
47

Confirmatory Factor Analyses of
Multitrait-Multimethod Data:
A Comparison of Alternative Models
Herbert W. Marsh

University of Western Sydney, Australia

Michael Bailey
University of Sydney, Australia

Alternative models for confirmatory factor
analysis of multitrait-multimethod (MTMM) data
were evaluated by varying the number of traits
and methods and sample size for 255 MTMM
matrices constructed from real data (Study 1), and
for 180 MTMM matrices constructed from simulated
data (Study 2). The correlated uniqueness model
converged to proper solutions for 99% (Study 1)
and 96% (Study 2) of the MTMM matrices, whereas
the general model typically used converged to
proper solutions for only 24% (Study 1) and 22%
(Study 2) of the MTMM matrices. The general
model was usually ill-defined (100% in Study 1,
90% in Study 2) for small MTMM matrices with
small Ns, but performed better when the size of
the MTMM matrix and N were larger. Even when
both models converged to proper solutions,
however, parameter estimates for the correlated
uniqueness model were more accurate and precise
in relation to known population parameters in
Study 2. Index terms: confirmatory factor analysis,
construct validity, discriminant validity, LISREL,
method effects, multitrait-multimethod analysis,
underidentified models.

Campbell and Fiske (1959) argued that con-
struct validation requires multiple indicators of
the same construct to be substantially correlated
with each other, but substantially less correlated
with indicators of different constructs. They pro-
posed the multitrait-multimethod (MTMM) de-
sign, in which each of a set of multiple traits is
assessed with each of a set of multiple methods

of assessment, and they developed guidelines for
evaluating MTMM data. Their MTMM design has
become perhaps the most frequently employed
construct validation design, and their original
guidelines continue to be used frequently.

However, important problems with their

guidelines are well known (e.g., Althauser &

Heberlein, 1970; Alwin, 1974; Campbell &

O’Connell, 1967; Marsh, 1989a; Wothke, 1984)
and have stimulated alternative analytic pro-
cedures. Confirmatory factor analysis (CFA)
models (e.g., Boruch & Wolins, 1970; J6reskog,
1974; Marsh, 1988, 1989a; Marsh & Hocevar,
1983; Schmitt & Stults, 1986; Widaman, 1985) or
mathematically similar path-analytic models

(e.g., Schmitt, Coyle, & Saari, 1977; Werts &

Linn, 1970) currently appear to be the most
popular approach and were the focus of the
present investigation.

The CFA Approach to MTMM Data

In the CFA approach to MTMM data, a priori
factors defined by different measures of the same
trait support the construct validity of the meas-
ures, but a priori factors defined by different
traits measured with the same method argue for
method effects. The emphasis here was on a
general MTMM model adapted from J6reskog
(1971, 1974, 1981; see also Marsh, 1988, 1989a;
Widaman, 1985) in which (1) there are at least
three traits (T = 3) and three methods (M = 3);
(2) T x M measured variables are used to infer
T + M a priori common factors; (3) each
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measured variable loads on the one trait factor
and the one method factor that it represents,
but is constrained so as not to load on any
other factors; and (4) correlations among the
trait factors and among the method factors
are freely estimated, but correlations between
trait and method factors are constrained to be
0. This model allows the decomposition of vari-
ance into additive trait, method, and error

components.
Researchers have proposed many variations

of the general MTMM model to examine in-
ferences about trait or method variance or to
test substantive issues specific to a particular
study. Widaman (1985) developed an important
taxonomy of such models that systematically
varied different characteristics of the trait
and method factors. This taxonomy was designed
to be appropriate for all MTMM studies, to

provide a general framework for making infer-
ences about the effects of trait and method fac-

tors, and to objectify the complicated task of
formulating models and representing the MTMM
data.

Marsh (1988, 1989a) expanded the taxonomy
to include all possible combinations of the
following four trait structures:
1. No trait factors,
2. One general trait factor defined by all meas-

ured variables,
3. T uncorrelated trait factors, and
4. T correlated trait factors;
and the following five method structures:
A. No method factors,
B. One general method factor defined by all

measured variables
C. M uncorrelated method variables,
D. M correlated method factors, and
E. Method effects inferred on the basis of

correlated uniqueness (E).
This taxonomy differs from Widaman’s orig-

inal taxonomy only in the addition of method
structure E. For purposes of the present in-

vestigation, primary emphasis was placed on the
general model (4D) and the correlated uniqueness
model (4E).

ethod Structure E ~1n Alternative

Conceptualization of Method Variance

Method variance is an undesirable source of

systematic variance that distorts correlations
between different traits measured with the same
method. As typically depicted in MTMM models
(i.e., method structures C and D), a single method
factor is used to represent the method effects
associated with variables assessed by the same
method. The effects of a particular method are
implicitly assumed to be unidimensional, and the
sizes of the method factor loadings provide an
estimate of its influence on each measured vari-
able. Hence, method structures C and D restrict
method covariance components to have a con-

generic-like structure (see Wothke, 1984).
Alternatively, method effects can be represent-

ed as correlated uniquenesses (method structure
E), and this representation does not assume either
the unidimensionality of effects associated with
a particular method or a congeneric structure.
The correlated uniquenesses in method structure
E merely represent correlations between pairs of
variables measured with the same method after

removing trait effects. If these are statistically sig-
nificant and sufficiently large, there is evidence
for method effects. Thus the correlated unique-
nesses in method structure E apparently represent
a natural interpretation of method effects.

Kenny (1976, 1979; see also Marsh & Hocevar,
1983) argued that the general MTMM model can-
not be applied when there are only two traits, and
he first proposed what here is called method
structure E for this special case. Kenny did not
consider this method structure for the more

general situation, though, when there are more
than two traits; instead, he used an MTMM model
in which methods are posited as separate factors
(e.g., Kenny, 1979). Marsh (1988, 1989a) noted,
however, that method structure E is also reasona-
ble when there are more than two traits. He

generalized the application of this method struc-
ture to apply to all MTMM matrices, and expand-
ed the typology proposed by Widaman (1985) to
include this method structure.
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Method structure E corresponds most closely
to method structure C, in that the method effects
associated with one method are assumed to be
uncorrelated with those associated with other
methods. When there are three traits and the
solutions are well-defined, method structures C
and E are merely alternative parameterizations
of the same model. When T > 3, however, the
number of correlated uniquenesses in method
structure E cm x [T x (T - 1)/2]1 is greater
than the number of factor loadings used to define
method factors in method structure C (T x M).
Thus, method structure C is a special case of
method structure E in which each method fac-
tor is required to be unidimensional, and this
assumption is testable when T > 3. A particu-
larly important advantage of method structure
E claimed by Marsh (1988, 1989a) is that it results
typically in proper solutions without limiting
the solution space or forcing parameter esti-
mates to the boundaries of the permissible space,
even when models 4C or 4D result in improper
solutions.

Goodness of Fit and &reg;rly-b)e~ned Solutions

An important unresolved problem in CFA is
the assessment of goodness of fit. To the extent
that a hypothesized model is identified and is able
to fit the observed data, there is support for the
model. The problem of goodness of fit is to de-
cide whether the predicted and observed results
are sufficiently alike to justify support of a
model. A variety of fit indices has been developed
to aid this process, but a discussion of goodness
of fit and fit indices is beyond the scope of the
present investigation (see Bentler & Bonett, 1980;
Mulaik, James, Van Alstine, Bennett, Lind, &
Stilwell, 1989). In an evaluation of the most fre-
quently used fit indices based on real data, simu-
lated data, and mathematical derivations, the
Tucker-Lewis Index (TLI; Tucker & Lewis, 1973)
was the only widely used index that was relative-
ly independent of sample size and did not vary
substantially when superfluous parameters
known to be 0 in the population were estimated
(Marsh, 1989b; Marsh, Balla, & McDonald,

1988; McDonald & Marsh, 1990). For this rea-
son, the TLI was used as one basis for assessing
fit in the present investigation, although the
Bentler-Bonett Index (BBI; Bentler & Bonett,
1980) was also used.

Poorly-defined solutions refer to underiden-
tified or empirically-underidentified models

(Kenny, 1979; Wothke, 1984), failures in the con-
vergence of the iterative procedure used to esti-
mate parameters, parameter estimates that are
outside their permissible range of values (e.g.,
negative variance estimates called Heywood
cases), or standard errors of parameter estimates
that are excessively large. Each of these problems
is an indication that the empirical solution is
poorly defined, even if the model is apparently
identified otherwise, and even if goodness of fit
is adequate (J6reskog & S6rbom, 1981).

Marsh (1988, 1989a) suggested that such

problems are apparently more likely when the
sample size is small, there are few indicators of
each latent factor, measured variables are allowed
to load on more than one factor, measured vari-
ables are highly correlated, there is much miss-
ing data and covariance matrices are estimated
with pairwise deletion for missing data, and the
model is misspecified. Anderson and Gerbing
(1984; Gerbing & Anderson, 1985, 1987; see also
Dillon, Kumar, & Mulani, 1987) discussed three
potential causes of improper solutions: (1) sam-
pling fluctuations in relation to true population
parameters close to the limits of the permissible
range of values (e.g., variances close to 0), (2)
model misspecification, and (3) an indefiniteness
or underidentification of the model. Such

problems are usually ignored, and the implica-
tions of this practice have not been explored for
MTMM studies.

There are many rules of thumb about the ab-

solute sample size, sample sizes in relation to the
number of measured variables or estimated

parameters, and the number of indicators per fac-
tor that are needed to obtain well-defined solu-

tions. The usefulness of such guidelines has been
evaluated on the basis of monte carlo studies.
Tanaka (1987) suggested that the appropriate
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sample size is a function of the ratio of exam-
inees to the number of variables or, particularly
for CFA models, the ratio of examinees to the
number of parameter estimates.

In apparently related research based on the sta-
bility of solutions in exploratory factor analyses,
however, Guadagnoli and Velicer (1988) found
that the ratio of examinees to number of varia-
bles was not important. Instead, solution stabil-
ity varied primarily with absolute sample size,
component saturation, and to a lesser extent, the
number of indicators per factor. Boomsma (1982)
recommended that at least 100 (and preferably
200) cases were required. Similar results were
reported by Anderson and Gerbing (1984),
although larger samples were required when there
were only two indicators per factor. Anderson
and Gerbing (Gerbing & Anderson, 1985, 1987)
found that nonconvergence and improper solu-
tions were more likely for smaller sample sizes
and models with fewer indicators per latent trait.
Their research suggests that solutions with only
two indicators per factor are particularly likely
to produce poorly defined solutions.

Most of these monte carlo studies are based

on population models in which each measured
variable is defined by one and only one latent
construct (i.e., what McDonald, 1985, calls an
independent clusters structure). Real data,
however, will never exactly conform to this sim-
ple structure, and the deviations will always be
statistically significant if the sample size is large
enough (see Marsh, Balla, & McDonald, 1988;
McDonald & Marsh, 1990). For this reason,
solutions based on monte carlo studies are likely
to be better behaved than those based on real

data.
The general MTMM model posits each meas-

ured variable to be defined by two different la-
tent constructs-a trait factor and a method
factor. Because this structure is more complicat-
ed than the independent clusters structure typi-
cally used in monte carlo studies, CFA solutions
for MTMM data are likely to be less well-behaved
than suggested by monte carlo studies. Larger
sample sizes may be needed to achieve stable,

well-defined solutions. More indicators per fac-
tor also may be required. For independent cluster
structures, the number of indicators per factor
is equal to the ratio of measured variables to fac-
tors, but this is not the case for MTMM data. In
the 3T x 3M MTMM design, for example, there
are three indicators for each factor, but six fac-
tors are inferred from only nine measured varia-
bles. For the most frequently used MTMM designs
(e.g., 3T x 3M, 4T x 3M, 3T x 4M,
4T x 4M, 5T x 3M, 3T x 5M), the ratio of
measured variables to factors is two or less.

Purpose

LISREL v (J6reskog & S6rbom, 1981) was used
in this research to derive maximum likelihood es-
timates for MTMM data. The behavior of select-
ed MTMM models was evaluated in two different
studies: the first based on 255 MTMM matrices
constructed from real data, and the second based
on 180 MTMM matrices constructed from simu-
lated data. In both studies, the number of traits,
the number of methods, and sample sizes were
systematically varied.

The general model used in the CFA approach
to MTMM data typically fails to provide a well-
defined solution. Both studies were designed to
determine under what conditions the general
model was most likely to result in a proper
solution.
MTMM matrices such as those considered by

Wothke (1984) typically suffer three important
limitations:
1. The sample sizes in studies are typically

small. The 21 MTMM matrices examined by
Wothke, for example, were based on a me-
dian of 124 examinees. This is well below the
200 examinees recommended by Boomsma
(1983). In addition, Boomsma’s recommen-
dation was based on fitting independent clus-
ter solutions, so even larger sample sizes may
be required for the general MTMM model.

2. Most studies consider small MTMM matrices.
The ratio of the measured variables to latent
factors was greater than 2 in only 1 of the
21 MTMM matrices considered by Wothke.
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3. The general MTMM model implicitly assumes
that trait effects associated with a particu-
lar trait, and method effects associated with
a particular method, are unidimensional.
Although this assumption is probably
reasonable for most trait factors, research-
ers typically have insufficient information
about the underlying nature of method
effects to determine if this assumption is

reasonable for method factors.
Both studies 1 and 2 also were designed to ex-

amine the behavior of the correlated uniqueness
model (Marsh, 1988, 1989a) as an alternative to
the general models for MTMM data. Marsh
claimed that this alternative model typically
resulted in well-defined solutions even when the

general model did not, and that this model

provided a test of the unidimensionality of the
method factors. Marsh provided empirical sup-
port for his claims, but the results were based on
the examination of only three MTMM matrices.
The present investigation was based on results of
435 MTMM matrices and examined a much wider

variety of MTMM matrices.
There are many important advantages to

working with real data; however, the true under-
lying factor structure and associated parameter
values can never be known. An important advan-
tage of using simulated data with known popu-
lation parameters is that estimated parameter
values can be compared to the known popula-
tion values. Thus, Study 2 was designed to com-
pare the ability of different models to correctly
estimate known population parameters.

The final purpose of the present investigation
was to evaluate the accuracy of rules of thumb

about the minimum conditions needed to achieve
stable well-defined solutions. Tests of these guide-
lines are typically based on simulated data con-
structed and tested with independent clusters
structures in which each measured variable is as-
sociated with only one latent factor. This situa-
tion may be unrealistically simple in relation to
real data and the models needed to fit that data,
so generalizations based on such studies must be
evaluated cautiously. If these guidelines do work

for MTMM data, there is support for their gener-
ality. Otherwise, the MTMM results provide coun-
ter instances to these generalizations.

The focus of the present investigation was on
the CFA approach to MTMM data, but the find-
ings have broader implications as well. MTMM
data are just one example of a two-facet test de-
sign in which one facet refers to traits and the
other to methods. MTMM data are also a special
case of the three-mode data considered by Tuck-
er (1964), or the multimode data considered by
McDonald (1985). Furthermore, method struc-
ture E from this study also resembles McDonald’s
multimode analysis and Browne’s (1980) multi-
ple battery analysis. Thus, the present findings
have implications for the factor analysis of other
two-facet test designs or multimode designs that
may not be directly related to MTMM data.

STUDY 1: EVALUATION OF MTMM
MODELS ON THE BASIS OF REAL DATA

Method

Data

Data for this study came from the Youth in
Transition project (Bachman, 1970, 1975; Bach-
man & O’Malley, 1977). The project used a mul-
tistage probability sample, clustered by school,
of all tenth grade boys in public high schools in
1966 in the 48 contiguous states of the U.S.A.
Only variables common to four waves of data col-
lection (1966-10th grade, 1968-llth grade,
1969-12th grade, and 1970-one year after

graduation) were used. The 1966 data were based
on responses from 2,213 boys attending 87 differ-
ent high schools, and the sample sizes were 1,886,
1,799, and 1,620 for each successive wave.

Responses were used from only the 1,556 boys
who participated in all four data waves.
A set of 84 variables was selected, represent-

ing 21 variables (see Table 1) collected in each of
the four waves. The major criteria of selection
were that the variable was contained in the com-

mercially available longitudinal database, that
data were available for all four waves, and that
there was no overlap in the items used to define
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Table 1
Number of Items per Scale (I~), Scale Title, and a Sample Item

for the Three Sets of Variables Used in Study 1

the different variables. The variables were then
divided into three sets of 28 variables represent-
ing seven variables (the multiple traits) and four
data waves (the multiple methods). For each of
the three sets of variables, a 28 x 28 covari-
ance matrix was based on pairwise deletion for
missing data after first selecting examinees

(N = 1,556) who participated in all four data
waves.

MTMM approaches have been used frequently
with time as the method variable. Werts,

J6reskog, and Linn (1972; Werts & Linn, 1970)
specifically proposed the MTMM approach for
studying growth, and others (e.g., Browne,
1984, in press; Cudeck & Browne, 1983; Marsh
& Butler, 1984; Marsh & Hocevar, 1988) have
considered multiple occasions as the multiple
methods. Browne (in press) also noted that

the multiple methods in an MTMM study may
refer to either the different ways used to meas-
ure traits or the multiple occasions of meas-
urement, but proposed that both should be
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referred to as methods.’ 1

MTMM Matrices

The three sets of variables were then used to
construct fifteen 28 x 28 covariance matrices
based on sample sizes of 125, 250, 500, 1,000,
and 1,556 (the entire sample). The examinees at
each sample size were a proper subset of the ex-
aminees at each subsequent sample size, in ord-
er to maximize the similarity of examinees used
at each sample size.

From each 28 x 28 covariance matrix, eight
different 9 x 9 and eight different 16 x 16

covariance matrices were selected to represent
3T x 3M and 4T x 4M designs, in addition to
the original 7T x 4M design. For the 3T x 3M
and 4T x 4M matrices, 240 covariance matrices
were constructed: 2 (size of matrix) x 3 (sets of
variables) x 8 (subsets of variables) x 5 (sam-
ple sizes). For the 7’ x 4M design, only 15

covariance matrices were constructed: 3 (sets of
variables) x 5 (sample sizes). The general model
(4D) and the correlated uniqueness model (4E)
were fit to each of these 255 covariance matrices.

Results

Preliminary Analyses

Three 28 x 28 matrices (one for each of the

three sets of variables) were fit to selected models
from Marsh’s (1988, 1989a) taxonomy that posit-
ed seven correlated trait factors (4A), four cor-
related method factors (ID), seven correlated trait
factors and four uncorrelated method factors

(4C), seven correlated traits and four correlated
method factors (4D), and seven correlated trait
factors with method variance represented by cor-
related uniquenesses (4E). All solutions were es-
timated by fixing factor variances to 1 (so that
the trait factor loadings were standardized) and
then estimating parameters for a subset of the
models in the MTMM taxonomy.

The goodness-of-fit indicators shown in Table
2 indicate that the general model (4D), the cor-
related uniqueness model (4E), and the uncor-
related method factor model (4C) all provided
apparently good fits to the data (all TLI > .94).
The fit for the trait-only model (4A) was modest-
ly poorer (TLI of .86 to .89), and the fit for the
method-only model was very poor (TLI of .30 to
.35). This implies that there was substantial trait
variance in each set of variables and a smaller
amount of method variance.

Solutions for models 4C, 4E, and 4D in Table
3 all fit the data fairly well. The three models
differed in how they represent method effects, but
all three provided comparable estimates of the
unknown population trait factor loadings. The
individual trait factor loadings in Table 3 indi-
cate that the parameter estimates are remarka-
bly consistent across different models applied to
the same data. Trait factor loadings are margin-
ally higher, however, for Models 4C (Mean =
.682) and 4E (Mean = .681) than they are for
Model 4D (Mean = .660) across all the trait fac-
tor loadings for each MTMM matrix. The size of
trait factor loadings is typically interpreted as an
indication of convergent validity, so support for
convergent validity is marginally better for
Models 4C and 4E than for Model 4D. Because
the underlying population parameters are un-
known, however, there is no way to determine
which set of estimates is most accurate. The

standard errors of the factor loadings were ap-
proximately .03 (.022 to .045).

’An implicit assumption in fitting models considered here to
MTMM data is that covariation among the multiple indica-
tors of a given trait can be represented as a unidimensional
trait factor. When time is the method effect, however, the
classic simplex pattern is a plausible alternative in which the
multiple indicators of each trait are specifically proposed not
to be unidimensional. In order to explore the unidimensional
representation in the present investigation, a set of 21 4 x 4
covariance matrices was constructed in which the four meas-
ured variables were the indicators of the same trait on four
occasions. A single factor model was fit to each of the 21
covariance matrices. The &chi;2 test statistic associated with each
of the 21 single-factor models was statistically significant,
due in part to the large sample size. The TLI goodness of
fit statistics varied from .974 to .999 (median = .996), sug-
gesting that most of the covariation among multiple indica-
tors of the same trait could be explained by a single trait
factor. In contrast, the classic simplex model provided much
poorer fit to the data. Thus, the assumption of MTMM
models considered here&mdash;that the multiple indicators of each
trait are unidimensional&mdash;appeared to be reasonable.

Downloaded from the Digital Conservancy at the University of Minnesota, http://purl.umn.edu/93227.  
May be reproduced with no cost by students and faculty for academic use.  Non-academic reproduction  

requires payment of royalties through the Copyright Clearance Center, http://www.copyright.com/ 



54

Table 2

Summary of Goodness of Fit in Study 1
for the Tucker-Lewis Index (TLI) and the

Bentler-Bonnett Index (BBI)

aThe null model posited 28 uncorrelated factors and
was only used in computing TLI and BBI.
bThis solution converged to an improper solution,
with a factor correlation greater than 1.0.

°’I°his solution converged to an improper solution,
with a negative uniqueness.

Perhaps the most remarkable finding of these
preliminary results is that solutions based on the
general model (4D) are well-defined for all three
covariance matrices. This is in marked contrast
to findings such as those of Wothke (1984), who
found that solutions based on the general model
were ill-defined for all of the 21 MTMM matrices
he considered. The three MTMM matrices consid-
ered here, however, differ substantially from those
considered by Wothke in two ways: (1) the medi-
an number of variables in the MTMM matrices

considered by Wothke was only nine (i.e., three
traits and three methods), and none had more
than 20 variables, as compared to the 28 varia-
bles considered here; and (2) the median sample
size considered by Wothke was 124 and none

was greater than 750, compared to the sample size
of 1,556 considered here. Hence, the primary pur-
pose of Study 1 was to determine if the size of
the MTMM matrix and/or the sample size con-
tributed systematically to the production of

proper solutions for Model 4D.

Behavior of Models 4I) and 4E as a Function of
N and the Size &reg;t’ the IVITM10~I Matrix

In Study 1, 255 MTMM matrices were analyzed
that systematically varied the sample size (125,
250, 500, 1,000, and 1,556) and the number of
variables (9 = 3T x 3M, 16 = 4T x 4M, and
28 = 7T x 4M). The 7T x 4M matrices for
N = 1,556 were the same as those used in the

preliminary analyses, and all other matrices were
based on subsets of these data. The general
model (4D) and the correlated uniqueness model
(4E) were fit to each of these 255 covariance
matrices. The general model was typically well-
defined for the 7T x 4M design, but not for the
3T x 3M or the 4T x 4M designs (see Figure
1). A similar pattern was observed for different
sample sizes, although smaller sample sizes

produced more ill-defined solutions. In contrast
to the general MTMM model (4D), the corre-
lated uniqueness model (4E) was well defined for
252 of 255 matrices; for model 4E there was
100% convergence to proper solutions for all
three designs with N - 250. For the 3T x 3M
design, 3 of 24 solutions based on Model 4E were
not well-defined at lV = 125, but the remaining
solutions based on Model 4E were all well-

defined.
The finding that the general MTMM model was

frequently ill-defined is consistent with previous
research (e.g., Wothke, 1984). What is important
to note, however, is that it was frequently well-
defined, particularly when based on large
MTMM matrices. The finding that solutions were
more likely to be well-defined for larger sample
sizes is also consistent with previous research.
Thus, it appears that both large sample sizes and
a large number of variables contribute positive-
ly to the production of proper solutions with
Model 4D. More importantly, the data show that
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Table 3
Trait Factor Loadings For Models 4C, 4D, and 4E

(Decimal Points Omitted)

Note. The standard errors of factor loadings were approximately .03 (.022 to .045).

Model 4E results in proper solutions for almost
all of the 255 MTMM matrices considered here.
These findings provide strong support for
Marsh’s (1988, 1989a) claims about the useful-
ness of Model 4E.

STUDY 2: EVALUATION OF 1VIT MODELS
ON THE BASIS OF SIMULATED DATA

Because Study 1 was based on real data,

it was not possible to compare the accura-

cy of parameter estimates from different MTMM
models to known population parameters.
Thus, Study 2 was designed to construct

MTMM matrices with known population
parameters from simulated data, and to

compare the ability of different models to

accurately estimate the known population
parameters.
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Figure 1
Convergence Behavior in Study 1 as a Function of the MTMM Model (4D or 4E), the Size of the

MTMM Matrix (7T x 4M, 4T x 4M, or 3T x 3M), and Sample Size (125, 250, 500, 1,000, or 1,556)

Method

180 MTMM matrices were simulated to

represent three sizes of matrices (3T x 3M,
4T x 4M, and 6T x 6M), three Ns (160,
400, and 1,000), and two types of data-Type D
and Type E-based on the method structures
defined above. Each of the 18 = 3 x 3 x 2

combinations was represented by 10 different
MTMM matrices. Models 4C, 4D, and 4E were fit
to each of the 180 MTMM matrices, and results
of these 540 solutions were evaluated.

All 180 MTMM matrices were based on

six known population matrices representing the
three sizes of MTMM matrices and the two

types of data. Variables for individual cases were

generated on the basis of known population pa-
rameters and a normally distributed random er-
ror component (details of the construction

of the MTMM matrices are presented in the

Appendix). For each of the six population ma-
trices, 15,600 cases were generated to construct
30 matrices-10 for each of the three sample
sizes.

All 180 MTMM matrices were generated from
population models in which trait factor loadings
varied from .3 to .8, and correlations among the
traits varied from .25 to .49. Type D and Type
E data differed in the construction of method ef-
fects. For Type D data, consistent with assump-
tions of method structure D, the method effects
associated with variables having the same method
were unidimensional (i.e., they could be account-
ed for by a single method factor), and the differ-
ent method factors were correlated. The method
factor loadings for Type D data varied from .25
to .50, and method factor correlations varied
from .25 to .49.
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For Type E data, consistent with the assump-
tions of method structure E, method effects were
represented as correlations among the unique-
nesses for variables having the same method. For
the 4T x 4M and the 6T x 6M matrices with

the Type E data, two underlying method factors
were associated with each method. For example,
in the 6T x 6M design, there were nonzero

correlations among uniquenesses associated with
the first three traits having the same method, and
among uniquenesses associated with the remain-
ing three traits having the same method, but there
were 0 correlations between the uniquenesses as-
sociated with these two subsets of traits. In this

respect, Type E data did not conform with the
assumption that method effects associated with
a given method were unidimensional. For the
3T x 3M matrices constructed with Type E
data,’ uniquenesses associated with two of the
traits having the same method were correlated
with each other but uncorrelated with the unique-
ness for the third trait.

Results

Behavior of the Different Solutions

52% of the 540 solutions converged to a
proper solution; for model 4E there was 100%
convergence to proper solutions for the 6 x 6
and 4 x 4 designs at all sample sizes. Figure 2
shows that this behavior varied substantially with
the design of the MTMM matrix and the model
used to fit the data. In order to supplement
Figure 2, a 3 (sample size) x 3 (size of MTMM
matrix) x 2 (data type) x 3 (model) ANOVA was

used to estimate the sizes of the different effects.

Although the nominal tests of statistical sig-
nificance are not valid, due to the heterogeneity
of variances and the fact that the dependent vari-
able was dichotomous (i.e., the solution was

proper or not), the variance explained by differ-
ent effects provides a useful descriptive summary.

Most of the variance in the proportion of
proper solutions (ill = .71) could be explained
by the various effects. The largest effect

(ill = .41) was for the model. Model 4E result-
ed in proper solutions for 96070 of the matrices,
whereas Models 4C and 4D resulted in proper so-
lutions for only 33% and 22% of the matrices,
respectively. &dquo;

The next largest effect (112 = .10) was due to
data type, although this effect depended on the
model (-q2 = .05). For Type E data, Models 4C
and 4D nearly always resulted in improper solu-
tions, whereas Model E almost always resulted
in proper solutions. For Type D data, Model 4E
again resulted in well-defined solutions most of
the time, whereas Models 4C and 4D provided
more proper solutions than for the Type E data.

There were small effects of sample size

(r~z = .02) and the size of the MTMM matrix
(112 = .02), but these interacted with data-type
by model-type effect (both rl2s = .01). Solutions
were more likely to be proper when the sample
size and the size of the MTMM matrix were larg-
er, but this occurred primarily for the Type D data
when fit with Models 4C and 4D. The only other
effect to account for more than l070 of the vari-
ance was the data type by sample size interaction
(112 = .02), but this effect interacted with model
type, as already discussed.

Consistent with the results of Study 1, Model
4E almost always resulted in proper solutions,
whereas Models 4C and 4D frequently did not.
In Study 1, Model 4D was most likely to result
in proper solutions when the sample size and size
of the MTMM matrix were large. A similar
effect was observed here for Models 4C and 4D
for the Type D data, but not for the Type E data.
The structure of method effects in the Type E
data was not consistent with the unidimensional

2Technically, the 3T x 3M matrices constructed with Type
E data are consistent with the assumption of unidimension-
al method effects associated with each method of assessment

underlying Models 4C and 4D. As noted earlier, as long as
the solutions are well-defined, Models 4E and 4C are mere-

ly alternative parameterizations of the same model for the
3T x 3M design. The assumption of the unidimensionali-
ty of method effects is only testable if the number of traits
is greater than 3. Logically, this should bias the results in
favor of Model 4D and against Model 4E. In practice,
however, Model 4D rarely resulted in a proper solution for
3T x 3M matrices in either study, so that this potential bias
was of no practical consequence.
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method factor posited in Models 4C and 4D,
which apparently accounts for why these models
so frequently resulted in improper solutions. The
unidimensionality of method effects in Type D
was, however, only a special case of the more
general method effects posited by Model 4E, and
apparently accounts for why Model 4E consis-
tently resulted in proper solutions for both types
of data.

Accuracy of Parameter Estimates

An important feature of Study 2 was that the
population parameters for the simulated data
were known, which allowed for evaluation of the

accuracy of the parameter estimates. For MTMM

data, the critical parameter estimates are the trait
factor loadings and correlations among the trait
factors. Models 4C, 4D, and 4E differ substan-
tially in how they account- for method effects, but
they provide comparable estimates of the popu-
lation trait factor loadings and the trait factor
correlations.

Traitfactor loadings. The deviation between
each estimated factor loading and the cor-

responding (known) population parameter was
computed, and the mean deviation across all the
factor loadings within each solution was ob-
tained. The number of deviations averaged in
each solution was 9, 16, and 36 for the 3T x 3M,
4T x 4M, and 6T x 6M matrices, respectively.

Deviations between estimated and known

population trait factor loadings (i.e., mean errors
in Table 4) are summarized in Table 4 for each
cell of the design, according to whether or not
the solution was proper. In order to supplement
the description of these results, a 3 (sample
size) x 3 (size of MTMM matrix) x 2 (data
type) x 3 (model) ANOVA was conducted on the
average deviations for the 279 proper solutions.
The cells of the design varied according to the
size of the MTMM matrix (3 x 3, 4 x 4, or

6 x 6), the type of data (D or E), the model (4C,
4D, or 4E), and the sample size (160, 400, or
1,000).

The main purpose of this analysis was to pro-
vide a convenient summary of the sizes of the

different effects, although the tests of statistical
significance are probably reasonable. The sub-
stantial and systematic differences in the occur-
rence of proper solutions described previously,
however, complicate these analyses. The design
was balanced in relation to the manipulated
characteristics of the study, but it was not

balanced in relation to proper and improper so-
lutions. Each of the 54 cells was represented by
10 solutions, but 13 cells had no proper solutions,
and another eight cells had only one proper so-
lution. Because the design was not balanced for
analyses of only the proper solutions, only main
effects and two-way interactions were examined.

In addition, unadjusted marginal values (e.g.,
the average deviation for Model 4D averaged
across all levels of the other variables in the

design) did not equal the marginal means adjust-
ed for the other variables in the design. Although
there is no fully satisfactory solution to this
problem, the adjusted and unadjusted marginal
values, shown in Table 4, generally do not vary
substantially, and they result in similar inter-
pretations.

For the 279 proper solutions, the average devi-
ation was .017-that is, the average of estimated
trait factor loading was .017 larger than the aver-
age of the known population trait factor load-
ings.’ More than half of the variance in these
average deviation scores was explained by the de-
sign characteristics (r¡2 = .54) of the study. Most
of this variance was explained by the main effects
of data type (ill = .22) and model (112 = .27).
The interaction of these two effects was also

statistically significant, but it accounted for much
less variance (112 = .02). No other effects were
statistically significant.

The average deviations (mean errors in Table
4) were positive for Models 4C (.035) and 4E
(.02), but negative for Model 4D (-.015). Devia-
tions were close to 0 for Type E data (-.002), but

3A preliminary inspection of the factor loadings and factor
correlations for proper solutions indicated that the size of
deviations within each solution did not vary systematically,
depending on the particular factor loading or factor corre-
lation that was estimated.
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Table 4, continued
Average Deviation Between the Parameter Estimate and the Known Population Parameter (Mean Error), Within-
Solution Standard Deviation (WSSD), Standard Deviation of the Mean Deviation Scores Within Each Cell (SD),
and Number of Solutions for Trait Factor Loadings and Trait Factor Correlations, as a Function of the MTMM

Matrix Type (Size of Matrix and Data Type), MTMM Model Used to Fit the Data, N the Sample Size, and
Whether the Solution Was Proper or Improper

aFor the proper solutions, the multiple classification option of the SPSSX ANOVA procedure (SPSS, 1986) was used
to adjust each marginal mean for all the other independent variables.
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positive for the Type D data (.027). For Type D
data, deviations were slightly positive for Models
4C and 4E, but slightly negative for Model 4D.
For Type E data, deviations were almost exactly
0 for Model 4E. (So few solutions converged
properly with Models 4C and 4D that generali-
zations may be unwarranted.) Across all proper
solutions, the marginal values show that trait fac-
tor loadings were very accurate. For proper so-
lutions with Type D data, there is apparently little
difference in the accuracy of Models 4C, 4D, and
4E, although Models 4C and 4E slightly overes-
timated trait factor loadings and Model 4D
slightly underestimated those loadings.

WSSD in Table 4 is based on the standard devi-

ation of the deviation scores within each solei-
tion. The number of deviations contributing to
each within-solution standard deviation was 9,
16, and 36 for the 3T x 3M, 4T x 4~, and
6T x 6M matrices, respectively. The mean WSSD
across all 279 proper solutions was .061. Most of
the variation in these WSSDS is explained by de-
sign characteristics ~~2 = .73) of the study. Not
surprisingly, a large proportion of this explained
variance was due to differences in sample size
~rl~ = .46). Similarly, because the average devi-
ation is based on more deviations for the larger
MTMM matrices, the size of the MTMM matrix
(112 = .15) also accounted for much of the vari-
ance. The model used to fit the data also had a
substantial effect (’112 = .11). The WSSDs were
smaller when the sample size and the size of the
MTMM matrix was larger, and were smaller for
Models 4C and 4E than for Model 4D.

Evaluation of the trait factor loadings focused
on the proper solutions, but it was also informa-
tive to consider the improper solutions in this spe-
cial situation in which the true population
parameters were known. The average deviation
between the estimated trait factor loading and the
known population trait factor loading was .023
for the 261 improper solutions, compared to .017
for the 279 proper solutions. This difference was
not statistically significant, although the sys-
tematic relation between the proper solutions and

design characteristics meant that this statistical

test should be interpreted cautiously. The cells of
Table 4 in which there are at least three proper
and three improper solutions suggest that trait
factor loadings are reasonably similar for proper
and improper solutions.

For Model 4C, trait factor loadings are slightly
more accurate for the improper solutions than the
proper solutions, although the estimates for im-
proper solutions are somewhat more variable. For
Model 4D, improper solutions provide less ac-
curate and much more variable estimates than

proper solutions. (There are too few improper so-
lutions for Model 4E to warrant generalizations.)
Parameter estimates based on improper solutions
should be evaluated with extreme caution; yet the
trait factor loadings based on Model 4C for these
improper solutions were reasonably accurate and
differed little from those based on proper solu-
tions in the present investigation. It should be

emphasized, however, that substantive interpre-
tations of a single covariance matrix based on real
data are typically unwarranted if the solution is
not proper.

Traits factor correlations. The deviation be-
tween each estimated trait factor correlation and
the corresponding (known) population parameter
was computed, and the mean deviation across all
correlations within each solution was obtained.
For each solution, the number of deviations be-
ing averaged was 3, 6, and 15 for the 3T x 3M,
4T x 4M, and 6T x 6M matrices, respectively.

For the 279 proper solutions, the average devi-
ation was .037-that is, the average of estimated
trait factor correlations was .037 larger than the
average of the known population trait factor
correlations.3 ANOVA similar to those used to
summarize trait factor loadings were conducted.
Nearly half of the variance in the deviations
could be explained in terms of the design charac-
teristics (if = .47). Six effects were statistically
significant: the main effects of model type
(112 = .18), data type (r~2 = .08), and matrix size
(112 = .03), and two-way interactions between
data type and model type (r~2 = .10), between
model type and matrix size (r~2 = .06), and
between matrix size and sample size (112 = .02).
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Table 4 indicates that the average deviations
were positive for Models 4C (.078) and 4E (.047),
but negative for Model 4D (-.055). Deviations
were .002 for Type E data, and .055 for the Type
D data. For Type D data, Models 4C and 4E over-
estimated the true population correlations,
whereas Model 4D underestimated them. For

Type E data, the average deviation between esti-
mated and true population correlations was .002
for Model 4E. (Models 4C and 4D converged to
proper solutions so infrequently for Type E data
that generalizations may not be warranted.)
Across all combinations of the MTMM matrices,
the marginal values for proper solutions indicate
that trait-factor correlations were reasonably ac-
curate. For Type D data, there was apparently lit-
tle difference in the accuracy of Models 4C, 4D,
and 4E, although Model 4D slightly underesti-
mated the true population values, and Models 4C
and 4E slightly overestimated the true population
values.

The mean WSSD across all 279 proper solu-

tions was .07. Half of the variation in these
wssDs was explained by design characteristics
(-q = .50) of the study. A large proportion of
this explained variance was due to differences in
sample size (if = .31) and the size of the MTMM
matrix (r¡2 = .08). The only other variable that
had a substantial effect was the model

(112 = .06). The WSSD was smaller when the sam-
ple size and the size of the MTMM matrix were
larger, and was larger for Model 4D than for
Models 4C and 4E.
A comparison of the trait factor correlations

for the proper and improper solutions may be un-
warranted. Many of the improper solutions were
the result of factor correlation matrices that were
not positive definite, and estimated factor corre-
lations greater than 1. However, estimates based
on Model 4C were slightly more accurate for im-
proper solutions than for proper solutions, even
though estimates based on improper solutions
were slightly more variable. In contrast, estimates
based on improper solutions with Model 4D were
grossly inaccurate and had very large standard
deviations. (There were so few improper solutions

based on Model 4E that generalizations are prob-
ably unwarranted.) Again, it should be empha-
sized that substantive interpretations of a single
covariance matrix based on real data are typically
unwarranted if the solution is not proper.

Summary

In support of Marsh’s (1988, 1989a) claims,
Model 4E consistently resulted in proper solu-
tions even when Models 4C and 4D did not. For

Type D data, Models 4C and 4D frequently
resulted in proper solutions when the size of the
MTMM matrix and the sample size were large, but
not when the size of the MTMM matrix and sam-

ple size were small. These results are consistent
with findings in Study 1. For Type E data, Models
4C and 4D performed poorly for all sample sizes
and all matrix sizes.

Across all the different MTMM matrices,
parameter estimates were reasonably accurate for
trait factor loadings and trait factor correlations.
For Type E data, factor loadings and factor corre-.
lations were almost exactly equal to the popula-
tion values, although nearly all these proper
solutions were based on Model 4E. For Type D
data, however, Models 4C and 4E tended to over-
estimate the known factor loadings and factor
correlations, whereas Model 4D tended to under-
estimate these known population parameters.

The tendency for Models 4C and 4E to over-
estimate trait factor loadings and, in particular,
trait factor correlations for Type D data, may
represent a systematic bias. For Type D data, each
measured variable has a component due to a
method factor, and the different method factors
are correlated. Because Models 4C and 4E do not
allow for correlations among effects associated
with different methods, these correlated method
effects apparently are represented as general trait
variance.

Results suggest that this occurrence has a very
small positive bias on estimates of trait factor
loadings, and a somewhat larger positive bias on
the size of trait factor correlations. In the

interpretation of MTMM matrices, higher trait
factor loadings are interpreted to mean better

Downloaded from the Digital Conservancy at the University of Minnesota, http://purl.umn.edu/93227.  
May be reproduced with no cost by students and faculty for academic use.  Non-academic reproduction  

requires payment of royalties through the Copyright Clearance Center, http://www.copyright.com/ 



64

convergent validity, whereas higher trait factor
correlations are interpreted to mean less distinc-
tive traits or-when trait correlations are suffi-
cient large-a lack of discriminant validity. Thus,
the implications of this possible bias in the ap-
plication of Model 4E to Type D data is to slightly
increase support for convergent validity, but to
slightly underestimate support for divergent
validity.

DISCUSSION

Despite the growing enthusiasm for the CFA
approach to MTMM data, problems demonstrat-
ed in previous research (e.g., Marsh, 1988, 1989a;
Wothke, 1984) call into question its value. In par-
ticular, the CFA approach to MTMM data is

plagued by technical difficulties in the estimation
of parameter values. The most important criti-
cism, perhaps, was Wothke’s finding that the
general MTMM model resulted in ill-defined so-
lutions for all 21 previously published MTMM ma-
trices that he considered.

Marsh (1988, 1989a) described Model 4E in
which method effects are represented as correlat-
ed uniquenesses. He claimed that Model 4E has
two important advantages over Models 4C and
4D. First, it was relatively immune to the ill-

defined solutions that plagued other models. Sec-
ond, when there were more than three traits,
Model 4E provided a test of the implicit assump-
tion that all the correlated uniquenesses associat-
ed with a single method of assessment could be
explained in terms of a single unidimensional
method factor. When method effects associated
with a particular method are not unidimension-
al, Model 4E provides a better representation of
the data.

The results of this research provide strong sup-
port for both claims. The first claim is support-
ed by the fact that across all 435 MTMM matrices
in Studies 1 and 2, Model 4E resulted in proper
solutions for 98% of the matrices, and Model 4D
resulted in proper solutions for only 23 070 of the
matrices.

The second claim for the advantages of Model
4E is more difficult to test. In Study 1, Model

4E fit the data as well or better than Model 4D,
even though Models 4D and 4E both fit the data
better than Model 4C. Model 4C posits uncor-
related, unidimensional method effects, Model
4D posits correlated, unidimensional method ef-
fects, and Model 4E posits uncorrelated method
effects that are not constrained to be unidimen-
sional. Logically, the pattern implies that the un-
derlying method effects were correlated and not
unidimensional, but that the advantage of not
constraining method effects to be unidimensional
(Model 4E) was larger than that of allowing the
method effects to be correlated (Model 4D). This
suggests indirect support for the second claim.

The claim was tested more directly in Study
2. For MTMM matrices constructed from Type E
data in which the method effects were not

unidimensional, solutions based on Models 4C
and 4D were almost always improper, whereas so-
lutions based on 4E were almost always proper.
For this Type E data, trait factor loadings and
trait factor correlations averaged across all
MTMM matrices were almost exactly equal to the
known population parameters. Taken together,
the two studies provide good support for the sec-
ond claim.

Marsh (1989a) also suggested that if there are
correlated traits and correlated methods, some of
what appears to be method effects in Model 4D

may reflect trait effects. This claim was difficult
to substantiate based on real data. His approach
was to include additional variables in the MTMM

design that were intended to test the validity of
the traditional interpretations of trait and method
effects. Results of both Studies I and 2 are con-
sistent with the suggestion, even though it was
not the purpose of the present investigation to
test this suggestion. In Study 1, trait factor load-
ings based on Model 4D were smaller than those
based on Model 4C and 4E. Although this find-
ing was consistent with Marsh’s suggestion, the
use of real data meant that there was no way to
test whether Model 4D underrepresented the size
of trait effects. In Study 2, however, population
parameters were known, and trait factor loadings
based on Model 4D were systematically lower
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than the known population parameter estimates.
These results do support Marsh’s suggestions, but
the parameter estimates based on Model 4D and
4E for proper solutions did not differ enough to
be substantively important in the interpretation
of the MTMM matrices.

Model 4E, like Model 4C, assumes that the
effects associated with each method in the MTMM

design are independent. When this assumption
is true, as in Type E data in Study 2, Model 4E
provides very accurate estimates of trait factor
loadings and trait factor correlations. Of more
concern, however, is what happens when this as-
sumption is not true, as in Type D data in Study
2. When MTMM data based on Type D data were
fit with Models 4C and 4E, the estimated factor

loadings and factor correlations were systemati-
cally larger-by a small amount-than the
known population parameters. In the typical in-
terpretation of the CFA approach to MTMM data,
larger trait factor loadings imply better conver-
gent validity, whereas larger trait factor correla-
tions imply poorer divergent validity. In this

respect, Model 4E may be biased toward show-

ing stronger convergent validity but weaker diver-
gent validity. Both of these potential biases are
important, but the primary purpose of the
MTMM design is to test divergent validity, and the
bias for Model 4E is apparently conservative for
this purpose. In evaluating the practical implica-
tions of these apparent biases, however, it is im-
portant to note that the sizes of these biases in
the present investigation were trivial.
An important direction for further research is

to test the generality of empirical findings based
on the datasets described here. The generality of
the present findings is substantially strengthened,
however, by their consistency across a large num-
ber of different real and simulated MTMM ma-
trices. To further test the generality of findings
in Study 2, some additional datasets were con-
structed from Type D data in which correlations
among traits and methods were much higher (.60
to .75) than those considered here. These addi-
tional datasets produced results similar to those
reported here for both the likelihood of conver-

gence and the accuracy of parameter estimates.

Hence, there appears to be good support for the
generality of the findings reported here.

The Comparison of Models 4D and 4E

Models 4D and 4E were compared according
to the frequency of proper solutions, the sys-
tematic bias in the estimates, and the precision
of estimates. Results indicate that Model 4E is

preferable to Model 4D on all three criteria.
Results based on both real and simulated data
demonstrated that Model 4E almost always
resulted in proper solutions for all sizes of MTMM

matrices, and Model 4D typically did not, except
for matrices based on a large number of varia-
bles and large sample sizes.

Model 4D was so likely to result in improper
solutions that its usefulness appears to be dubi-
ous. In contrast, Model 4E generally resulted in
proper solutions for all sizes of MTMM matrices
and all sample sizes considered here. Model 4E
may also be preferred according to the second
and third criteria. Study 1, based on real data and
unknown population parameters, provided a
weak basis for evaluating these criteria. Even in
Study 2, the evaluation of these criteria was com-
plicated by the large number of improper solu-
tions resulting from Model 4D. If these improper
solutions are considered, then parameter esti-
mates based on Model 4D-particularly trait fac-
tor correlation estimates-are much less accurate
and much less precise than those based on Model
4E. For this reason, evaluation of these criteria
is limited to proper solutions.

In Study 2, half the MTMM matrices were con-
structed with Type E data that were consistent
with the assumptions underlying Model 4E,
whereas half were constructed with Type D data
that were consistent with assumptions underly-
ing Model 4D. Not surprisingly, when Model 4E
was fit to MTMM matrices constructed from Type
E data, the average deviation between known
population parameters and estimated trait

parameters was close to 0 and had a small stan-
dard deviation. Estimates based on Model 4D
were less accurate and less precise, but resulted
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in so few proper solutions (8 of 90 solutions) that
generalizations should be made cautiously.

Surprisingly, Model 4E performed about as
well as Nlodel 4D on MTMM matrices construct-
ed from Type D data. Considering only proper
solutions, Models 4D and 4E were both slightly
biased; Model 4D underestimated trait factor
loadings and trait factor correlations to about the
same extent as Model 4E overestimated these

parameters. Estimates based on Model 4E were,
however, much more precise. Coupled with the
large number of improper solutions for Model
4D, even the results based on Type D data ap-
pear to support Model 4E.

Logically, Model 4E should be preferred when
method effects associated with the same method
are not unidimensional, and the empirical results
clearly supported this expectation. Logically,
Model 4D should also be preferred when method
effects associated with different methods are cor-

related, but surprisingly, the empirical results
failed to support this expectation. Although these
results cast doubt on the general usefulness of
Model 4D, a potentially important limitation to
Model 4E is its inability to incorporate correla-
tions between method effects associated with
different methods.

Recognizing this limitation, Marsh (1989a)
demonstrated that such correlated methods can
be represented in Model 4E by selectively free-
ing additional correlated uniquenesses-a model
he called Model 4E’. As long as the CFA model
is still identified, freeing enough additional cor-
related uniquenesses could account for correlat-
ed methods. Although there may be an a priori
basis for selecting the correlated uniquenesses to
be freed, this would typically be based on em-
pirical decisions using the same data that are used
to test the model. Such an ad hoc approach based
on post hoc analyses is admittedly weak. For-
tunately, the results from the present investiga-
tion suggest that parameter estimates based on
Model 4E are reasonably accurate, even when the
assumption of uncorrelated method effects is vio-
lated and this ad hoc approach is not employed.

It has been suggested that the primary justifi-

cation of Model 4E is that it makes an available

analytic tool work better, but that it is not based
on substantive considerations, and that correlated
uniquenesses do not have meaning in the &dquo;real
world.&dquo; Model 4E does work better with the CFA

approach than other models considered here, but
correlated uniquenesses do have substantive in-
terpretations : In model 4E, each correlated

uniqueness represents the correlation between
two variables sharing the same method after
removing the trait effects. ,

This is a natural and reasonable representa-
tion of what is typically meant by method effects.
If these correlated uniquenesses are non-

significant and sufficiently small, method effects
are negligible. If they are non-negligible, the pat-
tern of correlated uniquenesses is more likely to
indicate the nature of the method effects than

simply fitting a model that assumes that method
effects are unidimensional. Furthermore, the

unidimensionality of method effects is merely a
special case of Model 4E that can be explicitly
tested by comparing Model 4E with other models
considered here. For these reasons, Model 4E
is a better, more natural and more heuristic
representation of MTMM data than other models
considered here.

Evaluation of Guidelines Concerning the
Minimum Requirements For CFA Studies

The present investigation appears to have im-
portant implications for some frequently cited
rules of thumb about the general requirements
needed to achieve stable, well-defined solutions
in factor analytic studies. In particular, generali-
zations based on monte carlo studies may sub-

stantially underestimate the minimum require-
ments for studies based on real data. This

problem apparently stems from the fact that most
simulation studies test models and construct data
based on an independent clusters structure, in
which each measured variable is associated with

only one latent factor.
In studies reviewed earlier, it is often recom-

mended that at least three indicators per factor
are needed to achieve a stable, well-defined struc-
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ture. This advice is apparently supported by
monte carlo studies based on independent
clusters data fit to independent clusters models.
Real data and the models needed to describe real
data are, however, more complicated than this
perhaps overly simplistic simulated data, so

generalizations based on these studies must be
viewed cautiously. With MTMM data, each meas-
ured variable is associated with two latent
constructs-a trait factor and a method factor.
For example, when Model 4D was applied to data
simulated to meet the assumptions of this model
in Study 2, designs with three indicators per fac-
tor (i.e., the 3T x 3M design) were typically ill-
defined for all sample sizes, and even designs with
four indicators per factor (i.e., the 4T x 4M de-
sign) were typically ill-defined unless the sample
size was large. These findings are consistent with
the results of Study 1 based on real data. The
problem may be in how the number of indica-
tors per factor is defined. In the 3T x 3M de-

sign, for example, each trait and method factor
had three indicators, but six factors were inferred
on the basis of only nine variables-a ratio of
1.33 variables per factor. For the MTMM designs
considered here, only the 6T x 6M design had
three times as many measured variables (36) as
latent factors (12).

The present results also call into question rules
of thumb about the ratio of sample size to either
the number of variables or the number of

parameter estimates needed to obtain stable, well-
defined solutions. These rules of thumb imply
that for a fixed sample size, solutions with more
measured variables and more estimated

parameters are less likely to result in proper so-
lutions. In contrast, the present results indicate
an opposite pattern. Model 4E required more
parameter estimates than Models 4C and 4D for
all the MTMM matrices considered here-except
the 3T x 3M matrices-but it was much more

likely to result in proper solutions. Similarly, at
each sample size the design with the larger num-
ber of measured variables (i.e., 7T x 4M and
6T x 6M versus 4T x 4M, and 4T x 4M ver-
sus 3T x 3M) was more likely to result in proper

solutions. Previous research has also shown,
however, that having more indicators for each fac-
tor is more likely to result in proper solutions.
The present results are consistent with this gener-
alization.

Although these findings based on MTMM data
may not generalize to CFA studies based on sim-
pler data structures, they provide convincing
counter-instances that demonstrate that at least
some rules of thumb may have limited generali-
ty. The problem appears to stem from over-
generalizing the results of simulation studies
based on unrealistically simple factor structures
and models.

APPENDIX

The variables used in Study 2 were created us-
ing the pseudo-random number generator in
SPSSx (SPSS, 1986). For both model 4D and 4E
data, the process began by generating an approx-
imately unit normal random variate y represent-
ing the second-order trait factor that accounted
for the correlation between traits. The j trait fac-
tors f were then created by using a weighted com-
bination of y with random unit normal variates

sj, such that

The weight wj used for each variable was sys-
tematically varied so that for the 3 x 3 model,
the weights were .5, .5, and .6 (generating popu-
lation factor correlations of .25 to .30); for the
4 x 4 model .5, .5, .6, and .6 (correlations .25
to .36); and for the 6 x 6 model .5, .5, .6, .6,
.7, and .7 (correlations .25 to .49). For the 4D
model data, the j method factors hj were gener-
ated in the same way, using the same set of
weights. The value Spq, representing the score of
a person on thepth trait and the qth method, was
then calculated as:

with the ss again being unit normal variables. The
Trait weights u were systematically varied in the
cycle (.3, .4, .5, .6, .7, .3, ... ) for the 3 x 3 and
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6 x 6 model, and in the cycle (.3, .4, .5, .6, .7,
.8, .3, ...) for the 4 x 4 model. The Method
weights v were similarly varied in the cycle (.25,
.3, .35, .4, .45, .25, ... ) for the 3 x 3 and 6 x 6
model, and in the cycle (.25, .3, .35, .4, .45, .5,
.25, ...) for the 4 x 4 model, with the scores
generated in the orderS,,, S,21 s,3, and so forth.

There are many ways of simulating correlated
uniquenesses in Model 4E. A different method
was used for each size of model. Each began by
generating two independent random normal var-
iates, 11° and ill. For the 4 x 4 model, the same
method and weights were used that were used for
the 4D data, except that n&dquo; and ~b were used as
two uncorrelated Method factors, the first apply-
ing to Traits 1 and 2, and the second to Traits 3
and 4. For the 3 x 3 model, a weighted sum of
ill and r¡{3 was used to represent the Method; the
successive weights for sn, S12, s,3, and so forth
were .25, .3, .35, .28, .32, .18, 0, 0, 0 for 11° and
0, 0, 0, .28, .32, .17, .3, .35, .4 for ~b.

For the 6 x 6 model, the weights used were
.25, .3, .35, .4, .45, .25, .21, .25, .28, .32, .18,
.21, 0, 0, 0, 0, 0, 0 for 11° and 0, 0, 0, 0, 0, 0, .21,
.24, .28, .32, .17, .21, .25, .3, .35, .4, .45, .25 for
Ilb . These were used for Traits 1 to 3, and the
same weights were applied to two other random
normal deviates, 11(’ and ill, for Traits 4 to 6. As
in the case of the 4D model data, a suitably-
weighted random normal deviate epq was added
to produce a final spq having population mean 0
and variance 1.
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