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Political issue polarization worries scholars and the public
alike. To understand what drives political issue polarization,
longitudinal analyses and cross-national comparative research
are necessary, but difficult to implement using current
measures. We propose a new technique for measuring
political issue polarization which is well suited to longitudinal
and comparative analyses, using a machine learning algorithm
called k-means clustering, which identifies coherent groups
of politically-like-minded citizens from the bottom up.
We analyse the between-cluster separation, within-cluster
cohesion and size parity of the clusters to quantify a society’s
political issue polarization. Using American National Election
Studies data, we find that polarization increased in the USA
from 1988 to 2024, driven by a period of rising separation
between clusters from 2008 to 2020. Using World and
European Values Survey data, we find that across the world,
mass issue polarization is driven primarily by disagreement
over cultural issues, but manifests differently depending
on a society’s level of Human Development Index (HDI),
with lower-HDI countries seeing culturally conservative
clusters account for a majority of citizens, and higher-HDI
countries having more culturally liberal and equally sized
clusters. Different societal-level predictors, including ethnic
fractionalization, wealth inequality and HDI, are associated
with different aspects of polarization.
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1. Introduction
Political polarization is a multi-faceted topic which interests a large multi-disciplinary body of
scholars, spanning political science [1–5], psychology [6–9], philosophy [10–12], economics [13,14],
sociology [15–18], geography [19], environmental science [20], computer science [21] and beyond. It
is also a topic of immense popular concern, with the World Economic Forum [22] naming ‘societal
polarization’ the third-greatest short-term risk facing humanity in 2024, and books about polarization
becoming best-sellers (e.g. [23]). Much research has focused on whether polarization is rising in the
USA [17,24], or has looked at the potential drivers of polarization, considering political [25], economic
[26,27], technological [13,28–30] and institutional factors [31], as well as rational [32] and irrational
aspects of human psychology [4,10,33].

Polarization has a straightforward dictionary definition: ‘division into two sharply distinct
opposites’ (Merriam-Webster [34]);1 it can refer to the fact of something being in a polarized state, or the
act of it becoming so. A major worry is that if democratic societies become divided into camps which
are too different in terms of what they want from government, democratic institutions may erode,
with parties emboldened by their supporters to rewrite rules and norms in order keep opponents from
power [37].

However, the accumulation of scholarly knowledge about polarization is complicated by enormous
heterogeneity regarding what the term is used to refer to. A prominent division is made between
affective polarization, which refers to how much the major political groups within a society dislike
each other [2], and issue polarization, which concerns the level of disagreement over political issues,
either among the public [3,38] or among elites [25]. Even within discussions focused on one of these
sub-types of polarization, confusion can occur due to the numerous different approaches that have
been taken to operationalizing and measuring levels of polarization.

In recent years, promising steps have been taken to develop measures which allow us to perform
meaningful comparative (i.e. comparing different societies) and longitudinal (i.e. tracking trends in the
same society over time) analyses of affective polarization [1,14,39–41] and issue polarization among
elites [42–44]. But while there is a wide range of existing measures of issue polarization among the
public (‘mass issue polarization’), each of these has distinctive limitations involving validity, intuitive-
ness and whether they are well suited to affording comparisons between societies and over time. These
limitations restrict our ability to meaningfully track mass issue polarization trends and identify driving
factors.

A prominent index of mass issue polarization has recently been proposed by the Edelman Trust
Barometer [45], where a country’s level of polarization is based on whether citizens say they think their
country is divided, and whether they think those divisions can be overcome. But these perceptions
do not provide an objective assessment of the extent of political division within a country, particularly
due to the phenomenon of ‘false polarization’, the finding that people consistently over-estimate the
degree of issue separation between members of different political groups [46]. Therefore perceptions of
division may not be informative about genuine mass issue polarization.

Many measures of mass issue polarization utilize data on citizens’ positions towards political issues,
and therefore offer a more objective indication of division, but nevertheless possess other limitations.
For example, Fiorina [24,38] measures polarization by calculating the proportion of respondents who
either say ‘don’t know’ or give a middle-of-the-scale response when asked to give their position on
political issues. They average the proportion of such responses across multiple issues and suggest that
polarization is indicated by a low proportion of these responses. Yet, this arguably conflates the issue
of polarization with extremity—if everyone in a society had the same position on every issue, or very
similar positions, they would very clearly not be polarized, yet they would not necessarily provide a
high proportion of middle-of-the-scale or ‘don’t know’ responses, as everyone may have a relatively
strong, confidently held opinion.

Another approach is to measure the variance in the positions taken across a society towards a
set of issues [27,47,48]. The limitation of this approach is that it does not take into account the multi-
dimensional structure of people’s issue positions. Imagine one society where everyone’s political issue
positions are effectively random—the average variance is likely to be quite high, because for each
issue, the full range of issue positions is taken. But consider another society which is divided into two

1See also similar definitions given in different dictionaries: ‘the act of dividing something, especially something that contains
different people or opinions, into two completely opposing groups’ [35], ‘The accentuation of a difference between two things or
groups; division into two sharply contrasting groups or sets of beliefs or opinions; an instance of this’ [36].
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groups, with everyone in one group slightly disagreeing with a set of issue position statements, and
everyone in the other group slightly agreeing—the average variance may be much lower, because only
two, not-too-distant positions are taken towards each issue. Yet, the society is clearly more polarized
now because there are two groups who consistently disagree with each other across a range of issues,
rather than the unstructured free-for-all of cross-cutting agreements and disagreements of the first
scenario.

Another approach, which is to calculate the bimodality of positions across individual issues [3], has
a similar limitation, because even when we find bimodal distributions for individual issues, we cannot
be sure whether this is because of society-wide polarization between groups who consistently disagree
with each other across the full range of issues, or if citizens are grouped together differently across
issues.

Inter-item correlations across issues can be an insightful metric [16,17], with high correlations taken
to indicate polarization. This data point helps us to understand how opinions are distributed within
societies, and is of clear relevance to mass issue polarization. However, it is somewhat removed
from the view of polarization as division between two groups, as it makes no reference to groups.
Furthermore, theoretically, increased correlations could occur in some cases when more citizens adopt
the same singular ideology if opinions are initially quite randomly distributed, or if three or more
ideological groups form, which might not cause polarization in the form of sharp division between two
groups. There is therefore a need for measures which are concerned with division between two groups
specifically.

Some such measures have been deployed in polarization research, including measures based on
the division between the two major political groups in a society on policy issues (e.g. [3,49–52]). This
research has typically been conducted in the USA, where identifying these groups appears straightfor-
ward: take self-identified Democrats and Republicans, and compare their issue positions. Researchers
have quantified the degree of polarization in terms of the average distance between them across issues
[49–52], and others have looked at the degree of overlap [3].

But using self-identified groups like this has two limitations. For one, there may be a confound of
‘sorting’ when this approach is used to track longitudinal trends [17,53]. Suppose that, over time, the
distribution of political beliefs in a society does not change, but people get better at figuring out which
party’s positions lie closest to their own, and so become more likely to identify with the party nearest to
their preferences. If we then measured the average distance between supporters of the two parties over
time, it would increase (and the degree of overlap decrease), just because there are fewer people who
identify with the ‘wrong’ party as time goes on, meaning polarization appears to increase even though
the underlying distribution of issue positions has not changed.

The second limitation is that outside the USA it is significantly harder to determine which two
political groups to apply the measure to. This is because the USA is a global outlier in having only
two large parties, who are roughly equal in size. Most other democracies have more than two parties,
which differ in size, and may form superordinate groups like blocs and coalitions, and some democra-
cies have only one large party with numerous smaller parties (e.g. South Africa and Japan), whereas
non-democracies may have only one party (e.g. China) or none (e.g. Saudi Arabia). In these cases, it is
difficult, even impossible, to identify the society’s two major political groups. This makes it difficult to
deploy this measure in a comparable way across different countries.

Despite these challenges, we suggest in this article that this broad way of measuring of polariza-
tion—calculating the distance between the two major political groups in a country over political issues
—can be adapted in a way that overcomes these limitations, to provide a clear and intuitive measure of
polarization well suited to longitudinal and comparative analyses. This approach is attractive because
it clearly aligns with the standard definition of polarization by measuring how much a society’s
political groups have become split into ‘two sharply distinct opposites’ in terms of policy preferences.
With a topic as inter-disciplinary and of interest to the general as polarization, it may prove useful to
utilize measures which align with common understandings of the term.

We suggest that rather than operationalizing these groups as political parties, blocs or
movements which participants self-identify as supporting, progress can be made by adapting the
measure to instead operationalize them as statistical ‘clusters’ of people within a country’s political
issue position space, which can be identified from the bottom-up using clustering algorithms. This
avoids the need to use self-identification data, averting the problem with longitudinal analyses
caused by the confound of sorting, as well as avoiding the need to identify two major political
groups prior to analysis, which avoids the problem with comparative analyses caused by the
difficulty of doing this in most countries.
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Specifically, we use the k-means clustering algorithm to split samples of political issue position data
into two clusters of citizens. We then perform some comparisons of the two clusters to estimate the
level of polarization within the country from which the sample was taken. The k-means clustering
algorithm is designed to partition points within continuous multi-dimensional feature spaces into
groups such that the points in the same group are maximally similar, and points in different groups
maximally different, in terms of their Euclidean distance from one another [54], and is there well suited
to identifying coherent sub-groups of similar individuals within multi-dimensional spaces. While
clustering algorithms are not often used in social sciences, they are, for example, increasingly used in
computational psychiatry to group individuals with similar psychiatric and phenotypic profiles [55,56]
to aid diagnosis and treatment.

It is worth noting though that k-means assigns all points to one cluster or another—no individuals
can be ‘left out’. This creates an important qualitative difference between our approach and using
people’s self-identified party affiliations to define a society’s major political groups, as even in the USA,
many people do not self-identify as supporting the Democrats or Republicans, and so would usually
be excluded from analyses of polarization levels. Yet, it is advantageous to capture variation in political
opinion data from these people, rather than throwing it out—a large, apolitical ‘centre’, for instance,
does represent a depolarizing force for society at large.

Once we have found the clusters in a given sample of political opinion data using k-means, we
calculate the average distance between the issue positions of the people in each cluster, a measure
we call ‘Separation’. The more issues the clusters take different positions towards, and the greater the
distance between those positions, the higher this measure will score.

However, this is not the only measure we calculate to inform our analysis of polarization. We
suggest that two other features of the clusters can exacerbate or diminish the level of mass issue
polarization, giving us three facets of polarization we consider.

The second facet of polarization is how ‘spread out’ each cluster is across the issue position space—
in our view, the greater the spread of views within each cluster, the less a society can be said to be
polarized, because there is a greater level of internal disagreement within each political group. We
quantify the degree of spread within clusters using a measure we call ‘Dispersion’, measured as the
average distance between each individual and the centre of their cluster, across issues.

The third facet of polarization is how equally sized the clusters are—in our view, if one cluster
is much larger than the other, then the society, rather than being polarized, has for the most part
coalesced around one set of opinions, which is held by the majority, but with a minority group who are
in dissent. We quantify how equally sized the clusters are using Shannon entropy [57]2 and term the
resulting measure ‘Equality-of-Size’.

Our suggestion that separation between groups needs to be considered within the context of
the Dispersion within the groups and Equality-of-Size is consistent with several prior approaches.
All three are noted as prior measures of inter-group polarization by Bramson et al. [58], with their
‘Group Divergence’ sense of polarization analogous to between-cluster Separation, ‘Group Consensus’
analogous to within-cluster Dispersion, and ‘Size Parity’ analogous to Equality-of-Size. Furthermore,
two sets of authors have previously argued that we should consider these three aspects of polarization,
or close analogues of them, simultaneously when measuring polarization. Esteban & Ray [59, p.824]
proposed that societal polarization was indicated by ‘heterogeneity across groups’, i.e. high between-
cluster Separation, ‘homogeneity within each group’, i.e. low within-cluster Dispersion, and ‘a small
number of significantly sized groups’, which implies that smaller dissenting groups contribute less
towards society being polarized, a logic captured by our Equality-of-Size measure. Bauer [60], in a
review of measures of polarization, posits a ‘general principle’: ‘Polarisation is at a maximum when
individuals cluster in two cells [and] when the two cells represent the endpoints on [the measured
scale(s)] [...]. Polarisation is at a mini[m]um when all individuals cluster in a single cell’ (p. 3), which
points towards groups forming identifiable clusters, i.e. having low within-cluster Dispersion, as well
as groups being far apart, i.e. having high between-cluster Separation, and people not all being in the
same group, i.e. low size inequality between clusters (high Equality-of-Size). Overall, we suggest that
mass issue polarization is greatest when a society can be split into two opinion clusters which are
equally sized and internally cohesive, but far apart from each other. While previous reviews and theory
articles justify this approach [58–60], we go beyond the prior literature by suggesting a method for
identifying the groups required to deploy the measures in practice (k-means), a practical issue which

2Where entropy, H, is given by the formula H = − ∑p(x)logp(x).
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had not previously been solved, and presenting a novel empirical analysis of polarization data using
all three measures.

The purpose of this article then is to introduce our approach to measuring mass issue polarization
using these three facets—Separation, Dispersion and Equality-of-Size—and to demonstrate how it
can be used to shed light on important questions. In both studies, we also perform some additional
analyses to better understand how polarization manifests in the studied samples.

The first question, addressed in Study 1, is whether mass issue polarization has increased in recent
decades in the USA. Some analysts suggest it has [17,49,52] others suggest it has not [3,24,38,61]. Given
the heterogeneity of approaches taken, and noted limitations of previous measures, it is difficult to
resolve this debate. We apply our methodology to American National Election Studies (ANES) data
from 1988 to 2024.

In Study 2, we address the question of which societal, institutional and technological factors are
associated with higher levels of polarization. To address this question properly, comparative analy-
sis across countries which meaningfully differ in terms of these factors is necessary, and since our
approach does not require countries to only have two parties to submit to analysis, it provides
a tractable and intuitive way of measuring mass issue polarization cross-nationally. We study the
association between our three measures of polarization and 14 candidate factors across 114 samples of
World Values Survey (WVS) and European Values Survey (EVS) data taken from 57 countries between
1999 and 2018, and gain some broader contextual insights from a larger sample of 247 samples from
105 countries, from 1999 to 2022.

2. General method
In both studies, we analyse samples of multi-dimensional issue position data from questionnaires
where a sample of participants have been asked to state their positions on numerous political issues.

Our first data pre-processing step is to impute missing or non-applicable values. To find the
clusters, we then standardize the variables using z-scoring, and reduce the resulting dataset to three
dimensions using principal components analysis (PCA). Standardization is a recommended precursor
step to PCA [62], and we use PCA for two reasons. First, dimensionality reduction improves the
power of clustering analyses [63], and second it reduces bias introduced by item selection by map-
ping measured items onto latent ideological dimensions. We use PCA as a standard, simple, and
well-known method for dimensionality reduction. The choice of three dimensions was taken because
in both studies, our issues are grouped into three thematic domains (we also conducted our analyses
after reducing the data to the first two principal components, and without performing any data
reduction before clustering, finding highly correlated polarization scores, all within-study r ≥ 0.995; in
both studies that follow, the choice of dimensionality reduction has no impact on statistical significance
except for one case noted in the text—see footnote 5). We then use k-means to split the sample into
two clusters. We use the Hartigan–Wong k-means algorithm, which performs better than alternatives
in finding global rather than local minima [64]. We specify k = 2, with 1000 random starts, and a
maximum of 100 of iterations.

To calculate Separation and Dispersion we return to the post-imputed dataset and normalize the
variables, such that responses at the theoretical end-points of the scale score 0 or 1, with all other
responses evenly spaced between, and use the resulting dataset without any further standardization or
dimensionality reduction. This is so that the scores will be on a comparable scale across countries and
timepoints. To calculate Separation, we first find the mean position of each cluster on each issue, we
then find the absolute difference between these means for each issue, then we average these absolute
differences. This measure therefore ranges from 0 to 1, and is higher the further apart are the mean
positions of the clusters. Therefore, higher Separation scores indicate higher polarization.

To calculate Dispersion, we first find each person’s residual difference between their position and
the mean position of their cluster for each individual issue, we then find the mean absolute residual
across issues for each individual, and finally average these mean absolute residuals across individuals.
Dispersion therefore ranges from 0 to 1, and is higher when there is more disagreement within clusters.
As such, higher Dispersion scores indicate lower polarization.

To calculate Equality-of-Size we only need look at the proportion of the sample assigned to each
cluster. We randomly assign one cluster to be ‘Cluster 1’ and the other to be ‘Cluster 2’, then apply the
formula Equality-of-Size = P1*log(1/P1) + P2*log(1/P2) (using log base = 2), which is a restatement of
the formula for Shannon entropy, where P1 and P2 are the proportions of the sample in Cluster 1 and
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Cluster 2, respectively. Equality-of-Size therefore also ranges from 0 to 1, and is higher the closer the
clusters come to splitting the population 50:50. As such, higher Equality-of-Size scores indicate higher
polarization. Further information about our methodology can be found in electronic supplementary
material, appendix A, and study-specific details are available in the sections for each study.

All analyses are performed in R [65]. Our scripts and electronic supplementary material
can be found via: https://osf.io/kzd23/?view_only=423559a7c7274c269817978beaa05f18. The electronic
supplementary material and references together contain citations for each dataset used.

3. Study 1
In Study 1, we measure Separation, Dispersion and Equality-of-Size over time in the USA from 1988
to 2024. We also construct two alternative measures of inter-group mass issue polarization to afford a
robust analysis of whether US issue polarization has increased, and perform some further analyses to
explore how polarization manifests at each time point.

3.1. Method
We use 10 waves of data from the ANES. The first nine waves, from 1988 to 2020, come from the ANES
Times Series Cumulative Data File [66], comprising 30 044 observations (minimum n = 1212 per wave,
in 2004); the tenth wave, from 2024, comes from the Time Series Study Preliminary Release [67], using
the n = 4964 who completed both the pre-election and post-election questionnaires (as we require data
from both).

To define our political issue space, we initially long-listed variables that had face validity as
measures of belief about policy-relevant issues. We also enforced a metrical constraint that items must
be measured by a numeric rating or Likert-style scale with at least four levels. Finally, we removed
from the shortlist any item that had over 60% NA responses (missing responses, and any non-standard
response, like ‘don’t know’ or ‘haven’t thought about it much’, were coded NA) in any of the waves.3

This left us with 14 items spread across three domains, shown in table 1.
We use the waves from Presidential election years, with the exception that because four of the

African-American inequality items were missing from 1996 (VCF9039, VCF9040, VCF9041, VCF9042),
we used 1994 instead.

3.1.1. Alternative measures

We also calculate two alternative measures of mass issue polarization, using the same 14 issues,
based on respondents’ self-reported party affiliation and ideology. We use the post-imputation data
normalized onto a 0–1 scale as before, but also with some variables rotated so that higher scores always
indicate a right-wing position; the variables were not standardized and no PCA was conducted. For
each year, we then calculated the following measures:

Separation between Democrats and Republicans. We found the mean absolute distance between the
mean position of self-identified Democrats and Republicans on each issue. Party identities were taken
from participants’ response to the question ‘Generally speaking, do you usually think of yourself as a
Republican, a Democrat, an Independent, or what?’ (VCF0301); those who identified as Independent
but who, when asked the follow-up ‘Do you think of yourself as closer to the Republican or Democratic
party?’, chose one of the parties, were classified as identifying with that party.

Separation between liberals and conservatives. We found the mean absolute distance between the mean
position of self-identified liberals and conservatives on each issue. Ideological identities were taken
from participants’ response to the question ‘We hear a lot of talk these days about liberals and
conservatives. Here is a 7-point scale on which the political views that people might hold are arranged
from extremely liberal to extremely conservative. Where would you place yourself on this scale, or
haven’t you thought much about this?’ (VCF0803), participants who selected any response containing
‘liberal’ were classified as liberal, and any response containing ‘conservative’ as conservative.

3In 2000 and 2004, four of the questions were only given to a randomly selected half of the sample, so this constraint ensured those
questions could be retained. Outside these eight cases, the percentage of NA responses ranges from 0.8% to 20.8% with a median of
10.8%. NA responses were treated as missing and imputed, as discussed in §2.
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3.2. Results

3.2.1. Primary analysis

Our primary analysis concerns how the levels of each facet of polarization have changed from 1988 to
2024. Separation, Dispersion and Equality-of-Size scores for each year are shown in figure 1.

As figure 1 illustrates, Separation increased between 1988 and 2024 by 0.14 scale points, from 0.22 to
0.36 (a 64% increase in percentage terms), while Dispersion and Equality-of-Size effectively remained
constant. Separation did not steadily increase, but rather saw one period of sustained increase from

Table 1. ANES policy items used.

item statement

social domain

abortion (VCF0838) (R) ‘by law, abortion should never be permitted’ (1). ‘The law should permit abortion only in
case of rape, incest, or when the woman’s life is in danger’ (2). ‘The law should permit
abortion for reasons other than rape, incest, or danger to the woman’s life, but only after
the need for the abortion has been clearly established’ (3). ‘By law, a woman should
always be able to obtain an abortion as a matter of personal choice’ (4)

moral flexibility (VCF0852) ‘the world is always changing and we should adjust our view of moral behaviour to those
changes’ (5-point Likert)

traditionalism (VCF0853) (R) ‘this country would have many fewer problems if there were more emphasis on traditional
family ties’ (5-point Likert)

economic domain

health insurance (VCF0806) ‘there should be a government insurance plan’ versus ‘medical expenses should be paid by
individuals’ (7-point scale)

guaranteed job and income
(VCF0809)

govt should ‘see to it that every person has a job and a good standard of living’ versus ‘let
each person get ahead on his/their own’ (7-point scale)

services versus spending (VCF0839)
(R)

govt should ‘provide fewer services, even in areas such as health and education, in order
to reduce spending’ versus ‘provide many more services even if it means an increase in
spending’ (7-point scale)

equal opportunities (VCF9013) ‘our society should do whatever is necessary to make sure that everyone has an equal
opportunity to succeed’ (5-point Likert)

equal chances (VCF9016) (R) ‘it is not really that big a problem if some people have more of a chance in life than others’
(5-point Likert)

equality (VCF9017) (R) ‘this country would be better off if we worried less about how equal people are’ (5-point
Likert)

African-American inequalitya

government help (VCF0830) govt should ‘make every effort to improve the social and economic position of [African
Americans]’ versus ‘not make any special effort to help [African Americans] because they
should help themselves’ (7-point scale)

social mobility (VCF9039) ‘generations of slavery and discrimination have created conditions that make it difficult for
[African Americans] to work their way out of the lower class’ (5-point Likert)

no special favours (VCF9040) (R) ‘Irish, Italians, Jewish and many other minorities overcame prejudice and worked their way
up. [African Americans] should do the same without any special favors’ (5-point Likert)

lack of effort (VCF9041) (R) ‘it’s really a matter of some people not trying hard enough; if [African Americans] would
only try harder they could be just as well off as whites’ (5-point Likert)

less than deserved (VCF9042) ‘over the past few years [African Americans] have gotten less than they deserve’ (5-point
Likert)

(R) indicates items that were reverse-coded so that high scores indicate a position typically considered to be conservative.
aWhere the term ‘African Americans’ is written in square brackets, the original ANES wording uses a term (the word ‘black’ as a

pluralized noun) which can be considered offensive [68] and which we have therefore chosen not to reproduce.
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2008 to 2020, with a slight fall from 2020 to 2024. Therefore, Americans have come to form more
distinct clusters in terms of their policy views over the past four decades, but these clusters have not
become less cohesive, nor has one come to predominate in the population. This means that, overall,
polarization has increased, though effectively only from 2008 to 2020. For a bootstrapped analysis
of these trends, which reinforces the conclusions drawn here, see electronic supplementary material,
appendix B.

3.2.2. Secondary analyses

We conducted a series of secondary analyses to better understand how polarization manifests in the
USA, how that has changed over time, and how our measures of polarization relate to others. To
begin, figure 2 shows the separation between self-identified liberals and conservatives, and between
Democrats and Republicans, with a similar period of consistently increasing separation from 2008 to
2020.

Figure 3 shows the mean positions of the clusters across all issues in each year, after all responses
are linearly transformed to range from 0 to 1, where higher scores indicate a more right-wing position.
The points show cluster-level means for each year. The regression lines are fitted not to the mean
for each year, but to the individual-level responses found within each cluster in each year, leading to
confidence intervals which are too small to see.

In each year, one cluster is more to the right, and one more to the left. The regression lines show
that the left-wing cluster moves over time to be situated in more of a left-wing position (b = −0.0046,
se = 0.0001, p < 0.001), whereas the right-wing cluster moves to be situated more to the right, though
the amount of movement is negligible (b = 0.0004, se = 0.0001, p < 0.001). This pattern suggests mean
opinion in the US has become more left-wing, while simultaneously the clusters have spread further
apart.

We then sought to determine whether any particular issues were driving the increased separation
between clusters. To that end, figure 4 depicts the mean positions of each cluster for each issue. The
issues are ordered from left-to-right and top-to-bottom in descending order of how much further the
positions of the clusters have become separated over time. This was determined by performing a
regression analysis of participants’ responses, separately for each issue, which included as predictors
an interaction between cluster and year; we then inspected the coefficient of the year:cluster interaction
term. This term measures the extent to which the progression of time has amplified the distance
between clusters. Notably, this term is statistically significant for every issue (all p < 0.001), showing

Figure 1. Mean cluster-based Equality-of-Size, Separation and Dispersion over time, Study 1 (ANES).
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that the clusters have separated over time on every issue. Seven issues show ‘true’ polarization in
the sense of both clusters moving in opposing directions over time, whereas for the other seven, both
clusters have moved in the same direction, but at different rates, causing them to spread apart—for
most of these issues, both clusters have moved to the left, with the left-leaning cluster moving further,
but for one issue, ‘Equal Opportunities’, both clusters have moved right (though both clusters still have
a very ‘left-wing’ position on this issue).

Figure 2. Separation between liberals and conservatives and between Democrats and Republicans over time, Study 1 (ANES).

Figure 3. Mean position of each cluster across all issues over time, Study 1 (ANES).
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How well do the clusters we have identified match people’s self-reported partisan and ideological
identities? Since we know that those in the left-wing cluster ‘should’ be more likely to identify as
liberals and Democrats, due to their left-wing views, and those in the right-wing cluster as conserva-
tives and Republicans, analysing the proportion of each cluster who identifies with the expected group
gives an insight into levels of sorting in the USA over time. Figure 5 shows that, over time, sorting
has increased, as the proportions in each cluster who identify with the expected party and with the
expected ideological group have increased.

3.3. Discussion
Our analysis finds that mass issue polarization in the USA has increased—our measure of between-
cluster Separation has gone up, driven by a period of sustained increase from 2008 to 2020, while
our measures of within-cluster Dispersion and Equality-of-Size have remained effectively constant.
Therefore, it seems the US population has become more differentiated into two opinion clusters over
the past four decades, without those clusters becoming less cohesive or one becoming more dominant
in terms of size.

We find concordant evidence that the separation between Democrats and Republicans, and between
self-identified liberals and conservatives has increased too, strengthening the evidence for increased
mass issue polarization. While previous work using such self-labels was inconclusive on the question
of polarization because of the possibility of a confound through increasing sorting, our measure can
disambiguate these processes, demonstrating in fact that both sorting and latent attitude separation
have occurred. Our analysis also provides a replication and extension of the finding that Americans
with left-leaning views are less likely to describe themselves as ‘liberal’ than as a Democrat [69],
although this trend has diminished over time.

We find that the increased polarization is driven by increased separation between clusters on all
issues studied. Some items have changed over time from being ones where both clusters effectively
have the same position to ones where there is substantial disagreement—in particular, attitudes to
abortion, but also the ‘traditionalism’ item. What this effectively means is that whereas in 1988, people
with generally right-leaning opinions did not necessarily have a more restrictive opinion on abortion
than people with generally left-leaning opinions, nowadays right-leaning views tend to be ‘packaged’
with restrictive views on abortion. This trend echoes DellaPosta’s [17] argument that the USA has
witnessed ‘pluralistic collapse’, with people who disagree on some issues becoming less likely to have
any points of agreement on other issues. Our results extend DellaPosta’s findings by showing that this
trend emerges using an alternative cluster-based methodology.

The time period we study is characterized by a period of effective plateau in between-cluster
Separation (1988–2008) followed by a period of consistent increase (2008–2020). This is theoretically
interesting, as it implies that whichever factors have driven increased mass issue polarization in the
USA, their impact is not consistent over time. Rather, it appears that polarizing forces began increasing
from the late 2000s and sustained into the 2010s. To complicate things further, the latest datapoint, for
2024, suggests the period of increasing polarization may have ended (though it will require several
more datapoints before we can be confident asserting this), but polarization levels still remain high
relative to earlier years. Any explanation of the USA’s increase in mass issue polarization over the past
four decades would therefore need to explain why polarization increased at certain times, and did not at
others, in a way that fits this timeline.

Yet, even if we successfully determined which factors have driven the increase in US mass issue
polarization, these findings may not explain patterns of polarization in other countries. This is because
several systemic factors which might moderate the effect of polarizing factors are constant in the
USA—for example, the presence of only two major political parties. In Study 2, we therefore perform
a cross-national analysis of the predictors of Separation, Dispersion and Equality-of-Size, as well as
trying to map how polarization manifests in different countries. We also explore whether the trend
of increasing polarization we found in the USA is seen more broadly across the world, by measuring
longitudinal trends for Separation, Dispersion and Equality-of-Size.

4. Study 2
Study 2 takes data from the Integrated Values Survey (IVS), which combines data from the WVS
[70] and EVS [71]. We are able to perform the clustering and polarization calculations using data
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from 364 142 unique individuals across 247 samples from 105 countries, from 1999 to 2022, with each
country surveyed between one and five times within the timeframe. For our analysis of the predictors
of polarization, however, we use a subset of the data which only includes the countries and years for
which data are available for the full set of the 14 predictors of polarization we investigate (detailed
below), which comprises 173 513 unique individuals spread across 114 samples from 57 countries
surveyed from 1999 to 2018, to ensure comparability across analyses.

To create the issue position space used for the clustering, we use 14 items (selection criteria below)
spanning three domains: Social, Economic and Democratic Attitudes (it is only a coincidence that
both Study 1 and Study 2 feature 14 items spanning three domains). Variable selection in Study 2
followed similar criteria to those in Study 1, with an initial longlist of variables selected from the IVS
codebook according to face validity as political issue beliefs. Care was taken to include issues that
might be relevant to politics in non-Western contexts, and we again required items to be measured by a
numerical rating or Likert-style scale of four levels or more. We chose from this longlist the 14 variables
available in every WVS and EVS wave from 1999 and retained data from all samples which contained
at least some data on each variable—this provides a good balance between coverage across different
kinds of items and over time, while ensuring consistent geographical coverage throughout the time
period (before 1999, some of the items are available only in the WVS). Our items were split across three
domains, as table 2 shows. A table of scores for each sample is available in electronic supplementary
material, appendix C.

4.1. Initial results
Since the regression analyses require that we use only around half the samples for which we can
calculate polarization scores (see above), we first report some results which can utilize the whole
dataset to give an impression of how polarization manifests across the world. These results are also
useful to bear in mind when interpreting the regression results that follow.

Firstly, Separation scores (M = 0.18, SD = 0.04) and Dispersion scores (M = 0.20, SD = 0.02) are
lower and less variable than Equality-of-Size scores (M = 0.88, SD = 0.17). Secondly, there is a trade-off

Figure 4. The mean position of each cluster on each issue over time, Study 1 (ANES).
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between the different facets of polarization: Separation is correlated negatively with Equality-of-Size,
r(245) = −0.31 [−0.19, −0.42], p < 0.001, and positively with Dispersion, r(245) = 0.31 [0.20, 0.42], p <
0.001, while Equality-of-Size and Dispersion are positively correlated with each other, r(245) = 0.16
[0.04, 0.28], p = 0.011. This suggests that in countries with well-separated clusters, the clusters tend to
simultaneously be less cohesive and more imbalanced in terms of size.

Is polarization increasing over time throughout the world, like we saw in the USA in Study 1? To
analyse this, we first reduced our dataset down to include only countries for whom we collect data at
least twice (giving us 218 samples from 76 countries). We then ran, for each measure of polarization,
a multi-level regression using Year, the year the sample was taken, as a fixed-effects independent
variable, and a random intercept for Country. The random intercept lets us avoid potential confound-
ing due to countries who differ in their level of polarization being sampled at different times. We
found statistically significant, positive coefficients for Separation (b = 0.0008, se = 0.0003, p = 0.003) and
Dispersion (b = 0.0005, se = 0.0001, p < 0.001), but a null effect for Equality-of-Size (b = −0.0004, se =
0.0008, p = 0.564). Giving that Separation increases polarization but Dispersion decreases it, this means
there is no clear evidence that polarization is increasing on a global scale. All coefficients are also very
small given the 0–1 scale of the measures, but given these indicate the average annual change, larger
differences might be expected to occur if these trends persist over longer time periods.

Thirdly, it is primarily cultural issues which drive divisions between the clusters. First taking
each sample and issue separately, we found Welch’s d, a measure of effect size which is a variant of
Cohen’s d that does not assume equal variances between groups, of the difference in positions taken
by the people in each cluster, as well as the 95% confidence interval. We then averaged Welch’s d
and upper and lower 95% confidence interval bounds across samples for each issue. This gives an
impression of which issues cause the most division between clusters. The results are shown in figure
6, clearly showing that it is disagreement over cultural issues, like the acceptability of abortion and
homosexuality, that drive the most division between political opinion clusters across the world.

Figure 5. Party and ideological identities of members of each cluster over time, Study 1 (ANES).
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4.2. Predictor analysis

4.2.1. Method

We tested 14 variables which have a theoretical or empirical basis as possible predictors of polariza-
tion, classified into six groups, most of which are taken from external data sources (see electronic
supplementary material, appendix D, for detailed information on sources). Polarization could stem
from within-country socioeconomic differences (e.g. [27]), so we include Wealth Inequality (using the
Gini coefficient), Ethnic Fractionalization and Urban-Rural Fractionalization. Cultural values could
affect tolerance of dissenting views and therefore polarization, so we include Secular Cultural Values
and Emancipative Cultural Values, which are found within the IVS dataset. Welzel [72] explains
that Secular values pertain to a society’s rejection of ‘quasi-divine sources of authority over people,
including the authority of religion, the nation, the state, and conformity norms’ (p. 58), whereas
Emancipative values pertain to ‘how strongly people claim authority over their lives for themselves’
(p. 59), which involves embracing an egalitarian worldview and placing ‘an emphasis on freedom
of choice’ (p. 67) in how people live their lives. Similarly, pluralistic political institutions could affect
polarization by permitting open discussion of competing viewpoints, so we include level of Democ-
racy, Civil Liberties and Freedom of the Press, all coded so that higher scores means the society is more
pluralistic. Elite cues may drive polarization [73], and so polarized countries may be so just because
they have fewer parties, so we analyse the effect of the Effective Number of Electoral Parties. Further,
Economic turmoil may provoke polarization [26], so we included Unemployment, Inflation and Growth;
to counteract extreme positive skew, we perform a signed log transformation of the Inflation scores.
We also include two miscellaneous predictors: Human Development Index (HDI), as this correlates

Table 2. Items used in Study 2 (IVS).

item question

social domain

bribery justifiable (F117) ‘someone accepting a bribe in the course of their duties’ can ‘always be justified’ versus ‘never be
justified’ (10-point scale)

homosexuality justifiable (F118) ‘homosexuality’ can ‘always be justified’ versus ‘never be justified’ (10-point scale)

prostitution justifiable (F119) ‘prostitution’ can ‘always be justified’ versus ‘never be justified’ (10-point scale)

abortion justifiable (F120) ‘abortion’ can ‘always be justified’ versus ‘never be justified’ (10-point scale)

divorce justifiable (F121) ‘divorce’ can ‘always be justified’ versus ‘never be justified’ (10-point scale)

euthanasia justifiable (F122) ‘euthanasia (terminating the life of the incurably sick)’ can ‘always be justified’ versus ‘never be
justified’ (10-point scale)

economic domain

pro-inequality (E035) ‘incomes should be made more equal’ versus ‘there should be greater incentives for individual
effort’ (10-point scale)

pro-nationalization (E036) ‘private ownership of business and industry should be increased’ versus ‘government ownership
of business and industry should be increased’ (10-point scale)

pro-paternalism (E037) ‘individuals should take more responsibility for providing for themselves’ versus ‘the state should
take more responsibility to ensure that everyone is provided for’ (10-point scale)

anti-competition (E039) ‘competition is good’ versus ‘competition is harmful’ (10-point scale)

democratic domain

strong leader bad (E114) ‘having a strong leader who does not have to bother with parliament and elections’ is a ‘very
good’ versus ‘very bad way of governing this country’ (4-point scale)

expert rule bad (E115) ‘having experts, not government, make decisions according to what they think is best for the
country’ is a ‘very good’ versus ‘very bad way of governing this country’ (4-point scale)

army rule bad (E116) ‘having the army rule the country’ is a ‘very good’ versus ‘very bad way of governing this
country’ (4-point scale)

democracy bad (E117) ‘having a democratic political system’ is a ‘very good’ versus ‘very bad way of governing this
country’ (4-point scale)
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with liberal cultural values and pluralistic institutions but is conceptually different, and Internet Users
per Capita, as previous authors have contested whether Internet usage is related to various kinds of
polarization [13,74]. For context, figure 7 shows the correlation matrix for the predictors, demonstrat-
ing that there are strong correlations between several pairs of variables.

Data are not available for every predictor for each country and year, so analysis is restricted to
those samples for which data on all predictors are available—see electronic supplementary material,
appendix C, for a list of which samples and which are not included in the regression analyses. To
increase our coverage, for all the variables except Unemployment, Inflation and Growth, we take the
nearest non-missing datapoint from the external data source within 5 years of the IVS sample year; for
these three economic variables, we average across all non-missing data from within 5 years before the
IVS sample year.

We conducted one univariate OLS regression for each combination of predictor and measure of
polarization (Separation, Dispersion and Equality-of-Size), with each predictor standardized using
z-scoring. With 14 regressions per dependent variable, this, problematically, creates 14 chances to find
a significant predictor for each measure of polarization, therefore we have corrected the significance
threshold for each predictor using the Holm–Bonferroni method. As we detected heteroskedasticity
in most of the regression models, significance tests of the coefficients were performed with robust
standard errors. We also planned to iteratively remove any predictor values with Cook’s distances
above 1 before performing the regressions, but found none.

Figure 6. Average effect size of the difference between the positions of the clusters across issues.
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4.2.2. Results

Tables 3–5 show the results for each measure of polarization, with predictors significant at the
Bonferroni–Holm-corrected level in bold.

Notably, no predictor is simultaneously associated with higher Separation, higher Equality-of-Size
and lower Dispersion. Therefore, no single factor is associated with higher polarization across all three
facets. Only one predictor is predictive of all facets in any direction—Ethnic Fractionalization, which
is associated with higher Separation, but also lower Equality-of-Size and higher Dispersion. Therefore
countries with higher Ethnic Fractionalization seem to have more-separated, but less cohesive and
equally sized clusters. See electronic supplementary material, appendix E, for details of a bootstrapped
analysis which reinforces these results.

4.2.3. Follow-up analyses

We conducted some follow-up analyses to further explore and verify the robustness of the associations
highlighted by our regressions.

Firstly, we looked more closely at the relationship between Ethnic Fractionalization and between-
cluster Separation. The basic trend is visualized in figure 8. We first explored whether the effect
remained after controlling for HDI, given that Ethnic Fractionalization is negatively correlated with
HDI (see figure 7), and HDI approaches significance. Therefore, we ran a multivariate OLS regression
which included both variables as additive predictors, again using robust standard errors and standard-
izing the predictors using z-scores. Ethnic Fractionalization remained a significant predictor, b = 0.015,
se = 0.004, p = 0.0001, R2 = 0.210.

Further, since Ethnic Fractionalization is higher in certain regions of the world (i.e. Africa and Asia),
we also tested whether accounting for a country’s region might explain away the effect. Therefore, we
ran a multi-level regression which included region as a random intercept, and group-mean-centred
Ethnic Fractionalization (i.e. the deviation of a country’s Ethnic Fractionalization from its region’s

Figure 7. Correlation matrix for predictors used in regression analyses, Study 2 (EVS and WVS). Lightened correlation coefficients are
non-significant at p < 0.05.
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mean) as a fixed-effects predictor. We used three different systems for categorizing countries from the
World Bank’s Development Indicators, as implemented in the countrycode R package [75]. The effect of
Ethnic Fractionalization was statistically significant when using all three systems: five continents, b =
0.079 (se = 0.015), p < 0.001; seven regions, b = 0.0059 (se = 0.016), p < 0.001; and 23 regions, b = 0.061 (se =
0.018), p = 0.001.

We were also interested in better understanding the nature of the association between Equality-of-
Size and its predictors. Since our initial regression analysed identified 10 significant predictors (see
table 5), but many of these correlate strongly with each other (see figure 7), we conducted a follow-up
OLS regression which included all the significant predictors as standardized, additive predictors, using
robust standard errors. Only two variables maintained statistical significance and the direction of their
effect: HDI (b = 0.135, se = 0.024, p < 0.001) and Secular values (b = 0.077, se = 0.014, p < 0.001). Internet

Table 3. Predictors of between-cluster Separation, Study 2 (EVS and WVS).

predictor β (se) R2 p‐value

ethnic fractionalization 0.016 (0.003) 0.210 < 0.001 (α = 0.00357)

human development index −0.009 (0.004) 0.063 0.043 (α = 0.00385)

inflation 0.006 (0.004) 0.029 0.107 (α = 0.00417)

gini 0.004 (0.003) 0.013 0.244 (α = 0.00455)

growth −0.003 (0.003) 0.010 0.255 (α = 0.005)

unemployment −0.003 (0.004) 0.010 0.409 (α = 0.00556)

internet users per capita −0.003 (0.004) 0.006 0.456 (α = 0.00625)

effective number of parties −0.001 (0.003) 0.002 0.628 (α = 0.00714)

urban fractionalization 0.001 (0.003) 0.001 0.708 (α = 0.00833)

press freedom −0.001 (0.004) 0.002 0.713 (α = 0.010)

democracy index −0.002 (0.004) 0.002 0.715 (α = 0.0125)

emancipative values 0.001 (0.003) 0.001 0.731 (α = 0.01667)

secular values −0.001 (0.004) 0.000 0.861 (α = 0.025)

civil liberties 0.000 (0.004) 0.000 0.938 (α = 0.050)

α indicates the Bonferroni–Holm-corrected alpha level.

Table 4. Predictors of within-cluster Dispersion, Study 2 (EVS and WVS).

predictor β (se) R2 p‐value

gini 0.011 (0.001) 0.268 < 0.001 (α = 0.00357)

ethnic fractionalization 0.008 (0.002) 0.165 < 0.001 (α = 0.00385)

growth −0.004 (0.002) 0.033 0.028 (α = 0.00417)

effective number of parties 0.002 (0.002) 0.014 0.216 (α = 0.00455)

press freedom 0.002 (0.003) 0.014 0.363 (α = 0.005)

democracy index 0.002 (0.002) 0.009 0.388 (α = 0.00556)

emancipative values −0.001 (0.002) 0.003 0.533 (α = 0.00625)

inflation 0.001 (0.002) 0.003 0.559 (α = 0.00714)

human development index −0.001 (0.002) 0.004 0.574 (α = 0.00833)

civil liberties 0.001 (0.002) 0.002 0.616 (α = 0.010)

internet users per capita −0.001 (0.002) 0.002 0.626 (α = 0.0125)

unemployment −0.001 (0.002) 0.002 0.683 (α = 0.01667)

urban fractionalization 0.000 (0.002) 0.000 0.931 (α = 0.025)

secular values 0.000 (0.002) 0.000 0.949 (α = 0.050)

α indicates the Bonferroni–Holm-corrected alpha level.
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Users per Capita maintained statistical significance but flipped the direction of its effect (b = −0.073, se =
0.021, p = 0.001).4 All other effects were non-significant (p > 0.093).5

4The effect of Internet Users per Capita flips to negative as soon as HDI is controlled for, with its effect becoming b = −0.044 (se =
0.020), p = 0.027 when HDI is used as the only additional predictor.

5Inflation has a statistically significant negative effect when we do not use PCA to reduce the dimensionality of the issue spaces
before clustering, b = −0.029, se = 0.015, p = 0.049. We do not consider this pattern of results to be a reliable indicator of an effect. All
other effects show the same pattern of significance across different approaches to reduction as noted in §2.

Table 5. Predictors of cluster size Equality-of-Size, Study 2 (EVS and WVS).

predictor β (se) R2 p‐value

human development index 0.107 (0.016) 0.415 < 0.001 (α = 0.00357)

secular values 0.103 (0.017) 0.388 < 0.001 (α = 0.00385)

emancipative values 0.084 (0.016) 0.258 < 0.001 (α = 0.00417)

civil liberties 0.081 (0.018) 0.239 < 0.001 (α = 0.00455)

internet users per capita 0.070 (0.016) 0.180 < 0.001 (α = 0.005)

urban fractionalization −0.046 (0.013) 0.078 < 0.001 (α = 0.00556)

inflation −0.056 (0.016) 0.115 < 0.001 (α = 0.00625)

press freedom 0.055 (0.016) 0.112 0.001 (α = 0.00714)

democracy index 0.061 (0.020) 0.136 0.002 (α = 0.00833)

ethnic fractionalization −0.053 (0.019) 0.101 0.007 (α = 0.010)

unemployment 0.019 (0.015) 0.013 0.214 (α = 0.0125)

effective number of parties 0.014 (0.015) 0.007 0.337 (α = 0.01667)

gini −0.003 (0.011) 0.000 0.782 (α = 0.025)

growth −0.004 (0.013) 0.000 0.789 (α = 0.050)

α indicates the Bonferroni–Holm-corrected alpha level.

Figure 8. The relationship between Ethnic Fractionalization and between-cluster Separation, Study 2 (EVS and WVS).
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To better understand the effect of HDI on Equality-of-Size in particular, we present a visualization
in figure 9. The figure depicts the ‘Cultural Liberalism’ of each cluster, which is calculated by averag-
ing their members’ mean positions on the justifiability of abortion, divorce, homosexuality, prostitution
and euthanasia, where higher scores indicate a greater perception of justifiability. The difference
between clusters on these scores explains 48.9% of the variance in between-cluster Separation scores,
which is unsurprising given the strong contribution of cultural issues to between-cluster division
shown in figure 6. We plot the ‘Cultural Liberalism’ of the majority cluster (containing >50% of the
sample) and the minority cluster (containing <50%) against the HDI of the nation to which they belong,
and also visualize the proportion of the sample within each cluster.

As figure 9 shows, countries with lower HDI scores typically have large culturally conservative
majority clusters and small culturally liberal minority clusters, whereas countries with higher HDI
scores have more equally sized and more liberal clusters, and in the most highly developed countries
(i.e. above 0.850), it is normally the socially liberal cluster that is in the majority.

4.3. Discussion
Our analysis of how mass issue polarization manifests in different countries across the world,
and its predictors, returns several novel insights. Firstly, we find that in countries with lower
Human Development, the political landscape often takes the form of disagreement between cultur-
ally conservative majorities and culturally liberal minorities, but in countries with higher Human
Development, we tend to see more equally sized and culturally liberal clusters, with culturally liberal
clusters usually in the majority in the most highly developed countries. Secondly, we find that higher
between-cluster Separation tends to be traded off with higher within-cluster Dispersion and lower
Equality-of-Size, which means that in countries where clusters are highly separated, the level of
polarization is often counterbalanced by internal disagreements within the clusters and one cluster
tending to dominate, rather than society being equally split between clusters. Thirdly, and unsurpris-
ingly given the preceding insight, no single factor is uniformly predictive of higher polarization as we
conceptualize it, with no predictor simultaneously associated with higher Separation, lower Dispersion
and higher Equality-of-Size.

Instead we find that different predictors are associated with each of our three measures. We
find a clear association between increased Ethnic Fractionalization and increased between-cluster
Separation. Ethnic Fractionalization measures the probability of two randomly selected individuals
from a particular country at a particular time belonging to different ethnic groups [76]. Since politi-
cally salient norms around things like fairness can differ significantly across socioeconomic groups
within a country [77], Ethnic Fractionalization could lead to lower coordination around shared norms,
creating more-separated opinion clusters. We note, however, that Ethnic Fractionalization is only
one of numerous ways to measure a country’s ethnic diversity [78]. Ethnic Fractionalization has the
advantage of capturing many potential within-country divides, but replicating this analysis with other
operationalizations of ethnic diversity would be useful. This finding reinforces the argument that when
conducting comparative research we should explore not just differences between countries but within
countries too [79].

The association we find between Secular values and higher HDI fits well with the observation that
richer countries tend to be more liberal and democratic [80–83], though there is disagreement about the
causal direction here [82]. Our findings suggest that liberalization does not occur uniformly, but may
happen because liberal minorities gradually increase in size in concert with greater development (our
analysis cannot speak to the causal direction). Numerous previous studies of social change suggest
this emergence of liberal attitudes within a society can provoke backlash from those who maintain
conservative positions [84,85].

With Equality-of-Size, we find that HDI and Secular values are predictive of more-equally sized
clusters. Both effects reflect the pattern visible in figure 9, whereby countries with the lowest HDI
tend to have culturally conservative majority clusters that are much larger than their culturally liberal
minority counterparts. Both clusters become more liberal and more equally sized as HDI increases.
The fact that the clusters simultaneously become more liberal and equally sized with increasing
HDI may explain why Secular values are predictive of increased Equality-of-Size, as Secular values
and Cultural Liberalism measure similar latent traits—indeed we find that a country’s mean level of
Cultural Liberalism correlates strongly with the IVS estimate of their Secularism, r(112) = 0.65 [0.54,
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0.75], p < 0.001. Thus countries with more equally sized, liberal clusters will also be more liberal and
Secular overall.

Our analysis of the predictors of Equality-of-Size also found that Internet Users per Capita changed
from having a positive effect in its univariate regression to having a negative effect when HDI was
controlled for. This flip makes us cautious to interpret the effect and concerned about the potential
for it to be a statistical artefact. Since Internet Users per Capita is very strongly correlated with HDI
(r = 0.80; see figure 7), its positive univariate effect may have been indexing for HDI. The negative
multivariate effect could therefore indicate a genuine effect whereby greater Internet connectivity
makes clusters less equally sized than would be expected based on their HDI. But it could also be an
artefact, especially given that when two correlated predictors are included in a regression, estimates of
their coefficients can be inaccurate [86]. Overall, our results do not show any evidence of the Internet
increasing mass political issue polarization, but further study which is more focused on this question is
necessary before definitive conclusions can be drawn.

Finally, we found that higher levels of wealth inequality were associated with higher levels
of within-cluster Dispersion (wealth inequality was the most robust predictor of Dispersion—see
additional analyses in electronic supplementary material, appendix F). One reason for this could be
that higher levels of wealth inequality drive greater disagreement within a society over economic and
governmental issues, perhaps between those who do and do not benefit from societal systems which
produce and sustain wealth inequality. Indeed, Gu & Wang [27], also using WVS data, find that higher
levels of wealth inequality (using the Gini coefficient) are associated with higher population-level
variance in attitudes towards economic issues, but not cultural issues. Since our clusters are primarily
divided along the cultural axis, this could cause people who agree on cultural issues, and therefore
find themselves in the same cluster, to disagree with each other more on economic and governmental
issues, increasing within-cluster Dispersion. In fact, follow-up analyses (see electronic supplementary
material, appendix F) suggest that the issues for which we see greater within-cluster dispersion at
higher levels of wealth inequality are primarily the economic and governmental issues. While Gu
& Wang [27] regard the increased variance in economic issues at higher levels of wealth inequality
to show that wealth inequality is associated with greater polarization, our analysis suggests that
increased variance in economic issue positions actually depolarizes societies by introducing greater
disagreement within opinion clusters.

5. General discussion
The novel methodology we have introduced in this article for measuring mass issue polarization using
k-means clustering returns several important and novel insights. In Study 1, analysing polarization
levels in the USA from 1988 to 2024, we found clear evidence that polarization has increased, mostly
due to a period of continually rising polarization from 2008 to 2020. We see that between-cluster

Figure 9. The proportional size and cultural liberalism of clusters by HDI. The pair of clusters for one sample are joined by a grey line.
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Separation has increased, while within-cluster Dispersion and Equality-of-Size have remained virtually
unchanged, meaning that America’s left-leaning cluster and right-leaning cluster have drifted further
apart while both remaining internally cohesive and equal in size. Notably, the position of the left-lean-
ing cluster has shifted further to the left since 1988 than the right-leaning cluster has shifted to
the right, consistent with US opinion in general moving to the left while becoming more polarized.
Increasing between-cluster Separation was driven by all 14 issues in our dataset, but issues which
have become substantially more polarized include abortion, the emphasis that should be placed
on ‘traditional family ties’, and government funding of healthcare. We also see clear evidence for
‘sorting’, with the alignment between a person’s cluster and their party identity and ideological
identity increasing over time.

Study 2 provides insights into what kinds of factors might explain how polarization could increase
in a society over time, like we saw in Study 1. But rather than focus on the specific case of the USA,
we perform a cross-national analysis so as to attain more robust and generalizable results. Performing
a cross-national study also allowed us to test whether the trend of increasing polarization we saw in
the USA is present on a global scale. Therefore in Study 2, we explored the patterns and predictors
of polarization across the world. We find that cultural issues are the primary drivers of division
between political opinion clusters. Moreover, the HDI affects the pattern of polarization, with lower
HDI countries typically seeing disagreement between culturally conservative majorities and culturally
liberal minorities, while higher HDI countries have more liberal clusters which are more equal in size,
and the countries with the highest HDI scores usually see culturally liberal clusters in the majority.
We find that higher levels of between-cluster Separation tend to be associated with higher levels
of within-cluster Dispersion and lower Equality-of-Size, suggesting that there are trade-offs between
the different facets of polarization. Accordingly, we find that no single predictor is simultaneously
associated with higher Separation, lower Dispersion, and higher Equality-of-Size. We find that Ethnic
Fractionalization is predictive of higher between-cluster Separation, wealth inequality (measured by
the Gini coefficient) is predictive of higher within-cluster Dispersion, and both the HDI and Secular
values are predictive of greater Equality-of-Size.

There are a few notable differences between the results of Study 1 and Study 2. First, the pattern
of polarization we see in the USA is not replicated globally—the US clusters are evenly sized, but in
other countries, particularly those lower in HDI, unequally sized clusters are more common. Similarly,
whereas on a global scale division between clusters is centred on cultural issues (Study 2), division
between the US clusters is more broad-based—cultural issues remain important, with abortion being
the most divisive issue, but economic issues are also important, with topics like health insurance and
social mobility among the most divisive. Lastly, Study 2 did not find that polarization was increasing
over time globally, as while between-cluster Separation was increasing, within-cluster Dispersion was
too, but in contrast, Study 1 found US polarization was increasing over time, as Separation increased
while Equality-of-Size and Dispersion remained constant.

One of the clearest contributions of this analysis is to provide evidence that the USA has indeed
become more polarized over salient political issues over the last few decades. Since our measure of
between-cluster Separation avoids the potential confound that ‘sorting’ can cause when people’s party
self-identifications are used (and indeed, we find clear evidence of increased sorting), this provides
convincing evidence that US mass issue polarization has increased. We note that our analysis only
considers ANES data, meaning that if there is some systematic sampling error which means ANES
data are not representative of US opinion as a whole, this pattern of increased polarization might
not be generalizable to the US population. But given that the ANES utilizes random-probability
multi-modal sampling [87], it seems unlikely a large systematic error could befall multiple waves
of data.

The temporal specificity of the trend, with polarization increasing from 2008 to 2020 but not at
other times, adds important constraints on any explanatory theory of why US mass issue polarization
has increased. In particular, this seems to endanger explanatory theories of polarization which point
towards any supposedly universal feature of human cognition, like a tendency towards ‘tribalism’ in
the way we reason about political issues (i.e. adopting certain beliefs simply to signal to a particular
political group that we are ‘one of them’; see [10]), as a polarizing universal feature of cognition
would be most likely to create steady, uniform increases in polarization. We expect that successful
explanations of polarization will have to emphasize interactions between psychological factors and
time-varying ‘environmental’ features, possibly including factors like material conditions, communica-
tion networks and elite rhetoric. Also of particular value is the evidence from Study 2 that polarization
manifests differently in countries with different levels of Human Development. This suggests that
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developing explanatory theories of mass issue polarization with global applicability will be difficult,
as they will need to explain the emergence of different patterns in different places. Another valua-
ble finding—that it is cultural issues, rather than governmental or economic—which primarily drive
division between clusters, illuminates further what explanatory theories of polarization will need to
explain.

We can highlight numerous limitations of our analyses. Firstly, regarding the regression analyses
used in Study 2, there are significant limitations that need to be borne in mind when interpreting the
results. For one, our dataset does not sample countries at a sufficient number of timepoints to perform
lagged analyses which might allow us to test causal hypotheses; our analyses conflate between-country
and within-country variation, and while it is tempting to reach for causal explanations, ultimately we
can only find correlational evidence in this study. The associations we do identify could ultimately be
explained away by unmeasured back-door variables, or even reverse causation. There is also impreci-
sion in the contemporaneity of our independent and dependent variables, as when a datapoint for
a particular independent variable was not available for the specific year that the country sampled,
we allowed data from within 5 years of that year to be used. We furthermore note that our results
are specific to the countries and timepoints studied, and we cannot be sure they generalize to other
countries or timepoints—though we would also point out that practically speaking, our analysis
perhaps utilizes the maximum number of issues, countries and timepoints that is currently feasible for
cross-national analyses of mass issue polarization. This reinforces the need to continue efforts to collect
cross-national political opinion data, and indeed, to increase the frequency and geographical coverage
of these efforts, and to ensure a wide range of politically salient issues are surveyed.

There is also a need to be careful in interpreting the clusters we find. Although we refer to the
clusters as left-leaning or right-leaning (Study 1), and culturally liberal or culturally conservative
(Study 2), it is important to remember that these clusters are not directly analogous to what we
typically think of as, for example, left-leaning groups in society, because k-means clustering forces
everyone in the sample into one group or another. More usually, we would think of left-leaning or
right-leaning groups as being just two of many groups in society, with many people, perhaps even
most, not belonging to either one. Therefore, thinking in terms of clusters requires a qualitatively
different way of thinking about political groups. More generally, efforts to characterize our Study 2
clusters in greater detail would be valuable in future research—particularly, how they relate to other
indicators of political positioning like party ID or ideological self-placements.

Some might suggest that polarization can manifest between more than two clusters, and that, for
example, if a society is divided into three groups, like contemporary France, where the National
Assembly is split almost equally between parliamentary blocs from the left, centre and right, this also
represents a kind of polarization. Exploring approaches with k >2 clusters is an avenue for future
research, but we would contend that division between three or more groups represents something
qualitatively different from polarization—fractionalization, perhaps—and note that some studies have
noted this difference, for example, by referring to ‘tripolarization’ when studying affective polarization
between three parties [88].

It is perhaps also a limitation that rather than having one number to measure the level of polariza-
tion, we have to consider three. Because in the USA Dispersion and Equality-of-Size are effectively
flat during the studied time period, this concern is not so pertinent for Study 1. But for Study 2 it
might be helpful to have one combined ‘aggregate’ measure. However, calculating such a measure
presents several critical problems. For one, if we simply averaged a sample’s Dispersion, Separation
and Equality-of-Size, we would implicitly be assuming that, for example, a 0.10 increase in Dispersion
decreases the overall level of polarization by exactly the same amount that a 0.10 increase in Separation
increases it. But there is no real justification for making such an assumption. Furthermore, as we
have no objective yardstick for determining how polarized any sample ‘really’ is, there also seems
no principled way of figuring out how the different facets should be weighted, i.e. determining how
much of an increase in Separation would cancel out a 0.10 increase in Dispersion. The fact that each
facet of polarization has distinct correlates perhaps suggests that it is more appropriate to consider
polarization as a multi-faceted phenomenon anyway, and that while there might be a pull to define the
essence of polarization, it may be best to avoid this instinct [89]. Rather, it may be more appropriate to
develop more complicated explanatory models that embrace distinct manifestations of polarization.

A final limitation regarding our method concerns generalizing to out-of-dataset policy issues. The
effects we observe are effectively tied to the issues we are able to analyse, and there is no guarantee
that they would equally apply to other issues. However, given the quite high number of issues we
are able to use (14 in both datasets), the fact that each study’s issues span multiple different domains
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of political opinion, and that our clustering is based on principal components of the issue spaces
which therefore aim to capture underlying regularities in political opinions, there is a good chance
that variance in many salient out-of-dataset issues is already being captured, since they will correlate
with measured attitudes. For example, immigration is a major driver of political disagreement in the
UK, but it is not an issue included in Study 2; yet, immigration attitudes likely share variance with
the cultural items we do include, because both are correlated with right-wing authoritarianism [90].
However, it remains the case that polarization in some of our countries may revolve around issues
which have not been studied here.

We think clustering approaches provide an intuitive way of capturing issue polarization, but
recognize our approach is only a starting point. K-means is an ideal starting point, as it is a relatively
simple and well-known clustering method. Fuzzy clustering algorithms, which probabilistically assign
participants to clusters rather than ‘crisply’ categorizing them in one or the other, could be explored as
an alternative in future research, though there would be a need to justify a priori a method for setting
the ‘fuzziness’ parameter, which controls how crisply the boundaries of the clusters are delineated,
and our measures would need to be adapted to integrate the probabilistic cluster assignments. The
HBDSCAN clustering algorithm, which allows individuals who do not fit well in any cluster to remain
unassigned, could also be worth exploring. One limitation of k-means is that there is no standard
approach for integrating case weights, which will introduce sampling error if the characteristics of
our samples are not representative of the national populations from which they are drawn. Although
the ANES, EVS and WVS use quota-sampling to construct their samples, and therefore the samples
are likely to be adequately representative, it would be useful for future research to explore clustering
methods which can integrate case weights to improve upon this. There is also scope for alternative
approaches regarding the assumptions made about our issue space—we treat the distance between
the end-points of the response scale for each question as equivalent, but some may think that for
certain questions, the end-points represent a more extreme range of opinions than others. Similarly, we
treat Likert scale responses as continuous, with equally spaced intervals, and we do not consider the
items to have differing ‘difficulties’, i.e. for some to be ‘harder’ for the average respondent to agree
with than others because the mid-point represents a more extreme opinion. All of these assumptions
are open to challenge, and the ideal analysis would probably involve items which had been carefully
developed to have psychometric properties that avoid these limitations. But working with the data that
are available, we think these assumptions are reasonable, parsimonious and common to many other
prominent analyses.

To conclude, we have developed a new technique for measuring mass issue polarization using
k-means clustering, which allows us to measure three different facets of polarization. Among many
other findings, our results provide convincing evidence that US mass issue polarization increased in
the period 1988–2024, and that different facets of polarization are associated with different socioeco-
nomic predictors. We also illustrate how k-means can be used to understand the varied ways in which
mass issue polarization manifests across the world. Ultimately, we highlight that the study of mass
issue polarization needs to distinctly model and define the many meanings of the term ‘polarization’.
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