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Method effects often occur when constructs are measured by different methods. In
traditional multitrait-multimethod (MTMM) models method effects are regarded
as residuals, which implies a mean method effect of zero and no correlation
between trait and method effects. Furthermore, in some recent MTMM models,
traits are modeled to be specific to a certain method. However, often we are
not interested in a method-specific trait but in a trait that is common to all
methods. Here we present the Method Effect model with common trait factors,
which allows modeling “common” trait factors and method factors that represent
method “effects” rather than residuals. The common trait factors are defined as the
mean of the true-score variables of all variables measuring the same trait and the
method factors are defined as differences between true-score variables and means
of true-score variables. Because the model allows estimating mean method effects,
correlations between method factors, and correlations between trait and method
factors, new research questions may be investigated. The application of the model
is demonstrated by 2 examples studying the effect of negative, as compared with
positive, item wording for the measurement of mood states.

MULTITRAIT-MULTIMETHOD RESEARCH

Constructs regarded in the social sciences may usually be measured by different
methods; for example, self, parent, and teacher ratings are used for the measure-
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ment of children’s competencies, questionnaire and behavior observation for
the measurement of anxiety, or positively and negatively worded items for the
measurement of mood states. For the validation of a measurement instrument
Campbell and Fiske (1959) proposed to use multitrait-multimethod (MTMM)
designs, where each of several traits (constructs) is measured by each of several
methods. According to Campbell and Fiske, discriminant validity is supported
when the trait under investigation may well be distinguished from other traits
and convergent validity is achieved when different measurement methods yield
similar results in measuring the same trait.

Today, MTMM designs are not only used for the validation of a measurement
instrument but also for the measurement of constructs in general. Because there
is usually no method with undoubted validity, researchers frequently use several
methods to measure a construct. Examples are Mount (1984), who used superior,
self, and peer ratings for the measurement of managerial performance; Villar, Lu-
engo, Gémez-Fraguela, and Romero (2006), who measured parenting constructs
using adolescent, mother, and father reports; and McConnell and Leibold (2001),
who used implicit association tests, explicit measures, and external ratings for
the measurement of racial attitudes. Usually different methods do not yield the
same result for the measurement of a construct, but instead systematic differences
between the different measurements exist that are person-specific. If systematic
person-specific method effects exist, these measures are not unidimensional.
Thus, in data analysis, ignoring systematic individual method effects often results
in an unsatisfactory model fit. In order to get a satisfactory model fit, method
effects need to be accounted for in the model.

Although in some studies method effects are regarded as nuisance effects
(e.g., Cole, Martin, Powers, & Truglio, 1996; Gignac, 2006; Motl & DiStefano,
2002), they are the focus of research in other studies. Typical examples are the
investigation of the effect of different raters on the measurement of constructs
(see Clausen, 2002; Conway & Huffcuff, 1997, for examples of rater effects
on teaching quality and job performance, respectively) or the investigation of
the effect of item wording (positive or negative) on ratings measuring different
psychological constructs (see, e.g., Horan, DiStefano, & Motl, 2003; Marsh,
1996; Russell & Carroll, 1999; Steyer & Riedl, 2004; Vautier & Pohl, 2008;
Watson & Tellegen, 1999).

In order to analyze data measured with multiple methods different models
have been proposed, most of them based on confirmatory factor analysis (see,
e.g., Marsh, 1989; Widaman, 1985). The most frequently applied models are
the correlated trait-correlated uniqueness model (CTCU; Kenny, 1976; Marsh,
1989; Marsh & Craven, 1991), the correlated trait-correlated methods model
(CTCM; Joreskog, 1974; Widaman, 1985), and the correlated trait-correlated
method minus one model (CTC[M-1]; Eid, 2000). A more recent model is the
Method Effect model with a reference method (Pohl, Steyer, & Kraus, 2008).
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These models are depicted in Figure 1 for nine manifest variables Y;; measuring
three traits (¢) by three methods (j). The latent variables represent trait factors
(T; and 1;;) and method factors (M;).

The Correlated Trait-Correlated Uniqueness Model

In the CTCU model (see Figure 1(a)), method effects are accounted for by
error covariances. Thus the error terms in this model not only represent un-
systematic measurement error but also systematic method effects. Because the
method effects are part of the error term, the reliability of the measurement is
underestimated. Correlations between different method effects are not allowed.
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If, for example, the effect of different raters on the measurement of managerial
performance of an employee is investigated, the model does not allow that
different raters show similar response tendencies. Instead, it is assumed that the
effects of different raters are independent of each other. This is not always a
plausible assumption and Conway, Lievens, Scullen, and Lance (2004) showed
that biased estimates for the trait variances and covariances may result if the
assumption of uncorrelated method effects is not met. Furthermore, because
the method effects are only accounted for by allowing for covariances between
error variables, no explanatory variables can be included in the model that may
explain the interindividual differences in the method effects.

The Correlated Trait-Correlated Methods Model

As in the CTCU model, in the CTCM model (see Figure 1(b)) the trait factors
represent “trait variance” (Marsh, 1989, p. 357), that is, variance that is common
to all variables measuring this trait by different methods. Method effects are
represented by a method factor for each method. The variance of the manifest
variables may be additively decomposed into trait, method, and error variance.
Correlations between different method factors may be estimated and the method
factors may be explained by external variables. However, in contrast to the CTCU
model, the CTCM model suffers from identification and estimation problems,
especially when the method factors are correlated (Marsh, 1989; Marsh &
Grayson, 1995).

The Correlated Trait-Correlated (Methods Minus One) Model

The more recent correlated trait-correlated method minus one (CTC[M-1]) model
(see Figure 1(c)) overcomes some of the limitations of the other MTMM models.
In this model a reference method needs to be chosen for which no method
factor is modeled, whereas all other methods have their own method factor. This
model avoids overparameterization and the resulting identification and estimation
problems. The trait factors are defined as true-score variables of the manifest
variables measuring the trait by the reference method (t;;) and the method factors
are defined as residual variables of the regression of the true-score variable
of a manifest variable measuring a trait with a specific method on the true-
score variable of a manifest variable measuring the same trait with the reference
method (i.e., on the trait variable). Note that here, in contrast to the CTCU and
CTCM model, where common trait factors are modeled, method-specific trait
factors are defined. As in the CTCM model the method factors may correlate
with each other and the variance of the manifest variables may be additively
decomposed into trait, method, and error variance. A limitation of the model is
that model fit and variance of the method factors are not invariant to the choice
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of the reference method, thus leading to different substantive interpretations for
different reference methods.

How to Model Method Effects

In the MTMM models presented earlier, method effects are implicitly (CTCM,
CTCU) or explicitly (CTC[M-1]) regarded as residuals. Joreskog (1971) in-
terpreted method factors as “what is left over after all trait factors have been
eliminated” (p. 128) and stated that they are “independent of the particular traits
that the method is used to measure” (p. 128). In the CTCU model method effects
are represented in the error terms (which are uncorrelated with the traits) and
in the CTC(M-1) model the method factors are explicitly defined as regression
residuals. Defining method effects as residuals implies that they have the typical
properties of a residual: their mean is zero and they do not correlate with the
predictor, that is, with the trait factor in MTMM models.

But why should we assume that the mean of the method factor, that is, the
mean over the individual method effects, is zero? In fact, it is quite plausible
that participants rate their mood state on average higher on negatively worded
items than on positively worded ones or that parents rate the competencies of
their children on average higher than the children themselves. Furthermore, why
should the method effect be uncorrelated with the trait? Marsh and Grayson
(1995) already stated that “the lack of correlation between trait and method
factors is an assumption that may be unrealistic in some situations. The constraint
seems to be routinely applied to avoid technical estimation problems and to
facilitate decomposition of variance into trait and method effects, not because of
the substantive likelihood or empirical reasonableness™ (p. 181). In applications
the amount of overestimation of competencies by parents compared with the self
rating of their children may be larger for low competencies than for high ones,
or the participants may differentiate more between their answers on negatively
as compared with positively worded items when they are tired than when they
are alert.

Furthermore, in models defining method effects as residuals a method effect
of zero does not necessarily indicate that there is no difference between the
competency ratings of parents and children. Instead a method effect of zero
indicates that the observed rating does not differ from the expected rating given
the rating on another method. Consider an artificial example where all parents
overestimate the competencies of their child by one unit. Then the regression
equation of the true score of the parent rating (tcp) on the true score of the
child rating (tcc) would be tcp = 1 + tcp. Although the parent and the
child rating differ, the error term, and thus the method effect, would be zero
for all persons. This, however, is not always what we want. Usually we want
the method effect to represent the difference in the ratings with a method effect
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of zero indicating no difference. Residuals are, thus, not necessarily the most
appropriate representation of method effects.

The Method Effect Model With a Reference Method

A new model in which the method factors are not modeled as residuals but
as “effects” is the Method Effect model with a reference method (MEref; Pohl
et al., 2008). In this model, a reference method needs to be chosen and the trait
factors (t,) are, as in the CTC(M-1) model, defined as the true-score variable of
the manifest variable measuring the respective trait with the reference method.
The method effect variables are defined by

Mtj = ttj — Ty1- (1)

Hence, the method effect variable M;; is the difference between the true-score
variable of the measurement of trait # obtained under method j and the true-score
variable of the measurement of the same trait # measured by method k = 1,
the so-called reference method.! In Equation 1, the difference t;; — t;1 between
the two true-score variables represents the systematic effects of using method
Jj, instead of reference method 1, for measuring trait #. Note that each method
may be chosen to be the reference method and that the method effects represent
the effect of a certain method compared with the reference method. In order
to specify an identified model, the measurement of different traits is regarded.
In Figure 1(d), the MEref model for measuring three traits by three methods is
depicted. It is assumed that the method effect variables M;; of method j are
the same for all traits, that is,

My = My; = My = M;. )

The trait factors t11, 121, and 137 in Figure 1(d) represent the true-score
variables of the manifest variables, measuring the traits with the reference
method 1. Note that the trait factors will change (to some degree) if the reference
method is changed. The values of the method factor M, and M3 in the MEref
model represent the method effects of methods 2 and 3, respectively, compared
with the reference method 1, for all three traits. Note that there are no restrictions
on the means or on the covariances of the latent variables. The method factors

'Note that this definition of a method effect may be regarded as a latent difference according
to the latent difference approach by McArdle (2001) and Steyer, Eid, and Schwenkmezger (1997).
It is also compatible with the definition of individual causal effects presented in Steyer, Partchev,
Krohne, Nagengast, and Fiege (in press).
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may have a mean different from zero; they may correlate with each other as
well as with the trait factors.

The MEref model has many advantages. Because the method effects are
defined as effects, they have the usual properties of an effect, that is, (a) an effect
of zero indicates no difference and (b) the size of the effect does not change
with the direction of the comparison. In the example of using self-report and
subordinate ratings for the measurement of managerial performance, a method
effect of zero indicates that the self and the subordinate rating do not differ in
their true scores. Furthermore, the size of the method effect is rather the same
when comparing the self rating with the subordinate rating than when comparing
the subordinate rating with the self rating. These properties do not hold for the
CTC(M-1) model (see Pohl et al., 2008, for a detailed explanation). The model
not only allows estimating the covariances of the method effects among each
other but—because method effects are defined as effects rather than residuals—
also the covariances of the method effects with the traits as well as the average
method effect.

ADVANTAGES AND LIMITATIONS OF THE MODELS
FOR MULTITRAIT-MULTIMETHOD DESIGNS

In traditional MTMM models, like the CTCM and the CTCU model, the factors
represent trait or method variance (Marsh, 1989). Although the trait and method
variances may be estimated in the models it is not clear what the “trait” or
“method” variable is, the variance of which we are looking at, that is, the
factors are not clearly defined in these models. Also in the CTC(M-1) and the
MEref model trait variance and method variance is estimated. There, however,
the factors are clearly defined. In the CTC(M-1) model the method effects are
residuals of a regression, whereas in the MEref model they are differences in true
scores. Due to the different definition of the method factors the method variance
is different in the two models. Specifying the factors as just representing trait
or method variance is thus not enough to clearly define the factors. Instead, the
variables the factors represent need to be clearly defined. Only a clear definition
of the factors helps us to distinguish the factors in different models (e.g., the
method factors in the CTC[M-1] and in the MEref model) and thus to decide
which model to choose for our research question. A substantive interpretation of
the factors is only possible when we know what variables these factors represent.
Furthermore, a clear definition of the factors also helps to derive restrictions (e.g.,
on the mean and correlation of method factors).

Whereas in the CTCM and CTCU model the trait factors represent a common
trait of all variables measuring this trait, in the CTC(M-1) and the MEref
model method-specific traits are modeled. In both models, the CTC(M-1) and
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the MEref model, a reference method has to be chosen and the trait factor
represents the true-score variable of the the reference method measuring this
trait. In some applications a reference-method specific trait may be appropriate,
for example, when measuring extraversion with self and peer ratings and when
we are interested in extraversion measured by the self rating. However, we are
often not interested in a reference-method specific trait but rather in a trait
common to all variables measuring that construct. For example, we are not
always interested in well-being measured by positively (or by negatively) worded
items. Instead, we might want to aggregate these different measures in order to
get a measure of well-being common to both methods. The same applies to the
measurement of school performance by oral and by written exams, where we
are usually interested in an aggregate of performance measures over both types
of exams. Already Epstein (1983, 1986) argued that aggregation over modes of
measurement cancels out method-specificity and may increase the reliability and
validity of the measurement.

Whereas in the CTCU, CTCM, and CTC(M-1) model method effects are
defined as residuals, the method effects in the MEref model are defined as
effects. Mean method effects as well as the correlation between method factors
and traits may be estimated in this model. In contrast to the CTC(M-1) and
the MEref model, where the traits are reference-method specific, in the CTCU
and the CTCM model common trait factors are modeled. However, only in
the CTC(M-1) and the MEref model are the factors clearly defined. In the
method effect model with common trait factors (MEcom model) we combine
the different advantages of the previous models. In the MEcom model the latent
variables are clearly defined. A common trait is modeled and the method effects
are defined as effects rather than residuals, allowing the estimation of the mean
method effect as well as the correlation between method factors and traits.

THE METHOD EFFECT MODEL WITH COMMON
TRAIT FACTORS

The Method Effect model with common trait factors is a new parametrization
of the MEref model. Here we start with the definition of the factors and then
introduce the assumptions defining the model.

Definition of the Factors

Let Y71 and Y, be two manifest variables measuring the same trait 1 by methods
1 and 2, respectively. The common trait is defined as

T+ T2

T = f’ 3)
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the mean of the true-score variables t1; and t;, of the two manifest variables Y,
and Yi,. Hence, the trait factor is no longer specific to one of the two methods
but common to both methods. The method-effect variables may be defined as

M11 =T11—T (4)
Mp=rn—, Q)

representing the difference between the true-score variables of the manifest
variables measuring a trait by a certain method and the common trait.? If there
are systematic person-specific method effects, the true-score variables of Yp;
and Y, will differ from each other and also from the common trait factor t;.
Note that the method-effect variables are still trait-specific, that is, for each trait
there may be different person-specific method effects. Using the definition of
the method-effect variables M, the manifest variable Y;; may be decomposed
as follows:

Yiin=twi+en
=T+ T11—T1 + €11
=1+ Mn + e, (6)
which is always true. Similarly, for the manifest variable Y;,,
Yo=1tn+en
=T +Ti2—T1 t+ €12
=1 + M + e, (7

which is also always true.

The definition of the method-effect variables has some implications. Because
a method-effect variable is defined as the difference between the true-score
variable of a manifest variable and the mean of the true-score variables of
all manifest variables measuring the same trait (see Equations 4 and 5), the
following equation always holds:

My + My, =0, (8)

2This definition of a method effect corresponds to the definition of individual causal effect
variables for comparing a treatment with all treatments in the theory of individual and average
causal effects by Steyer et al. (in press).
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implying,
My = —My,. )]

This leads to the following measurement equations:
Yin=u—Ma+en (10)
Yio =1+ M+ e (11

Considering m manifest variables Y7;, measuring trait 1 by m methods, Equa-
tions 8 and 9 generalize as follows:

My + My + ...+ My, =0, (12)
and thus
My = —Mp—...— My,. (13)

Hence, one method-effect variable—here method 1—pertaining to trait 1 is a
deterministic function of the other method-effect variables pertaining to that
trait.

Assumptions Defining the Model

In the preceding paragraph we defined the method-effect variable for a single
trait. In order to define the Method Effect model with common trait factors, let
us now consider two more manifest variables measuring a second trait by the
same two methods. Consistent with the definitions of the first trait, the common
trait and the method-effect variables may be defined for the manifest variables
Y>1 and Y, measuring trait 2 by methods 1 and 2, respectively:

1 + 2

™ 14

1% 7 (14)
M21 =T — T2 (15)
My = 195 — 12, (16)

where 1,1 and 1y, denote the true-score variables of the manifest variables Y5
and Y»,, respectively. The manifest variables may now be written as

Yor =1t — My + e (17
Yo =1 + My + e, (18)

which is always true.
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So far, we have provided definitions; however, no assumptions have been
specified. In order to identify the theoretical parameters such as the expected
values, the variances, and the covariances of the latent variables, we have to
introduce appropriate assumptions. The first assumption is

My = My = My, (19)

saying that the method-effect variables M;; and M,; are the same for each
of the two traits. If we investigate the effect of using a scale with positively
worded items (method 1), as compared with a scale with negatively worded
items (method 2), on the measurement of alertness (trait 1) and calmness (trait
2), this assumption implies that the method effect due to item wording for the
measurement of alertness is the same as for the measurement of calmness. This
assumption may not be realistic in all applications. In longitudinal designs,
however, where the same construct is measured with the same methods at
different occasions, this assumption is quite plausible (see Application 1).

Because My} = —Mj, and M>; = —M>, (see Equation 9), the assumption
in Equation 19 implies

M12 = Mzz = Mz (20)
and therefore

M, = —M,. 1)

Hence, the equations of the measurement model for all manifest variables sim-
plify as follows:

Yhn=u-M +en (22)
Yo=tu+ M +ep (23)
Y21 =1 —M; +ey (24)
Yoo =1+ My + 2. (25)

A path diagram representing these equations is depicted in Figure 2(a). The
trait factors in Figure 2(a) represent the common trait variables t; and t,. The
method factor M, in Figure 2(a) represents the method effects of method 2
compared with the common trait. Note that these method effects are assumed
to be the same for both traits. The method effects of method 1 compared with
the common trait are modeled by factor loadings of —1 on the method factor
M,. There are no restrictions on the means of the latent variables nor on the
covariances between the latent variables.
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FIGURE 2 (a) The MEcom model for four variables measuring two traits by two methods.
Arcs denote correlations. (b) The MEcom model for six variables measuring two traits
by three methods. The variance of the error terms and the correlations between the latent
variables are not restricted. However, for simplicity they are not depicted in this diagram.

A second assumption is that the errors do not correlate with each other:
Cov(ej.e) =0 (t,j)# (s, k); t,s=12; j k=12, (26)

where ¢ and s denote traits and j and k methods. Following from the definitions
of true-score and error variables (see, e.g., Novick, 1966; Steyer, 1989, 2001;
Zimmerman, 1975), the true-score variables 1, and the method factor M; are
uncorrelated with the error variables:

Cov(t,e5) = Cov(Mj,e) =0 t,s=1,2; j k=12 27

The MEcom model may also be applied to data measuring more than two
traits by more than two methods. The path diagram for a MEcom model for
six variables measuring two traits by three methods is depicted in Figure 2(b).
Note that for simplicity the error terms and the covariances between the latent
variables are not represented. The number of method factors modeled in the
MEcom model is one less than the number of methods used. Hence, there are
just two method factors in Figure 2(b). For each manifest variable, except for the
first one, there is a method factor on which its loading is 1. This method factor
represents the person-specific effects of the corresponding method as compared
with all methods considered. All manifest variables measured by method 1 have
a loading of —1 on all method factors. The method-effect variable pertaining to
method 1 is the negative sum of the method-effect variables of all method factors,
that is, M| = —(M, + ...+ M,,) (see Equation 13). The general measurement
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equations for a MEcom model for variables measuring r traits by m methods
are

v—My—...— M, +eq forj=1
= . (28)
v+ M +ey for j # 1,
withtr =1,...,r;j=1,...,m.

In the MEcom model presented so far it is assumed that the method effects are
the same for each trait. This assumption may not be feasible in all applications.
In some applications the effect of a method may be larger for some traits than for
others. Parents may overestimate the intelligence of their children more than they
overestimate their children’s talent for music. In order to allow the magnitude
of the method effects to differ between the different traits, the model may be
specified as follows:

v—My—...— M, +& forr=1,j=1

Y=o T > s (29)
=M My— . =N My ey fort#£1,j=1
Wi +T+ Ay M +¢; fort #1,j #1,

witht = 1,...,r;j = 1,...,m. A path diagram of such a model for the

example in Application 1 measuring well-being with positively and negatively
worded items at four measurement occasions (with well-being at the four oc-
casions representing the four “traits”) is depicted in Figure 3(b). The values on
the method factors (M) represent the difference between the true score of the
manifest variable measured with the respective method and the first trait. The
method effects for the other traits (M,;) are represented by M;; = A\ - M;.
The factor loadings A,; capture the magnitude of the method effects for each
trait. Factor loadings greater than one indicate a larger method effect for the
respective trait as compared with the magnitude of the method effects for the
first trait. Factor loadings smaller than one indicate smaller method effects than
the method effects for the first trait. Note that although the magnitude of the
method effects may be different for each trait, it is still assumed that the method
effects are unidimensional for all traits. Thus, it is assumed that participants
having high method effects on one trait also have high method effects on the
other traits and vice versa.

Extensions of the Model

So far we have assumed that the method effects are unidimensional for each
trait. This is a very strong assumption that does not hold in all applications.
The method effect for parent report (vs. self report) is probably different for
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FIGURE 3 MEcom model for eight variables measuring well-being with positively and
negatively worded items at four measurement occasions (a) assuming equal method effects
for each occasion and (b) allowing for a different magnitude of the method effect for each
occasion. All factor loadings that are not displayed are set to one. There are no restrictions
on the means and correlations of the latent variables.

the measurement of intelligence than for the measurement of tidiness. Parents
who overestimate the intelligence of their children do not necessarily also
overestimate their children’s tidiness. In order to allow for method effects that are
not unidimensional or even the same for each trait, but trait-specific, the MEcom
model may be extended using multiple indicators for each trait-method unit. For
the measurement of calmness and alertness by positively and negatively worded
items, for example, two test halves per trait and method (i.e., per trait-method
unit) may be used as indicators i (see Application 2). Different measurement
models may be assumed for the indicators of the same trait-method unit. For
tau-equivalent indicators within each trait-method unit the resulting model may
be formalized as

v—Mo—...— My, +&j; for j =1

Y = .
Y T+ My + e for j # 1,

(30)

witht =1,...,r;j =1,....,m;i = 1,..., p. Figure 4(a) shows this model
for the example presented in Application 2, measuring alertness and calmness
with positively and negatively worded items. Note that—in contrast to the model
presented in Equations 28 and 29—there is a separate method factor for each
trait. This method factor does not represent the method effects for all traits (as in
the model in Equation 28) but the method effects for the respective trait. Thus,
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FIGURE 4 MEcom model for eight variables measuring calmness and alertness with pos-
itively and negatively worded items (a) assuming tau-equivalent indicators and (b) assuming
tau-congeneric indicators for each trait-method unit. All factor loadings that are not displayed
in Figure (a) are set to one. All factors that are not displayed in Figure (b) are as in the
model displayed in Figure (a). There are no restrictions on the means and correlations of the
latent variables.

method effects are not assumed to be unidimensional but may be trait-specific.
For tau-congeneric indicators within each trait-method unit the model equations
are

U= Mp— ... — My + ey for j =1,i =1
l‘Ltf+‘ct_)"ti'MIZ_*‘*_)"ti'th+8tji fOr]zl,l#l
Yiji = . . (€29)]
T+ M+ e for j #£1,i =1
i + i 'Tt+)\ti'Mtj + &;ji for j 75 L,i 75 1,
with t = 1,...,r;j = 1,...,m;i = 1,..., p. The respective model for

Application 2 is depicted in Figure 4(b). Note that we propose measurement
invariance (see, e.g., Borsboom, 2006) across the different methods. Within the
same trait the factor loadings and the intercept for the indicators are set equal
across the different methods. Thus, the different methods need to be measured
on the same scale. If the same items for the self rating and the parent rating are
used, this assumption is quite plausible. If, however, nervousness is measured
using a questionnaire and by measuring electrodermal activity, the different
methods are not on the same scale and measurement invariance will not hold.
In this case a comparison of the different methods using the ME models is
not meaningful because the difference between the measurements is not only
due to method effects but also due to differences in scaling. Also note that the
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scores on the trait and the method factors are on the scale metric of the first
indicator. There is a method factor for each trait, thus allowing for different
method effects for different traits. Again, there are no restrictions on the means
and covariance between the latent variables and it is assumed that the error terms
do not correlate with each other.

APPLICATION

In this section, the application of the MEcom model is illustrated by two
examples examining the effect of item wording on the measurement of mood
states. In the first application the simple MEcom model is illustrated on data
measuring well-being by positively and negatively worded items at different
measurement occasions. Note that this is a longitudinal study where well-
being at each measurement occasion represents a separate “trait.” In the second
example the extended MEcom model is demonstrated on cross-sectional data
measuring the two traits alertness and calmness with positively and negatively
worded items, allowing for trait-specific method effects. The research questions
investigated in both applications are (a) Is there a difference in the average mood
state rated by different item wordings? (b) Do the participants differ considerably
in the size of the method effect due to item wording, that is, are the different
item wordings unidimensional measures of the same construct? (c) Is the size
of the method effect correlated with the level of the mood state?

Data

The data (Steyer, Schwenkmezger, Notz, & Eid, 1997) used for this analysis
stem from a validation study of a questionnaire measuring mood states. The
sample consists of 291 women and 212 men with a mean age of 31.2 years
(range from 17 to 77 years). For a more detailed description of the sample see
Steyer, Schwenkmezger, Eid, and Notz (1991). Due to missing values six cases
were deleted listwise for the first analysis and one case for the second analysis.
The participants were asked to complete some questionnaires on each of four
occasions with an interval of 3 weeks between measurements. Among others,
the participants rated their well-being, alertness, and calmness on items from
the multidimensional mood state questionnaire (MDBF; Steyer, Schwenkmezger,
Notz, & Eid, 1997). The items comprising these scales are statements containing
adjectives describing the mood states, which are either positively (e.g., “I feel
good”) or negatively (e.g., “I feel bad”) worded. The participants could agree
or disagree with these items on a 5-point Likert scale ranging from 1 (not at
all) to 5 (very much). For further analyses, the scores of the negatively worded
items are reversed.
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For the first application scale scores on the well-being variables are yielded for
both sets of items (positive-item scale and negative-item scale) by calculating
the mean of all positively worded items and of all negatively worded items
within each occasion. Altogether eight manifest variables (two scales at four
occasions) are analyzed; for each measurement occasion one scale score of
positively (Ygo041, Ygo0d2: Yeo0a3, and Ygo044) and one scale score of negatively
(Ybad1, Ybad2, Ypad3, and Ypaq4) worded items. For the second application only
the data of the third measurement occasion were used and items were aggre-
gated to two test halves per trait-method unit by splitting the items for each
trait and method combination in two sets and calculating the mean. Thus,
there are eight manifest variables: two indicators measuring alertness (alert)
with positively worded items (Yguwakels Yawake2), tWo with negatively worded
items (Yiired1, Yired2), two indicators measuring calmness (calm) with posi-
tively worded items (Yreiaxed1s Yrelaxed2), and two with negatively worded items
(Yuervousts Ynervous2)- In both examples the scores on the manifest variables vary
between 1 and 5, with high scores indicating high well-being, alertness, or
calmness.

All analyses were done using Mplus 5 (Muthén & Muthén, 1998-2007).
The distributions of all variables differ significantly from a normal distribution
with the negatively worded items being especially skewed. Therefore, the MLM
estimator, using the Satorra-Bentler chi-square, was used for estimation.?

Analyses

Application 1: The effect of item wording on the measurement of well-
being in longitudinal data. The MEcom model was fitted twice to the data,
first assuming that the method effects are the same across the four well-being
measures (see Equation 28 and Figure 3(a)) and second allowing for a dif-
ferent magnitude of the method effects across the four well-being measures
(see Equation 29 and Figure 3(b)). The Mplus syntax for the model in Figure
3(a) can be found in Appendix A. Both models fit the data well (first model:
x>(16) = 21.301,p = .1672, RMSEA = 0.026; second model: y?(13) =
18.919, p = .1256, RMSEA = 0.030). Because the model fit of the second model
was not significantly better than the model fit of the first model (xfﬁ r 3) =
2.22, p > .05), the first, more restrictive model was used for the interpretation
of the parameters. The magnitude of the method effects is the same across the
four occasions. The estimated variances, covariances, correlations, and means
of the MEcom model in Figure 3(a) are shown in Table 1.

The trait-factors Tyes;1 tO Tyesz4 in the model in Figure 3(a) represent the
mean of the true well-being ratings over both item wordings, whereas the method

3See recommendations of Olsson, Foss, Troye, and Howell (2000).
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TABLE 1
Estimates of the MEcom Model in Application 1: Variances (Diagonal),
Covariances (Lower Triangle), Correlations (Upper Triangle), and Means (Last Column)
of the Latent Variables (*indicates p < 0.05)

Variables Twelll Twell2 Twell3 Twell4 Mneg M

Tywelll 0.638* 0.294* 0.303* 0.291* 0.155% 3.696*
Twell2 0.204* 0.757* 0.347* 0.410%* 0.207* 3.747*
Twell3 0.207* 0.258* 0.732% 0.447* 0.188* 3.711%
Tywelld 0.183* 0.282% 0.302* 0.623* 0.161* 3.809*
Miyeq 0.024* 0.035% 0.031* 0.025% 0.038* 0.366%*

factors represent the effects of the negatively worded items with respect to the
common trait factor. On average the participants feel quite well (estimated means
on the trait factors range from 3.696 to 3.809). When asked with negatively
worded items the participants rate their well-being on average 0.366 scale scores
higher and when asked with positively worded items 0.366 scale scores lower
than the average trait score (see estimated mean of the method factor). The
difference between the answers to positively and negatively worded items is
on average 0.366 + 0.366 = 0.732 scale points. Thus, there is a considerable
mean effect of item wording. The estimated variances of the trait factors range
from Gz(twem) = 0.623 to Gz(twenz) = 0.757. The participants differ in their
well-being ratings on the common well-being scores. The variance of the method
factor, GZ(M E,eq) = 0.038, p < .001, is substantive compared with the variance
of the trait factors. Note that the method factor “only” represents the difference
between the true-score variable of the negative scale and the average of the
true-score variables of both methods. The difference in the true-score variables
between both methods is twice as large and, thus, the respective variance is four
times as large (i.e., 0.152). The standard deviation of the method effects in the
model in Figure 3(a) is 6(ME,.;) = 0.195, indicating—when related to the
5-point Likert scale—substantive interindividual differences in the size of the
method effects. On average the individual method effects are about 0.195 scale
points higher or lower than the average method effect.* Related to the 5-point
Likert scale and the standard deviation of the trait factors, the variation of the
method effects is substantive. Some participants differentiate stronger between

4As a comparison, when defining the method effects as in the MEref model as the difference
between the true scores of the positively and the negatively worded items, the standard deviation of
the method effects would be 0.390. Thus on average the individual method effects are about 0.390
scale points higher or lower than the average method effect. Note that the MEcom is equivalent to
the MEref model and the difference in parameter estimates for the method factors is just due to the
different definitions of the method effects, that is, due to the different comparison value.
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the different item wordings and others not at all. The different item wordings
are, thus, not unidimensional but measure different latent variables. The method
factors correlate significantly with the trait factors (between p(Tyeri1, M Eneq) =
0.155 and D(Tweri2s ME,.s) = 0.207). The higher the participants rate their well-
being, the more they differ in the answer to positively and negatively worded
items. These correlations are, however, small.

Application 2: The effect of item wording on the measurement of alert-
ness and calmness in cross-sectional data. In the second application the
effect of item wording is investigated on the measurement of the two constructs
alertness and calmness in cross-sectional data. Because it is not assumed that the
effect of the item wording is the same for calmness and alertness, the extended
MEcom model, which allows for trait-specific method effects, is applied. First,
a model assuming tau-equivalent indicator variables within each trait-method-
unit (according to Equation 30) was fitted to the data. The respective model
is depicted in Figure 4(a). Two indicators are used to measure each trait-
method unit. The trait factors t.,;,, and t,4.,; represent the means of the true-
score variables of all four manifest variables measuring calmness and alertness,
respectively. The method factors represent the effect of the negative item wording
with respect to the common trait factor. Note that the effect of the positive item
wording is just the negation of the effect of the negative item wording. The
model fits the data well (x2(22) = 39.073,p = .0138, RMSEA = 0.039).
Second, a model assuming tau-congeneric indicator variables within each trait-
method unit (according to Equation 31) was applied. The respective model is
depicted in Figure 4(b) and the Mplus-Syntax is given in Appendix B.> The
model fits the data well (x2(16) = 23.067, p = .1120, RMSEA = 0.030) and
significantly better than the model assuming tau-equivalent indicators (y2(6) =
16.222, p < .05). Thus, for the interpretation of the parameters the model in
Figure 4(b) is used. The factor loadings of the second indicator do not differ
much from one (A = 0.1031 and A = 0.973 for calmness and altertness,
respectively) and the intercepts of the second indicator differed slightly for
alertness (W = —0.124) but not much for calmness (i = 0.066). Thus, the
rejection of the tau-equivalent model seems to be mainly due to the additive
constant present for the measurement of alertness. The estimated variances,
covariances, correlations, and means of the model are shown in Table 2.

On average, the participants rate themselves as being slightly calm,
E\(‘Cm]m) = 3.442, and moderate alert, E(ta/e,.,) = 3.263. These ratings vary
between participants with even larger interindividual differences for alertness,

5Tt might be necessary to set starting values for the free factor loadings in order to get proper
solutions. This is also shown in the Mplus-Syntax.
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TABLE 2
Estimates of the MEcom Model in Application 2: Variances (Diagonal),
Covariances (Lower Triangle), Correlations (Upper Triangle), and Means (Last Column)
of the Latent Variables (*indicates p < 0.05)

Variables Tealm Talert M caim Mjers M

Tealm 0.671* 0.457* 0.113 0.007 3.442%
Talert 0.375%* 0.984* —0.100 0.499* 3.263*
M caim 0.025 —0.026 0.069* 0.348* 0.266*
Miert 0.001 0.117%* 0.022%* 0.056* 0.226*

62(Tazers) = 0.984, than for calmness, 62(T¢qm) = 0.671. Calmness and alert-
ness correlate moderate, 0(Teaim, Trired) = 0.457, with each other. There is
a larger average method effect due to item wording for the measurement of
calmness, E\(Mm/m) = 0.266, than for alertness, E(Male,.,) = 0.226. Partici-
pants rate their calmness and alertness on average higher on negatively worded
items than on the average over both item wordings. The participants differ in
the size of the method effect, 62(M,41,,) = 0.069 and G%(Mgy.r;) = 0.056,
with some participants differentiating more between the answers to different
item wordings than others.® The respective standard deviations are 6(M,q;m) =
0.263 and G(M,s.;;) = 0.237. On average the individual method effects are
about 0.263 and 0.237 for calmness and alertness, respectively, higher or lower
than the average method effect.’” Relating these values to the 5-point-Likert
scale the constructs are measured on and to the standard deviation of the trait
factors, the interindividual differences in the method effects are substantive.
There is no significant correlation between the trait factor calmness and its
method factor. There is, however, a significant correlation between the trait
factor alertness and its method factor, p(Tasers, Mujers) = 0.499. Alert partic-
ipants differentiate more between the item wordings for measuring alertness
than less alert participants. The trait-specific method factors correlate slightly
with each other, O(Mcaim, Majer:) = 0.3481, indicating that the method effects
are not identical for both traits but trait-specific. However, participants who
differentiate more between item wordings for the measurement of calmness
also tend to differentiate more between item wordings for the measurement of
alertness.

%Note again that the method factors only represent the difference between the answers on the
negative scale and the trait scores. The difference between the answers on the negative and on the
positive scale is twice as large and thus the variance of this difference four times as large as the
method variance in the MEcom model (i.e., 0.267 and 0.224, respectively).

"The standard deviations of the respective method effects in the MEref model would be 0.526
and 0.474 for calmness and alertness, respectively.
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Summarizing the results of both applications, there is a considerable effect
of item wording for the measurement of all three mood states. Participants rate
their mood states on average higher when asked with negatively as compared
with positively worded items. The participants differ considerably in the size
of the method effect, with participants with high well-being and high alertness
showing larger method effects, that is, differences between their answers to pos-
itively and negatively worded items. Hence, the use of different item wordings
does not result in a unidimensional measure of mood states but questions the
construct validity of the questionnaire. Researchers should thus be careful with
the dimensionality of a questionnaire when using different item wordings.

DISCUSSION

Advantages and Limitations of the MEcom Model

We here introduced the MEcom model, which combines many advantages of
previous MTMM models, thus being an excellent model for the investigation
of usual MTMM research questions. The MEcom model does not suffer from
estimation or identification problems. The method effects are not assumed to
be independent of each other but may correlate and may be explained by other
variables. The trait factors are defined as common to all methods, which is what
we are interested in in many applications. The method effects are clearly defined.
They are modeled as effects and have all properties of an effect. Furthermore, the
means of the method factors as well as the correlation of the method factors with
the traits may be estimated, thus, also allowing the investigation of new research
questions, as for example: Do parents on average overestimate the competencies
of their children compared with the self and teacher ratings? Is the amount of
the overestimation by the parents related to the competency level of the child,
that is, do parents overestimate the competencies of their children more for
low competencies of the children than for higher ones? Or, do participants rate
their mood on average higher on negatively than on positively worded items?
Is the size of the effect of item wording related to the level of the mood state?
Because for these research questions the estimation of mean method effects and
the correlation of method effects with the trait is necessary, these questions can
only be investigated using the MEref or MEcom model.

Another strength of the MEref and MEcom model is the clear definition
of the latent variables. They are either true-score variables, true-score variable
differences, or means of true-score variables. Such a clear definition of the
latent variables is necessary for a substantive interpretation of the results and
enables one to distinguish trait and method factors in different MTMM models.
In the MEref model a method effect is defined by comparing one method with
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a reference method whereas in the MEcom model a method effect is defined
by comparing one method with an aggregate of all methods. As a result of
these different definitions the parameter estimates of the method factor differ
between the two models. Although the two ME models are equivalent, when
using only two methods the variance of the method factor in the MEref model,
for example, is four times as large as the variance of the method factor in the
respective MEcom model. Without knowing the definition of the method factor
a meaningful interpretation of the size of the method effect is not possible. Such
a clear definition of the latent variables is also present in the CTC(M-1) model
but not in traditional models. According to the authors (e.g., Marsh, 1989) trait
factors in traditional models represent trait variance and method factors represent
method variance. However, in these models it is not clear what the variables are,
the variance of which we are looking at. Thus, we cannot decide whether these
trait and method factors are what we aim to model.

There are also some restrictions to the application of the MEref and MEcom
(ME) model. When comparing different methods the scaling of the measure-
ments is important. In order to get interpretable estimates of the method effects,
the different methods should be measured on the same scale. In the example
of positively and negatively worded items the participants respond to both
methods on a 5-point Likert scale. It is thus quite reasonable to assume that
both methods are measured on the same scale and that differences between the
two measurements are due to method effects. The same applies when regarding
different raters who answer the same set of questions on the same response
scale. If, however, a self rating of prejudices on a 5-point Likert scale and
the implicit association test measuring prejudices by comparing reaction times
are used, the measurements are on different scales. A direct comparison of
the different measures, for example, the difference between a prejudice rating
of 3 and a reaction time difference of 150 ms, is then not meaningful. Of
course, even if the values, the mean, and the variances of the method effects for
measures on different scales may not be meaningfully interpreted, correlations
between the measures using different methods or correlation of method effects
with other variables may. This problem of noncomparability of measures using
different scales is not prevalent in the CTC(M-1) model because there is not a
difference between the different measures but the difference between true score
and expected true score is regarded.

Also the choice of the items in each scale should carefully be regarded. The
items of the well-being scale in Application 1 are antonyms, thus assuring that
a difference between the measurements is due to the direction of item wording
and not due to the choice of items in each scale. In contrast the items used in the
calmness and alertness scale in Application 2 are not direct antonyms. This may
question the validity of the analysis. If the items of the negative scale are more
extremely worded as compared with the items of the positive scale (independent
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of the direction of item wording) the method effects estimated in the MEcom
model may not only be due to effects of item wording but also due to effects of
item phrasing. Thus, a researcher should aim at using scales that are parallel in
order to draw valid conclusions about method effects.

One limitation of the ME models is that the variance of the manifest variables
cannot be decomposed into additive components representing trait-, method-, and
error-specific variance because the trait and the method factors may correlate
with each other. However, convergent validity can still be evaluated by inter-
preting the size of the standard deviation of the method effects relative to the
scale of measurement and relative to the standard deviation of the trait factors.
When the standard deviation of the method factor is small, convergent validity
is assured. It is of note that for the evaluation of the size of the method effect,
the type of ME model and, thus, the way the method effects are defined needs
to be considered. Although the MEref and MEcom model are equivalent, that
is, they have the same model fit, analyzing data with both models results in
different parameter estimates for the method effects. Using only two different
methods the mean of the method effects in the MEref model is twice as large
as the mean of the method effects in the MEcom model and the variance of
the method effects is four times as large in the MEref as compared with the
MEcom model. This difference in parameter estimates is due to the fact that
in the MEref model method effects are defined by comparing the true score of
one method with the true score of the other method whereas in the MEcom
model the same true score is compared with the mean of the true scores of both
methods. Thus, even if the parameters of the method effects are much smaller
in the MEcom than in the MEref model, the method effect itself is the same.
For the interpretation of the method effects, the definition of the method effects
should, thus, be taken into account.

Choice of a Model

In both models, the MEref and the MEcom model, a method effect of a person
is defined as an effect. In the MEref model we regard the effect of using method
j as compared with method 1, whereas in the MEcom model a method effect
is defined by comparing method j to all methods. Both definitions of a method
effect are legitimate and lead to equivalent models. Defining method effects
as it is done in the MEref model leads to method-specific traits, whereas the
definition of a method effect in the MEcom model leads to traits common
to all methods. The MEref model may thus be convenient when there is a
clear reference method, for example, when subordinate and superior ratings are
compared with the self rating and we are interested in the self rating as the
trait factor. There are, however, applications where there is no clear reference
method. When regarding oral and written exams for the measurement of school
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performance or positively and negatively worded items for the measurement
of well-being, we are not concerned with a reference-method specific trait, for
example, performance measured by oral (or by written) exams but with a trait
that is an aggregate over all measures. In these cases, the MEcom model is a
good alternative to the MEref model. Of course, in order to get more information
a researcher may also apply both the MEref model (using different reference
methods) and the MEcom model.

Further Research

The ME models, presented here, are specified for scale scores. Of course, the
model may also be extended to model on item level. This may be especially
important because method effects may already occur on item level. Therefore,
one future research task is to extend the ME models to item level.

Although method effects are often modeled in applications, not many studies
deal with their explanation. Steyer and Riedl (2004) and Vautier and Pohl (2008)
investigated whether the multidimensionality found when using positively and
negatively worded items is due to effects of item wording or due to the existence
of two substantially different constructs. They developed different models for
the investigation of this research question and the results of their data analyses
supported the hypothesis of the bipolarity of the construct and the existence of
temporally stable method effects due to item wording. Horan et al. (2003), for
example, investigated whether the method effects due to positively and negatively
worded items in the Rosenberg self-esteem scale are a methodological artifact or
due to response style by estimating the correlation between the method effects
for different traits and the stability of method effects across time. Bernhardson
(1970) studied social desirability as a confounding variable in the reversed item
approach in the Minnesota Multiphasic Personality Inventory. Further research
should focus not only on accounting for method effects but also on explaining
them.

In order to investigate the validity of different methods and to decide which
method to choose for the measurement of a construct, researchers need to inves-
tigate the relation of the constructs measured by different methods with external
criteria. Until now inconclusive results have been obtained for the validity of the
scales. Lai (1994), for example, investigated the validity of the positive and the
negative scale of the Life Orientation Test by looking at the predictive power of
both scales for symptom levels. Only the complete test and the positive scale
predicted symptom levels. It was concluded that positive items validly measure
optimism. Different results have been obtained by Burke (1999) and Greenberger
et al. (2003). Burke investigated the validity of the Job Diagnostic Survey.
She estimated the correlation of the questionnaire consisting of both positively
and negatively worded items and of the questionnaire consisting only of the
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positively worded items with work outcomes. From the results she concluded
that both questionnaires have the same validity. Greenberger et al. came to
similar results for the measurement of self-esteem. They found that there is
hardly any difference in the validity, that is, in the relation of the positive, the
negative, and the mixed scale of self-esteem items with depression and self-
deception. Further research is needed concerning the validity of other methods
for the measurement of different constructs. The Method Effect models may
well be used for such investigations because they allow different definitions of
the trait factors.
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APPENDIX A

Mplus-Syntax for the Method Effect Model with Common
Trait Factors Model in the First Application

MODEL:

welll BY goodl@l badi@i;
well2 BY good2@1 bad2@1;
well3 BY good3@1l bad3@i;
welld BY good4@l bad4@i;
[welllx];

[well2x] ;

[well3x*] ;

[welldx] ;

MEneg BY goodl1@-1 good2@-1 good3@-1 good4@-1 badl@l bad2@1 bad3@l bad4@i;
MEneg*;

[MEneg*] ;

[good1@0] ;

[bad1@0] ;

[good2@0] ;

[bad2@0] ;

[good3@0] ;

[bad3@0] ;

[good4@0] ;

[bad4@0] ;
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APPENDIX B

Mplus-Syntax for the Method Effect Model with Common
Trait Factors Model in the Second Application

MODEL:

calm BY relaxed1@l nervousl@l;
calm BY relaxed2*(a);
calm BY nervous2*(a);
alert BY awakel@l sleepyl@1l;
alert BY awake2x*(c);
alert BY sleepy2x(c);
Mcalm BY relaxedl1@-1;
Mcalm BY nervousil@1l;
Mcalm BY relaxed2*-1(a);
Mcalm BY nervous2x*1(b);
Malert BY awakel@-1;
Malert BY sleepyl@l;
Malert BY awake2*-1(c);
Malert BY sleepy2*1(d);
[relaxed1@0] ;
[nervous1@0] ;
[relaxed2x*] (e);
[nervousix*] (e);
[awake1@0] ;
[sleepy1@0];
[awake2x] (f) ;
[sleepy2*] (£);

calmx;

alertx;

Mcalm*;

Malert*;

[calm*] ;

[alertx*];

[Mcalmx*] ;

[Malertx*] ;

MODEL CONSTRAINT:
O=a+b;

O=c+d;



