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ABSTRACT

Values have become central to the study of social and psychological processes across cultures and across time. To date, there has

been no conclusive analysis of the cross-cultural and cross-temporal comparability of values in Europe. We conduct invariance
tests of the Portrait Values Questionnaire collected as part of the European Social Survey (ESS, k = 261 samples, N = 374,565) from
2002 to 2024. Using confirmatory factor analysis, we found that the theoretical value model fits the overall data. Ignoring temporal

information, covariances and mean value patterns can be compared across countries. Testing separate country samples collected

in specific rounds, we found evidence that sample-specific results may not be comparable. Considering cross-temporal invariance,

only 17 out of 35 countries with multiple participation in the ESS showed metric invariance. We observed patterns of deteriorating

model fit and changes in the basic value structure over time.

1 | Introduction

Values are expressed goals of importance for individuals and
communities and are a cornerstone of public and cultural life.
Not surprisingly, researchers have long focused on values when
trying to study similarities and differences within and across
societies (Hofstede 1980; Inglehart 1997; Parsons and Shils 1951).
The most widely used contemporary theory of human values
was proposed by Schwartz (1992). A measure based on this
theory has been included in the European Social Survey (ESS)
(Schwartz et al. 2015), which has been running since 2002.
Drawing nationally representative samples on a bi-annual basis,
this offers unprecedented insights into the value priorities of

populations. In order to compare insights from these data across
either countries or time, it is important to test whether the mea-
surement properties are comparable across samples and across
time. The question of comparability of data is a cornerstone of
science and carries implications for any inferences about the data
(Leitgob et al. 2023; Vandenberg and Lance 2000). Comparability
is often tested via statistical invariance, with different levels of
invariance carrying implications for the interpretation of any
differences in correlations and means. The previous research
has examined cross-cultural comparability of values in earlier
rounds of the ESS (Bilsky et al. 2011; Cieciuch et al. 2018; Davidov
et al. 2008, 2018), but to the best of our knowledge, there is no
study that systematically examines both the cross-cultural and
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cross-temporal invariance of the value measures using the full
data set.

Therefore, our primary aim is to provide reference parameters on
the cross-cultural and cross-temporal invariance of the 21-item
version of the Portrait Value Questionnaire over rounds 1-11 in
the ESS, effectively spanning the period from 2002 to 2024. We
use multi-group confirmatory factor analysis (MG-CFA), which
is the most widely used tool for invariance tests (Leitgob et al.
2023). To guide researchers on what comparisons may be possible,
we provide information on the fit of the value theory slicing the
data in various different ways: (a) a CFA model fit to the overall
ESS data set (ignoring all cultural and temporal information),
(b) a cross-cultural invariance test comparing all countries with
each other (ignoring time and pooling data across all rounds),
(c) testing the fit of the theory to the data via a separate CFA
model for each individual country sample in each round as
well as constraining the loadings of items on the latent factors
according to different empirical solutions (see the method section
for details) and (d) importantly, a cross-temporal invariance test
across all rounds available within each country. This information
is essential for interpreting findings from value research across
countries, for specific rounds and across time when using the
ESS. The data will be useful for researchers when evaluating
with which level of confidence what kind of comparisons can
be made with these data. To contextualize the importance of the
measure and the associated data set, the proposal for this version
of the value survey (Schwartz 2003) has been cited more than 1475
times (November 2024), and the original instrument (Schwartz
et al. 2001) has been cited more than 3500 times (metrics from
Google Scholar). The widespread usage of this instrument and
data set makes it important to provide some guidance on the
interpretability of the scores across countries and across time.

We would like to emphasize that we consider assessments of
invariance as an important part of any empirical work, with
invariance metrics providing essential information about the
theory as well as temporal and cultural dynamics (Fischer et al.
2021, 2023; Fischer and Rudnev 2024). Even if measures were to
show adequate levels of invariance or if measures fail to meet
commonly accepted levels of invariance for a specific invariance
comparison threshold, variability in fit estimates can be highly
informative (Fischer and Karl 2023; Karl and Fischer 2022),
because an invariance test constitutes a test of a causal model
(Sterner et al. 2024). To provide some guidance for further explo-
ration, we provide preliminary evidence of systematic variability
in fit indices across the eleven rounds of the ESS using time and
mean survey responses as predictors.

In the following, we present the Schwartz value theory, provide a
brief overview of the invariance paradigm and the methods that
we are employing, and review previous explorations of invariance
with values in the ESS.

1.1 | The Schwartz Value Theory and Portrait
Value Questionnaire

In his influential work, Schwartz (1992) outlined 10 individual-
level value types, each organized within a circular framework
to reflect their relationships. These values are thought to be
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FIGURE 1 | Schematic representation of the Schwartz Value Struc-
ture.

organized in a quasi-circle. Moving around the circle, power
(PO) values focus on social status, prestige and exerting control
over others and resources; achievement (AC) values emphasize
personal success by demonstrating competence in accordance
with social standards; hedonism (HE) values focus on the pursuit
of pleasure and personal gratification; stimulation (ST) values
involve seeking excitement, novelty and challenge in life; self-
direction (SD) values reflect a preference for independence in
thought and action, with a drive to choose, create and explore;
universalism (UN) values emphasize a commitment to under-
standing, appreciating and protecting all people and nature;
benevolence (BE) values prioritize preserving and enhancing
the well-being of those in close, personal relationships; tradi-
tion (TR) values reflect respect, commitment and acceptance
of cultural and religious customs and beliefs; conformity (CO)
values restrain actions and impulses that might disrupt or harm
others and maintain social expectations; and security (SE) values
focus on ensuring safety, harmony and stability within society,
relationships and oneself. The circular structure is organized
along two primary axes (Schwartz and Cieciuch 2022).

The first axis, labelled openness to change versus conservation,
contrasts values such as stimulation and self-direction (open-
ness) with tradition, conformity and security (conservatism),
emphasizing the pursuit of one’s own impulses and inclinations
over concern for the concerns of others and the preservation
of the traditional order. The second dimension is labelled self-
enhancement versus self-transcendence and separates power and
achievement (self-enhancement) from benevolence and univer-
salism (self-transcendence). Thus, this axis contrasts a motivation
to put the interests of others ahead of personal interests with a
motivation to get ahead of others. The motivation associated with
hedonism values is consistent with both openness to change and
self-enhancement, but empirically it is more closely associated
with openness to change (Schwartz and Boehnke 2004). The
circular structure (see Figure 1) highlights the compatible and
conflicting nature of the values within this arrangement, with val-
ues that share a motivational concern placed closer together and
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values that are motivationally independent placed orthogonally
to each other (Schwartz 1992).

Schwartz and Bilsky (1987) suggested that these 10 values and
their organization respond to three universal human needs:
biological needs, requirements for interpersonal coordination
and social demands for group welfare and smooth functioning.
The theory has been proposed and supported by survey research
conducted on all inhabited continents (Schwartz 2006; Schwartz
et al. 2012), and there is also emerging evidence that the same
value conflicts and compatibilities can be identified in reaction
time experiments, studies of neural activation and mental repre-
sentations (Brosch et al. 2018; Coelho et al. 2019; Leszkowicz et al.
2017, 2021; Teed et al. 2020).

A number of different instruments have been developed over the
years that measure values in-line with this descriptive theory. The
Portrait Value Questionnaire has become the most widely used
measure (Schwartz et al. 2001), and a short version containing 21
items has been included in the ESS since its inception (Schwartz
2003; Schwartz et al. 2015). It presents short scenarios that
describe individuals and their actions and then asks respondents
to indicate how similar or dissimilar these fictitious individuals
are to them (see Table 1).

Overall, this descriptive theory provides a promising starting
point for comparing individuals’ motivations across societies and
over time. There has been a significant investment in resources
and efforts in collecting data from human populations since the
emergence of the full theory in 1992, with different instruments
inspired by the theory being implemented in a number of large-
scale surveys (Bilsky et al. 2011; Davidov et al. 2008; Welzel 2010).
In order to interpret these data sets across populations and across
time, it is, however, first necessary to examine the comparability
of the data (Poortinga 1989; van de Vijver and Leung 2000,
2021). If the measurement of this theoretical structure were
found to be fully invariant, we would be able to track changes
in values and relate them to a variety of theoretical processes,
including differences in social organization and economic or
cultural cycles. In the presence of some level of non-invariance or
non-comparability, greater caution is required because additional
processes may be at play that influence how value results can
be interpreted. In the next section, we describe the main levels
of invariance that have been discussed in the literature and the
inferences that are permitted at each level of invariance.

1.2 | Measurement Invariance

Invariance testing helps determine whether a measurement tool
(such as a survey or test) functions similarly across different
groups. Research typically discusses three main levels of invari-
ance, although additional levels can be identified (Boer et al.
2018; Fischer and Karl 2019; Fontaine 2005; Leitgdb et al. 2023;
Meredith 1993; van de Vijver and Leung 2021; Vandenberg and
Lance 2000).

There are two distinct traditions that have led to essentially
analogous classifications of comparability. First, Poortinga (1989)
and Van De Vijver and Poortinga (1982) developed a hierarchy of
measurement equivalence based on an analysis of sources of bias

in measurement and linking comparability concerns to classical
scaling types (Stevens 1946). Measurement equivalence in this
perspective examines a researcher’s confidence in interpreting
the numerical values of theoretical concepts represented by
specific indicators in different measurement situations. It is
concerned with assessing whether, for example, a score of 3 on
a scale of 1-6 on a particular value item is comparable across
groups or over time in its expression of the underlying value

type.

Central to this discussion of equivalence is scaling theory (Stevens
1946), which defines measurement scales by the transformations
each scale permits (e.g., nominal, ordinal, interval and ratio
scales). Functional equivalence, in its broadest form, is concerned
with the quality of a construct and whether or not it can be
considered present in a given cultural context. This maps most
directly onto nominal scales, which represent a binary qualitative
classification (e.g., quality present or absent). Applying this
argument to values research, we could ask whether or not
a particular value is cognitively available to individuals in a
particular community to guide decisions. No decisions can be
made about the overall levels of the value, only its presence or
absence in different cultural groups or across time. For example,
some authors have argued that the value of equality only emerged
as a guiding human concern during the Enlightenment (Graeber
and Wengrow 2021). Structural equivalence assesses whether
the same observed variables can measure a construct similarly
across groups. Thus, it is about the specific value instantiation
and whether the same stimuli allow ranking of individuals
with respect to the intended construct. This maps onto ordinal
scales that allow ranking of individuals but do not assume
equal intervals between points. One classic example of potential
structural non-equivalence is freedom, which may imply different
notions of freedom: a negative form that implies freedom from
oppression or constraints and a positive form of freedom to say
or express whatever a person wants without being constrained or
controlled (Berlin 2000).

Metric equivalence is the next level up and is concerned with the
equidistance of measurement observations. It can therefore be
associated with interval scales, where numerical scores maintain
equal differences in the underlying construct across groups.
Thus, a 1-point difference in scores on a value inventory (e.g.,
for universalism values) can be meaningfully interpreted across
groups, implying an increased level of universalism in one group
compared to another. This level of equivalence allows compar-
isons of associations (correlations or regressions) or patterns of
means, but not absolute scores. Mean comparisons in terms of
the implied theoretical variable are only permissible when full
score or scalar equivalence is established. Here, a ratio scale
is implied that has an absolute zero point and preserves ratio
equivalence between any two observations. At the level of full
score equivalence, scores across groups reflect true construct
levels, and therefore, means can be directly interpreted with
confidence as expressing the underlying level of theoretical value
orientation. This discussion of equivalence based on scale types
does not imply or require statistical methods such as multi-group
CFA or IRT models. Instead, it is concerned with what individual
observations reveal about the theoretical concept measured by
an item. This perspective emphasizes the precision of each
measurement in a data set.
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TABLE 1 | Overview of the value types, their definition and an example item in the European Social Survey (ESS).

Value type

Definition

Example item

Openness to change

Self-direction

Independence of choosing, creating and
exploring ideas and actions

It is important to her/him to make her/his own
decisions about what she/he does. She/he likes
to be free and not depend on others

Hedonism Pleasure and gratification of desires She/he seeks every chance she/he can to have
fun. It is important to her/him to do things that
give her/him pleasure
Stimulation Seeking excitement, novelty and challenges in She/he looks for adventures and likes to take
life risks. She/he wants to have an exciting life
Conservatism
Security Emphasizing safety, harmony and stability of It is important to her/him to live in secure
the self, relationships and society surroundings. She/he avoids anything that
might endanger her/his safety
Conformity Restraining actions and impulses that may It is important to her/him always to behave
upset or harm others and violate social norms properly. She/he wants to avoid doing anything
or expectations people would say is wrong
Tradition Emphasizing respect, commitment and Tradition is important to her/him. She/he tries
acceptance of traditional customs, ideas and to follow the customs handed down by her/his
culture religion or her/his family
Self-transcendence
Benevolence Concern with the wellbeing of people close to It is very important to her/him to help the
oneself people around her/him. She/he wants to care
for their well-being
Universalism Emphasis on tolerance, understanding and She/he thinks it is important that every person
protection of the wellbeing of all people and in the world should be treated equally. She/he
nature believes everyone should have equal
opportunities in life
Self-enhancement
Power Pursuit of social status and prestige, control It is important to her/him to be rich. She/he
and dominance over resources and people wants to have a lot of money and expensive
things
Achievement Demonstrating competence in-line with social It’s important to her/him to show her/his

standards and pursuit of personal success

abilities. She/he wants people to admire what
she/he does

At the operational level, a second invariance paradigm associ-
ated with latent variable modelling has become dominant in
psychology (Leitgob et al. 2023). This perspective implies similar
levels of comparability. The basic level typically considered in this
statistical paradigm is configural invariance, which corresponds
to structural equivalence according to Van de Vijver and Leung
(2021). It tests whether the same structural model holds for
each of the groups or measurement occasions. The concern is
that the direction of the item loadings (how much each item
measures the implied latent variable) is consistent, although the
strength of the loadings may vary across groups. This is generally
taken as the baseline model for all further comparisons. The
next level up is metric invariance, in which the relative factor
loading patterns are constrained to be identical across groups
or measurement occasions. This means that items discriminate
equally well between individuals with the same underlying trait
across groups. It is therefore operationally similar to metric

equivalence. Once metric invariance can be assumed, it is possible
to constrain the item intercepts to be equal across groups. If
this condition shows no deterioration in fit, this indicates scalar
invariance. At this level, it is possible to compare the mean
scores across groups, because it implies that any variation in the
observed means is caused by variation in the latent variable.

Although numerous latent variable methods exist for testing
invariance, MG-CFA is the most popular approach in the litera-
ture (Boer et al. 2018; Leitgob et al. 2023; Van Herk and Goldman
2022). Recently, the concept of partial invariance has gained
traction (Boer et al. 2018; Byrne et al. 1989; Leitgob et al. 2023).
Here, only a subset of parameters (such as some factor loadings
or item intercepts) is required to be invariant, whereas others
are allowed to vary. This approach allows for greater leniency in
how many parameters need to be invariant, and by loosening the
constraints on the model, the fit is improved.
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Despite its popularity, it poses some conceptual challenges.
In an MG-CFA, a key assumption is that the items are
interchangeable—that is, they represent a random selection from
a larger pool of items and are locally independent, that is, any
variation in item scores is due to the latent variable. However,
most measurement tools contain a limited number of items,
making it unlikely that they represent a truly random sample
from a large universe of possible indicators. In addition, the items
are often not conditionally independent of each other when the
latent variable is taken into account (Robitzsch and Liidtke 2023).
Given a limited item pool, removing even one or two items or
loosening parameter constraints can shift the meaning of the
construct itself (Singh 1995; Steenkamp and Baumgartner 1998;
Van Herk and Goldman 2022). This issue becomes even more
complex in multi-group comparisons, where different sets of
items may vary across groups (Robitzsch and Liidtke 2023). For
example, if the items used to compare the United Kingdom and
the United States differ from those used to compare the United
States and Spain, any conclusions about pairwise differences
are open to different interpretations. Therefore, Robitzsch and
Liidtke (2023) argued that interpreting a poorly fitting multi-
group factor model—where the parameters are consistent but do
not fit perfectly across groups—can sometimes be conceptually
clearer than interpreting a model that fits well but requires
different parameters for each group.

1.3 | Previous Work on Invariance of Values in the
ESS

Several studies have primarily examined the cross-country invari-
ance of specific rounds of the ESS. Bilsky et al. (2011) used the first
three rounds and theory-driven multidimensional scaling with
Procrustes rotation and identified two main dimensions in all 71
samples from 32 countries. The circular structure and the orga-
nization of the individual value types within the structure were
generally supported, but they also reported a clearer separation
of the main value types according to theoretical predictions in
countries with higher levels of economic development, education
and democratic participation.

In contrast, Davidov et al. (2008) analysed data from 20 countries
collected during the first round with MG-CFA. They report
acceptable levels of fit for configural and metric invariance
of a modified value model, which allows for comparison of
correlations of these modified values across the samples included
in the first round of the ESS. The modifications nevertheless
implied that the original theoretical structure was not empirically
supported. Further investigations comparing data from rounds
two and three suggested problems with some of the value types,
which needed to be merged and resulted in a four to seven value
type structure that could be identified in country samples instead
of the originally proposed 10-value type structure (Davidov 2008,
2010). Across these three waves, Davidov suggested that temporal
invariance could be achieved with the modified models, and
therefore, value change could be reliably investigated.

The most comprehensive test to date was reported by Cieciuch
et al. (2018), using data from 15 countries that participated in
the first six rounds. They focused on the four higher order
values (instead of the 10 value types) in an MG-CFA, using an

approximate measurement procedure within a Bayesian frame-
work (Inglehart 1997). In a Bayesian approximate measurement
approach, a distribution of fit parameters is assumed, and the
variance of the crucial parameters at each level of invariance
is assessed. They found approximate metric invariance for the
higher order values of openness to change and self-enhancement
in most rounds, but no scalar invariance. For conservation and
self-transcendence values, metric invariance was only observed
in small subsets of countries. These analyses therefore imply that
across the first six rounds of the ESS, only correlations and mean
patterns of some value types can be compared across countries.
Furthermore, value means cannot be compared across cultures
within rounds.

Across these different analysis methods and rounds, it appears
that at least two of the higher value groups can be reliably
compared across countries up to the first six rounds of the
ESS. There is limited information on the 10 value types across
countries and no information on their measurement stability
over the whole period of the ESS database. The data are widely
used, but it is not clear whether the value theory is applicable in
European contexts. Can we compare data over the full 11 rounds
covering representative samples within Europe and bordering
countries?

1.4 | Treating Invariance as Useful Information
on Data Quality

We conducted our analyses with the intention of providing
some basic information about the confidence with which value
data in the ESS data set can be interpreted. We do not suggest
that a lack of invariance using thresholds such as ours should
preclude further investigation. First, we used a rather liberal
threshold, which could be criticized as being too lenient. Second,
we strongly believe that invariance parameters provide important
information about the data that should be a greater focus of
research to determine whether systematic factors are at play.

To make some initial forays in this direction, we decided to
focus initially on two variables: time and response behaviour.
Temporal changes at the societal level (e.g., economic cycles,
political instability and shifts in the zeitgeist) can affect val-
ues and their conceptualization. The postmodernization thesis
(Inglehart 1997) argues that increased economic development
systematically shifts values towards those that emphasize the
well-being of others and the environment. Such shifts in mean
values have now been well demonstrated (Inglehart 2018; Welzel
2014). An underappreciated side effect of such effects may be how
individuals interpret values, that is, such economic shifts may
change the way values are perceived and cognitively organized
(Fontaine et al. 2008; van de Vijver and Poortinga 2002). Effects
consistent with this possibility have now been reported in a
number of studies (for a review of this line of research, see Fischer
2017).

Second, the response behaviour itself may also change over time
and affect model fit. A classic response behaviour is response
style. Both shifts in mean responses across all values, similar
to acquiescent response styles, and changes in overall stan-
dard deviations, implying greater differentiation of responses or
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narrower use of the response scale, as implied by extreme or
cautious response styles, can be distinguished (Cheung and
Rensvold 2000). Such behaviours do not necessarily imply bias
but may be indicative of substantive processes. For example, shifts
in response means may indicate an increased concern for main-
taining harmony (Smith 2004). Similarly, variability in response
standard deviations of values has been taken as an indicator of
cultural tightness versus looseness, that is, individuals are more
likely to restrict their behavioural options or freely express their
desires and wishes (Gelfand et al. 2011; Ikizer et al. 2024; Uz
2018, 201). Increasing value dispersion may also imply increasing
polarization in the political domain (Ollerenshaw 2023). We are
agnostic about the possible causal processes leading to change.
We are interested in whether changes in either the total value
means or the total standard deviation are associated with changes
in measurement fit.

Therefore, we use both time and response patterns across all
scores as a first indication of possible systematic effects that may
affect model fit and thus invariance parameters. We provide this
as a first case study, using the information from our invariance
tests to increase transparency and to highlight that invariance
information can have substantive meaning (Fischer et al. 2021,
2025; Fischer and Rudnev 2024; Sterner et al. 2024), challenging
recent calls to abandon invariance testing (Funder and Gardiner
2024; Welzel et al. 2023). We aim to demonstrate that invariance
information is valuable and can open doors for further theoretical
research.

1.5 | The Current Study

Our aim is to (a) provide a series of tests of the invariance
of the 10 value types measured by the ESS-21 across countries
for all currently available ESS rounds, (b) explore patterns of
mean differences over time and (c) provide some hypotheses for
further exploration of invariance patterns in the ESS. By bringing
together data from all rounds in a single set of analyses, our aim
is to inform interested users about caveats in the interpretation
of value patterns and to provide directions for more targeted
analyses. The overall results across ESS rounds and countries will
allow interested readers to assess whether and at what level value
results from individual rounds can be meaningfully interpreted
across rounds and countries. For example, if we find metric
invariance across time or across countries, correlations reported
in the previous research based on ESS data can be interpreted
with confidence. If we find a poor fit of the data when conducting
metric invariance tests, this would imply that results from studies
using data from different countries or rounds may not be directly
comparable with each other (Leitgob et al. 2023). Therefore, our
results will provide important background information on the
interpretability of published value research.

2 | Methods

We used data from the ESS database. It consists of strict prob-
ability samples of at least 1000 respondents from the general
population in each country aged 18 and over. The first survey was
conducted in 2002, and since then there have been eleven rounds,
conducted every 2 years. Not all countries are represented in all

Number of ESS Rounds per Country

Number of ESS rounds

—

EEE—

z
>

FIGURE 2 | Number of ESS rounds per country. ESS, European
Social Survey.

rounds. Figure 2 shows the representation of countries over time.
A total of 443,655 responses were available, and data for which the
value inventory was fielded were available from 408,398.

2.1 | Instruments

A 21-item version of the Portrait Value Questionnaire (Schwartz
etal. 2001, 2015) has been included as part of the ESS in each of the
rounds. It consists of short verbal portraits of individuals, gender-
matched to the respondent. Each statement describes a person’s
goals, aspirations or wishes, which are thought to encapsulate val-
ues relevant to one of the 10 value types. Respondents are asked to
indicate how similar the description of the person is to them, on a
scale from ‘not at all like me’ to ‘very much like me’. The inventory
includes two items per value type, except for universalism, which
has three value items. From rounds 1 to 7, the value questionnaire
was included in the supplement of the survey, which was
administered after the sociodemographic questions and rotating
modules. From round 8 onwards, it was included in the main
section. The module has been applied both in paper-and-pencil
and online versions. We do not separately test the invariance
across application modes, and the previous work has suggested
that this matters less (Davidov and Depner 2011). In round 11, the
treatment of missing and non-response data was changed.

Data for value responses were downloaded in csv format on
11 October, 2024 (European Social Survey European Research
Infrastructure [ESS ERIC], 2024). No power analysis was con-
ducted. All measures, manipulations and data exclusion criteria
are reported. We used all complete data (no missing information
on any question for each individual), leading to the removal of
33,833 responses.

2.2 | Analytical Approach

We used confirmatory factor analysis because this has become
the most common method for examining invariance (Boer et al.
2018; Leitgdb et al. 2023; Van Herk and Goldman 2022). We chose
this approach because it is the most widely used, researchers
will be familiar with this method, and the results can be easily
understood in the current research environment.

1176

European Journal of Social Psychology, 2025

35UB 17 SUOLIWIOD dAIREaID 3(gedidde ayy Aq pausenob afe s3pite YO ‘8sn Jo sajni Joj Aeld 1T auljuQ A3]IA\ UO (SUOIIPUOI-pUe-SWLIB)LIOD A8 | 1M Aze.q 1 BULUO//:SANY) SUORIPUOD pue S | 8U) 88S *[S202/2T/0E] uo Ariqiauluo AB[IM ' AlSIBAIUN PIOJUEIS - [ SUOY|Y Sauteyor A 60002 dsbB/z00T 0T/I0p/wod A 1M Aeld1puljuo//sdny wouj papeojumoq ‘2 ‘S20Z ‘2660660T



We tested the original theoretical model with 10 latent variables
representing each value type. There are two value items per latent
value type, except for universalism, which has three value items.
Each value item was allowed to load on their respective proposed
theoretical latent variable. We did not specify cross-loadings,
no uncorrelated bifactor was modelled, and we did not model
the latent variable structure (all covariances between the latent
variables were free). In other words, our tested model conforms
to the original 1992 theoretical basic human value model proposed
by Schwartz.

We used raw data for all our analyses. No weighting was applied.

All analyses were performed with lavaan 0.6-17 (Rosseel 2012) in
R (R Core Team 2021). We used maximum likelihood estimation
with robust (Huber-White) standard errors (MLR) and a scaled
test statistic that is (asymptotically) equal to the Yuan-Bentler
test statistic (Rosseel 2012). There has been some discussion about
whether it might be more appropriate to use ordinal estimation
methods. We initially explored solutions using weighted least
squares with robust standard errors (WLSMV) and diagonally
weighted least squares, which are appropriate for ordinal data.
The initial results were qualitatively similar, but the estimation
time was significantly longer. Because other studies (Davidov
et al. 2018; Lee and Soutar 2010) have previously reported similar
results using methods appropriate for ordinal and interval scale
types, we proceeded with MLR estimation. For identification
purposes, we always set the variance of the latent variable to 1.
We did explore whether results were different when setting a
factor loading to 1 for identification purposes. The results for the
overall multi-group invariance analysis for countries as well as a
simple simulation resulted in practically identical estimates. For
practical purposes, we do not believe that changing the setting of
model identification will result in qualitatively different results.

2.2.1 | Overall Model Fit in Total Sample

We first computed an overall model pooling all data from all
rounds and countries. This is used as a baseline model to examine
the overall fit of the data to the theoretical model. We used a
number of indicators to examine model fit. Strict fit indicators
such as y? are known to depend on sample size, which is an issue
for our sample. Therefore, we report the ¥* but do not elaborate
on the absolute value of this parameter. We consider MLR-based
robust versions of the Comparative Fit Index (CFI) (Bentler 1990),
robust versions of the Tucker-Lewis Index (TLI) (Bentler 1990;
Tucker and Lewis 1973), robust versions of the Root Mean Square
of Approximation (RMSEA) (Browne and Cudeck 1992), and the
Standardized Root Mean Residual (SRMR) (Bollen 1989). The
CFI assesses the relative improvement in model fit compared
to a baseline (usually the ‘null’ or ‘independence’ model, which
assumes no relationships between variables). The calculation is
based on the ¥* statistic, adjusted for model complexity, and is
scaled between 0 and 1, with higher values indicating better fit.
A CFI value of 0.90 or higher is typically considered reasonable,
and 0.95 or higher has been suggested as adequate fit (Hu and
Bentler 1999). The TLI (also known as the non-normed fit index,
NNFI (Bentler 1990) compares the fit of the target model to the
null model, adjusting for model complexity to prevent overfitting.
It has been shown to be more robust to sample size (Marsh et al.

1988). Values closer to 1 (usually >0.90) have historically been
considered to indicate adequate fit (Bentler and Bonett 1980).
The RMSEA measures the approximate error of the model per
degree of freedom, estimating how well the model would fit the
population covariance matrix if it were available. As with the
other indices, it is calculated from the y? statistic and adjusted
for sample size and complexity. As a general guideline, RMSEA
values below 0.05 or 0.06 indicate an appropriate fit, values up
to 0.08 are acceptable, and values above 0.10 indicate a poor fit
(Browne and Cudeck 1992). The root mean residual evaluates the
average difference between observed and predicted correlations,
quantifying the residuals of the model. We used the standardized
version, with values below 0.08 generally considered a good fit.
Because these fit indices take into account different information
and are calculated in different ways, it is recommended to
consider their overall pattern.

Here, we adopted a threshold in which we considered a model to
fit if three of the four fit indices were within commonly accepted
limits. We considered values of CFI and TLI above 0.90 and
values of RMSEA and SRMR below 0.08 to indicate acceptable
fit. In considering information from different fit indices that are
sensitive to different types of misspecification and considering a
combination of indices, we aim to capture which models perform
comparatively worse. We acknowledge that these criteria may be
on the lenient side (Hu and Bentler 1999; Sivo et al. 2006; Ximénez
et al. 2022), and there may be uncertainty about judging model
fit absent model-specific simulations. However, given the com-
plexity of the model with 10 latent variables and the large sample
sizes, we believe our strategy is defensible given the state of the
literature and practically meaningful for researchers interested in
interpreting results from the ESS. At the minimum, the reporting
of the fit indices can be used as a reference for other researchers
on empirical model fit of the data to the theoretical model.

2.2.2 | Overall Fit Using the Average Within-Country

The previous model uses the total data set, which includes
variability within and between countries in the overall data set as
well as disadvantages for countries that participated less often in
the ESS (e.g., some countries participated in only round, whereas
several countries participated in all 11 rounds). We therefore
calculated the average within-country covariance matrix using
the psych package (Revelle 2024), which gives the same weight to
each country and averages the covariance matrix among all value
items (Muthen 1994). We then used this matrix as an input to a
confirmatory factor analysis with ML estimation and fixed the
variances of the latent variables to 1. This can be interpreted as
the fit of the theoretical structure to the average within-country
structure. We judged fit with the same standards: Three of the
four fit indices showed acceptable fit (e.g., values of CFI and TLI
above 0.90 and values of RMSEA and SRMR below 0.08).

2.2.3 | Overall Fit Using the Average Sample Across
Rounds and Countries

We also computed an average sample covariance matrix, which
computes the average covariance across all samples in all rounds.
We computed this averaged matrix because some of the rounds
varied in sample sizes, ranging from an effective sample size
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of 478 to 2906. Therefore, we computed the average covariance
matrix among all value items that gave equal weight to each
sample across all countries and rounds. This covariance matrix
was submitted to a CFA with ML estimation, and the solution was
identified via standardizing the latent variables. This solution can
be interpreted as the fit of the theoretical model to the average
sample across all rounds and countries. We utilized the same
fit criteria (three of the four indicators having an acceptable fit
according to our criteria of CFI and TLI above 0.90 and RMSEA
and SRMR below 0.08).

2.2.4 | Cross-Cultural Invariance (Ignoring ESS Round
Information)

We conducted an overall cross-country invariance test, pooling
all data across rounds for each country. This test concerns the
cross-cultural invariance overall, ignoring temporal information.
We first estimated a configural model as a baseline using MLR
estimation and fixed the variance of the latent variable to 1 for
identification purposes. In lavaan, when setting the variance
of the latent variable for identification purposes and imposing
equality constraints on factor loadings, only the latent variable
of the first group will be fixed to 1.0, and latent variances of the
other groups are freely estimated. We estimated the fit using the
same three index presentation strategy (three fit indices meet our
threshold: CFI > 0.90, TLI > 0.90, SRMR < 0.08, RMSEA < 0.08).

For those samples that met this criterion, we then constrained
factor loadings to be equal to assess metric invariance. We
evaluated fit deterioration for CFI and RMSEA and considered a
model with a difference of less than 0.01 to pass our fit threshold.
For those samples that passed the metric invariance test, we
constrained the intercepts to be identical. We used the same two
fit indicators (difference in fit <0.01 for CFI and RMSEA).

2.2.5 | Model Fit in Each Sample of Each Round

The previous analyses pooled data across samples. We tested
model fit separately in each individual sample, that is, for
each round in each country. We ran a CFA model with MLR
estimation and assessed the fit using the same three-indicator
strategy. This provides the equivalent of a configural model. This
information is useful for understanding whether the data from
a particular round and sample can be interpreted easily. For
example, misfit for a particular sample in a round would mean
that any correlations of values with other variables based on
that sample and round should be interpreted with caution. This
information is essential reference information for all published
studies using ESS score data from the last 20 years.

We then used a different strategy to approximate metric invari-
ance across samples, given the resource demands of running
an invariance test with over 200 samples, which may lead to
convergence issues and model instability. Pooled data approaches
have been proposed to circumvent these problems and provide
more precise estimation of parameters (Saris and Satorra 2018).
In-line with this general approach, we computed three different
alternatives.

First, we used the unstandardized loading matrix from the overall
model using the total data set across all samples as a reference
and tested the fit in each individual sample when specifying
loadings theoretically in the model based on this loading matrix
(see Table 2). Thus, we did not constrain the loadings to be
equal but rather tested whether the unstandardized loadings were
equivalent to the point estimates from the overall solution across
countries (see Appendix 2 in Saris and Satorra 2018 for a general
introduction and Monte Carlo evaluation of robustness).

Second, we used the unstandardized loading matrix from the
pooled within-country model as a reference and tested the fit
of each individual sample to point estimates of this reference
solution. Third, we used the unstandardized loading matrix from
the pooled within-sample and country matrix as a reference and
tested the fit of each individual sample to the point estimates of
this reference solution.

Hence, each model used is based on a pooled data approach
(Saris and Satorra 2018) but utilizes a slightly different reference
solution: The first uses the total sample which may advantage
larger samples and those countries that participated in all rounds;
the second gives equal weight to all countries but ignores
temporal information; and the third gives equal weight to each of
the samples (for the specific point estimates, please see Table 2).

To judge model fit, we again utilized the same three-indicator
strategy. This information provides important information for
interpreting the published data with the ESS scores. If the metric
invariance test is satisfied, correlations or mean patterns can be
interpreted with confidence. The different reference solutions
may also point to potential sources of biases that may need
consideration.

2.2.6 | Temporal Invariance per Country

The unique advantage of the ESS is that data have been collected
since 2002. The data make it possible to monitor changes in values
over a significant period of time. However, this requires evidence
that the value measures have remained stable and that any
changes can be attributed to substantive changes. This requires
temporal invariance.

We first tested a configural model in each country across all
available rounds. In this baseline model, items were allowed to
freely lead on their respective factors in each round. We used
the three-indicator strategy to assess model fit (three fit indices
meet our threshold: CFI > 0.90, TLI > 0.90, SRMR < 0.08,
RMSEA < 0.08). For each temporal analysis within each
country that met configural invariance, we then constrained
factor loadings to be identical across time. As we identified
the model via setting the variance of the latent variable, in a
metric invariance test in lavaan in which the factor loadings
are constrained to be equal, only the variance of the latent
variable for the first observation in each country is fixed. Model
fit was assessed by changes in CFI and RMSEA, with changes
of less than 0.01 indicating adequate fit. For those countries
where metric invariance over time was met, we constrained the
intercepts to be identical. Again, we used the threshold change of
less than 0.01 for CFI and RMSEA as an indicator of adequate fit.
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TABLE 2 | Fullystandardized factor loadings for the overall MLR model, ML model using the pooled within-country and ML model with the pooled

within-sample and country covariance matrix.

Within-
Total sample Within- sample-
Latent factor Indicator MLR loading 95% CI country 95% CI country 95% CI
Achievement acl 0.714 0.712-0.717 0.696 0.694-0.698 0.693 0.691-0.695
Achievement ac2 0.771 0.768-0.773 0.763 0.761-0.765 0.763 0.761-0.765
Benevolence bel 0.697 0.694- 0.678 0.675-0.680 0.673 0.671-0.675
0.700
Benevolence be2 0.666 0.663- 0.657 0.655-0.659 0.653 0.651-0.655
0.669
Conformity col 0.538 0.535-0.541 0.540 0.537-0.543 0.538 0.535-0.541
Conformity co2 0.711 0.708-0.715 0.699 0.696-0.702 0.696 0.693-0.698
Hedonism hel 0.700 0.698-0.703 0.724 0.721-0.726 0.722 0.720-0.724
Hedonism he2 0.733 0.730-0.735 0.722 0.720-0.725 0.723 0.721-0.725
Power pol 0.551 0.547-0.555 0.521 0.518-0.525 0.516 0.513-0.520
Power po2 0.536 0.533-0.540 0.498 0.495-0.501 0.496 0.492-
0.499
Self-direction sdl 0.573 0.569-0.576 0.568 0.565-0.571 0.566 0.563-0.569
Self-direction sd2 0.549 0.545-0.552 0.534 0.531-0.537 0.531 0.528-0.534
Security sel 0.680 0.677-0.683 0.648 0.645-0.650 0.646 0.643-
0.649
Security se2 0.663 0.660- 0.638 0.635-0.641 0.635 0.632-0.637
0.666
Stimulation stl 0.669 0.667-0.672 0.665 0.663-0.667 0.665 0.663-0.668
Stimulation st2 0.703 0.700- 0.712 0.710-0.714 0.711 0.709-0.713
0.705
Tradition trl 0.484 0.480- 0.493 0.489-0.496 0.490 0.487-
0.487 0.494
Tradition tr2 0.477 0.474-0.481 0.460 0.456-0.463 0.461 0.458-
0.464
Universalism unl 0.541 0.538-0.544 0.531 0.529-0.534 0.527 0.525-0.530
Universalism un2 0.599 0.596— 0.580 0.578-0.583 0.576 0.573-0.578
0.602
Universalism un3 0.588 0.585-0.590 0.590 0.587-0.592 0.587 0.585-0.590

Note: All loadings are p < 0.001.

2.2.7 | Exploration of Misfit Patterns

We regressed the fit indicators on two predictor variables: time
and response patterns. For time, we used the year of data
collection for each round of the ESS and designated 2002 as
year O for our analysis. Therefore, the regression equation can
be interpreted in terms of fit in 2002. We also included a
quadratic trend over time, centred on 2008. We used this as
a centring point because the global financial crisis that began
in 2008 may have affected the response behaviour and thus
the model fit (for an earlier study demonstrating some indirect
evidence of unemployment on value changes, see Vecchione et al.
2016). Importantly, there were sufficient data points prior to and
after the global crisis, allowing us to study relative recovery of
structure in relation to a temporal impact point. Therefore, the

regression parameters can be interpreted in relation to 2008,
indicating whether the fit has worsened or improved compared to
2008.!

For response behaviour, we calculated the mean and standard
deviation for each individual respondent across all value scores
and then averaged the mean and standard deviation of the total
scores of the respondents within the sample (Fischer 2004).
Therefore, we have an average mean and average standard
deviation across all scores for each sample in each round and
country. As an important observation, in this analysis, we test
whether response behaviour as indicated by the overall mean
across all value items is associated with model fit. This response
mean is typically used for adjustment (ipsatization) purposes with
the individual items (Fischer 2004; Rudnev 2021). Here, we used
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the same mean and rationale to see if the response behaviour is
influencing model fit.

2.3 | Transparency and Open Data

The data are available at https://www.europeansocialsurvey.org/
data-portal. The code and further results are available at https://
osf.io/4tma8/?view_only=0d496c12b59344cb823838efe612{773.
The analyses were not preregistered.

3 | Results

3.1 | Value Model Fit in Total Sample Ignoring
Country and ESS Round Information

We first ran a CFA model with MLR estimation on the full data
set. The fit of the model was relatively good: y* (N = 443,655,
df = 144) = 193,505.82, robust CFI = 0.920, robust TLI = 0.884,
robust RMSEA = 0.055 (95% CI 0.055-0.055), SRMR = 0.047. The
chi square is significant, and TLI is below 0.9. Table 2 shows
the completely standardized factor loadings. All loadings were
significant at p < 0.001. The lowest loadings overall were observed
for tradition values (both standardized loadings below 0.5). The
R? values varied between 0.594 (ac2) to a low of 0.228 (tr2).

For the averaged within-country solution, the fit was comparable
to the overall data: y* (df = 144) = 180,850.37, CFI = 0.922,
TLI = 0.886, RMSEA = 0.053 and SRMR = 0.046. The lowest
loadings were again observed for tradition value items (both
items with standardized loadings below 0.5). The R? values varied
between a low of 0.211 for the second tradition item and a high of
0.582 for the second achievement item.

For the averaged sample (averaged across rounds and countries),
the fit was highly similar: ) (df = 144) = 178,155.10, CFI = 0.922,
TLI = 0.886, RMSEA = 0.053 and SRMR = 0.046. The lowest
loading was again observed for tradition items (standardized
loadings below 0.5), and the R? values again varied between a low
of 0.212 for the second tradition item and a high of 0.583 for the
second achievement item. The loadings for the different solutions
are shown in Table 2.

Previous research had encountered identification problems when
estimating the full 10-value structure. All models converged.
Examining the covariances in the fully standardized models,
the average correlation was 0.44 for each of the models. The
pattern of the correlations was practically identical; therefore,
we focus on the overall data here. Two negative correlations
were observed for conformity with stimulation (r = —0.03) and
tradition and stimulation (r = —0.12). Focusing on correlations
above 0.80, we observed a few correlations of concerns (confor-
mity X tradition r = 1.01; universalism X benevolence r = 0.93;
power X achievement r = 0.98; tradition X security r = 0.87;
hedonism X stimulation r = 0.83). These patterns confirm earlier
reports that some of the value types are strongly associated
(Davidov 2008; Davidov et al. 2008, 2010). We decided not
to change the theoretical model in order to provide reference
parameters for other researchers that have used those value types
separately.

We also examined modification indices to identify possible
sources of misfit. Across the three model instantiations, the
largest modification indices (MI > 10,000) were observed for
the two power and two stimulation items. Model fit could be
improved if including cross-loadings from the power items were
included to conformity, tradition, security or benevolence latent
variables or for stimulation items to universalism, self-direction,
benevolence, tradition, security or conformity. These items may
need more careful examination in revisions.

3.2 | Analyses Comparing Model Fit Within Each
Country (Ignoring ESS Round Information)

We ran a CFA with MLR estimation for each country across all
ESS rounds. We did not constrain any model parameters, and each
sample was analysed separately (single-country model). Using
our criterion of at least 3 fit indicators passing our thresholds,
24 out of 39 countries passed (see Table 3). Focusing on the
individual fit indicators, 24 samples had a robust CFI above 0.9,
no sample had a robust TLI above 0.9, and all samples had a
robust RSMEA below 0.08 and an SRMR below 0.08, respectively.
All chi square values were significant. The average robust CFI
was 0.90 (min = 0.88, max = 0.93), the average robust TLI was
0.86 (min = 0.82, max = 0.89), the average robust RMSEA was
0.06 (min = 0.05, max = 0.08), and the average SRMR was 0.06
(min = 0.04, max = 0.08).

3.3 | Cross-Country Multi-Group Invariance
Analysis

We proceeded with a classic multi-group invariance analysis,
starting with a configural model in which the same model
was tested as a baseline in a multi-group analysis. Across all
countries, we found reasonable fit: ? (df = 5616) = 247,399.42,
robust CFI = 0.904, robust TLI = 0.859, robust RMSEA = 0.061,
SRMR = 0.051. Configural invariance was met according to our
thresholds, even including countries that did not pass our fit
criterion when tested individually (see Table 3).

We next constrained the factor loadings to be identical across all
countries. The fit was still acceptable: y* (df = 6034) = 258,870.428,
robust CFI=0.899, robust TLI = 0.863, robust RMSEA = 0.061 and
SRMR = 0.053. The y* difference was highly significant though:
difference y* (df = 418) = 8869, p < 0.0001. However, given the
sample sizes, this significance is not surprising. The differences
in CFI and RMSEA were below the 0.01 threshold. Although
the CFI was within rounding margin of the threshold, overall
the performance suggests that metric invariance can be assumed
across countries, when pooling all data across available rounds.

When constraining item intercepts to be identical, the model fit
deteriorated substantively: y* (df = 6452) = 436,285.578, robust
CFI = 0.828, robust TLI = 0.782, robust RMSEA = 0.076 and
SRMR = 0.062. The difference between the models was also
substantively worse: Ay? (df = 418) = 436,286, p < 0.0001; delta
robust CFI = 0.071 and delta robust RMSEA = —0.015. We did not
compute the delta TLI because the fit for the previous model was
already below our threshold.
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https://www.europeansocialsurvey.org/data-portal
https://osf.io/4tma8/?view_only=0d496c12b59344cb823838efe612f773

TABLE 3 | Model fit for each country, using MLR.

Fit threshold
Country CFI TLI RMSEA SRMR Ve passed
Albania 0.902 0.857 0.052 0.048 571.537 1
Austria 0.905 0.862 0.062 0.058 8431.235 1
Belgium 0.895 0.846 0.054 0.045 7296.758 0
Bulgaria 0.923 0.887 0.067 0.054 7313.698 1
Switzerland 0.891 0.842 0.055 0.045 7705.301 0
Cyprus 0.893 0.843 0.068 0.058 3414.918 0
Czech Republic 0.916 0.877 0.065 0.057 10,684.015 1
Germany 0.901 0.855 0.055 0.048 11,644.325 1
Denmark 0.913 0.873 0.050 0.041 4359.627 1
Estonia 0.896 0.848 0.058 0.054 8040.978 0
Spain 0.922 0.886 0.053 0.047 6684.357 1
Finland 0.920 0.884 0.054 0.043 7759.714 1
France 0.881 0.827 0.060 0.051 9413.426 0
United Kingdom 0.899 0.853 0.058 0.048 10,406.606 0
Greece 0.917 0.879 0.061 0.055 6659.412 1
Croatia 0.880 0.824 0.073 0.066 5821.426 0
Hungary 0.875 0.818 0.074 0.063 13,728.139 0
Ireland 0.908 0.865 0.063 0.056 12,105.391 1
Israel 0.925 0.891 0.054 0.039 5526.774 1
Iceland 0.915 0.877 0.050 0.043 1456.447 1
Italy 0.880 0.824 0.078 0.076 7150.264 0
Lithuania 0.892 0.842 0.077 0.066 10,184.319 0
Luxembourg 0.885 0.832 0.060 0.052 947.775 0
Latvia 0.876 0.819 0.072 0.069 2176.658 0
Montenegro 0.916 0.878 0.070 0.083 1854.486 0
North Macedonia 0.902 0.857 0.066 0.069 1005.364 1
Netherlands 0.908 0.865 0.054 0.043 8213.568 1
Norway 0.916 0.878 0.052 0.042 6482.696 1
Poland 0.909 0.867 0.061 0.058 7596.208 1
Portugal 0.908 0.866 0.066 0.058 10,781.450 1
Romania 0.886 0.834 0.081 0.077 2078.025 0
Serbia 0.901 0.855 0.061 0.061 1116.154 1
Russia 0.903 0.859 0.069 0.065 7468.011 1
Sweden 0.907 0.865 0.056 0.048 6582.152 1
Slovenia 0.880 0.824 0.065 0.057 8576.427 0
Slovakia 0.918 0.880 0.063 0.055 6849.710 1
Turkey 0.909 0.867 0.069 0.060 2828.467 1
Ukraine 0.901 0.855 0.071 0.072 5430.584 1
Kosovo 0.880 0.826 0.075 0.060 1053.022 0

Note: CFI, TLI and RMSEA are Huber-White robust estimates; 1 = passed; 0 = failed.
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3.4 | Individual Model Fit for Each ESS Round and
Country Sample

These previous analyses averaged across all ESS rounds, which
may either introduce or obscure variability over time. Therefore,
we ran a separate CFA model for each ESS round for each country.
Because we only tested whether the theoretical model shows
adequate fit in each round in each country, this can be seen as
a test of configural invariance for each ESS round sample. Of
these 261 analyses, 251 models passed our threshold of at least 3
appropriate fit criteria (for an overview of the results, see Table 4,
for detailed results, see https://osf.io/4tma8/).

A different way to examine the data is to count the number of
rounds in each country that passed configural invariance. On
average, 94.1% of the rounds passed configural invariance in each
country. The lowest levels were found in Croatia (4 out of 5
passed, 80%), Hungary (10 out of 11 passed, 90.9%), Italy (2 out
of 4 passed, 50%), Lithuania (6 out of 7 passed, 85.7%), Latvia
(1 out of 2 passed, 50%), Montenegro (1 out of 2 passed, 50%),
Slovenia (9 out of 11 passed, 81.8%) and Ukraine (4 out of 5
passed, 80%). This implies that there are measurement occasion-
specific effects for some of these rounds. In other words, one
round (Hungaria, Lithuania, Latvia, Macedonia and Ukraine)
or two rounds (Slovenia and Italy) at the maximum did not
pass this threshold. Four of these samples were from round 9,
and two were from round 6. Data from other rounds from each
of the countries passed our threshold. Therefore, there was no
obvious pattern to these results. Table 4 shows the overall result,
listing how many rounds passed the threshold for each country.
Table 8 shows the specific rounds that showed problems at this
stage.

At this stage, we can only conclude that there was better fit to the
overall model for the specific rounds, but this is not sufficient for
making comparisons between any of them, either across country
samples within each round or across rounds within each country.
Therefore, we used a pooled data approach via the three different
reference solutions we described at the outset of our analysis and
tested the fit in each round and country sample when forcing the
loadings to the respective loading matrix (Saris and Satorra 2018).
This is conceptually similar to testing metric invariance (except
that we did not constrain the loadings to be equal across samples
but rather tested the relative fit of each round when specifying the
loading pattern in the theoretical model).

Using this approach, only 22 samples out of 39 passed the
threshold when using the overall data as reference, and 33
samples passed when either using the pooled within-country or
pooled within-sample and country matrix as reference. Among
the samples with more than two rounds, the following countries
showed metric invariance in at least one round: Austria, Czech
Republic, Germany, Spain, Finland, Britain, Ireland, The Nether-
lands, Norway, Sweden and Slovakia. Examining the differential
solutions across the reference matrices, Czech samples fit better
with the overall data as reference, whereas Spain, Ireland, The
Netherlands Norway, Sweden and Slovakia performed better
when using either of the within-averaged solutions. Concerning
ESS rounds, there was no clear pattern favouring a specific round
as more likely to show better fit, nor was the pattern similar
across the different reference matrices. See https://osf.io/4tma8/

view_only=0d496c12b59344cb823838efe612f773 for full results
by round and country.

3.5 | Temporal Invariance Within Each Country

Focusing more specifically on temporal effects within each
country separately, we conducted a temporal invariance test
within each country. We tested three increasingly restrictive
models. First, we ran a configural model as a baseline. For this
model, we judged appropriate fit with the same three-indicator
threshold that we have described above for the individual country
models. Then, we constrained factor loadings to be equal across
all rounds. We considered the fit adequate if the deterioration
in fit for the robust versions of the CFI, TLI and RMSEA were
not exceeding a 0.01 threshold for two of the three indicators.
Finally, we constrained the intercepts to be identical across time.
We again considered a deterioration in two of the three indicators
as decision criterion. We did not include Albania, Macedonia,
Romania and Kosovo in this temporal analysis because these
countries were included only once in the overall ESS data set.

First, 17 of the 35 countries passed the threshold for configural
temporal invariance: Bulgaria, Czech Republic, Denmark, Spain,
Finland, Israel, Ireland, Montenegro, The Netherlands, Norway,
Poland, Serbia, Russia, Sweden, Slovakia and Turkey. Not passing
our configural threshold were Austria (9 rounds), Luxembourg
(2 rounds), Belgium, France and Portugal (10 rounds), Latvia (3
rounds), Greece, Croatia and Italy (5 rounds each), Cyprus (6
rounds), Lithuania (8 rounds), Estonia (9 rounds) and Switzer-
land, Germany, Great Britain, Hungary and Slovenia (11 rounds).

Among those countries that passed the configural threshold, all
countries passed the metric invariance threshold.

Restricting the intercepts to be equal, Turkey, Iceland, Bulgaria,
Denmark, Czech Republic, Spain, Finland, The Netherlands
and Norway did not pass our invariance threshold. There-
fore, these countries showed metric invariance, allowing a
comparison of correlations and mean patterns, but absolute
mean differences are open to alternative interpretations. In
contrast, Montenegro, Serbia (2 rounds each), Russia (5 rounds),
Israel (7 rounds), Slovakia (8 rounds), Poland, Sweden (both
10 rounds) and Ireland (11 rounds) passed the scalar invari-
ance threshold, which means that mean differences over time
could be safely interpreted. See Table 5 for specific results and
Figure 3 for a geographical distribution of the temporal invariance
statistics.

3.6 | Exploration of Invariance Patterns

As noted in the beginning, we see invariance analyses as an
integral part of any scientific inquiry in the social and behavioural
sciences. Information on invariance parameters can be further
queried and may point towards important new research direc-
tions. To demonstrate some possible avenues for further research,
we conducted some exploratory analyses of the configural and
implied metric invariance fit indices (using the three different
reference matrices) for each sample per country and ESS round.
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https://osf.io
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TABLE 4 | Summary results showing how many samples passed configural and metric invariance (using the total sample, the averaged sample and
country and averaged country matrix as reference).

Metric invariance Metric
Metric invariance (sample and invariance
Country Rounds available  Configural invariance (total sample) country) (country)
Albania 1 1 0 0 0
Austria 7 7 2 2 2
Belgium 10 10 0 0 0
Bulgaria 6 6 0 0 0
Switzerland 1 1 0 0 0
Cyprus 5 5 0 0 0
Czech Republic 9 9 4 2 2
Germany 10 10 1 1 1
Denmark 8 8 0 0 0
Estonia 9 9 0 0 0
Spain 9 9 1 4 4
Finland 1 1 6 7 7
France 10 10 0 0 0
United Kingdom 1 1 1 1 1
Greece 5 0 0 0
Croatia 5 4 0 0 0
Hungary 1 10 0 0 0
Ireland 1 1 0 0 0
Israel 6 6 2 3 3
Iceland 5 5 0 0 0
Italy 4 2 0 0 0
Lithuania 7 6 0 0 0
Luxembourg 1 1 0 0 0
Latvia 2 1 0 0 0
Montenegro 2 1 0 0 0
North Macedonia 1 1 0 0 0
Netherlands 1 1 0 2 2
Norway 1 1 3 7 7
Poland 9 9 0 0 0
Portugal 10 10 0 0 0
Romania 1 1 0 0 0
Serbia 1 1 0 0 0
Russia 5 0 0 0
Sweden 9 9 0 1 1
Slovenia 1 9 0 0 0
Slovakia 8 8 2 3 3
Turkey 2 2 0 0 0
Ukraine 5 4 0 0 0
Kosovo 1 1 0 0 0
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TABLE 5 | Temporal measurement invariance (ESS rounds 1-11).

ACFI
Country No. CFI TLI RMSEA SRMR metric ARMSEA metric ACFIscalar ARMSEA scalar
Albania 1 0902 0857 0.052 0.046
Austria 8 0.899 0.853 0.064 0.056
Belgium 10 0.892 0.843 0.055 0.047
Bulgaria 6 0.907 0.865 0.073 0.059 0.002 0.002 0.025 —0.007
Switzerland 11 0.88 0.832 0.057 0.047
Cyprus 6 0874 0817 0.075 0.064
Czech Republic 9 0908 0.866 0.068 0.057 0.001 0.002 0.010 —0.001
Germany 11 089 0.849 0.056 0.048
Denmark 8 0912 0.872 0.050 0.043 0.000 0.002 0.011 —0.001
Estonia 9 0.890 0.840 0.060 0.055
Spain 10 0.918 0.880  0.055 0.048 0.002 0.001 0.016 —0.003
Finland 11 0918 0.880 0.055 0.045 0.001 0.001 0.016 —0.003
France 10 0.880 0.825 0.061 0.052
United Kingdom 11  0.898 0.851  0.059 0.048
Greece 5 0.899 0.853 0.067 0.056
Croatia 5 0876 0.819 0.075 0.065
Hungary 11 0873 0815 0.075 0.063
Ireland 11 0900 0.854 0.066 0.057 0.002 0.002 0.009 —0.001
Israel 7 0917 0.878  0.058 0.041 0.002 0.001 0.008 —0.001
Iceland 5 0914 0.874 0.051 0.046 0.000 0.001 0.018 —0.003
Italy 5 0874 0817 0.079 0.074
Lithuania 7 0.883 0.830 0.081 0.067
Luxembourg 2 088 0.832 0.060 0.050
Latvia 3 0.869 0.809 0.073 0.068
Montenegro 2 0911 0871 0.073 0.073 0.003 0.000 0.006 —0.001
North Macedonia 1 0.902 0.857 0.066 0.066
Netherlands 11 0905 0.861 0.055 0.045 0.000 0.002 0.014 —0.002
Norway 11 0914 04875 0.053 0.044 0.001 0.001 0.017 —0.003
Poland 10 0905 0.861 0.062 0.058 0.001 0.002 0.007 0.000
Portugal 10 0.900 0.854 0.071 0.060
Romania 1 0.88 0.834 0.081 0.073
Serbia 2 0901 0.855 0.061 0.058 0.000 0.000 0.000 0.000
Russia 5 0900 0.855 0.070 0.064 0.001 0.002 0.004 0.000
Sweden 10 0.904 0.860 0.057 0.048 0.001 0.001 0.008 —0.001
Slovenia 11 0869 0.808 0.067 0.057
Slovakia 8 0912 0.871 0.066 0.056 0.002 0.001 0.007 0.000
Turkey 2 0906 0.863 0.072 0.058 0.001 0.001 0.016 —0.004
Ukraine 5 0895 0.847 0.073 0.071
Kosovo 1 0.880 0.826 0.075 0.057

Abbreviations: CFI, Comparative Fit Index; RMSEA, Root Mean Square of Approximation; SRMR, Standardized Root Mean Residual; TLI, Tucker-Lewis Index.
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FIGURE 3 | Overview of the geographical distribution of temporal

invariance.

As a first step, we computed composite scores based on the inter-
correlation of the fit indices. We computed an index including
all the y 2 estimates (« = 0.98), a composite of all the RMSEA
and SRMR indicators (o = 1), approximate fit index averaging
the robust CFI and robust TLI from fitting the base model in
each sample in each round and country (a = 1), and a composite
including all the CFI and TLI indicators from the metric model
with the constrained factor loadings (a = 1).

We then ran two multilevel regression models with country as
a random factor. First, we used the value mean, value standard
deviation and a linear time variable (year) as predictors for each
of the fit indicator composites. We then ran a separate model in
which we also included the curvilinear time effect centred on
2008.

Focusing on the mean value rating, it showed one significant
effect on the CFI and TLI fit for the loading constrained models,
suggesting that higher mean value ratings were associated with
lower approximate fit when constraining the loadings to fit
reference matrices. The variability of the mean value ratings had
a significant effect on fit in all models. The effect suggested
that higher variability was associated with lower y? values and
lower RMSEA/SRMR values (suggesting better fit for more varied
ratings), but also a reduced CFI and TLI for both configural and
loading constrained models, suggesting worse fit with increased
value rating divergence.

Focusing on time effects, five of the models showed some signifi-
cant effect for the linear time effect, in balance suggesting a dete-
rioration of fit over time (CFI/TLI composite for configural and
loading constrained models and overall »? fit). Three of the curvi-
linear time predictors were significant, suggesting that fit prior to
and post-2008 was better when examining the composites for 2,
RMSEA/SRMR and CFI/TLI for configural model (Table 6).

4 | Discussion

We report on the measurement invariance of the Portrait Values
Questionnaire included in 11 rounds of the ESS with 261 samples
and responses from 443,655 participants from 2002 to 2024.
Overall, the theoretical value model, which separates 10 value
types, fits the full data set well. When testing for configural and
metric invariance across country samples, we found acceptable

levels of fit, suggesting that covariances and mean patterns can
be compared across countries. However, this masks the fact
that a number of countries did not show acceptable fit to the
theoretical model when tested individually. In addition, samples
from particular rounds may not show adequate fit, even though
the theoretical model fits well when all rounds for that country
are examined together. When testing invariance over time, only
a subset of countries showed sufficient levels of invariance to
allow comparison of correlations and mean patterns over the 21-
year interval of the ESS. Looking at an exploratory analysis of
systematic effects, we found some evidence that the fit of the
model has deteriorated over time. We will discuss some of the
implications next. Some key findings and answers to the main
research questions are outlined in Table 7.

4.1 | Theory

Overall, the theoretical model fits the data well when tested (a)
on the overall data, (b) using the average country sample, (c) the
average sample across rounds and countries, (d) when testing
for metric invariance across countries and (e) for configural
invariance for most individual samples. This suggests that the 10
value types can be distinguished in these samples.

The caveat to this claim is that some of the latent variable inter-
correlations were quite high. These patterns had been observed
in the first few rounds of the ESS already (Davidov 2008; Davidov
et al. 2008, 2010). Yet, other work with a more extensive value
inventory has suggested that some value types should be split due
to motivationally distinct content being captured (Lilleoja and
Saris 2015). Taking into account observed modification indices,
it suggests that adjustments either to the theoretical model or
the operationalization might be desirable. Conceptually, it is
interesting to reflect on when an observed correlation within
a circumplex theoretical model is too high to warrant merging
adjacent value types. For example, conformity and tradition val-
ues were practically merged, and their empirical distinctiveness
is somewhat questionable based on the current data. Within
the theoretical model, these two values share the same angular
position, but tradition is positioned outside the conformity value
type (Schwartz 1992). Similarly, universalism and benevolence
were correlated above r > 0.90 in our overall models, suggesting
that they are empirically highly similar. To what extent does it
make sense to separate the theoretical motivation to care for close
versus distant others? Conceptually, it makes sense to separate
these values, but empirically these correlations suggest that
individuals do not discriminate between these values in the same
way. Similarly, some values measure highly diverse content, and it
might be advisable to separate value types into more fine-grained
components. For example, universalism in particular captures
very diverse content, and it might be advisable to differentiate
subcomponents of universalism (Lilleoja and Saris 2015; Schwartz
et al. 2012).

With these caveats in mind, by averaging over time, it is possible
to compare covariances and mean patterns across countries
included in the ESS when using the full data set. This is really
encouraging news for theory. Researchers interested in value
effects can confidently compare value correlations and mean
patterns using the combined data.
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| (Continued)

TABLE 7

Affirmative
empirical evidence

Key theoretical
question

Remaining uncertainty

Implications for researchers

Mean comparisons across time for most countries are

Means can be directly compared for a
small number of countries (Ireland, Israel,
Montenegro, Poland, Russia, Sweden and

Partially, 8 countries

Can value means be

open to alternative interpretations (see Figure 3,

showed scalar
invariance over time

compared across time?

Tables 5 and 8

Slovakia; see Figure 3, Tables 5 and 8)

Identify systematic drivers of variability in model fit

Temporal patterns of model fit and
possible drivers need greater attention;
mean value rating may imply substantive

Yes, there are
systematic time and
mean value response

Are there systematic

effects on model fit in
the ESS value data?

effects

effects (see Table 6)

Abbreviation: ESS, European Social Survey.

To some extent, this pattern may seem at odds with the previous
research suggesting that structure may be less well differentiated
in less economically advantaged societies (Bilsky et al. 2011;
Fontaine et al. 2008). It is important to remember that our CFA
models were not well suited to directly address these issues, as
some of the effects may play out in increasing covariations among
the latent variables, which we did not constrain to being identical
across samples or over time.

At the same time, the pattern with individual samples from
each round and country suggests greater variability, implying
that data from particular rounds are not necessarily comparable
across countries. Similarly, time trends in correlations and mean
patterns within countries may not be comparable over time.

The separation between the overall data set and specific rounds
raises some interesting questions. First, there may be random
variation for each round that cancels out in the overall data set but
may negatively affect the results for specific rounds. There are var-
ious data collection parameters within each round that may affect
overall data quality (e.g., changes in item translations, location
of the value module within the overall data collection and mode
of data collection). These effects may not individually be salient
(Davidov and De Beuckelaer 2010; Davidov and Depner 2011), but
they may interact with each other in yet unexplored ways.

Second, there may be systematic effects that vary over time or due
to some external factors that cancel out in the overall data set.
Consistent with this possibility, the final examination of the fit
indices for each sample, using both the baseline configural and
the constrained factor loading using different reference matrices,
suggests that temporal effects may be at work, affecting model
fit. The curvilinear results raise the possibility that economic
factors within and between countries and over time merit further
investigation. We centred the curvilinear effect on the year 2008
due to the effects of the global economic crisis. As a consequence,
our interpretation needs to be treated with suitable caution in
the absence of examining proper economic effects. Nevertheless,
even as indicated by these curvilinear time effects, temporal
effects may cancel each other out when looking at the full data set
and may appear at first glance to be random fluctuations. Taking
all evidence in consideration, we believe it is worthwhile to
investigate such effects further and to examine possible temporal
predictors.

Furthermore, the variability in mean scores also suggests that
response patterns for particular rounds may affect model fit.
In the context of increasing polarization and shifting norms
about values, this is also a fruitful avenue for further work.
We used the same information that is typically applied for
standardization or ipsatization purposes. As indicated by our
results, the information captured by the means may carry useful
information that is worth exploring further.

4.2 | Hidden Biases and Avenues for Future
Research

The results were less ideal and the pattern somewhat surprising
when examining the model fit of the theoretical model to the
country data overall (despite the metric invariance found in
the multi-group CFA), as well as for the pattern of temporal
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invariance. For temporal non-invariance, it is striking that
Central, Western and Southern European countries did not
show temporal invariance. In other words, this suggests that
the concept of values or the measurement properties, or both,
have changed in central and southern Europe. This certainly
challenges attempts to track value changes by looking at simple
mean patterns or correlation strength of values in these countries.

On the other hand, it opens very interesting avenues for a
deeper exploration of what may have changed about values. Some
of these countries are core democracies that have driven the
European project. They are also highly developed economically.
Both factors should lead to a clearer value structure (Fischer 2017;
Fontaine et al. 2008; Strack and Dobewall 2012; van de Vijver
and Poortinga 2002). However, it may be the recent economic
and social changes that are partly responsible for changes in
how individuals interpret values (for some evidence in a broader
cultural context, see van de Vijver and Poortinga (2002). For
example, the economic challenges in these countries may have
led to a reinterpretation and change in the meaning of values,
resulting in systematic shifts in structure that lead to a poor
fit of the theoretical model to the data. The time effects in
our exploratory analyses certainly point in this direction. Such
trends can be queried with response shift models (Rapkin and
Schwartz 2019) when linked to measurement invariance analysis
in data using the same individuals (Leitgob et al. 2023; Oort 2005).
Separating true change from reprioritization and recalibration in
data from the same individuals allows a deeper understanding of
how individuals make sense of survey items over time. This is an
exciting possibility that deserves further attention.

There are two other points we would like to make here. First, we
want to make clear that this requires a rethinking of the standard
approach of simply comparing means when discussing temporal,
economic or democratic effects. The point is that values as
theoretical constructs have changed substantially. There has
been a cognitive shift within a population that might lead to a
reinterpretation and different internal organization of values.
The classical philosophical concept is freedom, with the noted
differences of freedom to versus freedom from (Berlin 2000). We
believe that such a focus represents an interesting and important
theoretical reorientation of traditional comparative work and
can do much conceptual work for understanding evolutionary
change in human societies. Reinterpreting a social construct can
open up new ways of thinking and acting that lead to further
downstream changes that cannot be explained by looking at the
mean patterns alone.

Second, we agree with the recent critique of partial invariance
(Robitzsch and Ludtke 2023) that freeing parameters to improve
fit may obscure rather than illuminate meaningful patterns.
When freeing parameters, we begin to test different theoretical
models (Sterner et al. 2024), and it becomes unclear which
model is being compared with which other model when multiple
parameters are changed across a large number of samples. It
is intellectually more interesting to carefully examine possible
sources of misfit than to empirically change model parameters
without a better understanding of the underlying patterns. We
believe it is worthwhile exploring such patterns more systemat-
ically, as they may imply systematic cognitive changes. Given the
circularity of inferences in the absence of a reference standard,

it may be useful to conduct more focused qualitative studies that
examine how people have understood values in these countries
(Behr et al. 2014, 2017). Alternatively, media and textual analyses
of values may hold promise for understanding changes in value
meanings (e.g., changes in the word embeddings of specific
values; Bamler and Mandt 2017, Hamilton et al. 2016).

4.3 | Evaluating Fit in Large Cross-Cultural
Studies

Previous simulation research had pointed towards TLI as a crucial
fit indicator (Hu and Bentler 1999; Marsh et al. 1988), being
relatively independent of sample size and sensitive to model
misspecifications. Yet, value data may be more complex than
traditional CFA models, having a large number of latent variables
which are systematically linked to each other via two major
underlying dimensions. Using data with more than 10 samples
may create additional problems for estimating fit (Rutkowski and
Svetina 2014). In our data set, TLI consistently trailed in terms
of overall fit and was nearly consistently below a considerably
lenient threshold of 0.9. On the other hand, RMSEA and SRMR
nearly consistently showed acceptable to even excellent fit.
In light of these patterns, we strongly encourage systematic
simulation studies with more complex models that approximate
the complexity of value research and identify suitable fit indices.

Furthermore, we also encourage work that examines practically
meaningful thresholds of invariance, showing what level of non-
invariance may challenge interpretation of the data and change
inferences about specific theoretical or practical issues (Oberski
2014). As we noted above, some of the overall country samples did
not fit when tested individually but then passed the overall config-
ural and metric invariance test using multi-group CFA. Although
fit in individual samples has been considered a precondition prior
to any further invariance tests, it is not clear to what extent
researchers rigorously test and report such tests, especially if the
number of samples is moderate to large. As we noted in our study,
the results may look rather different. We could claim both solid
evidence of metric invariance across cultures and simultaneously
evidence of cultural relativism based on the fact that a little less
than half of the countries did not show acceptable fit in separate
analyses. We need to have clearer guidelines for running and
reporting multi-group CFA results. We report the full results in
the supplement to provide some guidance for other researchers.

4.4 | Extending Invariance Testing With a More
Diverse Methodological Tool Kit

Although we report invariance tests using a widely known
method (MG-CFA), there have been significant advances in this
area in recent years (Leitgob et al. 2023). In our last section in the
results, we reported some exploratory models. One promising
statistical approach for more systematically testing parameters
that may influence model fit at the individual and sample level
are nonlinear moderated factor analysis models (Bauer et al.
2020; Belzak 2023). We strongly encourage researchers to develop
appropriate theoretical models about plausible causal variables
that influence model fit (Sterner et al. 2024) and to then test
them with appropriate statistical tools (Bauer et al. 2020; Belzak
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TABLE 8 | Specific information on invariance status for specific rounds and analyses.

No. of No Metric Metric Metric invariance Temporal
rounds configural Configural invariance invariance (pooled country invari-
Country ISO2 available invariance invariance (full data) (pooled country) and round) ance
Albania AL 1 6 NA
Austria AT 7 3,8,9,11 1,2 2,7 2,7 None
Belgium BE 10 1,2,3,4,5,6,7, None
8,9,10
Bulgaria BG 6 3,4,5,6,9,10 Metric
Switzerland CH 11 1,2,3,4,5,6,7, None
8,9,10,11
Cyprus CYy 5 3,4,5,6,9 None
Czech Republic Cz 9 1,4,8,9,10 2,5,6,7 5,7 5,7 Metric
Germany DE 10 2,3,4,5,6,7,8, 1 1 1 None
9,11
Denmark DK 8 1,2,3,4,5,6,7, Metric
9
Estonia EE 9 2,3,4,5,6,7,8, None
9,10
Spain ES 9 2,4,7,8 1 3,5,6,9 3,5,6,9 Metric
Finland FI 11 7,8,9,11 1,2,3,4,5,10 1,2,3,4,5,6,10 1,2,3,4,5,6,10 Metric
France FR 10 1,2,3,4,5,6,7, None
8,9,10
United Kingdom GB 1 1,2,3,4,5,6,7, 10 10 10 None
8,9,11
Greece GR 5 1,2,4,5,10 None
Croatia HR 5 5 4,9,10,11 None
Hungary HU 11 7 1,2,3,4,5,6,8, None
9,10,11
Ireland 1E 11 1,2,3,4,5,6,7, Scalar
8,9,10, 11
Israel IL 6 1,56 7,8 4,7,8 4,7,8 Scalar
Iceland IS 5 2,6,8,9,10 Metric
Italy 1T 4 8,9 6,10 None
Lithuania LT 7 9 5,6,7,8,10,11 None
Luxembourg LU 1 2 NA
Latvia LV 2 4 9 None
Montenegro ME 2 10 Scalar
North Macedonia MK 1 10 NA
Netherlands NL 11 1,2,3,6,7,8,9, 4,5 4,5 Metric
10,11
Norway NO 11 2,6,8,9 1,3,4 1,3,4,5,7,10,11 1,3,4,5,7,10,11 Metric
Poland PL 9 1,2,3,4,5,6,7, Scalar
8,9
Portugal PT 10 1,2,3,4,5,6,7, None
8,9,10
Romania RO 1 4 NA
Serbia RS 1 9 NA
(Continues)
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TABLE 8 | (Continued)

No. of No Metric Metric Metric invariance Temporal
rounds configural Configural invariance invariance (pooled country invari-
Country ISO2 available invariance invariance (full data) (pooled country) and round) ance
Russia RU 5 3,4,5,6,8 Scalar
Sweden SE 9 1,2,3,4,5,7,8, 6 6 Scalar
9
Slovenia SI 1 6,9 1,2,3,4,5,7,8, None
10, 11
Slovakia SK 8 2,3,4,5,6 9,10 9,10,11 9,10, 11 Scalar
Turkey TR 2 2,4 Metric
Ukraine UA 5 6 2,3,4,5 None
Kosovo XK 1 6 NA

Note: Numbers denote the specific round (from 1 to 11), unless otherwise noted. Countries are ordered alphabetically by ISO2.

2023). We chose not to focus on these more complex models here
because our primary goal was to provide empirical evidence on
the theoretical fit.

We are aware of discussions about the appropriateness of using
CFA latent variable models for the empirical fit to theories like
values that involve a circumplex structure and may not be latent
variables (Bilsky et al. 2011; Schwartz 1992; Schwartz and Boehnke
2004). At the same time, a large number of recent studies have
used CFA as a tool to assess model fit and invariance, and we
believe it is important to provide baseline information about how
well these data fit using these widely reported statistical models
(Cieciuch et al. 2018; Schwartz et al. 2012; Schwartz and Cieciuch
2022). It would be informative to use other statistical tests that
are more theoretically aligned with values, involve less statistical
assumptions and provide intuitively interpretable results (such as
multidimensional scaling or smallest space analysis) to evaluate
the overall model fit (Bilsky et al. 2011; Fischer and Karl 2019;
Fontaine et al. 2008; Schwartz 1992).

In addition, different approaches, such as alignment or approx-
imate invariance (Asparouhov et al. 2015; Asparouhov and
Muthén 2014; Leitgéb et al. 2023; Muthén and Asparouhov
2012), appear promising for further exploration. These methods
follow an approximate measurement invariance approach which
allows for small measurement differences in the model that
are presumed to be small, may cancel each other out within
the model and therefore are substantially insignificant (Leitgob
et al. 2023). Their advantage is that they accommodate relatively
minor differences between groups and still allow to use the
power of latent variable models to be used for cross-group
comparisons.

Focusing on specifics, Bayesian invariance methods assume a
joint probability distribution of the parameters (e.g., loadings and
intercepts) across groups. The researcher needs to specify these
distributions a priori. This is one of the most salient challenges,
given that the choice of these priors will affect the results.
One option is to run models with different priors, followed by
sensitivity analyses (van Erp et al. 2018) and comparisons of
model results for group means and rankings (Arts et al. 2021). In
the absence of clear theoretical priors of these distributions, more

work on the practical implications with complex constructs such
as human values is desirable.

In contrast, alignment assumes that observed differences in
measured indicators are mainly due to differences in the latent
variable. Conceptually similar to the rotational indeterminacy
problem in exploratory factor analysis, the goal of alignment is
to rotate parameters so that a maximal number of parameters
becomes invariant, without altering the overall model fit
(Asparouhov and Muthén 2014). As noted by the developers, the
method is likely to work best if less than 20% of the parameters
are non-invariant. Given the observed non-invariance problems
in the value data, it is questionable whether this method may
be informative for the full ESS data. Furthermore, as noted by
Leitgtb et al. (2023), it can be considered a one-step automation
of partial invariance testing. Furthermore, given the conceptual
closeness to partial invariance testing, this method suffers from
the interpretational problems noted by Robitzsch and Liidtke
(2023).

Dimensional reduction techniques discussed so far rely primarily
on the covariance structure dictated by the observations (with
the exception of Bayesian approaches which additionally require
specification of priors). One important avenue for future research
is to combine external quality information with the data from
survey studies (Lilleoja and Saris 2015; Pirralha and Weber 2020;
Saris and Gallhofer 2007; Saris and Revilla 2016). The most widely
used system with social and political science data has been the
Survey Quality Predictor (Lilleoja and Saris 2015; Pirralha and
Weber 2020; Saris and Gallhofer 2007). It involves independent
ratings of the survey items, application procedure and study con-
text in terms of validity, reliability and common method variance,
which can then be included in the measurement model. This
approach has shown promising results in an earlier application
with value data from one large European sample (Lilleoja and
Saris 2015). Current challenges are that there are no quality
ratings available for the ESS values in the most recent version
(Felderer et al. 2024), all quality ratings are based on human
coding and therefore may not capture all relevant information
for the specific country samples and rounds (Pirralha and Weber
2020), and the estimation of complex models such as values
may run into non-convergence issues (Lilleoja and Saris 2015).
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The combination of qualitatively derived information on data
quality nevertheless is one important further avenue that has
been largely underutilized (Fischer et al. 2025; Leitgtb et al. 2023).
Web probing (Behr et al. 2017) in particular shows some promise
in combination with statistical invariance techniques to advance
our understanding of the sources of non-invariance (Fischer et al.
2025; Leitgtb et al. 2023; Meitinger 2017).

An additional option to consider in future research would be to
explore if there are subgroups of either countries or time points or
a mixture of both which show invariance of specific parameters.
At the most basic level, the idea is to run some form of clustering
analysis on pairwise parameter estimates to identify groups
of samples that show invariance (Cheung and Rensvold 2000;
Welkenhuysen-Gybels and van de Vijver 2007). More recently,
these ideas have been further developed via mixture multi-group
factor analysis (De Roover et al. 2022) and the measurement
invariance explorer (Rudnev 2024). The mixture multi-group
factor analysis approach uses a latent class approach based on the
model parameters, whereas the measurement invariance explorer
visualizes distances between samples based on multidimensional
scaling or network analysis using fit indices. Both methods are
promising, but not without challenges. First, the selection of the
number of classes or clusters can be challenging, especially when
classifying samples (either countries or time points or both) on
more than one parameter. A second, more practical issue is that
robust identification requires enough groups, which is restricted
by the number of countries within Europe. A third issue that
needs some attention is complexity of the models, because these
methods tend to work better with a smaller number of factors
and indicators as well as assume equal number of factors across
all classes or clusters (for a general review of the advantages and
disadvantages, see Leitgob et al. 2023).

In summary, each of the aforementioned approaches has distinct
advantages and disadvantages. Drawing inspiration from adver-
sarial collaborations and many-analyst approaches, we believe
large-scale comparative studies that test diverse methodological
approaches competitively are a promising avenue. Such studies
would enable researchers to identify parameters that consis-
tently demonstrate misfit across methods with varying levels of
complexity and different underlying statistical assumptions, an
approach analogous to multiverse analysis (Steegen et al. 2016).
Implementing a multiverse framework would involve systemati-
cally applying multiple analytical strategies to the same data set
and examining the convergence (or divergence) of findings across
approaches. Parameters showing consistent patterns of misfit
across methodologically diverse analyses would warrant particu-
lar attention, as they likely represent genuine model inadequacies
rather than method-specific artefacts. Conversely, parameters
showing method-dependent results would highlight the impor-
tance of analytical choices and assumptions. We believe such
comparative studies adopting a multiverse perspective represent a
crucial methodological advancement for the field, offering a more
robust foundation for drawing substantive conclusions about
model fit and parameter estimation.

5 | Limitations

As outlined in the previous paragraph, our approach was based
on one popular method. We discuss alternative methods, which

should ideally be tested competitively to identify which samples
and parameters are invariant as well as further explore any
source of such invariance. One central challenge has been that
invariance becomes a perceived barrier for social and behavioural
science (Funder and Gardiner 2024; Welzel et al. 2023). Yet,
in our opinion, the information provided by these tests is not
fully explored from a theoretical perspective (Fischer et al. 2025;
Fischer and Rudnev 2024).

Our model and parameter choices might also be questioned for
being overly lenient. We did not apply more stringent thresholds
given the complexity of the theoretical model. We also did not
further explore modification indices (Saris et al. 2009). Such
explorations may have resulted in sample-specific modifications,
and it raises interesting questions on the theoretical implications
(Robitzsch and Liidtke 2023).

A further limitation is that we only included individuals that
answered all value items. It might be informative in future
analyses to examine whether some items show differential non-
response patterns which may indicate specific sensitive issues for
that language or sociocultural context.

6 | Conclusions

Our analysis provides essential information for evaluating the
robustness of value research embedded within the ESS. We
do find encouraging patterns of cross-cultural invariance that
suggest comparability of correlations and mean patterns. At the
same time, specific samples within each round may not show
sufficient robustness to allow secure comparison across countries.
Furthermore, temporal invariance was not widely supported,
suggesting that the conceptualization of values has changed in
at least some of the countries that have been measuring values
regularly. The fit has worsened over time, which requires careful
further explorations of the theoretical processes that may drive
these effects.
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Endnotes

IWe considered testing parameters centred on the COVID-19 effects
(centred around 2020), but because the pandemic only affected two
rounds and it is not clear how these pandemic effects play out over time
(Daniel et al. 2022; Sneddon et al. 2022), we decided against it for our
current analysis.
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