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Abstract:

The contribution of method-effect latent variables to accounting for the common systematic
variation of optimism data in confirmatory factor analysis was investigated using an example
correlation matrix. The considered method effects included the item-position effect, the word-
ing effect and the item-level method effect. The analyses models were the congeneric, bifactor
and original as well as basically tau-equivalent measurement models. In all cases, considering
additional method-effect latent variables besides the attribute latent variable improved model
fit, and in all cases, the virtually same sum of scaled factor variances emerged. But the bifactor
model allowed for only two additional method-effect latent variable while the original and ba-
sically tau-equivalent models for four of them. In all multi-factor measurement models the op-
timism latent variable accounted for over two thirds of the common systematic variation. It
turned out that the tau-equivalent models are better suited for revealing the method-effect struc-
ture of data than the other models.
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Introduction

This paper describes the investigation of the structure of a psychometric scale meas-
uring optimism by confirmatory factor analysis (CFA) aiming at a complete as possi-
ble account of the common systematic variation of the data by considering several
latent variables representing the attribute and well-documented method effects.
Method effects refer to common systematic variation of data that stems from the meas-
urement method or measurement context instead of the targeted attribute (Maul, 2013;
Sechrest et al., 2000; Sechrest, Davis, Stickle, & McKnight, 2000). In a standard one-
factor CFA measurement model, the latent variable has to account for the attribute-
related common systematic variation that is assumed to be the only kind of common
systematic variation, an assumption that may not be correct. Method-effect latent var-
iables integrated into the CFA measurement model can avoid model misfit because of
unaccounted additional common systematic variation of method effects. A complica-
tion of such a situation is that it is also necessary to assure that the account of common
systematic variation by the attribute latent is sufficient, that is, it must be large enough
with respect to what is accounted by the method latent variables.

This investigation addresses three method effects: the item-position effect, the word-
ing effect and the item-level method effect. The item-position effect is a frequently
observed method effect that can hardly be avoided since it arises inherently from the
serial processing of several related items. This effect has been extensively studied
using different research methods in different content areas (e.g., Campbell & Mohr,
1950; Debeer & Janssen, 2013; Hartig & Buchholz, 2012; Hohensinn, Kubinger, Reif,
Holocher-Ertl, Khorramdel, & Frebort, 2008; Knowles, 1988; Kubinger, 2009;
Lozano & Revuelta, 2020; Ren, Wang, Altmeyer, & Schweizer, 2014; Verguts & De
Boeck, 2000. It typically manifests itself as a gradual increase in item means, item
variances, and factor loadings from the first to the last items. While various explana-
tions have been proposed, the most widely endorsed one is the learning explanation
(e.g., Embredson, 1991; Verguts & De Boeck, 2000; von Gugelberg, Schweizer, &
Troche, 2025).

Another method effect that may complicate attempts to control further effects like the
item-position effect is the wording effect, which also has a long history of research
(e.g., Messick, 1966). This effect is rooted in a special structure of the scale: the use
of both positively and negatively worded items. It consists in construct-irrelevant var-
iation of data due to the change of the item wording. This effect is mainly ascribed to
acquiescence, the tendency to agree with the items regardless of content (Baumgartner
& Steenkamp, 2001; DiStefano, Morgan, & Molt, 2012; Weijters, Baumgartner, &
Schillewaert, 2013; Weijerts et al., 2013), but can also alternatively be explained by
additional processing due to the negativity of items or additional variability due to
individually different reactions to the change of wording (Arias, Ponce, & Martinez-
Molina., 2022). Using CFA, the systematic variation of this effect is captured by a
separate latent variable (DiStefano & Motl, 2006).
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The item-level method effect has long been referred to as correlated error or correlated
residual and ascribed to random influences (Landis, Edwards,& Cortina, 2009). Thor-
ough analyses reveal that such an effect can arise when a pair of items shares a larger
number of common cues than the remaining items of the scale among each other or
through paraphrasing, leading to an overly large correlation (Bandalos, 2021). Such
excessive item similarity reveals a construction failure that requires correction. In
CFA, this effect can be controlled by introducing an additional latent variable into the
measurement model to account for the extra common systematic variation (Schweizer,
Gold, Krampen, & Troche, 2024).

Accounting for the common systematic variation of these method effects (Maul, 2013;
Sechrest et al. 2000) requires the inclusion of additional latent variables into CFA
measurement models. A similar approach is employed in multitrait-multimethod
(MTMM) research, where CFA is extended to include not only additional trait latent
variables, but also method-effect latent variables (Byrne, 2016). However, there is
also a difference between CFA associated with the MTMM approach and CFA con-
sidering the item-position effect: this effect is not restricted to a few manifest varia-
bles, as is typical of method effects investigated by MTMM designs, but extends to
all items requiring cross-loadings of all manifest variables on two latent variables
(with one exception). Further, as it is hardly possible to create its contrary, it cannot
be part of MTMM designs that typically display a symmetric structure.

The regular congeneric measurement model (Graham, 2016) can be extended to the
bifactor model (Reise, 2012). In a bifactor model, each manifest variable loads on two
latent variables. But the cross-loadings of the manifest variables (with one exception)
require the estimation of a large number of parameters. This restricts the consideration
of additional latent variables unless the set of manifest variables is fractionated into
subset associated with extra latent variables. In contrast, the tau-equivalent model
(Graham, 2016), also considered in method effects research, estimates only one pa-
rameter with respect to one latent variable that is the general factor loading on the
latent variable since the other factor loadings are restricted to the same size. Extending
this model by including additional latent variables is possible because of the small
number of additional parameters. However, parsimony regarding parameter estima-
tion is achieved at the expense of the capability of this model to reproduce complex
empirical covariance matrices.

In the following, we describe the details of the models. Furthermore, the application
to an example correlation matrix that can be expected to include not only variation
due to the attribute but also due to method effects is described.
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The CFA measurement models

The core of CFA is the measurement model since it includes the assumptions regard-
ing the structure of data. We start with describing the congeneric CFA measurement
model that is given by

X=p+r&+0 (1)

with X as the p x 1 vector of manifest variables, p as the p x 1 vector of intercepts, A
as the p x 1 vector of factor loadings quantifying the relationships between latent and
manifest variables, £ as the latent variable representing the attribute of interest, in the
case of a two-factor model the considered method effect as another component (A &),
and & as the p x 1 vector of residuals that are unique for each manifest variable.

The relationship between the CFA measurement model (Equation 1) and the input to
CFA that is the p x p empirical covariance matrix, S, is established by the correspond-
ing p X p covariance matrix model, X:

X =AgL'+0 )

with the p x 1 vector of factor loadings on the latent variable of the measurement
model, A, the variance parameter, ¢, and the p x p diagonal matrix of residual vari-
ances, ® . Product A g accounts for the common systematic variation of the attribute.

An alternative specification of the second component of the right-hand side of Equa-
tion 1 leads to the original tau-equivalent CFA measurement model. The vector of
factor loadings of Equation 1 is replaced by the product of the general factor loading,
A, and the p x 1 vector of factor loading constants, B, also referred to as loading pattern
so that

X=p+(2B)E+5. 3)

While the general factor loading requires estimation, the loading pattern consists of
fixed numbers of the same size (B = 1). Extending this model to comprise further latent
variables requires further Bs including numbers that characterize the effects that are
to be represented.

The modification of Equation 2 to fit with Equation 3 yields

X=(1B)#(AB)'+0 . “4)

Again, A is replaced by Af. The product to the right of the equality sign accounts for
the common systematic variation of the attribute.
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The scalar A of Equation 4 can be moved to the spot in between the vectors and asso-
ciated with ¢ so that A@A. Further ¢* can replace A¢A for estimation so that

B(¢*)B'=(2B)4(1B)". (5)

Under the assumption of scaling according to the reference-group method (setting ¢
=1 in Equations 4 and 5), ¢* can be treated as the square of A.

Furthermore, there is the specification as basically tau-equivalent CFA measurement
model (Schweizer & Wang, 2026) that differs from the original tau-equivalent model
by the relaxation of tau-equivalence, that is, strict tau equivalence as correspondence
of factor loadings is replaced by basic tau equivalence realized as zero slope of the
regression line describing the factor loadings or loading pattern. It includes the re-
placement of the ingredients of B of Equations 3, 4 and 5 by the outcomes of trans-
forming the factor loadings estimated according to the one-factor congeneric CFA
measurement model (Equation 1). This can be perceived as rotation of the vector of
factor loadings around the mid-point of this vector. Rotation brings the estimated fac-
tor loadings in line with basic tau-equivalence (zero slope) while maintaining item
specificity.

The p x 1 vector of estimates of congeneric factor loadings, A (Equation 1), is trans-
formed into the p x 1 loading pattern, B* (Equation 3). The transformation includes
the computation of the p x 1 vector of expected values of the regression line charac-
terizing the observed factor loadings, v, and the specification of the p x 1 goal vector,
o, reflecting tau equivalence achievable by assigning the mean of the observed factor
loadings to all of its elements (@i = @j).

Given A, v and @, the elements of B* are obtainable as
ﬁl* = (Q)z/ Vz) A (6)

(i=1, ..., p) where B" is the ith transformed factor loading serving as constant in-
cluded in the loading pattern, ¢, is the ith element taken from the goal vector, v; is
the ith element of the vector representing the regression line (expected values), and 1.
is the ith observed congeneric factor loading (see second method for creating the ba-
sically tau-equivalent CFA measurement model, Equation 18, Schweizer & Wang,
2026). Advice for performing basically tau-equivalent CFA is provided in the Appen-
dix A.

The implementation of method effects

The item-position effect. In the original tau-equivalent CFA measurement model and
the basically tau-equivalent CFA measurement model, the item-position effect is
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realized as described in (Schweizer, Gold, & Krampen, 2022). The loading pattern on
the additional position-effect latent variable include fixations that are defined as

ﬂPosition—effect (1) = (l - 1) / ([? - 1) (7)

where fposition-efrect (7) 1S the fixation with respect to manifest variable X (i = 1, ..., p)
of Brosition-cfrect associated with the position-effect latent variable, &position-cffect, and p is
the number of manifest variables.

The wording effect. The representation of the wording effect requires the assignment
of the manifest variables to one of two sets: Cpositive-wording and Chnegative-wording. 1f Xi

eC

EWording-effect, and is defined as

Negative wording then f3; of Bnegative-wording l0ads on the wording-effect latent variable,

ﬁWording-effect (l) =c (8)

with 0 < ¢ < 1. Otherwise c is zero. We prefer ¢ = 1/n with n equal to the number of
elements of Cnegative-wording. But there is no influence of the size of ¢ on model fit if 0
<c<l.

The item-level method effect. This effect is defined in the same way as the wording
effect except of the specification of the subsets of manifest variables. Crem-level effect
includes the manifest variables with the overly large correlation while Cremainder COM-

prises all the other manifest variables. If X; is € Cy.._ 1o effect theN i Of Briem-level effect

loading on the item-level latent variable, &em-ievel effect, 1S defined as

ﬁltem-level effect (1) =C (9)

with 0 < ¢ < 1. Otherwise c is zero. We usually set ¢ = 0.5.

Scaling for obtaining estimates of the variance parameter valid for serving as factor
variances usually requires the modification the fs. We recommend the investigation
of model fit before scaling for estimating factor variances.

Objective

The objective of this empirical study was threefold. First, it aimed to demonstrate that
the control of method effects by including additional latent variables into the CFA
measurement model improves model fit if there is corresponding common systematic
variation. Second, it sought to reveal the gain in information on the relative amount
of common systematic variation attributable to method effects as compared to the rel-
ative amount of common systematic variation attributable to the attribute. Third, the
suitability of CFA measurement models for simultaneously investigating several



38

K. Schweizer

method effects had to be explored. The considered models were the congeneric and
bifactor models, as well as the one-factor and multi-factor versions of the original and
basically tau-equivalent models.

Note. Further on we address CFA measurement models simply as models.

Materials and Methods

The correlation matrix of the study serving as example was created based on infor-
mation recovered from a previously published study (Schweizer, Rauch, & Gold,
2011) focusing the assessment of personal optimism. The scale consisted of eight
items with four graded response options. Four items were positively worded and the
remaining items negatively. The sample included 308 university students (57 males
and 245 females with the mean age of 23.76 years and the SD of 6.28).

A scale characteristic and a recent research result required the amendment of the for-
mal descriptions of method effects presented in the previous section instead of their
straight-forward realization. Recent research called into question the robustness of the
item-position effect, suggesting that this effect could be disrupted by a change of the
processing rule characterizing the items (von Gugelberg et al., 2025). Since 50 percent
of the items of the optimism scale were worded negatively, such a disruption could be
expected. Therefore, two correlated position-effect latent variables were inserted in
the measurement models for representing the item-position effect instead of one.

Further an item-level method effect could be expected for the relationship of the first
and second items of the scale. The first item taped the belief in the own (future) suc-
cess and the second item the positivity of expectations regarding future outcomes.
Although the wordings of the items differed, the contents were very similar. This de-
gree of similarity could be the source for a high correlation.

Given these amendments, the empirical part of the study comprised the investigation
of the structure of the optimism data by one-factor, three-factor and five-factor mod-
els. The one-factor models included the attribute latent variable with free factor load-
ings as congeneric model, with equal-sized numbers (0.125) (Equation 3) as factor
loading constants of the original tau-equivalent model and with slope-corrected num-
bers (Equation 6) as factor loading constants of the basically tau-equivalent model.
The multi-factor models had to be realized differently for the congeneric model and
the other models.

Since the bifactor model as multi-factor version of the congeneric model only allowed
for cross-loadings, it was not feasible to include all method-effect latent variables in
one multi-factor model. Especially, it was not possible to include the second position-
effect latent variable and the wording-effect latent variable into one model since they
extended to the exactly same subset of manifest variables. Therefore, two three-factor
models were created: the first included the attribute and the two item-position effect
latent variables, and the second included the attribute, wording and item-level latent
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variables. They were realized by free parameters serving as factor loadings except in
the case of the item-level method effect. Since this effect extended to two manifest
variables only, it was realized by fixing the factor loadings to 0.5 and estimating the
general factor loading indirectly (see Equation 5).

Using the other models, the multi-factor versions included all latent variables of in-
terest (one attribute, two position-effect, one wording effect, and one item-level latent
variables; see Figure 1). In these models, the general factor loadings were indirectly
estimated by means of variance parameters (see Equation 5).

Position Position
effect 1 effect 2

Figure 1

Five-factor CFA measurement model including the attribute latent variable (attribute), the item-level
latent variable (item-level effect), the two position-effect latent variables (position effect 1 and position
effect 2) and the wording latent variable (wording effect). Ellipses characterize latent variables and
rectangles manifest variables. Arrows with long shafts depict assumed influences. Arrows with small
shaft represent the residuals. The double-headed arrow represents the correlation of the position effects.

The statistical investigation included maximum likelihood estimation using LISREL
software (Advice regarding LISREL notation is provided in Appendix B). Polychoric
correlations estimated by PRELIS served as input. Considered fit indices and fit cut-
offs (in parentheses) were %2, normed y?as %%/df, RMSEA (< 0.06), SRMR (< 0.08),
TLI (= 0.95), CFI (= 0.95), and AIC (DiStefano, 2016; Hu & Bentler, 1999). CFI
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differences (0.01) and RMSEA differences (0.015) served the comparison of models
(Cheung & Rensvold, 2001).

Results

The investigation of the internal consistency of the available correlation matrix ac-
cording to McDonald‘s (1999) Omega revealed a consistency estimate of 0.896 indi-
cating a high degree of consistency. Overestimation due to a centroid-like factor so-
lution could be ruled out as reason for the high consistency (Schweizer, Ren, & Wang,
2025).

Essential parts of the various measurement models are the attribute latent variables
that differ from each other according to factor loadings. In the congeneric and bifactor
models they are estimated individually. Figure 2A that is restricted to the upper and
middle parts of Figure 1 illustrates this by using arrows with solid shafts linking man-
ifest and latent variables.

In the basically tau-equivalent model (Figure 2B) fixed numbers originating from pre-
vious estimation are employed that is made apparent by dashed lines as arrow shafts
linking manifest and latent variables while in the original tau-equivalent model (Fig-
ure 2C) dotted lines as arrow shafts signify the equivalence of factor loadings con-
stants.

The estimated factor loadings and the constants of loading patterns of the attribute
latent variable characterizing the various models are included in Table 1.

Table 1
Factor Loadings on the Attribute Latent Variable for the Congeneric, Bifactor, Original and Basic Tau-
Equivalent CFA Measurement Models Using Polychoric Correlations as Input

Manifest Congeneric Bifactor fac- Bifactor fac- Original tau- Basically tau-

; factor load- tor loadings tor loadings  equivalentfac- equivalent fac-
variable : ) h

ings 1 2 tor loadings tor loadings

1 0.656 0.759 0.614 0.648 0.708

2 0.805 0.914 0.813 0.648 0.849

3 0.609 0.546 0.680 0.648 0.629

4 0.539 0.450 0.416 0.648 0.545

5 0.790 0.692 0.759 0.648 0.782

6 0.561 0.447 0.611 0.648 0.544

7 0.823 0.676 0.721 0.648 0.782

8 0.803 0.639 0.741 0.648 0.748

Mean 0.698 0.640 0.669 0.648 0.698

SD 0.120 0.158 0.124 0 0.114
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Attribute

(congeneric, bifactor)

AN

Item 1 Item 2 Item 3
(pos.) (pos.) (pos.)

Attribute

(basically tau-equvivalent)

Attribute

(original tau-equivalent)

Item 8
(neg.)

Ttem 7
(neg.)

Item 6
(pos.)

Item 5
(neg.)

Item 3
(pos.)

Item 1 Item 2
(pos) || (os)

Figure 2

Tlustration of measurement model parts regarding the attribute latent variable with solid lines
representing estimated parameters, dashed line representing pre-estimated constants and dotted lines
representing constants fixed to equal sizes.
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While the first column of Table 1 identifies the manifest variables, the second column
includes the factor loadings estimated by the one-factor congeneric model. There was
variation between 0.539 and 0.823. The third column provides the factor loadings ob-
served by the first bifactor model with additional position-effect latent variables. The
estimates varied between 0.447 and 0.914. The factor loadings of the first and second
manifest variables were especially large. In the fourth column, the factor loadings of
the second bifactor model with additional wording and item-level latent variables are
listed. The smallest factor loading was 0.416, and the largest one was 0.813. The load-
ing pattern of the original tau-equivalent model is included in the fifth column. The
numbers provided in this column were recovered from the estimate of the factor var-
iance (Equation 5). They corresponded, as was required because of strict tau equiva-
lence. The last column includes the loading pattern of the basically tau-equivalent
model. The factor loadings varied between 0.545 and 0.849. The slope of the factor
loading pattern was virtually zero (-0.008).

The results of investigating model fit

The fit results of investigating the structure of the example correlation matrix are re-
ported in Table 2. The first to third rows include results for the congeneric and bifactor
models. The one-factor congeneric model with the attribute latent variable was only
good according to the SRMR result. Realized as model with position-effect latent var-
iables, the CFI estimate additionally signified good model fit (second row). When
realized as model with wording effect and item-level effect latent variables, SRMR,
CFI and TLI indicated good model fit (third row). All RMSEA and CFI comparisons
of one-factor and three-factor models were substantial.

The fourth and fifth rows of results were achieved by versions of the original tau-
equivalent model. No one of the fit estimates for the one-factor model signified good
model fit whereas the CFI estimate of the five-factor model surpassed the correspond-
ing cutoff. The RMSEA and CFI comparisons of one-factor and multi-factor models
were substantial.

The results of the sixth and seventh rows were obtained by the basically tau-equivalent
model. As one-factor model, only the SRMR estimate reached the corresponding cut-
off. In contrast, the multi-factor model signified good model fit, as indicated by
SRMR, TLI and CFI estimates. Furthermore, in this model the RMSEA estimate could
be considered marginally acceptable. All comparisons between one-factor and multi-
factor models based on RMSEA and CFI showed substantial differences.

Note. Due to the fact that tau-equivalent models only required the estimation of the
general factor loadings, larger degrees of freedom were reported for the original and
basic tau-equivalent models than the congeneric and bifactor models. As a conse-
quence, smaller AICs were observed that was especially obvious for the basically tau-
equivalent model.
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In sum, the worst model fit was observed for the one-factor models including the at-
tribute latent variable only. Especially, the RMSEA estimates of all one-factor models
were inacceptable (Brown, 2015, Hu & Bentler, 1999). The incorporation of addi-
tional latent variables to account for the common systematic variation of each method
effect raised the fit results of the bifactor and basically tau-equivalent models to the
required quality level in three out of four cases. But only the basically tau-equivalent
model yielded a marginally acceptable RMSEA estimate (0.081) whereas the RMSEA

of the second bifactor model was short of being inacceptable.

Table 2

Model Fit Results Observed in CFA According to the One-Factor (1F) and Multi-Factor (3F, 5F)

Congeneric and Original as well as Basically Tau-equivalent Measurement Models Using Polychoric
Correlations as Input

La-
Measure- tent normed
ment \ %2 RMSEA SRMR TLI CFl  AIC
vari- x2
model ables
Conge- AT 1984 20 99 0170 0.068 0.881 0.915 230.4
neric (1F)
Bifactor 1 AT
: IPE1 1073 13 83 0.154 0065 0.894 0951 153.3
(3F) IPE2
Bifactor 2 AT
WD 60.8 15 4.1 0100 0039 0958 0977 102.8
(3F) ILE
Tau(1F) AT 2332 27 86 0158 0.132 0.889 0.893 2512
AT
IPE1
Tau (5F) IPE2 1084 22 49 0.113  0.097 0943 0.955 136.4
WD
ILE
bTau(1F) AT 2071 27 76 0147 0075 0913 0916 2251
AT
IPE1
bTau (5F) IPE2 667 22 3.0 0.081 0041 0971 0977 947
WD
ILE

Note. Tau abbreviates Tau-equivalent and bTau abbreviates Basically Tau-equivalent. Further AT
abbreviates attribute, IPE1 first item-position effect, IPE2 second item-position effect, WD wording

effect, and ILE item-level method effect.

! One factor loading on the first position-effect latent variable was insignificant.
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The results of investigating the factor variances

Scaled factor variances were computed either according to the reference-group
method (congeneric model and bifactor models) or the criterion-based method (origi-
nal and basically tau-equivalent models) (Little, Slegers, & Card, 2006; Schweizer,
Troche, & DiStefano, 2019). All estimates of the factor variances of the latent varia-
bles reached significance.

Table 3
Scaled Factor Variances and Percentages (in Italics) Observed Using the Bifactor and Original as well as
Basically Tau-equivalent CFA Measurement Models

Latent variables inmodel e IPEA IPE2 WD ILE Sum

Bifactor CFA measurement model

AT IPE1 IPE2 3.45 0.61 0.73 4.79
72.0 12.7 15.2 100
AT WD ILE 3.69 0.73 0.43 4.85
76.0 15.1 8.9 100

Tau-equivalent CFA measurement model
AT IPE1 IPE2 WD ILE 3.36 0.42 0.33 0.47 0.24 4.82
69.7 8.7 6.8 9.8 5.0 100
Combination of CFA measurement models
AT IPE1 IPE2 WD ILE 3.49 0.49 0.26 0.48 0.36 5.08
68.7 9.6 5.1 9.4 7.1 100

Note. AT abbreviates attribute, IPE1 first item-position effect, IPE2 second item-position effect, WD
wording effect, ILE item-level method effect.

The scaled factor variances of the latent variables of the multi-factor models are in-
cluded in Table 3. The column titled sum provides the sums of the factor variances of
all the latent variables included in each model. The sums observed for the bifactor
models were 4.79 and 4.85, for the original tau-equivalent model it was 4.82, and for
the basically tau-equivalent model it was 5.08, indicating a considerable degree of
agreement.

The largest attribute factor variance was observed by a bifactor model (3.69). The
largest factor variances of the method-effect latent variables were also observed for
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bifactor latent variables (item-position effect 1: 0.61, item-position effect 2: 0.73,
wording effect: 0.73, item-level effect: 0.43).

As part of a bifactor model, the method-effect latent variables accounted for between
8.9 and 15.2 percent of the sums of factor variances. As part of the original tau-equiv-
alent model, the additional latent variables accounted for between 5.0 and 9.8 percent,
and as part of the basically tau-equivalent model for between 5.1 and 9.6 percent.

The estimate for the second item-position effect observed by the first bifactor model
(0.73) was remarkably large as compared to what was observed for other models. The
size was almost three times as large as what was observed for the corresponding latent
variable of the tau-equivalent models. Also, the estimate for the wording effect of the
second bifactor (0.73) was considerably larger than what was observed for the other
models. Since the sums of factor variances of the bifactor models did not differ from
the other sums, these results might be indications of a lack of discriminating between
different method effects by the bifactor models.

In sum, all multi-factor CFA measurement models accounted for similar sums of fac-
tor variances. In all models, the attribute latent variables accounted for more than two
thirds of the sum of factor variances. Each one of the considered method effects ac-
counted for at least five percent of the sum of factor variances.

Discussion

This study reveals that some measurement characteristics linked to method effects
impair model fit in confirmatory factor analysis unless there is appropriate control.
The serial processing of items induces the item-position effect, and a change of the
item wording leads to the wording effect. In both cases, common systematic variation
is created that is unrelated to the attribute of interest (Maul, 2013; Sechrest et al. 2000)
and needs to be captured by extra latent variables in order to prevent model misfit.
The item-level method effect also consists in common systematic variation that can
be modelled via a latent variable. This effect stems from an item-selection process
that allows for a too large degree of similarity between a pair of items.

The scaled factor variances provide information about the impact of the method ef-
fects on measurement and enable the check of whether the attribute latent variable
accounts for the superior amount of common systematic variation. Among these, the
item-position effect emerged as the largest effect. In the bifactor model, as a whole it
extends to 27.9 percent of the common systematic variation while according to the
other models to between 14.7 and 15.5 percent. The wording effect comprises 15.1
percent of the common variation in the bifactor model, and between 9.4 and 9.8 ac-
cording to other models. The percentages for the item-level method effect are between
5.0 and 8.9 percent.

The attribute latent variable accounts for between 72.0 and 76.0 percent of the com-
mon systematic variation when investigated by the bifactor model while between 68.7
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and 69.7 by the other models. These percentages seem to suggest that the bifactor
model is more efficient in accounting for attribute-related common systematic varia-
tion than the other models. However, the different percentages can simply be due to
the different types of the latent variables since the free factor loadings of the bifactor
model enable the better adaptability to the specificities of the data, as is apparent from
the factor loadings of the first bifactor model (see Table 1). In this case, the factor
loadings on the attribute latent variable signify an especially strong relationship of the
first and second manifest variables with the attribute latent variable.

The sums of factor variances observed for the models are quite similar. They vary in
the range between 4.79 and 5.08 although the models considerably differ according to
the included sets of method effect latent variables. The bifactor models include only
two method-effect latent variables that are either the two item-position effect latent
variables or the combination of wording-effect and item-level effect latent variables
while the other models include all four method-effect latent variables. One reason for
this observation is that the bifactor models cannot discriminate between the second
item-position effect and the wording effect because the corresponding latent variables
are associated with the same set of manifest variables. Lack of discrimination in mod-
els including free factor loadings is also suggested by studies investigating the sensi-
tivity of the congeneric model for influences of basic method effects regarding model
fit (Schweizer, Ren, Wang, 2026).

Furthermore, it needs to be highlighted that reaching a sufficient degree of model fit
turns out to be impossible without considering method effects. The estimates of model
fit for each one-factor model do not reach the required fit standard. Even after includ-
ing all method-effect latent variables, the original tau-equivalent model failed to meet
this standard except of in one case. Given this predictable result (e.g., Graham, 2006),
the basically tau-equivalent model was added to the set of considered models. It dif-
fers from the original tau-equivalent model by the relaxation of the equality require-
ment for factor loadings. This model can be realized by rotating the outcome of pa-
rameter estimation by the congeneric model as one of the two available methods so
that the slope of the regression line describing the loading pattern becomes zero or
close to zero. The attribute latent variable of the basically tau-equivalent model is
designed to combine the representation of item specificity, as is characteristic of the
congeneric model, with the equality requirement of the tau-equivalent model but in a
relaxed version.

Another issue which we like to address is the gain for assessment when considering
method effects. There is the separation of common systematic variation representing
the attribute of interest from other common systematic variation so that a purified
representation of the attribute becomes available leading to better results in investiga-
tions of external validity. Without taking method effects into consideration, other
common systematic variation attenuates correlations between attribute latent variables
on one hand and scale scores as well as other latent variables on the other hand so that
smaller correlations are observed than otherwise. Such attenuation is avoided by con-
sidering method effects as part of CFA measurement models. Further representing
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method effects by latent variables implicitly means that to some degree method effect
are differential effects. This implies that method common systematic variation con-
tributes to the participants’ test scores and is likely to lead to an increase in measure-
ment error. Therefore, we suggest multi-factor measurement models as the outset for
the development of scoring methods that decrease measurement error by eliminating
influences of method effects on test results.

A limitation of the reported study is the lack of the generalizability of findings. The
input to CFA is a correlation matrix obtained from data collected with optimism items.
Therefore, it is an open question whether the performances of the models will be the
same when the optimism items are replaced by other trait items. Also the specific
arrangement of positively and negatively worded items can play a role. Further, the
response format and the number of items can make a difference.

Finally, we like to highlight that the investigated method effects stem from the estab-
lished way of collecting data in psychological assessment. Researchers should keep
an eye on them to prevent that they get out of control. Specifically, identifying item-
level method effects can provide clues for revisions. Information on the wording effect
can help evaluating whether the change of wording means an advantage over uni-
formity of wording. Information on the item-position effect may be useful for control-
ling its impact on consistency and reliability estimates.
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Appendix A.

Advice for performing basically tau-equivalent CFA

The steps necessary for conducting basically tau-equivalent CFA according to method
2 (of the two methods described in author), as employed in investigating the optimism
data, are described.

Step 1: Perform one-factor CFA according to the congeneric measurement model for
obtaining the estimated factor loadings (A, of Equation 6).

Step 2: Use the estimated factor loadings as criterion variable in ordinary linear re-
gression analysis with linearly increasing numbers as predictor variable (we used 0.1,
0.2, 0.3, ...) in order to obtain estimates of slope and intercept.

Step 3: Use slope and intercept for computing expected values (= v, of Equation 6).

Step 4: Compute the mean of the estimated factor loadings for achieving the elements
of the goal vector ().

Step 5: Use Equation 6 for computing 3"

Step 6: Repeat performing one-factor CFA with the fixed numbers of the loading pat-
tern composed of the outcomes of step 5 (3.") and with the variance parameter of the
covariance matrix model (Equations 5) set free for estimation (¢*).

Step 7: Perform multi-factor CFA with additional components that are specified by
fixed numbers and corresponding free variance parameters.
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Appendix B:

Advice for one-factor CFA employing LISREL notation

See below the LISREL program code employed for investigating the matrix of poly-
choric correlations (sub-diagonal matrix including the main diagonal) according to the
one-factor basically tau-equivalent measurement model (second method), congeneric

measurement model, and original tau-equivalent model.

BASICALLY TAU-EQUIVALENT CFA MEASUREMENT MODEL
DA NI=8 NO=308 MA=KM

LA

p1p2 p3 n1 n2p4 n3 nd

KM

1.000

0.715
0.377
0.255
0.482
0.325
0.485
0.490

1.000
0.549
0.371
0.638
0.459
0.618
0.592

1.000
0.208
0.500
0.527
0.432
0.474

1.000
0.499
0.196
0.595
0.399

MO NX=8 NK=1 TD=DI,FR PH=FU,FI

LE

Optimism

VA
VA
VA
VA
VA
VA
VA
VA

FRPH 11

PD

0.7078
0.8494
0.6287
0.5447
0.7818
0.5439
0.7821
0.7483

LX
LX
LX
LX
LX
LX
LX
LX

O~NO U WN =

1.000
0.427
0.627
0.649

AAaaaaaaan

OU ML MI RS SC ND=3 IT=1000 AD=OFF

CONGENERIC CFA MEASUREMENT MODEL
DA NI=8 NO=308 MA=KM

LA

p1p2 p3 n1 n2p4 n3 nd

KM

1.000
0.715
0.377
0.255
0.482

1.000
0.549
0.371
0.638

1.000
0.208
0.500

1.000
0.499

1.000

1.000
0.459
0.440

1.000
0.734

1.000
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0.325 0.459
0.485 0.618
0.490 0.592

0.527
0.432
0.474

0.196
0.595
0.399

MO NX=8 NK=1 TD=DI,FR PH=FU,FI

LE

Optimism

FR LX
FR LX
FR LX
FR LX
FR LX
FR LX
FR LX
FR LX
VA1PH11
PD

ONO AR WN =

A Aaaaaaa

0.427
0.627
0.649

OU ML MI RS SC ND=3 IT=1000 AD=OFF

1.000
0.459
0.440

1.000
0.734

ORIGINAL TAU-EQUIVALENT CFA MEASUREMENT MODEL
DA NI=8 NO=308 MA=KM

1.000
0.208
0.500
0.527
0.432

LA

p1p2 p3 n1 n2 p4 n3 nd

KM
1.000
0.715  1.000
0.377  0.549
0.255  0.371
0.482 0.638
0.325 0.459
0.485 0.618
0.490 0.592

0.474

1.000
0.499
0.196
0.595
0.399

MO NX=8 NK=1 TD=DI,FR PH=FU,FI

LE

Optimism

VA 0.125
VA 0.125
VA 0.125
VA 0.125
VA 0.125
VA 0.125
VA 0.125
VA 0.125
FRPH 11

PD

O~NO U WN =

1.000
0.427
0.627
0.649

A aaaaaan

OU ML MI RS SC ND=3 IT=1000 AD=OFF

1.000
0.459
0.440

1.000
0.734

1.000

1.000



