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This article offers a gentle introduction to the measurement invariance (MI) literature with a
focus on its relevance to comparative political research. It reviews 1) the conceptual
foundations of MI; 2) standard procedures of testing for MI in practical applications within
the multiple-group confirmatory factor analysis (MGCFA) paradigm; and 3) two novel
approaches to MI, Bayesian approximate measurement invariance, and MGCFA
alignment optimization, which are especially suitable for dealing with extremely
heterogeneous data from large-scale comparative surveys typical for modern political
science. It then provides an empirical illustration of the key concepts andmethods from the
MGCFA-MI literature by applying them to testing for MI of two recently introduced
measures of democracy attitudes, so-called liberal and authoritarian notions of
democracy, across 60 countries in the sixth round of the World Values Survey. These
analyses show that both measures can be considered reliable comparative measures of
democratic attitudes, although for different reasons. Finally, this study emphasizes that
some survey-based constructs, e.g., authoritarian notions of democracy, do not follow the
reflective (correlation-based) logic of construct development. These alternative measures,
known as formative measures, do not assume strong correlations between their
indicators, for which reason it is inappropriate to test their comparability using the
reflective MGCFA approach. Instead, their comparability can be tied to their
correlations with theoretically relevant external variables.
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INTRODUCTION

Comparativists increasingly use data from large cross-national
surveys, such as the World Values Survey (WVS), the European
Social Survey (ESS), the International Social Survey Programme
(ISSP), and dozens of others, sometimes covering as much as 100
countries, representing up to 90% of the global population (as the
WVS does). Evidence from such surveys can be used to compare
how people living in different countries think about a diverse
range of social and political issues and explore what their
attitudes, opinions, and values have in common and where
those are differing. These survey projects also enable scholars
to thoroughly track changes in public opinion and prevalent
political values region- or even worldwide and relate those
changes to various political developments, e.g.,
democratization (Inglehart and Welzel 2005; Inglehart and
Welzel 2010).

Insights from comparative survey data laid the foundation for
a number of influential theories in political science, such as
Almond and Verba’s (1963) civic culture theory, Putnam’s
(1993; 2000) social capital theory, Norris’s (1999; 2011) critical
citizen theory, or Inglehart and Welzel’s (Inglehart, 1977;
Inglehart, 1990; Inglehart and Welzel, 2005) revised theory of
modernization and its reformulation as a theory of emancipation
by Welzel (2013)—to name just a few of the most renowned
contributions. However, as it was acknowledged by leading
comparative researchers as early as in the 1960s (Przeworski
and Teune, 1966), to ensure meaningful comparisons of attitudes
and opinions across groups (most notably countries), the
measures of those attitudes and opinions should function
equivalently across all compared groups (i.e., countries) to
provide comparable numerical scores. When asking people
living in different cultural, religious, linguistic, and political
contexts about complex and abstract concepts, often of
Western origins and not deeply rooted in local cultures, it is
always possible to confuse meaningful information from the
recorded responses with a good deal of measurement noise
(e.g., stemming from translation errors, nation-specific
response styles or social desirability biases, or substantively
nonequivalent meanings attributed by respondents to
seemingly the same concepts: van Deth, 2009; Davidov et al.,
2014), which may finally result in, according to a popular
metaphor, comparing “apples with oranges” (e.g., Stegmueller,
2011).

Measurement equivalence, or measurement invariance1 (MI,
in short), cannot generally be taken for granted and needs to be
tested empirically. Without such testing, both descriptive cross-
national comparisons and inferential multilevel and aggregate-
level analyses (e.g., regressions), which use non-invariant
attitudinal measurements as inputs, are at constant risk of
obtaining the biased2 estimates of the target quantities of

interest (e.g., mean rankings or regression coefficients).
Measurement noninvariance is a particular instance of
measurement error, so using non-invariant (i.e., measured
with error) individual or aggregate scores as inputs in, say,
regression analysis,3 may have various negative effects on the
quality of the resulting estimates, including inflated residual
variance, reduced power, and, most importantly, biased or
even reversed structural coefficients (Carroll et al., 2006, 41;
Greenwood, 2012).

To date, various MI testing methods have been developed, and
these methods are now widely used in a range of disciplines, such
as marketing research (Steenkamp and Baumgartner, 1998),
cross-cultural psychology (Milfont and Fischer, 2010), or
comparative sociology (Davidov et al., 2014). However, despite
some important recent contributions (King et al., 2004; Davidov,
2009; van Deth, 2009; Ariely and Davidov, 2011; Ariely and
Davidov, 2012; Stegmueller, 2011; Alemán and Woods, 2016;
Sokolov, 2018) and several long-lasting debates on the degree of
comparability of popular political scientific concepts,4 these
methods are still not as familiar to, and popular among,
comparative political scientists as to scholars from other fields
of the social sciences. This article aims at filling the gap bymaking
the following contributions to the ongoing debate on
comparability issues in political science.

First, this study introduces in an intuitively understandable
fashion the conceptual foundations of measurement invariance
and describes standard procedures used to test for MI in practical
applications, mostly with the focus on the multiple-group
confirmatory factor analysis (MGCFA) approach to MI.

Second, the study reviews two novel approaches to MI,
Bayesian approximate measurement invariance, and MGCFA
alignment optimization, which were purposefully designed for
dealing with extremely heterogeneous data from large-scale
comparative surveys and therefore often allow researchers to
obtain reasonably comparable summary scores on attitudinal
constructs in complex settings where standard MI testing
methods typically reveal no comparability.

Third, the study provides an empirical illustration of the key
concepts and methods from the MGCFA-MI literature by
applying them to testing for MI of two recently introduced
measures of democracy attitudes, so-called liberal and
authoritarian notions of democracy (henceforth LNDs and
ANDs; Kirsch and Welzel, 2019), across 60 countries included
in the sixth round of the World Values Survey.

1In what follows I use the terms “measurement equivalence” and “measurement
invariance” as interchangeable.
2Sometimes severely; see Online Appendices C and D to Sokolov (2018; pp. 26–29
in the online supplementary materials).

3If, for example, a researcher wants to estimate an (presumably causal) effect of a
nation-level cultural variable X (e.g., prevalence of a particular attitude) on another
nation-level cultural variable Y (e.g., average support for a specific type of political
regime), and both X and Y are measured using nonequivalent instruments.
4Perhaps the most important such debate (lasting for at least 3 decades) concerns
comparability of various measures of value priorities developed by Ronald
Inglehart and his coauthors, such as the index of post-materialist values or the
index of emancipative values. For more information on the subject and history of
the debate see recent contributions by Alemán and Woods (2016), Welzel and
Inglehart (2016), Sokolov (2018), and Welzel et al. (2021), as well as references
therein.
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Fourth, the examination emphasizes that not all survey-based
constructs are suitable for comparability assessment with the use
of the MGCFA approach. The latter is just a special application of
a more general approach to construct development and
validation, which is often referred to as reflective measurement.
The reflective approach, roughly speaking, ties measurement
validity (including comparability) of complex multi-item
constructs to the strength (and, in the case of MI, also cross-
national similarity) of correlations between their observed
indicators. It currently dominates both the measurement
literature and applied survey research, but it is not the only
available option. Another potentially fruitful approach is
formative measurement (Bollen and Lennox, 1991; Welzel and
Inglehart, 2016; Welzel et al., 2021), which does not require
construct indicators to be correlated with each other, and, more
generally, allows for using indicators that define, or form, rather
than reflect, constructs. As it is explicated below, ANDs, in
contrast to LNDs, can be better understood as a formative
construct, and therefore MGCFA-based methods cannot be
used to assess its cross-national comparability. Instead, it can
be anchored in a broader nomological net of that measure
(i.e., correlations of ANDs with their theoretically relevant
antecedents).

LNDs and ANDs serve as empirical illustrations here for several
reasons. First, democracy is clearly the most central concept in
contemporary political science in general and especially in the
subfield of comparative politics. Then, it is a widely supported
point of view that democratic attitudes, in particular commitment
to democracy and support for democracy, play a crucial role in
ensuring the sustainability of democratic rule or successful
consolidation of democracy after transition (Lipset, 1959; Easton,
1965; Linz and Stepan, 1996; Claassen, 2020; Zagrebina, 2020).
However, comparative surveys have revealed that widespread
support for democracy often coexists with the persistent absence of
democracy itself (Norris, 2011; Coppedge, 2012, 244–45). LNDs and
ANDs were developed to resolve this intriguing paradox. Indeed,
Kirsch andWelzel (2019) (henceforth K andW) showed that in most
autocracies where one can observe a high level of popular support for
democracy, what the population actually supports is not democracy in
its scholarly understanding (i.e., a political regime based on free
elections and respecting human rights and gender equality),
reflected in LNDs, but instead, a mix of the standard liberal
understanding of the term and several authoritarian
misunderstandings of it, reflected in ANDs (such as beliefs in that
military rule or theocracy can be essential features of democratic
regimes). Moreover, the relative prevalence of ANDs in national
public opinion was found by K andW to be closely associated with 1)
the propensity ofWVS respondents to overrate their country’s level of
democracywith respect to some objectivemeasures of democracy (see
also Ariely, 2015; Kruse et al., 2019), and 2) the overall lack of electoral
democracy in a country.

Although the issue of comparability of the measures of democratic
attitudes from theWVS has already gained scholarly attention (Ariely
and Davidov, 2011), LNDs and ANDs are novel constructs that have
never been tested for MI so far. At the same time, a few comparability
assessments of various WVS attitudinal measures, including
democratic attitudes, indicated that they often lack cross-national

comparability (Ariely and Davidov, 2011; Alemán and Woods, 2016;
Sokolov, 2018; see also references therein). It should, however, be
noted that previous non-invariance findings could be produced not
only by the real lack of equivalence in WVS attitudinal measures but
also by the fact that the standard MGCFA-MI method might not be
well equipped for handling such diverse and heterogeneous samples as
those produced by theWVS (van de Schoot et al., 2013; Davidov et al.,
2014).

The standard invariance tests of LNDs and ANDs suggest that
1) there is some evidence in favor of cross-national invariance of
LNDs, but it is insufficient to enable accurate cross-national
comparisons, and that 2) ANDs do not comply even with the
basic requirement of so-called configural invariance. It is
nevertheless possible to obtain reasonably precise estimates of
national mean scores on LNDs using the alignment optimization
method (but not the Bayesian approximate approach). As to
ANDs, while being a very problematic measure according to the
reflective MGCFA-MI perspective, it can still be defended as a
relatively reliable comparative measure of misunderstandings of
democracy in terms of the formative approach.

Summing up, using LNDs and ANDs together with the highly
diverseWVS data in this illustrative study is highly instructive since it
allows 1) highlighting the power of novel MI testing methods which
can provide sufficiently reliable and accurate aggregate scores even in
very complex and heterogeneous cross-national settings, such as
WVS-6, and 2) clarifying that the current MGCFA-based generic
approach to construct validation may sometimes be not optimal for
some constructs of interest for comparative political scientists. The
results presented below also have substantive implications since they
suggest that LNDs and ANDs can, although for different reasons, be
considered cross-nationally comparable measures and therefore can
be used for both descriptive cross-national comparisons (e.g., mean
score rankings) and inferential country-level or multilevel analysis
(e.g., as outcomes or predictors in regression models). This finding
may give an important impetus to further theorizing and empirical
research on democratic attitudes and their overall importance for
democratic development in a comparative perspective.

MEASUREMENT INVARIANCE: DEFINITION
AND TESTING GUIDELINES

The Basics of MI Testing
According to a widely cited definition, “Measurement invariance
is a property of a measurement instrument (in the case of survey
research: a questionnaire), implying that the instrument measures
the same concept in the same way across various subgroups of
respondents” (Davidov et al., 2014, 58). This property of a
measurement instrument can be tested using various
approaches, but the most popular method in comparative
survey research is multiple-group confirmatory factor analysis
(MGCFA).5 To understand the basic ideas behind the concept of

5Other popular approaches are item response theory, or IRT (e.g., Stegmueller,
2011), and latent class analysis, or LCA (e.g., Kankaraš et al., 2010; Rudnev, 2018).

Frontiers in Political Science | www.frontiersin.org July 2021 | Volume 3 | Article 6422833

Sokolov MI of LNDs and ANDs

https://www.frontiersin.org/journals/political-science
www.frontiersin.org
https://www.frontiersin.org/journals/political-science#articles


MI and its factor-analytic operationalization, consider the
standard CFA model:

yijg � υjg + λjg ηig + εijg (1)

where yijg denotes the observed response [assumed to be a
normally distributed (quasi-) continuous variable] of the
individual i from the group g to the survey question (item) j,
υjg is the intercept for the item j in the group g, λjg is the factor
loading for the item j in the group g, ηig is the i-th individual’s
score on the latent variable η in the group g, and εijg represents
the residual for the individual i and the item j in the group g.

Researchers may impose cross-group equality constraints on
any type of parameters appearing in this model, but in practical
applications, the following three types of invariance are most
frequently tested: configural, metric, and scalar invariance
(Davidov et al., 2014).

Configural invariance is the least demanding type, or level, of
MI. It requires only that factor structures are equivalent across
groups. Configural invariance holds if all items that are supposed
to be related to the construct of interest indeed load high on that
construct in all countries6 under study.7 If some items do not load
high in some countries then the assumption of configural
invariance is undermined since the same construct is in fact
measured by different sets of observed attributes and therefore
has non-equivalent substantive content in different countries.
Therefore, comparisons of numerical scores obtained with the
tested set of measures may be meaningless.

To test for configural invariance, it is typically recommended
to fit the same hypothesized CFA model in each country
separately and then inspect 1) country-specific goodness-of-fit
measures (e.g., the χ2 statistic or other commonly used global fit
measures, such as CFI, RMSEA, or SRMR8) and 2) country-
specific patterns of factor loadings. Configural invariance is
supported if in every country the proposed model does fit well

and in addition all factor loadings have expected signs and are
statistically significant and substantively large.9

The next, and more strict, level of MI is metric invariance. It
requires the cross-national equality of factor-loading parameters.
Formally speaking, it requires that λjg � λjg′ , g ≠ g ′, for all j and g.
Recall that factor loadings are analogous to regression
coefficients, in the sense that λj shows the expected change in
the jth item due to a one-unit change in the latent variable. Thus,
if this assumption holds, it ensures that in all countries the
strength of the relationships between the latent factor and its
observed measures is the same, or, equivalently, that individual
item contribution to the measured construct is the same.

It can also be understood in a sense that, if metric invariance
holds, the latent variable has the same unit of measurement in
each country. Once established, metric invariance allows for
meaningful comparisons of latent variances and, probably
more important for practical purposes, covariances between
the factor of interest and other theoretically relevant structural
variables.

One can test for metric invariance of an MGCFA model by
imposing equality constraints on factor loadings (which can
routinely be done in any popular software for latent variable
modeling) and then comparing the metric model to the configural
model. Since the former is nested in the latter, the standard
χ2-difference test can be employed for that purpose. Significant
results would indicate a superior fit of the configural model, thus
alluding to the implausibility of the metric invariance
assumption. Conversely, an insignificant test statistic lends
support to the hypothesis of equal loadings. This simple
approach is, however, frequently criticized, because the
χ2-statistics is well known for overrejecting the null of equal
goodness-of-fit in large samples, typical in cross-national
research (e.g., Cheung and Rensvold, 2002; Yuan and Chan,
2016). Therefore, most researchers compare models assuming
different levels of invariance by looking at the differences in
global fit indices, namely CFI, RMSEA, and SRMR between those
models.

Themost popular guidelines for using fit indices for invariance
testing are those proposed by Chen (2007). Chen claims that
metric non-invariance is indicated by a change in the CFI value
larger than −0.01, when supplemented by a change in the RMSEA
value larger than 0.015 and a change in the SRMR value larger
than 0.03 compared with the configural model. Chen’s
recommendations are however based on the simulation of a
two-group setting. Some recent research suggests that those
recommendations might not be generalizable to the scenarios
when the number of groups is large (>10), which is the typical
setting in modern comparative surveys. Hence, somewhat softer
cutoff values might be more adequate. For instance, Rutkowski
and Svetina (2014) propose that metric non-invariance is

6The focus of this article is onMI in cross-national research so I refer to countries as
a typical group-level unit of observation throughout the article. However, the same
principles of MI testing apply to essentially any grouping variable that may affect
measurement properties of a survey-based instrument, e.g., subnational
geographical units, survey round or mode, etc.
7Notice also that in models with more than one factor all items that are not
supposed to be related to a particular construct should not load high on that
construct in all countries. In the CFA setting, it implies the requirement of no
significant cross-loadings between indicators and their nontarget factors in any
country. In addition, correlations between factors should be considerably smaller
than ones in all groups, i.e., the model should demonstrate a reasonable level of
discriminant validity (Steenkamp and Baumgartner, 1998, 80).
8For well-fitting models, the χ2 statistic is expected to be insignificant. It should
nonetheless be noticed that this fit statistic is known to be quite sensitive to even
minor model misspecification with large samples, typical for cross-national
surveys. CFI stands for “Comparative Fit Index.” This measure is restricted to
a 0−1 range, with values closer to 1 (typically, higher than 0.9 or 0.95) indicating a
good fit. RMSEA stands for “Root Mean Square Error of Approximation.” This
measure varies from 0 to 1, with values lower than 0.05 indicating an acceptable
model fit (Browne and Cudeck, 1993, 144). Finally, SRMR stands for “Standardized
Root Mean Square Residual.” It can take a range of values between 0.0 and 1.0, with
smaller values indicating better fit. (Hu and Bentler, 1999; Brown, 2015, Ch. 3;
Kline, 2015, Ch. 8).

9I am not aware of a universally accepted criterion of being “substantively large” for
factor loadings in cross-national research. One possible, although perhaps too
liberal, the threshold is to have a standardized estimate greater than 0.3, which is
sometimes cited as a cutoff for critically small loadings in single-population CFA
models (e.g., Brown, 2015, 115).
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indicated by a change in CFI larger than −0.02 when
supplemented by a change in the RMSEA larger than 0.03
compared with the configural model.10

Finally, the third level of MI, scalar invariance, requires the
cross-national equality of item intercept parameters, i.e. that υjg �
υjg′, g ≠ g′, for all j and g. Scalar invariance tests if “cross-
national differences in the means of the observed items are due to
differences in the means of the underlying construct” (Steenkamp
and Baumgartner, 1998, 80). If this assumption holds, then the
latent variable has the same origin of the measurement scale in
each country. Therefore, not only latent variances but also latent
means can be validly compared across countries. If scalar
invariance is violated then it is possible that the same
observed score on the jth item may correspond to different
values of the latent factor in different groups, or equivalently,
the same latent score may manifest itself in different observed
scores in different groups (recall that item intercepts in MGCFA
have the same meaning as in linear regression: they show the
expected values of the respective items when ηi is zero).

To check the credibility of the scalar invariance assumption
the same approaches can be used as for metric invariance, that is
the χ2-difference test or differences in global fit indices. As to the
latter method, Chen (2007) recommends that scalar invariance
should be rejected if the respective MGCFA model shows a
change in the CFI value larger than −0.01 when supplemented
by a change in the RMSEA value larger than 0.015 and a change in
the SRMR value larger than 0.03 compared with the metric
invariance model. According to Rutkowski and Svetina (2014),
non-invariance of intercepts is evidenced by a change in CFI
larger than 0.02 when supplemented by a change in RMSEA
larger than 0.01 compared with the metric invariance model.

What to Do if MI Tests Fail?
It is a common situation, especially when the number of countries
is large, that applied researchers fail to establish one or another
level of MI, primarily scalar invariance (van de Schoot et al., 2013;
Davidov et al., 2014). While annoying, such findings do not
necessarily prohibit cross-national comparisons. First, some
authors (e.g., Meuleman, 2012; Oberski, 2014) argue that often
in practice measurement bias due to non-invariance does not lead
to wrong substantive conclusions about mean rankings or
structural coefficients. Second, it is sometimes possible to 1)
re-specify a measurement model by removing the most
problematic indicators or 2) exclude countries that exhibit the
largest amount of non-invariance, although these remedies for
the issue of non-invariance are not always practically feasible. For
instance, there may be too few indicators to remove any of them
without sacrificing the model’s identifiability or validity, or
dropping indicators may be theoretically inappropriate. In its
turn, dropping non-invariant countries leads to a loss of
important information and undermines the degree of the
cross-national coverage, and therefore representativeness, of
the sample. Third, there are several approaches to MI that are

not so restrictive as the standard MI testing framework but
nonetheless believed to be able to recover aggregated
quantities of interest, such as latent means and variances,
quite accurately.

The historically first such approach is testing for partial MI
(Byrne et al., 1989) if full metric or scalar invariance does not
hold. The concept of partial MI suggests that group-specific latent
variances and means can be validly compared when at least 50%
of items per construct function equivalently across groups, that is
they have equal loadings and/or equal intercepts. If a fully metric
invariant or a fully scalar invariant model does not fit well, it is
possible to use various local misspecification detection tools, such
as modification indices, to identify items with the most non-
invariant parameter values.11 At the next step, one may relax
equality constraints on loadings and/or intercepts of those items.
The resulting partial metric/scalar invariant model can be tested
against a more liberal model (i.e., the configural model, in case of
partial metric invariance, or the [partial] metric model, in case of
partial scalar invariance) using the same model comparison
methods as in the tests for full invariance.

Throughout the 2010s, several more sophisticated approaches
to dealing with metric and scalar non-invariance have been
introduced, from which the most notable are approximate
Bayesian measurement invariance (or AMI; Muthén and
Asparouhov, 2012; van de Schoot et al., 2013) and MGCFA
alignment optimization (Asparouhov and Muthén, 2014). The
concept of AMI is based on the idea to allow for some small
variability in group-specific deviations of measurement
parameters from their sample-average values. This can easily
be done in the Bayesian paradigm by treating these deviations as
an auxiliary family of model parameters and defining prior
distributions with zero means and small variances over them
(for technical details see Van de Schoot et al., 2013). It is
considered that if the variance of measurement parameters
across groups is indeed small enough, then latent means and
variances can be estimated reasonably close even if loadings and
intercepts are not exactly equivalent across groups. It is important
to mention that the AMI approach is believed to provide the most
reliable results in scenarios in which most differences in
measurement parameter values between groups are small to
moderate and, in addition, non-systematic (that is, cancel each
other out). When there are a few groups with very different
parameter values, it may provide biased estimates of latent means
and variances (Lek et al., 2018, 924).

The key issue with this approach is how small the variance of
group-specific deviations should be to be considered “small
enough.” While initial research on that issue suggested that
even a prior variance of loading and intercept deviations as
high as 0.05 would not undermine the overall comparability of

10These authors claim that the SRMR is generally not a reliable indicator of the
overall goodness-of-fit in large samples.

11This approach is often criticized for various shortcomings inherently related to
the idea of using post hoc adjustments to find a well-fitting model specification
without a sufficient a priori theoretical justification for such adjustments. As
(Marsh et al., 2018, 525) note, “the stepwise selection process of relaxing invariance
constraints one parameter at a time is highly cumbersome, idiosyncratic, and likely
to capitalize on chance so that the final solution is not replicable.”
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latent means and variances (Muthén and Asparouhov, 2013; van
de Schoot et al., 2013), more recent simulation evidence indicates
that more restrictive prior variances of 0.005–0.01 may be
necessary to recover group latent mean rankings accurately
(Pokropek et al., 2019; Pokropek et al., 2020).

In contrast to the nested model comparison approach widely
employed in the frequentist MI tests, in the Bayesian approach,
the main focus is typically on comparing model specifications
with different prior variances of group-specific parameter
deviations. In other words, one needs to estimate a set of
models with increasingly high prior variances of measurement
parameter differences (say, 0.001, 0.005, 0.01, 0.05, and 0.01) and
then use various Bayesian model fit measures to establish what
prior level of non-invariance fits the actual data best.

While there are many tools to assess model quality in the
Bayesian framework (Vehtari et al., 2017), the choice of applied
researchers performing AMI tests is mostly limited to the fit
measures available in theMPLUS software, one of the few existing
to date statistical packages that implement the AMI method in a
straightforward and relatively easy-to-use (for non-statisticians)
way (Pokropek et al., 2020).12 The main options are the Posterior
Predictive p-value (PPP), the Bayesian Information Criterion
(BIC), and the Deviance Information Criterion (DIC). The
former measure can be used as a metric of absolute fit (one
can use it to evaluate the quality of a single model against some
more or less universal benchmark, which is often claimed to be
PPP > 0.05), while the two latter criteria are generally meaningful
only when used for the assessment of relative fit, with lower values
of BIC or/and DIC indicating better-fitting models. According to
Pokropek et al. (2020), in the context of AMI testing, the DIC
seems to perform best in terms of its ability to identify the correct
prior variance, but the PPP and the BIC can also be useful under
certain conditions. As to cutoff values, these authors note that the
size of fit measures thresholds is heavily dependent on both the
individual- and group-level sample size, so it is difficult to
formulate any generalizable recommendations with respect to
this (Pokropek et al., 2020, 761–762).

Another promising approach to MI, alignment optimization,
does not involve any direct tests for MI. Instead, this method aims
at getting reliable estimates of the latent group means and
variances while allowing, to some extent, for approximate
measurement invariance of the model parameters (Asparouhov
and Muthén, 2014; Muthén and Asparouhov, 2018; Marsh et al.,
2018). Estimating an MGCFA model with alignment
optimization involves two steps. At the first step, a configural
model with unconstrained loadings and intercepts is fitted to the
data. In that model, orM0, all group-specific factor means are set
to 0 and all factor variances are set to 1. At the second step, the
optimization algorithm attempts to find, by minimizing a
simplicity function defined over the pairwise between-group
differences in loadings and intercepts, such a set of parameter
estimates that results in the same fit as M0 but with a minimum

possible amount of non-invariance. Notice that this approach is
conceptually and mathematically similar to the rotation
procedure in exploratory factor analysis (see an extensive
technical discussion in Asparouhov and Muthén, 2014,
496–498). The alignment approach, in contrast to the Bayesian
approach, is better suited for situations where there are many
approximately invariant parameters and only a few parameters
significantly deviating from the sample-average values (e.g.,
Marsh et al., 2018; Pokropek et al., 2019).13

A useful by-product of the optimization algorithm lying in the
core of the alignment approach is that it allows for quantifying the
degree of measurement non-invariance for every loading and
intercept in the model by calculating the proportion of groups for
which pairwise tests do not reveal significant between-group
differences in the values of a specific parameter. Several cut-off
values have been proposed in the literature to provide guidelines
with respect to how much non-invariance can be allowed for in
the model to keep the estimates of latent means and variances
reliable. Various authors claim that as much as 20% (Asparouhov
and Muthén, 2014), 25% (Muthén and Asparouhov, 2014), or
even 29% (Flake and McCoach, 2018) of non-invariant model
parameters still constitute a tolerable degree of non-invariance.

Moreover, even if the proportion of non-invariant parameters
exceeds the aforementioned thresholds it is still possible in some
occasions to obtain reliable estimates of latent means and
variances. To check whether this possibility is feasible in a
particular application, one needs to perform a simulation
study in which the estimated parameter values from the actual
MGCFA model are used as the true population values. If the
simulation results suggest that the estimates of latent means and
variances can be recovered by the model sufficiently well (that is,
if the correlations between the generated and estimated
parameter values are very high, e.g., > 0.98), then the model
can be considered a reliable tool of obtaining various group-level
latent summaries even despite the seemingly high degree of non-
invariance in its parameters (Asparouhov and Muthén, 2014;
Muthén and Asparouhov, 2018).

Finally, two additional metrics can be used to explore the
degree of non-invariance in item-specific loadings and intercepts.
First, for every measurement parameter, it is straightforward to
calculate its contribution to the simplicity function. Parameters
with smaller contributions can be considered more invariant
ones. Second, for every measurement parameter, it is possible
to compute the R2 statistic, which is just the proportion of its
variance across groups which is due to the variation in the factor
mean and factor variance across groups. R2 values close to 1
indicate a high degree of invariance, and values close to 0 a low
degree of invariance (Asparouhov andMuthén, 2014, p.499–500).

DATA AND MEASUREMENTS

To test MI of LNDs and ANDs I use data from the sixth wave of
the World Values Survey. While most WVS items measuring

12Another option is the R package sirt (Robitzsch, 2019). For a general overview or
MI testing possibilities of the R environment for statistical computing see Fischer
and Karl (2019). 13Both approaches can also be used together (Asparouhov and Muthén, 2014).
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these two concepts appeared also in the questionnaire of the
previous, fifthWVS round, one particular question used by K and
W to define ANDs, that about people’s obedience to their rulers,
was introduced only in the sixth round. Still, the sixth round’s
data represent an excellent opportunity to assess the
measurement properties of LNDs and ANDs in a comparative
perspective for two related reasons. First, more countries (60)
participated in that round than in any other round of the WVS
completed to date. Second, that round also covered
unprecedentedly many developing countries, including 17
Arab and Middle Eastern countries and 11 sub-Saharan
countries, which had never been so widely represented in any
previous WVS round. In other words, the sixth wave provides
researchers with one of the most geographically, economically,
politically, culturally, and linguistically diverse samples of
countries in the entire history of cross-cultural survey
research. Such a great degree of diversity offers multiple, and
invaluable, opportunities to test grand theories about the cultural,
social, and political evolution of human societies. At the same
time, it poses multiple challenges to researchers using the WVS
data, since it magnifies, by a very high rate, the effects of various
substantive and methodological factors that may undermine
cross-cultural comparability.

Using a data set, which is so rich, for MI tests is always fruitful
and instructive. First, if some construct can pass such a severe
trial, then it is likely to reflect a nearly universal cultural concept
that has a similar meaning for most currently living humans and
therefore deserves greater attention from comparative
researchers. Second, given all the non-invariance findings
published to date, it seems imprudent to expect that MI can
be established with the standard testing strategy in such a
multifarious setting (Davidov et al., 2014; Marsh et al., 2018;
Davidov et al., 2018). This therefore can serve as a good, and
highly illustrative, test case for whether novel MI-testing
approaches are indeed able to obtain more promising results,
compared to the classic one, in complex settings. Third, even if
those more flexible and sophisticated methods fail to achieve a
sufficient level of comparability, it is still possible to leverage the
depth and breadth of the WVS data to inform our understanding
of the various factors driving the observed patterns of non-
invariance (e.g., with the use of multilevel modeling: see
Davidov et al., 2018).

As it has already been mentioned above, 60 countries
participated in the sixth round of the WVS. However, in
China and Egypt one indicator of ANDs, that asking about
army rule, was not included in the national questionnaires, so
in some analyses reported below, I used data only from 58
countries. In the WVS, national samples are typically collected
using face-to-face interviews (PAPI or CAPI) and are intended to
“be representative of all people in the age 18 and older residing
within private households in each country, regardless of their
nationality, citizenship or language.”14 The overall individual-
level sample size comprises 89,565 respondents, with national

sample sizes ranging from 841 in New Zealand to 4,078 in India
(but most, 42 out of 60, are between 1,000 and 2,000
respondents).

The data file used for most analyses reported below can be
obtained from the WVS website (Inglehart et al., 2014). For
additional tests of nomological validity of ANDs I used
replication data from Kirsch and Welzel, 2019 paper in
Social Forces, kindly provided by Christian Welzel. Data and
code (R and MPLUS scripts) necessary to reproduce all results
reported in the main text of this article and in the
Supplementary Material (henceforth, SM) can be obtained
from the author upon request.

In defining LNDs and ANDs I precisely follow K and W who
used six WVS questions, asking how essential respondents think
the following things are as characteristics of democracy:

1) LND-1: “People choose their leaders in free elections” (for the
sake of brevity I will use a short label Elections to refer to this
item in what follows; its WVS-6 variable code is V133)

2) LND-2 “Civil rights protect people from state oppression”
(Rights; V136)

3) LND-3 “Women have the same rights as men.” (Equality;
V139)

4) AND-1: “Religious authorities ultimately interpret the laws.”
(Religion; V132)

5) AND-2: “The army takes over when government is
incompetent” (Army; V135)

6) AND-3: “People obey their rulers.” (Obedience; V138)

Individual responses to those itemswere recorded on a 1 to 10 scale
where 1means “not at all an essential characteristic of democracy” and
10means it definitely is “an essential characteristic of democracy.”The
pooled-sample and country-specific means and variances for all six
items are shown in Supplementary Table A1 in the SM. In almost all
WVS countries people are, on average, able to correctly recognize free
elections, civil rights, and gender equality as constitutive features of
democratic regimes. The total national LND scores, which are just the
averages of the three individual-item scores, range from 6.52 in
Lebanon to 9.15 in Sweden. In contrast, most countries score
quite low on the AND items: The overall AND score varies from
only 2.26 in Germany to 7.22 in Pakistan. Typically, the by far
highest-scoring AND item is “Obedience,” which may be less
related, semantically, to authoritarian practices (indeed, no
democracy could survive if its citizens once refused to obey
their government’s decrees). In not a single country does the
AND score exceed the LND score.

From these naive comparisons one might be tempted to conclude,
for example, that people all over the world have a generally correct
understanding ofwhat democracy is and, perhaps to a somewhat lesser
extent, what it is not, at least according to one, although presumably
mainstream, scholarly definition of the term. It is also possible to use
these scores to model various micro- and macro-level processes
shaping individual and culture-level perceptions of democracy and
relating those perceptions to various political outcomes, e.g., the
persistence of authoritarian rule in many modern societies (Kirsch
andWelzel, 2019; Kruse et al., 2019). The former conclusion, and the
latter empirical analyses, may nevertheless be premature since it is not

14http://www.worldvaluessurvey.org/WVSContents.jsp?
CMSID�FieldworkSampling.
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yet clear whether theWVS-based measures of LNDs and ANDs yield
equivalent national scores or not.

MGCFA OF LNDS AND ANDS

Pooled-Sample Factor Analysis of LNDs
and ANDs
Kirsch and Welzel did not use any kind of confirmatory analysis to
validate their measures of LNDs/ANDs or to assess MI of their
measures. They nonetheless reported the results of exploratory factor
analysis of six items used to measure LNDs and ANDs. I replicated,
using a slightly different approach, their exploratory analysis. Overall,
the pooled-data EFA results (see Supplementary Figure A1 and
comments on it in the SM) generally support the two-factor structure
proposed by K and W, but also point out that the “Obedience” item
may poorly discriminate between the LND factor and theAND factor.

Then, following K and W and my own exploratory analysis, I
estimated a two-factor confirmatorymodel of LNDs and ANDs. In its
basic specification, it assumed two factors and a simple factor structure
(no cross-loadings or residual covariances between indicators). To
account for non-normality (recall that all manifest variables are 1–10
scales), I used robust maximum likelihood estimation (MLR) as
implemented in the R package lavaan version 0.6–7. Since a
considerable proportion (13.4%) of observations contained missing
values on at least one indicator, the full information maximum
likelihood approach was used to handle missing data.

The scaled χ2-value was statistically significant (scaled χ2 �
4,213.586, df � 8, p � 0.000). Yet, the sample size is very large and
the χ2-statistics is known for its extreme sensitivity to even minor
model misspecifications with large samples. However, the most
common CFA global fit measures for the model also had
unacceptable or barely acceptable values as well, according to
modern standards. The robust CFI � 0.928 and the robust TLI �
0.865, while it is generally considered that for both these measures
values of 0.95 (or at least 0.9) and higher indicate a reasonably close
model fit. The robust RMSEA was 0.084, with the 90% CI � [0.82;
0.86], so even the lower bound of the CI was much higher than the
commonly used cutoff value of 0.05 (and even higher than a more
liberal threshold of 0.08). Finally, the SRMR was 0.050.

The analysis of local misspecification revealed two potential
parameters worth adding to the model, a cross-loading between
the LND factor and V138 (MI � 3,200.98, standardized EPC �
0.32) and a residual covariance between V132 and V135 (MI �
3,200.97, standardized EPC � 5.67), so they could not be added to
the model simultaneously. For the latter parameter, its
standardized EPC had an implausible value (standardized
covariances cannot exceed 1), and adding it to the model in
fact led to some negative estimated variances, so I preferred to add
the former. That decision was further supported by the analysis of
the model’s standardized residuals: three out of the four largest
residuals were for the covariances between V138 and the three
LND indicators (33.83, 39.79, and 38.26 respectively).

With a cross-loading between the LND factor andV138, themodel
fit improved significantly: scaled χ2 � 1,377.442, df � 7, p � 0.000;
robust CFI � 0.976; robust TLI � 0.948; robust RMSEA � 0.052
(0.050–0.054), SRMR � 0.023. The scaled likelihood-ratio test also

suggested that the corrected model was better than the original
specification (Δχ2 � 3,448.5, Δdf � 1, p � 0.000). The
standardized parameter estimates for the corrected model are
shown in Figure 1. All six democracy items have relatively high
loadings (all > 0.4 and all but one are about 0.6 or greater) on their
targeted indicators. In the LND factor, all three main loadings
additionally have roughly equal sizes thus pointing to balanced
contributions of individual indicators to the measured construct.

The only problematic indicator was “Obedience” which had the
lowest loading (of 0.465) on its targeted construct, ANDs, among all
six items and additionally was also non-trivially related to another,
nontarget factor (the respective cross-loading was statistically
significant and its standardized value of 0.234 was large enough to
not be considered trivial), which might indicate a low discriminating
capacity of that item15 (although the correlation between two factors
themselves was quite small, only −.05, and insignificant). This finding

FIGURE 1 | A two-factor model of LNDs and ANDs. Note: According to
CFA visualization conventions, circles represent latent variables and boxes
represent observed variables. Unidirectional arrows between latent factors
and their indicators show factor-loading estimates; bidirectional arrows
show covariance estimates, and unidirectional arrows incoming to indicators
from the right show their respective residual variances. For all model
parameters, their standardized estimates are shown, with standard errors in
parentheses. To identify the model, the marker variable method was used,
with “Elections” being a marker for the LND factor and “Religion” for the AND
factor. Data are from WVS round six (N � 89,565, 60 countries).

15Perhaps due to the presence of that cross-loading, and also to the small number of
indicators per construct, internal consistency measures for the models had quite
low values (Cronbach’s α � 0.54, McDonald’s ω � 0.65, Average Variance
Extracted � 0.37).
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resonates with the idea, briefly pointed out above, that obedience to
rulers is not an intrinsically democratic or autocratic feature on its
own: all types of political regimes need some level of obedience from
their citizens to persist. So using the respective item tomeasure ANDs
may not be well justified, both theoretically and empirically. Still, since
the overall two-factor model had a reasonably good fit and
demonstrated a generally acceptable level of interpretability, I
decided not to remove the obedience item16 and to proceed with
tests for configural invariance using the original six-item set of
indicators.

Standard MGCFA Tests for MI of the LND
Factor
To test the modified two-factor model of LNDs and ANDs for
configural invariance, I estimated the model separately for each
WVS country, except China and Egypt (where the “Army”
question was not asked). Three important findings deserve
attention in regard to that set of analyses. First, as Supplementary
TableA2 in the SM illustrates, in a sizable number of national samples
the model did not fit well. Second, as shown in Supplementary Table
A3 in the SM, loadings of the AND items varied considerably in their
sizes, significance, and even signs across countries. In contrast,
loadings of the LND items were significant, positive, and large,
although not perfectly equal, in all but one country. The only
exception was Haiti, where the “Rights” and “Equality” items had
negative loadings, but that seemed to be an artifact of the overall
implausibility of the two-factor model structure for that country: in a
single-factor model of LNDs, which did not include the AND factor
and its three indicators, all LND loadings were positive inHaiti. Third,
as had already been noted by K andW themselves, the strength of the
correlation between the LND and AND factors was very different
across WVS countries. All these observations suggest that the two-
factor model does not fit even the basic requirement of similar factor
structures in different countries. However, most cross-national
differences came from the AND part of the model, while its LND
part performed sufficiently well in terms of configural invariance. I
therefore proceeded with tests for more demanding types of
invariance for the LND factor only. Notice that the finding of
configural non-invariance for ANDs does not necessarily mean
that this measure is entirely unsuitable for use in comparative
contexts. This issue is discussed in depth below in the section
ANDs: Comparability beyond MGCFA?

The configural MGCFA model for LNDs alone has only three
indicators so it is just-identified and therefore has perfect values of all fit
indices. This means that one cannot assess its fit to the data directly, but,
as noted above, factor loadings for all three items are at least positive and
statistically significant in all countries. In addition, what matters for the
overall plausibility of the metric and scalar invariance assumptions, is
mostly the relative fit of these two models in comparison with less
restrictivemodel specifications. As to themetricmodel, the χ2-difference
test suggested that it fits significantly worse than the baseline configural
model. In addition, the differences in CFI, RMSEA, and SRMR between
those two models exceeded the cutoff values proposed by Chen (0.020,

0.072, and 0.032 respectively; see also Table 1). With regard to
Rutkowski and Svetina’s more liberal recommendations, the ΔCFI
was exactly on the threshold of 0.02, but the difference in the values
of RMSEA was still too large, thus indicating that full metric invariance
was likely not held for the LND factor.

Nevertheless, partial metric invariance seemed to be a plausible
assumption since for the model where the loading of the “Equality”
item was allowed to vary across countries, ΔCFI (0.005) and ΔSRMR
(0.015), compared to the configuralmodel, were both smaller than the
critical values of Chen or Rutkowski and Svetina. Yet, ΔRMSEA was
still too large (0.053) and the χ2-difference test was statistically
significant. I also tested another partially metric invariant model,
where the loading for the “Rights” item was freed, but that model was
worse than the first one in terms of model fit. All in all, given that the
number of group-level units was very large,17 and that two fit indices
had acceptable values for the first partial metric model, I concluded
that the assumption of partial metric invariance of LNDs could at least
not be unambiguously rejected and decided to check further whether
that construct could also pass the test for partial scalar invariance.
Unfortunately, the model where, in addition to the loading of
“Equality,” the intercept of the same item was allowed to vary
cross-nationally, was found (according to all fit indices) to fit the
data much poorly, compared to the partial metric model (ΔCFI �
− 0.69; ΔRMSEA � 0.87; ΔSRMR � 0.31).

To sum up, neither full metric invariance nor full or even
partial scalar invariance held for LNDs, and evidence in favor of
partial metric invariance was fairly contradictory: the latter could
not be considered as proved “beyond reasonable doubts.” Hence,
according to the standard CFA testing approach, the cross-
national comparability of LNDs is highly questionable. It
seems that one can at best compare latent variance estimates
or various structural coefficients related to LNDs across different
countries but certainly cannot compare latent mean scores or use
them as inputs in country- or multilevel inferential analyses.

AMI Tests of the LND Factor
Some recent simulations and applied studies have shown that novel
AMI-testing methods, such as the Bayesian AMI approach (Cieciuch
et al., 2014; Zercher et al., 2015; Sokolov, 2018) or MGCFA alignment
(e.g., Jang et al., 2017; Lomazzi, 2018; Marsh et al., 2018; Munck et al.,
2018; Pokropek et al., 2019; Lomazzi and Seddig, 2020), could provide
more promising results with respect to the issue of cross-national
(non-)comparability in large samples. Can these methods help to
ensure that LNDs are at least approximately comparable acrossWVS-
6 countries? I first tested for AMI of that measure using the Bayesian
approach. Specifically, I estimated five models with differing levels of
prior variance on the distributions of between-group differences in
model parameters: 0.001, 0.005, 0.01. 0.05, and 0.1.18 Various fit

16With only two indicators of ANDs, the two-factor model did not even converge.

17Rutkowski and Svetina formulated their recommendations using simulation
evidence from the 10- and 20-group settings, while WVS-6 includes a highly
diverse set of 60 countries.
18Notice that in each model the same prior variance was assumed for differences in
each measurement parameter (three loadings and three intercepts). In principle,
nothing prevents one from using different prior variances for different
measurement parameters, but all applications of the Bayesian AMI approach I
am aware of, used the single prior variance value for all parameters.
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statistics for those models are shown in Table 2. In addition to three
measures discussed above, the PPP, the BIC, and the DIC, I also
included the 95% credibility interval (CI) for the difference between
the observed and the replicated χ2-values (Muthén and Asparouhov,
2013; van de Schoot et al., 2013). This measure is very close
conceptually to the PPP and typically provides equivalent
substantive conclusions,19 but its performance in invariance tests
has so far been studied in simulations to a lesser extent, so I use it
only as an auxiliary tool of fit evaluation. TheCI of awell-fittingmodel
should be centered at zero (or at least include zero).

All these four model quality indicators unanimously suggest that
the least restrictive model (that with a prior variance of 0.1) has also
the best fit among the five models presented in Table 2: it has the
lowest values of BIC and DIC, the PPP value closest to 0.5, and the
middle value of its CI closest to zero. Another important observation
with respect to Table 2 is that allowing for an increasingly large
variation in measurement parameters leads to systematically better
values model fit indices. It is likely that increasing the prior variance
above 0.1 might lead to even better model quality. However. the prior
variance of 0.1 means that 95% of group-specific deviations of
unstandardized loadings and intercepts from their sample average
values belong to the interval between −1.96p√0.1and 1.96p√0.1, or
[-0.62, 0.62]. As was already mentioned above, according to available

simulation evidence such a large variation may prevent researchers
from being able to accurately recover latent group means (Pokropek
et al., 2020). In addition, auxiliary outputs provided by the MPLUS
program used to estimate those models, showed that even in the most
liberal (i.e., non-invariant) model there were a lot of countries with
significantly deviating parameter values (up to 85%, for the intercept
of the “Equality” item). The bottom line, after all, is that the Bayesian
approach did not support the approximate comparability of LNDs20

either.
What about the MGCFA alignment method? At first

glance, it did not do better than the Bayesian approach.
According to the results reported in Table 3, the
proportion of countries with large deviations of loadings

TABLE 1 | Multiple-group CFA of LNDs.

Model χ2 df CFI RMSEA (90%CI) SRMR

Configural 0.000 0 1.000 0.000 (0.000–0.000) 0.000
Metric 750.918 118 0.980 0.072 (0.067–0.077) 0.032
Partial metric (“Equality” free) 232.149 59 0.995 0.053 (0.046–0.060) 0.015
Partial metric (“Rights” free) 356.863 59 0.990 0.071 (0.064–0.078) 0.020
Partial metric/scalar (“Equality” free) 2,944.539 118 0.926 0.140 (0.136–0.145) 0.046

Notes: Data are fromWVS round six (N � 89,565, 60 countries). All models were estimated using the R package lavaan version 0.6–7, with the maximum likelihood robust to non-normality
(MLR) method and the full information maximum likelihood (FIML) approach to missing data. χ2–(scaled) χ2 test statistic; df–(scaled) degrees of freedom; CFI � comparative fit index
corrected for non-normality (Brosseau-Liard and Savalei, 2014); RMSEA–root mean square error of approximation corrected for non-normality (Brosseau-Liard et al., 2012);
SRMR–standardized root mean square residual.

TABLE 2 | Bayesian approximate invariance tests of LNDs.

Prior variance Npar BIC DIC pD PPP 95% CIlb 95% CIub

0.001 540.00 661,436.47 656,036.72 371.46 0.00 2,964.72 3,273.98
0.005 540.00 658,869.66 653,609.50 441.29 0.00 587.84 823.09
0.01 540.00 658,446.11 653,238.69 467.87 0.00 218.74 425.60
0.05 540.00 658,122.26 652,999.65 510.39 0.16 −42.98 142.28
0.1 540.00 658,082.37 652,980.56 520.72 0.32 −70.08 113.75

Notes: Data are fromWVS round six (N � 89,565, 60 countries). All observed indicators of LNDs were standardized. In bold are the lowest values of BIC and DIC and the PPP value closest
to 0.5. BIC � Bayesian information criterion; DIC � Deviance information criterion; pD � effective number of parameters; PPP � posterior predictive p-value; 95% CIlb and 95% CIub � the
lower and the upper bound of the 95% credible interval for the difference between the observed and the replicated χ2-values.

19In a very nutshell, in the context of Bayesian structural equation modeling, the
PPP represents a proportion of MCMC iterations for which the standard χ2 test
statistic for the estimated model is smaller than the analogous statistic for the
model fitted to a new data set, of the same size as the original data, but generated
using parameter values at the ith iteration (Muthen and Asparouhov, 2012, 315).
For a more general discussion of posterior predictive checking, see Gelman et al.
(2013).

20It was possible to test LNDs for partial AMI, but the only, to my knowledge,
simulation study exploring the performance of partially invariant AMI models
found its questionable, especially when the number of items used in the model is
small (Pokropek et al., 2019). Indeed, when I attempted to estimate a partially
metric and scalar-invariant model (where both the loading and the intercept of the
“Equality” item were allowed to vary across groups freely), I found that its
convergence speed was prohibitively slow—so slow that I was forced to stop
the estimation process that had been lasting for more than 2 days to the moment
while estimating any of the models reported in Table 2 took no more than a few
hours. Another opportunity was to remove countries where the three-item model
of LNDs did not fit well and repeat the Bayesian AMI tests with a smaller set of
more comparable countries, but that strategy also had its own shortcomings,
already discussed above, in the section on MI testing methods. I nevertheless
provided in the SM (see Supplementary Table A4) a list of countries with the
lowest PPP values for models with different prior variances. Most of them were
Muslim countries, and indeed, removing three of the most problematic ones, which
were Kuwait, Yemen, and Jordan, resulted in the PPP of 0.436 for the model with a
prior variance of 0.05 fitted to the data from the remaining 57 countries.
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was small. For the most non-invariant item, “Equality,” it is
only 21.7%, which was slightly above the conservative
threshold of 20% and below 25%. However, for intercepts,
the proportions of significantly deviating country-specific
estimates were much larger, ranging from 36.7% for
“Equality” to 55% for “Rights.” Surprisingly, the R2

statistics for those largely non-invariant parameters was
much higher, and quite close to 1, than the R2s for quite
invariant loading parameters.21

As recommended by Asparouhov and Muthén (2014), this
study complemented the alignment analysis by a simulation
study, using the parameter estimates from the final alignment
model as true population values. To control for whether the
estimation accuracy for latent means and variances is sample-
size dependent, separate simulations for four different group
sample sizes were run: 500, 1,000, 1,500, and 2.000
observations per group (except the smallest one, these
group sample sizes are typical for national WVS samples).
Quite strikingly again, despite the large proportions of
deviating countries, the correlations between the generated
and estimated means were extremely high for all sample sizes
(all >0.98 and all but one >0.99; see Table 4), suggesting that
the alignment model was able to recover latent means
sufficiently good. However, even with the largest sample
size of 2,000 the correlation between the generated and
estimated latent variances was only 0.82. In other words,
500 observations per group it was effectively zero. In other
words, despite a small number of countries with substantively
different values of factor loadings and even standard MI tests
pointing to the plausibility of the partial metric invariance
assumption, according to that simulation, the three-item
model LNDs experienced severe troubles with recovering
latent variances from WVS data.

A deeper investigation of that issue nevertheless showed
that such low correlations were caused by two countries with
severely misestimated variances, Kuwait and Haiti. For all
other countries, their respective latent variances were
recovered quite precisely: without Kuwait and Haiti, the
relative bias was about 1% (for 1,000 and 1,500 sample size
conditions), and the confidence interval coverage for most

countries was in the range from 0.93 to 0.97, quite close to the
desired 95% level. When simulations were run again for the
alignment model for 58 countries, in all conditions, except
that with 500 observations per group, the correlation between
estimated and generated variances improved a bit and
reached levels indicating acceptable estimation accuracy.

Thus, it seems that despite 1) the fairly high level of
between-group variation in measurement parameters,
especially intercepts, of the three-item LND model and 2)
the failure of other methods to establish MI for that model,
the alignment optimization method still allows for obtaining
approximately comparable estimates of latent means and
variances. This is encouraging news because the
alignment-based mean and variance estimates can be safely
used further for substantive analyses. This finding also clearly
illustrates the power of the alignment method to approach
cross-national comparability in a very complex setting, where
other methods, including quite flexible Bayesian AMI tests,
failed. Last, but not least, it has clear substantive importance:
an outstanding degree of equivalence in the LND scale
suggests that people in very different—in terms of their
political regimes and political cultures—countries, share a
very similar understanding of what features are essential
characteristics of democracy.

One small but important final thing to discuss in this
section is how different are mean ranking obtained with
different methods. Figure 2 presents four pairwise
comparisons, juxtaposing latent means obtained using
MGCFA alignment and four other methods: 1) raw means
(computed as the average score over three LND items) which
are by far the simplest and most widely used method of
estimating group scores on complex constructs in
comparative research (Panel A); 2) latent means from the
partial metric/scalar model (where the loadings and
intercepts of “Equality” were freely estimated in all groups;
Panel B); 3) latent means from the Bayesian AMI model with
a prior variance of between-group differences equal to 0.1
(best-fitting Bayesian model; Panel C); 4) latent means from
the Bayesian AMI model with a prior variance of between-
group differences equal to 0.05 (second best-fitting Bayesian
model; Panel D). According to these plots, the alignment-
based means correlate quite strongly with the raw mean
scores and with the means from the partial MI model. The
correlations between the alignment-based means and the
means from two Bayesian AMI models were considerably

TABLE 3 | Fixed alignment fit statistics.

Items Loadings Intercepts

Fit function
contribution

R2 % (N)
of non-invariant

groups

Fit function
contribution

R2 % (N)
of non-invariant

groups

Elections −685.590 0.782 5% (3) −858.549 0.797 38.3% (23)
Rights −793.438 0.297 11.7% (7) −812.691 0.757 55% (33)
Equality −786.699 0.345 21.7% (13) −1,077.095 0.599 36.7% (22)

Notes: Data are from WVS round six (N � 89,565, 60 countries). The reference country was South Africa (country code � 47). Average Invariance index = 0.596.

21E.g., the R2 for the loading of the “Rights” item was 0.3, with only 12% of countries
having significantly different values of that parameter, while the R2 for the intercept
of the same item (55% non-invariance) was 0.76!
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lower (correlations between Bayesian means and other types
of means were also relatively low; see Supplementary Figure
A2 in SM). This may suggest that the assumptions of the
Bayesian AMI approach might not hold in the WVS data on
LNDs. Notice also that despite the high correlation between
the alignment estimates and the raw mean scores, the ranks of
some countries differ significantly between the two methods.
The same is true for the means from the partial MI model vs.
the alignment means.

ANDS: COMPARABILITY BEYOND
MGCFA?

In their response to the critique of the measures of value priorities
in the World Values Survey, based on the notion of measurement
non-invariance (Alemán andWoods, 2016),Welzel and Inglehart
(2016) (hereafter W and I) made several important claims about
why multi-item constructs may sometimes exhibit comparability
even if they fail to pass standard or even advanced, but more
liberal, MGCFA-based invariance tests. Though W and I’s
argumentation is not very convincing with respect to the
measures (postmaterialist values and emancipative values) that
it was originally designed to defend, there is some potential in
usingW and I’s ideas to prove the point that ANDs can be seen as
a measurement instrument that is relatively comparable cross-
nationally.

Three key points raised by W and I are the following. First,
they note that many WVS attitudinal measures, contrary to a
widespread misconception, are formative constructs, not
reflective ones.22 Therefore, measurement validity (including
cross-national comparability) of such constructs should not be
assessed using reflective approaches (i.e., various correlation-
based techniques, among which MGCFA is probably the most
popular one). Second, W and I argue that WVS attitudinal
measures are aimed at measuring exclusively culture-level
phenomena, and therefore their validity should not be
judged using individual-level covariance patterns (see also

Akaliyski et al., 2021).23 Instead, and this is their third
important point, it can be assessed using the strength of
relationships between the construct of interest and its
theoretically expected antecedents and consequences: if some
measure is closely related, in a predictable and theoretically
consistent manner, to other important aspects of reality, it
should indeed capture something real and hence cannot be
invalidated by small observed correlations between its
indicators. Below, these arguments will be used to justify the
approximate cross-national comparability of AND scores.

Are ANDs a Formative Construct?
Most scholars agree that the most important distinction between
reflective and formative measurement models is that in the
former constructs are causes of indicators, while in the latter
indicators are causes of constructs (e.g., Jarvis et al., 2003;
MacKenzie et al., 2005; Diamantopoulos et al., 2008; Bollen
and Diamantopoulos, 2017). Still, it is unclear whether 1)
being reflective or formative is an intrinsic property of a
construct which ultimately determines the choice of
measurement strategy, or 2) “constructs exist apart from their
measurement” and therefore are neither reflective nor formative

TABLE 4 | Correlations of generated and estimated factor means across 60 groups.

Obs. per
group

Estimates vs. population values Average estimates vs. population
values

Converg. issues

Latent means Latent variances Latent means Latent variances

Corr. (SD) MSE (SD) Corr. (SD) MSE (SD) Corr./MSE Corr./MSE

500 0.98 (0.01) 0.09 (0.03) 0.53 (0.36) 2.83 (12.81) 1.00/0.05 −0.09/2.09 None
1,000 0.99 (0.00) 0.06 (0.02) 0.69 (0.30) 0.49 (2.03) 1.00/0.02 0.37/0.39 None
1,500 0.99 (0.00) 0.05 (0.02) 0.79 (0.23) 0.23 (1.06) 1.00/0.01 0.79/0.15 None
2,000 0.99 (0.00) 0.04 (0.01) 0.82 (0.2) 0.20 (0.8) 1.00/0.1 0.84/0.13 Multiple

Note: the parameter estimates from the fixed alignment MGCFA model for 60 WVS-6 countries were used to generate population values for this simulation study. Corr. � Pearson’s
correlation coefficient. MSE � Mean Squared Error. SD � Standard Deviation.

22W and I use the terms “combinatorial” and “dimensional,” instead of “formative”
and “reflective,” respectively, but I prefer, in order to avoid confusion, to use the
latter terms, which are conventions in the measurement literature.

23Whether this particular argument works for ANDs or not is unclear. It is possible
to quantify the amount of total variation of a variable that is due to the influence of
various country-level factors using a measure known as the Intraclass Correlation
Coefficient, or ICC. Item-specific ICCs for the AND items are 0.184 (v132), 0.159
(v135), and 0.180 (v138), and the ICC for the total score (computed as the
arithmetic average over the three items) is 0.248. This suggests that up to a
quarter of the total variance in ANDs comes from the differences between
countries. This is about twice as large the same quantity for LNDs (for the
LND items ICCs are 0.076 (v133), 0.064 (v136), and 0.095 (v139), and for the
overall score the ICC is 0.095), but not as high in absolute terms, because the
remaining 75% of the total variance is due to individual differences. In addition, the
AND items ask respondents about their own beliefs about democracy, not about
what most people in their country think about the importance of various features
for democracy, while it is sometimes recommended that item referents should
focus on the cluster, not the individual, to measure cluster-level constructs properly
(Fischer, 2009; Stapleton et al., 2016). At the same time, as W and I claim, referring
to Alwin (2007), 50 percent andmore of the variance in individual-level survey data
may be random noise. Thus, the actual ratio of the aggregate-level variance to the
meaningful individual-level variance in ANDs may be somewhat smaller than the
ICC-based estimate of one third. Overall, ANDs (even more so LNDs) are not an
exclusively country-level construct, but their between-country variation is, of
course, not trivial.
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on their own, so the choice of an appropriate measurement
approach is mostly driven by conceptual and empirical
considerations relevant for a particular application (e.g.,
Wilcox et al., 2008, 1,220; Treiblmaier et al., 2011, 3).

The literature on formative measurement offers several
guidelines for deciding on whether a particular construct is a
reflective or formative one. Again, perhaps the most important
criterion is what is the direction of causality in the measurement
model: from construct to indicators or from indicators to
construct. Some related considerations also deserve attention
in this respect: 1) whether the construct exists at the same
level (and so is a formative one) or at a deeper level (and so is
a reflective one) of abstraction than its indicators (Law et al., 1998,

742–743) and 2) whether the construct exists independently of its
indicators (reflective) or it is formed by its indicators (formative)
(Coltman et al., 2008, 1,252). Other helpful24 criteria include the
expected strength of pairwise correlations between the indicators
of a construct, the degree of interchangeability among the
indicators, and the structure of the nomological net of the
indicators (Jarvis et al., 2003; Coltman et al., 2008). It is
expected that the indicators of a reflective construct should be
highly correlated with each other and therefore be

FIGURE 2 | Latent means on LDNs from alignment optimization vs. latent means on LNDs obtained with other approaches. Notes: Data are from WVS round six
(N � 89,565, 60 countries). All correlations are Spearman’s ⍴s. Rawmeans � the unweighted average scores over three LND items (Panel A). Partial MI � the latent mean
estimates from the partial metric + scalar model (loadings and intercepts of “Equality” freely estimated;Panel B). AMI 0.1 � the latent means from the Bayesian AMImodel
with prior variance of between-group differences inmeasurement parameters of 0.1 (Panel C). AMI 0.05 � the latent means from the Bayesian AMImodel with prior
variance of between-group differences in measurement parameters of 0.05 (Panel D).

24Although, as Wilcox et al. (2008) and Bollen and Diamantopoulos (2017) note,
neither necessary nor sufficient.
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interchangeable to a large extent, as well as have the same
antecedents and consequences. In their turn, formative
indicators need not (yet they may) be strongly interrelated, are
not generally interchangeable (each covers a conceptually distinct
part of the overall domain of a construct), and may have different
antecedents or effects. Finally, in terms of statistical modeling,
reflective indicators can be best understood as latent factors that
manifest themselves in the variances and covariances of their
indicators, while formative constructs are linear functions (or
even composites) of their indicators (Bollen, 2011).

According to these criteria, it seems that LNDs likely do qualify as a
reflective construct but ANDs do not. On one hand, democracy itself
is nothing but a type of political regime that is characterized by the
presence, or absence, of some constitutive features.25 Hence, the
formative, or combinatorial, approach to the measurement of
individual perceptions of the concept may be appealing. On the
other hand, it is intuitively clear that it is a latent understanding of
democracy that determines individual responses to the respective
WVS questions, not the other way around. Furthermore, to be
qualified as having a correct understanding of what democracy is,
according to a particular operational definition of the term (like the
one behind LNDs), a respondent needs to correctly recognize all
features implied by that definition as essential for democratic regimes.
If this reasoning is correct one should expect high correlations
between different LND items and also some degree of
interchangeability between them. It is true that some people may
believe that free elections are essential for democracy but civic rights or
gender equality is not, but this seems to be a largely theoretical
possibility. Indeed, we already saw the LND items correlate with each
other quite strongly both at the individual level and at the country level
(see also Table 1 in K and W). Moreover, these correlations are
remarkably similar across different countries. Thus, both theoretical
considerations and empirical tests point to LNDs as a primarily
reflective construct.

Consider now ANDs. If one misunderstands democracy in one
way, it does not imply that the same person should share other
misconceptions of the term as well. A highly religious individual may
believe that religious authorities (but not the military) should play an
important role in governing her country, while another individual,
nonreligious andwith amilitary background,may have a similar belief
but about the primary role of the army (and not religious authorities).
Of course, it is hard to say who of the twomisunderstands democracy
to a larger degree, but it is intuitively clear 1) that both have some
difficulties with recognizing the meaning attributed to the term
“democracy” by most political scientists and 2) that both are likely
to misunderstand the term to a lesser extent than a third person who
believes that giving political power to both religious leaders and high-
rankmilitary officers is essential for democracy. Furthermore, 3) what
individualmisunderstandings of democracy indeed reflect is not some
kind of general latent misunderstanding, but rather individual social
backgrounds This logic generalizes also to the aggregate level: there is

nothing particularly striking in observing a high prevalence of the
theocratic misunderstanding of democracy in a highly religious
society. This nevertheless does not imply that it is mandatory for
that society to have a high score also on the militarist
misunderstanding.26

This hypothetical and highly stylized example makes it obvious
that various indicatorsmeasuring the degree ofmisunderstanding of a
normative, abstract construct should be treated as additive, not
interchangeable. In other words, it is theoretically unjustified to
require strong intercorrelations and, thus, interchangeability,
between different indicators used to measure ANDs. Moreover,
this measure does not even require equivalent indicator weights
across countries, which is sometimes referred to as one of the
important MI conditions for formative constructs
(Diamantopoulos and Papadopoulos, 2010; Henseler et al., 2016).
The immediate implication of this conclusion is that it would be
inappropriate to use correlation-based SEM methods to assess cross-
national comparability of thismeasure in particular andmeasurement
validity in general. Still, as (Edwards and Bagozzi, 2000, p. 171) note
that “It is bad practice to (. . .) claim that one’smeasures are formative,
and do nothingmore.”What one could do to prove validity of ANDs?
Here another key point raised byW and I comes into play: if internal
validity of a measure (which reflects the strength of correlations
between the construct and its indicators) cannot be assessed or is not
applicable at all, then themeasure should demonstrate strong external
linkages with other theoretically relevant variables to be considered
meaningful.

Exploring the Nomological Nets of the AND
Items
K and W provided impressive evidence of strong individual- and
aggregate-level correlations between ANDs and their theoretical
antecedents. The analysis below extends their results and shows
that 1) the cross-national differences in means of specific AND
items are best explained by different, item-specific historical
legacies (although the effects of different legacies overlap to a large
extent across AND items) and that 2) the signal-to-noise ratio for
ANDs is sufficiently high to consider this measure as invalid or
incomparable, at least at the country level. For the sake of brevity, and
also because it is the comparability of aggregated scores that
constitutes the central theme both in the mainstream MI literature
and in the Welzel-Inglehart alternative approach to the matter, in
what follows, the focus is exclusively on the aggregate-level
nomological nets of ANDs.

As an aggregate-level quantity, ANDs are likely to reflect the
impact of various national-specific historical legacies on nowadays
political cultures of WVS societies. Recall also that since ANDs are
likely to be a formative measure, its indicators may have different
antecedents. For example, it is natural to hypothesize that people in

25Of course, various authors may argue for different features to be important, but
those three selected by K and W to measure LNDs would not likely be challenged
by most mainstream political scientists. See Held (2006) for the overview of major
theories of democracy.

26Even in the reflective paradigm, it is sometimes acknowledged that different
indicators may be used to measure culture-specific components of the same
concept in different contexts, provided that there is also a set of “core”
indicators invariantly used in all groups under comparison (Przeworski and
Teune 1966; Boehnke et al., 2014).
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more religious countries may be more supportive of various kinds of
theocratic rule, while people in more violent countries may be more
supportive ofmilitary rule.27,28 To test these predictions, twomeasures
of religiosity, the share of self-reported Muslims in the national
population,29 according to WVS-6, and the average level of
religiosity in the country, are used.30 In addition, what K and W
call the repression score is used to approximate the level of political
violence and repression in the country is used.31

Then, K and W argue that ANDs can be meaningfully
predicted by the level of societal modernization, reflected in
the prevalence of emancipative values (Welzel, 2013).
However, it is preferable to measure emancipative values using
only one specific component of that construct, the “Choice”
index,32 which was shown to be relatively invariant across
WVS-6 countries (Sokolov, 2018). The LND score is also
added as a potential predictor of nation-level ANDs.

Importantly, to ensure the validity of ANDs the correlations of
AND items with their theoretical antecedents should be stronger than
their correlationswith various indicators ofmeasurement error. If they
are not, itmeans that the share ofmeasurement noise in these scores is
likely larger than the “signal,” or imprints of systematic culture-level
processes relating ANDs and other structural variables. The study
follows K andW and uses four distinct proxies of typical instances of
survey measurement errors, measuring per country the proportion of
1) missing responses,33 2) contradictory responses,34 3) affirmative
responses,35 and 4) duplicate responses.36 For a detailed description of

all variables used in this section, please see the original K andWpaper
and the online appendix to it.

The correlations between country mean scores on
“Religion” and “Army” on one hand and various
substantive aggregate-level variables, as well as proxies for
country-level measurement error, on the other hand, are
shown in Table 5. The key observations are 1) the
strongest correlation for “Religion” is with the average
religiosity, while for “Army” it is with the repression score;
2) the correlations of both items with theoretically relevant
variables are generally stronger than their correlations with
measurement error indicators; 3) among measurement error
indicators only two, the proportion of contradictory
responses and the affirmation rate, are significantly related
to AND items. These findings suggest that the cross-national
variation in the means of two AND items reflects substantive
macro-level processes to a larger extent than measurement
error. They also show that the nomological nets of different
items are not perfectly identical, thus justifying their
amalgamation into a single summary score.37

Regression-based evidence presented in Table 6 further
confirms conclusions from correlational analyses. The first
two models in Table 6 show the effects of various substantive
and data quality variables (same as presented in Table 5) on
the national means of “Religion” and “Army.” As expected,
the mean on “Religion” is best predicted by the average
religiosity (std. β � 0.63). The effect of another religious
variable, the share of the Muslim population, is also
statistically significant, but weaker (std. β � 0.28). The only
two other significant variables are the repression score (std.
β � 0.51) and the rate of affirmative responses (std. β � 0.30).
As to “Army,” the only significant effect is that of the level of
repression (std. β � 0.71). The third model in Table 6 shows
the effects of the same variables on the total country-level
AND score. The fourth model does the same but uses only
significant predictors from Model 3, which are, quite

TABLE 5 | Correlations between national means of two AND items and their
various expected antecedents.

Religion Army

Share of Muslims 0.53 0.31
Average religiosity 0.74 0.56
Repression score 0.69 0.80
Choice score −0.63 −0.69
LND score −0.50 −0.39
Missing responses 0.10 −0.09
Contradictory responses 0.33 0.49
Affirmative responses 0.52 0.46
Duplicate responses 0.19 0.24

Notes: all correlations are Pearson’s rho. Those in italic are not statistically significant (at
the standard 0.05 level). The correlation between “Religion” and “Army” is 0.77.

27Either because they tend to associate it with a higher level of order and stability in
society, or because of some sort of institutional learning, or because of simply
falsifying their preferences to adjust what they tell to interviewers with what they
expect authorities would like them to tell.
28In this section I focus on two particular AND items, “Religion” and “Army.”
“Obedience” is not considered, as the results reported above suggest that this item
may be a poor measure of ANDs.
29It is measured by the following WVS-6 question (V144): “Do you belong to a
religion or religious denomination? If yes, which one.”
30This variable is based on WVS round-six questions V19, V145, and V152. For
more details on its construction, see Online appendix to K and W, pp. 16–17.
31It is a standardized factor score from an EFA model with three indicators: (a)
Gibney et al. (2016) “political terror score,” (b) Cingranelli and Richards’s index of
“physical integrity rights,” and (c) the Reporters sans Frontiers’ “press freedom
index.“
32This construct reflects how acceptable respondents find (a) divorce, (b) abortion,
and (c) homosexuality (V203-205 in the WVS-6 questionnaire).
33This is a dummy variable assigning interviewees code 1 when they did not
respond to at least two of the items used to calculate the AND-index and 0
otherwise.
34This is a dummy variable assigning interviewees code 1 when they answered two
questions on the importance of politics in one’s life and one’s political interest in
the most contradictory way, using WVS-6 questions V7 and V84.
35This is a continuous variable measuring the extent to which respondents tend to
take the most affirmative (agreeable) option on four questions about the
importance of science-vs.-religion (coded as V153-156 in the WVS-6
codebook), despite the fact that the polarity of these four questions points two
times in favor of science and another two times in favor of religion.
36Duplicate cases refer to respondents who give identical answers over a defined set
of variables. K andW identify duplicate cases over the first 65 substantive variables
in the country-pooled individual-level dataset of the round-six WVS. Duplicate
respondents are indicated by a dummy variable, using code 1 for duplicate
respondents and 0 for unique respondents.

37Collapsing different formative indicators into a single measure allow us to capture
nonoverlapping effects. This strengthens the link between the overall measure and
its predictors or effects, relative to the links between specific indicators and the
same predictors/effects.
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predictably, the average religiosity (std. β � 0.37), the
repression score (std. β � 0.56), and the average
“affirmativeness” (std. β � 0.26). Noticeably, the adjusted
R2 of Model 4, which excludes most data quality measures and
also some substantive variables, is essentially as high as the
adjusted R2 of Model 3. Again, it is clear that substantive
factors, the country-level religiosity and the level of
repression, play a much more important role in
determining national scores on ANDs,38 than
measurement error.

These findings clearly illustrate that ANDs are a
meaningful measure since it captures effectively the
relationships between historical legacies and national
political cultures (in terms of prevalent democratic
attitudes). One may nonetheless wonder why we need to
use ANDs in, say, models of democratic sustainability or
democratic transitions if this measure is just a reflection of
some aggregate-level influences. Why do we not use the

presumably exogenous driving forces behind ANDs as
explanatory factors in such models directly? The answer is
because ANDs, while indeed not being a truly exogenous
variable, still can be seen as an important mediating variable
that helps to advance our understanding of the macro-micro-
macro mechanism through which cultural and structural
factors affect political outcomes, and therefore is a
valuable measure on its own.

Further Considerations on Comparability of
Formative Measures
The results presented in the previous two sections suggest that
ANDs reflect some meaningful culture-level processes and
therefore it may be a useful attitudinal summary in
comparative political research. This does not mean that the
national scores on ANDs are a perfectly reliable measure of
cross-national differences in the respective construct. Since
these scores are computed (by K and W and in the current
study) as the average scores across three WVS items, they can be
seen as what Bollen and Diamantopoulos (2017) in their typology
of formative and composite models called Specification C: a
measurement model that involves conceptually related
indicators, uses fixed and equal indicator weights set in
advance, and does not take into account measurement error at

TABLE 6 | Regressions of ANDs on their substantive antecedents and data quality indicators.

Dependent variable

Religion Army AND

Share of Muslims 0.683** 0.086 0.498*
(0.309) (0.316) (0.262)

Average religiosity 3.190*** 0.537 1.723*** 1.903***

(0.703) (0.730) (0.595) (0.511)
Repression score 0.515*** 0.708*** 0.478*** 0.561***

(0.153) (0.158) (0.130) (0.098)
Choice score 0.149 −0.094 0.008

(0.127) (0.136) (0.108)
LND score −0.059 0.148 0.091

(0.220) (0.229) (0.186)
Missing responses 0.338 −0.204 0.652

(0.726) (1.090) (0.615)
Contradictory responses −1.961 4.386 1.450

(3.215) (3.286) (2.723)
Affirmative responses 0.195** 0.072 0.189*** 0.169***

(0.080) (0.083) (0.068) (0.060)
Duplicate responses 1.046 −1.233 0.695

(1.834) (1.906) (1.553)
Constant −3.037 1.029 −2.192 -0.666

(3.183) (3.256) (2.696) (1.504)

Observations 56 55 56 56
R2 0.754 0.699 0.771 0.730
Adjusted R2 0.706 0.639 0.726 0.715
Residual Std. Error 0.701 (df � 46) 0.716 (df � 45) 0.594 (df � 46) 0.606 (df � 52)
F Statistic 15.693*** (df � 9; 46) 11.614*** (df � 9; 45) 17.208*** (df � 9; 46) 46.960*** (df � 3; 52)

Notes: Entries are unstandardizedOLS estimates with standard errors in parentheses. The only VIF exceeding three in the first threemodels is that of the “Choice” index (ranges from 4.4 to
4.7). *p < 0.05, **p < 0.01, ***p < 0.001.

38At the same time, my results differ from the results of K andW in that I fail to find
any systematic effect of emancipative values on ANDs. This is likely due to the
differences in operationalizations of values between this study and K and W, but
since it does not matter much for my general argument for comparative validity of
ANDs, I do not discuss this finding further.
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either the indicator or the construct level.39 In addition, obviously
not all possible misunderstandings are covered by the WVS
collection of indicators of ANDs.

Therefore, the resulting measure of ANDs is unavoidably
noisy and contaminated with multiple measurement artifacts.
Importantly, even if one uses ANDs as a country-level variable,
the respective national mean scores are still computed using
individual responses, and the latter, in turn, may be affected
by various random factors that may cause observed personal
scores on each indicator to be different from the true opinions
that a respondent holds with respect to one or another AND.
These errors may be person-specific, such as response style
(related to unmeasured personality traits), or emotional
condition at the time of interview (produced by a unique
constellation of various environmental effects). Such influences
are typically distributed randomly so they are not so dangerous
for the validity of population-level estimates, such as mean scores
or various covariance coefficients since they mostly cancel each
other out in the aggregate (Welzel and Inglehart 2016). However,
systematic, society-level errors are also possible, which may
significantly bias the estimated country mean scores compared
to the unobserved true scores: data collection errors (e.g.,
incorrect translation of a survey item, using an
unrepresentative sample for a given country, etc.; see Davidov
et al., 2014). The latter type of error poses the most important
danger to the measurement validity of ANDs as a comparative
measure.

Fortunately, the presence of country-level bias is often not
critical, either. First, if the country-specific biases do not correlate
systematically with either true national scores on the measured
construct or its hypothesized causes or effects, or both, then the
imperfect measurement leads to the underestimation of the
structural coefficients involving the construct of interest
(because the bias increases the variance of the measured score,

compared to the variance of the true score: Carroll et al., 2006,
42–43; Greenwood, 2012, 39). This can hardly undermine the
validity of statistically significant aggregate-level relationships. If
the country-level measurement error correlates systematically
with the true construct scores or their antecedents of
consequences, this may influence structural coefficients in a
more sophisticated way. But even in this case researchers can
construct some proxies for country-level measurement biases and
use them as control variables in country-level inferential analyses
or apply various methods of direct modeling of measurement
error. An extensive review of available options can be found in
Carroll et al. (2006).

Of course, due to the aforementioned shortcomings, both
individual and aggregate scores obtained in a similar fashion
to ANDs may be less reliable than model-based scores. Yet, the
ultimate decision whether such scores are useful and valid should
be made with respect to the scientific goal of a particular study. If
it is to obtain the highest numerical precision possible with
respect to the key quantities of interest (that is, to obtain, at
first, unbiased estimates of individual and mean scores, and then
individual- and/or country-level regression coefficients, based on
those scores as inputs), then such measures as ANDs are
undoubtedly problematic since using them we should make a
lot of assumptions that are very hard to justify. If, however, the
goal is to uncover theoretically and practically important
relationships between some political variables (that is, detect
correct estimates of the direction of respective effects), then
even such imperfect measures as ANDs may be useful.

Many applied researchers interpret measurement invariance
(or its absence) as evidence in favor (or against) the claim that
people in different countries understand some construct of
interest in the same way. It is much less acknowledged,
however, that the current machinery of measurement
invariance testing using latent variable models concentrates
primarily on establishing equivalence of numeric estimates of
latent scores in different countries. This is not the same as
establishing cognitive or substantive equivalence. First, even
achieving full scalar invariance may be insufficient to prove
cognitively equivalent understanding of a construct by
respondents from different countries, and therefore numeric
tests should be complemented by further qualitative checks,
such as cognitive interviews (Meitinger, 2017). Second, the
lack of MI does not necessarily imply the lack of cognitive
equivalence: it is essentially this intuition that drives the
development of various novel approximate approaches to
invariance testing and also sensitivity-assessment methods
(Meuleman, 2012; Obersky, 2014). Numerical inequivalence is
annoying since it prevents us from obtaining precise statistical
estimates of various interesting effects. Yet, it is the strictest level
of (broadly understood) measurement invariance. Sometimes
even imperfect measures may provide insightful results if our
key interest is not numbers but effect directions.

Final Remarks
This article sought to provide a comprehensive, but at the same
time accessible to non-statisticians, guide to the assessment of the
comparability of survey-based attitudinal constructs. First, the

39In theory, it is possible to estimate indicators’ weights and construct-level
measurement error for formative measures empirically, using a so-called
multiple-indicator multiple-cause (MIMIC) modeling approach, where some
(typically two or more) reflective indicators, or endogenous reflective factors,
are added to the model as effects of the formative construct (Jarvis et al., 2003;
Bollen and Diamantopoulos, 2017). However, this mixed formative-reflective
operationalization of the construct of interest may often be theoretically
implausible. Furthermore, the resulting estimates, and therefore the overall
empirical interpretation of the focal formative measure, may be sensitive to the
choice of the reflective indicators (this phenomenon is often referred to as
interpretational confounding: e.g., Wilcox et al., 2008). Exactly for this reason
the reflective model parameters are required to be at least metric invariant in
comparative contexts (Diamantopoulos and Papadopoulos, 2010, p. 363). Overall,
it is often difficult to find appropriate reflective indicators of formative constructs
in practice. For example, an attempt was made to estimate a MIMIC model of
ANDs by using twoWVS items, measuring (a) how important it is for a respondent
to live in a democratic country and (b) how democratically is a respondent’s
country actually being governed, as reflective indicators of ANDs. The global
model fit turned out to not be miserable, at least, in the pooledWVS-6 sample: χ2 �
359.202 (df � 1, p � 0.000), CFI � 0.932, TLI � 0.526, RMSEA � 0.067
(0.062–0.073), SRMR � 0.018. Nevertheless, the loadings of the two reflective
indicators were extremely small (−0.13 and −0.05, respectively), thus suggesting
that those two variables, despite their perceived conceptual closeness to ANDs,
were in fact poor auxiliary measures of that construct.
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basics of the so-called measurement invariance approach to
comparability, using the multiple-group confirmatory factor
analytic framework, are introduced. Then, the study presented
an overview of two flexible extensions of the standard MGCFA
approach to MI, especially suitable for applications to large, and
highly heterogeneous, cross-national datasets (such as the
European Social Survey or the World Values Survey), namely,
the Bayesian approximate MI and the alignment optimization
approach. Next, the central MI concepts and methods are
illustrated alongside the main substantive and technical issues
arising in their practical applications by using the aforementioned
approaches to examine measurement invariance of two recently
introduced measures of democratic attitudes, the liberal and the
authoritarian notions of democracy.

With respect to LNDs, one can obtain cross-nationally
comparable latent scores on that measure using the MGCFA
alignment optimization method. This is an important result from
the methodological point of view since it illustrates that novel
methods of invariance testing, more flexible than the standard
MGCFA approach, may be extremely useful for political scientists
searching for cross-nationally comparable measures of theoretically
interesting attitudinal constructs. Establishing the cross-national
comparability of LNDs is no doubt important in substantive
terms as well, although the discussion of its theoretical
implications goes beyond the scope of the current article.

The ANDs, while not fitting even the basic requirement of
configural invariance, could still be considered a meaningful
comparative measure of democratic attitudes for three reasons:
1) it does not require, conceptually, strong intercorrelations of its
indicators, therefore its validity cannot be accurately assessed
using MGCFA-based tools; 2) it nevertheless demonstrates high
and theoretically consistent correlations with some structural and
attitudinal variables, especially at the aggregate level; 3) the
contribution of measurement error to the cross-national
variation in ANDs is not as large (at least compared to
various substantive factors) and can be, to some extent,
controlled by researchers.

A distinct, and perhaps more important, contribution of this study
related to ANDs is that it clearly showcases that not all theoretically
relevant constructs can be operationalized using the reflective
measurement approach (which underlies essentially all modern
comparability testing methods, from MGCFA, the by far most
popular one, to IRT, to LCA). The study also briefly discussed
what can be used as comparability criteria for formative measures,
advancing the argument that their comparability can be anchored in
their nomological nets. Yet, it is obvious that comparative researchers

urgently need much more general and comprehensive guidelines for
the assessment of measurement invariance of survey-based attitudinal
variables. Perhaps two key avenues for further research in this regard
are 1) further development of decision criteria for approximate MI
methods (i.e., Bayesian AMI and alignment optimizations) and 2)
deeper, full-scale examination of the measurement properties of
formative constructs in comparative settings.
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