxje^jj = .205
APF -007 272* 175* 104
ANT 054 251* -079 072
ANF -040 200 298* 130

Play
SPT 503* 130 152 293SPF -013 599* 243 418
SNT 342 507* -053 377 tr(E'E) = .642
SNF 144 178 483* 285 1 |APT 398* 253 162 249 maxje^jl = .342
APF -260 464* 224 333ANT 258 496* -067 317ANF • 124 17^ 660* 481

Succorance
SPT 525* O65 137 355 425SPF 064 851* 0 77 085 741
SNT 141 116 811* 108 702 tr(E*E) = .567  

■SNF 363 080 239 417* 369APT 390* 040 078 064 164 maxjeijl = .363
APF 006 470* 111 113 700
ANT 009 068 304* 188 132ANF 064 140 025 551* 328

Understanding
SPT 385* 180 159 300 296SPF 106 615* 094 238 455SNT 216 166 580* 012 410 tr(E*E) = .516SNF 097 183 010 740* 591APT 910* 015 080 -033 835 maxl^jl = .300APF 057 685* 075 128 495ANT 055 026 366* -0 3 0 139ANF 139 261 -0 2 6 301* 179

aTargeted loadings are starred.
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Table 3.6
Orthogonal Procrustes Rotations to Style Patterns for Morf Data

Scale
Loadings v>2

1 2 3 ^
n

Exhibition
SPT 573 475 21? 601
SPF 746 -2 5 6 -571 948

tr(E* E) = .539SNT 550 -091 -1 5 0 334
SNF. 546 -54 9 490 839 maxie4 A = .424APT 244 192 094 105
APF 262 -172 -082 105 1 —i J»
ANT 172 043 -202 072
ANF 246 -262 032 I30

Play
SPT 400 277 236 293
SPF 558 -186 -268 418
SNT 506 278 -209 377 tr(E'E) = .299
SNF 435 -212 226 285
APT 449 188 111 249 maxie. .1 = .18?
APF 336 -356 -304 333 1 — i J1
ANT 452 225 -249 317ANF 511 -343 320 481

Succorance
SPT 458 047 367 280 425SPF 431 -559 -367 330 741

tr(E*E) = 1.000SNT 571 468 -321 233 702
SNF 532 081 240 147 369APT 175 053 202 299 164 max|®ij| = *502APF 317 -274 -2 2 5 139 246
ANT 325489

132 -095 -009 132
ANF -157 195 -165 328

Understanding
SPT 507 046 175 076 296
SPF 561 -327 -181 001 455
SNT 441 342 -2 5 6 184 410 tr(E'E) = .7^0
SNF 436 .349458 327 414 591 max | j| = .336APT 581 389 -370 835APF 530 -355 -287 -082 **95ANT 167 237 -182 147 139ANF 342 -217 104 060 179
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pattern matrices A for each of the PRP content areas, and 
rational target matrices and Bg given by the stem and
style hypotheses for the data; we "condition" B^ and Bg
to the obtained communal!ties of A , to get BJ and B£ ,
and then rotate A orthonormally to least-square approxima­
tions of B* and B# • In Tables 3.5 and 3 » 6 , two indices 
of goodness of fit are printed:

[3.8] tr(E»E) , where E = A T - B* ,

which is the function minimized by SchSnemann’s procedure; and

the absolute value of the largest element of E .
The results in Tables 3*5 and 3 , 6  may be briefly summar­

ized. By usual standards of eyeballing factor patterns , all 
of the solutions "look" good. By the criteria of equations

fit for the content areas of Exhibition, Succorance and Under­
standing, while the style hypotheses provide a better fit for 
the content area of Play. If we allow correlated factors, we 
can achieve better fits to both the style and stem patterns, 
and neither the stem nor the style hypotheses require that 
the underlying factors be orthogonal. Analyses using corre­
lated factors will be reported in a later section, using maxi­
mum likelihood methods, but they essentially confirm the re­
sults obtained using procrustes rotations: Stem hypotheses fit
better for three content areas, and style hypotheses fit better 
for the fourth.

e

however, the stem hypotheses provide a better
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It may be noted that the stem and style hypotheses are
distinct, since B? ? B.T (with no restrictions on T ) for
eo-cJU 1.of the four content areas. Standard least-square theory

yields a method for checking the equivalence of the stem and
style hypotheses, since it is well known that

matrix of transformation. As an example, we may show that the 
rational targets of [3«*0 and [3.5l are not equivalent. Appli­
cation of [3.10] and [3.1l] yield

which is clearly not equivalent to the style pattern of ^3*5l» 
Thus, even though the stem and style patterns have the same 
dimensionality or rank, they are not equivalent in the sense 
that one is merely an arbitrary rotation of the other.

AB„2
provides a least-square approximation of Bg , where B^ and 
Bg have equal full-column rank, and

T * (BiV " 1b}B2 ;

holds exactly, then T defined by [3«lll is the

A
B.2
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Analyses of covariance structure— Specification of models. 
Analyses of covariance structure for the PRF scales were made 
in terms of a general model having the form:

£3.12*] £  “ A B C B ' A '  + E ,
A

where 51 estimates the population variance-covariance matrix 
providing the best fit to the obtained matrix S , given cer­
tain restrictions on A , B , C and E • The analyses were 
performed using the program ACOVSF, which minimizes a transform 
of the maximum likelihood function under multivariate normality 
assumptions, namely,

[3.133 M = l*t£| +tr(s£~1) - ln|SI

(Joreskog,Gruvaeus, & van Thlllo, 1970). In large samples,

[3.1^] (N - 1 )(M - n) ^  X 2 , with df = £n(n + 1) - m ,

where N is the number of subjects, n is the number of meas­
ures, and m is the number of parameters to be estimated. For 
our purposes, each of the elementary matrices of the general 
model [3»12] can have one of two variants, distinguished by the 
subscripts j and

B is a fixed n x r matrix, where r is the number of 
hypothesized components or factors, with coefficients 
representing either a stem (Bj) or a style (Bg) hy­
pothesis for the data.
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C is an r x r matrix representing covariances among 
the hypothesized components, and may be either a diag­
onal matrix or a general symmetric matrix •

E is an n x n diagonal matrix representing the unique 
variances of the scales, which may be either a homq- 
geneous matrix - 6  ̂  I or a heterogeneous matrix

A is a diagonal n x n matrix representing scaling fac­
tors for the data, and may be either an identi

matrix (or stem hypotheses, in the case of Bj ) , and the sub­
script 2 designates the less restricted matrix (or style hypo­
theses in the case of Bg ) •

The explanation for the scaling factors in A2 is that 
A cannot be a free diagonal matrix while C is either a free 
diagonal or free general matrix; otherwise, elements of A could 
be multiplied by a constant and elements of C could be divided
by the square of the constant, and the same estimate of 21 would 
be obtained* Additional restrictions may be imposed by setting 
certain of the elements of A to one, the exact number depending

A^ = I or a restricted diagonal matrix Ag = 
where D is a general diagonal matrix, and I , 0
and D are each £n x £n •

For ease of recall, the subscript designates a more restricted

A
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on the number of measures being analyzed. For our purposes, 
n s 8 , and it Is convenient to work with scaling factors 
having the form of • where the first four elements are 
set to one and the last four elements are free to vary. This

mate of the population covariance matrix is partitioned into 
4 x ^ submatrices as follows:

Since the data are arranged with the four self-descriptive 
scales followed by the four attitude scales, the scaling fac­
tors in D will indicate the extent to which the attitude 
scales have different variances than the self-descriptive 
scales. Any four elements of A could be fixed, but these 
four happen to be interpretively useful.

By systematically varying which member of the four pairs 
of elementary matrices is used, a 2 x 2 x 2 x 2  system of 
analyses is generated. The development here resembles that 
of Wiley, Schmidt and Bramble (1973)* For a given choice of 
B , which determines whether stem or style hypotheses are 
being used, there are eight possible models, as shown schemat­
ically in Figure 3.1. Other things being equal, we should 
prefer a more restricted model to a less restricted one.

implies that, with B partitioned as say, the estl-

et c b *d
DByCB'D

+ E .



A0BC.B 9 a x  +  E.

Figure 3.1* 2 x 2 x 2  System of models permitted with a given pattern B
Arrows point in the direction of more restricted models.



187

In terms of Figure 3.1, the principle of parsimony dic­
tates that we should prefer models which lie in the direction 
of the arrows, which point toward more restricted models:

(a) toward the left side of the figure (homogeneous E );
(b) toward the top of the figure ( A = I ) ; and
(c) toward the outer ring of models (diagonal C ) .

If the most restricted model (1) fits, we may accept it unless
there is significant improvement by using one of the models (2),
(3) or (5) which is formed by varying one of the elementary 
matrices of the general model £3*123. Similarly, if the least 
restricted model (8) fits, we should not accept it unless it 
differs significantly from each of the more restricted adjacent 
models (4), (6) and (7). The significance test for differences 
between adjacent models can be made by evaluating the chi square 
difference between models,on the difference in degrees of free­
dom (Bock & Bargmann, 1966), It should be noted that the 
2 x 2 x 2 x 2 system of models dc^not exhaust the possible mod­
els which may be plausible for the data, and that, in any case, 
the signficance tests for differences between models may not

HoVJcVCfjlead to a unique model which "fits best." Athe 2 x 2 x 2 x 2 
system of models does provide a framework for analysis which 
may narrow the range of acceptable models.

Since alternate stem and style models with the same degree 
of restriction— i.e., with differing B , but the same A , C 
and E — will not differ in degrees of freedom, the significance
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test for differences between models cannot apply. Often It 
will be apparent by inspection whether the stem or style 
model fits better. In the absence of a rule of thumb for 
this situation, I would suggest that alternate models having 
the same degrees of freedom may be judged "significantly" 
different if the chi square difference is significant on one 
degree of freedom.
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%

ACOVSF solutions for PRF scales. Analyses of covariance 
structure, using the range of models shown in Figure 3.1* are 
displayed in Tables 3.7 to 3.10. None of the models fit par­
ticularly well in Table 3.7 (Exhibition), which poses some 
special problems. I will defer discussion of the Exhibition 
results until last.

The results for Table 3*8 (Play) indicate that the style 
hypotheses yield uniformly better fits to the data than the 
corresponding stem hypotheses. The most restricted style mod­
el (1) fits adequately, with )(?(32) = ^3.3^» £ = .0871. Mod­
el (1) does not differ significantly at the .05 level from 
models (2) or (5), so the fit is not improved by introducing 
correlated components or scaling factors. It does differ sig­
nificantly from model (3), however, (X?(7) “ 16.68, £ = .0196), 
so the fit is improved by introducing heterogeneous error var­
iances. The parameter estimates under model (3) are:

C = diag(.207,.066,.055)
= diag(,651,.729,.5^0,.60^,.716,.6 6 7,.580,.632) , 

with the diagonal elements of C representing the facets of 
content, agreement and endorsement, in that order. Note that 
elements of are reported; these are the square roots of
the error variances under the model. Under model (1), the 
parameter estimates are:

C * diag( .206, .06 5, .055) 1 E^ - . 6 M H  ,
so the component variances in C are very similar under both 
models.



Table 3.7
ACOVSF Results for EXHIBITION Scales
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Parameters
X2Model df £C E A

Stem pattern
1 1 1 1 230.88 32 <.0001
2 2 1 1 214.76 29 n
3 1 2 1 158.75 25 11
4 2 2 1 148.36 22 n

5 1 1 2 136.03 28 ti
6 2 1 2 92 .86 25 n
7 1 2 2 89.33 21 it
8 2 2 2 41.13 18 .0015

Style pattern Bg
<.0001

22
123.61 
108.22 
86.84 
63.02

Note: Models have the general form: A, B. C, B* A* + E  1 j k j 1 m
where: A^ = I and Ag - (J D diagonal and free;
Bj is a fixed stem pattern and B2 is a fixed style pattern, 
below; is diagonal and free and Cg Is general and free;
and Ej = 6  I and Eg is diagonal and free.

* 0 0 1 0 0 O'
1 0 0 1 1 0 J (stems)
0 1 0  1 0

(1 0
BJ = (0 1
1 \o 0

/l I 1 1 1 1 1 lA (content)
1 1 * 1 /  (agreement)

V  -1 -1 1 1-1 -1 1/ (endorsemen
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T a b le  3 .8

ACOVSF Results for PLAY Scales

Model®
Parameters

X 2 df £C E A
Stem pattern - -

1 1 1 1 149.60 32 <.0001
2 2 1 1 89.62 29 n
3 1 2 1 132.16 25 it
4 2 2 1 70.99 22 it

5 1 1 2 144.53 28 H
6 2 1 2 82.30 25 ft
7 1 2 2 124.23 21 M
8 2 2 2 59.19 18 N

Style pattern Bg
1 1 1 1 43.34 32 .03712 2 1 1 42.72 29 .04833 1 2 1 26 .66 25 .3732
4 2 2 1 26.33 22 .2379
5 1 1 2 40.32 28 .0620
6 2 1 2 37.20 25 .0552
7 1 2 2 21.40 21 .4348
8 2 2 2 19.39 18 .3685

aNote: For parameter matrices C, E and A » see
note to Table 3*7.

0 0 1 0 0 0\
(stems)

0 0 0 1 0 0 01 1 0 0 1 1 00 0 1 0 0 0 1
1 1 1 1 1 1 1-1 1 -1 1 -1 1 -1-1 -1 1 1 -1 -1 1

(content)
B£ = I 1 -1 1 - 1  1 - 1  1 -1 ) (agreement)

(endorsement)
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Table 3.9
ACOVSF Results for SUCCORANCS Scales

Model
Parameters

&
K df

Stem pattern
1 1 1 1 180.44 31 <.0001
2 2 1 1 87.05 25 ii
3 1 2 1 124.0? 24 ii
4 2 2 1 48.46 18 .0001

5 1 1 2 141.88 27 <.0001
6 2 1 2 44.86 21 .0018
7 1 2 2 124.0? 20 .0001
8 2 2 2 17.28 14 .2418

Style pattern B,
1 1 1 1 121.18 31 <.0001
2 2 1 1 81.50 25 it
3 1 2 1 81.68 24 ii
4 2 2 1 48.76 18 .0001
5 1 1 2 88.48 27 <.0001
6 2 1 2 69.85 21 n
7 1 2 2 54.44 20 It
8 2 2 2 38.61 14 .0004

Note: For parameter matrices C, E and A , see
note to Table 3 .7 .

Bi
B2 "

0
1
0
0
1
•1
■1
1

0
0
1
0
1
1
-1
1

0
0
0
1
1

-1
1
1

(stems)

(content) 
(agreement) 
(endorsement) 
(form)
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ACOVSF Results for UNDERSTANDING Scales

Model®
Parameters CM*

df £C E A
Stem pattern B.

1 1 1 1 187.81 31 <.0001
2 2 1 1 91.97 25 II
3 1 2 1 127.06 24 II
4 2 2 1 31.80 18 .0232

5 1 1 2 172.91 27 <.0001
6 2 1 2 77.16 21 fl
7 1 2 2 127.06 20 H
8 2 2 2 17.98 14 .2079

Style pattern B?
1 1 1 1 124.66 31 <.0001
2 2 1 1 102.00 25 VI
3 1 2 1 61.83 24
4 2 2 1 ^5.85 18 .0003

5 1 1 2 99.52 27 <.0001
. 6 2 1 2 87.49 21 It
7 1 2 2 36.01 20 .01538 2 2 2 24.57 14 .0391

aNote: For parameter matrices C , E and A , see
note to Table 3*7* The stem and style patterns are the same 
as for Table 3.9s

/l 0 0 0 1 0 0 0\
at [ 0 1 0 0 0 1 0 0  / -. • x-
B1 “ I 0 0 1 0 0 0 1 0 /  (stems)

\0 0 0 1 0 0 0 lj

B*
1 1 1 1 1 1 l\ (content)

-1 1 - 1  1 - 1  1 —1 l (agreement)
2 \ 1 —1 —1 1 1 - 1 - 1  1 I (endorsement)

1 1 1 -1 -1 -1 -1/ (form)
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The ACOVSF program also provides standard errors (s.e.*s) 
for the maximum likelihood estimates, and for model (3) it gave;

s.e.(C) = (.026,.012,.011)
s.e.(E^) = (,0^,.046,.040,.042,.0^5,.0^,.040,.043) .

Estimates divided by their s.e.'s are approximately distributed 
as t , and if the estimates exceed twice their s.e.*s , they 
may be regarded as individually "significant"— that is, reliably 
nonzero (Joreskog et al., 1970). All of the estimates for style 
model (1) and (3) meet this test. 2-facet solutions (not re­
ported here) were also obtained using content, agreement and 
form, and also content, endorsement and form, but they were not 
as good as the solutions using content, agreement and endorsement.

By contrast with the style models for Play, none of the stem 
models are even close to being acceptable. Within the eight 
models for stem hypotheses, the results using correlated compon­
ents are better than those using orthogonal components. Together 
with the large content component under style model (3) (.207, 
which is about times the size of the agreement or endorsement 
components), this suggests that the Play construct is well rep­
resented by all three stem groups.

When we examine the results for Succorance and Understand­
ing in Tables 3.9 and 3*10, we find that the stem hypotheses 
yield consistently better fits in models with correlated com­
ponents, while the style hypotheses yield better fits in models 
with uncorrelated components. For both content areas, however,



the only model resulting in acceptable fit is the most restric­
ted stem model (8) (X2(l4) =17.28, £ = .2418 for Succorance,
and X Z ( ^ )  = 17*9S» £ 55 *2079 for Understanding). The model
(8) solutions entail correlated components in Cg > heterogene­
ous error in Eg, and scaling factors in Ag • For Succorance, 
the parameter estimates are:

/ .538 
c „ .132 .513
c \ .237 .186 .482

V.383 .180 .262 .464
D = diag(.449,.815,.572,.593)
#  = diag(.46?,.483,.469,.732,.532,.621,.774,.650) .

For Understanding, the parameter estimates are:

D = diag(.627,.853,.343,.806)
» diag(.551,.489,.470,.620,.786,.540,.803,.453) .

(Recall that D . symbolizes the lower right submatrix of Ag , 
defined on page ’S - H I ) ,  All of the covariances in C exceed 
twice their standard errors, for both Succorance and Under­
standing, except for the c,l0 element for Understanding .

— * 0  •S’iVicc. The, Co*ari*-t+c.*i -ho l»+. . , th ft**, i / a / f T(where s.e. ( c ^ ) = .049). Asuggests that, despite the
differences between the stem groups, the.Sucoorance and Under-

of
standing constructs are measured well byAthe stem groups, and
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would be well-represented by the principal component or by an 
equally-weighted composite of all eight scales in each case. 
The scaling factors in D imply that the attitude scales have 
somewhat lower content saturations than the self-descriptive 
scales, for both content areas. There is little evidence for 
a form component, which would imply that the self-descriptive 
and attitude scales are measuring somewhat different things, 
so the attitude scales seem to measuring the same thing as 
the self-descriptive scales, but less well.

When we examine the solutions for the best-fitting style 
model (8) for Succorance and Understanding, there is further 
evidence that the style hypotheses are weak. For Succorance, 
the estimate of C converges on an improper solution:

The fourth variance component (for the form facet) is negative, 
which is usually a sign that this component should be dropped 
from the model. A series of 2-facet models for agreement and
endorsement were attempted, but none reached an acceptable

C *

with standard errors

.018 .010 .017 

.017 .007 .007 .010
#
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degree of fit. These analyses did, however, tend to confirm 
that consistent (nonnegative) variance components for agree­
ment and endorsement can be obtained. For Understanding, the 
estimate of C Is a proper one:

Here the form component is small,, but Individually significant 
(2£ times its standard error). The form component is also 
highly correlated with content, since we may estimate r ^  
as .0 3 6//.166 x .020 = .625 , implying that subjects with
a large self-descriptive - attitude difference tend to have 
higher scores on the common Understanding content of the 
scales.

It may be noted that estimates of agreement and endorse­
ment obtained by modeling each PBF content area separately 
are Intrinsically weaker than the estimates obtained by Morf, 
who effectively used his entire body 6f data to estimate them. 
The problem we have here is that the evidence of the UMLFA 
solutions reported in Table 3.3 show*the dimensionality of 
the Succorance and Understanding scales to be four (or at

C t

with standard errors

.019

.008 .011

.007 .006
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least three, If the 4-factor solutions are considered to be 
overfitted), but none of the models which restrict the co- 
variance structure to resemble a structure consistent with 
a response style hypothesis comes close to providing an ac­
ceptable degree of fit. If present, the response style var­
iance of the scales is swamped by the variance attributable 
to the different stem groups.

Returning now to Table 3.7* for Exhibition, it may be 
useful to explore ways of relaxing or modifying the restric­
tions implied by the series of models in Figure 3.1* in order 
to provide better 3-factor fits to stem and style hypotheses. 
The UMLFA results in Table 3*3 seem to indicate pretty clearly 
that the dimensionality of the Exhibition scales is three, and 
I have argued from the results using procrustes rotations in 
Tables 3.4 and 3*5 that a stem hypothesis fits the data better 
than a style hypothesis; yet none of the covariance structure 
analyses reported in Table 3*7 yields an acceptable degree of 
fit. Comparing the best-fitting stem model (8) with the 
best-fitting style model (8), the stem model is numerically 
better and, evaluating the chi square difference (21.89) on 
1 df, it may be regarded as significantly better; but the stem 
model does not fit well, since X 2(18) = 41.13» £ 55 .0015 .

The pattern matrices B^ and Bg used for the ACOVSF 
solutions are overrestricted, since more restrictions are used 
than are needed for a unique solution for A, C and E •
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Without lessening the degree of restriction, slightly different 
patterns for and Bg could be rationalized. For example,
Exhibition scale 6 (EAPF) has weights of 1 on stem Factors II 
and III in the B^ pattern matrix. Ignoring the effect of 
the scaling factors in Ag * this has the effect of giving 
scale 6 the same weight as scales 2, 3 and 7 on Factor II, and 
the same weight as scales 4 and 8 on Factor III, thus tending 
to force scale 6 to have more reliable variance than it has 
actually got, relative to these other scales. In retrospect, 
better fits to stem hypotheses might have been obtained by re­
ducing the weights for scale 6 from 1. to ̂ /if, say. Another 
way of adjusting the B1 and B patterns would be to Hcon-

J. tmr

dition" them to the communalities of the UMLFA solutions, in 
the manner described for the procrustes rotations, earlier in 
the chapter. The purpose served by conditioning in the case of 
the procrustes rotations was to make the stem and style pat­
terns more comparable under orthogonal procrustes rotation, 
where there is no C matrix to compensate for certain differ­
ences in the rational targets; conditioning the targets to the 
communalities might improve the fit to both stem and style 
patterns in the ACOVSF solutions as well. Note that any ad­
justment of the pattern matrices which amounts to multiplying 
each row by a constant may be carried out under the general 
ACOVSF model £3*1.23 by declaring A to be a diagonal matrix 
of fixed constants. For purposes of interpretation, it seems



300

desirable to retain the pattern matrices and Bg in a
simple, fixed, rational form, however; and for this reason, 
it does not seem desirable to eliminate the restrictions on 
the patterns in order to achieve better fits to the hypotheses.

On examining the procrustes rotations to stem hypotheses 
in Table 3•£» it looks like better fits to stem hypotheses 
could be achieved by using some value other than zero in B^ , 
such as a low positive loading of .10; but this violates the 
principle that we want to retain a simple rational form for 
Bj • It is worth noting, however, that was established
by using an all-or-none rule based on stem overlap, with 
loadings of 1 assigned to define factors based on sets of 
tests sharing three or more stems; thus Bj does not properly 
reflect differences in the degree of stem overlap. An inter­
esting analysis which would reflect the degree of stem over­
lap would be to construct a "confusion" matrix for stem over­
lap, and test the goodness of fit of the obtained covariances 
to the confusion matrix. This could be done for the Exhibition 
scales, say, using the entries in Table 3.1# Replacing the 
A*s and B*s in Table 3*1 by l*s, and the blanks by 0*s, will 
yield an 18 x 8 matrix (for the content area of Exhibition), 
which we may call X ; then = X*X , say, is an 8 x 8  

confusion or overlap matrix for the stems. A reasonable way of 
testing whether stem confusion is responsible for the covariances 
among the measures would be to fit models of the kind:
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A
2  » D «  D + E ,

where D is an 8 x 8  scaling matrix, and E is an 8 x 8
diagonal matrix of errors. For such an analysis, we would 
probably want to either rescale 9  by its diagonal elements, 
or else eliminate the adjustments for scale lengths used for 
the obtained variance-covariance matrices.

There are ways of achieving better fits to stem and style 
hypotheses (essentially by modifying the hypotheses I), but it 
is probably not worthwhile to spend further time and effort to 
try out some of these ways on the Morf data, since the data
base is flawed. Owing to the lack of counterbalancing in the
data, the stem and style hypotheses are inevitably confounded: 
a fit to style hypotheses cannot be interpreted unequivocally 
because variance attributable to stem groups may be present in 
the data, and a fit to stem hypotheses cannot be interpreted 
unequivocally because variance attributable to response styles 
may be present in the data, A prima facie case for confounding 
has been made by displaying the patterns of stem overlap in 
Table 3*It and the reanalyses of the data have served to show 
empirically that stem hypotheses provide a rival explanation 
for the data, at least for the content areas of Succorance and 
Understanding, and at least as far as the reanalysis has pro­
ceeded.
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Beanalysls of Morf Cat a— F- scale

Morf also used the F-scale reversals of Clayton and Jack­
son (1961) In his test Instrument, and a reanalysis of the 
portion of his data involving the F-scale may be briefly re­
ported, As discussed in Chapter i, this version of the F-scale 
has two facets, and varies true and false keyed responses (ag­
reement) and absolute versus relativistic phrasing (overgen­
eralization), These reversals were developed prior to the 
distinction which has been made between agreement and endorse­
ment acquiescence, but most of the reversals are of the agrees 
ment kind (polar opposite, rather than negation reversals). On 
examination of the items making up the subscales, it can be 
seen that the content stems are only partly counterbalanced 
for the design facets. There were 26 items written initially, 
with 12 true keyed items and l b false keyed items based on dif­
ferent stems. These were each rewritten to provide two var­
iants of each stem, one in absolutely-worded, sweeping form 
(such as "All X  are always £"), and the other in a more rela­
tive, probabilistically-worded form (such as, "At least a few 
X are Y, once in a while"). Thus, the absolutely and relativ- 
istically phrased items are based on the same 26 stems, and 
may be considered counterbalanced; but the true and false keyed 
items are based on different sets of stems, so the agreement 
facet is not counterbalanced.
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Table 3.11 presents the variance-covariance matrix for
»

the four variants of the P-scale. The scales have been ad­
justed for the differing numbers of items per scale, and then 
rescaled so that the most variable scale (FRT) has a standard 
deviation of one, in the manner described in detail for the 
PRF scales. A 2-facet solution for content, agreement and 
overgeneralization fits the data (?£?(3) =3.5'l, £ = .3190),
but yields the following estimates for C and its standard 
errors:

neither it nor its covariances with content and agreement ex­
ceed their standard errors. Accordingly, the best-fitting
1-facet solution was accepted, and is reported in the middle 
panel of Table 3*11. (The. series of analyses varied the form 
of C , which could be either diagonal or general, and the 
form of E , which could be either homogeneous or heterogen­
eous. )

Stem and style hypotheses for the F-scale cannot be dis­
tinguished statistically in Morf's data, since the stem and 
style pattern matrices differ by no more than a nonsingular

C and

.031

.023 .032

.012 .012

The overgeneralization component (c ) is very small, and
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Table 3.11 
Reanalysis of Morf*s F-scale Data

Variance-Covariance Matrix

FRT FRF FAT
FRT /1.0000
FRF -.0019 .6168
FAT \ .6035 -.0293 .967^
FAF \ .0113 .2280 -.0307

FAF

2-facet (Content and Agreement) Style Pattern Solution

Bj = [ i  i l  Cj = [ - 202 -099 | E = .598 1
.099 .21^

Stem Pattern Solution

* » 0 1 c = / •1535 -.0030\b2 I 1 0 I 2 E = .598 1
\ 0  1/ V- .0 0 3 0  .05^5/
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transformation. In detail, the stem and style pattern mat­
rices ares

ponding to the style pattern can be transformed to the matrix 
Cg corresponding to a stem pattern by means of the equation

stem pattern appears in the lower panel of Table 3*11* and 
both solutions fit equally well (̂ .2(6) = 3.18, £ = .7064).

On examination of the covariances among the four var­
iants of the F-scale, it is apparent that the versions which 
share the same stems (FRT and FAT, sharing set 1, and FRF and 
FAF, sharing set 2) are the only variants having substantial 
correlations. On the evidence presented in Table 3»11» a 
plausible interpretation of the data is that the set of true 
keyed items measure one thing, while the set of false keyed 
items measure something entirely different. This is no more 
proved, however, than the interpretation that each scale meas­
ures two things, namely, F-scale content and agreement response 
style. In order to rule out a stem interpretation of the data, 
the agreement facet would have to be counterbalanced, as dis­
cussed in the last section of the chapter.

and B*
0 1
1 0

Since Bj = -BgT , where T =
■  (! -!) a matrix corres-

Cg - (T~^)Cj (T”l)* • The solution corresponding to the
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g
Beanalysls of Heterogenous MMPI and PRF Scales

This section deals with a part of the Morf data where 
counterbalancing was used, and which appears to yield signif­
icant agreement and endorsement components. Morf constructed

gfour MMPI scales and four PRP scales, which were heterogenous 
and balanced for content. The construction of the PRP scales 
is a bit more systematic, and will be discussed first.

PRF scales. Morf began with two true and two false 
keyed items from each of 18 separate PRP content scales, 
yielding a total of 72 items. Negatively phrased reversals 
were written for each item (or positively phrased reversals, 
for items which were negatively phrased to begin with), to 
yield a total of l4if items based on 72 stems. Thus, for each 
of the original content scales, there were eight items:

Content Pinal
Item_______ Stem________Keying________Keying
1 1 pt PT
2 2 Pf PF
3 3 nt NT
if if nf NP
5 1 nf NT
6 2 nt NF
7 3 Pf PT
8 if pt PP
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From each such set of eight items, items 1-4 were randomly se­
lected, with the restrictions that they had to be based on four 
different stems, and had to be content-keyed with the pattern 
(fit, Efi nt, nf) , as shown in the column labeled "Content 
Keying," Then the reversals of items 1-4 became items 5-8* and 
had to be content-keyed with the pattern (nf, nt, pf, pt) , 
since the negation reversal of a pt item is an nf item, and 
so on. Items 1-4 were then assigned to "correct" scales with 
the pattern (PT, PF, NT, NF) , while items 5-8 were assigned 
to "incorrect" scales, as shown in the column labeled "Final 
Keying." This procedure was followed for each of the 18 origi­
nal content areas, and resulted in the four final 36-item scales, 
each balanced for content and also extremely heterogenous for 
content.

If we trace the fate of the item stems for each content 
area, we find the following pattern:

Stems Final Scales
PT PF NT NF

1 pt - nf
2 pf - nt
3 pf - nt -
4 pt - nf

After the arbitrary scoring of the final scales, the pattern 
matrix for the style hypotheses is:

(agreement) 
(endorsement)- ■ ( ! : ! ' ! )
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By using the vectors of £3.16] to combine the four heterogen­
ous scales, an agreement and endorsement composite are created, 
and were intended for use as acquiescence markers. Note in
passing that while the agreement composite is very heterogenous

a

for content, it is not balanced for stems since it is essentially 
a contrast between those items falling in stem groups 1 and 3t 
and those items falling in stem groups 2 and The endorsement 
composite based on the scales _is balanced for stems, however, 
since it is based on a contrast of items in all four stem groups 
with negation reversals of the same items. (An item design in 
which the agreement and endorsement facets are both counterbal­
anced for stems, using polar opposite as well as negation rever­
sals, will be discussed in the last section of the chapter.)

The variance-covariance matrix for the heterogeneous PRF 
scales is shown in Table 3.12. A series of maximum likelihood 
analyses were undertaken, which indicate that the dimensionality 
of the variance-covariance matrix is two. When one or more of 
the vectors in

t 3- " 1 * * • • ( ! ! . ! . ! )

(where B* is the orthogonal complement of B from [3.16}), 
negligible or negative variance components result. Attempts to 
fit a rank 1 solution using either the agreement or endorsement

_ n Ct-lfopattern from [3.l6JAyielded poor fits to the data.
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T a b le  3 .1 2
g

Reanalysis of Heterogenous PRF ScalesA

Variance-covariance Matrix

HPPT , 
HPPF
HPNT \ 
HPNF

HPPT HPPF HPNT HPNF
(  1.0000 \ 
-.2387 .7552 

k - .1 8 5 6  .0897 .700? / 
\ .0980 - .1 1 1 6  -.2332 .6857/

Results for 2-facet Solutions

Model
1
2
3
k

C
diag.
genl.
diag.
genl.

E X 2 df
homog. 13.31 7 

" 11.S3 6 
heterog. 2 .7 3 ^ 

" 2 .7 2 3

2

.0650

.0733

.60^8

.^363

Parameter Estimates for Model 1

C A °57 ) = . 
.179/

?k 1 I

Parameter Estimates for Model 3

* diag(*8 6 7, .72 7, .680, .6 7 6)
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The results from four 2-facet solutions which varied 
the form of C (diagonal or general) and the form of E

panel of Table 3«12. Solutions which vary the form of C 
but are otherwise identical (model 1 vs. 2, and model 3 vs.
Jf) are not significantly different, so we can conclude that 
models with uncorrelated components are adequate. This nar­
rows the choice to models 1 and 3» for which parameter esti­
mates are given in the bottom panels of Table 3*12. Model 
1 fits at the .0 5 level, but there is significant improve­
ment in fit when we allow heterogenous error in model 3

A

(X2(3)= IO.5 8, £ = .0142). Thus, we may adopt model 3 (which 
does not yield greatly different variance components than 
model 1).

It will be useful to see what the parameter estimates 
for model 3 imply about our ability to measure agreement and 
endorsement. The variances of balanced 36-ltem estimates of 
oC and y \ , the true agreement and endorsement components, 
may be found ass

(homogeneous or heterogenous error) are shown in the secondA

[3.18] <t2 = <5,2 + <5-2' = c + A 5" epooled “ ii *^-11

- .059 + .550 .609 , and

1 pooled

176 + .550 = .726 .
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This implies that the parallel-form reliabilities of such 
36-item estimates would be:

Since the scales were actually administered partly on one 
test occasion and partly on a second test occasion, these es­
timates are perhaps intermediate between the reliabilities 
based on tests given at the same and at different test occa­
sions. Note that because the variance components are based 
on 36-item scales, equations [3*18l-[3.2l]] apply to balanced 
36-item scales of agreement and endorsement. The actual bal­
anced estimates of agreement and endorsement in the data are 
based on four times as many items, so the "obtained" relia­
bilities (distinguished from the estimates of [3.20J and 
[3.213 by omitting the caret) may be estimated by applying 
the Spearman-Brown formula to the results in [3»20j and [3»2lJ, 
which yields:

[3 .20] = <sl /

s .059/.609 = .097 , and

.176/.726 = .2^2 .

[3.22] f a  = VC«/<1 + p C j  = -300 , and
[3.23] /O = ^ , / d  + 50^,) = .561 .
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Balanced estimates of agreement and endorsement can be obtained
&from the heterogenous PBF scales, usingA

[3.2^] £(HPPT - HPPF + HPNT - HPNF) and
[3.25J y\ “ 4(HPPT - HPPF - HPNT + HPNF ) ,

or we can obtain the same estimates by using an item analysis 
program to score the items as 1^4-item scales. When we do the 
latter, the coefficient-e*' s for agreement and endorsement are 
• 3^7 and ,600, respectively, which are reasonably close to the 
reliabilities of .300 and .561 given by £3*22^ and [3«23*]« On 
theoretical grounds, we would expect coefficient-oi to over-

/Vestimate the component reliabilities of oC and q , since 
the derivation of coefficient-tf assumes essentially unifactor­
ial items (Cronbach, 1951).

One point of interest in this analysis is that the en­
dorsement component is markedly larger than the agreement com­
ponent. Morf had predicted that self-descriptive scales (as 
the heterogenous PRF scales are) would have larger endorsement 
than agreement components, but concluded that this hypothesis 
was not supported (Morf, 1968, p. 71). Since the heterogenous 
PRF items provide better estimates of agreement and endorsement 
than any other group of scales in the data, Morf’s conclusion 
is cpntradicted, and the hypothesis is supported.
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eMMPI scales. Construction of heterogenous MMPI scales 
was described as follows:

Four heterogerfpus acquiescence scales were constructed 
by selecting Items from the MMPI with neutral desira­
bility scale values (Messick and Jackson, 1961) and 
intermediate endorsement frequencies (Wiggins, 196*0.
Sixty per cent of these items were used in their orig­
inal form. The remaining items were used in their re­
versed and. negatively worded form. Where available, 
the reversals of Lichtenstein and Bryan (1965) were 
used; where not, new reversals were written. This pro­
cedure yielded a set of 60 positively worded, and a 
set of 60 negatively worded items. Bach set was random­
ly divided into two 30-item scales, one keyed true, the 
other keyed false (Morf & Jackson, 1972, pp.337-338).

Each of the resulting scales—  PT, PF, NT and NF, as for the 
heterogenous PRF scales— is balanced for content, but the set 
of scales is not balanced for stems, since the scales are 
based on a total of 120 different item stems. In order to 
conclude that the heterogenous scales are really balanced for 
content, it would have to be shown that the items are meas­
ures of a single kind of content or that the scale construction 
procedure did not differentially distribute items measuring 
different kinds of content into the four heterogenous scales.

The reanalysis of the MMPI scales is given in Table 3*13* 
in the same format used for the heterogeneous PRF scales. A 

series of analyses indicated 1-facet and 3-facet solutions 
were not tenable, but that 2-facet solutions using the pattern 
of B in [3*16] tended to fit the data. The second panel of 
Table 3*13 reports the results for the same four 2-facet models

g ,used with the heterogenous PRF scales. Since models using
A
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Table 3.13 
Reanalysls of Heterogenous MMPI Scales

Variance-covariance Matrix

HMPT
HMPP
HMNT
HMNP

HMPT HMPP HMNT HMNP
.7118
.**958 1.0000 
.1277 .232**
.1730 -.2667

.6129 
-. 3****8 .6679

Results for 2-facet Solutions

Model C E * 2 df £
1
2
3**

diag. 
genl. 
diag* 
genl.

homog.•1
heterog.tt

18.85
13.39
9.25
6.23

7
6
**
3

.0087

.0372

.0551

.1010

Parameter Estimates for Model 3

C
^.112

.297)
E^ s diag( .521, .691, .520, .550)

Parameter Estimates for Model **

■  C ” 5  )V.035 .300/
E*  = diag(.503, .68**, .5 2 9, .558)
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homogeneous error components (models 1 and 2) do not fit the 
data at the .0 5 level, the choice of models Is narrowed to 
models 3 and *4-. Parameter estimates for models 3 and k are 
given In the bottom panels of Table 3»13i and indicate that 
the error variance of the HMPF scale is at least 1.5 times 
that of the other scales (e.g., • 6 8 /  .5582 - 1*50 for 
model 4). Since the less restricted model ^ does not result 
in significant improvement over model 3 (X*2( D  = 3*02, 
jo=.o82-i), we may tentatively adopt model 3.

e.Model 3 was also accepted for the heterogenous PRF 
scales, so the development in equations £3.183**[3*23] may be 
used to obtain component reliabilities for balanced scales of 
agreement and endorsement based on the MMPI items, and we 
find: - .576 and = .783 . These are considerably
larger than the estimates of .300 and .561 obtained for the 
heterogeneous PRF scales, and are almost surely inflated by 
content imbalance in the MMPI scales. Note that although 
the agreement and endorsement components are larger in abso­
lute terms than those found for the PRF, and are also larger 
relative to the estimates of error, the fit of the MMPI mod­
els is generally poorer.

Selection of MMPI items neutral in social desirability 
would probably bias the selection procedure in the direction 
of selecting items from the predominantly false-keyed R, Hjr,
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Pa and Pd scales, because of the known Imbalance of keying In 
the MMPI (Jackson & Messick, 19^2). Bock et al. (19^9) esti­
mated the test-retest reliability of an acquiescence measure 
based on 120 Hjr items (with true and false items included) to 
be . 3*1-8. It is not clear whether Bock's estimate should be 
considered an estimate of reliability for agreement or endorse­
ment acquiescence, but, in any event, his estimate is sharply 
lower than the estimates based on Morf's heterogeneous MMPI 
scales, and more nearly resembles the lower estimates based on 
the heterogeneous PRP scales.

One candidate for a contaminant of the MMPI scales is 
social desirability, and Morf and Jackson's (1972) analysis in­
dicates that a strong association between the MMPI and the de­
sirability measures is present. Figure 3*2 displays the Factor 
II (Endorsement) by III (Desirability) plot from the targeted 
rotation (Morf & Jackson, 1972, p. 3^2), showing only those 
measures comprised of heterogeneous MMPI or PRF Items or tar­
geted for the desirability factor. With the measures HMPF,
HMNT, HPPF and HPNT reflected in the endorsement direction, 
and AU (endorsement of undesirable adjectives) reflected in the 
desirability direction, we can run vectors through the centroids 
of the MMPI, PRF and desirability clusters in this plane. The 
MMPI, PRF and desirability clusters are quite distinct, and the 
MMPI centroid correlates more highly with the desirability cen­
troid (r =* -.66) than with the PRF centroid (r =* .39). The
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II
HMPT-H M P F
•HMNJF

A U -HPPF

AD

DA

HPPFHPNT

HMPF

Figure 3.2. Factor II (Endorsement) by Factor III (De­
sirability) plot, using marker measures from Morf and Jackson 
(1972). Reflected measures are preceded by a minus sign, and 
the MMPI, PRF and desirability centroids are indicated by 
crosses.
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MMPI-desirabillty relationship must be a strong one, since It 
shows up despite the targeting of the MMPI measures for fac­
tors other than desirability. Endorsement estimated from the
PRF scales and endorsement estimated from the MMPI scales
would appear to be measuring rather different things. As the 
correlations with the desirability centroid Indicate, MMPI en­
dorsement is rather highly and negatively correlated with de­
sirability (r - -.66), while PRF endorsement is more moderately 
and positively correlated with desirability (r = .*J4).

Morf and Jackson noted the appearance of the MMPI scales 
on the desirability factor, and suggested that it was

probably explainable in terms of the fact that although 
these scales were selected from the middle range of
rated desirability on the MMPI, they tend to be more in
the undesirable than in the desirable direction because 
of the predominantly undesirable content of the major­
ity of MMPI items (Morf & Jackson, 1972, p. 3^6).

If the item selection and rewriting process for the MMPI scales 
did not control for desirability, however, it would seem dif­
ficult to claim that the scales are balanced for "content." 
Recall that this process resulted in positively and negatively 
phrased groups of MMPI items, each having equal numbers of 
items which were true and false keyed from an MMPI content 
point of view; these were then randomly true and false keyed 
to control for content. The same process should also control 
for desirability, however, unless the positively and negatively 
phrased groups of items were dissimilar in ways other than the
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direction of phrasing. Note that a response style theory of 
the data could conceivably accomodate a positive correlation 
between desirability and endorsement, such as we see with de­
sirability and PRF endorsement In Figure 3«2. What it cannot 
accomodate is the large difference between MMPI endorsement 
and PRF endorsement that we also see. I would conclude that 
the item selection and rewriting process failed in the case of 
the heterogeneous MMPI scales.

The heterogeneous MMPI and PRF scales measure agreement 
more consistently than they measure endorsement. Figure 3*3 
displays the Factor I (Agreement) by III (Desirability) plot 
from the targeted rotation. In Figure 3.3» the HMPF, HMNF, 
HPPF and HPNF scales are reflected in the agreement direction, 
and AU is again reflected in the desirability direction. The 
resulting MMPI and PRF centroids lie quite close to each 
other and to the Factor I axis. The manner in which the MMPI 
and PRF scales (as reflected) are lined up parallel to the 
desirability axis is consistent with the negative relationship 
between desirability and MMPI endorsement, and the positive 
relationship between desirability and PRF endorsement, which 
we saw in Figure 3»2.
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I

PRF Centroid

HMPT
H M P F —

-H PN F HMNF
HPNT

MMPI Centroid

ADAU

AU
0A

HPNFHMNF HPPF

Figure 3*3* Factor I (Agreement) by Factor III (Desir­
ability plot, using marker measures from Morf and Jackson 
(19?2), Reflected measures are preceded by a minus sign, and 
the MMPI, PRF and desirability centroids are indicated by 
crosses.
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Conclusions from the Reanalysls

My approach to the Morf data has been to use a series of 
subanalyses of small parts of the data base, each having a 
hypothesized ANOVA-like covariance structure. This approach 
contrasts sharply with Morf*s approach, which was to fit the 
entire matrix of correlations to an overall target. There is 
merit in both approaches, and they need not be mutually ex­
clusive.

The analysis by parts has tended to show that some of 
the data (Succorance, Understanding) showed a better fit to 
stem overlap patterns than to response style patterns; other 
parts (Play) showed a better fit to style patterns; still 
other parts (F-scale, MMPI) were equivocal, and could be in­
terpreted in terms of either stem or style hypotheses; and 
finally, one part (heterogeneous PRF scales) could reasonably 
be Interpreted in terms of style hypotheses, and yielded mod­
estly reliable but usable estimates of agreement and endorse­
ment acquiescence.

One could argue that the overall analysis controls, in 
some sense, for minor imperfections in the individual pieces 
of the data set. In the case of the MMPI measures, for exam­
ple, we have seen that the presence of desirability in the 
MMPI scales could be inferred from the loadings on Factor III, 
and this would not be detected if the MMPI measures were not
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analyzed simultaneously with the desirability measures. It 
would perhaps be useful to begin with an overall factor an­
alysis, then attempt to model individual parts of the data 
using maximum likelihood methods, and use the knowledge built 
up in the analysis of subsets of the data to design an im­
proved overall analysis. In the present case, the-reanalysis 
by parts has raised questions about the appropriateness of an 
overall analysis— or at least about an analysis targeted to 
acquiescence factors— both by a showing that most parts of 
the data admit plausible rival interpretations, and by an ex­
amination of the scale construction process and the actual 
composition of the final scales.

The most serious problem with the Morf data is that, 
with the exception of the heterogeneous PRF scales (and then 
only for the facet of endorsement), the positively-weighted 
and negatively-weighted scales defining the agreement and 
endorsement facets are systematically based on different 
groups of stems, even though stems are used at least twice 
in most of the data (specifically, in the four PRF content 
areas, the F-scale, and the heterogeneous PRF scales). What 
makes the lack of counterbalancing bad is that the items for 
a particular scale are rarely unifactorial, even from a pure 
content point.of view. Earlier, I cited the example of a 
group of Exhibition stems which were concerned with artistic
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or athletic performance, and seemed to be rather different 
from the other Exhibition stems. The lack of counterbalanc­
ing maximizes the chance that such content-based differences 
in the exemplars of a trait will be confounded with the esti­
mation of response styles. Note that where stems were count­
erbalanced for design facets in the Morf data, as in the 
case of the experimental form facet of the PRF content areas 
and the overgeneralization facet of the F-scale, the result­
ing variance components have tended to be small or nonexist­
ent.

Counterbalancing. Recall the discussion of the hetero­
geneous PRF scales, where it was shown that the stems were 
counterbalanced for endorsement but not for agreement. A 
balanced incomplete block (BIB) design may be used to counter­
balance the design facets across stems. If we use blocks of 
size two (i.e., two item variants for each stem), the approp­
riate design for a 2 x 2  layout is Plan I in Table 3.14.
This design requires six stems, and it pairs items of each 
type with every other type. Table 3«14 shows the design as 
it would apply to the agreement and overgeneralization facets 
of the F-scale. The basic design can be repeated any number 
of times, to yield multiples of 12 items (total) based on 
multiples of 6 stems. For example, four repetitions of the 
6-block pattern will yield a total of 48 items, based on 24- 
stems.
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T a b le  3 .1 ^

Ealanced Incomplete Block Plan I® 
for a 2 x 2  Design on Test Items

Repli­
cation

Item Type
(Stem) AT AF RT RF

I. 1
2

X X
X X

II. I X
X

X
X

III. I X
X X

X

aAfter Cochran and Cox (1957) Plan 11.1, 
p. ^71* Facets represent Overgeneralization 
(A vs. R) and Agreement (T vs. F).
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In the Morf data, the F-scale resembles replication 
group II in Table 3.1^, where the estimate of the agreement 
facet is confounded with blocks. In replication group I, on 
the other hand, the overgeneralization facet is confounded 
with blocks. By having replication groups of all three kinds, 
the estimates of the style variables are not systematically 
confounded with block or stem variation. A somewhat more com­
plex plan must be used for the four PRF content areas, where 
a 2 x 2 x 2  facet design is needed. To match each of the 
eight item types w'lth every other item type, in blocks of 
size two, a minimum of 28 blocks or stems is required. Plan 
II in Table 3*15 gives the appropriate BIB design.

Repetition of stems. In the above discussion, it was 
implicit that the same stem should not be repeated too many 
times; otherwise subjects may have specific recall of the way 
in which similar items were answered, or may feel that the 
test is repetitious and that they are being made to respond to 
more items than are really necessary. For ease of analysis, 
it would be convenient to have each subject respond to com­
plete blocks based on four or eight variants of a stem, but, 
intuitively, that seems excessive. Having two variants for 
each stem entails the complexities of a BIB design, but it is 
administratively feasible.

To minimize specific recall, items based on the same stem 
must be given at widely spaced intervals within a questionnaire,
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T a b le  3 .1 5

Balanced Incomplete Block Plan 11^ 
for a 2 x 2 x 2  Design on Test Items

Repli­
cation

Block 
(Stem)

Item Type
SPT SPF SNT SNF APT APF ANT ANF

I. 1 X X
2 X X
3 X X

. 4 X X
II. 5 X X

6 X • X
7 X X
8 X X

III. 9 X X
10 X X
11 X X
12 X X

IV. 13 X X
14 X X
15 X X
16 X X

V. 17 X X
18 X X
19 X X
20 X X

VI. 21 X X
22 X X
23 X X
24 X X

VII. 25 X X
26 X X
27 X X
28 X X

aAfter Cochran and Cox (1957) Plan 11.9» P. **73• Facets 
represent Form (S vs. A), Endorsement (P vs. N), and Agree­
ment (T vs. P).



227

and the maximum Interval Is approximately half the length of 
the test. Morf’s general practice was to administer Items 
based on the same stem at two different test sessions, but 
this has the disadvantage that trait instability, if present, 
gets analyzed as part of the treatment. A subject may feel 
more or less "exhibitionlstic" at different test sessions, 
for example, and his responses to a measure based on exhibi­
tion content will vary to the extent that the measure is sen­
sitive to temporarl variation in the trait. If items within 
each block of a BIB design were to be administered at sep­
arate test sessions, however, trait instability would be 
confounded with the within-block variation and wrongly attrib­
uted to the design facets.

The approach I am adopting is that of administering both 
variants of a stem at a single test session, which is the ap­
proach adopted by Bock et/al. (1969) in their analysis of the 
MMPI Pt and Hjr scales, and the resulting data may be analyzed 
using extensions of their basic design.
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Procedure and Hypotheses 

Procedure

Subjects, Data were collected from a total of 279 sub­
jects, at 13 test sessions held during regular class time and 
lasting approximately one hour. All the subjects were under­
graduates at New York City area colleges. Subjects who were 
unable to complete the questionnaire In the allotted time and 
those with very low vocabulary scores or large numbers of re­
sponses to the Infrequency scale were eliminated from the anal­
ysis, resulting in a total of 199 subjects with usable data.
The selection criteria will be discussed in detail in the next 
chapter.

Measures. The measures used are listed in Table 4.1.
Each subject was administered a Research Questionnaire cover­
ing seven content areas, and an 18-item Vocabulary Test. The 
Research Questionnaire contained 20 "experimental scales" (160 
items) for the content areas of Play, Understanding, and Author­
itarianism (F-scale). Additionally, it contained four "marker 
scales" (64 items) for the content areas of Cognitive Structure, 
Desirability, Impulslvity and Infrequency.

The experimental scales for Play and Understanding were, 
each based on 56 items, forming eight 7-item subscales. As 
proposed in Chapter 3» the items for both content areas were
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Table U.l

List of Measures

Label Content Format Wording Keying Items
Experimental Scales

PSPT Play self-descriptive positive true 7PSPF it it n false If

PSNT f* tt negative true ft

PSNF it tt it false tv

PA PT it attitude positive true Vf

PAPF h it n false tv

PANT rt tt negative true tt

PANF it M i i false ft

USPT Understanding self-descriptive positive true 7USPF i i n i i false •i

USNT it tt negative true it

USNF ii it M false ti

UAPT ti attitude positive true i i

UAPF it ft H false ••

UANT tt H negative true t i

UANF . i t tt it false it

FSBT F-scale attitude relative true 12FSRF tt n tt false ft

FSAT n tt absolute true N
FSAF tt i i it false tt

Questionnaire Marker Scales
Label Content Source Items
DES Desirability PRF Form AA 2 0

IMP Impulslvity PRF Form E 16
INF Infrequency PRF Form AA 12
COG ,Cognitive Structure PRF Form E 16

Other Measures
Label Description
VOC Vocabulary (18 items)
SPD Test-taking speed (items/minute)
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based on 28 stems, with each stem used twice in the Research 
Questionnaire* The BIB design given schematically in Table 
3*15 was imposed on the Play and Understanding items, in order 
to measure the response style facets of agreement (T vs. F), 
endorsement (P vs. N), and form (S vs A).

The Research Questionnaire also contained a 48-item ex­
perimental F-scale. It resembles the F-scale of Clayton and 
Jackson (19 6 1), except that the design facets are counterbal­
anced across stems. There were 24 stems, with each stem used 
twice, \ The BIB design given schematically in Table 3.14, 
replicated four times, was imposed on the items, in order to 
measure the response style facets of agreement (T vs. F) and 
overgeneralization (A vs. R).

In addition to these experimental scales, four intact 
Personality Research Form scales were embedded in the test 
instrument: a 16-item Impulslvity scale (from PRF Form E),
a 16-item Cognitive Structure scale (Form E), a 20-item De­
sirability scale (Form AA), and a 12-item Infrequency scale 
(Form A). Impulslvity, Cognitive Structure and Desirability 
are relevant to the response style hypotheses, and the Infre­
quency scale serves as a validity check. The marker variables 
are discussed further in the section on hypotheses below.

Together, the experimental and marker scales total 224 
items. The actual Research Questionnaire was 464 items long, 
with only the first 224 items being scored. The 240 additional
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were heterogeneous PRP and MMPI items for content areas other
fl
than the ones of primary interest. The additional items 
served several purposes. They kept faster students busy while 
the slower ones were still working, discouraged leafing back 
and forth through the questionnaire, and encouraged a rapid 
test-taking place. Since subjects were not expected to finish 
the Research Questionnaire (test taking was halted after k0~k5  

minutes, or after it became apparent that almost all subjects 
had completed the the first 22^ items), the last item completed 
served as an Incidental measure of test-taking speed.

The last formal measure was the Vocabulary Test. The 
vocabulary test was adapted from test V-l of the French, Ek- 
strom and Price (1963) Kit of Reference Tests for Cognitive 
Factors. It is an 18-item multiple-choice test, timed at ^ 
minutes, and considered suitable for students in grades 7-12. 
Initially, I had planned to use the "wide-range" test V-3 
from the Kit (considered suitable for students in grades 7-16). 
In a pilot study, this test proved too difficult for most of 
the subjects— the best score was 15 correct out of a possible 
2k items— and the easier test was substituted.

Administration. The Research Questionnaire was admini­
stered first. The face sheet is included as Appendix A, and 
the experimental and marker scale items are listed (in scale 
order) in Appendix B. In the actual Research Questionnaire, 
the items appeared in a different order designed to maximize 
separation of items based on the same stem or measuring the
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same content. Items based on the same stem were separated by 
an interval of 112 items, while items measuring the same con­
tent were separated by an Interval of at least four. In Ap­
pendix B, the first three columns represent the item number of 
the item in the final Research Questionnaire,

After the Research Questionnaires were administered, the 
Vocabulary Test was given. Thus, the entire testing procedure, 
together with an introduction to the study and instructions 
for the tests, was intended to fit within a one-hour test 
session.

Design of the experimental scales and results of a pilot 
study. Appendix B items written for all four PRF content 
areas used in Morf's dissertation, but after piloting, the 
items for the content areas of Exhibition and Succorance were 
dropped in order to shorten the questionnaire.

Writing of the experimental scales began with the items 
from Morf's study, which had been sorted by scale and matched 
for content stems (as tabulated in Table 3.1)• From this ini­
tial item pool, I prepared pairs of items based on the same 
stems in order to fill out the BIB design. Some of the item 
pairs (e.g., the SPT-APT pair for the PRF content areas) were 
available in the initial item pool, but the items had to be 
extensively rewritten to provide all possible combinations of 
items. Some of the stems from the initial item pool proved 
to be unsuitable. A fairly large group of PRF items were re­
jected because they have an implicit forced-choice formal ("I

v» h\ cAv
would rather X than Y) is difficult to reverse simultaneously
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with respect to the agreement and endorsement facets. An item
of this type from Morf*s study was:

When I go to a doctor, I like to be businesslike and not 
ask unnecessary personal questions. (SSPF)

Morf had keyed this item for the posttlvely-phrased, false,
self-descriptive Succorance subscale, but it also contains a
negation which makes it inappropriate for a positive scale.
This item was rewritten as:

When I go to a doctor, I never ask unnecessary ques­
tions. (SSNF)

In some cases, the item had to be dropped. To provide the 
required number of stems for the BIB design, stems from the 
published forms of the PRF were taken and adapted as needed.

Morf had made a point of taking items which had not been 
included in the final form(s) of the PRF because of their 
low content saturation. I would not make a similar claim for 
the experimental scales in the present study, because of the 
use of items from the published PRF and the extensive rewrit­
ing that was required.

After an initial set of items with all the required 
pairs was obtained, the items were listed on separate slips 
of paper. A colleague was asked to sort them according to 
the design facets, as a check on the success of the rewriting 
process. The instructions for the Exhibition items begain 
with trait descriptions from the PRF Manual (Jackson, 197*0 t

The items on the attached slips were intended to form 
a scale to measure the Need for Exhibition, defined as 
follows:

"Description of high scorer:



"Wants to be the center of attention; enjoys having 
an audience; engages In behavior which wins the 
notice of others; may enjoy being dramatic or witty.

"Defining trait adjectives:
-"colorful, entertaining, unusual, spellbinding, ex- 
hibitionistic, conspicuous, noticeable, expressive, 
ostentatious, immodest, demonstrative, flashy, dra­
matic, pretentious, showy."

1. Please sort the items into two separate plies, con­
taining :
a. true-keyed items (high scorers would respond 

true)
b. false-keyed items (high scorers would respond 

false)
([At each step, the slips were collected, the results 
were recorded, and the slips were re-shuffled.]
2. Please sort the items into two separate piles, con­

taining:
a* positively-phrased items (without negations)
b* negatively-phrased items (with negations)
The verb form is the main basis for this distinct 
tion. "I do X" or "People should do X" are pos­
itively phrased, while "I do not X" or "People 
shouldnM; X" are negatively phrased. The presence 
of the term "not" or the contraction "n't" is 
the best indicator of negation, but negation can 
also be indicated by the terms "seldom," "never," 
"rarely," "hardly ever," and the like.

3* Please sort the items into two separate piles, con­
taining:
a. self-descriptive items (e.g., "I do X" or "I 

do not X") ~
b, attitude or opinion items (e.g., "Most people 

do X** or ^People "should do X")<
The distinction here is that for self-descriptive 
items, a true or false response implies that the re­
spondent does or does not have a particular charac­
teristic, while for attitude items, a true or false 
response implies that the characteristic is general­
ly true or desirable for people (or generally not 
true or not desirable), whether or not the respondent 
has the characteristic.
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After each scale was sorted three times (twice In the case of 
the F-scale), discrepancies between the Intended and the rated 
classifications of the Items were discussed and resolved by 
mutual agreement. The first sorting (by true and false key­
ing) was the most important one, since it indicated wehether 
the items could be correctly identified from a content stand­
point. The second and third sortings were straightforward, 
since they depended on grammatical markers in the phrasing of 
the items.

After this procedure was completed, several items were 
rejected as simply poor measures of the content, and revised 
items were substituted. This done, the items were combined 
with the marker scales and printed as a 576-ltem test booklet 
— the first form of the Research Questionnaire— consisting of 
336 items intended for scoring, followed by 2^0 filler items. 
This was administered to an intact class of undergraduate 
introductory psychology students. It soon became apparent that 
the majority of the students would not be able to complete the 
336 critical items of this first version of the Research Ques­
tionnaire in the time allotted, and test-taking was halted 
after 35 minutes. The number of items completed was tabulated, 
with the following results: 17 of 25 students completed be­
tween 180 and 280 items (corresponding to test-taking speeds 
of 5*2 to 8 items/minute), with a modal value at about 2^0.
Three students completed more than 300 items; judging from their 
vocabulary scores, they were not among the brighter students in
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the class. Finally, five students completed between 80 and
a

150 items; several of these appeared to have a language handi­
cap (one student was observed referring to a foreign language- 
English dictionary, for almost every question).

As a result of the pilot study, the Research Question­
naire was shortened by reducing the number of critical items 
from 336 to 22^ (by eliminating 112 items written for the Ex­
hibition and Succorance scales). The Play scale was retained 
because it was the one scale which appeared to show strong 
response style effects in the reanalysis of the Morf data 
(though a response style interpretation was vitiated by the 
lack of counterbalancing). The Understanding scale was re­
tained because it serves as an indirect measure of ability 
(persons with high ability are likely to have a high need for 
understanding). Accordingly, the Exhibition and Succorance 
items were dropped. My aim was to design a Research Question­
naire which could be administered, together with the Vocabulary 
Test, in a one-hour test session. This was an important prac­
tical consideration, making it easier to obtain the large 
number of subjects required. With the majority of subjects 
having test-taking speeds of 5»2 to 8 items/minute, I estimated 
that 28-^3 minutes would be enough time to complete the 22^ 
critical items of the shortened Research Questionnaire.
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Hypotheses

Style components* Nonzero agreement, endorsement and 
form components are expected for the Play and Understanding 
scales. Similarly, nonzero agreement and overgeneralization 
components are expected for the F-scale. In a sense, the 
overall null hypothesis for the dissertation is that none of 
these components will be found in suitably counterbalanced 
data. The analysis will use maximum likelihood methods to 
estimate the size of the components and test them for signi­
ficance. It also provides estimates of the correlations be­
tween the style components and content for each of the con­
tent areas.

Self-descriptive and attitude items. It is expected 
that self-descriptive items will elicit more endorsement than 
agreement responding, and that attitude items will elicit 
more agreement than endorsement responding. As discussed 
in Chapter 3» these were hypotheses advanced by Morf, and 
limited support for both hypotheses was found in the reanal­
ysis of his data.

Construct validity of agreement and endorsement. As
discussed in Chapter 1, agreement is thought to be related
to verbal interpretive skill, and endorsement to impulsivlty,
tempo and speed. There are four principal measures included
for purposes of construct validation of agreement and en-
dorsement— vocabulary, ipulsivity, cognitive structure, andA
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the measure of test-taking speed derived from the surplus 
items on the Research Questionnaire. Vocabulary serves as a 
reasonable proxy for verbal interpretive skill, and impulslv- 
ity is measured directly by the Impulsivity subscale of the 
PRP. The speed and cognitive structure measures require some 
discussion: Speed is partly a function of verbal ability-
other things being equal,, brighter subjects can be expected to 
complete more items in the allotted time than duller subjects. 
The Cognitive Structure scale is included somewhat specula- 
tlvely. Persons scoring high on the scale are described as 
follows:

Does not like ambiguity or uncertainty in information; 
wants all questions answered completely; desires to 
make decisions based upon definite knowledge, rather 
than upon guesses and probabilities (Jackson, 1964, p.6).

Cognitive Structure has high negative correlations with Im­
pulsivity (-.53 to -.68, Jackson, 1974), and appears to be 
primarily a reflected measure of impulsivity. The correla­
tions with Impulsivity do not exhaust the reliable variance 
of the scale, however, and an examination of the items indi­
cates that the Cognitive Structure scale may be tapping a 
component of intellectual orderliness and desire for consis­
tency which is not otherwise measured.

The conceptual model for the hypotheses concerning the 
four validity measures is that most of their reliable vari­
ance lies essentially in a plane, as shown in Figure 4.1.
The dashed vectors in Figure 4.1 Indicate the hypothesized
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Agreement

*

^  Endorsement 
Impulsivity

Cognitive
Structure

Speed

Vocabulary

Figure 4-.1. Hypothesized relationships of agreement and 
endorsement with the construct validity measures— Vocabulary, 
Impulsivity, Cognitive Structure and Speed,
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projections of agreement and endorsement measures (linear 
combinations of the subscales for the Play, Understanding 
and F-scale content areas) onto the plane. Vocabulary and 
impulsivity are expected to be orthogonal, with speed and 
cognitive structure correlated with both. Multivariate 
multiple regression may be used to determine whether vocab­
ulary, speed and reflected cognitive structure have the ex­
pected negative relationship with agreement (after impul­
sivity is partialled out), and whether impulsivity, speed 
and reflected cognitive structure have the expected posi­
tive relationship with endorsement (after vocabulary is 
partialled out).

The two-factor theory of acquiescence. In the last 
section, agreement and Cn^oriem^t were presumed to be or­
thogonal, but that is a matter for empirical investigation.
By treating
the Play and Understanding content areas separately, three 
measures of agreement and i w 0 measures of endorsement may 
be obtained. A measure of acquiescence (presumably agree­
ment) is also available from the F-scale content area. These 
^«ve measures should show discriminant and convergent valid­
ity, with the agreement measures correlating more highly 
among themselves than with the endorsement measures, and vice 
versa. The sub-matrix of S’ scores is expected to have a two- 
factor simple structure, which may be fitted and tested by 
maximum likelihood methods. Past attempts to find correlations
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between acquiescence measures based on different Instruments 
or content areas have been disappointing, but these attempts 
have not used data In which the two kinds of acquiescence 
could be distinguished.

Linear and nonlinear relationships with acquiescence.
It will also be of interest to explore and display the rela­
tionships between other variables in the study and the network 
of measures shown in Figure 4.1, but no specific hypotheses 
are advanced. The data base will also be large enough to 
permit an exploration of interactions between the response 
style and validity measures. A plausible hypothesis would be 
that subjects with low vocabulary scores have larger response 
style components than subjects with high vocabulary soores, 
for example, because the former are less able to understand 
the items and therefore less able to respond consistently in 
terms of content. Interactions with response style measures 
would imply nonlinear relationships between variables in the 
study.

As discussed in Chapter 1, scores on a test and acqui­
escence measured from the same test tend to be nonlinearly re­
lated (Cronbach, 1950? Messick, 1 9 67). On a true-false vocab­
ulary test, for example, a subject who knows all the answers 
will have no opportunity to display his acquiescence or lack 
of acquiescence; less obviously, a subject who gets every an­
swer wrong, as a result of very poor guessing, will also be 
treated as neutral in acquiescence. Similarly, subjects who
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very high or low on a personality measure cannot have very 
high acquiescence scores derived from the same measure.

A somewhat different Issue is posed by the possibility 
of nonlinear relationships between acquiescence and measures 
other than the ones used to estimate acquiescence. For ex­
ample, Figure 4.1 depicts a negative relationship between 
vocabulary and agreement. We may also want to distinguish 
between the situations depicted in Figures 4,2a and 4.2b: 
Figure 4.2a shows a linear negative relationship between ver­
bal ability and agreement; Figure 4,2b also shows a negative 
relationship, but with marked nonlinearity (heteroscedasti- 
city) such that subjects low in verbal ability are more vari­
able in agreement tendencies than subjects high in verbal 
ability. Since agreement can be measured from personality 
tests, and verbal ability from an independent vocabulary 
test, there will not be an artifactual nonlinear relationship 
between the two variables. Examination of residual plots 
and specific tests for heteroscedasticity can help determine 
whether the vocabulary-agreement relationship resembles Figure 
4.2a or 4.2b (Draper & Smith, 1966, pp. 86-97; Johnston, 1972, 
pp. 214-221). If the situation depicted in Figure 4.2b is 
found, it would imply that agreement is more of a measurement 
problem in some populations than in others. Similarly, it 
would be of interest to determine whether subjects low on the 
cognitive structure measure or high on the impulsivity meas­
ure tend to be more variable with respect to either agreement 
or endorsement•
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(a) (*>)
Linear relationship Nonlinear relationship(heteroscedasticity)

Figure k . Z ,  Alternate forms of regression of agreement 
(A) on verbal ability (V) consistent with a negative relation­
ship overall.
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Results

The bad news Is that when data collection was completed,
I discovered that I had two distinct subsamples in the data, 
differing in means and regression slopes on a number of key 
variables. At the outset of data collection, there was no in­
tention of setting up a within-groups design, but it became 
apparent that the two groups of subjects were very different 
and, reluctantly, I concluded that some of the major analyses 
would have to be done separately within groups. The good news 
is that the two groups differ in ways which have a bearing on 
the research issues of the dissertation, and particularly on 
the hypotheses about nonlinearity proposed at the end of Chap­
ter

The plan of organization for this chapter is that the 
first section will be concerned with sample characteristics 
and the differences between the two subsamples. The next sec­
tion reports analyses of covariance structure, separately by 
group. In these first two sections, we see that, of the four 
response styles proposed, onljr agreement appears to be strongly 
represented in the data and to have meaningful relationships 
with other variables. The final sections of the chapter at­
tempt a more integrated analysis of the data base as a whole, 
using multivariate multiple regression and canonical analysis 
to identify the relationships between the experimental and the 
marker variables.

i
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Sample Characteristics

Subjects
Data were collected from a total of 279 subjects, at 13 

test sessions during regular class time. 1?3 subjects were 
from the Manhattan branch of a four-year "technical” college, 
and 106 subjects were from several "liberal arts" colleges in 
the New York City area. The liberal arts colleges are more 
academically oriented than the technical college, and, for 
short, I will refer to the two samples as the Technical and 
Academic groups.

The student body at the technical college is most unusu­
al. A recent student newsletter reported that Q k i of the stud­
ents were male, and that $2  ̂were from foreign countries. A 

majority of the American students seem to be black or hispanic, 
but detailed figures were not reported. During and after test­
ing, it became apparent that the students at the technical col­
lege are markedly deficient in English language skills. Even 
after eliminating subjects falling to complete enough items to 
yield a scorable Research Questionnaire and subjects with the 
lowest Vocabulary scores, the Technical group averages about
3.6 fewer correct Vocabulary items than the Academic group.

The subjects at the academic colleges are from three sites.
All of the academic colleges are coeducational, but two of the
colleges were formerly girls* schools, and all three colleges
are predominantly female (79^ In my data). One consequence of
the differences between samples is an essentially spurious cor-

«
relation between Sex and Vocabulary, In College x Sex xA



Vocabulary crosstabulation of the subjects (with subjects di­
chotomized on Vocabulary), the piling up of subjects in the 
Technical-Male-Low Vocabulary and the Academic-Female-High 
Vocabulary cells results in a significant overall association 
between Sex and Vocabulary (?f = .286, Ot£(l) = 16.3, £  <  .001,
as shown in Table 5*1)• The within-group association between 
Sex and Vocabulary is not significant, however, whether one 
looks at the within-college ^-coefficients, within-group re­
gressions of Vocabulary on Sex, or a log-linear decomposition 
of the 3-way table (see Table 5»1 lor details).

The Technical group consists of a large number of students 
who are present in smaller numbers in most undergraduate popu­
lations. Most colleges try to accomodate limited numbers of 
students from foreign countries or educationally disadvantaged 
backgrounds, through open-admission policies, formal or infor­
mal quota systems, and the like, but their numbers tend to be 
small as a proportion of the total student body. Such students 
would normally be at high risk for academic failure and have 
fairly high drop-out rates. At the technical college, however, 
foreign and educationally disadvantaged subjects seem to pre­
dominate. It seemed likely to me that students with low Eng­
lish language skills would show more acquiescence and other 
stylistic responding and since I wanted to study the relation­
ship between Vocabulary and stylistic responding, I was not 
concerned about the fact that the Technical group would be
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Table 5.1

Vocabulary (Low and High) x Group x Sex 
Crosstabulation of Subjects

Technical Group Academic Group
Vocabulary

Male Female Male Female
Low 53 11 9 . 2 4
High 22 11 I** 55

= .183, n.s. SEX,VOC ---- 0 = .073, n.s,SEX,VOC ---

Note: Subjects dichotomized at median on Vocabulary. With
data collapsed across group, = .286 , X  (1) = 16 .3 »SEX,VOC
£  < .001 •
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lower in Vocabulary than my other subjects. The group dif­
ferences in Vocabulary and the other variables were so strong, 
however, that it became necessary to include group as a vari­
able in the analysis.

Exclusion criteria. One indication of the differences 
between groups is that the Technical group yielded a large 
number of unscorable protocols, owing to failure to complete 
the Research Questionnaire in the time allotted. Subjects 
were retained for analysis if: (a) they completed at least
148 items from the 160-item experimental series; (b) they had. 
no more than three scored responses on the Infrequency scale; 
and (c) they had vocabulary scores of at least 6 (with the 
test scored by the formula 3R - W , to correct for guessing; 
thus, a score of 6 represents a minimum of 2 correct responses). 
Application of these three criteria led to the rejection of 25 
Technical and no Academic students by criterion (a), 3 Techni­
cal and 3 Academic students by criterion (b), and 43 Technical . 
and 1 Academic students by criterion (c). The final sample 
contains 97 Technical and 102 Academic students.

Marker variables
It will be useful to begin by re-examining the marker

variables in the light of the data. Table 5*2 displays their
means and standard deviations, by group. All variables in
Table 5.2 are in forced-normal form, with means of 0

■for fcrO,
and standard deviations of We find that the Academic and
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T a b le  5 .2

Means and Standard Deviations for Marker Variables, by Group

Tech.
Means
Acad. t

Std. Devs 
Tech. Acad.

•

F—max ot
AGB .16 -.15 2.24* 1.03 .95 1.19 -
SPD -.48 .47 .7 .85*** .89 .87 1.05 mm

VOC -.42 .40 -6.35*** 1 .0 0 .82 1.4? .74
COG .31 -.30 4.51*** .88 1 .0 2 1.35 .63
DES - . 2 6 .25 -3.70*** .98 .96 1.04 .47
IMP -.09 .09 -1 .2 1 .96 1.03 1.15 .71
INF .28 — . 26 3.93*** 1 .0 1 .92 1 .2 2 .1 2

Note: All variables are In forced-normal form and have
means of 0 and standard deviations of 1 for the entire sample.

N = 97 for Technical group and N = 102 for Academic
group; df - 197 for t and approximately (100,1 0 0) for
F •—max

*2 < .05 
**2 < .01 

***£ < .001
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Technical groups have significantly different means on all 
variables in Table 5*2 except Impulsivity. Subjects in the 
Technical group are slightly older, and have much slower 
rates of responding to the Research Questionnaire; they have 
lower Vocabulary and Desirability scores, and higher Cogni­
tive Structure and Infrequency scores. Table 5*3 presents 
the results of a series of stepwise regression analyses, in 
which each of the marker variables was regressed on a basic 
predictor set consisting of Group, Speed, Vocabulary, the 
Group x Speed and Group x Vocabulary crossproducts, Age and 
Sex. For convenience, 1*11 refer to these by the 3-character 
mnemonics— GRP, SPD, VOC, etc.— appearing in the table. GRP, 
SPD and VOC were forced to enter whether significant or not, 
while the remaining variables only entered if they had sig­
nificant partial regression coefficients ("F-to-enter” > 3.89, 
2  < .05) in subsequent steps. (In models for predicting cri­
terion variables which were also in the basic predictor set, 
of course, the variable predicted was omitted from the pre­
dictor set.)

All of the multiple correlations in Table 5*3 are sig­
nificant except that, if we adopt «(= .0 5 /8 for the set of 
eight criteria, Impulsivity fails to reach significance at 
the .006 level (R = .22, £ - .01^) Now we examine the marker 
variables in more detail.
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Regression Coefficients for Predicting Marker Variables 
from Group, Speed, Vocabulary, Crossproducts with Group, Sex and Age

Cri­
terion

Std.
Dev.

Multi­
ple R

Inter­
cept

Forced Predictors 
GRP SPD VOC

Stepwise Predictors
GXS GXV SEX AGj

SEX 50 62*** 93 39*** l^*** 00 - - NA -
AGE 100 31*** 05 -09 -79** 02 36* - mm NA
SPD 100 64*** -152 37** NA 25*** NA - 64*** -15*
VOC 100 31*** -70 52*** 77*** NA -30* NA - -
DES 100 36*** -51 39* -0 6 71** - -33* - -
COG 100 37*** 67 -44** -13 00 - - - 16*
IMP 100 22* 14 -09 ' 18* 10 - - - -
INF 100 40*** 51 -38* -80** -17* 52*** - - -
Std. Dev. - - - 50 100 100 156 150 50 100

Note: All figures are reported to two decimal places. SEX is scaled 1 for Male and 2 
for Female, and GRP is scaled 1 for the Technical group and 2 for the Academic group. All 
other variables (except crossproducts) are in forced-normal form.

Regression coefficients and multiple Rs are from the final model in a stepwise regression 
analysis in which GRP, SPD and VOC were forced to enter, whether significant or not, while 
SEX* AGE and the crossproducts were only allowed to enter if they had significant partial re­
gression coefficients at the applicable step ("F-to-enter" > 3.89* £ <  .05).

N =» 199. *£ < .05; **£ < .01; ***£ < .001.
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Sex and Age. SEX is correlated with GRP, as indicated 
earlier, and also correlated with SPD after adjusting for the 
group differences (females are faster than males, a common 
finding for tasks involving clerical or perceptual-motor 
speed— e.g., Broverman & Klaiber, 1 969). The sex difference 
in Vocabulary observed for the total sample (Table 5.1) is 
eliminated in the regression analysis, and the final model

Ais: SEX = .93 + .39 GRP + .17 SPD + .00 VOC . I could have
rerun the analysis dropping VOC, and the regression coeffi­
cients for GRP and SPD might have changed slightly, but I 
chose not to, since the conclusions reached would not be af­
fected.

For predicting AGS, there is a Group x Speed interac­
tion, which may be interpreted by writing the separate equa­
tions by group:

A
Tech: AGE = -.0^ - .^ 3 SPD + .02 VOC

A
Acad: AGE = -.13 - .0? SPD + .02 VOC

This suggests that the older subjects in the Technical group 
are slower than the younger subjects, but there is essential­
ly no difference between older and younger subjects in the 
Academic group.

Since there are quite a few interactions with GRP in 
the data, it may be useful to sketch the manner in which I 
will interpret them. The full model for AGE in Table 5.3 may 
be written:
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AGE = .05 - .09 GRP - .79 SPD + .36 GXS + .02 VOC
= (.05 - .09x1) - (.79 - .36x1) SPD + .02 VOC

(for the Technical group)
= (.05 - .09x2) - (.79 - .36x2) SPD + .02 VOC

(for the Academic group) ,

which yields the separate equations by group mentioned in the 
last paragraph. The saddle point for the regressions is at 
the point SPD = ~^GRp / ^ Gxs = -(-.09)/.36 = .25 , which 
implies' that (ignoring Vocabulary) in the region where the 
Speed scores equal .25, there is no difference between the 
groups on Age. Using the Johnson-Neyman technique (e.g., 
Kerlinger & Pedhazur, 1973, PP. 256-257), we can set confi­
dence bounds on this region. The .9 5 confidence bounds 
are at SPD = -.93 and SPD = 2.78 , which means that the 
groups are not signiflcantly different in AGE in the region 
-.93 < SPD < 2.78 . Below this region, the Technical students 
are significantly older than the Academic students. The John- 
son-Neyman region is, in principle, two-sided, and the model 
asserts that subjects above 2.78 (S' on SPD would be older in 
the Academic group than in the Technical group. 2.78<f lies 
outside the range of the SPD variable, however,'so can only 
make a firm statement about the subjects below -.93 tf*.

Speed and Vocabulary. In crude form, the groups show 
differences in both means and variances on these variables.
(The Technical group has a lower mean and is more variable on 
Vocabulary, and has a lower mean and is less variable on Speed.)
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Both measures were given a forced-normal transformation, and 
will be used in that form throughout. In forced-normal form, 
the mean differences remain, but the variability differences 
are eliminated for Speed and markedly reduced for Vocabulary 
(Fmax(96,101) = 1.^7, £ = .059 for Vocabulary). For predict­
ing SPD, we find a positive association with VOC and SSX, and 
a negative association with AGS. For predicting VOC, there is
a Group x Speed interaction which yields the separate equations

a
Tech: VOC = -.18 + A ?  SPD

A
Acad: VOC = .3^ + .17 SPD

with a saddle point at SPD =1.73 • Thus, the Vocabulary-on- 
Speed regression is stronger in the Technical group than in 
the Academic group. The Johnson-Neyman region is .63 < SPD 
< max. , Indicating that among the slower and average students, 
the Technical group has lower Vocabulary scores than the Academ­
ic students, but among the faster students there is no differ­
ence in Vocabulary scores.

The Vocabulary measure suffers from restriction of range 
at the upper end (6 subjects in the Academic group and 1 subject 
in the Technical group achieved the maximum score), which makes 
me regret the decision to use the narrow-range test after pre­
testing. The effect of the forced-normal transformation on Vo­
cabulary is to stretch out the upper tail and bring in the lower 
tail on the measure. The interaction with Speed occurs Just as 
strongly when the crude Vocabulary measure is substituted in the 
regression equation Just discussed, however, and is not an arti­
fact of the forced-normal transformation. It may be partly a
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function of the ceiling on the Vocabulary measure, but evidence
presented later on will suggest that Speed serves as an auxil-

tfocfiary measure of ability in the Technical group, is more 
like a personality variable measuring personal tempo or simply 
clerical speed in the Academic group. At a number of points in 
the analysis, we will find a Group x Speed interaction entering 
the regression equations.

Desirability. Here is an Instance of a variable with a
Group x Vocabulary interaction. The equations by group are 

/\
Tech: DES = -.12 - .06 SPD + .38 VOC

A
Acad: DES = .2? - .06 SPD + .07 VOC

with a saddle point at VOC = 1.18 and a Johnson-Neyman region 
of .28 < VOC < max. Here we find a fairly strong relationship 
between Desirability and Vocabulary in the Technical group (sub­
jects with higher verbal ability give more desirable responses), 
but essentially no relation between Desirability and Vocabulary 
in the Academic group. The Academic group has higher Desirabil­
ity scores overall, but for subjects in the upper third of the 
VOC distribution (above VOC = .28) there is no difference be­
tween the groups.

The Desirability measure is odd in several respects. The 
true subscale has an alpha of only .1 5* while the false subscale 
has an alpha of .57 (the alpha for the combined scale is .^7), 
and the true and false parts correlate only .13. An examination 
of the items suggests that the true and false subscales are 
specialized in meaning. The items which correlate most highly
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with the false-keyed subscale are:
I often question whether life Is worthwhile. (^5^ 

false)
I often have the feeling that I am doing something 

evil. (71$ false)
I almost always feel sleepy and lazy. (83^ false)
I find it very difficult to concentrate. (78:1 false) 

The items which correlate most highly with the true sub­
scale are:

I often take some responsibility for looking out for 
newcomers in a group. (71$ true)

My memory Is as good as other people*s. (70% true)
I am always prepared to do what Is expected of me.

(51$ true)
I am able to make correct decisions on difficult 
questions. (70% true)

The false items resemble psychopathology items such as the
MMPI A scale items, while the true items seem more like im-
pression-management or plus-getting items. Questioning
whether life is worthwhile and feeling evil, sleepy, lazy
and unable to concentrate do not have the same implications

heu/c o- 9e*><£ o*e./*oCy > 
for personality as failing to^

do "what is expected" . make correct decis-
Q f  l o o k  6 u ! "  f a * *  n C v J C o r n G fH «

lons^ I considered a separation of the true and false De­
sirability subscales for a while, but preliminary analyses 
did not look promising. Finally I decided to leave the De­
sirability scale intact, on the theory that the presence of 
the true-keyed items would serve to help suppress any agree 
ment variance which was present in the false subscale.
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Impulsivity and.Cognitive Structure. Impulsivity Is not 
well-predicted In Table 5.3. It shows the expected positive 
relationship with SPD, and while the relationship is not a 
strong one, later analyses will show that SPD is consistently 
associated with an Impulsivity-Cognitive Structure factor. 
Impulsivity is a well-behaved scale. The true and false parts . 
have reasonable alphas (.60 and .58)* and correlate .44. The 
combined scale has an alpha of .7 1.

Cognitive Structure was intended as a second (reflected) 
measure of Impulsivity, and the two scales have a correlation 
of -.56, which is very reasonable. The true and false parts 
of the Cognitive Structure scale have alphas of .6 3 and .35* 
and correlate .2?. The combined scale has an alpha of .61,
The regression coefficients in Table 5*3 indicate a mean dif­
ference between the groups and a positive relationship with 
.Age (older subjects and subjects in the Technical group have 
a higher need for Cognitive Structure).

Infrequency. Subjects with scores higher than 3 on the
Infrequency scale were eliminated from the analysis, so the
resulting variable has a range of four. In Table 5*3* we 
find a mean difference between the groups, a slight negative 
relationship with VOC, and a Group x Speed interaction. Sep­
arate equations yield 

✓s
Tech: INF = .13 - .28 SPD - .1? VOC

/x
Acad: INF = -.25 + .24 SPD - .1? VOC

with a saddle point at SPD - .73 • In the Academic group,
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the faster subjects are making more infrequent responses, but 
in the Technical group, it is the slower students who are mak­
ing more infrequent responses. This suggests that the faster 
subjects in the Academic group are making more infrequent re­
sponses through carelessness, but in the Technical group, 
where there is a high SPD-VOC correlation (r = .*+1), it is 
the slower and less able students who are making more infre­
quent responses.

Infrequency has a low internal consistency (alpha = .12), 
which is about the best we can expect for a scale having such 
low endorsement frequencies (3-11^ endorsement in the keyed 
direction for the items of the scale). The effect of the 
forced-normal transformation on this measure is to substitute 
scale values of -.77, .27, 1 .0 5 and 1.82 for the numbers 0,
1, 2 and 3, which is tending to treat the l*s, 2*s and 3's as 
more alike one another, and more dissimilar from the O's.
This is a reasonable metric for the variable, which is being 
treated as an index of something having a more-or-less normal 
distribution, and prevents the 3*s from having an inordinate 
effect on regressions involving the Infrequency measure.
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Experimental Variables
Table 5*^ presents the summary statistics for the 20 ex­

perimental subscales, separately by group. The subscales were 
originally scored by counting 2 for items ansvered in the +content 
direction and 0 for items answered in the -content direction.
When one member of a pair of matched experimental items was not 
answered, it was scored like the other member of the pair (2 for 
+content and 0 for -content). In the few instances where both 
members of a pair were omitted by a respondent, the items were 
both scored 1. (This method for handling missing data prevents 
omitted items from making a spurious contribution to the esti­
mates of response style scores.) Then the subscales were "semi- 
standardized11 by scaling the Play and Understanding scores by 
dpspp = 3.515 and the F-scale scores by ^FSAT = 5*503. These 
scaling factors preserve all of the variance ratios for subscales 
in each content area, and give the measures a maximum variance 
of about 1.00.

Group differences. The most interesting feature of Table 
5.^ can be found by running down the column of t-tests for mean 
differences between the groups. The signs of the t values indi­
cate that, without exception, the Technical group has higher 
scores on every true subscale and lower scores on every false 
subscale. Since the items have been scored in the content di­
rection, this means that the subjects in the Technical group are 
responding true more often than the subjects in the Academic 
group# It is the first indication of the strength of the group
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T a b le  5 .4

Summary Statistics for Experimental Scales, by Group

Tech.
Means
Acad. t

Std
Tech.

• Devs 
Acad.

•
Zmax 0L

PSPT 2 .0 2 1.91 1 .0 0 .82 .82 1 .0 0 .36
PSPF 1.9^ 2 ,6 0 -4.90*** .97 .93 1.09 .57PSNT 1.94 1.53 3.26*** .87 .88 1 .0 0 .48
PSNF 2 .0 1 2.49 -3.44*** 1 .06 .87 1.48 .55
PAPT 2.48 2 .2 1 1.44 .76 .91 1.39 .38
PAPF 2 .6 1 3.29 -6.09*** .92 .62 2.18*** .54
PANT 2.49 2.34 1.30 .84 .84 1 .0 1 .30
PANF 1*99 2 .68 -5.97*** .87 .74 1.36 .48
USPT 1.94 1.93 0 .1 1 .99 .90 1 .2 2 .53USPF 1*97 2.39 -4.06*** .77 .72 1 .1 2 .31USNT 2.34 2.04 2.94** .70 .72 1.04 .08
USNF 2.58 3.19 -5.50*** .91 .63 2 .05*** .44
UAPT 3*16 2 .9 6 2 .20* .71 .6 2 1.33 .22
UAPF 2.87 3.18 -3.98*** .57 .53 1.19 .17UANT 2.73 2 .5 2 1.73 .83 .83 1 .0 2 .44
UANF 2 .2 1 2.77 -5.27*** .85 .6 2 1 .88** .35
FSRT 2.87 2 .1 5 6.49*** .79 .77 1 .0 6 .59FSRF 2 .1 0 2 .1 6 -0 .5 6 .78 .6 6 1.40 .41
FSAT 2.48 1.49 8 .06*** .97 .76 1.59* .72FSAF 2.39 3.06 -6 .53*** .83 .61 1.89** .53

Note: Subscales were originally scored by counting 2
for items answered in the content direction, 0 for items ans­
wered in the negative content direction, and 1 for omitted 
responses. Then the scales were ,,semistandardlzed,, by scal­
ing the Play and Understanding items by tfpSpp “ 3*515 and
the F-scale items by = 5*503 .rSAT

See note to Table 5*2 for sample sizes, degrees of free­
dom and significance levels.
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difference in agreement which runs through the data. There Is 
also a noticeable tendency for the subjects in the Technical 
group to be more variable than the subjects In the Academic 
group; 15 of 20 variances are larger in the Technical group 
(£ = .042 by a sign test).

The alpha coefficients of the subscales are low but reas­
onable for 7-item and 12-item scales, and average .42. Morf 
and Jackson (1972) reported an average alpha of .32 for the 
same group of subscales. My subjects are probably much more 
heterogeneous than Morf and Jackson's subjects, however, which 
is probably the main reason why my alphas tend to be larger 
than Morf and Jackson's.

Correlations among the Experimental Measures. We may fur­
ther evaluate the group differences on the experimental varia­
bles by using the same basic predictor set of marker variables
used in Table 5*3. Instead of applying the model to each ofwill be.
the 20 subscales, however, it^helpful to begin by computing the 
a priori estimates of the content and style variables which are 
embedded in the 20 subscales. This is accomplished by the mat­
rix multiplication X* = XT represented symbolically in Table 
5»5» Let X be the N x 20 data matrix containing the exper­
imental subscales, and T be the 20 x 11 block-diagonal mat­
rix of transformation given in Table 5*5? X* , then, contains 
the estimates of Play content, agreement, endorsement and form 
(PC, PA, PS, and PP), Understanding content, agreement, endorse­
ment and form (UC, UA, UE and UF), and F-scale content, agree­
ment and overgeneralization (FC, FA and FO). These two-character
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T a b le  5 .5

Computation of Experimental Content and Style Measures

Experimental
Measures Experimental

Subscales
Matrix of 

Transformation

PC
pa
PE
pp
uc
UA
UE
UP
PC 
PA 

\ F O j

\tr

/ PSPT \tr 
/ PSPF \
PSPT
PSPF
PSNT
PSNP
PAPT
PAPF
PANT
PANF
USPT
USPF
USNT
USNF
UAPT
UAPP
UANT
UANF
FSAT
FSAP
FSBT
FSRP

A

1 1 1  
1-1-1 1 1-1 / 1-1 1 J

X*
11

X
N,20

T
20,11
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mnemonics will be used throughout the chapter to refer to the 
a priori estimates of the content and style variables which 
will be called, collectively, the 11 "experimental measures," 
to distinguish them from the 20 "experimental subscales."

Before examining the multiple regressions for predicting 
the experimental measures, it will be useful to look at Table 
5.6, which displays.their intercorrelations. Little subtables
from Table 5 , 6  are of interest. Notice that the content meas­
ures are basically uncorrelated:

• UC -.125
FC .003 -.145#

PC UC
The only significant correlation here indicates a slight ten­
dency for subjects with a higher need for Understanding to 
have lower F-scale scores. Now look at the correlations among 
the agreement measures:

UA .704#**
FA .746*#* .663***

PA UA
These appear to be the highest correlations ever reported for 
independent measures of agreement. The content-agreement cor­
relations also show a consistent pattern:

PC -.210*** -.296*#* -.298***
UC -.183* r'i0.I -.223***
FC .260*** .173* .308#**

Pa UA FA



Table 5.6
Correlations among the Experimental Measures

PC -
PA -210** -
PE 120 -145* -
PF 136 042 029 -
UC 125 -183** 175* -014 -
UA -296*** 704*** -057 008 -033 -
UE 117 -156* 279*** 085 268*** -108 -
UF —05^ 070 118 088 269*** 047 152 -
FC 003 260*** 047 112 -145* 173* 034 -1 2 0 -
FA -298*** 746*** 036 163* -223** 663*** -071 084 308***
F0 -0 3 6 352*** 020 153* -202** 200** -1 1 6 061 263***

PC PA PE PF UC UA UE UF FC

Note: N = 199

*£ < .0 5  

**£ < .01 
***2 < .001
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Subjects with higher agreement scores tend to have lower scores 
for Play and, to some extent, for Understanding content, and 
higher scores on the F-scale. Thus, the agreement measures are 
showing convergent and discriminant validity within the matrix 
presented in Table 5.6. Given the low correlations among the 
content measures, the high correlations among the agreement 
measures cannot be explained in terms of confounding with Play, 
Understanding, or F-scale content.

The other style measures present a mixed picture. The on­
ly form-form correlation (£ppfuF = n »s«) ls not signifi­
cant, so the form facet does not have convergent validity. The 
only endorsement-endorsement correlation (£pS = .279***) is 
significant, but it is not nearly as strong as the agreement- 
agreement correlations, and is rivaled in size by other correla­
tions involving the endorsement measures (in particular, r-Vt'Jfci, uo
.175* and r = .268*#*). As we shall see later, analysesU£i,UC
of covariance structure will provide little evidence for a sep­
arate endorsement component, and the endorsement measures show 
little relationship with the marker variables.

The F-scale measures have uniform moderate correlations 
with one another:

FA .308***
F0 .263*** .395***

FC FA
The overgeneralization measure behaves more like F-scale content 
than like F-scale agreement (examine the bottom three rows in 
Table $ , 6 ) ,  My best guess about the overgeneralization facet is 
that it is a content facet with scrambled scale saliences.
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Multiple regressions with experimental measures. Table
5.7 presents the results of a regression analysis of the exper­
imental measures. As before, GRP, SPD and VOC were forced to 
enter, but AGE, SEX and the crossproducts with GRP only entered 
if they made a significant contribution. Under these conditions, 
SEX did not enter any of the equations, and is omitted from the 
table. For these analyses, the Play and Understanding measures 
have been scaled by a factor of = 13*62 , and the F-scale
measures by = 9.?^ , so variance ratios within a group of
measures based on the same content area are meaningful. From the 
column of standard deviations, we can see that the content and 
agreement measures are roughly equal in variability for Play and 
Understanding, but that F-scale agreement is more variable than 
F-scale content (F = 1.85» £ < .01). Comparing each of the

i t other style measures with the corresponding agreement measures, 
we find that the agreement measures are much more variable (the 
smallest Pmax is 2.0^, £ <  .001, for UA and UF). These differ­
ences in variability among the a priori measures have implica-fe 
tions for the size of the content and style variance components, 
which can be examined in a more detailed way when we look at the 
analyses of covariance structure in a later section.

All of the multiple correlations for the content, agreement 
and overgeneralization measures are significant at the .001 level 
in Table 5*7* Three of the four multiple correlations for the 
endorsement and form measures are not significant at the .0 5 lev­
el. The result for the UE measure (R = .21, £ = .0 3 8) is marginal 
at best, and if we adopt oi = .0 5 /1 1 for the set of 11 analyses,
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Regression Coefficients for Predicting Experimental Measures 
from Group, Speed, Vocabulary, Crossproducts with Group, and Age

Cri­
terion

Std.
Dev.

Multi­
ple R

Inter­
cept

Forced Predictors 
GRP SPD VOC

Stepwise Predictors 
GXS GXV AGE

PC 100 38*** -17 11 18* 08 - - -21**
UC 79 35### -2 1 18 43* 16** -26* - 15**
FC 100 33*** 71 -1*2** -03 39 - -34* -
PA 97 56*** 58 -69*** -51* -18** 37** - 21***
UA 80 55*** 52 -53*** -53** -04 32** - 21***
FA 136 62*** 107 -91*** -73* 39* - 18*
PE 52 15 -17 02 07 -08 - - -
UE 50 21* 13 15 -0 1 05 - - -
PF 48 16 -34 -08 03 -0 6 - - -
UF 56 08 -6 7 10 -01 -03 - - -
FO 68 1^2*** -0 2 1*** 03 -15** - - -
Std. Dev. - - - 50 100 100 156 150 100

Note: The Play and Understanding criteria were scaled by 6-pc * 13.62, and the
F-scale criteria by <fpc =* 9.74 . SEX was included in the predictor set, but never entered 
any of the models, so it is omitted from this table.

All notes for Table 5.3 also apply to this table.
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the result for UE should also be regarded as not significant.
The three content measures have modest, reasonable rela­

tionships with the variables in the predictor set (R = .33-*38,
£ < .001). We find that subjects with a higher need for Play 
tend to be younger and faster. Subjects with a higher need for 
Understanding tend to be older. There is a Group x Speed inter­
action for predicting UC, which yields the equations

Tech: UC = -.03 + .17 SPD + .16 VOC + .15 AGE
A

Acad: UC = .15 - .09 SPD + .16 VOC + .15 AGE
with a saddle point at SPD = .69 and a Johnson-Neyman region
of -.28 > SPD > max. For subjects in the lower third of the
SPD distribution, the Academic subjects have higher UC scores
than the Technical subjects. For F-scale content, there is a
Group x Vocabulary interaction which yields the equations 

A
Tech: FC = .29 + .05 VOC - .03 SPD

AACad: FC = -.15 - .29 VOC - .03 SPD
with a saddle point at VOC = -1.2^- and a Johnson-Neyman region 
of min. > VOC J> -.32 • The Technical group has higher scores 
on F-scale content, but only for subjects in the upper tw -thirds 
of the VOC distribution. F-scale content is commonly found to 
have a negative relationship with ability measures (e.g., Byrne, 
1966, p. 2 6 7), which is what = -.29 for the Academic group
implies. For the Technical group, however, ^voc = »°5 * and 
there is essentially no relationship between FC and VOC.
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Looking now at the results for the three agreement meas­
ures, we find that they have stronger relationships with the 
predictor set (R = .55-*62, £ <  .001) than the content measures 
fehd. Moreover, they have Impressively uniform relationships 
with the predictor set. What is important here is the sign 
pattern rather than the absolute magnitude of the regression 
coefficients. We find that older subjects and subjects with 
lower VOC scores tend to have higher agreement scores, regard­
less of group. In each case there is a Group x Speed interac­
tion, and we may write separate equations by group as

Tech: PA ii i • H - .14 SPD - .18 VOC + 1—1 CM • AGE
UA = -.01 - .21 SPD - .04 VOC + .21 AGE
FA = .16 - .34 SPD - .34 VOC + .18 AGS

Acad: PA = -.80 + .23 SPD - .18 VOC + .21 AGE
UA = -.54 + .11 SPD - .04 VOC + .21 AGE
FA = -.75 + .05 SPD - .34 VOC + .18 AGS

with saddle points at about 2<f on SPD (SPD = 1.72-2.08) .
Except for subjects in the upper range of the SPD variable 
(above SPD = .77-1.01) , the Technical group has higher 
agreement scores than the Academic group. Looked at from the 
side of the SPD variable, the Group x Speed interaction implies

i  5/o n /e r  Sctb.'ecf-Sthat the faster subjects tend to have lower agreement scores^in 
the Technical group, but higher agreement scores in the Academ­
ic group.

In Chapter 4, it was hypothesized that agreement acquies­
cence would be associated with verbal ability and endorsement
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acquiescence with speed and impulsilrity. We have not looked at 
the relationship between impulsivlty and the response style 
measures yet, but so far, the two-factor theory of acquiescence 
is disconfirmed. The endorsement measures in Table 5*7 have no 
relationship to either VOC or SPD, and as we saw earlier, the 
endorsement measures are not strongly correlated with one ano­
ther. There is good evidence for agreement acquiescence in the 
data, and agreement shows the predicted negative relationship
with VOC. The SPD variable is related to agreement rather than

Moreover >to endorsementj quite unexpectedly, the agreement-on-SPD 
regressions are different in sign for the two groups. The best 
clue we have about the basis of this Group x Speed interaction 
for predicting agreement is the Group x Speed interaction for 
predicting VOC. Recall that SPD is positively associated with 
VOC in the Technical grouty, but has "a low positive

) association with VOC in the Academic group.
This suggests that SPD functions like an ability measure in the 
Technical group, but is relatively independent of ability in 
the Academic group. If agreement is primarily a function of 
verbal ability— duller subjects having more acquiescence owing 
to inability to understand the items well enough to respond 
sensibly to them— we may be able to find a positive relationship 
with SPD when SPD is also a function of ability. Where SPD is 
independent of ability, as in the Academic group, we may be 
able to find that the faster subjects are not considering the 
items as carefully as the slower subjects, and are making more 
of the content-inconsistent "errors” which get scored as agree­
ment acquiescence.
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Conclusions— sample characteristics. We find good evidence 
for the presence of agreement In the data, but little evidence 
for the other response styles. There Is a strong group differ­
ence in agreement response tendency. In Table 5»7» 30-38& of the 
variance of the agreement measures was accounted for by the var­
iables in the predictor set. Of this total, 18-26# of the agree­
ment variance was accounted for by the group difference alone, 
leaving 12-13# additional variance to be accounted for by the 
other variables in the predictor set. It is instructive but also 
a nuisance for the analysis to find so many variables having dif­
ferent regression slopes in the two groups. Of the 19 regression 
models in Tables 5*3 and 5*7» seven show a Group x Speed Inter­
action and two show a Group x Vocabulary interaction. Eased on 
the many indications of differences in variances and covariances 
for the groups, the analyses of covariance structure will be done 
separately by group. We turn now to those analyses.
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Analyses of Covariance Structure— Experimental Scales '

In this section, we consider ACOVS solutions for the ex­
perimental Play, Understanding, and F-scale subscales. Each 
content area will be modeled separately by group, yielding six 
a n a l y s e s  I n  all. The plan for analysis Is that we will make a 
preliminary determination of the dimensionality or rank r
for a group of £ subscales, and then fit a range of "simply-

opatterned" ACOVS models to the data, foiling the principles 
for analysis outlined at the end of Chapter 2.

Play
Tables $ , 8 and 5*9 provide summary information on the 

covariance structure of the eight experimental Play subscales, 
separately by group. In each table, the top panel reports the 
observed covariances S (scaled by the standard deviation of 
the PSNT scale in the combined sample), followed by the eigen­
values of S and R . We note that two of the roots of R 
are greater than one in each case, providing our first indi­
cant of the dimensionality of the data.

The second panel reports the transform V ~ P* S P , where

P * 1 //8

n
•i
•i
i
■i
i
i

’i j

c
o<
OO-l
VI
/3o10
OC07)
07)

(content) 
(agreement)
(endorsement) 
(form)

P is a symmetric, orthonormal variant of the Hadamard solution
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Summary Information on Play Subsoales (Technical Group, N * 97)
Covariance Matrix S

1 PSPT
2 PSPF
3 PSNT
4 PSNF
5 PAPT
6 PAPF
7 PANT
8 PANF

66530108
3322
0104
2564
0339I960
0481

93**90004
5162
0363
4176

-06 09
4562

7651 
-0867 
2357 -1009 
2399 

-0717

112971650
3727-0?81
*077

5845
03651712
1037

8433
-1425
4208

7063
-0337 7556

Hoots(S) 22857 14172 6460 5384 5040 3572 3359 3004
Eoots(R) 29036 (17768) 8499 6939 5962 **755 4265 3531

V = P ' S P
1 PC
2 PA
3 PAE
4 PE
5 PF
6 PAF
7 PA EF
8 PEF

17789
-4 1 5 2
0549
1526
1325

-0 6 2 6
-0340
-0540

18436
-1629
-1389

0139
1470
0685 

-0 0 9 2

416? 
0002 

-0175 
1257 

- 0205 
-0169

50470120
-0 6 9 6
-097**0436

4869
-0371
-0533
-0531

52330062
-0271

**367
-0189 3938
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274

Likelihood-Ratio Tests on Dimensionality
r Roots or 
Variances

Residual
X2/df

Roots
df

of R 

£

Homogeneity 
« of Variances 

X  /df df £*
Sphericity 
Tests on V 

X  /df df £
8 6.39 28 <.001 23.15 7 <.001 5.55 35 <.001
7 3.89 27 ^ r o o o 1 8 . 2 k 6 Oi.oop 4.97 27 ^.OOi;
6 .89 20 0 6 5 .62 5 .68 0 1.05 20 .392
5 .87 14 .543 .52 k .720 .76 14 .7154 .70 9 .676 .39 3 .759 • 54 9 .850
3 .30 5 .9 0 2 .13 2 .880 .17 5 .9732 .24 2 .775 .08 1 .782 .12 2 .886

UMLFA Results
r Factors df Vardffit

60.174.92
5.78

11.50
6.57.80

1.021.01
1.11672

Notes: The coefficients in S and V are reported to 4 decimal places (decimal
omitted). Indicants of dimensionality for the data, using various criteria, have been 
circled (see text).
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Summary Information on Play Subscales (Academic Group, N = 102)
Covariance Structure S

1 PSPT
2 PSPF
3 PSNT
4 PSNF
5 PAPT
6 PA PF
7 PANT
8 PANF

6669
1700
2132
2244
2475
1117
1818
1698

8592
09393604
O896
22351646
3189

7667
0099
3673

-0263
2483-0714

7649
1279
2158
10732816

8121
1185
1111
0382

3875
1265
2370

7115
0665 5539

Roots(S) 18771 11855 6483 5157 4251 4013 2805 1893
Roots(R) 268*1-1 (18285) 8835 8332 5800 3776 3351 2409

V = P» S P
1 PC
2 PA
3 PAE
4 PE
5 PF
6 PAF
7 PAEF
8 PEF

18222
-0180
07070738
1676

-1783
0722

-0249

10617
-0270
-1180
-0255
0933

-2347
-0 9 8 3

3600
1113

-0 0 3 0
0100

-0220
-0932

5184
0190
0593-0894
0574

4433 
-0 2 0 6  
0175 

-0345
35590241

-0059
5008
1232 4605
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T a b le  5 * 9  (c o n t in u e d )

Llkelihood-Ratlo Tests on Dimensionality
r Roots or 
Variances

Residual
X2/df

Roots
df

of R 

£

Homogeneity 
9 of Variances 

X /df df 2

Sphericity 
0 Tests on V 

X  /df df £
8 6.35 28 <.001 1 9 .6 6 7 <.001 5.71 35 <.001
7 2.93 27 C < . 0 0 l ) 7.89 6 C<.00O 3.70 27 <.001
6 1.31 20 .137 1.29 5 .267 1.94 20 <t o o tO
5 1.17 14 .2 57 1.17 4 .324 1.32 14 TIH74 1.31 9 .192 .92 3 .43 0 1.01 9 .4293 • 94 5 .419 .78 2 .456 .38 5 .8622 .18 2 .822 .00 1 .999 .04 2 .960

UMLFA Results
r Factors Afit df £ X2diff df £ /°T £ Var.

1 65.63 20 <.001 .57 242
34

14.44
7.373.44

13
7
2 .179

5 1 .2 0
7.07
3.93

76
5

p .  001}
.315
.560

.98

.99

.87
43
54
56

Notes: The coefficients in S and V are reported to 4 decimal places (decimal
omitted). Indicants of dimensionality for the data, using various criteria, have been 
circled (see text).
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matrix introduced In Chapter 2, equation [2.7c], The compon­
ents Implied by each column (or row) of P are labeled at the 
right of the matrix. The effects of most interest— in a nota­
tion which will be carried through the discussion of ACOVS 
models— are for content (<)» agreement (<*)» endorsement (vj), 
and form (/9).

On examining V , we note immediately that the and
Vgg elements, corresponding to the content and agreement com­
ponents, are considerably larger than the remaining diagonal 
elements. This implies that we will almost certainly be able 
to identify content and agreement components in the data.

The third panel of the tables provides several likelihood- 
ratio tests on the dimensionality of V , and the fourth panel 
presents the results of a UMLFA analysis. There are six rough 
tests for dimensionality of the data in Tables 5 .9 and 5*10•

1. Roots of R greater than one, in the first panel.
This is the familiar Guttman-Kaiser rule for factor analysis 
(Kaiser, 1 9 61).

2. Residual roots of R , in the third panel. The entry
for jb = 8 is Wilks’s (1932) test that the measures are uncor­
related, and the remaining tests in that column are Bartlett’s 
(1 9 50» 1951a, 1951b) tests for significance of the leading prin< 
clpal components.

3* Homogeneity of variances, in the third panel (middle 
section). This is Bartlett’s (1937) test for the homogeneity
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or equality of independent variances, applied to the diagonal 
elements of V . The elements of V are not experimentally 
independent, but it is feasible to perform tests of Independence 
(item 2) and equality (item 3) sequentially (e.g., Bock, 1975* 
pp. ^59-^60). The entry for s = 8 is a test of equality for 
all eight diagonal elements, while the entries for £ < 7 are 
tests for equality of the s smallest elements among the last 
seven.

4. Sphericity tests on V , in the third panel (last sec­
tion). The entry for £ - 8 is Mauchly*s (19*K>) test of spher­
icity for 21 , and the entry for js = 7 is Huynh and Feldt*s 
(1970) test that 2. has the "Type H" pattern. The remaining 
e y r i e s  in this column are the extensions of these two tests 
which were proposed in Chapter 2. They are tests of sphericity 
on the lower-right s x s submatrix of V , after reordering
V so that the diagonal elements are in descending order by 
size. The test for dimensionality is conducted in the same way 
for each of items 2-^: If the last value of s for which the
test shows significant lack of fit, or significant differences 
among the roots or variances tested for equality, is t , then 
the implied dimensionality for the data is £ = £ - t .

5. UMLFA tests for goodness-of-fit. in the fourth panel. 
The implied dimensionality of the data is the first value of r 
showing adequate fit.

6. UMLFA tests for difference in fit, in the fourth panel. 
Here the implied dimensionality is the last value of r showing
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a significant difference between the solutions for r and r-1 
factors.

For the Technical group, all sir tests indicate a dimen­
sionality of two for the data, and for the Academic group, five 
of the sir tests also agree on a dimensionality of two. An ex­

a m i n a t i o n of the elements of V indicates that the probable 
components are content and agreement, and we can make rough es­
timates of the content and agreement components using the com­
ponent analysis methods of the early part of Chapter 2. Assum­
ing that V has the form of equation [2.9b], with two compon­
ents and homogeneous error, the last sir diagonal elements of V 
estimate the pooled error component, so we have:

T p  8
€  - £  v., / 6 .

Since E(vi;l) = £6*£2 + tf2 and S(v22) -  2 ^  +  »

6^2 “ ( i n  “ ^  ) / 8 and

%  - 2 2 -  •

We find S'2 =* .460 for the Technical group, and -  ,440 for 
the Academic group. These are not significantly different 
(F (100,100) = 1.05* n.s.), so we can pool the estimates fur-iu&X * . •A
ther to bbtain d-2 = .4-50 for both groups. Thus, we obtain the 
rough estimates:

Technical group: d£2 = .166 , = .174 ;
Academic group: d£2 = .171 , 6 $  - .076 .

As we shall see, these are fairly close to the estimates obtained
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by more sophisticated ACOVS methods. The agreement component 
is actually larger than the content component for the Technical 
group, but less than half the size of the content component in 
the Academic group. By any reasonable statistical test, the 
first difference is not significant, while the second difference 
is. Perhaps the most defensible test would be a test for cor­
related differences between variances:

h . S - 2  = (N-2)(IU -Z22)2 / *vu v22( 1 - 4 / 1 ^ 2 2 >

(after Formula 15-11» Walker & Lev, 1969, p. 26*0* This formula
is for testing whether the variances of the a priori estimates
of content and agreement are significantly different, within
&roup, and we obtain F(l,95) - •°3» n.s., for the Technical
group, and F(1,100) = 7*^7* 2 < for the Academic group.
Similarly, the groups do not differ in variance on the content
estimates (F (100,100) = 1.02, n.s.) , but do differ in var- —rnax   *
iance on the agreement estimates (Fmax(100,100) = 1.7*0 2 ^ *0°1) 

Two other features of Tables 5*8 and 5*9 which may be noted 
are the Tucker and Lewis (1973) factor reliability coefficients 

and the precent variance figures in the fourth panel, 
should be close to one for a good UMLFA solution (it is). The 
percent variance figures are obtained as tr(BB*) / tr(S) for 
the UMLFA solution, and we find of the variance accounted 
for in the Technical group and in the Academic group. Since 
the average coeffIcient-oL for the Play subscales was .**6, we 
cannot expect to account for more variance than this.
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Table 5.10 presents the results for a range of 2-component
ACOVS solutions for the Play subscales. All of the models fit
for the Technical group, Including the most restricted model 1,
while none of the models fit for the Academic group, including
the least restricted model 8. In the second panel of Table 5«10
are averaged values for goodness of fit and averaged dif-

oferences In X  values for models differing In the restrictions 
placed on A , on C , and on S . (It is possible to take 
the vector of eight values—  x , say— and the vector of
eight df values d , and premultiply each by the Hadamard solu­
tion matrix in order to decompose the % 2 into "effects" at­
tributable to the 2 x 2 x 2  design on the range of solutions. 
This can be defended heuristically if not statistically, and 
gives a nice overview of the effects of various kinds of restric­
tions. ) We note that for the Technical group, none of the design 
effects improves the fit to the data, on average. For the Academ­
ic group, homogeneous error variances improve the fit, on average 

p design
(% (7) = 26.53* £ < .001), but the other/variations do not result
in much improvement.

£o(n Hons
Selected ACOVS^for the Technical group are given in Table

5.11 and plotted in Figure 5*1* The selected solutions are the
2-factor UMLFA solution, the most restricted model 1 from TableIA
5.10, and a third model^with the same number of restrictions as 
model 1 but with the restrictions distributed in a slightly dif­
ferent way. In model 1, C is constrained to be diagonal, but 
in the other ACOVS model, C is constrained to be proportional 
to a correlation matrix. Both ACOVS models yield a reasonable
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T a b le  5 .1 0

Results for 2-Component ACOVS Solutions (Play Subscales)

Model
Parameter

A B C
Type
E df

Tech,
X 2

Gp,

£
Acad
x2

. Gp.
£

1 1 2 1 1 33 **0.57 .171 73.89 <.001
2 it n II 2 26 28.17 .350 44.29 .014
3 n it 2 1 32 35.38 .311 73.88 <.001
if it H it 2 25 23.63 • 5**1 44.20 .010
5 2 II 1 1 27 32.29. .222 63.44 <.001
6 n It n 2 20 20.50 .**27 39.21 .00 6
7 it It 2 1 26 30.07 .265 60 .66 <.001
8 it II it 2 19 19.**** .**29 38.07 .006

Effect Summary

Mean X 2 26 28.76 .322 54.71 <.001
A1 vs* Az 6 6 .3 6 .384 8 .7 2 .190

Cx vs. C2 1 3.25 .071 1.01 .316

E-̂  vs. Eg 7 11.64 .113 26.53 <.001

Note; For parameter types, see Table 2.8. Models with 
circled probabilities are discussed in detail elsewhere.



Table 5.11
Selected 2-Component Solutions for Experimental Play Subscales (Technical Group)

UMLFA (Varimax)

%  (13) = 11.30 
2 =  .569

ACOVS Model 1

173

X^ (33) = ^0.57 
£ = .171

ACOVS Model 1A
I II c c oC

PSPT f  558 048\ 352 /1.* i.* \ 461 r i . *
PSPF / 001 689 \ 460 ' 1.* -1.* 461* 1 .* -1.*
PSNT 1 587 -091 412 1.* 1.* 461* 1 .* 1.*
PSNF I 009 684 661 1.* -1.* 461* 1.* -1.*
PAP'T I 442 128 372 1.* 1.* 461* 1 .* 1.*
PAPF 1 -064 609 468 1.* -1.* 461* 1 .* -1.*
PANT \ 390 -105 543 \  1.* 1.* 461* 1 .* 1.*
PANF V 022 667 i 310 \  1.* -1.* J 461* U - * - 1. *  J

(  169
I-052

-i
461
461*
461*
461*
461*
461*
461*
461*

169*

X  (33) = 35.42 
2  = .355

Note: Parameter estimates are reported to 3 decimal places except where a
decimal is explicitly provided. Starred parameters were fixed or contrained to 
be equal to other parameters.



28*4-

A

P.?

(b) ACOVS Model 1

-rl

(a) UMLFA (Varimax) (c) ACOVS Model 1A

X 2 (13) = 11.50 X? (33) = ^0.57 X 2(33) = 35 .^ 2

£ = .569 £ = .171 £ * .355

Figure 5*1. Selected solutions for Play subscales (Technical group).
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approximation to the UMLFA solution, which shows a clear sep­
aration between the true (odd-numbered) and false (even-num­
bered) fcefets. In order to plot the two ACOVS models on the 
same scale as the UMLFA model in Figure 5*1* the solutions in 
Table 5*11 were transformed by getting B# = Bdiag(C)^ and 
C* = diag(C)"^ C diag(C)*“̂  ; the transformation puts l*s in 
the diagonal of C* , but does not affect the fit of the so­
lution.

Models 1 and 1A both fit the data even though the true
tests are constrained to correlate perfectly in component-
space, and so are the false tests. The two restricted solutions
do not differ significantly from the UMLFA solution (%2(20) =
29«27, n.s« 0 for the UMLFA-model 1 difference, and % 2(20) =
2^.12, n.s.« for the UMLFA-model 1A difference). Models 1 and
1A have the same degrees of freedom, and cannot be formally
tested for difference in fit, but the H? difference can be
evaluated heuristically using 1 df: This yields X 2(l) = 5»15»
£ <  .01, and we can conclude that model 1A fits marginally bet-
ter. Note that model 1 has the restrictions and
/S A ^  A ^ /\*» 0 , while tfj , d l f and are unrestricted. Model
LA has the restrictions c£2 = and = 0 , while ,
6 ?̂ and are unrestricted. A slightly better fit is
achieved with the second set of restrictions.

Under either restricted model, the true and false tests 
correlate approximately zero, a result which is also evident 
when we examine the observed covariances in Table 5*8* Caw we
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have blundered somehow? The subscales had low reliabilities 
(average coefficient-oc about .46): Can the result we have ob­
tained be due to random responding? Nos If it were due to 
random responding, the correlations within the true and false 
sets of tests would not be as high as they are. The components 
in Table 5 « H  are variance components for seven-item subscales, 
under either either model 1 or 1A, the reliabilities of 56-item 
estimates of content or agreement would be about

= £  = <8 * -17)/(8 * .17 + .46) = .75 ,
which is fairly respectable. Are we inadvertently measuring 
different kinds of content with the true and false subscales? 
Well, perhaps? But then we would not expect-the a priori es­
timates of agreement obtained from the three content areas to 
correlate as highly as they do (.6 6 - .7 5  overall, as Indicated 
earlier in the chapter).

Fitting ACOVS models to the Play subscales for the Techni­
cal group was very easy— perhaps deceptively so. When we turn 
to the data for the Academic group, however, none of the simply- 
patterned 2-component models provides an acceptable fit, as 
shown in Table 5«10. Heterogeneous error variances improve 
the fit, and models 2, 4, 6 , and 8 using E = Eg do not differ 
significantly from one another. Selected solutions for the 
Academic group are given in Table 5*12 and Figure 5»2, including 
the UMLFA solution and the model 2 and 8 ACOVS solutions. While 
there is a clear separation of the true and false scales, the



Table 5.12
Selected 2-Component Solutions for Experimental Play Subscales (Academic Group)

UMLFA (Varimax) ACOVS Model 2 ACOVS Model 8 .
I II -J f ol h 6 oL

- 1
PSPT ' 320 284^ 484 ‘ 1 .* l.*\ 436 1-* J( !•* i . * ' ) 462
PSPP 204 548 513 1 .* -1 .* 534 1 .* 1 .* -l.* 497
PSNT 814 -14? 082 1 .* 1 .* 510 1240 1 .* i.* 453
PSNF 114 541 459 1 .* -1 .* 489 918 1 .* -i.* 203
PAPT 4?l 112 573 1 .* 1 .* 558 1249 1 .* l.* 494
PAPP 048 416 212 1 .* -1 .* 187 681 1 .* -l.* 219
PANT 332 167 574 1 .* 1 .* 537 795 1 . * l.* 532
PANF V 008 5 5 0 J 251 1 *V. -l.*J 286 884 \ l . * -i.*> 270

C f i.*
y

( 164 ' 1
(f 184

<

1 0 .* !•* \S, 0 .* 07 5j \̂ -040 099,

*.2 (13) = 14.44 % 2(2 6) = 44.29 It? ( 1 9 ) - 38 .07
£ = .344 £ = .014 o - .006

Note; Parameter estimates are reported to 3 decimal places except where a 
decimal is explicitly provided. Starred parameters were fixed or constrained to 
be equal to other parameters.
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(a) UMLFA (Varimax)

X?(13) » JA.W 

£ = . 3 ^

37

OL CC

(b) ACOVS Model 2 

X 2(26) = ^ . 2 9
p = .01^

(c) ACOVS Model 8

X 2(19) * 38*0? 
£ = .006

Figure 5.2 Selected solutions for Play subscales (Academic group)
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UMLFA solution for the Academic group is much "noisier" than 
the UMLFA solution for the Technical group was.

Model 8 in Figure 5.2 illustrates the handling of the 
least-restricted simply-patterned model. It is plotted by find­
ing B* = ABdiag(C)^ and C* = diag( C)”^ C diag(C)”^ . Note 
that all of the projections of the tests lie on one of two 
vectors in model 8, so the correlation between any pair of true 
and false tests is constant in component-space; simply-patterned 
ACOVS models will always have this appearance under the least- 
restricted model. Model 8 fits significantly poorer than the 
UMLFA solution (%2(6) = 23.63, £ <  .001), and does not fit over­
all, so we cannot use it.

Three-component £,*<*>) and solutions were obtained,
along with the ^-component £»*»■>)9& solution, and none achieved 
an acceptable degree of fit. Estimates of the endorsement and 
form components were close to zero in each of these solutions, 
and I finally concluded that it was not possible to fit a simply- 
patterned ACOVS model for the Academic group.

Judging from the UMLFA solution, the principal impediment 
to fitting a simply-patterned model is that test 3 (PSNT) be­
haves differently than the other true measures. StJrbom (197*0 
has suggested an analytic procedure for improving the fit of 
overrestricted models, which also calls attention to test 3* 
S0rbom*s procedure is to examine the first derivatives obtained 
at the point of solution, free the element having the largest 
partial first derivative, and then reanalyze the data. If the
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fit Is still not adequate, the derivatives of the new solution 
may be obtained, and again the element having the largest par­
tial first derivative is freed. Prom a given starting point, 
this process yields a unique solution In a manner analogous to 
the ̂ forward selection procedure used in stepwise multiple re­
gression (e.g., Draper & Smith, 1966, pp. 169 Since none
of the simply-patterned models fit the data, Sdrbom's procedure 
may be adopted here. Suppose we confine our attention to the 
partials of B , and begin with model 2 from the 2-component 
solution given in Table 5*12. The partials are:

■ C

-103 -114 125 -081 -024 14? 031
dF/dB9

' 111 000 C-I69J -014 -0 1 0 -0 7 9 081

*z Ahi.
The^ element, corresponding to the "agreement" loading for
test 3t is the largest. When this element is freed, we obtain 
the new solution displayed in Table 5.13 and Figure 5*3. The 
fit for the new solution is adequate (%^(2 5) = 28.49, £ = .286), 
and the new solution fits significantly better than model 2 

(t2 (l) = 15*80, £ < .001). The new solution in Figure 5.3 re­
sembles a tidy version of the UMLFA solution in Figure 5.2 (af­
ter reflection and rotation). The new solution puts one vector 
through all of the false tests and another correlated (p -  .54) 
vector through three of the true tests. Test 3 is off by itself, 
approximately orthogonal to the false tests.

The solution in Table 5 .13 is a good "simple structure" 
solution, but it is not very satisfying from the standpoint of 
a component model for the data. It is not clear where we should
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Table 5.13

Final Solution for Play Subscales (Academic Group)—
Model 2 with -32

<  «
PSPT f 1.* 1.^ ^91

PSP F 1.* -1.* 575
PSNT 1.* 3194 1^5
PSNF 1.* -1.* if 91
PAPT 1.* 1.*. 575
PAPF 1.* -1.* 180
PANT 1.* 1.* 558
PANF i, 1.* -1.* 287

C j 168 \
\  0.* 050 J

% 2 (25) = 28.^9 £ = .286

Note: Parameter estimates are reported to three
decimal places except where a decimal Is explicitly 
provided. Starred parameters were fixed or con­
strained to be equal to other parameters.
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Figure 5*3* Final solution for Play subscales (Academic group). Model 2 
with element unconstrained.
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locate "agreement” in Figure 5.3* for example, nor why the so­
lution for the Academic group is not as tidy as the solutions 
obtained earlier for the Technical group. This failure to 
find a simply-patterned solution for the Academic group does not 
rule out content and agreement as sources of the observed covar­
iances, but the data do not sustain a simple view of the tests 
as providing parallel or tau-equivalent measures of the two com­
ponents, The PSNT test elicits more apparent agreement than the 
other true measures.

Understanding
Tables 5.1^ and 5.15 present summary information on the 

covariance structure of the Understanding subscales, in the same 
format as Tables 5.8 and 5»9 for Play. When we examine the ele­
ments of V for Understanding, we find that the largest elements 
for both datasets are v ^  and , corresponding to the con­
tent and agreement components, followed by v ^  , corresponding 
to the form component. Taking the last six diagonal elements of

"v2V to estimate the mean error variance 0 , provisional esti­
mates of the content and agreement components ares

Tech.: <£2 = .101, <?j~ -  .113. based on S'2 = .4£9 ;

Acad.: = .086, £ *  » .037. based on S'2 = .37^ .

Again we notice that the content and agreement components are
about the same size for the Technical group, but that the agree­
ment component for the Academic group is considerably smaller than



Table 5.1**

Summary Information on Understanding Subscales (Technical Group, N * 97)
Covariance Matrix S

1 USPT
2 USPF
3 USNT
4 USNF
5 UAPT
6 UAPF
7 U M T
8 UANF

9878
0510
2508
2445
2429

-0 2 6 7
1580

-0 3 6 1

5854
-0144
3091

-04631845
-1 2 1 2

2706

4946
0428
0939-0470
1152

-1307

8227 
-0 3 1 0  

2062 
-0 0 6 3  
3242

5047
0042
1880

-0440
3300
0298
2259

6961
-0535 7249

Roots(S) 1^909 13382 6704 4522 3847 3186 3017 1895
Roots(R) 23163 (18669) 8984 7539 6262 4557 3761 2377

V = P ' S P
1 UC
2 UA
3 UAE4 UE
5 UF
6 UAF
7 UAEF
8 UEF

12394
-0904
-0118
2551
2127

-0 2 3 0
1052
1850

13318
1120

-0 7 6 8
-0051

0190
-0534
I696

3978
0701
0806
0188
0175

-0473

4709
1131
0657
0396
0681

6643
0973

-0 3 7 8
0709

3114
0289

-0388
3161
0330 4145



Table 5,14- (continued)

Llkellhood-Ratio Tests on Dimensionality
r Roots or 
Variances

Residual
X2/df

Roots
df

of R 

£

Homogeneity 
^ of Variances 

X  /df df £
Sphericity 

_ Tests on V 
X  /df df 2

8 5.09 28 c.001 17.11 7 <.001 5.14 35 <.001
7 3.16 27 ( < 7 0 ® 14.57 6 <.001 4.67 27 <.001
6 1.45 20 .089 3.97 5 (Tool) 2 .3 2 20 0.001)
5 .79 14 .676 1.53 4 .190 1.42 14 .133
4 .56 9 .834 1.07 3 .359 .87 9 .551
3 .20 5 .962 .92 2 .398 .62 5 .6852 .22 2 .803 .01 1 .942 .41 2 .665

UMLFA Results
r Factors df £ X2dlf f. df £ X>T % Var.

1 61.53 20 <. 001 — •• .49 21
2 18 .69 13 C7T3T> 42.08 7 <.001 .89 40
3 5.60 7 .587 13.08 6 C.o46) 1.05 48
4 1.79 2 .408 3.81 5 .577 1.03 61

Notes: The coefficients In S and V are.reported to 4 decimal places (decimal 
omitted)• Indicants of dimensionality for the data, using various criteria, have been 
circled (see text).
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• T a b le  5 . 15

Summary Information on Understanding Subscales (Academic Group, N * 102)
Covariance Matrix S

1 USPT
2 USPP
3 USNT
4 USNP
5 UAPT
6 UAPF
7 UANT
8 UANF

8094
08592742
1687
2651

-0 2 2 5
1156

-0048

5218
1208
1714
0526
0502
0636
0798

51230645
0866

-06751486
0008

4010
0851
0549
0742
1038

3804
0417
0458
0682

2781
-0 1 6 6
0729

6811
0629 3852

Roots(S) 12666 6564 6120 4476 3087 2617 2133 2031

Roots(R) 23610 13931 (12828J 7910 6204 5231 4147 2252

V * P• S P
1 UC
2 UA
3 UAE
4 UE
5 UF
6 UAF
7 UAEF
8 UEF

10578
2004
0058
0946
2176

-0598
1376
0376

6690
-0139
0282
1249
0758
0569
0957

3984
1288
0901
0540

-0648
-0143

4271
0364
0894
-0505
0313

51^7
0368

-0 0 3 2
-0326

3074
-0 5 68
-0257

2687
0327 3261



T a b le  5 .1 5  (c o n tin u e d )

Likelihood-Ratio Tests on Dimensionality
r  Roots or 
Variances

Residual Roots 
X2/df df

Of R 

£

Homogeneity 
„ of Variances 

X V d f  df £
Sphericity 

« Tests on V 
X /df df £

8 3.85 28 < .0 0 1 11.33 7 < .0 0 1 4.28 35 < .0 0 1
7 2 .0 0 27 C<.ooi) 5 .2 1 6 < .0 0 1 2 .9 2 27 < .0 0 1
6 1.46 20 . 6 3 f 2 .9 0 5 676133 2.34 20 < .001
5 1.35 14 .169 1.81 4 .123 2.48 14 C 002:

1.19 9 .299 1.37 3 .251 1.67 9 .09 0
3 1.39 5 .225 .49 2 .613 1.31 5 .257
2 1.55 2 .212 .46 1 .500 2.22 2 .109

IMLFA Results
r Factors Afit df £ diff df £ i°T % Var.

1 44.54 20 <.001 — — .57 22
2 17.11 13 <719?) 27.43 7 (<.00l) .89 37
3 4.79 7 .686 1 2 .3 2 6 .655 1.11 454 .76 2 .683 4.03 5 .546 1.22 54

Notes: The coefficients in S and V are reported to 4 decimal places (decimal
omitted).' Indicants of dimensionality for the data, using various criteria, have been 
circled (see text).
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either the content component for the Academic group or the 
agreement component for the Technical group. This is similar 
to the result observed for the Play scales, and once again il­
lustrates the greater influence of agreement with the Technical 
group.

For both groups, three of the rough tests on dimensional­
ity indicate r = 2 , while the other three tests indicate 
r « 3 or (in one case) r = 4 . On fitting a range of 2-com- 
ponent models to the datasets, it is difficult to fit a simply- 
patterned model without relaxing one of the fixed parameters in 
B . By fitting 3-component models which include a form compone 
ent, however, reasonable simply-patterned models can be obtained.

Table $ , l 6  reports the results for the same range of 2-com- 
ponent models used with the Play subscales. Only one of the 16 
solutions provides an acceptable fit for the data— the least- 
restricted model 8 for the Academic group. For comparison pur­
poses, model 8 for the Technical group can also be examined.
The UMLFA solutions for the two groups, and the results using 
model 8 are given in Tables 5»1? and 5*18, and plotted in Fig­
ures 5*^ and 5*5* Solutions obtained from model 8 by relaxing 
the bjjo element are also reported.

There is a clear separation between the true and false 
subscales for both groups, and especially for the Technical 
group. One noticeable feature of the Understanding data is that 
test 1 (USPT) has larger variances than the other tests in Tables
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T a b le  5 .1 6

Results for 2-Component ACOVS Solutions (Understanding Subscales)

Model
Parameter

A B C
Type
E

df
Tech
X2

. Gp.
P

Acad
* 2

• Gp.

£
1 1 2 1 1 33 85.34 <.001 89.28 <.001
2 n ii It 2 26 4-1.99 .025 52.89 .001

3 H n 2 1 32 84-.86 <.001 83.39 *.001
II ii ii 2 25 4-1.00 .023 50.34- .002

5 2 it 1 1 27 6 3 .2 2 <.001 63.23 <.001
6 it H ii 2 20 32.87 .035 33.81 .02?
7 n II 2 1 26 58.89 <.001 58.85 <.001
8 n It ii 2 19 32.38 (7028) 26.13 /•

A
(M I M

 
y-v
j/

Effect Summary

Mean X2 26 55.07 <.001 57.24- <.001
Aĵ  vs. Ag 6 16.4-6 .012 23.^7 <.001
C1 vs. C2 1 1.57 .210 5.13 .024

*L VS* E2 7 36.02 <.001 32.90 <.001

Note: For parameter types, see Table 2.8. Models with
circled probabilities are reported in detail elsewhere.



T a b le  5 .1 7

Selected 2-Component Solutions for Experimental Understanding Subscales (Technical Group)

UMLFA (Varlmax)

USPT
USPF
USNT
USNF
UAPT
UAPF
UANT
UANF

f 765 -042

II
155  ̂
495

351 -055 
172 633
309 -040 -074 35^
262 -0 6 1  

^ -1 6 8 563

-1
379 
338 
368 
392 
407 
199 62^
380

( “'* )\  0 .* 1 .* )

% 2(13> = 18.69 
E = .133

ACOVS Model 8 ACOVS Model 8A

1.* f 1.*
oC
1 . 0

“1
608

“1
1.*

<
r l.*

01

i - A

%
1.* 1.* -1.* 336 1.* 1.* -1.* 345
551 1.* 1.* 379 456 1.* 1.* 377

1153 1.* -1.* 491 1635 1.* -525 &05
634 1.* 1.* 352 417 1.* 1.* 407
753 1.* -1.* 188 762 1.* -1.* 190
56k 1.* 1.* 575 361 1.* 1.* 623

1145 I 1**

148

- l . * J
•>

398 1185

j

1.*k.

180

- l . * J 387

: 033 166, 1l 081 222 )
X U 8 )  = 32.38 

£ = .028
%  (18) = 24.98 

£ = .126

Note: Parameter estimates are reported to three decimal places, except where a
decimal is explicitly provided. Starred parameters were fixed or constrained to be 
equal to other parameters.



Table 5.18
Selected 2-Component Solutions for Experimental Understanding Subscales (Academic Group)

UMLFA (Varlmax) ACOVS Model 8

I II
USPT (  895 -053^ 005
USPF 117 352 334
USNT 309 037 415
USNF 210 360 228
UAPT 302 109 277UAPF -015 174 24 7
UANT 137 134

296

\

1.*.

644
UANF

C

^ 012 

f 1--V o.*

/ 297

% 2 (13) = 17.11

* 1
OL - J L

1 .* (  1 -* 1 .* î 222 1 .*
1 .* l.* -1 .* 406 1 .*
457 1 .* 1 .* . 389 423

1514 1 .* -1 .* 136 1244
442 1 .* 1 .* 266 408
335 l.* -1 .* 265 410
237 1 .* 1 .* 648 209
607

1

I  1. *

f 228 

L 118

- l . * J

123 J

342 669

ACOVA Model 8A

C.

fi.*1.*
■1.*
1.*
1.*
1.*1.* u.*
(224

OL

167
-1 .* 381

1 .* 397
-7 2 0 198

1 .* 274
-1 .* 254

1 .* 653
-1 .*

\

321

167 j

% (18) = 24.26 
£ = .14?

7C2 (19) = 26.13 
£ = .194 £ = .12?

Note: Parameter estimates are reported to three decimal places, except where a
decimal is explicitly provided. Starred parameters were fixed or constrained to be 
equal to other parameters.
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(a ) UMLFA (Varimax)

X?(13) = 18.69 
E  ” *133

(b) ACOVS Model 8

Xz(19) » 32.38 
£ = .028

c

(c) ACOVS Model 8A

X2(18) = 2^*98 
£  * .126

Figure 5.*f. Selected solutions for. Understanding subscales (Technical group)
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(a) UMLFA (Varimax)

X2(13> * 17.11 
£  = .19**

(b) ACOVS Model 8 

X2(19) = 26.13
P = .127

(c) ACOVS Model 8a

X2(18) = 2 ^ . 2 6  

£ « .1^7

Figure 5.5* Selected solutions for Understanding subscales (Academic group).



5.1^ and 5.15, and also has larger projections In component- 
space in Figures 5 A  and 5.5* It is tempting to speculate that 
there is something unusual about the USPT scale, A review of 
the Understanding items in Appendix B does not reveal any qual­
itative difference between the USPT items and the other items, 
that I can see. The USPT subscale has a higher coefficient- N 
than the other Understanding subscales (cf. Table 5**0t and may 
Just contain better items. The USPT subscale is reasonably col- 
linear with the other true measures, and an examination of the 
partial first derivatives obtained with model 8, for both groups, 
indicates that the largest partial is for test ^ (USNF), Accord­
ingly, solutions were obtained with the b^2 element freed, 
which resulted in an acceptable fit for the Technical group and 
a slightly improved fit for the Academic group.

When 3-component or ^-component solutions were attempted 
for the Play subscales, the estimates of components other than 
content and agreement were invariably less than twice their 
standard errors. When solutions involving null components are 
attempted, technical difficulties often occur with the ACOVSF 
program, such as excessive iterations or Improper solutions 
(zero or near-zero scaling factors or error variances, singular 
or non-Gramian C matrices, and the like), and these were also 
found in trying to fit higher-order ACOVS solutions to the Play 
subscales. With the Understanding subscales, however, reason­
able 3-component solutions using the form component can be ob­
tained for both groups.
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Table 5.19 presents the results for a range of 3-component
C tX t f i solutions. Models 2, 4, 6 and 8 fit for the Technical
group, and models 4, 6 and 8 fit for the Academic group. Tables
5.20 and 5.21 report the UMLFA 3-factor and model 4 solutions
for the two groups. It should be noted that model 4 does not

odiffer significantly from model 2 for the Technical group (%(3)
= 2.98, £ = .395), and model 4 does differ significantly from 
model 8 for the Academic group ($?(?) = 14.91, £ = .037)» so we 
could have accepted model 2 for the Technical group and model 8 
for the Academic group. Model 4 provides better comparability 
between groups, however, and will be interpreted.

The UMLFA solution for the Technical group shows the form 
effect (in Table 5*20). Factor I is marked by the false scales, 
Factor II is marked by the true scales, and Factor III by a . 
self-descriptive vs. attitude contrast. Model 4 does not dif­
fer significantly from the UMLFA solution (X2(15) = 19.97* n.s.). 
and shows a small variance component for form. Eased on a pool-
ed error estimate of o = .392 (obtained by averaging the e

A
column for model 4), the estimated reliability of a 56-item 
measure of the form effect would be

Pfip = (8 x .033)/ (8 x .033 + .392) = .40 ,

which is not very high. (By contrast, p£^ = .66 and p ^  -  .6 9 ).
The UMLFA solution for the Academic group is not as clear as 

the one for the Technical group. Also, test 1 (USPT) goes Heywood
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Table 5.19
Results for 3-Component ACOVS Solutions (Understanding Subscales)

Model
Parameter

A B C
Type
E

df
Tech . Gp.

2

Acsd • 
% z

Gp.

2
1 1 3 1 1 32 71.5? <.001 82.00 <.001
2 it  n It 2 25 28.55 .283 44.26 .010

3 t i i i 2 1 29 6 5.66 <.001 64.50 <.001
4 « i i ft 2 22 25.57 (HI) 29.41 <2B>
5 3 " 1 1 25 39.72 .031 50.97 .002
6 it  it it 2 18 19.53 .360 20.13 .326

7 i i  i i 2 1 22 31.00 .096 46.70 .002
8 i i  i i n 2 15 1^.53 .485 14.51 .488

Effect Summary

2Mean % 23.5 37.02 COC'A
o• 44.06 .006

h vs. Az 7 21.64 .003 21.97 .003

ci vs. C2 3 5.65 .130 10.56 .014

Ei vs. E, 7 29.94 <.001 33.96 <.001

Note: For parameter types, see Table 2.8. Components are
content, agreement, and form. Models with circles probabilities 
are reported in detail elsewhere.



Table 5.20
Selected 3-Component Solutions for Experimental Understanding Subscales (Technical Group)

UMLFA (Unrotated) ACOVS Model 4
I II Ill -J c oc A -1

USPT 277 769 153 ^ 296 1 1 1 672
USPP 490 -12 6 125 314 1 -1 1 289
USNT -003 336 020 331 1 1 1 303
USNF 636 068 083 405 1 -1 1 473
UAPT 015 323 -199 357 1 1 -1 324
UAFF 366 -130 -168 151 1 -1 -1 125
UA NT -015 314 -461 385 1 1 - 1 503
UANF V. 524 -234 -059 392 I 1 -1 -1 J 448

f 1.*
\

f 094 A
c 0.* 1.* -016 110

\  0.* 0.* l a* J ^ 015 -004 033 J
%  (7) = 5.60 

£ = .587
rf(2 2) = 25.57 

£ = .270
Note: Parameter estimates are reported to three decimal places, except where a

decimal is explicitly provided. Starred parameters were fixed or constrained to be 
equal to other parameters.
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Table 5.21
Selected 3-Component Solutions for Experimental Understanding Subscales (Academic Group)

UMLFA (Unrotated) ACOVS Model 4
I II III A . -1 c OC “1

USPT f  897 -004 -0 0 3 ^ 005 ' 1.* 1.* ! . • ' 469
USPF 098 394 039 356 1.* -1.* 1.* 382
USNT 308 180 414 214 1.* 1.* 1.* 289
USNP 189 339 -105 239 1.* -1.* 1.* 257UAPT 296 113 -035 273 1.* 1.* -1.* 275UAPF -0 2 5 144 -211 212 1.* -1.* -1.* 193
UANT 130 190 165 601 .1.* 1.* -1.* 602
UANF I -004 276 -1 2 5 / 293 ^1.* -1.* -1 . * ) 288

f ir \1.* 086
c 0.* 1.* 017 039

0.* 0 .* 0 .*, \^  025 019 023^

*X2(7) * if. 79 X?(22) = 29 .41
£  = .686 £ = .134

Note: Parameter estimates are reported to three decimal places, except where a 
decimal is explicitly provided. Starred parameters were fixed or constrained to be 
equal to other parameters.
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(indicated by = .005 in Table 5«21), so the UMLFA solution 
is an improper one. Model 4 fits, however, and based on 56-

A  pitem scales and 6 -  .344 » estimated reliabilities under the 
model would be: = .67 , = .48 , and = .35 • The
form effect is even smaller for the Academic group than it was 
for the Technical group. It is also rather highly correlated 
with the content and agreement components ( -  .56 and

= .63. ). High scores on the form component indicate a ten­
dency to endorse self-descriptive rather than attitude items, 
and these correlations for the Academic group indicate that sub­
jects with high scores on the form component are also more likely 
to have high scores on agreement and Understanding content.

The form component should probably be regarded as a content 
rather than a "style" component, since the form component for 
Understanding is not correlated with the form component for Play. 
as indicated earlier. In any event, the form component appears 
to be too small to affect the behavior of the scales. For all 
practical purposes, the important components of the Understanding 
measures are content and agreement, and agreement is more import­
ant in the Technical than in the Academic group.
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F-Scale
The F-scale only has four subscales, and can be reported 

more compactly than the data for the Play and Understanding 
content areas. Summary information on the covariance structure 
is given in Table 5.22 for both groups. The transformation 
matrix P used to obtain V is

P = I
fi i i n
i - i  i - i  
i l - i - i  
l - i - i  i

£  FC (content)
oc FA (agreement)

FAO
<x> FO ' (overgeneralization)

The components corresponding to the rows (or columns) of P are 
given at the right of the matrix. Tests on dimensionality are 
not reported in Table 5*22, but the roots-greater-than-one test 
and the three likelihood-ratio tests reported for the Play and 
Understanding subscales all indicate a dimensionality of two, 
for both groups. With only four subscales, UMLFA solutions can­
not be obtained for more than one factor, but the 1-factor UMLFA 
solutions are clearly rejected (%^(2) = 18.45, £ < .001, for the 
Technical group, and %^(2) = 13.13* £ - .001, for the Academic 
group). For both groups, v ^  corresponding to agreement is 
the largest element of V « and v ^  corresponding to content 
is the next largest.

The results for a range of AC0VS solutions are given in 
Table 5.23. Three-component solutions were obtained for
both groups but were not satisfactory (models 1-4), Two-component 

solutions were obtained, and yielded a satisfactory fit for 
the Academic group (models 5-8). Finally, based on the results
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T a b le  5 .2 2

Summary Information on F-Scale

Covariance Matrix S V = P' S P Rt( S) Rt(R)

T e c * 1 n i c a 1 G r o u p

1 FSAT 9262 FC 7222 15285 1 9 5 H
2 FSAF -3574 69 08 FA 1500 14225 7176 10500
3 FSRT 4451 -2460 6283 FAO -0731 -0 2 6 2 3363 3214 3950
4 FSRF -0867 2735 -0102 6068 FO 1331 2691 -0 2 1 6 3712 2846 3400

A c a d e m i c  G r o u p

1 FSAT 5820 FC 7206 9461 20892
2 FSAF -0 6 5 6 3650 FA 2017 7487 5^05 11508
3 FSRT 3485 -0285 5939 FAO -0761 -0099 2473 2568 5734
4 FSRF 0198 1335 0462 4339 FO 0384 0357 -0133 2580 2314 3663

Note: All coefficients are reported to 4 decimal places (decimal omitted).
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Results for ACOVS Solutions (F-scale)

Model
Parameter 

B C ’
Type
E

df
Tech
X2

. Gp.

2

Acad. Gp.

2
1 3 1 1 6 23.55 <.001 12.64 .01*9
2 it it 2 3 19.^7 <.001 11.45 .010
3 ii 2 1 3 2.49 (377.) 3.57 <an>4 it i i 2 0 - - —
5 2 1 1 7 23.79 .001 12.69 £080)
6 i i ti 2 4 19.48 <.001 11.56 .021
7 it 2 1 6 21.66 .001 4.77 C w b
8 n i i 2 3 17.49 ■<.001 3.53 .317

5A 2A 1 1 6 12.43 £ 053) 9.30 .157
6A i i it 2 3 ' 3.72 Vj294) 3.83 .280
7A it 2 1 5 12.40 71730 3.76 .585
BA ti it 2 2 2.94 .230 1.89 .642

Note: Models with circled probabilities are reported in
detail elsewhere. Parameter types are:

= diagonal ,

s 1 = e z i ,

Cg ~ general symmetric 

Eg ~ diagonal
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for the Technical group, four additional two-component models 
with a free b^g element were obtained, and yielded a satisfac­
tory fit for the Technical group as well (models 5A-8A).

Details of selected ACOVS solutions are given in Table 5*24,
According to Table 5.23» the 3-component model 3 yielded an ade­
quate fit for both groups, but the obtained solutions in Table
5.24 are unsatisfactory. For the Technical group, the covari-

the overgeneralization component are estimated as = 1.12
ance components in C are non-Gramlan (the correlations with

A
;o>

and p  -  1*35 > which is a clear sign of trouble with the 
model), and is half the size of its standard error. For

A
the Academic group, C is Gramian, but is one-fourth the
size of its standard error.

The results for the Academic group (models 5 and 7) can be 
examined first in Table 5*24. The parameter estimates for model 
5 imply (by the multiplication BOB* + E )

494
0

241
0

494
0

241
494

0 494

Significant improvement is obtained using correlated components 
in model 7 (X2(l) = 7«92, £ = .005)t which yields the estimate

rAz - 594
-007 394

341 -0 0 7 594
-0 0 7 141 -0 0 7 394

If the two estimates of 2, are compared with the observed S



Table 5.2b 
Selected ACOVS Solutions for F-scale

£ <* to Ss £ * e * €  * -i
Tech. Gp. Model 3 Model 5A Model 6A
FSAT
FSAF
FSRT
FSRF

rl.* 1.* 1.*' 
1.* -1.* -1.* 
1.* 1.* -1.* 

wl.*-l.* l.*j

336336*
336*
336*

"l.* l.*> 
1.* -1.*
1.* 1.* 
1.* -^95^

1 33^ 
33^* 
33^* 1 33***

fl.* l.*l 
1.* -1.* 
1.* 1.*
1.* -380i

438
179

I 211 
1 **30

C
r a[097 
037 272 
033 067 009

'091
ko.* 356.

; 101 1 
.0.* 376,

X 2(3) = 2 .U9 X 2(6) = 12.**3 % 2(3) = 3.72
E = •it77 £ = •053 E = •29**

Acad. Gp. Model 3 Model 5 Model 7
FSAT
FSAF
FSRF
FSRF

rl.* 1.* I.*' 
1.* -1.* -1.* 
1.* 1.* -1.* 
1.* -1.* 1.*

2b? 
2b7* 
2b?* 
2b? #

'l.* I.*1 
1.* -1.* 
1.* 1.* 
1.* -1.*,

253
253*
253*
253*

fl.* l.*l 
1.* -1.*
1.* 1.* 
1.* -1.*.

253
253*
253*
253*

(118050
010 125

009 003J 
*?(3) = 3.57 

2 = .312

117
0.* 12b)
% 2(7) = 12.69 

£ = .080

117
050 12b.
•X.2(6) = It.77 

E = -57<*
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for the Academic group, In the lower panel of Table 5*22, It 
can be seen that correlated components maintain the near-zero 
true-false correlations, and Improve the fit by allowing the 
true measures to have larger variances than the false measures. 
Comparing the observed S for the Academic group with the ob­
served S for the Technical group in Table 5.2?,it is possible 
to identify some of the features of the Technical group data 
which make it difficult to fit a simply-patterned model. The
FSAT subscale has a noticeably larger variance than the other 

A| So?three, two of the true-false covariances (those with the 
FSRF subscale) are near zero, while the other two are notice­
ably nonzero. An examination of the first derivatives obtained 
with models 5-8 for the Technical group indicated that the fit 
of the models was stressed most by the fixed b ^  element. 
Accordingly, models 5A-8A were obtained with the b^2 element 
unconstrained. Models 5A and 6A are reported in Table 5*2^.
The estimates of b^2 preserve the sign pattern of B for 
models 5A and 6a, but improve the fit by allowing test k to be 
roughly orthogonal to the two true tests 1 and 3. Model 6a re­
sults in significant improvement over 5A (<X?(3) = 8 .7 1, £ < .0 5) 
by allowing heterogeneous error.

Fitting a hypothesized solution and then freeing one ele­
ment calculated to improve the fit ought to leave one feeling 
uneasy. In Chapter 2, I emphasized the view that the proper aim 
of covariance structure analysis is not the finding of a single
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model which "fits best" In some sense, but rather the Identifi­
cation of features of the models which enable them to fit reas-

cu
onably well. For the Academic group, we can fitA2-component mod­
el with correlated components; correlated components do and 
heterogeneous error variances do .not improve the fit obtained 
with model 5» For the Technical group, it is clear that the 
major sources of variance of the subscales are content and agree­
ment, but the data are too irregular to fit a simply-patterned 
model. Acceptable fits can be achieved only by relaxing one or 
more elements of B , particularly b^2 or b12 .

Models 5A and 6a for the Technical group have an oddly 
asymmetric appearance. When b^2 is freed, the element with 
the largest first derivative is the b^g element, and a further 
series of models with the b^2 and b^2 elements both free 
were obtained, and lend themselves to a simple interpretation.
The results for model 5B for both groups are reported in Table
5.25 and Figure 5*6. We find the signs of the simply-patterned 
B matrix preserved, but for both groups the subscales are lined 
up along the agreement axis in the order (from high positive to 
high negative); FSAT, FSRT, FSRF, FSAF. Although there was no 
evidence for a separate overgeneralization component, the absolute- 
relative distinction can be seen in the size of the loadings of 
the scales on the agreement axis. The absolutely-worded tests 
provide a stronger measure of agreement than the relatively-worded 
tests, if model 5B is accepted for the data. The finding of



Table 5.25
Pinal ACOVS Solutions (Model 5B) for F-Scale

Technical Group Academic Group

FSAT
C

1 1 . *

ex'
1 3 6 3 '

“ A
323

FSAF 1.* -1.* 323*
FSRT 1.* 1.* 323*
FSRF k, 1.* -508 / 323*

/ 093 \

I 0.* 293 )

= 7.16 
2 = .209

C (X -1
1.* 1262 \ 251
1.*

H
251*

1.* i.* 251*
1.* -613) 251*

(.„ )
\o.* 132y

X  (5) = 7.82 
£ = .166

Note: Parameter estimates are reported to three decimal
places, except where a decimal is explicitly provided. Starred 
parameters were fixed or constrained to be equal to other param­
eters.



RF RT ATAF

(a) ACOVS Model 5B
Technical Group 

X2(5) * 7.16, £ = .209

RT AT

(b) ACOVS Model 5B
Academic Group

X2(5) = 7.82, £ = .166

Figure 5.6. Final F-Scale Solutions for both groups
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larger agreement components for the absolutely-worded scales 
is plausible: If a subject responds true both to absolute-
true items and absolute-false reversals, it is more of a con­
tradiction than if he responds true both to relative-true and 
relative-false items.

Using the estimates in Table 5«25» we find larger agree-
*5>ment than content components for both groups. is about the

same size in both groups, but is larger in the Technical
than in the Academic group. Estimated reliabilities for 48-item 
scales would be:

Thus, with both groups, this set of F-scale reversals provides 
a more reliable measure of agreement than of content. These 
reliabilities are based on the formula we have used all along

48-ltem scales of the FSAF and FSRT type only. Eecause model 
5B deviates from the simply-patterned class of models, there is 
an ambiguity about the size of variance components and therefore 
about reliability estimates under the model. If we multiply the 
symbolic parameter matrices under model 5B, we find:

Tech

Acad

with = .3 2 ;

with d'

(e.g., y© = 4<5£2 / (4d^2 + <f2 ) ) , but in the present case 
they are, strictly speaking, estimated reliabilities based on
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Px -i i -jy
1 X 1 1

+ d*2 I

\
< § ? +

<sj2 - <s£2 +

f * 2<£ f - ( i / 2

The free parameters an(̂  $2 resemt>le scale factors, but
apply only to the acquiescence components. (Models with scale
factors applying to both the content and agreement components
cannot be used with only four measures, because they result in
an underidentified model.) As interpreted in Chapter 2, under
the simply-patterned class of models, scale factors define a
metric in which the component-space of the model evidences a
kind of homogeneity. If we had another facet in the design on
the P-scale measures, it might have been possible to fit a
simply-patterned model. As the data stand, however, the ^
and parameters are difficult to separate from the estimates
of the components. There is no reason why, for example, we can-

2not regard the "true" agreement component as the component 
for the FSAT subscale, or for the FSRF subscale. For the
Technical group, these alternate definitions yield *293 »

and .076 — and these are not trivially
different estimates.
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A possible interpretation of the ^  and parameters
is that agreement is a bigger component of the FSAT subscale than 
of the FSAF and FSRT subscales and, in turn, the latter have 
larger agreement components than the FSRF subscale. This inter­
pretation is difficult to justify in terms of the scale construc­
tion process, however: If the attempt to write item reversals
has failed to yield homogeneous agreement components for the 
measures, then it may also have failed by reason of introducing 
extraneous content components.

Final remarks— ACOVS models. The finding that a simply- 
patterned ACOVS model fits the data provides partial evidence for 
the hypothesis that there are measurable variance components as­
sociated with the design on the measures, but it is necessarily 
incomplete evidence. Other sorts of evidence— convergent and 
discriminant validity for the design components, nonzero correla­
tions with variables linked to the components by theory, and so 
on— are required for an interpretation of the components. On the 
other hand, failure to find a simply-patterned model for the data 
does not invalidate an interpretation of the components provided 
these other sorts of evidence are available. Failure to find a 
simply-patterned model does, however, make it difficult or impos­
sible to derive further results from final solution, such as re­
liability estimates for the components. It is convenient to have 
a simply-patterned theory, but it may not always be possible to 
obtain simply-patterned data! Even though simply-patterned models 
do not fit well, however, it will usually be possible to use the 
component estimates to get a rough idea of the size of various ef­
fects in the data.
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Canonical Analysis

So far, we have found evidence for the convergent and dis­
criminant validity of the a priori agreement measures, and evi­
dence for the presence of an agreement component for each of 
the three experimental content areas. There is no evidence for 
any of the other hypothesized response style components— endorse­
ment, form or overgeneralization— except for a small form effect 
with the -Understanding scales. There is also evidence for group 
differences in means, variances and regression slopes on.a number 
of our variables. The Technical group has lower Vocabulary and 
Speed means, and higher agreement scores, and also tends to be 
more variable on the experimental measures. The increased var­
iability on the experimental measures appears to be due, at 
least in part, to this group’s larger variance components for 
agreement. There is also evidence that the regression of agree­
ment on Speed is different for the two groups.

In this section, we will further examine the relationships 
between the experimental measures and outside variables. Al­
though we could not always fit simply-patterned models to the 
experimental subscales, in the spirit of robust regression we 
will continue to use the equally-weighted a priori estimates of 
content and agreement introduced in the early part of the chap­
ter. We will also continue to look at relationships for each 
group separately. Specifically, we will look at the regression 
of the PC, UC, FC, PA, UA and FA measures (set 1) on the SPD,
VOC, DES, IMP, COG, INF and AGE measures (set 2). SEX and the
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measures of the other hypothesized response style components 
contribute little to the multivariate relationship between the 
sets, and are omitted from the analysis. The analysis of the 
relationships between the set 1 and 2 measures can take the 
form of a multivariate multiple regression or, equivalently, a 
canonical correlation analysis.

Table 5*26 reports the correlations among the 11 measures 
discussed in this section, separately by group. It is of in­
terest to pull out the correlations among the three agreement 
measures, and for the Technical group they are:

UA .725#**
FA .787**# .700***

PA UA

These are slightly higher than the correlations reported earlier 
for both groups combined. For the Academic group, the correla­
tions are sharply diminished, but still decidedly nonzero:

UA .478***
FA .482*** .341***

PA UA

These correlations still exceed any of the other correlations in­
volving the agreement measures for the Acadcm! c group. Using 
rough estimates of reliability proposed in the ACOVS section of 
this chapter, we can write the deattenuated correlations among 
the agreement measures as:



Table 5.26 

Withln-Group Correlations

PA UA FA PC UC FC SPD VOC AGE DES IMP COG IMF

PA' - 478*** 1*82*** -013 -086 210* 208* -048 064 -2 1 0 -039 153 023
UA 725*** - 31*1*** -207* 238* 032 133 077 047 018 012 030 -033
FA 787*** 700*** - -145 -046 275** -0 1 2 -1 9 2 -015 -1 2 0 -039 139 055
PC -229* -256* ; -291** - 095 -113 115 079 -0 2 3 175 277** -402** -043
UC -131 -0 7 0 4 -221* 080 - -227* -084 213* 144 273** 010 010 -0 1 2

FC 120 088 148 257* 029 - -0 2 0 -257** 116 101 -0 9 4 293** -032
SPD -280** -330*** -372*** 354*** 201* -O63 - 170 -064 -134 139 -I33 203*
VOC -326*** -225* -412*** 196 214* 039 411*** - 041* 034 062 -053 -O63

AGE 4.3O*** 538*** .37!*#** -485*** 143 -091 -36O*** -1 5 8 - -013 -0 0 5 145 -075
DES -321** -221* -306** 189 1*07*** 061 192 366*** -02.2 - -235* 102 -235*
IMP -142 -1 9 0 -218* 355*** -0 6 8 -0 5 6 242* 210* -297** -159 - -513*** -004
COG 191 157 I63 -202* 270** 196 167 -0 3 6 239* 155 . >553*** - -113
INF 333*** 148 1*07*** -123 -3B6** -075 -311** 302** 216* -308** 014 -034 -

*£ <.05 
**£ < .01 

***£ <  .001
Note: Academic group (N = 102) above diagonal, and Technical group (M = 97) below diagonal.
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PA (75) (57)
UA 101 (69) 91 (48)
FA 103 101 (78) 77 60 (68)

PA UA FA PA UA FA
Tech. Group Acad. Group

(estimated component reliabilities are in the diagonal; decimals 
•omitted). Thus the differences in the size of the agreement 
correlations for the two groups can be largely accounted for by 
the differences in component reliabilities. For the Technical 
group, the correlations are as high as they can be, given the 
estimated component reliabilities. For the Academic group, how­
ever, the deattenuated correlations are noticeably less than one, 
suggesting that the estimated component reliabilities are too 
high (especially for the F-scale) or that there are unmeasured 
sources of error which are attenuating the agreement correlations 
for this group.

Table 5 .2 7 presents the results of a canonical analysis of 
the relationships between set 1 and set 2, for both groups. The 
upper panel shows the standard Bartlett (1948) tests for dimen­
sionality, and we find a dimensionality of two for the Technical 
group and one for the Academic group. By Roy's (1939) greatest 
characteristic root criterion, the first two roots are signifi­
cant for the Technical group and the first root is significant 
for the Academic group (£ < .05). The lower panel of Table 5*2? 
presents the "canonical component" structure loadings, which can 
be characterized most simply as the correlations of the measures
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Table 5.27

Canonical Analysis: Agreement and Content Predicted from Marker
Variables

Technical Grout) Academic Group
I II V( Zj|x) I II

Set 1: Agreement and Content Variables
PA 63 -32 50 38 -16 35
UA 73 -o4 54 02 05 00
FA 60 -47 58 41 05 17
PC -72 05 53 -6 9 -17 50
UC 02 77 59 -36 48 36
FC -05 10 01 30 51 35

Set 2: Marker Variables
SPD -52 27 34 -06 -31 10
VOC -33 47 33 -32 -10 11
AGS 84 17 73 02 36 13
DES -29 53 42 -47 59 57
IMP -44 -0 6 20 -41 -21 21
COG 35 28 20 63 51 66
INF 19 72 56 13 -13 04

Variance Accounted For
v fz -Jx ) 30 16 46 17 09 26

V(z2lx ) 22 18 40 13 13 26

v (z [x ) 26 17 42 15 11 26

Bartlett Decomposition
df £c * 2 JD £c £
42 74 152 .1 <001 60 84.3 <001
30 66 80.6 <001 •■■45 ■■■ 42; 4- 070
20 38 29.0 092 34 21.3 38312 32 14.9 248 29 10.1 612
6 21 5.1 529 12 1.6 954
2 11 1.0 612 04 .2 978

Note: Leading decimals omitted. Upper panels contain
canonical components (Jordan, 1975). Variance accounted for is 
reported using the generalized statistic V(AlB) = tr(A’B(B,B)“1B' 
tr(A*A) , with A and B in standard-score form.
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with the principal components of canonical variate space (Jor­
dan, 1975). Using the notation of my 1975 paper, the canonical 
components may be obtained as

C l | [ 4 ( 1 + P)]"4 .
VC2.

where R contains the correlations among the measures, and
Cg contain the set 1 and set 2 canonical weights, and P is a 
diagonal matrix containing the canonical correlations in descend­
ing order. The canonical components are orthogonal and have unit 
length, and as in factor analysis or principal component analysis, 
the sums of squares for rows of S are squared multiple correla­
tions for predicting the measures from the canonical components, 
and the mean sums of squares for columns may be interpreted as 
the (average) variance of the measures accounted for by the com­
ponents.

Although only one canonical component is significant for 
the Academic group, two components are reported in Table 5.27 for 
both groups, as an aid to plotting the canonical components in 
Figure 5.7. In Figure 5.7» the set 1 (experimental) variables 
are shown by x's , and the set 2 (marker) variables by •'s ,
A dashed line indicates the vector through the centroid of the 
three agreement measures. For the Technical group, we find that 
the first component is marked at the upper end by the three agree­
ment measures and AGE, and at the lower end by IMP and PC, The
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Figure 5*7# Canonical components: Agreement and content (x) versus marker
variables (•). Centroid vector for agreement measures is indicated by a dashed line.
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second component is marked by DES and UC at the positive end, 
and INF at the negative end. The SPD and VOC measures lie mid­
way between the Impulsivity-Play-"Youth" and the Desirability- 
Understanding- "Low Infrequency" axes of canonical component- 
space. The relationship between agreement and the other meas­
ures can be broadly interpreted by noting the projections of 
the measures on the agreement centroid in Figure 5*7 • In the 
Technical group, subjects with high agreement scores tend to be 
older and slower, have lower verbal ability, make more infre­
quent and fewer desirable responses, and have a lower need for 
Impulsivlty, Play and Understanding.

When we turn to the results for the Academic group, given 
in the right halves of Table 5.27 and Figure 5•7» we find that 
the PA and FA measures lie on the single significant axis, but 
UA is not well represented in component space. Running down 
the column of loadings for the first component in Table 5*27, 
the measures with "large" (above .30) loadings are PC, COG,
DES, FA, IMP, PA, UC and VOC (in descending order). If we com­
pare the right and left halves of Figure 5*7 for similarity, we 
can see three clusters of measures having the same orientation 
for both groups: There is a PA-FA cluster, a PC-IMP-COG cluster
(with COG reflected), and a UC-DES cluster. Variables other 
than the six I have mentioned do not replicate well across 
groups. Mentally rotate both solutions to the agreement cen­
troid, however, and you can "see" a common factor defined by 
agreement at one end nearly uncorrelated PC-IMP-COG and UC-DES 
clusters at the other. Such mental rotation takes some liberties
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with the data, especially since the configuration I have de­
scribed is one Involving two dimensions, and we are only en­
titled to one in the case of the Academic group. The three
clusters can be defended on a priori grounds. Certainly the

theagreement measures should form a cluster, and^main interpre­
tive problem for this cluster would be explaining why UA mis­
behaves for the Academic group. The relationship between Im- 
pulsivity and Cognitive Structure was expected, and it also 
makes sense that these variables would be associated with Play 
content. (In the normative sample for the published form of 
these PRF scales, Play has its highest correlations with the 
Impulsivity scale; the latter has its highest correlations with 
the Cognitive Structure scale— cf. Jackson, 197^» P. 30). Also, 
an examination of the Understanding items will show that many of 
them have a fairly obvious desirability connotation. Correla­
tions between Understanding and Desirability for the published 
PRF are not high (.29 for males and .25 for females— cf. Jackson, 
op. clt.), but the published scales were based on items s y s t e m a t ­

ically chosen to minimize the correlations of content scales 
with Desirability; perhaps the item-rewriting process used to 
construct the experimental scales for this study h a $, allowed an 
association with Desirability to creep back into the Understand­
ing subscales.

The main purpose of the canonical analysis is that of dis­
playing the relationship of the agreement measures with outside 
variables. Since the experimental content measures have been 
included in set 1 along with the agreement measures, Play, Un-



331

derstanding and P-scale content are affecting the canonical re­
lationship shown in Figure 5*7 • The point of identifying the 
three clusters of variables in Figure 5*7 Is not to defend an 
interpretation of their interrelationships, but to draw atten­
tion to role of content in determining the canonical structure.

A second canonical analysis is displayed in Table 5*28 and 
Figure 5*8* and puts the three agreement measures together as 
set 1, moving the experimental content measures into set 2.
Again we find two dimensions for the Technical group and one 
for the Academic group. The leading canonical correlations in 
Table 5*28 are higher than the ones observed in Table 5«27» es­
pecially for the Academic group, indicating that there is some 
independent relationship between the experimental content and 
agreement measures which is now contributing to the canonical 
relationship between the sets. For the Technical group, in 
Figure 5»8, the new solution resembles the first one, except 
that the PC-IMP-COG and UC-DESAhave been collapsed. The second 
dimension of the new solution is determined largely by an asso- 
elation between FA and INF, and JIJA and AGE. For the Academic* n

group, moving the experimental content measures to set 2 has 
radically altered the solution. The agreement centroid, hap­
pily marked by all three agreement measures, is unhappily align­
ed with the non-significant second component. The loadings on 
first component are positive for PA, FA, PC and FC, and negative 
for UA and UC. The DES and VOC measures also have negative 
loadings on the first component. One interpretation of this 
first component for the Academic group is that it is primarily



Table 5.28 332

Canonical Analysis: Agreement Predicted from
Marker and Content Variables
Technical Group Academic Group

I II V(z^|x) I II V(Zj|x)
Set 1: Agreement Variables

PA * 83- 05 70 46 62 60
UA 75 47 79 -40 72 68
FA 87 -19 80 33 58 45

Set 2: Marker Variables
SPD -50 -02 26 07 30 10
VOC -53 30 37 -29 -08 09AGE 63 49 64 01 09 01
DES -44 10 21 -38 -20 19
IMP -28 -01 08 -12 -08 02
COG 26 04 07 19 36 16
INF 51 -46 47 19 -06 04
PC -4-0 -01 16 25 -40 22
UC -25 27 14 -53 23 33FC 19 -09 05 38 39 30

Variance Accounted For
V(Zi|x) 67 09 76 16 42 58
V(Z2|X) 18 06 24 08 07 15

l< N 29 07 36 10 15 25
Eartlett Decomposition

df £c X* £ £c
2rf- £

30 659 85.36 <001 522 53.38 00718 522 3^.71 011 377 23.42 178
8 263 6.37 607 303 9.03 341

Note: Leading decimals omitted. Upper panels contain
canonical components (Jordan, 1975)* Variance accounted for is 
reported using the generalized statistic V(a Jb ) = tr(A,B(B,B)“^B* 
tr(A*A) , with A and B in standard-score form.
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attributable to overlap of the experimental content and exper­
imental agreement measures— possibly mediated by Desirability.

-At the very least, we would like to be able to say that a 
relationship between agreement and outside variables is statist­
ically independent of content for the scales used to measure 
agreement. Accordingly, a third canonical analysis is reported 
in Table 5*29 and Figure 5*9• This is an analysis of the rela­
tionship between the three agreement measures and seven marker 
variables, with the three experimental content measures partial- 
led out of the measures in both sets. Two dimensions are sig­
nificant for the Technical group, but now there are no signifi­
cant relationships between the two sets of measures for the 
Academic group. For both groups^ the canonical correlations are 
lower than those observed for the first analysis reported in 
Table 5*7• For the Technical group, Figure 5 .9 resembles the 
result in Figure 5*8: Subjects with high scores on the agree­
ment measures tend to be older and slower, have lower verbal 
ability, and tend to give more infrequent and fewer desirable 
responses. For the Academic group, there are no significant re­
lationships between the sets of variables. It is of interest to 
note the partial correlations among the agreement measures, 
which are:

UA .699***
FA .761*** .670***

527***
^57*#* .336***

PA PA UA
Tech. Group Acad. Group

These partial correlations are about the same order of magnitude



Table 5.29
Canonical Analysis: Agreement Predicted from Marker

Variables, with Content Partlalled Out
TechnicalL Grouo Academic Group

I II V(ZjJ x ) I II V(ZjJx)
Set 1: Agreement Variables

PA 82 -20 71 71 39 66
UA 81 30 75 04 61 37
PA 73 -39 69 43 -23 24

Set 2: Marker Variables
SPD -36 02 13 25 62 44
VOC -41 43 36 -12 39 17
AGE 75 29 66 .09 15 03DES -38 15 17 -6 0 -0 3 36
IMP -13 05 02 -19 22 08
COG 21 -11 05 . 38 -10 15INF 39 -60 51 25 -29 14

Variance Accounted For
v(Z]Jx) 62 09 72 23 19 42
V(Z2|X) 17 10 27 10 10 20
v(z|x) 31 09 40 14 13 27

Bartlett Decomposition
df Ic %2 £ £c

2X £
21 582 64.73 -<001 383 25 .40 23312 491 28.57 005 309 10.73 553
5 221 4.39 503 124 1.44 919

Note: Leading decimals omitted. Upper panels contain
canonical components (Jordan, 1975). Variance accounted for is 
reported using generalized statistic V(AjB) = tr(A,B(B,B)“1B*A)/ 
tr(A*A) , with A and B in standard-score form.
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as the zero-order correlations in Table 5*26, so it is clear
that common content cannot explain the high correlations among 
the agreement measures.

Partialling the content measures out of both set 1 and 
set 2 evidently eliminates any trace of a relationship between 
the agreement and marker variables for the Academic group. In 
this case, a more appropriate analysis might be the one which 
Cooley and Lohnes (1971, pp. 202 ff.) call "multiple part cor­
relation," in which the experimental content measures are par- 
tialled out of the agreement measures in set 1, but not out of 
the marker variables in set 2. This can be accomplished by 
a canonical analysis of

where the subscript 3 refers to the set of content variables.
For computational convenience, R may be rescaled to have unit
diagonal elements, but that has no effect on the significance
test of the relationship between set 1.3 and 2 (indicating the
partialling by the familiar Yule dot-notation). This "part cor-

H \ e  Aca.Ae.mic. >
relation" analysis was performed^ and while it increased the
leading canonical correlation slightly (from .383 to .^00), the 
relationship between the agreement measures and the marker var­
iables was still not significant (&2(21) = 26.91, £ = .177).
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One further attempt was made to find a relationship be­
tween the agreement measures and the marker variables, indepen­
dent of the experimental content measures, for the Academic 
group. An agreement composite (AGR) was created by summing 
the three agreement measures. Multivariate significance tests 
based on least-square principles tend to lose power and pre­
cision when highly correlated variables are included on one or 
the other side of the model (e.g., Cramer, 1975). Since the 
three agreement measures are highly correlated^ the AGR compos­
ite should be more reliable than any of the individual measures, 
and more likely to show a significant relationship with the out­
side measures— if, in fact, there is a relationship present in 
the data. Predicting AGR from the three content measures yields 
the multiple correlation R = .283 (F(3,98) = 2.85, £ - .0^1).
Adding the seven marker variables raises R to .388, but they do 
not make a significant contribution (F(7»91) = 1 .0 7, n.s.), and 
and the 10-variable model is not significant overall (F(10,91) = 
1.6l, n.s.) Furthermore, none of the seven marker variables im­
proves the prediction of AGR after the three content measures 
have entered. The next variable to enter would be DES, which 
does not quite make a significant contribution (F(l,97) - 3*59,
£ = .061). For the Academic group, then, there is apparently no 
detectable relationship between agreement and the marker variables, 
independent of the experimental content measures.

The extra analyses performed for the Academic group were 
also performed for the Technical group, but do not appreciably 
alter the conclusions already reached about the structure of re­
lationships between agreement and the outside variables. In a
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stepwise regression analysis of AGR for the Technical group, 
with the three content measures forced to enter first, the 
final model is 

AAGR = -04 PC - 11 UC + 21 FC - 20 VOC + 45 AGS - 20 DES ,

with the variables standardized in the subsample. All of the 
coefficients in the final model are significant at the .05 level 
or better, except PC and UC, and the multiple correlation is 
.642 (F(6,96) = 10.51, £ <•001)• Comparing this result with 
the canonical analysis in Figure 5»8> we find the sign pattern 
of the loadings on the agreement centroid preserved in the re­
gression model. At the final step of the regression model, SPD, 
IMP, COG and INF also preserve the sign pattern of the canonical 
analysis, but do not have sufficient independent information 
left in them, individually or collectively, to make a signifi­
cant contribution to the prediction of AGR. As a final statement 
for the Technical group, subjects with high agreement scores 
tend to be older, have lower verbal ability, and make more unde­
sirable responses. At the zero-order level, these subjects also 
tend to be slower and more impulsive and to have a higher need 
for cognitive structure, but the measures of these traits do not 
have a relationship with agreement independent of experimental 
content, AGE, VOC and DES.
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Agreement and Endorsement

One of the hypotheses advanced in Chapter k was that the 
three a priori measures of agreement and the two a priori meas­
ures of endorsement would have a 2-factor simple structure.
This hypothesis is mooted, owing to our Inability to find en­
dorsement components for the Play and Understanding data. In 
this section, we will take a last look at the evidence for an 
endorsement component. Table 5*30 presents the covariances and 
correlations among the a priori measures of agreement and en­
dorsement. For the Technical group, rpg - .221 (£ <  .05) .
r can be considered an alternate-form reliability coeffi-irl£|UE
cient for the 56-item PS and US measures of endorsement; even 
corrected for double-length, the observed correlation for the 
Technical group is not very promising. For the Academic group,
—PE,UE = *33? (£ < .001) , which is better than the value ob­
served for the Technical group, but still not large.

It is fairly easy to fit 2-factor ACOVS models to the co- 
variances in Table 5»30» and selected models for the Technical 
group are given in Table 5.31* The first model allows correlated 
factors and heterogeneous error variances, while the second is a 
more restricted model having uncorrelated factors and constraints 
on the error variances. (In the more restricted model, the PA 
and PE scales were constrained to have equal error variances, and 
the UA and UE scales were also constrained to have equal error 
variances. The rationale for this particular constraint is the 
a priori measures from the same content area can be reasonably
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Covariances and Correlations among Experimental 
Agreement and Endorsement Measures

Technical Group
PA UA FA PE UE

PA -^£820 605*4. 10 545 -07*10 -03*^3
UA 725***''''"-^Z095 7967 -0094 -0409
FA 787***' 760^**"-"— 18281 011*1 -0427
PE -144 -0 2 2 01-6 -~^£689 0573
UE -069 -09? -O63 221 "̂ ----

Academic Group
PA -^4653 2145 3551 -0628 -0384
UA 4784H?fr^-^3563 199^ -0294 0150

FA 14,82*** 341^ ^ ^ 9 6 1 8 0572 0701

PE -159 -094 1 1 1 *"̂ -^ 2 7 6 0 0845
UE , -107 053 150 337*##"'— ■ ^ 2 2 7 4

Note: Leading decimals omitted. Covariances above
diagonals, and correlations below diagonals.
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Table 5*31

2-Factor ACOVS Solutions for Technical Group

Model #7

<  *
PA f  898 0 .* \
UA 676 o.*
FA 1174 0 ‘*
PS 0 .* 232

UE \ 0.* 247 i

Model #2

1?6
253
449
215
190

* 2(4) = 7 .O8 

£ B -132

f
c *<

896 0.* \ 176
681 0.* 234

1174 0.* 449
0.* 308 176*
0.* 170 j 234*

1.*
0.*

% 2(?) = 8.37
p = .301

Note: Parameter estimates are reported to three decimal
places, except where a decimal is explicitly provided. Starred 
parameters were fixed or constrained to be equal to other param­
eters.
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expected to have the same error variances.) The more restrict-
A

ed model of Table 5 .31 requires ^  to have the form

I 0 0 0 x
\  0 0 0 x x j

implying that the agreement-endorsement correlations are simul­
taneously zero. Both models fit adequately for the Technical 
group.

Selected models for the Academic group are given in Table 
5.32. Models with 5 fixed zeros in B do not fit adequately 
for this group, and it is necessary to relax at least one addi­
tional element of B . Freeing the b ^  element results in
the greatest improvement in fit, and has the effect of allowing 
the FA measure to be more highly correlated with the endorsement 
measures than the PA and UA measures are. None of the agreement- 
endorsement correlations are significantly different from zero 
for the Academic group, but the ACOVS fitting function is sensi­
tive to the differences among these correlations.

When the submatrix of a priori agreement and endorsement 
measures is examined, it is possible to find evidence that en­
dorsement shows convergent validity. It is more difficult to 
find evidence that endorsement is correlated in a meaningful way 
with any of the other variables in the data. Table 5*33 dis­
plays the results of a canonical analysis between the marker and 
content measures (set 1 ) and the pooled agreement and endorsement 
measures AGR = PA + UA + FA and END = PE + UE . Table 5.33



Table 5.32
2-Factor ACOVS Solutions for Academic Group

Model #9 Model #4

< -1 < <*
PA r 648 0.* 146- ’ 628 0.* 1̂ 168

UA 331 0.* 247 357 0.* 203

FA 64? 372 523 604 327 526

PS 0.* 329 168 0.* 33^ 163*
UE 1 o.* 257 J 161  ̂0.* 223/ 203*

l.*j

X (3) = 2.42 
£ = .490

('•* )v o.* i.*y

X2(6) = 7.43 
E = .283

Note: Parameter estimates are reported to three decimal
places, except where a decimal is explicitly provided. Starred 
parameters were fixed or constrained to be equal to other param­
eters.
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Table 5.33

Canonical Analysis: Agreement and Endorsement Composites
Predicted from Marker and Content Variables

Technical Group Academic Group
I II Vtzjx) I II V(z |X)-il
Set 1: Agreement and Endorsement Composites

AGR 89 -19 83 70 -46 69
END 12 85 74 47 67 67

Set 2: Marker and Content Variables
SPD -46 29 30 24 -20 10
VOC -49 09 25 -15 06 03
AGE 67 -08 46 13 06 02
DES -45 -07 21 -15 40 18
IMP -2? 08 08 -01 23 05COG 29 14 10 48 06 23INF 42 -29 26 07 12 02
PC -33 40 27 -17 37 17UC -12 63 41 26 38 21
FC 21 17 08 46 -18 25

Variance Accounted For
V(Zi|X) 40 38 78 35 33 68
v(z2|x) 16 08 24 07 06 13

<><’n>1 20 13 33 11 10 22
Bartlett Decomposition

df r— c X2 E £c x 2 £
20 645 74.30 <001 423 27 .1 2 1359 468 22.14 009 293 8.48 512

Note: Leading decimals omitted. Upper panels contain
canonical components (Jordan, 1975). Variance accounted for is 
reported using generalized statistic V(a|b) = tr(A*B(B,B)“1B ,A )/ 
tr(A'A) , with A and B in standard-score form.



is in the format used earlier for reporting canonical analyses, 
and the canonical components are plotted in Figure $ . 1 0 , For 
the Technical group, there are two significant dimensions for 
the canonical relationship. The first canonical component, pulls 
out the AGR composite,, and the second pulls out the END composite. 
In the last section, we saw that the AGE, VOC and DES measures 
enter a stepwise multiple regression for predicting AGR, after 
content is partialled out. None of the marker variables has a 
significant zero-order relationship with the END composite, how­
ever, and only the UC measure enters the equation for predicting 
END. For the Academic group, there are no significant dimensions 
for the canonical relationship, and neither AGR nor END has a 
significant zero-order relationship with any of the marker vari­
ables. Only the UC measure comes close to having a significant
relationship with END for the Academic group (r = .186,U C  y iSND
£ = .062). Given the low correlations between the alternate 
measures of endorsement, PE and UE, it is not surprising that 
we are unable to find relationships between the END composite and 
other variables.
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Summary and Conclusion

By way of summary, I will indicate what has been discovered 
for each set of hypotheses proposed in Chapter The most in­
teresting unanticipated finding— and the profoundest complication 
for the analysis— was the finding of strong group differences in 
the sample. The results for each of the hypotheses must be 
expressed differently for the two groups.

1. Style components. Of the hypothesized style components 
(agreement, endorsement, form overgeneralization), only agree­
ment, the original "acquiescence," is present in the data in any 
strength. For each of the exper i tr\ ental content areas, both 
groups have content components of similar size, but the Technical 
group has an agreement component on the order of twice the size 
of the agreement component for the Academic group.

Table 6.1 provides a summary for two kinds of component es­
timates available from the data. The upper panel reports the 
estimates obtained from the transformed matrix V = P* S P under 
a simple 2-componerit content and agreement model which assumes 
homogeneous error and no scaling factors. Under these assump­
tions, reliability estimates for measures of the components based 
on all items in a particular content area can be obtained by a 
simple application of Spearman-Brown principles, and these reli­
ability estimates are also reported. The lower panel reports 
component estimates obtained from a selected ACOVS model— either 
the "best"-fitting simply-patterned model or, for the Technical
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Summary of Component Estimates for Experimental Scales

Estimates Tech.
Play

Acad.
Understanding 

Tech. Acad.
F-

Tech.
scale

Acad.
Component Estimates Using V

Source Table 5.8 5.9 5.14 5.15 5.22 5.22
£ 2 17 17 10 09 09 12
£ 2%< 17 08 11 04 27 12
a

05 00 01 03 04 05
45a 45® 43 37 35 25

75 75 65 65 51 6.5
A

Pot* 76 57 68 44 75 66

Estimates Using Selected ACOVS Model
Source Table 5.11 5.12 5.17 5.18 5.25 5.24

& Model #1 #8 #8 ' #8 #5B #7
17 I8b I5b 23b 09° 12
17 10b 17b 12b 29° 12
00d -04b 03b 12b ood 05

46 40e 42® 33® 32 25

ACOVS fit YES NO N0S YESS YES YES

QError estimates pooled across groups for Play subscales.
A matrix used, so estimates are in metric of SPT and SPF scal« 
°Heterogeneous agreement, in metric of FSAF and FSRT scales. 
Constrained to equal z e r o  under model.

GAverage of heterogeneous error estimates under model.
fElement b^2 freed to obtain fitting model (cf. Table 5*13).
^Simple ACOVS models can be obtained by allowing small form 

components (cf. Tables 5.20 and 5.21).
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group F-scale data, the model allowing heterogeneous agreement 
components. Footnotes indicate some of the special characterist­
ics of the selected ACOVS models, and there are cross-references 
to the tables in Chapter 5 where the models are reported in more 
detail.

With certain qualifications, the simple estimates in the 
upper panel of Table 6.1 agree fairly well with the more sophis­
ticated ACOVS estimates in the lower panel. One qualification

A.is that the covariance components seem less stable than the
A p A pvariance components <j£ and , and I Assume that the ACOVS

fitting function is more sensitive to variance differences than 
to covariance differences among the components. For the Play and 
F-scale data, the variance components reported in the upper and 
lower panels agree very well, even though scaling factors were 
allowed for two of the four datasets in the lower panel. For the 
Understanding data, the components are noticeably larger in the 
lower panel, where they are in the metric of the self-descriptive 
positive subscales, than they are in the upper panel, where they 
are in the implicitly averaged metric of the simpler model. An 
explanation of the different estimates observed for the Under­
standing data would be that the self-descriptive positive sub­
scales are "better" than the others, in the sense that they are 
more responsive to individual differences and therefore yield 
larger variance components. They are not "better" in the sense 
that they yield larger content and lower agreement components, 
however, since the ratio (about 1 for the Technical
group and 2 for the Academic group) is the same in both panels.
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For the Understanding data, we also found that 3-component 
models containing a small form component on the order of .02 or 
.0 3 provided an adequate fit to the data, and the content and 
agreement components obtained under the 3-component models are 
closely matched by the upper-panel estimates in Table 6.1 (cf. 
Tables 5*20 and $ . 2 1 ) .  The interpretation of the form effect is 
that there is a subject-by-form interaction— i.e., individual 
differences in response to Understanding subscales of differing 
form, such that some persons tend to have higher scores on the 
self-descriptive subscales than on the attitude subscales, while 
others have the reverse pattern. The form component was posi­
tively correlated with the content component for both groups, 
implying that the self-descriptive subscales would have slightly 
larger variances than the corresponding attitude subscales. Ee- 
cause the form components for the Understanding subscales were 
very small, and uncorrelated with the form components for Play, 
they have more theoretical than practical importance.

2. Self-descriptive and attitude items. The hypothesis 
under this category was that self-descriptive scales would show 
more endorsement than agreement responding, while the attitude 
scales would have the reverse pattern. Since there was no en­
dorsement in the data, using ACOVS models, this hypothesis is 
not confirmed. Note that the ACOVS models being fitted constrain 
all eight subscales to have equal components and (in
the metric of A , if scaling factors are used), so the hypothe­
sis requires the presence of a form x agreement x endorsement 
variance component in the data. There is no theoretical reason
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why we could not observe such an "Interaction" component in the 
absence of the corresponding "main effect" components. For the 
data at hand, however, there was no evidence that any of the in­
teraction components would materially improve the fit of ACOVS 
models to the data.

3 . The two-factor theory of acquiescence. The hypothesis 
here was that the three a priori measures of agreement and the 
two a priori measures of endorsement would have a 2-factor simple 
structure. Although an endorsement component could not be found 
in ACOVS models for the separate content areas, it was possible 
to fit 2-factor models to the five measures, as shown at the end 
of Chapter 5» There is no doubt about the presence of an agree­
ment component in the data. The best evidence for the presence 
of an endorsement component is that the a -priori measures of en­
dorsement have low, nonzero correlations (r_._ TT_ - .22 for the““r̂ o | UsL

Technical group and .3^ for the Academic group). These correla­
tions can be interpreted as alternate-form reliabilities for the 
56-item measures of endorsement, and imply that the best measure 
of endorsement in the data— the 112-item sum of the scores on the 
PE and UE scales— would have a reliability of .3 6 for the Techni­
cal group and .51 for the Academic group.

Construct validity of agreement and endorsement. The 
hypothesis here was that agreement would be related to verbal
ability, and endorsement to impulsivity and speed. The concep­

t s
tual model for this set of hypotheses was expressed by^diagram in

. vitSFigure 4-.1 , and the most direct test of the hypothesis by theA
canonical analyses reported in Figure 5*10. For the Academic
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group, neither of the canonical components was significant, and 
the only variable having a significant relationship with the AGR 
composite was the F-scale content measure FC. No variables had 
a significant relationship with the END composite for the Academ­
ic group. For the Technical group, there was evidence for the 
construct validity of agreement. Agreement has the predicted 
negative relationship with Vocabulary, together with^unpredicted 
positive relationship with Age and a positive relationship with 
Desirability. So far as the data indicate, Speed, Impulsivity 
and the reflected Cognitive Structure variable have a negative 
relationship with agreement rather than the predicted positive 
relationship with endorsement. The only variable having a rela­
tionship with endorsement for the Technical group is the Under­
standing content measure UC.

With a little imagination, one can "see" the right half of
a

Figure 5*10» for the Academic group, as^rotated version of the 
left half, for the Technical group. The variables which have 
similar relationships with the AGR and END axes of the mentally 
rotated plots are FC, COG, UC, PC and VOC, and the variables 
having the most dissimilar relationships are AGE, SPD, INF and 
perhaps DES. It would have been theoretically preferable to 
have found the strong agreement component and the negative rela­
tionship with Vocabulary in the Academic group rather than in 
the Technical group. The Academic group more nearly resembles 
undergraduate groups which are likely to be obtained in the 
course of research, while the Technical group is unusual in sev­
eral respects, as discussed in Chapter 5» Subjects in the Tech-
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nical group are more heterogeneous than subjects in the Academic 
group. They are more variable on most of the measures used in 
the study, and particularly on the measure of agreement. They 
tend to be older, slower, have lower verbal ability, more in­
frequent responses, fewer desirable responses, and so on. I 
have no way of knowing the ethnic and cultural backgrounds of 
the subjects in my sample at this point, since confidentiality 
of subjects* identities was preserved in collecting the data, but 
it is known that the student body at the Technical college is 
predominately made up of American minority groups and foreign 
students. Now, it makes sense that subjects with a poor command 
of English, cultural differences, and probably little experience 
with personality tests would show more response inconsistency and 
more agreement response tendency, but if agreement is to be con­
sidered an important variable in personality research, it ought 
to be possible to study it in student groups likely to be met in 
practice. Certainly there is evidence for agreement response 
style in the.Academic group: Referring to Table 6.1, we can see
that the content and agreement components are about the same size
for the P-scale, the personality variable where acquiescence was

the agreement component is 
first discovered, and/about half the size of the content compon­
ent for the Play and Understanding scales. There is little evi­
dence bearing on the construct validity of agreement for the Aca­
demic group, however, which is disappointing. One factor bearing 
on the present data as a test of the relationship between agree­
ment and verbal ability is that the Vocabulary test appears to 
have been too easy for many of the students in the Academic group^
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as noted earlier. The Academic subjects averaged 13 out of 18 
items correct, after correction for guessing. With the advant­
age of hindsight, I would choose a Vocabulary test with a wider 
range if I were re-doing the study, since topping out on the 
Vocabulary measure would attenuate agreement-vocabulary rela­
tionships for the Academic group. Another factor bearing on 
the test of a relationship between agreement and verbal ability 
is that splitting the overall sample into two groups has weak­
ened the power of the analysis, making it more difficult to de­
tect small effects. The rationale for splitting the groups has 
been discussed earlier, and may be taken up again in connection 
with the next topic.

5* Linear and nonlinear relationships with acquiescence.
The hypothesis here was that agreement might have nonlinear re­
lationships with some of the validity measures in the study, 
and I was particularly interested in the possibility of a non­
linear (heteroscedastic) relationship with verbal ability. What 
I had in mind was dichotomizing or perhaps trichotomizing the 
subjects in terms of Vocabulary and some of the other variables 
in the study, and looking for differences in variability on the 
a priori measure of agreement. When the data were collected, and 
it became apparent that I was getting group differences on so 
many of the measures, the plan of dividing the group by high and
low Vocabulary scores was abandoned. Certainly any attempt to

6 Ceresdivide the overall sample by VocabularyAwould result in a split 
which was confounded with group differences.
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The data amply justify the conclusion that agreement Is 
more of a measurement problem in the Technical group than In 
the Academic group. There was no reason to suspect that either 
group would be more or less variable on content, and the con­
tent components are about the same size for both groups, but 
the agreement components are about twice as large in the Tech­
nical group as they are in the Academic group. The measure- 
ment operation for getting agreement scores involves counting 
content-inconsistent responses, and low verbal ability and per­
haps unfamiliarity with the test materials can be expected to 
increase the number of content-inconsistent responses. Whether 
the responses are inconsistent in the yeasaying or the naysay- 
ing direction then depends on personality factors.

It is important to note that the differences between the 
groups do not simply result in greater error of measurement for 
the Technical group. If there were simply more error in the 
the Technical group, we would expect correlations to be lower in 
the Technical group; in fact, they are generally higher than the 
correlations for the Academic group. Moreover, we would not ex­
pect the experimentally independent measures of agreement from 
the three content areas to correlate as highly as they do ( . 7 0  

to .79 for the Technical group). Also, if error of measurement 
led to a spurious agreement effect, we might expect it to yield 
an endorsement effect as well, but it is only agreement which 
seems present as a strong response style.
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There are other nonlinear relationships in the data, in­
volving the Age and Speed variables. Eoth show relationships 
with agreement in the Technical group, but none in the Academic 
group. Age is a puzzle: Unexpectedly, it is the strongest
single predictor of agreement in the Technical group. My best 
guess about the Age effect is that Age is correlated with un­
measured variables in the Technical group. Foreign students at 
the college tend to be older than the American students, and 
Age may be serving as a proxy for foreign-domestic student stat­
us. Speed, Impulsivity and reflected Cognitive Structure have a 
negative relationship with agreement in the Technical group— the 
faster and more impulsive students tend to have lower agreement 
scores. There is no evidence in the study for an acquiescence 
(agreement or endorsement) dimension which is positively associ­
ated with speed, tempo, quickness and impulsive stimulus accept­
ance.

Apart from Age, the strongest predictors of agreement are' 
the Vocabulary and Desirability variables. I expressed my reser­
vations about the Desirability variable in Chapter 5» The true 
and false parts of the scale seem to measure different things, 
and the false part has a noticeably higher variance and coeffici- 
ent-ol than the true part. The direction of the relationship be­
tween agreement and Desirability is such that subjects responding 
in the false or desirable direction on the false part of the 
scale tend to be naysayers on the agreement dimension. Since the 
false part of the Desirability scale dominates the behavior of the
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total scale, the direction of the relationship between agreement 
and Desirability is consistent with the interpretation that nay- 
saying is contributing to the relationship. However, my best 
guess about the presence of the Desirability variable on the neg­
ative end of the agreement dimension is that, along with Vocabu­
lary, it is functioning primarily as a measure of ability. Per­
sonality items can serve as an indirect measure of ability, as 
Gough (1953) showed with his •‘nonintellectual intelligence test" 
(the Intellectual Efficiency or l e  scale of the California Psy­
chological Inventory). PH? Desirability correlates .73 with the 
Ie scale, according to the PRF manual (Jackson, 197^, P» 28), so 
it is reasonable to interpret Desirability as a proxy for ability 
in the present data.

In conclusion, the present data are dominated by a large 
group difference in agreement, ability, and several other vari­
ables. Agreement is negatively correlated with ability overall 
and within the low-ability Technical group. Agreement is also a 
large variance component of scores in the low-ability group, and 
contributes to the greater variability of scores in that group. 
Agreement components for the high-abllity Academic group are 
about half as large as the content components, but there is lit- 
le evidence that agreement is correlated with other variables 
within the Academic group.
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Implications for Research and Testing Practice

Personality scales should be routinely written with equal 
numbers of true and false keyed items, in order to minimize the 
confounding of content and agreement. The weight of evidence 
for the presence of agreement acquiescence in test data is so 
great, that there is hardly any excuse for the use of measures 
consisting of predominately true or predominately false items. 
Such measures arise in practice when content and agreement are 
correlated, and items are selected in order to maximize inter­
nal consistency, as in the case of the F-scale, or empirical 
validity, as in the case of the MMPI. With a positive correla­
tion between content and agreement, an all-true scale will tend 
to have a higher internal consistency and a higher correlation
between the scale and its criterion, but it will also have spur­
iously high correlations with other measures developed without 
regard for balancing the numbers of true and false items.

With scales balanced for true and false items, the confound­
ing of content and agreement is reduced, but it is not entirely 
eliminated unless the simplest kind of component model holds—  

namely, the model which asserts that the score of the jL-th sub­
ject on the _^-th test may be written:
[6.1] + .
Such a model holds reasonably well for the Play data in this 
study, but for the Understanding data we obtained better fits 
using models resembling
[6.2] *ji + 6 ^  .
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where the 7\ term is a scaling factor applying to the j-th 1
measure; and for the F-scale data we obtained better fits using 
models resembling
[6.3] + 6 ^  + 6 .

i i  T i  1 1  *
where the content components may be considered equal for all 
scales, but the Jhth measure has a scaling factor 8 ^ applying 
to its agreement component. When model £6.23 or £^»33 holds, 
estimates of content unconfounded by agreement can only be ob­
tained when the weights 7* or S are known or can be esti-1 1
mated from the data. With any real data, the actual state of 
affairs is probably e-yen more complicated than the one given by 
[6 .2] or £6 .3], and resembles the model:

[6 .K .]  X j i  =  V / i  +  V i  +  * j l  •

The model £6.41 asserts that neither the content nor the agree­
ment components have a constant variance from, scale to scale. 
Models such as £6.4] will not generally be estimable; the hope, 
therefore, is that models such as £6 .2] or £6 .3] or, preferably, 
£6.1] will provide a reasonable fit to the data. Analysis of 
covariance structure is the method of choice for exploring the 
kinds of models which will fit the data.

The simplest model £6.l3 implies that content and agree­
ment are estimated by equally-weighted composites of the meas­
ures. In practice, such equally-weighted composites are
probably adequate for obtaining content and agreement measures, 
and may even be more robust thah the weighted composites obtained 
with £6.2] and £6 .3]. With balanced measures of content, the 
a priori measure of agreement— the equally-weighted composite of
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all the true-false differences— should be routinely obtained 
and analyzed along with the content measures.

The relationships between agreement and verbal ability in 
the present study were particularly interesting. It is my be­
lief that verbal ability should be routinely measured in per­
sonality research involving pencil-and-paper tests, except per­
haps when it is known that the subjects are homogeneous in abil­
ity. Verbal ability is relatively easy to measure, its construct 
validity is not in doubt, and it is informative about personality. 
In the present study, the low-ability group had a higher mean on 
the agreement measure, replicating the common finding of a nega­
tive correlation between agreement and verbal ability, but was 
also markedly more variable in agreement response tendency. I 
attribute the greater variability of the low-ability group to 
the fact that difficulty in understanding test items will lead to 
more content-inconsistent responses, and thus exaggerate the yea- 
saying or nay-saying tendencies of the subjects. In the high- 
ability group, the agreement component was relatively small, and 
apparently unrelated to any of the other variables used in the 
study. This suggests to me that agreement acquiescence may not 
be a serious measurement problem in testing bright, highly se­
lected undergarduate groups, but can be quite important for re­
search involving the general population or groups with large num­
bers of low-ability subjects.
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Appendix A 

INSTRUCTIONS FOR RESEARCH QUESTIONNAIRE

Attached to this instruction sheet are an answer sheet 
and an item booklet. The item booklet contains statements 
referring to opinions or characteristics. Do not look at 
them until the instructions are clear to you.

Read each statement and answer either YES or NO.
YES indicates that you agree with the statement, or 

that it is a statement about something which is 
characteristic of you.

NO indicates that you disagree with the statement,, or 
that it is a statement about something which is 
uncharacteristic of you.

It is important that you answer every item, in order.
If neither YES nor NO seems like an appropriate answer to a 
particular question, choose the one which seems more appro­
priate. Here are two examples:

1. Old age assistance programs should be abandoned.
2. I like to read stories about the sea.
A person who agrees with the statement that old age 

assistance programs should be abandoned would mark the first 
box next to item 1 on the answer sheet (under Y, for "YES").
If he feels that liking to read stories about the sea is not
characteristic of him, he would mark the second box next to 
item 2 (under N, for "NO"). His answer sheet would show:

Y N
1. 2.

Do not spend a lot of time on any one question. Remem­
ber that your first response is probably best.

If you have any questions, please ask them now.
When the examiner says to start, begin answering the 

questions.
•PLEASE DO NOT MAKE ANY MARKS ON THE TEST BOOKLETS.
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Appendix B 

Research Questionnaire Scales

Content Area Type of Scale . Items
Cognitive Structure Marker 16
Desirability " 20
Exhibition* Experimental 56
F-scale " ^8
Impulsivity Marker 16
Infrequency " 12
Play Experimental 56
Succorance* " 56
Understanding M 56

In the listings of scales which follow, columns 1-3 
indicates item numbers in the final Research Questionnaire. 
Column ^ is a line number within item. For the experimental 
scales, columns 7-8 represent the stem number and column 9 
represents the variant number (1 or 2), but for the marker 
scales columns 7-9 may be ignored. Columns 12-15 represent 
the subscale mnemonic.

For the experimental scales, the proportion of true 
responses is reported, separately for the Technical and 
Academic groups. Starred (*) scales are experimental scales 
which were not used in the final form of the Research Quest­
ionnaire.



COGNITIVE STRUCTURE (16 Itess, Source: PRF-E)

161 9 101 COGT When I go on a trip I prepare a tinetable before hand.
Qtll 9 201 COGT Before I ask a question, I decide exactly what it is I
UU2 9 202 COGT need to find out.
561 9 301 COGT Often when I telephone soaeone, I aake a list of things
562 9 302 COGT to discuss.
881 9 001 COGT When I aake soaething 1 want to know exactly what it
832 9 002 COGT will look like when finished.

1281 9 501 COGT I try to plan ay future so that I can tell what I will
1282 9 502 COGT be doing at any given tiae.
1561 9 601 COGT I don’t like to go into a situation without knowing
1562 9 602 COGT what I can expect froa it.
1681 9 701 COGT When I talk to a doctor, X want bin to describe in
1682 9 702 COGT detail any illness I have.
2001 9 801 COGT I don’t like to start a project until I know the best
2002 9 802 COGT way to proceed.

9 1 9  901 C0GP I seldoa aake careful plans.

311.91001 COGP I like to be with people who change'their ainds often.
681 91101 COGF I tend to start right in on a new task without thinking
682 91102 COGF about the best way to do it.

1041 91201 COGF 1 rarely consider the daily weather report when 
1092 91202 COGF deciding what to wear.
1161 91301 COGF I live froa day to day without trying to fit ay
1162 91302 COGF activities into a pattern.
1H31 91901 COGF I can feel coafortable even when I have a nuaber of 
1932 91902 COGF unanswered guestions in aind.
1801 91501 COGF When I take a vacation I like to go without detailed
1802 91502 COGF plans.
2161 91601 COGF I often start work on soaething when I have only a very
2162 91602 COGF hazy idea of what the end result vill be.



DESIRABILITY (2 Iteas, Source: PRP-AA)
81'9 101 DYAT Sost of ay teachers were helpful.

321 9 201 DYAT I aa always prepared to do what is expected of ae.

721 9 301 DYAT I always try to be considerate of the feelings of ay
722 9 302 DYAT friends.
841 9 001 DYAT I often take soae responsibility for looking out for 
802 9 002 DYAT newcoaers in a group.

1001 9 501 DYAT I aa seldoa ill.
1201 9 601 DYAT by aeaory is as good as other people's.
1001 9 701 DYAT la the long run, huaanity will owe a lot uore to the
1002 9 702 DYAT teacher than to the salesaan.
1801 9 301 DYAT ay life is full of interesting activities.

1961 9 901 DYAT Rarely, if ever, has the sight of food aade ae ill.
2121 91001 DYAT 1 aa able to aake correct decisions on difficult
2122 91002 DYAT guestions.
201 91101 DYAP Sany things aake ae feel uneasy.
071 91201 DYAP 1 often have the feeling that I aa doing soaething
072 91202 DYAP evil.
601 91301 DYAP nothing that happens to ae aakes auch difference one
602 91302 DYAP way or the other.
921 91001 DYAP I have a nusber of health probleas.
1081 91501 DYAP I believe people tell lies any tiae it is to their
1082 91502 DYAP advantage.
1321 91601 DYAP I alaost always feel sleepy and laxy.
1591 91701 DYAP I an not willing to give up ay own privacy or pleasure
1592 91702 DYAP in order to help other people.
• ^

1721 91801 DYAP I find it very difficult to concentrate.
2001 91901 DYAP I often question whether life is worthwhile.
2201 92001 DYAP We ought to let the rest of the world solve their own
2202 92002 DYAP probleas and just look out after ourselves.



EXHIBITION (56 Itens, Source: 'Experimental)

1 1 lit ESPT Others think I aa lively and vitty.
1 1 121 ESPF Others think I aa soaevhat dull..
1 1 211 ESPT When ay friends are reluctant, I will often be the
2 1 212 ESPT first one to try soaething new.
1 1 221 ESHT Even when ay friends are reluctant, I will usually not
2 1 222 ESNT wait to try soaething new.
1 1 311 ESPT I would like to have a flashy car that will aake others
2 1 312 ESPT stop and look as I drive by.
1 1 321 ESNF I would like to have an ordinary car that does not
2 1 322 ESN? attract a lot of attention.

1 1 411 ESPT If I wanted to be a good teacher, I would act a little
2 1 412'ESPT bit like an actor in the classrooa.
1 1 421 EAPT A successful teacher is a little bit like an actor.
1 1 511 ESPT I occasionally say soaething shocking just to draw
2 1 512 ESPT attention to ayself.
1 1 521 EAPP It is silly to say shocking things just to draw
2 1 522 EAPP attention to oneself.
1 1 611 ESPT I like to give speeches.

1 1 621 EANT People should not aind giving speeches.
1 1 711 ESPT 1 would like to sing for people if I had the talent.
1 1 721 EASP Singing for people is probably not auch fun, even if
2 1 722 EANP yoc. have the talent.
1 1 811 ESPP If I had the nusical talent, I would use it for ay own
2 1 812 ESPP aauseaent, and not to entertain others.
1 1 821 ESNT Musical talent is not soaething which should be used
2 1 822 SSHT just for one's own private anuseaent.
1 1 911 ESPP If I were an artist, I would be primarily interested in
2 1 912 ESPP the private work of creating.
1 1 921 ESS? If I were an artist, I would not be concerned about
2 1 922 ESSP getting the public to notice ay work.
1 11011 ESPP I an too shy to tell jokes.

1 11021 EAPT People should enjoy telling jokes.
1 11111 ESPP When I'a in a conversation, I try to keep other people
2 11112 ESPP talking nore than I do. _ _
1 11121 EAPP In a conversation, one should let others talk nore than
2 11122 EAPP oneself.
1 11211 ESPP I feel embarrassed whenever I an with loud people.
1 11221 EAST A person should not feel enbarrassed just because he is
2 11222 EANT with loud people.
1 11311 ESPP I an a pretty ordinary person, easy to overlook.
1 11321 SANP People do not usually like or approve of those who are
2 11322 EANP readily noticed.
1 11U11 ESST I don't like being in the background at parties.
1 11421 ESN? 1 wouldn't be caught dead doing soae of the things
2 11422 ESNF people do at parties.
1 11511 ESNT 1 don't like to be in the background, while others get
2 11512 ESNT the glory.
1 11521 EAPT The people who get the glory have usually earned it.



1 11611 ESST I was not a very quiet child.
1 11621 EAPP Children should sind their Banners and be quiet.
1 11711 ESS? I don't mind seeking the spotlight, even when it works
2 11712 ESST against ae.
1 11721 EAST It's not wrong to seek the spotlight.

1 11811 ESST I don't sind being conspicuous.
1 11821 EANP People don't usually like to be conspicuous.
1 11911 SSSP I don't like having ay picture taken.
1 11921 EAPT Sost people like to have their picture taken.
1 12011 ESSP I don't like to be the topic of conversation even aaong
2 12012 ESNF friends.
1 12021 EAPP Even aaong friends, sost people find it eabarrassing to
2 12022 EAPP be the topic of conversation.
1 12111 ESN? The idea of acting in front of a large group does not
2 12112 ESSP appeal to ae.

1 12121 EANT Acting in front of a large group should not aake people
2 12122 EANT feel uncoafortable.
1 12211 ESSP I would never write about ayself, because it would look
2 12212 ESNP like bragging.
1 12221 EANP A person should not write about hiaself since it
2 12222 EASP usually looks as if he were bragging.
1 12311 EAPT Great athletes deserve the faae that goes with their
2 12312 EAPT accoaplishaents.
1 12321 EAPP Paae has been the ruin of many great athletes.

1 12411 EAPT Sost people like to have one person do aost of the
2 12412 EAPT talking, as long as they are entertained.
1 12421 EAST Sost people don't care if one person does aost of
2 12422 EAST talking, as long as they are entertained.
1 12511 EAPT There is soaething wrong with being just one of the
2 12512 EAPT crowd.
1 12521 EANP There is nothing wrong with being just one of the
2 12522 EASP crowd.
1 12611 EAPP Trving to be the center of attention is a sign of bad
2 12612 EAPP taste.
1 12621 EANT Trying to be the center of attention is not a sign of
2 12622 EAST bad taste.

1 12711 EAPP Sost jokes should be forgotten.
1 12721 EANP Sost jokes are not worth telling.
1 12811 EANT Tight clothes are not eabarrassing to wear.
1 12821 EANP A person should not wear tight clothes.
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P-SCALE (ae Items, Source: Experimental) P(TBOE)
TECH ACAD

591
592

5 111 
5 112

PSRT
PSRT

Our way of life is disappearing so fast that force 
miuht be necessary to preserve it.

.473 .156

1711
1712
1713

5 121 
5 122 
5 123

PSRP
PSRP
PSRP

People should probably pay more attention to new ideas, 
even if they seem to go against the American way of 
life.

.834 .930

31
32

5 211 
5 212

FSBT
PSKT

A sane, normal, decent person would probably find it 
hard to think about hurting a close friend or relative.

.731 .695

1151
1152

5 221 
5 222

PSRP
PSRP

A sane, normal, decent person may sometimes think about 
hurting a close friend or relative.

.412 .636

231
232
233

5 311 
5 312 
5 313

PSRT
PSRT
PSST

Rany of our social probleas would probably be solved if 
we could somehow get rid of the iamoral, crooked, and 
feebleminded people.

.634 .294

1351
1352
1353

5 321 
5 322 
5 323

PSBP
PSRP
PSRP

Rost of our social problems vould probably not be 
solved even if we could somehow get rid of the immoral, 
crooked, and feebleminded people.'

.572 .637

1071
1072

5 411 
5 412

FSBT
PSHT

The businessman and the manufacturer tend to be more 
important to society than the artist and the professor.

.592 .372

2191
2192

5 421 
5 422

PSBP
PSRP

The artist and the professor tend to be nore important 
to society than the businessman and the manufacturer.

.271 .292

711
712

5 511 
5 512

PSRT
PSHT

Seldom do weaknesses or difficulties hold us back if we 
have enough willpover.

.824 .794

1831
1832

5 521 
5 522

PSA?
PSAP

Weakness or difficulty always hold us back even though 
we have enough willpover.

.556 .284

671
672

5 611
5 612

PSBT
PSRT

Someday it will probably be shown that astrology can 
explain a lot of things.

.597 .440

1791
1792

5 621 
5 622

PSRP
PSAP

It is absurd to suppose that astrology vill ever 
explain anything.

.391 .362

2071
2072

5 711 
5 712

PSRT
PSRT

Hovadays some people are prying into matters that 
should probably remain personal and private.

.793 .744

951
952

5 721 
5 722

PSAP
PSAP

Nowadays not enough people are prying into matters 
which are kept personal and private.

.474 .156

1311
1312

5 811
5 812

PSST
PSRT

when a person has a problen or worry, it is probably 
best for him to try not to think about it.

.468 .136

191
192
193

5 821 
5 822 
5 823

PSAP
PSA?
PSAP

When a person has a problem or worry, he should always 
drop everything and concentrate on it until a solution 
appears.

.322 .077

1191
1192

5 911 
5 912

PSBP
PSRP

The findings of science may eventually show that many 
of onr aost cherished beliefs are wrong.

.790 .714

71
72
73

5 921 
5 922 
5 923

PS AT 
PS AT 
PSAT

Science has its place, but there are many important 
things that can never possibly be understood by the 
hunan nind.

.790 .626

1871
1872

51011
51012

PSRP
PSRP

Insults to our honor are usually not important enough 
to bother about.

.401 .454

751 51021 PSAT An insult to our honor should always be punished. .422 .167

2151
2152
2153

51111
51112
51113

PSRP
PSRP
PSBP

There have been attempts to divide people into two 
distinct classes— the weak and the strong— but such 
attenpts are probably doomed to failure.

.642 .820

1031
1032

51121
51122

PSAT
PSAT

People can be divided into tvo distinct classes: the 
weak and the strong.

.511 .207

1951
1952

51211
51212

PSRP
PSBP

There are probably few people who have learned anything 
important through suffering.

.402 .146

831
832

51221
51222

PSAT
PSAT

Nobody ever learned anything really important except 
through suffering.

.298 .068



112
113

51312
51313

PSHT
PSHT

discipline, rugged determination, and the will to work 
and fight for family and country.

1231
1232
1233

51321
51322
51323

PSAT
PSAT
PSAT

What the youth needs aost is strict discipline, rugged 
determination, and the will to work and fight for 
faaily and country.

.720 .296

' 351
352
353

51411
51412
51413

PSHT
PSHT
PSRT

Wars and social troubles may soaeday be ended by an 
earthquake, flood, or other natural disaster destroying 
all or most of the world.

.457 .508

1471
1472

51421
51422

PSAT
PSAT

Wars and social probleas will only be ended when the 
whole world is destroyed.

.466 .489

911
912
913

51511
51512
51513

PSRT
PSRT
PSRT

A person who has bad manners, habits, and breeding 
would probably find it hard to get along with decent 
people.

.793 .499

2031
2032

51521
51522

FSAT
PSAT

A oerson who has bad manners, habits, and breeding can 
hardly expect to get along with decent people.

.720 .459

271
272
273

51611
51612
51613

PSRT
PSRT
FSBT

What this country probably needs, rather than laws and 
political programs, is a few courageous, tireless, 
devoted leaders vho can be trusted.

.638 .519

1391
1392
1393
1394

51621
51622
51623
51624

PSAT
PSAT
PSAT
PSAT

What this country needs most, much more than laws and 
political programs, is a few courageous, tireless, 
devoted leaders in whom the people can put all of their 
faith.

.607 .470

871
872
873

51711
51712
51713

FSHP
PSRP
PSRP

It is probably foolish to believe that our lives could 
be controlled, in some way, by plots hatched in high 
places.

.488 .293

1991
1992

51721
51722

PSA?
PSAP

It is ridiculous to believe that our lives are 
controlled by plots hatched in high places.

.540 .450

991
992

51811
51812

PSRP
FSRP

The urge to jump from high places is probably learned 
rather than inborn.

.621 .630

2111
2112

51821
51822

PSAP
PSAP

It is known that the urge to jump from high places is 
learned, not inborn.

.699 .430

1911
1912
1913

51911
51912
51913

PSRP
PSRP
PSRP

.lost nature people tend to outgrow their feelings of 
submissive respect, gratitude, and love for their 
parents.

.309 .068

• 791
792
793

51921
51922
51923

PSAP
PSAP
PSAP

Every truly mature person outgrows his feelings of 
submissive respect, gratitude, and love for his 
parents.

.247 .019

1631
1632
1633

52011
52012
52013

PSBP
FSRP
PSRP

young people sometimes get rebellious ideas, which 
should probably be" encouraged and developed in order to 
promote mature citizenship in adulthood.

.432 .421

511
512
513

52021
52022
52023

PSAP
PSAP
PSAP

Young people sometimes get rebellious ideas, which 
should always be developed in order to guarantee mature 
citizenship in adulthood.

.514 .372

1551 
. 1552 
1553

52111
52112
52113

PSAT
PSAT
FSAT

Every person should have complete faith in some 
supernatural power whose decisions he obeys without 
question.

.236 .088

431
432

52121
52122

PSAP
PSAP

Every person should have complete faith in his own 
judgment, and not rely on some supernatural power.

.772 .676

2231
2232

52211
52212

PSAT
PSAT

Human nature being what it is, there will alvays be war 
and conflict.

.796 .807

1111
1112

52221
52222

PSAP
PSAP

Because human nature is improving, war and conflict 
will eventually be eliminated.

.315 .120

1511
1512

52311
52312

PSAT
PSAT

Obedience and respect for authority are the most- 
iaporant virtues children should learn.

.751 .286

391
392

52321
52322

PSA?
PSAP

A love of freedom and distrust for authority are the 
aost important virtues children should learn.

.246 .118

1671
1672

52411
52412

PSAT
FSAT

If people would talk less and vork more, everybody 
would be better off.

.515 .126

551 52421 PSAP If people talked thinos oyer pore and didn't work so
552 52422 PSAP bard, everybody would be better off.

.371 .469



370

P U T  (56 Itens, Source: Experinental) P (TRtJE)
TECH ACAD

1131 2 111 PSPT Once in a while I enjoy acting as if I were tipsy. .022 .553

11
12

2
2

121
122

PSPP
PSPF

I alvavs act very sober, even if I have had a few 
drinks.

.073 .237

171 2 211 PSPT I take advantage of every excuse to have a party. .256 .210

1291 2 221 PSNT I try not to aiss an excuse to have a party. .298 .185

1051 2 311 PSPT I try to aake ay work into a gaae. .001 .020

331 2 321 PSNF I never try to aake ay work into a gaae. .577 .230

0 91 2 011 PSPT I enjoy children's ganes. .603 .725

1611 2 021 PAPT Adults should enjoy playing children's gases. .603 .597

1771 2 511 PSPT I always have nore fun than other people do. .206 .138

651 2 521 PAP? Sone people have aore fun than they should. .627 .296

811 2 611 PSPT I always enjoy a joke, even when it is on ae. .701 .050

1931
1932

2
2

621
622

PAST
PAST

People who cannot enjoy a joke on themselves are much 
too serious.

.793 .705

2091 2 711 PSPT I love to tell and listen to funny jokes and stories. .883 .832

971
972

2
2
721
722

PASP
PAN?

People don't like funny jokes and stories as auch as 
they pretend to.

.500 .352

531
532

2
2

811
312

PSPF
PSPP

1 usually try to see the serious side of every 
situation.

.717 .060

1651 2 821 PSST I rarely try to see the serions side of a situation. .186 .068

1811
1812

2
2

911
912

PSPP
PSPF

I realise that X often forget to relax when I an 
supposed to be enjoying ayself.

.551 .587

691
692

2
2

921
922

PSS?
PSNF

Sany tines when I aa supposed to be enjoying ayself, I 
don't reaeaber to relax.

.582 .567

1011
1012

21011
21012

PSP?
PSPF

I prefer to- read worthwhile books rather than spend ay 
spare tiae playing.

.550 .326

2131 21021 PAPT Spare tine is aeant for play rather than reading books. .269 .177

1971
1972

21111
21112

PSPF
PSPF

I would find designing children's toys a very dull 
activity.

.205 .127

851 21121 PAPF Designing children's toys aost be a very dull Job. .133 .038

371 
3 72

21211
21212

PSPP
PSPF

Even if soaething gives ae pleasure, X need sone other 
reason for doing it.

.500 .260

1991
1092

21221
21222

PANT
PAST

If soaething gives pleasure, one does not need soae 
other reason for doing it.

.607 .715

1331 21311 PSPP 1 usually work or study daring ay spare tiae. .577 .031

211
212

21321
21322

PASF
PASF

Host -people don't do enough work and studying during 
their spare tiae.

.805 .715

51
52

21011
21012

PSNT
PSNT

X aust adwit, 1 never have any trouble forgetting ay 
work when X have a chance to have soae fun.(

.088 .372

1171
1172

21021
21022

PSS?
PSSF

X aust adait, I an never able to forget ay work when X 
have a chance to have soae fun.

.078 .031

2011
2012

21511
21512

PSNT
PSNT

It is not often that X turn down a chance to have a. 
good tiae.

.680 .606

891
892

21521
21522

TAPT
PAPT

People should take advantage of every chance to have a 
good tiae.

.731 .665



411
412

21611
21612

PSNT
PSNT

I find it alaost iapossible to talk to soaeone who 
doesn't have a good sense of huaor.

.473 .323

1531
1532

21621
21622

PAPT
PAPP

people with a poor sense of huaor are often easy to 
talk to.

.174 .127

2171 21711 PSNT I don't like adolts who have forgotten how to play. .585 .474

1051
1052

21721
21722

PANT
PANT

Adults who have forgotten how to play are not very 
likable.

.548 .454

731
732

21811
21012

PSNT
PSST

I don't like to stay at hone in the evening when I hare 
a chance to go out.

.700 .617

1651 21821 PANP .lost people don't really like going oat in the evening. .350 .048

1371
1372

21911
21912

PSN?
PSNP

fly worries don't disappear when I get into a 
boisterous, fun-loving crowd.

.514 .558

251
252

21921
21922

PAPT
PAPT

Joining a boisterous, fun-loving crowd is an effective 
way to aake one's worries disappear.

.576 .372

1091 22011 PSSP I don't like to Bake up fanciful stories. .518 .484

2211 22021 PAPP flaking up fanciful stories is a waste of tiae. .353 .171

1691 22111 PSNP I can't iaagine ayself playing with children's toys. .384 .118

571
572

22121
22122

PANT
PANT

It is not difficult to iaagine an adult who likes to 
play with children's toys.

.603 .593

931
932

22211
22212

PSNP
PSNF

I have never been so fascinated with a trivial gaae 
that X have played it for hours.

.360 .224

2051 22221 PANP Trivial gases are never worth playing for hours. .494 .234

1211 22311 PAPT flost entertainaent serves a worthwhile purpose. .885 .862
91 22321 PAPP Host entertainaent is a waste of tiae. .215 .048

771
772

22411
22412

PAPT
PAPT

One should celebrate ordinary events as veil as special 
ones.

.525 .744

1891
1892

22421
22422

PANT
PANT

Celebrations should not be saved just for special 
events.

.494 .754

1571
1572

22511
22512

PAPT
PAPT

People should go "out on the tovn" as often as they 
can.

.593 .474

451
452

22521
22522

PANP
PANP

People should not go "out on the town" except on rare 
occasions.

.145 .078

291
292

22611
22612

PAPP
PAPP

flost people prefer the coapany of others who are 
relatively serious.

.535 .284

1411
1412

22621
22622

PANT
PANT

flost people do not prefer the coapany of others who are 
relatively serious.

.638 .401

1731 22711 PAPP Practical jokes are a vaste of tiae. .339 .244
611 22721 PAN? Practical jokes aren't funny. .473 .332
131
132

22811
22812

PANT
PANT

One should never take natters seriously just because 
soaeone else does.

.710 .465

1251
1252

22821
22822

PANP
PANP

One should never aake light of natters vhich soaeone 
else takes seriously.

.669 .524.



ISP0LSIVZ7Y (16 Items, Source: PBP-E)
261
262

9 101 
9 102

IHPT 
1.1 PT

Often I stop in the middle of one activity in order to 
start something else.

681 9 201 1.1 PT I often say the first thing that comes into my head.

631 9 301 1.1 PT I like to live dangerously.

961 9 601 IHPT Hany of my actions seem to be hasty.

1361 9 501 1.1 PT I have often broken things because of carelessness.

1601 9 601 IHPT Host people feel that I act impulsively.

1751
1752

9 701 
9 702

1.1 PT 
IHPT

Sometimes I get several projects started at once 
because I don't think ahead.

2081
2082

9 601 
9 802

IHPT
IHPT

I find that thinking things over very carefully often 
destroys half the fun of doing them.

121
122

9 901 
9 902

IHPF
IHPP

I am careful to consider all sides of an issue before 
taking action.

361 91001 IHPF I aa pretty cautious.

761 91101 IHPF Rarely, if ever, do I do anything reckless.

1121 91201 IHPF Emotion seldom causes me to act vithout thinking.

1261 91301 IHPF I have a reserved and cautious attitude toward life.

1681 91601 IHPF Hy thinking is usually careful and purposeful.

1881
1882

91501
91502

IHPF
IHPF

I aa not one of those people vho blurt out things 
vithout thinking.

2261
2262

91601
91602

IHPF
IHPF

I generally rely on careful reasoning in making up my 
mind.

IHFBEQOEHCT (12 Items, Source: PHF-Ah)
281 9 101 IS FT I have never seen an apple.
601 9 201 IB FT I an more than eighty years old.
801 9 301 IBFT I have never ridden in an automobile.

1601 9 601 IHFT I often sit and stare directly at the sun for hours on
1602 9 602 IHFT end .
1521 9 501 1SPT I have never talked with anyone by telephone.
1921 9 601 IBFT I have never felt sad.

151 9 701 IHPP If I were exploring a strange place at night. I would
152 9 702 IHFF want'to carry a light.
521 9 801 IHPP I have attended school for at least six years daring my
522 9 802 IHPF life.
661 9 901 IHPF I would have a hard tiae keeping my mind a complete
662 9 902 IHFF blank.

1271 91001 IHFF I usually prefer to have neat cooked before eating it.
1661 91101 IHFF Things with sugar in them usually taste sweet to me.
1761 91201 IHFP Sometimes I see birds near my hone.



SDCCORANCE (56 Iteas, Source: Experiaental)

1 3  111 SSPT I like to have a superior who vill offer to help ae at 
2 3 112 SSPT work.
1 3 121 SSPP I would be enbarrassed if a superior offered to help ae
2 3 122 SSPP at work.
1 3 211 SSPT I usually seek other people's advice before doing
2 3 212 SSPT anything iaportant.
1 3 221 SSNT I seldoa do anything iaportant anless I have sought
2 3 222 SSHT other people's advice.
1 3 311 SSPT I soaetiaes act nore upset than I really an. in order
2 3 312 SSPT to gain synpathy froa others.
1 3 321 SSN? I have never tried to gain synpathy froa others by
2 3 322 SSS? acting nore upset than I really was.-
1 3 411 SSPT I like people who seea willing to take care of ne.
1 3 <121 SAPT People who are willing to take care of others are very
2 '3 422 SAPT likable.
1 3 511 SSPT If I have to aake a selection in a store, I often ask
2 3 512 SSPT the clerk for advice.
1 3 521 SAPP Khen Baking a selection in a store, the clerk's advice
2 3 522 SAP? is generally useless.
1 3 611 SSPT As a child, I liked being dependent on grown-ups.

1 3 621 SANT Host -children do not like being dependent on grown-ups.
1 3 711 SSPT I vould like to be aarried to a protective and
2 3 712 SSPT synpathetic person.
1 3 721 SAN? It is not especially iaportant for a aarriage partner
2 3 722 SANP to be protective and svapathetic.
1 3 811 SSPP I aa aore self-sufficient than aost people.
1 3 821 SSKT.I aa not aore self-sufficient than aost people. -

1 3 911 SSPP I expect that I will always be able to take care of
2 3 912 SSPP ayself.
1 3 921 SSNP I rarely worry about being alone and helpless.
1 31011 SSPP I usually aake decisions by ayself.'

1 31021 SAPT People should seek the help and advice of others when
2 31022 SAPT they aake decisions.
1 31111 SSPP I feel that I aa as well-qualified as any expert to
2 31112 SSPP solve ay probleas.

1 31121 SAPP Sost people are as well-qualified as any expert to
2 31122 SAPP solve their probleas.

1 31211 SSPP If I feel sad, I prefer to be left alone.
1 31221 SANT If a person feels sad, it is not a good idea to leave
2 31222 SAK? hia alone.
1 31311 SSPP I only go to a doctor when I aa seriously ill.
1 31321 SANP People should not go to a doctor anless they are
2 31322 SANT seriously ill.
1 31411 SSNT If I have injured ayself, I don't hesitate to tell
2 31412 SSNT others about it.
1 31421 SSNP If I have injured ayself, I don't like to tell others
2 31422 SSNP about it.
1 31511 SSNT I never avoid sharing ay burdens with soaeone who can
2 31512 SSNT help ae.



1 31521 SAPT People should try to share their burdens with soaeone
2 31522 SAPT who can help the*.
1 31611 SSNT I don't like to face probleas by ayself.
1 31621 SAPP People should try to face their probleas by theaselves 

1 31711 SSNT 1 don't hesitate to accept favors froa others.

1 31721 SANT People should not hesitate to accept favors froa
2 31722 SANT others.
1 31811 SSNT when I was a child, I seldoa got along vithout the
2 31812 SSNT teacher's help.
1 31821 SAN? A teacher's help is seldoa very iaportant to a child.
1 31911 SSNP I rarely feel unable to face the responsibilities of
2 31912 SSN? adulthood.
1 31921 SAPT The responsibilities of adulthood are often difficult
2 31922 SAPT to face.
1 32011 SSNP I don't vast anyone to take care of ne when I grow old
1 32021 SAPP Host people vant to take care of theaselves when they
2 32022 SAPP grow old.

1 32111 SSN? When I go to a doctor, I never ask unnecessary
2 32112 SSN? guestions.
1 32121 SANT When people see a doctor, they should not be afraid to
2 32122 SANT ask questions, no aatter how unnecessary they sight
3 32123 SANT sees.
1 32211 SSNP I prefer not to talk about how I feel when I as  ill.

1 32221 SANP Generally, sick people should not talk about their
2 32222 SANP illnesses.
1 32311 SAPT Host people want others to know how they feel.
1 32321 SAPP Host people prefer to keep their feelings to
2 32322 SAPP theaselves.
1 32911 SAPT It is a good idea to get other people's opinions
2 32912 SAPT concerning difficult probleas.
1 32921 SANT It is not a good idea to try to solve difficult
2 32922 SANT probleas without getting other people's opinions about
3 32923 SANT thea.
1 32511 SAPT Offering advice is an essential part of friendship.

1 32521 SANP Offering advice is not an essential part of friendship
1 32611 SAPP A person should be ashaaed to accept charity when he
2 32612 SAPP needs it.
1 32621 SANT A person should not be ashaaed to accept charity.
1 32711 SAP? Host people like to be left alone when they are sick.
1 32721 SANP Most people do not like to be waited on when they are
2 32722 SANF sick.
1 32811 SANT Host older people don't like having to be independent
2 32812 SANT of others.
1 32821 SANP Host older people don't like having to be dependent on
2 32B22 SANP others.
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USDERSTA9DISG (56 Iteas, Source: Experimental) P(THUE)
TECH ACAD

.333

.195

.352

.313 

.421

.411

.382

.558

.920

.734

.284

.852

.696

.06 8

.803 

.126 

.156 

.087 

.385

.960

.147 

.058 

.773 

.146 

.322

.254

.513

.187 

.781

1141
1142

4 111 
4 112

US??
USPT

1 envy scholars who can spend as such tine as they want 
thinking.

.422

21
22

4 121 
4 122

USPP
USPP

I feel sorry for scholars who have to spend so nuch of 
their tiae thinking.

.350

181
162

4 211 
4 212

USPT
USPT

I like to read several books on a topic at the sane 
tiae.

.380

1301 4 221 USNT I seldoa read only one book on a topic at a tiae. .566

1461
1462

4 311 
4 312

USPT
USPT

When I take a walk, I try to identify the trees and 
flowers I see on the way.

.298

341
342

4 321 
4 322

USilP
USHP

When I take a walk, I do not try to identify the trees 
and flowers I see on the war.

.535

501
502
503

4 411 
4 412 
4 413

USPT
USPT
USPT

After I have read a newspaper story, I look for 
additional facts that will aake the story tore 
coaplete.

.566

1621
1622

4 421 
4 422

UAPT
DAPT

A reader usually reguires additional facts to aake a 
newspaper story aore conplete.

.720

1781
1782

4 511 
4 512

USPT
USPT

I often try to grasp the relationships between 
different things that happen.

.803

661
662

4 521 
4 522

OAPP
UAP?

Host people ignore the relationships between different 
things that happen.

.824

821
822

4 611 
4 612

USPT
USPT

When 1 was a child, I read alaost every book in ay 
house.

.301

1941
1942

4 621 
4 622

UA!1T
OAST

Children should never be prevented froa reading as such 
as they like.

.843

2101
2102

4 711
4 712

USPT
USPT

Occasionally I have been able to relate a historical 
trend to ay everyday life.

.645

981
982

4 721 
4 722

DAMP
UASP

Knowledge of historical trends is never useful in 
everyday life.

.204

541 4 811 USPP There are aany activities that I prefer to reading. .739

1661 4 821 USST There aren't aany activities that I prefer to reading. .332

1821 4 911 USPP When I was a child I was tiaid about exploring. .329

701 4 921 USKF When I was a child X did not like to explore. .216

1021
1022

41011
41012

USPP
USPP

When I see a new invention, X generally take it for 
granted.

.404

2141
2142

41021
41022

UAPT
UAPT

Examining new inventions to find out how they work is 
well worth one's tiae.

.880

1981 41111 USPP X hate solving riddles and puzzles. .174
861 41121 UAPP Solving riddles and puzzles is a vaste of tiae. .081

381 41211 USPP X was really glad when X graduated fron school. .820
1501 41221 UAMT Going to school is never boring. .526
134 1 
1342

41311
41312

USPP
USPP

If I were an inventor, I would only be satisfied with 
inventions having an obvious practical use.

.720

221
222

41321
41322

UASP
UASP

A new invention is not worth while unless it has an 
obvious practical use.

.638

61
62

41411
41412

USST
USST

I can't think of aany things X wouldn't enjoy reading 
about.

.545

1181 41421 USSF There aren't aany things X really enjoy reading about. .318

2021 41511 USST I don't avoid intellectual discussions. .835



901 91521 UAPT Intellectual discussions are very enjoyable. .835 .860
921
922

91611
91612

USJIT
USHT

I never see* to run out of questions on topics which 
interest ae.

.721 .675

1591
'159 2

91621
91622

UAPP
UAPP

Once a topic is of interest to a person, it rapidly 
becones boring.

.112 .028

2181
2182

91711
91712

us:.?
USST

I cannot autoaatically accept aost current ideas and 
theories.

.621 .686

1061
1062

91721
91722

UANT
UANT

Host current ideas and theories should not be accepted 
without serious questioning.

.809 .767

791
792

91611
91812

USHT
OSNT

1 liked to study in school even vhen it wasn't required 
of ae.

.509 .989

1861
1862

91821
91822

UANP
UAKP

Host people would not study at all if it was not 
required of then.

.791 .970

1381 91911. USHP I do not have such use for abstract ideas. .389 .137

261 91921 UAPT Abstract ideas are often very useful. .728 .862

1101
1102

92011
92012

USHP
USHP

I really don't know what is involved in any of the 
latest developments.

.290 .259

2221 92021 DAP? The latest cultural developaents are often very boring. .188 .152

1701 92111 OSH? I seldoa read extensively on any one subject. .992 .197

581
582

92121
92122

UANT
UANT

Reading extensively on a single topic is not a bad way 
to spend one's tiae.

.993 .583

991 92211 USHP When I was a child, I shoved no interest in books. .257 .117

2061 92221 UAH? An interest in books is not iaportant for a child. .159 .117

1221
1222

92311
92312

UAPT
UAPT

Hen's attespts to predict the future are very 
important.

.822 .597

101
102

92321
92322

DAPF
DAP?

We have enough to think about vithout trying to predict 
the future.

.385 .289

781
782

92911
92912

OAPT
UAPT

People should continue to read widely after leaving 
school.

.896 .960

1901
1902

92921
92922

OAST
UANT

After leaving school, people should not stop reading 
widely.

.783 .803

961
962

92511
92512

OAPT
OAPT

Soaeone will eventually figure out why society 
functions the way it does.

.720 .905

1581
1582

92521
92522

UASP
UANF

No one will ever figure out why society functions the 
way it does.

.992 .519

301 92611 DAPP Philosophical discussions are a waste of tiae. .092 .088

1921 92621 UAST Philosophical discussions are not a waste of tiae. .772 .891

1791 92711 UAPP Host intellectuals live rather useless lives. .207 .098

621 92721 UANF Host intellectuals are not very useful to society. .291 .077

191
19 2

92811
92812

UAST
UANT

Hews about the progress aade in space technology should 
never be dull.

.597 .930

1261
1262

92B21
92622

UASP
UASP

Host people don't care about the progress aade in space 
technology.

.639 .620
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