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Abstract

We model attitude stability and constraint, using a dynamic discrete choice framework for multiple
attitudes, to identify influential attitudes within attitude systems. Its value-added includes insights about
different sources of (in)stability, the direction of causation between attitudes, and their relative degree of
influence; capturing time-invariant individual traits with a multiple factor structure; and addressing the
ordinal nature of attitudinal measures, together with heterogeneity in time intervals between interviews,
across waves, and people. We examine five core political attitudes concerning how people view the political
world and their role in it. Most of their variance reflects infrequently-changing individual characteristics
and time-specific effects. Permanent heterogeneity plays a modest role. External efficacy is most influential
concerning evaluations of the external political world, while internal efficacy is influential for views on
one’s role in politics. Another application examines the role of ideological and party identification on
attitudes toward government spending and immigration. The attitudes form a weakly constrained attitude
system. Party identification is themost influential, through spillovers to ideological identification. Party and
ideological identifications are stable, time-invariant traits explaining most of their variance, with transitory
shocks that hint at measurement error and/or expressive responding. Issue attitudes are unstable, driven
mainly by transitory shocks.
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1. Introduction

We develop a model of stability and constraint between multiple attitudes, measured on ordinal scales.
We are motivated by the fact that attitude stability and constraint with related attitudes are two of the
three factors, together with influence on other newly formed attitudes, which are used to assess an
attitude’s degree of crystallization (Sears and Funk 1999).1 Understanding whether political attitudes
are stable is essential for the study of public opinion, participatory behavior, and how people relate to
politics more broadly.

Stability is an attitude’s resistance to the effects of change-inducing shocks (Erber, Hodges, and
Wilson 1995).We conceptualize attitude stability as arising from the interplay of the resistance to change
and the pressures to change (Sears 1983). An attitude’s stability is indicative of its strength (Prislin 1996)
and of how well it predicts other attitudes and behaviors (Glasman and Albarracín 2006). Constraint
between attitudes refers to the extent to which a change in one necessitates compensating changes in
closely related but distinct attitudes (Converse 1964). It is one metric for the attitude’s influence. The

1Crystallized attitudes are resistant to change and have greater influence on cognition and behavior. They impact informa-
tion seeking and processing and act as predispositions toward new attitude objects (Sears and Funk 1999).
©The Author(s), 2026. Published by Cambridge University Press on behalf of The Society for Political Methodology.
This is an Open Access article, distributed under the terms of the Creative Commons Attribution licence (https://creativecommons.org/
licenses/by/4.0), which permits unrestricted re-use, distribution and reproduction, provided the original article is properly cited.
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degree of constraint among a group of attitudes speaks to whether they form a constrained attitude
system. We define an attitude system as an arrangement of related attitudes that are functionally interde-
pendent.2 The stability of individual attitudes and the constraint between theoretically related attitudes
together capture the degree to which people hold meaningful political attitudes (Converse 1964).

We employ dynamic discrete choice methods to model the joint evolution of attitudes as reflect-
ing: observed covariates and controls, e.g., demographics, permanent, multidimensional unobserved
heterogeneity, wave- or time-specific effects, and shocks disciplined by a flexible covariance structure,
allowing for both persistence of shocks over time as well as spillovers between attitudes.

“Shocks” or “errors” capture variance of all unobserved model components. In keeping with the idea
of a dynamic attitude system, the process of attitudinal change proceeds as follows: 1) an equilibrium is
maintained in the system; 2) a shock causes a change in one attitude; and 3) this change then triggers a
chain of shock spillovers to functionally interdependent attitudes in the system.

We assume that every period, every attitude is perturbed by a shock of its own, which we call “own
shocks.” For identification, we assume that shocks are not contemporaneously correlated across attitudes
but allow shocks to impact the shocks to other attitudes in subsequent time periods without further
restrictions. We call these correlations of shocks over time “spillover effects” or “shock spillovers.” Since
the triggering shock occurs one period before subsequent spillovers, this restriction identifies the causal
direction of attitude change within the system.

Critically, our model handles the ordered, discrete nature of attitudes’ measurement scales. To the
best of our knowledge, there is no off-the-shelf statistical software or package that allows the joint
determination of ordinal variables with shocks correlated over outcomes and over time.3 Compared to
prior approaches, our model captures more fully the data-generating process by incorporating a wide
array of sources of attitudinal variance and by accounting for the joint determination of attitudes that
theory describes as related.

We present two analytic approaches. First, variance decomposition characterizes the stability of an
attitude via the proportion of variance explained by each model component.The greater the proportion
attributable to time-invariant, person-specific effects and infrequently-changing explanatory variables,
the higher is its inherent stability.

Our second analytical approach consists of estimating the size, direction, and persistence of shock
spillovers between theoretically related attitudes. It quantifies each attitude’s susceptibility or resistance
to spillovers fromother attitudes, providing insights into the degree towhich the studied attitudes reflect
an overarching attitude system and their relative degree of influence (Freeder, Lenz, and Turney 2019).
Examining the constraint between attitudes informs theories about why people hold the bundles of
attitudes that they do. For example, this provides an avenue for testing the theory of Lenz (2012), arguing
that support for a candidate structures policy attitudes.4

We describe two applications using the British Election Study Internet Panel (BESIP) and the U.S.
General Social Survey (GSS). From BESIP, we examine five attitudes used to predict political behavior:
the sense of civic duty to vote, people’s trust inMembers of Parliament, internal political efficacy, external
political efficacy, and satisfaction with how democracy is working in the UK.We focus on these because
of their importance in the literature, because they are theoretically and empirically related, and because
they are likely influenced by the same pressures to change (e.g., corruption scandals and referendums).
We expect these attitudes to be part of a dynamic attitude system, based on their well-documented
association and their moderating effect on each other.

2We mirror the definition of Converse (1964), for attitudes rather than beliefs.
3Methods-wise, relevant models include Hausman, Lo, andMacKinlay (1992), who estimate ordered probits including lags

of the outcome as explanatory variables but do not handle properly the implied dependence, and Varin and Czado (2010) and
Müller and Czado (2005) who report ordered probits with AR(1) errors, employing Markov Chain Monte Carlo methods.

4If Lenz (2012) is correct, candidate support should be stable to both own shock and spillovers from shocks to policy
attitudes. A larger share of its variance would be explained by time-invariant, person-specific effects and infrequently changing
observables.These factors would explain less of the variance in policy attitudes, whichwould be less stable to own shocks, while
spillovers from shocks to candidate support would be more enduring.
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We preview several results: first, we find that all attitudes are stable; second, we identify two
attitude systems, one capturing how people see their role in politics, and another on how they evaluate
the external political world; and third, we document a limited role for time-invariant unobserved
heterogeneity in explaining civic duty to vote and trust in MPs. Internal efficacy has far more influence
on civic duty than vice versa, suggesting that it is relatively important in how people see their role in
politics.The second attitude system, how people evaluate the external political world, is less constrained,
with the three attitudes exerting minimal to moderate influence on each other.

The GSS application examines ideological identification, party identification, and attitudes toward
immigrants, military spending, welfare spending, and environmental spending. We expect these
attitudes to be related, given work showing the growing influence of party identification on ideological
identification, and the many studies on the influence of symbolic identities on issue attitudes. Both
ideological and party identification are fairly stable, with a substantial share of their variance explained
by time-invariant individual traits. Transitory shocks suggest measurement error and/or expressive
responding. The four issue positions are unstable. Transitory own shocks account for most of the
variance in issue attitudes, hinting at attitudinal instability caused by frequently-changing consideration
pools (Zaller and Feldman 1992), random measurement error, and differential item functioning of
survey instruments. This instability raises questions about the extent to which members of the public
hold true attitudes about these issues. Even if shocks reflect only changing consideration pools, the only
source indicative of true attitude change, concerns would remain about how easily the public might be
persuaded and the strength of their held attitudes.

2. Attitude Stability and Constraint

We overview key ideas in the study of attitudes, concerning stability and constraint within attitude
systems. We expand on the comparison with existing methods in Appendix D of the Supplementary
Material, including contrasting our results to reference models.

2.1. Attitude Stability
Work on the stability of political attitudes falls within seven broad categories. The first two opera-
tionalize stability as the extent to which respondents maintain their relative position in the distribution,
employing test–retest correlations. A first set of papers computes rank correlations over time for attitudes
measured across sets of two panel waves and interprets correlations as measures of stability (Freeder
et al. 2019). The second approach reports rank correlations for each individual’s attitude across time to
evaluate whether correlations are stable. Focusing on rank correlations stresses the distinction between
attitude changes that are broadly shared across the population and each individual’s relative position.
By focusing exclusively on the latter, this approach does not capture shifts of the entire population
(Green, Palmquist, and Schickler 2002), nor does it decompose variance by sources. Such strategies
do not provide point estimates for stability, making comparisons across attitudes challenging. Examples
include Sears and Funk (1999) and Green et al. (2002).

A third approach involves absolute-agreement intraclass correlation coefficients (ICCs).Thesemeasure
the degree of agreement between measurements made on the same individual in different waves. An
attitude is perfectly stable if individuals report the same score across all waves. This approach considers
both the correlation between variables and systematic differences. However, it does not account for the
ordered discrete nature of measures. Nor does it speak to different sources of attitudinal (in)stability. It
requires balanced panels, precluding the use of all available data.5

A fourth branch of the literature studies whether individuals return to their long-term attitude by
developing a typology of trajectories for attitudes over time, e.g., some who never change their attitude,
while others express persistent changes.The focus is on the share of people whose attitude never changes

5Multilevel mixed-effects models can be used to estimate ICC estimates for unbalanced panels (Chen et al. 2018).
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or returns promptly (Sears and Funk 1999). There is no notion of how far different categories on the
ordinal scale are fromeach other.This risks producing fragile estimates, since the likelihood of providing
the exact same response might depend on the number of response categories. Fewer categories could
increase the probability that respondents report the same attitude across waves and give the impression
that attitudes measured with fewer options are more stable. In contrast, we employ a latent dependent
variable with well-defined units relative to other variables in the model. For us, staying in the same cell
is not critical or special, and has no effect on notions of stability. Instead, the relevant notion is how
much the latent variable changes.6

A fifth approach employs time-series methods, stressing measurement error, for stability at the
population level. Examples include Krosnick (1991) and Feitosa andGalais (2020). Such amodel cannot
address spillovers, ordinal measures, individual-level characteristics, or time-specific factors.

The sixth approach uses linear panel models with autocorrelated shocks.These are the simplest models
that include a rich set of controls and effects. A typical specification is yit = xitβ +λi + δt + uit, with
uit = ρuit−1+εit.This model can only study each attitude in isolation, unable to speak to spillovers and
attitude systems. Still, it does accommodate individual- and time-specific effects, λi and δt , observable
covariates xit , and autoregressive shocks uit . Stability is a statement about the persistence with which
shocks today impact future values of the attitude, governed by the ρ coefficient.

Finally, another extension of linear panels is the linear dynamic panel model, yit = xitβ +λi + δt +
ρyit−1+εit (Green and Palmquist 1994; Prior 2010). This model’s distinguishing feature is the inclusion
of a lag as a right-hand-side variable; its ρ coefficient reflects the impact of past variables on the
attitude. Including lags raises endogeneity concerns, necessitating specific estimators (Arellano and
Bond 1991). Stability is the degree to which past shocks, past individual- and time-specific effects, and
past observables affect the attitude.Thismethod shares all the aforementioned limitations of linear panel
models.

Against this background, we address the joint determination of attitudes, differentiating between
own shocks and spillovers from related attitudes. This improves over the time series approach and
linear panel models, which are silent on spillovers. The test–retest, ICC, and “typology” approaches
do not quantify the effects of shocks, including measurement error. For us, own shocks capture
(1) random measurement error, defined as the i.i.d. portion of the error term, (2) consideration pool
randomness related to true latent attitudinal change7 (Zaller and Feldman 1992), and (3) differential
item functioning, differences in how individuals convert their latent attitude to survey question
responses (Aldrich and McKelvey 1977; Brady 1985; Simas 2018).8 Also different, we model time-
invariant differences between individuals flexibly, with a multidimensional random effect.9 Moreover,
we tackle the ordinal10 nature of survey measures and treat explicitly the fact that the time between
interviews varies across waves.

6The inclusion of more response categories increases the number of estimated parameters, by one per new category.
Since computation costs increase non-linearly in the number of parameters, the numerical burden increases more than
proportionally, but remains modest relative to the benefit of properly handling ordinal variables.

7Consideration pool randomness can capture temporary motivated/expressive responding due to salient events or the
respondent’s own reaction to the interview process, like social desirability concerns and associated emotions.

8The literature made progress on understanding time-varying measurement error and differential item functioning, e.g.,
the interactions between respondent’s race, racial consciousness, and interviewer race (Davis 1997), conversational versus
standardized interviewing (Schober and Conrad 1997), reminding respondents of previous answers (Pankowska et al. 2021),
and the nature of the measured attitude (Dahlgaard et al. 2019; Moore and Welniak 2000). However, disentangling latent
attitude change from time-varying differential item functioning and random measurement error remains challenging.

9This approach to heterogeneity captures the effect of individual traits related to the attitudes, e.g., genes, personality, but
also permanent differences in how individuals translate their latent attitudes to survey response options. These permanent
differences between individuals could be disentangled by allowing the thresholds mapping latent to observed variables to vary
across individuals, and test for significant individual differences. We report findings from tests for heterogeneity as part of our
applications.

10See Appendix A.6 of the Supplementary Material for the importance of accounting for the nonlinearity of ordinal
dependent variables.
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2.2. Constraint within Attitude Systems
The approaches above are silent on the constraint of multiple attitudes. Modeling attitudes jointly
allows us to estimate the level of constraint between attitude pairs and the way shocks to one impact
each of the others. Our approach identifies groups of attitudes that form attitude systems and the
relative influence of attitudes within them. We operationalize an attitude’s influence as the proportion
of “spillover variance”11 in other attitudes explained by its spillovers.

Our framework improves over calculating correlations between attitudes at various points in time
(Sears and Funk 1999) because we model explicitly the processes through which shocks to one attitude
influence others, accounting for multiple sources of variation. Traditionally, a pair of attitudes is con-
sidered as constraining each other if they maintain a relatively high correlation over time. Correlations
recover the strength and direction of a linear association, regardless of the nature and source of changes.
They do not adjust for confounders that might contribute to observed constraint, or lack thereof.
Correlation-based approaches do not handle missing data well, often employing listwise or pairwise
deletion as necessary. We consider multiple sources of attitudinal change across time and individuals,
which can affect all attitudes in the system.

3. A Dynamic Discrete Choice Approach

We introduce a dynamic panel model for multiple attitudes. Attitudes are latent, observed imprecisely,
via the Likert scales of survey questions.The textbookmodel closest to ours is ordered probit.We depart
from it in threemajor ways: we studymultiple dependent variables jointly; we employ a rich structure of
heterogeneity and shocks, to capture interactions over time and across attitudes; and we accommodate
unequal time between survey interviews.

We model attitudes as reflecting: 1) observed covariates and controls, e.g., demographics, 2) perma-
nent, multidimensional, unobserved heterogeneity, 3) time-specific effects, and 4) shocks with a flexible
covariance structure, allowing both persistence and spillovers. We capture time-invariant unobserved
heterogeneity via amultivariate random effect: attitudes load on two uncorrelated normal factors (Dean
et al. 2015). This is flexible enough to uncover a rich heterogeneity in the population, permanent
differences in attitudes toward politics and government.

We showcase results in several ways: we discuss coefficient estimates directly, e.g., the impact of
age on civic duty; we report variance decompositions, how much of the observed variation in survey
answers, across time andbetween people, is accounted for by each ofmodel component; andwe illustrate
attitudinal dynamics via impulse response functions (IRFs) and correlational heatmaps.

3.1. The Model
y∗ijt is a latent variable associatedwith the ordered variable yijt , where i= 1, . . . ,n indexes people, j= 1, . . . ,J
dependent variables (attitudes), and t = 1, . . . ,T time.The observed data are [({yijt}Jj=1 , xit)

T

t=1
]n
i=1

. xit is

a vector of observed, exogenous variables affecting y∗ijt . In words, for each person and each time period,
we observe a set of explanatory variables xit and a set of answers to the attitudes questions yijt . Wemodel
each latent attitude j as

y∗ijt = xit βj+δjt +
M
∑
m=1

λjm eim+uijt, (1)

where δjt is a time- and-attitude-specific fixed effect, eim are unobserved time-invariant person-specific
factors, and the uijt shocks are jointly distributed.

11We define “spillover variance” as the portion of an attitude’s variance that is explained by shock spillovers from changes
in other attitudes.
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There areM uncorrelated factors {eim}Mm=1, factorm for individual i, and attitudes load on themusing
theλjm coefficients, equivalent to amultivariate normal randomeffect. SettingM = 2 in both applications
is flexible enough to capture substantial permanent attitudinal variation across the population. The
inclusion of the factor loadings λjm means that the permanent person-specific effects can be correlated.

We employ a flexible shock structure.Denote byuit the shocks to individual i at time t across attitudes,
i.e., uit = (ui1t,ui2t, . . . ,uiJt)′. Let ui be all the shocks experienced by individual i for all attitudes and all
time periods, i.e., ui = (ui1,ui2, . . . ,uiT)′. Each individual’s shocks are distributed, ui ∼ iidN (0,Ωu

i ).
The covariance matrixΩu

i is of size JT×JT, and we fix allΩu
ittjj = 1, an assumption that normalizes units,

common to all ordered discrete models.
The time between interviews varies across waves and people, making it inappropriate to assume that

Ωu
i is constant across individuals. We specifyΩu

i as

Ωu
i =
⎛⎜⎜⎜⎜⎜⎝

I Υi12 Υi13 . . . Υi1T
Υi12 I Υi23 . . . Υi2T
Υi13 Υi23 I . . . Υi3T
⋮ ⋮ ⋮ ⋱ ⋮

Υi1T Υi2T Υi3T . . . I

⎞⎟⎟⎟⎟⎟⎠
, (2)

where the blocks on themain diagonal are identitymatrices. All blocks are J×J. Define ρjk as the effect of
uijt on uikt′ for t′ equal to some time after t, and model the jk-element of Υitt′ as Υ jk

itt′ = sign(ρjk)∣ρjk∣dtt′ ,
with dtt′ the time between t and t′.12 This adjustsΩu

i across people and waves.
y∗ijt is latent. It translates to the discrete choices in the data through

yijt = k, if and only if τkj < y∗ijt ≤ τk+1j,
i.e., individual i chooses option k in response to survey question j in period t if and only if the latent
attitude falls within an interval specific to option k. The probability that the individual reports yijt = k is
the probability that y∗ijt is between τkj and τk+1j.

We use maximum simulated likelihood for estimation (Börsch-Supan and Hajivassiliou 1993; Stern
1997). We relegate our model’s estimation and implementation to Appendix A.1 of the Supplementary
Material, including conditions for stationarity, data requirements, and computation time requirements.

3.2. Identification
To disentangle the joint evolution of attitudes and provide a causal interpretation, further identifying
assumptions are necessary. Our model nests a (structural) vector autoregressive specification for shocks.
Multiple identification schemes for such structures are available (Kilian andLütkepohl 2017).We choose
to achieve identification by restricting shocks to be uncorrelated contemporaneously across attitudes.
We do allow, though, unrestricted spillovers across attitudes with a lag. This restriction is implemented
through the imposition of identitymatrices for themain diagonal of Equation (2). In practice, thismeans
that we do not allow attitudes to exhibit contemporaneously correlated shocks, but that, following a
shock to an attitude today, other attitudes’ shocks can respond, either positively or negatively, after at
least one time period. The lack of contemporaneous correlation in shocks is, in part, mitigated by the
correlation in the unobserved time-invariant person-specific effects, which captures the time-invariant
component of the correlation between shocks.

Other identifying schemes are possible. For example, if we hold strong, theory-informed prior beliefs
that shocks to one attitude should impact a certain other attitude contemporaneously, and not vice versa,
we could employ a “lower triangular,” Cholesky scheme, where the ordering of attitudes determines
which attitudes can spill over immediately to others. We lack such strong priors and therefore find

12We can express time in any units, for both display and estimation. We use months because of the time between interviews
in the BESIP. The parameter estimates adjust appropriately to the units chosen. When dtt′ is an integer, Υ jk

itt′ simplifies to the
correlation between two observations exactly dtt′ months apart. Otherwise, it is an appropriate interpolation.
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our assumption most appropriate for our applications. Alternative schemes would require appropriate
alterations of the covariance in Equation (2) and little or no changes to the rest of the model.

3.3. Model Analytics and Visualization
We report all coefficient estimates for both applications in theAppendices B andC of the Supplementary
Material, but results are better showcased via more concise summaries and figures. In Appendix A.3 of
the Supplementary Material, we detail the implementation of variance decomposition, which computes
the contribution of each model component to the variation of attitudes in the data. For example, we
report how much of the variation in Trust in MPs, in the BESIP, is due to variation across permanent
unobserved individual effects, versus how much of it comes from time-specific effects capturing key
events in the UK. Appendix A.4 of the Supplementary Material describes IRFs, a standard way to
visualize the dynamics of interrelated shocks over time (Kilian and Lütkepohl 2017). We plot the
evolution of multiple attitudes following a one-time shock to one of them, allowing visual inspection of
the persistence of shocks and the spillovers that characterize attitude systems.

3.4. Heterogeneous Effects
Appendix A.5 of the SupplementaryMaterial tackles the possibility that effects are heterogeneous across
subpopulations or subsamples. We implement Lagrange multiplier tests for both applications, which
allows us to evaluatewhether coefficients vary across subgroups, at low computational cost. For example,
we reject the null hypothesis that coefficients are the same pre- and post-Brexit.

4. An Application to Core Political Attitudes

We use the BESIP (Fieldhouse et al. 2024a,b) to assess the stability and constraint between five attitudes:
the sense of civic duty to vote, people’s trust inMembers of Parliament, internal political efficacy, external
political efficacy, and satisfaction with how democracy is working in the UK. Appendix B.3 of the
Supplementary Material discusses our rationale for examining these particular attitudes. BESIP is close
to an ideal dataset as individuals are surveyed repeatedly and relatively frequently. We use a sample of
484,616 observations over 15 waves, 2014–2019,13 a turbulent time for political attitudes: three general
elections, six sets of local elections, two E.U. elections, two referendums, including “Brexit” in 2016, and
two changes to the ruling party’s leadership.14

We characterize stability in terms of the half-life of shocks, the time it takes an attitude to revert
halfway to the individual’s average level following a shock. All attitudes have half-life estimates below
five weeks, meaning that any unexpectedly stronger or weaker attitude returns quickly to the person’s
baseline level. We find unexplained deviations to be short-lived and the transmission of shocks across
attitudes generally small, with a much bigger role for wave-specific effects and infrequently-changing
demographic characteristics, like age, party affiliation, or education. In short, people exhibit permanent
level differences in their political attitudes, much of which is explained by infrequently changing
observed characteristics. Time-specific effects, which shift everyone’s attitudes equally, play a notable
role too, which is to be expected given two high-stakes referendums and several scandals during our
sample (Anderson and Tverdova 2003; Banducci and Karp 2003; Bowler and Karp 2004; Feitosa 2020;
Galais and Blais 2016; Hansen and Pedersen 2014; Kim 2021; Mendelsohn and Cutler 2000; Schuck
et al. 2013). We find a meaningful but limited scope for permanent differences across individuals,
time-invariant unobserved heterogeneity, in particular, for Trust in MPs and Civic Duty to Vote.
Drawing on previous research and the timeline of significant political events outlined in Table B1 in

13We stopped in 2019 to avoid any possible anomalous estimates due to the inclusion of post-COVID data. We find the
question of how the COVID-19 pandemic affected attitudes to be of great importance. Still, it likely requires an extensive
treatment in terms of model extensions and alternative specifications, which we did not pursue at this time.

14This study period does not cover a change in Parliamentary majority.
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Table 1. BESIP—Waves used for attitudes.

Number

Attitude of waves Waves

Duty to Vote 12 1, 2, 3, 4, 6, 7, 8, 12, 14, 15, 17, 18

Satisfaction with Democracy 15 1, 2, 3, 4, 6, 7, 8, 9, 10, 11, 13, 15, 16, 17, 19

Trust in MPs 15 1, 2, 3, 4, 6, 7, 8, 9, 10, 12, 15, 16, 17, 18, 19

Internal Efficacy 13 1, 2, 3, 4, 6, 7, 8, 9, 10, 11, 15, 16, 17

External Efficacy 13 1, 2, 3, 4, 6, 7, 8, 9, 10, 11, 15, 16, 17

Figure 1. BESIP—Timeline of data collection and key elections.

the Supplementary Material, we comment in Appendix B.9 of the Supplementary Material on possible
sources of wave-specific effects and own shocks, to gain further insights into the factors influencing the
stability of these attitudes.

BESIP Data: Due to attrition and missing data, we use only between 12 and 15 out of the 19
waves for each attitude. Table 1 lists the waves used and Appendix B.4 of the Supplementary Material
discusses BESIP’s strategies to manage panel attrition and conditioning. The resulting subset captures
86,816 respondents interviewed 5.5 times on average, ample opportunity to observe repeatedly a large
respondent pool.The sample covers multiple noteworthy developments associated by theory to changes
in attitudes. Figure 1 illustrates the timing of waves and proximity to key events. A “+” marks the
beginning of each wave, while “×” marks the end. The wave number is noted below each “+.” Events
are marked using vertical lines. Controversial scandals are not plotted, but are listed in Table B1 in the
Supplementary Material.

Findings: Table 2 reports the coefficient estimates for autocorrelations and spillovers across shocks
(e.g., see the heatmap of Figure 2), Table 3 reports the variance decomposition, Table 4 outlines
the relative influence of attitudes, while Table 5 reports the loadings of each attitude on the factors
capturing time-invariant, unobserved heterogeneity. Figure 3 plots impulse responses, illustrating
shocks’ dynamics. Appendix B.7 of the Supplementary Material discusses coefficients on observables,
while other estimates and associated discussion are relegated to Appendices B.8, B.9, and B.10 of the
Supplementary Material.

4.1. Attitude Stability
We evaluate each attitude’s resistance to both own and spillover shocks, the speed with which shocks
decay. We decompose the variance of every attitude into proportions attributable to each model
components. An attitude deemed stable is subject to highly transitory effects, from own and spillover
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Table 2. BESIP—Own persistence (ρjj) and spillover coefficients (ρjk).

Spillover Duty to Satisfaction Trust Internal External

from ↓ to→ Vote with Democracy in MPs Efficacy Efficacy

Duty to Vote 0.195⋆ 0.000 0.000 −0.091⋆ 0.000

(0.006) (0.002) (0.002) (0.004) (0.003)

Satisfaction with Democracy 0.014⋆ 0.341⋆ −0.082⋆ 0.002⋆ −0.051⋆

(0.001) (0.003) (0.002) (0.001) (0.002)

Trust in MPs 0.000 −0.034⋆ 0.133⋆ 0.021⋆ −0.025⋆

(0.000) (0.002) (0.002) (0.001) (0.001)

Internal Efficacy −0.254⋆ −0.070⋆ 0.018⋆ 0.450⋆ 0.010⋆

(0.004) (0.004) (0.004) (0.003) (0.003)

External Efficacy 0.001 −0.098⋆ −0.077⋆ 0.011⋆ 0.525⋆

(0.003) (0.004) (0.003) (0.003) (0.003)

Half life of 0.424 0.644 0.344 0.868 1.076

own shocks in months (0.008) (0.005) (0.003) (0.008) (0.009)

Note: Single-starred items are statistically significant at the 5% level. Standard errors are in parentheses. ρ estimates are
restricted to be between (−1,1) and are reported as monthly effects. Half-life standard errors are computed using the Delta
Method. See the paragraph annotated with footnote 13 for further details.

Table 3. BESIP—Variance decomposition.

Explanatory Time-specific Person-specific Spillover Current own

variables fixed effects random effects effects shock effects Total

Absolute levels

Duty to Vote 1.250 0.855 0.512 1.154 1.000 4.771

Satisfied w/ UK Dem. 5.154 4.998 0.528 1.353 1.000 13.033

Trust MPs 5.107 4.720 1.331 1.079 1.000 13.237

Internal Efficacy 4.425 4.071 0.227 1.734 1.000 11.457

External Efficacy 6.676 6.757 0.533 1.793 1.000 16.759

% in Total

Duty to Vote 26.2% 17.9% 10.7% 24.2% 21.0% 100.0%

Satisfied w/ UK Dem. 39.5% 38.3% 4.1% 10.4% 7.7% 100.0%

Trust MPs 38.6% 35.7% 10.1% 8.2% 7.6% 100.0%

Internal Efficacy 38.6% 35.5% 2.0% 15.1% 8.7% 100.0%

External Efficacy 39.8% 40.3% 3.2% 10.7% 6.0% 100.0%

shocks, and most of its variance is explained by time-invariant individual traits and infrequently-
changing characteristics. The covariance of shocks, detailed in Table 2 and visualized in the heatmap
Figure 2, summarizes the persistence of shocks.

ThePersistence ofOwnShocks:Themaindiagonal of Table 2 reports the autocorrelation of own shocks
to each attitude. For example, the correlation between a shock to Internal Efficacy and the shock one
month later is about 0.45. Note that, because our shocks have unit variance, the covariances in Table 2
are correlations as well. These autocorrelations range from roughly 0.13 for Trust in MPs, the least
persistent, to about 0.53 for External Efficacy, the most persistent. These are highly transitory shocks.
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Table 4. BESIP—Relative attitude influence.

Spillover Duty to Satisf. with Trust Internal External

from ↓ to→ Vote UK Dem. in MPs Efficacy Efficacy

Duty to Vote 36.95% 0.00% 0.00% 3.94% 0.00%

Satisf. w/ UK Dem. 0.19% 88.15% 21.76% 0.00% 0.93%

Trust MPs 0.00% 0.90% 57.68% 0.21% 0.22%

Internal Efficacy 62.86% 3.71% 1.11% 95.79% 0.04%

External Efficacy 0.00% 7.24% 19.45% 0.06% 98.81%

Total 100.00% 100.00% 100.00% 100.00% 100.00%

Note: Columns decompose the variance explained by shock-spillovers, “spillover variance,” by source
attitude. Rows represent the sources of spillovers, one month after their respective own shocks.

Table 5. BESIP—Factor loadings on individual level random effects (λ).

Duty to Satisf. with Trust Internal External

Vote UK Dem. in MPs Efficacy Efficacy

Factor 1 −0.019⋆ −0.724⋆ −1.145⋆ 0.044⋆ −0.730⋆

(0.002) (0.002) (0.003) (0.002) (0.003)

Factor 2 0.716⋆ −0.064⋆ 0.140⋆ 0.474⋆ 0

(0.002) (0.002) (0.002) (0.002) —

Note: Single-starred items are statistically significant at the 5% level. Standard errors are in
parentheses. The factor 2 loading for external efficacy is set to 0 as a normalization.

Another way to interpret autocorrelations uses the half-life implied by ρ coefficients, via hj = − log2
logρjj

.
The half-lives of shocks range from roughly one-third of a month, for Trust in MPs, to about a month,
for External Efficacy. A quarter of the initial shock is expected after twice the half-life length, etc. The
last row of Table 2 reports half-lives, and Delta Method standard errors.15

Figure 3 illustrates shocks via impulse responses. Each panel plots the evolution of all five shocks over
time, following a one-time standard deviation (s.d.) increase in one of them.16 Given our identification
restriction, other shocks do not respond on impact, only the own shock increases by 1. Following
the initial impulse, all shocks are free to react with unrestricted sign. The most transitory shock is
the one to Trust in MPs panel (e). For all practical purposes, the shock reverts to its baseline level
within two months. This is similar for all attitudes, except External Efficacy panel (d), still modestly
elevated five months after the initial impulse. In sum, shocks to latent attitudes are highly transitory; an
idiosyncratically high attitude now is only weakly predictive of a higher value even a few weeks later.

Spillovers: Figure 3 also captures the spillovers of shocks. Using Internal Efficacy as an example, panel
(b), the sequence of events is as follows: in month 0, a shock causes a unit standard deviation (s.d.)
increase in Internal Efficacy. This induces spillovers to the other attitudes, one month later. At the one
month mark, the spillovers are a 0.254 s.d. decrease in Civic Duty, a 0.07 s.d. decrease in Satisfaction
with UK Democracy, a 0.018 s.d. increase in Trust in MPs, and a 0.01 s.d. increase in External Efficacy.
The following month, month 2, there are new spillovers caused by (i) the initial, persistent own shock to
Internal Efficacy and (ii) the spillovers frommonth 1.These dynamics continue indefinitely. In practice,
due to small ρjk estimates, effects become small quickly, indistinguishable from zero within months.

15This expression for the half-life is an approximation, it ignores second-order effects through spillovers feeding back into
the attitude, after two or more months. For our estimates, this approximation is precise.

16For a sense of the magnitudes involved, Table B.4 in the Supplementary Material reports descriptive statistics.
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Figure 2. BESIP—Correlation heatmap of own (∣ρjj ∣) and spillover coefficients (∣ρjk ∣).

Note: Coefficients are reported in absolute value, to ease comparison. Yellow cells denote correlations that are statistically insignif-
icantly different from zero. Darker blue shades correspond to correlations that are larger in absolute value. The rows represent the

source of the spillover effects.

Several takeaways are noteworthy. Spillovers are quantitatively modest, never exceeding ≈ 0.3 s.d.
in absolute value. They are transitory and fade monotonically. Finally, the spillovers reflects underlying
attitude systems. For example, a positive shock to Duty to Vote is associated with a negative response
in Internal Efficacy one month later, and vice versa, consistent with the factor loadings in Table 5,
the permanent individual-level associations between attitudes. We expand on attitude systems in
Section 4.3.

4.2. Variance Decomposition
So far, we discussed aspects of stability captured by the shocks. For a broader account, Table 3 reports
the variance decomposition of Equation (1), in absolute levels and shares of total. Our model attributes
latent y∗ijt variation to several independent sources: infrequently-changing observable explanatory
variables, time-specific effects, person-specific random effects, and shocks, either own or spillovers.
Own shocks have unit variance by assumption, a normalization of the absolute levels, while spillovers
are possible only with a lag, our identification restriction.

Across attitudes, 25% – 40% of variance is due to infrequently-changing observed explanatory
variables. A comparable share comes from time-specific effects, moving everyone’s attitudes together
over time.The person-specific random effect contributes little, under 11%, a modest role for permanent
unobserved heterogeneity across individuals. Shocks capture the rest, of which roughly half from own
shocks. These findings hold across attitudes, with one exception: Duty to Vote is less sensitive to time
effects, and more of its variance comes from shocks with about a quarter from spillovers. This captures
the negative co-movement with Internal Efficacy, in Figure 3, when Internal Efficacy increases, Duty to
Vote decreases slightly afterward.

This decomposition reinforces the conclusion that attitudes are fairly stable at the individual level.
Together, the time-invariant and infrequently-changing components of the model explain between
37% and 49% of the data. We treat the explanatory variables as stable because individuals seldom
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Figure 3. BESIP—Impulse responses.

Note: Impulse response functions plot the dynamics over time of all attitudes, following a unit standard deviation shock to one of the
attitudes, keeping fixed all othermodel components (i.e., observed explanatory variables, time and attitude specific fixed effects, and

the individuals’ random factors).

change education, income bins, or their party affiliation. The person-specific random effects explain
little of the variance and capture permanent, unobserved heterogeneity. Finally, shocks are highly
transitory; any deviation is effectively reverted within two months. On the other hand, one source of
instability is possibly sizable: about a third of the variance is due to time-specific effects, common to all
individuals.
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4.3. Constraint between Attitudes
We examine constraint in terms of spillovers, the relative influence of attitudes, and time-invariant
individual traits.

Attitude Systems:The estimates reveal the presence of two attitude systems, as illustrated by the off-
diagonal elements of Table 2, the correlation heatmap in Figure 2, and the shock spillovers in each panel
of Figure 3. These systems are connected via Internal Efficacy and, to a lesser extent, Satisfaction with
Democracy in the UK.

The first system captures how people view themselves as political actors, it consists of Civic Duty and
Internal Efficacy. A one s.d. increase in Civic Duty results in a 0.09 s.d. decrease in Internal Efficacy, and
this spillover persists for four months. In contrast, increases in Internal Efficacy have a relatively larger
effect on Civic Duty. A 1 s.d. increase in Internal Efficacy causes a 0.25 s.d. decrease in Civic Duty, an
effect of comparable persistence. Importantly, shocks to Civic Duty have no discernible spillovers to the
other remaining three attitudes, while shocks to Internal Efficacy have only weak and short-lived effects.

Another attitude system captures people’s evaluations of the external political world. It consists of
Satisfaction with UK Democracy, External Efficacy, and Trust in MPs. Shocks to any of these result in
decreases in the other two. Spillovers here are small, implying that attitudes are only weakly constrained.
A one s.d. shock to Trust in MPs leads to a 0.025 s.d. decrease in External Efficacy and a 0.034 s.d.
decrease in Satisfaction with UK Democracy. Spillovers from Trust in MPs continue to affect the other
attitudes for about two months. Shocks to Satisfaction with UK Democracy and External Efficacy have
larger and longer-lived spillovers, but even these decay within three months. Shocks from this system
have no effect on Civic Duty and impact Internal Efficacy only weakly.

Relative Influence: Table 4 reports the decomposition of spillover variance, by source. Columns
correspond to the attitudes that receive the spillovers, the rows are the sources. For example, the second
column breaks down Civic Duty’s spillover variance, one month after each row attitude’s own shocks.
The persistent effects of its own shock contribute 37% and effects from Internal Efficacy explains 62.9%.
The rest have no influence. Civic Duty and Internal Efficacy have the strongest influence on each other,
with Internal Efficacy substantially more influential. External Efficacy receives modest spillovers. It is
the most influential of the three attitudes capturing how people evaluate the external political world.

Unobserved Individual-Level Heterogeneity: Table 5 reports factor loadings. Consistent with the
spillovers, Civic Duty and Internal Efficacy both have their highest loading on factor 2, time-invariant
unobserved heterogeneity in how people view themselves as political actors. Both attitudes load in
the same direction: people who tend to feel politically efficacious are also predisposed to believe
that citizens have a duty to vote. The second system, the other three attitudes, loads the highest on
factor 1, unobserved time-invariant heterogeneity in people’s evaluations of the external political world.
Individuals with an innate tendency toward satisfaction with UK democracy are predisposed to higher
levels of external efficacy and trust in MPs.

5. An Application to Symbolic Identifications and Issue Attitudes

We estimate our model on a smaller dataset, in terms of respondents and waves, closer to frequently
used panels. We study party identification, ideological identification, and attitudes about immigration
and government spending. We stress the relationships within and between symbolic identifications and
issue attitudes. All attitudes form a single, weakly-constrained system. Party identification is the most
influential, particularly through its impact on ideological identification. Both symbolic identifications
induce small but statistically significant spillovers to issue attitudes. Party and ideological identifications
are stable, most variance coming from infrequently-changing or time-invariant model components.
The issue attitudes are unstable, explained mainly by transitory shocks. Drawing on prior research, we
comment in Appendix C.3 of the Supplementary Material on changes in respondents’ consideration
pool, differential item functioning, and random measurement error.
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Table 6. GSS—Own persistence and spillover coefficients (ρjk).

Spillover Ideological Military Welfare Number of Environ.

from ↓ to→ identif. spending spending immigrants Party id spending

Ideological id. 0.243⋆ −0.034⋆ −0.032⋆ 0.042⋆ −0.146⋆ −0.102⋆

(0.010) (0.017) (0.016) (0.014) (0.009) (0.012)

Military −0.014 0.503⋆ 0.002 0.016 −0.086⋆ 0.011

(0.015) (0.017) (0.019) (0.020) (0.014) (0.015)

Welfare −0.003 0.030 0.535⋆ 0.009 0.054⋆ −0.156⋆

(0.015) (0.020) (0.018) (0.022) (0.015) (0.017)

Immigrants 0.009 0.008 0.049⋆ 0.435⋆ 0.057⋆ −0.132⋆

(0.012) (0.019) (0.018) (0.013) (0.012) (0.014)

Party id −0.233⋆ −0.080⋆ 0.027 0.039⋆ 0.466⋆ −0.036⋆

(0.011) (0.019) (0.019) (0.016) (0.012) (0.013)

Environment −0.121⋆ 0.006 −0.031 −0.116⋆ 0.000 0.284⋆

(0.016) (0.021) (0.022) (0.024) (0.015) (0.018)

Half-life of own 0.490 1.009 1.109 0.832 0.909 0.550

shocks (months) (0.014) (0.050) (0.060) (0.031) (0.030) (0.028)

Note: Single-starred items are statistically significant at the 5% level. Standard errors are in parentheses. ρ estimates are
restricted to be between (−1,1) and are reported asmonthly effects. Half-life standard errors are computed using the Delta
Method. See the paragraph annotated with footnote 13 for further details.

5.1. GSS Data
The GSS is a full-probability survey of non-institutionalized adults (Davern et al. 2025). We stacked
four rotating panels, to study six attitudes. Appendix C.1 of the Supplementary Material lists the survey
questions, Table C.5 in the Supplementary Material reports descriptive statistics, and Appendix C.2 of
the Supplementary Material summarizes our rationale for examining these attitudes. Appendix C.4 of
the Supplementary Material discusses work examining panel conditioning and attrition for the GSS
rotating panel.

The format of results mirrors the BESIP application. Table 6 compiles estimates of autocorrelations
and spillovers (Figure 4 and 5). Table 7 reports variance decompositions, Table 8 the relative influence
of attitudes, and Table 9 lists factor loadings for permanent unobserved heterogeneity. Figure 5 plots
impulse responses. Remaining estimates are in Appendices C.8 and C.9 of the Supplementary Material.

5.2. Stability and Variance Decomposition
Based on Table 6 and Figure 5, shocks are transitory, with half-lives below 1.1 months. Ideological
identification is the most transitory. Spillovers are modest, ranging from 0.001 to −0.23.

Substantial variation in party (59.5%) and ideological identification (49.6%) are explained by
infrequently-changing observables and permanent, unobserved heterogeneity. This aligns with work
on the important role of permanent characteristics and stable factors, e.g., core values (Alford, Funk,
and Hibbing 2005; Dawes and Fowler 2009; Feldman 2003; Hatemi et al. 2010; Jost 2017; Jost, Nosek,
and Gosling 2008; Kandler, Bleidorn, and Riemann 2012; Niemi and Jennings 1991; Smith et al. 2011).
For both symbolic identifications, own shocks contribute the next highest proportion. Spillovers are
small, and time-specific effects are negligible.
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Table 7. GSS—Variance decomposition.

Explanatory Time-specific Person-specific Current own Spillover

variables fixed effects random effects shock effects effects Total

Absolute levels

Ideological identification 0.056 0.007 1.009 1.000 0.076 2.147

Military spending 0.081 0.012 0.256 1.000 0.230 1.579

Welfare spending 0.067 0.008 0.315 1.000 0.280 1.670

Immigrants 0.115 0.026 0.151 1.000 0.268 1.472

Party identification 0.153 0.008 1.682 1.000 0.240 3.083

Environment spending 0.087 0.044 0.503 1.000 0.088 1.723

% in Total

Ideological identification 2.61% 0.33% 47.00% 46.58% 3.54% 100%

Military spending 5.13% 0.76% 16.21% 63.33% 14.57% 100%

Welfare spending 4.01% 0.48% 18.86% 59.88% 16.77% 100%

Immigrants 7.81% 1.77% 10.26% 67.93% 18.21% 100%

Party identification 4.96% 0.26% 54.56% 32.44% 7.78% 100%

Environment spending 5.05% 2.55% 29.19% 58.04% 5.11% 100%

Table 8. GSS—Relative attitude influence.

Spillover Ideological Military Welfare Number of Party Environ.

from ↓ to→ id spending spending immigrants id spending

Ideological id 46.10% 0.44% 0.36% 0.86% 8.49% 7.71%

Mil. spending 0.16% 96.73% 0.00% 0.12% 2.95% 0.10%

Welfare spending 0.01% 0.36% 98.20% 0.04% 1.15% 18.20%

No. of immigrants 0.07% 0.03% 0.84% 91.66% 1.31% 13.04%

Party id 42.25% 2.44% 0.26% 0.74% 86.11% 0.99%

Environment 11.41% 0.01% 0.34% 6.58% 0.00% 59.96%

Total 100.00% 100.00% 100.00% 100.00% 100.00% 100.00%

Note: Columns decompose the variance explained by spillover-shocks (“spillover variance”) by source attitude. Rows represent
the sources of shock-spillovers one month after their respective own-shocks.

Table 9. GSS—Factor loadings on individual level random effects (λ).

Ideological Military Welfare Increase no. Party Environ.

identif. spending spending of immigrants id. spending

Factor 1 0.727⋆ 0.395⋆ −0.545⋆ −0.352⋆ 0.899⋆ −0.709⋆

(0.015) (0.018) (0.021) (0.017) (0.016) (0.027)

Factor 2 0.693⋆ 0.316⋆ −0.134⋆ −0.164⋆ 0.935⋆

(0.015) (0.018) (0.018) ( 0.0155) (0.018)

Note: Single-starred items are statistically significant at the 5% level. Standard errors are in parentheses. The factor
2 loading for environment spending is set to 0 as a normalization.
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Figure 4. GSS—Correlation heatmap of own (∣ρjj ∣) and spillover coefficients (∣ρjk ∣).

Note: Coefficients are reported in absolute value, to ease comparison. Yellow cells denote correlations that are statistically insignif-
icantly different from zero. Darker blue shades correspond to correlations that are larger in absolute value. The rows represent the

source of the spillover effects.

Issue attitudes are unstable, most variance comes from volatile sources, 65.7% – 81.9%. The one
concerning immigrants is the least stable, while environmental spending is the most stable. Transitory
shocks and spillovers, and the large proportion of variance they explain, 63.2% – 86.1%, suggest
that shocks capture frequently-changing consideration pools (Zaller and Feldman 1992), random
measurement error, and issues of differential item functioning of survey instruments. This puts into
question the extent to which members of the public hold true attitudes about these issues. Even if, in
the best-case scenario, all shocks reflect changing consideration pools, the only source indicative of
true attitude change, the transient nature of the shocks still suggests that the public is either easily and
frequently persuaded by competing arguments or often engages in temporary expressive responding.

5.3. Constraint and Time-Invariant Unobserved Heterogeneity
All attitudes form a single, weakly constrained attitude system. Table 8 decomposes spillover variance.
Party identification is themost influential, particularly, via spillovers to ideological identification, which
explain 42.3% of the spillover variance in ideology, comparable to ideological identification’s own
shocks.This echoes the literature’s emphasis on the increasing association between party and ideological
identification (Abramowitz and Saunders 2006; Halliez andThornton 2021; Levendusky 2009) and the
growing importance of party identification (Bafumi and Shapiro 2009; Bartels 2000). Party identification
has a stronger influence on attitudes toward defense spending than ideological identification, which, in
turn, has a stronger influence on attitudes toward immigration, welfare, and environmental spending.
Issue attitudes have small but meaningful influence on each other, under 19%.

In Table 9, all attitudes except party identification load the strongest on factor 1, which represents
both ideological identity and operational ideology. Given party identification’s sizable influence on
ideological identification and military spending, we treat it as part of the same attitude system.
Attitudes load as expected based on their partisan leaning. Ideological and party identification, coded
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Figure 5. GSS—Impulse responses.

with Conservatives and Republicans scoring higher, load in the same direction as increasing military
spending, an issue historically associated with the Republican Party (Petrocik 1996). The remaining
three issue attitudes, which historically the Democratic party has championed, load in the opposite
direction.

6. Conclusion

Our model opens several avenues for future work. It applies to many settings where multiple ordinal
outcomes are studied with panel data and where questions of stability or co-evolution are salient.
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Methodologically, we provide a toolkit for the study of stability and constraint between attitudes
measured using ordinal scales. It detects attitude systems, informs assessments of stability and influence,
and illustrates attitudinal dynamics following identified shocks. Our results match previous findings,
for example, the measured constraint between party and ideological identifications fits the emphasis
on their growing association (Abramowitz and Saunders 2006; Halliez andThornton 2021; Levendusky
2009), and party identification’s stronger influence (Bafumi and Shapiro 2009; Bartels 2000). We also
report novel substantive findings, e.g., concerning the large role of unobserved permanent heterogene-
ity, and precise quantification of relationships discussed in the literature.

Supplementary Material. For supplementary material accompanying this paper, please visit https://doi.org/10.1017/pan.
2026.10034.

Data Availability Statement. Replication data and code for both applications, together with detailed instructions, can be
found in Harvard Dataverse: https://doi.org/10.7910/DVN/DUCHYS.
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