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Abstract

Partisan segregation in the United States is often interpreted as evidence of limited
social interaction among out-partisans, or partisan homophily. In this paper, I
draw on 2020 US presidential election results and data on the pairwise density of
social ties between the populations of 22,537 zip code tabulation areas (ZCTA) to
examine how different areas are socially connected to politically similar others.
Using the local Moran index, I first identify clusters of ZCTAs where there is
evidence of partisan homophily or heterophily. In a series of multinomial logistic
regressions, I then also examine differences in the probability of each cluster across
different settlement types and regions, and across areas with differences in the
relative connectedness and geographic distance to others. I find that partisan
homophily is the norm across areas, broadly tracking partisan segregation along
the urban-rural continuum. However, the populations of Democratic-leaning areas,
which are most likely to be in cities and suburbs, are on average likely to have
more of their co-partisan social ties in relatively distant areas when compared
to the populations of Republican-leaning areas. This highlights the prospect of
partisan differences in the role of non-local context in local political outcomes.
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1 Introduction

Residential segregation by partisanship, or partisan segregation, has been on the
rise in the United States over the last few decades. Between the 1992 and 2020
presidential elections, the share of the electorate that lived in counties where the
winning candidate gained more than 60 per cent of the two-party vote—often
termed ‘landslide’ counties—gradually rose from roughly 30 per cent to 58 per
cent (Bishop, 2020; Darmofal and Strickler, 2019).1 While such trends are not
unprecedented in American electoral history, the recent rise in partisan segregation
is characterised by a distinctive urban-rural divide (Mettler and Brown, 2022):
Democratic candidates have been gaining higher shares of the vote in more
urbanised areas, with Republicans largely dominating elsewhere. Importantly,
partisan segregation is also observed at fine spatial resolutions (e.g. Brown and
Enos, 2021; Johnston et al., 2020; Kinsella et al., 2021, 2015; Myers, 2013; Rohla
et al., 2018; Scala and Johnson, 2017); indeed, even within Democratic-leaning
metropolitan counties, the electoral scale has been shown to tip in favour of
Republican candidates as one moves away from metropolitan cores.

The relative importance of different factors in the recent rise of partisan segregation
has been a subject of lively scholarly and public debate. The residential sorting
thesis, which was popularised by Bishop and Cushing (2009), posits that Americans
have been more likely to move to areas that are populated by co-partisans,
either due to being drawn to like-minded others or socio-cultural factors that
correlate with partisanship. However, more systematic work has shown that
while partisanship and its correlates do factor into mobility decisions, they are
usually outweighed by more universal criteria such as housing affordability, school
quality, and the prevalence of crime (Gimpel and Hui, 2015; Martin and Webster,
2020; Mummolo and Nall, 2017). As these factors are expected to constrain mass
sorting into politically homogeneous areas, attention has shifted to alternative
explanations, such as partisan conversion—be it due to changing local, structural,
or institutional conditions—and the replacement of older voters with the young
and new. Indeed, using registration data on the near-universe of American voters,
Brown et al. (2023) identify generational change and switches in party affiliation
as the leading drivers of changes in county-level partisan homogeneity between
2008 and 2020 in Democratic-leaning and Republican-leaning areas respectively.2

1A steeper trend emerges in the share of counties that saw a landslide victory, which rose from
roughly 26 to 77 per cent between 1992 and 2020 (Bishop, 2020; Darmofal and Strickler, 2019).

2For changes in partisan homogeneity in Democratic-leaning counties, Brown et al. (2023) also
identify new adult entries in the electorate, which include immigrants, as an important driver.
In line with the residential sorting thesis, the authors also find that mobility plays a role in
counties of both leanings, albeit at a much lesser extent than other drivers.
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Many have called attention to the potential implications of rising partisan segre-
gation. One concern is that the concentration of Democratic voters in densely
populated, single-seat districts can magnify the disconnect between the popular
vote and the partisan composition of local, state, and national legislatures (Chen
and Rodden, 2013; Hopkins, 2017; Rodden, 2019). This can then also give rise to
discrepancies between implemented policies and policy preferences; for instance,
Nall (2018) argues that partisan segregation within metropolitan areas led to the
neglect of urban preferences for public transit in favour of suburban preferences for
new roads. Finally, others fear that segregation promotes polarisation (e.g. Bishop
and Cushing, 2009; Enos, 2017): to the extent that voters interact with others in
their residential environment, the spatial clustering of co-partisans may restrict
exposure to others with differing political identities and views. As experimental
evidence suggests that intergroup contact often acts to constrain affective and
ideological distance between disparate social groups (Mutz, 2002; Pettigrew and
Tropp, 2006), this may have plausibly contributed to the rise in inter-partisan
animosity (Finkel et al., 2020; Iyengar et al., 2019) and intra-partisan ideological
homogeneity (Boxell et al., 2017; Gentzkow, 2016) recorded in recent decades,
with adverse implications for the function of democratic institutions.3,4

The link between rising partisan segregation and issues around political represen-
tation is straightforward: as with the related issue of partisan gerrymandering
(McGhee, 2020), these merely arise from changes in the arrangement of partisans
across political boundaries. Though the claim that partisan segregation implies
limited intergroup contact, which might in turn be contributing to political polar-
isation, is arguably more controversial. As Abrams and Fiorina (2012) suggest,
this crucially rests on the assumption that, by and large, an American voter’s
residential environment—at whatever spatial scale this might be measured—is
indeed a sound proxy for their social network. Questions of this sort have inter-
ested electoral geographers and urban sociologists for some time. Albeit often
constrained by data limitations, relevant work has consistently shown that the
spatial concentration of Americans’ social ties can vary substantially depending
on the kind of settlement in which they reside as well as their demographic
characteristics, with higher earners residing in more urbanised areas being more
likely to have more geographically distant social ties (e.g. Baybeck and Huckfeldt,
2002a,b; Fischer, 1982; Huckfeldt, 1983, 1982; Logan and Spitze, 1994).

3With respect to ideological polarisation, Gentzkow (2016) demonstrates that Americans gener-
ally do not hold more extreme views than they used to, but partisans are more likely to hold
opposing viewpoints than in the past.

4As shown by Mason (2015) and others, inter-partisan animosity does not presuppose ideological
distance between partisans. Moreover, partisan affect has been shown to act as a strong cue
for non-political judgements and behaviours among Americans (Iyengar and Westwood, 2015).
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Also emphasised in this literature is the role of telephony and the Internet in
expanding the geographic distance over which Americans interact with kin and
non-kin alike (e.g. Mok et al., 2007, 2010; Takhteyev et al., 2012; Wellman, 1979,
1996; Wellman and Potter, 1999; Wellman et al., 2003). Indeed, using data on
social media friendships, Bailey et al. (2018) find that, on average, the share of
social ties of a county’s population living more than 200 miles away is 30 per
cent. These findings suggest that while partisan segregation may be indirectly
informative about partisan homophily—the tendency of voters in any given area
to be more socially connected to those who voted similarly elsewhere—it may
conceal its true extent or the geographic ranges over which it occurs.5

In this paper, I explore partisan homophily across zip code tabulation areas (ZCTA)
in the United States using data on voting behaviour in the 2020 presidential election
and on the density of Facebook friendships between ZCTA-pairs shortly after
the election. I operationalise partisan homophily as autocorrelation of voting
behaviour in social space using the local Moran index, which allows me to identify
clusters of ZCTAs of different partisan leanings where there is strong evidence of
partisan homophily or heterophily with respect to social ties in other areas. With
ZCTAs as the level of measurement, partisan homophily (heterophily) describes
cases where the population of a given area tends to have denser social ties with
those of others with a similar (dissimilar) composition of partisan vote shares. I
find that 70 per cent of the US population resides in relatively homophilous areas,
with a further 7 and 23 per cent respectively residing in relatively heterophilous
areas and areas where there is insufficient evidence of homophily or heterophily.

Employing multinomial logistic regressions, I also examine the probability of
membership in each local Moran cluster for areas in different regions and settlement
types. I show that Democratic-leaning cities and suburbs are more likely to be
both homophilous and heterophilous when compared to rural, Republican-leaning
areas, while cities and suburbs of the South are the most likely to be heterophilous.
In additional specifications, I also examine the probability of cluster membership
for areas with differences in the relative density and geographic distance of social
ties in other areas. Overall, the findings suggest that while partisan homophily
broadly tracks partisan segregation along the urban-rural continuum, voters in
Democratic-leaning areas are more likely to interact with relatively distant co-
partisans than those in Republican-leaning areas. On average, homophilous areas
that are in the fifth quintile in terms of the relative connectedness and distance
to their social ties in other areas are respectively 37 and 6.4 times more likely to
be Democratic-leaning rather than Republican-leaning.

5As defined by McPherson et al. (2001), homophily is ‘the principle that a contact between
similar people occurs at a higher rate than among dissimilar people’.
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The empirical contribution of this paper is threefold. First, it offers the first
country-wide ecological study of partisan homophily in the United States using
data on the social ties rather than the geographic distances between the populations
of disparate areas. This addresses a long-standing quagmire in relevant literature
whereby the observation of partisan residential segregation is typically equated
with that of partisan homophily. As such, the focus of this paper on actual social
ties allows for a more accurate and nuanced assessment of the extent in which
different areas in the United States are politically homophilous. Second, this paper
also contributes to a growing literature examining the electoral geography of the
United States at fine spatial resolutions. Namely, it complements a small number
of studies of voting patterns at the below-county level (e.g. Johnston et al., 2020;
Kinsella et al., 2021, 2015; Myers, 2013; Rohla et al., 2018), offering a deeper
understanding of local political context in different types of settlement along the
urban-rural continuum. Lastly, this paper is linked to conceptual work on the
uncertain geographic context problem in spatial analysis (Kwan, 2012; Fowler
et al., 2020), elucidating its implications for the geographic study of electoral
outcomes in the United States. That is, given that social interactions with co-
partisans are an important contextual influence on political preferences (Huckfeldt
and Sprague, 1995), the findings highlight differences in the geographic distances
over which this is likely to be exerted on voters in different kinds of localities.

2 Data and Methods

2.1 Social Connectedness Index

I observe the relative density of social ties between ZCTAs across the United
States using the Social Connectedness Index (SCI) by Bailey et al. (2020).6 This
is based on all active users of Facebook—the popular online social networking
service—as of October 2021, and is computed for ZCTA-pairs ij as follows:7

SCIij = SCIji = ϕ
FB Friendshipsij

FB Usersi × FB Usersj

(1)

The SCI is thus the total number of Facebook friendships between users in i

and j over the product of users in each area, scaled by a factor ϕ. The latter
is applied for privacy purposes and ensures that the index will range from 1 to

6The SCI is publicly available and distributed via the Humanitarian Data Exchange of the
United Nations Office for the Coordination of Humanitarian Affairs.

7A Facebook user is deemed active when they have used the service in the previous 30 days.
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1,000,000. Consequently, when comparing any two ZCTA-pairs, higher values
of the index denote a higher density of Facebook friendships by a factor that is
equal to the ratio of the higher value over the lower value.8 Note that the SCI
is available for for 22,537 out of the total 33,642 ZCTAs spanning the United
States as it is suppressed for areas where there are very few users. These areas are
thus necessarily excluded from the analysis in this paper. As shown on Appendix
Figure A.1, these are mainly concentrated in sparsely populated regions of the
Midwest and the West, and account for under 2 per cent of the total population.

As discussed by Bailey et al. (2020), there is growing evidence that Facebook
friendships closely resemble real-world social ties among Americans. Indeed,
surveys suggest that almost 70 per cent of adults in the United States were
Facebook users as of 2021 (Vogels and Anderson, 2021) and that the vast majority
of users who are friends on Facebook have met in-person (Duggan et al., 2015).
What is more, there is evidence to suggest that there is little variation in Facebook
usage rates by partisanship, settlement type, and demographic characteristics
(Vogels and Anderson, 2021; Vogels et al., 2021). The SCI is thus plausibly a sound
proxy for the density of social ties between localities. This is further corroborated
in recent empirical studies that use the SCI to identify spatial spillover effects in
diverse domains ranging from public health (Charoenwong et al., 2020; Holtz et al.,
2020; Kuchler et al., 2022; Zhao et al., 2021) to consumer behaviour (Makridis,
2022) and finance (Wilson, 2022). For instance, looking at the spread of disease
during the COVID-19 pandemic, Kuchler et al. (2022) find that a county’s social
proximity to COVID-19 ‘hotspots’ as measured by the SCI were predictive of the
geographic spread of the disease even when controlling for geographic distance.

In expressing the neighbourhood relations between ZCTA-pairs, I first construct
a social neighbour matrix A with elements aij as follows:

aij =
1 if SCIij > 1 and i ̸= j

0 otherwise
(2)

This implies that I treat ZCTA-pairs with an SCI value of 1 as not being socially
connected, or not being neighbours in social space, whereas I deem ZCTA-pairs
with SCI values above 1 as social neighbours. It further implies that I discard
the social ties of each area with itself to focus on its relations with others,
resulting in a zero-diagonal matrix. Recall that as SCI values are scaled to
range between 1 and 1,000,000,000, ZCTA-pairs with a value of 1 have the lowest

8Note that this holds irrespective of how distant any given pair of ZCTAs are from each other.
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pairwise density of social ties observed across the United States. While there is
no available information on the actual density of social ties represented by a value
of 1, the within-ZCTA distribution of SCI values is plausibly consistent with its
interpretation as near-zero density. On average, an SCI value of 1 will characterise
the social ties of an area with more than half of all others, with the next lower
value being larger by a factor of 387, indicating a sharp decline to the global
minimum. This empirical pattern echoes studies of personal social networks in
large communities (e.g Fischer, 1982), suggesting that individuals tend to have a
few first-degree social ties but are not directly tied to most others.

I combine information on the density of social ties and social neighbourhood
relations by constructing a spatial weights matrix W with elements wij as follows:

wij =
SCIij if aij = 1 and SCIij is in mini(

∑
j aij) highest in row

0 otherwise
(3)

Intuitively, the above implies that I consider ZCTA-pairs that are social neighbours
to be more proximate in social space when they have a higher density of social
ties. It also implies that I only consider the social ties of each area with its 1,347
most connected social neighbours: the minimum number of neighbours across all
areas. The latter approach has two advantages. First, by restricting all ZCTAs to
have the same number of social neighbours, it improves comparability of social
relations across areas. The choice of the minimum number of neighbours across
all areas as the cut-off ensures that this is achieved while retaining the maximum
amount of information on the social ties among them.9 Second, it results in a
sparse spatial weights matrix with a sparsity of 0.06: a desirable property in the
computation of local Moran index, which is the preferred measure of partisan
homophily discussed later in this section.

To examine the relative extent in which the population of a given ZCTA is socially
connected to those of other ZCTAs, I calculate the relative connectedness to its
social neighbours as follows:

RelConnSocNbi =
∑

j SCIij × ŵij

SCIii

(4)

9Assuming that Facebook usage rates are similar across ZCTAs, on average, an estimated 74
per cent of the social ties of an area in all others lie in its 1,347 social neighbours.
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Here, ŵij represents elements from the row-normalised version of the weights
matrix W identifying the social neighbours of each ZCTA, and SCIii represents
the density of social ties within the population of each ZCTA, i. That is, the
relative connectedness of a ZCTA with its social neighbours is the mean social
connectedness to its social neighbours over its social connectedness to itself. As
such, higher values of this measure suggest that the population of the ZCTA in
question has more of its social ties located in other ZCTAs.

To examine the relative extent in which the non-local social ties of the population
of a given ZCTA are geographically distant, I calculate the relative distance to
social neighbours as follows:

RelDistSocNbi =
∑

j dij × SCIij × ŵij∑
j dij × ĝij

(5)

Here, dij represents the great-circle geographic distance between a ZCTA-pair
ij, and ĝij represents elements from the row-normalised version of the weights
matrix G, which identifies the geographic neighbours of each ZCTA excluding
itself.10 That is, the relative distance of a ZCTA from its social neighbours is the
SCI-weighted great-circle distance to its social neighbours over the mean distance
to its geographic neighbours. Consequently, higher values of this measure denote
that the non-local social ties of the population of the ZCTA in question are less
likely to be located in geographically proximate areas.

Panel A of Figure 1 maps the log of relative connectedness to social neighbours.
It is shown that, on average, the populations of ZCTAs which are closer to
population centres are more likely to have more of their social ties in other ZCTAs.
Panel B also maps the log of relative distance to social neighbours. This further
suggests that, on average, the non-local social ties of ZCTAs that are closer to
population centres are less likely to be located in geographically proximate areas.
Taken together, these patterns appear consistent with the ‘community liberated’
argument in urban sociology (e.g. see Wellman, 1979), which contends that
urbanites maintain more sparsely knit, spatially dispersed networks relative to the

10Mirroring the definition of social neighbours, geographic neighbours are defined as the 1,347
most geographically proximate ZCTAs in the data. Standardising the distance to social
neighbours by that to geographic neighbours accounts for the fact that the former could, in
relative terms, be artificially inflated by missing data or features of the population geography
of the US. Appendix Figure A.3 offers a mapped comparison of the respective standardised
and unstandardised measures, showing that ZCTAs where standardisation results in increases
in the relative distance to social neighbours are primarily located in the Midwest and the
Northeast, while the ZCTAs that see the largest decreases are located in the South and West.
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inhabitants of rural areas. However, the maps are also suggestive of substantial
regional heterogeneity, with several areas that are close to population centres in
the more remote regions of the West, for instance, being socially connected to
relatively more proximate areas.

2.2 Voting Data

Given that official election results are not published for ZCTAs, which is the level
at which the data on social ties is available, I obtain 2020 US presidential election
results at the precinct level. Namely, I use the dataset compiled by the Voting
and Election Science Team (2020) of the University of Florida and Wichita State
University, which includes information on precinct boundaries.

While most precincts fall entirely within a single ZCTA, nearly half of them do not.
In order to harmonise the data on voting and social ties, I aggregate the former to
the ZCTA level in three steps. First, I retrieve the spatial intersections between
precinct and ZCTA polygons.11 I then compute the percentage of the population
of each ZCTA that is in each intersection using the High Resolution Settlement
Layer (HRSL): a detailed, publicly available, 30-metre population grid produced
by the Facebook Connectivity Lab and the Center for International Earth Science
Information Network (CIESIN).12 Finally, I use the derived population weights to
apportion the precinct-level votes for each presidential candidate to each ZCTA.

In principle, to the extent that electoral support for any given presidential candi-
date is unevenly spatially distributed within any precinct spanning more than a
single ZCTA, using population counts to apportion votes from such a precinct
to intersecting ZCTAs can give rise to measurement error. However, other than
the fact that fewer than half of precincts span multiple ZCTAs, there are two
further points assuaging this concern. First, even within these precincts, the
population overwhelmingly resides in a single ZCTA: on average, 78 per cent of
the population of a precinct spanning ZCTAs falls within a single ZCTA. These
precincts are also fairly homogeneous in terms of voting behaviour with an average
of almost 70 per cent of the local vote being cast in favour of the leading candidate.
Taken together, these points suggest that any measurement error arising from
within-precinct variation in voting behaviour across ZCTA boundaries is unlikely
to be substantial in the vast majority of cases.

11I use the ‘tigris’ R package by Walker and Rudis (2023) to obtain US Census Bureau shapefiles.
12The HRSL is distributed via the Humanitarian Data Exchange of the United Nations Office

for the Coordination of Humanitarian Affairs.
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Figure 1: Relative Connectedness and Distance to Social Neighbours, by ZCTA

 A. Log. of relative connectedness to social neighbours 
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Notes: SCI refers to the Social Connectedness Index by Bailey et al. (2020). The social neighbours
of a ZCTA are the 1,347 most socially connected ZCTAs to it as measured by the SCI. The relative
connectedness of a ZCTA to its social neighbours is the mean SCI with its neighbours over the
SCI within itself. The relative distance of a ZCTA to its social neighbours is the SCI-weighted
great-circle distance to its social neighbours over the mean distance to its geographic neighbours.
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I measure the partisan leaning of each area by calculating the Democratic two-party
vote share in the 2020 US presidential election as follows:

ri(D) = vi(D)
vi(D) + vi(R) (6)

Here, ri(D) is the Democratic two-party vote share in ZCTA i, with vi(D)
and vi(R) respectively corresponding to votes for the Democratic presidential
candidate, Joe Biden, and the Republican presidential candidate, Donald Trump.
As such, high values of ri(D) indicate a strong Democratic leaning, with low values
indicating a strong Republican leaning. Figure 2 maps the measure, reflecting
the well-documented pattern of strong Democratic support in population centres.
Note that ri(D) can also be thought of as a measure of partisan homogeneity,
with values closer to 0.5 indicating heterogeneity in voting behaviour.

While the two-party vote share is often preferred as a straightforward measure of
both partisan leaning and partisan homogeneity, it is important to note that it
disregards votes for presidential candidates that are not affiliated with any the two
major political parties. In principle, this measure could then be misleading in cases
where a high share of local votes are cast in favour of such ‘independent’ candidates.
However, such cases are exceedingly rare in practice: on average, in the 2020 US
presidential election, 1.7 per cent of votes within a ZCTA were cast in favour of
independent candidates, with over 95 per cent of ZCTAs seeing independent vote
shares of below 5 per cent.13 Appendix Figure A.2 maps independent vote shares
across ZCTAs, showing that these are fairly even distributed in geographic space.

2.3 Demographic Data and Settlement Classification

I use 5-year estimates from the American Community Survey (ACS) produced by
the US Census Bureau to observe a series of demographic characteristics of ZCTA
populations as of 2020.14 I further obtain information on the type of settlement
best describing each ZCTA by using the Locale Assignments File produced by
the National Centre for Education Statistics (NCES) (Geverdt, 2019).

13I use the term ‘independent’ to refer to both unaffiliated presidential candidates and candidates
affiliated with parties other than the Democratic and Republican parties.

14I use the ‘tidycensus’ R package by Walker and Herman (2023) to obtain demographic data
from the US Census Bureau application programming interface (API).
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Figure 2: Democratic Two-Party Vote Share in the 2020 Presidential Election,
by ZCTA
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Notes: ZCTA-level vote shares are obtained by first apportioning precinct-level election results
using the High Resolution Settlement Layer (HRSL).

The NCES framework offers a rarely detailed settlement classification at the
ZCTA level. This is achieved by deriving classes based on both the extent in
which ZCTA populations reside in different broad types of settlement as these
are defined by official bodies—rural areas, urban clusters, urbanised areas, and
principal cities—as well as their geographic distance from these types of settlement.
A detailed description of the official definitions of settlements used in deriving the
NCES classification is given by Geverdt (2018). Rural areas, urban clusters, and
urbanised areas are defined by the US Census Bureau and are constructed from
Census tracts and blocks. Urbanised areas are those containing 50,000 or more
people, urban clusters are those containing more than 2,500 and less than 50,000
people, while rural areas are those outside urbanised areas and urban clusters.15

Similarly, principal cities are defined by the US Office of Management and Budget
and correspond to incorporated and Census-designated places within core based
statistical areas. While there are several alternative qualifying criteria, these
generally require that a place has a resident population of at least 10,000 people
and a substantial number of workers from other places.

15In 2020, the US Census Bureau defined both urbanised areas and urban clusters as ‘urban
areas’. The NCES classification framework is thus based on definitions as of the 2010 Census.
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At the lowest level, the NCES classification is comprised of 14 classes. For brevity,
I use an aggregated version of the classification comprised of the following 5 classes,
which are also mapped on Figure 3:

• City: Territory inside an urbanised area and inside a principal city.

• Suburb: Territory outside a principal city and inside an urbanised area.

• Rural – Fringe: Census-defined rural territory that is less than or equal to 5
miles from an urbanised area, or rural territory that is less than or equal to
2.5 miles from an urban cluster, or territory inside an urban cluster.16

• Rural – Distant: Census-defined rural territory that is more than 5 miles
but less than or equal to 25 miles from an urbanised area, or is more than
2.5 miles but less than or equal to 10 miles from an urban cluster.

• Rural – Remote: Census-defined rural territory that is more than 25 miles
from an urbanised Area and also more than 10 miles from an urban cluster.

Figure 3: ZCTA Settlement Type Classification

City

Suburban

Rural − Fringe

Rural − Distant

Rural − Remote

Notes: Settlement types are derived from the NCES Locale Assignments File (Geverdt, 2019)

16Territories inside urban clusters are classified as ‘towns’ by NCES. As very few ZCTAs fall
under this class, I merge these with the related ‘rural fringe’ class. The latter is preferred over
suburbs as urban clusters are generally much more distant relative to principal cities.
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2.4 Identifying Politically Homophilous Clusters

In gauging whether there is evidence of partisan homophily or heterophily in each
ZCTA, I use the local Moran index (Anselin, 1995): a popular local indicator of
spatial association commonly employed in studies of partisan segregation (e.g.
Darmofal and Strickler, 2019; Kinsella et al., 2021, 2015). However, unlike these
studies, this paper is primarily concerned with the arrangement of voters in social
space (homophily) rather than geographic space (segregation). This mandates a
different approach in operationalising the interactions between disparate locations.

I compute the local Moran index for the Democratic two-party vote share in the
2020 US presidential election in each ZCTA as follows:17

Ii =
zi

∑
j ŵijzj∑
i z2

i

(7)

Here, i and j index disparate ZCTAs, ŵij denotes elements of the row-standardised
version of the spatial weights matrix W defined in (1), and zi represents the
standardised Democratic two-party vote share in i. What makes Ii interpretable
as a local measure of partisan homophily rather than segregation is the way W is
constructed. Rather than being populated on the basis of geographic distance
between ZCTA-pairs, its elements are based on the pairwise density of social ties.

In standardising vote shares, I employ the Empirical Bayes (EB) approach pro-
posed by Assunção and Reis (1999) as follows:18

zi = ri(D) − β√
α + (β ÷ Ti)

(8)

In the above, ri(D) is the Democratic two-party vote share in area i, Ti is the
total number of two-party votes cast in i, with β and α respectively denoting
the empirically estimated mean and variance of a prior Gamma distribution.19

The EB approach reflects the intuition that, insofar as the number of votes cast
vary considerably across ZCTAs, the Democratic two-party vote share may be a
relatively less precise estimate of the underlying partisan leaning in ZCTAs were
few votes were cast. As this would violate the assumption of constant variance
across locations in the calculation of the local Moran index, the standardisation
of shares as in (8) serves to account for such cases.

17I use the ‘spdep’ R package by Bivand (2022) to calculate local Moran statistics.
18I use the ‘rgeoda’ R package by Li and Anselin (2023) to calculate EB shares.
19More specifically, β =

∑
i vi(D) ÷

∑
i Ti and α = [

∑
i Ti(ri(D) − β)2] ÷ T − β ÷ (T ÷ n) where

vi(D) is the number of democratic votes in i and n is the number of observations.
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In effect, by computing the local Moran index as in (7), I conceptualise partisan
homophily as positive autocorrelation in voting behaviour in social space. As is
the case with operationalisations of the index as a measure of autocorrelation in
geographic space, the main utility of this approach is that it facilitates significance
testing against the null of no autocorrelation. As proposed by Anselin (1995),
I do so by using a conditional permutation approach. Note that this departs
from conventional notions of statistical significance in that pseudo p-values are
obtained from simulated, empirical distributions of the index at each location.20

Note further that the probability of false positives increases with the number of
locations (de Castro and Singer, 2006), necessitating the downward adjustment
of any pre-selected significance cut-off. I thus derive a critical p-value using the
false discovery rate (FDR) criterion proposed by Benjamini and Hochberg (1995),
setting the significance cut-off parameter to 0.05. With 22,537 locations, critical
p-values derived in this way can be as low as 0.05

22,537 = 2.2 × 10−6. In order to
allow for the detection of pseudo p-values below this threshold, I construct the
simulated local distributions of the local Moran index using 499,999 permutations.
After identifying locations where values of the local Moran index are significant, I
assign them to politically homophilous and heterophilous clusters defined using
the popular local Moran scatterplot approach discussed by Anselin (1995, 1996).

Locations with above and below-mean Democratic two-party vote shares ri(D)
that respectively have social neighbours with above and below-mean SCI-weighted
Democratic two-party vote shares ∑

j ŵijri(D) are assigned to two respective ho-
mophilous clusters—‘High-High’ and ‘Low-Low’—and locations where the opposite
relations hold are respectively assigned to two heterophilous clusters—‘High-Low’
and ‘Low-High’. As such, the former group areas of similar partisan leaning where
there is evidence of positive autocorrelation in voting behaviour in social space,
and the latter represent areas where there is evidence of negative autocorrelation.

2.5 Examining the Determinants of Cluster Membership

To examine the ZCTA-level features associated with the various politically ho-
mophilous and heterophilous clusters, I employ a set of multinomial logistic
specifications. I model the probability that ZCTA i is assigned to a cluster c as:

Pic = ex′
iβc∑m

k=1 ex′
icβkc

for c = 1, ..., m (9)

20I describe values of the local Moran index as ‘significant’ when these correspond to pseudo
p-values beyond a specified critical value along their local simulated distributions. As suggested
by Efron and Hastie (2016), these values may be instead thought of as ‘interesting’.
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Here, x′
i is a vector of covariates and c indexes one of five categories: the High-

High, Low-Low, High-Low, and Low-High local Moran clusters as well as a ‘not
significant’ category for cases where there is insufficient evidence of homophily
or heterophily. Typically, the odds ratio eβc capturing the marginal impact of
each variable on the relative probability of belonging to category c as opposed to
some other category c′ can be obtained by normalising the coefficient βc′ to zero.
Though this can lead to difficulties in interpreting effects across categories, and can
quickly become unwieldy in more complex specifications. I instead report the fitted
probabilities P̂ic and their respective 95% confidence intervals using the approach
of Fox and Andersen (2006),21 which can be straightforwardly interpreted as the
probability that i is assigned to c for particular values of the covariates.

3 Results

Figure 4 shows the spatial distribution of local Moran clusters across ZCTAs. High-
High and High-Low clusters represent areas with a relatively higher Democratic
two-party vote share in the 2020 US presidential election and were, respectively,
relatively more and less likely to be socially connected to areas with similar shares.
Similarly, the Low-Low and Low-High clusters are comprised of areas with a
relatively more Republican leaning in voting behaviour that were respectively, and
in relative terms, more politically homophilous and heterophilous. Also mapped
are the areas for which there is relatively limited evidence of partisan homophily
or heterophily in terms of aggregate social ties in other areas. Figure 5 further
plots the share of all ZCTAs and the share of the total population that is occupied
by each cluster and within each US region—the Midwest, Northeast, South, and
West—along with their corresponding 95 per cent confidence intervals.22

There is evidence of either partisan homophily or heterophily in 67 per cent of all
ZCTAs, representing a 77 share of the total population. Areas where the evidence
is limited are more likely to be found in the Midwest than elsewhere, constituting
47 per cent of all areas in the region. This compares against a respective 30, 29,
and 26 per cent in the West, South, and Northeast, suggesting a greater incidence
of partisan homophily or heterophily across areas in these regions. There is also
substantial spatial variation within regions: one is less likely to come across
evidently homophilous or heterophilous areas in settlements around upstate New
York in the Northeast, along the coastal plains in the South, and away from the
coast in the West than elsewhere in each respective region.

21I use the ‘effects’ R package by Fox and Weisberg (2019) to obtain the fitted probabilities and
their confidence intervals.

22Appendix Table B.1 presents these results in table format.
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Figure 4: Local Moran Clusters, by ZCTA

High−High
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Low−Low
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Notes: Local Moran index values measure autocorrelation in EB-standardised (Assunção and
Reis, 1999) Democratic two-party vote shares as of the 2020 US presidential election, in the
social space spanned by the 1,347 most connected areas as measured by the Social Connectedness
Index (Bailey et al., 2020).

Figure 5: ZCTA and Population Shares, by Local Moran Cluster and Region
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Notes: Black whiskers denote 95% confidence intervals. Local Moran index values measure
autocorrelation in EB-standardised (Assunção and Reis, 1999) Democratic two-party vote shares
as of the 2020 US presidential election, in the social space spanned by the 1,347 most connected
areas as measured by the Social Connectedness Index (Bailey et al., 2020).
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Despite not being evident in many areas, partisan homophily appears to be the
norm across ZCTAs: homophilous areas account for roughly 70 per cent of the
total population and all ZCTAs, with heterophilous areas accounting for 4.5 per
cent of ZCTAs and 7 per cent of the population. Of the ZCTAs identified as
politically homophilous or heterophilous, 57 per cent are Democratic-leaning,
representing roughly 83 per cent of the population among these areas. The higher
population share of Democratic-leaning areas relative to their share of ZCTAs is
in line with the spatial concentration of Democrats around population centres.

Partisan heterophily is almost exclusively observed among Democratic-leaning
areas, with just 0.24 per cent of all ZCTAs identified as Republican-leaning and
heterophilous, representing 0.3 per cent of the total population. Interestingly, the
share of the population in heterophilous Democratic-leaning areas relative to that
in homophilous areas of the same leaning matches the respective share of ZCTAs
at roughly 12 per cent. This suggests that there are no major differences in the
spatial concentration of voters in homophilous and heterophilous Democratic-
leaning areas. Further, looking at the regional distribution of heterophilous
Democratic-leaning areas, it is shown that these are most common in the South
and the Midwest. These are also the regions within which Democratic-leaning
areas are the least spatially dispersed.

How does partisan homophily relate to urbanisation across regions? The first
column of Figure 6 displays fitted probabilities from multinomial logistic spec-
ifications regressing local Moran cluster membership on the interaction of US
region and settlement type as per the NCES classification.23,24 On average, more
urbanised settlements have a higher probability of belonging to a homophilous
Democratic-leaning cluster and a lower probability of belonging to a homophilous
Republican-leaning cluster. With the exception of areas in the South, the rel-
ative probability of being in a politically homophilous as opposed to neither a
homophilous nor a heterophilous cluster also tends to decrease with urbanisation.
Looking at the edges of the urban-rural continuum, a ZCTA in a city is 2.5 times
more likely to be homophilous and Democratic-leaning than a remote rural area is
likely to be homophilous and Republican-leaning. As such, when compared to ru-
ral areas, cities and suburbs are generally more likely to be politically homophilous
when it comes to their aggregate social ties in other areas. Cities, suburbs, and
rural fringes in the South are also the most likely areas to be Democratic-leaning
and heterophilous with a probability of slightly over 10 per cent.

23I match each ZCTA to a parent county, state, and region using the ‘Geocorr’ application of
the Missouri Census Data Centre, which provides correspondence tables based on the majority
population share within each geography as of the 2020 Census.

24Appendix Table B.2 presents these results in table format.
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Figure 6: Fitted Probability of Local Moran Cluster, by Region and Settlement
Type
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Notes: Each column corresponds to a multinomial logistic regression with cluster membership
as the outcome. Points and shaded areas respectively correspond to fitted probabilities and 95%
confidence intervals obtained using the approach of Fox and Andersen (2006). Local Moran
index values measure autocorrelation in EB-standardised (Assunção and Reis, 1999) Democratic
two-party vote shares as of the 2020 US presidential election, in the social space spanned by the
1,347 most connected areas as measured by the Social Connectedness Index (Bailey et al., 2020).
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To what extent is the association between partisan homophily and urbanisation
across regions explained by demographic characteristics? The second column
of Figure 6 displays fitted probabilities from multinomial logistic specifications
mirroring those of the first column while additionally controlling for ZCTA-level
median age, median household income, white population share, the share of
owner-occupied housing units, and the over 25 population share with a university
degree. On average, a similar broad pattern holds: net of demographic charac-
teristics, as urbanisation increases an area is more likely to be homophilous and
Democratic-leaning and less likely to be homophilous and republic Republican
leaning, with more urbanised settlements being more likely to be homophilous.
However, compared to specifications without controls, the probability of being
in neither a politically homophilous nor a heterophilous cluster gains an average
of 16 percentage points across regions and settlements, suggesting that partisan
homophily is at least partly explained by spatial variation in the demographic
composition of different settlement types. This is most salient in cities of the
South and rural areas of the Midwest, where the gain in probability stands at over
20 percentage points. Distant and remote rural areas of the Northeast are outliers
in that the opposite holds: when accounting for demographic composition, the
probability of such areas being politically homophilous increases by over 10 per-
centage points, with the probability of being homophilous and Democratic-leaning
becoming higher than that in rural areas around urban fringes.

As discussed in the previous section, there is strong evidence that the SCI is a
sound proxy for the density of both online and offline social ties between the
populations of ZCTA-pairs. Still, to the extent that there is substantial variation
in Facebook usage, it is in principle possible that the relationship between partisan
homophily and urbanisation as observed in the first two columns of Figure 6 is
less representative of ZCTAs where Facebook usage is low. In order to gauge this
prospect, in the third column of Figure 6, I append controls for the ZCTA-level
percentage of households that own a smartphone as well as the average Internet
download speed as of 2020.25 Reassuringly, when compared to the second column,
it is shown that there is very little change in the estimates, suggesting that the
observed relationships between partisan homophily and urbanisation are unlikely
to be merely explained by spatial variation in social media usage.

25Like the demographic variables, data for both of these variables come from the American
Community Survey (ACS). In the absence of ZCTA-level data on Facebook usage, the latter
two variables are intended as proxies for the latter.
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Figure 7: Fitted Probability of Local Moran Cluster, by Relative Connectedness
and Distance to Social Neighbours
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Notes: Each column corresponds to a multinomial logistic regression with cluster membership
as the outcome. Points and shaded areas respectively correspond to fitted probabilities and 95%
confidence intervals obtained using the approach of Fox and Andersen (2006). Local Moran
index values measure autocorrelation in EB-standardised (Assunção and Reis, 1999) Democratic
two-party vote shares as of the 2020 US presidential election, in the social space spanned by
the social neighbours of each area: the 1,347 most connected areas as measured by the Social
Connectedness Index (SCI) (Bailey et al., 2020).
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Figure 7 presents fitted probabilities from multinomial logistic specifications
regressing local Moran cluster membership respectively on quintiles of the relative
connectedness and distance of each ZCTA to its social neighbours.26 Looking at
the first column, it is shown that, on average, as the relative connectedness of a
ZCTA to its social neighbours increases, the probability that it is homophilous
and Democratic-leaning increases. A politically homophilous area in the first
quintile of relative connectedness, in which the density of social ties within the
median area is 500 times higher than the mean density of its ties in other areas,
is over 5 times more likely to be Republican-leaning. In contrast, a politically
homophilous area in the fifth quintile, in which the within-density of social ties of
the median area is 41 times higher than the mean density of its ties elsewhere,
is 35 times more likely to be Democratic-leaning. Notably, the disproportionate
increase in the relative probability of homophilous Democratic-leaning clusters
in higher quintiles is in line with a decrease in the probability of an area being
identified as neither homophilous nor heterophilous. In other words, areas with
a higher relative density of social ties in others are both more likely to be
politically homophilous and Democratic-leaning. There is further notable regional
heterogeneity in the relationship between partisan homophily and the relative
distance to social neighbours, with the latter being weaker for Midwestern and
Southern ZCTAs in the first to third quintile of relative distance.

Looking at the second column of Figure 7, it is shown that there is also an overall
positive relationship between the probability of a political homophilous area being
Democratic-leaning and the relative distance to its social neighbours. In the first
quintile of relative distance, in which the distance of the median area to its social
neighbours is 3 times higher than the distance to its geographic neighbours, a
politically homophilous area is 2.5 times more likely to be Republican-leaning
rather than Democratic-leaning. In the fifth quintile, in which the distance to
social neighbours is 26 times higher than the distance to its geographic neighbours,
a homophilous area is 7 times more likely to be Democratic-leaning rather than
Republican-leaning. While broadly similar patterns hold across US regions, the
relationship between partisan homophily and relative distance to social neighbours
appears weakest in the West, where increases in relative distance are associated
with modest changes in the probability of membership across local Moran clusters
when compared against those in other regions. In line with the discussion of
Figure 1, this is likely to be partly due to greater heterogeneity in the relative
distance to social neighbours among urban areas of the West.

26Appendix Table B.3 presents these results in table format.
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4 Discussion and Conclusion

When examined in conjunction with the findings of studies on partisan segregation,
the empirical results of this paper suggest that the geography of partisan homophily
in the United States broadly tracks that of the latter. Perhaps the most direct
comparison can be made with the findings of Darmofal and Strickler (2019):
whereas in this paper partisan homophily is measured as autocorrelation in social
space in voting behaviour in the 2020 US presidential election at the ZCTA
level, the authors measure partisan segregation as autocorrelation in geographic
space in voting behaviour in the 2016 US presidential election at the county
level.27 Broadly similar regional patterns emerge; both politically homophilous
and segregated areas of a Republican leaning are most likely to be found in, around,
and between Texas and Kentucky in the South, while their Democratic-leaning
counterparts are most common along the Northeastern and Western coasts. A
fairly close correspondence also emerges with the findings of Brown and Enos
(2021), who measure individual-level exposure to Republicans in most American
voters’ residential environments using voter registration data as of June 2018.28

Just as exposure to registered Republicans quickly lowers as one approaches
urban cores, the probability of an area being Democratic-leaning in its voting
behaviour in 2020 as well as having denser social ties in other areas that voted
similarly becomes substantially higher. What is more, just as Democrats are, on
average, less likely to be exposed to Republicans in their residential environment,
politically homophilous areas are more likely to be Democratic-leaning rather
than Republican-leaning.

Overall, the evidence presented in this paper supports a long-held expectation
regarding the electoral geography of the United States, which has nevertheless
remained largely untested at scale. That is, by and large, segregation by partisan-
ship in geographic space does go hand in hand with segregation by partisanship in
social space. With the majority of ZCTAs across the United States identified as
exhibiting a degree of partisan homophily with respect to their aggregate social
ties in other areas, it thus seems likely that the prevalence of partisan homophily is
a relevant factor in the rise of affective and ideological polarisation in the country
in recent years. As is the case with spatial variation in voting behaviour (Scala
and Johnson, 2017), the position of voters along the urban-rural continuum also
appears to play an important role in spatial variation in partisan homophily that
goes beyond differences in the demographic composition of local populations.

27For Darmofal and Strickler (2019), two counties are considered as geographic neighbours when
they are contiguous.

28In calculating individual-level exposure to Republicans, Brown and Enos (2021) consider the
thousand nearest neighbours in terms of residence.

22



Crucially, this paper also highlights a relatively neglected prospect in the empirical
electoral geography literature, relating to the wider uncertain geographic context
problem (Kwan, 2012; Fowler et al., 2020). While social contextual influences on
political preference formation are typically equated to aggregate socioeconomic
conditions within the localities in which voters are resident (Ethington and
McDaniel, 2007; Gimpel and Reeves, 2022; Johnston and Pattie, 2014), the
evidence presented in this paper shows that this may systematically conceal
the relevance of non-local context in certain kinds of localities. Indeed, when
compared to voters in areas with a strong Republican leaning—which are most
likely to be rural—voters in areas with a strong Democratic leaning—which are
most likely to be cities and suburbs—are more likely to be socially connected to
co-partisans in distant areas. The implications of this finding become clear in
light of the evidence on the political effects of exposure to heterogeneous urban
environments (e.g. Enos, 2017) and the importance of co-partisan ties in political
preference formation in the United States (e.g. Huckfeldt and Sprague, 1995). As
discussed by Baybeck and Huckfeldt (2002a,b), while social ties with non-local
co-partisans may not expose voters to politically divergent contexts, they may
act as channels via which information about non-local socioeconomic shocks feeds
into local political preferences. Consequently, the finding that such long-distance
spillovers are likely to be especially relevant to political outcomes within urban,
Democratic-leaning areas, points to a promising avenue of research on their role
in shaping the electoral geography of the United States, in line with similar work
in other domains (Charoenwong et al., 2020; Holtz et al., 2020; Makridis, 2022;
Wilson, 2022; Zhao et al., 2021).29

The findings also suggest that the 2020 US presidential election saw differences in
the regional distribution of politically homophilous areas and spatial heterogeneity
in the relationship between partisan homophily on the one hand and settlement
type and network features on the other. A substantial share of areas representing
as much as a fifth of the total population were identified as neither homophilous
nor heterophilous, with the majority being distributed in the South and the
Midwest. Also most common in these regions were the few heterophilous areas
that were more likely to be socially connected to politically dissimilar others, pri-
marily represented by Demoratic-leaning areas along urban fringes with relatively
geographically proximate social ties. In addition, the findings highlighted the
presence of important regional heterogeneity. For instance, contrary to rural areas
in other regions, rural areas of the Northwest were shown to be more likely to
be homophilous and Democratic-leaning the further away these were from urban

29This is also informative with respect to the potential externalities of proposed policy responses
to political polarisation, such as compulsory voting in blue states (Rodden, 2015).
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fringes. Similarly, it was shown that the relationship between partisan homophily
and the relative distance of co-partisan social ties was weaker in the West than
elsewhere. As such, researchers interested in political preferences in particular
regions and settlements should be cautious of this heterogeneity.

Examining the geography of partisan homophily on the basis of voting behaviour in
the 2020 US presidential election aids with the task of maximising correspondence
between the dates and geographies for which partisanship and social ties are
observed. As spatial patterns in voting behaviour are likely to change over
time, it is important to note that developing a better understanding of how this
geography evolves will require revisiting its measurement as more relevant data
become available. While there are a number of barriers in their collation for all
localities, voter registration data could also plausibly improve measurement, given
that registered partisan affiliation may offer a more explicit indicator of partisan
identity than voting behaviour.

Finally, recall that, in line with data availability, this paper has examined partisan
homophily in terms of the aggregate social ties between ZCTAs. Though partisan
homophily is also likely to vary within these localities: a prospect that is arguably
reinforced given the evidence on variation in partisan segregation at very fine
spatial resolutions (Brown and Enos, 2021). Indeed, the empirical analysis has
shown that while there is substantial spatial variation in the degree in which the
density of social ties within a ZCTA exceeds the mean density of its social ties in
others, the latter is, on average, dwarfed by the former. However, as argued in this
paper, this variation may still play an important role in the formation of political
preferences insofar as it represents differences in the flow of information between
disparate, or even distant areas. As anticipated by Granovetter (1973, 1983),
influence and information often diffuse through ‘weak ties’ bridging otherwise
disconnected groups of individuals.
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Appendix

A Additional Figures

Figure A.1: Availability of the Social Connectedness Index, by ZCTA
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Figure A.2: Independent Vote Share, 2020 Pres. Election, by ZCTA
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Notes: The term ‘independent’ refers to candidates that are either unaffiliated or not
affiliated with the Democratic or the Republican party.
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Figure A.3: Change in Quintile Rank from Standardisation of Distance to Social
Neighbours, by ZCTA
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Notes: The map is coloured by the ZCTA-level difference between the quintile rank of the
SCI-weighted great-circle distance to social neighbours and the quintile rank of the latter
measure after standardisation by the mean distance to geographic neighbours.
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B Additional Tables

Table B.1: ZCTA and Population Share, by Local Moran Cluster and Region

A. Share of all ZCTAs (%)
High-High High-Low Low-High Low-Low Not sig.

All regions 36.07 4.55 0.24 25.84 33.3
(0.32) (0.14) (0.03) (0.29) (0.31)

Northeast 13.48 0.1 0.1 1.5 5.34
(0.23) (0.02) (0.02) (0.08) (0.15)

South 8.04 3.22 0.07 15.43 10.85
(0.18) (0.12) (0.02) (0.24) (0.21)

Midwest 5.69 0.86 0 7.58 12.65
(0.15) (0.06) (0) (0.18) (0.22)

West 8.86 0.37 0.07 1.32 4.46
(0.19) (0.04) (0.02) (0.08) (0.14)

B. Share of total population (%)
High-High High-Low Low-High Low-Low Not sig.

All regions 57.52 7.06 0.33 12.4 22.69
(0.33) (0.17) (0.04) (0.22) (0.28)

Northeast 14.33 0.13 0.14 0.43 2.23
(0.23) (0.02) (0.03) (0.04) (0.1)

South 15.43 5.01 0.11 8.15 9.69
(0.24) (0.15) (0.02) (0.18) (0.2)

Midwest 9.06 1.31 0 2.91 7.3
(0.19) (0.08) (0) (0.11) (0.17)

West 18.71 0.6 0.08 0.91 3.46
(0.26) (0.05) (0.02) (0.06) (0.12)

Notes: Standard errors are shown in parentheses. Local Moran index values measure
autocorrelation in EB-standardised (Assunção and Reis, 1999) Democratic two-party
vote shares as of the 2020 US presidential election, in the social space spanned by the
1,347 most connected areas as measured by the Social Connectedness Index (Bailey
et al., 2020).
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Table B.2: Fitted Probability of Local Moran Cluster, by Region and Settlement Type

A. Without controls

High-High High-Low Low-High Low-Low Not sig.

All regions

City 0.78 0.06 0 0.01 0.15
(0.01) (0.00) (0.00) (0.00) (0.01)

Suburb 0.78 0.04 0 0.02 0.15
(0.01) (0.00) (0.00) (0.00) (0.01)

Rural - fringe 0.33 0.07 0 0.22 0.38
(0.01) (0.00) (0.00) (0.01) (0.01)

Rural - distant 0.1 0.03 0 0.45 0.42
(0.00) (0.00) (0.00) (0.01) (0.01)

Rural - remote 0.08 0.02 0 0.44 0.45
(0.01) (0.00) (0.00) (0.01) (0.01)

Northeast

City 0.97 0 0.01 0 0.01
(0.01) (0.00) (0.00) (0.00) (0.00)

Suburb 0.91 0 0 0 0.08
(0.01) (0.00) (0.00) (0.00) (0.01)

Rural - fringe 0.57 0.01 0 0.07 0.35
(0.01) (0.00) (0.00) (0.01) (0.01)

Rural - distant 0.35 0 0 0.2 0.44
(0.01) (0.00) (0.00) (0.01) (0.01)

Rural - remote 0.44 0 0 0.09 0.46
(0.04) (0.00) (0.00) (0.02) (0.04)

South

City 0.6 0.13 0 0.02 0.25
(0.02) (0.01) (0.00) (0.00) (0.01)

Suburb 0.6 0.11 0.01 0.06 0.23
(0.02) (0.01) (0.00) (0.01) (0.01)

Rural - fringe 0.17 0.13 0 0.36 0.33
(0.01) (0.01) (0.00) (0.01) (0.01)

(continued on next page)

28



Table B.2: (continued)

High-High High-Low Low-High Low-Low Not sig.

Rural - distant 0.04 0.04 0 0.61 0.3
(0.00) (0.00) (0.00) (0.01) (0.01)

Rural - remote 0.04 0.04 0 0.69 0.23
(0.01) (0.01) (0.00) (0.02) (0.02)

Midwest

City 0.75 0.04 0 0 0.22
(0.02) (0.01) (0.00) (0.00) (0.02)

Suburb 0.72 0.04 0 0.01 0.22
(0.02) (0.01) (0.00) (0.00) (0.01)

Rural - fringe 0.14 0.07 0 0.24 0.55
(0.01) (0.01) (0.00) (0.01) (0.01)

Rural - distant 0.02 0.02 0 0.44 0.53
(0.00) (0.00) (0.00) (0.01) (0.01)

Rural - remote 0.01 0 0 0.32 0.67
(0.00) (0.00) (0.00) (0.02) (0.02)

West

City 0.94 0.01 0 0 0.05
(0.01) (0.00) (0.00) (0.00) (0.01)

Suburb 0.89 0.04 0 0.01 0.05
(0.01) (0.01) (0.00) (0.00) (0.01)

Rural - fringe 0.6 0.03 0.01 0.05 0.31
(0.01) (0.00) (0.00) (0.00) (0.01)

Rural - distant 0.27 0.02 0.01 0.14 0.57
(0.02) (0.00) (0.00) (0.01) (0.02)

Rural - remote 0.13 0.03 0 0.32 0.52
(0.01) (0.01) (0.00) (0.02) (0.02)

(continued on next page)
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Table B.2: (continued)

B. With demographic controls

High-High High-Low Low-High Low-Low Not sig.

All regions

City 0.55 0.06 0.01 0.02 0.37
(0.00) (0.00) (0.00) (0.00) (0.00)

Suburb 0.62 0.06 0 0.03 0.28
(0.00) (0.00) (0.00) (0.00) (0.00)

Rural - fringe 0.32 0.08 0 0.12 0.47
(0.01) (0.00) (0.00) (0.00) (0.00)

Rural - distant 0.19 0.04 0 0.19 0.58
(0.01) (0.00) (0.00) (0.00) (0.00)

Rural - remote 0.15 0 0.04 0.19 0.58
(0.01) (0.00) (0.00) (0.00) (0.00)

Northeast

City 0.88 0 0.08 0 0.05
(0.01) (0.00) (0.00) (0.00) (0.00)

Suburb 0.82 0 0 0 0.18
(0.00) (0.00) (0.00) (0.00) (0.00)

Rural - fringe 0.6 0.01 0 0.02 0.36
(0.00) (0.00) (0.00) (0.00) (0.00)

Rural - distant 0.63 0 0 0.03 0.33
(0.00) (0.00) (0.00) (0.00) (0.00)

Rural - remote 0.73 0 0 0.01 0.26
(0.00) (0.00) (0.00) (0.00) (0.00)

South

City 0.36 0.11 0 0.04 0.49
(0.01) (0.00) (0.00) (0.00) (0.00)

Suburb 0.38 0.13 0.01 0.1 0.38
(0.00) (0.00) (0.00) (0.00) (0.00)

Rural - fringe 0.13 0.15 0 0.28 0.43
(0.00) (0.00) (0.00) (0.00) (0.00)

(continued on next page)
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Table B.2: (continued)

High-High High-Low Low-High Low-Low Not sig.

Rural - distant 0.04 0.08 0 0.44 0.44
(0.00) (0.00) (0.00) (0.00) (0.01)

Rural - remote 0.06 0.08 0 0.51 0.35
(0.00) (0.00) (0.00) (0.00) (0.00)

Midwest

City 0.57 0.03 0 0 0.3
(0.00) (0.00) (0.00) (0.00) (0.00)

Suburb 0.64 0.04 0 0.01 0.31
(0.00) (0.00) (0.00) (0.00) (0.00)

Rural - fringe 0.2 0.07 0 0.1 0.63
(0.00) (0.00) (0.00) (0.00) (0.00)

Rural - distant 0.06 0.03 0 0.14 0.77
(0.00) (0.00) (0.00) (0.00) (0.00)

Rural - remote 0.02 0.01 0 0.09 0.88
(0.00) (0.00) (0.00) (0.00) (0.00)

West

City 0.82 0.01 0 0 0.16
(0.00) (0.00) (0.00) (0.00) (0.00)

Suburb 0.77 0.05 0.01 0.03 0.14
(0.00) (0.00) (0.00) (0.00) (0.00)

Rural - fringe 0.5 0.02 0.01 0.04 0.44
(0.00) (0.00) (0.00) (0.00) (0.00)

Rural - distant 0.3 0.02 0.01 0.06 0.61
(0.00) (0.00) (0.00) (0.00) (0.00)

Rural - remote 0.15 0.04 0 0.15 0.66
(0.00) (0.00) (0.00) (0.00) (0.00)

(continued on next page)
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Table B.2: (continued)

C. With demographic and Internet controls

High-High High-Low Low-High Low-Low Not sig.

All regions

City 0.55 0.05 0.01 0.02 0.38
(0.00) (0.00) (0.00) (0.00) (0.00)

Suburb 0.62 0.06 0 0.03 0.29
(0.00) (0.00) (0.00) (0.00) (0.00)

Rural - fringe 0.32 0.08 0 0.12 0.48
(0.01) (0.00) (0.00) (0.00) (0.00)

Rural - distant 0.19 0.05 0 0.17 0.59
(0.01) (0.00) (0.00) (0.00) (0.00)

Rural - remote 0.16 0.05 0 0.17 0.59
(0.01) (0.00) (0.00) (0.00) (0.00)

Northeast

City 0.88 0 0.07 0 0.05
(0.01) (0.00) (0.00) (0.00) (0.00)

Suburb 0.82 0 0 0 0.17
(0.00) (0.00) (0.00) (0.00) (0.00)

Rural - fringe 0.61 0.01 0 0.03 0.35
(0.00) (0.00) (0.00) (0.00) (0.00)

Rural - distant 0.64 0 0 0.03 0.32
(0.00) (0.00) (0.00) (0.00) (0.00)

Rural - remote 0.75 0 0 0.01 0.24
(0.00) (0.00) (0.00) (0.00) (0.00)

South

City 0.35 0.09 0 0.04 0.51
(0.01) (0.00) (0.00) (0.00) (0.00)

Suburb 0.37 0.11 0.01 0.1 0.4
(0.00) (0.00) (0.00) (0.00) (0.00)

Rural - fringe 0.13 0.13 0 0.28 0.45
(0.00) (0.00) (0.00) (0.00) (0.00)

(continued on next page)
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Table B.2: (continued)

High-High High-Low Low-High Low-Low Not sig.

Rural - distant 0.05 0.08 0 0.42 0.45
(0.00) (0.00) (0.00) (0.00) (0.01)

Rural - remote 0.06 0.09 0 0.48 0.37
(0.00) (0.00) (0.00) (0.00) (0.00)

Midwest

City 0.56 0.02 0 0 0.41
(0.00) (0.00) (0.00) (0.00) (0.00)

Suburb 0.63 0.04 0 0.01 0.32
(0.00) (0.00) (0.00) (0.00) (0.00)

Rural - fringe 0.2 0.07 0 0.1 0.64
(0.00) (0.00) (0.00) (0.00) (0.00)

Rural - distant 0.06 0.03 0 0.13 0.78
(0.00) (0.00) (0.00) (0.00) (0.00)

Rural - remote 0.03 0.01 0 0.08 0.88
(0.00) (0.00) (0.00) (0.00) (0.00)

West

City 0.82 0.01 0 0.01 0.17
(0.00) (0.00) (0.00) (0.00) (0.00)

Suburb 0.77 0.04 0.01 0.03 0.14
(0.00) (0.00) (0.00) (0.00) (0.00)

Rural - fringe 0.49 0.02 0.01 0.03 0.45
(0.00) (0.00) (0.00) (0.00) (0.00)

Rural - distant 0.3 0.02 0.01 0.05 0.62
(0.00) (0.00) (0.00) (0.00) (0.00)

Rural - remote 0.15 0.05 0 0.13 0.67
(0.00) (0.00) (0.00) (0.00) (0.00)

Notes: Panels A, B, and C each correspond to a multinomial logistic regression with cluster
membership as the outcome. Fitted probabilities and standard errors (in brackets) are
obtained using the approach of Fox and Andersen (2006). Local Moran index values measure
autocorrelation in EB-standardised (Assunção and Reis, 1999) Democratic two-party vote
shares as of the 2020 US presidential election, in the social space spanned by the 1,347 most
connected areas as measured by the Social Connectedness Index (Bailey et al., 2020).
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Table B.3: Fitted Probability of Local Moran Cluster, by Relative Connectedness and
Distance to Social Neighbours

A. Relative connectedness to social neighbours

High-High High-Low Low-High Low-Low Not sig.

All regions
1st quintile 0.08 0.02 0 0.45 0.45

(0.01) (0.00) (0.00) (0.01) (0.01)
2nd quinitile 0.14 0.02 0 0.41 0.42

(0.01) (0.00) (0.00) (0.01) (0.01)
3rd quintile 0.3 0.04 0 0.29 0.37

(0.01) (0.00) (0.00) (0.01) (0.01)
4th quintile 0.54 0.07 0 0.13 0.26

(0.01) (0.00) (0.00) (0.00) (0.01)
5th quintile 0.74 0.08 0 0.02 0.16

(0.01) (0.00) (0.00) (0.00) (0.01)

Northeast
1st quintile 0.32 0 0 0.21 0.47

(0.02) (0.00) (0.00) (0.02) (0.02)
2nd quintile 0.43 0 0.01 0.15 0.4

(0.02) (0.00) (0.00) (0.01) (0.02)
3rd quintile 0.64 0 0.01 0.07 0.28

(0.01) (0.00) (0.00) (0.01) (0.01)
4th quintile 0.8 0.01 0.01 0.02 0.17

(0.01) (0.00) (0.00) (0.00) (0.01)
5th quintile 0.93 0 0 0 0.06

(0.01) (0.00) (0.00) (0.00) (0.01)

South
1st quintile 0.03 0.04 0 0.64 0.28

(0.00) (0.00) (0.00) (0.00) (0.01)
2nd quinitile 0.05 0.04 0 0.61 0.3

(0.00) (0.00) (0.00) (0.01) (0.01)
3rd quintile 0.08 0.07 0 0.51 0.34

(0.01) (0.01) (0.00) (0.01) (0.01)

(continued on next page)
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Table B.3: (continued)

High-High High-Low Low-High Low-Low Not sig.

South

4th quintile 0.29 0.12 0 0.27 0.32
(0.01) (0.01) (0.00) (0.01) (0.01)

5th quintile 0.6 0.15 0 0.04 0.2
(0.01) (0.01) (0.00) (0.00) (0.01)

Midwest

1st quintile 0.02 0.01 0 0.41 0.56
(0.00) (0.00) (0.00) (0.01) (0.01)

2nd quintile 0.03 0.01 0 0.41 0.55
(0.00) (0.00) (0.00) (0.01) (0.01)

3rd quintile 0.13 0.04 0 0.32 0.51
(0.01) (0.01) (0.00) (0.01) (0.02)

4th quintile 0.44 0.08 0 0.1 0.37
(0.02) (0.01) (0.00) (0.01) (0.02)

5th quintile 0.68 0.05 0 0.01 0.27
(0.02) (0.01) (0.00) (0.00) (0.01)

West

1st quintile 0.2 0.02 0 0.23 0.54
(0.01) (0.00) (0.00) (0.01) (0.02)

2nd quintile 0.31 0.02 0.01 0.12 0.54
(0.02) (0.01) (0.00) (0.01) (0.02)

3rd quintile 0.47 0.03 0.01 0.08 0.4
(0.02) (0.01) (0.00) (0.01) (0.02)

4th quintile 0.76 0.04 0 0.04 0.16
(0.02) (0.01) (0.00) (0.01) (0.01)

5th quintile 0.91 0.02 0 0 0.06
(0.01) (0.00) (0.00) (0.00) (0.01)

(continued on next page)
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Table B.3: (continued)

B. Relative distance to social neighbours

High-High High-Low Low-High Low-Low Not sig.

All regions

1st quintile 0.15 0.08 0 0.38 0.38
(0.01) (0.00) (0.00) (0.01) (0.01)

2nd quintile 0.23 0.05 0 0.32 0.4
(0.01) (0.00) (0.00) (0.01) (0.01)

3rd quintile 0.33 0.05 0 0.26 0.37
(0.01) (0.00) (0.00) (0.01) (0.01)

4th quintile 0.37 0.05 0 0.27 0.36
(0.01) (0.00) (0.00) (0.01) (0.01)

5th quintile 0.64 0.02 0.01 0.1 0.24
(0.01) (0.00) (0.00) (0.01) (0.01)

Northeast

1st quintile 0.34 0.02 0 0.2 0.44
(0.02) (0.00) (0.00) (0.02) (0.02)

2nd quintile 0.41 0.01 0 0.13 0.45
(0.02) (0.00) (0.00) (0.01) (0.01)

3rd quintile 0.56 0 0 0.08 0.35
(0.02) (0.00) (0.00) (0.01) (0.02)

4th quintile 0.76 0 0 0.04 0.2
(0.01) (0.00) (0.00) (0.01) (0.01)

5th quintile 0.9 0 0.01 0.01 0.07
(0.01) (0.00) (0.00) (0.00) (0.01)

South

1st quintile 0.08 0.11 0 0.5 0.3
(0.01) (0.01) (0.00) (0.01) (0.01)

2nd quintile 0.15 0.08 0 0.47 0.3
(0.01) (0.01) (0.00) (0.01) (0.01)

3rd quintile 0.21 0.1 0 0.41 0.27
(0.01) (0.01) (0.00) (0.01) (0.01)

(continued on next page)
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Table B.3: (continued)

High-High High-Low Low-High Low-Low Not sig.

South
4th quintile 0.33 0.06 0 0.37 0.24

(0.01) (0.01) (0.00) (0.01) (0.01)
5th quintile 0.43 0.04 0 0.2 0.33

(0.01) (0.01) (0.00) (0.01) (0.01)

Midwest
1st quintile 0.14 0.05 0 0.29 0.51

(0.01) (0.01) (0.00) (0.01) (0.01)
2nd quintile 0.16 0.04 0 0.29 0.51

(0.01) (0.00) (0.00) (0.01) (0.01)
3rd quintile 0.22 0.02 0 0.28 0.48

(0.01) (0.00) (0.00) (0.01) (0.01)
4th quintile 0.16 0.02 0 0.24 0.58

(0.01) (0.00) (0.00) (0.01) (0.01)
5th quintile 0.46 0.04 0 0.21 0.429

(0.03) (0.01) (0.00) (0.02) (0.02)

West
1rd quintile 0.51 0.07 0 0.13 0.29

(0.03) (0.01) (0.00) (0.02) (0.03)
2th quintile 0.56 0.05 0 0.11 0.29

(0.03) (0.01) (0.00) (0.01) (0.02)
3rd quintile 0.6 0.02 0 0.11 0.26

(0.02) (0.00) (0.00) (0.01) (0.02)
4th quintile 0.6 0.01 0 0.09 0.29

(0.02) (0.00) (0.84) (0.01) (0.02)
5th quintile 0.59 0.02 0.01 0.07 0.31

(0.01) (0.00) (0.00) (0.01) (0.01)

Notes: Panels A and B each correspond to a multinomial logistic regression with cluster
membership as the outcome. Fitted probabilities and standard errors (in brackets) are
obtained using the approach of Fox and Andersen (2006). Local Moran index values
measure autocorrelation in EB-standardised (Assunção and Reis, 1999) Democratic
two-party vote shares as of the 2020 US presidential election, in the social space spanned
by the social neighbours of each area: the 1,347 most connected areas as measured by
the Social Connectedness Index (SCI) (Bailey et al., 2020).
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