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ABSTRACT

Due to the accumulation of data from cross-national survey projects as well as methodological
advancements, data from surveys can be combined to estimate latent trends in mass public
opinion. This study analyzes the proposed approaches to modeling trends in public opinion,
identifies main conceptual and statistical issues related to applying these models, and proposes

ways to address them in substantive research.

The past two decades have seen substantial developments in cross-national survey research.
Existing survey programs have expanded to countries previously not included and new multi-
wave cross-national survey projects have been launched. The resulting accumulation of survey
data, combined with advances in statistical computing, makes it increasingly feasible to
estimate trends in mass values and attitudes across time and space using multiple survey

sources.
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These developments open new research avenues because they enable analyses of the
macro-level consequences of mass public opinion and they allow scholars to address
fundamental questions in political science, such as whether support for democracy is
necessary for democratic consolidation and whether trust in state institutions improves
institutional performance. Research using latent trend models also may examine convergence
and divergence in attitudes across societal groups, as well as features of opinion distributions
beyond central tendencies, including ideological polarization.

This article reviews recent developments in modeling trajectories of mass public
opinion using cross-national survey data and their substantive applications. It identifies key
conceptual and statistical challenges and discusses strategies to address them, providing

guidelines for rigorous future research in this area.

MODELING TRENDS IN PUBLIC OPINION

The challenge in estimating public opinion trajectories based on cross-national survey data
lies primarily in the differences in measurement across survey projects and the limited
availability of repeated items across countries and years. The model-based approaches to
addressing these challenges proposed in the literature share basic principles but also differ in
important ways.

One commonality is the focus on reflective constructs, as opposed to formative
constructs (Singh, Heller, and Quandt 2026), and the reliance on item response theory (IRT)
for estimating the latent means per country and year of attitudes measured with ordinal survey
items. Another commonality is the workflow, which includes identifying survey items
corresponding to the construct of interest, selecting surveys based on item availability (Hu,

Tai, and Solt 2026), and relying on the same software (see the online appendix).
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An important distinction among the proposed approaches is the level of analysis.
Individual-level models estimate the latent trait for individual respondents; these estimates
then can be aggregated to the group level to obtain the country—year—level trajectory
(Kotczynska et al. 2024). The most suitable measurement model is the cumulative ordinal
model, which assumes that survey responses reflect the categorization of a continuous latent
attitude into an observed ordinal variable. This model can be specified to address the different
lengths of the response scales to the same question (Gangl 2023; Kotczynska et al. 2024),
which addresses one of the main challenges in harmonization.

Group-level models assume that the unobservable trait is a property of the group, not
the individual (Mislevy 1983). In this approach, individual-level data are aggregated to the
group level, by calculating counts or proportions, before being input to the model. Two
modeling approaches are represented in the literature. The first maintains the ordinal character
of the data and simply counts the number of observations for each response category to apply
to an ordinal model (Caughey, O’Grady, and Warshaw 2019; Solt 2020). The second approach
dichotomizes the attitudinal responses before aggregation and applies models for binary data
(Claassen 2019).

Group-level models are faster to run' and tolerate more sparsity in the country—year—
item matrix of coverage by input survey data, at the cost of making additional assumptions.
One assumption is the independence of responses to different items from the same
respondents—for example, as in the case of items on endorsement of different features of
democracy included in the same survey. Ignoring the clustering of responses within

respondents results in the underestimation of the uncertainty around group means (Caughey

! These models are computationally intensive and require days or weeks to run on a high-performance

computing cluster. Computational feasibility is one of the challenges faced by researchers in this area.
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and Warshaw 2015; Kotczynska and Biirkner 2024). However, simulations suggest that
credible interval coverage deteriorates only when the proportion of items per respondent is
substantial (Berwick and Caughey 2025). Individual-level models reflect the data-generation
process more faithfully and enable the direct verification of model assumptions. However,
they require more computing power as well as more input data—each item must be repeated
multiple times in each country, which is not required by group-level models.

These models are applied to survey items that were not necessarily designed to
measure the same construct or had their measurement properties validated. A prominent
application of the models includes investigation of the links between mass support for
democracy and a country’s quality of democratic governance (Claassen 2020a, 2020b).? This
research used items that measure diffuse support for democracy from 14 cross-national survey
projects administered to nationally representative samples of citizens from 150 countries
between 1988 and 2017 (Claassen 2020a). The selection of items was based on their prior use
in research on democratic support. In total, 10 types of items were selected, including support
for forms of government other than democracy and assessment of the suitability of democracy
for one’s country. Each project contributed from one to seven items. This analysis relied on
the group-level modeling approach with dichotomized items. The following sections use this

research as an illustration.

CONCEPTUAL ISSUES
As previously mentioned, mass public-opinion models provide great opportunities. Yet, using
these models comes with conceptual challenges. First, there is an inherent tension between

maximizing country—year coverage and ensuring measurement validity. When constructing

2 References to other applications are in the online appendix.
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measures—whether to capture individual- or aggregated-level characteristics—the content of
the construct must be considered carefully (Wilson 2023). Crucially, we must establish the
conditions for something to be defined as “support for democracy” and, based on these
conditions, identify distinct theoretical attributes that will be linked to the items. In developing
these attributes, the issue of differentiation must be addressed—that is, how distinct the
attributes of the construct are from those of other closely related constructs (Gerring 1999). If
the attributes overlap substantially, it becomes difficult—if not impossible—to distinguish the
resulting measures. Wholly operationalizing the substantive content of the construct is related
directly to content validity (Jackman 2009). Attributes with linked items that enable
differentiation between the construct (and its measure) and other similar constructs (and their
measures) are key to establishing divergent validity. That is, it is a situation in which the
correlation between measures of distinct constructs is low enough to support the claim that the
measures are assessing different constructs (Ronkko and Cho 2022).

The current practice apparently favors maximizing country—year coverage at the
expense of measurement validity. Validation frequently is reduced to nomological validation,
in which measures are assessed by correlating them with variables representing other
constructs. The goal is to verify whether the observed sign and magnitude align with well-
established expectations derived from theories involving the construct of interest and related
constructs (Adcock and Collier 2001). Although these correlations may provide preliminary
evidence of validity, they cannot substitute the previous conceptual steps. In practice, two
similar yet distinct constructs often yield similar correlation patterns, making it impossible to
determine for which construct the correlations provide validity evidence.

Second, this coverage-maximizing approach is based on the premise that constructs
are universally comparable across countries and over time. This assumption may stem from

the fact that some models (Claassen 2019; Solt 2020) allow for country-specific deviations in
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item parameters (an issue discussed in the next section), thereby mitigating some of the
negative consequences of measurement non-invariance. However, this does not address the
broader question of whether the constructs can be compared meaningfully across diverse
contexts without resorting to conceptual stretching (Sartori 1970; see also De Sio, Katsanidou,
and Borghetto 2026). Although this question is not new, it becomes particularly pressing when
models are used to make comparisons on an unprecedented scale, often spanning more than
100 countries and 30-plus years.

Sartori (1970) argued that rather than stretching concepts whose meanings are tied to a
specific set of attributes and cases, we may need to “climb the ladder of abstraction” (or
generality; see Collier and Mahon 1993). This involves selecting more general concepts, with
a reduced set of properties, to enable analysis in more countries and time periods (Sartori
1970). Similar insights recently echoed in the psychological literature, which emphasizes the
need to establish theoretical comparability before statistical tests because the latter cannot
ensure the former (Fischer et al. 2023; Fischer and Rudnev 2024). It is important to note that
climbing the ladder of abstraction to ensure theoretical comparability should not be dismissed
as mere semantic refinement. It is necessary because the theoretical processes and
mechanisms that underly one construct might differ fundamentally from those that underly
another more general construct (Fischer and Rudnev 2024). For instance, the causes of
support for political systems more broadly may not fully overlap with or carry the same

weight as those that underlie support for democracy.

STATISTICAL ISSUES
The second category of issues concerns the assumptions that underly the latent trend models
and the challenges of making inferences based on the resulting estimates. All of the models

discussed in this analysis originate from the IRT family and rely on several assumptions, of
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which the dimensionality and conditional (or local) independence assumptions are
fundamental (Embretson and Reise 2000). The dimensionality assumption implies that item
responses are driven by one or more latent variables, whereas conditional independence
stipulates that—conditional on the latent variable(s)—item responses are statistically
independent (De Ayala 2022). In applied research, dimensionality sometimes is reduced to a
unidimensionality assumption—namely, that covariance among items is driven by a single
latent variable (Ip 2010). This assumption should be understood as a modeling choice,
typically motivated by considerations of parsimony, data availability, and computational
resources. In practice, unidimensionality and local independence often are violated, but such
violations do not necessarily render useless models that are affected by them. Rather, their
implications for inference depend on the severity of the violations (De Ayala 2022), and
unidimensional models with approximate local independence still can provide useful and
interpretable summaries of latent trends.

In the Bayesian framework, violations of the conditional-independence assumption—
which may be indicative of issues with unidimensionality (Yen 1993)—can be investigated by
comparing observed data with posterior predictive data for item pairs, using odds ratios or
correlation residuals as discrepancy measures (Fox 2010). This, however, is possible only
when working with individual-level data because the joint distribution of item responses is
needed to calculate the discrepancy measures.

A different approach—feasible also with group-level IRT models—is to use model
comparison to determine whether multidimensionality is more plausible than assumed
unidimensionality. To implement this approach, a multidimensional factor structure (Berwick

and Caughey 2025)3 can be specified along with a unidimensional model. We then can

% However, this requires justifying multiple factors and conducting validation checks.

https://doi.org/10.33774/apsa-2026-dwm7b ORCID: https://orcid.org/0000-0003-4981-0437 Content not peer-reviewed by APSA. License: CC BY 4.0


https://doi.org/10.33774/apsa-2026-dwm7b
https://orcid.org/0000-0003-4981-0437
https://creativecommons.org/licenses/by/4.0/

compare the model fit using Pareto-smoothed importance sampling leave-one-out cross-
validation and select the better-fitting model (Fujimoto and Falk 2024). Although comparing
model fit cannot fully replace discrepancy measures for investigating local independence
violations, which can arise for various reasons (Fox 2010, 125), it is preferable to no
verification at all.

The second issue pertains to measurement invariance. As mentioned previously, some
models attempt to address invariance by allowing for country-specific deviations in item
parameters: intercepts®. However, allowing deviations only in intercepts assumes constant
slopes across countries, which implies that the items have consistent meanings and equally
strong relationships to the latent factor (Kline 2016). This would mean that, for example,
(observed) support for military rule would be correlated equally strongly with (latent) support
for democracy across countries that have and have not experienced one or the other form of
governance, which is a strong assumption. Therefore, researchers should consider accounting
for country-specific deviations in slopes (De Jong, Steenkamp, and Fox 2007). Not
considering variations in all item parameters can result in underestimating the uncertainty
around country—year trends (Koc and Pokropek 2022). Nevertheless, these adjustments
presuppose fundamental comparability of the latent construct across contexts.

The third issue concerns incorporating uncertainty into explanatory models in which
estimates of latent trends are used as dependent or independent variables. To date, four main
approaches have been proposed. The first approach simply uses the posterior mean, ignoring
uncertainty; however, this can lead to bias and underestimating uncertainty in regression
coefficients (Stoetzer, Zhou, and Steenbergen 2024). The second approach—the composition

method—was popularized in political science by Treier and Jackman (2008) and recently

* For a thorough discussion of this approach, see Warncke and Carlin (2026).
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applied by, among others, Tai, Hu, and Solt (2024) and Kotczynska and Biirkner (2026). The
method is simple to implement but relies on strong assumptions about the ignorability of
covariates in estimating latent trends (Treier and Jackman 2008). The third approach,
discussed by Claassen (2022), is a single-step estimation method similar to Structural
Equation Modeling. The key advantage is that it relaxes the ignorability assumption made by
the composition method; however, it might be difficult to implement because more parameters
must be estimated in one attempt. The fourth approach is the error-in-variable model
(Kotczynska and Biirkner 2021), which provides greater flexibility than the composition
method by enabling explicit modeling of the measurement error (e.g., via covariates). A
promising yet underutilized technique is overimputation (Blackwell, Honaker, and King
2017). Until recently, applying overimputation to customized autoregressive models was
difficult, but recent developments using Integrated Nested Laplace Approximations have
enabled its application to more complex models (Skarstein, Martino, and Muff 2023). Despite
this variety of methods, research comparing their advantages and disadvantages remains
limited (but see Claassen 2022).

The fourth issue concerns making inferences. The purpose of the models discussed
herein is to produce estimates at the country—year-level based on individual-level measures.
These country—year estimates then are related to other group-level characteristics, even if only
for the purpose of validation. If the relationship of interest exists at the individual rather than
the group level, using aggregated group-level data may result in problematic interpretations
that rely on strong ecological assumptions (Berwick and Caughey 2025). For example, if
higher-income countries observe higher average levels of support for democracy than lower-
income countries, it does not necessarily follow that higher-income individuals universally
support democracy more than lower-income individuals—either within countries or overall in

pooled individual-level data. Similarly, a micro-level association between political interest and
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education does not necessarily translate into the same association between country averages.
Therefore, making inferences using country—year estimates is justified when (1) the country-
level aggregation can be defended on theoretical grounds—that is, the construct is
conceptually meaningful as a country-level property; and (2) the relationships of interest are at
the group level. Alternatively, when the primary interest lies in reconstructing individual-level
relationships, additional ecological assumptions or statistical adjustments (Jiang et al. 2020)

should be explicitly incorporated.

CONCLUSION

Models for estimating latent trends in values and attitudes represent an important
methodological advancement, which opens new research avenues including longitudinal
analyses of the macro-level consequences of public opinion that address foundational
questions in political science. Like any method, however, these models must be applied with
careful attention to their assumptions and to the suitability of the available data. This article
highlights opportunities for improving studies of mass public-opinion trends by encouraging
researchers to reflect on the comparability of concepts across countries and over time, to
verify dimensionality and measurement invariance, and to account for measurement
uncertainty in explanatory models.

Research on mass public-opinion trends critically depends on the availability of high-
quality survey data, particularly from cross-national and multi-wave projects that provide
similarly worded items across countries and over time. The quality of survey samples likewise
is crucial for the reliability of resulting estimates; however, some deviations can be mitigated
using techniques such as multilevel regression and post-stratification (Gelman and Little
1997; Park, Gelman, and Bafumi 2004), as applied by Caughey and Warshaw (2015) and

Kotczynska et al. (2024).
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The models discussed in this article are relatively recent, and their statistical
properties—including the consequences of violations of key assumptions—remain
incompletely understood. Future research, particularly simulation studies, is needed to assess
the sensitivity of estimates to departures from measurement invariance and to different
patterns of sparsity in item—country—year coverage, such as items asked only in selected
countries. Such research is essential for developing more concrete and robust guidelines for

rigorous research on latent trends in mass public opinion.
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Appendix

Applications
In this section, we list several political science studies, in chronological order, that have
analyzed latent trends in public opinion. Although not exhaustive, the list provides an overview

of the themes addressed and the opportunities created by this research strategy.

Anthony J. McGann. 2014. “Estimating the Political Center from Aggregate Data: An Item
Response Theory Alternative to the Stimson Dyad Ratios Algorithm.” Political Analysis
22(1): 115-129.

Devin Caughey and Christopher Warshaw. 2018. “Policy Preferences and Policy Change:
Dynamic Responsiveness in the American States, 1936-2014.” American Political Science
Review 112(2): 249-266.

Devin Caughey, Tom O’Grady, and Christopher Warshaw. 2019. “Policy Ideology in European
Mass Publics, 1981-2016.” American Politcal Science Review 113(3): 674-693.

Parrish Bergquist and Christopher Warshaw. 2019. “Does Global Warming Increase Public
Concern about Climate Change?” The Journal of Politics 8 (2): 686-691.

Christopher Claassen. 2020a. “Does Public Support Help Democracy Survive?” American
Journal of Political Science 64(1): 118-134.

Christopher Claassen. 2020b. “In the Mood for Democracy? Democratic Support as
Thermostatic Opinion.” American Political Science Review 114(1): 36-53.

Christopher Claassen and Lauren McLaren. 2022. “Does Immigration Produce a Public
Backlash or Public Acceptance? Time-Series, Cross-Sectional Evidence from Thirty
European Democracies.” British Journal of Political Science 52(3): 1013-1031.

Byung-Deuk Woo, Lindsey A. Goldberg, and Frederick Solt. 2023. “Public Gender
Egalitarianism: A Dataset of Dynamic Comparative Public Opinion toward Egalitarian
Gender Roles in the Public Sphere.” British Journal of Political Science 53(2): 766-775.

Marta Koltczynska, Paul-Christian Biirkner, Lauren Kennedy, and Aki Vehtari. 2024. “Modeling
Public Opinion Over Time and Space: Trust in State Institutions in Europe, 1989-2019.”
Survey Research Methods 18(1): 1-19.

Chengyuan Ji, Junyan Jiang, and Yujin Zhang. 2024. “Political trust and government
performance in the time of COVID-19.” World Development 176:106499.
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Marta Kotczynska and Paul-Christian Biirkner. 2025. Does political trust strengthen
democracy? Accessed September 2, 2025. https://osf.i0/wdShp v2.

Viktor Valgardsson et al. 2025. “A Crisis of Political Trust? Global Trends in Institutional Trust
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democracy? A cross-national longitudinal analysis.” International Political Science Review.
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Software

The political science applications of latent trend models to estimating trajectories of public
opinion rely on Stan, a probabilistic programming language for Bayesian data analysis, typically
via Rstan or cmdstanr interfaces to R. Some studies use the R package brms, which enables

users to use Stan using a user-friendly formula syntax rather than Stan code.

Paul-Christian Biirkner. 2017. “brms: An R Package for Bayesian Multilevel Models Using
Stan.” Journal of Statistical Software 80(1): 1-28.

Paul-Christian Biirkner. 2018. “Advanced Bayesian Multilevel Modeling with the R Package
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Paul-Christian Biirkner. 2021. “Bayesian Item Response Modeling in R with brms and Stan.”
Journal of Statistical Software 100(5): 1-54

Jonah Gabry et al. 2025. cmdstanr: R Interface to 'CmdStan’. R package version 0.9.0,
https://discourse.mcstan.org.

R Core Team. 2025. R: A Language and Environment for Statistical Computing. Vienna,
Austria: R Foundation for Statistical Computing.

Stan Development Team. 2025. RStan: the R interface to Stan. R package version 2.32.7.
https://mc-stan.org/.
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