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Abstract

Social media is often blamed for the creation of echo chambers. However, these
claims fail to consider the prevalence of offline echo chambers resulting from high
levels of geographic partisan segregation in the United States. Our article empiri-
cally assesses these online versus offline dynamics by linking a novel dataset of vot-
ers’ offline geographic partisan segregation extracted from publicly available voter
files for 180 million US voters with their online network segregation on Twitter. We
investigate offline and online partisan segregation using measures of geographical
and online isolation of every matched voter-Twitter user to their co-partisans offline
and online. Our results show that while social media users do tend to form politi-
cally homogeneous online networks, these levels of partisan sorting are significantly
lower than those found in their geographical offline settings. Thus social media
is providing users with networks that are more heterogeneous than their offline
environments. We also find that Democrats are more ideologically isolated than
Republicans in both settings. Our results contribute to the emerging literature on
political communication and place the homophily of online networks in a broader
context, providing novel evidence on partisan sorting both online and offline.



Introduction

The consolidation of social media and new digital technologies in today’s information
environment has been widely cited in both popular (1; 2; 3) and academic debates (4; 5;
6; 7) as a critical driver of the recent rise in political polarization among the American
electorate. The “echo chambers” narrative is often invoked as the primary mechanism
by which social media causes polarization (4; 8; 9). In this narrative, social media has
facilitated the formation of overly homogenous online communities—“‘echo chambers”—in
which citizens more easily isolate themselves from people from opposing parties, and
that hold distinct views about the world, consequently reinforcing their system of beliefs
and reducing cross-cutting interactions with others who hold views different from the

individual’s own views.

Yet, a growing body of research relying on a variety of data sources has provided a
more nuanced view of this narrative, showing that the prevalence of social media echo
chambers has been largely overstated (10; 11; 12; 13). Although these studies somewhat
converge on the idea that online echo chambers may be an overstatement, the impact of
social media on polarization remains a persistent puzzle; using digital field experiments
in which authors manipulate components of users’ social media experience, or even in-
centivize users to deactivate their account for a certain period of time, some research
shows that social media increases polarization (14; 15; 16), some shows that social media
decreases polarization (17; 18), and other research shows no effect of social media on
polarization (19; 20; 21; 22; 23; 24; 25).

To understand this puzzle, recent research has advanced an alternative causal mecha-
nism in which social media effects must be considered conditional on users’ offline experi-
ences and context (26; 18; 6). Relative to individuals’ offline environments, social media

might actually increase exposure to outgroup users (18), encouraging them to engage



with content they would hardly encounter outside social media (6) and forcing them to
interact beyond their local bubble (26). Because social media platforms often amplify
extreme voices, and emotional and negative language (27; 28), this line of work shows
that these interactions can often activate partisan identity, and lead to misperceptions
about outgroup voters and uncivil online exchanges, which could increase polarization.
A recent field experiment manipulating Twitter’s feed algorithm illustrates this dynamic
(22). The authors find that assigning users to an algorithmic feed, compared to chrono-
logical ranking, increases users’ ties to more politically conservative accounts and shifts
their views towards more conservative positions. Given the more liberal-leaning Twitter
user base, as our data show, these algorithmic recommendations actually increase users’

exposure to outgroup content, rather than sorting users into echo chambers.

Our paper fills this gap by measuring how Americans’ online communities differ from,
or resemble, their offline local communities. To answer this question, we develop novel
individual-level measures of offline and online partisan sorting using a dataset of 950,000
Twitter! users matched to information on the users contained in augmented voter files.
For offline partisan segregation, we use voter file information of our matched Twitter users
to measure the physical proximity between every matched user and their co-partisan
nearest neighbors. For online partisan segregation, we collect the Twitter networks of
each matched user in our panel and estimate the ideology of each user that our matched
voter follows using item-response estimates developed by (29). Across both measures, we
consider voters to be segregated when the composition of their offline and online networks
is highly homogenous, containing a high share of co-partisan voters/social media users.
We refer to this measure of partisan segregation as online (offline) isolation, indicating
that citizens in their online bubbles (local neighborhoods) are unlikely to interact with

and be exposed to out-partisans

LAt the time of data collection, the platform was still called Twitter. We use Twitter throughout the
paper.



Our study presents four core findings. First, we find that for both Republicans and
Democrats, partisan segregation is higher in their offline environments than in their online
environments. That is, even though their online environments contain more politically
like-minded people than not, their offline environments are even more politically homoge-
neous. In other words, contrary to popular concerns about echo chambers, social media
can actually increase exposure to the outgroup online relative to users’ offline environ-
ments. Second, we found that in both offline and online environments, segregation is
higher for Democrats than Republicans, meaning that in both online and offline environ-
ments, Republicans are more frequently exposed to outpartisans than Democrats. Third,
this finding holds for almost all socio-demographic subgroups. Lastly, online partisan

segregation is positively correlated with offline partisan segregation.

Our core finding, that American voters are more segregated in their offline environ-
ments than in their online environments, resonates with prior literature (12; 30). Our
approach departs from this literature in three substantive and methodological aspects:
i) it focuses on echo chambers on social media, rather than news consumption, and in a
platform heavily used for politics in the U.S. in the time period of our data collection; ii)
we use large-scale observational data; iii) it uniquely maps for the same individual their
corresponding online and offline partisan segregation. Specifically, whereas the seminal
work by (12) focuses on news consumption for an online measure of segregation, and uses
only aggregated measures to examine news consumption segregation, we measure online
segregation in a way meant to be more comparable to our offline measure: by examin-
ing each individual’s online network, not just their media consumption. Compared to
(30), we provide evidence of higher offline segregation using individual-level data rather
than aggregated county-level measures. We thus avoid the problem of heterogeneity in
unit-size that affects county-based analyses. Substantively, we first show that the prior

studies’ finding of higher offline segregation extends to the social media space, not only to



news consumption exposure. Methodologically, our study advances this literature with a
large-scale, evidence-based approach that directly maps the offline and online social media
partisan environments of the same one million voters. Furthermore, our evidence shows
that this finding is robust to our large-scale, more granular, contemporaneous individual-
level measures — and not an artifact of known biases in survey or aggregate measures
of partisan segregation. Lastly, we also present novel evidence, not possible without our
measurement, approach, that, for the same voter, offline and online segregation tend to
move together, with more isolated voters offline also being more isolated online. This pat-
tern is consistent with a recent case study that investigated the geographical embedding

of online conversations during the UK’s Brexit campaign (31).

Our findings challenge a common claim in public debate about social media and
politics (4; 8; 9; 1; 2; 3), that online environments make citizens more isolated within
homogeneous communities. Yet, these claims are often made without using voters’ offline
experience as a baseline of comparison. By linking the online networks of Twitter users to
the offline residential environments of 1 million U.S. voters, we find that although social
media users do live in politically homogeneous networks, these levels of segregation are

lower than those observed in offline environments.

Results

Measuring Offline and Online Partisan Segregation

Our results rely on two primary data sources: public voter registration files for over
180 million US voters — which we refer to in the article as offline data; and Twitter
profiles and their followers’ networks collected through Twitter APIs — which we name in

the article as online data. The voter file data contains voter registration information up



to 2021, and the online network data collection occurred from January to December 2022.
To understand the dynamics between online and offline segregation, we use a matching
procedure to match voters with their online profiles on Twitter (32). Using both data
sources, we filter users with unique first, last name within the same city-state, and match
them accordingly. This results in nearly one million Twitter accounts 2 linked to the
L2 voter file, which consists of the main dataset we use in the analysis. This matching
procedure has been widely used in prior literature (32; 33; 34; 35). For each matched
voter, we calculate two segregation measures. 3

Offline Partisan Isolation: For every matched voter, we collect their partisanship *
from the voter file, demographic information, and their residential address. Then, we
measure their offline partisan segregation as the proportion of voters’ 1000 nearest neigh-
bors that share the same partisan identity as the matched voter. We call this measure
offtine isolation. When isolation from co-partisan voters is low, we consider voters to
live in non-sorted offline environments with high exposure to outgroup voters; when in-
group isolation is higher, partisans live in highly homogeneous communities, surrounded
by their co-partisans. This indicates that a Democrat (Republican) with high offline iso-
lation lives in a more partisan segregated spatial area and is hardly likely to be exposed

to a Republican (Democrat) in their offline geographical environment °

2Table 1 in Materials and Methods provides descriptive statistics of demographic information of our
final sample, benchmarking it with two other groups: a random sample of Twitter users and a general
U.S voting population

3See Materials and Methods for extensive details of these measures, including their mathematical
presentation, robustness checks, and details on the data collection

4Partisanship is recorded at the time voters register in 30 states and in Washington, D.C. For other
states, we use imputed data estimated using procedures developed by (36). We discuss in detail the
imputation process in the supplemental materials (SM Section 5)

5Similar measures of spatial segregation using individual-level data are often recommended in the
specialized literature. These measures are less biased than commonly employed aggregated measures of
spatial segregation, which suffer from the modifiable areal unit problem. See (36; 37; 38)



Online Partisan Isolation: Again, for every matched voter (linked to their Twitter
profile), we collect all the other Twitter users that they follow (i.e., their friends in
Twitter’s terminology).® To estimate ideology for these accounts in the matched user
network, we use the ideal-point scores obtained using the procedure outlined in (29).
We convert these scores into a partisan group (Democrat, Independent, and Republican)
using cutoffs validated with the linked panel for matched voters 7 As such, for each
matched voter, we have their partisan identity (recorded in the voter file) and the ideology
score for each user the matched voter follows on Twitter. Using this dataset, we construct
an equivalent measure of online segregation, as the proportion of the matched user’s

Twitter friends who share the same partisan leaning as the matched voter.® We call this

measure online isolation.

Twitter users often engage with individuals outside of their friends networks. Content
may be surfaced through Twitter’s home timeline algorithm, and posts from their friends
may not appear in their feed, making the friends network an imperfect estimation of
online isolation. To address this concern, we construct the same isolation measure using
retweets, quote tweets, mentions, and replies. We find that regardless of the kind of
network used to estimate online isolation, our results hold. We provide more details

regarding this robustness check in the supplementary materials.

To summarize, both measures represent the relative amount of co-partisans in the

SWe use Twitter’s terminology for the sake of differentiating between friends and followers. Here, we
are assessing “friends,” the set of accounts our matched voters choose to follow. However, the use of the
term “friend” is not meant to indicate the strength of the tie.

"For every matched voter, we have an offline partisanship from their voter file (augmented by the
imputation process described in SM Section 5) and an ideology score. Therefore, we can identify valid
cutoffs for the ideology scores to assign each partisan group to the users in the matched voter network.
We find that 80% of Democrats have scores less than -0.35, and 80% of Republicans in the linked panel
are to the right of 0.04. Thus, we classify the friends of the linked panel users as Democrats if their
estimated ideology is -0.35 or less and the user as Republican if their estimated ideology is 0.04 or greater.
Users in between are considered non-partisans.

8We limit the analysis to matched users for whom we can calculate the ideology for at least 10 of
their friends. In the supplemental materials (Section 8), we show that this decision does not affect the
sample’s median level of online isolation. The main effect of using this cut-off is to avoid users whose
networks are not informative.



matched user’s offline and online networks, allowing us to uniquely understand, for the
same voter, the relationship between their offline and online segregation. Next, we show
the levels of offline and online isolation for the population of matched Twitter users, and
the difference between Democrats and Republicans. Lastly, we analyze the differences in

online and offline segregation across a wide set of socio-demographic subgroups.

Population-level offline and online isolation

We first describe the distribution of online and offline isolation by partisanship. In
Figure 1, Plot A shows distributions of offline (top) and online (bottom) ingroup isolation
for Democrats (blue) and Republicans (red). We plot the median (dashed line) for both
Republicans and Democrats. Plot B shows the values at the 1st, 10th, 25th, 75th,
90th, and 99th percentiles. These quantities allow us to understand at distinct points
of the distribution the differences between online and offline environment for Democrats
and Republicans Within each sub-plot, the top facet corresponds to offline isolation,
the bottom row corresponds to online isolation, red represents Republicans, and blue

represents Democrats.

We find that Democrats have higher average levels of segregation (more isolated
within ingroup communities) than Republicans, both online and offline. And we find
that for both groups, the median levels of isolation are greater for the offline distributions
than the online distributions. For Democrats, we find that the median offline partisan
isolation is 0.71, and the median online partisan isolation is 0.66. For Republicans, we

find a median isolation of 0.57 for offline isolation and 0.51 for online isolation.

These numbers also show that Democrats are more isolated offline than are Repub-
licans (note the relative median values of 0.71 versus 0.57), consistent with previous
research (36). And these differences also exist in their online environment, where the

relative median values are 0.66 for Democrats compared to 0.51 for Republicans. This
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indicates that the median Republican Twitter user has in online environment almost
equally divided between in-partisans and out-partisans (0.51 in ingroup isolation), which
is quite different than the traditional notion of an echo chamber. In SM Figure 11, we
also show that differences between Democrats and Republicans are not restricted by the
gaps in the median values of online isolation. Republicans also show higher within-group
variation, particularly among voters with a large network of friends on Twitter. In other
words, among Republicans with high node degree, we detect a wider dispersion, with
many voters being overly isolated (embedded in online echo-chambers), while others,
high node degree users, are overly exposed to outgroup democrats. Among Democrats,
within-group variation is small, and, contrary to the Republicans, as network size in-

creases, Democrats also become more segregated.

Beyond median differences in segregation, Plot B of Figure 1 highlights important
dynamics at the extremes of the distributions. At the 90" and 99" percentiles, on-
line isolation approaches offline levels, and partisan gaps narrow. Both Republicans and
Democrats show that nearly 90% of their online friends are co-partisans at these extremes.
Notably, at the 90" percentile, Republicans experience higher isolation online than of-
fline. These cases illustrate that, at the extremes, online environments can resemble echo
chambers, with over 80% of one’s network composed of ingroup members. We note that
the nature of the online environment is a choice by the individual, and we might expect

that some number of people would choose homogeneous environments.

At the lower end of the distributions, however, patterns diverge. Republicans tend
to experience lower online isolation than Democrats, with greater exposure to outgroups.
By the 25th percentile, Democrats already show majority-ingroup networks (isolation >
0.5), while Republicans at the same percentile remain exposed to liberal users, with about

two-thirds of their online ties connecting to Democrats.
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split between Democrats and Republicans. Plot B shows the same distributions across
percentiles for one million linked voters.



Correlates between Online and Offline Isolation

We now examine the direct relationship between offline partisan isolation and online
partisan isolation. In Figure 2, we show the relationship between offline (x-axis) and
online isolation (y-axis). We bin offline isolation values at equal intervals from the variable
distribution, compute the average for offline isolation for each bin, and plot the resulting
values. Lines on the figure represent a smoothed non-linear function over the averaged
points. On the left panel, we plot offline (x-axis) and online isolation (y-axis) for all users.
On the right panel, we plot similar information but for Republicans (red) and Democrats

(blue) separately.

For all users, regardless of partisanship, we find that as offline isolation increases,
changes in the online isolation to ingroup social media users follow accordingly. That
is, users with lower offline partisan isolations tend to have lower levels of online partisan
isolation. In other words, users with more politically diverse real world neighbors have a
more diverse set of online friends (i.e., users followed on Twitter), with a higher presence
of outgroup users in their Twitter networks. And we note that this is not an artifact
of cross-partisan differences. When we examine Democrats and Republicans separately
(panel (b)), we see the same phenomena (though the relationship is not as strong). This
finding aligns with the results of (31), which shows that online echo chambers formed in
the context of the Brexit campaign in the UK reflect the geographical proximity between

Twitter users.

Differences of Online and Offline Isolation Across Voter’s Demographics

We further explore differences in online and offline partisan segregation across demo-
graphic and political subgroups using the rich set of variables collected in the L2 voter

files. Because offline segregation varies by race, party, population density, and other de-
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Figure 2 Relationship between Online and Offline Isolation. Democrats are shown in
blue, and Republicans are in red. Each dot represents average online isolation over a hundred
binned values of offline Isolation. Lines represent a smoothed non-linear function over the points

mographics (36) , these analyses allow us to see the degree to which online sorting follows
offline patterns, and also how the population-wide differences depicted earlier hold for
specific socio-demographic groups.

We show how these differences vary across distinct demographic groups. In Figure 3,
we show median paired distances between individuals’ offline and online isolation across
various sociodemographics and partisanship. Positive values indicate users experience
higher levels of offline segregation than online segregation. Across almost all subgroups,
including gender, race, age, partisanship, and state type ( Red states, Blue states, and
Purple (Swing) states) ? users experience considerably higher levels of isolation offline
than online. This supports our overall argument that local echo chambers are more pro-
nounced than online experiences are robust across most subgroups. The main exception

to this pattern is Republican voters who are older than 60 years. For this sociodemo-

graphic group, their levels of online segregation are higher than their offline isolation.

9Purple states are defined as states that have a vote-share split between Biden and Trump at 3% or
less, meaning that if in 2020, a state’s vote share for Biden compared to its vote share for Trump was
within three percentage points of each other, we define that state as a swing state. Using this definition,
Arizona, Florida, Georgia, Michigan, Nevada, North Carolina, Pennsylvania, and Wisconsin are classified
as swing states. All other states, where the vote share difference is larger than three percentage points
either to Trump or Biden, are classified as Red or Blue, respectively.
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This is the only group in which their online experience can actually be identified as living

in more of an echo chamber online than offline. This finding is interesting considering

the consistent evidence that older Republicans are often higher consumers and spreaders

of low-quality information on social media (39; 33; 40; 41).
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Figure 3 Partisan Offline and Online Isolation Across Socio-Demographic Sub-
groups. Point estimates represent the median value of the difference between online and offline
ingroup isolation for each group with 99% confidence intervals calculated via bootstrapping.
Positive values indicate voters who have higher offline isolation than online isolation. Democrats

are shown in blue, and Republicans are in red.

In the SM Section 2, we present additional analysis exploring differences in online and

offline partisan segregation across distinct levels of urbanization and population density.

Differences between online and offline isolation hold among most areas in the United

States, regardless of the population density and urbanization. The exception resides in

the extremes: in high-density areas, Republicans have more ingroups in their online than

offline networks, and in very low-density areas, Democrats show higher online isolation.
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In summary, in the extremes of high- and low-population-density areas, social media
enables both Democrats and Republicans to connect with other ingroup voters, who are

not as easily accessible within their local bubbles.

Furthermore, as discussed in the methods section, our empirical analysis involves sev-
eral measurement choices that may affect our results. These choices involve the values for
the nearest neighbors calculation, the use of ideology scores based on Twitter users’ fol-
lowers’ networks, and the cut-off values to classify users as Democrats and Republicans.
To validate our results, we provide several sensitivity analyses showing the robustness
of the main findings drawn from our study across distinct measurement choices. In the
supplemental materials, we demonstrate that the results remain unchanged when we
consider only the 500 nearest neighbors when calculating measures of partisan offline
isolation. In addition, as in (36), we validate the offline isolation measure when aggre-
gated at geographic units, such as census tracts, precincts, school districts, counties, and
congressional districts. We discuss the results at SM, Section 9. We also present in the
supplemental materials results using a discrete assignment of partisanship, where the
partisan identity is assigned based on the highest probability from the imputation calcu-
lation, instead of calculating offline isolation based on the posterior probability for each
partisan group. The results remain substantively unchanged, with Republicans being

slightly more isolated using this alternative measure.

Lastly, a potential concern related to our proposed measure for offline isolation is that
an individual’s neighbors may not reflect the individuals voters are typically exposed to
at work, school, or among their acquaintances, and, therefore, this measure may not
accurately reflect the ideological composition of their offline networks. To assess this
potential concern, we carry out an additional validation analysis that relies on survey data
with a representative sample of American voters through YouGov, asking respondents to

estimate the number of their neighbors, acquaintances/friends, and coworkers that are
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Democrats or Republicans. We then compare measures of segregation for an individuals’
networks of their neighbors, acquaintances, and coworkers °. In SM Figure 13, we show
the relationship between offline isolation measured via neighbor networks (x-axis), and
offline isolation measured via acquaintance networks (left plot) and measured via coworker
networks (right plot). We find that ingroup isolation measured via network composition
of neighbors strongly correlates to network composition measured by both acquaintances
and coworkers, indicating that our measure of partisan segregation using the voter file is

a reasonable proxy for offline isolation across an extended set of offline interactions.

Discussion

Social media is often seen as a primary driver of the formation of overly homogenous
online communities - so-called echo chambers - in which citizens more easily isolate them-
selves from individuals and opinions from opposing parties and, consequently, reinforce
their system of beliefs (4; 42; 5). While a larger body of research has provided a more
nuanced view of the prevalence of the phenomenon (10; 11; 13), these studies do not
account for partisan segregation in the offline environment. Using a novel dataset con-
necting online and offline information for close to a million Twitter users in 2022, we deal
directly with this concern by explaining how individuals’ online and offline environments

compare.

Our results make contributions to three distinct areas of scholarly inquiry. First,
our findings speak to studies on online echo chambers and social media homophily
(29; 10; 42; 26). Prior research in political communication has debated the extent of
ideological “bubbles” in social networks, with evidence that partisan homophily drives

tie formation online. We contribute to this literature with a direct comparison of online

10 Additional survey details are available in the supporting information (SM Section 1).
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and offline sorting. While we do find that social media users curate politically homoge-
neous communities (consistent with earlier studies), we are able to add the important
observation that the degree of ideological isolation online is lower than in real-world ge-
ographical spaces. Only in the upper part of the distributions do voters experience more
of an echo-chamber online than offline. For the most part, social media exposes users to

more out-group users than do their offline interactions.!*

Second, our results contribute to the emerging literature on integrating offline context
with online political behavior, providing novel evidence about partisan sorting both online
and offline (12; 29; 10; 42; 30; 31). With rare exceptions (12; 30), most studies rely solely
on online information to describe the prevalence of online echo chambers and the role
of homophily on online political behavior. To our knowledge, ours is the first study to
jointly map the offline and online partisan environments for the same voters at a large
scale, bringing the dynamic of offline segregation to this discussion, and engaging with
a robust scholarship on spatial partisan sorting in American politics (36; 43; 44; 45).
Our approach advances the field by conducting a large-scale comparison of online and
offline partisan sorting among a large and diverse set of US voters, showing these patterns
tend to move together, and therefore, providing a novel baseline for future research to

empirically assess levels of online sorting in the American electorate.

Lastly, our article also speaks to studies focusing on the centrality of partisan geo-
graphical segregation in the United States (45; 46; 43). In a recent article, mobilizing
the same data and geographic measurement described in our paper, Brown & Enos (36)
present evidence of extensive partisan segregation in the US — their results indicate that
a large proportion of the American electorate lives with virtually no exposure to out-
group voters in their residential environment. This dynamic has been shown to affect

elite polarization (47), cooperation for shared benefit across groups (48), levels of trust

1We note that our offline network measure does not directly measure interactions, but our survey
analysis (SM Figure 13) suggests it is capturing this.
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in government and anti-system attitudes (49), and even adherence to scientific health
recommendations during the COVID-19 pandemic (50). By linking millions of voters’
residential contexts with their online networks, our study provides the first behavioral
benchmark linking offline geographic segregation to its online dimension, demonstrates
that partisan segregation is considerably greater offline than online, and that segrega-
tion in both arenas is positively correlated. These findings reinforce how offline partisan
sorting is still a decisive feature of American politics even in the years of social media,
and provide directions for future research into how these extensive levels of partisan

segregation shape online behavior.

Our study is, of course, not without limitations. First, we assume that the measure
of offline segregation is predictive of the extent to which an individual is actually exposed
to the ingroup and outgroup offline. While we do validate this measure using a survey
measure, this measure may miss important avenues of exposure to partisan information.
For example, this measure does not include interactions in the offline environment, such
as school board meetings, yard signs, community projects, social and religious groups,
among others, that could lead to exposure to other partisans or partisan information.
Second, our online measure of isolation uses a static version of users’ networks, mostly
rebuilding the content users would observe under chronological ranking. Even though part
of what users see on their timeline comes from people in their network, at least since 2014,
Twitter has provided users with an algorithmic timeline that, among other things, injects
non-network content, increases the prevalence of political content (51), recommends more
conservative content to users, and facilitates friendship ties with conservative accounts
(22). Data limitations in both the offline and online world do not allow us to meaningfully

incorporate these algorithmic effects in our measurement strategy.'?

12No data on what users are actually exposed to on Twitter and any other social media platform is
available for academic research. This is not a limitation of our work but of any work using social media
data available through the Platforms’ APIs. See (41) for an example of de-facto exposure data accessed
through a partnership between academics and Meta)
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With these caveats, we assume that the online and offline measures we employ are
roughly equivalent. That is, if an individual is measured to have a 0.33 level of ingroup
isolation offline and 0.33 online, then these would lead to proportionally the same amount
of exposure to in-partisans and out-partisans. Third, our approach to matching voters
to their Twitter profiles oversamples demographic groups that are more likely to have
non-duplicated names. We discuss this section issue at length in Material and Methods.
Importantly, our results show that these demographic groups that are more likely to have
duplicated names exhibit higher offline isolation, meaning that, if anything, the main
results in the paper are a conservative estimate of offline partisan segregation among
social media users in the United States. Despite these limitations, we believe the proxies
for the measures that we employ provide valuable insights into the dynamics of offline
and online partisan segregation, and this is especially the case when making comparisons
within offline and online isolation analyses. We encourage future research to investigate
how algorithms might change the online isolation measure we develop, and how users’

offline experiences interact with these changes.

Lastly, our study provides a snapshot of the differences between online and offline
partisan segregation using a specific platform, Twitter, at a particular moment in time.
This consideration is particularly relevant given the significant changes Twitter has un-
dergone in recent years following Elon Musk’s acquisition (52; 53). Yet we do not believe
this caveat diminishes in any way the importance of our findings. First, our results are
temporally valid to a point in time when Twitter functioned as a critical medium for the
American public to learn and discuss politics, and as a platform on which politicians and
the media relied heavily to communicate and learn about public preferences (54; 51; 55).
Second, the vast majority of scholarly work on social media and politics produced in the
last decade relies on Twitter data (56), including studies that make claims about the role

of social media in facilitating the formation of echo chambers. Therefore, while it is true
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that Twitter is no longer the same as it was in 2022, our findings still provide a proper
understanding of the social media environment, using a platform that was once critical

for political communication.

Our findings complicate the dominant narrative of social media as the primary de-
terminant of whether people end up in “echo chambers.” While online spaces are often
portrayed as uniquely isolating, our results show that partisan segregation is actually
higher in Americans’ offline environments than in their online ones. For most users, so-
cial media provides more, not less, exposure to outpartisan perspectives relative to their
local communities. At the same time, we uncover meaningful asymmetries: Democrats
remain more isolated than Republicans across both settings, and older Republicans are
the only group whose online networks are less diverse than their offline ones. Impor-
tantly, the positive correlation between online and offline isolation underscores that the
digital and physical worlds are not independent spheres but intertwined environments,

with online experiences often reflecting offline realities.

Taken together, these results suggest that the effects of social media on political
attitudes and behaviors cannot be understood in isolation from the broader social and
geographic contexts in which people live. Rather than treating social media as a stan-
dalone driver of polarization, our study highlights the importance of situating digital
technologies within the context of offline partisan segregation. This study provides a
more nuanced understanding of partisan segregation in the United States and highlights
the need for future research to jointly consider online and offline contexts when assessing

the political consequences of social media.
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Materials and Methods

In this section, we describe each data source in turn, giving special attention to our
measures for partisan identity and how we define offline and online segregation mea-
sures. We then discuss the research procedures used to connect both data sources before

concluding by addressing the ethics of using the data sources together.

Offline Data

For offline data, we use the L2 voter file containing voter registration and demographic
information for 180 million U.S. voters.'®> From the L2 voter file, we extract a voter’s
partisanship, demographic characteristics, and home address, the last of which we use
to estimate partisan segregation. For each voter, we use the geographic location of their
residential address. We measure the spatial distance between a voter and every other
voter in the voter’s state using haversine distance.'* Then, using the K-nearest neighbors
algorithm, we identify a voter’s thousand nearest neighbors and consider their 1,000
nearest as voter i’s offline network. Using these networks, we construct an individual-
level measure of offline segregation, estimating the proportion of their nearest neighbors
who are from the same partisan group as the matched voters, as in (36). To account for
missing partisanship in the voter file, we use Bayesian process imputation, also as in (36)
. We provide a full description of the imputation process, auxiliary data, and accuracy

metrics in the supplemental materials (SM Section 5).

More specifically, using the voter’s residential location, their thousand nearest neigh-
bors, and their partisanship, we measure an individual’s partisan segregation with the

following equation:

1312 is a private firm that aggregates individual state voter files, and appends commercially available
data to individual records as well as community level publicly available data.

14This measure is similar to Euclidean distance, but measures distance along an arc rather than directly
from point-to-point to account for the curvature of Earth.
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llg){) P(Pk = pi)

filine Isolation; =
Offline Isolation 1000

where k is a given neighbor, ¢ is the matched voter, py is the partisanship of the neighbor,
p; is the partisanship of the matched voter. For Democrats, the ingroup partisans are
registered and imputed Democrats; for Republicans registered and imputed Republicans.
To incorporate uncertainty from the imputation process, P indicates the probability that
pr is equal to p;. When the voter’s partisanship is known directly from the voter file,
this probability equals one and is equal to the posterior probability from the imputation
when voters are independents or non-partisans. We use this quantity as our measure of

offline partisan segregation.

Online Data

For online data, we turn to Twitter. In the last decade, Twitter has become a critical
platform for disseminating and consuming political content, with a large number of voters
and politicians using it as a prominent source of information (54; 51). This is the case,
particularly in the United States. While Twitter’s user base has changed more recently,
and its prominence for political information has potentially declined after its recent lead-
ership change (57), our data was collected in 2022, before these changes. We collect data
from two sources: (1) Twitter’s Decahose API (application programming interface), a ten
percent real-time sample of all tweets, and (2) Twitter’s REST API, an APT that allows
researchers to query both network data for a given user and posts and interactions for a

given user. We outline these sources in more detail in the following sections.
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Using Twitter’s Decahose to Link Offline Data with Online Data

To match voters with their online profiles, we use data collected from Twitter’s Deca-
hose API, a 10% sample of all tweets collected between January 1, 2022 and December 31,
2022. These tweets contain users’ metadata, including name and self-reported location,
which we use for matching. We adopt the method described in (32) to link individuals in
the voter file with individuals on Twitter. For the voter file, we take the set of voters with
a unique first name, last name, and their location at the city-state level. For Twitter, we
follow the same approach, selecting a set of users with unique first names, last names, and
city-state. Twitter’s enterprise APIs, including the Decahose, provide derived location
information, standardizing location names. For example, if a user had “Manhattan, NY"
in their self-reported location field, the derived location would be New York, New York,
USA. We use this standardized location field to match to the voter file. From these two
datasets, we merge on first name, last name, and location. Similar to (32), we drop any
Twitter users that are linked to more than one voter registration and any voters linked
to more than one Twitter account, as there are no clear ways to disambiguate true from
false positives at scale in this matching procedure. This results in nearly one million

Twitter accounts linked to the L2 voter file.

In Table 1, we show descriptive statistics of our sample of Twitter users compared to
a survey of Twitter users conducted by the Pew Research Center’s National Public Opin-
ion Reference Survey (58) and the voting population from the 2020 American National
Election Survey (59). Compared to the general population, our sample is considerably
younger, more male, and more Democratic-leaning than the general U.S. population.
These features of our data partially reflect the composition of Twitter users in the United
States, as can be seen in Pew Research Center’s National Public Opinion Reference Sur-
vey. When compared to Pew Research Data, we find our Twitter panel to have a higher

share of men, be more white, be slightly more Democrat, and be slightly older than
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the overall Twitter user base. Overall, our matching procedure slightly accentuates the
differences between the U.S. population and the Twitter user base. Additionally, as we
discuss further in the next section, the higher share of white participants is driven by the

matching procedure using unique first and last names within the same city-state.

Table 1 Comparing Demographics: Twitter-L.2 Panel vs. Pew Research NPORS 2021 vs ANES
2020

Sample Values A Twitter Panel Z-Scores
Variable Twitter Panel Pew ANES Pew ANES Pew  ANES
Age (Mean years) 41.85(0.02) 39.05(0.76) 48.37(0.34) -2.80 6.51 -3.6600 19.1200
Gender (% Female) 0.38(0) 0.47(0.02)  0.52(0.01)  0.09 014 377 17.59
Ethnicity (% White) 0.73(0) 0.66(0.03)  0.66(0.01)  -0.06 007 255 -9.90
Partisanship (% Democrats) 0.47(0) 0.41(0.02)  0.35(0.01)  -0.06 -0.12 -244  -15.71

Augmenting Twitter Data with Friend Networks

Using all the matched accounts linked to the voter file, we queried Twitter’s REST
API for the friends (i.e. the people the user follows) of each matched user in the dataset.
More specifically, in February 2023, we collected the list of accounts each of the matched
users follows. For each profile in the matched user network (matched voters’ friends),
we measure their partisan identity using the ideal-points method outlined in (29).Notice
that this process is only used for the matched users’ friends (for whom we do not have
voter file information). Partisanship for matched users is measured using their voter file

information.

(29) uses a homophily-based ideology measure, measuring ideology with a Bayesian
Spatial Following model that treats ideology as a latent variable inferred by the list of
politicians and political elites that a given user follows. We follow the simplified version
of the method in (13), which instead uses correspondence analysis to estimate ideology,
approximating the results of the full Bayesian estimation with fewer required computing

resources. This model results in a scalar value for each individual, ranging from -3 to +4,
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where a more negative score indicates that a user is more liberal, while a more positive
score indicates that a user is more conservative. For this computation, we use a set of
elites, including members of Congress, prominent members of the executive branch (e.g.,
the President, the Vice President, and various cabinet members), and prominent political
organizations (e.g., the RNC and DNC Twitter accounts). We collected the followers
lists for each of these elites’ accounts. To train the estimation model, we randomly
select fifty thousand Twitter users who follow ten or more of the elites. We fit the
correspondence analysis model on the correspondence matrix of the fifty thousand users
and the elites. Each cell in the matrix indicates one if the user follows that elite and
zero otherwise, specifying three component dimensions for the model output. We use the
fitted correspondence analysis to project scores into the same ideological space for the
remaining users who follow at least three members of the model’s elites. We standardize
these scores such that the average is zero, and a score of one is one standard deviation

of ideology away from zero.

Finally, we assign partisanship to users based on their ideology scores, as described
in footnote 7. Using these classifications, we construct a measure similar to our offline

isolation measures for users’ partisan isolation in their online networks:

k=1 P(pr = pi)

ny;

Online Isolation; =

where k is a given friend of the matched user i, py is the partisanship of the friend
estimated as described above, p; is the partisanship of the matched user as in the voter
file, and n is the number of Twitter friends from user 7 for whom we were able to estimate
a ideological score. We use this quantity as our measure of online partisan segregation in
the following analyses. We limit the analysis to Twitter-L2 matched users for whom we

can calculate the ideology for at least 10 of their friends °.

15Tn the supplemental materials (Section 7), we show that this decision does not affect the median
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To summarize, both our measures serve as proxies for the number of voters or social
media users in the matched user’s offline and online networks who are co-partisans. In
the following analysis, we assume that these measures exist on the same scale, allowing us
to compare the levels of partisan segregation for the same voter both online and offline.
For example, if a user’s offline isolation is 0.33 and their online isolation is 0.33, we
would assume that these lead to equivalent amounts of exposure to and interaction with

out-partisans online and offline.

Name uniqueness in the matching procedure

A critical pitfall of this approach arises from excluding potential matches for voters
with duplicate first and last names within the same city. This approach raises concerns,
given that name uniqueness may correlate with certain demographic characteristics in
ways that could affect the estimated levels of partisan segregation. In this section, we
therefore probe for these potential selection problems. We first repeat the same matching
procedure described above, but for voters with repeated first and last names within the
same city. We refer to this group as duplicated-name matches. There is no way for us
to verify which of these duplicate matches actually have a Twitter account; therefore, we

include all duplicate matches in the analysis below.

Using this set of duplicated-name matches, we first examine demographic differences
between this sample and our unique Twitter-L2-matched voters. Second, we estimate
offline isolation for all voters with duplicate names. We use the same procedure reported
in the paper to measure offline isolation, using the 1000 nearest neighbors to quantify
partisan segregation in this new set of voters. Due to Twitter API restrictions imposed

after we started writing this paper, we are unable to capture the online networks of these

levels of online isolation. The main effect of using this cut-off is to avoid users whose networks are not
informative.
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potentially duplicated matches and replicate our measure of online isolation.

Table 2 compares demographic variables of unique matches and duplicate-name matches.
We matched 235,105 unique duplicated names with corresponding Twitter profiles, and
a total of 1,292,738 voters with non-unique names. The duplicate-name sample is far
less white, and that gap is driven mostly by Hispanic voters, who jump from 12.0% to
39.3%, and Black voters, who roughly double in the duplicate-name sample. This sample
also leans older, and more male than the sample used in the paper. These composi-
tional changes, the racial ones primarily, move the duplicate-name sample toward having

a higher share of Democrats.

Table 2 Comparing Demographics: Unique Name vs Duplicated-Name Matches

Matched Voters (L2-Twitter) Duplicated Matched Voters (L2-Twitter)

N 969,995 1,292,738
% White 2.7 37.8
% Black 9.8 18.9
% Hispanic 12.0 39.3
% Other 5.5 3.9
Mean age 41.9 45.3
% Female 37.8 25.8
% Dem 47.3 55.1

Table 3 presents the percentiles of offline isolation for unique matches and duplicated-
name matches. This is the critical test for our analysis, as it assesses whether demo-
graphic differences across samples affect our outcome of interest. Results indicate that
the duplicated-name matches have considerably higher offline isolation in the overall
sample. This effect is driven mostly by Democrats. For Republicans, offline isolation is
generally lower among duplicated-name matches. These results align with racial differ-
ences in segregation discussed in (36), and are therefore not an artifact of our sample. In
conclusion, if anything, our procedure for working with unique names provides a lower

bound on offline isolation among social media users, thereby alleviating concerns about
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bias in the core findings of our paper.

Table 3 Offline partisan isolation: unique-name-matched sample vs. duplicate-name voters
on Twitter.

Percentile of offline isolation
Voters 1st  10th 25th Median 75th  90th  99th

Matched Voters (L2-Twitter)
All voters 0.153 0.371 0.501 0.643 0.794 0.903 0.985
Democrats  0.227 0.416 0.547 0.709 0.855 0.935 0.989
Republicans 0.098 0.307 0.444 0.571 0.681 0.770 0.866

Duplicated Matched Voters (L2-Twitter)
All voters 0.073 0.339 0.615 0.839 0.932 0.973 0.995
Democrats  0.271 0.583 0.772 0.893 0.950 0.979 0.995
Republicans 0.033 0.114 0.243  0.457 0.656 0.755 0.869

Ethical Considerations for Data Collection

The linkage of Twitter data with voter file data raises privacy concerns for the users
contained in the data, particularly as users (and voters) may not expect their data to be
linked in this way. As a first step, we only link individuals in the voter file to publicly
available Twitter accounts, meaning private Twitter accounts are not included in the data.
Second, given the voter file contains fine-grained demographic and residential information,
we take seriously considerations of data security and privacy for this data to protect the
personally identifiable information (PII) of the individuals contained in the data. Our
data management plan was approved by New York University’s IRB FY2021-4869. PII is
stored on secure servers with strict access control only allowing read access to individuals
on the project. In this manuscript and other outputs of this project, we aggregate the data

such that no particular individual can be re-identified from these aggregated statistics.
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Supporting Information Files (SIF)

1 Survey Materials

These data are used to validate our measure of offline partisan segregation, which
captures the extent to which an individual’s offline network is more ideologically diverse
or segregated. Given that the measure we use in the main manuscript is based on an
individual’s nearest geographic neighbors, it may not represent who they interact with.
More specifically, it could be the case that participants live in a geographically diverse
area but only spend time with out-partisans. Thus, we ask the following questions of
individuals to validate that their neighbors are a reasonable proxy for measuring their

offline networks.

We fielded a survey of 3,500 respondents through the survey firm YouGov in early 2023.
Respondents were recruited from adult US population, oversampling for social media
users. For each respondent, we asked a battery of questions related to the ideological
composition of their networks using a grid of questions. These questions were adapted
from (12), which estimates the partisan makeup of a respondent’s network. We include
figures showing what the participants saw during the survey. In Figure 1, we show the
survey question related to the partisan makeup of an individual’s acquaintances. In
Figures 2 and 3 we show the same for the partisan makeup of an individual’s neighbors

and the people they are acquainted with through work, respectively.



YouGov

We are going to ask you some questions about all the people that you are acquainted with, meaning that you know their
name and would stop and talk at least for a moment if you ran into the person on the street or in a shopping mall. Please
answer the questions as best you can.

Of the people you are acquainted with:

More than
o] 1 2-5 6-10 10-20 20 Don't know

How many do you think are Republicans? O O O O O

How many do you think are Democrats?

How many do you think are neither

O O O

o O O
O
O

Democrats or Republicans?

How many are people whose party

O
O
O
O
©)
O
O

preferences you don't know?

Figure 1 Survey question for the ideological breakdown of an individual’s acquain-
tances

YouGov

Now we will ask a similar battery of questions, but focusing on people you are acquainted with through your neighborhood,
meaning that you know their name and would stop and talk at least for a moment if you ran into the person on the street or in
a shopping mall. Please answer the questions as best you can.

Of the people you are acquainted with in your neighborhood...

More than
(o] 1 2-5 6-10 10-20 20 Don't know

O O

O
O
O

How many do you think are Republicans?

How many do you think are Democrats?

How many do you think are neither

O O O

O O O
O
O

Democrats or Republicans?

How many are people whose party

O
O
O
O
O
O
O

preferences you don't know?

Figure 2 Survey question for the ideological breakdown of an individual’s neighbors



YouGov

Now, we are interested in learning about people you are acquainted with through work, meaning that you know their name
and would stop and talk at least for a moment if you ran into the person on the street or in a shopping mall. Please answer the
questions as best you can.

Of the people you are acquainted with through work...

More than
(o] 1 2-5 6-10 10-20 20 Don't know

O O O O O
O O

How many do you think are Republicans?

How many do you think are Democrats?

How many do you think are neither

O O O

O O O
O
O

Democrats or Republicans?

How many are people whose party

O
O
O
O
O
O
O

preferences you don't know?

Figure 3 Survey question for the ideological breakdown of an individual’s coworkers



2 Comparing Online and Offline Isolation Across Ur-
ban and Rural Areas and Population Density

Figure 4 presents differences in online and offline isolation across levels of urbanization
using core-based statistical areas (CBSAs) to identify major metropolitan areas, and
levels of population density ' Democrats exhibit their highest levels of offline segregation
in major metropolitan areas and tracts with high population density. Democrats who
are in highly segregated offline environments also tend to be in more segregated online

environments.

As shown for the general voting population (not only our sample of Twitter-matched
voters), Democrats exhibit their highest /lowest levels of segregation in major metropoli-
tan areas and tracts with high population density (36). We observe similar findings among
our sample of matched voters, and more interestingly, these differences closely align with
Democrats’ online experiences. Democrats, who are highly segregated offline in major
metropolitan areas, are also highly isolated on social media. In other words, their online
experiences closely match their levels of segregation offline. For Republicans, a similar
match appears, but on the other side of the distribution. For those Republicans living in
high population density areas, their levels of offline isolation are particularly small (less
than 20% of ingroup among their nearest neighbors), as well as their online segregation

(around 25% of ingroup in their Twitter networks).

A distinct pattern emerges when looking at differences between offline and online seg-
regation outside of major metropolitan areas and more rural parts of the United States
with low population density. In minor metropolitan and outside of metropolitan areas
(mostly rural tracts) with a very low population density, the offline isolation of Repub-

licans becomes larger than the offline isolation of Democrats. More interestingly, the

6Measure of Population Density were adapted from D. H. Montgomery of CityLab.  See
measures here: https://github.com/theatlantic/citylab-data/blob/master/citylab-congress/
methodology.md


https://github.com/theatlantic/citylab-data/blob/master/citylab-congress/methodology.md
https://github.com/theatlantic/citylab-data/blob/master/citylab-congress/methodology.md

correspondence between offline and online segregation changes in these rural areas. In
these areas, Democrats show higher isolation levels online than offline — a distinct partner
from our population estimates. Social media for democrats living in highly Republican
areas allows these users to break their “local bubbles® and give these voters means to
communicate with others more aligned with their partisan identity. This is not the Re-
publican experience. Even for voters living in these rural spaces, levels of isolation for
republican voters are still smaller than their offline isolation. Even in these highly seg-
regated areas, Republicans are far from experiencing online echo-chambers that matches

their offline lives.
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3 Comparing Online and Offline Isolation Across Sub-
groups

In the main paper, we provide median differences and statistical tests to compare

online and offline isolation across demographic groups (race, gender, and age). In this

section, we present the reader with the full distribution for online and offline isolation

across these subgroups.
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4 Robustness Checks: Offline Isolation Under Differ-
ent Cut-offs

In this section, we replicate Figure 1 Plot B from the main paper using a distinct
cut-off to calculate offline isolation. In the main article, we use the first 1,000 closest
neighbors to estimate offline partisan segregation. Here, we present results using the
500 closest neighbors. Levels of offline isolation increase as we consider this smaller, and

geographically closer, set of neighbors.
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Figure 8 Partisan Offline and Online Isolation. Democrats are shown in blue, and
Republicans are in red.
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5 Imputation for Voters’ Partisan Identity

As discussed in the main manuscript, an important challenge of working with infor-
mation from voter files, compared to survey data, for example, is dealing with voters who

are not registered as Democrats or Republicans.

In this section, we describe our procedure and results for imputing partisan identity
values for all voters in our augmented data set, as well as their neighbors. Our imputation
technique follows (36) using a similar three-step procedure to impute partisanship for

matched voters and their neighbors.

In step one, we use partisanship information provided by the voter file vendor L2 to
classify all voters. This classification comes from two distinct processes. On one side,
thirty states ask voters to declare their party identification in the voter registration.
Additionally, for states where party identification is not requested, L2 develops its own
modeling strategy to identify partisan identification for every voter in a non-paid state.
We use this information from the data provider as our baseline for party identification of

the matched voters and their neighbors.

In step two, we consider voters registered with a third party who have a clear left
or right ideological leaning as Democrats (left) or Republicans (right). Here, we closely
follow the classification scheme provided in (36). Table 4 provides the classification of

the third party’s leaning.
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Table 4 Classification Code for Third-Party Leaning

Leaning Third-Party Party

Democrats Democratic,Green Libertarian,Constitution,Green,Liberal Progressive, Working
Family Party,Peace And Freedom,Socialist,Socialist Labor,Rainbow,Bread And
Roses,Worker’s Party, Women’s Equality Party,Social
Democrat,Communist,Independent Democrat

Republican Republican,Libertarian,Conservative, American
Independent,Constitutional,Independent Republican

Unknown  Unknown,Non-Partisan,Registered Independent,Independence,Other,Natural
Law,Reform,American,Peoples,Declined To State,Patriot,Consumer,Mountain

In step three, we impute the partisan identification for the remaining non-partisan

voters through a Bayesian process (36), as described in the equation below:

Pr(X,|PID;) x Pr(PID,)
PI'(X,L‘Rz) X PI‘(RC) + PI'(XZ’DZ) X PI'(DC> + PI'(XZ’[Z) X PI'(IC)

The Bayesian process contains two core parts: the individual level likelihood and
precinct voter share prior information. The first component represents the likelihood
derived from a set of demographics X;. In this equation, X;; represents the individual-
level probability of a voter being part of a certain demographic group conditional on
self-reported partisanship (Democrat, Republican, or Independent). These probabilities
are estimated using high-quality and large-scale survey data from the Cooperative Con-
gressional Election Study, and use all unique combinations between age groups (18-34,

35-50, 51-62, > 63), gender, and race.

These individual-level probabilities are derived directly from the survey data and are
merged back into the profiles recorded for every remaining non-partisan matched voter

and their neighbors in the voter files. However, for a small fraction of L2-matched voters,
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information about their gender and race is unavailable. For gender, we use information
from the census data comparing first name and age on the frequency of male and female
names across years to estimate the gender (60). To impute information about voters’
race, we use a similar process relying on voters’ last names and census information to

estimate their racial group (61).

The prior component of the equation is constructed by calculating the precinct-level
vote share of Presidential candidates in the 2020 election. Precinct-level vote shares
were constructed from data provided by the nonpartisan Redistricting Data Hub (RDH)
project, which contains both results and validated precinct boundaries shapefiles. Because
the United States does not have a unified coding system for precincts, merging the voter
files with precinct-level data requires a set of pre-processing steps. We use a three-
step procedure to perform this task. First, we use exact textual matching between the
precincts from the voter files and RDH precinct names. Second, we rely on fuzzy textual
matching to perform the same task (62). Finally, for all remaining voters whose precincts
we could not identify on RDH using textual matching, we rely on geospatial matching
between their residential address and the RDH shapefile. This procedure allows us to

identify the precinct for more than 98% of all matched sample and their neighbors.

After performing the steps described above, we estimate the quantities described in
the imputation equation and impute partisan identity using the largest probability given
by the Bayesian process. To assess the accuracy of our imputation, we augment the
imputation to also include matched L2 voters for whom we know their partisanship (as
provided in step 1 for Democrats and Republicans). Our process achieves an accuracy

score of 73.4%, which is comparable to results reported in (36).
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6 Robustness Checks: Discrete Assignment of Parti-
sanship

As discussed in the paper, we use the posterior probabilities from the imputation
process to calculate the offline isolation measure. This is a more conservative measure in
which we incorporate uncertainty from discrete choice models into the isolation measure.
However, rather than weighting neighbors by the probabilities, we can just assign voters
to a partisan affiliation by using the highest probability calculated from the imputation
process. In this section, we present results using the discrete assignment of the partisan

identity. Results remain largely unchanged.
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Figure 9 Partisan Offline and Online Isolation. Democrats are shown in blue, and
Republicans are in red.
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7 Robustness Checks: Alternative Cutoffs for Online
Isolation

To estimate the partisan composition of online networks, we rely on ideal-points meth-
ods using as inputs the followers of friends of each matched voter in our panel. As de-
scribed in (29), this method depends on having users who follow others for which we can
have reliable measures of ideology. In our case, to calculate these scores, we use a set of
elites, including members of Congress, prominent members of the executive branch (e.g.,
the President, the Vice President, and various cabinet members), and prominent political
organizations (e.g., the RNC and DNC Twitter accounts). We then expand this list to
a pre-curated list of 50 thousand Twitter users that follow these accounts, and estimate
the ideology score for these users. To estimate the ideology of the friends of our matched
voters, we need these users to follow some of these political elites or the Twitter users we
have already estimated the scores for previously. On average, we can calculate ideology
using this method for 30% of the friends of our matched voters. As described in the
paper, to make inferences about the online network of users based on few online friends,
we estimate online isolation measures only for those who follow at least 10 other Twitter
users for which we can estimate an ideology score. In this section, we demonstrate the

robustness of our results to this decision.

We start with some descriptive information of the online network of the matched

voters, considering only their friends, we can calculate measures of ideology.

In Figure 10, we show the distribution of the number of friends with ideology scores
across the entire matched panel. The x-axis shows the number of friends per matched user
with ideology scores, and the y-axis shows the counts of matched voters at each x-axis
value. Because this distribution has long tails, we use a log-log transformation on both
axes. We split the distribution by party. Two descriptive patterns stand out in these

network structures. First, the distributions are heavy-tailed for both Democrats and
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Republicans; the majority of matched voters have a few friends (with ideology scores),
while a small minority have networks with thousands of friends. Second, Democrats have
larger online networks than Republicans, with the median Democrat having 64 friends
compared to 44 for the Republican. Importantly, this gap persists across the entire
distribution. This discrepancy is expected given that networks are driven by homophily,
as our results confirm, and democrats have a higher share of users on the platform.
Furthermore, the median matched voter sits well above the at-least-10 threshold we

impose for estimating online isolation measures.
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Figure 10 Log-Log Distribution for the Number of Friends with Ideology Scores

In Figure 11, we display the mean online isolation conditional on the number of friends
for whom we can estimate ideology. This figure shows some interesting descriptive pat-
terns. First, Figure 11 shows that online isolation levels vary conditional on the number

of friends, but only among democrats. As network size increases for Democrats, they
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become more segregated online. Moving a Democrat from the 25% percentile to the 75%
in the node degree increases their online isolation by 0.285D (0,054 raw units of online
isolation), while the same change moves Republicans by 0.01 SD (0.002 raw units). Sec-
ond, the figure shows a wider dispersion of online isolation among Republicans with a
large online network. This within-group heterogeneity is driven by both group size, as the
sample of Republicans is smaller than that of Democrats among matched users, and by
structural features of the online segregation networks. Republicans with larger online net-
works show higher variation in their online isolation, with some being overly exposed to
Democrats (low isolation), and others being overly segregated in Republican communities
(high isolation), and Democrats become consistently more segregated as their network
grows. This network feature strengthens our overall finding that Republicans are less
isolated online than Democrats: the difference is driven by overall mean differences (as
the gap between distributions shows along the entire x-axis) and by greater within-group

variation among Republicans with large online networks on Twitter.

Lastly, Table 5 presents differences in node degree across a larger set of demographics,
such as age groups, gender, race, partisanship, metro areas, and state partisan lean-
ing. Degree heterogeneity is substantial conditional on age (younger voters have a much
smaller network), between White and Hispanic voters, and across partisanship, which
aligns with our discussion in the paragraph above. The remaining subgroup differences

are more modest.

Lastly, in Figure 12, we replicate Figure 1 in the paper using two alternative cutoffs to
filter the data before estimating levels of online isolation. The at-least threshold removes
13.6% (129,639) voters for the full sample of matched voters. However, the paper’s main
findings are robust to this cutoff decision, as shown in Figure 12. The latter plot shows
that median values of online isolation do not vary across the cutoffs. Importantly, filtering

the data with a high cutoff reduces noise in the distribution from extreme online isolation
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Table 5 Online Degree Across Subgroups

N  Median IQR % of Panel

Age

Under 35 314,319 38 14-101 35.5

35 to 60 450,230 70 24-192 50.8

Over 60 108,744 60 19-186 12.3
Gender

Male 552,850 51 18-141 62.4

Female 330,483 61 21-178 37.3
Metro Area

Major Metropolitan Areas 788,149 56 19-159 89.0

Minor Metropolitan Areas 52,972 43 16-112 6.0

Outside of Metropolitan Areas 23,812 42 16-107 2.7
Party

Democrat 547,308 64 21-184 61.8

Republican 338,627 44 16-114 38.2
Race

White 587,813 59 21-163 66.3

Hispanic 95,694 30 9-91 10.8

Black 78,314 46 14-137 8.8

Other 44,227 53 17-158 5.0
State Politics

Blue States 350,020 62 20-185 39.5

Red States 324,378 50 18-132 36.6

Purple States 211,537 52 18-145 23.9

Note:

Matched voters with a measurable online degree (N = 885,935). Median
is of the number of friends with ideology scores; the IQR is the spread of
the underlying distribution. ’

values among users with very few friends, removing extreme cases with online isolation

at zero or one by filtering the data with a higher cutoff.
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Cutoff >1 Friends with Ideology Score

Republican 0 0.18 0.32 0.5 0.72 0.89 1
Democrat 0.01 0.33 0.5 0.66 0.78 0.87 1
| Cutoff >5 Friends with Ideology Score
Republican 0.04 0.19 0.33 0.51 0.72 0.88 1
Democrat 0.09 0.35 0.51 0.66 0.78 0.86 0.96
| Cutoff >9 Friends with Ideology Score
Republican 0.06 0.2 0.33 0.51 0.72 0.88 1
Democrat 0.09 0.36 0.52 0.66 0.78 0.86 0.95
1st 10th 25th Median 75th 90th 99th

Isolation by Percentile over Matched Voters

Figure 12 Online Isolation Under Different Cutoffs
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8 Validating measures of offline segregation with sur-
vey measures of acquaintances
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Figure 13 Correlation between ingroup isolation in an individual’s neighborhood and in-
group isolation amongst their acquaintances (left) and their coworkers (right), separately for
Democrats (blue) and Republicans (red).

9 Benchmarking offline segregation at aggregated ad-
ministrative units

In the main manuscript, we measure offline isolation using the 1,000 nearest neighbors
of matched voters, following the measurement strategy proposed in (36). (36) argues that
this spatial proximity measure of segregation allows for a more accurate measurement of
partisan sorting at a granular geographic level in the United States. The authors exten-
sively validate their proposed nearest-neighbor measure, in particular comparing it with
approaches aggregated at other administrative units, such as electoral precincts, and ZIP
code areas . They conclude that these aggregated measures of geographic segregation
consistently underestimate segregation, reducing the levels of partisan isolation as aggre-

gation moves up and the notion of the neighborhood (or offline network) grows (see SI
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Figures 9-19).

In this section, we follow (36) and perform a similar validation strategy. We recalculate
offline isolation for all matched voters using six distinct measurement strategies for their
administrative area: i) their 1,000 nearest neighbors (as reported in the paper), ii) the
electoral precinct level, iii) the census tract level, iv) the school district level, v) the county
level, and vi) the congressional district level. For i), we use the same formula described
in the manuscript; for all others, we apply the same formula but consider all voters
from the voter file living in the corresponding administrative unit, for both Democrats
and Republicans. We use the same imputation procedure described in the paper for
all voters in these units, and we incorporate the uncertainty from the imputation into
the offline isolation calculation. We then merge these measures with the corresponding

administrative units of the matched voters.

Table 6 shows the values for all six isolation measures for Democrats and Republi-
cans at the 1st, 10th, 25th, 75th, 90th, and 99th percentiles. Our results are robust
to alternative definitions; media isolation is largely unchanged at the precinct, census
tract, and school district levels. Only as we move up the levels of aggregation to much
larger units does isolation tend to decrease. Similar movements occur in the upper tail of
the distribution (the most isolated voters, with isolation values above the median). For
less segregated voters (1st percentile), isolation increases as the unit of analysis becomes
larger. Compared to online isolation, the paper’s core finding is robust to measures at the
Precinct, Census Tract, and School District levels, and only reaches similar levels at the
larger County and Congressional District units. To summarize, for every unit that more
closely matches a voter’s local offline environment (1,000 nearest neighbors, precincts,

and census tracts), offline isolation exceeds online isolation for both parties.

These movements are in line with the validation in (36), which the authors describe

as an understatement of segregation levels, since it tends to reduce segregation at the
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median and in the upper tail of the distribution, and to increase it for those who are
less segregated. Given our goal of measuring voters’ local offline environments, as argued
in (36), we believe the granular nearest-neighbor measure represents a more accurate
description. The median size of these administrative units, presented in Table 6, gives
some empirical foundation for this claim: electoral precincts are the closest to the nearest-
neighbor measure, but with almost double the size of the 1,000 neighbors. Congressional
districts, for example, have a median size of 500,000 voters. Only at these larger units does

the offline measure diverge meaningfully from the local environment we aim to capture.

Table 6 Offline Isolation at Administrative Units.

Percentile of offline isolation

Measure Median Size  1st 10th 25th Median 75th 90th 99th

Democrats
Nearest neighbors (1000) 1000 0.23 0.42 0.55 0.71 0.86 0.93 0.99
Precinct 1665 0.23 042 0.55 0.71 0.86 0.94 0.99
Census tract 3503 0.24 042 0.55 0.71 0.86 0.93 0.99
School district 82246 0.25 0.42 0.54 0.69 0.83 090 0.97
County 481333 0.26  0.44 0.55 0.65 0.75 0.83 0.91
Congressional district 519694 0.28 0.40 0.50 0.63 0.76 0.88 0.91

Republicans
Nearest neighbors (1000) 1000 0.10 0.31 0.44 0.57 0.68 0.76 0.86
Precinct 1665 0.10 0.31 0.45 0.57 0.68 0.77 0.87
Census tract 3503 0.10 0.31 0.44 0.57 0.67 0.76 0.85
School district 82246 0.11 0.28 0.43 0.55 0.66 0.74 0.85
County 481333 0.14 0.30 0.40 0.51 0.62 0.72 0.83
Congressional district 519694 0.12 0.32 0.45 0.54 0.62 0.68 0.78

Note: Cells are percentiles of offline isolation at the administrative units
for all matched voters. Median Size indicates the median number of voters
in the corresponding unit for all voters.

10 Validating Online Ideological Scores

In the paper, we use two distinct approaches to measure the partisan identity. For

matched voters, we use their voter file information augmented by an imputation process,
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as described in detail the SM Section 5. For the friends of the matched voters on Twitter,
we measure their partisan identity using the ideal-points estimation based on their Twitter
network (29). This model provides a scalar value for each individual ideological leaning,
based on a set of elites, including members of Congress, prominent members of the
executive branch (e.g., the President, the Vice President, and various cabinet members),
and prominent political organizations (e.g., the RNC and DNC Twitter accounts) that
these users follow. We attribute partisanship to users’ friends based on these ideology
scores, as described in footnote 7 in the manuscript. (29) provides extensive validation
for this method. The authors demonstrate that this approach has high accuracy for both
individuals (based on their party registration) and elites, with a correlation between
Twitter-based ideal points and DW-Nominate of 0.941 for members of the House and
0.954 for members of the Senate. They also show that this measure is specific enough to
generate ideology positions that correlate highly with intra-party measures of ideology.
Lastly, this measure has been validated not only in the United States but also in the U.K.,
Spain, the Netherlands, Germany, and Italy by comparing the Twitter-based ideology
estimates to expert surveys (29). In this section, we provide additional validation using

two data sources.

We start with out-of-sample validation using a general-population panel of YouGov
respondents. We asked respondents for their Twitter handles and used this information
to estimate their ideology using the same approach and training data as in our paper.
This approach gives us ideological scores for 1,549 survey respondents, along with their
self-reported partisan identification. Table 7 presents results that validate our approach
on this out-of-sample dataset. Across each row, we vary the cutoff used for the discrete

partisanship assignment.

Second, we validate our approach using the matched voters data. For a sample of

matched voters (N=262,698), we estimated their ideological scores using their friends’
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Table 7 Accuracy of Twitter-based ideology cutoffs against self-reported party identification
(YouGov donated-Twitter panel)

Voter File Party 1D All respondents Partisans only

Cutoff N Precision Recall F1 Accuracy Accuracy Coverage
Single split at 0 (0.000 / 4+0.000)

Democrat 1,031 0.895 0.928 0.911 0.842 0.922 1.000

Republican 384 0.725 0.906 0.806 0.842 0.922 1.000

Independent 134 — 0.000 — 0.842 — —
80th pct (paper) (-0.351 / 40.045)

Democrat 1,031 0.913 0.882 0.897 0.820 0.930 0.955

Republican 384 0.731  0.904 0.808 0.820 0.930 0.955

Independent 134 0.179 0.104 0.132 0.820 — —
75th pct (-0.527 / 4+0.393)

Democrat 1,031 0.920 0.840 0.878 0.793 0.957 0.886

Republican 384 0.800 0.867 0.833 0.793 0.957 0.886

Independent 134 0.156  0.224 0.184 0.793 — —
70th pct (-0.673 / 4+0.637)

Democrat 1,031 0.921  0.790 0.850 0.754 0.964 0.829

Republican 384 0.821 0.826 0.823 0.754 0.964 0.829

Independent 134 0.133 0.276 0.179 0.754 — —

Note:

Nationally representative YouGov panel of respondents who donated their Twitter data.

Ideology is the paper’s own score (identical to the values used throughout the analysis).

Party ID is the respondent’s modal answer across the eleven panel waves (1-3 Democrat,

4 Independent, 5-7 Republican). Block headings give the Democratic and Republican

cutoffs. Because a single split at zero has no middle band it never predicts Independent.
network 1" We can therefore compare their scores with their voter file partisan registration.

Table 8 presents results, and as before, we vary the cutoff used for the discrete partisanship

assignment. Table 8 presents these results.

In summary, the validation efforts suggest three findings. First, as reported in (29), this
approach is highly effective in recovering measures of ideology that map well into partisan
identification in the US. Either with out-of-sample and in-sample validation, the accuracy

for partisans is consistently above 80%. Second, the 80th-percentile cutoffs we use in the

17As we mention in the paper, this is not the measure we use for partisanship of matched voters. For
these voters, we rely on their voter file information augmented with the imputation process.
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Table 8 Accuracy of Twitter-based ideology cutoffs against voter-file party registration
(matched voters)

Per registered party All matched voters Partisans only

Group N Precision Recall F1 Accuracy Accuracy Coverage
Single split at 0 (0.000 / +0.000)

Democrat 153,251 0.761 0.871 0.813 0.691 0.853 1.000

Republican 59,469 0.549 0.807 0.654 0.691 0.853 1.000

Other / Non-Partisan 49,978 — 0.000 0.691 — — —
80th pct (paper) (-0.351 / +0.045)

Democrat 153,251 0.780  0.800 0.790 0.668 0.860 0.930

Republican 59,469 0.557  0.801 0.657 0.668 0.860 0.930

Other / Non-Partisan 49,978 0.257  0.103 0.147 0.668 — —
75th pct (-0.527 / 40.393)

Democrat 153,251 0.789  0.750 0.769 0.652 0.892 0.837

Republican 59,469 0.629 0.738 0.679 0.652 0.892 0.837

Other / Non-Partisan 49,978 0.266 0.252 0.259 0.652 — —
70th pct (-0.673 / +0.637)

Democrat 153,251 0.796 0.700 0.745 0.631 0.904 0.775

Republican 59,469 0.660 0.702 0.680 0.631 0.904 0.775

Other / Non-Partisan 49,978 0.259  0.336 0.293 0.631 — —

Note: Matched voters carrying a Twitter-based ideology score, scored against their voter-file party
registration. Ideology is the paper’s own score (identical to the values used throughout the analysis).
Party is the voter’s registration in the L2 file; ‘Other / Non-Partisan’ pools non-partisan, third-party
and unknown registrations and has no counterpart in the survey table. Block headings give the
Democratic and Republican cutoffs. Because a single split at zero has no middle band it never leaves a
voter unlabelled.

paper represent a reasonable balance point between accuracy and coverage. With this
cutoff, the scores recover self-reported party for 93% of the YouGov panel and voter-file
registration for 86% of matched voters that are wither Democrats or Republicans, while
still assigning a label to 93 to 96% of users. Moving the threshold further brings only
marginal gains in accuracy. For example, from the 80th to 70th percentile, accuracy
improves by 3% among in table 7, and 4% among partisans in 8. However, these tighter
cutoffs reduce coverage of the two partisan labels, leaving a larger set of independents in
the middle. A single split at zero goes in the opposite direction, and forces everyone to be
in a partisan bin. Third, as expected, the classifier does the worst among independents,
who are somewhat clustered around zero, but have a more fluid distribution across the

full spectrum of ideological scores.
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Engagement-Based Metrics of Online Isolation

Our measurement of isolation based only friends is limited and does not count for
interactions, content consumption, or algorithmic exposure for the users. While content
consumption and algorithm-based exposure cannot be measured outside of Twitter, in-
teractions can be observed through a user’s Twitter timeline. Prior to the closure of
Twitter’s Academic API, we collected the last 3,200 tweets (the maximum allowed by
Twitter) of each of the respondents in 2023. From these tweets, we measure interactions
with other users through retweets, quote tweets, replies, and mentions, which are avail-
able in Twitter’s metadata. On Twitter, retweets are when an individual shares another
user’s post with no additional message, quote tweets are when a user retweets a post and
adds their own commentary, replies are when a user replies to a tweet which shows up
under the original tweet, and mentions are when a user tags another user (e.g., Quser123

Hello). We parse all tweets for these interactions.

Then, using the same estimation procedure that we use for the friends relationships, we

estimate the partisanship of each Twitter user that our panel engaged with. We calculate

Y on wk(Pe=pi)
n

” , where wy, is the number of times an individual interacted with
k=1 "k

isolation as:
user i, py is the partisanship of the individual in our panel, p; is the partisanship of the
user they engaged with. We calculate isolation in five ways. We construct one measure
for each type of interaction: a retweet-based measure, a quote tweet-based measure, a

mentions-based measure, and a replies-based measure. Lastly, we aggregate over all types

of engagement in a single measure.

While content consumption and algorithmic exposure are not directly measurable for
researchers outside of the platform, we argue that these engagement-based metrics do,
to some extent, capture content consumption and algorithmic exposure. By definition, a

user must have consumed a tweet to retweet, quote tweet, or reply to it. Moreover, most of
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the tweets a user engages with were likely viewed through the algorithmic timeline, since
that is Twitter’s default (as opposed to a reverse-chronological timeline, which consists
of the users an individual follows). Thus, the tweets that we measure engagement-based
isolation with are some subset of all tweets a user consumed, and they are a subset of

what appears in a user’s algorithmic feed.

The following figure contains a comparison of all six measures (the original mea-
sure employed in the paper, and the five engagement-based measures that we describe
above). The x-axis represents the percentile, and the y-axis represents the isolation at a
given percentile, with a separate line for each measure. 14 shows that engagement-based
measures are highly correlated with the following network-based measure. At the 50th
percentile, the measures are about the same. Our findings that users are more isolated
offline than online still hold to these distinct measures. For example, as reported in the
main manuscript, the median offline isolation is 0.71 for Democrats, and 0.57 for Repub-
licans. For online isolation using the following network information, the median value
is 0.66 for Democrats and 0.51 for Republicans, and, when using, for example, online
isolation considering any type of engagement, the median values are 0.66 and 0.49 for

each partisan group.

However, at the lower end of the distribution, the following network-based isolation
measure is higher than engagement-based measures, meaning that users appear more
isolated, and at the upper end of the distribution, the following network-based measure is
lower than engagement-based measures, meaning our measure makes users at the upper
end of the distribution look less isolated. In other words, the distribution of users’
isolation based on engagement relationship is more dispersed, and produces more users
with zero contact with the outgroup, as well as more users that are fully isolated. However,
the median users are similar across the engagement metrics and the following network

metric.
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Figure 14 Comparison of different measures for online isolation. Each line represents a different
measure: the friend network employed in this paper (black), retweets (green), replies (pink),
quote tweets (orange), mentions (blue), and all engagement (yellow). The x-axis represents the
percentile, and the y-axis represents the average level of online isolation at that level.
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