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Path Analysis of Multitrait-Multimethod Matrices
Neal Schmitt

Michigan State University

Path analyses of two multitrait-multimethod ma-
trices are used as examples of the kind of informa-
tion afforded by application of the technique. Dis-
cussed are tests of various possible models of the
matrix, the reproduction of several correlations,
and various reduced models. It is concluded that
the technique should be of considerable aid to re-
searchers who want to evaluate the convergent and
discriminant validity of their measures.

A fundamental problem in the validation of
both psychological tests and hypothetical con-
structs in the behavioral sciences is the assess-
ment of their convergent and discriminant valid-
ity. Campbell and Fiske (1959) pointed out that
in order to demonstrate construct validity, an in-
vestigator must show that a test correlates highly
with the other variables with which it should

theoretically correlate and that it does not cor-
relate significantly with the variables from which
it should differ. The former set of correlations
indicates convergent validity; the latter, dis-
criminant validity.

In order to examine more systematically the
convergent and discriminant validity of a set of
measures, Campbell and Fiske (1959) proposed
the use of a multitrait-multimethod matrix
(MTMM) of correlations. This procedure re-

quires (1) the assessment of two or more traits by
two or more methods and (2) the computation of
all possible correlations among scores on the
traits measured by different methods. An hypo-
thetical MTMM matrix is illustrated in Table 1.
The diagonal submatrices are referred to as

heterotrait-monomethod blocks and represent
the correlations among Traits A, B, and C meas-
ured by a single method. The off-diagonal sub-
matrices, called heterotrait-heteromethod

blocks, are the correlations among traits meas-
ured by different methods. The diagonal values
in these blocks (labeled as V in Table 1) are the
correlations between different measures of the

same trait and are termed validities.
Four criteria have been suggested by Camp-

bell and Fiske for evaluating the MTMM ma-
trix. First, the correlations between similar traits
measured by different methods (i.e., the con-

vergent validities) should be both statistically
significant and high enough to warrant further
consideration. Second, the convergent validities
should be higher than the correlations between
different traits measured by different methods;
i.e., the off-diagonal elements in the hetero-

method submatrices. Third, the convergent
validities should be higher than the correlations
between different traits measured by the same
method, i.e., the off-diagonal elements in the
monomethod submatrices. Finally, a similar

pattern of trait intercorrelations should be ap-
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Table 1
Multitrait-Multimethod Matrixa

aA, B, and C represent different traits, VA12’ vB12’ etc. are the

validities or the correlations between different measures of the

same trait.

parent in the heterotrait-monomethod sub-

matrices and the heterotrait-heteromethod sub-
matrices.

Analysis of construct validity using the
MTMM criteria has been frequent in the behav-
ioral sciences. For example, ratings of thc same
traits by peers, subordinates, and supervisors
have been compared by Lawler (1967); and rat-
ings of blacks and whites on the same traits have
been compared by Schmidt and Johnson (1973).
Campbell and Fiske’s original example (1959)
involved the examination of measures of domi-
nance, sociability, and achievement motivation
by self-report inventory, projective technique,
and associates’ ratings. Ostrom (1969) and

Kothandapani (1971) have utilized the MTMM
matrix to compare the ability of Likert, Gutt-
man, and Thurstone scaling procedures to

measure three hypothesized components of atti-
tudes. Sociologists have frequently compared in-
terview and questionnaire measures of the same
constructs (Althauser, Heberlein, & Scott, 1971).

Although the methodology has been adapted to
clarify a wide variety of problems, ambiguities
with respect to the criteria remain.
The purpose of the present paper is to

examine a path analytic strategy of analyzing
the MTMM matrix. The general outline for the
use of path analysis to examine the MTMM

matrix has been presented by Werts and Linn
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(1970). An example of the Werts and Linn pro-
posal has been given by Kalleberg and Kluegel
(1975), and Kenny (1976) has suggested tests of
hypotheses concerning various elements of the
path analytic formulation. However, a single full
presentation of the purposes which the path
analysis approach to MTMM matrices can serve
is necessary to facilitate its use by a greater num-
ber of researchers interested in the construct

validity of their instruments. The objective of the
present paper is to provide that presentation.

Several problems have been noted with re-

spect to the Campbell-Fiske criteria. First, and
perhaps most obvious, is the subjectivity of the
criteria employed; all that is possible is a greater
than or lesser than comparison of correlations in
various portions of the matrix. Second, this sub-
jective criterion becomes almost impossible
when more than a relatively few traits or

methods are involved. Somewhat more subtle
are problems which occur when the variables are
measured with different reliabilities. What may
appear to be discriminant or convergent validity
for some traits and not others may simply be due
to differential reliabilities. Finally, the implicit
assumption in the Campbell-Fiske formulation
that traits and methods are uncorrelated is

probably not tenable in most situations; further-
more, it is difficult, if not impossible, to evaluate
this assumption by visual examination of the
MTMM matrix (Alwin, 1974; Kalleberg &

Kluegel, 1975). The confirmatory factor analysis
described and illustrated in the present paper al-
lows a more complete analysis of the extent to
which each variable is affected by trait and
method variance.

Method

Confirmatory factor analysis or path analysis
allows investigation or evaluation of the extent
to which measured variables can be explained
on the basis of hypothesized underlying traits
and methods. It is a method for describing the
correlations among a set of standardized vari-
ables by use of an hypothesized model which

represents the relationships among these vari-
ables. Figure 1 is an illustration of the path
model generally used to represent the MTMM
matrix (it has been represented by slightly dif-
ferent models, e.g., Kenny, 1976; Werts,
Joreskog, & Linn, 1976). The path diagram im-
plies that each observed variable contains vari-
ance attributable to traits, methods, and

uniqueness.
This model implies nine structural equa-

tions-+ne for each observed variable in the
form of Equation 1:

where x,~ indicates an observed variable, corre-

sponding to they trait, T,, measured by the j&dquo;
method of measurement, M,; and E,, is the

uniqueness associated with a measured variable.
The path coefficients are designated by P. In ad-
dition, there is allowance for the estimation of
correlations among traits, among methods, and

among traits and methods (indicated by the
curved double headed arrows in Figure 1). To re-
produce any correlation in the path diagram, the
product of paths which lead to both observed
variables is computed.
The correlation of X, and ~5. a heterotrait-

heteromethod correlation, is diagrammed in

Figure 2. There are four sources of intercorrela-
tion between these two measures. First, that due
to traits is a product of the path from TZ to X5,
the path from T, to X,, and the intercorrelation
between T, and T2. Second, the intercorrelation
due to commonality of methods is the product of
the path from2 to X 5, the path from M, to X,,
and the intercorrelation between M, and M2.
Thirdly, the intercorrelation between X, and Xs
due to the intercorrelation of T, and M is the

product of the path from MZ to X s, the path
from T, to X,, and the intercorrelation between
T, andM2- Similarly, the intercorrelation be-
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Figure 1
Path diagram for a multitrait-multimethod matrix

which includes three methods and three traits.
X, through X9 represent 9 measured variables.
TI through T, represent three underlying traits,

while M, through M3 represent the three methods.
In addition to the curved lines indicating correlations

among traits and among methods, there should be curved
lines between each method and trait indicating the possibility of

trait-method correlations. E, through E9 are the
uniquenesses associated with each observed variable.

tween X, and X due to the intercorrelation of 7&dquo;2 2
and M, is the product of the path from T, toys,
the path from M, to X,, and the intercorrelation
of M, and T2.
Werts and Linn (1970) and Althauser and

Heberlein (1970) have noted that estimation of
all parameters suggested in Figure 1 requires at
least three methods and three traits. In a three-

trait (p), three-method (ql model, there are [(pq)

(pq + 1)]/2 or 45 observed correlations. The
model in Figure 1 requires the estimation of 9
trait paths, 9 method paths, 9 uniquenesses, and
15 trait-method intercorrelations for a total of
42 parameters. With 45 observed correlations
and 42 parameters to estimate, there are 3 de-
grees of freedom with which to test the model.

Any fewer traits or methods will result in more
parameters than observed correlations, hence an
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Figure 2
Example of paths between two different

traits measured by two different methods.
Curved lines indicate intercorrelation
between underlying traits (T,) and

methods (M,). TheX, represent observed variables.

underidentified model. While this does present a
problem in many applications of path analysis to
MTMM matrices, some reduced models may be
estimated and tested. These reduced models and
the assumptions involved are discussed below.

In addition to specification of the sources of
variance contributing to intercorrelations in the
MTMM matrix, the degree of fit of any hypothe-
sized model to the observed data can be tested.

A X2 test of fit is described by Joreskog (1969,
1970, 1973) and is part of the computer output
of the LISREL program (Joreskog & VanThillo,
1972). The maximum likelihood method em-
ployed by this program minimizes the function
ML as

where ln refers to the natural logarithm;
2 is the maximum likelihood estimate of the

variance-covariance matrix;

S is the sample variance-covariance matrix; and
r is the number of observed variables.

The X2 test used to evaluate the adequacy of the
model is equal to N(ML), where N is the sample
size. The degrees of freedom for this X2 are equal
to the number of elements in the sample vari-
ance-covariance matrix minus the number of in-

dependent parameters estimated. Comparisons
of the degree of fit of alternative models can be
made by taking the difference of the X2 values
for the two models. This difference is also dis-
tributed as a X’, with degrees of freedom equal
to the difference in degrees of freedom for the
individual models. For example, discriminant
validity implies absence of correlation among
traits (or at least &dquo;low&dquo; intertrait correlations)
and traits and methods. Computation of the XZ
value comparing the observed and reproduced
correlations for the model in Figure 1 and the X2
for a model in which correlations among traits
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and traits and methods are fixed at zero, pro-
vides the basis for a test of the significance of
these correlations. This is true only in the com-
parison of &dquo;nested models,&dquo; that is, models

where no new variables are specified and con-
straints on the relationships among the specified
variables are imposed or relaxed (Joreskog &

Goldberger, 1975; Kenny, 1976).
Since the X2 test is dependent on sample size,

a much better index of the fit of any given model
is the residual correlation matrix-the differ-

ence between the reproduced and observed cor-
relation matrix. As for other tests of signifi-
cance, with large sample size the observed corre-

lation matrix will almost always be significantly
different from the reproduced correlation

matrix. With small sample size, nearly any
model will provide adequate fit. Ultimately, the
addition of parameters should be decided on
conceptual and theoretical grounds; but a x2/df
ratio larger than 10 indicates an inadequate fit,
while a x2/df’ ratio less than 1.00 indicates the
model fits too well. Such a model would be

unlikely to remain stable in future samples.
As a final degree of fit measure, Tucker and

Lewis (1973) have proposed a reliability coeffi-
cient which is a ratio of the amount of covaria-

tion explained by a proposed model to the total

Table 2
Multitrait Multimethod Data Setsa

aA, B, C refer to affective, behavior, and cognitive attitudinal com-
ponents for the Ostrom data set and feeling, belief, and intention to
act components for the Kothandapani data. Figures in parentheses are
the validities.
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Table 3

.Kothandapani Matrix - Estimated Path Coefficients
for the Model in Figure 1

amount of covariation available to be explained
by a model. Computationally, this formula takes
the following form:

where Co equals the sum of the squares of the
off-diagonal elements of the sample variance-
covariance matrix divided by [r(r + 1 )/2] ;
C~ equals X2/N divided by the degrees of free-
dom associated with the X2 ; and

E(C,) = tiN.
They suggest that values greater than .90 repre-
sent quite adequate fit.
To illustrate the utility of confirmatory factor

analysis in the examination of MTMM matrices,
two sets of data will be used. Both involve meas-
ures of affective, behavioral, and cognitive as-

pects of attitude using Likert, Thurstone, and
Guttman scaling procedures. The first set of
data has been presented by Kothandapani
(1971) and represents a matrix which by visual
inspection meets the Campbell-Fiske criteria.
The second data set comes from a study by
Ostrom (1969) in which the extent to which the

Campbell-Fiske criteria are met is not as clear.
For both of these data sets, the observed
MTMM matrix is presented along with the path
analytic solution as diagrammed in Figure 1,
some alternate models of the observed relation-

ships, and the degree of fit represented by these
models. In addition, several examples of re-
produced correlations are presented as illustra-
tions of the detail a path analytic approach pro-
vides concerning the implications of an hypothe-
sized model.
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Table 4
Ostrom Matrix - Estimated Path Coefficients

for the Model in Figure 1

Results

The Kothandapani (1971) and Ostrom (1969)
data are presented in Table 2. These matrices
appear to be quite different when evaluated
against the Campbell-Fiske criteria. The

Ostrom matrix is characterized by very high
intercorrelations among traits and validities

which evidence very little difference from the re-

maining values in their respective rows and
columns. The Kothandapani matrix, on the
other hand, has lower validities; but, for the
most part, these validities are markedly higher
than values in their respective rows and

columns. The Kothandapani data also exhibit
relatively higher correlations between the af-

fective and behavioral components of attitude

than between other components for all mono-
method and heteromethod blocks. By the

Campbell-Fiske criteria, then, it could be con-
cluded that the Kothandapani data represent a
higher degree of convergent and discriminant
validity than do the Ostrom data.

The LISREL program (Joreskog & VanThillo,
1972) described above was used to estimate the
standardized path coefficients in Figure 1 for
both data matrices presented in Table 2. These
coefficients for the Kothandapani matrix and
the Ostrom matrix are presented in Tables 3 and
Table 4, respectively. In addition, the intercorre-
lations among traits, among methods, and

among traits and methods are presented in
Table 5. Table 3 indicates that considerable trait
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Table 5
Intercorrelation of Trait and Method Factors

variance exists in the Kothandapani matrix,
with the exception perhaps of the X, variable,
but method and unique variance also account
for some of the variance in the Kothandapani
measures. Table 5 indicates that there are high
correlations among traits and methods and high
negative correlations between methods and

traits. The trait and trait-method intercorrela-
tions may be considered as indications of a lack
of discriminant validity. However, there are in-
stances when some trait intercorrelation would
be consistent with the substantive nature of the
traits. This would certainly be true of the data
sets used in this paper.
The path coefficients for the Ostrom matrix

presented in Table 4 indicate that the Thurstone
scales (Method 1) are most associated with trait
variance and that Trait 2 (the behavioral com-

ponent) loads heavily on the second method

(Likert scale) factor. In addition, Table 5 indi-
cates substantial correlation between the affec-
tive and cognitive components (r = .95) and rela-
tively high trait-method intercorrelations. Fi-

nally, it appears that the Thurstone method-

ology yields different measures of the three atti-
tudinal components as evidenced by the negative
correlations between Method 1 and each of the

traits, and the correlations between Method 1
and the other two methods.

Examination of these path coefficients can
identify problems in the measurement of par-
ticular traits or problems with a given method.
The extent to which these problems represent
significant departures from convergent or dis-
criminant validity can be evaluated by the X2 test
mentioned previously. In turning to the evalua-
tion of various models of both correlation ma-

trices, it should be pointed out that the X2 test is
dependent on sample size and that it may also
be desirable to pay attention to relative dif-
ferences in X2 from different models. With very
large sample sizes, it may be desirable to use the
X2 :degree of freedom ratio, the average of the
residual correlation matrix as an index of the de-

gree of fit, or the Tucker and Lewis (1973) relia-
bility estimate.

Evaluation of Alternate Models of the
Multitrait-Multimethod Matrices.

The path model described in Figure 1 was
altered successively in two ways. First, different
portions of the correlations in Table 5 were fixed
at zero. Secondly, different numbers of trait and
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method factors were specified, beginning with
an evaluation of the extent to which a single fac-
tor accounted for the total matrix and ending
with the full model represented by Figure 1. For
the various models evaluated, their associated
degrees of freedom and chi-squares and the

average absolute difference between observed
and reproduced correlations are presented in
Table 6 for both the Ostrom and Kothandapani
data. Loadings on trait or method factors could
also be constrained to be equal to assess the de-
gree to which each method measured similar

portions of trait variance or the extent to which
traits were similarly affected by method variance
as Kenny (1976) has suggested.
A test of the extent to which each matrix

meets the criteria for discriminant validity can
be made by comparing the chi-square for the
full model with the chi-square for the model in
which the trait-method and trait intercorrela-
tions are fixed at zero, as described in the intro-
duction. For the Kothandapani matrix, the full
model yielded a chi-square of 2.58 with three de-
grees of freedom. With the restrictions listed

above, chi-square was 49.73 with 15 degrees of
freedom. The difference in these chi-squares,
46.85, is a chi-square variable with degrees of
freedom equal to the difference in degrees of
freedom of the two models-in this case, 12.
Since X212 = 46.85 is significant at the p < .001

level, the conclusion is that these criteria for dis-
criminant validity were not completely met.

This use of chi-square is appropriate when
comparing &dquo;nested&dquo; models, i.e., models where
no new variables are specified but restrictions or
constraints are placed on the variables already
in the model. Whether or not it should be said
that trait intercorrelations are zero would de-

pend on the nature of the traits. For example,
whether or not any discriminant validity was dis-
played could be tested by fixing the trait inter-
correlations at 1.00 and comparing the resultant
chi-square with the original full model chi-

square. The level of discriminant validity of the
Kothandapani matrix is evidenced by compar-
ing the single factor model (X226 = 319.60) and
the three-trait model (X2 24= 220.71).

Since new variables have been specified, using
the chi-squares as relative degrees of fit, the test
described above comparing these two models is
inappropriate. It is therefore clear that more
than a single factor is involved. In addition, the
average difference between the observed and re-

produced correlation matrices indicated a better
degree of fit for the three-trait model (see
column headed &dquo;Average Difference&dquo; in Table
6). The Tucker and Lewis (1973) reliability coef-
ficient led to similar conclusions; that is, there
are distinct method and trait sources of vari-
ance. Models which do not include specification
of three traits and three methods yielded near
zero or negative reliabilities.

Similar examination of the Ostrom matrix did
not yield the same conclusions. The single factor
model came reasonably close to explaining the
Ostrom matrix; and it appears, by comparing
the other models presented, that differences in
correlations in the Ostrom matrix were probably
more the result of different methods than the re-
sult of different traits. The fit of a three-method,
one-trait model was superior to that of a three-
trait, one-method model. Any model which al-
lowed for correlation among variables yielded a
reasonably good fit to the data.

In making successive chi-square comparisons
of &dquo;nested&dquo; models, it is, of course, true that the

probability level of these tests is altered and that
specification of models becomes speculative and
exploratory. In addition, as noted previously, the
significance of chi-square is directly dependent
on sample size. Hence, the reliability index and
differences between observed and actual correla-
tion matrices are probably best employed as de-
scriptive and relative indicators of the fit of vari-
ous models of a MTMM matrix.

Decomposition of
Reproduced Correlations

In addition to the overall indications of con-
struct validity which are illustrated in the pre-
vious section, path analytic techniques allow the
decomposition of individual correlations in the
reproduced correlation matrix. This procedure
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Table 7

Examples of Decomposition of Reproduced Correlations-
Kothandapani Data
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Table 7 (continued)

Examples of Decomposition of Reproduced Correlations-
Ostrom Data
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was discussed in the introduction, and the de-

composition of an heterotrait-heteromethod cor-
relation was outlined in Figure 2. The decompo-
sition of an heterotrait-monomethod correla-

tion, an heterotrait-heteromethod correlation,
and a monotrait-heteromethod correlation for
both matrices is illustrated in Table 7. In each
case, the decompositions indicate why a pair of
variables are correlated.
A particularly revealing decomposition is that

of rX,XS for the Ostrom matrix. Almost all of the
correlation between these two measured vari-
ables is due to the commonality between Method
2 and Trait 1. There is little or no commonality
due to traits or methods. For both data sets the
trait contribution to the monotrait-hetero-
method correlation is high, indicating substan-
tial agreement between Likert and Thurstone
scales in the measurement of the affective atti-
tudinal component, which is a positive indica-
tion of convergent validity. In the case of hetero-
trait-monomethod correlations, however, this

part of the decomposition should be low, unless
there is no discriminant validity.
The heterotrait-monomethod example from

the Kothandapani matrix indicates some corre-
lation due to similar traits; the Ostrom example
indicates a great deal of common trait variance.
These estimates are purely descriptive, and what
is good or bad will depend on the investigators’
research and/or theoretical objectives. The in-
formation gained by such an analysis, neverthe-
less, does focus attention on problems concern-
ing convergent and discriminant validity of indi-
vidual measures.

Alternate Models of
the MTMM Matrix

Table 6 contains chi-square values for five dif-
ferent reduced models of the MTMM matrix.
These models not only provide useful informa-
tion, as discussed above, but also would be

especially helpful when estimation of the para-
meters in the full model, depicted in Figure 1, is
not possible. As noted previously, this would

occur when there are less than three methods
and three traits or the equivalent number of
intercorrelations. The five reduced models listed
in Table 6 are illustrated in Figure 3. These and
other reduced models (Althauser, Heberlein, &

Scott, 1971) are useful in evaluating the extent to
which various assumptions concerning the data
matrix are important; and even though the full
model of Figure 1 cannot be evaluated, they pro-
vide some information concerning discriminant
and convergent validity as well.

For example, Figure 3e postulates a single
factor, be it trait or method variance, that ac-
counts for the intercorrelations among the vari-
ables. The numbers in Table 6 indicate that the
Ostrom data much more closely fit this hypothe-
sis than do the Kothandapani data. While this is
also observable from the correlation matrices in
Table 1, a similar conclusion may not be as

easily reached when the number of variables is
greater and/or the matrices are more like each
other.

Comparisons of the models involving three
traits with those involving three methods also
are revealing: Postulation of three methods in
the Ostrom data results in a better fit than the

postulation of three traits. What this suggests is
that variations in the MTMM matrix for the
Ostrom data set are more attributable to differ-
ences in methods of measurement than to differ-
ences in traits. By comparing the various models
in Table 6 and Figure 3, some idea can also be
obtained of the extent of the relative importance
of trait variance, random error variance, and
systematic error variance due to both a general
method factor and specific method factors.

For example, in the Kothandapani data set,
changing the model from a Figure 1 model to
one corresponding to Figure 3a resulted in a

much less adequate fit to the observed correla-
tion matrix. A smaller drop in fit occurred in

going from a three-trait, one-method model to a
three-trait model, suggesting that the method
variance present was specific to the scaling
methodology employed. Moving from a three-
trait model to a single factor model resulted in
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Figure 3
Some alternate models of the MTMM matrix.

In all models, uniquenesses are also considered a part
of the variance of each observed variable as in Figure 1.

In all diagrams, T, represent underlying traits, M,
represent methods, and X, represent observed variables.
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additional relatively large drops in degree of fit
to the observed correlation matrix, indicating
that different traits were being measured. As
noted above, similar comparisons for the
Ostrom matrix actually indicate that the reverse
is true; i.e., specification of independent
methods resulted in better fit, while specifica-
tion of independent traits resulted in a worse fit.
It should also be pointed out that there are
numerous other models which could be postu-
lated. For example, models could be evaluated
in which the loadings on traits measured by dif-
ferent methods or the loadings on methods
factors are constrained to be equal.

Conclusions

The analyses presented in this paper should
allow more detailed and intelligent analyses of
MTMM data. Perhaps the most serious limita-
tion of path analysis in this context is the inabil-
ity to analyze in this manner MTMM matrices
with less than three methods and three traits.
However, with certain simplifying assumptions,
such as those illustrated in the section on alter-
nate models, components of smaller MTMM
matrices can be evaluated. The strength of path
analysis lies in the fact that it forces the re-

searcher to make explicit his/her assumptions
regarding the traits and methods employed.
This should prove useful both to the researcher
and the consumer of research.

Several other distinct advantages of the path
analytic approach are important. First, decom-
position of the reproduced correlation matrix
allows the sources of variance which are con-

tributing to correlations to be identified. Sec-

ond, tests of specific hypotheses concerning por-
tions of the model can be made. A word of cau-
tion concerning the use of these tests bears

repetition. The test is dependent on sample size,
which means that with small N, many different
models will produce a correlation matrix nonsig-
nificantly different from the observed correla-
tion matrix. With large sample sizes, it is likely
that no model will be nonsignificantly different

from the observed correlation matrix. As sug-
gested, the degree of fit of various models may
be more appropriately indexed by the average
difference between the observed and reproduced
correlation matrix. Third, the extent to which
different traits are a result of method and trait
variance can be evaluated, and the various con-
tributions to the correlations among traits and
methods can be calculated. Because of the con-
tinued utilization of the MTMM matrix to ex-

plore a wide variety of questions and because the
path analytic technique deals with the limita-
tions of the Campbell-Fiske criteria noted in the
introduction, this technique should be more fre-
quently employed.
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