1

The Comparability of Measurements of Attitudes Toward Immigration in
the European Social Survey: Exact Versus Approximate Measurement

Equivalence

Eldad Davidov, University of Zurich, davidov@soziologie.uzh.ch

Jan Cieciuch, University of Zurich, and University of Finance and Management in Warsaw,

jancieciuch@gmail.com
Bart Meuleman, University of Leuven, bart.meuleman@soc.kuleuven.be
Peter Schmidt, University of Giessen, peter.schmidt@sowi.uni-giessen.de
René Algesheimer, University of Zurich, rene.algesheimer@business.uzh.ch

Note: The first three authors contributed equally to the paper.

Paper published in Public Opinion Quarterly

Davidov, E., Cieciuch, J., Meuleman, B., Schmidt, P., Algesheimer, R. (2015). The
comparability of attitudes toward immigration in the European Social Survey: Exact

versus approximate equivalence. Public Opinion Quarterly 75(S1): 244-266.

Acknowledgments: The work of the first, second, and fifth authors was supported by the
University Research Priority Program ‘Social Networks’, University of Ziirich. The work of
the second author was partially supported by the Polish National Science Centre [Grant
2011/01/D/HS6/04077]. The authors would like to thank Lisa Trierweiler, Anne Lee and
Richard Bowles for the English proof of the manuscript and Mirjam Hausherr for preparing

the data for the analysis.



The Comparability of Attitudes Toward Immigration in the European Social Survey:

Exact Versus Approximate Measurement Equivalence

Abstract

International survey datasets are being analyzed with increasing frequency to investigate and
compare attitudes toward immigration and to examine the contextual factors that shape these
attitudes. However, international comparisons of abstract, psychological constructs require the
measurements to be equivalent—i.e. they should measure the same concept on the same
measurement scale. Traditional approaches to assessing measurement equivalence quite often
lead to the conclusion that measurements are cross-nationally incomparable, but have been
criticized for being overly strict. In this current study, we present an alternative Bayesian
approach that assesses whether measurements are approximately (rather than exactly)

equivalent. This approach allows small variations in measurement parameters across groups.

Taking a multiple group confirmatory factor analysis framework as a starting point, this study
applies approximate as well as exact equivalence tests to the anti-immigration attitudes scale
implemented in the European Social Survey (ESS). Measurement equivalence is tested across
the full set of 271,220 individuals in 35 ESS countries over six rounds. The results of the
exact and the approximate approaches turn out to be quite different. Approximate scalar
measurement equivalence is established in all ESS rounds, thus allowing researchers to
meaningfully compare these mean scores as well as their relationships with other theoretical
constructs of interest. The exact approach, on the other hand, eventually proves too strict and
leads to the conclusion that measurements are incomparable for a large number of countries

and time points.

Keywords: European Social Survey; approximate vs. exact measurement equivalence;

attitudes toward immigration; cross-national research



Introduction

Intergroup relationships and attitudes have been the focus of scholarly attention since the
early days of social science disciplines such as sociology and social psychology (e.g., Sumner
1960). However, due to substantially increasing international migration movements over the
last decades (Hooghe et al. 2008), this topic has moved notably to the front of the research
agenda. The ‘age of migration’ (Castles and Miller 2003) and the resulting ethnic diversity—
Vertovec (2007) even speaks of ‘super-diversity’—have fundamentally changed the
composition and outlook of the populations of Western countries. The electoral successes of
anti-immigration parties in Europe (see e.g., Anderson 1996; Lubbers, Gijsberts, and
Scheepers 2002) provide evidence that the arrival of newcomers has created upheaval among
substantial numbers of majority-group citizens. Perceptions that immigration has negative
economic and cultural repercussions are widespread and have caused sizeable parts of
Western populations to favor more restrictive immigration policies (Cornelius and Rosenblum

2005).

Numerous empirical studies have investigated the genesis of ethnic prejudice, ethnocentrism,
and anti-immigration attitudes (for a historical overview, see Duckitt 1992). Ample evidence
has been presented that negative attitudes toward immigration and derogation of ethnic
minority groups are systematically related to individual characteristics, such as educational
level (Coenders and Scheepers 2003; Hainmueller and Hiscox 2007), individual economic
interests (Citrin et al. 1997; Fetzer 2000), religiosity (Billiet 1995; McFarland 1989), human
values (Davidov et al. 2008; Sagiv and Schwartz 1995), authoritarianism (Heyder and
Schmidt 2003), and voting for extreme right-wing parties (Semyonov, Raijman, and
Gorodzeisky 2006). More recently, scholars have also shown interest in the contextual
determinants of anti-immigration attitudes (e.g., Quillian 1995; Schneider 2008; Semyonov,

Raijman, and Gorodzeisky 2006; Meuleman, Davidov, and Billiet 2009). Making use of



increasingly available cross-national data sources, such as the European Social Survey (ESS),
the International Social Survey Program (ISSP), or the European Values Study (EVS),
numerous papers have been published that investigate the relationship between economic
conditions, size of the immigrant population and anti-immigration feelings among the

population (for a review, see Ceobanu and Escandell 2010).

This ‘cross-national turn’ in the field of anti-immigration attitude studies certainly has
important merits, as it advances knowledge about the validity of theories in different societies
and provides insights into contextual effects. At the same time, however, cross-national
comparative research brings about important methodological challenges (Harkness et al.
2003). Among many other methodological issues, people in different countries—with different
cultural and linguistic backgrounds—may understand survey questions in diverse ways or
respond in systematically different ways to the same questions. This could obviously lead to
incomparable scores and biased conclusions. Therefore, the assumption of cross-cultural
measurement equivalence needs to be tested before making cross-national comparisons
(Davidov et al. 2014; Harkness et al. 2010; Meredith 1993; Millsap 2011; Vandenberg 2002;
Vandenberg and Lance 2000)." Here, the concept of measurement equivalence refers to the
question “whether or not, under different conditions of observing and studying phenomena,
measurement operations yield measures of the same attribute” (Horn and McArdle 1992:
117). Measurement equivalence is thus a psychometric property of concrete measurements.

Measurements are said to be equivalent (i.e., eliciting equivalent responses) when they

! Measurement equivalence is a requirement not only in cross-national research, but also applies to all possible
comparisons of groups, irrespective of the characteristic that is used to delineate the groups (be it gender, age,
educational level, religious denomination, or even cultural characteristics). Because of the diversity in economic,
cultural, and linguistic backgrounds, however, cross-national designs are especially vulnerable to lack of

equivalence.



operationalize the same construct in the same way across different groups, such as countries,
regions, or cultural groups (and also conditions of data collection, time points, educational
groups, etc.). When measurements are not equivalent, the risk exists that observed similarities
or differences between groups reflect measurement artifacts rather than true substantive
differences. Horn and McArdle (1992) metaphorically described such a case as a comparison
between apples and oranges. The presence of such measurement non-equivalence can affect
conclusions substantially (see Davidov et al. 2014 for examples). Measurement equivalence is
a necessary condition for applying multilevel models for cross-national data—a technique that
has been used very frequently in comparative anti-immigration research using survey data for
the analysis (Cheung, Leung, and Au 2006). However, measurement equivalence has very

seldom been tested in such studies.

Various preventive measures have been developed in order to avoid measurement non-
equivalence and these should be applied during the phases of questionnaire development and
the actual data collection (Johnson 1998; van de Vijver 1998; Harkness et al. 2003). Among
other things, accurately translated questionnaires, comparable sampling designs, and similar
data collection modes should be used. However, even the most rigorous application of these
standards cannot guarantee measurement equivalence. Therefore, researchers should evaluate
whether or not the constructs they are using have been measured equivalently. Traditionally,
measurement equivalence is assessed by testing whether certain parameters of a measurement
model (e.g. factor loadings) are identical across groups. However, this approach—termed the
exact approach in the remainder of this article—has been criticized for being too strict. After
all, cross-group differences in measurement parameters are not harmful unless they are
sufficiently large to influence substantive conclusions (Meuleman 2012; Oberski 2014). The
strict requirement of exact equivalence might therefore too easily lead to the conclusion that

measurements are not comparable. In order to deal with this problem, the current study
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presents a Bayesian approach that tests whether measurements are approximately equivalent
(Muthén and Asparouhov 2013; van de Schoot et al. 2013), rather than requiring
measurement parameters to be exactly equivalent across countries. This alternative approach
thus allows survey researchers to establish whether the measurement of their constructs is
similar enough across countries to allow a meaningful cross-country comparison. In this
paper, we apply the exact approach to testing for measurement equivalence and compare the
results to those produced by the Bayesian procedure of approximate measurement
equivalence. We focus on probably the most often used analytical tool to test for
measurement equivalence: multiple group confirmatory factor analysis. We test the
equivalence of a scale that has been used very frequently in applied research, specifically the
ESS scale measuring attitudes toward immigration policies. Our main research questions are:
(1) whether the ESS measurements of anti-immigration attitudes are cross-nationally
comparable, and (2) whether the Bayesian approach, which assesses approximate equivalence,
produces similar conclusions to the exact approach. To the best of our knowledge, this is the
first study in which the approximate measurement equivalence approach is applied to large-
scale survey data and compared with more traditional approaches to testing for equivalence.
We begin by providing a short overview of the exact approach versus the approximate
approach to test for measurement equivalence across samples. Next, we describe the data we
use, and the items that measure attitudes toward immigration. In the subsequent section, we
present the results of the tests of measurement equivalence using the exact approach and the
approximate approach with Bayesian estimation. The country mean scores computed using
each of these methods are then compared with each other and with sum scores (which are the
most commonly used method in substantive research to compare scores). Finally, we discuss
the pros and cons of the classical exact approach versus the new one of approximate

measurement equivalence, for survey research and for cross-national research in general.



An Exact Approach to Measurement Equivalence: Multiple Group Confirmatory
Factor Analysis (MGCFA)

The exact approach to measurement equivalence tests whether the relationships between
indicators and constructs are identical across groups. Over the last decades, various analytical
tools have been proposed, such as multiple group confirmatory factor analysis (MGCFA:
Joreskog 1971; Steenkamp and Baumgartner 1998; Bollen 1989), item response theory (IRT:
Raju et al. 2002), and latent class analysis (LCA: Kankaras et al. 2011). Of these methods,
MGCFA has probably been the most commonly used. For example, MGCFA has been used to
test the cross-country equivalence of human values (Davidov, Schmidt, and Schwartz, 2008),
political attitudes (Judd, Krosnick, and Milburn 1981), attitudes toward democracy (Ariely
and Davidov 2010), social and political trust (Allum, Read, and Sturgis 2011; Delhey,
Newton, and Welzel 2011; Freitag and Bauer 2013; van der Veld and Saris 2011), and

national identity (Davidov 2009), to name just a few substantive applications.

The MGCFA framework for continuous data distinguishes between various hierarchically
ordered levels of equivalence, each being defined by the parameters that are constrained
across groups (Steenkamp and Baumgartner 1998; Davidov, Schmidt, and Schwartz 2008).”

Below, we discuss the three levels that are most relevant for applied researchers: namely

? Because the Bayesian approximate approach to equivalence can (for the moment at least) only be implemented
for continuous data, we focus on the MGCFA model for continuous data in this contribution. A detailed account
of equivalence testing with MGCFA for ordinal data can be found in Millsap and Yun-Tein (2004). The most
importance difference between the two models is that the latter includes an additional set of parameters, namely
thresholds that link the indicators to what are termed latent response variables. The presence of these additional
parameters has consequences for the levels of measurement equivalence that are distinguished, as well as their

operationalization.
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configural, metric, and scalar equivalence.’ The first and lowest level of measurement
equivalence is termed configural equivalence (Horn and McArdle 1992; Meredith 1993;
Vandenberg and Lance 2000). Configural equivalence requires that each construct is
measured by the same items. However, it remains uncertain whether the construct is being
measured on the same scale (Horn and McArdle 1992; Steenkamp and Baumgartner 1998;
Vandenberg and Lance 2000). Metric equivalence is assessed by testing whether factor
loadings are equal across the groups to be compared (Vandenberg and Lance 2000). If metric
equivalence is established, a one-unit increase in the latent construct has the same meaning
across all groups. Consequently, covariances and unstandardized regression coefficients may
be meaningfully compared across samples (Steenkamp and Baumgartner 1998). A third and
higher level of measurement equivalence is termed scalar equivalence (Vandenberg and
Lance 2000). Scalar equivalence is tested by constraining the factor loadings and indicator
intercepts to be equal across groups (Vandenberg and Lance 2000). Establishing scalar
equivalence implies that respondents with the same value on the latent construct have the
same expected response, irrespective of the group they belong to. As a consequence, latent
means can also be compared across groups, because the same construct is measured in the

same way.

In practice it can sometimes be quite difficult to reach measurement equivalence, especially
the higher levels (Asparouhov and Muthén 2014). Variations in the way respondents react to
specific question wordings or survey questions in general (i.e., social desirability or ‘yes-

saying’ tendency) can be affected by cultural or national backgrounds, and could therefore

? In addition to these three, various other levels of measurement equivalence can be defined. Steenkamp and
Baumgartner (1998), for example, also distinguished levels implying the equality of residual variances and
variances and covariances of the latent factors. Because these levels have fewer practical implications, we do not

discuss them in detail here.
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possibly distort responses to the extent that scalar equivalence is not supported, particularly in
cross-national data but also within countries, especially when there are language or cultural
differences among groups (see for example, Meuleman and Billiet 2012; Davidov et al. 2008).
In certain situations, the concept of partial equivalence can offer a solution. Byrne et al.
(1989) argued that not all indicators of a concept need to perform equivalently across all
groups. Partial equivalence implies that at least two indicators should have equal
measurement parameters (i.e., loadings for partial metric equivalence and loadings plus
intercepts for partial scalar equivalence). When at least two such comparable ‘anchor items’
are present, differential item functioning in other items can be corrected for and meaningful
comparisons across groups are still possible. It is important to note, however, that this notion
of partial equivalence stays within the framework of the exact approach to measurement
equivalence: For at least two indicators, parameters are required to be identical across groups
(while the parameters for other indicators can vary to a great extent). This is a crucial
difference from the approximate approach that is explained in the next section, where the

measurements for all indicators are allowed to vary minimally.

In literature concerning MGCFA, there are two common approaches to evaluate whether
measurement parameters are identical across groups (the two approaches do not exclude each
other and can be applied simultaneously). The first relies on various global fit indices (Chen
2007). The second focuses on detecting local misspecifications (Saris, Satorra, and van der

Veld 2009).

In the first approach, various global fit indices are used to assess the correctness of the model.
In addition to the chi-square test (which has been criticized because of its sensitivity to
sample size), three alternative fit indices are mentioned quite frequently in relevant literature:

the root mean square error of approximation (RMSEA), the comparative fit index (CFI), and
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the standardized root mean square residual (SRMR). To assess whether a given level of
measurement equivalence has been established, global fit measurements are compared
between more and less constrained models. If the change in model fit is smaller than the
criteria proposed in the literature, measurement equivalence for that level is established.
According to a simulation study by Chen (2007), if the sample size is larger than 300, metric
non-equivalence is indicated by a change in CFI larger than .01 when supplemented by a
change in the RMSEA larger than .015 or a change in SRMR larger than .03 compared with
the configural equivalence model. With regard to scalar equivalence, non-equivalence 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 equivalence

model.

In the second approach, evaluation of the model correctness is based on the determination of
whether any local misspecifications are present in the model rather than on an assessment of
global fit. A correct model should not contain any relevant misspecifications. In the context of
equivalence testing, possible misspecifications include factor loadings or item intercepts that
are incorrectly set equal across countries. According to Saris, Satorra, and van der Veld
(2009), it is possible for the global fit criteria to indicate satisfactory fit of a model, although
in reality the model still contains serious misspecifications and, consequently, should be
rejected. It is also possible that although the global fit measurements suggest that a model
should be rejected, it may not contain any relevant misspecifications and accordingly, should
actually be accepted (Saris, Satorra, and van der Veld 2009). The second case is likely to

occur in particular with models that are very complex or that contain many groups.

Saris, Satorra, and van der Veld’s (2009) recommendation consists of two elements: 1) to rely

on modification indexes (MI), which provide information on the minimal decrease in the chi-
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square of a model when a given constraint is released, as well as on the expected parameter
change (EPC) that is provided in the output; and 2) to take into account the power of the
modification index test. Neither the EPC nor the MI test is free of problems. The EPC
estimation is problematic because of sampling fluctuations that may influence it. In addition,
the value of the EPC also depends on other misspecifications in the model. 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. Saris et al. (2009) suggested that the correct model
should not contain any relevant misspecifications, whereas every serious misspecification is
an indicator for the necessity either to reject or to modify the model. An important feature of
this approach is that the researcher defines the threshold at which misspecification requires
detection. Saris, Satorra, and van der Veld (2009) suggested treating deviations larger than .4
for cross-loadings and deviations larger than .1 for differences in factor loadings or intercepts
across groups as misspecified (for further details we refer readers to the Saris et al. 2009

study).

Problems with the Exact Approach

As indicated earlier, in many cases it is not possible to establish full or even partial cross-
cultural equivalence with survey research data (Asparouhov and Muthén 2014; Meuleman
and Billiet 2012; Davidov et al. 2008; for a review, see Davidov et al. 2014). This implies that
measurement parameters, such as loadings or intercepts, are not identical across groups. This
finding may preclude any meaningful comparisons across groups under study, because
researchers cannot guarantee that comparisons are valid. Van de Schoot et al. (2013)
metaphorically described this problem as “traveling between Scylla and Charybdis” meaning
having to choose between two evils. Scylla represents a model with imposed equality

constraints that fits the data badly, whereas Charybdis represents a model that fits the data
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well but contains no equality constraints. Both “monsters” are threatening, and the danger lies
in the fact that the researcher cannot know whether the differences between groups (such as
cultures, countries, geographical areas, or language groups within a country) are due to real
differences or due to methodological artifacts (i.c. measurement inequivalence). Van de
Schoot et al. (2013) proposed following a third option for “traveling between Scylla and
Charybdis”, specifically, applying the approximate Bayesian measurement equivalence

approach.

The Bayesian Approach for Establishing Approximate Measurement Equivalence
Across Groups

The procedure that constrains parameters (factor loadings, intercepts) to be exactly equal in
order to establish measurement equivalence, is very demanding. It could legitimately be
questioned whether it is really necessary for measurement parameters to be completely
identical across groups in order to allow meaningful comparisons. It could also be the case
that ‘almost equal’ would be sufficient to guarantee that comparisons are unbiased, assuming
that ‘almost’ can be operationalized. Such a consideration underlies the Bayesian approach to
measurement equivalence, recently implemented by Muthén and Asparouhov (2013) in the
Mplus software package (Muthén and Muthén 1998-2012). According to this approach,
approximate rather than exact measurement equivalence can be tested. Approximate
measurement equivalence permits small differences between parameters that would otherwise
be constrained to be equal in the traditional exact approach for testing measurement
equivalence. The parameters specified in a Bayesian approach are considered to be variables,
and their distribution is described by prior probability distribution (PPD). A researcher can
introduce into the analysis their knowledge or assumptions about the PPDs and can define
them (Davidov et al. 2014; Muthén and Asparouhov 2013). More specifically, when testing

for measurement equivalence a researcher may expect differences between factor loadings or
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intercepts across groups to be zero, but may still wish to allow their differences to vary
slightly across groups. Simulations suggest that small variations may be allowed without
risking invalid conclusions in comparative research (van de Schoot et al. 2013). The
evaluation of the model should detect if actual deviations from equality across groups exceed

these limits suggested by simulation studies or not.*

The fit of the Bayesian model can detect if actual deviations are larger than those allowed by
the researcher in the prior distribution. A Posterior Predictive p-value (PPP) of a model can be
obtained based on the usual likelihood-ratio chi-square test of an HO model against an
unrestricted H1 model. A low PPP indicates a poor fit (Muthén and Asparouhov 2010). If the
prior variance is small relative to the magnitude of non-invariance, PPP will be lower than if
the prior variance corresponds more closely to the magnitude of non-invariance. The model fit
can also be evaluated based on the credibility interval (CI) for the difference between the
observed and the replicated chi-square values. According to Muthén and Asparouhov (2012)
and van de Schoot et al. (2013), the Bayesian model fits to the data when the PPP is larger
than zero and the CI contains zero. Additionally, Mplus lists all parameters that significantly
differ from the priors. This feature is similar to modification indices in the exact measurement
invariance approach. While the model is assessed based on PPP and ClI, these values provide

global model fit criteria that are similar to the criteria in the exact approach (Chen 2007).

The Current Study
Several studies have demonstrated that it is very difficult to reach scalar and sometimes even

metric levels of measurement equivalence when tested on large-scale survey data that

* To avoid a situation in which researchers ‘trim’ their model to find the optimal priors that ensure equivalence,
simulation studies provide guidelines as to how large these priors may be (van de Schoot et al. 2013). We rely on

these studies in the empirical part.
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includes many countries or other cultural groups (Asparouhov and Muthén 2014; Davidov et
al. 2014). The Bayesian approximate equivalence approach is promising, as it may suggest
that groups are comparable after all and that in fact their scores may be meaningfully
compared, even when traditional exact approaches suggest this is not possible. However,
Bayesian analysis for assessing measurement equivalence is a newly-implemented approach
(Muthén and Asparouhov 2013), therefore knowledge is very limited concerning how the
results of Bayesian approximate measurement equivalence compare with the results of
traditional exact measurement equivalence approaches. In the current study, we aim for the
first time to empirically compare the findings of measurement equivalence analyses using the
exact approach and the Bayesian approach of approximate measurement equivalence. This
study investigates whether in practice Bayesian analysis may provide findings that allow
substantive survey researchers to compare scores across countries meaningfully, even when

an assessment of exact equivalence would not allow this.

For the analysis, we employ a very large dataset from six rounds of the European Social
Survey (ESS) measuring attitudes toward immigration policies. The ESS is a biennial cross-
national European survey that is administered to representative samples from approximately
30 countries. Since its inception in 2002/2003, its core module has included questions that
measure attitudes toward immigrants and immigration policies. These questions have been
repeated in each round and used extensively in cross-national research in over 60 publications
to date, including some published in highly-ranked journals, thus making a major contribution
to immigration research and policy debates (Heath et al. 2014). In such a large-scale survey, it
is crucial to find out whether scores based on these measurements may be meaningfully
compared across countries. We assess their comparability using the Bayesian approximate
invariance approach and compare the findings with those using the exact approach in the next

section.
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METHOD

Data and Measurements

A total of 35 countries and 6 rounds of the ESS (2002/3, 2004/5, 2006/7, 2008/9,
2010/11, and 2012/13) are included in the study. Not all countries participated in all rounds.
Some joined early on in 2002/3 and did not participate in other later rounds. Other countries
did not take part in the ESS at the beginning, but joined later. After excluding respondents
whose country of birth was not the same as their residence, the total sample size is 271,220
respondents.” Table 1 summarizes the number of participants in each round who are included
in the analysis. The data was retrieved from the ESS website
(www.europeansocialsurvey.org). Further information on data collection procedures, the full
questionnaire, response rates, and methodological documentation is available on the ESS

website.

Table 1 here

Three items in the ESS measure attitudes toward immigration policies. They are formulated in
the following way: (1) “To what extent do you think [country] should allow people of the
same race or ethnic group from most [country] people to come and live here?” (2) “To what
extent do you think [country] should allow people of a different race or ethnic group from
most [country, adjective form] people to come and live here?”” and (3) “To what extent do you

think [country] should allow people from the poorer countries outside Europe to come and

> Respondents with a migration background are defined as respondents whose country of birth was not the same

as their country of residence.
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live here?” Respondents recorded their responses to these three questions on 4-point scales

ranging from 1 “allow none” to 4 “allow many”.

Plan of Analysis

1. Testing for exact (full or partial) equivalence

First, we ran six MGCFA analyses using the full information maximum likelihood (FIML)
procedure (Schafer and Graham 2002), one for each round, with all the countries included in
the particular round. Each analysis contains three assessments for configural, metric, and
scalar equivalence, respectively, with the corresponding constraints for the metric and scalar
levels of measurement equivalence. To identify the model we used the second approach
proposed by Little, Slegers, and Card (2006), termed the marker-variable method, and
constrained the loading of one of the items to 1 and the intercept of this item to 0 in all
countries. If it turned out that the loading and/or intercept of this item varied considerably
across countries, we used a different reference item for identification. If full measurement
equivalence was not established, we tried to assess partial measurement equivalence. We used
the program Jrule (Saris, Satorra, and van der Veld 2009; Oberski 2009) to detect local
misspecifications of parameters whose equality constraint should be released according to the
program. In order to establish partial scalar equivalence, only one item could be released,
because partial scalar equivalence requires that parameters of at least two items are
constrained to be equal across all groups. However, as is shown in the next section, the results
of analyses using Jrule indicated misspecifications for two or even three items in several
countries. This indicated that in these countries, even partial scalar equivalence could not be

established.

2. Testing for approximate scalar equivalence
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Assessing approximate measurement equivalence using Bayesian analysis requires imposing
priors on specific parameters. When testing for approximate measurement equivalence, the
average difference between loadings and intercepts across countries is assumed to be zero, as
in MGCFA when testing for exact measurement equivalence with one difference:
approximate measurement equivalence permits small variations between parameters that
would be constrained to be exactly equal in the traditional exact approach for testing for
measurement equivalence. Using simulation studies, van de Schoot et al. (2013) demonstrated
that variance as large as 0.05 imposed on the difference between the loadings or the intercepts
does not lead to biased conclusions when approximate equivalence is assessed. We followed
their recommendations and imposed the following priors on the difference parameters of the
loadings and intercepts: mean difference = 0 and variance of the difference = .05. We used
similar constraints to identify the model as in the MGCFA: we constrained the loading of one
item to (exactly) 1 in all groups and the intercept of this item to (exactly) 0 in all groups. If
the loading and/or intercept of this item varied considerably across countries, we chose a
different reference item to use for identification. The latent means and variances were freely

estimated in all countries.

3. Comparison of the obtained results
We compared the country means obtained from our exact and Bayesian analyses with each
other as well as with those based on the raw sum scores. We estimated the correlation

between the country rankings based on each of the three procedures in each ESS round.

RESULTS
We first ran MGCFA to assess exact measurement equivalence across countries in each
round. Figure 1 displays the model we tested, which includes a latent variable measuring

attitudes toward immigration policies with three items. Table 2 summarizes the global fit
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measurements for sequentially more constrained models for this latent variable in each ESS

round.

Figure 1 here

Equivalence in the exact approach. As Table 2 illustrates, the changes in CFI for the metric
equivalence level (compared with the configural level) are less than 0.01, indicating that they
are acceptable. However, changes for SRMR and RMSEA exceed the cut-off criteria that are
recommended (namely 0.015 and 0.03; Chen 2007). Results revealed (in the analysis
performed by Jrule) that the factor loading of one item—measuring whether respondents
wished their country to allow entry to many or few immigrants of the same race or ethnic
group as the majority—considerably differed across countries in all rounds repeatedly.
Therefore, we released the constraint on this factor loading and tested for partial metric
equivalence. Following this modification, two of the fit indices (CFI and SRMR) indicated an
acceptable fit between the model and the data in all rounds that was satisfactory for not
rejecting the partial metric equivalence model (Meuleman and Billiet 2012). Thus, according
to these measurements, partial metric equivalence was supported by the data for all rounds.
This finding implies that the meaning of the construct measuring attitudes toward immigration
policies is probably similar across countries. This finding is, however, still not sufficient to
allow comparing this attitude’s means across countries. Mean comparisons require a higher

level of equivalence, specifically partial or full scalar equivalence.

Table 2 here

We next tested for partial scalar equivalence. We constrained the factor loadings and

intercepts of two items to be equal across all countries in each round, while allowing both the
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factor loading and the intercept of the item measuring whether respondents wish their country
to allow many or few immigrants of the same race or ethnic group to be freely estimated.
Table 2 summarizes the global fit measurements for this test in each ESS round. As Table 2
illustrates, the changes in CFI and SRMR for the partial scalar equivalence model (compared
with the partial metric equivalence model) were relatively acceptable. However, those for
RMSEA were acceptable only for data in the first round. In all other rounds, the changes in
RMSEA exceeded the cut-off criteria recommended by Chen (2007). In addition, the intercept
of one or two more items varied considerably across several countries. Jrule helped us to
identify those items. We therefore concluded that the scale did not meet the requirements of
partial scalar equivalence based on this criterion across the full set of ESS countries.
However, researchers are sometimes interested in comparing a subset of the countries and
partial scalar equivalence may obviously hold for subsets of countries. This would allow
mean comparisons of attitudes toward immigration across the countries in the subset. Table 3
lists those countries where partial scalar equivalence was not supported by the data in each
round. For example, in the second ESS round, Estonia, Portugal, Slovenia, and Ukraine did
not reach partial scalar equivalence. This finding implies that means of attitudes toward
immigration may be compared across all the other countries in this round based on the test. It
should be noted that although the global fit measurements suggest that the means may be
compared across all countries in the first round, Jrule identified two countries where this was
not the case: Hungary and Israel. Respondents seemed to react differently to the immigration
questions in these two countries, and as a result, their scores were not comparable with those
in other countries. The largest share of non-comparable countries was found in the sixth ESS
round. On average, 30 percent of the ESS countries were not comparable on the attitudes

toward immigration score. This result is quite disappointing, because it may preclude
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meaningful mean comparisons across a large proportion of the ESS countries.® Accordingly, it
may be questioned whether the strict assumption of exact measurement equivalence is
actually necessary to conduct meaningful comparisons. Next, we loosen this assumption by

turning to a test of approximate measurement equivalence.

Table 3 here

Equivalence in the approximate approach. Our second research question was whether
Bayesian analyses, which assess approximate equivalence, establish higher levels of
equivalence. Table 4 presents the model fit coefficients for the approximate Bayesian

analyses.

Table 4 here

Findings reveal that approximate scalar measurement equivalence was established across a//
countries in all ESS rounds. All PPP values are higher than zero, and the 95 percent CI for the
difference between the observed and the replicated chi-square values contains zero (Muthén

and Asparouhov 2012, 2013). These global fit measurements are sufficient to accept the

% Lubke and Muthén (2004) criticized the analysis of Likert data under the assumption of normality. They
proposed that in such a case, a model should be fitted for ordered categorical outcomes. Indeed, we made the
assumption that data is continuous, although ordinal categorical. This is a common assumption when the sample
size is large. However, the items in our analysis have only four points (rather than the more common five points)
on the scale. Therefore, we re-ran the exact approach taking into account the ordinal-categorical character of the
data. The findings remained essentially the same and are provided in the Appendix. They again suggest that
equivalence cannot be supported across all countries in all six rounds based on the exact approach.
Unfortunately, there is at this moment no Bayesian analysis available that considers the ordinal-categorical

character of the data while including thresholds in the model.



model and thus allow comparing the scores of attitudes toward immigration across all
countries in each round of the ESS (van de Schoot et al. 2013), although the exact approach

failed to do so.

Comparison of the obtained results. The results of exact and approximate measurement
equivalence are quite different. Approximate scalar measurement equivalence was established
in each ESS round separately, whereas exact scalar measurement equivalence (across all
countries) was not established in all ESS rounds using the exact method. However if the
measurement is in fact sufficiently equivalent across countries for conducting meaningful
comparisons, as indicated by the approximate procedure, the latent means estimated in the
exact MGCFA should be trustworthy as well, although the exact MGCFA failed in
establishing even partial scalar measurement equivalence (Muthén and Asparouhov 2013). To
examine this, we estimated mean scores based on the exact and approximate approaches and
compared them to each other and to sum scores computed using the raw data. As many
substantive and applied survey researchers are more interested in the country rankings rather
than the means, we next ranked the countries based on the means obtained in each procedure
and calculated correlations between these rankings for each ESS round. Table 5 lists the

correlations between the country rankings and each method.

Table 5 here

As clearly shown in Table 5, all the correlations are very high (> .95). In other words, the
rankings of means obtained in each of the three procedures are very similar. This is an
encouraging result for applied researchers. Although strictly speaking, exact scalar
measurement equivalence could not be supported across all countries, approximate

equivalence was established, which implies that means were comparable after all. However, it
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should be noted that such an encouraging result might not necessarily be established for other
scales. It could well be the case that both exact and approximate approaches fail to
demonstrate cross-country equivalence. In that case, various strategies are available, such as
trying to identify subgroups of countries and indicators for which equivalence does hold, or
attempting to explain why certain measures lack equivalence (for more details, see Davidov et

al. 2014).

SUMMARY AND CONCLUSIONS
In most published cross-national studies, metric and scalar measurement equivalence is
implicitly assumed without testing this assumption. This may lead to biased mean
comparisons and biased comparisons of covariances and regression coefficients (Kuha and
Moustaki 2013; Vandenberg and Lance 2000; Oberski 2014). However, the traditional
estimation procedures in multiple group confirmatory factor analysis to test for measurement
equivalence and the corresponding global fit measurements—such as chi-square difference
tests, CFI differences, RMSEA differences, SRMR differences, or other common criteria
(e.g., those implemented in the Jrule program)—often lead, especially in the case of scalar
equivalence assessments, to a rejection of the assumption of even partial scalar equivalence.
This is especially the case when data from different countries or cultures are compared, and
frequently results in a considerable reduction in the number of countries that can be
meaningfully compared on the basis of means (Byrne and van de Vijver 2010). This can be
demonstrated in the current study assessing the comparability of the attitudes toward
immigration within six rounds of the European Social Survey between 2002 and 2012. Using
the traditional procedures to test for metric and scalar equivalence leads to the incorrect (and
probably too conservative) conclusion that one needs to omit 30 percent of the countries on

average, because their mean scores on the scale might not be comparable.
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To solve this problem, we applied the newly-proposed procedure ‘approximate measurement
equivalence’ that allows a variance around the point estimates for the factor loadings and
intercepts of the indicators. To perform this, we use the Bayesian estimation framework,
which was proposed by Muthén and Asparouhov (2012) and van de Schoot et al. (2013), as an
alternative estimation procedure to check for measurement equivalence of multiple indicators
and unbiased estimation of latent means. In the six rounds of the ESS, we could demonstrate
that the assumption of approximate metric and scalar equivalence was in fact tenable using
this alternative, more flexible procedure. As a consequence, the latent means of attitudes
toward immigration can actually be legitimately compared over countries in the six time
points. The exact approach eventually proved too strict and led to the conclusion that such a
comparison might not be possible across countries. Therefore, researchers may now use ESS
data to evaluate attitudes toward immigration across the ESS countries. The findings of cross-
country approximate equivalence allow comparing these scores across countries with

confidence and using them in comparative studies.

This study is not without limitations. First, it is not clear whether the fact that the outcomes
are ordinal might affect the results. Whereas exact measurement invariance tests can take the
ordinal character of item scores into account in the estimation, the Bayesian approach
unfortunately does not deal with this problem appropriately and assumes that scores are
continuous. Future research should address this problem by developing Bayesian procedures
that allow testing for approximate measurement invariance while taking into account the
ordinal character of the data. Second, it remains to be explored how large the variance that is
specified for the priors may be. Based on previous recommendations (van der Schoot et al.
2013), we set a small magnitude of .05 or lower in order to establish invariance. Specifying
too small a variance may result in failure to establish invariance, whereas specifying too large

a variance may lead to wrongly establishing invariance. Therefore, further simulations are
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necessary in order to determine more precisely the magnitude of the variance that may be
specified for the priors. Finally, it has still not been fully settled what level of PPP should be
considered as supportive of approximate measurement invariance. Muthén and Asparouhov
(2013) indicated that the PPP should be higher than zero, but more concrete recommendations

are still required.

In summary, an equivalence test should be conducted to assess comparability when countries
or other groups are compared. Failing to guarantee equivalence may imply that comparability
is not a given. However, approximate equivalence testing may succeed in establishing
equivalence where traditional (exact) approaches fail. Using the words of van de Schoot et al.
(2013), there may be a third way between Scylla and Charybdis in cross-country equivalence
testing. The two ‘monsters’ may not always be that dangerous, as our case illustrates, and may
produce trustworthy means after all, as we have demonstrated here. It should be noted,
however, that the Bayesian test of approximate invariance cannot establish approximate
invariance when measurements are completely different; it does not perform ‘magic’.
However, it can inform researchers when measurements are similar enough to allow
meaningful substantive comparisons. Building on these findings, a systematic equivalence test
using various methods for other scales in the ESS and in other large data-generating programs

would be desirable to warrant meaningful cross-national comparisons.
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Number of respondents (N) by country and ESS round

Round 1 - Round 2 - Round 3 - Round 4 - Round 5 - Round 6 -
2002/03 2004/05 2006/07 2008/09 2010/11 2012/13

1. Austria 2,053 2,074 2,236 1,987
2. Belgium 1,739 1,619 1,645 1,586 1,516 1,606
4. Croatia 1,353 1,474
6. Czech Republic 1,297 2,890 1,976 2,339 1,944
7. Denmark 1,422 1,415 1,403 1,510 1,475 1,536
8. Estonia 1,615 1,199 1,305 1,517 1,991
9. Finland 1,937 1,983 1,838 2,139 1,,813 2,103
10. France 1,353 1,670 1,791 1,911 1,573
11. Germany 2,705 2,625 2,687 2,518 2,743 2,658
12. Greece 2,302 2,164 1,950 2,447
13. Hungary 1,645 1,465 1,484 1,514 1,518 1,989
14. Iceland 554 707
15. Treland 1,890 2,138 1,561 1,479 2,170 2,244
16. Israel 1,626 1,588 1,529 1,725
17. Ttaly 1,181 1,494
18. Kosovo 1,222
19. Latvia 1,753 1,706
20. Lithuania 1,916 1,592
21. Luxembourg 1,069 1,147
22. Netherlands 2,207 1,717 1,711 1,610 1,688 1,677
23. Norway 1,903 1,632 1,625 1,418 1,373 1,421
24. Poland 2,079 1,697 1,696 1,596 1,723 1,872
25. Portugal 1,421 1,932 2,078 2,229 2,004 2,019
26. Romania 2,130 2,088
27. Russia 2,280 2,376 2,435 2,334
28. Slovakia 1,465 1,703 1,760 1,802 1,815
29. Slovenia 1,374 1,320 1,362 1,178 1,280 1,144
30. Spain 1,648 1,545 1,730 2,341 1,693 1,671
31. Sweden 1,785 1,762 1,710 1,616 1,324 1,613
32. Switzerland 1,696 1,748 1,464 1,392 1,155 1,157
33. Turkey 1,830 2,389
34. Ukraine 1,763 1,759 1,654 1,717
35. UK 1,860 1,724 2,158 2,106 2,151 2,020
Total 38,192 44,988 43,335 55,520 47,479 41,706

Notes. Empty cells denote that the country did not participate in the ESS in the respective round. The sample

sizes represent individuals born in the country who are included in the analysis.
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Table 2

Global fit measurements for the exact measurement equivalence test in each ESS round

Chi2 df RMSEA SRMR  CFI
1st Round of ESS
Configural 0.0 0 .000 .000 1.00
Metric 523.5 42 .083[.076-.089] .057 993
Partial metric 200.5 21 .071[.062-.080] .029 997
Partial scalar 465.7 42 .077[.071-.084] .037 994
2nd Round of ESS
Configural 0.0 0 .000 .000 1.00
Metric 890.3 50  .100[.094-.106] .075 989
Partial metric 167.1 25  .058[.050-.067] .026 998
Partial scalar 860.6 50  .098[.092-.104] .045 .989
3rd Round of ESS
Configural 0.0 0 .000 .000 1.00
Metric 969.8 48 107 [.101-.113] .071 987
Partial metric 282.1 24 .080[.072-.082] .032 996
Partial scalar 1209.1 48  .120[.114-.126]  .055 984
4rd Round of ESS
Configural 0.0 0 .000 .000 1.00
Metric 1501.2 60  .118[.113-.123]  .083 985
Partial metric 289.9 30 .071[.063-.078] .030 997
Partial scalar 1283.0 60  .108[.103-.114]  .050 987
5th Round of ESS
Configural 0.0 0 .000 .000 1.00
Metric 1108.9 52 109 [.103-.115] .074 987
Partial metric 150.6 26  .053[.045-061]  .022 998
Partial scalar 1289.3 52 118 [.112-.123] .048 985
6th Round of ESS
Configural 0.0 0 .000 .000 1.00
Metric 964.6 46  .109[.103-.115] .076 987

Partial metric 201.0 23 .068 [.059-.076]  .032 998
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Partial scalar 1353.1 46  .130[.124-.136]  .059 982

Notes. ESS = European Social Survey; Chi2 = chi-square; df = degrees of freedom; RMSEA
= root mean square error of approximation; SRMR = standardized root mean square residual,
CFI = comparative fit index; Partial metric = released equality constraint on the factor loading
of the item measuring whether respondents wish their country to allow many or few
immigrants of the same race or ethnic group as the majority; partial scalar = released equality

constraint on both the factor loading and intercept of that item in all countries.
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Countries where two or three intercepts were identified as misspecified by Jrule (with the

criterion >.1).

ESS1

9% countries

ESS2

ESS3

ESS4 ESS5

ESS6

15% countries

40% countries

32% countries

37% countries

42% countries
Hungary Estonia Bulgaria Bulgaria Denmark Cyprus
Israel Portugal Cyprus Denmark Estonia Estonia
Slovenia Denmark Estonia Germany Germany
Ukraine Estonia Germany Hungary Hungary
Hungary Hungary Israel Iceland
Latvia Israel Lithuania Israel
Russia Latvia Netherlands Kosovo
Spain Lithuania Spain Netherlands
Switzerland Norway Switzerland Portugal
Ukraine Ukraine Ukraine Switzerland

Note. The table also reports the percentage of countries that did not reach partial scalar
equivalence on the second row.



J/

Table 4

Fit measurements for the approximate measurement equivalence model in each ESS round

PPP 95% Confidence Interval
1st Round of ESS 057 (-13.517) - (+108.288)
2nd Round of ESS 422 (-53.57) - (+67.905)
3rd Round of ESS 364 (-47.766) - (+68.527)
4rd Round of ESS 220 (-44.291) - (+94.843)
5th Round of ESS 340 (-52.088) - (+71.308)
6th Round of ESS 320 (-45.631) - (+75.837)

Notes. 95% Credibility Interval = 95% Credibility Interval for the difference between the

observed and the replicated chi-square values; PPP = the posterior predictive p-value
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Table 5
Correlations of country rankings based on three methods (exact equivalence, approximate

equivalence, and raw scores) in six ESS rounds (ESS1/ESS2/ESS3/ESS4/ESS5/ESS6)

Exact (partial scalar model) Approximate scalar model
Approximate .995/.998 /.993 /.988/.992 /.973
scalar model
Raw scores 954/.971/.970/.956/.971 / .963 966 /.972/.975/.955/.966 / .980

Note. ESS = European Social Survey



