Published as:

Cieciuch, J., Davidov, E., Oberski, D.L., & Algesheimer, R. (2015). “Testing for
measurement invariance by detecting local misspecification and an
illustration across online and paper-and-pencil samples”. European
Political Science, 14(4), pp 521–538. DOI: 10.1057/eps.2015.64.

Running head: MISSPECIFICATION DETECTION AND MEASUREMENT INVARIANCE

Testing for measurement invariance by detecting local misspecification and an illustration
across online and paper-and-pencil samples

Jan Cieciuch
jancieciuch@gmail.com
URPP Social Networks, University of Zurich, Switzerland
and Cardinal Stefan Wyszyński University in Warsaw, Poland

Eldad Davidov
Institute of Sociology, University of Zurich, Switzerland
Andreasstrasse 15; CH-8050 Zurich, Switzerland
Tel: +41 44 635 23 22; Fax: +41 44 635 23 99

Daniel L. Oberski
Department of Methodology and Statistics, Tilburg University, The Netherlands

René Algesheimer
Department of Business Administration, University of Zurich, Switzerland
Author Note
The work of the first, second, and fourth authors was supported by the University
Research Priority Program (URPP) ‘Social Networks’, University of Zürich. The work of the
third author was supported by the Netherlands Organization for Scientific Research (NWO)
[Vici grant 453-10-002]. The second author would like to thank the EUROLAB, GESIS,
Cologne, for their hospitality during work on this paper. The authors would also like to thank
Lisa Trierweiler for the English proof of the manuscript.

MISSPECIFICATION DETECTION AND MEASUREMENT INVARIANCE

Abstract
Political scientists often need to evaluate whether samples are comparable, for
example, when analysing different countries or time points or when comparing data collected
using different methods. A necessary condition for conducting such meaningful cross-group
comparisons is the establishment of measurement invariance. One of the most frequently
used procedures for establishing measurement invariance is the multigroup confirmatory
factor analysis (MGCFA). This method was criticised in the literature because it may suggest
that a model fits the data although it may contain serious misspecifications. We present an
alternative method to test for measurement invariance using detection of local
misspecifications and illustrate its use on two datasets assessing value priorities that are often
analysed in political science and collected using paper-and-pencil and web modes of data
collection.

Keywords: measurement invariance, detection for misspecification, multigroup
confirmatory factor analysis (MGCFA), human values, statistical power, mode effects
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Testing for measurement invariance by detecting local misspecification and an illustration
across online and paper-and-pencil samples

Introduction
Political scientists frequently aim to evaluate whether the answers given by two or
more groups of respondents are comparable. When they analyse international surveys such as
the European Social Survey (ESS), the World Value Survey (WVS), the International Social
Survey Program (ISSP), various election studies, or household panels, they must first
establish that the measurement properties of survey questions are reliable, valid, and
comparable across countries, time points and modes of data collection (Jowell et al., 2007;
Oberski, 2012; Saris and Gallhofer, 2007).
Indeed, different modes of data collection may result in measurements that cannot be
compared meaningfully (Gordoni et al., 2012; Révilla and Saris, 2012; Saris and Hagenaars
1997). The potential bias of the mode of data collection used is also acute in the analysis of
international surveys because different modes of data collection are often used within and
across countries to reduce costs (De Leeuw, 2005; Dillman et al., 2009). For example, the
2009 European Election Study used both telephone and face-to-face interviews1. Indeed,
Podsakoff et al. (2012) showed that 18% to 32% of the total variance in measurement items is
due to method bias and that mode of data collection is one of the most important predictors of
item validities and reliabilities. Thus, using differing modes of data collection will impact
items’ reliability and validity and may constitute a major source of measurement bias (for
further discussion, see Podsakoff et al., 2012).
For these reasons, a practice of evaluating measurement comparability across samples
known as “measurement invariance testing” has emerged in the literature (for overviews, see
Millsap and Everson, 1993; Schmitt and Kuljanin, 2008; Vandenberg and Lance, 2000).
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Various methods have been proposed in the literature to test for measurement invariance. One
of the most frequently used procedures for establishing measurement invariance is
multigroup confirmatory factor analysis (MGCFA). However, this method has been
increasingly criticised because it may suggest that a model fits the data although it may
contain serious misspecifications. In other words, such a model may suggest that scores are
comparable across samples whereas in reality scores may still be biased and noncomparable
(Saris et al., 2009). We present an alternative method to test for measurement invariance
using detection of local misspecifications based on a study by Saris et al, (2009), and we
illustrate its use in two datasets on value priorities collected using paper-and-pencil and web
modes of data collection.
Our contributions are twofold: First, we extend the method proposed by Saris et al.
(2009) of model evaluation to the evaluation of models testing for measurement invariance;
second, we present the method and show how to apply it to testing for measurement
invariance across different samples; third, we demonstrate its use on real data and test for
invariance across two samples collected using different methods of data collection. For the
illustration we use two samples using different modes of data collection to measure human
values. Human values have been increasingly used in political science to explain political
attitudes, voting behaviour or political orientation (see, e.g., Caprara et al., 2006; Piurko et
al., 2011; Schwartz et al., 2014; Vecchione et al., 2015). In the concluding section we explain
how the method may be applied also to assess the comparability of scores across different
cultures, language groups, countries, or other groups. We begin by first briefly explaining the
importance of measurement invariance and how it can be tested.
Measurement Invariance
The Importance of Measurement Invariance
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Measurement invariance is a psychometric measurement property. Measurement
invariance affirms that a questionnaire does indeed measure the same construct in the same
way in various groups or at various time points or under different conditions (Chen, 2008;
Davidov, Meuleman, Cieciuch, Schmidt, Billiet, 2014; Marsh et al., 2010; Meredith, 1993;
Millsap, 2011; Steenkamp and Baumgartner, 1998; Van de Vijver and Poortinga, 1997;
Vandenberg, 2002; Vandenberg & Lance, 2000).
The assumption that a questionnaire is measurement invariant is a precondition for 1)
a meaningful comparison of data across groups, time points, or conditions and 2) for pooling
data collected in different groups for further analysis. Measurement invariance does not
imply that there are no differences between the groups with regard to the measured construct.
Instead, measurement invariance simply implies that a measured construct is comparable
across various groups or modes of data collection and that its score is not biased by different
parameters of the items measuring it. Therefore, when measurement invariance is established,
the scores of the measurement can be meaningfully compared across groups and interpreted
as being similar or different.

How Can Measurement Invariance Be Established?
There are many procedures for measurement invariance testing across groups (Chen,
2008; Davidov et al., 2014; Vandenberg and Lance, 2000). The most widely used method is
multigroup confirmatory factor analysis (MGCFA; Jöreskog, 1971). This method involves
setting cross-group constraints on parameters and comparing more restricted models with less
restricted models (Byrne, 2004; Byrne et al., 1989; Byrne and Stewart, 2006; Davidov et al.,
2014; Meredith, 1993; Steenkamp and Baumgartner, 1998; Vandenberg and Lance, 2000).
Let us assume that there is a questionnaire Q, consisting of six items, X1 through X6.
The items are observed variables that serve as indicators measuring two latent variables, η1
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and η2. Items X1, X2, and X3 are indicators measuring latent variable η1, and items X4, X5, and
X6 are indicators measuring latent variable η2. The factor loadings of the indicators are
denoted as λ (lambda), the indicator intercepts as τ (tau), and the variances of the
measurement errors as ϑ (theta). The two latent variables (η1 and η2) are correlated and the
variances of the latent variables are constrained to 1 for identification. It is also possible to
identify the model by alternatively constraining one of the factor loadings for each latent
variable to 1 (Bollen, 1989) with the so-called marker-variable method (Little et al., 2006).
Data are collected using questionnaire Q for two groups or conditions, A and B. Figure 1
presents the measurement model for the two groups.
Figure 1 about here
Levels of Measurement Invariance: Configural, Metric, and Scalar
One can differentiate among several levels of measurement invariance. Each level is
defined by the parameters constrained to be equal across groups. The first and lowest level of
measurement invariance is called configural invariance (Horn and McArdle, 1992; Meredith,
1993; Vandenberg and Lance, 2000). Configural invariance requires that the same latent
variables are measured by the same items for all groups. The model parameters are estimated
for all groups simultaneously without any equality constraints. The fit of the model being
tested provides the baseline against which the models testing for higher levels of
measurement invariance are analysed.
The second level is called metric invariance (Horn and McArdle, 1992; Steenkamp
and Baumgartner, 1998; Vandenberg and Lance, 2000) or weak measurement invariance
(Marsh et al., 2010; Meredith, 1993). Metric invariance is tested by constraining the factor
loadings between the observed items and the corresponding latent variable to be equal across
the compared groups (Vandenberg and Lance, 2000). If metric measurement invariance is
established one may assume that the meaning of the latent variable in both groups is the
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same, although there is still a lack of certainty as to whether the construct is being measured
in the same way in both groups.
A third and higher level of measurement invariance is called scalar invariance
(Vandenberg and Lance, 2000) or strong measurement invariance (Marsh et al., 2010;
Meredith, 1993). Scalar measurement invariance is tested by constraining not only the factor
loadings but also the indicator intercepts to be equal across groups (Vandenberg and Lance,
2000). Intercepts and means are added into the model testing for scalar invariance. This type
of analysis is referred to as the means and covariance structure analysis (MACS). If scalar
invariance is established, one may assume that respondents use the scale in the same way in
each group; thus, it implies that the same construct (metric invariance) is measured in the
same way (scalar invariance). Steenkamp and Baumgartner (1998) called scalar invariance
“score equivalence”, since any difference between groups in observed scores corresponds to
an equal difference in the latent variable scores. Table 1 summarises the different levels of
measurement invariance and the comparisons that they allow if established.
Table 1 about here
The decision regarding which level of measurement invariance should be tested and
established depends on the research goals. Configural invariance enables only an overall test
of the similarity of the measurement models of the groups under study. In contrast, metric
measurement invariance also allows for the comparison of unstandardised relationships
between the constructs across groups. For example, this level of invariance allows a
comparison of the covariance between η1 and η2 across groups A and B and the comparison
of the strength of association of an external variable V with η1 (or η2) across the groups.
Scalar invariance is needed to conduct meaningful comparisons of latent means across
groups. Therefore, if a researcher is interested in whether the latent mean of variable η1 (or
η2) is larger in group A or group B, scalar invariance should be established beforehand.2 The
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assessment whether measurement invariance at a certain level is given can be performed
based on an evaluation of the fit of a model with the corresponding constraints (Chen, 2007;
Davidov et al., 2014). This model evaluation has typically relied on global fit measures. In
the current study we present another approach to evaluate the model based on the presence or
absence of local misspecifications (Saris et al., 2009).
The Global Fit Measures Approach to Assessing Measurement Invariance
Historically, the first global fit measure in structural equation modelling (SEM) was
the χ2 (chi-square). According to Jöreskog (1969), the χ2 value aided in freeing confirmatory
factor analysis (CFA) of many subjective decisions that had to be made in exploratory factor
analysis. As stated by Hu and Bentler (1995), the subjective judgement was replaced by an
objective test of differences between two matrices: the observed and the hypothesised one in
the model. Unfortunately, χ2 is not free of problems, which have been widely recognised and
discussed in the literature (e.g., Bentler and Bonett, 1980; Hu and Bentler, 1998; Hu et al.,
1992; Kaplan, 1990). Two main problems were identified. The first is that the models tested
in CFA are always only approximations of reality. Therefore, using χ2 to test the hypothesis
that the observed covariance matrix equals the hypothesised matrix is an unnecessary strong
assumption (Jöreskog, 1978). The second problem is that χ2 is sensitive to various
characteristics of the tested model that are irrelevant to the possible misspecification. The
most known case is sample size. As Bentler and Bonett (1980) pointed out more than 30
years ago, “in large samples, virtually any model tends to be rejected as inadequate” (p. 588).
High power leads to the undesirable situation that substantively unimportant
misspecifications can lead to rejection of an otherwise “closely fitting” model.
To resolve this problem, many fit indexes have been developed (Hu and Bentler,
1995; Marsh et al., 2005), and various recommendations for cut-off criteria for these model
fit coefficients have been proposed. Three popular indexes, the root mean square error of
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approximation (RMSEA), the comparative fit index (CFI), and the standardised root mean
square residual (SRMR), are reported quite frequently in the literature. The RMSEA reflects
the degree to which a researcher’s model reasonably fits the population covariance matrix
while considering the degrees of freedom and the sample size (Brown, 2006). This index is a
parsimony-adjusted index that favours simpler models. The probability of close fit (Pclose)
value indicates the probability that RMSEA is below 0.05. When the RMSEA value is lower
than 0.05, the model can be assumed to perform very well (Brown and Cudeck, 1993). When
the RMSEA value is 0.08 or lower, it can be assumed that the model performs reasonably
well (Hu and Bentler, 1999; Marsh et al., 2004). The CFI compares the fit of a researcher’s
model to a more restricted baseline model. CFI values between 0.90 and 0.95 or larger
indicate an acceptable model fit (Hu and Bentler, 1999). The SRMR compares the sample
variances and covariances with the estimated ones. When the SRMR value is lower than 0.05,
the model can be assumed to perform very well, and when it is lower than 0.08, the model
can be assumed to perform reasonably well (Hu and Bentler, 1999; Marsh et al., 2004).
To assess whether a given level of measurement invariance is established, global fit
measures are compared between the more and less constrained models. If the change in
model fit is smaller than the criteria proposed in the literature, measurement invariance for
that level is established. Chen (2007) proposed the use of cut-off criteria in deciding whether
the fit of a more restrictive model has deteriorated significantly. According to Chen (2007), if
the sample size is larger than 300, metric noninvariance is indicated by a change in CFI larger
than .01 when supplemented by a change in RMSEA larger than .015 or a change in SRMR
larger than .03 compared with the configural invariance model. Regarding scalar invariance,
noninvariance is evidenced by a change in CFI larger than .01 when supplemented by a
change in RMSEA larger than .015 or a change in SRMR larger than .01 compared with the
metric invariance model.3
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The Local Misspecification Approach
Saris et al. (2009) argued that because the power of both χ2 and other fit indices to
detect misspecifications are affected not only by the misspecification size but also by other
characteristics of the models (e.g., sample size, model size, number of indicators, reliability
of the indicators, size of parameters; see Cohen, 1988), relying on the global fit of the entire
model (or on global fit differences) may lead to a wrong decision. The alternative approach to
making decisions regarding model correctness is proposed by Saris et al. (2009) and involves
investigation into whether specific misspecifications are present in the model. The correct
model should not contain any relevant misspecifications. Thus, it is possible that, according
to the common global fit criteria, one could accept a model that in reality contains serious
misspecifications and should be rejected. It is also possible that the global fit measures will
recommend the rejection of a model that does not contain any relevant misspecification and
may actually be accepted (Saris et al., 2009).
Models are however simplifications of reality; therefore, they always contain
misspecifications (Brown and Cudeck, 1993; MacCallum et al., 1996). Thus, the important
question deals with how large a misspecification the researcher is willing to accept in a given
model (Saris et al., 2009). Saris et al.’s (2009) approach enables detection of the
misspecifications according to the misspecification size defined by the researcher. According
to Saris et al. (1987), estimates of the misspecifications can be obtained using a combination
of the expected parameter change (EPC) and the modification index (MI), which are usually
provided by SEM software packages. The MI (Sörbom, 1989) provides information on the
minimal decrease in the χ2 of a model when a given constraint is released. Decreasing χ2
leads to an improvement of the model. EPC provides a prediction of the change of the given
parameter when it is released (Saris et al., 1987). Thus, EPC provides a direct estimate of the
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size of the misspecification, whereas the MI provides a significance test for the estimated
misspecification (Saris et al., 1987).
Neither the EPC nor the MI is error-free. The EPC estimation is problematic because
of sampling fluctuations that may influence it. In addition, the value of the EPC depends also
on other misspecifications in the model. The MI, similar to χ2, depends on various
characteristics of the model and the sample (Saris et al., 2009). To resolve this problem, Saris
et al. (2009) introduced the standard error of the EPC and the power of the MI test.
According to Saris et al. (1987), both the standard error of the EPC and the power can be
estimated based on the MI and EPC.
Decision Rules in the Local Misspecification Approach
Before making the decision about whether the EPC is a significant indicator of
relevant misspecification, the power of the MI test (which is not provided by the SEM
program) should first be taken into consideration. The power can be calculated, however,
using the EPC and the MI with the Jrule program developed by Oberski (2009) and van der
Veld and colleagues (van der Veld et al., 2008; Saris et al., 2009).4
Before looking for local misspecifications, the researcher should make two decisions.
The first requires specifying what size of misspecification should be tolerated. Keeping in
mind that misspecifications are fixed to zero although they are not zero in reality, the
question is how large is the difference between the ‘zero’ specified in the model and the real
parameter (or parameter difference) that will be treated as a misspecification. Saris et al.
(2009) formulated suggestions that should be used with caution: Deviations larger than .4 for
cross-loadings and deviations larger than .1 for other parameters (differences in factor
loadings or intercepts across groups) may be treated as serious misspecifications, and smaller
ones may be ignored. The logic behind the first suggestion is that one usually considers factor
loadings of .4 and higher as substantial (Brown, 2006). The logic behind the second
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suggestion depends on the length of the scale used. Obviously, both suggestions are
somewhat arbitrary, and a researcher may analyse the model using higher or lower
misspecifications.5 The second question that should be addressed by a researcher deals with
the size of power that is considered high enough to detect the defined size of
misspecification. Saris et al. (2009) suggest the value of .75 as a threshold of high power6 .
Both of these points (misspecification size and the size of power to detect potential
misspecifications) must be indicated by the researcher in advance in the Jrule program
(Oberski, 2009; Saris et al., 2009).
The Jrule program performs two operations: The first is to calculate the power of the
test based on the MI and EPC (these may be provided by the SEM software, e.g., Mplus:
Muthèn and Muthèn, 1998-2012, or Lisrel: Jöreskog and Sörbom, 2001). The second is to
suggest, for each parameter, whether it is misspecified according to the decision criteria
outlined in Table 2, taking into consideration the size of misspecification and the required
power as defined by the researcher. Jrule calculates the actual power of the test of each
parameter.
Table 2 about here
When the MI is significant and the power of the MI test is low, the researcher can
conclude that there is a misspecification at the predefined level. When the MI is not
significant and the power is high, the decision is also simple – there is no misspecification.
Two other cases are more complicated. When the MI is significant and the power of the MI
test is high, one does not know whether the significance is a result of a high or serious
misspecification or whether it is significant just because the power of the test is high. In this
case, Saris et al. (2009) and van der Veld and Saris (2011) suggest examining the substantive
relevance of the EPC. The last case where the power is low and the MI is not significant is
inconclusive, because although the MI is not significant, there is not enough information to
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conclude whether this is a result of the low power or simply because there is no
misspecification.
When measurement invariance is tested, several misspecifications are possible. First,
the program may suggest that there are cross-loadings that should be accounted for. If the
program proposes to consider cross-loadings (listed in the MI output of Mplus as ‘by’
statements) only for some but not all of the groups, then even configural measurement
invariance is threatened.7 Second, the program may suggest in the MI output (listed in the MI
output of Mplus also as ‘by’ statements) that certain equality constraints on the factor
loadings of the indicators measuring the latent variables are misspecified (i.e., not equal).
Such a statement should be interpreted as an indication that the difference between the factor
loadings across groups is larger than zero and that metric invariance is not supported by the
data. Finally, the program may suggest that the intercept parameters equality constraints
between groups are misspecified (listed in the MI output of Mplus as item names). Such a
statement should be interpreted as an indication that the difference between the intercepts
across groups is larger than zero and that scalar invariance is not supported by the data.
Below we illustrate how the method may be applied.

Illustration
The current illustration tests the measurement invariance properties of human values
(Schwartz, 1992) data collected using the PVQ-40 questionnaire (Schwartz et al., 2001). The
Schwartz concept and measurement of values was quite often used in the political science
literature (Caprara et al., 2006; Piurko et al., 2011; Schwartz et al., 2014; Vecchione et al.,
2015). A previous study (Davidov and Depner, 2009) that tested for the measurement
invariance properties of human values using the PVQ-21 questionnaire in the European
Social Survey, showed that the values measured by the PVQ-21 are configural, metric, and
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scalar invariant across online and paper-and-pencil conditions. Although the PVQ-21 was
developed to measure ten values, Davidov and Depner (2009) tested the invariance properties
for only seven values, because some values have to by unified in the CFA model. In the
current study we use the full version of the questionnaire (40 items) that enables us to test for
the invariance properties of more narrowly defined values. Based on (1) the reinterpretation
of the questionnaire proposed by Cieciuch and colleagues (Cieciuch and Schwartz, 2012;
Cieciuch et al., 2013), which was built on the refined version of the value theory (Schwartz et
al., 2012), and (2) on the magnifying glass strategy proposed by Cieciuch and Davidov
(2012), we test for the measurement invariance of sixteen more narrowly defined values
measured by PVQ-40. Thus, we conduct the test for each higher-order value separately. The
definitions of the ten values and the sixteen more narrowly defined values are presented in
Table 3. For the illustration we used the Mplus 7 program (Muthén and Muthén, 1998-2012).
Method
Sample. The study was conducted on a group of N = 1,256 Polish adults. The online
group consisted of n = 627 participants aged 18-69 years (58.7% female). The paper-andpencil sample in the analysis contained n = 629 respondents aged 18-67 years (57.1%
female). The data were collected by research assistants at the Cardinal Stefan Wyszyński
University in Warsaw, Poland. For the data collection they asked their peers and
acquaintances to complete the questionnaire. The online and paper-and-pencil samples were
recruited in a similar way, and therefore there were no systematic differences across the
samples in this regard. Participation was voluntary, and anonymity was guaranteed.8
Questionnaire. We used the Polish version of the PVQ-40 (Cieciuch and Schwartz,
2012). This questionnaire includes 40 short verbal portraits of different people who are
gender matched to the respondent. Each portrait describes a person’s goals, aspirations, or
desires, which point implicitly to the importance of one of the ten basic values in the original
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theory. For example, “Thinking up new ideas and being creative is important to her. She likes
to do things in her own original way” describes a person to whom self-direction values are
important. For each portrait, respondents answer “How much like you is this person?” on a
scale of 1 (not like me at all) to 6 (very much like me).
Table 3 about here
Results
First, we ran a CFA analysis (Bollen, 1989; Brown, 2006) for each group and higherorder value separately. Thus, we created a separate CFA model for each higher-order value
(four in total) where we allowed the values to correlate with each other. The items and the
corresponding values are listed in the fourth column of Table 3. We were forced to exclude
one facet of conformity (conformity-rules) and one facet of tradition (humility) from further
analysis because they produced overly high correlations with other latent variables that made
it impossible to differentiate between them. We tested four models in each sample: selftranscendence (with universalism-concern, universalism-nature, and benevolence correlating
with each other), self-enhancement (with achievement-ambition, achievement-success,
hedonism, power), openness to change (with self-direction-thought, self-direction-action, and
stimulation), and conservation (with security societal, security personal, tradition [without
humility], and conformity-interpersonal) with items as listed on Table 3.9 Each of these four
models resulted in satisfactory global model fit coefficients in both samples.10
Next, we performed MGCFA across samples for each of the four higher-order values
beginning with configural invariance, then turning to metric invariance, and finally to scalar
invariance sequentially. Global fit measures for the configural, metric and scalar levels of
measurement invariance are presented in Table 4.
Table 4 about here
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As Table 4 demonstrates, according to the cut-off criteria that are described above and
customarily used, the scalar invariance models for each higher-order value fit the data well
(CFI values above .90 and RMSEA values below .08; change in CFI and RMSEA below the
cut-off criteria).
Next, we turned to the detection of local misspecification using the Jrule program. We
looked for misspecifications larger than .4 for the “by” statements (latent variable by item,
i.e., detection of the presence of cross-loadings) of parameters not present in the model,
which correspond to misspecifications at the configural level, because these misspecifications
imply the erroneous omission of cross-loadings. In the next step we looked for two types of
misspecifications simultaneously: First, we looked for misspecifications larger than .1 for the
“by” statements (latent variable by item) of parameters already estimated in the model, which
correspond to misspecifications at the metric level of invariance, because the
misspecifications concern incorrect equality constraints of factor loadings across groups.
Second, we looked for misspecifications larger than .1 for item intercepts (the names of these
items are indicated in the Mplus output) that correspond to misspecifications at the scalar
level, because the misspecifications concern incorrect equality constraints of intercepts across
groups.
Table 5 presents the results. The table contains the information provided by Mplus
(MI and EPC) and by the Jrule program (power and decision). The power level required in
Jrule was predefined to be 0.75.
Table 5 about here
As Table 5 demonstrates, there were no serious misspecifications at the configural
level because the power was high and all misspecifications were below .4. There were also no
serious misspecifications at the metric level because Mplus did not identify any
misspecification for the “by” statements (latent variable by item) of parameters already
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estimated in the model. In other words, all the cross-sample equality constraints on factor
loadings between the values and their corresponding items were supported by the data and
metric invariance could be established.
At the scalar level, the equality constraints of intercepts for both items se14 and se35
measuring societal security were misspecified. In other words, the intercepts of the two items
considerably differed across the samples. This implied that the scores of the latent variable
societal security could not be meaningfully compared across the samples. Different intercepts
do not allow to compare the value’s scores across samples.11 Thus, although the global model
fit presented in Table 4 for the corresponding scalar invariance model was acceptable, the
precise detection of misspecification using Jrule led to the conclusion that one of the values
of conservation, societal security, is not scalar measurement invariant while all other values
are.
Conclusion
Measurement invariance is necessary for conducting meaningful cross-group comparisons. If
measurement invariance is not established, interpretations of comparisons between groups are
problematic (Chen, 2008; Davidov et al., 2014). Two main dangers arise from the use of
noninvariant measurement instruments. The first danger is that different constructs may be
measured across the various groups with the same measurement instrument. Horn and
McArdle (1992) metaphorically compare such a case to a comparison between apples and
oranges, and Chen (2008) describes it as a comparison between chopsticks and forks. The
second danger is that despite measuring the same construct, it might have a different meaning
across groups or respondents might respond to the questions measuring it in a different way,
which also disrupts the ability to make meaningful comparisons. If a measurement is
noninvariant, it is possible that differences that are found between groups do not correspond
to real differences, or conversely, that the real differences are obscured by the noninvariant
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measurements. Indeed, several scholars (see, e.g., King et al., 2004) have reminded us that
measurement invariance cannot be taken for granted and has to be empirically tested.
There are many procedures for measurement invariance testing across groups. The
most widely used method is multigroup confirmatory factor analysis. In this method, specific
measurement parameters are constrained to be equal across groups, and researchers may rely
on global fit measures to assess if the constraints are tenable. However, the literature raises
criticisms about the use of global fit measures for assessing model fit (Saris et al., 2009).
Instead, it suggests relying on MI, EPC, and the power of the test to ascertain if a model fits
the data. In this study, we present this alternative method to assess whether measurement
invariance is supported by the data. Furthermore, we illustrate its use for testing for
measurement invariance across two samples.
In our illustration we demonstrate how to apply this procedure for establishing
measurement invariance across human values measurements collected using two modes of
data collection: online and paper-and-pencil. It turns out that our value measurements are
highly invariant across online and offline modes of data collection. Whereas the global fit
measures suggest that all values are invariant, the detection of misspecification procedure
identifies one value, societal security, which is metric but not scalar measurement invariant.
In other words, whereas associations between societal security and other theoretical
constructs of interest may be compared across samples (as metric invariance was supported
by the data), its means may not be comparable (as scalar invariance was not supported by the
data). Thus, the method of misspecification detection is more sensible for identifying
violations of invariance also when the global fit measures are satisfactory.
It should be noted, however, that the presented misspecification detection method
does not provide guidance to determine which misspecifications may be tolerated and which
may not. Such guidelines are neither provided for tests of metric invariance nor for tests of
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scalar invariance. Thus, researchers need to decide by themselves which misspecifications
they wish to tolerate and which they do not. Recently, Oberski (2014) and Meuleman (2012)
provided additional guidelines for making this decision. Further studies should provide more
precise guidelines as to which misspecifications may endanger the meaningfulness of crossgroup comparisons.
Indeed, the method to detect for misspecifications illustrated in the current study on
online and paper-and-pencil data may also be applied by political scientists when testing for
measurement invariance across various samples such as cultural groups, time points,
language groups, or any other groups that they wish to compare. The decision which groups
to compare depends on the substantive research questions. Testing for measurement
invariance may provide scholars with more precise indications about the extent to which their
data are comparable after all. Findings of measurement invariance will guarantee that
substantive comparisons across groups may be conducted with confidence.
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Table 1
Levels of Measurement Invariance Across Groups
Level of measurement

The constraints it includes

invariance
1. Configural invariance

The types of comparisons it
allows if established

The same latent variables are

No comparisons are allowed.

measured by the same items

It enables only an overall test

for all groups. No equality

of the similarity of the

constraints are fixed.

measurement models of the
groups under study.

2. Metric invariance or weak

The factor loadings between

Allows for the comparison of

measurement invariance

the observed items and the

unstandardised relationships

latent variable are

(unstandardised regression

constrained to be equal

coefficients, covariances)

across the compared groups.

between the constructs
across groups.

3. Scalar invariance or strong The factor loadings between

Allows meaningful

measurement invariance

the observed items and the

comparisons of both

latent variable and the

unstandardised relationships

indicator intercepts are

and latent means across

constrained to be equal

groups.

across the compared groups.
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Table 2
Role of the Modification Index and the Power of the Test to Determine Parameter
Misspecifications

Significant MI
Nonsignificant MI

High power

Low power

Inspect EPC

Misspecification

No misspecification

Inconclusive

Note. Adopted from Saris et al. (2009); See also van der Veld and Saris (2011); MI =
modification index
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Table 3
Four Higher-Order Values, Ten Basic Values (Schwartz, 1992), and Sixteen Values with the PVQ-40 (Cieciuch et al., 2013)
4 higher-order values

10 basic values

Stimulation

Independent thought and action—choosing,
creating, and exploring
Excitement, novelty, and challenge in life

16 values in the PVQ-40 with items to
measure these values12
Self-Direction—Action (sd11, sd34)
Self-Direction—Thought (sd1, sd22)
Stimulation (st6, st15, st30)

Hedonism

Pleasure and sensuous gratification for oneself

Hedonism (he10, he26, he37)

Personal success through demonstrating
competence according to social standards
Social status and prestige, control or dominance
over people and resources
Safety, harmony, and stability of society,
relationships, and self
The restraint of actions, inclinations, and
impulses that are likely to upset or harm others
and violate social expectations or norms
Respect, commitment, and acceptance of the
customs and ideas that traditional culture or
religion provides

Ambition (ac24, ac32)
Demonstrating success (ac4, ac13)
Power (po2, po17, po39)

Preservation and enhancement of the welfare of
people with whom one is in frequent personal
contact
Understanding, appreciation, tolerance, and
protection for the welfare of all people and of
nature

Benevolence (be12, be18, be27, be33)

Self-Direction
Openness to change

Self-enhancement

Achievement
Power
Security
Conformity

Conservation
Tradition

Benevolence
Self-transcendence

Universalism

Definitions of 10 basic values

Personal Security (se5, se21, se31)
Societal Security (se14, se35)
Conformity—Rules (co7, co28)
Conformity—Interpersonal (co16, co36)
Tradition (tr20, tr25)
Humility (tr9, tr38)

Universalism—Concern (un3, un8, un23,
un29)
Universalism—Nature (un19, un40)
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Note. The item questions are available from the first author upon request.
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Table 4
Global Fit Measures for the MGCFA
χ2

df

CFI

RMSEA

SRMR

Configural

245.7

64

.948

.067 [.058-.076]

.041

Metric

254.2

71

.948

.064 [.056-.073]

.045

Scalar

270.4

78

.945

.063 [.055-.071]

.047

Configural

111.3

22

.947

.080 [.066-.096]

.035

Metric

114.1

26

.948

.073 [.060-.087]

.038

Scalar

122.1

30

.946

.070 [.057-.083]

.041

Configural

208.4

58

.967

.064 [.055-.074]

.036

Metric

219.0

64

.966

.062 [.053-.071]

.040

Scalar

228.1

70

.965

.060 [.051-.069]

.042

Configural

172.1

42

.943

.070 [.059-.081]

.036

Metric

178.0

47

.942

.067 [.056-.077]

.038

Scalar

190.6

52

.939

.065 [.055-.075]

.040

Self-transcendence (BE-UNN-UNC)

Openness (SDA-SDT-ST)

Self-enhancement (HE-ACA-ACS-PO)

Conservation (SES-SEP-COI-TR)

Notes. df = degrees of freedom; CFI = comparative fit index; RMSEA = root mean square
error of approximation; SRMR = standardized root mean square residual; for value
abbreviations, see Table 3.
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Table 5
Detection of Misspecification in the Invariance Test with Information Provided by the Mplus
and Jrule Programs
Mplus

Jrule
δ >.4

Group

Parameter

MI

EPC

St. EPC

Power

δ >.1

Decision

Power

Decision

Detection of misspecification corresponding to the configural level
On

UNN by be33

10.032

.193

.143

1.000

nm

-

-

On

UNC by be33

22.058

.454

.339

1.000

nm

-

-

On

UNN by un23

15.873

.230

.191

1.000

nm

-

-

P&P

HE by po2

12.210

.173

.144

1.000

nm

-

-

On

ACA by he26

20.101

.295

.175

1.000

nm

-

-

On

ACS by he26

11.144

.190

.123

1.000

nm

-

-

On

PO by he26

13.342

.235

.140

1.000

nm

-

-

On

SES by sc21

11.808

-.263

-.195

1.000

nm

-

-

Detection of misspecification corresponding to the metric level
No modification indices
Detection of misspecification corresponding to the scalar level
On

se14

10.877

-.052

-.038

-

-

1.000

nm

On

se35

10.874

.063

.046

-

-

.999

nm

P&P

se14

10.880

.196

.144

-

-

.391

m

P&P

se35

10.876

-.173

-.126

-

-

.479

m

Notes. P&P – paper-and-pencil; On – online condition; MI – modification index; EPC expected parameter change; St. EPC – standardised expected parameter change; δ (delta) –
size of misspecification; Mplus – information provided by the Mplus program; Jrule –
information provided by the Jrule program; UNC – universalism-concern; UNN –
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universalism-nature; BE – benevolence; m – misspecification; nm – no misspecification; for
item and value abbreviations, see Table 3.
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Figure captions
Figure 1. A model testing for measurement invariance of two latent variables measured each
by three indicators in two groups with the variances of the latent variables fixed to 1.
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Figure 1
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End-notes:
1

https://dbk.gesis.org/dbksearch/sdesc2.asp?no=5055&db=e&doi=10.4232/1.10202
Partial invariance is supported when the parameters of at least two indicators per construct (i.e., loadings for
partial metric invariance and loadings plus intercepts for partial scalar invariance) are equal across groups.
According to Byrne et al. (1989) and Steenkamp and Baumgartner (1998), partial invariance is sufficient for
meaningful cross-group comparison (but for different views see, e.g., de Beuckelaer and Swinnen, 2011;
Steinmetz, 2011).
3
For alternative, stricter criteria, see Meade et al. (2008). Recently, Muthén and Asparouhov (2013) and
Asparouhov and Muthén (2013) proposed to use Bayesian and alignment methods to test for measurement
invariance and partly rely on different global fit measures. However, we do not discuss these methods here and
the reader is referred to the aforementioned web notes and to van de Schoot and colleagues (2013) as well as to
Cieciuch et al. (2014).
4
A Jrule version that adopts the output of the Lisrel program (Jöreskog and Sörbom, 2001) was developed by
William van der Veld (available upon request from William van der Veld, email: W.vanderVeld@socsci.ru.nl);
a Jrule version that adopts the output of the Mplus program (Muthèn and Muthèn, 1998-2012) was developed by
Oberski (2009).
5
Clearer guidelines as to which deviations may be tolerated should rely on future simulation studies. Recently,
Oberski (2014) provided several guidelines to evaluate the sensitivity of parameters of interest to measurement
(non)invariance (see also Meuleman, 2012, for a method to evaluate the sensitivity of latent means to scalar
noninvariance).
6
However, see, for example, Cohen (1988, 1992) who suggests a cut-off of 0.8.
7
To the best of our knowledge, the literature is not clear about how many cross-loadings may be tolerated.
However, the inclusion of cross-loadings for some of the groups is a threat to the assumption that the
measurement operates similarly across groups.
8
Further details about the sample and data collection may be obtained from the first author upon request. The
data is available from the first author upon request.
9
Fixing the variance of the latent variable to 1 or one of the items loadings as a reference to identify each latent
variable did not have any impact on the results of the invariance test.
10
Detailed output is available from the first author upon request.
11
Indeed, only two items served as indicators for this value, so we could not rely on partial scalar invariance.
12
The PVQ-40 scale that we used allows distinguishing between 16 values. The formulations of the items that
measure these values can be obtained from the first author upon request.
2
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