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Confirmatory Factor Analyses of
Multitrait-Multimethod Data:

Many Problems and a Few Solutions
Herbert W. Marsh

University of Sydney

During the last 15 years there has been a steady in-
crease in the popularity and sophistication of the con-
firmatory factor analysis (CFA) approach to multitrait-
multimethod (MTMM) data. This approach, however,
incurs some important problems, the most serious
being the ill-defined solutions that plague MTMM stud-
ies and the assumption that so-called method factors
reflect primarily the influence of method effects. In
three different MTMM studies, ill-defined solutions
were frequent and alternative parameterizations de-
signed to solve this problem tended to mask the symp-
toms instead of eliminating the prcblem. More impor-
tantly, so-called method factors apparently represented
trait variance in addition to, or instead of, method var-
iance for at least some models in all three studies.
Further support for this counterinterpretation of
method factors was found when external validity crite-
ria were added to the MTMM models and correlated
with trait and so-called method factors. This problem,
when it exists, invalidates the traditional interpretation
of trait and method factors and the comparison of dif-
ferent MTMM models. A new specification of method
effects as correlated uniquenesses instead of method
factors was less prone to ill-defined solutions and, ap-
parently, to the confounding of trait and method ef-
fects. Index terms: confirmatory factor analysis,
construct validity, convergent validity, correlated
uniquenesses, discriminant validity, empirical under-
identification, LISREL, method effects, multitrait-multi-
method analysis.

The purpose of this investigation was to dem-
onstrate and critically evaluate recently developed
applications of confirmatory factor analysis (CFA)
to multitrait-multimethod (MTMM) data. Campbell
and Fiske (1959) argued that construct validation
requires multiple indicators of the same construct
to be substantially correlated with each other but
substantially less correlated with indicators of dif-
ferent constructs. They proposed the MTMM design,
in which each of a set of multiple traits is assessed
with each of a set of multiple methods of assess-
ment, and developed guidelines for evaluating MTMM
data.

Campbell and Fiske’s MTMM paradigm has be-
come perhaps the most frequently employed con-
struct validation design, and their original guide-
lines continue to be the most frequently used
guidelines for examining MTMM data. However,
important problems with their guidelines are well
known (e.g., Althauser & Heberlein, 1970; Alwin,
1974; Campbell & O’Connell, 1967; Marsh, in
press; Wothke, 1984) and have led to many alter-
native analytic approaches (e.g., Browne, 1984;
Hubert & Baker, 1978; Jackson, 1969, 1975; Marsh,
in press; Marsh & Hocevar, 1983; Schmitt, Coyle,
& Saari, 1977; Schmitt & Stults, 1986; Stanley,
1961; Wothke, 1984). Factor-analytic approaches
(e.g., Boruch & Wolins, 1970; Jbreskog, 1974;
Marsh, in press; Marsh & Hocevar, 1983; Wida-

man, 1985) or mathematically similar path-analytic
approaches (e.g., Schmitt et al. , 1977; Werts &
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Linn, 1970) currently appear to be the most popular
approach and are the focus of the present investi-
gation.

A GENERAL MTMM MODEL AND A
TAX N Y OF ALTERNATIVE MODELS

The General MTMM Model

In the CFA approach to MTMM data, a priori fac-
tors defined by different measures of the same trait
support the construct validity of the measures, but
a priori factors defined by different traits measured
with the same method imply method effects. The
present investigation starts from a general MTMM
model (Table 1) adapted from J6reskog (1974; see
also Marsh & Hocevar, 1983; Widaman, 1985) in
which:
1. There are at least T = 3 traits (t,, t2, and t3)

and M = 3 methods (mi , rn2, and m3).
2. T x M measured variables (t,m,, (1m2, ..., t3M3)

are used to infer T -i- M a priori common fac-
tors.

3. Each measured variable loads on the one trait
factor and the one method factor that it rep-
resents, but it is constrained so as not to load
on any other factors.

4. Correlations among trait factors and among
method factors are freely estimated, but cor-
relations between trait and method factors are
constrained to be 0.

For this model it is assumed that there are at

least three traits and three methods, but alternatives
have been proposed for studies with only two meth-
ods (Kenny, 1979) or only two traits (Marsh &
Hocevar, 1983). Although some researchers have
estimated correlations between trait and method

factors, there are important logical, interpretive,
and pragmatic reasons for fixing these correlations
to be 0 (see Jackson, 1975; Marsh & Hocevar,
1983; Widaman, 1985). This constraint allows the
decomposition of variance into additive trait, method,
and error components, and without this constraint
the solution is almost always empirically under-
identified (also see Widaman, 1985; Wothke, 1984).
In justifying this constraint, Jdresk&reg;g (1971) noted:

This is our way of defining each method factor

to be independent of the particular traits that
the method is used to measure. In other words,
method factors are what is left over after all

trait factors have been eliminated. (p. 128)
In the present investigation, CFA models were fit

with LISREL V (J6reskog & S6rbom, 1981) and
three design matrices from LISREL were used to
define all the MTMM models. For T = 3 traits and

li~ = 3 methods (see Table 1), the three design
matrices are:

1. Way, a 9 (NI x T = number of measured

variables) x 6 (M + T = number of factors)
matrix of factor loadings;

2. ~, a 6 (t11 + T = number of factors) x 6 fac-
tor variance-covariance matrix of relations

among the factors; and
3. 0, a 9 (ltl x T = number of measured

variables) x 9 matrix of uniquenesses in which
the diagonal values are analogous to one minus
the communality estimates in exploratory fac-
tor analyses.

All parameters with values of 0 or 1 are fixed
and values for other parameters are estimated so
as to maximize goodness of fit. Standard errors are
estimated for all estimated parameters but not for

parameters with fixed values. This model is easily
modified to accommodate more traits or methods,
to conform to other models and other parameteri-
zations that will be described, or to incorporate
unique factors for the measured variables (Rinds-
kopf, 1983).

A Taxonomy of Alternative Models

Researchers have proposed many variations of
the general MTMM model to examine inferences
about trait or method variance or to test substantive

issues specific to a particular study (e.g., Bagozzi,
1978; J6reskog, 1974; Marsh, Barnes, & Hocevar,
1985; Marsh & Hocevar, 1983; Widaman, 1985;
Wothke, 1984). Widaman (1985) proposed an im-
portant taxonomy of such models that systemati-
cally varied different characteristics of trait and
method factors. This taxonomy was designed to be
appropriate for all MTMM studies, to provide a gen-
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Table 1

Design Matrices: Parameters to be Estimated for the General MTMM Model (Model 4D)

Note. All parameters with values of 0 or 1 were fixed and not estimated, whereas
all other parameters were estimated without constraint. This parameterization,
with factor variances (in ~) fixed to be 1, was the fixed factor variance parame-
terization.
afor the fixed factor loading parameterization these factor loadings would be
fixed to be 1 and these factor variances would be freely estimated. ,

bFor method structure E (see Table 2) these.correlations between uniquenesses
would be estimated, whereas the method factors and their associated parameters
would be eliminated from a and ~.

y

eral framework for making inferences about the
effects of trait and method factors, and to objectify
the complicated task of formulating models and
representing the MTMM data.
One purpose of the present investigation was to

evaluate the taxonomy in relation to these goals
and to describe an expansion of the taxonomy for-
mulated for the present investigation. The ex-
panded taxonomy shown in Table 2 represents all
possible combinations of four trait structures (trait
structures 1 through 4) and five method structures
(method structures A through E). The four trait
structures posit no trait factors (structure 1), one

general trait factor defined by all measured vari-
ables (structure 2), T uncorrelated trait factors

(structure 3), and Z’ correlated trait factors (struc-

ture 4). The five method structures posit no method
factors (structure A), one general method factor
defined by all measured variables (structure B), M
uncorrelated method variables (structure C), NI cor-
related method factors (structure D), and method
effects inferred on the basis of correlated unique-
nesses (structure E). This taxonomy differs from
Widaman’s original taxonomy only in the addition
of method structure E.

Models under method structure E have no method

factors. Instead, method effects are inferred on the
basis of correlated uniquenesses (see Table 1). This
method structure, particularly when there are three
traits, corresponds most closely to method structure
C in which there are NI uncorrelated methods. In
addition to the structures shown in Table 2, an
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Table 2

Taxonomy of Structural Models for MTMM Data Adapted From Widaman (1985) 
______

additional variation of Model 4E (in which the va-

lidity factor was correlated with trait factors but
not uniquenesses) was implemented. This model,
Model 4E’, posited correlations with uniquenesses.

In structure 1, general factors are defined to be
uncorrelated with other factors in the model. Al-

though general factors are posited to represent either
trait variance or method variance, this assumption
may not be accurate and may be difficult to test.
In this taxonomy Models 2A and l B are equivalent,
and it is generally not possible to determine whether
the one general factor reflects trait variance, method
variance, or some combination of trait and method
variance. Model 2B requires additional constraints
that may be arbitrary and may not provide equiv-
alent solutions. Hence its usefulness may be du-
bious unless there is an a priori basis for the con-
straints.

The general factors posited in method structure
B and trait structure 2 may present interpretive or
estimation problems. Widaman (1985) avoided some
problems by constraining each general factor to be
uncorrelated with all other factors, and this con-
straint is used here. The rationale for this constraint

is consistent with the requirement that trait and
method factors be uncorrelated. Models 1>3 and

2A, however, are the same, whereas Model 2B

requires one additional, perhaps arbitrary, zero

constraint to assure rotational identification. Fi-

nally, even for models that contain a general method
factor in combination with T trait factors, or a gen-
eral trait factor in combination with M method fac-

tors, the interpretation of the general factor may
be problematic.

POTENTIAL PROBLEMS IN THE
ESTIMATION AN INTERPRETATION

OF MTMM MODELS

Goodness of Fit

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 how to decide
whether the predicted and observed results are suf-
ficiently alike to warrant support of a model. Al-
th&reg;ugh ~2 values can be used to test whether these
differences are statistically significant, there is a
growing recognition of the inappropriateness of this
classical hypothesis-testing approach. Because hy-
pothesized models are only designed to approxi-
mate reality, all such restrictive models are a priori
false and will be shown to be false with a suffi-

ciently large sample size (Cudeck & Browne, 1983;
Marsh, Balla, & McDonald, 1988; McI7onald,
1985). Hence a variety of fit indices have been
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derived to aid in this decision process. These in-
clude the ratio of ~2 to degrees of freedom and the
Tucker-Lewis index (Tu; Tucker & Lewis, 1973),
both used here. In simulation studies of more than
30 such indices, Marsh et al. (1988) and Marsh,
~IcL3onald, and Balla (1989) found that both the
x2/df and TLI indices imposed apparently appro-
priate penalty functions for the inclusion of addi-
tional parameters that controlled for capitalizing on
chance, whereas TLI was the only widely used in-
dex that was also relatively independent of sample
size. TLI is emphasized below, but values for other
fit indices such as the Bentler and Bonett (1980)
index can easily be computed from the results.
Model selection must be based on subjective

evaluation of substantive issues, inspection of pa-
rameter values, model parsimony, and a compar-
ison of the performances of competing models, as
well as goodness of fit. In the application of CFA
to MTMM data there is an unfortunate tendency to
underemphasize the examination of parameter es-
timates and to overemphasize goodness of fit. If a
solution is ill-defined, then further interpretations
must be made very cautiously if at all. If the pa-
rameter estimates for a model make no sense in

relation to the substantive a priori model, then fit
may be irrelevant.

As described by Bentler and Bonett ( 198&reg;), when
two models are nested, the statistical significance
of the difference in the ~zs can be tested relative
to the difference in their df. Widaman (1985) em-
phasized this feature in developing his taxonomy
of MTMM models and in comparing the fit of dif-
ferent models. However, the problems associated
with the application of the classical hypothesis-
testing approach also apply to this test of ~2 dif-
ferences. When sample size is sufficiently large,
the saturated model (i.e., a model with df = 0) will
perform significantly better than any restricted model
(see Cudeck & Browne, 1983) such as those in
Table 2, thus making problematic the interpretation
of tests between any two restricted models. Fur-

thermore, many important comparisons are not

nested and hence cannot be made with this pro-
cedure [e.g., the trait-only (4A) and method-only
( 1 ~) models in Table 2] . Because of these prob-
lems with the X2 difference test, a perhaps more

useful test is to simply compare the TLIS for com-
peting models.

Poorly Defined Solutions

Another serious unresolved problem for CFA is
that of poorly defined solutions. This problem is
particularly prevalent in MTMM studies. Poorly de-
fined solutions refer to underidentified or empiri-
cally underidentified models (Kenny, 1979; Wothke,
1984), failures in the convergence of the iterative
procedure used to estimate 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).
Such problems are apparently more likely when

sample size is small, when there are few indicators
of each latent factor, when measured variables are
allowed to load on more than one factor, when
measured variables are highly correlated, when many
data are missing and covariance matrices are es-
timated with pairwise deletion for missing data,
and when the model is misspecified. Knowingly
or unknowingly, such problems are usually ig-
nored, and the implications of this practice have
not been explored for MTMM studies. Although there
is no generally appropriate resolution for such

problems, alternative parameterizations of the MTMM
model (see below) may eliminate some improper
parameter estimates.

There are apparent ambiguities about the iden-
tification status of MTMM models. Some researchers

(e.g., Alwin, 1974; Browne, 1984; J6reskog, 1974;
Schmitt, 1978) have suggested that models with
correlations between traits and methods are per-
missible, and Long (1983, p. 55) claimed to prove
the identification for this model. However, Pollen
and J6reskog (1985) demonstrated that the criteria
used by Long were not sufficient to demonstrate
identification, and Widaman (1985) explicitly
eliminated such models from his taxonomy, claim-

ing that they &dquo;are very likely not identified&dquo; (p.
7).
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In order to test the identification status of a model
with correlated traits and methods, D. A. Kenny
(personal communication, January 23, 1987) used
simulated data &dquo;to see if USREL could recover load-

ings for your Model 4D with traits and methods
correlated. It did so, but not exactly. It was not

clear whether the difference was due to under-iden-
tification or rounding error.&dquo;
An attempt was also made to fit Model 4D with

correlations between method and trait factors to the
simulated population covariance matrix published
by Cole and Maxwell (1985), in which the popu-
lation correlations between trait and method factors
were simulated to be 0. Using their population co-
variance matrix, the population values proved re-
coverable, but more than 500 iterations were re-

quired. For their sample matrices that included
random error, however, the solutions failed to con-
verge after more than 1,000 iterations. It appears
that although the model with correlated trait and
method factors may technically be identified, it is

unlikely to result in a proper solution for actual
data and hence is of little practical use. Because
models in Table 2 do not posit trait/method cor-
relations and because all studies considered here
have at least three traits and three methods, these

ambiguities will not be examined here; however,
they illustrate that the issue of identification has
not been resolved.

Different Faranaeterizati&reg;ns: Potential
Cures for Poorly Defined Solutions

The standard parameterizations. In order for
the models in Table 2 to be identified, one param-
eter for each latent factor must be fixed-typically
at a value of 1.0 (see J6reskog & S6rbom, 1981;
Long, 1983). This is usually done either by fixing
the factor loading of one measured variable for each
latent factor to be 1.0 and estimating the factor
variance, or by fixing the factor variance of each
latent factor to be 1.0 (so that the factor variance/
covariance matrix is a correlation matrix) and es-
timating all the factor loadings.

These will be denoted the fixed factor loading
and fixed factor variance parameterizations re-

spectively, and collectively they will be referred

to as the standard parameterizations. For well-
defined CFA solutions both parameterizations are
equivalent, but fixing the factor variances intro-
duces an implicit inequality constraint that restricts
the factor variances to be non-negative. Thus, fix-
ing factor variance estimates may lead to a proper
solution when fixing factor loadings does not.

The Rindskopf parameterization. Rindskopf
(1983) proposed a solution for negative uniqueness
estimates by using M x T additional factors-one
unique factor for each of the M x T measured var-
iables-to define each uniqueness. Because the factor
loading on each unique factor is the square root of
the uniqueness, the uniqueness is implicitly con-
strained to be non-negative.

J6reskog (1981), commenting on the merits of
imposing inequality constraints, noted that if a so-
lution is inadmissible LISREL will find a solution
outside the permissible parameter space, whereas
the imposition of inequality constraints will pro-
duce a solution on the boundary of the parameter
space. J6reskog concluded: &dquo;In both cases the con-

clusion will be that the model is wrong or that the

sample size is too small&dquo; (p. 91). Similarly, Dil-
lon, Kumar, and Mulani (1987) noted that in their
research the Rindskopf parameterization always re-
sulted in the offending parameter estimate taking
on a zero value that resulted in the same solution
as simply fixing the parameter to be 0.
Method structure E-an alternative conceptual-

ization of method variance. Method variance is
an undesirable source of systematic variance that
distorts correlations between different traits mea-
sured 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 effect associated with variables assessed

by the same method. The effects of a particular
method of assessment are implicitly assumed to be
unidimensional and the sizes of the method factor

loadings provide an estimate of its influence on
each measured variable. Hence, method structures
C and D restrict method covariance components to
have a congeneric-like structure (but see Wothke,
1984).

Alternatively, method effects can be represented
as correlated uniquenesses (method structure E);
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this representation assumes neither the unidimen-
sionality of effects associated with a particular
method nor a congeneric structure. Kenny (1979;
see also Marsh, in press; Marsh & Hocevar, 1983)
proposed this method structure for the special case
in which there are only two traits, but it is also
reasonable when there are more than two traits.
Method structure E also resembles McDonald’s

(1985) multimode analysis and Browne’s (1980)
multiple battery analysis.
Method structure E corresponds most closely to

method structure C (Table 2) in that the method
effects associated with one method are assumed to
be uncorrelated with those of other methods. When
there are T = 3 traits and the solutions are well-

defined, method structures C and E are merely al-
ternative parameterizations of the same model. When
T > 3, however, the number of correlated unique-
nesses in method structure E (M x [T x (T - 1)/
2]) 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
factor is required to be unidimensional, and this
assumption is testable when T > 3.
A particularly important advantage of method

structure E is that it apparently eliminates some
improper solutions without limiting the solution
space or forcing parameter estimates to the bound-
aries of the permissible space. Because method
variance is one source of uniqueness, uniqueness
is reflected in both method factors and unique-
nesses. When improper solutions occur, they tend
to be due to either negative method factor variances
or negative uniquenesses, but not both. In method
structure E all sources of uniqueness are contained
in the diagonal of 0, and in many cases-as dem-
onstrated in the present investigation-this com-
bined influence will not be negative even when
method factor variances or uniquenesses are neg-
ative for other parameterizations.

Thus even when there are three traits, so that
method structures C and E are equivalent when the
solutions are well defined, it is possible that method
structure C will result in poorly defined solutions
whereas method structure E will not. When there
are more than three traits it is possible for method

structure E to fit the data better than method struc-
tures C or D, thus calling into question the assumed
unidimensionality of method effects in structures
C and D.

Problems in the Interpretation
of Trait and Method Factors

Widaman’s taxonomy and the MTMM models in
Table 2 implicitly assume that method factors rep-
resent method variance, trait factors represent trait
variance, a general factor in combination with trait
factors represents method variance, and a general
factor in combination with method factors repre-
sents trait variance. For the present purposes these

assamptions will be referred to as the traditional
interpretation of the MTMM models.

These assumptions are probably reasonable when
correlations among trait factors and among method

factors are small. But in the more common situation
when correlations among trait factors and among
method factors are substantial, these assumptions
may not be reasonable. Examined below is the

possibility that so-called method factors actually
reflect trait variance, but the problem might also
occur with respect to so-called trait factors that

actually reflect method variance.
In most MTMM studies the multiple traits are

correlated; this may produce a general trait factor
that makes ambiguous the interpretation of so-called
general method factors or even correlated method
factors. When traits are substantially correlated, the
so-called general method factor (method structure
B) may represent trait variance instead of, or in
addition to, method variance. Also under these cir-

cumstances, each of the so-called correlated method
factors (method structure D) may represent this
general trait factor and correlations among method
factors may represent the convergence of this gen-
eral trait across the methods of assessment. If this

problem exists, the traditional interpretation of MTMM
models and the comparison of alternative models
is unjustified. Hence, tests of this plausible coun-
terinterpretation of method factors must be exam-
ined.

Results to be discussed here suggest that the
traditional interpretation of method factors may be
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unjustified in the following cases:
1. Interpretations based on the Campbell-Fiske

guidelines and an examination of the MTMM
matrix differ substantially from those based on
the CFA approach. (There are, of course, prob-
lems with the Campbell-Fiske approach, but
if both the Campbell-Fiske and CFA approaches
lead to consistent conclusions, confidence in
these conclusions is increased.)

2. Substantive theory dictates an expected pattern
of correlations among trait factors that is not

supported.
3. The substantive nature of the data dictates an

expected pattern of correlations among method
factors that is not supported (although a priori
hypotheses of relations among method factors
may be difficult to formulate).

4. Models 4A (trait factors only) and ID (method
factors only) both fit the data reasonably well
and Model 4D provides only a modest im-
provement.

5. The amount of variance explained by trait fac-
tors is substantially reduced by the inclusion
of method factors.

6. External validity criteria collected in addition
to the MTMM variables are more substantially
correlated with so-called method factors than

with trait factors, and there is an a priori basis
for assuming the external criteria to be more
strongly related to trait factors than method

factors. (It may be impossible to obtain ex-
ternal validity criteria that are free of all method
effects, hence the aim is to ensure that any
method effects associated with the external va-

lidity criteria are unrelated to those associated
with the MTMM data. However, there is still a
danger that, unknown to the researcher, the
external validity criteria are affected by the
same method effects as the original MTMM var-
iables.)

Although each of these indications of potential
problems with the interpretation of method effects
is fallible, taken together they provide a stronger
basis for evaluating these interpretations than do
typical applications of the CFA approach. They also
require that more emphasis be placed on the sub-

stantive interpretation of results than is typical in
the CFA approach to MTMM data.

APPLICATION OF THE CFA APPROACH
IN THREE MTMM STUDIES

The purpose of the present investigation was to
evaluate the application of the MTMM taxonomy
(Table 2), the problems of poorly defined solutions
and parameterizations designed to eliminate them,
the merits of method structure E, and the validity
of traditional interpretations of trait and method
factors. Data were from three MTMM studies: Os-

trom (1969), Byme and Shavelson (1986), and Marsh
and Ireland (1984). In all three studies there were
at least three traits and three methods, and there
was at least one external validity criterion in ad-
dition to the MTMM data. In the present analysis of
each of the studies, models in the taxonomy were
fit to the MTMM data, the behavior of the solutions
was examined, the substantive nature of the data
and the parameter estimates was used to evaluate
alternative interpretations of the method and trait
factors, and external validity criteria were added
to the MTMM models in order to test alternative

interpretations of trait and method factors.

The Ostrom (1969) Study

Description of the Study and Data

Ostrom (1969) examined the distinction between
affective, behavioral, and cognitive components ( t,
through t,) of attitudes toward the church assessed
with four different methods of scale construction

(m, through m4). Ostrom also collected additional
&dquo;overt behavioral indices&dquo; and hypothesized that
these should be most highly correlated with the

’Campbell and Fiske (1959) stated that "the presence of method
variance is indicated by the difference in level of correlations
between parallel values of the monomethod block and the het-
eromethod block, assuming comparable reliabilities among the
tests" (p. 85). Marsh (in press) operationalized this statement
to provide estimates of the relative size of method effects as-
sociated with each method of assessment and discussed limi-

tations in the inferences based upon it.

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/ 



343

behavioral trait component. For purposes of the

present investigation, one of these-responses to
the item &dquo;1-Iow many days out of the year do you
attend church services?&dquo;-was used. Ostrom pre-
sented the MTMM matrix based on responses by 189
people, as well as a more detailed account of the
theoretical rationale, the 12 MTMM variables, and
the external validity criterion.

Application of the Campbell-Fiske guidelines
suggested strong support for convergent validity.
However, support for discriminant validity was
problematic and there appeared to be method var-
iance associated with at least m2 and m4.1 The sub-
stantive nature of the data indicated that the traits
should be substantially correlated, but there is no
a priori basis for positing the relative size of these
different correlations. Finally, for models in which
the external validity criterion was added, the cri-
terion should be (1) more correlated with specific
and general trait factors than with specific and gen-
eral method factors, and (2) most highly correlated
with the behavioral trait component.

CFA models similar to those considered here have
been applied to these data by Bagozzi (1978), Schmitt
(1978), and Widaman (1985). Schmitt (1978) ex-
cluded one of the methods and estimated trait/method

correlations, hence his results are not comparable.
Bagozzi (1978) fit Model 4A to the 12 variables
considered here, but an inspection of correlations
between the uniquenesses led him to eliminate one
of the methods from subsequent analyses. (Note
that such correlated uniquenesses are indicative of
a method effect as depicted in method structure E.)
Widaman (1985) also noted this apparent misin-
terpretation of method effects and was critical of
other conclusions by Bagozzi. Widaman fit many
of the models used here and chose to represent the
MTMM data with Model 4D. However, his solution
for Model 4D was poorly defined in that a unique-
ness was estimated to be 0 and had a large standard
error. 2 None of these previous cFAs of the Ostrom

data incorporated the external validity criterion in-
cluded here.

Behavior of the Solutions

Under Different Parameterizations

The behavior of models in the taxonomy for
these data is summarized in Table 3. All models
were first tested with the fixed factor loading and
the fixed factor variance parameterizations. The
Rindskopf parameterization was used when both
standard parameterizations produced poorly de-
fined solutions, as well as for subsequent models
that incorporated validity criteria.

For the fixed factor loading parameterization,
seven of the 19 models were poorly defined as
indicated by a failure to converge or improper so-
lutions. For the fixed factor variance parameteri-
zation, five of these seven models were still poorly
defined but the symptoms of this problem were not
always the same. When these five models were
tested with the Rindskopf parameterization, one
solution was improper and the remaining four had
uniqueness estimates close to 0 with extremely large
standard errors. In Model ID there were factor
correlations greater than 1.0 for all three parame-
terizations, demonstrating that none of the param-
eterizations protects against this type of improper
solution. Although the different parameterizations
varied in their behavior and manifest symptoms,
none eliminated the poorly defined solutions.

Method Structure E

In method structure E correlated uniquenesses
are used to represent method effects, and in support
of this structure all four solutions based on it are
well defined. When there are three traits, method
structure E is equivalent to method structure C if
the models are well defined. For the Ostrom data
this was demonstrated for Models 1C and IE, but
Models 2C, 3C, and 4C were poorly defined for
all three parameterizations. Even though Model 2C
failed to converge for either of the standard param-
eterizations, the parameter estimates for trait fac-
tors and overall fit were nearly the same as for

2Standard errors of estimated parameters that were extremely
large were indicated to be 1.0 by Widaman (1985); however,
the footnote indicating this was mistakenly omitted from the
published article (K. F. Widaman, personal communication,
September 3, 1987).

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/ 



344

Table 3

Summary of Goodness of Fit Based on x2 and the TLI, and Solution Behavior

for the Ostrom Data Under Three Parameterizations

aProblems: 1 = failure to converge; 2 = factor correlation > 1.0; 3 = factor variance < 0;
4 = uniqueness < 0; 5 = excessively large standard errors. Problems 2, 3, and 4 were only
examined if the solution converged, and problem 5 was examined only if the solution con-
verged to a proper solution.

bIn Model 4E with the validity factor, method factors were uncorrelated with the validity
factor. In Model 4E’ selected uniquenesses were allowed to be correlated with the valid-
ity factor.

Model 2E. Model 3C converged to an improper
solution for the fixed factor variance parameteri-
zation, but the parameter estimates for trait factors
and overall fit were the same as for Model 3E.
Model 4C converged to an improper solution for
the fixed factor loading parameterization, but pa-
rameter estimates for trait factors and overall fit
were the same as for Model 4E. The Rindskopf
parameterization eliminated improper solutions for
Models 2C, 3C, and 4C, but resulted in uniqueness

estimates of 0 with large standard errors. These
findings suggest that method structure E is a better
representation of method effects than method struc-
ture C.

Substantive Interpretation
of Trait and Method Factors

Interpretations based on the MTMM data. Model

4D provides an exceptionally good fit to the data,

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/ 



345

but there are problems with the solution. First, it

is poorly defined for all three parameterizations.
Second, trait factors are very weak (7 of the 12
factor loadings are not statistically significant) and
this contradicts conclusions based on the Campbell-
Fiske guidelines. Models 4C, 4E, and 3D also fit
the data very well (TLIs > .98), and Models 4A,
ID, and even 113/2A explain most of the variance
(TLIS > .9). In contrast to Model 4D, Models 4E,
4C, and 4A have strong trait factors for which all
factor loadings are significant. As noted by Wi-
daman, it may be problematic to compare trait and
method variance for these data because most of the

variance can be explained by either trait or method
factors, and neither trait nor method factors uniquely
explain much variance. Also, because trait factor
loadings are so much lower when correlated method
factors are included, these so-called method factors
may reflect trait variance.

Widaman (1985) chose Model 4D to represent
these MTMM data on the basis of fit. However,
Model 4E (Table 4) also provides a good fit and
has important advantages over Model 4D. First, it
is well defined whereas Model 4D is not. Second,
the strong trait factors in Model 4E more accurately

reflect conclusions from the Campbell-Fiske guide-
lines. Third, the weak method effects for m, and
m3 are consistent with an inspection of the MTMM
matrix. Because interpretations based on Models
4D and 4E are so different, further consideration
of the two models is important.

Interpretations based on correlations between
MTMM factors and the validity factor. A 13th

variable, the behavioral index of days of church
attendance, was added to the 12 MTMM variables.
This variable defined a single-item validity factor
that was correlated with each of the MTMM factors
in selected models (Table 5). This variable is qual-
itatively different from the 12 MTMM variables, but
it is not ideal as an external validity criterion be-
cause it is also based on self-reports. Ostrom noted
that an external validity criterion would be better,
but decided that the self-report measure could be
used &dquo;without serious risk of distortion&dquo; (p. 20).
For purposes of illustration this perhaps suspect
criterion was used. Because such a criterion is likely
to be affected by method effects similar to those
affecting the MTMM variables (although perhaps to
a lesser extent), the criterion was expected to cor-
relate with method factors but to correlate with trait

Table 4
Parameter Estimates for Model 4E for the Ostrom Data
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Table 5

Correlations Between Trait (t i-t3)’ Method (Ml-M4)’
General Method (gl), General Trait (g2)’ and Validity (vl)
Factors for Selected MTMM Models Based on Ostrom Study

T‘p < .05.

’This correlation (1.01) was greater than 1.0 so that the solution
was improper. A similar result was found when the validity cri-
terion was not included (see Table 3).

factors more substantially.
The solution for Model 4D with the added va-

lidity factor was again poorly defined (Table 3).
Furthermore, the validity factor correlated more
substantially with each of the method factors than
with any of the trait factors (Table 5). Method
factors were also highly correlated with the validity

factor in Model 1 D that contained only correlated
method factors. Models 4C and 4D were poorly
defined whereas Model 4E was well defined. In

contrast to Model 4D, the trait factors in Model

4E were substantially correlated with the validity
factors, and, as posited by Ostrom (1969), the larg-
est correlation was for t2 (behavioral components).
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Correlations between the validity and trait factors
were similar for Models 4A and 4B. These results

imply that the so-called method factors in Models
4D, ID, and 2D actually reflect trait variance, and
that the high correlations among these so-called
method factors apparently represent convergence
on this general trait across the methods of assess-
ment.

In contrast to models with method factors, the
validity factor was constrained to be uncorrelated
with method effects in Model 4E. Although it is a
simple matter to allow method factors to be cor-
related with the validity factor, the method effects
are represented as correlated uniquenesses in Model
4E. When selected uniquenesses were allowed to
be correlated with the validity factor (Model 4E’)
the goodness of fit was modestly improved and
correlations between trait and validity factors were
slightly lower. Because there is little substantive
difference between Models 4E and 4E’, the more
parsimonious Model 4E may be preferable.

Summary of Analyses of the Ostrom Data

None of the three parameterizations eliminated
problems of poorly defined solutions for the Os-
trom data. The fixed factor loading parameteriza-
tion was most prone to improper solutions. The
Rindskopf parameterization was more likely to

converge to proper solutions, but only at the ex-
pense of uniqueness estimates of 0 with extremely
large standard errors. In contrast, solutions for
method structure E were always well defined, sug-
gesting that it might be a more appropriate for-
mulation of method effects.

For the Ostrom data most of the variance can be

explained in terms of either method factors or trait
factors, whereas the inclusion of both trait and
method factors produced only a small improvement
in fit. Because relatively little variance was uniquely
due to either trait or method factors, any conclu-
sions about their relative importance are problem-
atic. Even more serious problems exist in the inter-
pretation of the correlated method factors. These
so-called method factors were more substantially
correlated with an external validity criterion than
were the trait factors, and apparently reflect trait

variance instead of, or in addition to, method ef-
fects.
The solution for Model 4E apparently provides

a better representation of the MTMM data than the
solution for Model 4D selected by Widaman, even
though the fit of Model 4D is slightly better. The
assumption of uncorrelated method effects in Model
4E is problematic, but the traditional interpretation
of the method factors in Model 4D is clearly un-
justified and undermines any comparisons between
it and other models. This illustrates the problems
associated with using fit, rather than substantive

interpretations of the parameter estimates, as the
primary basis for selecting from among alternative
models.

The Byrne and Shavelson (1986) Study

Description of the Study and Data

Byme and Shavelson (1986) examined the re-
lations between three academic self-concept traits
(Math, Verbal, and School self-concepts) mea-
sured by three different self-concept instruments
(m, through an3). School performance measures were
also available for English and mathematics. Marsh
and Shavelson (1985) reported Math and Verbal
self-concepts to be nearly uncorrelated with each
other even though both were substantially corre-
lated with School self-concept. They posited two
higher-order academic facets-verbal/acade ’c and
math/academic self-concept--to explain specific
facets of academic self-concept. Their research

posited a specific pattern of correlations among the
trait factors, and suggested that two general trait
factors may provide a reasonable fit to the Byme
and Shavelson data.

For the expanded MTMM models that include
validity factors, each validity factor should be sub-
stantially correlated with the trait factors (partic-
ularly the trait factor in the matching content area
and, to a lesser extent, the school factor) and rel-
atively uncorrelated with method factors. The Byme
and Shavelson study is unusual because there is a
good a priori basis for predicting the structure of
the trait factors, and because two of the trait factors
are relatively uncorrelated.
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Application of the Campbell-Fiske guidelines to
the MTMM matrix by Marsh (in press) suggested
strong support for convergent and discriminant va-

lidity ; every convergent validity coefficient was
substantial, was larger than every heterotrait-
heteromethod coefficient, and was larger than nearly
every heterotrait-monomethod coefficient (see Ta-
ble 6). For all three instruments School self-con-
cept was moderately correlated with Math and Ver-
bal self-concepts, whereas Math and Verbal self-
concepts were nearly uncorrelated with each other.
There was evidence of some method effects as-

sociated with at least r~3 and perhaps m2.
The Byme and Shavelson study is an exemplary

MTMM study because of the clear support for the
Campbell-Fiske guidelines, the large sample size
(817, after deleting persons with missing data), the
good psychometric properties of the measures, and
the a priori knowledge of the trait factor structure.
All models in Table 2 were fit using the fixed factor
loading parameterization; the fixed factor variance
parameterization was used for models that were
poorly defined with the first parameterization. The

Rindskopf parameterization was used for solutions
that were poorly defined by both standard param-
eterizations.

Behavior of the Solutions

Under Different Parameterizations

Nearly half of the solutions (nine of 19) were
poorly defined for the fixed factor loading param-
eterization (Table 7); four solutions were improper,
and five solutions failed to converge. When these
nine poorly defined solutions were tested with the
fixed factor variance parameterization, two of the
solutions were well defined but the other seven

remained poorly defined. For the Rindskopf param-
eterization only one of the seven problem solutions
was improper, but all of the offending parameter
estimates were approximately 0 and had large stan-
dard errors in the other six solutions.

Other characteristics of the results were:
1. All four solutions for method structure E were

well defined whereas all four corresponding
models for method structure C were poorly

Table 6
MTMM Matrix and Validity Criteria From Byrne and Shavelson (1986)

(Decimal Points Omitted)

Note. The 9 MTMM variables were scale scores representing three
traits corresponding to School self-concept (CI), Verbal self-
concept (t2), and Math self-concept (t3) assessed by three
methods corresponding to three different self-concept instru-
ments. The validity criteria were school performance in English
(vi) and mathematics (vz).

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/ 



349

Table 7

Summary of Goodness of Fit Based on x2 and the TLI, and Solution Behavior for the

Byrne and Shavelson Data Under Three Parameterizations

’See Table 3 for a description of the problems.
bSee Table 3 for the distinction between Models 4E and 4E’.

defined. When the four solutions for method
structure C converged to improper solutions
with either of the standard parameterizations,
the parameter estimates for trait factors and
the overall fit were the same as for the cor-

responding solution for method structure E.
For the Rindskopf parameterization, the pa-
rameter estimates varied somewhat, the fit was
always somewhat poorer, and some parame-
ters had values close to 0 with large standard
errors. For this application method structure E
provides a better representation of method ef-
fects than method structure C.

2. Model ID (correlated methods) produced the
same improper solution-factor correlations

greater than 1.0-for all three parameteriza-
tions. Because none of these parameterizations
constrains factor correlations to be less than

1.0, they provide no protection from this prob-
lem.

3. Model 3D converged to an improper solution
with the fixed factor loading parameterization.
Although the solution was constrained to be
proper by the Rindskopf parameterization, the
x2 value was approximately twice as large.

4. For Model 4D the fixed factor loading para-
meterization resulted in an improper solution
whereas the fixed factor variance parameteri-
zation produced a well-defined solution. The
fit of the fixed factor variance solution was
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somewhat poorer, indicating that it apparently
imposed a limitation on the solution space.

Substantive Interpretations
of Trait and Method Factors

Interpretations based on the MIMM data. Models

positing only method factors fit the data poorly.
Model 2B, with one so-called general method fac-
tor and one general trait factor, did substantially
better. However, partly due to the manner in which
Model 2B was specified, these two general factors
represent the math/academic and verbal/academic
factors that were originally posited. The interpre-
tation of either of these as a general method factor
is unjustified.
Model 2D (three correlated M factors and one

general T factor) provided a reasonable fit to the
data, but inspection of the parameter estimates
demonstrated interpretational problems. The three
School measures should have loaded substantially
on the general trait factor, but all three loadings
were small ~.l&reg; to .22). Loadings for Verbal and

Math scales were larger but in the opposite direc-
tion, suggesting that the so-called general trait fac-
tor represented a bipolar (verbal vs. math self-con-
cept) factor. For each of the method factors all

loadings were substantial and positive, and the three
method factors were substantially intercorrelated
(.~0 to .97). However, these so-called method fac-
tors and the high correlations among them seem to
represent convergence on general trait factors as-
sociated with each of the self-concept instruments.
The interpretation of these factors is speculative,
though substantively interesting, but the traditional
interpretation of the factors is clearly unjustified.
Model 4D, particularly given the large sample

size, provides a remarkably good fit to the data

(~rm = .991). Parameter estimates (Table 8) indi-
cate that each of the trait factors is well defined.
Consistent with theory and previous research, the
School trait factor is substantially correlated with
the Verbal and Math factors whereas the Verbal

and Math factors are nearly uncorrelated with each
other. These trait factors are stronger than the method
factors in that all nine measured variables have

Table 8
Parameters For Model 4D for the Byrne and
Shavelson Data (C. - School Self-Concept,

t2 = Verbal Self-Concept, t3 = Math Self-Concept)
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higher trait factor loadings than method factor load-
ings, but models without any method factors (e.g.,
Model 4A) provide a poorer fit to the data.
Models 4C and 4E also provide good fit to the

data (TLI = .977). For Models 4C, 4D, and 4E the
factor loadings are similar for the School and Math
traits, but the Verbal trait factor loadings are smaller
for Model 41~. Correlations among trait factors are

similar for all three models. Model 4D may be

preferred because it fits the data slightly better, but
there is no compelling basis for rejecting Model
4E and the two models lead to similar conclusions.

Relations betvveen MTMM fcactors and external
Validity criteria. Two validity factors defined by
measured achievement in English and mathematics
were added to selected MTMM models (Table 9).
In contrast to the external validity criterion used
with the Ostrom data, method effects associated
with the self-report measures are unlikely to be
related to the achievement test scores. Support for
the validity of the interpretation of the MTMM so-
lutions requires each achievement factor to be most
highly correlated with its matching trait factor, less
correlated with the School trait factor, substantially
less correlated with the nonmatching trait factor,
and relatively uncorrelated with the method factors.
The validity of the method factors would also be
supported if the hypothesized pattern of correla-
tions between trait factors and validity factors is
improved by the addition of method factors.

Five models contain three trait factors and two

validity factors in combination with correlated
method factors (Model 4D), uncorrelated method
factors (Model 4C), uncorrelated method effects
represented as correlated errors (Model 4E), one
general method factor (Model 4B), or no method
factors (Model 4A). For each of these models, there
is reasonable support for the predicted pattern of
correlations between validity and trait factors. The
inclusion of method factors improves support for
this hypothesized relation in terms of Verbal self-
concept, but has little effect on predictions in re-
lation to Math self-concept or School self-concept.
These results provide clear support for the a priori
interpretation of the trait factors.
The comparison of Models 4C and 4E is infor-

mative. Model 4C is ill-defined but its TI is much

better than that of Model 4E. In Model 4C the

validity factors are correlated with method factors,
whereas in Model 4E no correlations were posited
between validity factors and the uniquenesses that
represent method effects. The results from Models
4C and 4D suggest that method factors are corre-
lated with validity factors, and this apparently ex-
plains the poorer fit of Model 4E. The hypothesized
pattern of relations between trait and validity fac-
tors is also stronger for Model 4C than Model 4E.

However, when selected uniquenesses in Model 4E
were correlated with the validity factors (Model
4E’ in Table 9), goodness of fit and support for
the posited pattern of correlations were similar to
Model 4C.

Correlations between trait and validity factors
are similar in Models 4C, 4D, and 4E’ (Table 9).
The only substantive difference is that English
achievement is somewhat more highly correlated
with School self-concept than Verbal self-concept
in Model 4I3, whereas English achievement is more
highly correlated with Verbal self-concept tha~
School self-concept for Models 4E’ and 4C. Sup-
port for the posited pattern of relations is somewhat
weaker for Model 4D even though its fit is best.

Model 4C is poorly defined. The correlations be-
tween method effects and validity factors are not
easily represented in Model 4~E’ . There is no com-
pelling reason for rejecting either Model 4D or
Model 4E. In fact, the similar interpretations based
on each of these different models suggest that the
traditional interpretation of these models is prob-
ably justified.

Four models contain three method factors and
two achievement factors in combination with cor-
related trait factors (Model 4D discussed above),
uncorrelated trait factors (Model 4C discussed

above), one general trait factor (Model 2D), and
no trait factors (Model 1 D). Neither Model 2D nor
Model Liy contains specific trait factors, and their
method factors are substantially and positively cor-
related with the validity factors. In fact, English
achievement is more highly correlated with ~rc3 in
Model 2D, and mathematics achievement is more

highly correlated with mj and rra3 in Model ID,
than are any trait factors in any of the other models.

These results provide clear support for the earlier

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/ 



352

Table 9

Correlations Between Trait (tl-t3), Method (ml°m3), 1
General Method (gl), General Trait (g.), and

Validity (vl-v2) Factors for Selected MTMM Models
Based on Byrne and Shavelson Study 

··~p < .05.

’These correlations (1.11 and 1.05) were greater than 1.0 so that
the solution was improper. A similar result was found when the
validity criterion was not included (see Table 7).
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supposition that these so-called method factors con-
tain substantial amounts of trait variance. In Model
2B there are just two general factors that might be
interpreted to reflect a general method factor and
a general trait factor. However, the correlations
between these two general factors and the validity
factors demonstrate that they reflect the math/
academic and verbal/academic factors originally
posited.

Summary of Analyses
of the Byrne and Shavelson Data

The Byme and Shavelson study is an exemplary
MTMM study that should be well suited to the CFA
approach. For this reason it is particularly disap-
pointing that so many of the models from Table 2
resulted in poorly defined solutions. So long as both
correlated trait factors and either correlated or un-

correlated method factors were included in the MTMM

model, support for the traditional interpretation of
MTMM factors appeared reasonable. However, for
models with no trait factors or only one general
trait factor, the interpretation of method factors as
representing method variance was clearly unjusti-
fied. Instead, the so-called method factors reflected
the influence of trait variance. Further support for
this counterinterpretation was provided by the sub-
stantial correlations between these so-called method
factors and the validity factors.

The Marsh and Ireland (1984) Study

Description of the Study and Data

Marsh and Ireland (1984) asked each of six
teachers (m, through m6) to evaluate 139 student
essays on six single-item scales of writing effec-
tiveness : Mechanics, Sentence Structure, Word

Usage, Organization, Content/ideas, and Quality
of style (t, through t6). Previous research reported
a large general component of writing effectiveness
suggesting that trait factors should be substantially
correlated. There was no a priori hypothesis about
the relative size of different trait correlations, but
the traits were roughly ordered from lower-order

components to higher-order components according
to Foley’s (1971) adaptation of the Bloom taxon-
omy.

Unlike the first two MTMM studies, ratings for
the different methods were not completed by the
same person. The teachers did not know any of the
students who had written the essays (nor, typically,
each other), and each teacher performed the rating
task independently of the others.3 3 In addition to the
36 variables that constitute the MTMM data, a school

performance measure of writing effectiveness was
also available. Application of the Campbell-Fiske
guidelines (Marsh & Ireland, 1984) suggested strong
support for the convergent validity of all six traits.
However, there was little support for discriminant

validity and some indication of method effects as-
sociated with ratings by each of the six teachers.

Behavior of the Solutions
Under Different Parameterizations

Because the number of variables in this MTMM

study was large, only a subset of the MTMM models
was tested with the fixed factor variance parame-
terization (Table 10). Nevertheless, 12 of these 13
models resulted in well-defined solutions. Model
4B was improper in that several trait correlations
exceeded 1.0, but this type of improper parameter
estimate is unlikely to be eliminated by any of the
parameterizations. Model 4D was technically im-
proper in that the factor correlation matrix (see
Table 11) was not positive definite even though
none of the correlations was greater than 1.0. De-

spite these problems, the solutions for the Marsh
and Ireland data appear to be better behaved than
for either of the first two MTMM studies.

3The CFA approach to MTMM data assumes that the different
methods represent fixed effects. Although this limitation may
be reasonable for some applications, it is probably inappropriate
for the Marsh and Ireland data where the different raters more

realistically constitute a random-effects facet (i.e., a sample of
a potentially much larger sample of raters). However, the pres-
ent author is unaware of any solution to this problem.
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Table 10

Summary of Goodness of Fit Based on
x2 and the TLI, and Solution Behavior
for the Marsh and Ireland Data, as

Tested With the Fixed Factor Variance
Parameterization

’See Table 3 for a description of the
problems.

Substantive Interpretation
of Trait and Method Factors

Interpretations based on the MTMM data. The

goodness-of-fit statistics (Table 10) demonstrated
that much of the variance can be explained by either
six correlated method factors (Model 11~) or six
correlated trait factors (Model 4A), but that Model
ID fit the data slightly better than 4A. For Model
4D, method factor loadings were consistently much
larger than trait factor loadings. A superficial in-
spection of these results might suggest that the rat-
ings reflect primarily method effect, but there are
problems with this interpretation. First, it contra-

dicts conclusions based on the Campbell-Fiske

guidelines. Second, trait factor loadings were sub-
stantially smaller in Model 4D than in Model 4A.
This suggests that the so-called method factors rep-
resent general trait factors associated with each

teacher, and that the high correlations represent
agreement across teachers on this general trait.

Correlations between MTMM factors and the
validity factor. In order to test the counterinter-

pretation of the method factors, the school perfor-
mance measure was added to Model 4D. The pa-
rameters for the MTMM variables were relatively
unaffected by the inclusion of this additional var-
iable. However, the school performance factor was
substantially more correlated with so-called method
factors (r = .56 to .68) than with trait factors

(r = .14 to .30). Because this pattern of results is
so implausible, the traditional interpretation of the
so-called method factors in this model must be

rejected. Models 2D and I D also posited correlated
method factors, and correlations between these
method factors and the validity factor were also
very high (r = .53 to .75), whereas the general
trait factor in Model 2D was only modestly cor-
related with the validity factor.

In contrast to models with correlated methods,
Model 4C posited method factors to be uncorre-
lated. For Model 4C, correlations between trait
factors and the validity factor varied between
r = .71 and .89, whereas five of the six correla-
tions between method factors and the validity factor
were nonsignificant. Even though the fit for Model
4C was somewhat poorer than for Model 4D, the
substantive interpretation of the solution implies
that it better reflected the MTMM data.

Method Structure E

The first two MTMM studies both contained three

trait factors, and for such studies the results for
method structure E are equivalent to those for method
structure C if the solutions are well defined. How-

ever, when there are more than three traits, as here,
the two structures are not equivalent. For T = 6,
method structure C uses six parameters to define
each method factor, whereas there are 15 [T x

( T - 1 )/2] correlations among the uniquenesses as-
sociated with each method.
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Table 11

Correlations Between Trait (tl-t6)’ Method (ml-m6)’ I
General Method (gl}, General Trait (g2) and Validity (vl)

Factors for Selected MTMM Models Based on Marsh and Ireland Data

Note. All parameters with values of 1 or 0 were fixed. Factor correla-
tions greater than 1.00 are improper estimates.
*p < .05.
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Insofar as method structures C and E are both

well defined and fit the data equally well, the more
parsimonious method structure C is preferable.
However, the fit of models based on method struc-
ture E was much better than that of models based
on method structure C for these data. This suggests
that the 15 correlated uniquenesses associated with
each method effect cannot be explained by a single
method factor, and that method effects do not have
a congeneric-like structure. This is very important
in that all method factors in the entire taxonomy
are based on these assumptions. This also explains
why Model 4E (TLI = .948) fits the data better than
Model 4D (~rm = .935), even though Model 4E
posits uncorrelated method effects whereas Model
4D posits correlated method factors.

The superiority of Model 4E over 4C is also
shown in the expanded models containing the va-
lidity factor. Correlations between trait factors and
the validity factor are substantial for Models 4E
and 4C, but are higher for lVlodel 4E. As noted for
the first two MTMM studies, correlations between
method effects and the validity factor are not easily
incorporated into I~odel 4E. However, correlations
between validity and method factors were small
and generally nonsignificant for Model 4C. Simi-
larly, inspection of the modification indices pro-
vided by LISREL (see J6reskog & S&reg;rb&reg;rn, 1 11)
indicated that uniquenesses in Model 4E were es-
sentially uncorrelated with the validity factor. For
this reason, no alternative model corresponding to
Model 4E’ in the first two studies was proposed.

SUMMARY AND IMPLICATIONS

What motivates the kinds of analyses discussed
here? One perception~ is that MTMM analyses are
motivated by the desire to establish specific trait
representations in measures. Method variance is

seen as contaminating that representation. The CFA
approach, as traditionally applied, has modeled trait
and method factors as if they were equally impor-
tant. The approach advocated here places greater
emphasis on the interpretation of trait representa-
tions.

This is accomplished by comparing different
models to determine if the introduction of method

factors substantially alters the interpretation of trait
representations, by introducing an alternative method
structure (method structure E) that apparently pro-
vides a more accurate representation of the trait
representation, and by demonstrating how external
validity criteria can be used to test the validity of
the traditional interpretations of different models.
Although the conventional approach was due at
least in part to early work by J6reskog, the per-
spective taken here is consistent with Jbreskog’s
statement that ‘ ‘method factors are what is left over

after all trait factors have been eliminated&dquo; (1971,
p. 128).

Despite the growing enthusiasm for the CFA ap-
proach to MTMM data, problems demonstrated here
call into question its value, the traditional inter-
pretation of MTMM factors, and the validity of pre-
vious applications of CFA to MTMM data. The most
important of these problems are the technical dif-
ficulties in estimating parameters and the interpre-
tation of so-called method effects that apparently
represent the effects of trait variance in addition
to, or instead of, method variance. So long as prob-
lems as basic as these remain unresolved, the prom-
ise of the CFA approach to MTMM data cannot be
fulfilled.

Method structures in Widaman’s (1985) taxon-
omy and those used in most applications of CFA to
MTMM data posit a separate method factor asso-
ciated with each method of assessment. An alter-
native conceptualization, method structure E, was
formulated in which method effects are represented
as correlated uniquenesses.
Method structure E has three important advan-

tages over method structures C and D. First, models
with method structures C and D were frequently
ill-defined no matter what parameterization was used,
whereas models based on method structure E were

always well defined in the present applications.
Second, when there were more than three traits,
method structure E provided a test of the implicit
assumption that all the correlated uniquenesses as-
sociated with a single method of assessment could
be explained in terms of a single method factor.
The importance of this second advantage was dem-4This perspective was expressed by an anonymous reviewer.
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onstrated for the Marsh and Ireland data in that

Model 4E provided a better fit than the correspond-
ing Models 4C and 4D. Third, method structure E
apparently provided a more accurate interpretation
of trait variance than alternative models when these

interpretations were evaluated in relation to exter-
nal validity criteria. In this respect, the use of ex-
ternal validity criteria to validate interpretations of
the method and trait effects is an important con-
ceptual innovation.
The most serious potential problem with MTMM

models is the implicit assumption that so-called
method factors represent primarily the effects of
method variance. If this assumption is violated,
then the interpretation of trait and method factors
in most CFA studies and the detailed comparison of
nested models proposed by Widaman (1985) may
be unjustified. Results from the MTMM studies con-
sidered here suggest that this assumption is often
implausible. In all three MTMM studies, the so-
called method factors for at least some of the MTMM

models apparently represented trait variance in ad-
dition to or instead of method variance (see also
Marsh & Butler, 1984, for another compelling ex-
ample). When there actually are distinct traits that
are at least moderately correlated, this phenomenon
is most likely in models that posit correlated method
factors (method structure D). Using method struc-
ture D, the problem is likely to be most severe in
models that posit no trait factors (ID) and to be-
come less severe as the trait structure proceeds from
1 to 4. This problem will apparently be least likely
to occur when method factors are required to be
uncorrelated, as in method structures C and E.
The emphasis of the present investigation has

been on potential problems in the interpretation of
so-called method factors that really reflect variance
that should be attributed to a general trait effect.
This is consistent with J6reskog’s ( 1971 ) concep-
tualization of method effects (i.e., what remains
after trait factors have been removed) as well as
the present author’s perspective on the intent of
MTMM analyses. It is important to note, however,
that the converse phenomenon may also exist. That
is, it is possible that so-called trait effects really
reflect variance that should be attributed to a gen-
eral method effect.

If an appropriate method structure is not em-

ployed, then so-called trait factors may represent
method variance in addition to, or instead of, trait
variance. An unresolved conceptual and technical
problem is how to discriminate between method
and trait factors when both are highly correlated.
In the extreme, it is easy to imagine the case where
a MTMM matrix of correlations produced by highly
correlated trait and method factors could be ex-

plained by a single factor (Model 113/2.~). Al-

though this situation would clearly indicate a lack
of discriminant validity, there would be little basis
for determining whether the single factor repre-
sented a general trait effect, a general method ef-
fect, or a combination of the two.
The taxonomy of MTMM models in Table 2 was

based in large part on Widaman’s (1985) taxon-
omy. Widaman used essentially the same CFA ap-
proach and many of the same MTMM models, and
even analyzed one of the same MTMM studies. Be-
cause Widaman’s evaluation of the CFA approach
was much more optimistic, it is informative to crit-
ically evaluate his findings in relation to the criteria
used here.

Widaman did not provide a detailed report of
the behavior of his CFA solutions, but results re-

ported here indicate that poorly defined solutions
occurred for the Ostrom data considered in both
studies. Widaman chose to present five MTMM so-
lutions as the most appropriate representations of
his MTMM analyses. However, four of these so-
lutions had uniquenesses of 0 in conjunction with
large standard errors, whereas the fifth solution

required a correlation between two method factors
to be 1.0. Wothke (1984) also reported that 21
MTMM matrices-including the three analyzed by
Widaman-resulted in poorly defined solutions when
he fit Model 4D.

Apparently, none of the solutions chosen by Wi-
daman was well defined according to criteria used
here, suggesting that Widaman was also plagued
by poorly defined solutions. Widaman did not re-
port a critical evaluation of alternative interpreta-
tions of his method factors, but results reported
here suggest that this was a problem for the Ostrom
data. Using criteria described earlier, there is rea-
son to suspect that so-called method factors in at
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least some of Widaman’s results of other MTMM

matrices may have also represented trait variance
in addition to, or instead of, method variance. Thus,
a critical evaluation of Widaman’s results provides
little basis for optimism about the application of
CFA to MTMM data. His results suggest the same
sort of problems that were identified here.

RECOMMENDATIONS

Problems with the CFA approach to MTMM data
appear to be most serious for MTMM studies in
which method effects are substantially correlated
and for MTMM models that posit correlated method
factors. Campbell and Fiske (1959) originally
stressed that the multiple methods should be as
distinct as possible, and this advice seems appro-
priate for the CFA studies as well.

The choice of method effects is, however, often
dictated by the nature of the study, and the pattern
of correlations among method factors may be dif-
ficult to determine a priori. Particularly when both
traits and methods are substantially correlated, the
researcher must critically evaluate the MTMM so-
lutions for alternative interpretations. Because the
traditional interpretation of trait and method factors
may frequently be unjustified, the burden of proof
lies with the researcher to demonstrate that the

interpretations are justified. This requires that more
emphasis be given to substantive interpretations
than has typically been the case in CFA studies.
The use of uncorrelated traits may also be help-

ful, though this is unusual in MTMM studies. Byme
and Shavelson (1986), however, did consider two
trait factors that were nearly uncorrelated. This is
important because the application of Model 4D to
their data resulted in a well-defined solution that

was substantively meaningful. Even though Model
4D is the basis of most studies, this is one of its
few successful applications. Wothke (1984), for
example, reported that Model 4D resulted in poorly
defined solutions for all 21 MTMM matrices in his

study. Perhaps the inclusion of the two uncorre-
lated traits was part of the reason that Model 4D
worked for the Byme and Shavelson data. Because
there was not just one general trait factor under-

lying the specific trait factors, trait and method
factors were not so easily confounded. This sug-
gests that it may be useful for researchers to include
at least some traits that are relatively uncorrelated
in MTMM studies.

Widaman proposed that the interpretation of
MTMM studies should be based in part on a series
of comparisons between nested models in his tax-
onomy. The rigor of this approach is laudable, but
it is overly restrictive because many comparisons
do not involve nested models and because classical

hypothesis testing may be inappropriate. Further-
more, even when models are nested, it is important
to establish the validity of the traditional interpre-
tations of trait and method effects for both nested
models. Models ID and 2D were particularly im-
portant in Widaman’s comparisons of nested models,
but results presented here suggest that the tradi-
tional interpretation is particularly problematic for
these models. Because of these problems, the nested
comparisons emphasized by Widaman should be
used cautiously, and only after substantive support
for the interpretation of the models being compared
has been established.

The choice of the model that best represents the
MTMM data should be based primarily on substan-
tive interpretations of parameter estimates and sec-
ondarily on goodness of fit. The purpose of MTMM
models is not necessarily to provide the best fit to
the data, but rather to make accurate inferences
about trait factors and, perhaps, method factors. If
a solution is poorly defined or parameter estimates
are substantively unreasonable, it is better to infer
their effects from different models even if the fit

is marginally poorer. However, if parameter esti-
mates are substantively unreasonable for most of
the models in the taxonomy, if the fit of most of
these models is poor, or if solutions are consistently
ill-defined, then the CFA approach may be inap-
propriate for the particular MTMM data.

Although 19 different models are posited in Ta-
ble 2, MTMM data can typically be evaluated with
fewer models. The particular models to be consid-
ered will vary depending on the application, but
models positing trait and method factors (4D and
4C) and method effects represented as correlated
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uniquenesses (4E) seem most useful, supplemented
perhaps by those positing one general factor ( 1 B/
2A), only trait factors (4A), and only method fac-
tors (led). Particularly when Models 4D and 4E
are both well-defined and lead to similar conclu-

sions, as with the Byme and Shavelson (1986) data,
the traditional interpretation of these models is

probably justified. In this case it may be reasonable
to base inferences about method and trait effects
on these models-alone-dispensing with other
models altogether. However, other models from
the taxonomy, or models idiosyncratic to particular
substantive issues, may provide useful supplemen-
tal information about the data.

In the CFA approach to MTMM data, the number
of estimated parameters increases rapidly with the
number of traits and methods. Rules of thumb (e.g.,
Tanaka, 1987) suggest that the behavior of CFA
solutions may be related to the ratio of the number

of estimated parameters to sample size, so that
MTMM designs with large numbers of traits and
methods may require very large sample sizes. Note,
however, that three-trait/three-method designs at-
tempt to infer six factors from only nine measured
variables-a ratio of 1.33 measures per factor. For
a six-trait/six-method design, the ratio of measured
variables (36) to factors (12) is 3. This suggests
the possibility that for a given sample size, solu-
tions might actually be better behaved for larger
MTMM designs with more traits and methods and
more parameters to be estimated. Further research
is needed to determine how the behavior of MTMM
solutions varies with sample size and with the num-
ber of traits and methods.

Model 4E represents an apparently important in-
novation in the CFA approach to MTMM data-par-
ticularly if claims about this new model are justified
in subsequent research. Model 4E has not been
widely applied elsewhere, and its apparent advan-
tages should be further examined in additional stud-
ies. A particularly useful evaluation would be to
apply various models-including method structure
E-to simulated data in which the underlying fac-
tor structure is known. Subject to the results of this
further research, Model 4E should be included in
the MTMM models examined in all applications of

CFA to MTMM data.
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