Assessing Construct Validity in Organizational Research
Bagozzi, Richard P.; Yi, Youjae; Phillips, Lynn W.
Administrative Science Quarterly; Sep 1991; 36, 3; ABI/INFORM Global

pg. 421

Assessing Construct
Validity in
Organizational Research

Richard P. Bagozzi
Youjae Yi

The University of Michigan
Lynn W. Phillips
Stanford University

© 1991 by Cornell University.
0001-8392/91/3603-0421/$1.00.
.

We wish to thank the editor and
reviewers for their helpful suggestions on
the previous version of this article.

Classic and contemporary methods for analyzing
construct validity are compared and contrasted through
reanalyses of data from the organizational research
literature to establish a basis for assessing the validity of
measures used in organizational research. Campbell and
Fiske's (1959) criteria are found to be lacking, particularly
in their assumptions, diagnostic information, and power.
Confirmatory factor analysis (CFA) is shown to overcome
most limitations inherent in Campbell and Fiske's
procedures. Nevertheless, two potential shortcomings
are identified with the CFA method: the confounding of
random error with measure-specific variance and the
inability to test for interactions between traits and
methods. Three alternative methods are presented for
addressing the former issue, and the direct product
model is described as a solution to the latter. The
techniques considered herein go farther than currently
used procedures for enhancing our ability to ascertain
the validity of variables commonly studied in
organizational research.®

INTRODUCTION

Any measure often reflects not only a theoretical concept of
interest but also measurement error. Measurement error,
commonly recognized as a serious problem throughout the
social sciences (e.g., Fiske, 1982), can be partitioned into
random error and systematic error, such as method variance.
Method variance refers to variance attributable to the
measurement method rather than to the construct of
interest, and examples include archival biases, key-informant
prejudices or limitations, halo effects, social desirability, and
acquiescence. Each of the two error components can have
serious confounding influences on empirical research and
yield misleading conclusions (Campbell and Fiske, 1959).
Random error tends to attenuate the observed relationships
among variables in statistical analyses and may induce errors
in inference. Under some circumstances, random error even
inflates parameter estimates (Bagozzi, 1991). Method
variance may also bias results by inflating the observed
relationships among variables measured with the common
method.

Because measurement errors (i.e., random error and method
variance) provide potential threats to the validity of research
findings, it is important to validate measures and disentangle
the distorting influences of these errors before testing
theory. This can be achieved by using multiple measures and
muitiple methods in measurement (Campbell and Fiske,
1959). Using a single measure does not permit one to take
measurement error into account in analyses. Similarly, with a
single method one cannot distinguish substantive (i.e., trait)
variance from unwanted method variance, because each
attempt to measure a concept is contaminated by irrelevant
aspects of the method employed.

Construct validity, which is defined broadly as the extent to
which an operationalization measures the concept it is
supposed to measure (e.g., Cook and Campbell, 1979), has
been singled-out as a central issue in organizational research
(e.g.. Webb and Weick, 1979; Schwab, 1980; Mitchell,
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The ten procedures are, in rough
chronological order: the classic criteria of
Campbell and Fiske (1959}, the analysis
of variance {Boruch and Wolins, 1970),
confirmatory factor analysis (Werts and
Linn, 1970; Jéreskog, 1974), exploratory
factor analysis {Golding and Seidman,
1974), the generalized proximity function
{Hubert and Baker, 1979), smallest-space
analysis (Levin, Montag, and Comrey,
1983), the direct product model (Browne,
1984), the second-order confirmatory
factor analysis model with measures
loading directly on trait and method
factors (Anderson, 1987), the hierarchical
confirmatory factor analysis model with
measures loading indirectly on traits and
methods (Marsh and Hocevar, 1988), and
the first-order confirmatory factor analysis
model with separate factors for traits,
methods, and measure specificity (Kumar
and Dillon, 1990). Because the analysis of
variance, exploratory factor analysis, and
smallest-space analysis have serious
shortcomings for the analysis of MTMM
data (Schmitt and Stults, 1986), they will
not be addressed further herein. A
generalized proximity function approach,
which can be seen as a nonparametric
equivalent of the analysis of variance
procedure, is only briefly addressed in
this article. All the remaining approaches
are discussed in detail.

1985). Given multiple measures obtained with multiple
methods, construct validation can be done with the
multitrait-multimethod (MTMM) matrix, the correlation matrix
for different concepts (traits) when each of the concepts is
measured by different methods {(Campbell and Fiske, 1959).
Without assessing construct validity one cannot estimate
and correct for the confounding influences of random error
and method variance, and the results of theory testing may
be ambiguous. That is, a hypothesis might be rejected or
accepted because of excessive error in measurement, not
necessarily because of the inadequacy or adequacy of
theory.

Most attention in this regard has focused on method
variance, where it is often claimed that such effects are
"pervasive, ubiquitous’’ (Fiske, 1982: 82). Considerable
debate can be found on both sides of the issue as to the
extent of method variance in practice. Spector (1987)
reanalyzed 11 data sets dealing with job satisfaction and
concluded that little evidence exists for method variance. He
found that in 10 of 11 data sets “method variance was
nonsignificant and of extremely small magnitude’’ (Spector,
1987: 440). In contrast, Williams, Cote, and Buckley (1989)
reexamined the same data but concluded that significant
method variance was present in 9 of 11 of the data sets,
accounting for 25 percent of the variance of measures, on
average.

How is it possible that researchers can reach opposite
conclusions when examining the same issue on the same
data? One problem is that the aforementioned researchers
used different procedures to examine construct validity.
Spector (1987) relied on the classic criteria advocated by
Campbell and Fiske (1959), whereas Williams, Cote, and
Buckley (1989) used confirmatory factor analysis. These
procedures are based on different sets of assumptions and
can lead to different conclusions.

Perhaps it should not be surprising that different conclusions
can arise in the assessment of construct validity, since no
clear standards can be found in the literature for analyzing
and interpreting MTMM matrices. Although at least ten
different procedures have been proposed for the analysis of
MTMM matrices, each is built on a different set of
assumptions and each is appropriate only under certain
circumstances.! Unfortunately, to date, little guidance exists
on when and how to select among these procedures.
Individual articles in both the psychometric and applied
literatures generally focus on only one procedure and give
passing reference to alternatives without fully considering
the standards and trade-offs of each. Moreover, little
integrative critical commentary exists on the approaches. As
a consequence, we lack a coherent approach to construct
validity, and the body of knowledge reflected in empirical
work is rather piecemeal and inconclusive.

One objective of the present article is to provide a
systematic framework for examining construct validity in
organizational research. We begin with the classic criteria
proposed by Campbell and Fiske (1959) and provide four
empirical illustrations that are used later in the article to
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Construct Validity

show that Type | and |l errors are possible when the criteria
are applied. Next, we consider the confirmatory factor
analysis (CFA) model, point out its advantages over Campbell
and Fiske's (1959} criteria, and illustrate its features on the
same four data sets noted above. Following this, the issue of
confounded random error with specific variance is discussed,
and three solutions are investigated: the second-order
confirmatory factor analysis (SOCFA) model with measures
loading directly on trait and method factors (Anderson,

1987), the hierarchical confirmatory factor analysis (HCFA)
model with measures loading indirectly on trait and method
factors (Marsh and Hocevar, 1988), and the first-order
multiple-informant, multiple-item (FOMIMI) model with
separate factors for traits, methods, and measure specificity
(Kumar and Dillon, 1990).

All the approaches mentioned so far proceed from the
assumption that traits and methods independently produce
variation in measures; the effects are presumed to be
additive. When traits and methods interact in their impact on
measures—such that the higher the association among
traits, the greater the method effects— a new approach is
needed. In this regard, we introduce the direct product
model (Browne, 1984) and show how it applies to
organizational data in certain instances. Although treatments
of construct validity in the organizational behavior literature
have emphasized method biases, we draw special attention
throughout our presentation also to convergent and
discriminant validity and how trait, method, and error effects
relate to these properties. Our purpose is to show that the
analysis of construct validity is a very complex and
multifaceted endeavor, and a number of pitfalls reside
throughout the leading approaches to the issue. Before we
explore the various methods used to investigate construct
validation, we provide a brief analysis of research in
organizational studies, with particular focus on the use of
key informants to measure properties of organizations. Key
informants are one of the most frequently used vehicles

for examining construct validity of concepts in organization
research, and the principles discussed are equally applicable
to other methods, such as using archival reports.

Key Informants and Construct Validation

The key-informant method is a technique for collecting
information on organizations and collectivities (e.g., Seidler,
1974). Informants are chosen on the basis of particular
qualifications such as specialized knowledge or position in an
organization. Rather than reporting on their own personal
feelings or opinions, key informants provide information on
the properties of organizations, their relationships with other
organizations, or other group or aggregate data (e.g.,
Campbell, 1955). Organizational researchers have used the
technigue to obtain knowledge on organizational structure
(e.g.. Hage and Aiken, 1967), technology (e.g., Hage and
Aiken, 1969; Khandwalla, 1974), environment (e.g.,
Lawrence and Lorsch, 1967; Downey, Hellriegel, and
Slocum, 1975), internal power relations (e.g., Hinings et al.,
1974; Salancik and Pfeffer, 1974), and external exchange
relationships (e.g., Schmidt and Kochan, 1977; Molnar and
Rogers, 1979).
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In recent years, investigators have expressed concern over
the potential sources of measurement error in informant
reports. Key informants are often asked to perform complex
judgment tasks dealing with organizational concepts such as
environmental constraints, internal structure, power, and
conflict. More than the usual amount of random error is
likely, because informants are asked to make inferences
about macro-level phenomena or perform aggregations over
persons, tasks, organizational subunits, or events, which
produces unreliable responses (e.g., Silk and Kalwani, 1982).
Perhaps even more troublesome are the sources of
nonrandom (i.e., systematic) errors. Overreporting or
underreporting of certain phenomena may occur as a
function of the informant’s position, length of time in the
organization, job satisfaction, or other personal or role
characteristics (e.g., Patchen, 1963; Seidler, 1974). Likewise,
factors related to the difficulty of observation or nature of
the organizational context may also account for nonrandom
errors, such as the size and complexity of the organization,
the breadth of information sources, and the volatility of
external and internal changes (e.g., Seidler, 1974; Houston
and Sudman, 1975). We use the term “method error” in this
article to signify instances of such sources of nonrandom
error. To the extent that random and method errors distort
the judgments of key informants, the correspondence
between measures and concepts will be affected and
construct validity will suffer.

Perhaps because of the difficulty in obtaining multiple
measures of organizational concepts and the complexity of
and lack of guidance in selecting construct validation
techniques, it is tempting to forego formal assessments of
random and method errors and proceed directly to tests of
hypotheses containing theoretical concepts of interest. After
all, if predictions from a theory are born out, is this not proof
that the measures must have been valid? It can be argued
that this reasoning is fallacious, in that seemingly successful
tests of any theory can rest on hidden biases in the way
measures were obtained and their implications for statistical
inference. It is sometimes recognized that biases arising
from a common method used to derive measures across
independent and dependent variables can artificially increase
the associations observed therein (e.g., Fiske, 1982). But it is
less well known that random error can also inflate
associations between independent and dependent variables
and thus should be, along with method biases, taken into
account (e.g., Bollen, 1989).

Despite the concerns surrounding measurement error in
informant reports, extant studies in organizational research
offer little evidence to document the validity of
measurements (Phillips and Bagozzi, 1986). In part, this is
attributable to the fact that investigators typically sampled
only a single informant per unit of analysis and relied on this
to measure organizational properties (e.g., Lawrence and
Lorsch, 1967; Blau and Schoenherr, 1971; Child, 1973;
Hinings et al., 1974). When only a single measure is used for
each concept in a theory, it is impossible to ascertain
reliability; moreover, method biases, if any, will be
confounded with the measures. Even when multiple

424/ASQ, September 1991

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



’ I Construct Validity

informants have been used to provide information, the
practice has been either to ignore appraisal of construct
validity altogether (e.g., Hage and Aiken, 1969; Schmidt and
Kochan, 1977; Molnar and Rogers, 1979) or focus only on
convergent validity of measures of a single concept, thereby
neglecting discriminant validity (e.g.. Hinings et al., 1974;
Patchen, 1974; Tushman, 1977). A few studies have
attempted more comprehensive assessments of the
reliability and validity of key-informant data (e.g., Pennings,
1973, Seidier, 1974), but these have used procedures that
make unrealistic assumptions and do not offer the inferential
and diagnostic power of the techniques considered herein.

CAMPBELL AND FISKE’S CRITERIA

Campbell and Fiske (1959) proposed two aspects of
construct validity: convergent and discriminant validity.
Convergent validity is the degree to which multiple attempts
to measure the same concept are in agreement. The idea is
that two or more measures of the same thing should covary
highly if they are valid measures of the concept.
Discriminant validity is the degree to which measures of
different concepts are distinct. The notion is that if two or
more concepts are unique, then valid measures of each
should not correlate too highly.

To make formal the ideas contained in the definitions of
convergent and discriminant validity, Campbell and Fiske
(1959) developed four desiderata based on the inspection of
the MTMM matrix. First, convergent validity is achieved
when the monotrait-heteromethod correlations between the
same traits across different methods (i.e., the “validity
diagonal” values) are “significantly different from zero and
sufficiently large” (Campbell and Fiske, 1959: 82). The next
three criteria are necessary conditions for the establishment
of discriminant validity. First, the monotrait-heteromethod
correlations should be greater than the heterotrait-
heteromethod correlations between different traits measured
with different methods. That is, a validity diagonal value
should be higher than the values lying in its column and row
in the heterotrait-heteromethod triangles. Second, the
monotrait-heteromethod correlations should be greater than
the heterotrait-monomethod correlations. That is, a variable
should correlate higher with an independent effort to
measure the same trait than with other traits measured with
the same method. Finally, the same pattern of trait
intercorrelations should result both in the
heterotrait-monomethod triangles and in the
heterotrait-heteromethod triangles. Satisfaction of this
criterion would suggest that the underlying traits are truly
correlated, whereas failure to meet this criterion implies that
the observed correlation between traits measured by a given
method is due to a method bias.

lllustration of Campbell and Fiske’s Procedure

To illustrate Campbell and Fiske's (1959) procedure and
provide a backdrop for the presentation of newer approaches
later in the article, we applied the procedure to four
representative data sets found in the organizational research
literature. Appendix A presents MTMM matrices for these
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Table 1

data. In each MTMM matrix, heterotrait-monomethod
triangles are shown as solid lines, while
heterotrait-heteromethod triangles are drawn as dashed
lines. Table 1 summarizes the findings for Campbell and
Fiske's criteria.

Summary of Construct Validity Findings Applied to Four Data Sets Using Campbeli and Fiske’s

(1959) Criteria

Discriminant Validity

Heterotrait- Heterotrait- Pattern in
heteromethod monomethod heterotrait
Convergent validity comparisons comparisons triangles
(correlations in (number of criteria  (number of criteria  (H,: pattern
Study validity diagonals) satisfied) satisfied) discordant)
Bagozzi & .46, .55, .82, .74 24 of 24 23 0f 24 x(5) = 17.8
Phillips (1982) p < .001
Phillips (1980) .51, .40, .72, .80, .65, .70 59 of 60 52 of 60 x2(14) = 23.7
p> .05
Gillet & .57, .56, .49, .70 24 of 24 24 of 24 x?(6) = 17.3
Schwab (1975) p < .001
Dunham, Smith & .65, .51, .64, .67, .46, 41, 143 of 144 105 of 144 x3(5) = 44.2
Blackburn {(1977) .44, 35, 50, .46, .58, .62, p < .001

44, 50, .45, .39, .66, .50,

.68, .60, .71,

.61, .70, .68

Bagozzi and Phillips (1982) studied the use of computers by
506 wholesale-distribution companies in training programs
for sales personnel, forecasting sales, accounting/inventory
control, and financial analysis. Two key informants—one the
chief executive officer (CEQ), the second either a single
subordinate or the average of multiple subordinates where
available—were used to measure the use of computers in
each firm. In our analyses, we treat informants as methods
and the uses of computers in the aforementioned four areas
as traits.

The results (see first row of Table 1) show that convergent
validity is achieved in that all four monotrait-heteromethod
correlations (i.e., .46, .55, .82, .74) from the validity diagonal
(see Appendix A) are large and significantly different from
zero (p < .01). The first discriminant validity criterion is also
satisfied in that each monotrait-heteromethod correlation is
greater than each correlation lying in its row and column of
the heterotrait-heteromethod triangles (indicated with dashed
lines in Appendix A). This criterion involves a total of 24
comparisons, and all the differences in correlations are
statistically significant (p < .05). For example, the validity
diagonal value of .46 for the first trait is significantly

higher than its corresponding values in the
heterotrait-heteromethod triangles (i.e., it is greater than .25,
.07, .12, .21, .17, 13). Application of the second discriminant
validity criterion shows that 23 of 24 (95.8 percent)
comparisons of each validity diagonal correlation to its
corresponding entry in the heterotrait-monomethod triangles
(the solid triangles) produce statistical significance (p < .05)
in the proper direction. For example, the validity diagonal
value of .74 for the fourth trait is significantly higher than .27
and .38 in the heterotrait triangle for method 1 but is actually
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It is acknowledged that this is an arbitrary
tule. In this regard, the procedure
suggested by Hubert and Baker (1978,
1979) might be noteworthy. Using the
notion of a generalized proximity function
comparison, they proposed several
indices for evaluating correlation patterns
within an MTMM matrix. They developed
nonparametric significance tests under
the null hypothesis that the MTMM
matrix exhibits no correlational patterning
into traits and methods; that is, the
actual assignment of the measures to
trait-method combinations was obtained
by a random labeling process. Thus, their
procedure provides objective criteria {i.e.,
tests of significance) for assessing
construct validity. However, as Hubert
and Baker {1979: 183) noted, statistical
significance is “‘only a minor (necessary)
condition for affirming convergent and
discriminant validity,” and a researcher
should set strict guidelines in terms of
the proportions satisfying the criteria
{e.g., less than 20 percent). Furthermore,
this procedure does not address other
problems such as differential reliability of
measurements, intercorrelations among
methods, confounding of measurement
error and measure specificity, and
interactions between methods and traits
(described later). Thus, this procedure will
not be discussed further (for more
details, see Hubert et al., 1981; Hubert,
1987).

Reproduced with permission of the copyright owner.
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less than the correlation of .75 between the measures of the
third and fourth traits by method 1, thus showing one
violation in the second criterion for discriminant validity.

However, a potential problem with Campbell and Fiske's
criteria should be apparent at this point. Much ambiguity
exists in the criteria as to what constitutes satisfactory
results. We are left with the task of determining whether
the proportion of failures is acceptable. A rule of thumb is
needed for deciding what constitutes a failure to meet the
criteria. Because there is no widely accepted standard, we
will adopt the .05 level as the rule of thumb in this article;
that is, if the proportion of failures is higher than 5 percent,
we conclude that the violations cannot be attributed to
chance.? Applying this rule of thumb to the second
discriminant validity criterion, we find that the lone violation
is less than what might occur by chance (p = 1/23 = .04 <
.05); therefore, the criterion is satisfied.

Finally, the patterns of correlations in all heterotrait triangles
in both monomethod and heteromethod triangles are
compared by using Kendall's Coefficient of Concordance.
The resuits show that the third criterion for discriminant
validity is satisfied. That is, one can reject the hypothesis
that the pattern of correlations is discordant: x(5) = 17.8,
p < .001.

In the second study, Phillips (1980) used the key-informant
methodology to ascertain the extent of usage of computers
by 205 distribution companies in forecasting, accounting, and
financial practices. Two informants—the CEO and
subordinate—provided information on each of the three
traits. But unlike Bagozzi and Phillips (1982), who aggregated
across multiple items for their measures of traits, Phillips
(1980) used the items directly as multiple indicators of each
trait (see Appendix A). As we show below, these data
permit the application of a new model (the FOMIMI model)
to the MTMM, which has not been applied in organizational
research.

As shown in the second row of Table 1, Phillips’ (1980) data
satisfy convergent validity in that all validity diagonal
correlations are large and statistically significant. Similarly,
the first discriminant validity criterion is satisfied in that 59 of
60 (98.3 percent) comparisons reveal the proper differences
between the validity diagonal correlations and their
corresponding entries in the heterotrait-heteromethod
triangles (see Appendix A). The sole violation of the criterion
is less than what would be expected by chance (p = < .05).
An examination of the second discriminant validity criterion
shows that 8 of 60 (13.3 percent) comparisons are violated
between the validity diagonal correlations and their
corresponding entries in the heterotrait-monomethod
triangles. This occurs beyond what would be expected by
chance (p > .13) and thus points to a rejection of
discriminant validity. Finally, one cannot reject the hypothesis
that the pattern of correlations in the heterotrait triangles is
discordant [i.e., x*(14) = 23.7, p > .05]. Hence, the third
discriminant validity criterion also fails.

The third study, Gillet and Schwab (1975), investigated job
satisfaction of production workers. Four traits or dimensions
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of job satisfaction were measured (pertaining to pay,
promotion, supervision, and coworkers) by two methods (the
Job Descriptive Index and the Minnesota Satisfaction
Questionnaire). As can be seen in the third row of Table 1,
all four criteria for construct validity are satisfied under
Campbell and Fiske’s (1959) procedure.

In the fourth study, Dunham, Smith, and Blackburn (1977)
also examined job satisfaction of first-level supervisors and
sales employees in a retail organization. Four traits
(satisfaction with supervision, coworkers, financial matters,
and career future) were measured by four methods (the
Index of Organizational Reactions, Faces Scales, Job
Descriptive Index, and Minnesota Satisfaction
Questionnaire). The fourth row of Table 1 shows that
convergent validity and the first and third discriminant validity
criteria are satisfied. However, 39 of 144 (27.1 percent)
comparisons show violations from the criterion between
comparisons of the validity diagonal correlations to their
corresponding entries in the heterotrait-monomethod
triangles. This is well beyond that expected by chance, and
thus the second discriminant validity criterion fails.

The findings in Table 1 thus reveal that convergent and
discriminant validity are achieved for the data from Bagozzi
and Phillips (1982) and Gillet and Schwab (1975); but
discriminant validity fails for the data from Phillips {(1980) and
Dunham, Smith, and Blackburn (1977). Note that these
conclusions are based solely on the application of Campbell
and Fiske's (1959) criteria.

Interpretation of Campbell and Fiske’s Procedure

How well can Campbell and Fiske's criteria be relied upon?
One answer to this question can be addressed by evaluating
the assumptions underlying Campbell and Fiske's criteria.
Three assumptions are noteworthy: namely, the criteria are
based on the premises that “‘there are no correlations
between trait and method factors; . . . all traits are equally
influenced by method factors; and . .. method factors are
uncorrelated” {Schmitt and Stults, 1986: 2). The first
assumption may not be unreasonable in practice, as traits
and methods are frequently unconfounded. The second and
third assumptions are highly unlikely in most contexts.
Measures of traits will be differentially affected by methods
to the extent of heterogeneity in the traits and methods.
Intercorrelations among methods are difficult to avoid as
well, and, as we show below, all methods within each of the
above studies are significantly correlated at moderate to high
levels. Moreover, method effects, which are frequently
significant, vary considerably in magnitude. Hence, there is
reason to question the reasonableness of the assumptions
inherent in Campbell and Fiske's procedure.

Another problem with Campbell and Fiske's procedure is
that no precise standards are provided for ascertaining how
well the criteria are met, as mentioned earlier. Instead, only
rules of thumb are offered that depend on a qualitative
assessment of the number of confirming and disconfirming
incidents of the comparisons of correlations implied by the
criteria in the MTMM. By focusing on the number of times
selected correlations are greater than certain others,
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I I Construct Validity

Campbell and Fiske’s procedure negiects the importance of
the differences in magnitudes between pairs of correlations.
The magnitudes are functions of the degree of convergent
and discriminant validity.

Still another shortcoming of Campbell and Fiske's procedure
is that no information is provided as to the separate amounts
of variation in measures due to traits, methods, and random
error. Rather, these are all confounded in the raw
correlations among measures.

Each of the aforementioned drawbacks with Campbell and
Fiske's procedure limits its usefulness but can be
ameliorated. We turn now to the first of what might be
termed second-generation methods for approaching
construct validity. The following analyses of the data sets
shown in Table 1 illustrate several possible outcomes with
respect to making inferences about construct validity. For
example, in one case in which Campbell and Fiske's
procedure suggests that construct validity must be rejected,
we show that construct validity is in fact achieved. For other
cases in which achievement of construct validity is
concluded on the basis of Campbell and Fiske's procedure,
we show that, although the conclusions about construct
validity are sustained, the interpretation of method and trait
effects is incorrect. Thus, an application of Campbell and
Fiske's procedure can result in Type | and Type |l errors, a
point not acknowledged in the literature.

CONFIRMATORY FACTOR ANALYSIS

The CFA model is a powerful method for addressing
construct validity and makes fewer assumptions and
provides more diagnostic information about reliability and
validity than Campbell and Fiske's criteria. Unlike Campbell
and Fiske's (1959) procedure, the CFA model allows
methods to affect measures of traits in different degrees
and to correlate freely among themselves. In addition, the
CFA model provides the following advantages: (1) measures
of the overall degree of fit are provided in any particular
application (e.g., the chi-square goodness-of-fit test), (2)
useful information is supplied as to if and how well
convergent and discriminant validity are achieved (i.e.,
through chi-square difference tests, the size of factor
loadings for traits, and the estimates for trait correlations),
and (3) explicit results are available for partitioning variance
into trait, method, and error components |i.e., through
squared factor loadings and error variance).

An intuitive description of the CFA model can be seen by
reference to Figure 1, where we have taken the
wholesale-distribution study by Bagozzi and Phillips (1982) as
an illustration. The four hypothesized functional uses of
computers—in training, forecasting, accounting, and financial
analysis—and the two key-informant methods—the CEO and
subordinate(s)—are drawn as ovals. These correspond to
factors in factor analysis. Notice that each functional use of
computers is connected to two boxes with arrows. The
boxes represent the actual key-informant reports, of which a
total of eight measurements (drawn as ys) result for the four
uses of computers as provided by two informants in each
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organization. Following the convention in the literature, the
four uses of computers are termed traits and the two
informant reports are termed methods.

Each measurement has three arrows terminating into it. The
arrows from the functional uses of computers to the
measures stand for variance in the reports due to the
underlying use; the eight As connected to these arrows are
factor loadings relating trait factors to observed measures.
The arrows from the two methods to the measures reflect
variance due to corresponding informants; the eight As
attached to these arrows are factor loadings relating method
factors to observed measures. The eight short arrows with ¢;
at the origins represent variance in the measures due to
random error. Finally, the curved lines connecting pairs of
factors indicate correlations between factors and are
designated as yy, according to convention.

If we interpret each measure as an observation whose
variation we desire to explain, we can interpret the CFA
model of Figure 1 as displaying the sources of that variation
in three senses: i.e., variation due to trait (the functional
uses of computers), method (the CEO or subordinate), and
error (unexplained random fluctuations). The task is to make
this partitioning of variation more formal and provide
statistical criteria for performing inferences. We turn now to
an outline of the statistical model underlying the relations
shown in Figure 1.

Figure 1. llustration of the confirmatory factor analysis model for four
traits and two methods applied to the example drawn from Bagozzi &
Phillips (1982).

€
€g

Subordinate

\"85
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Construct Validity

The general form of the CFA model for the MTMM with r
traits and s methods can be expressed through two sets of
equations (e.g., Werts and Linn, 1970: Joreskog, 1974):

= T (N
y = [Ar AM][nM] + €
2 =ATVYrAT+ Am YmA'M+ 6, (2)

where y is a vector of r s observed measures for r traits and
s methods, = [mympmlis an (r + s) x 1 vector of trait and
method factors, € is a vector of r s residuals fory, 3 isan r s
X r s implied covariance matrix fory, ¢ is an r x r
correlation matrix for traits, ¥, is an s X s correlation matrix
for methods, 6 is an r s x r s diagonal matrix of unique
variances fore, Ay = [A A, ..., AJ. Ajisanr x r
diagonal matrix with trait factor loadings fjor the r traits
measured by the j-th method, and

[0 .. .0 7]

0 a...0
Am =

.. ... 0

| 00 . . 0|

where A; is an r x 1 vector of factor loadings for the Jth
method. Application of the CFA model to MTMM data
permits one to test for, and partition variance into, trait,
method, and random error. These reside, respectively, in the
squared factor loadings for A; and Ay, and in 6.

The CFA model can be estimated via LISREL {Jéreskog and
Sorbom, 1989). The overall fit of a model can be tested by
using the maximum likelihood chi-square statistic provided in
the LISREL output. Assuming that the model is valid and
that the observed measures follow a multivariate normal
distribution, the statistic is asymptotically distributed as a
chi-square variable with its associated degrees of freedom.
Smaller chi-square values indicate better fitting models, and
a significant chi-square indicates that one can accept (fail to
reject) a model. One can also test for the significance of
individual estimates by examining t-values, which are
parameter estimates divided by their standard errors.
Parameter estimates with t-values greater than |2.00| are
considered significant at the .05 level. In addition, when two
models are nested so that one model can be created from
the other model by imposing additional constraints, the
difference between the two chi-square values is also
distributed as a chi-square with degrees of freedom equal to
the difference between the degrees of freedom for the two
models. The chi-square difference test can be used to
evaluate the significance of the parameters that differentiate
between the two models. As noted below, the specification
and comparison of nested models aids in the investigation of
construct validity.

Following Widaman (1985), four CFA models can be tested
and compared to yield meaningful tests of hypotheses:
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Model 1: The model hypothesizing that only unique variances in
measures are freely estimated (termed the null model).

Model 2: The model hypothesizing that variation in measures can
be explained completely by traits plus random error (termed the
trait-only model).

Model 3: The model hypothesizing that variation in measures can
be explained completely by methods plus random error (termed the
method-only model).

Model 4: The model hypothesizing that variation in measures can
be explained completely by traits, methods, and random error
(termed the trait-method model).

Model 4 (the trait-method model) is, in fact, the hypothesis
implied by equations (1) and (2). This model hypothesizes
that both trait and method factors are needed to explain the
variance in the measures. Models 1-3 are special cases
formed by constraining certain parameters of model 4.
Model 1 hypothesizes that the observed measures correlate
zero in the population. This is a baseline model and implies
that no information is provided in the MTMM matrix. Model
2 (the trait-only model) constrains all the loadings in Ay to
zero (i.e., no effects of method factors are hypothesized).
This model assumes that method variance is negligible and
that measures reflect only trait and error variance. Model 3
(the method-only model) constrains all the loadings in Ay to
zero (i.e., no effects of trait factors are hypothesized). This
model assumes that trait variance is negligible and that the
measures reflect only method and error variance. Model 4
constrains all the loadings in A and Ay to zero (i.e., no
effects of trait or method factors are hypothesized). Note
that the null model is nested in both the method-only and
trait-only models, whereas the method-only and trait-only
models are nested in the trait-method model. Consequently,
chi-square difference tests can be used to test whether trait,
method, or trait and method variance are present.
Specifically, a test of the significance of trait variance is
provided by comparing chi-square tests between models 1
and 2 and between models 3 and 4. Similarly, a test of the
significance of method variance is provided by comparing
models 1 and 3, as well as models 2 and 4.

lllustration of Confirmatory Factor Analysis Model

We applied the four CFA models presented above to the
data sets shown in Appendix A, using the LISREL program
(Joreskog and Sérbom, 1989) (see Bollen, 1989, for an
excellent description of the procedure and its strengths and
weaknesses). Table 2 summarizes the results.

The first thing to notice is that the CFA model with traits and
methods fits satisfactorily for the data in Bagozzi and Phillips
(1982) and Gillet and Schwab (1975); the trait-method model
fits poorly for the data in Phillips (1980) and Dunham, Smith,
and Blackburn (1977). This can be seen in the chi-square
goodness-of-fit tests shown in Table 2. Therefore, although
one can perform and interpret the chi-square difference tests
comparing models 1-4 for all data sets, the interpretation of
convergent and discriminant validity and the partitioning of
trait, method, and error variance for the data from Phillips
(1980) and Dunham, Smith, and Blackburn (1977) should be
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Table 2
Summary of Nested Confirmatory Factor Analysis Tests for Trait and
Method Effects
x? test p

Bagozzi & Phillips (1982):
Null x° (28) = 2266.26 <.001
Method-only x2(19) = 74352 <.001
Trait-only X 2(14) = 361.45 <.001
Trait-Method x?(6) =  6.34 ~.28
Null—trait-only X% (14) = 1904.81 - <.001
Nuill—method-only X4 (9) = 1522.74 <.001
Method-only—trait-method x24(14) = 737.18 <.001
Trait-only—trait-method x%4(9) = 355.11 <.001
Phillips (1980):
Null x? (66) = 1698.47 <.001
Method-only X% (63) = 814.91 <.001
Trait-only x?(61) = 363.36 <.001
Trait-Method x> (6) = 102.63 <.001
Null—trait-only x%4(15) = 1335.11 <.001
Null—method-only x%q (13) = 88356 <.001
Method-only—trait-method x24(158) = 712.28 <.001
Trait-only—trait-method x% {13) = 260.73 <.001
Gillet and Schwab (1975):
Null X (28) = 710.10 <.001
Method-only x2(19) = 259.40 <.001
Trait-only X2 (14) = 39.20 <.001
Trait-Method X (5) = 2.09 ~ .84
Null—trait-only X2 d (14) = 670.90 <.001
Null—method-only 9) = 450.70 <.001
Method-only—trait-method X g (14) = 257.31 <.001
Trait-only—trait-method X419 = 37.1 <.001
Dunham, Smith, & Blackburn

(1977):
Null x2(120) = 6799.7 <.001
Method-only x2(98) = 2659.6 <.001
Trait-only x*(98) = 1850.1 <.001
Trait-Method x2(76) = 258.0 <.001
Null—trait-only X34 (22) = 4949.6 <.001
Null—method-only X%q{22) = 41401 <.001
Method-only—trait-method x%q(22) = 2401.6 <.001
Trait-only—trait-method X34 (22) = 15921 <.001

tempered by the knowledge that the overall goodness-of-fit
measures point to poor fits.

Table 2 also shows the results for the chi-square difference
tests. The comparison of models 1 and 3 shows that the
introduction of method factors significantly drops the
chi-square value in each data set, indicating that meaningful
improvements over the null models are achieved. Similarly,
the comparison of models 2 and 4 shows that the
introduction of method factors provides significant
improvements over the trait-only models for all data sets,
confirming the need to include method effects. Likewise,
comparisons of models 1 and 2 and models 3 and 4 reveal
that the introduction of trait factors leads to significant
improvements in fit over the null and method- -only models,
respectively. Thus, although the magnitudes of the
chi-square difference tests suggest that traits explain more
variance than methods in the four data sets, both traits and
methods are needed in the final analyses.

Table 3 displays the individual parameter estimates and
partitioning of variance for the data sets. All factor loadings
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for traits and methods are significant. However, one
parameter in the model for Gillet and Schwab (1975)—i.e.,
the factor loading (A = 1.14) for the satisfaction with
supervision measure on the Job Descriptive Index—showed
an improper solution, in that a standardized factor loading
should not exceed 1.00. Because improper solutions, which
are defined as either illogical parameter estimates or those
outside the range of conventional acceptability (e.g., a
negative variance or correlation exceeding 1.00), often result
from model misspecification (e.g., Van Driel, 1978), they
provide useful information about the adequacy of a model
(see Bagozzi and Yi, 1990). This suggests that the CFA
model with traits and methods should be rejected for the
data from Gillet and Schwab (1975), despite a satisfactory
overall goodness-of-fit measure for the model. As we show
below when we examine the noncentralized normed fit
index and the issue of practical relevance, improper solutions
can result from overfitting method factors to the data.

The decomposition of variance due to trait, method, and
error is done by inspecting squared factor loadings in Ay and
Ay and unique variances in 0, respectively (these are found
in Table 3). For example, the amount of method variance can
be assessed by computing the squared loadings for method
factors. Performing these operations yields the following
results for trait, method, and error variance. It is found that
method effects vary widely within studies. Specifically,
method variance ranges from 4 percent to 50 percent in
Bagozzi and Phillips (1982), 13 percent to 46 percent in
Phillips (1980), 4 percent to 48 percent in Gillet and Schwab
(1975), and 3 percent to 100 percent in Dunham, Smith, and
Blackburn (1977). Thus, the implicit assumption in Campbell
and Fiske's (1959) procedure that all traits are equally
influenced by method factors does not hold for the data sets
considered here. In addition, the amount of method variance
is found to be considerable in each of the four data sets. On
average, the proportion of the variation in the measures
explained by method variance is 20 percent in Bagozzi and
Phillips (1982), 27 percent in Phillips (1980), 24 percent in
Gillet and Schwab (1975), and 42 percent in Dunham, Smith,
and Blackburn (1977). One can also use the individual
estimates of method variance to identify problematic
measures with excessive method bias. In Bagozzi and
Phillips (1982), for example, the subordinate’s judgment of
the use of computers in forecasting appears to have
considerable method bias (53 percent).

Convergent validity can be assessed by inspecting the
estimates of trait variance (i.e., the square of loadings for
trait factors). Because convergent validity is defined as the
agreement among measures of the same trait, trait variance
reflecting the amount of shared variation for measures of a
common trait should indicate the degree of convergent
validity (Widaman, 1985). All factor loadings for traits are
statistically significant, indicating that convergent validity has
been achieved. The amount of trait variance can also be
scrutinized to discover problem areas. In Bagozzi and Phillips
(1982), for instance, although the CEQ's judgments of the
use of computers in personnel training and forecasting show
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| I Construct Validity
Table 3

Parameter Estimates and Partitioning of Variance—First-Order CFA
Model with Multiple Traits and Multiple Methods*

Factor loading

Error Trait Method
Measure Trait Method variance variance variance
Bagozzi & Phillips (1982)
X1, .89(.08) .25(.06) .15(.14) .79 .06
X2 .50(.06) .48(.07) .53(.086) .25 .24
X2, .98(.09) .29(.086) —.04(.16) .96 .08
Xpo .50(.07) .71(.09) 25(.11) .25 .50
X34 .83(.04) .35(.05) .19(.02) .69 12
X3 .96(.04) .20(.05) .04(.03) 92 .04
X1 .79(.04) .66(.06) —.06(.08) .62 44
Xaz .86(.04) .33(.06) .16(.03) 73 .1
Phillips (1980)
X111 .85(.10) .38(.11) .15(.13) 72 .15
Xq12 .56(.10) .50(.10) .44(.06) .32 .25
Xy21 .47(.10) .66(.08) .35(.06) .22 44
X122 .30(.10) .68(.08) .46(.07) .09 .46
X211 .62(.06) .42(.08) .42(.05) .38 18
X212 .88(.06) .36(.07) .08(.03) 77 A3
X304 .61(.06) .44(.07) .42(.05) .37 19
X227 .80(.06) .38(.06) .20(.03) .63 15
X311 .66(.07) .63(.07) .18(.04) A4 .39
X312 71(.07) .58(.08) .18(.03) 51 .33
X321 .70(.06) .567(.08) .20(.03) .50 .32
X372 .80(.06) .51(.08) .12(.03) .64 .26
Gillet & Schwab (1975)
X4 .56(.12) —.69(.11) .21(.08) 31 A48
X1 71(.12) —.36(.12) .37(.14) .50 A3
X1 .64(.11) —.55(.09) .29(.09) 41 .30
Xpp .68(.10) -.34(.09) A43(.11) 46 12
X3 .92(.30) —.19(.09) .12(.55) .85 .04
X3 46(.16) —.42(.08) .60(.15) .21 .18
X41 1.14(.47) -.47(11) -.53(1.10) 1.00 .22
X4z 42(.22) —.67(.11) .38(.14) .18 45
Dunham, Smith, & Blackburn (1977)
X1 .67(.04) .57(.04) .31(.02) .45 .32
X1 .68(.03) .69(.04) .18(.02) .46 48
Xi3 .64(.04) .40(.06) .44(.04) 41 .16
X4 .74(.03) .61(.04) .16(.02) .55 .37
Xy, .65(.04) .56(.04) .35(.03) 42 31
X2 .52(.04) .65(.04) .36(.03) .27 42
Xpa .48(.05) 1.02(.10) —.24(.21) .23 1.00
Xo4 .68{(.04) .61(.04) .25(.03) .46 .37
X34 .58(.04) .65(.04) .30(.02) .34 42
X33 .62(.03) .73(.03) .18(.02) .38 .53
X33 .78(.04) .18(.04) .36(.03) .61 .03
X34 .73(.03) .66(.03) .09(.02) .53 44
X4 .44(.04) .85(.04) .15(.02) .19 72
X4 .40(.04) .81(.03) .24(.02) .16 .66
Xa3 .91(.04) .19(.05) .12(.06) .83 .04
Xaa .69(.04) .67(.04) .15(.02) .48 .45

* Standard errors are in parentheses. Xj is the measure for the /-th trait by the
Jjth method. x;, is the measure for the i-th trait by the j-th informant on the k-th
item. See Appendix A for the MTMM matrices and definitions of measures.

high convergence (i.e., trait variance is 79 percent and 96
percent, respectively), the subordinates demonstrate low
levels of convergent validity (i.e., trait variance due to
subordinates is 25 percent for both uses of computers).
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Another important issue is the assessment of discriminant
validity. Table 4 summarizes the findings for discriminant
validity, as well as the correlations among methods for each
data set. A perfect correlation between traits would indicate
that the traits are not discriminable. Discriminant validity
among traits is achieved when the trait correlation differs
significantly from 1.00 (e.g., Schmitt and Stults, 1986). All
traits in each study achieve discriminant validity, because
each correlation between pairs of traits is less than 1.00 at
the .05 level. Some traits are totally distinct or nearly so in
that they correlate within two standard errors of 0.00; all
other traits are relatively distinct, since their correlations with
other traits are significantly less than 1.00 in a statistical
sense. It should be stressed that all correlations presented in
Table 4 have been corrected for attenuation due to
unreliability in measures. Thus, random error does not enter
into the assessment of discriminant validity. A final point to
note in Table 4 is that all methods within studies are
significantly correlated. Methods correlate on average r =
.53 across studies, with a range from .33 to .80. Hence, the
implicit assumption that “‘method factors are uncorrelated,”
which is made by Campbell and Fiske's (1959) procedure, is
violated in each data set.

Table 4

Trait and Method Correlation Corrected for Attenuation—CFA Model with Traits and Methods*

Study Trait correlations Method correlations
Bagozzi & Phillips (1982) T, 1.00 M, 1.00
T, .42(.07)1.00 M, .29(.09) 1.00

T, .18(.05) .28(.05) 1.00
T, .15(.06) .24(.06) .79(.02) 1.00

Phillips (1980) T, 1.00 M, 1.00
T, .25(.10)1.00 M, .52(.11)1.00
T, .19(.12) .18(.09)1.00

Gillet & Schwab (1975) T, 1.00 M, 1.00
T, 68(.11)1.00 M, .70(.09) 1.00

Ty .32(.12) .22(.10) 1.00
T, .53(.16) .41(.11) .41(12)1.00

Dunham, Smith & Blackburn T,1.00 M, 1.00
(1977) T, .56(.04) 1.00 M, .74(.03) 1.00
T, .22(.05) .24(.06) 1.00 M; .42(.06) .35(.06) 1.00
T, .46(.04) .38(.05) .53(.04)1.00 M, .80(.02) .64(.03) .33(.06) 1.00

* Standard errors are in parentheses.

The interpretation of the CFA findings up to this point has
relied on commonly accepted statistical criteria such as the
chi-square test. However, there are some potential problems
with the chi-square statistic in evaluating the fit of a model
(e.g.. Bentler and Bonett, 1980). First, a large sample size
may lead to the rejection of virtually any model, since the
chi-square statistic is a direct function of the sample size.
Such a result could occur even when the model explains
most of the variance in the data. Second, a small sample
size may lead to the acceptance of any model, since it tends
to produce a nonsignificant chi-square statistic. A model
could be accepted due to the small sample size, although it
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3

It might be argued, on the basis of the
NCNFis, that the trait-only model fits the
data satisfactorily in Gillet and Schwab
{1975). This model implies that no
method variance exists and that
measures reflect only trait and error
variance. However because all methods
were similar self-reports, one expects
that some method biases exist. In fact,
as shown later in the paper, traits and
methods interact in this data set. Hence
there is reason to question the
conclusion that the trait-only model is
appropriate for the data in Gillet and
Schwab (1975). Note also that the
trait-only model for these data must be
rejected on the basis of the chi-square
goodness-of-fit test: x%(14) = 39.20, p <
.001 (see Table 2).

Construct Validity

accounts for only little variance in the data. As a
consequence, one should examine other criteria in addition
to the chi-square test when evaluating model fit. Therefore,
we recommend the use of a goodness-of-fit index that can
evaluate the practical significance of the variance explained
by the model, with particular emphasis on the issue of
overfitting.

Specifically, we computed the noncentralized normed fit
index (NCNFI) for the trait-only CFA model compared with
the null model for each of the data sets (McDonald and
Marsh, 1990). The index is computed as

(Fo — dfo) — (Fr — dfy)

NCNFI =
(Fo — dfy)

where F, is the chi-square for the null model, df, is the
degrees of freedom for the null model, F, is the chi-square
for the trait-only model, and df, is the degrees of freedom
for the trait-only model. This index gives the proportion of
total information accounted for by the trait-only model from a
practical standpoint (e.g., Bentler and Bonett, 1980; Mulaik
et al., 1989). By subtracting the appropriate degrees of
freedom from their respective chi-square values, the NCNFI
removes the bias that can occur in the ordinary normed fit
index for small samples (McDonald and Marsh, 1990).

The NCNFls are .84, .81, .96, and .74, respectively, for the
data from Bagozzi and Phillips (1982), Phillips (1980), Gillet
and Schwab (1975), and Dunham, Smith, and Blackburn
(1977). This shows that the trait-only model explains a
significant amount of information from a practical standpoint
for the data in Gillet and Schwab (1975), but sufficient
information remains unexplained in the other three data sets
to warrant introduction of method factors. Here we rely on
the rule of thumb of .90 or greater as indicating that little is
to be gained, practically speaking, by adding methods effects
(Bentler and Bonett, 1980). Thus, the trait-only model is
sufficient for the data in Gillet and Schwab (1975), and the
model with traits and methods can be construed as an
instance of overfitting for these data.

The results of the application of the CFA model thus show
that the trait-method model fits well for the data in Bagozzi
and Phillips (1982), where convergent and discriminant
validity have been established. This analysis confirms the
conclusion drawn by the application of Campbell and Fiske's
(1959) criteria to these data. The CFA approach, of course,
provides greater diagnostic information and makes fewer
restrictive assumptions. The trait-method model must be
rejected for the other three data sets on the basis of the
CFA results. Thus, no firm conclusions can be drawn for
these data as to convergent and discriminant validity on the
basis of these analyses.

Comments on Confirmatory Factor Analysis Procedure

Why did the CFA model fail to fit the data in Phillips (1980),
Gillet and Schwab (1975), and Dunham, Smith, and
Blackburn (1977)? To answer this question, we need to look
at the assumptions behind the CFA model. One assumption
inherent in the CFA model is that the error term contains
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both specific and error variance. Specifically, two sources of
variance are confounded: (1) measurement error analogous
to random error in classical test-score theory and (2) specific
true-score variance that is unique and different from the
variance explained by traits and methods. For example, a
low factor loading for a method or trait may be due to either
substantial measurement error or a true lack of trait or
method effects. The consequences of this problem are
especially important when the reliabilities of different scales
vary, because “‘such differences will distort inferred relations
among the scales, the factor loadings on the latent method
and trait factors, relations among the latent factors, and
summary statistics that are based on these parameter
estimates’’ (Marsh and Hocevar, 1988: 108). In the next
section of the paper, we explore three approaches designed
to overcome this limitation of the CFA model.

A second assumption and possible shortcoming of the CFA
model is that it presumes that variation in measures will be
a linear combination of traits, methods, and error. That is,
traits, methods, and error are assumed to have additive
effects on measures in the CFA model. This may be
reasonable when the effects of sharing a method do not
vary with trait factors. In certain contexts, however, traits
and methods may interact in the determination of measure
variation. The final section of the paper considers an
approach to handle trait-method interactions, the direct
product model.

METHODS FOR SEPARATING MEASUREMENT ERROR
FROM SPECIFIC VARIANCE

Second-Order Confirmatory Factor Analysis
(SOCFA) Model

An interesting solution to the confounding of measurement
error and specific variance is the second-order confirmatory
factor analysis (SOCFA) model (Anderson, 1985, 1987). In
this approach, each measure loads directly on first-order trait
and method factors, and the first-order factors load, in turn,
on corresponding second-order trait and method factors.
More specifically, the SOCFA model can be expressed as

*

y = (A Ayl [:";] + e @)
[owe] = T[] + [20] @

where y is a vector of r s t measures for r traits, s methods,
and t items per trait-method combination, Ay« isan{rst X r
t) matrix of loadings for first-order trait-item factors, and Ay«
is an {r s t X s) matrix of loadings for first-order method
factors, nr« and my« are vectors of r t trait-item and s
method first-order factors, respectively, €* is a vector of rs t
random errors of measurement, & and &, are vectors of
second-order factors corresponding to r traits and a single
higher-order method, respectively, I'y and T'y, are the
loadings relating the first-order trait and method factors to
their respective second-order factors, {; and {, are the
specific factors for second-order traits and methods,
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respectively. The SOCFA model can be implemented with
programs such as LISREL.

The advantage of the SOCFA model over the CFA model is
that random error variance and specific variance are not
confounded. Separate estimates are provided for trait,
method, error, and specific variance. However, the gain
comes at the expense of two costs, one practical, the other
methodological. To implement a SOCFA model one needs at
least twice as many measures as required for a CFA model.
This is because the SOCFA model requires multiple (at least
two) items for each trait measured by each method in order
to achieve a specification and identification of the separate
sources of variance. The CFA model, in contrast, achieves
identification of its sources of measure variance when each
trait is measured only by a single item from each method.
This can be a practical drawback limiting the use of the
approach, depending on the particular application.

A more fundamental shortcoming of the SOCFA model is
that an implicit methodological constraint is made by virtue
of its specification. In particular, the SOCFA model makes
the assumption that the ratios of trait variance to measure
specificity for items are equal for all methods (Kumar and
Dilion, 1990). This is a rather restrictive assumption that is
not likely to hold in practice. Moreover, because it is
impossible to relax this constraint in the SOCFA model, it is
an untestable assumption. In short, if a SOCFA model is
found to provide an unsatisfactory fit to data, it is not
possible to know whether the lack of fit is due to a violation
in the constraint, sampling fluctuations, and/or lack of
correspondence between theory and data.

Hierarchical Confirmatory Factor Analysis (HCFA) Model

Marsh and Hocevar (1988) recently proposed a hierarchical
confirmatory factor analysis (HCFA) solution to the problem
of confounded random error with uniqueness. The HCFA
model is conceptually analogous to conducting a (first-order)
factor analysis on a correlation matrix of measures,
estimating correlations among the first-order factors, and
doing another factor analysis on the correlations among
first-order factors to derive second-order factors. However,
maximum likelihood procedures make it possible to estimate
both first-order and second-order factors simultaneously in
the HCFA model. Unlike the SOCFA model, which has
first-order factors for both traits and methods loading directly
on measures, the first-order factors in the HCFA model are
distinct method-trait units. Second-order factors in the HCFA
model then correspond to traits and methods.

More specifically, the general HCFA model can be
expressed as

y=An+ € (5)
o= w8+ [£]
3=AT®I'A’ + AVA’ + 9, 7)

whe(e y is a vector of r s t measures, Aisan{rstx r s)
matrix of factor loadings for r s first-order factors (n), each of
which represents a distinct trait-method unit, € is a vector of
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r s t random errors in measures, I' = [[[TJisanrs X (r +
s) matrix of second-order factor loadings corresponding to
second-order traits (&) and methods (&), L is a vector of r' s
residuals for first-order factors, ® is the (r + s) X (r + s)
covariance matrix of second-order factors partitioned
separately for traits and methods and allowing correlations
only among methods and among traits, yisanrs X rs
diagonal matrix of residual variances for first-order factors,
and 0 is an (r s t X r s t) diagonal matrix of variances for
random errors. The HCFA model can be implemented with
programs such as LISREL. Convergent validity will be
achieved when loadings are high on second-order trait
factors. Discriminant validity will be attained when the
correlations among second-order trait factors in ® are
significantly less than 1.00. Method variance can be
computed for each measure as the square of the respective
method factor loading.

Like the SOCFA model, the HCFA procedure provides a
partitioning of variance into trait, method, specific, and
random error components. It also requires at least t = 2
items for each trait as obtained by each method, and
therefore demands at least twice as many measures as the
CFA model. Although not recognized by Marsh and Hocevar
(1988) or in the literature, three rather restrictive
assumptions are inherent in an HCFA model (see Appendix
B for our formal derivation of these restrictions). These
assumptions are (1) the ratios of trait variance to method
variance must be identical for all items, (2) the ratios of trait
variance to specific variance must be equal for all items, and
(3) the ratios of method variance to specific variance must
be the same for all items. Thus, the HCFA model is even
more restrictive than the SOCFA model. It is unlikely that all
or even one or two of the assumptions will be met in
practice. For example, it is difficult to expect that the ratios
of trait variance to method variance are identical for any
particular combination of trait and method, regardless of the
item chosen (i.e., the first assumption). As a consequence,
the HCFA model is not very realistic as a general procedure
for examining MTMM data. Furthermore, the assumptions
are not testable, making the interpretation of chi-square
goodness-of-fit tests ambiguous. For example, significant
chi-square values might occur either from a true lack of
correspondence between model and data or from a violation
of these implicit assumptions noted above. It is informative
to note that the analyses performed by Marsh and Hocevar
(1988} yielded significant chi-square tests in every case.

The SOCFA model cannot be applied to the data sets
considered here because none has enough measures to
yield three first-order factors per each second-order factor
that is required for identification. Similarly, none of the data
sets examined here can be tested with an HCFA model. The
next procedure we introduce, however, achieves the same
objectives of the HCFA and SOCFA models yet applies to
one of the data sets presented in Appendix A. In illustrating
the method on these data, we demonstrate that the
assumptions made by the SOCFA and HCFA models are not
met and that the proposed model is an appropriate
specification.
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First-Order, Multiple-Informant, Multiple-ltem
(FOMIMI) Model

Kumar and Dillon (1990) proposed a first-order,
multiple-informant, multiple-item (FOMIMI) model that
overcomes the confounding of random error with specific
variance inherent in the CFA model yet does not make the
assumptions pertaining to the ratios of variances found in
the SOCFA and HCFA models. In particular, we can write
the FOMIMI model as

X = Ny & + N 7 + N &+ d (8)

where x;; is the measurement of the i-th trait, by the j-th
method, on the k-th item, & is a factor for the i-th trait, &7 is
a factor for the j-th method, & is a factor for measure
specificity of the k-th item, the s are corresponding factor
loadings, and §;, is random error in x;;. This model is similar
to the CFA model shown in equations (1) and (2) except that
the single error term (e} in the CFA model has been replaced
with two terms corresponding to measure-specific and error
variance, respectively (i.e., A, & + 8;). If we were to draw
a picture of the FOMIMI model it would look similar to that
shown in Figure 1 for the CFA model except that an
additional factor would be introduced for each measure,
corresponding to sources of measure-specific variance.

The FOMIMI model can be implemented on LISREL or
similar programs. Hence, it yields goodness-of-fit measures
and diagnostics similar to those provided by CFA, and
Campbell and Fiske's (1959) criteria can be evaluated by the
inspection of factor loadings and the ®; and ®,, partitions of
®, the covariance matrix among factors (measure-specific
factors are orthogonal by definition). Convergent validity will
be achieved when loadings are high on trait factors.
Discriminant validity will be achieved when intercorrelations
among traits are significantly less than 1.00.

lllustration of FOMIMI Model

As an illustration, we applied the FOMIM| model to the data
found in Phillips (1980) for which multiple items were
available for each trait measured by each method. Table 5
summarizes the findings. The goodness-of-fit for this model
is x*(32) = 21.10 and p = .93, an excellent fit. The top of
the table shows that convergent validity is established for all
measures of the traits, as revealed in the significant trait
loadings. The bottom of Table 5 also shows the
intercorrelations among traits and among informants. All
traits achieve discriminant validity in that each correlation is
much less than 1.00, ranging from .31 to .40. The
informants, which correspond to two methods, correlate at a
low to moderate level (r = .34), suggesting that they are
relatively independent in their assessments.

The parameter estimates in Table 5 were used for the
partitioning of variance shown in Table 6. It can be seen that
trait variance is in general relatively high except for two
measures (i.e., X;,1, X;,,) on the first trait as provided by the
second informant. The two measures indicate the use of
computers in research as judged by a subordinate in each
organization surveyed by Phillips (1980). Perhaps the
subordinate is less knowledgeable than the CEQ for this
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Table 5

Parameter Estimates for First-Order, Multiple-Informant, Multiple-item Model: Factor Loadings, Error
Variances, and Correlations*

Traits Informants Measure specificity
Measure T, T, T, h I, S, S, S5 S, Ss Sg Error
X491 74(.10) .27(.11) .39(.08) .22(.08)
X112 .75(.10) .35(.11) .08(.41) .30(.08)
X121 A40(.11) .73(.08)  .39(.08) .17(.08)
X122 44{.10) .60(.08) 08(.41) 45(.07)
X211 .77(.09) .32(.07) .29(.16} .21(.04)
X212 .77{.09} .31(.06) .48(.09) .06(.03)
X221 .77(.09) .34(.07) .29(.16) .20(.04)
X222 .66(.08) .36(.06) .48(.09} .18(.03)
X311 72(.09}) .59(.08} .08(.44) .15(.04)
X312 .73(.08) .54{.07) 21(.18)  .16(.04)
X324 .79(.08) .44(.09) .08(.44) .18(.03)
Xaz2 .83(.08) .41{.09) .21(.18)  .11(.03)
Trait correlations Informant correlations
1.00 1.00
.40(.09) 1.00 .34(.16) 1.00
.31(.10) .31(.09) 1.00

* Standard errors are in parentheses. x;, is the measure for the i-th trait by the j-th informant on the k-th item.

function. The relatively high levels of method variance for
these measures might confirm this conclusion. Alternatively,
the systematic method variance might be a function of
respondent bias such as reflected in a vested interest of one
sort or another in the use of computers in research. The
moderate amount of error variance for the second measure,
however, would seem to support the first interpretation. In
any case, more information is needed to ascertain the
source of the observed low levels of trait variance and high
levels of method variance for these two measures. As
revealed further in the table, however, method variance and
error variance are low for most measures. Likewise,
item-specific variance is low. The findings provide support
for the establishment of construct validity, while at the same
time suggesting where improvements might be made in

measures.
Table 6
Partitioning of Variance for First-order, Multiple-informant,
Muitiple-ltem Model*
Item-

Trait Method specific Error
Measure variance variance variance variance
X111 56 .08 15 22
X112 57 13 01 30
X121 16 53 15 A7
X122 .19 .36 .01 45
X211 60 10 .09 21
X212 60 10 24 .06
Xoo 59 B .09 20
Xp22 43 13 24 18
X311 52 .35 .01 .15
X312 .53 .30 .04 .16
Xag 63 19 01 18
X322 68 A7 .04 A

* X is the measure for the ith trait by the j-th informant on the k-th item.
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l I Construct Validity

An interesting result to point out in Table 6 is the ratios of
variance noted above for the SOCFA and HCFA models. The
findings indicate that the ratios of trait to method variance
differ somewhat across measures, the ratios of trait to
measure-specific variance differ greatly, and the ratios of
method to measure-specific variance also differ greatly.
Therefore, the assumptions made by the SOCFA and HCFA
models do not hold for the data in Phillips (1980), and the
FOMIMI model is a viable alternative.

Comments on FOMIMI Model

The benefits of the FOMIMI model do not come without
costs. As a practical matter, the most general FOMIMI
model requires t = 3 items for each trait as obtained by
each method. If no constraints are imposed on the model
implied by equation (8), the FOMIMI model demands three
times as many measures as the CFA model. This many
items, however, may be difficult to achieve in many
applications. For our illustration, we had three traits, two
informants, and two items per trait. To achieve identification,
we fixed the loadings corresponding to pairs of
measure-specific factors to be equal, a procedure
recommended by Anderson (1990). This may not always be
feasible.

A second drawback with the FOMIMI model concerns the
issue of overfitting. Consider the case where one has two
traits, three methods, and three items per trait. This model
yields 18 measures and has 11 factors (2 trait, 3 method,
and 6 measure-specific). When too many factors are fit to
too few items, problems such as improper solutions and
convergence failures frequently occur (Van Driel, 1978). This
was not a problem for the data examined here, but it is
often a problem in practice. Sometimes it is possible to find
a more parsimonious model by omitting unnecessary factors.
For example, under some circumstances, method factors
may not be needed, and trait and measure-specific factors
may be sufficient.

The findings show that the data in Phillips (1980) can be
explained as a linear combination of trait, method,
measure-specific, and random error factors and that
construct validity has been established, even though the
application of Campbell and Fiske's (1959) criteria to the data
in Phillips (1980) resulted in the rejection of discriminant
validity (see Table 1). We thus see that this was an
erroneous conclusion. Once random error and systematic
variance are properly accounted for in the FOMIMI model,
convergent and discriminant validity can be assessed
properly and are achieved. Further, the CFA model also
failed to provide a satisfactory fit to the data (see Table 2).
The CFA and FOMIMI models are identical except that the
latter introduces additional factors for measure specificity.
Hence for the data in Phillips (1980), it can be seen that the
confounding of random error and measure specificity
prevented the CFA model from providing a valid
representation of construct validity. The FOMIMI model
properly partitioned variance for these data.
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MODELING METHOD-TRAIT INTERACTION: DIRECT
PRODUCT MODEL

It has been suggested that method factors may interact with
trait factors in a multiplicative way (e.g., Campbell and
O’Connell, 1967, 1982). That is, the higher the relationship
between traits, the higher the method effects. Until recently,
no unambiguous method existed for representing such
interactions. Below we provide a technical derivation of the
approach before discussing it from an intuitive point of view
and illustrating it on the data sets. Appendix C provides an
example input program for a LISREL impelmentation of the
direct product model.

Theoretical Derivation

Browne (1984, 1989) proposed the following direct product
model (DPM) for representing the interaction between traits
and methods (see also Cudeck, 1988):

3=2P,®P; + E)Z 9)

where Z is a nonnegative definite diagonal matrix of scale
constants, some of which are set equal to unity to achieve
identification, Py, and Py are nonnegative definite method
and trait correlation matrices, respectively, whose elements
are particular multiplicative components of common-score
correlations (i.e., correlations corrected for attenuation), E is
a diagonal matrix of nonnegative unique variances, and ®
indicates a right direct (Kronecker) product. It can be seen
that equation (9) decomposes test scores into true scores
plus error-score components. Under equation (9) the
correlation matrix corrected for attenuation has a direct
product structure,

Pc = Pu®P;, (10)

where P is the disattenuated correlation matrix with a
typical element p(T;M,, TM)), Py, is the latent method
correlation matrix with a typical element p(M,, M), and P+ is
the latent trait correlation matrix with a typical element p(T,
T). From the definition of a right direct product, one can see
that a typical element of equation (10) is

p(T:Mkf T/Mi) = p(T, T/) p(Mk, M/) (1 1)

Notice that this equation assumes a multiplicative structure
for true scores or common scores in the factor analysis
sense, rather than for observed scores.

Wothke and Browne {1990) have recently shown that the
DPM can be reformulated as a linear model, allowing
researchers to estimate the model using widely available
programs such as LISREL. Because their presentation is
rather elliptical and will be difficult for nontechnical readers
to follow, we will develop the structural equation
representation in more detail. Specifically, equation (9) can
be written as a second-order confirmatory factor analysis
model as follows:

S=AT®I'A, (12)
where A = Z, T is the partitioned matrix,
[ =Cu®Idln) = (I[T). (13)
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Cwm is a square, lower triangular matrix chosen such that Py,
= CuC’'m. I, and |,,,, are identity matrices, and

_(Im®Pr| O\ (@] 0
<IJ—< 0 IE)—<O]<I>2)' (14)
The DPM can be easily restricted to suitable submodels.

One useful version of the model, a composite-error model, is
defined by the additional restriction

E=E,®E, (15)

with Ey, and E; diagonal. By using the fact that any
symmetric, nonnegative definite matrix can be expressed as
the product of a square matrix and its transpose, this
restriction can be rewritten as follows:

E=(Ew2®I)(l, ®E) Ey2®1) = [,d,I,". (16)

Several restrictions are needed for the identification of the
DPM. First, one equality constraint per method is required
for identification of scale-factor estimates (Wothke and
Browne, 1990). This restriction will fix the scale of the
component scores. For instance, one may select a trait and
set its scale factors in Z equal to unity. Alternatively, one can
constrain all diagonal elements of Cy, to unity. The two types
of restrictions may be suitably combined. Another restriction
is required in order to fix the scale of the error components,
since (a Ey) ® (b Ey) = Ey, ® E; for any a = 1/b. This may
be achieved by fixing one element in either E,, or E; at
unity.

P; is directly estimated in the model, and standard errors of
its elements will be available from the LISREL solution. In
contrast, the estimate of Py, is obtained by rescaling C,,C'y,
into a correlation matrix, and standard errors are not available
from the LISREL output. However, one can obtain the
standard errors for the method correlations by employing an
alternative parameterization in which Py, (rather than P;) is
directly estimated.

Campbell and Fiske's (1959) original criteria for convergent
and discriminant validity have the following interpretations in
the DPM (Browne, 1984: 9-10). Evidence for convergent
validity is achieved when the correlations among methods in
P\ are positive and large. The first criterion for discriminant
validity is met when the correlations among traits in Py are
less than unity. The second criterion for discriminant validity
is attained when the method correlations in Py, are greater
than the trait correlations in Py. The final discriminant validity
criterion is satisfied whenever the DPM holds.

These interpretations follow from the DPM specification.
Recall that p(T/M,, TM,), a typical element of P, denotes the
disattenuated correlation between the i-th trait measured
with k-th method and the j-th trait measured with the /-th
method. We know from equation (11) that p(TM,, ™) =
p(T;, T) p(M,, M)). Campbell and Fiske's criterion for
convergent validity is that the monotrait-heteromethod
correlations should be substantially greater than zero. When
we look at the monotrait-heteromethod correlation p(TM,,
TM)) under the DPM, we see that

p(TM,, TjMI) = p(T, T) pM,, M) = p(M, M). (17)
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That is, the monotrait-heteromethod correlations are equal to
method correlations under the DPM. As a consequence,
convergent validity is achieved when method correlations are
large and positive.

The first criterion for discriminant validity is that the
monotrait-heteromethod correlations, p(TM,, TM), should be
greater than the corresponding heterotrait-heteromethod
correlations, p(TM,, TM) and p(TM,, TM) for i # j. One can
see that

p(TM,, TM)p(TM,, TM)} = p(TM,, TM)/p(TM,, TM))

o, T). (18)

That is, the ratios of a monotrait-heteromethod correlation to
the heterotrait-heteromethod correlations become trait
correlations under the DPM. Thus, the first criterion for
discriminant validity is met when trait correlations are less
than unity. The second criterion for discriminant validity is
that the monotrait-heteromethod correlations, p{TM,, TM),
should be higher than the corresponding
heterotrait-monomethod correlations, p(TM,, TM,) and
p(TM, TM,). From equation (11) we can see that

p(TM,, TM/p(TM,, TM) = p(TM, TM)p(TM,, TM)
p(T/, Tj)/p(Mk, M/) (19)

That is, the ratios of monotrait-heteromethod correlations to
heterotrait-monomethod correlations become the ratios of
trait correlations to method correlations under the DPM. As
a consequence, this criterion is met when the method
correlations are greater than the trait correlations. The final
criterion for discriminant validity is that all matrices of
intertrait correlations should have the same pattern
whichever methods are used. This criterion is met whenever
the DPM holds, since the ratio

has the same value for any M, and M,.

Intuitive Description

The DPM hypothesizes multiplicative effects of methods and
traits such that sharing a method exaggerates the
correlations between highly correlated traits relative to traits
that are relatively independent. That is, the higher the
intertrait correlation, the more the relationship is enhanced
when both measures share the same method, whereas the
relationship is not affected when intertrait correlations are
zero. An important question then arises: What processes
underlie the multiplicative effects of method factors?

One view might be called differential augmentation
(Campbell and O’'Connell, 1967, 1982). This view explains
the multiplicative effects by a functional interaction between
the ““true” level of trait correlation and the magnitude of
method bias. A common assumption is that method factors
add irrelevant systematic (method-specific, trait-irrelevant)
variance to the observed relationships. That is, sharing a
method is expected to augment or increase the correlations
between two measures above the true relationship; halo
effects and response sets provide evidence for such method
bias. However, not all relationships are likely to be equally
exaggerated by sharing a method. Only relationships that are
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large enough to get noticed are more likely to be
exaggerated. Campbell and O'Connell (1967: 421-422)
provided an example of such effects where ratings (e.g.,
self-ratings and peer-ratings) are used as methods. Each
rater might have an implicit theory (expectations) about the
relationships (co-occurrence) of certain traits, which will lead
to a rater-specific bias. In such cases, the stronger the
“true” associations between traits are, the more likely they
are to be noticed and exaggerated, thus producing the
multiplicative method-effect pattern. Differential
augmentation might be expected in organizational studies in
which supervisors assess the performance of employees or
in general when key informants provide information on the
structure or conduct of institutions.

Another possible explanation for the multiplicative method
effects is a differential attenuation perspective {Campbell
and O’Connell, 1967, 1982). A conceptual basis for this view
is that using different methods will attenuate the trait
relationships that are better represented when method is
held constant rather than varied. That is, methods are seen
as diluting trait relationships rather than adding irrelevant
systematic variance. This view asserts that not sharing a
method attenuates the observed correlations differently,
depending on the level of true trait relationships. Suppose,
for example, that multiple occasions are used as methods.
This procedure was in fact followed by Marsh and Hocevar
(1988) in their illustration of the HCFA model. It is often
found in longitudinal studies that correlations are lower for
longer time lapses than shorter lapses, following a so-called
autoregressive process. According to the autoregressive
process, a high correlation between two traits will be more
attenuated over time than a low correlation (for more details,
see Campbell and O’Connell, 1982: 100-106). In contrast, a
correlation of zero can erode no further, and it remains zero
when computed across methods (here occasions).
Differential attenuation might be expected in archival or
key-informant data to the extent that functional relations
over time are monitored.

Two broad approaches are thus available for representing
the functional forms for trait and method effects: one
additive, the second muitiplicative. Typically, the two
approaches will constitute alternative explanations for
MTMM data.* Specifically, the effects of a method are
hypothesized to be constant in the CFA, SOCFA, HCFA, and
FOMIMI models. In contrast, method effects are
hypothesized to vary with the level of trait correlations in the
4 . o , DPM. Although Campbell and O’'Connell (1967, 1982) implied
g’;"g;f\e;aéntfg&d'tg°gfh';'ssaprzsesggf"’ that trait and method interactions are the rule rather than the
We are now exploring more deeply the exception, it might be better in any specific case to examine
icsfit?;ig] g?lnzrr::)ngo?]gvemzigﬂzif; ?#t it which (additive or multiplicative) model is more appropriate.
e, Ae & oo recommendation, we _d€@lly, one should have a substantive expectation about the
feel that, whenever one finds that both method effects prior to selecting a model. If no prior
the CFA and DPM fit the same data, one  gxpectations are available, the researcher can test both

should inspect parameter estimates to . . . H
see if any illogical or suspicious findings ~ MOdels in order to discover which process is at work.

result. For example, a satisfactory fit with H H
the CFA model may b6 achioved oniy Hlustration of the Direct Product Model

:;hs: ;\;thog olr traitt f?ctors are forced We applied the DPM to the two data sets for which no
nal, ye - . .

oxist 1o expect that methods e satisfactory fits were obtained when the CFA model was

be intercorrelated. used: analysis of the data in Gillet and Schwab (1975)
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yielded an improper solution for a key factor loading, and the
analysis of the data in Dunham, Smith, and Blackburn (1977)
showed that the trait-method model failed to explain the
data (see Table 2). The goodness-of-fit tests for the DPM
analyses of these data sets are x%(16) = 17.6, p = .30, and
x2(101) = 465.2, p < .001, respectively. As only the DPM
for the data in Gillet and Schwab (1975) gives a satisfactory
fit, our discussion will be confined to these findings.

The criteria for assessing convergent and discriminant
validity were examined for the data in Gillet and Schwab
(1975). Table 7 presents the results of parameter estimates
for the DPM analysis. The method correlation Py, can be
computed from the information provided in the top of Table
7. The covariance of the two methods is shown to be .65 in
the I'; matrix and the correlation can be computed to be .79.
Because this correlation is large and positive, we conclude
that convergent validity has been achieved. The trait
correlation matrix P; is shown in the bottom of Table 7 as
part of ®,. The matrix contains correlation coefficients
corrected for attenuation. The correlations among traits
(range: .17-.63) are less than unity, hence the first criterion
for discriminant validity is met. Likewise, since the method
correlation is greater than each of the trait correlations, the
second criterion for discriminant validity is satisfied. Finally,
given that the goodness-of-fit index points to an acceptable
fit and all matrices of intertrait correlations have the same
pattern, whichever method is used, the third criterion for
discriminant validity is attained.

Table 7

Parameter Estimates for the Direct Product Model Analysis of the Data in Gillet & Schwab (1975}

b4

Trait-method (A) Exf(rz) ® |, Coyr,y ® e

T,M, 91 1.00 1.00 .00 .00 .00 .00 .00 .00 .00
ToM;, .92 1.00 .00 1.00 .00 .00 .00 .00 .00 .00
TsM, N 1.00 .00 .00 1.00 .00 .00 .00 .00 .00
TM, 97 1.00 .00 .00 .00 1.00 .00 .00 .00 .00
T,:M, 91 1.71 .65 .00 .00 .00 .50 .00 .00 .00
T,M, .93 1.71 .00 .65 .00 .00 .00 .50 .00 .00
T5M, .87 1.71 .00 .00 .65 .00 .00 .00 .50 .00
TaM, 1.09 1.71 .00 .00 .00 .65 .00 .00 .00 .50
Trait-method ey @ Pr ey @ Er
M, 1.00 .18*
T,M, .63 1.00 AT*
ToM, 20* 7% 1.00 23*
T4M, 49 .36 37 1.00 .05*
T:M, .00 .00 .00 .00 1.00 .18*
T,M, .00 .00 .00 .00 .63 1.00 7%
TsM, .00 .00 .00 .00 .20* A7* 1.00 23*
TiM, .00 .00 .00 .00 49 .36 .37 1.00 .05*

Note: T, = trait, M; = method (see input matrix in Appendix A). All parameters are significant at the .05 level or better
except those marked with an asterisk.

DISCUSSION

The classic Campbell and Fiske (1959) approach to construct
validity provides too coarse-grained an analysis to be relied
upon. The inherent confounding of measurement error with
systematic trait and method effects is a severe limitation for
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a proper interpretation of convergent and discriminant
validity. It makes unrealistic assumptions that all traits are
equally influenced by method factors and that methods are
uncorrelated. In fact, our analyses showed that the effects
of methods differed widely for the data sets examined (e.g.,
from 4 percent to 50 percent) and that all methods in each
data set were significantly correlated (average r = .53). We
suspect that the assumptions underlying Campbell and
Fiske's procedure will be violated in practice for the types of
data found in organizational studies. Given such questionable
assumptions, Type | and Type |l errors are likely to occur
when applying Campbell and Fiske’s (1959) procedure.

The confirmatory factor analysis approach overcomes most
of the limitations found in Campbell and Fiske’s (1959)
method. In addition to permitting methods to have
differential effects on measures and to correlate freely, the
CFA model provides an indication of overall fit, precise
criteria for assessing convergent and discriminant validity,
and explicit estimates of trait, method, and error variance
that can aid in the diagnosis of construct validation. It is
probably on these bases that contemporary researchers
assert that the CFA model is “the preferred method of
analyzing MTMM matrices’” (Schmitt and Stults, 1986: 9).
We found the CFA model to perform well and supply a rich
abundance of information when the underlying assumptions
were met.

However, the CFA approach confounds random error with
unigue variance specific to a measure. It does not separate a
purely random error from a systematic error specific to an
item (e.g., item wording), similar to specific or unique factors
in classic test-score theory. Two recent remedies to this
problem—the SOCFA and HCFA models—were shown to
harbor rather restrictive assumptions that have not been
generally recognized in the literature and are unlikely to be
met in practice. In fact, an analysis of Phillips’ (1980) data
showed that these assumptions were violated; that is, the
ratios of trait to method, trait to measure-specific, and
method to measure-specific variance differed greatly. The
FOMIMI model is a viable option, but it may also be of
limited use because of the large number of measures
required for its implementation and the possibility of
overfitting factors to data. Nevertheless, we illustrated that
the FOMIMI can fit at least some data sets when neither
the classic Campbell and Fiske criteria nor the CFA model
yielded satisfactory resuits.

Still another potential limitation of the CFA model and most
of the other models (i.e., HCFA, SOCFA, FOMIMI)
considered in the literature is the assumption that traits and
methods have additive effects. As Campbell and O'Connell
(1967: 424) argued, many researchers have implicitly
assumed the additive effects of traits and methods by using
linear models of factor analysis. This assumption is actually
testable and was in fact sustained for two of the four data
sets considered here. However, under certain conditions,
one might have a substantive reason for expecting
multiplicative effects of traits and methods. For example,
Jackson (1969) cited a case in which acquiescence (a
method) has a stronger effect when knowledge (a trait) is
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low than high. In such cases, the CFA approach and others
based on linear effects will be inappropriate, and the DPM
becomes a relevant procedure. The DPM was found to be
appropriate for one data set (i.e., Gillet and Schwab, 1975)
analyzed here.

The procedures examined here hypothesize different
functional forms for trait and method effects, and they are
based on different sets of implicit and explicit assumptions.
Thus, in principle, these models constitute alternative
explanations for the MTMM data. If one uses an additive
model when a multiplicative model is in fact correct, as with
the data from Gillet and Schwab (1975), the model will be
misspecified. The specification error will lead to biased
estimates for method and trait effects and produce
misleading conclusions about construct validity. It is
therefore important to decide which model should be used.
One should decide which mode! would be appropriate
before assessing construct validity. In so doing, one needs
to investigate the nature of method effects (e.g., equal vs.
unequal, additive vs. multiplicative) and the nature of
measurement error (e.g., random error vs. measure
specificity).

If we examine the evidence for construct validity, we can
see that different procedures can lead to conflicting
conclusions. For the data in Phillips (1980), for example,
Campbell and Fiske's procedure points to mixed achieve-
ment of convergent and discriminant validity, whereas the
FOMIMI model leads to the identification of satisfactory
convergent and discriminant validity. Which conclusion
should be accepted? Recall that the FOMIMI model gave a
satisfactory fit to the data, whereas the assumptions of the
Campbell-Fiske procedure were found to be violated (i.e.,
unequal method effects and significant method correlations
were found). The CFA model was also rejected, suggesting
that the confounding of random error and measure specifi-
city prevented the CFA model from a valid representation of
the data. From this perspective, more credence should be
given to the conclusion from the FOMIMI model. This out-
come suggests that assessment of construct validity via an
inappropriate procedure can produce misleading conclusions.

An examination of the results suggests that method variance
is significant in all of the data sets examined. The CFA
results reveal that the average method variance was 20
percent in Bagozzi and Phillips (1982), 27 percent in Phillips
(1980), 24 percent in Gillet and Schwab (1975), and 42
percent in Dunham, Smith, and Blackburn (1977); method
variance thus accounted for approximately 30 percent of the
variation, on average, in measures across the four data sets.
The results indicate that method variance is not only
prevalent but also relatively large. Another interesting finding
is that the estimates of method variance differ somewhat
under alternative procedures. In the data from Phillips (1980),
for example, method variance averages 21 percent under the
FOMIMI model, whereas it is 27 percent under the CFA
model. Given that only the FOMIMI model was an
appropriate model, the former estimate would be preferred
to the latter. Again, these results show that one should use
an appropriate model for interpreting construct validity.
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Returning to the controversy between Spector (1987) and
Williams, Cote, and Buckley (1989) regarding the extent of
method variance in MTMM matrices, we should note that
they used different procedures: Campbell and Fiske's criteria
and CFA model. These procedures differ in the underlying
assumptions and specifications of method effects. As we
have shown, such differences can lead to different
conclusions for the same data (see also Bagozzi and i,
1990). It seems thus necessary for researchers to fully
understand the nature of alternative procedures for
assessing construct validity and to determine the
appropriateness of each procedure for a given data set.

It can also be noted that none of the models was found
appropriate for Dunham, Smith, and Blackburn (1977). Thus,
no firm basis exists for interpreting convergent and
discriminant validity for these data. Although we have tested
the possibility that methods and traits combine in an additive
or multiplicative way, this result suggests that they might
combine in still other ways. For instance, methods and traits
may interact inversely; that is, the higher the trait
correlations are, the lower the method effects are (Campbell
and O'Connell, 1982). It will be useful to develop models
that can represent such alternative processes.

It should be evident that the assessment of construct
validity is a complex undertaking with many pitfalls along the
way. We recommend that the use of Campbell and Fiske’'s
(1959) criteria be abandoned because of unrealistic
assumptions. One can begin with the CFA model because of
its relatively few assumptions, its desirable features, and its
parsimonious structure. When the uniqueness of each scale
is substantial and/or random error variances vary significantly
across scales, however, one should consider the techniques
that can separate random error and specific variance: i.e.,
the SOCFA, HCFA, and FOMIMI models. Considering the
restrictive assumptions of the SOCFA and HCFA procedures,
which were in fact found not to hold in our analyses, we
recommend the FOMIMI model among these alternatives.
Especially when one has sufficient numbers of measures,
methods, and traits, the more complicated FOMIM! model
should be applied. When neither the CFA nor FOMIMI
model permits an assessment of construct validity, the DPM
can be used as a possible, though less parsimonious
structure underlying an MTMM matrix.

We have considered alternative techniques that can be
useful for analyzing construct validity in organizational
research. We have presented the implicit assumptions, as
well as strengths and weaknesses, of each approach and
examined how these methods relate to the central concepts
in construct validity. We have also attempted to demonstrate
that potentially misleading conclusions can stem from the
application of the improper procedure. In assessing construct
validity, therefore, a researcher should explicitly consider the
nature of the assumptions underlying each procedure,
examine the plausibility of these assumptions, select the
most appropriate one, and communicate these assumptions
clearly to the reader. When the procedures are applied and
interpreted properly, they can provide valid insights into the
meaning of constructs in organizational research.
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APPENDIX B: Derivation of Constraints in HCFA Models

This appendix describes implicit restrictions imposed by the HCFA model
specified by Marsh and Hocevar (1988} but not recognized in their article.

Notation

Yi:  observed score on the k-th item, measuring the /-th trait, ob-
tained with the j-th method.
TM;:  first-order factor confounding trait and method
T, M.:  second-order trait and method factors, respectively
", ™ second-order loadings for trait and method factors, respectively
measure specificity
€;.  random error

We know from the model that Yy, = X\, TM; + €;, where TM,; = T+
MM; + L Thus, Y = N (7 T+ MM, + ) €, and Var(Y,,-kf = (P
Var(T) + (™2 Var(M) + X2 Var(g;) + Varle,). Without loss of
generality, let us set the variances of the second-order constructs (T;,, M) to
unity. Then we can see that Var{Y,) can be expressed by the four

components:

Trait N )2
Method ()\i;kr"'{,,)z
Measure specificity N2 Var(g;)
Random error Var(e,;)
Similarly, for item k' (k" # k), we get
Trait N 172
Method (e M2
Measure specificity N2 Var(g)
Random error Var(e.).

The ratios of trait variance to method variance for items k and k’ are as
follows:

N T (2 . N M2 (72 _ )
(g P~ (A foritem ke and o Tty = (e - for ftem K.

Thus, the ratios of trait variance to method variance are identical regardless
of the item.

Similarly, the ratios of trait variance to measure specificity are as follows:

(i (s

M Il (e 72 (r" 2
)\,,kZVar(g,-j) - Var(;,-,-)

)\,‘/k'z Var(;,,-) = Var((;,-)

. for item &, and - for item k'.

Finally, the ratios of method variance to measure specificity are as follows:

e M _ (M2

i T ) e M2 M2
N2 Var(g;) — Varlg;)

N Var(g) ~ Var(g)

for item k, and for item k'.

This derivation shows that the HCFA model imposes the restrictions that
the ratios between any two of the three components (trait, method, and
measure specificity) be equal across items.

APPENDIX C: Input Program Specification of Direct Product Model for
the Data in Gillet and Schwab (1975)

Title Direct Product Model for the Gillet and Schwab Data
DANI = 8NO = 273 MA = KM
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