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Spector (1987) concluded that there was little evidence of method variance in multitrait-multi- 
method data from 10 studies of self-reported affect and perceptions at work, but Williams, Cote, 
and Buckley (1989) concluded that method variance was prevalent. We extended these studies by 
examining several important but often neglected issues in assessing method variance. We describe 
a direct-product model that can represent multiplieative method effects and propose that model 
assumptions, individual parameters, and diagnostic indicators, as well as overall model fits, be 
carefully examined. Our reanalyses indicate that method variance in these studies is more preva- 
lent than Spector concluded but less prevalent than Williams et al. asserted. We also found that 
methods can have multiplicative effects, supporting the claim made by Campbell and O ~2onnell 
(1967, 1982). 

Researchers have often shown a substantial interest in as- 
sessing method variance with multitrait-multimethod 
(MTMM) matrices (e.g., Campbell & Fiske, 1959; Schmitt, 
Coyle, & Saari, 1977). As an artifact of  measurement, method 
variance can bias results when researchers investigate relations 
among constructs measured with the common method. Be- 
cause method variance provides a potential threat to the valid- 
ity of  empirical findings, it seems important to assess the extent 
to which method variance is problematic in typical research 
settings. 

Spector (1987) addressed this issue by examining a series of  
MTMM matrices in research on self-reported affect and per- 
ceptions of  work. Following the classic procedure propqsed by 
Campbell and Fiske (1959), Spector assessed the amount of  
method effects by comparing the correlations of  different traits 
measured with the same method (i~e, monomethod correla- 
tions) and the correlations among different traits across meth- 
ods (i.e., heteromethod correlations). The monomethod corre- 
lations were not significantly different from the heteromethod 
correlations, and Spector concluded that there was little evi- 
dence of  method variance. 

Williams, Cote, and Buckley (1989 ) recently noted a number 
of  limitations of  this analytic procedure. As summarized by 
Schmitt and Stults (1986) and Widaman (1985 ), these limita- 
tions are (a) the lack of  quantifiable criteria, (b) the inability to 
account for different reliability, and (c) the implicit assump- 
tions underlying the procedure, especially the requirement of  
uncorrelated methods. It should be emphasized here that these 
limitations concern Campbell and Fiske's (1959) analytic pro- 
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cedures (i.e., interpretation of  correlations); their core ideas 
(i~. the use o f multitrait-multimethod data and convergent and 
discriminant validity) are sound. Williams et al. reanalyzed the 
same data that Spector (1987) analyzed by using chi-square 
difference tests and variance partitioning with confirmatory 
factor analyses (CFA). Their analyses indicated that method 
variance is present and accounts for substantial variance in the 
measures originally examined by Spector. 

Williams et al.'s (1989) study was executed carefully with a 
powerful CFA approach. However, their findings are inconclu- 
sive because their procedure has several limitations. First, be- 
cause their tests examined only overall effects of  method fac- 
tors, they failed to provide information about method effects 
on individual measures. Suppose, for example, that the ehi- 
square difference test indicates significant method effects in an 
MTMM model with 10 measures. This omnibus test does not 
identify how many and which of  the measures are significantly 
affected by the methods. For instance, a global test based on 
model fits can indicate significant method variance when only 
1 of  10 measures is affected by the method factor. Although 
Williams et al. partitioned the variance into trait, method, and 
error variance at the scale level, they did not test the signifi- 
cance of  the method variance either at the scale level or at the 
individual item level. Thus, Williams et al's study does not give 
diagnostic information for conclusions about individual mea- 
sures in the MTMM matrix. 

Second, Williams et al. (1989) examined the chi-square 
goodness-of-fit test and the normed-fit index (NFI; Bentler & 
Bonett, 1980) but ignored other indicators, such as the adjusted 
goodness-of-fit index (AGFI),  root-mean-square residual 
(rmr), standardized residuals, and improper estimates, which 
can provide useful information about model fit. For example, 
the chi-square test is sensitive to sample size and could possibly 
point to a satisfactory fit because of  a lack of  statistical power 
(e.g. Satorra & Saris, 1985). Likewise, when many trait and 
method factors are introduced into an MTMM model, a satis- 
factory chi-square may arise simply as a result of  overfitting. 
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One should evaluate a structural model by using all the mea- 
sures of  the overall degree of  fit as well as information on indi- 
vidual parameters provided in any particular application. 

Finally, the CFA approach taken by Williams et al. (1989) is 
based on the assumption that variation in measures will be a 
linear combination of  traits, methods, and error. That is, meth- 
ods are presumed to have additive effects on measures in the 
CFA model. This may be a reasonable assumption and, in fact, 
can be tested as a hypothesis in any particular MTMM analy- 
sis. However, in certain contexts, traits and methods may inter- 
act in the determination of  measure variation. Campbell and 
O'Connell (1967) went so far as to suggest that such an interac- 
tion is "quite general in nature" (p. 421 ). The multiplicative 
relation occurs such that "the higher the basic relationship be- 
tween two traits, the more that relationship is increased when 
the same method is shared" (Campbell & O'Connell, 1982, p. 
95). If  methods do have multiplicative effects, then the CFA 
model is inappropriate for examining method effects. By using 
CFA models only, Williams ct al. assumed that methods had 
linear effects for all of  the data examined by Spector (1987) and 
ignored the possibility of  multiplicative method effects. 

In fact, Williams et al. (1989) seem to have confused trait- 
method interactions with trait-method correlations. For exam- 
ple, Williams et al. (1989, p. 463) asserted that their "analysis 
assumes that Trait X Method interactions do not exist (zero 
correlation among trait and method factors): Also, their justi- 
fication for the assumption, based on Widaman's (1985, p. 7) 
argument that correlations among trait and method factors 
"present both logical and empirical estimation problems of  
great magnitude" is misleading. The degree o f  association 
among traits and methods may be independent of  the interac- 
tion between traits and methods, if any. 

One purpose of  the present article was to investigate these 
important, but often ignored, issues. A second purpose was to 
correct any erroneous conclusions about method variance in 
and construct validity of  the data examined by Spector (1987) 
and Williams et al. (1989). To do so, we incorporated the afore- 
mentioned issues into our analyses. The third purpose was to 
show that the analysis and interpretation of  MTMM data are 
not straightforward endeavors but require a careful, detailed 
consideration of  many criteria for model specification, good- 
ness of  fit, and other statistical findings. 

Evaluation o f  Me thod  Variance and  Model  Fit 

The general form of  the CFA model for MTMM data can be 
expressed with two sets of  equations (e.g, J0reskog, 1974; Werts, 
J6reskog, & Linn, 1972): 

Y : tAaA M ][~x] + E, and (1) 
L'qM/ 

X = AT~'~T + A~'I '~.~ + 0, (2) 

where y is a vector o f r  × s measures for r traits by s methods; A T 
and A M are factor-loading matrices for traits and methods, re- 
spectively (defined in the next sentence); er and ~M are vectors 
of  r traits and s method factors, respectively; ~ is a vector of  
residuals for y; ~ is the implied variance--covariance matrix for 
Y; ~x and g'M are correlation matrices for traits and methods, 
respectively; e is the vector of  unique variances for ~; AT = [A~, 

A2, • • ", Ar ]'; A~ is a diagonal matrix with factor loadings corre- 
sponding to the measures of  the ith trait; and 

A M = 

")~l 0 0 
o ~ .  o 

0 0 
0 

0 
where ~,j is a vector of  factor loadings corresponding to the 
measures obtained by the j th  method. Application of tbe CFA 
model to MTMM data permits one to partition variance into 
trait, method, and random error. These reside, respectively, in 
the squared factor loadings for AT and AM and in 0. 

Four CFA models can be tested and compared to yield mean- 
ingful tests of  hypotheses about method and trait factors (Wi- 
daman, 1985): Model l hypothesizes that only unique vari- 
ances are free (i.e, it is the null model); Model 2 hypothesizes 
that variation in measures can be explained completely by traits 
plus random error (i.e, it is the trait-only model); Model 3 
hypothesizes that variation in measures can be explained com- 
pletely by methods plus random error (i.e, it is the method-only 
model); and Model 4 hypothesizes that variation in measures 
can be explained completely by traits, methods, and random 
error (i.e, it is the trait-method model). 

Model 4 is, in fact, the hypothesis implied by Equations I and 
2. Models I though 3 are special cases formed by constraining 
certain parameters of  Model 4. Notice that the null model is 
nested in both the method-only and trait-only models and that 
the method-only and trait-only models are nested in the trait- 
method model. Consequently, chi-square difference tests can 
be used to test whether trait, method, or trait and method fac- 
tors are present. For example, a test of  method variance is pro- 
vided by comparing Models I and 3 as well as Models 2 and 4. 

The chi-square difference test is an omnibus test that indi- 
cates whether or not measures are significantly affected by 
methods (or traits). In many cases, however, one may wish to 
determine how many and which of  the measures are responsi- 
ble for the global significance. Moreover, the method effects 
should be meaningful and interpretable (e.g., Browne, 1984). 
For this purpose, an inspection of  the loadings linking method 
factors to individual measures is useful because loadings in AM 
represent method-related variance for each measure (Wida- 
man, 1985). Thus, an examination of  loadings for method fac- 
tors will provide useful information as to how often the method 
effects are significant at the individual item level and whether 
or not they are meaningful and interpretable. 

Multiplicative Effects o f  Methods  

It has been suggested that method factors may interact with 
trait factors in a multiplicative way (e.g, Campbell & O'Con- 
nell, 1967,1982; Schmitt & Stults, 1986). That is, the higher the 
relationship between traits, the higher the method effects. 
Swain (1975) proposed the following direct-product model 
(DPM) to represent the multiplicative interaction of traits and 
methods in an MTMM analysis: 

= ZM ® ~x,  (3) 
where Z is the covariance matrix of  the observed variables, ZM 
and ~x are method and trait covariance matrices, respectively, 
and ® indicates a right direct (Kronecker) product. 
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This model expresses the covariance matrix o f  measure- 
ments as the direct product of  a covariance matrix of  methods 
and a covarianee matrix of  traits. However, this model has sev- 
eral limitations. It does not allow for measurement errors or 
different scales for different variables, which can limit the appli- 
cability of  the model in many MTMM studies. Browne (1984, 
1989) therefore extended the DPM to overcome these limita- 
tions (see also Cudeck, 1988) as follows: 

2; = Z ( P  M ® PT + E)Z,  (4) 

where Z is a nonnegative definite diagonal matrix of  scale con- 
stants, some of  which are set equal to unity to achieve identifi- 
cation; I'M and Pr are nonnegative definite method and trait 
correlation matrices, respectively, whose elements are particu- 
lar multiplicative components of  common score correlations 
(i.e, correlations corrected for attenuation); and E is a diagonal 
matrix of  nonnegative unique variances. 

The DPM in Equation 4 is called the heteroscedastic error 
model and is equivalent to a three-mode factor analysis model 
(Bentler & Lee, 1978; Bloxom, 1968; Tucker, 1966) with some 
constraints (Browne, 1984). It can be seen that Equation 4 de- 
composes test scores into true scores plus error-score compo- 
nents. Under Equation 4 the correlation matrix corrected for 
attenuation has a direct-product structure, 

Pc = PM ® PT, (5) 

where Pc is the disattenuated correlation matrix with a typical 
element p(TiMk, TjMt);  PM is the latent method correlation 
matrix with a typical element P(Mk, Mr); and Pr is the latent 
trait correlation matrix with a typical element p(T~, T j). From 
the definition of  a right direct product, one can then see that a 
typical element of  Equation 5 is 

p(TiMk, TjMt) = p(T i, Ty)p(Mk, Mr). (6) 

Notice that this equation assumes a multiplicative structure for 
true scores or common scores in the factor analysis sense, rather 
than for observed scores. Browne (1985) has developed a pro- 
gram, MUTMUM, to estimate the parameters in the DPM, but 
the program has not been widely used, perhaps because of  its 
limited distribution. 

Wothke and Browne (1990) have recently shown that the 
DPM can be reformulated as a linear model, allowing re- 
searchers to estimate the model by using the widely available 
LISREL program. Specifically, Equation 4 can be written as a 
second order confirmatory factor analysis model as follows: 

X = AI~rX,  (7) 

where A = Z, r is the partitioned matrix 

F = (C M ® Itllmt) = (FIll'2) , (8) 

CM is a square, lower triangular matrix chosen such that PM = 
CMC~, I t and Imt are identity matrices, and 

cI, = ( IM ® Pt 
o ~0 I,I,2/" (9) 

The DPM can be easily restricted to suitable submodels. One 
useful version of  the model, a composite error model, is defined 
by the additional restriction 

E = E M ® ET, (10) 

with EM and ET diagonal. By using the fact that any symmetric, 
nonnegative definite matrix can be expressed as the product of  
a square matrix and its transpose (e.g, Searle, 1982), this restric- 
tion can be rewritten as follows: 

E = (EM 1/2 ® It)(l,  n ® ET)(EM 1/2 ® It)' = r2~2r~. (11) 

Several restrictions are needed for the identification of  the 
DPM. First, one equality constraint per method is required for 
identification o f  scale factor estimates (Wothke & Browne, 
1990). This restriction will fix the scale of  the component  
scores. For instance, one may select a trait and set all its scale 
factors in Z equal to unity Alternatively, one can constrain all 
diagonal elements Of CM tO unity The two types of  restriction 
may be suitably combined. Another restriction is required to fix 
the scale of  the error components because (aEM) ® (bET) 
equals EM ® ET for any a equal to 1 / b. This may be achieved by 
fixing one element in either EM or ET at unity 

PT is directly estimated in the model, and standard errors of  
its elements will be available from the USREL solution. In con- 
trast, the estimate of  PM is obtained by rescaling CMC~into a 
correlation matrix, and standard errors are not available from 
the LISREL output. However, one can obtain the standard errors 
for the method correlations by employing an alternative para- 
meterization in which PM (rather than PT) is directly estimated. 
Under the multinormality assumption, the model fit can be 
evaluated by using the maximum-likelihood chi-square statis- 
tic, computed as 

× 2 = ( N - 1 ) [ l n l 2 ; [ - l n l S I  + t r a c e ( S Z - i ) - r s ] ,  (12) 

where N is the sample size, and r and s are the number of  traits 
and methods, respectively The corresponding degrees of  free- 
dom are computed as [rs (rs + 1 )/2] - k, where k is the number 
of  free parameters to be estimated in the model. 

Campbell and Fiske's (1959 ) original criteria for convergent 
and discriminant validity have the following direct interpreta- 
tions in the DPM (Browne, 1984, pp. 9-10).  Evidence for con- 
vergent validity is achieved when the correlations among meth- 
ods in PM are positive and large. The first criterion for discrimi- 
nant validity is met when the correlations among traits in Pr are 
less than unity The second criterion for discriminant validity is 
attained when the method correlations in I'M are greater than 
the trait correlations in Pr.  The final discriminant validity crite- 
rion is satisfied whenever the DPM holds. 

These interpretations follow from the DPM specification. 
Recall that p(T~-Mk, TjMt) , a typical element of  Pc, denotes 
the disattenuated correlation between the ith trait measured 
with the kth method and the j th  trait measured with the lth 
method. From Equation 6, p(TiMk, TjMI) equals p(Ti, T~) 
P(Mk, Mr). Campbell and Fiske's (1959) criterion for conver- 
gent validity is that the monotrait-heteromethod correlations 
should be substantially greater than zero. When the monotrait- 
heteromethod correlation p(Tj-Mk, TIM/) is examined under 
the DPM, it can be seen that 

p(TiMk, TiMt) = p(Ti, Ti)p(Mk, Mr) = P(Mk, Mr). (13) 

That is, the monotrait-heteromethod correlations are equal to 
method correlations under the DPM. As a consequence, con- 
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vergent validity is achieved when method correlations are large 
and positive. 

The first criterion for discriminant validity is that the mono- 
trait-heteromethod correlations, p(T~Mk, T~Mt), should be 
greater than the corresponding heterotrait-heteromethod 
correlations, p(Ti Mk, Tj Mr) and p(Tj Mk, Ti Mr), for i + j. One 
can see that 

p(T~Mk, TjMt)/p(TiMk, T~Mt) 

= p(TjMk, TiMt)/p(TiMk, TiMI) (14) 

= p(T~, T j). 

That is, the ratios of  a monotrait-heteromethod correlation to 
the heterotrait-heteromethod correlations become trait corre- 
lations under the DPM. Thus, the first criterion for discrimi- 
nant validity is met when trait correlations are less than unity. 
The second criterion is that the monotrai t-heteromethod 
correlations, p(TiMk, T~Mt), should be higher than the corre- 
sponding heterotrait-monomethod correlations, p(T~M k, 
T~Mk) and p(T~Mt, TjMt). From Equation 6, it can be seen 
that 

p(TiMk, TjMk)/p(TiMk, TiMI) 

= p(TiMt, TjMt)/p(TiMk, T~Mt) 05 )  

= p(Ti, Tj)/p(Mk, Mr). 

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

p(TiMk, TjMt)/p(TmMk, TnMt) = p(Ti, Tj)/P(Tm, Tn) (16) 

has the same value for any Mk and M t. 
The DPM hypothesizes multiplicative effects of  methods and 

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

One view might be called differential augmentation (Camp- 
bell & O'Connell, 1967, 1982). In this view, multiplicative ef- 
fects are a functional interaction between the "true" level of  
trait correlation and the magnitude of  method bias. A conven- 
tional position is that method factors add irrelevant systematic 
(method-specific, trait-irrevelant) variance to the observed re- 
lationships. That is, sharing a method is expected to augment or 
increase the correlations between two measures above the true 
relationship; halo effects and response sets provide evidence for 
such method bias. However, not all relationships are likely to be 
equally exaggerated by shared method. Only relationships that 
are large enough to get noticed are more likely to be exagger- 

ated. Campbell and O'Connell (1967, pp. 421-422) provide an 
example of  such effects when ratings (e.g, self-ratings and peer 
ratings) are used as methods. Each rater might have an implicit 
theory (expectations) about the relationships (co-occurrence) 
of  certain traits, which will lead to a rater-specific bias. In such 
cases, the stronger the true associations between traits, the 
more likely they are to be noticed and exaggerated, thus pro- 
ducing the multiplicative-method effect pattern. In summary, 
method factors augment or exaggerate the observed correla- 
tions differently, depending on the level of  true trait relation- 
ships. 

The differential attenuation perspective (Campbell & 
O'Connell, 1967,1982 ) offers another explanation for multipli- 
cative-method effects. A conceptual basis for this view is that 
using different methods will attenuate the trait relationships 
better represented when method is held constant rather than 
varied. Not sharing a method attenuates the true relationship so 
that it appears to be less than it should be; that is, methods are 
seen as diluting trait relationships rather than adding irrelevant 
systematic variance. From the differential attenuation perspec- 
tive, not sharing a method attenuates the observed correlations 
differently depending on the level of  true trait relationships. 
Suppose, for example, that multiple occasions are used as meth- 
ods. It is often found in longitudinal studies that correlations 
are lower for longer time lapses than shorter lapses, following a 
so-called autorcgressive process. In this process, a high correla- 
tion between two traits will be more attenuated over time than 
a low correlation (for more details, see Campbell & O'Connell, 
1982, pp. 100-106). In contrast, a correlation of  zero can erode 
no further, and it remains zero when computed across methods 
(here, occasions). The traditional concept of  attenuation as due 
to the unreliability of  measures shows a multiplicative pattern 
because high correlations are more attenuated by unreliability 
than low ones. See Campbell and O'Connell 0982)  for a de- 
tailed discussion of  these two explanations for multiplicative 
effects. 

In summary, in the CFA model and the DPM, different func- 
tional forms are hypothesized for trait and method effects: in 
the former, additive effects are assumed, whereas in the latter, 
multiplicative effects are assumed. In principle, the two models 
constitute alternative explanations for MTMM data. Specifi- 
cally, the effects of  a method are hypothesized to be constant in 
the CFA model. In contrast, method effects are hypothesized to 
vary with the level of  trait correlations in the DPM. Although 
Campbell and O'Connell (1967, 1982) implied that trait and 
method interactions are the rule rather than the exception, it 
might be better in any specific case to examine which (additive 
or multiplicative) model is more appropriate. Ideally, one 
should have substantive expectations about the method effects 
prior to selecting a model. If  no prior expectations are available, 
the researcher should test both models to discover which pro- 
cess is at work. 

M e t h o d  

For each of the 10 studies (11 data sets) examined originally by Spec- 
tor (1987 ) and later by Williams et aL (1989 ), four CFA models (Mod- 
els I to 4) were fitted by following the procedures suggested by Wida- 
man (1985; see also Williams et al., 1989). Figure I provides an exam- 
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pie of the full CFA model (i.e~ Model 4) for MTMM data with three 
traits and three methods. It can be seen that Models I through 3 are 
derived from Model 4 by constraining certain parameters. 

The effects of method factors were examined in two ways. First, we 
compared the hierarchically nested models to determine whether the 
introduction of method factors improved the tit of the model. Specifi- 
cally, Model 1 (null) was compared with Model 3 (method only), and 
Model 2 (trait only) was compared with Model 4 (trait and method). 
Second, we examined the specific effects of method factors by examin- 
ing the statistical significance of the individual-method factor load- 
ings. For each measure, the method factor loading indicates the effect 
of the method factor, and the square of the loading indicates the per- 
centage of variance due to the method factor (Widaman, 1985). Thus, 
the significance of factor loadings was examined to determine whether 
the method variance was significant. 

As noted earlier, we also tested the possibility that Trait × Method 
interactions exist. In this regard, the DPMs were fitted on the basis of 
the procedures proposed by Wothke and Browne (1990). Because the 
causal diagram for the LlSREL operationalization is quite cumbersome 
(e.g. there are 27 latent variables alone for the smallest model with 
three traits and three methods), we have not provided a figure. How- 
ever, the Appendix contains the input program needed to perform a 
DPM analysis of the data found in Gillet and Schwab (1975). 

Marsh and Hocevar (1988) recently introduced a new, powerful ap- 
proach to MTMM analyses that uses hierarchical confirmatory factor 
analysis. As an alternative to CFA, this procedure explicitly partitions 
total variance into additive components for random measurement 
error, variance specific to each trait-method combination, variance 
common to a trait across methods, and variance common to a method 
across traits. Unlike the CFA model or the DPM, however, the ap- 
proach requires multiple measures for each trait-method combina- 
tion. Because none of the data sets reported in the studies considered 
satisfied this requirement, we did not use this approach in our study, 

All statistical analyses were performed with the LmREL 7 program 
(JOreskog & S6rbom, 1989), given the widespread use of LmREL among 
researchers (e.g., Bagozzi, 1980; Widaman 1985). LmREI~ 7 provides 
several advantages over earlier versions (e.g, LISRSL 6); for example, 
the correct formula for the asymptotic variances of the residuals is 

~M3M I 

Figure I. An illustration of the confirmatory factor analysis model for 
multitrait-multimethod designs with three traits and three methods. 

used, and an error in the computation of the AGFI has been corrected. 
Throughout our analyses, the models were evaluated with multiple 
indicators of goodness of fit. These indicators included (a) chi-square 
tests, (b) AGFI, (c) rmr, (d) the number of large standardized resid- 
uals, and (e) the number of improper estimates (these will be discussed 
later). 

Resul t s  

The results of  the four CFA models discussed earlier are pre- 
sented in Table 1. The descriptions of  the four data sets are 
different from those provided by Spector (1987) and Will iams 
et al. (1989). Specifically, the sample size is I l I (not 302) and 
723 (not 941 ) for Alderfer (1967) and Sims, Szilagyi, and Keller 
(1976), respectively, and the number of  traits is 4 rather than 5 
for both Dunham, Smith, and Blackburn (1977 ) and Gillet  and 
Schwab (1975 ). We made these correct ions after closely in- 
specting the data given in the original articles. For example, 
only four traits are common across methods in Dunham et al. 
(1977, p. 429 ), contrary to the description given by Will iams et 
al. (1989, p. 465 ). Although convergence failures were common 
when both method and trait factors were included in CFA mod- 
els, we were nevertheless able, by judicious choice of  starting 
values, to achieve satisfactory solutions in most instances. 

The first thing to notice is that the CFA model with traits and 
methods fit l0 of  the I l M T M M  data sets quite well, as shown 
in the last column in Table 1. This conclusion is based on an 
interpretat ion of  the chi-square goodness-of-fit tests alone. 
Later we scrutinize additional goodness-of-fit measures and 
other diagnostic criteria that make this interpretation problem- 
atic. 

The chi-square difference tests based on comparison of  two 
sets of  nested models are presented in Table 2. The comparison 
o f  Model 1 and Model 3 showed that  the introduct ion o f  
method factors significantly dropped the chi-square value in 
each data set, indicating that meaningful improvements over 
the null models were achieved (see the first column in Table 2). 
The comparison of  Model 2 and Model 4 also showed that the 
introduction of  method factors provided significant improve- 
ments over the trait-only models for all data sets except Spector 
(1985). Notice that the two chi-square difference statistics are 
generally quite different in their magnitude (e.g~ 1,096.8 vs 53.1 
for Meier, 1984) although they have the same degrees of  free- 
dom. It is thus possible that two chi-square difference tests can 
lead to different conclusions. Indeed, for Spector's (1985 ) data, 
the comparison of  Model I with Model 3 yielded a significant 
chi-square difference test, whereas the comparison of  Model 2 
with Model 4 yielded a nonsignificant chi-square difference 
test. 

Thus, a question arises: Which chi-square difference test 
should be used to assess method effects?. We believe that the test 
should be based on the comparison of  Model 2 with Model 4 for 
two reasons. The first reason stems from the definition o f  
method variance. Campbell and Fiske (1959) defined method 
variance as variance at tr ibutable to measurement  method 
rather than to the constructs of  interest. This definition sug- 
gests that method variance refers to the variance that cannot be 
explained by traits but that is explained by methods. Second, 
the baseline model should be chosen from the set of  meaningful 
models that researchers already accept as valid (Sobel & Bohrn- 
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Table 1 

Results of Confirmatory Factor Analysis of  Multitrait-Multimethod Matrices 
Applied to Data Summarized in Spector (1987) 

Model 1 Model 2 Model 3 Model 4 

Study X 2 df X x df X 2 df X 2 df 

Alderfer, 1967 
(n = 111, T = 5, M = 2) 260.8* 

Dunham, Smith, & Blackburn, 1977 
(n = 622, T = 4, M = 4) 6,799.7* 

Gillet & Schwab, 1975 
(n = 273, T = 4, M =  2) 710.1" 

Johnson, Smith, & Tucker, 1982 
(n = 100, T =  5, M =  2) 528.3* 

MeCabe, Dalessio, Briga, & 
Sasaki, 1980 (Study 1) 
(n = 82, T = 5, M = 2) 774.8* 

McCabe et al., 1980 (Study 2) 
(n = 82, T = 5, M = 2) 926.2* 

Soutar & Weaver, 1982 
(n = 242, T = 5, M = 2) 1,264.2" 

Spector, 1985 
(n = 102, T=  5, M = 2) 485.7* 

Pierce & Dunham, 1978 
(n = 155, T=  4, M =  2) 682.9* 

Sims, Szilagyi, & Keller, 1976 
(n = 723, T = 4, M = 2) 1,082.4" 

Meier, 1984 
(n = 320, T=  3, M = 3) 1,682.3" 

45 46.2* 25 119.2" 34 12.9 14 

120 1,850.1" 98 2,659.6* 98 258.0* 76 

28 39.2* 14 259.4* 19 6.1 5 

45 77.1" 25 204.5* 34 10.4 14 

45 50.5* 25 435.0* 34 6.5 14 

45 34.6 25 376.9* 34 13.9 14 

45 48.7* 25 199.8" 34 13.0 14 

45 25.6 25 218.4" 34 10.4 14 

28 58.9* 14 214.5" 19 2.6 5 

28 78.6* 14 259.7* 19 11.5 6 

36 64.8* 24 585.4* 24 11.7 12 

Note. Model I is the null model; Model 2 is the trait-only model; Model 3 is the method-only model; and 
Method 4 is the trait-method model. T = number of trait factors; and M = number of method factors. 
* p < .05 .  

stedt ,  1985).  In mos t  M T M M  matrices,  the  measures  are no t  
selected at r a n d o m  but  are systematical ly  chosen  to capture  
trai ts .  T h e s e  c o n s i d e r a t i o n s  imply  t h a t  t he  t ra i t -only  m o d e l  
should  be  a basel ine  model  for the  chi-square  difference tests. 
In summary,  the  chi-square  different tests  suggest  tha t  m e t h o d  
var iance  is significant in 10 o f l  1 cases. 

Next we e x a m i n e d  the  stat ist ical  significance o f  m e t h o d  fac- 

to r  loadings for indiv idual  measures.  I f a  loading is greater  t h a n  
twice the  value o f  its s t anda rd  error, t hen  it is judged to differ 
f rom zero. Because the  m e t h o d  factor loading reflects the  de- 
gree  to  which  the  o b s e r v e d  m e a s u r e  is d e t e r m i n e d  by  t he  
m e t h o d  factor, this  tes t  indicates  whe ther  or  not  the  var iance  
due to the  m e t h o d  factor is significant. These  results are sum-  
mar i zed  in the  th i rd  co lumn  o f  Table 2. 

Table 2 
Results of Assessment of Method Variance in Confirmatory Factor Analyses 

Model 1 Model 2 
vS. vs.  

Model 3 Model 4 

Study X 2 df x 2 df 

No. of significant 
method factor 

loadings 

No. of inconsistent 
method factor 

loadings 

Alderfer, 1967 141.6" 11 33.2* 11 
Dunham, Smith, & Blackburn, 1977 4140.1" 22 1,592.0" 22 
Gillet & Schwab, 1975 450.7* 9 33.1" 9 
Johnson, Smith, & Tucker, 1982 323.8* 11 66.7* 11 
McCabe, Dalessio, Briga, & Sasaki, 1980 (Study 1) 339.8* 11 44.0* 11 
McCabe et al., 1980 (Study 2) 549.3* 11 20.7* 11 
Soutar & Weaver, 1982 1064.4" 11 35.7* 11 
Spector, 1985 267.3* 11 15.2 11 
Pierce & Dunham, 1978 468.4* 9 56.4* 9 
Sims, Szilagyi, & Keller, 1976 822.7* 9 67.1" 9 
Meier, 1984 1096.8" 12 53.1" 12 

0/10 0 
10/10 0 
0/8 0 
5/10 0 
0/10 0 
0/10 0 

10/10 0 
1/10 0 
0/8 0 
7/8 2 
5/9 1 

Note. Model I is the null model; Model 2 is the trait-only model; Model 3 is the method-only model; and Method 4 is the trait-method model. 
* p < .05 .  
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None of  the method factor loadings were significant for five 
data sets (i.e, Alderfer, 1967; Gillet  & Schwab, 1975; McCabe et 
al ,  1980, Study 1 & Study 2; Pierce & Dunham, 1978). For four 
data sets (Meier, 1984; Johnson et a l ,  1982; Sims et a l .  1976; 
Spector, 1985), method factors were found to have significant 
effects for some of  the measures employed in each study. In two 
studies (Dunham et a l ,  1977; Soutar & Weaver, 1982), all the 
method effects were significant. Overall, in 5 out of l  1 data sets, 
hal f  or more of  the measures showed significant effects o f  
method factors. Across these five studies, 78% (37 out of  47) of  
the method factor loadings were significant. 

We also examined the possibility that the nonsignificance of  
method loadings might be due to empirical underidentifica- 
tion or overfitting (Kenny, 1979). For example, empirical un- 
deridentification can increase the standard errors of  parameter 
estimates (Rindskopf, 1984), which may lead to the nonsignifi- 
cance of  method factor loadings. However, an inspection of  the 
parameter estimates and their standard errors gave no indica- 
tion of  empirical underidentification or overfitting. 

Another important  consideration in assessing method effects 
is the interpretability of  parameter estimates. Parameter esti- 
mates are inconsistent if they are highly unlikely or contradict 
what would be expected on the basis of  theoretical or method- 
ological reasoning. For example, if  method effects yield both 
positive and negative loadings on the same method factor, they 
are typically uninterpretable. 2 Browne (1984, p. 7) called these 
wastebasket parameters to indicate that they are introduced to 
achieve satisfactory goodness of  fit but do not have a substan- 
tive interpretation (see also Kenny, 1979, p. 154). In our reanal- 
yses, the results showed that Sims et al. (1976) and Meier (1974) 
had 2 and 1 inconsistent loadings for method factors, respec- 
tively, rendering method factors in these studies difficult to 
interpret. However, across these two studies, 14 of  17 method 
factor loadings were consistent, and 12 of  17 were significant. 

To summarize, in five data sets (i.e, Dunham et al ,  1977; 
Johnson et al ,  1982; Meier 1984; Sims et al ,  1976; Soutar & 
Weaver, 1982), most method factors (78%) showed statistically 
significant effects. These results suggest that method variance 
can often be significant, consistent with the findings of  Wil- 
l iams et al. (1989). In the other six data sets, however, many of  
the individual method loadings showed statistical nonsignifi- 
cance. Spector (1987) concluded that there was little evidence 
of  method variance (i.e, in 1 o f l0  studies), whereas Will iams et 
al. concluded that there was strong evidence of  method vari- 
ance (i.e, in 9 of  11 data sets). Thus, our findings suggest a 
conclusion somewhere between Spector's and Will iams et al's. 

So far, we have implicitly assumed that the CFA model is 
adequate for analyzing all the data sets. However, the assumed 
structure of  the trait and method effects should be tested with 
various goodness~of-fit indicators for the CFA model. A num- 
ber of  diagnostics for each data set are summarized in Table 3. 
The chi-square test, AGFI,  and R M R  are overall measures of  
fit in the sense that they express the discrepancy between the 
var iance-covar iance matr ix  impl ied  by the hypothesized 
model and the observed variance--covariance matrix. 

We used two additional criteria to evaluate the CFA solu- 
tions. Standardized residuals are formed by taking the residuals 
from the observed and implied variance-covariance matrices 
and dividing these residuals by their  asymptotic  s tandard  

errors. According to Jtireskog and Stirbom (1989, p. 32), "each 
standardized residual can be interpreted as a standard normal 
deviate and considered 'large' if  it exceeds the value 2.58 in 
absolute value y Standardized residuals can be obtained as an 
option on LISREL 7. The presence of  large standardized resid- 
uals indicates that a significant amount of  variance remains 
unexplained and that the model may be misspecified. 

The second procedure we used was an examination of  each 
parameter  for the presence o f  improper  estimates. An im- 
proper estimate is one that is either illogical or outside the 
range of  conventional acceptability. Negative error variances, 
correlations greater than 1.00, and standardized factor loadings 
greater than 1.00 are examples. Because improper estimates 
often result from model  misspecifications (e.g., van Driel, 
1978), they provide useful information about the adequacy of  a 
model. Thus, the presence of  large standardized residuals or 
improper  est imates would indicate that  the hypothesized 
model is not appropriate for the given data set. 

Only statistically significant anomalies were considered im- 
proper estimates in this study. For example, nonsignificant neg- 
ative error variances were not counted as improper estimates 
because they could occur as the result of  sampling errors. Simi- 
larly, we counted as inconsistent estimates only those that were 
statistically significant and opposite in sign to that expected. 
Nevertheless, it should be acknowledged that the presence of  a 
significant number  of  nonsignificant error  variances could 
point to model misspecification if  no theoretical or method- 
ological reason can be offered to explain their occurrence. 

Applying the above criteria to our analyses, we obtained the 
summary of  results shown in Table 3. Notice first that the Dun- 
ham et al. (1977 ) analysis yielded an unsatisfactory goodness of  
fit based on the chi-square test, X 2 (76, N = 622) = 258.0, p < 
.001, and 91 large standardized residuals. The data of  Gillet  
and Schwab (1975 ) yielded a satisfactory chi-square statistic, x 2 
(5, N = 273) = 6.1, p > .28, but revealed 6 large standardized 
residuals. All  studies showed satisfactory AGFIs  ( .87-.97),  
with the possible exception of  McCabe et al 's (1980) Study 2, 
and all studies yielded satisfactory rmrs (.01-.08), with the 
possible exception of  Dunham et al. (1977). No improper esti- 
mate was found for any of  the data sets. On balance, we have 
reason to accept the CFA solutions for 9 of  the 11 data sets. 

We thank two anonymous reviewers for suggesting these ideas. A 
third reviewer pointed out that the difference in conclusions for the 
test of overall versus individual method effects may reflect the proper- 
ties of the chi-square statistic and its degrees of freedom. For example, 
a chi-scluare value of 3 with I degree of freedom is not significant. But if 
this chi-square value were tested together with another value (an omni- 
bus chi-square test of 6 with 2 degrees of freedom), it would be consid- 
ered significant. 

2 A reviewer suggested that negative as well as positive loadings on 
the method factor could occur if organizational informants were used 
as methods. Presumably this could reflect systematic biases from mul- 
tiple informants in a manner leading to opposite effects on each mea- 
surement. For example, if two informants from each of a set of organiza- 
tions provided information on each measurement in an MTMM de- 
sign, and the responses were systematically influenced in opposite 
ways (e.g., due to differences in knowledge, position in hierarchy, 
vested interest, power, etc.), negative and positive loadings could occur 
across items on a method factor. 
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Table 3 
Summary of Goodness-of-Fit Measures for Confirmatory Factor Analysis Models 

No. of large 
standardized 

Study x ~ df p AGFI rmr residuals 

Alderfer, 1967 12.9 14 .53 .91 .06 0 
Dunham, Smith, & Blackburn, 1977 258.0 76 .00 .92 .08 91 
Gillet & Schwab, 1975 6.1 5 .29 .96 .02 6 
Johnson, Smith, & Tucker, 1982 10.4 14 .73 .92 .03 0 
McCabe, Dalessio, Briga, & 

Sasaki, 1980 (Study 1) 6.5 14 .95 .94 .02 0 
McCabe et al, 1980 (Study 2) 13.9 14 .46 .87 .02 0 
Soutar & Weaver, 1982 13.0 14 .53 .96 .02 0 
Spector, 1985 10.4 14 .73 .93 .03 0 
Pierce & Dunham, 1978 2.6 5 .76 .97 .01 0 
Sims, Szilagyi, & Keller, 1976 11.5 6 .07 .98 .01 0 
Meier, 1984 11.7 12 .47 .97 .02 0 

Note. AGFI = adjusted goodness-of-fit index; rmr = root-mean-square residual. 

No. of 
improper 
estimates 

0 
0 
0 
0 

0 
0 
0 
0 
0 
0 
0 

However, the analyses of  the Dunham et al. (1977) and Gillet 
and Schwab (1975 ) studies yielded unsatisfactory goodness-of- 
fit indexes. Therefore, we rejected the hypothesis of  linear, ad- 
ditive effects for methods implied by the CFA for these two data 
sets. 

Next we examined whether the DPM is a viable alternative, 
especially for the two data sets not fitting the CFA pattern. A 
summary of  the findings for the DPM applied to each data set 
is presented in Table 4. On the basis of  the standard goodness- 
of-fit indicators, the DPM appears to fit the data of  Gillet and 
Schwab (1975) and possibly Spector (1985). For example, the 
chi-square tests indicated an acceptable fit for these data sets, 
×2 (16, N= 273) = 17.6, p >  .30; and x2 (28, N=  102) = 40.9, p >  
.06, respectively. However, the Spector (1985) data revealed 6 
large standardized residuals, suggesting a model specification 
error. In fact, an inspection of  the standardized residuals re- 
vealed the presence of  large values in 8 of  the I l DPM analyses. 
In addition, 4 improper estimates were found in the Alderfer 
(1967 ) analysis. Finally, one error message arose in the analysis 
of  McCabe et al.'s (1980, Study 2) data, suggesting that one 
parameter was unidentified. Because the parameter in ques- 
tion was in fact theoretically identified, it is likely that the mes- 
sage refers to empirical underidentification (Dillon, Kumar, & 
Mulani, 1987; Kenny, 1979; Rindskopf, 1984). In short, when 
all the goodness-of-fit indicators and diagnostics were taken 
into account, the evidence supported the DPM for the data of  
Gillet and Schwab (1975) but not for any of  the remaining l0 
data sets. The individual parameter estimates for the DPM anal- 
ysis of  the data in Gillet and Schwab (1975) are presented in 
Table 5. 

The parameter estimates in Table 5 reveal some useful infor- 
roation about the properties of  trait and method factors. The 
trait correlation matrix PT can be easily retrieved from q~l. As 
expected, the elements of  PT, the trait correlation coefficients 
corrected for attenuation, are larger than the original (ob- 
served) correlation coefficients (reported by Gillet & Schwab, 
1985). For instance, the disattenuated correlation between pro- 
motion and pay is .63, which is higher than the corresponding 
raw correlations (ranging from. 34 to.55 ). However, PT reflects 
trends in the correlations among the observed measures. That 

is, the promotion-pay correlation is relatively large, whereas the 
promotion-coworkers and pay-coworkers correlations are 
small, consistent with the pattern in the original MTMM data. 
The dements Of PM can be similarly examined. Using the find- 
ings in Table 5, we found that correlation between the two 
methods to be .79. 

An important purpose of  MTMM analyses is to assess the 
construct validity of  measures. Thus, we examined the conver- 
gent and discriminant validity for each data set by using both 
CFA models and DPMs. The convergent validity in the CFA 
model was first assessed by comparing hierarchically nested 
models (Schmitt & Stults, 1986; Widaman, 1985): Model 1 ver- 
sus Model 2 and Model 3 versus Model 4 (see Table 1 ). The 
comparison of  Model 1 with Model 2 resulted in a significant 
chi-square difference in all studies, suggesting that the addition 
of  trait factors to a null model results in a better fit. The compar- 
ison of  Model 3 and Model 4 also yielded a significant chi- 
square difference in all the studies, indicating that the addition 
of  trait factors improved the model fit significantly. 

We then examined the loadings in AT to gain information on 
the degree of  convergent validity. The loadings for trait factors 
indicated trait-related variation in the measures, and the extent 
of  trait variation reflected the magnitude of  shared variation 
for two or more measures on a common factor. Within the 
context of  CFA, this variation has method and error variance 
removed from it. Trait variance thus yields a quantitative indi- 
cator of  the degree of  convergent validity. Convergent validity 
can be said to result when the trait factor loading on a measure 
of  interest is statistically significant. 

As shown in Table 6, convergent validity in this sense was 
achieved for most data sets. Overall, 81% of  measures showed 
convergent validity across studies. Two data sets failed to 
achieve convergent validity, one data set revealed mixed results, 
and eight data sets achieved convergent validity (see Table 7 for 
a summary). We should stress that this conclusion is based on 
the statistical significance of  trait factor loadings. It is possible 
that significant trait factor loadings can be low from a practical 
point of  view. 

We assessed discriminant validity by examining the correla- 
tions among traits and their standard errors under the CFA 
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Table 4 
Summary of Goodness-of-Fit Measures for Direct Product Models 

Study X 2 df p AGFI 

No. of large No. of 
standardized improper 

rmr residuals estimates 

Alderfer, 1967 50.1 28 .01 .82 .12 
Dunham, Smith, & Blackburn, 1977 465.2 101 .00 .89 .08 
Gillet & Schwab, 1975 17.6 16 .30 .96 .04 
Johnson, Smith, & Tucker, 1982 44.3 28 .03 .85 .07 
McCabe, Dalessio, Briga, & 

Sasaki, 1980 (Study 1) 52.7 28 .00 .80 .05 
McCabe et al, 1980 (Study 2) 42.7 28 .04 .82 .02 
Soutar & Weaver, 1982 53.8 28 .00 .92 .04 
Spector, 1985 40.9 28 .06 .86 .07 
Pierce & Dunham, 1978 33.3 16 .01 .89 .06 
Sims, Szilagyi, & Keller, 1976 92.4 16 .00 .93 .05 
Meier, 1984 49.3 25 .00 .94 .03 

6 4 
46 0 
0 0 
4 0 

3 0 
0 0 

11 0 
6 0 
1 0 

15 0 
0 0 

Note. AGFI = adjusted goodness-of-fit index; rmr = root-mean-square residual. 
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model. Discriminant validity among traits is achieved when an 
intertrait correlation is significantly different from 1.00 or 
when the chi-square difference test indicates that the two traits 
are not perfectly correlated (e.g, Schmitt & Stults, 1986; Wida- 
man, 1985). Discriminant validity was established for all the 
measures of 7 data sets: Dunham et al. (1977), Johnson et al. 
(1982), McCabe et al. (1980, Study I and Study 2), Pierce and 
Dunham (1978), Spector (1985), and Sims et al. (1976). In 
contrast, discriminant validity was achieved 8 of 10 times for 
Alderfer (1967), 0 of 6 times for Gillet and Schwab (1975), 6 of 
10 times for Soutar and Weaver (1982), and 2 of 3 times for 
Meier (1984). The third column of Table 7 summarizes the 
results of these analyses. 

We also examined convergent and discr iminant  validity 
under the DPM, using the criteria described earlier. Because 
the method correlation (i.e., r = .  18) was small in Alderfer 
(1967), we concluded that convergent validity was not 
achieved. Because the method correlations were relatively large 
in all other studies, we concluded that convergent validity was 
achieved. Specifically, the average method correlation was .64 
for Dunham et al. (1977), .79 for Gillet and Schwab (1975), .77 
for Johnson et al. (1982), .98 for McCabe et al. (1980, Studies 1 
and 2), .94 for Soutar and Weaver (1982), .94 for Spector 
(1985), .83 for Pierce and Dunham (1978), .83 for Sims et al. 
(1976), and .94 for Meier (1984). 

The test of discriminant validity can be illustrated with the 
data of Alderfer (1967 ). The correlations among traits ranged 
from - .02  to .03 and are significantly less than unity, satisfying 
the first criterion of discriminant validity. The method correla- 
tion was. 18, which was larger than any of the trait correlations, 
satisfying the second criterion. The third requirement was also 
met. All the studies were evaluated in terms of these criteria, 
and as the final column of Table 7 shows, the criteria for dis- 
criminant validity were met for all studies except Dunham et 
al. (1977). 3 

Discussion 

We investigated the nature of method effects (i.e, additive or 
multiplicative) by comparing two alternative models: CFA and 
DPM. To gain perspective into the issues, let us examine Table 

7, which summarizes the conclusions we drew from the CFA 
and DPM analyses. The conclusions are based on a full inter- 
pretation of goodness-of-fit measures, parameter estimates, 
and the other diagnostics mentioned earlier (of. Tables 3 and 
4). When the model-fit criteria in the full sense are considered, 
neither the CFA nor DPM hypotheses fit the data o fDunham et 
al. (1977). The DPM, but not the CFA model, fits the data of 
Gillet and Schwab (1975).4 In contrast, the CFA model, but not 
the DPM, fits all the other data sets. The results across studies 
tend to support the premise that MTMM data can be explained 
by either additive or multiplicative method effects, but not by 
both. 5 Only the data in Dunham et al's (1977) study failed to fit 
either model. One explanation for this lack of fit is methodologi- 
cal. Dunham et al. administered 41 scales to respondents, and 
each scale contained many items. The length of their survey 
might have induced fatigue and other biases, leading to the lack 
of a discernable structure in their data. 

3 No standard errors were available in McCabe, Dalessio, Briga, and 
Sasaki's (1980) Study 2 because of the empirical underidentification 
problem; as a result, the first criterion could not be tested statistically. 
However, the size of the correlations (.40-.76) suggests that they all are 
most likely lower than unity and thus probably satisfy the first crite- 
rion. 

4 A convergence failure occurred for the CFA model (with two 
method factors) in this data set, but an alternative model hypothesiz- 
ing only one method factor yielded converging solutions with a satisfac- 
tory fit. The results suggest that overfitting might be a problem for the 
CFA model in this data set. 

5 The findings for the DPM applied to the data of Meier (1984) 
might be interpreted as supporting the model, thus implying that both 
the CFA model and DPM fit the data. However, although no standard- 
ized residuals were significant and all other parameter estimates 
pointed to an acceptable DPM fit, the chi-square test suggested a poor 
fit. Thus, the evidence is mixed for accepting the DPM. When it is not 
possible to differentiate between the CFA and DPM analyses for a 
particular data set on the basis of the criteria scrutinized herein, the 
researcher might wish to apply cross-validation and penalty functions 
(e.g, Cudeck & Browne, 1983). We acknowledge that it is possible for 
both the CFA model and DPM to fit a particular data set, although it is 
unlikely (cf. Bagozzi & Yi, in press). 
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If we had based our conclusions about model fit solely on the 
chi-square goodness-of-fit tests (cf. Tables 3 and 4), the CFA 
model would have been accepted for Gillet and Schwab (1975) 
and the DPM accepted for Spector (1985). Aside from over- 
looking the anomalies noted in the Results section, the use of 
only the chi-square goodness-of-fit test would thus have led to 
ambiguous and contradictory results for these data sets. We see 
the need for careful examination of individual parameter esti- 
mates, standardized residuals, and the additional diagnostics 
noted earlier. 

When the evidence for convergent and discriminant validity 
is examined, the CFA and DPM conclusions can be quite dif- 
ferent (see Table 7). Consider, for example, the analyses of the 
data in Gillet and Schwab (1975). Here CFA indicated a failure 
to achieve convergent and discriminant validity, whereas the 
DPM analysis led to a conclusion of satisfactory convergent and 
discriminant validity. Which conclusion is appropriate? Recall 
that the DPM gave a satisfactory fit to the data, whereas the 
CFA model was rejected. From this perspective, more credence 
should be given to the conclusion from the DPM analysis. This 
result suggests that one should investigate the structure of 
method effects before assessing construct validity. 

To date, most analyses of MTMM matrices have been based 
on the assumption that effects of methods and traits are addi- 
tive. As Campbell and O'Connell (1967, p. 424) argued, the 
assumptions underlying the additive models of factor analysis 
have been untested. Researchers have invariably used factor 
analysis as the criterion to which the data should fit, never vice 
versa. However, analytical procedures should be chosen on the 
basis of the fit of the models (e.g, CFA or DPM) to the data. 
That is, the models should be tested against data, rather than 
merely assumed. Our analyses revealed that the multiplicative 
effects are plausible for at least some data, suggesting that more 
attention should be given to the DPM in MTMM analyses (see 
also Bagozzi & Yi, in press). 

One potential limitation of the DPM might be noted. The 
DPM criterion for convergent validity requires that the method 
correlations be substantial. This criterion is a composite indica- 
tor that implicitly takes into account the resultant convergence 
among multiple measures for each trait. The composite indica- 
tor does not identify the degree of convergent validity or point 
out which measure is satisfactory or not. The CFA criterion for 
convergent validity is based on the amount of trait variance for 
each measure and provides diagnostic information about 
which measures achieve convergent validity. Such diagnostic 
results can aid researchers in item selection for future research 
(cf. Anderson & Gerbing, 1988). It thus appears that the DPM 
is less informative than the CFA model with respect to conver- 
gent validity. 

The primary focus of the current article was on the adequacy 
of MTMM models based on commonly accepted statistical cri- 
teria. We now consider the practical relevance of the findings, 
with particular emphasis on the nature of overfitting. For each 
of the data sets, we computed noncentralized NFIs for (a) the 
trait-only CFA model compared with the null model, (b) the 
trait-method CFA model compared with the null model, and 
(c) the trait-method CFA model compared with the trait-only 
CFA model. The first two indices give the proportion of total 
information accounted for by the trait-only and trait-method 
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Table 6 
Results of Assessment of Convergent Validity in Confirmatory Factor Analyses 

Model 1 Model 3 
v s .  v s .  

Model 2 Model 4 No. of significant No. of inconsistent 
trait factor trait factor 

Study X 2 df x ~ df loadings loadings 

Alderfer, 1967 214.6 20 106.3 11 0/10 0 
Dunham, Smith, & Blackburn, 

1977 4,949.6 22 2,401.5 22 16/16 0 
Gillet & Schwab, 1975 670.9 14 253.3 14 0/8 0 
Johnson, Smith, & Tucker, 

1982 451.2 20 194.1 20 10/10 0 
McCabe, Dalessio, Briga, & 

Sasaki, 1980 (Study 1) 724.3 20 428.5 20 10/10 0 
McCabe et al. 1980 (Study 2) 891.6 20 363.0 20 10/10 0 
Soutar& Weaver, 1982 1,215.5 20 186.8 11 7/10 0 
Spector, 1985 460.1 20 208.0 20 10/10 0 
Pierce & Dunham, 1978 623.9 14 211.9 14 8/8 0 
Sims, Szilagyi, & Keller, 

1976 1,003.8 14 248.2 14 8/8 0 
Meier, 1984 i,617.4 12 573.7 12 9/9 0 

Note. Model I is the null model; Model 2 is the trait-only model; Model 3 is the method-only model; and 
Method 4 is the trait-method model. All chi-square values are significant (p < .05). 
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models, respectively, from a practical standpoint (e.g, Bentler & 
Bonett, 1980; Mulaik et al ,  1989). The third index provides an 
indication of  the gain in goodness-of-fit when going from the 
trait-only to trai t-method CFA model. In all three indices, the 
appropriate degrees of  freedom are subtracted from their re- 
spective chi-square values to yield noncentralized estimates. 
The noncentralized NFIs  remove the bias in small samples of  
ordinary NFIs  (e.g, McDonald & Marsh, 1990). 

The findings for the appl icat ion o f  these noncentral ized 
NFIs  to the I l data sets examined in this article are presented in 
Table 8. Shown in the first column, the noncentralized NFIs  for 
the trait-only model are quite large for most data sets. This 
suggests that trait factors explain a substantial amount of  infor- 

mation in the I 1 data sets. An inspection of  the second column 
shows that both trait and method factors explain virtually all 
the information in the data. The increments in noneentralized 
NFIs  going from the trait-only to the trai t-method CFA model 
(see column 3 in Table 8) range from .01 to .24. Our analyses, 
based on commonly accepted statistical criteria, showed that 
method variance was significant for 5 o f l  I data sets (see Table 
2). In three of  these five studies (i.e, Dunham et al ,  1977; 
Johnson et al ,  1982; Sims et al ,  1976), the improvement in the 
noncentralized NFI  value due to the addition of  methods was 
larger than .05 (.24,. 12, and .06, respectively). If  the .05 value is 
used as a rule of  thumb, one might conclude that method vari- 
ance is significant in both statistical and practical senses for 

Table 7 
Qualitative Summary of Findings Across Studies 

Confirmatory factor analysis Direct-product model 

Model Convergent Discriminant Model Convergent Discriminant 
Study fit validity validity fit validity validity 

Alderfer, 1967 Accept Fail Mixed Reject Fail Pass 
Dunham, Smith, & Blackburn, 1977 Reject Pass Pass Reject Pass Fail 
Gillet & Schwab, 1975 Reject Fail Fail Accept Pass Pass 
Johnson, Smith, & Tucker, 1982 Accept Pass Pass Reject Pass Pass 
MeCabe, Delessio, Briga, & 

Sasaki, 1980 (Study 1) Accept Pass Pass Reject Pass Pass 
McCabe et al, 1980 (Study 2) Accept Pass Pass Accept Pass Pass 
Soutar & Weaver, 1982 Accept Mixed Mixed Reject Pass Pass 
Speetor, 1985 Accept Pass Pass Reject Pass Pass 
Pierce & Dunham, 1978 Accept Pass Pass Reject Pass Pass 
Sims, Szilagyi, & Keller, 1976 Accept Pass Pass Reject Pass Pass 
Meier, 1984 Accept Pass Mixed Reject Pass Pass 

Note. The qualitative conclusions summarized here should be interpreted, and tempered if necessary, in conjunction with the findings for 
goodness-of-fit of models and other diagnostics. 
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Table 8 
Results for Testing Overfitting Hypothesis by Use of  Noncentralized Normed-Fit-lndex 

Study 

Model 2 Model 4 Model 
VS. VS. VS. 

Model 1 Model i Model 

Alderfer, 1967 0.90 1.00 0.11 
Dunham, Smith, & Blackburn, 1977 0.74 0.97 0.24 
Gillet & Schwab, 1975 0.96 1.00 0.04 
Johnson, Smith, & Tucker, 1982 0.89 1.01 0.12 
McCabe, Dalessio, Briga, & 

Sasaki, 1980 (Study 1) 0.97 1.01 0.05 
McCabe et al., 1980 (Study 2) 0.99 1.00 0.01 
Soutar & Weaver, 1982 0.98 1.00 0.02 
Spector, 1985 1.00 1.01 0.01 
Pierce & Dunham, 1978 0.93 1.00 0.07 
Sims, Szilagyai, & Keller, 1976 0.94 0.99 0.06 
Meier, 1984 0.98 1.00 0.02 

Note. Model 1 is the null model; Model 2 is the trait-only model; and Model 4 is the trait-method model. 

these data sets. In fact, three other studies with nonsignificant 
method loadings (Alderfer, 1967; McCabe et al, 1980, Study l; 
Pierce & Dunham, 1978) had noncentralized NFI increments 
larger than .05 (. 1 l, .05, and .07, respectively). On the basis of 
the noncentralized NFI values (as well as the chi-square tests), 
one could argue that method factors are important for these 
studies, though standards for what constitutes a significant in- 
crement in noncentralized NFIs are lacking. 

Some caveats are in order. The findings of this investigation 
may be limited in their generalizability because they are based 
on empirical data sets in a selected research area (cf. Bagozzi & 
Yi, in press). Caution is also needed in comparing the results 
across the studies examined because they had different sample 
sizes. It has been shown that sample size has significant effects 
on goodness-of-fit indicators such as AGFI and rmr (La Du & 
Tanaka, 1989; Marsh, Balla, & McDonald, 1988). Moreover, 
the rules we suggest for assessing validity and practical signifi- 
cance are merely heuristics. 

In summary, this research indicates that the assessment of 
method variance in MTMM analyses is a complex process in- 
volving a number of criteria. Our reanalyses of the data ana- 
lyzed by Spector (1987) suggest that the conclusions stated by 
Williams et al. (1989) could have been an artifact of their ana- 
lytic procedure, which was based solely on overall tests of fit. In 
the l0 studies on affect and perceptions at work, we found 
method variance to be sometimes significant, but not as preva- 
lent as Williams et al. concluded. We also found that method 
effects were sometimes multiplicative (though much less preva- 
lent than Campbell & O'Connell, 1967, 1982, suggested) rather 
than additive, so that the usual CFA model was inappropriate. 
Thus, it seems necessary for researchers to consider alternative 
models (i.e., the CFA model and DPM) when analyzing 
MTMM matrices. 

Future research should be directed at determining the condi- 
tions under which each model is appropriate. Researchers 
might conduct simulation studies to compare the performance 
of alternative models (i.e., CFA model and DPM) over a range of 
relevant factors. Such studies ought to contribute to a better 
understanding of the consequences and implications of using 

the improper model when analyzing MTMM data. Researchers 
should examine MTMM data in other substantive areas as well 
to determine the generalizability of these findings. 
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Appendix 

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

DA NI=8 NO=273 MA=KM 0 0 0 0 0 0 0 0 0 1  
[data] 0 0 0 0 0 0 0 0 0 0 1  
MO NY=-8 NE=-8 NK--16 LY=DI, FR GA=FU, FR PI-I=SY, FR PS=ZE 0 0 0 0 0 0 0 0 0 0 0 1  
BE=-ZE, TE=-ZE 0 0 0 0 0 0 0 0 0 0 0 0 1  
ST.8 LY 1--LY 8 0 0 0 0 0 0 0 0 0 0 0 0 0 1  
E Q L Y I L Y 5  0 0 0 0 0 0 0 0 0 0 0 0 0 0 1  
PAGA 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1  
* MA PH 
0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0  * 

0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0  1 

0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0  .51 
0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0  .5.51 
1 0 0 0 1 0 0 0 0 0 0 0 1 0 0 0  . 5 . 5 . 5 1  

0 1 0 0 0 1 0 0 0 0 0 0 0 1 0 0  0 0 0 0 1  
0 0 1 0 0 0 1 0 0 0 0 0 0 0 1 0  0 0 0 0 . 5 1  
0 0 0 1 0 0 0 1 0 0 0 0 0 0 0 1  0 0 0 0 . 5 . 5 1  
MA GA 0 0 0 0 . 5 . 5 . 5 1  
, 

1 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0  0 0 0 0 0 0 0 0 . 2  
0 1 0 0 0 0 0 0 0 1 0 0 0 0 0 0  0 0 0 0 0 0 0 0 0 . 2  
0 0 1 0 0 0 0 0 0 0 1 0 0 0 0 0  0 0 0 0 0 0 0 0 0 0 . 2  
0 0 0 1 0 0 0 0 0 0 0 1 0 0 0 0  0 0 0 0 0 0 0 0 0 0 0 . 2  
1 0 0 0 1 0 0 0 0 0 0 0 1 0 0 0  0 0 0 0 0 0 0 0 0 0 0 0 . 2  
0 1 0 0 0 1 0 0 0 0 0 0 0 1 0 0  0 0 0 0 0 0 0 0 0 0 0 0 0 . 2  
0 0 1 0 0 0 1 0 0 0 0 0 0 0 1 0  0 0 0 0 0 0 0 0 0 0 0 0 0 0 . 2  
0 0 0 1 0 0 0 1 0 0 0 0 0 0 0 l  0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 . 2  
EQGA 51 G A 6 2  GA 73 G A 8 4  EQPH 21 P H 6 5  
E Q G A 5 5 G A 6 6 G A 7 7 G A 8 8  E Q P H 3 1 P H 7 5  
F I G A 1 9 G A 2 1 0 G A 3 1 1 G A 4 1 2  E Q P H 4 1 P H 8 5  
EQGA 513 G A 6 1 4 G A  715 GA816  EQ PH 32 PH 76  
PA PH EQ PH 4 2  PH 86 
, EQ P H 4 3  P H  8 7  

0 EQ P H 9 9  PHI313  
1 0  EQ PH 1010 PH 1414 
110 EQ PH 1111PH1515 
1110  E Q P H I 2 1 2 P H 1 6 1 6  
0 0 0 0 0  OU NS SS TV RS ND--4 AD---5000 

0 0 0 0 1 0  
0 0 0 0 1 1 0  Received October  17, 1989 
0 0 0 0 1 1 1 0  Revis ion received M a r c h  22, 1990 
0 0 0 0 0 0 0 0 1  Accepted M a r c h  23, 1990 • 


