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Abstract

This thesis examines the relationship between political polarization, social
connection patterns, and social trust in the United States through a multi-scale
quantitative analysis. Using county-level data from the 2016 and 2020 presidential
elections, social connection data from Meta, demographic information from the US
Census, and data on trust from Gallup surveys, | analyze how these data influence five
specific dimensions of polarization: spread, dispersion, divergence, group distinctness,
and size parity. My findings reveal that within-county social connectedness is
significantly associated with increased dispersion polarization, suggesting that denser
social networks support more varied political attitudes. My analysis of cross-county
social connections showed that stronger connections between counties slightly decrease
overall polarization measures but also increase political similarity between connected
counties. These relationships are strongly moderated by geographic and demographic
factors, with distance, education, and racial diversity playing particularly important roles.
Contrary to expectations, national data (though limited) show that some measures of
polarization and all measures of institutional trust increased simultaneously between 2016
and 2020, challenging the hypothesis that polarization necessarily erodes trust. These
findings highlight the importance of examining polarization as a multidimensional
construct and of considering the multiple scales at which social connections operate to

influence political environments.



Frontispiece

AMERICAN FAuLT LINES =

I have walked the seams where America splits, not like seeds breaking open to sprout new
life, but jagged, like mountain peaks thrust against themselves, ancient plates grinding.
straining against the coming rupture. while we. small creatures, mistake our footing for solid

ground.

I have heard America shouting—not singing. not chanting. not even speaking—but shouting
across ravines of its own making. Words that reach the other side as echoes only, distorted
by the journey, by airwaves in the wind, by the will to not hear.

The arguments we build are fortresses now. battlements of blind certainty where once stood
the agora, and whispers of doubt—that most honest of human sounds—are drowned by the
drumbeat of conviction, while the thumbs of the culture war sentinels stand watch against
phantom armies.

Gone are the multitudes and melting pots. Today there is only myself and those who agree.
Refusing to see beyond the light of our own lanterns, content to reside in a diminished

universe, stars extinguished one by one, until the cosmos fits inside a clenched fist.

Town squares now become the theater of our division. Signs held high like shields, chants

like battle cries. viral sound bites like arrows launched into the sky, to fall where they may.

Each side certain of righteousness. of truth, while democracy sits quict, watching, waiting. ——
L
. . . E s . e ’yf}"j“tﬂ
I stand on the fault line and feel the tremors. The earth beneath us shifts, impatient with our g ‘

L Lt

quarrels, indifferent to our tribes, our fears, our fury. It will outlast us all, this wounded,
wondrous land, long after we have exhausted ourselves with fighting.

America! Your shores yet contain room enough for all, your sky vast enough for every
hopeful dream, your soil rich enough to nourish every root—If only we could remember how

to tend the common garden.

So come, walk with me in the difficult terr

ain of democracy. We carry the republic on our
shoulders, a burden and a privilege. heavier when borne alone. Let us go together then. not
with answers but with questions, not to convinee but to listen, not as partisans but as

citizens. Not without differences, but united all the same.

© Colin Shiner, 2025

Shiner, C. (2025). American fault lines [Text on Digital Background].
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Chapter I.

Introduction

Increasing polarization of political and social structures represents one of the most
significant challenges to democratic societies in the 21st century. This phenomenon,
characterized by growing ideological divisions and declining social trust, has attracted
substantial scholarly attention across multiple disciplines (Jost et al., 2022; Lee, 2022;
Tucker et al., 2018). Understanding the interplay between polarization, trust, and social
cohesion has become critical for addressing contemporary societal challenges and
fostering democratic resilience. This thesis is a step towards building that understanding.

In general terms, groups become polarized when individual behaviors or notions
of self-identification are mediated by group membership, and when there is a feeling of
antagonism or conflict between the groups (Duclos et al., 2004). Political polarization,
defined as the extent to which opinions on an issue are opposed to each other (Bramson et
al., 2016), manifests through multiple dimensions, including ideological, affective, and
social components. Simultaneously, social trust—the generalized expectation that others
can be relied upon to act in accordance with social norms and mutual interests
(Thielmann & Hilbig, 2015)—has shown concerning patterns of decline in many
democratic societies. In the United States in particular, recent research has revealed
alarming trends in both phenomena, with approximately 80% of Americans perceiving
their country as deeply divided over politics (Jones, 2024), and some measures of social

trust dropping more than 15% since the 1970s (Hooghe & Oser, 2017).



These parallel trends raise critical questions about the relationship between
polarization, social connection, and trust, and their implications for democratic
functioning and social stability. Recent scholarship suggests that the erosion of social
trust in increasingly polarized societies threatens the foundational mechanisms of
democratic functioning, from public health (Panagopoulos et al., 2021) to civic
participation and institutional legitimacy (McCoy et al., 2018). The research consistently
portrays polarization as a detrimental force for social cohesion and trust (Bjornskov,
2008; Rapp, 2016; Levin et al., 2021; Lee, 2022; Campbell, 2024). Polarization can
create a climate of animosity and mistrust between groups, hindering cooperation,
compromise, and collective action (Levin et al., 2021; Lee, 2022; Campbell, 2024).
Essentially, polarization makes individuals less willing to trust those outside their in-
group, viewing them as different or threatening (Kaltenthaler & Miller, 2012; Lee, 2022).

At the same time, research suggests that patterns of polarization and social trust
can influence each other through feedback loops that, in turn, shape new patterns of
polarization and trust, and so on. Research demonstrates that these reinforcing cycles can
create self-perpetuating social division or cohesion dynamics. As Gundelach (2013)
shows, trust-connection spirals can develop where increased trust leads to more diverse
social connections, thus further enhancing trust. However, these same mechanisms can
also operate in reverse, with polarization amplification creating cycles of decreasing trust
and increasing social division (Rapp, 2016).

Cross-domain effects represent another feedback mechanism affecting
polarization and trust. According to Tucker et al. (2018), economic-social feedback can

create reinforcing cycles where economic inequality leads to social division, thus making



it even harder to address economic disparities. Campbell et al. (2019) demonstrate how
political-trust interactions can create similar feedback loops, where declining political
trust leads to increased polarization, which further erodes trust in political institutions.
These recent empirical observations are interesting in and of themselves but are even

more revealing when grounded in established theoretical frameworks.

Core Theories

The theoretical foundation for understanding the relationship between polarization
and social trust draws upon several complementary frameworks. Political polarization
research is primarily grounded in Social Identity Theory (Abramowitz & Saunders,
2006), which explains how individuals' identification with specific groups based on
shared values and beliefs can lead to increased polarization. This theoretical perspective
is complemented by Network Theory (Mutz, 2002), which provides insights into how the
structure of social networks shapes can shape individual attitudes (for example, strong
ties within homogeneous networks can reinforce existing views, while weak ties across
heterogeneous networks can promote broader understanding but might reduce certainty in
one's positions). Social Capital Theory (Friedkin, 2004) further enhances the
understanding of social trust formation, emphasizing the central role of trust and
reciprocity in building and maintaining social capital and potentially mitigating the
effects of polarization. Research on Trust-Connection Dynamics (Abrams et al., 2003;
Kanagaretnam et al., 2009) has expanded these theoretical foundations by demonstrating
how trust is built through repeated interactions and shared experiences, offering potential

insight into how to repair the connections between polarized groups.



The role of social connections in mediating polarization and trust has emerged as
a critical theoretical consideration. Recent scholarship has also considered the role of
network structures and density in mediating the relationship between polarization and
social trust (Mutz, 2002; Tucker et al., 2018), showing that social capital and trust are
positively associated with network density and negatively associated with network
fragmentation. Finally, given that many social media platforms are designed to connect
people with similar interests and beliefs, it is important to consider the role of
communication technologies and social media platforms in shaping polarization and
social trust dynamics as well, especially given that they can simultaneously connect and
divide populations, exacerbating polarization by reinforcing group boundaries and

creating echo chambers (Tucker et al., 2018).

Theoretical Gaps

While these existing frameworks are helpful, current research on polarization and
social trust also faces several significant limitations that this study aims to address. For
example, while extensive research exists at both national and local levels, there remains a
critical gap in understanding how polarization and trust dynamics operate across different
geographic scales simultaneously. Previous studies have typically focused on either
macro-level national trends (Kiley, 2017) or micro-level community dynamics
(Campbell, 2024), but few have successfully bridged these scales analytically. Similarly,
despite the availability of rich datasets, existing research has struggled to effectively
integrate diverse data sources that operate at different geographic and temporal scales.
Traditional approaches often rely on single-source data, limiting their ability to capture

the full complexity of these phenomena (Hooghe & Oser, 2017).



These theoretical gaps are especially concerning because they have real-world
implications. The acceleration of political and social polarization, as documented by data
from the Pew Research Center (Geiger, 2017), poses significant implications for
democratic stability. This trend is compounded by declining trust in institutions and
between social groups, threatening the foundations of democratic governance and social
cohesion (Gallup, 2024). Finally, the increasing geographic concentration of political
preferences and social attitudes (see Wing & Walker, 2009) adds complexity to

addressing polarization and trust challenges.

Organization of the Thesis

To address these gaps, this thesis follows a systematic structure designed to
comprehensively examine the relationship between polarization, social connection, and
social trust across multiple scales. The literature review begins with a review of
conceptual foundations, establishing the theoretical framework that underpins the later
analysis. This initial overview is followed by a detailed examination of the key
mechanisms and drivers that shape the relationship between polarization and trust. I then
analyze these relationships, culminating in a consolidated, integrated framework that
synthesizes existing knowledge and frames the research questions in the context of the
existing literature.

The methodological section provides a detailed description of the multi-scale
analysis approach, including data collection procedures, analytical techniques, and
validation methods. The methodology is followed by a comprehensive presentation of
results, organized thematically to address each research question and highlight cross-

cutting insights. The discussion section contextualizes the findings within the broader



literature, explores their implications for theory and practice, and identifies directions for
future research. Finally, throughout the thesis, I maintain a dual focus on both the
academic foundation of the research and the practical implications of the findings for

addressing contemporary challenges in democratic societies.

Conceptual Foundations of Polarization

Political polarization represents a multifaceted phenomenon whose
conceptualization has sparked significant theoretical debate across political science,
sociology, and social psychology. While early scholarship primarily focused on
ideological differences in policy preferences (Fiorina & Abrams, 2008), contemporary
research has expanded this understanding to encompass affective, moral, and geographic
dimensions that operate through distinct but interrelated mechanisms. This evolution in
conceptual understanding reflects the broader theoretical conversation between
institutional and social-psychological approaches to understanding political division.

The traditional ideological conception of polarization, which hypothesizes a
growing gap between the policy preferences of different groups, has been challenged by
emerging research that highlights the importance of identity-based and affective
mechanisms. For example, Abramowitz & Saunders (2006) point to increasing
ideological consistency within partisan groups as evidence of polarization, while scholars
like Kaltenthaler & Miller (2012) argue that emotional and identity-based polarization
may be more fundamental to contemporary political divisions. This theoretical debate has
important implications for understanding both the causes of polarization and potential
interventions to address it. Conceptualizing polarization as solely a consolidation of

possible social preferences (as opposed to a consolidation of possible social identities)



changes the expectation for how political divisions may evolve over different time
horizons and across different policy issues. Preferences might change with the news
cycle, but identities are more deeply engrained in a person’s self-construct. Therefore,
political campaigns that only target political preferences might look very different from
campaigns that focus on identity.

Recent work by McMurtrie et al. (2024) synthesizes these perspectives by
demonstrating how ideological polarization (how people feel about an issue) and
affective polarization (how people feel about members of a particular out-group) operate
through distinct but mutually reinforcing mechanisms. Their research shows that while
policy disagreements can drive initial group divisions, affective polarization often
becomes self-sustaining through social-psychological processes that operate
independently of specific policy disputes. This interaction between cognitive and
emotional dimensions of polarization highlights the need for theoretical frameworks that
can account for multiple causal pathways in the development of political divisions.

Other research characterizes a third type of polarization in addition to ideological
and affective polarization. The “moral” dimension of polarization adds another layer of
complexity to this theoretical landscape. Rapp's (2016) influential work demonstrates that
moral opinion polarization can create particularly intractable divisions by framing
political disagreements as fundamental conflicts over right and wrong. This moral
framing tends to be more resistant to compromise than traditional policy disputes,
operating through distinct psychological mechanisms that warrant careful theoretical
consideration. For example, the interaction between moral and affective polarization

creates particularly challenging dynamics for democratic societies, as moral convictions



can amplify emotional responses to political opponents while reducing the perceived
legitimacy of alternative viewpoints (Garrett & Bankert, 2018).

Finally, geographic polarization represents a spatial dimension of these divisions
that raises important theoretical questions about the relationship between physical and
social space in political behavior. Early research proposed the idea of spatial “sorting”,
which argued that people migrate to live closer to people with similar characteristics to
themselves (including characteristics like policy preferences), resulting in increased
geographic clustering of voters for each political party (Bishop & Cushing, 2009).
However, Martin and Webster's (2018) research challenges surface-level assumptions
about geographic sorting by demonstrating feedback loops between residential choices,
social network formation, and political attitudes. Their work suggests that geographic
polarization operates through multiple mechanisms, including both deliberate sorting
based on political preferences and emergent patterns arising from social network
dynamics. Relatedly, other research shows how specific life events, like choosing where
to attend university or where to take a job after graduating, influence geographic sorting
more than generalized migration patterns (Jokela, 2021). Finally, Liu et al. (2019) show
that most cross-county migration occurs between counties that already share similar
political views, highlighting the need to carefully quantify how “sorting” interacts with

changes in polarization.

Disambiguation of Polarization Measures
A persistent challenge in synthesizing insights from different studies on
polarization has been with the way polarization is defined and measured. Studies that

focus on specific measures without clearly defining them might appear to contradict one



another, when in reality the differences in their findings may have more to do with
imprecise measures than incompatible theory. Bramson et al.'s (2016) nine-dimensional
framework represents a significant theoretical advancement in conceptualizing
polarization, moving beyond traditional unidimensional measures to capture the
phenomenon's inherent complexity. This framework has sparked important
methodological debates about how to operationalize and measure different aspects of
political division. For example, while conventional analyses might simply measure the
growing gap between Democratic and Republican vote shares, this framework enables an
examination of how voting patterns reflect multiple distinct aspects of polarization
simultaneously. Essentially, these dimensions offer complementary perspectives on the
nature and extent of polarization, each capturing a unique aspect of how attitudes and
beliefs can diverge within a population. The measures are:

e Spread: The overall distribution width of the positions in a population.

e Dispersion: The extent of variation in positions across the entire population.

e Coverage: The degree to which different possible positions are represented.

e Regionalization: The clustering of positions in distinct opinion spaces.

e Community Fracturing: The number of distinct opinion groups.

e Distinctness: The clarity of separation between groups.

e Group Divergence: The distance between group positions.

e Group Consensus: The degree of internal cohesion within groups.

e Size Parity: The relative balance in size between opposing groups.

The framework's first three dimensions—spread, dispersion, and coverage—

address fundamental questions about the distribution of political attitudes that have long



concerned political scientists and sociologists. Spread, measuring the overall width of the
distribution, captures what Fiorina & Abrams (2008) term the "range of acceptable
discourse™ in a society. It measures the distance between the most extreme positions held,
regardless of how many people hold those positions or what lies between them. A wider
spread indicates greater polarization in the sense that the range of held attitudes
encompasses more divergent positions (Bramson et al., 2016). This measure is
particularly valuable for understanding the boundaries of public policy discourse and the
extent to which extreme positions have entered the mainstream conversation. For
example, when analyzing political attitudes or policy preferences, spread helps identify
whether the ideological spectrum has expanded over time, even if most people remain
moderate. In electoral terms, this measure might register as the difference between the
most liberal and conservative voting precincts within a county. For instance, in diverse
urban counties, it might be typical to observe precincts ranging from 90% Democratic to
90% Republican support, indicating a wide attitudinal spread, while suburban counties
might show a narrower range from 40% to 60%, suggesting a more compressed spread.
Dispersion and coverage introduce additional precision by examining how
attitudes are distributed within the available opinion space. Dispersion examines the
overall distribution of attitudes across the entire population, considering how far
individual positions deviate from the mean (Bramson et al., 2016). Unlike spread, which
only considers extremes, dispersion accounts for how all attitudes are distributed. Higher
dispersion indicates that attitudes are more widely scattered across the available
spectrum, suggesting greater polarization in the sense of overall variability. Coverage

represents the degree to which different possible positions across the attitude spectrum
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are actually represented in the population (Bramson et al., 2016). This dimension focuses
on the variety of distinct positions held, rather than their distribution or extremity. Higher
coverage can signal greater polarization in the sense that more distinct positions are
actively maintained within the society.

These dimensions challenge simplistic notions of polarization as merely
increasing ideological distance between groups. As McMurtrie et al. (2024) argue, high
dispersion without corresponding changes in spread can indicate a different type of
polarization than when both dimensions increase simultaneously. With respect to
electoral data, dispersion might be observed in how voting patterns are distributed across
precincts—some counties might show a smooth gradient from liberal to conservative
areas, while others might display sharp clustering at the extremes. Coverage could be
measured by examining the presence of significant third-party voting or independent
candidates across different precincts, indicating the degree to which non-mainstream
political positions are represented in the electorate. Increased “polarization” in each of
these measures would likely feel qualitatively different, and separating the measures
allows for a more accurate characterization of the level and type of political division in
the data.

The next three dimensions—regionalization, community fracturing, and
distinctness—focus on the formation and boundaries of opinion groups. Regionalization
captures the clustering of attitudes in distinct regions of the opinion space, focusing on
the number of gaps or empty regions between held positions (Bramson et al., 2016). This
dimension helps identify whether attitudes form distinct clusters with clear separations

between them. Higher regionalization suggests greater polarization by indicating that
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certain positions between held attitudes remain unoccupied, potentially representing
ideological or social barriers between groups. Relatedly, community fracturing measures
the degree to which the population can be divided into distinct subgroups based on their
attitudes (Bramson et al., 2016). It focuses on the number of identifiable clusters or
communities within the attitude distribution, with more distinct groups indicating greater
polarization. Unlike regionalization, which looks at empty spaces, community fracturing
examines the formation of distinct opinion clusters, providing insight into how society
may be dividing into separate ideological communities.

In electoral terms, regionalization might be most visible as geographic clustering
of similar voting patterns, such as when certain neighborhoods consistently vote as a
bloc. For example, fine-grained voting data might reveal how university towns, suburban
areas, or rural regions form distinct voting clusters. Complimenting the electoral data,
digital social network data could help determine whether these political clusters also align
with patterns of social connection. For example, recent work by Chen and Racz (2020)
demonstrates how digital communication technologies can either reinforce or disrupt
opinion clusters in a population. Thus, it would be important to account for social
connections when measuring polarization as a type of regionalization.

Relatedly, community fracturing and distinctness can also capture useful aspects
of group boundary formation. With the proper electoral data, community fracturing might
be visible when a previously unified voting bloc splits into multiple distinct groups—for
instance, when traditionally Republican suburban areas begin showing different voting
patterns from other historically similar areas. Distinctness would be evident in the clarity

of the divisions between voter preferences: some counties might receive votes for mostly
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Democratic and Republican parties in each precinct, while others might show a
preference for parties that represent definitionally different policy platforms like the Tea
Party, the Green Party, the Working Families Party, and other independent parties.

The final three dimensions—qgroup divergence, group consensus, and size
parity—address crucial questions about group dynamics. Group divergence measures the
distance between group positions, focusing on how far apart different attitude clusters are
from each other (Bramson et al., 2016). It captures the magnitude of differences between
groups, with greater distances indicating higher polarization. Unlike distinctness, which
examines boundary clarity, divergence focuses on the absolute distance between group
positions, helping identify whether ideological or social gaps between groups are
widening or narrowing. Group consensus examines the degree of internal cohesion within
groups, measuring how tightly clustered attitudes are within identified subpopulations
(Bramson et al., 2016). Higher group consensus indicates greater polarization by
suggesting that groups have become more internally unified while maintaining
differences between groups. This dimension helps understand whether groups are
becoming more ideologically homogeneous and whether internal diversity of opinion is
being reduced. Finally, size parity considers the relative sizes of different groups
(Bramson et al., 2016). This dimension suggests that polarization is greater when
opposing groups are of similar size, rather than when one group dominates the
distribution. Size parity may help illuminate the potential for protracted social or political
conflict by identifying whether opposing viewpoints have similar levels of support within

the population.
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Using electoral data, group divergence might be measured by examining how the
preferences of voters in a county have grown apart over time, as expressed through
higher concentrations of partisan voting patterns. Group consensus could be observed in
the consistency of voting patterns within identified political clusters—for instance,
whether Democratic-leaning precincts show uniform or variable levels of support. Size
parity would be evident in the relative balance between political groups, such as whether
a county has roughly equal numbers of Democratic and Republican voters or is
dominated by one party.

The interaction between these dimensions may reveal patterns that more
ambiguous measures of polarization would miss. For example, a single county might
show increasing partisan divergence, while size parity at the state and national levels
remains unchanged, suggesting different forms of polarization operating at different
political scales. Considering the social dimension, the data might reveal that some
politically divided counties maintain strong social connections across party lines, while
others show alignment between political and social divisions.

These patterns have important implications for understanding how to strengthen
social cohesion and democratic institutions in polarized societies. For instance, a county
with high a distinctness measure but strong cross-cutting social ties might be more
amenable to bridge-building initiatives than one showing both high political and social
separation between groups. In the same vein, areas with high group consensus but low
size parity (i.e., a county with a large and consolidated Democratic majority and a small
Republican minority) might require different approaches to bridge-building than an area

with low consensus and high size parity (i.e., a county with a fragmented Republican
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majority and a large Democratic minority). Understanding these different configurations
is critical for developing effective strategies to address political division.

Essentially, this multi-dimensional approach makes it possible to identify subtle
forms of political division that might otherwise go unnoticed. For instance, a state might
show little change in overall Democratic versus Republican vote shares while
experiencing significant shifts in how those voters are geographically distributed or
socially connected. Alternatively, a county might show stable voting patterns but
increasing social segregation (as measured by social connection data), while another
might display growing political divisions despite maintaining strong social connections.
These patterns could help identify early warning signs of deepening polarization before
they impact social cohesion or the long-term health of democratic institutions. By
combining electoral data with social connection metrics, it becomes possible to build a
more complete picture of how political divisions manifest and evolve in different

contexts.

Differentiation from Fractionalization and Diversity

In reviewing the conceptual links between the social and political aspects of
polarization, it is difficult to avoid encountering mentions of fractionalization and
diversity. Fractionalization and diversity are both related to polarization but are different
in important ways. Fractionalization is often portrayed as undesirable and describes the
degree of fragmentation within a society, characterized by the presence of numerous
distinct groups based on attributes such as ethnicity, religion, or ideology (Bjgrnskov,
2008). High fractionalization indicates a fragmented societal structure with multiple

small groups, each harboring unique identities and interests. This fragmentation can
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significantly impact political behaviors, policy preferences, and the overall stability of
political systems (Bjgrnskov, 2008). For instance, Stanig (2011) mentions that societies
with high fractionalization may experience increased intergroup tensions due to the
competition among different groups for representation and resources. Such an
environment can complicate consensus-building efforts and exacerbate political divides,
thereby influencing the trajectory of policy-making and governance (Stanig, 2011).

In contrast, diversity is often portrayed as desirable, and encompasses the variety
of differences within a population, including race, ethnicity, gender, socioeconomic
status, and cultural backgrounds. Unlike fractionalization, which focuses on the presence
and size of distinct groups and the level of competition between them, diversity
highlights the coexistence of multiple attributes within the population without inherently
implying conflict or division (Dincer, 2011; Sobkowicz, 2023). Sobkowicz (2023) posits
that diversity, when effectively managed, can enrich societal interactions by fostering a
range of perspectives and innovative solutions. This enrichment, however, is contingent
upon the implementation of practices that promote mutual understanding and
collaboration among varied groups. Without such mechanisms, diversity can transform
into a source of tension, potentially contributing to social fragmentation and polarization
(Sobkowicz, 2023).

The distinction between fractionalization and diversity becomes more pronounced
when examined in the context of their relationship with polarization. Fractionalization
serves as a potential precursor to polarization by creating a more segmented society
where intergroup conflicts become more likely (Stanig, 2011). High fractionalization can

lead to a proliferation of distinct group identities, each advocating for its own interests,
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thereby heightening the risk of ideological clashes and reducing the likelihood of
consensus (Stanig, 2011). In contrast, diversity can either mitigate or exacerbate
polarization depending on how differences are managed (Sobkowicz, 2023).

Mutz (2002) introduces an additional layer to this discourse by highlighting the
role of intersectionality and cross-cutting social networks—where individuals belong to
multiple groups—in mitigating polarization. At their best, cross-cutting ties can bridge
separate groups, fostering broader alliances and enhancing collective resilience against
polarization. Importantly, this perspective suggests that the mere presence of diversity or
fractionalization does not unilaterally lead to polarization. Rather, the nature of social
structures and the quality of intergroup interactions play pivotal roles in determining
polarization outcomes (Mutz, 2002).

In summary, fractionalization and diversity are essential yet distinct constructs
that shape the contours of political polarization. Fractionalization emphasizes the
fragmentation of society into distinct groups, potentially heightening intergroup tensions
and ideological divides. Diversity refers to a broad range of societal differences and can
either enrich social interactions or contribute to polarization, contingent upon the
presence of inclusive practices and effective management. Both may contribute to
polarization, but they are distinct in their definitional focus and potential impacts.
Nevertheless, understanding these distinctions is helpful for accurately assessing their

influence on polarization dynamics.

Conceptual Foundations of Social Connection
Having examined the conceptual measures of polarization, | now turn to

examining how social connections mediate and influence polarization. Social connection
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density represents a fundamental metric for understanding the structure and intensity of
social relationships within and across communities. This concept encompasses both the
quantitative aspects of social network formation and the qualitative characteristics of
these connections across different geographic scales. At its core, social connection
density provides a framework for analyzing how social relationships influence both
political polarization and trust formation.

Network density measures form the quantitative backbone of social connection
analysis. These measures capture not only the frequency of social interactions but also the
strength and distribution patterns of social ties across communities (Mittereder et al.,
2021). The strength of these connections can vary significantly, from weak ties that
facilitate information flow across diverse groups (Granovetter, 1973) to strong bonds that
reinforce existing social structures and community cohesion (Granovetter, 1985; Easley
& Kleinberg, 2010). This variation in tie strength plays a critical role in understanding
how social networks influence both polarization dynamics and trust formation.

The geographic dimension of social connection density adds another critical layer
to this framework. Local community structures serve as the foundation for social
interaction patterns, while regional and cross-regional connections create broader
networks that influence political and social dynamics at larger scales (Interian et al.,
2023). These multi-scale connection patterns are particularly relevant given the central
role that online social networks play in contemporary society, which can also make it
possible to trace social connection patterns across different geographic scales.

Importantly, the interaction between social connection density and geographic

space may create feedback loops that influence both polarization and trust. Dense local
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networks can either reinforce existing political divisions through echo chamber effects
(Baumann et al., 2020) or facilitate cross-partisan dialogue (Heatherly et al., 2016;
Levendusky & Stecula, 2021) depending on the composition of the underlying social
connections. Analysis of spatial network patterns also demonstrates that physical distance
continues to play a central role in social connection formation, despite technological
advances. As Onnela et al. (2011) show, distance-based connection decay remains a
fundamental feature of social networks, with the strength of social ties generally
decreasing as geographic distance increases. This spatial dimension of social networks
has important implications for how polarization develops and spreads across geographic
areas.

Community structure effects represent another relevant mechanism through which
geography shapes social networks and polarization. Research by Mittereder et al. (2021)
demonstrates that local network density patterns vary significantly across different
geographic contexts, creating distinct opportunities and constraints for trust development.
These patterns are particularly important in understanding how polarization can become
geographically entrenched, with some communities developing high levels of internal
cohesion but limited external connections.

Finally, the formation of cross-community bridges plays a vital role in mitigating
geographic polarization. Foster et al. (2017) find that spatial trust gradients—the
variation in trust levels across geographic distance—are significantly influenced by the
presence of these bridging connections. These findings suggest that promoting cross-
regional ties may be important for preventing the geographic entrenchment of

polarization. At the very least, this complexity underscores the importance of examining
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social connection density through multiple analytical lenses, from local community

structures to national-level network properties.

Conceptual Foundations of Social Trust

Building on this understanding of polarization and social connection patterns, it
becomes possible to examine the role of social trust in mediating these relationships.
Social trust works across multiple interconnected dimensions, each operating at different
scales of social interaction and institutional engagement. Understanding these distinct but
related levels of trust is foundational for analyzing their relationship with political
polarization and social connection patterns.

Interpersonal trust forms the foundation of social cohesion and operates through
multiple channels of social interaction. This dimension encompasses trust in known
individuals within immediate social circles, as well as generalized trust in strangers and
across group boundaries (Thielmann & Hilbig, 2015). The strength and nature of
interpersonal trust can vary significantly across different community contexts,
influencing both local social dynamics and broader patterns of civic engagement.

Moving beyond individual relationships, institutional trust represents a broader
dimension that extends beyond interpersonal relationships to encompass confidence in
social systems and governance structures. This form of trust operates at multiple scales,
from local institutions to national governmental bodies, and plays a crucial role in
maintaining democratic stability (Lee, 2022). The relationship between institutional trust
and political polarization is particularly significant, as declining trust in democratic
institutions often correlates with increasing political division (Jones, 2015; Brady &

Kent, 2022).

20



Though difficult to measure directly, it is worth considering that the linkage
between these two forms of trust may further influence both social cohesion and political
dynamics. Strong interpersonal trust within communities might either reinforce or
mitigate the effects of declining institutional trust, depending on the nature of local social

networks and political discourse.

Crafting a Theoretical Framework
Having established the core concepts and dimensions of polarization, social
connection, and trust, I now turn to developing a unified framework to help hypothesize

how these elements interact across different scales and contexts.

Multi-Level Dynamics

The complex relationship between polarization, social connection, and trust
necessitates a theoretical framework capable of integrating multiple levels of analysis.
This multi-level approach makes it possible to conceptualize how individual behaviors
and attitudes aggregate to create community-level patterns, which in turn influence
broader regional and national dynamics.

At the individual level, personal trust dispositions and political attitudes form the
foundation of larger social patterns. Individual characteristics, including political beliefs
and social connection preferences, shape how people engage with their communities and
make geographic mobility choices (Jokela, 2021). Thus, the individual level forms the
basis for understanding how personal experiences and attitudes contribute to broader

patterns of polarization and trust.
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Community-level dynamics emerge from the aggregation of individual behaviors
and social interactions. Local network structures and community trust patterns create
distinct social environments that influence both individual behavior and broader social
outcomes. The formation of social capital at this level plays a crucial role in mediating
between individual attitudes and larger-scale social phenomena (Friedkin, 2004). This is
particularly relevant when analyzing how community-level social connection patterns,
like those captured by the Facebook Social Capital Atlas (Chetty et al., 2022), relate to
local measures of polarization, trust, and social capital.

At the regional and national levels, macro trends in polarization and trust emerge
from the interaction of multiple community-level processes. These broader patterns,
including large-scale network structures and institutional trust dynamics, create feedback
loops that in turn influence both community and individual-level processes (Hooghe &
Oser, 2017). The geographic dimension of polarization becomes particularly salient at
this level, as spatial patterns of political preference and social connection create distinct
regional characteristics that influence social and political outcomes, and news media
commonly report election results at this level.

The emergence of macro-level patterns from micro-level interactions reveals
important insights about how polarization and trust operate at a societal scale. Research
shows that collective trust formation follows distinct patterns that should not be reduced
to individual-level processes alone (Fulmer & Gelfand, 2012). As Franken & Pilditch
(2021) demonstrate, even simple information cascades across networks can be sufficient
to produce echo chambers and polarization, without requiring cognitive psychological

explanations or repeated interactions.
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System-level properties emerge through complex interactions between individual
behaviors and social structures. Macro-level polarization manifests through multiple
mechanisms that shape both individual attitudes and group dynamics. As Lo and Zhang
(2022) demonstrate, collective intelligence can emerge as a property of evolutionary
processes, but this same process can also lead to collective ignorance and polarization
under certain environmental conditions. The development of social capital follows
similar emergent patterns, where individual trust relationships aggregate into broader
social structures that influence both group cohesion and political attitudes (Bramson et
al., 2017). In this sense, an analytical framework that seeks to capture polarization
dynamics should be careful to consider the possibility that factors that seem to promote
polarization at one level may have different impacts at other levels.

Therefore, cross-scale effects may represent an important dimension of emergent
polarization patterns. Bottom-up influence processes allow individual attitudes and
behaviors to aggregate into larger social patterns, while top-down constraint effects create
boundaries that shape how individuals interact within the system (Bramson et al., 2017).
For example, in US politics there are two major political parties with the organizational
infrastructure to mount national election campaigns from the top down. This shapes the
choices many Americans have when voting, but smaller parties and grassroots
movements have also had newsworthy moments of popularity in the past, arguably
influencing the outcome of several recent elections. These multi-level feedback loops
create complex dynamics where changes at one scale can cascade through the system,
potentially amplifying polarization effects. In another example, research by Giese et al.

(2023) shows how the positioning of conflicting opinions in loosely connected
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neighborhoods can be particularly susceptible to polarization, highlighting the importance
of network structure in shaping how emergent polarization patterns move from a
localized outbreak to a network-wide phenomenon.

On a similar note, the interaction between individual choices and system-level
constraints creates distinct patterns of polarization emergence. As demonstrated by Lo
and Zhang (2022), the combination of negative feedback loops and path dependence can
further exacerbate polarization over time. These findings suggest that addressing
polarization requires understanding both micro-level behaviors and the broader social
structures that shape how those behaviors aggregate into collective outcomes.
Furthermore, the emergence of polarization patterns is particularly sensitive to initial
conditions and network structures, with research showing that small changes in these
factors can lead to significantly different outcomes in terms of both the speed and extent
of polarization development (Giese et al., 2023). In essence, a wide range of research
demonstrates that multi-level frameworks are extremely useful for understanding
polarization patterns and the mechanisms that shape them.

Similarly, structural effects also play a fundamental role in shaping trust
formation and maintenance within social networks. Network density, cross-cutting ties,
and clustering patterns create distinct social environments that influence how trust
develops and spreads through communities (Baumann et al., 2020). The presence and
strength of bridge-building processes between different social groups are particularly
important for understanding how network structures can either mitigate or exacerbate

polarization. This structural dimension becomes especially relevant in the context of
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contemporary online social connections, which can span across traditional geographic
boundaries.

Research shows that social media platforms can amplify polarization by creating
echo chambers and filter bubbles where individuals are primarily exposed to like-minded
views (Tucker et al., 2018). These digital environments can reduce exposure to diverse
perspectives and reinforce existing beliefs, leading to increased ideological and affective
polarization (Franken & Pilditch, 2021) due to the way information flows through the
network. These information flow dynamics operate through several interconnected
processes that shape opinion formation and maintenance. Selective exposure patterns,
where individuals preferentially consume information that aligns with their existing
beliefs, combine with content sharing behaviors to create self-reinforcing cycles of
opinion confirmation (Franken & Pilditch, 2021). The rate of cross-cutting exposure—
instances where individuals encounter information that challenges their existing beliefs—
plays a crucial role in determining whether echo chambers strengthen or weaken over
time.

Community structure effects further reinforce echo chamber dynamics through
multiple social psychological mechanisms. The formation of strong group boundaries
often leads to increased identity reinforcement, where homogeneous shared beliefs and
attitudes become central to group membership (Cohen, 2003). Social validation processes
within these communities provide continuous reinforcement of shared perspectives, while
opinion crystallization occurs as individuals become more firmly committed to positions

that align with their group's consensus. These processes may create feedback loops that
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can accelerate polarization, particularly when combined with limited exposure to diverse
viewpoints (Baldassarri & Bearman, 2007).

In addition to impacting echo chamber formation, the structural attributes of
networks like homophily also influence trust formation. In highly segregated networks
where individuals primarily interact with others who share similar characteristics and
beliefs (i.e., networks with high homophily), generalized trust tends to be lower (Dincer,
2011). This aligns with what the literature calls the "conflict hypothesis", which suggests
that as people live in more segregated societies, they tend to trust their own group more
while trusting other groups less (Dincer, 2011).

Social media dynamics can further erode trust by amplifying misinformation and
disinformation. As Tucker et al. (2018) demonstrate, social media platforms can be
weaponized to spread false or misleading information, which can increase political
polarization and reduce trust in institutions and outgroups (Ognyanova et al., 2020). The
automated spread of polarizing content through bots and algorithmic content curation can
accelerate these negative effects (Shao et al., 2018).

However, research also points to a competing "contact hypothesis™: when people
have meaningful interactions across group boundaries, it can increase intergroup trust
(Dincer, 2011). This suggests that network structures that facilitate positive intergroup
contact, rather than segregation and polarization, may help build social trust. The key
challenge is that current social media architectures often work against this by optimizing
for engagement through controversial and polarizing content (Tucker et al., 2018).

Critically, trust formation processes operate through several key mechanisms that

interact with network structures. Social learning mechanisms allow individuals to
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develop trust based on direct and indirect experiences within their networks (Depping et
al., 2016), while reputation effects and reciprocity dynamics create feedback loops that
reinforce or undermine trust patterns (Yan, 2023). Identity-based trust, which emerges
from shared group memberships and social categories, plays a crucial role in shaping how
individuals relate to others within and across different social groups (Tanis & Postmes,
2005). These processes are particularly important for understanding how trust patterns
develop in increasingly polarized social contexts.

Geographic network properties add another dimension to understanding how
social connections influence political and social dynamics. Spatial interaction patterns
reveal how physical proximity continues to shape social network formation despite
technological advances in communication (Liu et al., 2019). Community boundary
effects create distinct patterns of social interaction that often align with geographic and
political boundaries (Hipp & Perrin, 2009), while regional connection structures
influence how information and attitudes spread across larger geographic areas (Toole et
al., 2012). The strength of cross-area ties may play a particularly important role in
determining whether geographic communities remain isolated or develop meaningful
connections that can bridge political and social divides. For instance, strong network ties
can reinforce existing trust patterns within groups while potentially limiting trust
development across group boundaries (Tortoriello et al., 2011). Conversely, weak ties
and bridge connections can facilitate the spread of diverse information across different
social groups, potentially mitigating the effects of polarization (Min & Wohn, 2020).
Understanding these dynamics enables a fuller analysis of how social connection patterns

influence trust and polarization at different geographic scales.
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Socioeconomic and Demographic Mechanisms

Research also shows that demographic composition significantly affects the
relationship between polarization and trust. Ethnic diversity, in particular, has complex
effects on social trust. As Dincer (2011) demonstrates, there is a U-shaped relationship
between ethnic fractionalization and trust: both very homogeneous and very
heterogeneous societies tend to have higher trust levels than those with moderate
diversity. This suggests that the challenges to trust formation are greatest during
transitions in demographic composition rather than in stable diverse or homogeneous
states. According to Dincer (2011), the "conflict hypothesis™ suggests that diversity
initially reduces trust as people tend to associate with and trust those similar to
themselves. However, the "contact hypothesis” suggests that meaningful intergroup
contact can eventually build trust in diverse societies, helping explain the U-shaped
relationship.

Socioeconomic factors also play a role. Income inequality and economic
polarization may reinforce social divisions and reduce generalized trust (Fairbrother &
Martin, 2012; Stephany, 2016). Research indicates that societies with high levels of
economic inequality tend to have lower levels of social trust, as economic disparities
create social distance between groups and reduce perceptions of shared fate (Dincer,
2011). This effect is particularly strong when economic divisions align with other social
cleavages like ethnicity or partisan identity.

The intersection of demographic and socioeconomic factors can create
particularly challenging conditions for trust. When ethnic or racial divisions coincide

with economic inequalities, it can create deep social cleavages that are especially
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damaging to social cohesion (Taylor & Foster, 2014). This suggests that understanding
both demographic segregation and economic inequality may be necessary for building
and maintaining social trust in diverse societies. As Kaltenthaler & Miller (2012) show,
demographic group alignment can create reinforcing patterns of social division when
political and demographic identities overlap. This alignment often leads to cross-identity
polarization, where differences between demographic groups become increasingly
politicized and contentious. The relative strength of these mechanisms depends on factors
like residential segregation patterns, economic inequality between groups, and the
presence of bridging institutions that facilitate meaningful cross-group interaction
(Dincer, 2011).

Network analysis reveals how these demographic divisions translate to social
connection patterns. According to Windzio (2020), demographic clustering in social
networks often reflects and reinforces existing social boundaries, creating distinct
patterns of in-group and out-group trust. However, the research also identifies
opportunities for bridge-building processes when institutional and social conditions
support meaningful cross-group interaction. These bridging connections play a central
role in maintaining social cohesion despite demographic differences (Interian et al.,
2023).

The strength of group boundaries and their impact on polarization varies
significantly across different demographic characteristics and contexts. Research shows
that some demographic divisions are more resistant to bridge-building efforts than others,
particularly when they align with existing economic or political cleavages (McMurtrie et

al., 2024). Understanding these varying boundary strengths and their relationships to
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polarization is crucial for developing effective interventions to promote social cohesion

in diverse societies.

The Role of Education

Prior research that leverages census data has revealed several education-related
mechanisms that may influence polarization and trust formation. College education, in
particular, has emerged as a significant factor in polarization patterns, with growing
educational sorting contributing to both ideological and geographic divisions (Boxell,
2020). Higher educational attainment often correlates with distinct patterns of
knowledge-based trust development and enhanced information processing capabilities,
potentially influencing how individuals engage with political information and form social
connections (Abramowitz & Saunders, 2006).

Relatedly, educational attainment has become increasingly correlated with
political preferences, creating what scholars call a “diploma democracy” (Wille &
Bovens, 2017). Higher education is associated with more positive attitudes toward
globalization and international cooperation, while lower educational attainment often
correlates with more nationalist views. Importantly, these educational divides,
particularly around topics of immigration, globalization, and nationalism, appear to
heavily influence contemporary politics (Ollroge, 2023).

Additionally, the intersection of education, class, and social capital can also
impact polarization dynamics. For example, communities with more diverse educational
and class compositions tend to generate more bridging social capital, which can help
moderate political divisions (Campbell, 2024). However, because affective polarization is

rooted in social identity, overcoming negativity toward out-partisans may require more
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than “weak ties” or loose connections within an open network (Campbell, 2024). In other
words, limited or infrequent exposure to out-group members may risk encouraging the
“conflict hypothesis™ rather than fostering greater understanding and deeper social
connection.

Essentially, the impact of educational environments extends beyond individual
attainment to shape broader social dynamics. School district segregation effects create
distinct patterns of social capital formation and cross-group contact opportunities that can
persist well into adulthood (Kaplan et al., 2022). The distribution of educational
resources across communities influences not only academic outcomes but also the
development of social networks and trust relationships. In summary, while these
educational environments can shape early social connections and political attitudes that
influence polarization patterns throughout life, they can also shape social networks and

geographic sorting patterns, which in turn influence polarization dynamics.

The Role of Economics

The relationship between economic factors and polarization is also evident in the
literature. For example, income-based effects operate through multiple channels to
influence both social connection patterns and political attitudes. Research shows that as
income disparities widen, they create divergent political preferences and policy priorities
between socioeconomic groups (Stanig, 2011). According to conventional political
economy wisdom, when income is distributed unevenly, voters in the lower part of the
income distribution tend to support high levels of redistribution, while voters in the upper
part strongly oppose redistribution and support parties that propose retrenchment of the

welfare state (Stanig, 2011).
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However, economic inequality impacts also extend beyond simple resource
disparities to shape patterns of social interaction and trust development. Class-based
social connection patterns often reflect and reinforce these economic divisions, while
economic mobility opportunities can either mitigate or exacerbate polarization depending
on their distribution and accessibility (Kim et al., 2021). Furthermore, studies
demonstrate that areas with higher levels of economic inequality tend to have lower
levels of generalized social trust, as economic stratification creates social distance
between groups and reduces perceptions of shared fate (Uslaner, 2016). When resources
are distributed more unequally, people are less likely to perceive a common stake with
others, making it more difficult for citizens to bridge political differences and find
common ground on contentious policy issues (Uslaner, 2016). Essentially, the effects of
income inequality on political polarization are amplified by declining social trust.

Finally, the geography of economic opportunity adds another dimension to
understanding polarization mechanisms. Regional economic disparities create patterns of
advantage and disadvantage that can fuel political divisions (Ollroge, 2023). Labor
market structures and industry concentration patterns influence not only economic
outcomes but also social connection opportunities across geographic areas. The
distribution of economic opportunities across regions thus plays a likely role in shaping
both migration patterns and political attitudes, potentially reinforcing or mitigating
existing polarization trends.

As neighborhoods and communities become more economically homogeneous,
opportunities for cross-class interaction and relationship building diminish (Campbell,

2024). This spatial segregation by income level reduces exposure to diverse viewpoints
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and experiences, while strengthening ingroup identities and outgroup animosity along
both economic and partisan lines (Campbell, 2024). Even when people are not
intentionally forming friendships based on their political leanings, they may nevertheless
end up with a politically homogeneous friend group simply because they enjoy spending
time with people who share common interests or have similar backgrounds (Campbell,
2024). This can have consequences for polarization and social trust. Specifically, recent
research has identified that communities with fewer connections between people of
different socioeconomic statuses show higher levels of affective polarization (Campbell,
2024). When people lack regular interaction with those of different economic
backgrounds, they are more likely to develop negative stereotypes and attitudes about
outgroups, including those with different political affiliations (Campbell, 2024). This is
important because homophily can foster hostility toward those outside one’s network. In
essence, it is easier for someone to assume the worst about a stranger from a different
political party when they believe they have nothing in common (Levendusky, 2023).

Furthermore, higher inequality reduces optimism about the future, particularly
among those at the bottom of the income distribution (Kang & Park, 2024). This
undermines the sense of shared fate that typically helps bridge social and political divides
(Zagefka, 2021). In particularly unequal societies, inequality can lead to higher ingroup
bias, where people tend mistrust outgroup members more than ingroup members
(Uslaner, 2016).

Finally, growing income inequality at the county level has increased significantly
in recent decades, correlating with increased political polarization (Fiorina & Abrams,

2008). While these economic differences are readily measurable, their relationship to
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political preferences requires careful analysis of how closely social characteristics

correlate with political positions (Fiorina & Abrams, 2008).

The Role of Age and Generational Differences

The exact role that generational differences play in influencing polarization is
somewhat mixed in the literature. Some analyses suggest different generations have
differing political views (Pew Research Center, 2018). Other research suggests political
preferences run in families. However, while intergenerational transmission of political
attitudes and social trust can occur through family networks (Aggeborn & Nyman, 2020),
research shows that the role of family influence on political participation and civic

engagement is largely mediated though other factors (Quintelier, 2014).

An Integrated Framework

In summary, the reviewed research shows how the integration of multiple datasets
often reveals complex interactions between different social categories that influence
polarization and trust formation. Socioeconomic-demographic intersections create
distinct patterns of social connection and political attitude formation. Geographic-
economic interactions represent another intersectional mechanism shaping polarization
dynamics. The intersection of public policy and patterns of inequality create distinct
geographic concentrations of advantage and disadvantage that can influence political
polarization and further reinforce political divisions (McCarty et al., 2008).

Economic clustering effects influence both residential choices and social
connection opportunities, while resource distribution impacts create varying capacities

for civic engagement and trust development across communities. Opportunity hoarding
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dynamics can emerge from these geographic-economic intersections, potentially
exacerbating existing polarization trends.

The integrated theoretical framework synthesizes multiple strands of research on
polarization, social trust, and connection patterns, with particular attention to how these
phenomena interact across geographic scales. Drawing on the reviewed literature and
empirical evidence, | identify several key mechanisms through which polarization and
social trust interact in ways that can be measured using public datasets.

First, trust-connection spirals represent self-reinforcing cycles where increased
trust may lead to more diverse social connections, which in turn further enhance trust (as
in Hansen, 2016). These spirals may operate through multiple channels, including direct
interpersonal interactions and institutional trust development (Thielmann & Hilbig,
2015). Recent research has demonstrated how these feedback loops can create either
virtuous or vicious cycles, depending on initial conditions and environmental factors
(Baumann et al., 2020). The availability of comprehensive social connection data through
platforms like Facebook's Social Capital Atlas (Chetty et al., 2022) and Social
Connectedness Index (Meta, 2025) provides unprecedented opportunities to examine
these dynamics at scale.

Additionally, cross-domain feedback loops create reinforcing patterns where
economic inequality leads to social division, which in turn makes it harder to address
economic disparities (Fairbrother & Martin, 2012). These feedback mechanisms operate
through multiple channels, including resource distribution effects (Stanig, 2011), status

hierarchy impacts (Windzio, 2020), and institutional trust erosion (Lee, 2022). The
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availability of detailed census economic data alongside social connection metrics enables
investigation of these complex relationships.

At the local level, the framework examines how personal political preferences,
socioeconomic context, and social connections influence polarization. Research also
shows that partisan identity increasingly mediates trust formation, as demonstrated by
Abramowitz & Saunders (2006), creating a window into trust and polarization patterns
visible in county-level voting data and demographic data.

At broader geographic scales, the theoretical framework suggests that aggregate
patterns of polarization and trust emerge from local interactions, while also considering
the potential for macro-level system dynamics to shape local-level choices as well. This
multi-scale approach makes it possible to examine how individual behaviors and
community-level patterns aggregate to influence broader regional and national dynamics,
while simultaneously considering how larger-scale factors constrain and shape local
processes (Bramson et al., 2017).

The integrated framework suggests several important considerations for empirical
analysis. Following Bramson et al.'s (2016) comprehensive framework, it is important to
capture precise measures of polarization at multiple geographic scales, including spread,
dispersion, divergence, group distinctness, and size parity.

Finally, the complicated relationships between trust, social connection, and
polarization necessitate careful data triangulation across multiple sources. This involves
comparing variables of interest across national and local levels, integrating information
from various datasets, and accounting for the specific measurement limitations inherent

in each data source. This will help ensure robust analysis of the relationships between
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polarization, trust, and social connection patterns across different geographic scales and

temporal dimensions.

Research Questions
Therefore, my research question is thus: How do patterns of social connection and
social capital influence the relationship between political polarization and social trust in
the United States, and to what extent are these relationships moderated by demographic,
economic, and spatial factors? | further break this question down into the following
research sub-questions:
e RQ1: How do patterns of within-county social connection density correlate with
measurable indicators of political polarization?
e RQ2: To what extent do cross-county social connections predict political
polarization measures for each county?
e RQ3: How do economic, geographic, and demographic factors moderate the
relationship between social connection patterns and political polarization at the
county level?

e RQ4: How does political polarization influence social trust over time?
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Chapter I1.

Methods

This study employs a multi-scale quantitative analysis approach to examine how
patterns of social connection influence political polarization across geographic scales in
the United States. My methodology combines county-level and national datasets to
analyze both static patterns and temporal dynamics and employs control variables to

address common confounding factors identified in previous research.

Connecting the Research Questions with Methods

For intra-county social connection density (RQ1), | examine how connection
patterns within counties influence local polarization measures. | calculate five distinct
polarization dimensions for each county: spread (the range between maximum
Democratic and minimum Democratic precinct-level vote shares), dispersion (standard
deviation of Democratic and Republican vote shares across precincts), divergence
(bimodality coefficient of precinct-level two-party vote shares), group distinctness
(proportion of non-two-party votes), and size parity (ratio of smaller to larger party vote
totals). For each of these measures, | construct a regression that includes each county’s
Support Ratio (a measure of county-level connection density and social capital) (Chetty
et al., 2022), demographic and economic variables from the Census ACS data (U.S.

Census Bureau, 2025) and fixed effects for each state.
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For cross-county effects (RQ2), | analyze how inter-county social connections
influence each polarization measure. For each polarization measure, | create a model that
weights the county-level polarization measures using Meta's Social Connectedness Index
values (Meta, 2025) between county pairs, making it possible to examine how connection
strength between counties relates to their respective polarization levels. This analysis also
leverages demographic and economic variables from Census ACS data (U.S. Census
Bureau, 2025) to control for broader demographic and geographic patterns, and includes
a variable that accounts for the geographic distance between the counties in each pairing.

The examination of economic, demographic, and geographic moderators (RQ3)
expands on the previous questions to span multiple time points (2016-2020). | therefore
calculate county-level polarization dimensions for each presidential election cycle and
analyze their relationship with specific socioeconomic factors: Gini coefficient (0-1
scale), unemployment rate (%), median household income (2020 dollars), educational
attainment level, education diversity index, racial diversity index, and population density
(people per square mile) for each county. I also control for state-level fixed effects.

Finally, to examine the relationship between political polarization and social trust
(RQ4), I aggregate county-level polarization measures to create national-level indicators.
| then compare these with national measures of social trust from the Gallup Confidence in
Institutions surveys from 2016 and 2020 (Gallup, 2024) and with national-level

demographic and economic variables.

Overview of Data Sources, Measures, and Models
The analysis integrates four primary data sources. Political data comes from the

MIT Election Lab (MIT Election Data and Science Lab, 2018; MIT Election Data and
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Science Lab, 2022), providing precinct and county-level presidential election results for
2016 and 2020. These include two-party vote shares, third-party votes, and total votes
cast. Where available, precinct-level data provides additional granularity, including
turnout rates and total registered voters.

Social connection data derives from two Meta sources: the 2018 Social Capital
Atlas (Chetty et al., 2022) and the Social Connectedness Index (Meta, 2025). The Atlas
provides county-level connection density per capita and relative connection strength
between counties, while the Social Connectedness Index offers normalized county-to-
county social connection probabilities.

Demographic and economic data come from Census ACS 5-year estimates (2016-
2020) (U.S. Census Bureau, 2025), providing local measures of economic conditions
(Gini coefficient, median household income, unemployment rate), demographic
composition (education, racial diversity), and geographic characteristics (population
density). Geographic framework data from Census TIGER/Line files provides county
adjacency matrices, centroid coordinates, and boundary information (U.S. Census
Bureau, 2025).

Social trust data comes from the Gallup Confidence in Institutions surveys,
providing national-level measures of social trust in a variety of national institutions like
the presidency, congress, and civil society organizations for each presidential election
year (Gallup, 2024).

Leveraging this data, the polarization analyses operate at multiple geographic

scales, calculating specific measures for each polarization dimension based on voting
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data. To capture temporal dynamics, | also calculate the change in each polarization score
between 2016 and 2020 for each county.

To conduct the overall analysis, I implement a descriptive analysis of national
data and three classes of regression models for county-level data. Each model class is run
five times, each time with a different polarization metric as the dependent variable. This
way, it is possible to calculate the impact of the independent variables on each measure of

polarization independently.

Analyses

Analysis 1: Cross-Sectional County Analysis (2020)
The models for Analysis 1 examine the cross-sectional relationship between
social connections and political polarization at the county level for the year 2020. For

each polarization measure, | estimate:

Y, =By + B1SR; + B2 IH(MI%') + B3BP;+
BsSDlIedu; + BsU; + BgGini; + BrSDIrace;+
50
BsIn(PD;) + Y a,State, + €

s=1

where for county (i) the independent variables are:

SRi: Support ratio

e In(MlI;): Log median household income

e BPi: Percentage of people with bachelor's degree or higher
e SDledui: Education diversity index

e Ui: Unemployment rate
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e Ginii: Gini coefficient
e SDlracei: Racial/ethnic diversity index
e In(PDi): Log population density
e States: State indicator variables
e ¢ Errorterm
and the dependent variable Yi represents one of the five polarization measures:
e Spreadi
e Dispersioni
e Divergence;
e GroupDistinctnessi
e SizeParityi
Each regression is estimated using ordinary least squares (OLS) with
heteroskedasticity-robust standard errors (HC3). State fixed effects are implemented
through a full set of state indicator variables, with one state omitted as the reference

category.

Analysis 2: Panel Analysis of County-Level Changes (2016-2020)

The models for Analysis 2 analyze how changes in social connection patterns
relate to changes in polarization measures between 2016 and 2020. For each polarization
measure, | estimate:

AY; =By + B1SR; + B2Aln(MI;) + 3 ABP;+
BsASDIedu; + BsAU; + BsAGini;+
50

BrASDIrace; + BsYi 2016 + Z agState, + €;
s=1
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where A represents the change between 2016 and 2020, Yi 2016 represents the baseline
(2016) polarization level, and all other variables are defined as in Model 1. The support
ratio measure is treated as time-invariant since the data is only available for 2018-2019.
This specification makes it possible to examine how social connection patterns influence
changes in polarization while controlling for changes in demographic and economic

factors.

Analysis 3: National-Level Descriptive Analysis

Analysis 3 examines national-level relationships between social trust and
polarization between 2016 and 2020. Due to the limited number of time points, | do not
estimate a regression but rather conduct a descriptive analysis of the polarization and
demographic data aggregated at the national level. For the trust measures, | include
measures for confidence in Congress, the Presidency, and the Supreme Court (and a
composite measure of all three), as well as measures for confidence in media, big
business, and organized labor (and a composite non-government trust measure that

combines these three).

Analysis 4: County to County Pairwise Connections Analysis

The county connections models for Analysis 4 analyze how the Social
Connectedness Index (SCI) relates to and influences polarization measures between
county pairs. For each pair of counties i (user county) and j (friend county), | estimate:

Y =80 + B1Y; + B2SCILi; + B3(SCI;j x Y;)+
,84 ln(dij) + 6581_7 + ﬁﬁIRij + ,87BPDifference¢j+
BsSDIeduDif ference;j + BoSDIraceDif ference;;
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where:
e Yiis the polarization measure for the user county
e Yjis the polarization measure for the friend county
e SClij is the standardized Social Connectedness Index between counties (z-score
transformed to mean 0, standard deviation 1)
e SClij x Yj is the interaction between standardized SCI and friend county
polarization
e In(di) is the log geographic distance between county centroids
e Sjjis an indicator equal to 1 if counties are in the same state
¢ [Rjj is the income ratio between counties
e BPDifferenceij is the difference in educational attainment
e SDleduDifferenceij is the difference in education diversity indices
e SDlraceDifferenceij is the difference in racial diversity indices
e ¢ijis the error term
The analysis also includes a distance-based breakdown of key data using 10
equal-sized distance bins (calculated in miles) to examine how relationships vary with

geographic proximity.

Procedure

Data Collection and Cleaning

The study utilizes a data processing pipeline implemented in Python to prepare

and analyze all data. Raw data from multiple sources undergoes systematic processing
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through a four-stage pipeline architecture: First, election data from the MIT Election Lab
is processed to calculate county-level polarization measures. In US Presidential elections,
votes are cast at the precinct level. There are typically several voting precincts in each
county (with the exception of some very small counties that only have a single precinct).
Therefore, the pipeline computes the five polarization dimensions (spread, dispersion,
divergence, group distinctness, and size parity) at the county level using the
corresponding precinct vote totals for the precincts in each county. FIPS codes serve as
unique identifiers for data integration, with invalid entries logged and filtered out to
maintain data integrity. Second, social connection data from Meta undergoes
transformation to create standardized metrics of connection density and inter-county
relationship strength. Third, demographic and economic data from Census ACS 5-year
estimates are processed through the Census Bureau API (U.S. Census Bureau, 2025). The
pipeline handles temporal alignment of these variables with election cycles, creating both
static measures for cross-sectional analysis and change measures for panel analysis.
Variables undergo standardization to ensure consistent scales and units across years.
Fourth, the Gallup data on confidence in institutions is filtered to select just the years
needed for the present analysis (2016 and 2020). Anthropic’s Claude Al was used for

code debugging (Anthropic, 2025).

Dataset Creation

The pipeline produces four analysis-ready datasets: A cross-sectional dataset for
2020 combining county-level polarization measures with social and demographic
variables, including state fixed effects (for Analysis 1), a panel dataset tracking changes

between 2016-2020 in polarization measures and demographic factors, controlling for
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baseline values (for Analysis 2), a national-level dataset aggregating county measures and
integrating Gallup trust indicators with temporal controls (for Analysis 3), and a county
to county pairwise dataset (for Analysis 4). Each dataset undergoes final validation for
completeness, consistency, and proper variable typing before analysis. The pipeline
maintains detailed logs of all transformations and data exclusions, facilitating

reproducibility.

Measures and Metrics Calculations
The datasets created in the data pipeline also include several composite metrics
and indices needed for the analysis, each calculated using standardized procedures

following established methodological frameworks.

Polarization Metrics

Following Bramson et al.'s (2016) multi-dimensional framework for political
polarization, | operationalize five key dimensions. The measure of polarization Spread
for county c is calculated as the difference between maximum Democratic vote share and
minimum Democratic vote share across all precincts (p) within the county:

Spreadc = max(Dp) - min(Dp)

where Dy represents precinct-level Democratic vote shares (Republican and third-party
vote shares are implicit in the Spread metric as the inverse of the Democratic vote share).
This metric ranges from 0 to 1, with higher values indicating greater ideological distance
between extremes.

Dispersion captures the weighted standard deviation of two-party vote shares,

computed as:
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n P
Dispersionc = \/zi—l wi(vi =)

where wi represents precinct total votes, vi is the two-party vote share, and v is the
weighted mean vote share, and n is the number of precincts in the county. Following
Bramson et al.'s (2016) framework for measuring variation across a population of
interest, weights (w) are equal to total votes cast in each precinct, ensuring larger
precincts appropriately influence the measure. Values range from 0 (perfect uniformity)
to 0.5 (maximum dispersion).

The Divergence metric employs the bimodality coefficient to measure what
Bramson et al. (2016) describe as group divergence, calculated as:

Divergencec = (g2 + 1)/k

where g represents skewness, and k represents kurtosis of precinct-level two-party vote
shares. Values above 0.555 indicate significant bimodality in political preferences,
suggesting polarized communities.

Group Distinctness measures deviation from two-party dominance, computed as:

Distinctnessc = 1 - (D¢ + Rc)/Tc

where D¢ and Rc represent total Democratic and Republican votes in the county, and Tc
represents total votes cast.

Size parity quantifies the relative balance between major parties, calculated as:

ID—RI

SizeParityc = 1- DTR

And ranges from 0 (complete dominance by one party) to 1 (equal party sizes).
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Demographic and Social Indices
The education diversity index and racial/ethnic diversity index are both calculated

using Simpson's Diversity Index formula:

E
SDIedu=1-)_ p}

e=1

where pe is the proportion of the population with education level (e), and

R
SDIrace =1 — Zp?,
r=1

where pr is the proportion of the population in racial/ethnic group (r). Simpson's
Diversity Index represents the probability that two randomly selected individuals belong
to different categories. Higher values indicate greater heterogeneity.

The support ratio (SR) derives from Meta's Social Capital Atlas and is “the
proportion of within-county friendships where the pair of friends share a third mutual
friend within the same county” (Chetty et. al., 2022, p. 6). For the County Connections
Model, I use the Social Connectedness Index (SCI), which measures the relative
connection strength between geographic areas based on Facebook friendship links. The
SCI values are standardized using z-score transformation (mean 0, standard deviation 1)
to facilitate interpretation and comparison across county pairs with widely varying
connection strengths. Composite trust measures aggregate institutional confidence scores
from Gallup's Confidence in Institutions survey (2016-2022). The government institution
confidence index (Gl) is computed as Glt = (Ct + Pt + St)/3, where Ct, P, and St represent
confidence scores (0-100) for Congress, Presidency, and Supreme Court respectively at
time t. Similarly, the non-government institution confidence index (NGI) averages scores

for media (M), big business (Bt), and organized labor (Lt), computed as NGlt = (Mt + Bt +

48



Lt)/3. Each constituent score represents the percentage of respondents expressing “a great
deal” or “quite a lot” of confidence in the institution in the Gallup survey (Gallup, 2024).
Population density is log-transformed following Census Bureau guidelines: PDc =
In(pop/area) (U.S. Census Bureau, 2025). The Gini coefficient (Gini) is drawn pre-
calculated for each county from the Census data (U.S. Census Bureau, 2025). Inter-
county connection strength (SCI) from Meta's Social Connectedness Index is also drawn
from the source data as a precalculated measure (Meta, 2025). All data points for each
measure undergo standardization to the same data type to ensure comparability in the
code. Change measures for panel analyses are calculated as simple differences between

2020 and 2016 values (AX = X2020 — X2016).
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Chapter I11.

Results

This chapter presents the findings from the multi-model approach, examining the
relationships between social connection patterns, demographics, trust, and political
polarization across different geographic scales. | analyze results from the four

complementary analyses, each exploring different dimensions of these relationships.

Cross-Sectional County Analysis (Analysis 1)
The cross-sectional analysis examined how social connection measures, and the
Support Ratio in particular, correlate with five dimensions of political polarization at the

county level in 2020, while controlling for demographic and economic factors.

Table 1a. Model 1a. Spread Polarization (2020).

Model Statistics Coefficient p-value
R2 0.499

Adjusted R? 0.488

N 2292

F-statistic 59.304 *** <0.001
Independent Variables

support_ratio 0.722 0.253
log_median_income 0.031 0.363
education_diversity_index 0.915 *** <0.001
education_bachelors_plus 0.378 ** 0.009
unemployment_rate 0.009 *** <0.001
gini_index 0.368 ** 0.009
racial_diversity index 0.760 *** <0.001
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Table 1a. Model 1a. Spread Polarization (2020).

log_population_density

AZ (state_4.0)
AR (state_5.0)
CA (state_6.0)
CO (state_8.0)
FL (state_12.0)
GA (state_13.0)
ID (state_16.0)
IL (state_17.0)
IN (state_18.0)
IA (state_19.0)
KS (state_20.0)
KY (state_21.0)
LA (state _22.0)
ME (state_23.0)
MD (state_24.0)
MA (state_25.0)
MI (state_26.0)
MN (state_27.0)
MS (state_28.0)
MO (state_29.0)
MT (state_30.0)
NE (state_31.0)
NH (state_33.0)
NJ (state_34.0)
NM (state_35.0)
NY (state_36.0)
NC (state_37.0)
ND (state_38.0)
OH (state_39.0)
OK (state_40.0)
OR (state_41.0)
PA (state_42.0)
SC (state_45.0)

0.031
0.040
-0.105 **
-0.094
-0.184 ***
-0.161 ***
-0.294 ***
-0.145 ***
-0.121 ***
-0.037
-0.164 ***
-0.115 ***
-0.155 **
-0.118 **
0.125 *
-0.330 ***
-0.365 ***
-0.341 ***
-0.161 ***
0.021
-0.124 ***
-0.163 ***
-0.190 ***
-0.079
-0.324 ***
-0.363 ***
-0.034
-0.227 ***
-0.383 ***
-0.038
-0.358 ***
-0.116 **
0.020
-0.069 *
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0.227
0.504
0.002
0.098
<0.001
<0.001
<0.001
<0.001
<0.001
0.311
<0.001
<0.001
0.002
0.004
0.029
<0.001
<0.001
<0.001
<0.001
0.440
<0.001
<0.001
<0.001
0.051
<0.001
<0.001
0.291
<0.001
<0.001
0.203
<0.001
0.009
0.535
0.031



Table 1a. Model 1a. Spread Polarization (2020).

SD (state_46.0)
TN (state_47.0)
TX (state_48.0)
UT (state_49.0)
VT (state_50.0)
VA (state_51.0)
WA (state_53.0)
WYV (state_54.0)
WI (state_55.0)

-0.231 ***
-0.196 ***
-0.256 ***
0.001
-0.139 ***
-0.317 ***
-0.060
-0.222 ***
-0.056

<0.001
<0.001
<0.001
0.984
<0.001
<0.001
0.208
<0.001
0.109

Note: State fixed effects included. Model constant not shown in table. P-values shown as
*for p < 0.05, ** for p < 0.01, *** for p < 0.001. No asterisk if p was not significant.

Table 1b. Model 1b. Dispersion Polarization.

Model Statistics Coefficient p-value
R2 0.460

Adjusted R?2 0.447

N 2261

F-statistic 39.530 *** <0.001
Independent Variables

support_ratio 0.309 ** 0.007
log_median_income -0.010 0.256
education_diversity_index 0.161 ** 0.006
education_bachelors_plus 0.095 ** 0.006
unemployment_rate 0.003 *** 0.001
gini_index 0.081 * 0.032
racial_diversity _index 0.187 *** <0.001
log_population_density 0.012 * 0.044
AZ (state_4.0) -0.004 0.858
AR (state_5.0) -0.032 ** 0.001
CA (state_6.0) -0.058 *** <0.001
CO (state_8.0) -0.041 *** <0.001
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Table 1b. Model 1b. Dispersion Polarization.

FL (state_12.0)
GA (state_13.0)
ID (state_16.0)
IL (state_17.0)
IN (state_18.0)
IA (state_19.0)
KS (state_20.0)
KY (state_21.0)
LA (state_22.0)
ME (state_23.0)
MD (state_24.0)
MA (state_25.0)
MI (state_26.0)
MN (state_27.0)
MS (state_28.0)
MO (state_29.0)
MT (state_30.0)
NE (state_31.0)
NH (state_33.0)
NJ (state_34.0)
NM (state_35.0)
NY (state_36.0)
NC (state_37.0)
ND (state_38.0)
OH (state_39.0)
OK (state_40.0)
OR (state_41.0)
PA (state_42.0)
SC (state_45.0)
SD (state_46.0)
TN (state_47.0)
TX (state_48.0)
UT (state_49.0)
VT (state_50.0)

-0.053 ***
-0.054 ***
-0.034 **
-0.040 ***
-0.014
-0.033 ***
-0.043 ***
-0.028
-0.036 **
0.014
-0.072 ***
-0.095 ***
-0.064 ***
-0.006
0.005
-0.036 ***
-0.036 **
-0.037 ***
-0.013
-0.085 ***
_0101 *kx
-0.019 *
-0.058 ***
-0.082 ***
-0.021 *
-0.099 ***
-0.026 *
-0.020 *
-0.029 **
-0.053 ***
-0.052 ***
-0.071 ***
-0.020
_0033 *kx
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<0.001
<0.001
0.003
<0.001
0.195
<0.001
<0.001
0.109
0.002
0.231
<0.001
<0.001
<0.001
0.695
0.545
<0.001
0.002
<0.001
0.369
<0.001
<0.001
0.028
<0.001
<0.001
0.011
<0.001
0.031
0.019
0.002
<0.001
<0.001
<0.001
0.135
0.001



Table 1b. Model 1b. Dispersion Polarization.

VA (state_51.0)
WA (state_53.0)
WV (state_54.0)
W] (state_55.0)

-0.071 ***
-0.035 **
-0.050 ***
-0.027 **

<0.001
0.004
<0.001
0.003

Note: State fixed effects included. Model constant not shown in table. P-values shown as
* for p < 0.05, ** for p < 0.01, *** for p < 0.001. No asterisk if p was not significant.

Table 1c. Model 1c. Divergence Polarization.

Model Statistics Coefficient p-value
R2 0.299

Adjusted R? 0.283

N 2221

F-statistic 58.916 *** <0.001
Independent Variables

support_ratio 0.861 0.103
log_median_income -0.038 0.18
education_diversity_index -0.411 * 0.037
education_bachelors_plus -0.195 0.09
unemployment_rate -0.004 * 0.039
gini_index 0.074 0.541
racial_diversity _index 0.017 0.566
log_population_density -0.061 * 0.01
AZ (state_4.0) 0.059 0.165
AR (state_5.0) -0.058 * 0.028
CA (state_6.0) -0.152 *** <0.001
CO (state_8.0) -0.031 0.216
FL (state_12.0) -0.020 0.517
GA (state_13.0) 0.063 ** 0.003
ID (state_16.0) -0.020 0.548
IL (state_17.0) -0.133 *** <0.001
IN (state_18.0) -0.112 *** <0.001
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Table 1c. Model 1c. Divergence Polarization.

IA (state_19.0)
KS (state_20.0)
KY (state_21.0)
LA (state 22.0)
ME (state_23.0)
MD (state_24.0)
MA (state_25.0)
MI (state_26.0)
MN (state_27.0)
MS (state_28.0)
MO (state_29.0)
MT (state_30.0)
NE (state_31.0)
NH (state_33.0)
NJ (state_34.0)
NM (state_35.0)
NY (state_36.0)
NC (state_37.0)
ND (state_38.0)
OH (state_39.0)
OK (state_40.0)
OR (state_41.0)
PA (state_42.0)
SC (state_45.0)
SD (state_46.0)
TN (state_47.0)
TX (state_48.0)
UT (state_49.0)
VT (state_50.0)
VA (state 51.0)
WA (state_53.0)
WV (state_54.0)
WI (state_55.0)

-0.021
-0.081 ***
0.041
0.022
-0.223 ***
0.094
0.005
0.173 **
0.318 ***
-0.029
-0.008
0.045
0.036
-0.112 **
-0.090 *
-0.012
-0.162 ***
-0.031
0.296 ***
-0.136 ***
-0.072 **
-0.068
-0.145 ***
-0.097 ***
0.045
-0.037
-0.027
-0.068
-0.149 ***
-0.023
-0.162 ***
0.025
-0.393 ***

0.357
<0.001
0.606
0.39
<0.001
0.106
0.947
0.007
<0.001
0.149
0.755
0.133
0.201
0.006
0.015
0.847
<0.001
0.181
<0.001
<0.001
0.001
0.059
<0.001
<0.001
0.253
0.081
0.155
0.118
<0.001
0.279
<0.001
0.648
<0.001
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Note: State fixed effects included. Model constant not shown in table. P-values indicated
as * for p < 0.05, ** for p < 0.01, *** for p < 0.001. No asterisk if p was not significant.

Table 1d. Model 1d. Group Distinctness Polarization.

Model Statistics Coefficient p-value
R2 0.821
Adjusted R2 0.817
N 2292
F-statistic 79.617 *** <0.001

Independent Variables

support_ratio
log_median_income
education_diversity_index
education_bachelors_plus
unemployment_rate
gini_index
racial_diversity_index
log_population_density
AZ (state_4.0)

AR (state_5.0)

CA (state_6.0)

CO (state_8.0)

FL (state_12.0)

GA (state_13.0)

ID (state_16.0)

IL (state_17.0)

IN (state_18.0)

IA (state_19.0)

KS (state_20.0)

KY (state_21.0)

LA (state 22.0)

ME (state_23.0)

MD (state_24.0)

MA (state_25.0)

-0.104 0.071
-0.009 0.115
0.005 0.847
0.071 * 0.015
0.000 0.492
-0.034 0.154
0.016 ** 0.002
-0.005 0.294
0.000 0.861
0.016 *** <0.001
0.010 *** <0.001
0.004 0.064
-0.001 0.42
-0.005 *** <0.001
0.015 *** <0.001
0.015 *** <0.001
0.016 *** <0.001
0.008 *** <0.001
0.010 *** <0.001
0.006 *** 0.001
0.005 *** <0.001
0.024 *** <0.001
0.006 * 0.026
0.001 0.741
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Table 1d. Model 1d. Group Distinctness Polarization.

MI (state_26.0)
MN (state_27.0)
MS (state_28.0)
MO (state_29.0)
MT (state_30.0)
NE (state_31.0)
NH (state_33.0)
NJ (state_34.0)
NM (state_35.0)
NY (state_36.0)
NC (state_37.0)
ND (state_38.0)
OH (state_39.0)
OK (state_40.0)
OR (state_41.0)
PA (state_42.0)
SC (state_45.0)
SD (state_46.0)
TN (state_47.0)
TX (state_48.0)
UT (state_49.0)
VT (state_50.0)
VA (state_51.0)
WA (state_53.0)
WYV (state_54.0)
WI (state_55.0)

-0.001
0.314 ***
-0.001
0.005 ***
0.009 ***
0.009 ***
0.000
_0008 *kx
-0.004
0.083 ***
-0.003 **
0.253 ***
0.004 **
0.005 ***
0.047
0.004 *
-0.004 ***
0.011 ***
0.005 ***
-0.001
0.019 ***
0.026 ***
0.004 *
0.012 ***
0.006 ***
0.004

0.689
<0.001
0.259
0.001
<0.001
<0.001
0.968
0.001
0.116
<0.001
0.003
<0.001
0.005
<0.001
0.077
0.026
<0.001
<0.001
<0.001
0.659
<0.001
<0.001
0.011
<0.001
<0.001
0.084

Note: State fixed effects included. Model constant not shown in table. P-values indicated
as * for p < 0.05, ** for p < 0.01, *** for p < 0.001. No asterisk shown if p was not

significant.
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Table 1e. Model 1e. Size Parity Polarization.

Model Statistics Coefficient p-value
R2 0.513

Adjusted R? 0.502

N 2292

F-statistic 47.572 *** <0.001
Independent Variables

support_ratio -0.310 0.427
log_median_income -0.048 0.142
education_diversity_index 0.882 *** <0.001
education_bachelors_plus 0.540 *** <0.001
unemployment_rate 0.008 *** <0.001
gini_index 0.035 0.808
racial_diversity _index 0.614 *** <0.001
log_population_density -0.049 0.101
AZ (state_4.0) 0.132 * 0.013
AR (state_5.0) 0.060 * 0.043
CA (state_6.0) 0.217 *** <0.001
CO (state_8.0) 0.177 *** <0.001
FL (state_12.0) 0.070 * 0.028
GA (state_13.0) 0.053 * 0.049
ID (state_16.0) 0.037 0.372
IL (state_17.0) 0.223 *** <0.001
IN (state_18.0) 0.294 *** <0.001
IA (state_19.0) 0.332 *** <0.001
KS (state_20.0) 0.092 *** 0.001
KY (state_21.0) 0.223 *** <0.001
LA (state_22.0) -0.016 0.592
ME (state_23.0) 0.512 *** <0.001
MD (state_24.0) 0.103 0.207
MA (state_25.0) 0.250 *** <0.001
MI (state_26.0) 0.150 * 0.017
MN (state_27.0) -0.130 *** <0.001
MS (state_28.0) 0.110 *** <0.001
MO (state_29.0) 0.076 ** 0.004
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Table 1e. Model 1e. Size Parity Polarization.

MT (state_30.0) 0.224 *** <0.001
NE (state_31.0) 0.107 *** <0.001
NH (state_33.0) 0.506 *** <0.001
NJ (state_34.0) 0.159 * 0.026
NM (state_35.0) 0.364 *** <0.001
NY (state_36.0) 0.398 *** <0.001
NC (state_37.0) 0.171 *** <0.001
ND (state_38.0) -0.183 *** <0.001
OH (state_39.0) 0.226 *** <0.001
OK (state_40.0) -0.155 *** <0.001
OR (state_41.0) 0.176 *** 0.001
PA (state_42.0) 0.233 *** <0.001
SC (state_45.0) 0.208 *** <0.001
SD (state_46.0) 0.159 *** <0.001
TN (state_47.0) 0.058 * 0.024
TX (state_48.0) -0.036 0.149
UT (state_49.0) 0.043 0.304
VT (state_50.0) 0.277 *** <0.001
VA (state_51.0) -0.017 0.536
WA (state_53.0) 0.290 *** <0.001
WV (state_54.0) 0.224 *** <0.001
WI (state_55.0) 0.410 *** <0.001

Note: State fixed effects included. Model constant not shown in table. P-values indicated
as * for p < 0.05, ** for p < 0.01, *** for p < 0.001. No asterisk shown if p was not
significant.

The cross-sectional analysis revealed interesting relationships between social
connection density and polarization measures. The Support Ratio showed varying
associations across different polarization dimensions, with a significant positive

relationship with dispersion (f = 0.309, p < 0.05), but non-significant relationships with
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spread (p = 0.722, p = 0.253), divergence ( = 0.861, p = 0.103), group distinctness
(B =-0.104, p = 0.071), and size parity (B = -0.310, p = 0.427).

Demographic factors showed strong patterns. The education diversity index
demonstrated significant positive associations with spread (p =0.915, p <0.001) and size
parity (B =0.882, p < 0.001), and dispersion (f = 0.161, p < 0.01) but a negative
association with divergence (p = -0.411, p < 0.05) and no significant association with
group distinctness. The variable tracking the percentage of residents in each county with
a bachelor's degree or higher showed similar patterns, with positive associations with
spread (= 0.378, p <0.01), size parity (p = 0.540, p <0.001), dispersion ( = 0.095, p <
0.01), and group distinctness (= 0.071, p < 0.05), and a negative but not significant
association with divergence ( = -0.195, p = 0.09).

Racial diversity also emerged as a particularly strong predictor, showing
significant positive associations with spread (f = 0.760, p < 0.001), dispersion (f = 0.187,
p <0.001), size parity (p = 0.614, p < 0.001), and group distinctness (f = 0.016, p <0.01)
but no significant association with divergence. These findings suggest that more diverse
counties tend to have wider ranges of political views but with more balanced partisan
competition.

Economic indicators showed limited relationships. While log median income had
no significant associations, the Gini coefficient showed significant positive associations
with spread (B = 0.368, p <0.01) and dispersion ( = 0.081, p < 0.05), but no relationship
with divergence, group distinctness, or size parity. The unemployment rate was
significantly positively associated with spread (B = 0.009, p <0.001), size parity

(B=10.008, p<0.001), and dispersion (f = 0.003, p < 0.001), but negatively associated
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with divergence (p = -0.004, p < 0.05), and showed no significant association with group
distinctness.

All models were statistically significant overall, and explained substantial
variation in polarization patterns, with R? values ranging from 0.299 for divergence to

0.821 for group distinctness.

Panel Analysis of County-Level Changes (Analysis 2)
The panel analysis examined how changes in social connection patterns between
2016 and 2020 related to changes in polarization measures, controlling for baseline

polarization and changes in demographic and economic factors.

Table 2a. Model 2a. Change in Spread Polarization (2016-2020).

Model Statistics Coefficient p-value
R2 0.433

Adjusted R2 0.418

N 1976

F-statistic 17.543 <0.001
Independent Variables

support_ratio -0.337 0.267
log_median_income_change -0.014 0.716
education_bachelors_plus_change -0.129 0.548
education_diversity_index_change -0.304 0.265
unemployment_rate_change 0.002 0.189
gini_index_change 0.038 0.694
racial_diversity_index_change -0.046 0.597
pol_spread 0.249 *** <0.001
AZ (state_4.0) -0.043 0.071
AR (state_5.0) -0.035 0.111
CA (state_6.0) 0.202 ** 0.010
CO (state_8.0) 0.070 *** <0.001
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Table 2a. Model 2a. Change in Spread Polarization (2016-2020).

FL (state_12.0)
GA (state_13.0)
ID (state_16.0)
IL (state_17.0)
IN (state_18.0)
IA (state_19.0)
KS (state_20.0)
KY (state_21.0)
LA (state_22.0)
ME (state_23.0)
MD (state_24.0)
MI (state_26.0)
MN (state_27.0)
MS (state_28.0)
MO (state_29.0)
MT (state_30.0)
NE (state_31.0)
NH (state_33.0)
NJ (state_34.0)
NM (state_35.0)
NY (state_36.0)
NC (state_37.0)
ND (state_38.0)
OH (state_39.0)
OK (state_40.0)
OR (state_41.0)
PA (state_42.0)
SC (state_45.0)
SD (state_46.0)
TN (state_47.0)
TX (state_48.0)
UT (state_49.0)
VT (state_50.0)
VA (state_51.0)

0.140
0.313 ***
0.124 ***
0.054 **
0.083 *
0.090 ***
0.109 ***
0.054
-0.007
0.378 ***
-0.143 *
-0.256 ***
-0.064
-0.032 *
0.155 ***
0.060 **
0.145 ***
0.185 ***
-0.123
0.075
0.044
0.086 ***
-0.063
0.060 ***
0.077 ***
0.203 **
0.423 ***
-0.035 *
0.092 ***
0.086 ***
0.056 **
0.186 ***
0.418 ***
0.064 ***
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0.067
<0.001
<0.001

0.005

0.013
<0.001
<0.001

0.520

0.795
<0.001

0.031
<0.001

0.062

0.044
<0.001

0.010
<0.001
<0.001

0.271

0.200

0.054
<0.001

0.150
<0.001
<0.001

0.006
<0.001

0.042
<0.001
<0.001

0.002
<0.001
<0.001
<0.001



Table 2a. Model 2a. Change in Spread Polarization (2016-2020).

WA (state_53.0) 0.061 * 0.016
WV (state_54.0) 0.193 *** <0.001
WI (state_55.0) 0.085 *** <0.001
WY (state_56.0) 0.137 * 0.033

Note: State fixed effects included. Model constant not shown in table. P-values indicated
as * for p < 0.05, ** for p < 0.01, *** for p < 0.001. No asterisk shown if p was not
significant.

Table 2b. Model 2b. Change in Dispersion Polarization (2016-2020).

Model Statistics Coefficient p-value
R? 0.257

Adjusted R2 0.236

N 1794

F-statistic 8.026 <0.001
Independent Variables

support_ratio -0.337 0.267
log_median_income_change -0.014 0.716
education_bachelors_plus_change -0.129 0.548
education_diversity_index_change -0.304 0.265
unemployment_rate_change 0.002 0.189
gini_index_change 0.038 0.694
racial_diversity_index_change -0.046 0.597
pol_dispersion 0.249 *** <0.001
AZ (state_4.0) -0.043 0.071
AR (state_5.0) -0.035 0.111
CA (state_6.0) 0.202 ** 0.01
CO (state_8.0) 0.070 *** <0.001
FL (state_12.0) 0.140 0.067
GA (state_13.0) 0.313 *** <0.001
ID (state_16.0) 0.124 *** <0.001
IL (state_17.0) 0.054 ** 0.005
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Table 2b. Model 2b. Change in Dispersion Polarization (2016-2020).

IN (state_18.0)
IA (state_19.0)
KS (state_20.0)
KY (state_21.0)
LA (state _22.0)
ME (state_23.0)
MD (state_24.0)
MI (state_26.0)
MN (state_27.0)
MS (state_28.0)
MO (state_29.0)
MT (state_30.0)
NE (state_31.0)
NH (state_33.0)
NJ (state_34.0)
NM (state_35.0)
NY (state_36.0)
NC (state_37.0)
ND (state_38.0)
OH (state_39.0)
OK (state_40.0)
OR (state_41.0)
PA (state_42.0)
SC (state_45.0)
SD (state_46.0)
TN (state_47.0)
TX (state_48.0)
UT (state_49.0)
VT (state_50.0)
VA (state 51.0)
WA (state_53.0)
WV (state_54.0)
WI (state_55.0)
WY (state_56.0)

0.083 *
0.090 ***
0.109 ***
0.054
-0.007
0.378 ***
-0.143 *
-0.256 ***
-0.064
-0.032 *
0.155 ***
0.060 **
0.145 ***
0.185 ***
-0.123
0.075
0.044
0.086 ***
-0.063
0.060 ***
0.077 ***
0.203 **
0.423 ***
-0.035 *
0.092 ***
0.086 ***
0.056 **
0.186 ***
0.418 ***
0.064 ***
0.061 *
0.193 ***
0.085 ***
0.137 *

0.013
<0.001
<0.001

0.52

0.795
<0.001

0.031
<0.001

0.062

0.044
<0.001

0.01
<0.001
<0.001

0.271

0.2

0.054

<0.001

0.15
<0.001
<0.001

0.006
<0.001

0.042
<0.001
<0.001

0.002
<0.001
<0.001
<0.001

0.016
<0.001
<0.001

0.033
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Note: State fixed effects included. Model constant not shown in table. P-values indicated
as * for p < 0.05, ** for p < 0.01, *** for p < 0.001. No asterisk shown if p was not
significant.

Table 2c. Model 2c. Change in Divergence Polarization (2016-2020).

Model Statistics Coefficient p-value
R2 0.479

Adjusted R?2 0.465

N 1755

F-statistic 32.031 <0.001
Independent Variables

support_ratio -0.529 0.051
log_median_income_change 0.035 0.431
education_bachelors_plus_change 0.401 0.111
education_diversity_index_change 0.483 0.136
unemployment_rate_change -0.002 0.25
gini_index_change -0.021 0.849
racial_diversity_index_change -0.005 0.963
pol_divergence 0.483 *** <0.001
AZ (state_4.0) -0.046 0.094
AR (state_5.0) 0.049 ** 0.005
CA (state_6.0) 0.012 0.88
CO (state_8.0) 0.030 0.11
FL (state_12.0) 0.068 0.107
GA (state_13.0) 0.000 0.765
ID (state_16.0) 0.062 ** 0.006
IL (state_17.0) 0.059 *** <0.001
IN (state_18.0) 0.049 * 0.026
IA (state_19.0) 0.022 0.143
KS (state_20.0) 0.033 0.08
KY (state_21.0) 0.399 0.894
LA (state_22.0) -0.033 0.211
ME (state_23.0) -0.192 0.313
MD (state_24.0) 0.164 *** <0.001
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Table 2c. Model 2c. Change in Divergence Polarization (2016-2020).

MI (state_26.0) 0.199 *** <0.001
MN (state_27.0) 0.344 *** <0.001
MS (state_28.0) -0.014 0.265
MO (state_29.0) 0.022 0.259
MT (state_30.0) 0.005 0.848
NE (state_31.0) -0.002 0.922
NH (state_33.0) 0.087 0.103
NJ (state_34.0) 0.036 0.397
NM (state_35.0) 0.055 0.184
NY (state_36.0) 0.051 *** <0.001
NC (state_37.0) -0.006 0.739
ND (state_38.0) -0.020 0.801
OH (state_39.0) 0.058 *** <0.001
OK (state_40.0) 0.024 0.179
OR (state_41.0) 0.077 * 0.033
PA (state_42.0) -0.129 0.057
SC (state_45.0) 0.016 0.24
SD (state_46.0) 0.038 0.12
TN (state_47.0) 0.026 0.082
TX (state_48.0) -0.016 0.247
UT (state_49.0) -0.003 0.908
VT (state_50.0) 0.000 0.687
VA (state_51.0) 0.059 *** <0.001
WA (state_53.0) 0.029 0.263
WV (state_54.0) -0.028 0.65
WI (state_55.0) 0.089 *** <0.001
WY (state_56.0) 0.175 *** <0.001

Note: State fixed effects included. Model constant not shown in table. P-values indicated
as * for p < 0.05, ** for p < 0.01, *** for p < 0.001. No asterisk shown if p was not
significant.
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Table 2d. Model 2d. Change in Group Distinctness Polarization (2016-2020).

Model Statistics Coefficient p-value
R2 0.933

Adjusted R? 0.931

N 1976

F-statistic 13011.586 <0.001
Independent Variables

support_ratio 0.352 ** 0.001
log_median_income_change -0.002 0.936
education_bachelors_plus_change -0.030 0.816
education_diversity_index_change 0.211 0.115
unemployment_rate_change 0.001 0.48
gini_index_change 0.024 0.622
racial_diversity_index_change -0.040 0.15
pol_group_distinctness 0.867 *** <0.001
AZ (state_4.0) -0.020 0.074
AR (state_5.0) -0.045 ** 0.004
CA (state_6.0) -0.012 0.294
CO (state_8.0) -0.015 0.142
FL (state_12.0) -0.071 * 0.041
GA (state_13.0) -0.854 *** <0.001
ID (state_16.0) -0.068 *** <0.001
IL (state_17.0) -0.028 0.058
IN (state_18.0) 0.003 0.742
IA (state_19.0) -0.012 0.239
KS (state_20.0) -0.009 0.444
KY (state_21.0) -0.549 * 0.014
LA (state_22.0) 0.020 0.061
ME (state_23.0) -0.016 0.158
MD (state_24.0) -0.009 0.431
MI (state_26.0) 0.001 0.933
MN (state_27.0) 0.014 0.24
MS (state_28.0) 0.032 *** 0.001
MO (state_29.0) 0.000 0.976
MT (state_30.0) -0.043 0.108
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Table 2d. Model 2d.

NE (state_31.0)
NH (state_33.0)
NJ (state_34.0)
NM (state_35.0)
NY (state_36.0)
NC (state_37.0)
ND (state_38.0)
OH (state_39.0)
OK (state_40.0)
OR (state_41.0)
PA (state_42.0)
SC (state_45.0)
SD (state_46.0)
TN (state_47.0)
TX (state_48.0)
UT (state_49.0)
VT (state_50.0)
VA (state_51.0)
WA (state_53.0)
WV (state_54.0)
WI (state_55.0)
WY (state_56.0)

0.000
-0.013
-0.162
-0.040 ***
-0.082 ***

0.016
-0.001

0.006

0.008
-0.045 ***

0.013

0.014
-0.010

0.019

0.026 *
-0.130 ***
-0.944 ***

0.009
-0.022 *

0.004
-0.002
-0.029

Change in Group Distinctness Polarization (2016-2020).

0.991
0.223
0.186
0.001
<0.001
0.102
0.958
0.576
0.444
<0.001
0.217
0.178
0.355
0.058
0.013
<0.001
<0.001
0.402
0.03
0.717
0.859
0.162

Note: State fixed effects included. Model constant not shown in table. P-values indicated
as * for p < 0.05, ** for p < 0.01, *** for p < 0.001. No asterisk if p was not significant.

Table 2e. Model 2e. Change in Size Parity Polarization (2016-2020).

Model Statistics Coefficient p-value
R2 0.447
Adjusted R?2 0.432
N 1976
F-statistic 18.595 <0.001
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Table 2e. Model 2e. Change in Size Parity Polarization (2016-2020).

Independent Variables

support_ratio

log_median_income_change
education_bachelors_plus_change
education_diversity_index_change
unemployment_rate_change
gini_index_change
racial_diversity_index_change

pol_size parity
AZ (state_4.0)
AR (state_5.0)
CA (state_6.0)
CO (state_8.0)
FL (state_12.0)
GA (state_13.0)
ID (state_16.0)
IL (state_17.0)
IN (state_18.0)
IA (state_19.0)
KS (state_20.0)
KY (state_21.0)
LA (state_22.0)
ME (state_23.0)
MD (state_24.0)
MI (state_26.0)
MN (state_27.0)
MS (state_28.0)
MO (state_29.0)
MT (state_30.0)
NE (state_31.0)
NH (state_33.0)
NJ (state_34.0)
NM (state_35.0)
NY (state_36.0)

0.335
-0.013
-0.780 **
0.267
0.001
-0.218
0.137
0.352 ***
-0.023
-0.066 *
-0.125 **
-0.008
-0.255 ***
0.184 ***
0.041
-0.009
0.065 *
-0.051 **
0.114 ***
-0.132
-0.062
0.043
-0.007
-0.161 **
-0.339 ***
-0.005
0.062 ***
0.009
0.109 ***
-0.150 **
0.081
0.054
-0.071 ***
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0.406
0.788
0.008
0.502
0.648
0.093
0.157
<0.001
0.431
0.024
0.008
0.737
<0.001
<0.001
0.065
0.631
0.016
0.005
<0.001
0.343
0.065
0.768
0.936
0.004
<0.001
0.811
<0.001
0.719
<0.001
0.001
0.35
0.668
0.001



Table 2e. Model 2e. Change in Size Parity Polarization (2016-2020).

NC (state_37.0) -0.046 0.055
ND (state_38.0) -0.141 ** 0.001
OH (state_39.0) -0.005 0.75
OK (state_40.0) 0.030 0.132
OR (state_41.0) -0.051 0.385
PA (state_42.0) -0.176 ** 0.005
SC (state_45.0) -0.041 0.128
SD (state_46.0) -0.016 0.651
TN (state_47.0) 0.058 *** 0.001
TX (state_48.0) 0.058 *** <0.001
UT (state_49.0) 0.106 *** <0.001
VT (state_50.0) 0.523 *** <0.001
VA (state_51.0) -0.103 *** <0.001
WA (state_53.0) -0.021 0.451
WV (state_54.0) 0.119 *** <0.001
WI (state_55.0) -0.064 *** <0.001
WY (state_56.0) 0.186 0.137

Note: State fixed effects included. Model constant not shown in table. P-values indicated
as * for p < 0.05, ** for p < 0.01, *** for p < 0.001. No asterisk shown if p was not
significant.

The panel analysis examining changes between 2016 and 2020 revealed limited
relationships between social connection patterns and changes in polarization measures.
Support ratio showed no significant associations with changes in any of the five
polarization dimensions except group distinctness (f =0.352, p < 0.01).

Changes in demographic factors showed selective significance. In particular, changes in
educational attainment (measured as the percent of people with a bachelor's degree or

higher) were significantly associated only with changes in size parity ( = -0.780,
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p < 0.01). Changes in the education diversity index and racial diversity index did not

show significant associations with any of the polarization dimensions.

Notably, baseline polarization levels from 2016 emerged as strong predictors of
changes across all dimensions, as evidenced by the significant coefficients for the lagged
polarization measures: spread (f = 0.249, p < 0.001), dispersion (f = 0.298, p < 0.001),
divergence (B = 0.483, p <0.001), group distinctness (p = 0.867, p < 0.001), and size
parity (B =0.352, p < 0.001). These positive coefficients suggest that counties with
higher initial polarization levels tended to increase their relative positions over time.

The overall models demonstrated strong explanatory power, with R2 values
ranging from 0.257 for dispersion to 0.933 for group distinctness. State fixed effects
showed substantial variation in polarization changes across states, indicating underlying
geographic influences in polarization dynamics. The results suggest that while intra-
county social connection patterns and demographic changes may influence long-term
polarization levels, their effects on changes in polarization between the 2016 and 2020

election cycle were more limited.

National Multi-Year Analysis (Analysis 3)

The national-level analysis examined relationships between trust in institutions
and aggregate political polarization measures. Due to the limited time points available
(2016 and 2020), a constructing a regression would have been statistically meaningless.
Therefore, | instead provide a descriptive analysis of changes in polarization measures

and trust at the national level.
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Table 3. National Changes in Polarization and Trust Measures (2016-2020).

Category Measure 2016 2020 Absolute Percent

Value Value  Change Change

Polarization  Spread 0.5137  0.5316 0.0179 3.4916

Dispersion 0.1201  0.1167 -0.0034 -2.8180

Divergence 0.5410 0.5395 -0.0016 -0.2876

Group Distinctness 0.1278  0.0301  -0.0978 -76.4857

Size Parity 0.5824  0.5829 0.0005 0.0777

Trust Govt Institutions 27.00 30.67 3.67 13.58

Nongovt Institutions 20.33 24.67 4.33 21.31

Congress 9.00 13.00 4.00 44.44

Presidency 36.00 39.00 3.00 8.33

Supreme Court 36.00 40.00 4.00 11.11

Media 20.00 24.00 4.00 20.00

Big Business 18.00 19.00 1.00 5.56

Organized Labor 23.00 31.00 8.00 34.78

Demographics Median Income ($) 55584.00 65244.00 9660.00 17.38
Education

(Bachelor's+) 0.2052  0.2270 0.0218 10.6467

Unemployment 74166 54029 -2.0137 -27.1513

Rate
Racial Diversity 03983 04357 00374  9.3959
Index
Gini Coefficient 0.4614 04610 -0.0004  -0.0859

Values rounded to four decimal places (excluding median income and trust measures,
which are rounded to two decimal places for brevity).

The descriptive analysis reveals several notable patterns in the evolution of
polarization and trust between 2016 and 2020. Spread and size parity polarization
measures increased during this period, while dispersion, divergence, and group
distinctness decreased. The most dramatic changes occurred in group distinctness

(- 76.5%) spread (3.5%), and dispersion (- 2.8%) indicating growing ideological distance
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between the extremes of political groups and higher concentration of voters into narrower
political factions. In contrast, size parity showed only a minimal increase (0.078%),
suggesting that the relative balance between major parties remained fairly stable despite
changes in other polarization dimensions.

Interestingly, trust measures universally increased during this period. Confidence
in government institutions rose by 13.58%, while confidence in non-government
institutions increased even more substantially (21.31%). The most dramatic increases in
institutional trust were observed for Congress (44.44%) and organized labor (34.78%).
Even embattled institutions like the media saw notable trust increases (20.00%).

These trends in polarization and trust measures challenge the hypothesis that
polarization erodes institutional trust. Instead, the exploratory data suggest a relationship
where both polarization and institutional confidence can increase simultaneously,
potentially reflecting heightened political engagement and stronger partisan attachments
to specific institutions. Nevertheless, this descriptive analysis is not intended to provide
statistical evidence, as more data would be needed to investigate this hypothesis more
carefully. Additionally, it is important to mention that during the time periods analyzed
(2016 to 2020), the global health and economic crisis caused by the COVID-19 pandemic
coupled with the different policy and rhetorical approaches of the Trump and Biden
administrations likely influenced the data on institutional trust. Without a larger dataset,
drawing any statistical conclusions about the relationship between trust and polarization
would be premature.

Demographic and economic indicators show substantial changes during this

period as well. Median income increased by 17.38%, while average unemployment
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during the 2016 to 2020 period decreased dramatically (-27.15%) in the dataset,
reflecting the strong pre-pandemic economy of 2020. Educational attainment and racial
diversity both increased moderately (10.65% and 9.40% respectively), while income
inequality remained essentially unchanged (-0.09%). It is worth noting that while the
measures used in this analysis are from the Census 5-year average estimates, the Bureau
of Labor Statistics reports that unemployment saw a significant spike in 2020, peaking at
14.8% in April 2020 and remaining high for the rest of the year (U.S. Bureau of Labor
Statistics, 2025). This dramatic change in such a short time could have influenced
responses to Gallup's confidence in institutions survey, which was conducted in June and
July of 2020 (Brenan, 2024).

In summary, while statistical inference is severely limited with only two time
points, these descriptive patterns highlight the multifaceted relationship between
polarization, trust, and socioeconomic factors at the national level. The simultaneous
increases in some measures of polarization and institutional trust suggest that when
viewed at the national level, heightened political division may occasionally coincide with
higher confidence in major institutions, particularly when partisan identities become
more strongly attached to institutional loyalties (Brenan, 2025). This finding particularly
reinforces the need for finer-grained data on trust, as the national averages are likely

masking more nuanced local trends.

County Connections Model (Analysis 4)
The county connections models examined how the strength of social connections
between counties relates to the similarity of their polarization patterns, controlling for

geographic, economic, and demographic factors.
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Table 4. County Connections and Polarization Similarity (Pairwise Analysis).

Variable Spread Dispersion Divergence Distinctness Size Parity
(Countyi)  (Countyi)  (Countyi) (Countyi)  (Countyi)
R? 0.158 0.156 0.022 0.022 0.111
Adjusted R2 0.158 0.156 0.022 0.022 0.111
N 5,494,336 5,349,969 5,161,984 5,494,336 5,494,336
F-statistic 117,200 102,800 12,700 11,270 83,060
(p-value in (<0.001) (<0.001) (<0.001) (<0.001) (<0.001)
parenthesis)
Polarization 0.160 0.160 0.021 0.017 0.108
Measure (<0.001) (<0.001) (<0.001) (<0.001) (<0.001)
(Countyj)
Standardized -0.004 -0.001 -0.008 -0.000 -0.005
SCI (Z Score) (<0.001) (<0.001) (<0.001) (<0.001) (<0.001)
SCI x County; 0.017 0.016 0.012 0.025 0.017
Polarization (<0.001) (<0.001) (<0.001) (<0.001) (<0.001)
Measure
Log Distance 0.003 -0.001 -0.005 0.004 0.017
(<0.001) (<0.001) (<0.001) (<0.001) (<0.001)
Same State -0.012 -0.005 -0.004 0 -0.005
(<0.001) (<0.001) (< 0.001) (n/s) (< 0.001)
Income Ratio -0.064 -0.025 -0.017 0.017 -0.039
(<0.001) (<0.001) (<0.001) (<0.001) (<0.001)
Bachelor’s Plus 0.315 0.066 -0.187 0.028 0.634
Diff (<0.001) (<0.001) (<0.001) (<0.001) (<0.001)
Education 0.226 0.026 -0.089 -0.084 0.177
Diversity Diff (<0.001) (<0.001) (<0.001) (<0.001) (<0.001)
Racial 0.390 0.098 0.028 -0.015 0.262

Diversity Diff (<0.001) (<0.001) (<0.001) (<0.001) (<0.001)

Note: p values shown in parentheses. Value for Standardized SCI for the Distinctness
model was significant, but its effect size was too small to be meaningful. Value for the
Same State variable in the Distinctness model was not significant and was also too small
to be meaningful. This may be a reflection of how state-specific ballot access laws,
regional third-party movements, and state-level political cultures shape minor party
participation.
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The county connections models revealed significant relationships between social
connectivity and polarization similarity across county pairs. The standardized Social
Connectedness Index (SCI) showed significant negative associations across all
polarization dimensions, with the strongest effects observed for divergence ( = -0.008,
p < 0.001). However, the mere existence of a connection to a friend county showed
significant positive associations between polarization measures for the origin county
(countyi) and the friend county (county;) with the largest effects for both spread and
dispersion (both with = 0.160, p < 0.001). Furthermore, the interaction term between
SCI and friend county polarization measures was consistently positive and significant
across all dimensions, with the largest effects for distinctness (p = 0.025, p < 0.001),
followed by spread and size parity (both p=0.017, p <0.001).These findings indicate
that while stronger connections between counties are generally associated with slightly
lower polarization, they are more strongly associated with increased similarity in
polarization patterns between the connected counties. This aligns with common theories
of social influence and homophily, suggesting that strongly connected counties tend to
influence each other's political landscape more than weakly connected counties, or at
least that connections form more readily between politically similar places.

Geographic proximity played a role as well, with log distance showing significant
effects that varied by polarization dimension. Demographic differences, particularly in
education and racial diversity, were strongly associated with polarization differences
across all dimensions. The largest effects were observed for spread, where education
diversity differences (f = 0.226, p < 0.001) and racial diversity differences (f = 0.390,

p < 0.001) showed significant positive associations.
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Distance-Based Analysis

To further examine how geographic distance moderates the relationship between

county connectedness and polarization similarity, | analyzed the correlation patterns

between counties by distance decile, sorting the list of county pairs by distance and then

grouping them into one of ten bins.

Table 5. Correlation Between Connected Counties' Polarization Measures by Distance.

Distance Bin (deciles) Spread  Dispersion Divergence Distinctness Size Parity
0-10 (Closest 10%) 0.177*** 0.190 ***  0.084 ***  (0.339 *** (.161 ***
11-20 0.044 ***  0.048 ***  0.014*** (0.089 ***  (0.029 ***
21-30 0.012*** -0.001 0.006 ***  0.014 ***  0.029 ***
31-40 -0.017 *** -0.037 *** -0.015*** -0.016 *** 0.013 ***
41-50 -0.032 ***  -0.042 *** -0.027 *** -0.025***  (0.025 ***
51-60 -0.032 *** -0.039 *** -0.014 *** -0.039 ***  (0.042 ***
61-70 -0.029 ***  -0.030 *** -0.015*** -0.057 ***  0.010 ***
71-80 -0.062 ***  -0.044 *** -0.017 *** -0.071*** -0.105***
81-90 -0.095 ***  -0.067 *** -0.029 *** -0.056 *** -0.190 ***
91-100 (Furthest) -0.015 *** -0.008 *** -0.017 *** -0.049 *** -0.081 ***

Note: p-values indicated as * for p < 0.05, ** for p < 0.01, *** for p < 0.001. No
asterisk shown if p was not significant. The bins group county pairs into deciles by the

distance between them.

The distance-based analysis revealed a clear pattern of decay in polarization

similarity as geographic distance increases. For most polarization dimensions, the

strongest positive correlations were observed among counties in the closest proximity

(the first decile in the table), with correlations generally decreasing and becoming

negative as distance increased. Size parity showed a positive correlation for the longest of

all the measures, remaining positive until the 71-80 bin until transitioning to a negative
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correlation. Overall, these distance decay trends support the idea that the impact one

county’s polarization levels have on another are indeed affected by distance.

Summary of Research Findings

Together, these analyses offer insight into each of the research questions.

RQL1. Polarization and Within-County Social Connections

How do patterns of within-county social connection density correlate with
measurable indicators of political polarization?

The cross-sectional analysis (Analysis 1) revealed that within-county social
connection density, measured by the support ratio, has dimension-specific relationships
with political polarization. Higher support ratio is significantly associated with increased
polarization dispersion (f = 0.309, p < 0.01), suggesting that counties with denser social
networks tend to have more varied political attitudes rather than homogeneous
viewpoints. However, the support ratio showed non-significant relationships with other
polarization dimensions: spread (f = 0.722, p = 0.253), divergence (f = 0.861, p = 0.103),
group distinctness (p = -0.104, p = 0.071), and size parity (B =-0.310, p = 0.427).

In the panel analysis (Analysis 2), support ratio did not significantly predict
changes in polarization measures between 2016 and 2020 except for group distinctness
(B =0.352, p <0.01), suggesting that while connection density may correlate with some
measures of polarization over time, it may have limited influence on changes in
polarization between four-year election cycles. These findings challenge narratives that
stronger community ties necessarily lead to political homogeneity, instead indicating that

dense social networks can also support diverse political viewpoints within communities.
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RQ2. Polarization and Cross-County Social Connections

To what extent do cross-county social connections predict political polarization
measures for each county?

The county connections analysis (Analysis 4) provided evidence that cross-county
social connections significantly influence polarization patterns. The standardized Social
Connectedness Index (SCI) showed small but significant negative direct effects across all
polarization dimensions, with the strongest effects for group divergence (B = -0.008,

p < 0.001). The level of polarization in the connected county showed larger and equally
significant positive direct effects on polarization in the first county, with the strongest
effects for spread and dispersion (both = 0.160, p < 0.001). However, the interaction
terms between SCI and friend county polarization measures were consistently positive
and significant across all dimensions but tended to be smaller than the main effect of
polarization level by itself (with interaction terms ranging from 3 = 0.025, p < 0.001 for
group distinctness to B =0.012, p < 0.001 for divergence). This reveals a nuanced
relationship where stronger connections generally appear to slightly decrease overall
polarization levels compared to weaker connections. Thus, while the polarization level of
a connected county in general tends to positively correlate with the polarization level of
the first county when considered in isolation, this relationship appears to be somewhat
neutralized when controlling for both the impact of the SCI and polarization levels
together, especially for county pairs with higher SCI values.

This pattern suggests a social influence mechanism where connected counties
tend to have similar polarization metrics, but stronger cross-county connections appear to

moderate the impact of this relationship. The consistency of this effect across different
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polarization measures strengthens the inference that social connections truly moderate
political difference between counties, creating networks of political similarity that

transcend county boundaries but also temper severe polarization.

RQ3. Economic, Geographic, and Demographic Moderators

How do economic, geographic, and demographic factors moderate the
relationship between social connection patterns and political polarization at the county
level?

The analyses consistently demonstrated that demographic factors, particularly
education and racial diversity, play crucial roles in moderating polarization. In Analysis
1, racial diversity showed significant positive associations with spread (B = 0.760,

p < 0.001), size parity (f = 0.614, p <0.001), dispersion ( = 0.187, p < 0.001), and
group distinctness (p = 0.016, p < 0.01). The educational diversity index showed positive
associations with spread (f = 0.915, p < 0.001), size parity ( = 0.882, p <0.001), and
dispersion (p =0.161, p < 0.01), but a negative association with divergence (p =-0.411,
p < 0.05). This suggests that more diverse counties have a wider range of political
viewpoints and more balanced partisan competition, but that counties with more diverse
educational backgrounds in particular tend to have less concentration of voters on the
extreme ends of the political spectrum.

Geographic proximity strongly influences inter-county polarization similarities, as
revealed in Analysis 4. The distance-based analysis showed a striking pattern where
geographically closer counties have positive correlations in polarization measures while
more distant counties show negative correlations. This geographic structure suggests that

although the frequently-discussed coastal-heartland divide may often predict which states
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vote red or blue in presidential elections, the particular patterns of how a county exhibits
polarization have more to do with its proximity to neighboring counties than its proximity
to a coastline (See Appendix 1 for visual representation of the geographic distribution of
each polarization measure).

Economic factors showed more complex relationships. In Analysis 1, income
inequality (Gini coefficient) was positively associated with spread (p = 0.368, p <0.01)
and dispersion (f = 0.081, p < 0.05), while unemployment showed significant positive
associations across all polarization dimensions except divergence (which showed a
significant negative relationship) and group distinctness (which showed no significant
relationship). This suggests that while higher inequality appears to particularly
correspond to an increased range of political views expressed in a country, higher

unemployment is likely to influence the distribution of votes in more ways than one.

RQA4. Polarization and Social Trust

How do patterns of social trust correlate with political polarization measures
over time?

The national-level analysis (Analysis 3) revealed an unexpected (though not
statistically significant) pattern that showed spread and size parity polarization measures
increasing at the same time as institutional trust measures between 2016 and 2020.
However, it is worth noting that dispersion, divergence, and group distinctness measures
decreased during this time period as well. While the polarization measures did not
increase across the board, the parallel increases in (spread) the extreme ends of the
political distribution and size parity (the relative balance of votes received by each party)

challenges the hypothesis that polarization necessarily erodes institutional trust. Instead,
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it suggests a relationship where heightened political engagement may increase certain
types of polarization at the same time as institutional confidence, perhaps particularly
when partisan identities become more strongly attached to institutional loyalties.
However, the findings of this descriptive analysis are limited by the availability of only
two time points and may be influenced by the extraordinary circumstances of the

COVID-19 pandemic and the 2020 election.

Overall Research Question

How do patterns of social connection and social capital influence the relationship
between political polarization and social trust in the United States, and to what extent
are these relationships moderated by demographic, economic, and spatial factors?

Considering each of the four analytic approaches, the results demonstrates that
social connection patterns significantly influence political polarization across multiple
geographic scales, but in nuanced and dimension-specific ways. Within counties, denser
social networks are associated with greater political diversity rather than homogeneity.
Between counties, stronger social connections simultaneously decrease overall
polarization levels compared to weaker social connections, but political polarization is
still positively associated with social connectedness between counties.

These relationships are also moderated by demographic factors, with education
and racial diversity playing particularly important roles. More diverse counties tend to
have wider ranges of political viewpoints but less extreme ideological separation,
challenging narratives that diversity necessarily increases polarization. Geographic
factors create distinct regional patterns of similarity, with nearby counties showing

similar political polarization profiles and distant counties showing opposite profiles.
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The relationship between polarization and trust appears more complex than
previously theorized, with the limited data suggesting that for some polarization
measures, both can increase simultaneously. Economic inequality, while important,
appears to most heavily influence spread polarization, playing a secondary role compared

to demographic and social factors in shaping polarization measures.
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Chapter IV.

Discussion

These findings reveal that the relationship between social connections and
political polarization is considerably more nuanced than previously theorized. By
examining polarization through Bramson et al.'s (2016) multi-dimensional framework,
my analysis uncovers patterns that challenge popular narratives about the drivers of

political division.

The Paradox of Social Connection Density

Perhaps the most significant theoretical contribution of this thesis is untangling
what I term the "connection density paradox." Within-county social connection density
(measured by support ratio) shows a small but significant positive relationship with
polarization dispersion (= 0.309, p < 0.05), but not with other polarization dimensions.
This finding directly challenges the "echo chamber™ hypothesis, where strongly
connected communities should exhibit more extreme political views (Baumann et al.,
2020). Instead, the results suggest a different mechanism: dense social networks may
actually facilitate the expression of diverse political viewpoints within communities
rather than enforcing homogeneity.

This finding extends Social Identity Theory (Abramowitz & Saunders, 2006) in
important ways. While the theory predicts that group identification increases in-group

favoritism, the results of my analyses suggest that when social networks are sufficiently
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dense, they may create countervailing forces that allow for political diversity. This also
complements Mutz's (2002) work showing that cross-cutting social ties can influence
individual attitudes, extending it by providing evidence of how network density mediates
this effect at the community level.

The temporal dimension of the analysis further illuminates this mechanism. In the
panel analysis, the support ratio did not significantly predict changes in polarization
measures between 2016 and 2020 except for group distinctness (the measure of how
many third-party candidates received votes), suggesting that while connection density
correlates with current polarization levels, it did not escalate polarization trends in the
short-term. This temporal pattern suggests that dense social networks may initially enable
the expression of diverse viewpoints (higher measured dispersion) while simultaneously
creating social constraints that prevent the development of more extreme polarization

over time.

Geographic Scale and Connection Effects

The analysis of connections between county pairs reveals a systematic
relationship between geographic distance and polarization similarity that advances
theoretical understanding of spatial polarization dynamics. The standardized Social
Connectedness Index (SCI) shows significant negative direct effects across all
polarization dimensions. However, the interaction terms between SCI and friend county
polarization measures are consistently positive and significant, revealing a nuanced
relationship where stronger connections simultaneously decrease overall polarization
levels while increasing the level of similarity between polarization measures for

connected counties. Furthermore, the level of similarity in polarization measures between
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connected counties also appears to correspond to the geographic distance between them,
with geographically closer counties also sharing more similar polarization measures than
farther counties. This pattern provides empirical support for Liu et al.'s (2019) theoretical
framework arguing for the persistent importance of geographic proximity in the digital
age; extending it with quantitative evidence of how distance mediates digital social
connection effects. Specifically, my analysis indicates that while digital technologies
have enabled connections across vast distances, they have not eliminated the fundamental

role of physical proximity in shaping political alignment.

Reconciling Contradictory Findings: The Role of Diversity

The analysis reveals seemingly contradictory findings regarding demographic
diversity that warrant careful interpretation. The racial diversity index and educational
diversity index both show significant positive associations with spread, dispersion, and
size parity, while the educational diversity index shows a significant negative association
with divergence. Rather than representing fundamental contradictions, these patterns
reveal the multifaceted nature of diversity's influence on political environments. More
diverse counties exhibit a wider range of political viewpoints (higher spread) and more
balanced partisan competition (higher size parity), but with less extreme ideological
separation (lower divergence) and higher variance of voting patterns (higher dispersion).
These findings challenge both the standard "conflict hypothesis™ (diversity should
increase polarization) and "contact hypothesis™ (diversity should decrease polarization)
(Dincer, 2011).

Instead, an integrated theoretical explanation may be a better fit for the data.

Specifically, it appears that more evenly distributed racial and educational diversity
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increases the breadth of political perspectives within a community (increasing spread and
dispersion) while simultaneously creating incentives for the bulk of voters to adopt more
centrist positions within the two-party system (decreasing divergence).

This interpretation also aligns with recent work by Interian et al. (2023) arguing
that there is an important distinction between general demographic diversity and
meaningful intergroup contact. In essence, diversity's effects on polarization might
depend on the social infrastructure that either facilitates or impedes meaningful cross-
group interaction, which is consistent with the dominant hypothesis in the reviewed

literature and my findings on social connectedness as well.

Policy Implications

My findings have several important implications for policymakers and civic
leaders concerned with addressing political polarization and strengthening democratic
resilience. First, the results challenge the assumption that stronger community ties
necessarily reduce or increase polarization. Instead, they suggest that denser social
networks may actually support a broader spectrum of voting patterns within communities
but also shift high concentrations of voters away from the extreme ends of the political
spectrum. This implies that efforts to strengthen local social capital should focus not just
on increasing connection density, but on ensuring these connections bridge across
different social and political groups. Programs that create opportunities for meaningful
cross-cutting social interaction may be particularly valuable for maintaining political
diversity without extreme polarization.

Second, the findings regarding geographic distance and polarization similarity

suggest that regional approaches to addressing polarization may be more effective than

87



national ones. The strong positive correlations in polarization measures among nearby
counties indicate that political environments are regionally clustered. This suggests that
state and regional leaders may have unique opportunities to address polarization through
policies tailored to local conditions, rather than relying solely on national approaches.
Third, the results regarding diversity challenge narratives that increasing
demographic diversity inevitably leads to greater political division. Instead, they suggest
that diverse communities may develop political attitudes that bridge ideological divides.
Policies that support meaningful integration and cross-group interaction in diverse

communities may help realize this potential for moderation rather than division.

Limitations

While the full analysis provides robust evidence for the key relationships detailed
in this thesis, several methodological challenges warrant consideration when interpreting
the findings. First, the national-level descriptive analysis of trust and polarization is
constrained by the limited number of time-points available (2016 and 2020). This makes
it unhelpful to draw conclusions about long-term trends in the relationship between
polarization and institutional trust. The parallel increases in specific polarization and trust
measures during this period may reflect unique circumstances of the 2016-2020
timeframe, including the COVID-19 pandemic and the contentious 2020 election, rather
than a generalizable pattern.

Second, the measures of social connection density rely on Facebook friendship
data, which may not fully capture all forms of social connection, particularly among older

or less digitally engaged populations. While the Social Connectedness Index provides
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unprecedented geographic detail, it represents a specific form of social connection that
may differ from in-person community ties.

Third, the polarization measures are derived from voting data, which captures
expressed political preferences but may not fully reflect underlying attitudes or
ideological positions. Furthermore, voting behavior is influenced by numerous factors
beyond political beliefs, including candidate characteristics, campaign dynamics, and
institutional constraints.

Finally, while I control for numerous demographic and economic factors, the
models do not account for all potential confounding variables. It is possible that
unobserved characteristics of counties may influence both social connection patterns and

polarization measures, potentially biasing the estimates of these relationships.

Future Research Directions

These limitations suggest several promising directions for future research.

Longitudinal Studies

Longer-term studies of polarization dynamics are needed to better understand the
temporal evolution of different forms of political division. Future research should
examine how polarization dimensions change over multiple election cycles and how

these changes relate to evolving social connection patterns.

Spatial Modeling
More sophisticated spatial modeling techniques could help further disentangle the

geographic patterns observed in the data. Techniques such as geographically weighted
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regression or spatial lag models could provide more nuanced insights into how

polarization spreads across geographic space.

Mixed-Methods Approaches

Combining quantitative analyses with qualitative case studies of specific counties
or regions could provide deeper insights into the mechanisms linking social connections
and polarization. Understanding how these relationships are experienced and interpreted

by community members would enrich the understanding of these dynamics.

Trust Measurement

Developing county-level measures of institutional and interpersonal trust would
enable more direct examination of how social connections influence trust at local levels.
This would help bridge the gap between county-level polarization analyses and national-

level trust measures.

Cross-National Comparison

Finally, extending this analysis to other democratic contexts would help
determine the generalizability of the findings beyond the United States. Different
electoral systems, social structures, and historical contexts may produce different
relationships between social connections and polarization, and a cross-national

comparison of granular polarization data would provide a rich source of insight.
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Conclusion

The multi-model approach used in this thesis demonstrates that social connection
patterns significantly influence political polarization across multiple geographic scales,
but in nuanced and dimension-specific ways that both extend and challenge existing
theoretical frameworks. Within counties, denser social networks are associated with
greater political diversity rather than homogeneity. Between counties, stronger social
connections simultaneously decrease overall polarization levels while increasing political
similarity between connected counties, creating networks of influence that transcend
geographic boundaries. Nevertheless, the geographic structure of polarization indicates
that nearby counties have similar polarization profiles and distant counties show opposite
profiles. This indicates that despite technological advances enabling connections across
vast distances, geography remains fundamental to understanding political alignment in
the United States.

Furthermore, these relationships are strongly moderated by demographic factors,
with education and racial diversity playing particularly important roles. More diverse
counties tend to have wider ranges of political viewpoints but less extreme ideological
separation, suggesting that diversity may actually moderate rather than exacerbate the
most extreme forms of polarization.

Together, these findings paint a picture of a politically connected landscape where
social networks, demographic composition, and geographic proximity interact to shape
local and national polarization patterns across the United States. They highlight the
importance of examining polarization as a multidimensional construct and considering

the multiple scales at which social connections operate to influence political
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environments. By advancing the academic understanding of these relationships, this
research contributes to both theoretical knowledge regarding polarization and practical

approaches to addressing political division in contemporary democratic societies.
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Appendix 1.

Geographic Visualizations of Polarization Metrics
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Figure 2. Geographic Distribution of Dispersion.
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Figure 3. Geographic Distribution of Divergence.
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Figure 4. Geographic Distribution of Distinctness.
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Figure 5. Geographic Distribution of Size Parity.
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