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Abstract

In the United States, increasing affective polarization — the tendency of supporters of op-
posing parties to dislike one another — has worried political scientists and attracted much
media attention. Among the potential causes of this rise in affective polarization is the
phenomenon of social sorting, whereby the social identities of partisan groups become
neatly aligned with partisanship. In this thesis, I reassess the evidence regarding the link
between social sorting and affective polarization by leveraging historical data from the
American National Election Studies. I report two main findings. First, the over-time in-
crease in social sorting is rather modest, unless self-reported ideology is included as a
social identity — which, I argue, is theoretically dubious. Second, I find some sugges-
tive evidence that highly sorted individuals tend to be more affectively polarized, which
lends some support to the social sorting theory. I conclude by drawing attention to the

undertheorized distinction between actual sorting and perceived sorting.
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Résumé

Aux Etats-Unis, la polarisation affective croissante — la tendance des partisans de par-
tis opposés a se détester les uns les autres — inquiete les politologues et attire beaucoup
d’attention médiatique. Parmi les causes potentielles de cette montée de la polarisation
affective figure le phénomene de tri social, par lequel les identités sociales des groupes
partisans s’alignent parfaitement avec l'identification partisane. Dans ce mémoire, je
réévalue les preuves concernant le lien entre le tri social et la polarisation affective en
exploitant les données historiques du American National Election Studies. Je rapporte
deux conclusions principales. Premierement, 'augmentation du tri social au fil du temps
est plutdot modeste, a moins que 1'idéologie autodéclarée ne soit incluse comme identité
sociale — ce qui, a mon avis, est théoriquement douteux. Deuxiémement, je trouve des
preuves suggérant que les individus hautement triés ont tendance a étre plus polarisés
sur le plan affectif. Je conclus en attirant ’attention sur la distinction sous-théorisée entre

le tri social réel et le tri social pergu.
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1 Introduction

In the United States, a lively scholarly debate on the nature of mass polarization contin-
ues. After much ink had been spilt on the issue of ideological polarization, scholars of
American politics have recently turned their attention to worrying trends in affective po-
larization — the tendency of Democrats and Republicans in the mass public to “dislike,
even loathe, their opponents” (Iyengar, Sood, and Lelkes 2012, 405). The potential causes
of this growing partisan animosity are many and still hotly debated. The growth of highly
partisan media outlets (Lelkes, Sood, and Iyengar 2017), the influence of polarized politi-
cal elites (Banda and Cluverius 2018), and mass ideological polarization itself (Rogowski
and Sutherland 2016) have all received much attention as possible drivers of affective
polarization. In addition, one interesting suspect borrowed from social psychology has
emerged: the phenomenon of “social sorting.” Over the last several decades, the two ma-
jor parties in the United States have become increasingly homogenous in terms of their
social composition (Mason 2018a). Ethnic minorities, residents of urban areas, and non-
religious individuals have sided with the Democrats; white, religious men living in rural
areas have associated with the Republicans. These are, of course, crude generalizations
— but precisely the type of crude generalizations that social identity theory predicts peo-
ple will make when forming mental images of in-groups and out-groups (see Ahler and
Sood 2018). This process of social sorting “has made it much easier for partisans to make
generalized inferences about the opposing side” (Iyengar et al. 2019, 134). From the per-
spective of a socially sorted partisan, the opposing side is emphatically not amorphous: it
is composed of precisely the sort of people with whom one does not associate. The result
has been the formation of a partisan “mega-identity”, “with each party representing not
only policy positions but also an increasing list of other social cleavages” (Mason 2018a,
20). Cross-cutting identities, long thought to be a stabilizing force for democratic regimes,

consequently wither away as a social chasm between Republicans and Democrats opens



up.

Is social sorting truly the driver of affective polarization? The theory of social sorting,
primarily developed by Mason (2018a), is elegant and well-grounded in decades of social
psychology research. However, I argue that the extant tests of the social sorting hypothe-
sis have not been empirically convincing. On this point, I make two broad claims. First,
there is a mismatch between the broad narrative that motivates this area of research (the
growing social chasm between Democrats and Republicans) and the evidence brought
to bear (primarily cross-sectional surveys of Americans in the 2010s). Second, the exist-
ing individual-level measures of social sorting rely on rather crude coding schemes that
lack flexibility: they do not allow the relationship between social identities and party
identification to wax and wane through time. As a result, the validity of the measure is
compromised in contexts of changing socio-political cleavages.

The aim of this thesis is to provide more solid evidence on the evolution of socio-
political cleavages in American politics and its relationship with growing affective polar-
ization. As a remedy, I propose to apply a measure of individual-level cross-pressures
emanating from social identities developed by Brader, Tucker, and Therriault (2014) to
historical survey data. The intuition behind this measurement scheme is quite straight-
forward: a voter faces cross-pressures if, in trying to predict their party identification
using their social identities, a statistical model returns an ambiguous answer. By con-
trast, if a statistical model can predict a voter’s party identification with high certainty
using just their social identities, this voter can be considered socially sorted. I implement
this measurement scheme to historical data from the American National Election Study
(ANES) in order to provide descriptive evidence on the evolution of social sorting in the
United States. If American voters have socially sorted, it should be increasingly easy to
predict their party identification on the basis of their social identities. The second step in
the empirical analysis will be to examine the relationship between this individual-level

measure of social sorting and affective polarization. While I cannot claim to be able to iso-



late the relevant causal effect, it is worth examining the naturally occurring relationship
so as to think clearly about confounding and identify what would have to be true in order

for the association to be causal.

2 Affective polarization: the extant literature

2.1 A brief history of partisanship in the United States

Before describing trends in affective polarization, I begin by providing some context on
the partisan environment in the United States in the decades leading up to the fraught
political moment we live in. Barely 25 years ago, the idea of an overpowering partisan
identity would have seemed unrealistic and out of step with available data. Indeed, the
configuration of the American party system had for long not been amenable to the for-
mation of strong and stable identities. Before the 1960s, the Democratic Party and the
Republican Party were “ideologically heterogeneous, with sizable contingents of both
liberals and conservatives at the mass and elite levels” (Levendusky 2009, 1). As the civil
rights movement caused drastic realignments in the partisan structure of American poli-
tics, voters “sorted” and each party became more coherent ideologically (Noel 2012, 159).
Nonetheless, even as this process was taking place, the influence of parties on the political
behavior of the masses declined. Up to the early 2000s, the conventional wisdom among
scholars of American politics held that parties had been in decline for decades (Bartels
2000; Norpoth and Rusk 1982). Data from multiple sources appeared to validate the the-
sis of parties in decline — the number of leaning Independents had doubled between 1960
and 1980; the proportion of “strong partisans” had declined since the 1950s; and split-
ticket voting had reached an all-time high in the 1992 election cycle, which witnessed the
most successful third-party candidacy in 80 years (Hetherington 2001, 619-20).

How, then, could affective polarization have arisen from these circumstances? A first

piece of the puzzle is the disconnect between elite behavior and mass behavior during
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much of the 1980s and 1990s. Precisely as political scientists proclaimed that parties were
in decline, party elites were polarizing. Measures of ideology based on roll-call votes
in Congress revealed a growing chasm between Republicans and Democrats (Schaffner
2011). The ideological overlap between Democratic and Republican members of Congress
disappeared: the most conservative Democrat was now less conservative than the most
liberal Republican. As a result, the party “brands” became clearer than ever.! Insofar
as the behavior of political elites is an important cue that influences the behavior of the
public (Lenz 2012), the increasing elite polarization that began in the 1970s may help
explain subsequent downstream polarization.

Whether or not the public polarized in ideological terms over the same time span is
less clear and the subject of intense debate. On the one hand, proponents of the “mini-
malist” thesis held that despite elite-level polarization, most Americans remained ideo-
logically moderate (Fiorina and Abrams 2008; Fiorina, Abrams, and Pope 2008). On the
other hand, proponents of the “maximalist” view argued that the proportion of Ameri-
cans identifying as ideological moderates decreased rapidly over the second half of the
20th century (Abramowitz and Saunders 2008). Insofar as citizens” affect toward political
opponents is driven by (perceived) differences in ideology, mass ideological polarization

may help explain the rising political acrimony that I will describe next.

2.2 Therise of affective polarization

While political scientists examined elite ideological polarization and argued about mass
ideological polarization, a vast change in Americans’ political attitudes went largely un-
noticed. In a 2012 article, Iyengar et al. (2012, 406) pointed out that “policy-based di-
vision is but one way of defining partisan polarization.” While an emerging gap in the

ideological content of political parties was of obvious interest, Iyengar et al. argued that

!For reference, Figure A1 in the Appendix shows distributions of DW-NOMINATE scores (1st dimen-
sion) in the House of Representatives between the 81st Congress and the 116th Congress.



the affective distance between parties was also relevant. In other words, even if one were
to believe the “minimalist” thesis emphasizing centrist voters that I outlined above, it
could still be the case that the American public was polarizing if partisans’ views of their
opponents were growing more negative. This is precisely what Iyengar et al. (2012, 407)
found: historical survey data going back decades clearly showed that “Democrats and
Republicans not only increasingly dislike the opposing party, but also impute negative
traits to the rank-and-file of the out-party.”

Figure 1 presents the evolution of American citizens’ feelings toward political parties
in a manner similar to Iyengar et al. (2012) and Iyengar et al. (2019). For each edition of the
ANES going back to 1980, respondents were asked to rate their feelings toward various
groups, including the Democratic Party and the Republican Party, on a scale from 0 to
100 — the so-called “feeling thermometer”. Panel A of the figure displays the mean scores
attributed to the in-party (the party that the respondent identifies with) and the out-party
(the major party that the respondent does not identify with), as well as the difference
between the two. Panel B shows the difference in thermometer scores by stated interest in
the presidential election for each year. For this analysis, only respondents who identified
as Democrats or Republicans are included.”

Over the 40 years that this data covers, in-party affect has not changed in a substan-
tial fashion: unsurprisingly, for each election, American partisans feel mostly positively
about their own party, with mean ratings hovering beween the high 60s and the mid 70s.
By contrast, feelings toward the out-party have grown much more negative, a trend that
some scholars have referred to as “negative partisanship” (see Abramowitz and Webster
2016; Abramowitz and Webster 2018). In 1980, respondents” mean ratings of their oppo-
nents was just barely under water (46.6), which could be interpreted as apathy more than

antipathy. It is only in 2004 that ratings of the out-party fell below 40. Subsequent elec-

ZNote that prior to 1980, the ANES asked respondents about their feelings toward “Democrats” and
“Republicans”, rather than the more amorphous parties. Since we know that the specific question wording
matters (see e.g. James N. Druckman and Levendusky 2019), the data presented here only extends back to
1980.
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tion cycles frequently witnessed unprecedented drops in out-party affect. For instance,
from 2008 to 2012, the mean rating of the out-party decreased from 35.2 to 27.3, while the
period from 2016 to 2020 saw a drop from 26.0 to 18.7.

The rise of affective polarization appears to be a broad-based phenomenon: while
levels of affective polarization vary across groups, the historical trajectory is uniformly in
the same direction. For instance, panel B shows that affective polarization among ANES
partisans in 2020 who stated they were “not much interested” in the presidential election
was higher than affective polarization among ANES partisans in 1980 who stated they
were “very much interested” in the election. In 2020, among respondents who stated that
they were “very much interested” in the election — 52.2% of the sample and presumably
the most politically influential group in the electorate — feeling toward the out-party was
a frigid 14.9. To contextualize just how low this figure is, consider that Republicans’
mean affect toward illegal immigrants in 2020 stood at a comparatively lukewarm 32.9.
After years of elite-level agitation regarding the threats posed by immigration and the
presidency of a man whose central policy proposal involved the construction of a border
wall to stem the flow of migrants, the Republican rank-and-file still felt more negatively
toward the Democratic Party than illegal immigrants.

This worrying trend was easily observable from widely available data, but it was not
subject to much scrutiny from political scientists until Iyengar et al. (2012) published
their influential article. In the 10 years that have since elapsed, affective polarization
has emerged as a major research topic for scholars of American politics — indeed, it is
now “one of the most influential literatures in contemporary social science” (Broockman,
Kalla, and Westwood 2023, 808). The study of affective polarization has also been ex-
tended to other contexts, with particular attention focused on European democracies.
This comparative evidence shows that the over-time increase in affective polarization in
the United States is not an isolated phenomenon, though its magnitude is noteworthy

(Boxell, Gentzkow, and Shapiro 2022; Reiljan 2020; Garzia, Ferreira da Silva, and Maye



2023; Wagner 2021).

2.3 Shortcomings to keep in mind

Before going any further, it is worth reviewing two crucial questions that the extant liter-
ature on affective polarization has only partly addressed: the meaningfulness of survey
answers in measuring affective polarization and the likely effects of affective polariza-
tion on politics. This project is not designed to answer these questions — indeed, if sur-
vey answers are not meaningful and/or affective polarization has no downstream conse-
quences, one may not care much about the sources of affective polarization. Nonetheless,
clearly delineating the relevance of extant empirical evidence can help contextualize this

thesis.

2.3.1 Measuring affective polarization: are survey answers meaningful?

The vast majority of research examining affective polarization relies on various survey
items to measure the key concept of interest. Typically, respondents are asked to rate
how they feel about members of the in-party and members of the out-party, with the gap
between the two ratings acting as the measure of affective polarization.’

These survey measures provide important evidence, but one must proceed carefully
in interpreting self-reported attitudes in the context of a survey. There are two main
concerns we must keep in mind.

First, massive changes in the polling industry in recent years may well cast doubt
on the validity of over-time comparisons in public opinion. For decades following the

emergence of high-quality public opinion surveys, pollsters using random-digit dialing

3A related issue is what survey respondents have in mind when they are asked to summarize their
feelings toward the opposing party. American citizens tend to dislike parties and party leaders more than
rank-and-file partisans. Therefore, asking about the latter produces lower estimates of affective polarization
(James N. Druckman and Levendusky 2019). In addition, even when researchers make clear that they are
asking about rank-and-file partisans, survey respondents tend to imagine a stereotypical supporter of the
out-party. As Druckman et al. (2022, 1106) show, “many individuals express indifference, rather than
hostility, once they are asked to evaluate the typical member of the other party.”



to contact survey respondents enjoyed high response rates that minimized sampling bias
(Hillygus 2011). In recent years, however, response rates have plummeted: the Pew Re-
search Center (2019) reports that a typical telephone survey in 1997 would successfully
reach 36% of individuals it tried to contact, compared to just 6% in 2019 (see also Leeper
(2019)). Instead of the gold standard of random-digit dialing surveys, firms and aca-
demics have increasingly relied on opt-in surveys conducted on the Internet. The po-
tential drawbacks of these non-probability samples have been hotly debated. Clearly,
opt-in samples on the Internet tend to skew toward the highly educated and Democrats
(in the United States). Nonetheless, it appears that the drawbacks on non-representativity
are fairly limited when it comes to experimental studies: absent massive heterogeneity in
treatment effects across subgroups that are severely over- or under-represented in online
samples, estimates obtained from Amazon MechnicalTurk and similar platforms are usu-
ally comparable to estimates obtained from more conventional samples (Berinsky, Huber,
and Lenz 2012; Coppock 2019; Coppock and McClellan 2019). However, the same is not
necessarily true when one attempts to merely describe a population-level quantity. This
issue has been prominently displayed in recent failures to predict election outcomes such
as the Brexit vote in the United Kingdom and Donald J. Trump’s victory in the U.S. 2016
presidential election (see, e.g., Kennedy et al. (2018)). The higher the correlation between
selection into the survey and whichever population-level estimand we wish to estimate,
the higher the risk that a survey estimate will be severely biased. In the case of affective
polarization, there are good reasons to be concerned: contemporary surveys often over-
represent precisely the sort of individuals who tend to report highly polarized affect:
those who are highly politically interested. Indeed, there is evidence that the observed in-
crease in ideological polarization in the United States is partly due to declining response
rates over time (Cavari and Freedman 2018, 2023). Of course, this is not to say definitively
that there has not been an over-time increase in affective polarization. However, the mag-

nitude of such increase may be overstated. Readers should be keep this caveat in mind



when interpreting the results presented below.

The second point I wish to make is that the very relevance of survey answers de-
serves scrutiny. For survey respondents, answering questions in a way that aligns with
their partisanship may represent a relatively costless way of posturing and deriving some
emotional benefit. Scholars have called this tendency “partisan cheerleading” or “expres-
sive responding” (Bullock et al. 2015; Prior, Sood, and Khanna 2015; Bullock and Lenz
2019). Furthermore, expressing outrage about political opponents — or affection for po-
litical allies — may be seen as socially desirable, in which case surveys would tend to
overestimate the prevalence of affective polarization (Connors 2023). Given this, should
we be concerned about the substantive importance of survey responses? The evidence on
this point is mixed. Survey respondents sometimes report beliefs that are less politically
congenial when given monetary incentives to provide correct answers. However, other
studies report minimal levels of expressive responding (see, e.g., Berinsky 2018; Graham
and Yair 2023). Furthermore, real-world, high-stakes behavior appears to be influenced
by partisanship in a way that is consistent with survey results, including romantic dating
(Huber and Malhotra 2017). At the risk of oversimplifying a vast literature, we can sum-
marize the measurement of attitudes as: there is more likely a there there, but it may be

overestimated and can easily be misinterpreted.

2.3.2  The consequences of affective polarization: why should we care?

For all the attention that affective polarization has drawn, what do we actually know
about its likely effects on the political landscape? The vast research effort poured into
investigating the sources of affective polarization proceeds from a sometimes explicit,
sometimes implicit assumption that affective polarization has downstream consequences.
In other words, we care about affective polarization because it likely affects political out-
comes that we care about.

Recent experimental evidence suggests that many of the assumed consequences of af-

10



fective polarization may not manifest. Broockman, Kalla, and Westwood (2023) catalogue
examples from over “a dozen studies that express concern about such potential political
consequences of affective polarization.” Political outcomes that are thought to be influ-
enced by affective polarization range from electoral accountability to legislative biparti-
sanship and respect for democratic norms (Kingzette et al. 2021). There are, however,
reasons to be skeptical that affective polarization matters in many cases. In perhaps the
most convincing empirical investigation of the causal effects of affective polarization to
date, Broockman, Kalla, and Westwood (2023) report that the effects of reducing affective
polarization through experimental manipulation “are consistently null across outcomes
and approaches for manipulating affective polarization.” Using a similar experimental
approach, Voelkel et al. (2023) report that depolarization interventions do not clearly re-
duce anti-democratic attitudes. In a study that encompasses eight European countries
and the United States, Harteveld et al. (2022) show that reducing affective polarization
— again in an experimental setting — has relatively limited immediate effects on a wide
range of relevant outcomes. Of course, while experiments allow for clean causal identifi-
cation, whether or not their reduction of affective polarization in an artificial setting is a
good approximation of real-world processes is unclear. Furthermore, one may well con-
sider affective distance between partisan groups to be inherently undesirable, regardless
of its consequences; but it is important to keep in mind that the evidence on this front is

quite thin.

3 The social sorting hypothesis

In an effort to better understand the rise of affective polarization and forestall further po-
larization, political scientists have sought to study its causes. The potential explanations
are numerous, but this thesis will focus on the hypothesis centered around social sorting

— the increasing socio-demographic homogeneity of political parties.
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Partisanship has increasingly been theorized as a social identity (Green, Palmquist, and
Schickler 2002). Based on foundational work in social psychology by Tajfel and Turner
(1979), social identity theory posits that individuals self-categorize as a member of a par-
ticular social group and consequently “attempt to maximize differences between in-group
and out-group” out of a “need for some positive distinctiveness” (Greene 1999, 394). In a
way, affective polarization is an inevitable downstream consequence of humans’ propen-
sity to categorize: “the mere act of identifying with a particular group in competitive
environments — no matter how trivial the basis for group assignment — is often sufficient
to trigger negative evaluations of outgroups” (Iyengar and Westwood 2015, 691). Indeed,
in researching the sources of human conflict, the presence of deep-rooted, intractable dif-
ferences between groups did not appear to be necessary: the “minimal group” paradigm
held that even arbitrary distinctions created from whole cloth by researchers could create
an in-versus-them mentality and powerfully shape behavior (see e.g. Tajfel 1970).

Citizens” attachment to political parties can be viewed as one such social identity. Po-
litical parties play a central role in the organizing of mass democratic politics: as aptly
put by Schattschneider (1942), “modern democracy is unthinkable save in terms of the
parties.” Yet partisanship is frequently blamed for some of most vexing pathologies of
democracy. The diagnostic that political scientists have reached could be described in a
very rough manner as follows: parties are a net positive and, in any case, inevitable in
modern democracies.” In the words of Stokes (1999), many “seem to regard political par-
ties as an unpleasant reality, a hardy weed that sprouts up in what would otherwise be
the well-tended garden of democratic institutions.” However, the structure of the party
system must not be left to chance. On the one hand, the parties should maintain a robust
national infrastructure and avoid the disorganization that follows from too much decen-
tralization. In 1950, the American Political Science Association published a landmark

report making these recommendations. On the other hand, and key to the subject of this

4Gee, e. g., Aldrich (1995) for a rational choice approach.
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thesis, mass partisanship should be rooted in cross-cutting cleavages. Cross-pressures, as
they are also called, refer to a situation whereby a voter faces conflicting influences as a
result of politically relevant identities that draw them in different directions. A staple of
early research on voting behavior (Lazarsfeld, Berelson, and Gaudet 1948; Campbell et al.
1960), the study of cross-pressures had “largely disappeared due to an accumulation of
negative evidence” by the late 1970s (Mutz 2002, 839).

In recent years, however, interest in cross-pressures has been reinvigorated by the
worrying trends in affective polarization I outlined above. The guiding question is “what
happens when a partisan social identity is joined by a host of other social identities that
are strongly affiliated with the party” (Mason 2016, 353). The answer is a decrease in
cross-cutting ties, which “tend to allow partisans to engage socially with their fellow cit-
izens and partisan opponents” (Mason 2018a, 8). The idea that cross-cutting ties allow
for more cordial interactions between groups in society is not new. When social groups
neatly sort into different partisan groups — when religious individuals overwhelmingly
become Republicans and urban dwellers overwhelmingly become Democrats — cross-
cutting identities become rarer. As a result, “the various identities work together to drive
an emotional type of polarization that cannot be explained by parties or issues alone”
(Mason 2016, 353). If cross-cutting identities can act as an “emotional brake” that tames
partisan emotions (Mason 2016, 353), the absence of cross-cutting identities suggests un-

briddled partisanship.

4 Shortcomings of the extant evidence

In this section, I argue that the extant evidence on the role of social sorting in mass affec-
tive polarization suffers from several shortcomings. Some of my reservations have to do

with the basic premise underlying the social sorting hypothesis, while others are related

SNote that early theoretical work on cross-pressures stressed its purported effect in depressing political
participation.
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to specific details of the most relevant empirical tests. The latter are, in my view, much
easier to address and this is what I aim to achieve in this thesis. The former, by contrast,
cast more fundamental doubt on the explanatory power of the social sorting hypothesis.

To be clear, social sorting may well be a contributor to affective polarization. However,
I argue that the jury is still out. More work is needed before a definitive conclusion can

be reached.

4.1 Theoretical shortcomings

Social sorting can only explain an over-time increase in affective polarization if it has it-
self been on an upward trajectory. The idea that Americans have sorted into immutable
tribes has certainly captured the public imagination.® But for all of the catchy headlines, a
basic, but incredibly important fact has been overlooked: the political behavior of Amer-
icans remains difficult to predict on the basis of socio-demographic characteristics alone.
In an important recent article — and the closest comparative to this thesis -, Kim and
Zilinsky (2022) analyze historic survey data and conclude that “the informativeness of
demographic labels [is] surprisingly muted” and that “their predictive power has not
increased over time.” Their general approach is to fit logistic regression models and tree-
based machine learning models on ANES data (1952-2020) in order to predict vote choice
and party identification using a series of socio-demographic characteristics: race, educa-
tion, income, age, and gender. Their models can, at best, predict 64% of two-party vote
choices and party IDs in out-of-sample tests. This performance is an improvement over
naive guesses based on two-party vote shares, but falls well short of what the neat pic-
ture of American political division seems to imply. To be sure, these sorts of analyses,
including those presented in this thesis, are inherently limited by historical survey data:

questions that have not been asked — in this case, individual-level socio-demographic

6For instance, at the time of writing, the Wall Street Journal had recently published a piece titled “Why
Tribalism Took Over Our Politics” that featured Lilliana Mason’s research.

14


https://www.wsj.com/politics/why-tribalism-took-over-our-politics-5936f48e
https://www.wsj.com/politics/why-tribalism-took-over-our-politics-5936f48e

characteristics that were not measured — can create a mismatch between ideal empirical
specifications and what is feasible. It is possible that Americans have polarized along
characteristic absent from Kim and Zilinsky (2022)’s analysis. Furthermore, it is plausible
to think that Democrats and Republicans are polarized in terms of groups memberships
that are more difficult to measure — such as preferences for certain music genres or sports
— and that these group memberships deepen the ingroup-outgroup dynamic. However,
the most detailed evidence to date shows that these “lifestyle” differences are fairly muted
(Praet et al. 2022) and, to explain rising affective polarization, they would have to be ris-
ing themselves. Absent clear evidence that socio-demographic characteristics are much
more predictive of partisanship than in the past or that gaps in lifestyle preferences have
widened, the conclusion that hews closest to the underlying data is that Americans have
socially sorted to a relatively weak extent.

How can American political behavior remain so difficult to predict? Recent years
have, without a doubt, witnessed the emergence of new cleavages — or the intensification
of long-standing ones — in American politics. For instance, as I will discuss later, it is
only in the 1990s that religiosity became associated with the Republican Party (and a lack
of religiosity or atheism became associated with the Democratic Party). Americans have
most definitely “sorted” on a variety of dimensions. However, the appearance of these
new division lines should not obscure the fact that other cleavages that were once promi-
nent have waned and, in some cases, disappeared altogether. As an example, before the
appearance of religiosity as a core dividing line in American politics, voters were instead
“divided along mainly denominational lines. .. most Catholics were Democrats and most
mainline Protestants were Republicans” (Margolis 2018, 13). To paint an accurate pic-
ture of social sorting, one must keep in mind that as cleavages emerge, others tend to
weaken or disappear. On balance, the net change on the social roots of partisan identity
may not be as strong as assumed. Indeed, it is likely that emerging divisions may come

to mind more easily than faltering ones. This is why tracking the bases of party support
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across time is valuable; it is easy to point to an increasingly important cleavage, but more

difficult to show that, on net, it contributes to a more divided political configuration.

4.2 Empirical shortcomings

The most comprehensive account of the role played by social sorting in the United States
was provided by Liliana Mason in a 2018 book and a series of articles (Mason 2016, 2018a,
2018b; Mason and Wronski 2018). Using a combination of the ANES and original survey
data, Mason demonstrates that social sorting is associated with a variety of political atti-
tudes, including affective polarization.”

To measure social sorting, Mason focuses on six specific social identities: ideological
liberal, ideological conservative, secular, evangelical, black, and Tea Party. For each of
these six social identities, Mason asks survey respondents a battery of four items devel-
oped by Huddy, Mason, and Aaree (2015) to measure subjective association with a given
identity. The four items are listed in Table 1.

In order to link each of the six identities to a political party, Mason (2018a) uses “con-
nections found in prior research and verified by examining the mean level of each identity
for each party separately in the data” (p.66). She concludes that the liberal, secular, and
black identities are aligned with the Democratic Party and that the conservative, evangel-
ical, and Tea Party identities are linked with the Republican Party. As a result, a survey
respondent who identifies with the Republican party is coded as socially sorted if they
indicate strong subjective association with the latter three identities. On the contrary, a
non-sorted Republican would indicate strong subjective association with the three iden-

tities that are linked to the Democratic Party. A citizen who is somewhere in between

would indicate strong subjective association with some of the identities linked to the Re-

’To my knowledge, neither the data used in Mason’s book and series of articles nor the replication code
is publicly available. I exchanged emails with Dr. Mason to have access to the underlying data and code.
After replying that she would send me the relevant materials, I never heard back despite a subsequent
reminder. As a result, I am not able to conduct an exact replication of her work — or, indeed, to verify my
own understanding of her statistical procedures by inspecting the replication code.
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Table 1: The four items used by Mason in the social identity scale

Survey item Answer choices

1. How important is being a [social identity] = Extremely important
to you? Very important
Not very important
Not important at all

2. How well does the term [social identity] Extremely well
describe you? Very well
Not very well
Not at all

3. When talking about [social identity], how  All of the time
often do you use ‘we’ instead of "they’? Most of the time
Some of the time
Rarely
Never

4. To what extent do you think of yourself as A great deal

being a [social identity]? Somewhat
Very little
Not at all

publican Party, but not all. Table 2 below reproduces a stylized example provided by

Mason herself in her book’s appendix.®

Table 2: Reproduction of Table A.3 in Mason (2018)

Individual A: Highest-score Republican Individual B: Lowest-score Republican

Republican identity = 1 Republican identity = 0
Democratic identity = NA Democratic identity = NA
Conservative identity = 1 Conservative identity = NA
Liberal identity = NA Liberal identity = -1

Evangelical identity = 1 Evangelical identity = NA
Secular identity = NA Secular identity = -1

Black identity = NA Black identity = -1

Tea Party identity = 1 Tea Party identity = NA

Sorting score = (1+1+1+1)/4 =1 Sorting score = (0-1-1-1)/4 = -0.75

A major strength of Mason’s approach is that she is able to measure the subjective
salience of social identities using the four-item battery first developed by Huddy, Mason,
and Aaroe (2015). Indeed, as she notes in her book (pp.65-66), “the alignment between

identities means nothing if a person does not identify with one or more groups.” This

8Note that values of “NA” indicate that a respondent does not feel any association with a given identity.
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is a point that bears emphasizing. Substantial evidence shows that people make sense
of their identities and social affiliations in different ways. Most obviously, not all Lati-
nos consider their Latino identity to be an important component of their politics; not all
men consider their sex to be an important component of their politics; and so on. Less
obviously, there is evidence that even identities that we may consider unambiguous and
identities that are ascribed by the state are endogenous to politics (Egan 2020). Simply
put, different people make sense of their group identities in different ways. As such, as-
signing “objective” affiliations to a given individual risks oversimplifying complex pro-
cesses of identity formation. The measurement approach that I present in this thesis is,
in this sense, fundamentally limited by historical survey data that typically does not ask
about subjective identity strength. On this front, Mason’s approach remains preferable.
Nonetheless, there are other shortcomings to her approach, which I detail below before
explaining my revised approach.

Mason uses a rather crude method to establish the identities that are linked to each
party. To be sure, the broad characterizations that she makes are directionally sound —it is
undoubtedly true that secular, black, and liberal individuals tend to be Democrats, while
evangelical, Tea Party supporters, and conservative individuals tend to be Republicans.
However, from an empirical point of view, her measurement lacks important nuance.

First, while the individual-level salience of a given identity is allowed to vary, its
aggregate-level association with a political party is fixed and assumed to be of equal
magnitude to that of other identities. Take, for instance, black identity and born-again
Christianity. The latter is, without a doubt, a politically salient identity, but its impor-
tance pales in comparison to the enormous significance of black identity (on this point,
see Westwood and Peterson 2020). Figure 2 summarizes this point. Between 1980 and
2020, born-again Christianity became an increasingly strong predictor of party identifica-
tion among White ANES respondents. In the most recent election cycle, 43.1% of White

respondents who did not identify as born-again indicated that they identified with the
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Democratic Party; this proportion dropped to barely 20.4% among born-again Whites.
Among Black respondents, on the other hand, born-again status did not predict partisan
affiliation: 92.4% of non-born-again Blacks identified as Democrats, compared to 91.6%
of born-again Blacks. Similarly, in the 2016 ANES, among Black respondents who iden-
tified as born-again Christians (n = 221), 93.8% identified with the Democratic Party.’
Assuming a respondent whose answers on the four-item social identity scale reveal great
attachment to both their black and evangelical identities, Mason’s measurement scheme
would categorize them as a weakly sorted voter —a dubious result since an overwhelming

majority of such voters in the ANES sample identify with Democrats. '
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Born-again Christian - No Yes

Figure 2: Proportion of Black and White ANES respondents who identify as Democrats,
conditional on born-again status (1980-2020)

The conclusion is much the same when it comes to self-reported ideology (Figure 3).'!

9The corresponding figure for White respondents is 24.7%.

10Referring to Table 2, a Black evangelical Republican would score 1 on evangelical identity and -1 on
black identity, while a Black evangelical Democrat would score -1 on evangelical identity and 1 on black
identity.

HThis figure combines data from the 2012, 2016, and 2020 editions of the ANES in order to capture more
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Unsurprisingly, Black and White respondents who indicate that they are “extremely lib-
eral” overwhelmingly identify with the Democratic Party. As we move toward the con-
servative end of the traditional 7-point scale, White respondents become less and less
likely to identify as Democrats; by the time we reach respondents who indicate that they
are “conservative” and “extremely conservative” barely any Whites (approximately 3%)
identify with the Democratic Party. The corresponding party-ideology gradient among
Blacks is notably less steep. Among Blacks who say that they are “conservative” (n =
120), 73% identify with the Democrats. Simply put, some identities overpower others (see

e.g. White and Laird 2020). Mason’s approach cannot account for this simple fact.

1.00

0.75

Proportion of Democrats

0.25

0.00

Extremely Liberal Slightly Moderate Slightly Conservative Extremely
liberal liberal conservative conservative

Self-reported ideology
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Figure 3: Proportion of Black and White ANES respondents who identify as Democrats,
conditional on self-reported ideology (2012-2020)

precise subgroup estimates.
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Second, Mason’s coding scheme cannot incorporate changing social cleavages over
time. The current political fault lines that she correctly identifies have not always been
present. For instance, the hardening religious-partisan divide in the United States is a rel-
atively new phenomenon: until the last 30 years or so, there was “virtually no religiosity
gap between the parties” (Margolis 2018, 27). Other cleavages have waned over time. If
we are to measure the evolution of social sorting over time, we must allow the associations
between party identification and social identities to wax and wane. Consider the example
of a highly religious American voter in the late 1980s. Using Mason’s coding scheme, an
analyst seeking to measure the extent of social sorting would consider religiosity to be
associated with the Republican Party. Consequently, a survey respondent who indicated
affinity with the Republican Party and a strong religious identity would be considered
highly sorted. This simple categorization, however, obscures the fact that the religiosity
gap between Democrats and Republicans — however well established it is now —is a rel-
atively new phenomenon. Until the early 1990s, higher proportions of the Democratic
base were composed of Biblical literalists (Margolis 2018, 26). Applying Mason’s mea-
surement scheme to historical data would then risk misclassification of respondents due
to changing cleavages. In order to trace the evolution of social sorting, one must use a

more flexible procedure.

5 Empirical approach

In light of the limitations outlined above, I aim to use a more flexible way of measuring
social sorting. To be useful, this new measurement scheme must: a) allow for social cleav-
ages to have varying importance in any given time period; b) allow for social cleavages
to change over time.

I propose to use historical data from the American National Election Study (ANES) in

order to build individual-level estimates of cross-pressures that emanate from different
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social identities, based on work by Brader, Tucker, and Therriault (2014).'> The procedure
is as follows. The first step is to estimate regression models that relate socio-demographic
characteristics — language, region, social class, ethnicity... - to party identification."”
Given that I will be working with historical data, these models will be fully interacted
with a year variable in order to allow the estimated coefficients to vary by year — in other
words, in order to allow the effect of social identities on party identification to wax and
wane. The year variable is specified as a factor variable, such that marginal effects unique
to each year is estimated and there is no assumption regarding the functional form of the
over time differences in marginal effects. With this specification, we would expect to see,
e.g., the marginal effect of religiosity to be quite weak, or even close to 0, in the 1970s and
1980s, before rising in the 1990s and beyond. The second step is to produce predicted
probabilities of supporting different parties for each survey respondent. Finally, I will
use the variance in predicted probabilities for a given respondent in order to estimate the
intensity of cross-pressures that emanate from the social group memberships that were
used as input to the regression models.'*

The intuition behind this model is quite straightforward. If a respondent is highly
socially sorted, it should be quite easy to predict with reasonable certainty with which
political party they identify on the basis of the social groups they belong to. By contrast,
if a respondent is not socially sorted, the model should produce ambiguous results: we
will be unsure, on the basis of the respondent’s social identities, which party they identify
with. As a simple example, imagine a respondent who is assigned, based on the statistical

model outlined above, a 0.55 probability of identifying as a Democrat and a 0.45 proba-

12Note that I consider cross-pressures to be inversely related to social sorting. If voters are socially sorted,
their social identities should produce few cross-pressures; if voters are not socially sorted, their social iden-
tities should produce more cross-pressures.

131 use socio-demographic characteristics because these are widely available in historical survey data and
come reasonably close to the theoretical construct of social identity. Of course, some salient social identities
are not rooted in socio-demographic characteristics. Nonetheless, many relevant identities can be measured
using widely-used survey items. Additionally, note that the ANES data does not allow me to measure the
subjective salience of social group memberships. This is a limitation of using historical data that must be
kept in mind.

41n a two-party context, taking the simple difference in probabilities is sufficient.
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bility of identifying as a Republican. This respondent faces greater conflicting pressures
on the basis of his or her social identities than another respondent who is assigned a 0.90
probability of identifying as a Democrat and a 0.10 probability of identifying as a Repub-
lican (see Table 3 below for a stylized example). Accordingly, we will consider the latter

a socially sorted individual and the former a non-sorted individual.

Table 3: Stylized example showing one highly sorted voter and one cross-pressured voter

Race | Gender | Religiosity Education Pr(Democrat) | Pr(Republican) | A probability
White | Male Very religious | High school 0.10 0.90 0.8
Black | Female | Fairly religious | High school 0.55 0.45 0.1

By leveraging ANES data going back decades, I am able to trace the history of cross-
pressures emanating from social group memberships. I use the following measures from

the cumulative ANES data file:

1. Income, measured in five discrete percentile buckets
Educational attainment
Race

Religious attendance

A

Union membership

In some models, I also consider self-reported ideology measured on the classic 7-point
scale. The final step will be to directly examine the key relationship that makes social
sorting a relevant object of study: the idea that highly sorted partisans are less likely to be
able to engage socially with their political opponents and therefore more likely to be affec-
tively polarized. I will retain the cross-pressure scores introduced above as a key variable
and introduce it on the right-hand side of a regression model that seeks to predict affec-
tive polarization, measured as the difference in feeling thermometer scores between a re-
spondent’s in-party and out-parties. I will run a series of cross-sectional linear regression
models in order to establish whether the relationship between social sorting and affective

polarization: a) is substantively and statistically significant; b) fluctuates through time.
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6 Results

6.1 Descriptive evidence

In order to get a sense of “what goes with what”, I begin by displaying the average
marginal effects (AMEs) of the various social characteristics utilized on the right-hand
side of the logistic regression model. Since the regression model interacts each charac-
teristic with a year indicator, the quantities depicted in Figure 4 are specific to each year.
The darker points represent AMEs from earlier years and the lighter points represent
AMEs for more recent editions of the ANES. The AMEs are computed using “counterfac-
tual” versions of the underlying survey data: for each observationi € [1,2,3, ..., n], I use
the regression model to estimate the change in probability of Democratic identification
when moving from the reference category of a given covariate to some other value. The
quantities depicted in Figure 4 are the mean estimated counterfactual changes across all
observations. '

Overall, the results presented in Figure 4 show a party system whose structure changed
substantially over the years. While contemporary political cleavages may seem like un-
movable features of a calcified political landscape, it is evident that the social bases of
party support are in fact quite fluid. The first noteworthy takeaway is that race and at-
tendance to religious services have become vastly more predictive of party identification
over time. In 1972, the first election year for which we have data on religiosity, moving
from the reference category of “never” attending religious services to attending religious
services “every week” is estimated to decrease the probability of Democratic identifica-
tion by 0.03, a substantively small quantity. The association between religiosity and party
identification remained weak throughout most of the 1970s and 1980s, but by 1996, the

estimated effect of moving from lowest to highest religiosity had ballooned to -0.20. In the

15See Figure 8 in the appendix for an alternative presentation of the same results.
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2020 election, the effect is estimated to be a 0.30 decrease in the probability of Democratic
identification — a substantively enormous effect. As stated previously, a major strength
of the modeling approach employed in this thesis is its flexible nature: contra Mason
(2018a), I do not have to arbitrarily decide which social attributes go with which party.
The estimated effects quoted above demonstrate the advantages of this flexibility. Relat-
edly, overspecification is much less of a concern with this approach. If a particular social
characteristic is not a strong predictor of party identification, including it in the regression
models should not skew our results.

The story is similar, though less drastic, when it comes to race. Black and Hispanic
identification is increasingly predictive of Democratic partisanship, which implies that
Caucasian identification is increasingly predictive of Republican partisanship (White and
[Laird 2020). Note, however, that the strength of the Black constituency within the Demo-
cratic Party was already well established in the 1970s. The patterns observed here have
more to do with reinforcement of an existing cleavage rather the creation of a new one, as
observed with religiosity.

When it comes to gender, early elections in the dataset show little explanatory power
of gender, while more recent electoral cycles show that women have become associated
with the Democratic Party. This pattern tracks with comparative evidence of a changing
ideological gender gap across Western democracies, with women growing relatively more
liberal over time (Dassonneville 2021).

Have Americans’ social identities truly sorted with their partisan identities? For each
ANES respondent, I computed the mean difference in the estimated probability of iden-
tifying with the Democratic Party and the estimated probability of identifying with the

Republican Party. This quantity can be expressed as follows:

E[Pr(PID; = Democrat|X;)] — E[Pr(PID; = Republican|X;)],
where X; is a vector of socio-demographic characteristics included in the logistic re-
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gression model described above. The range of this quantity is bounded by 0, in which
case the regression model estimates an equal probability that some respondent i identi-
ties with the two parties, to 1, in which case the regression model estimates with certainty
that some respondent i identifies with some party.

In order to demonstrate what the results look like and examine face validity, I divided
respondents into four quartiles of social sorting (with the quartiles computed separately
for each edition of the ANES). Then, I drew one random respondent from each quartile for
each survey year. Table 4 shows the respondents that were randomly drawn. As an exam-
ple, the first row in the table shows a random respondent in the 1st quartile of sorting in
1972: a white male respondent with some college education, average income, no union af-
tiliation, and infrequent attendance to religious services. The regression model estimates
with 0.51 probability that this respondent will identify with the Democratic party, which
mechanically implies a 0.49 probability of identifying with the Republican party. Tak-
ing the difference, between these two probabilities, the model estimates a “sorting score”

of 0.01 for this particular respondent'®

, meaning that it is quite difficult to predict their
partisan affiliation. In the terminology of social sorting theory, the socio-demographic
characteristics of this ANES respondent do not pull them in any obvious political direc-
tion. By contrast, the fourth row of Table 4 shows a respondent in the highest quartile of
social sorting in the 1972 ANES. This respondent is a white woman with a high school
education, average income, a union affiliation, and frequent religious attendance. The
regression model estimates with 0.74 probability that this respondent will identify with
the Democratic party, and therefore a 0.26 probability of identifying with the Republican
party. Again, taking the difference, we arrive at a social sorting score of approximately
0.49. Are these predictions “correct”? Of course, it is impossible to say: we only observe

each respondent once and the model may be misspecified in myriad ways. Nonetheless,

the results demonstrate high face validity: given background knowledge of American

16Note that due to rounding, the difference in probability quoted is not exact.
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political parties and their bases of support, most the examples presented below make

intuitive sense.
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Table 4: Example respondents from the ANES

Education Gender Income Race Rel. attendance Union Pr(D) Pr(R) Sorting
1972
Some college Female 68-95thp.  White Every week 0 0.50 0.50 0.01
Uptograde12 Female 0-16thp. White A few/year 0 0.57 0.43 0.14
Uptograde12 Male 68-95th p. ~ White A few/year 1 0.60 0.40 0.19
Uptograde12 Female 68-95thp.  White Every week 1 0.67  0.33 0.35
1976
Up to grade 12 Male 34-67thp.  White Every week 0 0.58 0.42 0.16
Uptograde8  Male 0-16th p. White Never 0 0.67  0.33 0.35
Some college Female  96-100th p. White Never 0 0.23 0.77 0.53
Uptograde12 Female 34-67thp.  White 1-2/month 1 0.77 0.23 0.54
1980
Some college Female 68-95thp.  White A few/year 0 0.51 0.49 0.03
Uptograde12 Female 34-67thp.  White Never 0 0.66 0.34 0.32
College degree  Male 96-100th p.  White Almost every week 0 0.24 0.76 0.51
Up to grade 12 Male 0-16th p. Black A few/year 0 0.92 0.08 0.84
1984
College degree  Male 68-95thp.  White Never 0 0.43 0.57 0.14
Up to grade 12 Male 34-67thp.  White A few/year 1 0.63  0.37 0.26
Up to grade 12 Male 0-16th p. Other Never 0 0.64 0.36 0.27
Some college Male 34-67thp.  White Almost every week 0 034  0.66 0.33
1988
College degree  Female  68-95thp.  White Every week 1 057 043 0.14
College degree  Female 34-67thp.  White 1-2/month 0 0.41 0.59 0.17
College degree  Male 68-95thp. ~ White Every week 0 0.33 0.67 0.34
Uptograde12 Female 17-33rdp.  Black Every week 0 0.88  0.12 0.76
1992
Some college Male 34-67thp.  White Never 0 0.53 0.47 0.07
College degree  Female  34-67thp.  White Never 0 0.67  0.33 0.34
Some college Male 96-100th p.  Other Almost every week 1 027 073 0.46
Some college Male 68-95th p.  Black Never 1 0.93 0.07 0.87
1996
Uptograde12 Female 17-33rdp.  White Every week 0 047  0.53 0.07
Some college Female 34-67thp.  White 1-2/month 0 0.59 0.41 0.17
College degree  Male 0-16th p. White Every week 0 0.38 0.62 0.23
Uptograde12 Female 68-95thp.  White Never 1 072 0.28 0.43
2000
Some college Male 17-33rd p.  White Never 0 0.52 0.48 0.04
College degree  Male 34-67thp.  White Never 0 0.45 0.55 0.10
Up to grade 12 Male 34-67thp.  White A few/year 0 056  0.44 0.12
Uptograde12 Female 0-16thp. White A few/year 0 0.79 0.21 0.57
2004
Up to grade 12 Male 34-67thp.  White Never 0 0.41 0.59 0.17
College degree  Female 34-67thp.  White A few/year 0 0.64 0.36 0.28
Some college Male 17-33rd p.  White Every week 0 0.26 0.74 0.48
Up tograde12 Female 0-16thp. Black Every week 0 096  0.04 0.92
2008
Some college Female 68-95thp.  White Never 0 0.46 0.54 0.08
Some college Female 34-67thp.  White Never 0 0.58  0.42 0.16
Uptograde12 Female 34-67thp.  White 1-2/month 1 0.72 0.28 0.45
Uptograde12 Female 0-16thp. Black A few/year 0 0.98 0.02 0.96
2012
Some college Female 68-95thp.  White Never 0 052 048 0.04
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Table 4: Example respondents from the ANES (continued)

Education Gender Income Race Rel. attendance Union Pr(D) Pr(R) Sorting
Up to grade 12 Male 68-95th p. Other Every week 1 0.43 0.57 0.15
College degree  Female  34-67th p. Hispanic ~ Almost every week 1 0.80 0.20 0.60
College degree  Male 34-67th p. Black Never 1 0.98 0.02 0.96

2016
Uptograde12 Female 34-67thp. White A few/year 1 0.56 0.44 0.11
Some college Male 34-67th p. White Never 0 043 0.57 0.14
Uptograde12 Female 34-67thp. White Every week 0 0.23 0.77 0.55
College degree  Male 68-95th p. Hispanic  Never 0 0.81 0.19 0.62

2020
Uptograde12 Female 6895thp.  White Never 0 0.48 0.52 0.03
College degree  Male 68-95thp.  White Never 0 057 043 0.14
College degree  Male 34-67thp.  White Almost every week 0 0.29 0.71 0.42
College degree  Female 17-33rdp.  White Never 0 0.74 0.26 0.47

Note:
For each year, a random respondent was drawn from each quartile of the sorting score.

Figures 5 presents, for each presidential election year, the mean social sorting score
estimated using the procedure described above. Panel A is based on regression models
that do not include self-reported ideology, while Panel B is based on regression models
that do include self-reported ideology.

The first point I wish to emphasize is a crucial one: for the typical ANES respondent,
across most of the election years analyzed here, it is actually quite difficult to predict party
identification on the basis of socio-demographic characteristics alone and without taking
self-reported ideology into account. Take the estimates for the most recent presidential
election as an example: a mean difference in estimated probabilities of around 0.36 im-
plies that the typical respondent is assigned a 0.68 probability of identifying with one of
the two major parties and, on the reverse, a 0.32 probability of identifying with the other
major party. Clearly, socio-demographics characteristics are informative, but even in the
highly polarized times we live in, party identification is far from a deterministic function
of group memberships (or at least the ones measured and considered here). By contrast, if
we take self-reported ideology into account, it becomes much easier to sort voters: a mean
difference in probabilities of around 0.75 in the 2020 cycle implies the typical respondent

is assigned a 0.88 probability of identifying with one of the two major parties and, on the
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reverse, a 0.12 probability of identifying with the other major party.

The second interesting result is the trend over time. The narrative of substantial social
sorting in the last few decades is not obviously confirmed. It is true that estimates from
recent elections tend to be higher than older estimates. However, all estimates produced
using models without self-reported ideology lie between 0.26 (1972) and 0.36 (2020). The
former estimate represents a 0.63-to-0.37 split, while the latter estimate represents a 0.68-
to-0.32 split. Given modeling uncertainty'’, it is not clear that this difference is meaning-
ful, even though it reaches conventional levels of statistical significance. To be clear, I do
not claim that this is definitive evidence against the social sorting hypothesis. However,
the results presented here cast doubt on the more extreme version of the descriptive claim
that underlies the social sorting theory.

In models that take into account self-reported ideology, the conclusion is notably dif-
ferent. A clear upward trajectory is visible throughout the years. In 1972, the model
returns a mean difference in probabilities of 0.35, which is approximately equivalent to
a fairly ambivalent 0.62-to-0.38 split. By contrast, in the most recent election cycle, the
model returns a mean difference in probabilities of 0.75, which is equivalent to a 0.88-to-
0.12 split.

Moving beyond measures of central tendency, Figure 6 shows the boxplots and den-
sity plots of the social sorting measure for each year of the ANES survey. We can discern a
recurrent pattern: the distribution of social sorting scores is, year after year, right-skewed.
Most ANES respondents are located in the lower end of the scale, between 0 and 0.30. A
minority of respondents at the upper end of the scale bring the mean in their direction.

Who are these respondents populating the upper end of the social sorting measure?
For the most part, this upper end is composed of Black Americans. As stated previously,
race has long been a central organizing feature of American politics. Figure 7 shows

mean social sorting scores by self-reported race, by ANES edition. Republicans and White

7For instance, a cleavage that was more relevant in 1972 than in 2020 may have been omitted, which
would lead to an underestimation of sorting in 1972, relative to 2020.
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Democrats are, across all years, quite weakly sorted, with scores ranging from approxi-
mately 0.16 to 0.34. A weak upward trend is visible. By contrast, Black Democrats are
consistently highly sorted, a consequence of the fact that the overwhelming majority of
Black Americans support the Democratic Party. In the case of Black Democrats, there is

no obvious increase or decrease through time.
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Figure 7: Mean social sorting score by year among different partisan and racial groups

What should we make of the large differences between models that include the mea-
sure of self-reported ideology compared to models that exclude it? It is not clear what
our substantive conclusion should be. On the one hand, ideology is a salient social iden-
tity. As Americans have increasingly sorted into ideologically homogeneous parties, it is

likely that people’s mental images of the parties’ compositions has been affected: a con-
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servative Republican may well dislike Democrats because “they” are all liberals, while a
liberal Democrat may well dislike Republicans because “they” are all conservatives. It is
plausible that ideological sorting reinforces to perceive the opposing party as the “other.”

On the other hand, I would argue that ideological sorting carries fundamentally dif-
ferent implications compared to more strictly social sorting. Some amount of ideological
sorting, most political scientists would agree, is desirable: having political parties with a
well-defined ideological “brand” can help voters make better electoral choices. A party
system without any clear ideological cleavages is, in a sense, unstable at its core — falling
apart at the seams due to competing internal factions. A well-functioning party system
presupposes at least some degree of ideological segregation. By contrast, strictly social
sorting is neither inevitable nor necessary.

In sum, the evidence so far suggests that social sorting may have increased by some
moderate amount over time, but our ultimate conclusion depends on whether we con-
sider ideological sorting to be akin to social sorting. An over-time increase in social sort-
ing, however, is just the first step in the larger argument that links social identities to par-
tisan animosity. In the next section, I examine the association between individual-level

social sorting and affective polarization.

6.2 Associational evidence

In the preceding section, we established that the process of partisan-ideological sorting
whereby members of the American public come to identify with the party that is closest
to their ideological leanings is mostly responsible for any “social sorting” that has oc-
curred, if any. Is this sorting associated with affective polarization, as the social sorting
hypothesis posits?

I measure affective polarization using the standard thermometer ratings from the
ANES. A respondent who identifies with the Democratic Party is affectively polarization

insofar as their 0-100 rating of the Democratic Party exceeds their rating of the Republican
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Party (and vice-versa).

Figure 8 shows the relationship between the two measures using a scatterplot, with the
social sorting scores on the x axis and affective polarization on the y axis. As a reminder,
social sorting ranges from 0 to 1 while affective polarization ranges from 0 to 100. Note
that for this analysis, only respondents who identify as Democrats or Republicans are
included, since the affective polarization measure can only be computed for those who
identify with an in-party. Naturally, Independents are also politically consequential and
we must be careful not to draw conclusions that may be biased due to compositional
effects. Table 7 in the appendix shows the percentage of ANES respondents who identify
as Democrats, Independents, and Republicans.

In Figure 8, the raw data at the respondent-level is shown in small gray points. Given
the density of the data — thousands of respondents for each ANES edition, with some
substantial overlap on both the x and y axes — I also plotted binned conditional means (a
so-called “binscatter”) using the binsreg function in R (orange points). This procedure is
quite simple: it divides the data into | < n bins using the empirical distribution of x, then
computes the mean outcome within each bin. The number of bins is determined algo-
rithmically in order to optimize integrated mean square error, hence why the number of
bins varies by ANES edition (for more details on this procedure, see Cattaneo et al. 2023).
The figure also shows predictions from a linear regression model fit to the full data with a
second-order polynomial (blue line). Social sorting theory usually does not predict a spe-
cific functional form for the relationship between social sorting and affective polarization.
For the most part, it appears reasonable to assume a roughly linear association. However,
I nonetheless introduce a squared term since this is a first look at the data and I want to
be able to detect any non-linearity.

The regression take the following form:

Polarization; = g + B1Sorting; + BaSorting? + €
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Overall, the relationship between my measure of social sorting and affective polariza-
tion appears fairly weak: most years show a positive and, importantly, a possibly non-
linear association. Moving from the most cross-pressured respondents (the least socially
sorted) to those who are moderately cross-pressured yields relatively little movement on
the affective polarization measure. As an example, let’s examine the data from 1980 more
closely. The mean level of affective polarization in the first bin of social sorting (which
covers social sorting scores falling between 0 and ~0.061) is approximately 23.98. Between
the second and eighth bins — which cover social sorting scores that range from ~0.061 to
~0.695 — the mean level of affective polarization vacillates very little, with a minimum of
21.99 (2nd bin) and a maximum of 25.53 (7th bin). The 9th and final bin, however, stands
out, with a mean affective polarization of 34.77 — nearly 10 points higher than any other
bin. The same pattern can be found in other years. In 1984, for instance, the affective
polarization of the 1st through 11th bins varies from 25.06 to 30.63, while the 12th and
tinal bin registers 37.76. The more recent election cycles of 2012 and 2016 show a similar
pattern. In other election cycles, the relationship is very weak. For instance, in 2020, the
line of best fit from a regression with a second-order polynomial is essentially flat.

To sum up, putting aside concerns about causality, it appears that insofar as there is
an effect of social sorting on affective polarization, it manifests mostly at the upper end
of the social sorting scale. In other words, the moderately sorted individuals do not differ
appreciably in their attitudes than the weakly sorted individuals. However, the highly
sorted individuals — those for whom predicting party identification on the basis of socio-
demographic characteristics is quite easy — tend to be more affectively polarized.

The results are presented in tabular form in Table 5. Model 1 shows a linear regres-
sion model pooling respondents from all ANES editions with year fixed effects. Model
2 shows a similar model, but this time including a battery of covariates: education, race,

income, religiosity, party identification, age, and interest in the election.'® Model 3 adds

18Note that I avoid presenting the coefficients attached to the various covariates because of the so-called
“Table 2 fallacy” — social scientists” propensity to interpret the coefficients attached to potential confounders

38



Table 5: Linear regression models relating social sorting to affective polarization

(1) () 3)
(Intercept) 21.920[20.113, 23.727] 13.203 [10.626, 15.780] 7.619 [—45.321, 60.559]
Sorting 10.519 [9.129, 11.909] 5.011 [2.859, 7.163] 3.325[0.716, 5.934]
Num.Obs. 26764 25542 14831
Year FE v v v
RMSE 30.45 29.54 26.94
Standard controls v v
PID strength control v

*p < 0.05,* p < 0.01

strength of partisan identity, which is undefined for Independents and the reason why the
sample size for this model decrease drastically.'” Across the three models, social sorting is
positively and statistically significantly associated with affective polarization. However,
the magnitude of the coefficient’ is much smaller in models 2 and 3. Model 1 estimates
that a one-unit increase in social sorting — that is, a movement from minimum to maxi-
mum — is expected to increase affective polarization by approximately 10.5 points — quite
a substantively large change given that mean affective polarization ranges from 25.4 in
1980 to 52.3 in 2020. However, once we add covariates in models 2 and 3, the coefficient
on social sorting decreases to 5.0 and 3.3, respectively, though it retains statistical signifi-
cance at conventional levels (p < 0.001 and p < 0.01, respectively).

Figure 9 and Table 6 repeat the same analysis, but this time using social sorting scores
derived from models that include self-reported ideology. The results are notably different:
the association between my measure of social sorting and affective polarization is much
stronger and can be detected across all ANES editions. The non-linearity of the association
is somewhat less obvious: in can be seen in certain years (e.g. 1992, 2016, and 2020) but
not in others (1984, 2000).

As Table 6 shows, a one-unit increase in social sorting — that is, a movement from

as, themselves, causal quantities (see e.g. Westreich and Greenland 2013).
YGiven that this model only examines partisans, its interpretation should be adjusted accordingly.
20Note that I avoid using the word “effect” given its causal connotation.
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Table 6: Linear regression models relating social sorting to affective polarization

(1) 2) 3)
(Intercept) 7.619 [—45.321,60.559] 11.438 [9.310, 13.565] 1.448 [—1.456, 4.353]
Sorting 28.572 [27.203,29.941] 25.963 [24.524, 27.402]
Num.Obs. 14 831 21276 20381
Year FE v v v
RMSE 26.94 29.03 28.26
Standard controls v v
PID strength control v

*p < 0.05,* p < 0.01

minimum to maximum - is expected to increase affective polarization by approximately
28.6 points in a model with no covariates and by 17.5 points in a model with a battery of
covariates (listed above). This is, without a doubt, a substantively strong association that
appears to lend support to the social sorting hypothesis. However, as explored earlier,
whether ideological sorting should be thought of in the same vein as more strictly social

sorting is unclear.

7 Discussion and conclusion

This thesis aimed to measure the history of partisan social sorting in the United States
and to assess its relationship with affective polarization. The analyses presented above
point to two main findings.

First, despite claims that Americans have sorted into two dissimilar political camps
that have little in common, historical data from the ANES shows that it remains quite dif-
ticult to predict partisan identity on the basis of socio-demographic characteristics, unless
we also include self-reported ideology as a predictor. The implications of this finding are
unclear, since some degree of partisan-ideological sorting may be desirable.

Second, there is some suggestive evidence that socially sorted individuals tend to be

more affectively polarized. The evidence is much stronger when using a measure of social
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sorting that includes self-reported ideology.

Additionally, there is a crucial point that is worth keeping in mind in order to contex-
tualize these findings and chart a path forward for research on social sorting and affective
polarization: whether objective social sorting matters at all is very much up for debate. It
is entirely possible for individuals to perceive partisan groups as fundamentally differ-
ent even if cross-cutting cleavages are, in fact, abundant. The psychological mechanisms
posited by social sorting theory — “these people are unlike me, and therefore I feel dis-
tant from them or outright dislike them” — concern subjective cognitive processes that are
internal to each individual. In a way, social identity theory — and the closely associated
minimal group paradigm — assume that humans will always perceive large differences be-
tween groups that they identify with and groups that they think of as outsiders. How the
objective social composition of political parties relates to these perceptions is unclear and,
to my knowledge, the functional form of this relationship is always left unspecified. For
illustrative purposes, Figure 10 depicts two different possibilities. The dashed horizontal
line shows perfect calibration: for all hypothetical levels of actual social sorting (x axis),
people perceive the exact right amount of sorting.”!

It is under this unrealistic scenario that the empirical analyses presented in this article
should work best. However, we may think that the scenario in blue is most likely given
social identity theory: perceived social sorting is high regardless of actual social sorting;
and as actual social sorting increases, perceived social sorting barely budges. If this is
correct, then we would not expect the empirical analyses presented above to yield much
of anything. The “parties in our heads,” to quote Ahler and Sood (2018), could be com-
pletely unmoored from the actual parties. The scenario in green is similar, but with more
responsiveness to real-world conditions.

Clearly, there are reasons to believe that people do not have perfectly calibrated per-

ceptions. Nonetheless, the theory of social sorting as developed so far rests just as much

2 For the sake of simplicity, I do not consider between-cases heterogeneity in calibration.
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on perceptions as on empirically observable movements in the structure of the party sys-
tem. To what extent each is relevant, and how one relates to the other, is an important
task for future research. Within the bounds of this thesis, I can only conclude that the
social sorting hypothesis is not particularly convincing if perceptions of social sorting are
well-calibrated.

Finally, I conclude with some broader thoughts about the contribution of this thesis to
the literature on partisan polarization.

First, in order to move forward, the literature should address the concern I raised
above: whether subjective or objective partisan sorting matters more and what is the rela-
tionship between them. Absent a strong theoretical framework that addresses these ques-
tions, the absence of an empirical regularity (e.g. the weak association between objective
social sorting and affective polarization) may be mistaken as proof against the social sort-
ing theory. Studies of the type conducted by Ahler and Sood (2018) should be conducted
to examine the relationship between objective conditions and subjective perceptions.

Second, the literature on the causes and consequences of polarization would greatly
benefit from additional cross-national evidence. This is especially true when it comes to
social sorting: while party systems vary wildly across countries, the logic of social identity
theory should hold. To my knowledge, there is no cross-national study that systematically
examines whether the decline of cross-cutting ties in the United States and its association
with affective polarization is reflected in Canada and Western European countries. The
empirical approach employed in this thesis can easily be transferred to other contexts.

Third, empirical social scientists should engage with normative questions regarding
the desirability of distinctive party compositions. As this thesis documents, rising af-
fective polarization is likely caused by a combination of social identities and genuine

ideological disagreement, with the latter possibly a larger contributor.
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Table 7: Distribution of 3-point party identification in ANES surveys (unweighted)

Democrat Independent Republican

1972 51.2 14.8 33.9
1976 51.1 15.3 33.6
1980 52.2 15.1 32.8
1984 47.8 12.6 39.6
1988 47.1 12.0 40.9
1992 49.7 12.8 37.5
1996 52.5 9.2 38.3
2000 49.6 12.5 37.9
2004 49.5 10.1 404
2008 59.8 11.6 28.6
2012 52.7 134 33.9
2016 45.7 13.6 40.7
2020 46.5 11.7 41.7
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