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ABSTRACT 

The problem of choice of factor analytic technique commensurate 

with research goal has not been widely studied. A facet of this 

problem concerns the choice of the diagonal entries of the correlation 

matrix prior to factor analysis. Arguments on the choice of diagonal 

entries have appeared in the literature. The investigation of the 

appropriate diagonal entries of the correlation matrix was the subject 

of this investigation. The principal component and the principal axes 

solutions, which differ only in choice of diagonal entries, were 

compared, and each was examined in comparison to a reference factor 

structure. 

The design of the investigation utilized principal component 

and principal axes factor analyses with Varimax rotation. A total 

sample of 300 was administered a 30-item General Beliefs Scale. Both 

factor analytical techniques were performed on samples of 30, 60, 120, 

240 and 300 subjects with the observed data, and on a sample of 120 

with random data. The two factor analyses for each sample size were 

compared via the correlation of factor loadings. The principal compo

nent and principal axes methods were also compared with the reference 

factor structure through the correlations of factor loadings. Compari

sons were also made between the solutions obtained from observed and 

random data at sample size 120. 

ix 



The principal axes and principal component solutions did not 

approximate the reference factor structure. The subjects to item 

ratio does influence the similarity of the principal axes and princi

pal component solutions. The subjects to item ratio is directly 

related to sample size because the number of variables was constant. 

The larger the subjects to item ratio, the more similar the solutions. 

With a sample as large as 120, factor analyses of observed and random 

data are not similar. The number of factors rotated in the principal 

component method influences the degree of similarity between the 

principal component method and the principal axes method. There is 

little similarity between a factor solution for small sample size 

(e.g., 30) and a factor solution for a larger sample size (e.g., 300). 

Because the principal component and principal axes factor 

solutions are different, a researcher should consider the theoretical 

bases for choosing a particular factor analytical method. The princi

pal axes solution should be preferred when the researcher desires a 

number of common factors to describe the dependencies among the vari

ables, i.e., the dimensions of common factor space. The principal 

component solution should be preferred when the researcher desires a 

reduction in the number of variables to be used for prediction or 

description. Regardless of the choice of the principal axes or 

principal component solution, the subjects to item ratio and sample 

size will have an effect on the factor structure. 



CHAPTER I 

PROBLEMS TO BE INVESTIGATED 

The term factor analysis has elicited many denotative and conno-

tative meanings since Karl Pearson and Charles Spearman developed its 

fundamental tenets. There is no uniform understanding of the assump

tions and methodology of factor analysis among behavioral scientists. 

The supporters of factor analysis describe it as an art, and "one of the 

most fruitful methodologic approaches available for psychological 

research (Overall, 1964, p. 270)." Detractors of factor analysis char

acterize the method as the arbitrary manipulation of data. One of the 

many issues of debate concerning factor analysis has been examined in 

this investigation: choice of factor analytical technique as a function 

of research goal. 

Introduction 

Factor analysis has enjoyed an increasing popularity among 

behavioral scientists. There were 1000 scholarly papers involving fac

tor analysis published during the period 1900-1960 (Armstrong and 

Soelberg, 1968). Examination of an index to scholarly papers from 1960 

to the present indicates a marked increase in the use of factor analyti

cal techniques in the behavioral sciences. 

This greater utilization of a complicated statistical method 

does not guarantee its proper application to problems in the behavioral 

sciences. Most researchers are aware that factor analytic results 

1 
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depend on the type of information included in correlation matrix, R, of 

the input variables. Guertin and Bailey (1970, p. 175), the authors of 

a popular textbook on factor analysis, echo this caveat when they stated, 

"What you get out of factor analysis is determined by the R you put 

into it and this maxim should never be forgotten. This is true for any 

model." However, some researchers fail to realize the existence of 

different factor analytic techniques. Occasionally, the researcher 

fails to report his factor analytic technique (Parrott, 1971). At times, 

there is confusion over the method of factor analysis chosen for a par

ticular research goal. For example, Lunneborg (1968) attempted to 

predict college grades of 306 students from factor scores derived from a 

pre-college testing program battery and eight demographic variables. 

Lunneborg used the principal axes technique of factor analysis, and 

concluded the original data without factor analysis was superior in pre

dictive ability to the factor scores. In another study, Kim (1971) 

reported significant results when he used the principal axes method to 

factor analyze measures of intellectual interest in order to predict 

college grade point averages of 5,486 students. Both researchers used 

the principal axes method. Guertin and Bailey (1970, p. 148) stated 

that "if the goal of a research project is to make predictions with 

equations...a principal components analysis...is appropriate." These 

examples constitute an indication of the need to clarify the choice of 

factor analytic technique in reference to research goals. 

In general, the choice of factor analytic technique becomes the 

choice of the diagonal entries of the correlation matrix of observed 

data (Armstrong and Soelberg, 1968), This correlation matrix is the 
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basic input to factor analysis. The choice of these diagonal entries 

is the prerogative of the researcher. There are many possible entries. 

This multitude of choices has created a debate among factor analysts 

known as the communality problem. Some factor analysts argue that the 

specific diagonal entries influenced the nature of the resultant factor 

structure. This position infers different factor analytic techniques 

for various research goals. However, other factor analysts believe that 

diagonal entries have negligible influence on factor structure. Accord

ing to this position, there is no need to relate factor analytic 

technique to research goal. Clearly, there is a need for data to 

resolve the issue. 

Significance of the Problem 

Many factor analysts have commented on the communality problem. 

For example, Wrigley (1958, p. 466) stated "As an illustration of the 

dogmatism of the current position, consider the use of unities in the 

diagonal. This is generally assumed to be inadmissible because it dis

regards the distinction between common and specific variance. Yet there 

have been few studies examining the extent of the differences." 

Thurstone (1947) posited that the choice of unities or communalities in 

the diagonal of the correlation matrix depended on the purpose of the 

study. Unities were recommended when the researcher wished to reproduce 

the original test scores by a specified number of factors. Communalities 

were indicated when the research goal was reproduction of the tests' 

intercorrelations as closely as possible. With the communalities, the 

intercorrelations are reproduced with small residuals, but the 
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reproduction of the original test scores results in larger residuals 

because the unique factor in each test is not analyzed. 

In 1965, Cattell agveed with the preceding uses of unities and 

communalities dependent on research goals, and in addition discussed the 

communality problem in terms of open and closed models of factor 

analysis. The use of unities in the diagonal of the correlation matrix 

was labelled the closed model or component analysis. The use of commu

nalities in the diagonal was called the factor model, open model, or 

factor analysis. "The trick of putting ones in the diagonals, though 

comforting in accounting fully for the variance of variables, perpe

trates a hoax, for actually it really drags in all the specific factor 

and error variance...to inflate specious, incorrect common factors 

(Cattell, 1965, p. 201)." 

Burt (1949) concluded the use of unities in the diagonal of the 

correlation matrix produces a maximum number of factors which is not 

appropriate for psychological studies. This indicates the need for 

"reduced" diagonal entries, i.e., estimates of communality. The use of 

communalities to achieve psychological meaningfulness has other advo

cates. Harman (1967, p. 168) explained that "psychologists, more often, 

are concerned with the analysis of the total communality rather than the 

total variance of a given set of variables." 

Other factor analysts also note the need to relate factor ana

lytic technique to research goal. Guertin and Bailey (1970, p. 187) 

have provided the guidance that "if the only purpose of the factor 

analysis is to provide a reduction in the number of variables to be used 

for prediction or description, the principal components analysis is 
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appropriate...Serious problems arise when a principal components anal

ysis is examined to determine common-factor structures. 

Arguments about the relationship of factor analytic technique 

and research goal (Burt, 1949; Guertin and Bailey, 1970; Harman, 1967) 

have resulted in empirical investigations of the communality problem. 

Tyler and Michael reported that in most factor analytic studies of 

psychological variables the researcher desired knowledge of the under

lying dimensions of the observed data. They stated that "in the attempt 

to arrive at a parsimonious description of primary factors underlying a 

larger number of correlated variables one would ordinarily prefer to use 

estimates of communality (Tyler and Michael, 1958, p. 347)." Though the 

communalities should be used, they sought an approximation through the 

use of unities in the diagonal of the correlation matrix. They hypothe

sized similar factor structures when unities and communalities were 

used in the factor analysis of 12 physical growth and motor development 

variables with 70 subjects. They hypothesized that when the number of 

variables exceeded 20, the similarity of factor structure increased. 

Tyler and Michael (1958, p. 349) summarized the rationale of their 

empirical study: 

If the same psychologically meaningful factors can be isolated 
and if the loadings on a given factor show a high degree of 
similarity on corresponding tests in each of the pairs of fac
tor matrices being compared, then a certain amount of evidence 
will be available to suggest that unities may sometimes be used 
in place of communality estimates in the determination of both 
the dimensionality of a set of correlated observations and in 
the identifications of the psychological properties the dimen
sions represent. 

Particular emphasis is needed on the word "sometimes" in the preceding 

passage. This emphasis focuses the behavioral scientist's attention on 
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the key question concerning the exact conditions under which unities 

provided adequate approximations to the communalities. Did Tyler and 

Michael propose general use of unities if their hypothesis of similar 

factor structure was supported? A partial answer rested in their con

clusion: 

It would seem that for the type and number of variables employed 
and for the kind of sample studied one may conclude that unities 
may be used in place of coirmunality estimates without the risk 
of substantial distortion either in the determination of the 
number of meaningful conmon factors or in the degree of compara
bility in factorial structure (Tyler and Michael, 1958, p. 353). 

Tyler and Michael qualified their conclusions. The results referred to 

studies with the same type and number of variables and the same kind of 

subjects. Indeed, they noted some of the experimental variables which 

could influence the similarity of factor analytic results when unities 

and communalities were used. These included the size of the sample, the 

homogeneity of the sample, the degree of reliability of the correlated 

measures, and the relative amounts of actual common-factor and specific 

variance in the variables. These limitations on conclusions of the 

study did not indicate the extent to which the results could be 

generalized. 

There have been attempts to generalize the Tyler and Michael 

(1958) results. Specifically, Nunnally (1967, p. 355) stated, 

"fortunately, however, the diagonal cells of the correlation matrix 

usually make little difference in the number and kinds of factors 

obtained." Nunnally cited only the Tyler and Michael (1958) study as 

empirical evidence for his statement; he did not review the limitations 

of their study. Indeed, the Tyler and Michael (1958) study violated 
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Nunnally's own rule that "unless the number of subjects is at least ten 

times as large as the number of items, factor analysis can take great 

advantage of chance. Then what appear to be factors are only artifacts 

because of sampling error (Nunnally, 1967, p. 257)." Generalizations 

such as Nunnally's have led to confusion among behavioral scientists in 

the choice of diagonal entries. 

This matter of the diagonal entries of the correlation matrix 

for factor analysis received considerable attention from Harman (1967). 

Harman explained that principal components account for a maximum amount 

of variance of the variables. The first principal component is a linear 

combination of the variables constituting a maximum contribution to 

their total variance. Each succeeding principal component is indepen

dent of the others, and contributes maximally to the reduction of 

residual variance. The sum of the variances of all the principal compo

nents is equal to the sum of the variances of the variables. The number 

of principal components is equal to the number of variables. In an 

effort to distinguish between the principal component and principal fac

tor solutions, Harman (1967, p. 136) stated: 

All the variance of the variables is analyzed in terms of the 
principal components, while the communality is analyzed in 
terms of the common factors. Hence, the distinction comes from 
the amount of variance analyzed - the numbers placed in the 
diagonal of the correlation matrix. Analysis of the correla
tion matrix, with ones in the diagonal, leads to principal 
components, while analysis of the correlation matrix with com-
munalities leads to principal factors. 

Harman (1967) recognized that the determination of the diagonal 

entries had plagued factor analysts since the discovery of multiple 

factor methods. Harman also viewed the communalities as the basic 
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quantities to be analyzed. He viewed the choice of coiranunality esti

mates to be dependent on available computational facilities and the 

intuition of the investigator. The following guidance was offered: 

As a saving grace, there is much evidence in the literature 
that for all but very small sets of variables, the resulting 
factorial solutions are little effected by the particular 
choice of "communalities" in the principal diagonal of the 
correlation matrix (Harman, 1967, p. 83). 

It is informative to note that the earlier edition of Harman's text 

included the statement, "the resulting factorial solutions are little 

effected by the use of 'communalities' or unities in the principal diag

onal of the correlation matrix (Harman, 1960, p. 86)." This statement 

in the earlier edition indicated the close approximation of factor solu

tions with unities and communalities in the diagonal elements. It is 

apparent this position had changed in the succeeding edition (Harman, 

1967). However, the existence of different factor solutions for dif

ferent diagonal entried was not completely recognized by Harman. This 

lack of recognition was contained in his statement: 

It has been argued, and substantiated by empirical evidence, 
that it matters little what values are placed in the principal 
diagonal of the correlation matrix when the number of variables 
is large (say, n > 20). In such a case the actual arithmetic 
impact of these few diagonal values in relation to the many 
numbers off the diagonal is so small that the factorial results 
are not affected very much. Of course, this is a specious 
argument which would not stand up under a rigorous statistical 
test were one available (Harman, 1967, p. 85). 

Interestingly, Harman previously cited "much evidence in the literature 

(1967, p. 83)" to support his position on the choice of communalities. 

He followed with the citation "substantiated by empirical evidence 

(1967, p. 85)" to support his argument on the irrelevance of the diag

onal entries. No specific citations were included in either the first 



edition (Harman, 1960) or the second edition (Harman, 1967) of the text. 

In the spirit of scientific investigation, it would have benefited the 

behavioral sciences if Harman had shared this bountiful evidence con

tained in the literature. 

In an effort to explain the relationship of factor analytic 

technique and research goal, Guertin and Bailey (1970, p. 147) observed: 

The investigator must be clear as to what he wants to learn 
from the analysis so he can choose the appropriate R as data 
input. With different input the output will be different. 
These cautions are often disregarded by investigators who put 
in total variance data and then inspect the output only for 
information about common variance. 

Their observation emphasizes the importance of a clear, specific re

search purpose. When the goal of research is explicit, a proper factor 

analytic technique can be chosen. In order to illustrate the possible 

misapplication of factor analytic techniques in the literature, studies 

seeking underlying dimensions of variables via the principal component 

method are included in Appendix A. These studies are a sample of 

similar studies found in a review of research in the behavioral sciences. 

No attempt was made to compile an exhaustive file of studies examining 

underlying dimension of variables through the principal component method. 

Statement of the Problem 

In order to contribute information toward the clarification of 

the communality problem, the following problems were investigated: 

1) What is the degree of factor structure similarity between a 

factor analysis performed with unities in the diagonal of the correla

tion matrix and the known factor structure? 
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2) What Is the degree of factor structure similarity between a 

factor analysis performed with communalities in the diagonal of the cor

relation matrix and the known factor structure? 

3) Is the degree of factor structure similarity in factor 

analyses performed with a) unities and b) communalities as the diagonal 

entries of the correlation matrix dependent on the subjects to item 

ratio? 

4) For sample size of 120, what is the degree of factor struc

ture similarity for a) observed and b) random data when unities are 

diagonal entries of the correlation matrix? 

5) For sample size of 120, what is the degree of factor struc

ture similarity for a) observed and b) random data when communalities 

are the diagonal entries of the correlation matrix? 

Definitions 

1) Common variance - "that portion of the reliable variance 

which correlates with other variables (Fruchter, 1954, p. 45)." 

2) Specific variance - "that portion of the reliable variance 

which does not correlate with any other variable (Fruchter, 1954, p. 45)." 

3) Error variance - "the chance variance due to errors of 

sampling, measurement, unstandardized conditions of testing, physiolo

gical and other changes within the individual, and the host of other 

influences which may contribute to unreliability. It is assumed to be 

uncorrelated with the reliable variance (Fruchter, 1954, p. 45)." 



4) "Communality of variable j is the sum of its independent 

2 
common variances and is represented by the symbol hj (Fruchter, 1954, 

p. 47)." 

5) "Uniqueness of variable j is that portion of the total 

variance which it does not have in common with any other variable and is 

2 
represented by the symbol u (Fruchter, 1954, p. 47)." 

6) Rank of a correlation matrix corresponds to the number of 

common factors or linearly independent principles necessary to describe 

the dependencies among the variables, i.e., the dimensions of common 

factor space (Guertin and Bailey, 1970). 

7) Principal axes method - location of the first factor so as 

to maximize the sum of the squares of its factor loadings. Each suc

ceeding factor is located in the same manner with respect to the 

residual matrix from which it is computed. Communalities appear as 

diagonal entries of the correlation matrix (Guertin and Bailey, 1970, 

p • 61) • -

) 
8) Principal component method - the principal axes method with 

\ 
unities in the diagonal entries of the correlation matrix (Guertin and 

Bailey, 1970, p. 148). 

Limitations 

The sample for the present study was 300, and the number of 

variables was 30. Several subjects to item ratios were utilized, but no 

attempt was made to analyze results for a sample larger than 300. While 

an investigation into factorial results with varying numbers of 
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variables was desirable, economy dictated a constant number of variables 

throughout the investigation. 

The use of orthogonal rotation in the investigation precluded 

direct comparisons with factor solutions followed by oblique rotation. 

However, the research literature indicates a widespread use of ortho

gonal rotation. In view of this, it seems appropriate to adopt this 

rotation method in an investigation of current research. 

The inclusion of a known factor structure in this investigation 

as a reference for the factor analytic solutions was a subjective 

decision. In factor analysis, there is no "true" or "correct" solution. 

The reference factor structure had the purpose of serving as a guide

line. The reader may decide the extent of the reference factor struc

ture's validity. However, consideration was given to the stability of 

the reference factors across several studies (Coan, Hanson, and Dobyns, 

1972; Hanson, 1970). 

Summary 

The problem of choice of factor analytic technique commensurate 

with research goal has not been widely studied. A facet of this problem 

concerns the choice of the diagonal entries of the correlation matrix 

prior to factor analysis. Arguments on the choice of diagonal entries 

have appeared in the literature. The investigation of the appropriate 

diagonal entries of the correlation matrix was the subject of this 

investigation. The principal component and the principal axes solutions, 

which differ only in choice of diagonal entries, were compared, and each 

was examined in reference to a known factor structure. 



CHAPTER II 

REVIEW OF LITERATURE 

The study of factor analytic technique as a function of research 

goal requires investigation into many facets of factor analysis. Since 

the focus of the study was a comparison of the principal component and 

principal axes factor analytic methods, the development of these methods 

was reviewed. In addition, the purposes and the statistical bases of 

factor analysis were investigated because the differences among factor 

analytical techniques have stemmed from their purposes and statistical 

bases. Finally, the topics of factor invariance and factor similarity 

measures were reviewed. 

Definitions of Factor Analysis 

The development of factor analysis was based primarily on the 

need of simplification of complex phenomena. This simplification was 

closely aligned to the scientific method's goal of parsimony. Thurstone 

(1935, p. 44), coninented on this reduction of complexity when he stated, 

"it is the faith of all science that an unlimited number of phenomena 

can be comprehended in terms of a limited number of concepts or ideal 

constructs...the constructs in terms of which natural phenomena are 

comprehended are man-made inventions.11 Thurstone combined his desire 

for parsimony with factor analysis when he explained the principal con

cern of factor analysis was "to discover an underlying order to be 

13 
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described in terms of meaningful parameters which should represent 

scientific concepts (Thurstone, 1945, p. 188)." 

This perspective of factor analysis is shared by others. Harman 

(1967) described factor analysis as a branch of statistical science which 

served "to provide mathematical models for the explanation of psycholo

gical theories of human ability and behavior (Harman, 1967, p. 3)." 

He closely paralleled Thurstone's comment on factor analysis because 

"the principal concern of factor analysis is the resolution of a set of 

variables linearly in terms of (usually) a small number of categories or 

' factors'... Thus, the chief aim is to attain scientific parsimony or 

economy of description (Harman, 1967, p. 4)." Burt (1937) reviewed 

factor analysis as a means of reducing numerous measurements of empirical 

characteristics to the "fewest, simplest, most discriminative factors." 

Factor analysis was described by Cattell (1965, p. 190) with the aim of ' 

explaining "observed relations among numerous variables in terms of 

simpler relations." 

While the preceding definitions of factor analysis clarifies 

the purpose of achieving parsimony in a world of complex natural pheno

mena, they do not describe what was to be simplified. Specifically, 

this refers to the question whether total variance or common variance 

should be factor analyzed. Factor analysis made it possible to reduce a 

large number of variables to a small number of underlying common factors 

(Vernon, 1961). This required that common variance, not total variance, 

be analyzed. This view was proffered by Weiss (1970, p. 478): 

In factor analysis, common variance becomes fractionated, or 
distributed among the factors. Factor analysis, therefore, is 

indicated when a researcher desires to study the structure of 



a set of variables in terms of how the connnon variance . of a 
variable distributes itself across a number of basic dimen-
sions. 
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The unique variance does not correlate with other variables. This pre-

eludes its appropriateness to most factor analytic methods. Wrigley 

(1957, p. 81) agreed with Weiss that the unique variance which was comr 

posed of specific variance and error variance was not appropriate to 

factor analysis: 

These two contributions to the total variance - the specific and 
error variance - not only introduce further factors of no psy
chological interest, but may even become confounded with the 
cooonon variance, thereby confusing the descriptions of factors 
having psychological relevance. Hence, it is connnonly argued 
that the factorist should restrict his analysis to the common 
factor variance. 

The statements of Vernon (1961), Weiss (1970), and Wrigley (1957) empha-

sized that the function of factor analysis should be to reduce the 

common variance to simpler dimensions with the goal of scientific parsi-

mony. 

Linear Model for a Statistical Variable 

The simplest mathematical model for describing a variable in 

terms of several other variables is the linear model (Harman, 1967). 

The basic definition of factor analysis provides for the description of 

a variables in simpler terms. This description was assumed to adhere to 

the linear model. In accordance with the assumption of linearity, 

Overall (1964, pp. 275-276) described factor analysis as "a procedure 

for obtaining from a large set of correlated measurements a relatively 

small set of uncorrelated, psychologically ~eaningful linear components 

which account for most of the variance in the larger set." 
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The basic factor analytic linear model describes each variable 

as a unique factor plus the sum of each common factor multiplied by a 

coefficient. The common factors account for the correlations among the 

variables while the unique variance accounts for the remaining variance 

of that variable. The coefficients of the factors are referred to as 

factor loadings. Harman (1967) considered the basic problem of factor 

analysis to be the determination of the coefficients, or factor loadings, 

of the common factors in the linear expression of each variable. 

Variance Components 

The total variance of a variable can be subdivided into three 

types of variance: common, specific and error. The common and specific 

variances constitute the reliable variance which usually appear in the 

form of the reliability coefficient. The common variance is the portion 

of reliable variance which correlates with other variables. Specific 

variance includes the reliable variance which does not correlate with 

other variables. The last component of total variance, the error 

variance, is random variance which is assumed to be uncorrelated with 

the reliable variance. Factor analysis analyzes the common variance to 

ascertain the common factors which explain the correlations among 

variables. The total variance of a variable is represented by the sum 

of the separate common variances, specific variance, and error variance. 

This represents the additive assumption of factor analysis that the 

total variance of a variable is the sum of its component variances 

(Fruchter, 1954). 
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The communality of a variable is the sum of its independent 

common variances. The uniqueness of the variable is the total variance 

minus the communality. The uniqueness is that portion of the total 

variance which a variable does not have in common with any other 

variable. The communality is also the sum of the squared factor load

ings of the orthogonal common factors which are a part of the linear 

description of the variable. These loadings are the coefficients men

tioned in discussion of the linear model. 

The factor loadings are not uniquely determined. Given a set of 

correlations of a set of variables, systems of orthogonal factors can be 

chosen consistent with the observed data in an infinite number of ways 

because factor analysis establishes a common factor space with as many 

dimensions as there are common factors. However, factor analysis does 

not determine the frame of reference which would exactly position the 

factors. The frame of reference can be rotated in an infinite number 

of ways, and there are an infinite number of solutions to the problem of 

establishing the factor loadings (Harman, 1967; Thurstone, 1947). 

Now that the basis for defining a variable in terms of common 

variance has been explained and the communality of a variable has been 

defined, the next topic concerns the problem of establishing estimates 

of the communalities in factor analysis. 

Communality Problem 

The factor analyst who wishes to factor analyze only the common 

variance of a set of variables is confronted with a dilemma. The problem 

focuses on what values are to be placed in the diagonal elements of the 
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correlation matrix prior to factor analysis. These entries are the 

communality estimates which replace the unities in the diagonal. Unities 

are originally present in the diagonal of a correlation matrix because 

any variable correlates perfectly with itself. However, the factor 

analyst who wishes to factor analyze the common variance does not wish 

to analyze the total variance. Because each variable's communality is 

not known in advance, an estimate has to be made. 

The nature of the communality has been recognized by many factor 

analysts (Guertin and Bailey, 1970; Guttman, 1954; Harman, 1967). The 

dimension of common factor space is equal to the rank of the reduced 

correlation matrix. The rank is the number of common factors needed to 

describe the correlations of the variables. In other terms, the rank of 

a correlations matrix is the largest, non-vanishing minor. The rank is 

affected by the diagonal elements of the correlation matrix. The 

diagonal values determine the portions of the total variance to be 

factored. The communalities are the basic quantities to be analyzed, 

but there is not a priori knowledge of the communalities. The communal

ity problem has been summarized by Harman (1967, p. 77): 

The problem of determining communalities classically has been 
put in the form: How much can the rank of the n*-*1 order cor
relation matrix be reduced by a suitable choice of diagonal 
value (communalities)? If m is the rank of the reduced cor
relation matrix then m is the smallest number of common 
factors necessary to account for the intercorrelations...; and 
if m can be reduced by the choice of communalities, then the 
number of required factors can be reduced and greater parsimony 
achieved. 

When the communalities are chosen optimally, the factor analyst is able 

to reproduce a correlation matrix. When unities are used in the diagonal 

both the correlation matrix and individual test scores can be reproduced. 
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The Inadequacy of the factor analysis which places communalities 

in the diagonal elements is the existence of alternate sets of communal

ities which satisfy the statistical requirements of the factor analytic 

model (Rozeboom, 1966; Wrigley, 1957; Zwillinger, 1967). Harman (1967) 

stated that no method of estimating communalities has been demonstrated 

to lead to minimal rank of the correlation matrix. In addition, even if 

the rank of the correlation matrix is fixed, the communalities may not 

be uniquely determined (Lederman, 1937). These are some of the inade

quacies of the factor analysis of common variance in the correlation 

matrix. The deficiencies have been collectively labelled the communal-

ity problem. There have been many attempts to overcome these 

deficiencies. 

Solutions for the Communality Problem 

There are many widely advocated estimates of communalities. 

Thurstone (1947) utilized the largest correlation in each column of the 

correlation matrix as a communality estimate for the diagonal element in 

that column. This was considered permissible with a large number of 

variables (Harman, 1967). However, Guertin and Bailey (1970) consider 

this estimate theoretically indefensible. This estimate assumes there 

is another variable very similar to the one for which the estimate is 

sought. The largest correlation in a column of the correlation matrix 

lacks precision since it is dependent on the reliability of a single 

correlation coefficient. 

A second estimate includes the two variables (B and C) with 

the highest correlations with the variable (A) whose communality is to 
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be estimated. The estimate is the product of the correlations (rABrA(P 

divided by the correlation between the two variables (rBC)* While 

this has more merit than the highest correlation in each column, it is 

still subject to the unreliability of the correlations and the degree of 

similarity of the variables. 

Another method of estimating communality is the average of all 

the correlations of the variable with each of the remaining variables in 

the correlation matrix. 

The squared multiple correlation coefficient (SMC) has also been 

proposed as an estimate of communality (Guertin and Bailey, 1970; Guttman, 

1956; Harman, 1967; Irwin, 1966; Roff, 1936; Wrigley, 1957). The SMC was 

found to be the lower bound of the communality (Guttman, 1957). The SMC 

measures the variance common to a variable and the other variables in 

the correlation matrix; the communality measures the variance common to 

a variable and the factors resulting from the other variables in the 

correlation matrix (Harman, 1967). Roff (1936) introduced the SMC, and 

it was documented by Dwyer (1939) and Guttman (1956). The estimate 

provided by SMC equals the communality when the minimum rank of the 

correlation matrix is attained. The estimate approaches the communality 

if the ratio of the number of common factors to the number of subjects 

approaches zero while the number of subjects approaches infinity. 

Guertin and Bailey (1970) reported correlations of communalities and 

SMC estimates of .98 and .89 in two separate studies. 

The SMC estimates are adequate, but there are shortcomings. For 

example, the SMC is influenced by the sample size. It was found that 

larger samples produced smaller SMC estimates relative to the communality 
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value. Sample size 25 gave an SMC estimate which was 95% of the 

communality while sample size 200 subjects gave an SMC estimate that was 

75% of the communality. 

The SMC is also dependent on the number of variables. A large 

number of variables provides the opportunity for random error to produce 

low instead of zero correlations between the variable and the remaining 

variables (Guertin and Bailey 1970). This causes an inflation in the 

value of the SMC. These shortcomings of the SMC as an estimate of the 

communality have not seriously curtailed its use among factor analysts. 

A solution to the communality problem which is considered 

superior to the SMC estimate is interation by refactoring (Harman, 1967). 

This procedure involves the initial factor analysis with an arbitrary 

communality estimate. This estimate -is often the SMC. Iterative 

estimates of communalities for the succeeding factor analysis are 

obtained by summing the squared factor loadings from the first solution 

for each variable. These are then inserted as the diagonal values of 

the second factor analysis using the same off-diagonal correlations in 

the matrix. The iterative procedure continues until the new and old 

communality estimates converge to a specified criterion. This iterative 

approach to communality estimates is widely used in many factor analytic 

solutions employed in the behavioral sciences. However, the decision to 

use unities or arbitrary estimates of the communalities to initiate the 

first factor solution must be subjectively made by the factor analyst. 
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Development of the Principal Component 
and Principal Axes Methods 

A procedure for the reduction of a large body of data with maxi

mization of extracted variance was proposed by Karl Pearson in 1901 

(Harman, 1967). Harold Hotelling (1933, 1936) fully developed this 

procedure as the principal component method. The distinguishing prop

erty of this method is that each component makes a maximum contribution 

to the sum of the variances of the variables in the correlation matrix. 

The total variance of each variable is considered common variance with 

no provision for unique variance. This assumption leads to unities in 

the diagonal of the correlation matrix. With the principal component 

method, the first principal component is that linear combination of the 

variables which accounts for a maximum amount of variance of the vari

ables in the correlation matrix. The second principal component is 

independent of the first principal component. It accounts for a maxi

mum amount of variance in the residuals in the correlation matrix after 

extraction of the first principal component. This procedure continues 

until the total variance in the correlation matrix is accounted for by 

principal components. The sum of the variances of all the principal 

components is equal to the sum of the variances of the original vari

ables . 

The principal component method was first applied to analyze a 

matrix with communalities in the diagonal by Thomson in 1934 (Harman, 

1967). Thomson's efforts introduced the procedure developed through 

the work of Karl Pearson, Thurstone and Hotelling to the classical fac

tor analysis model. While Hotelling considered the total variance as 
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common to the principal components, the classical factor analysis model 

considered total variance a sum of several variance components. These 

were common, specific and error variances. The application by Thomson 

of the principal component method to the classical factor analysis model 

necessitated use of a reduced correlation matrix. This matrix had com-

raunalities in the diagonal in place of unities which were included in 

Hotelling's method. 

The important distinction between the principal component and 

principal axes methods rests on the factor analysis models which provide 

the bases for their development. The principal component method con

siders each variable composed of components which include a part of the 

total variance. In essence, the total variance is considered common to 

all the components. There is no provision for unique variance. Princi

pal axes method subscribes to the classical factor analysis model. This 

model proposes each variable as a sum of common, specific, and error 

variance. This common variance or communality is analyzed into princi

pal axes or common factors. 

In summary, the basic distinction between the methods of princi

pal components and principal axes derives from the amount of variance 

analyzed. The amount of variance is indicated by the numbers placed in 

the diagonal of the correlation matrix. Analysis of the correlation 

matrix with unities in the diagonal leads to principal components while 

analysis of the correlation matrix with communalities in the diagonal 

leads to principal axes or common factors. 

The method of factor analysis with communalities in the diagonal 

of the correlation matrix has been called the principal factors method. 
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However, the procedure has more commonly been called the principal axes 

method. Guertin and Bailey (1970) recognized the confusion about the 

name of factor analysis lrlth communalities in the diagonal of the cor

relation matrix. They prefer the term principal axes. They clearly 

label the principal axes method with unities in the diagonal as the 

principal component method. Kerlinger (1973) refers to factor analysis 

with either communalities or unities in the diagonal of the correlation 

matrix as the principal factors method. Harman (1967) prefers this 

label only lvhen communalities are used. Harris (1975) has placed the 

principal component method in a separate chapter entitled principal 

component analysis. This chapter concerns the analysis of the correla

tion matrix with unities in the diagonal. He devotes a separate chapter 

to factor analysis which is any analysis of the correlation matrix with 

communalities in the diagonal. Basically, Harris is excluding the 

principal component analysis from factor analysis to emphasize their 

differences in choice of diagonal entries in the correlation matrix. 

Evaluation of the Principal Component Method 

When unities are placed in the diagonal of the correlation 

matrix, the principal component method produces a number of components 

equal to the number of factors. Cattell (1965) stated this principal 

component solution was preferred since it is simple and elegant. It 

gives factor loadings which restore the correlation matrix, and gener

ates factor scores which exactly reproduce the test performance scores 

on the variables in the study. If the only purpose of a factor analysis 

is to provide a reduction in the number of variables to be used for 
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prediction or description, the principal component method is appropriate 

(Guertin and Bailey, 1970). This description means a precise, mathe

matical transformation of the original data. This description does not 

mean the production of psychologically meaningful descriptive entities. 

Nunnally (1967) advocates placing unities in the diagonal of the 

correlation matrix prior to factor analysis. He prefers unities because 

the actual correlation of any variable with itself is unity. Nunnally 

reasons that if a factor loading is defined as the correlation of a 

standardized variable with a standardized linear combination of a set of 

variables, the computation of the factor loading is the correlation of 

sums which computationally requires that unities be placed in the diago

nal of the correlation matrix. If unities are not placed in the 

diagonal, the factor analyst would not be correlating an actual variable 

with a linear combination of actual variables. When communalities are 

placed in the diagonal, hypothetical factors are derived which can only 

be estimated from the actual variables. The use of unities, however, 

does not disentangle common variance and unique variance. Nunnally's 

proclivity toward mathematical exactness engendered advocation of the 

principal component method. Roff differed from Nunnally and stated 

"when raw correlation coefficients are used, no test can have acommunal-

ity of unity because of the presence of an error factor (Roff, 1936, 

p. 5)." 

Thurstone (1935, p. 130) commented at length concerning the 

appropriateness of the principal component method to produce psychologi

cally meaningful factors: 



To record unity in the diagonal cells of FQ implies that the 

total variance of each trait is to be described by common 
factors. It has been shown that the intercorrelations of n 
traits can always be accounted for exactly by n common fac
tors.. .Any solution in which the intercorrelations of n tests 
are accounted for exactly by n common factors must be an 
artifact as far as the psychological problem is concerned, 
because it is definitely known that each test has some unique 
variance...As far as the psychological problem is concerned, 
such a solution is not acceptable. 

Wrigley (1957) has also recognized the possible confounding of common 

and unique variance with the principal component method. Wrigley 

suggested that the results of principal components be termed "near 

specifics" instead of factors. The principal component method neglects 

to take into account unique variance. This led Kellogg (1936, p. 590) 

to conclude "whatever method of factor analysis is employed, the accu

racy of the results will depend upon the degree to which the diagonal 

entries in the correlation matrix approximate the communalities." 

This means that only in the case of the complete absence of specific and 

error variance from a set of variables, could the principal component 

method be permissible. To emphasize the serious nature of placing 

unities in the diagonal of the correlation matrix, one factor analyst 

has warned that "the trick of putting ones in the diagonals, though 

comforting in accounting fully for the variance of variables, perpetu

ates a hoax, for actually it really drags in all the specific factor an 

error variance...to inflate specious, incorrect common factors (Cattell, 

1965, p. 201)." 

Guertin and Bailey (1970) have considered the principal component 

method's blurring of common variance and unique variance in the compo

nents. The first component extracted is largely common variance while 



components extracted late in the method are almost wholly unique. In 

between, unique variance combines with common variance to comprise a 

moderately sized component. The rotation of principal components pro

duces inflated loadings due to the existence of both common and unique 

variance in the components. The rotated components, at best, give only 

an approximate picture of common factor structure. The inability of 

the principal component method to adequately produce the common factor 

structure influenced Harris (1964, p. 197) to decide: 

Essentially, principal component analysis is a descriptive 
procedure yielding uncorrelated derived variables that are 
dependent upon the scale values used in the analysis. I prefer 
not to call this factor analysis. Thus, in my terms, one who 
extracts the principal components of R corresponding to the 
roots or eigenvalues greater than unity is not performing a 
factor analysis. 

There have been few studies which compared the principal compo

nent method with other factor analytic methods. Rao (1955) concluded 

that the principal component method had nearly the same relative magni

tude of factor loadings as any effective method of factor analysis when 

the communalities were very nearly equal for all variables in the cor

relation matrix. Harris (1975) agrees with this position. The Thurstone 

method of multiple factors was found superior to the principal component 

method "for all problems requiring the determination of elemental 

components from a group of related variables (McCloy, Metheny, and Knott, 

1938, p. 61)." In a comparison of principal component and principal 

axes methods, Centra (1972) analyzed 53 variables which included 

students' perceptions and self-reports, and institutional data. Centra's 

study of 103 four-year colleges resulted in ten factors from the princi

pal component method, and six factors from the principal axes procedure. 
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The first four factors from each method were interpreted to be identical. 

Guertin (1971) analyzed an eight variable problem of human body measure

ments for 305 subjects. Guertin found the principal component and 

principal axes methods were "fairly close" on the first factor, but not 

on the second factor. It was concluded that "the size of the difference 

depends upon the size of the communality inherent in the particular data. 

With this high communality problem the differences between the loadings 

for the two solutiosn will be smaller than those for a problem based 

upon less reliable measures (Guertin 1971, p. 602)." 

The Counseling Evaluation Inventory was factor analyzed by Haase 

and Miller (1968). The responses of 897 college subjects were factor 

analyzed by the principal component and principal axes methods. The 

principal component solution produced four factors while the principal 

axes method resulted in two factors. There was no criterion for compar

ing the solutions. Hollenbeck and Kaufman (1972) performed principal 

component and principal axes factor analyses on the Wechsler Preschool 

and Primary Scale of Intelligence. Three groups of 400 subjects were 

used in the comparison. Both methods produced two factors, and "the 

results from using the different factor-analytic procedures were quite 

similar (Hollenbeck and Kaufman, 1972, p. 37)." No criterion was given 

for the comparison of methods. The correlation matrix of 47 personality 

and ability measures based on the responses of 439 subjects was analysed 

with the principal component and principal axes methods (Howard and 

Cartwright, 1962). In each case 17 factors resulted. The principal 

component method and the principal axes method with squared multiple 

correlation coefficients as communalities were compared through the 
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intercorrelation of the factor solutions. The unrotated factors of the 

two solutions ranged in correlations from 1.00 to .47. The investigators 

concluded that "it is left to the individual E to make an educated 

guess as to the best communality estimate for his particular matrix 

(Howard and Cartwright, 1962, p. 797)." 

Ramsey (1970) factor analyzed 18 items of age levels V, VI and 

VII of Form L-M of the Stanford Revision of the Binet Scale which was 

published in 1960. The principal component and principal axes methods 

were performed on data from 600 subjects. Six factors resulted from 

each method. The solutions were compared with Tucker's coefficient of 

congruence and Cattell's salient variable similarity index. Ramsey 

found no difference in the solutions. Two groups of sample sizes 100, 

150 and 300 were drawn by Ramsey from the total sample. Again, the 

principal component and principal axes solutions were performed at each 

sample size. Ramsey concluded these solutions were similar through use 

of Cattell's salient variable similarity index. However, fewer reliable 

factors resulted with decreasing sample size. A final comparison study 

(Twery, Schmid, and Wrigley, 1958) factor analyzed the 21 item Job 

Satisfaction Inventory from the responses of 467 subjects. Both the 

principal component and principal axes methods yielded seven factors. 

The investigators felt each solution furnished the same classification 

of items into groups. 

The evaluation of the principal component method is difficult 

due to the wide range of attempts to critique the method. One problem 

in the comparison of the principal component method with other factor 
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analyses is the inconsistent application of the concept of factor 

invariance, and the absence of measures of factor structure similarity. 

Factor Invariance 

In general, definitions of factor invariance focus on factor 

structure reliability or stability. Harman (1967, p. 272) postulated 

"invariance as used in the context of rotation to a preferred multiple-

factor solution requires that the factorial description of a variable 

must remain the same when it is part of one battery or another which 

involves the same common factors." The invariance of a factor also 

seemed necessary when the same variables were factor analyzed by differ

ent methods. Harsh (1940) observed the reliability of a factor depended 

on the magnitude of the observed correlations, the size of the sample, 

the number of variables, the errors in estimating the communalities, 

and the total variance in all the variables accounted for by the factor. 

Another influence on the invariance of a factor is the size of the com-

munality. Cliff and Pennell (1967) felt the comraunality was more 

important than the size of the factor loadings as a determiner of factor 

stability. They concluded "the important characteristic of a matrix of 

a given size is the communalities of the tests. Higher communalities 

mean not only greater stability for the loadings of specific tests but 

also lead to stronger factors which mean that the stability of all the 

loadings is improved (Cliff and Pennell, 1967, p. 325)." 

The invariance of factor structure is always questionable because 

"a factor once found remains merely a hypothesis about a pattern; it is 

verified only after the pattern has been found again in well-defined 



31 

circumstances (Cattell and Baggaley, 1960, p. 33)." The limits on an 

investigation of factor structure invariance was described in the follow

ing manner: 

Strictly speaking, no factor derived from one sample can be 
mathematically the same as one derived from another. Our 
assumption is merely that a certain 'real' influence or dimen
sion of variation, affecting several variables, is at work in 
both samples: and we are asking whether the two patterns could 
be considered as due to this same influence operating in both 
cases (Cattell and Baggaley, 1960, p. 34). 

While precise comparison of factor structures as a measure of invariance 

has limitations, it is possible to determine whether the same "real" 

influences are operating in two factor solutions. Occasionally, however, 

invariance is found by the very imprecise means of comparison of the 

number of factors in two factor analyses. Overall (1964) performed two 

principal component analyses on twelve variables derived from the height, 

width and thicknesses of books. There were 100 books analyzed in each 

solution. One principal component analysis produced three factors while 

the second resulted in four factors. The conclusion stated "the point 

is that in two different analyses of complex measurements of the same 

physical objects different numbers of factors were found. Thus, it 

appears that neither the number nor the nature of primary factors has 

inherent relationship to the true conceptual dimensions of the objects 

being measured (Overall, 1964, p. 273)." While Overall attempted to 

measure factor invariance, his effort lacked an understanding of the 

means of assessing factor stability. Armstrong and Soelberg (1968) 

examined the need of factor reliability in the literature, and recom

mended methods with more sophistication than Overall's procedure. 

Armstrong and Soelberg (1968) reviewed 46 studies from six journals and 



found two thirds of the studies had no measure of factor reliability. 

They proposed three methods of assessing factor stability: split 

samples, a priori model, and a Monte Carlo simulation. The split . 

sample method conducts separate factor analyses on different segments 

of the total sample. The resulting factor structures are then inter-

correlated. The a priori model requires postulation of the number of 

factors within a set of variables, the degree of the loadings, the vari

ables loading on a given factor simultaneously, and the relationships 

among factors. A factor analysis is performed on the data, and the 

results are compared to the postulated characteristics. In the Monte 

Carlo simulation, factor analyses are performed on the observed data 

and on a set of random data. The investigator then examines the number 

of factors, the variance accounted for, and the average factor loading, 

and then formulates conclusions. 

Factor invariance is an important facet of investigation involv

ing factor analysis. Unfortunately, the need of a measure of factor 

stability is ignored in many studies. It is also disappointing that 

the factor analysts can not agree on an index of factor structure 

similarity. 

Indices of Factor Structure Similarity 

Originally, factor analysts trusted their own judgment in the 

comparison of factor loadings from different factor analyses. The 

experience and skill of the factor analyst is not completely discounted; 

however, the practice of employing only individual judgment in the com

parison of factor solutions is open to criticism. Peterson (1965, p. 51) 
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outlined the procedure for estimation of factor structure similarity: 

The invariance of factors can be examined in a number of ways. 
The most common procedure involves a combination of inspection, 
intuition and preconception. The investigator gazes thought
fully at the salient variables, and decides whether one factor 
'appears' to be the same as another and should be labelled 
accordingly. The criteria are seldom explicit, and weights and 

interactions are unknown. 

This procedure is prevalent in the area of factor analysis. Harman 

(1967, p. 269) commented that "generally, rough methods of inspection 

and personal impressions are offered as the basis of 'identification'." 

Though the use of judgment is widespread, this practice is not accept

able to all factor analysts. Cattell and Baggaley (1960) stated that 

factors could not be compared by mere inspection and impression. They 

argued that factors matched by intuitions about their identity were no 

more than an "endemic subjectivity-illusion of psychologists." Without 

doubt, there is a need for a more rigorous procedure for establishing 

factor structure similarity between different factor analytic solutions. 

Harman (1967) has described two means of comparing two solu

tions derived from the same correlation matrix. The procedures utilize 

matrix mathematics. One means of comparison operates on the coordinates 

of the points representing the variables in the two solutions. Because 

the configuration of points remains constant, equations are derived to 

transform the coordinates of one solution into the coordinates of the 

other solution. Through inspection of the weights of each coordinate 

in the equations, one could estimate which coordinates in one solution 

contribute most to a given coordinate in the other solution. The 

second means of comparison suggested by Harman (1967) involves the 

relationships among the factors themselves. This focuses on the column 
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used in the first procedure. These vectors express the factor weights 

for any variable in one solution linearly in terras of the factor 

weights of the other solution. The second procedure employs factors 

instead of variables in order to assess the contribution of the factors 

of one solution to the variance of each factor in the other solution. 

In addition, the equations developed by this procedure are used to 

estimate the measurements of each factor in one solution from known 

measurements of the factors in the other solution. The equations are 

examined by the factor analyst to judge which factor contributes most to 

another given factor. Matrix mathematics were also employed by Pinneau 

and Newhouse (1964) in measurement of invariance and comparability in 

factor analyses for fixed variables. They utilized factor scores from 

the two factor analytic techniques, one matrix of original scores, and 

the factor matrices. 

Other indices used in the factor analysis literature included 

the standard deviation (Harman, 1967), the interclass'correlation 

(Rosenblatt, 1969), the parallel proportional profile (Cattell, 1957), 

the salient variable similarity index (Cattell, 1949a, 1953), the index 

of invariant shape (Cattell, 1949b), the coefficient of pattern simi

larity (Cattell, 1949b), and Tau (Kendall, 1948). Another index was 

the coefficient of congruence (Tucker, 1967) which was the same as 

Burt's adjusted correlation (Leyden, 1953) and the degree of factorial 

similarity index (Wrigley and Neuhaus, 1955). The coefficient of con

gruence has been used in recent investigations (Ramsey, 1970; Roach, 

1972). The formula for the coefficient of congruence is similar to 
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the product-moment correlation coefficient. However, it is not a cor

relation. The numerator involves the cross-products of factor loadings 

instead of deviations from their respective means. 

Cattell and Jaspers (1967) commented that the coefficient of 

congruence could attain-.70, but only under strict conditions. The 

magnitude of the measure also received attention from Harman (1967, 

p. 270) who stated that "it is evident that the coefficient of con

gruence will be high so long as there are factor weights with like 

algebraic signs in the two solutions." 

A measure of factor structure similarity which has received 

much attention is product-moment correlation coefficient (Barlow and 

Burt, 1954; Burt, 1940; Cattell, 1955; Fiske, 1948; Guertin and Bailey, 

1970; Howard and Cartwright, 1962; Nunnally, 1967; Peterson, 1965). 

Cattell (1955) compared 150 factors with the product-moment correlation 

coefficient and the salient variable similarity index. Cattell found 

19 underlying dimensions, and concluded the product-moment correlation 

coefficient was the more sensitive measure of factor similarity. 

Peterson (1965) has suggested a comprehensive use of the product-

moment correlation coefficient as a means of intercorrelating factor 

loadings. Peterson proposes a matrix with the factors of one solution 

placed across the top of the matrix and the factors of the other solu-

tion placed down the side of the matrix. Each factor is correlated 

with all factors of the other solution. (This method is described 

more completely in Chapter Three) . 
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Summary 

The topic of factor analysis was examined from basic definitions 

of the technique, through its methodology, to indices of factor struc

ture similarity. This review of literature on factor analysis 

necessitated a coverage of great breadth and depth. The complexity of 

this statistical technique and the debate over its application required 

extensive treatment in order to present the issues of contention and 

their status in the literature. Such a review reinforces the belief 

that no one correct factor analytic technique exists. There is a need 

to know how the choice of technique affects the resulting solution. 



CHAPTER III 

DESIGN OF THE STUDY 

The problem of choice of factor analytic technique has con

fronted the behavioral scientist in his research efforts. In 

particular, the choice of the diagonal elements of the correlation 

matrix has been a focus of debate among factor analysts. If unities 

are placed in the diagonal of the correlation matrix, the solution is 

termed a principal component factor analysis. When the diagonal • 

elements are the communalities, a principal axes solution results. The 

question remains whether factor analytic results utilizing unities and 

communalities in the diagonal of the correlation matrix are comparable. 

The degree of similarity of the solutions is debatable. Attempts to 

compare the principal component and principal axes methods of factor 

analysis have not included the sample size, homogeneity of the sample, 

number of variables, and the reliability of the measures employed. 

In reviewing the literature in the behavioral sciences, it is 

apparent that studies attempting to compare the principal component 

and principal axes solutions are deficient. This deficiency manifests 

itself in small numbers of variables, small subjects to item ratios, 

and the lack of measuring factor structure similarity. In view of 

these shortcoming in previous studies, the present investigator 

believed that a systematic investigation should vary the subjects to 

Item ratio. This allows comparisons between factor analytic techniques 
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from a low subject to item ratio through the recommended ratio. A 

thorough investigation should also utilize a measure of similarity of 

factor structure between competing factor solutions. In addition, the 

use of a known factor structure as a reference structure for comparison 

purposes would be a valuable addition to the comparative studies in the 

literature. 

Instrument 

The General Beliefs Scale (Coan, Hanson, and Dobyns, 1972; 

Hanson, 1970) was chosen for the present study because the factor 

structure of this scale has been studied in several investigations. 

The General Beliefs Scale was developed to measure the 

"particular ways of perceiving human nature, the physical world, insti

tutions such as religion and politics, man's place in the world, and 

human events (Hanson, 1970, p. 1)." Previous attempts to investigate 

general beliefs (Allport, Vernon and Lindzey, 1960; Morris, 1956a; 

Morris, 1956b; Osgood, Ware and Morris, 1961) adopted a priori dimen

sions and developed statements commensurate with the dimensions. In 

developing a general beliefs scale, Coan, Hanson, and Dobyns (1972) 

sought to construct statements designed to represent a wide range of 

beliefs and attitudes toward life without precommitment to any parti

cular belief dimensions. They factor analyzed the responses to 130 

statements by 556, subjects, and found 17 factors. The principal axes 

method was used with oblique rotation to simple structure. Hanson 

(1970) chose six factors on the Coan, Hanson, and Dobyns (1972) scale 

for further investigation. These were (1) conventional theistic 
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religion vs. nontheistic viewpoint; (2) productiveness vs. spontaneity; 

(2) detachment vs. involvement; (4) relativism vs. absolutism; (5) 

physical determinism; and (6) adventurous optimism vs. resignation. 

Hanson (1970) chose a total of 50 items from the original study based 

on their high factor loadings on one of the six factors, and their low 

loadings on the remaining five factors. In addition, he wrote 133 new 

statements. The total of 183 statements were administered to 141 

college undergraduates. The item scores and factor scores were inter-

correlated as part of an initial item analysis. The correlation of each 

item with the corresponding factor score was examined with the expecta

tion that an item would correlate highly with its pertinent factor, and 

negligibly with the other factors. There were 89 items retained. 

In a second item analysisthe 89 items retained and 81 new 

items were presented to a new sample of 143 college undergraduates. A 

total of 131 items was retained from the item analysis. These 131 items 

were presented to the 143 subjects of the second item analysis and 157 

new subjects who were also college undergraduates. The sample had 

approximately equal percentages of males and females, and a median age 

of 22.8 years. The results of this administration were subjected to a 

principal axes factor analysis with oblique rotational method. Twelve 

factors resulted, the factor intercorrelations appear in Appendix B. 

Hanson was concerned with six factors. A total of 73 items was chosen 

with the criteria of a high factor loading and high factor correlation 

with the appropriate factor, and low factor loadings and low factor 

correlations with the remaining factors. These items are contained in 

Appendix C. Thus, the factors originally produced in the Coan, Hanson, 
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and Dobyns (1972) study were revised by Hanson through procedures which 

ensured items strongly indicative of a given factor and relatively 

independent of the remaining factors. This long process produced a 

clear, stable factor structure which could be used as a reference factor 

structure in an investigation comparing factor analytic techniques. 

Thirty items from the final 73 items of Hanson (1970) study were 

chosen for a General Beliefs Scale for the present study. These items 

appear in Appendix D. Five items were chosen to represent each of the 

six factors. The criteria was a high factor loading and high factor 

correlation with the appropriate factor, and low factor loadings and 

low factor correlations with the remaining five factors. The 30-item 

General Beliefs Scale (Appendix E) was a summated rating attitude scale 

with a four step response for each item. The neutral response had been 

omitted in an effort to increase response variance in the Hanson (1970) 

study and was therefore omitted in the present study for comparison 

purposes. Subjects were requested not to omit any items. Because the 

items of the General Beliefs Scale were bipolar, each factor was 

represented by both positive and negative items to reduce the proba

bility of response bias through acquiescence. 

Hanson (1970) related the scores on the six factors of the 

General Beliefs Scale to demographic characteristics of the college 

undergraduates who responded to the scale. Roman Catholics scored 

highest on conventional theistic religion (high) vs. nontheistic view

point (low), and future-productive (high) vs. present-spontaneous 

orientation (low). Subjects who indicated no religious preference 

were lowest on the two factors. On the factor relativism (high) vs. 



41 

absolutism (low), Jewish subjects scored the highest while Protestants 

had the lowest score. In reference to political preferences, 

Republicans had the highest scores on the factors conventional theistic 

religion vs. nontheistic viewpoint, and future-productive vs. present-

spontaneous orientation. Liberal independents scores the lowest on 

these two factors. Liberal independents scored highest on the factor 

relativism vs. absolutism while Republicans scored the lowest. Responses 

indicated Liberal Republicans scored highest on the factor detachment 

(high) vs. involvement (low). Liberal Democrats were lowest on this 

factor. The factors relativism vs. absolutism and scientific deter

minism were related to college major. Engineering majors were highest 

on scientific determinism and lowest on relativism vs. absolutism. 

Subjects majoring in fine arts tended toward the reverse pattern. 

Subjects 

The 300 subjects in this investigation were selected from the 

college undergraduate population at The University of Arizona in a 

non-random manner. There was an equal number of male and femal subjects. 

The subjects approximated closely those studied in the investigations 

of the General Beliefs Scale (Coan, Hanson and Dobyns, 1972; Hanson, 

1970). 

Wrigley (1957) has observed that a large sample of subjects 

ensured better determination of common variance in a factor analysis. 

A large sample also provides a more precise estimate of factor loadings, 

and the isolation of small common factors otherwise unrecognized. 
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Guertin and Bailey (1970) recommended a sample size large 

enough to ensure stable correlation coefficients. A minimum number 

recommended was 100 subjects. However, when they used communality 

estimates in factor analysis, they found that large sample sizes pro

duced increased discrepancies beti^een the squared multiple correlation 

coefficient and the communality. A sample size of 200 produced a 

squared multiple correlation coefficient which was 75% of the actual 

communality while sample size 25 resulted in a squared multiple correla

tion coefficient which was 95% of the actual communality. This 

indicated a trade-off between stable correlation coefficients and good

ness of the communality estimates. However, Guertin and Bailey (1970, 

p. 171) stated, "we are led to conclude from our experience that basing 

even product-moment r's on an n of 100 is a questionable procedure 

and is suitable for only a very tentative pilot study." A sample size 

too small to produce stable correlation coefficients inflates common 

variances and increases the mean absolute correlation of the matrix 

used in the factor analysis. These inaccuracies in the correlation 

matrix cause a reduction in the proportionate size of the first factor 

extracted which increases the number of factors extracted. It is 

evident that a small sample size has drastic effects on factor analyses. 

It is instructive to review the studies in the literature (Appendix A) 

examined in this investigation. The sample sizes do not reach the pre

scribed minimum numbers. 

The sample size in a factor analytic investigation also 

influenced the subjects to item ratio. Nunnally (1967, p. 257) has 

commented on this issue: 
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Frequently factor analyses of Items are undertaken with many 
fewer subjects than the minimum recommended (10 subjects per 
item). There are some horrible examples in the literature 
where the number of subjects was approximately the same as the 
number of items. Unless the number of subjects is at least 
ten times as large as the number of items, factor analysis can 
take great advantage of chance. Then what appear to be factors 
are only artifacts because of sampling error. 

The observations of Wrigley (1957), Guertin and Bailey (1970), 

and Nunnally (1967) dictated the choice of a maximum sample size of 300 

which permitted a ten subjects per item ratio. 

Procedure 

Three hundred subjects completed the 30-item General Beliefs 

Scale. Principal component and principal axes factor analyses were 

performed on the total sample. Additional samples of 30, 60, 120, and 

240 were randomly drawn from the total sample of 300. For each sample 

size, both the principal component and principal axes factor analyses 

were performed. All factor analyses were rotated orthogonally with the 

Varimax method. 

A sample size of 120 was approximated through the application 

of random responses to the General Belief Scale. A random numbers 

table was entered and the page, column, digit, and direction were ran

domly chosen. Single digits of one, two, four, and five were read 

from the table to simulate the responses to the 30-item scale for 120 

students. This necessitated reading 3600 digits from the table. A 

principal component and a principal axes factor analysis were performed 

on this sample of random data. Varimax rotation was performed. 
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The means and standard deviations of the items for all sample 

sizes appear in Appendix F. The factor matrix for each factor analysis 

appears in Appendix G. 

The principal component solutions and the principal axes solu

tions were completed by programs from the Statistical Package for the 

Social Sciences at the University of Arizona Computer Center (Nie, Bent 

and Hull, 1970). The principal component solutions is a non-iterative 

program placing unities in the diagonal of the correlation matrix. The 

principal axes solution automatically replaces the diagonal elements 

with communality estimates. Initial estimates of the communalities are 

given by the squared multiple correlation between a given variable and 

the remaining variables in the matrix. These estimates are improved 

through an iteration procedure in which the communality estimates are 

changed through successive factoring until the difference between the 

estimates on successive factor analirses are less than .00001. The 

number of factors extracted is determined by the deletion of all factors 

with an associated eigenvalue less that 1.0. 

The orthogonal rotation was used. The Varimax procedure 

produces orthogonal factors through maximization of the variance of 

the squared loadings in each column of the factor matrix. 

Analysis 

Various measures of factor structure comparison have been 

reviewed in Chapter II. While each method has its advocates and 

critics, the product-moment correlation coefficient has been commonly 

applied to compare factor structures. The method of analysis in this 



investigation employed the product moment correlation coefficient to 

correlate each factor of a given factor analysis with all factors of 

the other factor solution in the comparison. This essentially created 

a correlation matrix with all factors of one factor analysis across the 

top of the matrix, and all the factors of the other factor solution 

along the side of the matrix. For example, the first factor of the 

principal component solution is correlated in turn with each factor of 

the principal axes solution with the factor loadings of the 30 items as 

the elements in the sets. Three such matrices were computed: (1) 

between the principal component and principal axes solutions (2) 

between the principal component solution and the reference factor struc

ture of the Hanson (1970) study (Appendix H), and (3) between the 

principal axes solution and the reference factor structure. These 

three matrices were computed for each of the sample sizes 30, 60, 120, 

240, and 300. 

In addition to the above analyses, a matrix was computed be

tween the principal axes solution of observed data for sample size 120 

and the principal axes solution of random data for sample size 120. 

Another matrix included the principal component solution of observed 

data for sample size 120 and the principal components solution of ran

dom data for sample size 120. The principal axes solution of random 

data for sample size 120 was matched with the reference factor struc

ture. Likewise, the principal component solution of random data for 

sample size 120 was matched with the reference factor structure. 

Inspection of a matrix for the highest correlations of a given 

factor In one factor analysis with the factors in the other factor 



analysis provides one indication of the similarity of factor structures. 

The differences of the correlations of the factors provide an index of 

similarity between the principal component and principal axes solutions 

for a given sample size. These differences were tested for significance 

by a t-test for differences between correlaiion coefficients for 

dependent samples (Lindquist, 1940). 

In order to assess which factor analytical technique best 

approximated the reference factor structure, the difference of the 

correlations of the factors between a given factor analysis and the 

reference factor structure were computed. These differences were tested 

for significance by the t-test for differences between correlation 

coefficients for independent samples (Lindquist, 1940). These matrices 

appear in Appendix I. 

Summary 

The design of the investigation utilized principal component 

and principal axes factor analyses with Varimax rotation. A total 

sample of 300 was administered a 30-item General Beliefs Scale. Both 

factor analytical techniques were performed on samples of 30, 60, 120, 

240 and 300 subjects with the observed data, and on a sample of 120 

with random data. The two factor analyses for each sample size were 

compared via the correlation of factor loadings. The principal compo

nent and principal axes methods were also compared with the reference 

factor structure through the correlations of factor loadings. Compari

sons were also made between the solutions obtained from observed and 

random data at sample size 120. 



CHAPTER IV 

RESULTS 

The degree of factor structure similarity between a factor 

analysis performed with unities in the diagonal of the correlation 

matrix and the known factor structure is reported in Table 1 for 

indicated sample sizes. Also, the degree of factor structure similar

ity between a factor analysis performed with communalities in the 

diagonal of the correlation matrix and the known factor structure is 

reported in Table 1 for indicated sample sizes. 

In general, the factors of the principal component and princi

pal axes solutions had similar relationships with the corresponding 

factors of the known factor structure. Neither the principal component 

nor principal axes solution was very similar to the known factor struc

ture. 

The percent of significant differences of the factor loadings 

of the principal component and principal axes solutions with the known 

factor structure is reported in Table 2. A significant difference 

between factor loadings based on 30 variables must be .53 to reach 

significance at the .05 level (Lindquist, 1940). The percent of 

significant differences between the factor loadings of the unrotated 

principal component and unrotated principal axes solutions with the 

known factor structure is reported in Table 3. There are slightly 

lower percentages here than reported in Table 2. 
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Table 1. Correlation of Factors from the Principal 
Axes Method (PA) and Principal Component Method (PC) 
with the Corresponding Factors of the Reference 
Factor Structure 

Sample Size per Method 

30 60 120 240 300 

Factor PA PC PA PC PA PC PA PC PA PC 

1 .71 .73 .88 .89 .01 .01 .92 .92 .91 .92 

2 -.03 .02 .04 .05 .65 -.63 .03 .00 .00 -.01 

3 .07 .05 .18 .13 .19 .11 -.32 .78 -.03 -.01 

4 -.38 .17 .57 -.06 .00 -.01 -.08 -.04 -.62 -.62 

5 -.20 .32 -.01 -.06 .05 -.56 .22 -.01 -.00 -.01 

6 .10 .25 .14 .02 -.15 -.16 -.27 .01 -.05 -.10 

7 .15 .13 .09 -.40 .17 -.27 -.26 .14 .12 .04 

8 -.39 .08 -.06 -.19 .39 .45 -.16 .30 .16 .35 

9 .08 .15 -.10 -.02 -.01 .02 -.02 -.10 -.14 -.23 

10 -.49 .15 .28 -.06 .22 .23 .22 .19 -.21 -.12 



Table 2. Percent of Significant Differences between 
Factor Loadings of each Specified Factor Structure 
with the Reference Factor Structure 

Significance Levels of Methods 

Principal Axes Principal Component 

Sample Size . 05 . 01 . 05 . 01 

30 1 4 1 5 

60 2 3 2 4 

120 1 2 1 4 

240 2 1 1 3 

300 2 1 2 4 

Table 3. Percent of Significant Differences 
between Factor Loadings of each Specified 
Unrotated Factor Structure with the Reference 
Factor Structure 

Significance Level of Method 

Principal Axes Principal Component 

Sample Size .05 .01 .05 .01 

30 11 3 1 

120 1 0 3 0 

300 1 0 2 1 
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The degree of factor structure similarity in factor analyses 

performed with unities and communalities in the diagonal of the correla

tion matrix at various subjects to item ratios is reported in Table 4. 

Because the number of items was held constant in the present study, the 

sample size is directly related to the subjects to item ratio. The 

similarity seems to increase with larger subjects to item ratios. How

ever, the percent of significant differences between correlations of 

the principal axes and principal component factor structures with the 

known factor structure do not decrease as sample size increases (Table 5). 

For sample size 120, the degree of factor structure similarity 

for observed and random data when unities and communalities are 

diagonal entries of the correlation matrix is reported in Table 6. The 

percent of correlations at specified levels between factor solutions 

based on observed and random data for sample size 120 is reported in 

Table 7. In general, there is little similarity of factor solutions 

based on observed and random data for sample size 120. 

Tables 8 through 17 present supplementary results which are of 

interest in the comparisons of the principal axes and principal 

component methods. Most of these analyses were suggested by the 

findings in Table 4. 

The effect of sample size on the similarity of the principal 

component and principal axes solutions was investigated through the 

computation of the percent of correlations at specified levels between 

the two solutions. This analysis for sample size 30 is reported in 

Table 8 while this analysis for sample size 300 is reported in Table 9. 



Table 4. Correlations between Corresponding 

Factors of the Principal Axes and Principal 
Component Factor Structures 

Sample Size 

Factor 30 60 120 240 300 

1 
AA 

.98 
AA 

.99 
AA 

.99 
AA 

.98 .99 

2 .29 
A 

.40 
A 

-.46 
AA 

.57 
AA 

.58 

3 -.21 -.03 
AA 

.98 
A 

-.41 
AA 

.99 

4 -.24 .04 -.03 
AA 

.98 
AA 

.96 

5 
AA 

.94 
AA 

.92 .02 -.09 
AA 

.98 

6 -.08 
AA 

.48 .13 -.21 -.08 

7 -.08 -.19 .07 .12 
AA 

.94 

8 -.26 
AA 

.94 .00 -.05 .16 

9 -.07 -.00 
AA 

.96 
AA 

.96 -.24 

10 
A 

-.37 -.11 -.03 .97** .02 

**p < .01 

* < .05 



Table 5. Percent of Significant Differences 
between Correlations of the Principal Axes 
and Principal Component Factor Structures with 
the Reference Factor Structure 

Significance Level 

Sample Size .05 .01 

30 2 4 

60 5 4 

120 3 6 

240 1 10 

300 2 9 



Table 6. Correlations between Corresponding Factors 
from Factor Structures Based on Observed and Random 
Data for Sample Size 120 

Factor Analytic Technique 

Factor Principal Axes Principal Component 

1 
* 

-.44 .36 

2 .31 .02 

3 -.00 -.07 

4 .09 .08 

5 -.01 .32 

6 .00 -.05 

7 .24 .08 

8 .00 .19 

9 -.05 .01 

10 .06 .27 

*p < .05 



Table 7. Percent of Correlations at Specified Levels 
between Factor Solutions Based on Observed and Random 

Data for Sample Size 120 

Level Principal Axes Principal Component 

.00- .10 41.1 43.4 

.11- .20 29.7 29.9 

.21- .30 17.3 13.8 

.31- .40 7.6 8.9 

.41- .50 1.9 3.0 

.51- .60 2.4 1.0 

.61- .70 .0 .0 

.71-

o
 

00 

• .0 .0 

.81- .90 .0 .0 

.91-1 .00 .0 .0 



Table 8. Percent of Correlations at Specified 
Levels between the Principal Axes and Principal 
Component Solutions for Sample Size 30 

Factor Structure 

Level Unrotated Rotated 

00- .10 70.7 49.7 

11- .20 15.6 18.1 

21- .30 1.8 18.1 

31- .40 .0 4.2 

41- .50 1.8 0 

51- .60 1.0 1.1 

61- .70 .0 0 

71- .80 1.0 1.1 

81- .90 1.0 1.1 

91-1 .00 7.1 6.6 



Table 9. Percent of Correlations at Specified 
Levels between the Principal Axes and Principal 
Component Solutions for Sample Size 300 

Factor Structure 

Level Unrotated Rotated 

.00- .10 74.4 45.4 

.11- .20 11.7 31.5 

.21- .30 .8 9.9 

.31- .40 1.7 3.4 

.41- .50 .8 .8 

.51- .60 1.6 .8 

.61- .70 .0 .0 

.71- .80 .8 1.8 

.81- .90 1.6 1.6 

.90-1 .00 6.6 5.8 



57 

In general, the unrotated solutions have similar results regardless of 

sample size. The same similarity resulted for the rotated solution. 

The effect of sample size on the stability of a given factor 

solution was investigated through the computation of the percent of 

correlations at specified levels between a specified factor solution on 

sample sizes 30 and 300. These percentages are reported in Table 10. 

In general, there were few high correlations between the solutions. 

The correlations between corresponding factors of factor solutions of 

sample sizes 30 and 300 were also computed. These correlations are 

reported in Table 11. In general, there is little similarity between 

a specified solution for sample sizes 30 and 300. 

In general, the principal axes and principal component solu

tions become more similar as sample size increases. This similarity 

was reported in Table 4. To investigate this similarity, the estimated 

and final communalities of the factor solutions for various sample 

sizes were analyzed. The communalities for sample size 30 are reported 

in Table 12. The estimated communalities for the principal axes and 

principal component solutions are similar in magnitude across variables. 

The final communalities of the principal component method tend to be 

larger than the final communalities of the principal axes solution. The 

high similarity of the estimated communalities of the principal axes 

and principal component solutions at sample size 30 is partially the 

result of the relatively small sample size. When sample size is small, 

sampling error allows zero correlations to appear as low positive cor

relations or low negative correlations. These low correlations boost 

the mean absolute correlation of the correlation matrix and inflate 
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Table 10. Percent of Correlations at Specified Levels 
between Factor Solutions of Sample Sizes 30 and 300 

Method by Factor Structure 

Principal Axes Principal Component 

Level Unrotated Rotated Unrotated Rotated 

.00- .10 43.6 28.2 40.3 35.4 

.11- .20 25.4 30.0 24.6 23.7 

.21- .30 11.8 19.2 9.3 23.7 

.31- .40 9.1 10.9 11.9 6.4 

.41- .50 3.7 2.7 7.4 .9 

.51- .60 3.7 3.6 4.7 5.4 

.61- .70 1.8 2.7 .9 1.8 

.71- .80 .0 1.8 .0 1.8 

.81- .90 .9 .9 .9 .9 

.91-1 .00 .0 .0 .0 .0 
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Table 11. Correlations between Corresponding 
Factors of the Factor Solutions of Sample 
Sizes 30 and 300 

Me thod by Factor Structure 

Principal Axes Principal Component 

Factor Unrotated Rotated Unrotated Rotated 

1 
** 

.87 .80 
** 

-.87 
A* 

.80 

2 
* 

.44 -.06 
* 

.41 .01 

3 
* 

.37 -.16 .36 
** 

.54 

4 -.28 .27 .30 -.23 

5 .03 -.20 .02 -.25 

6 .01 .05 .00 .07 

7 .10 .35 -.05 -.28 

8 -.12 -.10 .15 .24 

9 .25 .08 .16 .00 

10 -.10 .12 .04 -.11 

**p < .01 

*p < .05 



Table 12. Communalities for Factor Solutions 
at Sample Size 30 

Principal Axes Principal Component 

Variable Estimated Final Estimated Final 

1 .98 .66 1.0 .75 
2 .99 .49 1.0 .65 
3 .99 .35 1.0 .57 
4 .91 .46 1.0 .69 
5 .99 .50 1.0 .70 
6 .99 .85 1.0 .84 
7 .99 .67 1.0 .79 
8 .99 .78 1.0 .81 
9 .99 .93 1.0 .90 

10 .90 .46 1.0 .70 
11 .99 .67 1.0 .78 
12 .99 .79 1.0 .84 
13 .99 .86 1.0 .87 
14 .99 .78 1.0 .82 
15 .98 .70 1.0 .77 
16 .97 .74 1.0 .79 
17 .99 .62 1.0 .80 
18 .98 .58 1.0 .75 
19 .99 .68 1.0 .79 
20 .99 .42 1.0 .63 
21 .98 .63 1.0 .72 
22 .99 .74 1.0 .80 
23 .98 .97 1.0 .91 
24 .99 .26 1.0 .48 
25 .99 .67 1.0 .74 
26 .99 .95 1.0 .91 
27 .98 .79 1.0 .82 
28 .99 .72 1.0 .82 
29 .99 .71 1.0 .80 
30 .99 .76 1.0 .81 



the amount of variance to be extracted from the correlation matrix. 

Squared multiple correlation coefficients (SMC's) used as estimates of 

communalities are also inflated. In general, small sample size 

introduces unreliability in the estimate of correlations which inflates 

common variance both by increasing the off-diagonal elements of the 

correlation matrix, and by increasing the mean absolute correlation 

coefficient of the correlation matrix (Guertin and Bailey, 1970). The 

estimated and final communalities of the principal axes and principal 

component solutions for sample size 300 are reported in Table 13. The 

estimated communalities of the principal axes method for sample size 

300 are markedly lower than the estimated communalities for the princi

pal axes solution for sample size 30. A sample size of 300 reduces 

unreliability in estimating correlation coefficients of the correlation 

matrix which reduces inflation of the SMC's. The SMC's are. used as a 

communality estimates in the principal axes solution. In general, the 

final communalities for the principal component solution are larger 

than the final communalities of the principal axes solution for sample 

size 300. The tendency for the final communality of the principal 

component solution to be larger than the final communality of the 

principal axes solution was also true for sample size 30. However, at 

sample size 300, the final communalities for each factor solution are 

less than the final communalities for that factor solution at sample 

size 30. 

The increasing similarity of the principal axes and principal 

component factor solutions with increasing sample size was investigated 

by analyzing extracted variance. The percent of variance accounted for 



Table 13. Communalities for Factor Solutions 
at Sample Size 300 

Principal Axes Principal Component 

Variable Estimated Final Estimated Final 

1 .32 .41 1.0 .56 
2 .14 .25 1.0 .61 
3 .19 .29 1.0 .55 
4 .18 .42 1.0 .71 
5 .21 • .35 1.0 .56 
6 .38 .47 1.0 .59 
7 .16 .25 1.0 .58 
8 .33 .47 1.0 .62 
9 .27 .50 1.0 . 66 
10 .12 .23 1.0 .68 
11 .20 .31 1.0 .55 
12 .21 .35 1.0 .64 
13 .11 .10 1.0 .42 
14 .17 .28 1.0 .64 
15 .21 .39 1.0 .61 
16 .39 .55 1.0 .64 
17 .19 .36 1.0 .63 
18 .18 .24 1.0 .49 
19 .22 .35 1.0 .57 
20 .19 .25 1.0 .52 
21 .36 .44 1.0 .55 
22 .36 .55 1.0 . 66 
23 .34 .50 1.0 .63 
24 .17 .29 1.0 .61 
25 .27 .41 1.0 .57 
26 .21 .40 1.0 .65 
27 .18 .27 1.0 .58 
28 .27 .42 1.0 .60 
29 .24 .46 1.0 .69 
30 .37 .43 1.0 .55 



by successive factors for sample sizes 30 and 300 is reported in Table 

14. In general, the principal axes solution extracts more variance 

with the initial factors of the solution than the principal component 

solution. The principal axes solution at sample size 300 extracts more 

variance with initial factors than the principal axes solution at 

sample size 30. In general, small sample sizes introduce unreliability 

in estimating the correlation coefficients of the correlation matrix. 

These inaccuracies in estimating the correlation coefficient cause a 

reduction in the proportionate size of the first factor, and increase 

the number of factors extracted (Guertin and Bailey, 1970). 

A decision which may affect the similarity of rotated factor 

solutions for the principal axes and principal component methods is the 

choice of the number of factors rotated. The final conununalities for 

factor solutions at sample size 120 are reported in Table 15. The 

final communalities for factor solutions with six extracted factors are 

smaller than the final communalities for factor solutions with twelve 

extracted factors. The percent of variance accounted for by successive 

factors in factor solutions for sample size 120 is reported in Table 16. 

The principal axes solution extracts more variance with initial factors 

when six factors are extracted. The factor analyst's choice of the 

number of factors to extract can influence the amount of variance 

extracted by the initial factors of the factor solution. 

The General Beliefs Scale was constructed to contain six factors. 

Therefore, six factors were chosen for extraction in a second factor 

analysis of sample size 120. The original factor analysis had produced 

twelve factors with lower initial variance extraction. 



Table 14. Percent of Variance Accounted for by 
Successive Factors in Factor Analyses for 
Sample Sizes 30 and 300 

Method 

Principal Axes Principal Component 

Factor 30 300 30 300 

1 22.1 25.2 15.9 11.3 

2 15.8 17.2 11.7 8.4 

3 12.4 13.0 9.4 6.8 

4 9.8 9.0 7.6 5.5 

5 9.4 7.8 7.4 4.9 

6 8.1 6.7 6.5 4.6 

7 6.8 5.4 5.5 4.2 

8 6.3 4.9 5.2 4.1 

9 5.2 4.2 4.7 3.7 

10 4.1 3.3 3.5 3.4 
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Table 15. Final Communalities for Factor 
Solutions at Sample Size 120 

Method by Number of Factors 

Principal Axes Principal Component 

Variable Six Twelve Six Twelve 

1 .21 .47 .32 • 67 
2 .43 .43 • 57 .64 
3 .37 .44 .51 .64 
4 .05 .35 .13 .68 
5 .24 • 46 .41 . 70 
6 • 46 .43 .56 • 59 
7 .08 . 34 .22 • 66 
8 .25 .39 .39 .61 
9 • 25 • 54 .40 • 73 

10 .14 .51 .32 .78 
11 .15 .43 . 33 • 72 
12 .13 • 23 .25 .54 
13 .24 .33 .37 • 59 
14 .30 • 33 .42 .57 
15 .21 .28 .37 .54 
16 .23 .62 .36 .78 
17 .60 .61 .67 .75 
18 .09 .18 .17 .45 
19 .39 .49 .55 .68 
20 .36 .41 .47 .64 
21 .43 .45 .53 • 62 
22 .65 .67 .65 • 72 
23 .36 • 52 .51 .71 
24 .19 .59 .42 .76 
25 .43 .60 .53 .68 
26 .25 .32 • 42 .61 
27 .14 .31 .35 .59 
28 • 45 .53 .54 .67 
29 .25 .57 .38 .76 
30 .31 .58 .43 • 75 
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Guertin and Bailey (1970) explain the dissimilarity of the 

extracted factor solution from the principal axes and principal compo

nent methods. They note that the principal component method usually 

extracts more factors than the principal axes method. In general, the 

percent of variance accounted for by initial factors is greater with 

the principal axes method. Guertin and Bailey explain that the 

similarity of the rotated principal axes and principal component solu

tions is due to the rotation of fewer principal components than there 

are variables. The principal component solution produces as many fac

tors as there are variables. When fewer components than variables are 

rotated much of the common factor structure of the principal axes solu

tion is visible. (This is reported in Table 17). The rotated princi

pal component factor loadings for variables are inflated because 

reduction in the number of rotated factors does not allow unique vari

ance to separate into individual factors. There is a blurring of 

common-factor structure when the principal component solution is rotated 

with fewer factors than variables. The initial factors are almost 

totally common variance while the last factors are almost totally 

unique. The middle factors are a combination of common variance and 

unique variance which forms a moderately sized factor. In general, the 

rotation of the principal component solution with fewer factors than 

variables redistributes the components' variances. The rotated princi

pal component solution appears to be similar to the rotated principal 

axes solution except for a general inflation of factor loadings due to 

unique variance (Guertin and Bailey, 1970). The similarity of the 



Table 16. Percent of Variance Accounted for 
by Successive Factors in Factor Analyses for 

Sample Size 120 

Method by Factors Extracted 

Principal Axes Principal Component 

Factor Six Twelve Six Twelve 

1 26.1 17.8 9.8 9.8 

2 24.0 16.5 9.2 9.2 

3 15.6 10.9 6.6 6.6 

4 12.7 9.3 6.0 6.0 

5 11.5 8.4 5.6 5.6 

6 10.1 7.4 5.1 5.1 

Table 17. Percent of Variance Accounted for by 
Successive Factors in the Principal Component 
Method for Sample Size 120 

Factor Structure by Factors Extracted 

Unrotated Rotated 

Factor Six Twelve Six Twelve 

1 9.8 9.8 21.3 10.7 

2 9.2 9.2 18.5 8.9 

3 6.6 6.6 17.6 8.8 

4 6.0 6.0 14.4 8.7 

5 5.6 5.6 14.3 8.6 

6 5.1 5.1 13.7 8.3 
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principal axes and principal component solution depends on the factor 

analyst's choice of the number of principal components to rotate. 



CHAPTER V 

SUMMARY 

In general, there was little similarity between either the 

principal axes or the principal component solutions and the known fac

tor structure. Similarity did increase slightly with increasing sample 

size. 

The degree of factor structure similarity between the principal 

axes and principal component solutions increased with increasing sample 

size. At sample size 300, there was strong similarity. 

In general, there was no factor structure similarity between 

factor solutions of observed and random data for sample size 120. 

It was found that within a given factor analytic method there 

is little similarity between a specific factor solution for sample 

sizes 30 and 300. Small sample factor analyses do not appear to 

approximate the factor structure of a large sample factor analysis. 

Small sample sizes introduce unreliability in the estimation of cor

relation coefficients of the correlation matrix which inflates the 

variance to be extracted, and the squared multiple correlation coeffi

cient. In general, the larger the sample size, the smaller the final 

communalities. However, at a given sample size, the final communalities 

of the principal component solution are larger than the final communali

ties of the principal axes solution. 
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Sample size has an effect on the amount of variance extracted 

by initial factors of a factor solution. In general, at a specific 

sample size, the principal axes solution accounts for more variance 

than the principal component solution on the initial factors extracted. 

With increased sample size the proportionate variance extracted by 

initial factors for either factor solution generally increases. 

The similarity of the factor structures of the principal axes 

and principal component solutions is also affected by the factor 

analyst's choice of the number of principal components to rotate. If 

the number of components chosen for rotation is similar to the number 

of factors resulting from the principal axes solution, the rotated 

principal axes and principal component solutions will appear similar. 

However, the principal component solution will contain a mixture or 

blurring of common and unique variance in factors. 

The findings of the study lead to the following conclusions: 

1. The principal axes and principal component solutions did not 

approximate the reference factor structure. 

2. The subjects to item ratio does influence the similarity of the 

principal axes and principal component solutions. The larger the sub

jects to item ratio, the more similar the solutions. 

3. With a sample as large as 120, factor analyses of observed and 

random data are not similar. 

4. The number of factors rotated in the principal component method 

influences the degree of similarity between the principal component 

method and the principal axes method. 



5. There is little similarity between a factor solution for small 

sample size (e.g., 30) and a factor solution for a larger sample size 

(e.g., 300). 

Sone implications for the researcher contemplating the use of 

factor analysis include: 

1. Because the principal component and principal axes factor 

solutions are different, a researcher should consider the theoretical 

bases for choosing a particular factor analytical method. The princi

pal axes solution should be preferred when the researcher desires a 

number of common factors to describe the dependencies among the vari

ables, i.e., the dimensions of common factor space. The principal 

component solution should be preferred when the researcher desires a 

reduction in the number of variables to be used for prediction or 

description. 

2. Regardless of the choice of the principal axes or principal 

component solution, the subjects to item ratio and sample size will 

have an effect on the factor structure. 



APPENDIX A 

PRINCIPAL COMPONENT FACTOR ANALYTIC STUDIES 
INVESTIGATING UNDERLYING DIMENSIONS OF VARIABLES 
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Table A-l. Principal Component Investigations 

STUDY SOURCE OF VARIABLES va Ss Fb 

Armstrong & Soelberg (1968) Rating Scale Items 20 50 9 

Boyd & Randle (1970) Frostig Developmental Test of 
Visual Perception 94 1 

Cavior & Cone (1972) a) Adult Irrational Ideas Inventory 
b) Minnesota Multiphasic Personality 

Inventory Social Desirability Scale 
c) Edwards Personal Preference Schedule 

Social Desirability Scale 

138 127 7 

Chissom & Thomas (1971)° Frostig Developmental Test of 
Visual Perception 

a) Corah & Powell (1963) 5 40 1 

b) Hepburn & Donnelly (1968) 5 112 1 

c) Ayres (1965) 5 100 1 

d) Ayres (1965) 5 50 1 

e) Hueftle (1967) 5 52 

f) Ohnmacht & Olson (1968) 5 232 1 

g) Sprague (1963) 5 111 1 

h) Trussell (1969) 5 75 1 

i) Shepherd (1969) 5 47 

j) Olson (1966) 5 71 1 

k) Fretz (1970) 5 68 1 

1) Allen (1968) 5 36 1 

Dingman & Paulson (1969) Semantic Differential For Therapy Progress 50 1 7 

DiVesta , Ingersoll & Sunshine (1971) Imagery and Verbal Ability Tests 21 184 4 

DiVesta , Ingersoll & Sunshine (1971) Imagery and Verbal Ability Tests 11 232 4 • 

Edwards , Abbott & Klockars (1972) a) Edwards Personal Preference Schedule 

b) Personality Research Form 

40 218 11 

Geddes (1972) a) Cratty Perceptual - Motor 
Attributes Battery 28 80 10 

b) Purdue Perceptual — Motor Survey 



Table A-l, Continued 

STUDY SOURCE OF VARIABLES va Ss Fb 

Gillette (1972) Ratings of Anxiety Inducing Situations 35 89 5 

Grimaldi, Loveless, 
Hennessey & Prior (1971) Interest and Cognitive Scales 19 1637 6 

Guardo & Meisels (1971) Personal Space Test 14 88 7 

Guardo & Meisels (1971) Personal Space Test 14 108 6 

Guardo & Meisels (1971) Personal Space Test 14 106 8 

Guardo & Meisels (1971) Personal Space Test 14 129 7 

Harrison & Budoff (1972) a) Laurelton Self-Concept Scale 160 172 11 

b) Locus of Control Scale for Children 

Hoffmann, Wojtowicz 
and Anderson (1971) Alcoholics' Demographic Variables 37 214 12 

Hollenbeck (1972) Childrens' Ability Scale 24 142 

Merilee & Morf (1972) a) Differential Personality Inventory 42 151 19 

b) Personality Research Form 
c) Minnesota Multiphasic Personality 

Inventory 

Overall (1964) Measurements of Books 12 100 3 

Overall (1964) Measurements of Books 12 100 4 

Ramsay (1971) Job Activities Checklist 71 487 10 

Sciortino (1970) Allport-Vernon-Lindzey Study of Values 150 3 

Snow (1972) Rotter Incomplete Sentence Blank 135 2 

Snow (1972) Rotter Incomplete Sentence Blank 101 4 

ny, number of variables 

F, Factors 

g 
, Listings a through 1 are included in Chissom and Thomas (1971) 
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INTERCORRELATIONS AMONG THE TWELVE 
FACTORS EXTRACTED BY HANSON (1970) 
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Table B-1: Intercorrelations Among the Twelve Extracted Factors 
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APPENDIX C 

FINAL SEVENTY-THREE ITEMS IN 
THE GENERAL BELIEFS QUESTIONNAIRE 

FACTORS IN QUESTIONNAIRE* 

I. CONVENTIONAL THEISTIC RELIGION VS. NONTHEISTIC VIEWPOINT 

II. FUTURE-PRODUCTIVE VS. PRESENT SPONTANEOUS ORIENTATION 

III. DETACHMENT VS. INVOLVEMENT 

IV. RELATIVISM VS. ABSOLUTISM 

V. SCIENTIFIC DETERMINISM 

VI. OPTIMISM VS. PESSIMISM 

Fp indicates factor loadings from the factor pattern matrix, and 
refers to item-factor correlations of the factor structure matrix. 
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Factor I: Conventional Theistic Religion 
vs. Nontheistic Viewpoint 

Positive: 

1. The universe is governed by a divine Being who 

possesses infinite power, infinite knowledge and 

infinite love. .55 .61 

2. Every man's basic duty is to serve God. .47 .62 

3. The really important life is the life after death. .61 .62 

4. Mankind cannot survive without faith in God. .54 .63 

5. The world is ultimately governed by spiritual 

forces. .61 .56 

6. Underlying everything, there is a divine order that 

people can never understand completely. .50 .53 

7. There seems to be a divine purpose in everything 

that happens, even if some things that happen to us 

are hard to understand at the time. .61 .68 

8. Eventually everyone will be rewarded for good and 

will suffer for wrong-doing. .41 .47 

9. Religion is the best source for peace of mind. .53 .48 

Negative: 

1. Men working and thinking together can build a just 

society without supernatural help. -.52 -.56 

2. The individual life stops completely when the body 

dies. -.44 -.51 
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3. It makes more sense to think of God as an idea or 

principle than to think there is a divine Being 

with human characteristics. -.61 -.61 

4. Religion is unnecessary if one has a code of ethics. -.48 -.47 

5. The existence of God cannot be proved or disproved. -.37 -.36 

6. God is only a symbol of man's ideals. -.51 -.55 

7. When one considers all of the suffering and misery 

in the world today, it is almost impossible to 

believe in a just and loving God. -.44 -.37 

8. It is better for man to stand on his own and rely 

on himself rather than use crutches like belief in 

God. -.54 -.54 

9. Belief in God as an explanation for events in nature 

is just plain superstition. -.55 -.60 

Factor II: Future-Productive vs. Present 
Spontaneous Orientation 

Positive: 

1. Time is very precious, and one should spend most of 

it doing something constructive. .38 .40 

2. A person's life is meaningless unless he works hard 

to accomplish something. .41 .47 

3. One should spend most of his time working toward 

future goals. .37 .39 

4. It is best to be cautious and consider all alter

natives before making any new decisions. .31 .39 
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5. In the end, what really counts is what you've 

achieved in life rather than how many good times 

you've had. .46 .40 

6. One should never put off until tomorrow what he 

can do today. .42 .43 

Negative: 

1. It is better to accomplish little and enjoy your

self than to accomplish much by sacrificing many 

of life's pleasures. —.44 -.38 

2. It is foolish to save a lot of money for the future 

since you could be enjoying it right now. -.26 -.27 

3. In most tasks, it is more important to enjoy it 

while doing it than accomplish a lot at the end. -.40 —.33 

4. A good piece of advice is "If it feels good, do it." -.38 -.43 

Factor III: Detachment vs. Involvement 

Positive: 

1. The best way to live is not to get too emotionally 

involved or react too strongly to things. .72 .73 

2. It is a good idea not to tell your friends a lot 

about yourself since you may later regret it. .68 .70 

3. Most people would be better off if they would stick 

to their own affairs and mind their own business. .51 .31 
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4. Whenever you come across someone in the act of 

committing a crime, it is often safest and wisest 

to mind your own business and not get involved. .42 .79 

5. It is a good idea not to argue too strongly for a 

particular position or idea since one may later 

discover he was wrong. .52 .80 

6. Since there will always be much poverty in the 

world, it is foolish to spend a lot of money trying 

to eliminate it. .53 .25 

7. It is better not to get too emotionally attached to 

someone of the opposite sex since it prevents him 

from seeing the other person realistically. .20 .22 

Negative: 

1. One should try to affect political decisions by 

writing letters to his Congressman and expressing 

his views. -.56 -.69 

2. Whenever you come upon an accident, you should, if 

possible, try to give some kind of aid to the 

victims. -.66 -.79 

3. It is best to form close relationships even if you 

sometimes get deeply hurt. -.76 -.76 

4. One can never really be happy unless he has at 

least one close friend with whom he can share 

thoughts and desires. -.72 -.27 



5. We should all actively work toward eliminating 

social problems such as poverty even though the 

task often seems hopeless. 

6. One should always be involved in helping other 

people who are less fortunate. 

7. One should only select vocations to which he can 

fully dedicate himself rather than choose a job 

primarily as a means of making money. 

8. Whenever you see some form of injustice, it is your 

duty to speak out against it. 

Factor IV: Relativism vs. Absolutism 

Positive: 

1. The more a person knows, the more he is bound to 

feel that he cannot be completely certain about 

anything. 

2. Since people differ in their needs, we should not 

expect everyone to live by the same moral code. 

3. Truth is relative, and what is true for one person 

or time may not be true for another. 

4. There is not such thing as good and bad music. The 

only important thing is whether or not you enjoy it. 

5. What one calls beautiful poetry is just a matter of 

personal taste. What is beautiful for one person 

may not be beautiful for another. 



6. We have no right to criticize people who choose to 

reject some of the basic values of our society as 

long as they do not harm others. 

Negative: 

1. There is one true moral code which all men should 

live by. 

2. There is no excuse for going against the standard 

way of dressing in our society. 

3. There is something wrong with any person who changes 

his mind often about important matters like religion 

and politics. 

4. Every person who breaks the law should be punished 

for his misdeed, with no consideration given to his 

mental state at the time of the crime. 

Factor V: Scientific Determinism 

Positive: 

1. All events follow natural laws; therefore, we could 

predict everything that happens if we had enough 

information. 

2. The process of thinking is nothing more than 

electrical and chemical activities in the brain. 

3. The only way to attain knowledge and truth is 

through the scientific method. 
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4. If one could completely control a person's environ

ment, we could completely control his behavior and 

personality. .50 .41 

5. Throughout man's history, the most important 

discoveries have been of a scientific nature. .35 .30 

6. Some day scientists will be able to determine in 

advance a person's basic abilities by manipulating 

his genetic structure. .35 .34 

Negative: 

1. Man can never be fully understood from an objective 

scientific standpoint. -.51 -.55 

2. A scientific understanding of man is severely 

limited since each person is a unique individual. -.36 -.44 

3. It is impossible to study many aspects of human 

experience using a scientific approach. -.32 -.31 

4. The trouble with science is that it is too concerned 

with discovering a log of cold isolated facts 

rather than dealing with human problems. -.27 -.22 

Factor VI: Optimism vs. Pessimism 

Positive: 

1. Life is an exciting adventure most of the time. .29 .23 

2. Despite occasional periods of war and other 

troubles, life on the whole seems to get better and 

better. .52 .56 
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3. Most people would be better off if they would spend 

more time looking at all the good things in life 

instead of complaining about the few bad things. .33 .26 

4. There are so many things to be happy about in life 

that people have little excuse for becoming 

depressed. .33 .31 

Negative: 

1. The way the world is going, it is likely that some 

day human civilization will be destroyed by nuclear 

war. -.55 -.57 

2. When you consider all the problems in the world 

today, the future looks pretty dreary. -.45 -.50 

3. For most people, life contains a good deal of dis

appointment, frustration and unhappiness. —.36 -.36 

4. The way things look for the future, it sometimes 

seems unfair to bring children into the world. -.43 -.49 

5. The rapid growth in technology such as the develop

ment of complex computers is stifling the human 

spirit. -.24 -.34 

6. When one considers problems such as water and air 

pollution and the population explosion, it is very 

difficult to see how the human race can survive 

another century. -.63 -.57 
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GENERAL BELIEFS ITEMS SELECTED FOR THE PRESENT STUDY 
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Factor I: Conventional Theistic Religion 
vs. Nontheistic Viewpoint 

Positive: 

7. There seems to be a divine purpose in everything 

that happens, even if some things that happen to us 

are hard to understand at the time. .61 .68 

3. The really important life is the life after death. .61 .62 

5. The world is ultimately governed by spiritual 

forces. .61 .56 

Negative: 

3. It makes more sense to think of God as an idea or 

principle than to think there is a divine Being 

with human characteristics. -.61 -.61 

9. Belief in God as an explanation for events in 

nature is just plain superstition. -.55 -.60 

factor II: Future-Productive vs. Present 
Spontaneous Orientation 

Positive: 

5. In the end, what really counts is what you've 

achieved in life rather than how many good times 

you've had. .46 .40 

2. A person's life is meaningless unless he works hard 

to accomplish something. .41 .47 
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Negative: 

1. It is better to accomplish little and enjoy your

self than to accomplish much by sacrificing many of 

life's pleasures. -.44 -.38 

3. In most tasks, it is more important to enjoy it 

while doing it than to accomplish a lot at the end. -.40 -.33 

4. A good piece of advice is "If it feels good, do it." -.38 -.43 

Factor III: Detachment vs. Involvement 

Positive: 

1. The best way to live is not to get too emotionally 

involved or react too strongly to things. .72 .73 

2. It is a good idea not to tell your friends a lot 

about yourself since you may later regret it. .68 .70 

5. It is a good idea not to argue too strongly for a 

particular position or idea since one may later 

discover he was wrong. .52 .80 

Negative: 

3. It is best to form close relationships even if you 

sometimes get deeply hurt. -.76 -.76 

5. We should all actively work toward eliminating 

social problems such as poverty even though the 

task often seems hopeless. -.67 -.79 
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Factor IV: Relativism vs. Absolutism 

Positive: 

6. Ue have no right to criticize people who choose to 

reject some of the basic values of our society as 

long as they do not harm others. .45 .47 

2. Since people differ in their needs, we should not 

expect everyone to live by the same moral code. .44 .50 

Negative: 

3. There is something wrong with any person who changes 

his mind often about important matters like religion 

and politics. -.38 -.41 

2. There is no excuse for going against the standard 

way of dressing in our society. -.34 -.46 

4. Every person who breaks the law should be punished 

for his misdeed, with no consideration given to his 

mental state at the time of the crime. -.31 -.36 

Factor V: Scientific Determinism 

Positive: 

2. The process of thinking is nothing more than 

electrical and chemical activities in the brain. .51 .49 

4. If one could completely control a person's environ

ment, we could completely control his behavior and 

personality. .50 .41 
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6. Some day scientists will be able to determine in 

advance a person's basic abilities by manipulating 

his genetic structure. .35 .34 

Negative: 

1. Man can never be fully understood from an objective 

scientific standpoint. -.51 -.55 

2. A scientific understanding of man is severely 

limited since each person is a unique individual. -.36 -.44 

Factor VI: Optimism vs. Pessimism 

Positive: 

2. Despite occasional periods of way and other 

troubles, life on the whole seems to get better and 

better. .52 .56 

4. There are so many things to be happy about in life 

that people have little excuse for becoming 

depressed. .33 .31 

Negative: 

6. When one considers problems such as water and air 

pollution and the population explosion, it is very 

difficult to see how the human race can survive 

another century. -.63 -.57 

1. The way the world is going, it is likely that some 

day human civilization will be destroyed by nuclear 

war. -.55 -.57 



When, you consider all the problems in the world 

today, the future looks pretty dreary. 
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GENERAL BELIEFS 

Sex: M F Age Major Subject 

Religious Preference 

Where are you currently living? 
A. at home with parents or relatives 
B. in a dormitory 
C. in a fraternity or sorority 
D. in an apartment or own home 

Which of the following best characterizes your political viewpoint? 
A. Conservative Republican 
B. Liberal Republican 
C. Conservative Democrat 
D. Liberal Democrat 
E. Other (Please specify) 

Circle one of the numbers to each item below to indicate the extent of 
your agreement or disagreement with the item. Please do not limit any 
items. 

a) 
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1 2  4  5  ( 1 )  T h e  r e a l l y  i m p o r t a n t  l i f e  i s  l i f e  a f t e r  d e a t h .  

12 4 5 (2) We have no right to cirticize people who choose to 
reject some of the basic values of our society as 
long as they do not harm others. 

12 4 5 (3) Every person who breaks the law should be punished 
for his misdeed, with no consideration given to his 
mental state at the time of the crime. 

12 4 5 (4) A scientific understanding of man is severely 
limited since each person is a unique individual. 

12 4 5 (5) Since people differ in their needs, we should not 
expect everybody to live by the same moral code. 

12 4 5 (6) It makes more sense to think of God as an idea or 
principle than to think there is a divine Being 
with human characteristics. 
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(7) A person's life is meaningless unless he works hard 
to accomplish something. 

(8) When one considers problems such as water and air 
pollution and the population explosion, it is very 
difficult to see how the human race can survive 
another century. 

12 4 5 (9) There is no excuse for going against the standard 
way of dressing in our society. 

12 4 5 (10) We should all actively work toward eliminating 
social problems such as poverty even though the 
task often seems hopeless. 

12 4 5 (11) There are so many things to be happy about in life 
that people have little excuse for becoming 
depressed. 

12 4 5 (12) Despite occasional periods of war and other troubles, 
life on the whole seems to get better and better. 

12 4 5 (13) The process of thinking is nothing more than 
electrical and chemical activities in the brain. 

12 4 5 (14) If we could completely control a person's environ
ment, we .could completely control his behavior and 
personality. 

12 4 5 (15) The best way to live is not to get too emotionally 
involved or react too strongly to things. 

12 4 5 (16) Belief in God as an explanation for events in nature 
is just plain superstition. 

12 4 5 (17) Man can never be fully understood from an objective 
scientific standpoint. 

12 4 5 (18) It is a good idea not to argue too strongly for a 
particular position or idea since one may later 
discover he was wrong. 

12 4 5 (19) The way the world is going, it is likely that some 
day human civilization will be destroyed by nuclear 
war. 

12 4 5 (20) It is a good idea not to tell your friends a lot 
about yourself since you may later regret it. 
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(21) The world is ultimately governed by spiritual forces. 

(22) When you consider all the problems in the world 
today, the future looks pretty dreary. 

12 4 5 (23) Some day scientists will be able to determine in 
advance a person's basic abilities by manipulating 
his genetic structure. 

12 4 5 (24) In most tasts, it is more important to enjoy the 
work while doing it than to accomplish a lot at the 

end. 

12 4 5 (25) It is best to form close relationships even if you 
sometimes get deeply hurt. 

12 4 5 (26) It is better to accomplish little and enjoy yourself 
than to accomplish much by sacrificing many of 
life's pleasures. 

12 4 5 (27) A good piece of advice is "if it feels good, do it." 

12 4 5 (28) In the end, what really counts is what you've 
achieved in life rather than how many good times 
you've had. 

12 4 5 (29) There is something wrong with any person who changes 
his mind often about important matters like religion 
and politics. 

12 4 5 (30) There seems to be a divine purpose in everything 
that happens, even if some things that happen to us 
are hard to understand at the time. 
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Table F-1. Item Means and Standard Deviations (N = 30) 

ITEM MEAN STANDARD DEVIATION 

1 2.19 1.27 

2 4.29 0.78 

3 2.25 1.06 

4 3.38 1.33 

5 3.74 1.38 

6 3.12 1.49 

7 3.25 1.36 

8 2.90 1.44 

9 1.41 0.67 

10 3.54 1.38 

11 3.00 1.26 

12 3.06 1.31 

13 2.19 1.24 

14 2.74 1.29 

15 2.41 1.17 

16 2.35 1.25 

17 3.70 1.00 

18 2.25 1.53 

19 2.93 1.31 

20 2.29 1.10 

21 2.54 1.23 

22 2.83 1.18 

23 3.45 1.15 

24 3.25 1.12 

25 3.54 1.31 

26 2.64 1.22 

27 2.80 1.30 

28 3.09 1.19 

29 2.12 1.02 

30 3.48 1.41 



Table F-2. Item Means and Standard Deviations (N = 60) 

ITEM MEAN STANDARD DEVIATION 

1 2.52 1.46 

2 4.45 0.80 

3 1.91 1.02 

4 3.21 1.33 

5 3.50 1.32 

6 3.16 1.65 

7 2.91 1.42 

8 2.72 1.46 

9 1.54 0.74 

10 4.13 1.10 

11 2.78 1.29 

12 2.96 1.32 

13 2.22 1.29 

14 2.65 1.34 

15 2.22 1.23 

16 2.40 1.46 

17 3.72 1.11 

18 2.03 1.21 

19 2.80 1.31 

20 2.62 1.21 

21 2.83 1.39 

22 2.80 1.36 

23 3.16 1.33 

24 3.85 1.10 

25 3.86 1.08 

26 2.90 1.32 

27 2.45 1.24 

28 2.95 1.28 

29 2.36 1.04 

30 3.45 1.36 



Table F-3. Item Means and Standard Deviations (N = 120) 

ITEM MEAN STANDARD DEVIATION 

1 2.51 1.37 

2 4.16 0.97 

3 2.02 1.10 

4 3.08 1.29 

5 3.77 1.27 

6 3.31 1.48 

7 3.18 1.47 

8 2.72 1.30 

9 1.52 0.77 

10 4.10 1.01 

11 2.66 1.22 

12 3.17 1.24 

13 2.06 1.16 

14 2.57 1.34 

15 2.20 1.19 

16 2.43 1.21 

17 3.72 1.11 

18 1.92 1.02 

19 2.81 1.21 

20 2.26 1.08 

21 2.51 1.24 

22 2.66 1.28 

23 3.38 1.28 

24 3.65 1.14 

25 3.85 1.05 

26 3.21 1.35 

27 2.75 1.26 

28 3.09 1.28 

29 2.08 1.00 

30 3.31 1.33 



Table F-4. Item Means and Standard Deviations (N = 240) 

ITEM MEAN STANDARD DEVIATION 

1 2.52 1.38 

2 4.26 0.90 

3 1.94 1.00 

4 3.23 1.31 

5 3.69 1.29 

6 3.12 1.51 

7 3.10 1.43 

8 2.80 1.41 

9 1.53 0.76 

10 4.15 0.98 

11 2.69 1.30 

12 3.02 1.28 

13 2.20 1.19 

14 2.71 1.38 

15 2.12 1.18 

16 2.41 1.35 

17 3.76 1.09 

18 2.00 1.11 

19 2.92 1.26 

20 2.28 1.20 

21 2.52 1.29 

22 2.69 1.25 

23 3.48 1.24 

24 3.61 1.17 

25 3.86 1.10 

26 3.09 1.32 

27 2.64 1.24 

28 2.99 1.24 

29 2.11 1.07 

30 3.20 1.37 



Table F-5. Item Means and Standard Deviations (N = 300) 

ITEM MEAN STANDARD DEVIATION 

1 2.55 1.40 

2 4.25 0.91 

3 1.98 1.04 

4 3.19 1.32 

5 3.64 1.31 

6 3.12 1.53 

7 3.06 1.43 

8 2.79 1.41 

9 1.55 0.78 

10 4.14 0.99 

11 2.70 1.29 

12 2.98 1.27 

13 2.20 1.22 

14 2.75 1.39 

15 2.15 1.21 

16 2.36 1.34 

17 3.73 1.12 

18 2.02 1.13 

19 2.88 1.27 

20 2.28 1.18 

21 2.54 1.30 

22 2.73 1.27 

23 3.44 1.25 

24 3.60 1.19 

25 3.83 1.14 

26 3.04 1.35 

27 2.62 1.24 

28 3.04 1.25 

29 2.12 1.08 

30 3.24 1.40 



Table F-6. Means and Standard Deviations 

(N = 120; Random Data) 

ITEM MEAN STANDARD DEVIATION 

1 3.06 1.58 

2 2.80 1.59 

3 3.18 1.55 

4 2.93 1.49 

5 2.98 1.60 

6 2.79 1.54 

7 2.89 1.59 

8 2.71 1.56 

9 2.98 1.50 

10 2.69 1.57 

11 3.31 1.48 

12 2.95 1.54 

13 3.07 1.59 

14 3.01 1.57 

15 3.05 1.61 

16 2.80 1.58 

17 2.98 1.60 

18 3.18 1.52 

19 2.74 1.62 

20 2.83 1.63 

21 2.90 1.51 

22 3.05 1.58 

23 3.05 1.53 

24 2.95 1.53 

25 3.00 1.59 

26 3.20 1.47 

27 3.11 1.50 

28 3.04 1.54 

29 3.05 1.58 

30 2.82 1.63 
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Table G-1. Principal Component Method (N = 30) 

ITEM 1 2 3 4 5 6 7 8 9 10 

1 .78 -.00 .00 .14 .07 -.07 -.10 .13 -.28 -.01 

2 -.28 .18 -.33 .12 -.00 -.04 -.13 -.60 -.19 -.08 

3 .24 .09 .02 .05 .07 -.18 -.10 .61 .00 -.29 

4 -.04 .02 .11 .30 .75 .02 -.09 -.06 -.11 .10 

5 -.10 .21 -.03 .02 .52 -.18 .06 -.03 .58 .03 

6 -.30 -.16 -.05 -.11 -.07 .07 .11 -.71 .41 -.15 

7 .11 -.15 .36 -.09 .07 -.74 .14 .06 .06 .19 

8 -.01 -.27 .13 .42 .38 .33 -.19 -.02 .50 -.08 

9 .77 .32 .19 -.18 -.03 .16 .17 .28 .01 -.10 

10 .01 -.06 .00 .04 .20 -.04 .23 -.28 -.10 .72 

11 .21 .03 .78 .07 -.03 -.00 -.18 .24 .14 -.00 

12 .03 -.05 .02 -.16 -.18 -.12 -.32 .17 .12 .79 

13 .07 .15 .07 -.06 .17 -.05 -.89 -.03 .13 .06 

14 -.17 .71 .15 .14 -.14 .23 -.25 .22 .15 -.18 

15 .03 .45 -.04 .28 .23 .00 .62 -.17 .12 .12 

16 -.79 .04 .07 -.08 .28 .18 .13 -.11 .12 -.00 

17 .33 -.20 .14 -.30 .11 -.29 -.29 -.51 -.11 -.30 

18 -.17 .22 .68 -.16 .24 -.04 -.01 .16 -.21 .24 

19 -.00 .12 .00 .84 .18 .06 .17 -.00 .02 .04 

20 .10 .76 .06 .12 .04 .01 .13 .06 .06 -.02 

21 . 66 -.19 .21 .06 -.13 -.12 .22 .13 .08 .32 

22 .20 .20 -.10 .63 .19 .39 -.04 .11 .30 -.15 

23 -.28 .08 -.08 .11 -.08 -.12 -.13 -.01 .88 .11 

24 -.38 -.34 .16 .23 .09 .26 .13 .08 .20 .09 

25 .08 -.52 .15 .23 -.03 -.08 .06 .17 .24 .54 

26 -.14 .01 .01 .10 .03 .91 .17 -.10 -.11 -.01 

27 -.13 -.18 -.22 .08 .72 -.05 .04 .34 .15 -.23 

28 .03 -.06 .74 .07 -.28 -.28 .12 -.24 -.13 -.11 

29 .26 .26 .31 -.28 .32 .08 .47 .39 -.07 .01 

30 .40 -.23 .30 .42 -.50 -.22 -.05 .15 -.07 -.11 



Table G-2. Principal Axes Method (N = 30) 

ITEM 1 2 3 4 5 6 7 8 9 10 

1 .72 .02 .14 -.01 -.00 .12 -.31 .01 -.09 .03 

2 -.42 .16 .10 -.35 -.10 .11 -.15 .06 .08 .32 

3 .37 .10 .00 .10 .16 .06 -.00 -.31 -.13 -.22 

4 -.07 .06 .32 .11 .52 .12 -.12 .19 .02 .05 

5 -.12 .21 .12 .02 .48 .01 .41 .10 -.14 .04 

6 -.44 -.09 -.06 -.15 -.10 -.11 .38 .08 .12 .66 

7 .15 -.14 -.10 .38 .06 -.10 .05 .20 -.64 .06 

8 -.02 -.30 .46 .12 .40 .17 .39 -.09 .30 .13 

9 .83 .37 -.14 .20 -.01 -.12 -.02 -.11 .16 -.04 

10 -.05 -.08 .04 .02 .06 -.10 -.04 .66 -.03 .01 

11 .26 -.03 .09 .73 -.06 .16 .11 -.12 -.03 -.07 

12 .10 -.15 -.22 .06 -.21 .38 .23 .57 -.12 -.37 

13 .04 .06 -.04 .07 .11 .90 .09 -.06 -.04 .07 

14 -.13 .60 .15 .18 -.11 .24 .16 -.37 .19 -.28 

15 .00 .49 .34 -.03 .15 -.43 .10 .34 .03 .08 

16 -.76 .06 -.04 .11 .27 -.12 .12 .06 .20 -.03 

17 .15 -.10 -.22 .03 -.02 .25 -.20 -.08 -.25 .61 

18 -.08 .19 -.11 . 66 .13 .06 -.15 .20 -.04 -.12 

19 -.01 .09 .80 -.01 .10 -.12 .01 .08 .05 -.10 

20 .10 .61 .14 .07 .02 -.05 .05 -.04 .02 -.10 

21 .65 -.18 .06 .18 -.14 -.14 .05 .28 -.12 -.03 

22 .21 .17 .64 -.12 .20 .05 .24 -.16 .33 -.08 

23 -.23 .02 .10 -.07 .02 .12 .93 -.01 -.12 -.06 

24 -.25 -.27 .15 .09 -.02 -.10 .20 .06 .19 -.09 

25 .14 -.58 .17 .17 -.01 -.06 .24 .37 -.10 -.24 

26 -.18 .02 .14 -.00 -.01 -.15 -.11 .04 .93 -.02 

27 -.05 -.13 .11 -.10 .83 -.05 .04 -.20 -.06 -.12 
28 -.00 -.06 .06 .62 -.38 -.14 -.09 -.03 -.24 .30 

29 .35 .32 -.20 .39 .32 -.38 -.09 .04 .07 -.20 

30 .42 -.30 .33 .22 -.47 -.04 -.04 -.24 .21 -.04 



4 
5 
6 
7 
8 
9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 

24 
25 
26 
27 
28 
29 
30 

Table G-3. Principal Component Method (N = 60) 

1 2 3 4 5 6 7 8 9  1 0  1 1  

.73 .15 .04 .04 -.05 -.07 -.13 -.01 .03 .05 -.09 
-.11 -.13 .13 .02 -.05 -.01 .79 .18 -.02 .04 -.01 
.09 -.19 .18 .38 -.05 -.22 -.48 .48 .03 -.03 -.12 
.03 .24 -.03 -.04 -.15 .16 .12 .11 -.03 .09 .81 
-.28 -.13 .26 -.18 .55 -.13 .15 -.10 -.11 .28 .15 
-.76 -.08 .19 -.10 .15 .14 -.01 .11 .07 .03 -.17 
.07 -.09 .03 .74 .15 -.24 -.11 .20 -.06 .21 .23 
.08 .83 .21 -.04 .00 .13 -.23 .04 .07 .14 .09 
.48 .21 .08 .13 .07 -.15 -.54 .14 -.08 .06 -.28 
-.02 .51 -.34 .15 .16 -.04 .25 -.21 -.29 -.02 .13 
.01 -.10 .08 .06 .05 -.02 .11 .80 -.22 -.11 .09 
-.06 -.06 -.06 .05 .06 -.08 .15 .22 -.80 .01 .05 

-.11 .33 -.07 .27 -.17 -.04 .36 .08 -.05 .42 -.41 
-.19 -.09 .79 .00 .05 .03 .07 .08 .02 -.04 -.03 
-.14 .16 -.03 .18 .09 -.06 .26 .51 .59 .15 -.02 
-.76 .13 .07 -.08 .12 -.12 .01 .04 -.13 .17 .00 
-.07 .08 -.46 -.00 .16 .62 -.20 .16 .06 .03 .14 
-.00 -.02 .00 .11 -.01 .06 .00 -.07 .11 .88 .08 
.13 .70 -.12 .08 .24 -.02 .11 -.09 .02 -.26 .07 

.18 -.06 .11 .22 .10 -.21 .31 -.11 .52 .31 .22 

.62 .21 -.25 -.19 -.03 .13 -.10 .39 .06 .18 .08 

.15 .73 .13 -.17 -.29 .08 -.20 -.01 .16 .08 -.00 
-.15 .29 .69 .14 .24 .06 .31 .14 -.04 -.05 -.26 
-.04 .06 .16 .02 .82 .03 -.08 .08 .04 .11 .05 
.26 .14 -.36 -.08 .36 .40 .08 .10 -.03 -.07 -.36 
-.18 .12 -.10 —. 66 .23 -.07 -.14 -.05 .08 -.16 .12 

-.04 .12 .62 -.04 .15 -.09 -.14 -.03 .10 .09 .17 
.02 .21 -.11 .72 .00 .25 -.06 -.07 .26 -.13 -.14 
-.02 -.05 -.21 -.04 .18 -.83 -.20 .23 .02 -.04 -.13 
.58 .06 -.17 .14 .15 .47 -.08 .09 -.04 .05 -.01 



2 
3 
4 
5 
6 
7 
8 
9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 

05 
06 
05 

11 
23 
06 
30 
12 
08 
02 
09 
05 
26 
02 
21 
08 
02 
66  
21 
40 
14 
01 
08 
10 
12 
14 
04 
06 
04 
04 

Table G-4. Principal Axes Method (N = 60) 

1 2 3 4 5 6 7 8 9  1 0  

.63 .16 .06 -.10 -.02 -.01 .04 .00 -.08 -.02 
-.14 -.18 .00 .65 .02 -.09 -.06 .07 .07 .05 
.10 -.10 .37 -.34 -.02 -.20 .20 .55 -.15 -.06 
.04 .19 -.06 .04 .14 .04 -.12 .05 .70 .05 
-.31 -.12 -.20 .10 .49 -.19 .05 -.06 .12 .11 
-.75 -.03 -.11 .01 .15 -.04 -.15 .15 -.21 -.07 
.08 -.11 .68 -.09 .17 -.11 .21 .20 .18 .14 
.06 .90 .00 -.15 .10 -.06 -.11 .03 .08 -.05 
.48 .26 .13 -.41 .11 -.04 .16 .16 -.37 .10 
-.01 .32 .10 .18 .06 .28 .09 -.26 .18 .25 
.02 -.08 .05 .15 .08 .00 .06 .63 .08 .20 
-.07 -.10 .00 .10 .02 .05 .05 .16 .05 .70 
-.09 .25 .27 .40 -.16 .08 .03 -.01 -.22 .08 
-.21 -.02 -.02 .06 .22 -.60 -.26 .17 -.12 -.02 
-.12 .14 .19 .33 .10 .06 .12 .35 .05 -.43 
-.68 .09 -.06 .06 .10 -.08 .09 .01 .03 .11 
-.03 .07 .00 -.17 .10 .64 -.27 .11 .14 -.07 
-.01 .03 .10 .04 -.05 -.01 -.05 -.04 .05 -.06 
.13 .53 .10 .12 .22 .17 .07 -.19 .13 .02 
.13 -.06 .18 .21 .09 -.19 .07 -.10 .16 -.33 
.60 .22 -.16 -.02 -.06 .32 .04 .31 .10 -.05 
.16 .73 -.10 -.09 -.19 -.05 -.06 -.03 .01 -.17 
-.15 .31 .14 .42 .42 -.47 -.23 .15 -.28 .05 

-.05 > .04 .02 -.05 .73 .01 .04 .08 .08 -.03 

.23 .10 -.02 .09 .20 .50 -.13 .02 -.15 .02 
-.16 .10 -.52 -.15 .19 .08 .09 -.10 .09 -.04 
-.06 .16 -.02 -.06 .22 -.45 -.03 .07 .08 -.13 
.06 .16 .64 .01 .02 .20 -.12 -.05 -.10 -.22 
-.01 -.07 -.05 -.09 .08 -.07 .93 .15 -.13 .02 
.53 .07 .12 -.06 .11 .35 -.24 .07 .02 .02 



1 
2 
3 

4 
5 
6 
7 
8 
9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 

24 
25 

26 
27 
28 
29 

Table G-5. Principal Component Method (N = 120) 

1 2 3 4 5 6 7 8 9 10 11 12 

-.01 -.54 -.14 .17 .12 -.10 .35 -.12 .11 .11 .36 .11 

.02 .10 .71 .05 -.12 -.06 -.01 -.07 .30 -.05 .09 -.07 

.18 -.01 -.14 -.23 -.04 .61 .05 .26 .12 .06 .02 .26 

.11 .06 .03 -.00 .05 -.04 .80 .04 -.07 .04 -.05 -.08 

-.01 -.01 .82 -.11 .04 .05 .07 .03 -.11 -.01 -.02 .03 

.20 .47 .33 -.14 -.06 -.17 -.08 .03 -.14 -.38 .05 .02 

-.02 .37 .18 .34 .08 -.03 .20 .42 .19 .26 -.20 -.06 

.67 .07 -.16 .06 .05 .20 .19 .10 -.05 -.02 -.19 .01 

.02 -.19 -.04 -.10 .14 .18 -.01 .69 -.07 .14 .36 -.07 

-.10 .08 .08 .06 .06 -.08 .10 -.11 .14 .10 -.03 -.83 

-.13 .13 .12 .25 .12 .06 .11 -.04 .32 .29 -.04 .63 

-.39 -.01 -.14 .16 -.19 .03 .00 -.01 .44 -.06 -.26 -.21 

.09 -.10 .21 -.02 -.66 -.01 -.05 .03 -.05 -.21 .19 .03 

.20 .04 -.01 .13 -.05 .02 .06 .68 -.12 -.10 .00 .16 

-.12 .15 -.07 .13 -.24 .17 .10 .05 .12 .03 .60 .12 

-.10 .79 -.06 -.10 -.01 .01 .17 -.15 -.06 -.16 .25 .01 

.06 -.19 .14 -.12 .78 -.08 .06 .14 .00 -.21 .04 .05 

.13 .00 .10 -.03 -.02 .02 -.08 .10 -.06 .02 .63 -.07 

.49 .10 .20 -.07 -.32 .12 .21 -.20 -.03 .42 .08 -.02 

-.01 -.03 .26 .10 -.04 .40 .45 -.02 .05 -.38 .17 .16 

.27 -.35 .05 .31 .28 .02 .12 -.23 .08 .39 .13 -.09 

.81 -.15 .09 -.01 .00 .03 -.02 .13 .03 -.05 .13 .03 

.47 .16 .00 .12 -.10 -.45 -.19 .32 .16 -.15 .21 -.06 

.05 -.13 .13 -.14 .14 .08 -.07 -.12 .80 -.03 .08 .05 

.15 -.00 -.10 .23 .48 -.17 -.38 -.18 .20 .21 -.27 -.04 

.12 .09 -.02 -.71 .04 .02 -.04 -.05 .28 -.02 .06 -.06 

.25 -.12 -.05 -.31 -.32 -.07 .35 .21 .28 .04 -.25 .04 

.15 -.10 -.13 .75 -.01 .05 -.05 .07 .16 .09 .12 .00 

.11 .03 .04 .16 -.10 .83 -.08 .03 .03 -.03 .15 -.04 

-.04 -.22 -.06 .09 .01 -.02 -.05 .07 -.06 .82 .06 .06 



2 
3 

4 
5 
6 
7 
8 
9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 

Table G-6. Principal Axes Method (N = 120) 

1 2 3 4 5 6 7 8 9 10 11 12 

-.01 .33 -.10 -.07 .26 .16 -.08 .31 .18 .06 -.32 -.10 

.01 -.07 .57 .12 .03 -.01 -.04 .01 .27 -.09 .07 .08 

.17 .04 -.14 .04 -.20 .19 .46 .10 .10 .28 .08 -.04 

.12 .04 .03 -.03 -.01 -.03 -.00 .55 -.07 -.07 .13 .04 

.02 -.03 .66 -.04 -.09 .02 .03 .09 -.06 .03 .03 -.04 

.16 -.44 .32 .07 -.15 .01 -.12 -.07 -.12 .00 .07 .21 

.02 .05 .09 -.05 .18 .04 -.02 .10 .03 -.03 .53 .06 

.54 -.02 -.12 -.04 -.00 -.03 .14 .16 -.07 .04 .16 -.07 

.06 .11 -.07 -.09 -.03 .69 .13 .02 -.05 .03 .09 -.11 

-.11 .06 .05 -.03 .02 -.09 -.08 .04 .07 -.68 .08 .04 

-.12 .24 .09 -.07 .19 -.11 .07 .05 .23 .42 .24 .09 

-.32 -.03 -.12 .10 .06 -.18 -.00 .00 .20 -.11 .14 -.08 

.09 -.17 .18 .48 -.01 .12 -.03 .02 -.02 .03 -.13 -.00 

.22 -.14 -.04 .01 .07 .36 .03 .07 -.14 .18 .27 -.08 

-.07 .05 .03 .26 .14 .27 .15 .07 .09 .10 -.08 .25 

-.06 -.26 .02 .08 -.13 -.05 .02 .07 -.08 -.03 .10 .71 

.06 -.07 .12 -.73 -.04 .16 -.08 .07 .05 .05 -.10 -.06 

.12 .02 .14 .09 .06 .31 .05 -.03 .01 -.01 -.15 .11 

.44 .33 .19 .30 -.09 -.09 .08 .16 -.00 -.04 .02 .12 

.01 -.17 .23 .05 .08 .08 .31 .42 .09 .15 -.09 .13 

.21 .46 .05 -.20 .32 -.05 .02 .08 .11 -.10 -.12 -.11 

.78 -.01 .08 -.00 .03 .19 .03 .01 .09 .04 -.08 -.09 

.41 -.21 .02 .11 .10 .29 -.36 -.17 .12 -.05 .15 .06 

-.01 .04 .10 -.08 -.09 -.04 .08 -.04 .74 .01 -.01 -.07 

.11 .18 -.12 -.44 .19 -.30 -.13 -.40 .15 -.08 .11 -.05 

.10 -.08 .01 -.02 -.49 .00 .01 -.02 .21 -.04 -.10 .05 

.21 -.02 -.06 .18 .26 -.02 -.01 .26 .15 .03 .17 -.20 

.11 .13 -.12 .04 .67 .06 .07 -.05 .10 .00 .13 -.04 

.08 -.00 .04 .13 .13 .13 .71 -.01 .05 .01 -.01 .05 

-.01 .72 -.07 .01 .08 .09 -.03 -.11 -.07 .03 .11 -.10 



3 
4 
5 

6 
7 
8 
9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 

24 
25 
26 
27 

28 
29 

30 

Table G-7. Principal Component Method (N = 240) 

1 2 3 4 5 6 7 8 9 10 11 

.78 -.01 .09 -.02 .06 -.07 -.06 -.02 -.09 -.02 -.05 

-.13 .00 .13 -.02 .04 .08 .15 -.06 .10 -.25 .65 
-.08 .04 .10 .01 .09 -.51 .41 .21 .04 .14 -.25 
.08 .11 .17 .16 -.04 .20 .16 .59 -.37 -.26 .17 

-.17 -.03 .01 -.10 .08 -.11 -.10 .26 -.06 .23 .72 

-.75 .08 .02 -.04 .13 .02 -.08 .02 -.13 -.01 .07 
-.04 -.10 .01 .67 .07 -.02 .14 .04 -.09 .07 -.02 
.05 .55 .12 .18 .17 .04 -.17 .44 -.01 .10 -.18 

.14 .09 .14 .06 .06 -.04 .19 -.06 -.04 .80 -.07 

.02 -.02 .04 -.04 .00 .77 .02 -.01 -.10 .05 -.07 

.20 -.41 .05 .37 .32 -.22 .04 .18 .06 .01 .01 
-.02 -.69 -.10 .15 .23 .10 .03 .14 .12 .02 -.12 

-.15 .09 .24 .02 .13 -.14 -.06 -.06 .48 -.11 .11 
-.17 .02 .27 -.04 .02 -.44 -.39 .06 -.06 .28 -.01 

-.14 -.09 . 66 .07 .12 .06 -.04 -.08 .12 .11 -.06 
-.67 -.23 .22 -.07 .10 .08 -.08 .08 .15 -.10 .03 
.06 .10 .02 .00 .29 .05 -.20 -.08 -.73 -.06 .01 
.09 .06 .52 .04 -.20 .12 -.07 .15 .05 .37 .13 
.13 .32 .23 -.06 .33 .25 -.16 .19 .42 -.10 -.07 
.07 .21 .59 .14 .01 -.19 .19 -.03 -.02 -.09 .23 

.60 .10 -.01 .12 .21 .24 .09 -.03 -.14 -.09 -.07 

.07 .80 -.06 .00 .17 -.01 .02 .12 .12 .10 -.05 

-.37 .28 -.14 .22 .16 -.05 -.40 .03 .29 .34 .21 
-.01 .00 .04 -.06 .78 -.09 .10 -.00 -.06 .02 .08 

.18 .02 -.45 .20 .45 .23 -.15 -.19 -.03 .03 .06 

-.14 -.00 -.03 -.63 .46 .13 .07 .10 -.04 .10 -.01 
-.12 -.01 -.10 -.15 -.03 -.20 -.00 .72 .17 .05 .09 

.24 .04 .10 .71 -.00 .07 -.03 -.06 .07 .04 -.07 

.06 -.06 .05 .10 .09 -.02 .80 .01 .07 .17 .10 

.67 -.03 -.06 .19 .06 .18 -.03 .05 -.00 .16 -.06 



Table G-8. Principal Axes Method (N = 240) 

ITEM 1 2 3 4 5 6 7 8 9 10 11 

1 .70 -.00 .06 .04 .00 .06 .00 -.04 -.09 .00 -.06 
2 -.17 -.03 .02 -.02 -.10 .14 .04 .14 .03 -.17 .26 
3 -.03 .02 .06 .01 .48 .08 .09 .21 .06 .16 -.09 
4 .07 .09 -.04 .10 -.11 .08 .57 .15 -.19 -.12 .14 
5 -.18 -.01 .09 -.08 .09 .09 .15 -.04 -.02 .06 .54 
6 -.68 .05 .08 -.09 .01 .01 .04 -.08 -.14 -.00 .06 
7 .04 -.08 .05 .44 .04 .04 .05 .07 -.04 .07 .02 
8 .04 .54 .13 .11 .05 .10 .33 -.17 -.01 .10 -.10 
9 .14 .09 .04 .07 .10 .16 -.08 .10 -.03 .67 .01 
10 .05 -.00 .01 -.05 -.50 -.00 .06 .02 -.06 .03 -.06 
11 .13 -.25 .27 .34 .17 .02 .12 .06 .06 .03 -.04 
12 -.02 -.49 .23 .16 -.03 -.12 .08 .02 .13 .04 -.08 

13 -.16 .08 .07 .00 .08 .22 -.05 -.04 .19 -.03 .05 
14 -.16 .05 .00 -.02 .30 .20 -.02 -.27 -.03 .16 .06 
15 -.13 -.03 .07 .07 -.01 . 46 -.03 -.01 .06 .07 -.02 
16 -.63 -.18 .11 -.09 -.03 .20 .07 -.06 .14 -.08 .00 
17 .07 .05 .15 -.01 -.12 -.08 .06 -.11 -.56 .01 .01 
18 .03 .09 -.11 .07 -.02 .40 .11 -.02 .04 .19 .05 
19 .10 .32 .26 -.06 -.18 .22 .09 -.12 .25 -.06 -.02 
20 .08 .14 -.01 .10 .14 .49 .00 .16 -.06 -.09 .18 
21 .51 .10 .16 .13 -.25 -.05 .07 .11 -.14 -.01 -.13 
22 .06 .76 .10 -.05 .03 -.02 .04 .02 .04 .09 -.02 
23 -.35 .31 .15 .20 .02 -.03 -.14 -.38 .22 .20 .31 
24 -.01 .04 .60 -.03 .06 .03 -.01 .08 -.10 .01 .09 
25 -.15 .06 .37 .17 -.26 -.36 -.15 -.08 -.06 -.01 .04 
26 -.13 .02 .39 -.54 -.07 -.05 .07 .04 -.02 .09 .02 
27 -.11 .05 .03 -.12 .27 -.04 .36 -.06 .22 .02 .19 
28 .20 .07 .00 .62 -.08 .10 -.02 .01 .02 .03 -.10 
29 .06 -.06 .10 .11 .10 .07 .05 .61 .09 .13 .03 

30 .56 .02 .08 .21 -.17 -.05 .07 -.00 .00 .15 -.11 



2 
3 
4 
5 
6 
7 
8 
9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 

Table G-9. Principal Component Method (N = 300) 

1 2 3 4 5 6 7  8 9  1 0  

.73 .03 .03 -.01 .05 .02 .01 -.05 .01 -.01 

-.12 -.04 .02 -.02 .04 -.01 .15 -.07 .72 .04 

-.01 .08 .04 .64 -.04 .04 .02 .06 -.09 .14 
.04 .08 .08 .02 -.14 .13 -.38 -.21 .21 .65 

-.17 -.03 -.11 -.10 .15 -.03 -.08 .29 .56 .28 

-.71 .10 .01 -.14 .15 .03 -.09 -.01 .13 -.04 

-.04 -.06 .68 .24 .10 -.04 -.09 .09 .04 .11 

.05 .67 .13 -.05 .12 .13 -.05 .05 -.12 .30 

.18 .12 .02 .48 .01 .23 -.10 .50 -.19 -.05 

.10 -.00 .00 -.11 -.02 .01 -.08 -.09 .10 -.02 

.27 -.31 .33 .06 .34 .09 .01 .14 -.01 .32 

.01 -.64 .10 .00 .26 .01 .18 -.04 -.20 .25 

-.10 .05 -.00 -.11 .06 .17 .58 -.06 .08 .05 
-.06 .04 -.02 -.09 -.06 .15 .02 .76 .09 .02 

-.11 .00 .03 .08 .09 .74 .12 .11 .02 -.07 

-.70 -.16 -.09 -.09 .12 .24 .14 -.08 -.04 .14 
.04 .09 -.05 -.25 .28 .06 -.67 -.11 -.02 .08 

-.02 .13 .05 .07 -.15 .66 .00 .06 .00 .06 

.18 .41 -.12 -.07 .23 .19 .38 -.04 -.01 .24 

.07 .11 .11 .13 -.03 .42 -.04 .00 .49 -.05 

.62 .09 .08 -.07 .19 .02 -.13 -.29 -.03 -.03 

.04 .79 -.04 .08 .08 .07 .10 .04 -.02 .04 

-.38 .36 .23 -.15 .25 -.05 .23 .39 -.02 .04 

-.04 .06 -.08 .08 .75 -.00 -.03 .01 .18 -.04 
.13 .05 .17 -.15 .53 -.31 -.07 -.15 -.16 -.19 
-.20 -.00 -.63 .10 .38 .08 -.14 .00 -.08 .12 

-.18 .12 -.12 .06 -.06 -.15 .25 .16 .06 .63 
.20 .06 .66 -.03 .05 .28 .01 -.14 -.11 -.08 

.08 -.07 .07 .79 .07 .12 .05 -.17 .09 -.05 

.68 -.01 .15 -.02 .08 .02 -.05 .08 -.12 -.00 



Table G-10. Principal Axes Method (N = 300) 

ETEM 1 2 3 4 5 6 7 8 9 10 11 

1 .63 .03 .06 .01 .05 -.06 -.04 .03 -.05 -.05 -.00 
2 -.13 -.03 .00 .01 .03 .43 .08 .08 -.11 .15 .04 
3 .01 .05 .04 .39 -.03 -.08 .04 .09 .14 -.32 .10 
4 .04 .08 .08 .07 -.08 .20 -.26 .09 -.08 .09 .52 
5 -.18 -.01 -.08 -.09 .12 .51 -.03 .03 .10 -.06 .16 
6 -.64 .08 -.02 -.10 .11 .14 -.09 .03 -.06 -.03 -.05 
7 .02 -.06 .46 .11 .06 .03 -.03 .02 .13 .04 .09 
8 .05 .60 .11 -.07 .12 -.07 -.02 .10 .05 -.02 .25 
9 .16 .10 .05 .25 -.01 -.11 -.03 .20 .59 -.04 -.02 
10 .09 .00 .00 -.08 .00 .06 -.05 -.03 .00 .46 .02 
11 .22 -.20 .29 .05 .27 .01 .02 .06 .04 -.14 .21 
12 .00 -.48 .11 .02 .22 -.09 .13 -.08 .02 .08 .15 
13 -.12 .05 .00 -.03 .03 .04 .25 .12 -.01 -.03 -.00 
14 -.09 .07 -.01 -.18 -.02 .12 .10 .18 .30 -.30 .02 
15 -.10 .03 .05 .05 .09 -.01 .12 .59 .08 .00 -.03 
16 -. 66 -.14 -.09 -.06 .13 -.03 .14 .19 -.10 .01 .12 
17 .04 .07 -.03 -.14 .19 .01 -.54 -.03 -.02 .09 .08 
18 -.02 .13 .07 .07 -.08 .02 .03 .45 .10 -.02 .05 
19 .14 .35 -.08 -.05 .21 .00 .28 .14 .00 .19 .17 
20 .04 .09 .09 .12 -.03 .25 -.03 .38 -.04 -.13 .02 
21 .55 .08 .11 .02 .14 -.08 -.18 -.02 -.14 .22 -.02 
22 .04 .72 -.05 .05 .07 -.02 -.08 .09 .08 -.00 .01 
23 -.34 .32 .19 -.22 .21 .10 .26 -.04 .27 .00 -.03 
24 -.04 .06 -.03 .04 .52 .13 -.05 .01 -.00 -.01 -.02 
25 .13 .04 .15 -.09 .40 -.12 -.09 -.32 -.06 .24 -.16 
26 -.19 .01 -.48 .06 .32 -.01 -.10 .01 .08 .07 .10 
27 -.16 .11 -.09 -.00 .01 .16 .21 -.06 .08 .16 .34 
28 .19 .06 .55 .03 .03 -.14 -.02 .22 -.08 .02 -.07 
29 .09 -.06 .09 .65 .05 .01 .05 .14 .04 -.02 -.01 
30 .59 .01 .16 -.03 .06 -.11 -.05 -.01 .12 .16 .01 



Table G-11. Principal Component Method (N = 120; Random Data) 

ITEM 1 2 3 4 5 6 7 8 9 10 11 12 13 14 

1 .05 -.04 .79 .10 .02 .04 -.08 -.04 -.08 -.08 -.02 .12 .08 .10 

2 -.39 .12 -.10 -.02 .06 .44 -.13 .18 .06 .32 -.27 -.01 .22 .29 

3 .16 -. 16 .37 -.02 .19 -.05 .02 -.04 -.01 .50 -.11 .29 -.11 -.25 

4 .06 -.10 .06 .35 .08 -.16 -.12 .03 -.23 .12 .64 -.09 .08 -.00 

5 -.21 .15 .06 -.05 -.33 .09 .20 .12 -.14 .15 .38 -.05 .46 -.11 

6 .04 -.05 -.10 .03 -.02 -.07 -.16 .69 .06 -.18 .22 .01 -.09 .04 

7 -.17 .02 -.12 -.13 -.06 .02 -.04 .04 .27 -.13 .71 .04 -.01 .02 

8 .06 .67 -.07 .03 -.03 .09 .06 .11 -.10 .12 .14 .20 .06 -.19 

9 -.04 .09 .06 -.11 .03 .05 .16 .68 -.04 .03 -.07 .05 .12 .02 

10 .04 -.06 -.06 -.04 .14 -.28 .11 .19 .22 .14 .04 -.17 .09 .60 

11 .04 -.08 -.10 -.01 -.04 .08 -.04 -.03 -.06 .03 .00 -.83 -.05 -.03 

12 .10 -.00 -.21 -.05 .04 -.64 .18 -.08 .08 -.04 .07 .23 .08 .12 

13 .21 .01 .05 -.19 .11 .42 .21 .17 -.08 -.00 .35 .30 -.33 .14 

14 .07 .52 -.11 -.18 .30 -.05 -.19 -.12 .25 .06 -.03 .11 -.12 .17 

15 -.15 .05 .06 .03 -.05 .06 .03 -.00 -.01 .15 -.00 -.07 -.86 .01 

16 .01 .06 .04 -.80 -.01 -.08 -.06 .04 -.06 .12 -.00 -.01 .05 .02 

17 .04 .07 .19 -.15 .65 .06 .08 -.37 .08 -.13 .12 .08 .15 -.03 

18 -.18 .08 .13 .40 .38 .12 .04 -.14 -.20 .32 .12 -.33 -.02 .08 

19 .00 -.04 .15 .01 -.10 .09 .03 -.04 -.16 -.08 -.00 .13 -.11 .75 

20 -.08 .04 .21 .11 .17 .03 .02 .11 -.11 -.76 -.00 .12 .11 -.06 

21 .06 -.72 -.07 .04 .08 .11 -.08 .01 -.01 .23 .14 .12 .02 -.02 

22 .45 .07 .08 .20 -.14 .04 -.51 -.04 .24 .04 -.15 .11 -.01 -.06 

23 .68 .10 .08 .14 .12 -.01 -.17 -.12 .02 .17 -.11 .11 .04 .18 

24 .71 -.08 -.02 -.29 -.03 .09 .06 .17 -.14 -.02 -.00 -.19 .12 -.12 

25 -.02 -.02 -.02 .00 .06 .02 -.03 -.02 .83 .07 .05 .08 -.02 -.01 

26 .29 -.15 -.18 .16 -.03 . 64 .12 -.25 .17 -.16 .00 .04 .04 .00 

27 .00 .01 -.13 .08 -.04 -.04 .80 -.04 -.02 .00 -.12 .15 -.02 .11 
28 -.08 .26 .15 .14 -.11 -.00 .56 .14 .44 -.02 .01 -.20 .06 -.13 

29 .02 -.07 -.11 ,18 .68 -.08 -.08 .33 .01 -.02 -.11 -.09 -.03 -.03 

30 .01 -.05 -.59 .38 .04 -.27 .04 -.01 -.13 .06 .02 .06 .28 -.04 



Table G-12. Principal Axes Method (N = 120; Random Data) 

ITEM 1 2 3 4 5 6 7 8 9 10 11 12 13 14 

1 -.08 .00 .66 -.04 -.03 .00 -.04 .02 .05 .01 -.02 -.07 .08 .04 

2 .03 .02 -.04 .07 -.08 .02 .06 .03 -.04 -.64 .06 .03 -.04 .12 

3 " -.09 .00 .24 -.09 -.15 -.01 -.02 -.08 .14 .05 .41 -.00 .17 -.11 

4 -.05 .30 .04 -.12 .42 -.06 .07 .07 .05 .14 .11 -.21 -.06 -.01 

5 .30 -.03 .06 .14 .36 -.02 .04 .32 -.26 -.12 .07 -.10 -.06 -.16 

6 -.08 .00 -.06 -.03 .17 -.03 .54 -.03 -.10 .05 -.12 .02 .00 .05 

7 .05 -.05 -.08 .03 .57 .04 .07 -.02 -.01 .05 -.11 .17 .03 .02 
8 .03 -.00 -.04 .44 .08 .05 .08 .04 -.00 -.05 .07 -.04 .13 -.16 

9 .14 -.09 .02 .09 -.01 -.01 .41 .05 -.05 -.11 -.01 -.02 .04 .01 

10 .07 -.03 -.11 -.06 .02 -.12 .14 .04 .07 -.04 .05 .11 -.03 .40 

11 -.00 .01 -.10 -.09 .00 -.02 -.03 -.03 -.08 -.04 -.00 -.05 -.59 -.03 

12 .08 -.03 -.19 .02 .02 -.22 -.03 .12 .08 .30 .01 .07 .22 .22 

13 .07 -.12 .10 .04 .18 .44 .19 -.22 .09 -.00 .08 -.08 .19 .09 

14 -.20 -.09 -.06 .39 -.02 -.04 -.03 -.08 .20 -.03 .05 .20 .06 .19 

15 .03 .00 .04 .02 -.01 .02 -.01 -.71 -.06 -.01 .10 .02 -.06 .02 
16 .00 -.53 .02 .10 .03 -.07 .04 .02 .01 -.00 .10 -.04 -.02 .08 
17 .02 -.01 .12 .06 .03 .06 -.18 .07 .61 .05 -.02 .05 .08 -.01 
18 .08 .43 .12 .04 .08 -.06 -.10 -.09 .23 -.18 .19 -.13 -.30 .06 

19 .04 -.03 .15 -.05 -.01 .08 -.02 -.08 -.03 -.08 -.06 -.10 .05 .39 
20 .04 .10 .22 .05 -.02 .04 .14 .09 .12 .12 -.52 -.08 .12 -.05 

21 -.06 .09 -.02 -.51 .08 .10 .02 .02 .02 .01 .18 -.03 .03 .02 

22 -.52 .02 .05 .01 -.12 .10 -.04 .03 -.05 .06 .07 .11 .05 -.08 

23 -.44 .10 .12 .13 -.21 .23 -.05 .15 .03 .24 .28 -.00 .03 .27 

24 -.14 -.28 -.04 -.05 -.14 .32 .20 .22 .00 .27 .15 -.15 -.16 -.08 

25 -.10 -.03 -.08 -.00 .07 .02 -.02 -.04 .08 -.04 .04 .56 .10 .03 

26 -.07 .14 -.06 -.10 -.05 .59 -.20 .05 -.00 -.07 -.09 .11 -.04 -.06 

27 .58 .10 -.09 .07 -.20 .15 -.04 .03 -.06 .13 .05 .06 .14 .15 

28 .40 .08 .10 .27 -.01 .02 .09 .04 -.12 .06 -.01 .43 -.12 -.08 

29 -.10 .22 -.06 -.04 -.11 -.07 .29 -.05 .31 -.01 .02 .02 .02 .09 

30 .02 .36 -.36 -.02 .02 .01 -.00 .23 -.06 .01 .01 -.06 -.01 .01 



Table G-13. Principal Component Method (N = 120) 

ITEM 1 2 3 4 5 6 

1 .53 -.02 .18 .04 .02 .07 
2 -.17 -.05 -.06 .69 .17 .16 
3 .15 .22 .59 -.08 .06 -.30 
4 .08 .09 .08 .15 .28 -.08 
5 -.19 .08 .05 .61 .03 .01 
6 -.65 .25 -.11 .26 .02 .01 
7 .04 .10 -.05 .19 .02 .41 
8 .16 .53 .02 -.07 .26 -.13 
9 .12 .44 .37 -.15 -.18 .09 
10 -.00 -.24 -.44 .12 .20 .10 
11 .32 -.15 .25 .29 -.14 .20 
12 .06 -.49 -.07 -.02 .03 .06 
13 -.34 .04 .21 .00 .46 .09 
14 -.11 .53 .25 -.15 -.08 .20 
15 -.08 -.08 .49 .02 .16 .31 
16 -.56 -.13 .10 .09 .05 .08 
17 .16 .32 -.08 .30 -.63 -.21 
18 -.09 .25 .22 .10 .06 .20 
19 .15 .19 .01 . 16 .69 -.01 
20 -.10 -.00 .56 .38 .08 -.02 
21 . 66 .11 -.13 .18 .09 .18 
22 .15 .73 -.01 .14 .27 -.07 
23 -.21 .56 -.27 .04 .10 .26 
24 .30 -.11 .03 .52 -.03 -.24 
25 .39 .03 -.51 .05 -.33 .08 
26 -.13 .06 -.03 .15 .08 -.62 
27 .07 .17 .03 .01 .42 -.38 
28 .37 .09 .05 -.05 .03 .63 
29 .09 .02 .59 .05 .14 .07 
30 .58 -.04 -.04 -.20 .12 .22 



Table G-14. Principal Axes Method (N = 120) 

ITEM 1 2 3 4 5 6 

1 .44 -.00 .14 .04 -.04 .07 
2 -.14 -.00 -.05 .62 .12 .12 
3 .13 .18 .52 -.07 .01 -.22 
4 .05 .09 .12 .13 .07 -.05 

5 16 .06 .06 .46 -.04 -.00 
6 -. 61 .21 -.07 .21 .01 .01 
7 .03 .07 -.01 .09 .01 .26 
8 .11 .46 .09 -.04 .07 -.09 
9 .08 .29 .33 -.15 -.15 .10 
10 .01 -.14 -.32 .12 .09 .04 
11 .25 -.13 .15 .15 -.06 .16 
12 .05 -.34 -.10 -.02 .07 .02 
13 -.25 .10 .18 .09 .36 .02 
14 -.12 .38 .27 -.15 -.09 .19 
15 -.03 -.05 .37 .05 .18 .20 
16 -.45 -.11 .08 .08 .10 .02 
17 .09 .17 -.04 .17 -.72 -.07 
18 -.06 .18 .18 .08 .05 .13 
19 .17 .30 .06 .23 .46 -.10 
20 -.09 -.01 .50 .33 .01 -.00 
21 .60 .13 -.10 .16 -.02 .15 
22 .13 .77 .05 .14 .08 -.06 
23 -.20 .49 -.18 .01 .05 .23 
24 .21 -.05 -.01 .34 -.07 -.13 
25 .33 .01 -.48 -.03 -.28 .11 
26 -.13 .08 -.02 .12 -.01 -.46 
27 .04 .20 .08 .05 .18 -.26 
28 .34 .08 .04 -.06 .06 . 56 
29 .09 .03 .47 .06 .13 .05 
30 .52 -.00 -.04 -.14 .10 .14 
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Table H-1. Factors 

ITEM 123456789 10 11 12 

1 .61 -.08 -.29 -.18 .12 -.17 -.01 .04 .09 .20 .08 .10 
2 -.16 .08 -.10 .45 -.10 -.17 .09 .01 -.08 -.07 .04 -.04 
3 -.10 .09 -.08 -.31 -.02 -.10 .37 .25 .16 .07 .15 .21 
4 -.01 -.10 -.12 -.13 -.36 -.08 -.20 .43 .00 .01 .04 .05 
5 -.22 .04 -.19 .44 -.14 -.09 .05 .20 -.05 .01 .08 .07 
6 -.61 .00 -.15 .20 -.06 .04 .09 .05 .19 -.03 .09 .01 
7 .15 .41 .20 .09 .09 -.03 .07 .13 -.10 .09 -.04 .14 
8 -.01 .01 -.25 .05 .09 -.63 .07 .02 .07 .09 .19 -.11 
9 .04 -.01 .00 -.34 .05 -.06 .37 .26 -.18 .18 .17 -.13 
10 -.02 -.01 -.67 .09 .04 -.01 -.07 -.07 -.00 -.02 .15 -.05 
11 -.04 .24 -.06 -.04 -.08 .33 -.08 -.11 .24 .16 .33 .20 
12 .02 .11 -.33 .10 .12 .52 .14 -.08 .01 .26 .17 .08 
13 .07 -.10 .11 -.06 .51 .00 -.07 .20 -.08 .06 .01 .14 
14 .12 -.15 -.22 .04 .50 -.30 .03 .27 -.04 .23 .05 .12 
15 -.10 .13 .72 .08 -.10 -.02 .03 .03 -.05 .11 .26 .12 
16 -.55 -.14 -.35 -.19 .09 -.04 .20 .11 .02 .00 .06 .10 
17 .16 .02 .04 .14 -.51 .07 .03 .08 .00 .02 -.04 .18 
18 .09 .04 .52 -.04 -.02 -.05 .00 .07 -.08 .05 -.15 .25 
19 -.04 .07 -.16 .09 -.01 -.55 -.05 .21 -.22 .25 .10 .13 
20 .02 .05 .68 .02 -.04 -.10 -.02 .05 -.05 .11 .14 .04 
21 .61 -.14 -.41 -.09 -.05 -.03 .22 -.07 .04 -.01 .04 .07 
22 .07 -.01 .20 .09 .02 -.45 .05 -.13 .12 .03 -.06 .40 
23 -.04 -.06 -.29 .16 .35 .06 .14 .11 .07 -.06 .02 .02 
24 .03 -.40 -.16 -.07 .05 -.02 -.12 -.00 -.09 .28 .33 -.12 
25 -.02 -.09 -.76 -.06 .04 .04 -.05 -.09 .00 .10 .07 -.04 
26 .06 -.44 -.12 .01 .04 " -.05 .00 .12 .05 .05 .51 .06 
27 -.08 -.38 .08 .14 -.09 .06 .06 .06 .14 -.10 .42 .15 
28 .11 .46 -.36 .04 .05 .02 .09 .07 .14 -.32 .06 .21 
29 .08 -.05 -.16 -.38 -.01 -.08 .03 -.08 .06 .32 .08 .04 
30 .61 .01 .03 .02 -.04 -.03 -.05 .25 .05 .22 .05 .18 
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Table 1-1. Principal Component Method (N = 30) 
with the Reference Factor Structure 
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Table 1-2. Principal Axes Method (N = 30) 
with the Reference Factor Structure 

Factor 1 2 3 4 5 6 7 8 9 10 

1 .71 -.14 .07 .20 -.33 .07 -.29 -.08 -.08 -.24 

2 .64 -.03 .06 .44 -.37 .06 -.26 -.00 -.35 -.20 

3 .03 .60 .07 .06 .13 -.02 -.15 -.28 -.00 .07 

4 -.47 -.06 .19 -.38 .02 .08 .28 .15 -.07 .39 

5 -.05 .14 -.01 .02 -.20 .43 .38 -.13 .08 -.42 

6 .01 -.18 -.70 .25 -.21 .10 .04 .35 -.22 -.04 

7 .25 .14 -.32 -.09 -.06 -.15 .15 -.19 .09 -.03 

8 -.01 .26 .10 -.08 .12 .19 -.06 -.39 .03 .03 

9 -.02 -.26 -.14 .17 .05 -.06 .14 -.23 .08 .15 

10 .32 .14 .10 .04 -.13 -.01 -.13 -.02 .11 -.49 

11 -.04 -.07 .06 -.10 .24 -.22 -.05 -.03 .55 -.18 

12 .04 .15 .18 .28 -.01 .14 -.18 -.31 -.12 -.05 



Table 1—3. Principal Component Method (N = 30) with Factors 
from the Principal Axes Method (N = 30) 

Factor 123456789 10 

1 .98 .01 .19 -.03 -.23 -.18 .03 .50 -.26 -.00 

2 .70 .29 .09 .08 -.12 -.09 -.00 .27 -.11 -.03 

3 -.03 .04 -.21 .99 .14 .25 .13 .03 .12 -.16 

4 .13 -.02 .09 -.24 -.18 -.23 .04 .36 -.23 .05 

5 -.22 .00 -.34 .03 .94 .07 .06 .23 .17 -.18 

6 .01 .01 -.05 -.12 -.01 -.08 -.98 -.02 .08 .04 

7 -.32 -.04 -.20 .08 -.08 -.03 -.08 -.03 .97 .09 

8 -.08 -.25 -.07 -.13 .06 -.13 .26 -.26 -.08 .90 

9 -.16 .09 -.20 .20 -.02 .97 .09 -.06 -.07 -.16 

10 -.05 -.22 -.05 -.18 -.03 -.12 -.05 -.84 -.02 -.37 



1 

2 

3 

4 

5 

6 

7 

8 

9 

10 

11 

12 

Table 1-4. Principal Component Method (N = 60) 
with the Reference Factor Structure 

8 10 11 

,89 

,77 

. 02  

.30 

.04 

.13 

.01 

. 02  

.12 

.27 

.07 

.04 

,07 

.05 

.15 

.01 

.11 

.67 

.14 

.11 

.09 

.06 

.05 

. 0 2  

,23 

, 2 6  

.13 

. 21  

.48 

.15 

.18 

. 2 6  

.13 

.05 

.14 

.00 

.09 

.51 

.16 

. 0 6  

.15 

.10 

.13 

.13 

.09 

.20  

.38 

.18 

-.15 

-.24 

-.19 

.14 

-.06 

.13 

-.21 

- . 0 8  

-.25 

. 2 6  

.35 

-.47 

,17 

,10 

.14 

.36 

.23 

.02 

.18 

.12 

.05 

.34 

.17 

.12 

, 2 0  

,09 

,05 

, 6 2  

.12 

.12 

.40 

.13 

. 2 2  

. 2 0  

.13 

.14 

. 0 2  

.15 

.13 

-.22 

-.12 

.38 

.18 

-.19 

.36 

. 2 0  

.19 

.14 

.03 

.03 

.55 

.03 

.15 

.45 

.10 

.10 

. 02  

.24 

. 02  

.13 

.03 

. 02  

.48 

.00 

. 02  

. 02  

-.06 

.04 

-.25 

-.06 

-.40 

. 20  

. 02  

.04 

.17 

.11 

-.55 

-.05 

-.40 

.32 

-.04 

- . 06  

.06  

.05 

ho 
•p-



Table 1-5. Principal Axes Method (N = 60) 
with the Reference Factor Structure 

Factor 1 2 3 4 5 6 7 8 9 10 11 

1 .88 .07 .10 -.21 -.20 .28 -.02 .01 .05 -.04 .04 

2 .78 .04 .52 -.09 -.27 .25 .02 .11 .08 .00 .10 

3 -.02 -.10 .18 .07 -.15 -.23 .04 .14 .11 -.48 .61 

4 -.34 -.02 -.10 .57 .21 -.07 -.48 -.26 .17 .03 .07 

5 -.05 .12 .17 .22 -.01 -.49 -.01 -.07 -.56 .17 -.02 

6 -.13 -.69 .06 .12 .04 .14 .03 .36 -.06 .46 -.02 

7 .01 -.03 .14 -.33 -.21 -.22 .09 .36 -.53 .07 -.02 

8 -.02 -.10 .13 -.16 .13 -.22 -.23 -.06 .20 -.08 .12 

9 -.13 .02 -.09 -.17 -.22 -.08 -.02 .42 -.10 -.07 -.28 

10 .25 -.06 -.20 -.22 .19 -.02 .39 .16 -.07 .28 .11 

11 -.08 i •
 

o
 

to
 

-.35 -.15 .35 -.15 .09 .16 .04 -.02 -.42 

12 .05 -.03 .21 -.10 -.48 .00 -.10 .16 .06 -.18 .17 
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Table 1-6. Principal Component Method (N = 60) with the 
Factors of the Principal Axes Method (N = 60) 

1 2 3 4 5 6 7 8 9 10 11 

.99 .17 .15 -.26 -.21 .26 .01 .04 .01 -.06 -.00 

.78 .40 .14 -.07 -.09 .14 .01 -.09 .14 -.05 -.05 

-.28 .02 -.03 .13 .32 -.92 -.23 .16 -.22 -.09 .01 

.14 -.14 .99 .04 -.13 -.03 -.00 .15 -.10 -.04 .21 

-.18 -.24 -.15 -.05 .92 .03 .06 -.12 -.03 .04 -.22 

.11 .19 -.02 .03 .01 .48 -.88 -.10 .14 -.09 -.05 

-.28 -.23 -.04 .97 .02 -.08 -.19 -.21 .20 .09 .12 

.07 -.25 .09 .03 -.13 .02 .15 .94 -.06 .08 -.15 

.06 .13 .13 .03 -.00 -.06 -.01 -.05 -.00 -.99 .29 

-.03 -.07 .08 .08 -.17 -.07 -.06 -.14 .07 -.11 .92 

-.00 -.00 -.14 -.07 .10 -.01 -.10 -.09 .96 .02 .16 

K> 
ON 
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Table 1-7. Principal Component Method (N = 120) 
with the Reference Factor Structure 

10 11 12 

.01 

-.04 

- . 0 2  

.07 

.11 

-.74 

.05 

- .06  

.14 

-.17 

-.18 

. 22  

-.78 

-.63 

- . 0 2  

.10 

.06 

.05 

.10 

.06  

.01 

-.16 

-.01 

- .08  

-.29 

-.19 

.11 

.67 

-.20 

-.06 

-.11 

.06 

-.27 

-.16 

-.18 

-.10 

.27 

,57 

.14 

.01 

.13 

.11 

.02 

.23 

.09 

.19 

.47 

.12 

, 20  

.15 

, 2 6  

,04 

.56 

.10 

.04 

.18 

.10 

.03 

.14 

.09 

.01 

.10 

.23 

-.53 

-.10 

-.16 

. 20  

-.05 

.02 

.40 

.10 

.02 

, 0 6  

,04 

.24 

. 08  

.36 

.16 

.27 

.43 

.04 

.04 

. 06  

.02 

,00 

.12 

.21 

.13 

.30 

.07 

.42 

.45 

.14 

.07 

.11 

.02 

.05 

.05 

.12 

.04 

.01 

.36 

.17 

.41 

. 02  

.16 

.51 

.24 

.59 

.52 

-.16 

-.12 

-.10 

-.05 

-.09 

.13 

-.05 

.23 

-.00 

.15 

.08 

.03 

.53 

-.23 

.04 

-.09 

.11 

.07 

-.24 

. 0 2  

- . 2 2  

.17 

.00 

.05 

.38 

-.13 

-.04 

. 02  

.06  

.11 

. 28  

.18 

.13 

.34 

N3 
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Table 1-8. Principal Axes Method (N = 120) 
with the Reference Factor Structure 

1 2 3 4 5 6 7 8 9 10 11 12 

.01 .77 -.35 -.21 .37 .12 -.00 .08 .11 .01 -.26 -.59 

-.03 .65 -.26 -.15 .57 .13 .09 .06 .04 .07 .05 -.54 

.03 -.12 .19 .29 -.08 .43 .26 .37 -.06 .45 -.18 .11 

.07 -.20 .66 .00 -.01 -.29 -.53 -.08 .00 -.18 .15 -.07 

.12 -.16 -.21 .53 .05 .19 -.10 -.29 -.04 .00 .14 -.00 

-.73 -.05 -.08 -.12 .16 -.15 -.15 -.22 .24 -.01 .12 .03 

.07 -.13 -.15 -.02 -.02 .45 .17 -.18 -.20 .15 .10 .06 

-.02 .03 .03 .16 -.27 .38 -.04 .39 -.41 .17 .17 .02 

.12 -.04 -.27 -.10 .21 -.25 .02 -.06 -.01 .25 .04 -.06 

-.16 .27 -.16 .04 -.33 .09 .38 .00 .18 .22 -.06 -.10 

-.22 -.02 -.18 .12 -.26 -.19 .11 .08 .43 .11 .02 -.09 

.29 .15 -.08 .08 .20 .06 .04 .06 -.23 .35 -.09 -.00 

N> 
00 



Table 1-9. Principal Component Method (N = 120) with the Factors 
from the Principal Axes Method (N = 120) 

Factor 1 2 3 4 5 6 7 8 9 10 11 12 

1 .99 -.10 -.07 -.08 -.06 -.05 -.04 .15 -.28 -.05 -.03 .08 

2 .50 -.46 -.20 .16 .10 i • o
 

u>
 

-.02 I •
 

o
 

-.20 .78 .00 .12 

3 -.07 .16 .98 -.16 -.10 -.09 -.00 -.20 -.01 -.24 .07 .00 

4 .04 .21 .06 -.03 -.98 .16 .08 -.01 -.05 -.04 .25 -.00 

5 -.03 -.31 -.20 . 88 .02 -.07 .01 .00 .03 .22 .01 .06 

6 .10 -.20 -.10 -.07 -.04 .13 -.08 .77 -.34 -.10 .60 .11 

7 

o
 •
 

1 -.05 -.08 -.00 -.16 .99 .07 .03 -.05 -.05 .11 .20 

8 -.03 -.11 .04 -.10 -.14 .18 .95 .00 -.18 -.16 .02 .09 

9 -.14 -.25 -.00 -.07 .11 -.02 -.18 -.32 .96 -.04 -.06 .07 

10 .08 -.06 -.04 -.00 -.02 .26 .03 .25 -.03 -.03 .11 .98 

11 I • o
 

.45 -.02 .26 -.02 -.10 .03 .45 .06 .18 -.58 .02 

12 -.21 .85 .05 -.08 -.13 .00 .06 -.26 -.19 -.26 .32 .02 
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Table 1-10. Principal Component Method (N = 240) 

with the Reference Factor Structure 

1 2 3 4 5 6 7 8 9  1 0  

.92 .06 .04 .16 -.01 .08 .04 -.15 -.16 .05 

o
 

00 • .00 .18 .56 -.15 .04 .09 -.19 -.08 .08 

-.06 .14 .78 -.00 -.26 -.37 .12 .07 .06 .10 

-.26 .07 .00 -.04 -.04 .15 -.50 .08 -.01 -.28 

-.12 .01 -.02 .03 -.01 -.23 -.24 -.23 .66 .23 

-.08 -.79 -.20 .16 .07 .01 .10 -.15 -.13 -.00 

-.18 -.03 -.13 .03 -.22 -.30 .14 -.12 .07 .49 

l % o
 

•v
j 

.04 .20 -.07 -.28 -.26 -.14 .30 -.07 .18 

-.02 -.02 -.33 .10 -.08 -.20 .08 .24 -.10 -.20 

.25 -.20 .10 -.21 .35 -.16 .27 -.14 .07 .19 

-.08 -.27 -.05 -.42 .45 -.09 .11 .31 .11 .02 

.14 .16 .11 .15 -.30 -.25 -.06 .11 .08 -.14 



Table 1-11. Principal Axes Method (N = 240) 
with the Reference Factor Structure 

Factor 1 2 3 4 5 6 7 8 9 10 11 

1 .92 .07 -.01 .24 -.19 -.15 -.08 .09 -.20 .12 -.36 

2 .82 .03 -.17 .61 -.11 -.01 -.11 .14 -.10 .14 -.32 

3 .02 .12 -.32 -.03 .40 .74 .06 .13 .04 .08 .11 

4 -.27 .08 -.05 -.08 -.21 -.04 .04 -.46 -.04 -.39 .55 

5 -.14 .06 .02 .04 .22 .10 -.46 -.31 .58 .19 -.06 

6 -.10 -.77 .12 .22 -.03 -.27 -.16 .13 -.06 -.00 .03 

7 -.14 -.04 -.21 .04 .36 -.00 -.26 .04 .13 .54 -.12 

8 -.03 -.02 -.31 -.10 .26 .26 .32 -.16 -.03 .21 .22 

9 -.03 .01 -.04 .13 .23 -.38 .17 .04 -.02 -.17 -.21 

10 .26 -.17 .37 -.17 .16 .05 -.13 .26 .06 .22 -.20 

11 -.06 -.23 .50 -.40 .19 -.11 .15 .07 .19 .04 -.03 

12 .16 .19 -.30 .15 .23 .10 .05 -.03 .10 -.14 -.19 
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Table 1-12. Principal Component Method (N = 240) with the Factors 
from the Principal Axes Method (N = 240) 

1 2 3 4 5 6 7 8 9 10 11 

• 00
 

.05 .12 .22 -.05 .11 .16 -.05 -.17 .04 -.26 

.74 .57 .14 .18 .13 -.00 .06 .09 -.02 .11 -.21 

• o
 
o
 

-.12 -.41 -.25 .98 .02 -.04 -.18 .02 -.12 -.12 

.30 -.15 .01 .98 -.22 -.04 .03 -.17 .02 .03 -.15 

-.23 -.01 .20 -.02 -.09 -.94 .18 .31 .18 .25 -.01 

-.14 .09 .91 -.01 -.39 -.21 .05 -.04 .25 .08 .12 

.01 .05 .04 -.08 -.25 .06 .12 .88 -.24 -.31 .05 

.19 -.17 .11 .04 -.04 .00 .98 -.05 -.07 -.07 .04 

-.18 -.06 .01 .00 -.14 -.14 .05 .22 .96 .11 .01 

00 o
 • .07 .04 .01 -.12 -.16 .08 -.11 .01 .97 -.26 

-.37 .04 .01 -.20 -.08 -.20 -.13 .20 .04 .05 .89 

UJ 
to 



Table 1-13. Principal Component Method (N = 300) 

with the Reference Factor Structure 

Factor 1 2 3 4 5 6 7 8 9 10 11 

1 .92 .03 .15 .03 -.03 -.08 -.14 -.08 -.24 -.17 .03 

2 .81 -.01 .54 .12 -.14 .08 -.10 -.05 -.18 -.15 .05 

3 -.07 .12 -.01 .20 -.32 .72 .06 .14 .22 .05 -.42 

4 -.25 .06 -.01 -.62 .04 -.13 .03 .10 .56 .13 .20 

5 -.09 .03 • .07 -.03 -.01 -.04 .69 .47 -.18 -.30 -.06 

6 -.08 -.81 .17 -.01 .20 -.10 -.09 -.12 -.11 .00 -.00 

7 -.15 -.01 .06 .37 -.22 -.01 .04 .23 -.22 -.19 -.16 

8 -.06 .01 -.09 .03 -.37 .10 -.08 .35 .06 .35 i •
 

00
 

9 -.03 .01 .12 .04 i •
 

o
 

-.26 -.11 -.16 -.23 .16 -.28 

10 .29 -.18 -.22 .36 .28 .02 .08 .20 -.16 -.12 -.06 

11 -.08 -.20 -.43 .12 .37 -.10 .08 .06 -.09 .27 -.04 

12 .12 .15 .14 -.00 -.32 .22 .09 -.03 -.20 .12 -.34 
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Table 1-14. Principal Axes Method (N = 300) 

with the Reference Factor Structure 

1 2 3 4 5 6 7 8 9  1 0  

.91 .04 .22 .08 -.06 -.36 -.24 -.12 .05 .14 
• 00
 

.00 .59 .16 -.17 -.31 -.15 .05 .12 .05 

.07 .12 -.03 .20 -.36 .18 .07 .77 .21 -.40 

.27 .08 -.07 -.62 .08 .64 .03 -.11 -.08 .25 

•.11 .05 .06 -.14 -.00 -.16 .67 .00 .39 -.27 

00 o
 • -.80 .20 .03 .19 -.05 -.06 -.20 -.08 .08 

•.14 -.02 .05 .25 -.22 -.23 .12 .05 .30 -.29 

• o
 

00
 

-.01 -.10 -.06 -.39 .17 .02 .16 .34 -.29 

••02 .02 .15 .06 .00 -.20 -.13 -.25 -.14 -.18 

.28 -.16 -.19 .33 .26 -.18 .11 .01 .27 -.21 

00 o
 • -.19 -.40 .09 .41 -.01 .15 -.08 .06 .01 

.12 .17 .13 .03 -.29 -.19 .00 .21 .06 -.24 
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Table 1-15. Principal Component Method (N = 300) with the Factors 
from the Principal Axes Method (N = 300) 

1 2 3 4 5 6 7 8 9 10 

.99 .02 .23 .12 -.03 -.08 -.16 -.17 -.21 -.12 

.74 .58 .12 .09 -.06 -.03 -.06 -.01 -.16 -.02 

00 CM 

•
 -.12 .99 .06 -.12 .03 -.01 -.06 -.15 -.14 

.15 -.12 .05 .96 -.18 .14 .02 -.21 -.04 -.07 

-.07 -.10 -.19 -.24 .98 -.36 -.04 -.15 -.18 -.18 

-.34 -.05 -.20 -.17 -.10 -.08 -.00 .17 .93 .28 

-.23 -.05 .02 .11 -.13 .13 .94 .30 .02 .06 

-.11 .08 .03 .21 -.44 .96 .15 .16 .14 -.13 

-.06 .15 -.02 .28 -.15 .07 .10 .86 -.24 -.02 

.17 -.02 -.06 -.36 .13 -.26 -.07 -.51 -.03 .02 

l •
 
o
 

00
 

-.01 -.13 -.03 -.28 -.07 -.14 -.06 .10 .97 



Table 1-16. Principal Component Method (N = 120; Random Data) 
with the Reference Factor Structure 

Factor 1 2 ' 3 4 5 6 7 8 9 10 11 12 13 14 

1 .05 -.29 .10 .45 .16 -.01 -.02 -.35 -.03 -.01 .00 .10 .13 -.06 

2 -.16 -.06 .10 .46 .09 -.08 .05 -.34 .10 -.00 .12 -.08 .03 -.04 

3 -.16 .08 .05 .22 .07 .20 -.01 -.06 -.48 -.31 .06 -.04 -.43 -.20 

4 -.19 .24 -.24 .08 -.36 .12 .08 -.15 .05 -.04 .07 .01 .15 .23 

5 .32 .27 -.01 -.21 -.15 .07 -.08 .08 .15 .03 -.12 .24 -.16 .15 

6 .01 -.39 -.19 -.07 .10 -.34 .28 -.02 .12 -.04 .07 -.32 -.00 -.18 

7 -.08 -.08 .11 -.28 -.01 -.08 .05 .27 .00 .30 -.29 .33 .02 -.24 

8 -.09 .16 .02 .03 -.06 .07 .08 .03 -.35 .10 .40 .27 .08 .02 

9 .17 -.08 .02 .17 -.02 -.15 .06 -.07 .12 .10 -.20 -.27 .04 -.44 

10 .15 -.01 -.06 -.03 .24 -.21 -.34 .01 -.21 -.15 -.07 .00 -.08 .11 

11 .20 -.07 -.17 -.06 -.29 .20 .44 -.00 -.07 -.16 -.27 -.18 -.15 -.07 

12 -.05 -.09 .10 .21 .03 -.04 -.05 -.48 -.02 .09 -.00 -.11 -.16 -.10 

<JN 



Table 1-17. Principal Axes Method (N = 120; Random Data) 
with the Reference Factor Structure 

ictor 1 2 3 4 5 6 7 8 9 10 11 12 13 14 

1 -.07 .43 .17 -.30 -.04 .10 -.35 .12 .18 .08 .01 -.02 ' .07 -.06 

2 .07 .43 .13 -.06 .12 -.09 -.35 -.01 .12 -.00 -.04 .17 -.07 -.09 

3 .06 .27 .13 .06 .03 .10 -.04 -.43 .07 -.02 -.29 -.43 -.11 -.27 

4 .16 .03 -.20 .24 .17 .04 -.18 .14 -.29 -.31 -.16 .07 -.03 .12 

5 -.24 -.27 .03 .33 -.15 .26 .11 -.09 -.20 .10 .12 .17 .22 .29 

6 .22 .01 -.24 -.31 .03 -.12 .01 .05 .05 .30 .01 .12 -.23 .08 

7 .03 -.25 .08 .01 -.22 -.18 .16 -.00 -.05 -.08 .30 .08 .31 -.11 

8 .14 .11 .10 .18 .35 .08 .03 .08 -.02 .01 .11 -.32 .17 -.04 

9 -.07 .14 -.01 -.07 -.26 -.06 -.06 .09 -.09 .25 .16 .18 -.20 -.28 

10 .31 -.05 -.05 -.09 -.07 -.09 .06 -.04 .20 .16 -.11 -.30 .04 .11 

11 .29 -.14 -.19 -.07 -.35 .42 -.05 -.06 -.30 .16 -.12 -.03 -.14 -.10 

12 -.08 .25 .13 -.08 -.02 -.04 -.47 -.17 .11 .10 .11 .05 -.15 -.11 



Table 1-18. Principal Component Method (N = 120; Random Data) with the Factors 
from the Principal Axes Method (N = 120; Random Data) 

Factor 1 2 3 4 5 6 7 8 9 10 11 12 13 14 

1 -.57 .07 -.09 -.04 -.17 -.04 .89 .12 -.10 -.07 .14 -.07 .08 .03 

2 -.60 -.05 -.18 .46 .10 .04 .65 .01 -.20 -.02 .20 -.16 .10 -.01 

3 .03 -.01 

00 o> 
0
 .00 .04 .21 -.10 -.12 -.18 -.11 -.07 .17 -.07 .01 

4 -.08 .98 -.01 -.15 -.03 -.04 .17 .02 .11 -.07 -.09 .11 .04 -.10 

5 -.40 -.01 -.10 -.01 -.21 -.04 -.10 .11 -.00 -.07 .95 -.03 .10 -.08 

6 .50 -.14 -.05 .02 -.15 .75 .12 -.19 -.02 -.15 -.03 .17 -.09 -.07 

7 -.04 .00 -.10 -.11 -.03 -.12 -.04 .96 -.10 -.19 .11 .01 .01 -.03 

8 .24 -.01 -.13 .02 -.08 -.16 .05 .02 l • o
 

' -.13 .05 .02 .97 

o
 • 

1 

9 .04 .01 .18 -.02 .92 -.03 -.14 -.36 .04 -.09 -.06 .13 -.01 -.01 

10 .61 -.12 .04 -.02 -.00 -.52 .14 -.13 -.03 -.31 .21 .13 -.08 -.24 

11 .31 -.11 .04 -.05 .03 -.05 -.06 -.18 -.05 .93 -.11 .03 -.12 -.10 

12 -.12 .16 -.11 -.02 -.02 -.04 .14 -.08 .96 -.01 -.13 .07 -.06 -.06 

13 .05 .08 .11 -.10 .10 -.17 .09 .02 .15 -.14 -.00 .97 -.00 .06 

14 .02 -.08 -.09 -.08 .16 -.29 .03 -.04 .03 .05 -.18 .10 -.11 .89 



Table 1-19. Principal Component Method (N = 120) with the Factors 
from the Principal Component Method (N = 120; Random Data) 

Factor 1 2 3 4 5 6 7 8 9 10 11 12 

1 .36 -.10 -.31 -.23 -.01 -.17 -.20 .01 .46 -.14 -.05 .02 

2 .51 .02 -.32 -.04 -.05 -.10 -.12 .35 .06 -.26 -.16 .08 

3 .07 -.28 -.07 .08 .10 .04 .24 -.08 -.07 -.34 .36 .12 

4 .24 -.58 -.04 .08 -.03 .06 .10 .01 -.12 .30 .07 -.01 

5 -.11 -.12 -.20 -.01 .32 .42 -.09 .14 -.15 -.20 .16 -.06 

6 .24 -.05 .32 -.37 -.06 -.05 -.14 -.08 .00 -.16 .26 .24 

7 -.26 -.15 -.10 -.01 -.20 -.02 .08 .02 .18 .05 -.20 -.07 

8 -.06 .16 .19 .08 -.22 .18 -.09 .19 -.14 -.15 .09 -.14 

9 .06 .03 -.19 .30 .33 -.19 -.48 .01 .01 .01 -.37 -.17 

10 .11 .02 -.02 -.01 -.03 -.06 -.23 .07 -.02 .27 .10 -.10 

11 -.16 .17 .16 .12 .04 -.18 .44 .05 -.20 .03 -.23 -.08 

12 .26 -.14 -.11 -.22 -.16 .02 -.00 .15 -.22 -.15 -.13 -.27 

13 .02 -.14 .33 -.06 .34 -.11 .03 -.03 .03 .12 -.43 -.15 

14 .01 .09 .13 -.06 -.28 -.23 .04 -.16 -.08 .13 .01 -.50 
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Table 1-20. Principal Axes Method (N = 120) with the Factors 
from the Principal Axes Method (N = 120; Random Data) 

1 2 3 4 5 6 7 8 9 10 11 12 

-.44 .09 .10 .11 .31 -.13 .08 .22 -.10 -.06 .14 -.09 

i •
 

o
 

.31 .05 .08 .26 -.06 .16 .24 -.20 -.04 .00 -.22 

.11 -.09 -.00 -.00 .10 .24 .03 .39 .02 .19 -.54 .01 

.18 -.38 -.03 .09 .08 .25 -.05 .06 -.25 .15 .33 .02 

-.19 -.02 .29 -.08 -.01 -.17 -.16 .25 -.38 -.11 .37 .10 

.23 -.11 .02 .14 -.34 .00 -.16 -.13 .35 .09 -.25 -.13 

-.09 -.27 .18 .24 -.00 .20 .24 -.03 -.10 -.12 .10 .10 

.04 .10 .16 -.31 -.09 -.19 -.20 .00 .15 -.14 .14 -.26 

-.05 -.14 -.21 -.51 -.10 .15 .22 .03 -.05 .01 -.23 -.05 

.01 -.05 -.52 -.06 .10 -.08 -.03 .11 .16 .06 .08 -.11 

.17 .09 -.18 .05 -.04 .11 -.06 -.28 .11 -.02 .01 -.07 

.04 -.02 -.30 -.30 .41 -.20 -.14 -.56 -.03 -.15 .30 -.15 

.20 -.16 -.19 .04 -.12 .05 .05 .09 -.23 -.22 -.09 -.20 

-.09 -.02 -.05 .29 .01 -.08 -.25 -.09 -.11 -.55 .11 .12 

o 



Table 1-21. Unrotated Factors from the Principal Component Method (N = 30) 
with Unrotated Factors from the Principal Axes Method (N = 30) 

Factor 1 2 3 4 5 6 7 8 9 10 

1 .99 -.02 

0
 4 

1 -.01 -.04 -.01 -.02 .01 -.01 -.00 

2 .73 .59 -.16 -.08 -.09 -.08 -.08 .06 -.01 -.07 

3 -.03 -.21 .98 -.12 .01 -.06 -.17 .06 -.16 -.10 

4 .01 -.01 -.13 -.86 .49 .04 -.03 .05 .11 .00 

5 -.04 -.04 -.09 .47 .87 -.01 i • o
 

.01 -.04 -.02 

6 -.01 -.09 -.09 .03 -.03 .99 .01 .07 .00 .00 

7 -.02 -.10 -.16 -.00 .01 -.05 .98 -.06 -.25 -.04 

8 -.02 -.05 .01 -.03 .03 .04 -.00 -.96 .21 -.00 

9 -.03 -.17 -.17 .04 -.03 -.11 .05 .18 .94 

O
 • 

i 

10 .00 -.13 -.09 .00 -.01 -.05 -.06 -.02 -.11 .98 



Table 1-22. Unrotated Factors from the Principal Component Method (N = 300) 

with Unrotated Factors from the Principal Axes Method (N = 300) 

Factor 1234567 89 10 11 

1 -.99 .02 .01 -.02 -.02 -.00 -.02 .04 .02 -.01 -.01 

2 -.76 .59 .02 -.31 -.03 -.01 -.05 .03 .00 .00 -.06 

3 -.01 -.20 .99 -.16 .03 -.03 -.04 -.03 -.02 -.02 .01 

4 .00 -.56 -.16 .99 .03 -.13 -.04 -.08 -.04 -.05 .04 

5 -.01 -.02 .01 .02 -.99 .08 -.00 .02 -.03 -.00 .04 

6 .00 -.15 -.03 -.12 .08 .97 .18 .04 .02 .05 -.08 

7 .01 -.00 .01 -.08 -.00 -.15 .95 -.18 -.14 -.04 .06 

8 -.02 -.01 .01 -.01 .03 -.09 .17 .95 .07 -.00 .03 

9 -.02 -.02 .00 -.05 -.01 -.07 .11 -.10 .95 .11 .00 

10 .00 -.00 -.00 -.06 .02 .06 -.05 -.03 -.03 .40 .86 

11 .01 -.05 .01 -.03 -.02 -.12 .05 .06 -.16 .85 -.36 



Table 1-23. Unrotated Factors from the Principal Axes Method (N = 30) 

with Unrotated Factors from the Principal Axes Method (N = 300) 

Factor 1 2 3 4 5 6 7 8 9 10 

1 .87 -.01 .08 -.08 -.38 -.02 .01 .05 .08 -.16 

2 .69 .44 -.02 .05 -.26 -.01 .10 -.02 .05 -.18 

3 -.33 -.08 .37 .12 -.67 -.11 .10 .06 .10 .08 

4 -.04 -.56 .39 -.28 .25 .10 -.00 .04 .04 -.09 

5 -.06 .25 -.44 -.15 .03 -.48 .08 .29 .27 .02 

6 .09 .28 -.13 -.09 -.25 .01 -.54 .15 -.36 .33 

7 -.10 -.13 -.23 -.55 -.09 .19 .10 .03 .31 .15 

8 -.14 .23 .03 -.07 -.14 -.05 -.35 -.12 .32 -.51 

9 .10 -.07 -.34 .01 .02 .33 -.01 -.30 .25 .09 

10 -.03 .02 .11 -.00 -.03 .02 -.12 .42 .15 -.10 

11 .05 -.07 .11 -.26 .09 -.20 -.12 -.19 .10 .12 



Table 1-24. Unrotated Factors of the Principal Component Method (N = 30) 
with Unrotated Factors from the Principal Component Method (N = 300) 

Factor 1 2 3 4 5 6 7 8 9 10 

1 i • 00
 

.03 -.11 .09 .37 .02 -.05 .04 -.11 .12 

2 -.62 .41 -.18 .10 .40 .06 .03 .02 -.09 .03 

3 -.33 -.04 .36 -.42 -.51 -.12 .18 -.04 .14 .14 

4 -.04 -.52 .39 .30 .15 .07 .02 -.01 .04 -.08 

5 .06 -.24 .40 -.20 .02 .48 -.15 .24 -.26 -.03 

6 .09 .29 -.08 -.15 -.23 .00 -.53 -.32 -.34 .28 

7 -.08 l •
 
o
 

00
 

-.16 .52 -.40 .18 -.05 .04 

C
M
 • .13 

8 -.08 .22 .01 -.12 I • o
 

-.15 -.36 .15 .34 -.42 

9 .06 .01 -.31 -.01 .02 .40 -.04 .33 .16 .10 

10 

C
M
 O
 • -.02 .17 .35 -.10 -.16 -.17 .03 .14 .04 

11 -.01 -.01 .10 -.11 .10 .04 -.00 -.39 .25 -.06 



Table 1-25. Rotated Factors from the Principal Axes Method (N = 30) 

with Rotated Factors from the Principal Axes Method (N = 300) 

ITEM 1 2 3 4 5 6 7 8 9 10 

1 .80 -.17 .18 .28 -.31 -.03 -.40 -.01 -.16 -.25 

2 .62 -.06 .52 .09 -.04 .03 -.12 -.17 -.02 -.23 

3 .23 -.17 -.16 .57 -.31 -.03 .09 .05 -.73 .04 

4 .39 .27 -.24 .27 .13 -.29 -.36 -.10 .01 -.28 

5 -.17 -.53 .10 -.05 -.20 -.10 .28 .18 .25 -. 06 

6 -.42 .33 -.00 -.37 .35 .05 .14 -.02 -.05 .20 

7 -.23 .22 .20 -.05 .15 .15 .35 -.05 -.01 -.48 

8 -.07 .74 .09 .21 .02 -.17 -.20 -.10 .03 .02 

9 .22 .35 -.03 .08 .04 -.01 .38 -.38 .08 -.35 

10 -.05 -.51 .14 -.22 .00 -.17 -.11 . 66 -.02 .12 

11 -.16 -.02 .20 -.01 .63 .10 -.12 -.08 .04 -.07 



Table 1-26. Rotated Factors from the Principal Component Method (N = 30) 
with Rotated Factors from the Principal Component Method (N = 300) 

ITEM 123456789 10 

1 .80 -.10 .28 .24 -.28 -.19 -.00 .38 -.41 .10 

2 .60 .01 .09 .50 -.02 .00 -.06 .38 -.10 -.05 

3 .14 -.12 .54 -.12 -.26 -.78 -.00 .04 .06 .09 

4 .28 .23 .12 -.23 .08 .02 .32 .57 -.24 -.18 

5 -.16 -.50 .02 .10 -.25 .22 .06 -.06 .24 .19 

6 -.07 .56 .28 -.00 .04 .07 .24 -.05 -.23 -.09 

7 -.22 .19 -.16 .28 -.04 .04 -.28 .24 .21 .11 

8 -.02 .50 -.04 -.03 -.12 .07 -.07 .24 .36 -.27 

9 -.26 .37 -.34 -.03 .25 -.06 .00 -.38 .00 -.15 

10 -.19 -.11 -.10 .15 .72 .01 -.17 .16 .04 -.11 

11 -.01 -.25 -.16 .11 -.03 -.01 .26 -.28 -.08 .62 



y 
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