Social Networks and Voter Information

Victoria Mooers*

November 5, 2024

JOB MARKET PAPER

Updated frequently. Click here for latest version.

Abstract

Informed voters are essential for government accountability, and social networks are an important
avenue through which voters acquire political information. However, U.S. House of Representatives
districts do not necessarily align with social networks. This misalignment potentially impacts the ease
with which voters learn about their representatives, by altering the chance of encountering friends who
provide relevant political information. I study whether the alignment between district boundaries and
social networks affects voter knowledge, turnout, and campaign contributions in congressional elections.
Using Facebook’s Social Connectedness Index and an event study design, I find that an increase in
the share of friends living in the same district increases voters’ knowledge about their representative.
For example, a 10 percentage point increase in this share raises the probability that a voter knows their
representative’s party by 3.3 percentage points; this represents a 5% increase over the mean. Additionally,
a higher share of friends in the same district increases voter turnout in House elections and shifts campaign
contributions towards own-district House candidates. I use a model of information diffusion to simulate
the share of informed voters under counterfactual district maps, creating a framework to evaluate the
informational effects of alternative maps. These findings suggest that aligning political boundaries with

social networks can enhance democratic engagement.
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1 Introduction

Every ten years, the United States redraws its congressional districts, reshaping the political boundaries
that define constituencies for the U.S. House of Representatives. While the U.S. Constitution mandates that
these districts have roughly equal populations, it places few other restrictions on how these lines are drawn.
Literatures spanning social sciences, mathematics, and computer science have debated the most appropriate
way to measure the fairness of these districts (e.g., Stephanopoulos and McGhee 2015, McCartan and Imai
2023). But the proposed measurements typically assume that changes in district boundaries do not change
voter turnout: in a given location on the map, the expected number of voters from each political party is
fixed—regardless of which other voters are grouped in their district.

However, voters do not act in isolation. Rather, many voters primarily learn political information through
their friends, families, coworkers—their social networks (Lazarsfeld et al. |1944). The structure of social
networks has been shown to determine how information spreads, influencing a variety of economic outcomes
(Conley and Udry 2010, Banerjee et al. 2013, Beaman et al. [2021]). However, causal estimates of how social
networks impact political knowledge are limited (Fowler et al. |2011). In particular, the role of political
boundaries—which group some friends together while separating others—in social learning has not been
causally explored.

How does the alignment between social networks and political boundaries impact voters’ political knowl-
edge and behavior? Voters who live in the same district as a larger share of their friends may be more likely
to hear about their representative through their social network. In the aggregate, such incidental exposure
could lead to sizable differences in voter knowledge between areas where social networks are more or less
concentrated within district boundaries. Additionally, more informed constituents may be more likely to
vote (e.g., Snyder and Stromberg 2010), suggesting that changing district borders could also change who
turns out to vote. Without understanding this relationship between district borders and social networks,
existing measures of gerrymandering and electoral fairness remain incomplete, overlooking the role of social
networks in shaping political knowledge and participation.

In this paper, I estimate the causal impact of the county-level share of same-district friends (which I
refer to as “district homophily”) on voters’ knowledge, turnout, and campaign contributions in U.S. House of
Representatives elections. For the average person in a county, district homophily is the share of their friends
that live in their district. Using an event study design, I leverage changes in district homophily resulting from
redistricting, which I demonstrate are plausibly exogenous. Next, I develop a model of political information

diffusion within districts, and I use my reduced-form estimates to estimate the model’s unknown parameter



through indirect inference (Gourieroux et al.|[1993)). With this model, I then simulate county-level shares of
informed voters under counterfactual congressional district maps. These simulations provide a method for
studying the informational consequences of alternative maps.

I find that voters are more informed when their social networks better align with their congressional
districts. For example, I find that a 10 percentage point (slightly less than one standard deviation) increase
in district homophily raises the probability that a voter knows their representative’s party by 3.3 percentage
points, from a mean of 62% (a 5% increase) The same increase in district homophily raises the probability
that a voter recognizes their representative’s name by 0.7 percentage points, from a mean of 93%. By
Snyder and Stromberg[2010]s estimates, this is equivalent to the effect of publishing 15 additional newspaper
articles about the representative in the local newspaper (from a mean of 101 articles per congressional term).
I find no effect on knowledge of governors and senators—placebo outcomes, since these statewide offices are
unaffected by district borders—suggesting that the increase in knowledge of House representatives does not
reduce attention to other elected officials.

I also find that district homophily increases voter turnout in House elections and redirects campaign
contributions toward own-district House candidates. A 10 percentage point increase in district homophily
raises turnout in House elections (relative to turnout in the top-of-ticket election) by 0.4 percentage points
among general election voters, or 0.2 percentage points among the voting age population (roughly equivalent
to publishing 49 additional newspaper articles, by Snyder and Stromberg 20107s estimates). For the full
voting age population, this implies that for every four additional people who hear about their representative
through their social network, one more person votes in the House election. Additionally, a 10 percentage
point increase in district homophily raises the share of dollars contributed to in-district House candidates (as
a share of the county’s total contributions to all House candidates) by 7.4 percentage points, from a mean
of 51%.

This paper makes two primary contributions:

First, I contribute to the literature on how voters learn about politics by providing causal estimates
of the extent to which social networks impact voter knowledge at the scale of nearly the entire U.S. A
large literature on government accountability emphasizes the importance of informed voters in government
oversight, with informed voters receiving more public spending. This literature has emphasized traditional

media—such as TV, newspapers, and radio—as key sources of political information (e.g., Strémberg 2004,

1Tn 2012, the year of redistricting that I leverage, Americans had on average 245 Facebook friends (Hampton et al.|2012).
Around this same period, Americans were estimated to have on average 600 acquaintances (McCormick et al. 2010), though
only 10-25 people they trust (DiPrete et al. [2011). A 10 percentage point increase in friends is then, on average, an increase of
about 25 Facebook friends or 60 acquaintances.



Eisensee and Stromberg 2007, Ferraz and Finan [2008]). A related literature examines how the internet and
social media heighten responsiveness to government effectiveness by increasing voters’ access to information
and easing coordination (e.g., Manacorda and Tesei 2020, Guriev et al. 2021; but contrast to Falck et al.
2014)).

Nonetheless, as media choices have expanded, people can easily avoid political content if they are not
interested (Prior 2007, Prior [2019), and few people closely follow the news (Delli Carpini and Keeter 1996).
Consequently, incidental exposure to political information through social ties may be of increasing impor-
tance. As such, I build on this work by highlighting the role of social networks as a key source of information
for voters. A rich literature in political science thinks carefully about the role of social networks in the spread
of political information, but calls for more causal estimates (Baybeck and Huckfeldt [2002, Fowler et al. 2011]
Sokhey and Djupe 2011, Sokhey and McClurg 2012, Campbell 2013)@ Several studies have taken up this
challenge through lab experiments (e.g., Klar and Shmargad [2017, Druckman et al. [2018). Outside the
lab, through field experiments Fafchamps et al.[2019 and Arias et al.[2019 study consolidating democracies,
Mozambique and Mexico, respectively, and collect detailed data on social networks in order to analyze the
consequences of both incentives and social network structure on the spread of political information.

I build on these studies by estimating how social network structure impacts voter knowledge using data
from across the continental U.S. By employing national data on social ties, my analysis comprehensively
captures social networks, minimizing biases that may arise from excluding some ties, much like Alt et al.
2022, who use administrative data for all of Denmark to estimate the diffusion of economic information
through networks. Similarly comprehensive, Bond et al. 2012 analyzes the national-level impact on U.S.
voter turnout of a Facebook Election Day reminder that displayed pictures of friends who clicked an “I
Voted” button, demonstrating the role of social influence in voters’ turnout decisions, though not focusing
directly on information transmission within networks. My estimates, by contrast, leverage the geographic
variation in the U.S. social network, making my findings especially relevant for redistricting.

Second, I bridge the literature on social learning with the literature on models of political geography by

providing the first causal estimates of the extent to which the match between social networks and political

2Relatedly, I contribute to the broader literature on peer effects in political behavior (Sinclair [2012), which also explores
other mechanisms such as social pressure (Gerber et al. 2008, Sinclair et al. |2012) and recruitment (Klofstad [2007). Many of
these studies focus directly on how behaviors, such as voting, are transmitted: For example, Nickerson |2008| shows that in a
door-to-door canvassing campaign, not only are people directly treated (i.e., who answered the door) more likely to vote, but
so are other members of their households. Pons|2018|expands to a nationwide field experiment in France to analyze the effects
of door-to-door canvassing on persuasion and vote shares. Additionally, Cantoni and Pons|2022| and Brown et al. |[2023| estimate
the causal effects of place on political behavior, finding that the state in which voters live explains much of the variation in
voter turnout; their estimates combine peer effects with the effects of state institutions (such as same-day registration or voter
ID laws).



boundaries affects voters’ political knowledge and behavior. I use these estimates to simulate the informa-
tional consequences of alternative congressional district maps within a model of information diffusion.

Existing models of strategic partisan redistricting (or “gerrymandering”) generally assume that changes
to district boundaries do not affect the distribution of partisans in a given area. These models take the
perspective of a strategic gerrymanderer who has the goal of maximizing their party’s influence in a legis-
lature, such as by maximizing the expected share of legislature seats won, by strategically allocating voters
to districts under the constraint that districts have equal populations (Owen and Grofman 1988, Friedman
and R. T. Holden 2008, Gul and Pesendorfer [2010, Friedman and R. Holden 2020). The aim is to find the
gerrymanderer’s optimal strategy, which generally takes some form of “packing” a district with voters of a
single type and “cracking” other districts by mixing voters of different types. The gerrymanderer may face
some uncertainty over voter preferences, and the structure of the uncertainty influences the optimal strategy
(Kolotilin and Wolitzky |2020). However, in these models the choice of how the boundaries are drawn does not
impact the uncertainty: voters’ decisions are independent of the district map. A recent exception is Bouton
et al.|2023, which develops a model of strategic gerrymandering that accounts for heterogenous turnout rates,
and which allows for voters’ turnout decisions to endogenously respond to the turnout decisions of others in
their district. This model does not include information or social networks, so turnout decisions are driven
by changes in the expected benefit of voting. In a similar vein, measures of gerrymandering seek to detect
unfairly drawn maps through various measures of partisan bias, which also are constructed assuming that the
distribution of partisan voters is fixed (e.g., McCartan, Kenny, Simko, Ebowe, et al. 2024, Stephanopoulos
and McGhee [2015).

However, once social learning is taken into account, my findings suggest that voters’ turnout decisions will
indeed depend on how district borders are drawn, particularly how much of their social network is grouped
within their own district. To date, the literature on gerrymandering has largely overlooked the role of social
learning—primarily due to lack of social network data at sufficient scale. By leveraging large-scale, publicly
available data, my model and simulations offer a new way to evaluate district maps, as they show how
voter behavior changes in response to the degree to which districts align with social networks. While these
simulations are in partial equilibrium—abstracting from candidate responses, for instance—this approach
provides a foundation for reconsidering the fairness of district maps when informational consequences are
taken into account. Though my findings are specific to the U.S., this approach may hold relevance in any
context where political boundaries are drawn.

The remainder of this paper is organized as follows. In section[2] the empirical strategy is presented, with



a discussion of the construction of district homophily, as well as the event study design. Section [3] presents
the outcomes data. Section [] presents and discusses the findings on voters’ information, voter turnout,
and campaign contributions, while section [f] provides robustness checks. Section [6] outlines the theoretical
model of information diffusion within districts. Section [7] explains how the model is estimated and presents
the simulated outcomes under counterfactual maps. Section [§] concludes with policy recommendations and

suggestions for future research.

2 Empirical Strategy and Networks Data

2.1 District Homophily: A Measure of District and Network Alignment

Voters learn political information through their social networks (Lazarsfeld et al.|1944, Druckman et al.2018)).
For this to happen, though, voters’ friends need to have relevant political information themselves. Alt et al.
2022, for example, show in Danish data that people become more pessimistic about the economy when a
friend of a friend loses their job—presumably because they have heard the bad news from their immediate
friend. In the U.S. context, with 435 representatives in the House, people may pay more attention to their
own representative rather than others. As a result, it is plausible that a friend is more likely to know and
share useful information about a representative if they live in the same district. Accordingly, information
about representatives is likely to spread more quickly when people are more likely to interact with others
from the same district.

Assuming that information about representatives spreads more readily between friends in the same dis-
trict, the way district boundaries are drawn can shape how political information flows through social net-
works. I study how geographic mismatches between social networks and political boundaries influence this
flow, focusing specifically on the alignment between county-level social networks and congressional districts
To capture this alignment, I construct “district homophily”: the probability that a randomly chosen person
from a county and a randomly chosen one of their friends both live in the same congressional district

In order to construct district homophily, I use data representing the Facebook friendship graph, which
is one of the best available proxies for real-world social networks. However, I also construct an alternative
measure based on commuting flows, and with this measure I find qualitatively similar results. I construct

district homophily for counties in the 48 contiguous U.S. states, and I show that district homophily varies

3] focus on counties to facilitate linking to county-level outcomes data for vote counts and campaign contributions. However,
results on voter information and self-reported turnout are similar when instead using zip code-level social networks; see Section

4Friendship shares of a similar flavor underpin Echenique and Fryer [2007,



substantially across the U.S. I demonstrate that district homophily is (not surprisingly) correlated with many
determinants of social networks and district borders, but changes in district homophily due to redistricting
largely are not. Consequently, plausibly causal identification of the impacts of district homophily can leverage

these changes over time, as I discuss further in Section [2.2

2.1.1 Definition of District Homophily

To construct district homophily, let C = [1, ..., C] be the set of all counties and 7. be the share of county

¢’s friends that live in county k. The matrix of county friendship shares can be represented as

1,1 ... T1,C

TTci1 ... TO.C

Suppose, for a moment, that every county is fully contained in one congressional district. Then, district

homophily for county c is simply the sum of friendship shares across other counties in the district c is in, i.e.

Te = § Tk

k:d.=dy,

where 7. represents district homophily and d. is the district county c is in.

However, district borders do not necessarily follow county borders: counties can be fully contained within
a single district, but they can also intersect multiple districts I adjust for this by taking population-weighted
averages. Let q(. 4) represent the share of county c’s population that lives in district d. The probability that
a randomly chosen individual from county c lives in district d is then g 4). If we choose at random one
of this person’s friends, the probability that friend lives in county k is 7 ;; conditional on living in county
k, the probability that friend lives in district d is q(x,q). Accordingly, the overall share of the first person’s
friends that also live in district d (regardless of county) is >, .~ (7rc’ kX q(hd)). Then, taking the population-

weighted average across all districts county ¢ intersects, represented by D(c), gives district homophily:

Te = Z Z (Tek X d(e,d) X d(k,d))

deD(c) keC

5This is not unique to counties: federal law does not require districts within a state to follow the borders of any other
geographic unit.



2.1.2 Proxy for Social Networks: Facebook Social Connectedness Index

For data on social networks, I use the Facebook Social Connectedness Index (SCI) — one of the best existing
proxies for real-world social networks. Importantly, the SCI is publicly available, allowing others to apply
my model (developed in Sections to simulate outcomes under alternative maps of their choice.

In essence, the SCI aggregates the Facebook friendship graph to provide a measure of the strength of
social connection between two locations (such as counties) (Bailey, Cao, et al. |2018). For each pair of
counties, SCI.  is constructed as the relative probability of a friendship link between users in county ¢ and

county k:

Friendship Links,

SCI,., =
* ™ Facebook Users, x Facebook Usersy,

That is, the SCI is the number of friendship links between the two locations, normalized by the total number
of possible connections between themﬁ

I use the SCI for U.S. county-county pairs from the October 2021 snapshot The SCI is also available for
U.S. zip code-zip code pairs. I focus on county-county pairs to facilitate matching to county-level outcomes
data for vote counts and campaign contributions. However, I also construct district homophily using the zip
code pairs (see Section , and I show that the results on voter information and self-reported turnout are
robust to this alternative construction.

The SCI is an effective proxy for real-world social networks because it captures social ties that might not
be revealed in geography-based proxies, like commuting flows, that rely on physical proximity. The SCI has
been demonstrated to closely reflect offline networks (Bailey, Cao, et al. [2018} Bailey, Gupta, et al. |2021}
Kuchler et al. 2022)). Two features of the Facebook friendship graph aid this: First, it is very persistent over
time, because Facebook friendships accumulate throughout a lifetime Second, Facebook usage rates across

counties are uncorrelated with demographics like income (Chetty et al. 2022)E

6The SCI is scaled from 1 to 1,000,000,000, areas with particularly small populations are removed, and noise is added to
preserve privacy.

"There are 3,136 counties in the data, and each county appears in a pair with every other county (including itself). As such,
there are 9,834,496 county-county pairs. The SCI only includes users who have interacted with (including simply logging into)
any of Meta’s apps (Facebook, Instagram, WhatsApp) in the 30 days prior to the snapshot. Locations are assigned based on
users’ provided information (such as their stated city) and their device connection information.

8For example, Enke et al. 2023|report that according to their correspondence with the SCI authors, the correlation between
years of the SCI is above 0.99. Additionally, Bailey, Gupta, et al. |2021| finds that countries with higher social connectedness
trade more, and that this relationship is similar in every year back to 1980; Kuchler et al.|[2022|find that institutional investors
are more likely to invest in firms in regions with higher social connectedness to the investor’s region, and that this relationship
remains at least back to 2007 (the start of their data).

9Similarly, at the time of the snapshot, survey-reported Facebook usage rates were also relatively even across demographic
groups nationwide (Auxier and Anderson |2021). In particular, in 2021, Facebook usage rates (defined as whether you ever use
the platform) among American adults varied slightly between urban and suburban (70%) and rural areas (67%); when sliced
by race, income, and education, usage rates varied between 61% and 74%. The largest gaps emerge by age, with the lowest
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Figure 1: Comparison of District Homophily Constructed using SCI vs. Commuting Flows. Left: Dis-
trict homophily constructed for 2020 district borders. Right: Changes in district homophily due to 2012
redistricting. [ is the coefficient of the linear regression of SCI district homophily on commuting district
homophily.

Nonetheless, in Section I demonstrate that results are qualitatively similar if I use commuting flows
as an alternative proxy for social networks. Indeed, the measures from each dataset are strongly correlated:
the correlation coefficient between district homophily constructed using the SCI and district homophily
constructed using commuting flows is 0.67; further, the correlation coefficient between changes in each
measure due to the 2012 redistricting (which I use for identification, discussed more below) is 0.92. Figure
plots district homophily constructed using commuting flows against district homophily constructed using the
SCI (under 2020 borders), as well as the analogous changes in district homophily due to the 2012 redistricting
constructed using each dataset. Evident in the figures, commuting flows are naturally concentrated in a
smaller area than friendship networks, so commuting district homophily tends to be higher than SCI district

homophily.

2.1.3 Construction of District Homophily from SCI

Whereas the SCI gives the relative probability of a friendship between two counties, district homophily
is the share of a county’s friends that live in the same congressional district as the people in the county.
Accordingly, to construct district homophily I need to appropriately aggregate the SCI. I do this by using

the SCI to construct the IT matrix of county-county friendship shares, and then for each county summing

usage rates among 65+ year-olds (50%) and the highest usage rates among 30-49 year-olds (almost 80%); use among 18-29
year-olds reflected the national average at 70%. There are also minimal differences in Facebook usage rates by political party
(Vogels et al. . Facebook usage rates rose until 2016, and remained stable at around 70% of U.S. adults from then until
at least 2021. As of 2021, Facebook was the social media platform with the least heterogeneity in usage rates by age. While
18-29 year-olds were the heaviest users of all other platforms, their Facebook use was only exceeded by their use of YouTube
(95%) and Instagram (71%) (Auxier and Anderson .



friendship shares across same-district counties (adjusting for counties that intersect multiple districts).

The share of county c’s friends that live in county k, 7. j, is constructed as

Friendship Links,_
> jec Friendship Links,

Tek =
We can re-write the equation for SCI. ; as
Links. ; = SCI. ; x Facebook Users, x Facebook Usersy,

However, the number of Facebook users in each county is not made available, so this is not possible to directly
construct. Bailey, Gupta, et al.[2020| argue that we can substitute the population of an area for the number
of Facebook users. This requires the assumption that Facebook usage rates are the same across counties.
This assumption is likely benign: as mentioned above, Chetty et al. [2022] demonstrate that while there is
some variation in Facebook usage rates across counties, this variation cannot be predicted by demographics.

Replacing the number of Facebook users in a given county with the county’s population and re-arranging,

we get
SCI, x x Pop,

2jec (SCL; x Pop;)

which is feasible to calculate. I get each county’s population from the 2020 Decennial Census, and can then

Tek =

calculate 7. for each county.

Finally, the SCI is only available for one snapshot of the social network, in 2021. In order to derive district
homophily in each year over the period, I hold the social network fixed and I re-calculate district homophily
with each congressional border change—consequently, all changes in district homophily are due solely to
changes in the location of the district border As discussed above, social networks are slow-changing, so
this assumption is not unreasonable. Further, while in 2021 Facebook was evenly used across demographic
groups, around 2012 Facebook was expanding and still predominantly used by younger users—using the 2012
Facebook friendship network would be less reflective of offline networks. Lastly, holding the social network
fixed at its 2021 structure and projecting it back in time will primarily introduce measurement error. I

construct district homophily for each year from 2002 to 2022, i.e. the 107th-117th Congresses.

108pecifically, T assume that the share of a county’s friends in each other county remains the same. To do this, I also assume
that the populations are the same as Decennial Census 2020 populations (otherwise changes in population of one county would
affect friendship shares for many other counties).

10



2.1.4 Examples of District Homophily

To illustrate the relationship between the SCI and district homophily, as well a how district homophily can
change due to redistricting, consider Coosa County, Alabama, which experienced the biggest increase in
district homophily of any county following the most recent redistricting, which occurred in 2022 based on
population counts in the 2020 Decennial Census.

Figure [2] shows the value of the SCI between Coosa County and each other county in Alabama. Coosa
County is highlighted with a blue border. The counties that Coosa has the strongest social connections with
are in dark red, while the counties that Coosa is most weakly connected to are in light yellow; there is an
equal number of counties in each color bin. The maps only reflect Coosa County’s connections to the other
counties—they do not reflect how any other two counties are connected to each other. The map on the left
displays the congressional district borders in Alabama immediately prior to redistricting (the borders used
in the 2020 election), while the map on the right displays the borders immediately following redistricting
(the borders used in the 2022 election).

Coosa County is most strongly connected to other counties to its east, while the strength of its connections
drops off more quickly going west. Under the 117th Congress borders, Coosa County lies in the southeastern
corner of its congressional district, with the district border following the north, east, and south borders of
the county; Coosa County only shares a border with another county in its district on its western side, and
only one of the counties it is most strongly connected to (darkest red) lies in the same district. Under the
118th Congress borders, Coosa County is moved into the district that had been east of it. Coosa County is
still in the corner of the district, but its district border is reflected to the opposite corner, and Coosa County
is now grouped into a district with all but two of the counties it is most strongly connected to.

Thus, in the left map, Coosa County is cut off from much of its social network, while in the right map
Coosa County is grouped in with much of its social network. This is reflected in Coosa County’s district
homophily before and after redistricting. In Figure |3| the left map represents the district homophily of each
county of Alabama before the 2022 redistricting, while the right map represents district homophily after.
Again, there is an equal number of counties in each bin, so district homophily levels should be interpreted
as district homophily relative to other counties in Alabama. As we might predict from the SCI maps, Coosa
County has among the lowest levels of district homophily in Alabama under the 117th Congress borders.
However, under the 118th Congress borders, when it is grouped in with the counties with larger shares of its
friends, Coosa County has one of the highest levels of district homophily in Alabama. In particular, Coosa

County experiences a 39.3pp change in district homophily, going from 16.6% under the old borders to 55.9%

11
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Figure 3: district homophily of Alabama Counties. Left: 117th Congress boundaries; Right: 118th Congress
boundaries.

under the new borders.

2.1.5 Summary Statistics and Predictors of District Homophily

District homophily varies substantially across the continental U.S. District homophily is determined by
both social networks and district borders; consequently, demographics and geographical features that are
correlated with either of these determinants are highly correlated with district homophily.

Among the continental 48 states over the full period, mean district homophily is 41% with a standard
deviation of 14pp; minimum district homophily is 2% and maximum is 87%, while the 1st percentile is 8%
and the 99th percentile is 67%. The middle 50% of counties have district homophily between 32% and 51%,
and the middle 80% of counties have district homophily between 22% and 58%

Appendix Figures summarize how various geographic and demographic features correlate with

M These statistics are roughly stable over the full period. Throughout this paper, I focus on the 48 contiguous states — i.e.,
in results I exclude Alaska, Hawaii, Washington, D.C., and territories. However, all counties as well as foreign friendships are
included for calculating the scaled total number of friends (denominator) for each county.

13



district homophily, separately in 2012 and 2020 Generally, patterns are very similar in 2012 and 2020,
supporting the argument that at the county scale social networks remain very similar over this period. As
might be expected given that social networks tend to follow state boundaries (Bailey, Cao, et al. 2018),
counties in single district stateﬁ have higher district homophily on average (53%). Additionally, due to
the restriction that each congressional district within a state represent roughly the same population (across
states averaging about 760,000 in 2020, see Eckman [2021; Whitaker [2017)), counties with large populations
(including most urban areas) are more likely to be split by a district boundary in order to accommodate
this constraint; a one percent increase in county population is associated with a 0.05pp decrease in district
homophily.

The other determinant of district homophily is the geography of social networks. The biggest predictor
of social ties is distance (Bailey, Cao, et al. |2018]), so counties that are further from a congressional district
border will generally have higher district homophily. Naturally, this is more likely to occur in geographically
large districts, which are necessarily in areas with lower population density (again because each district
is meant to have roughly the same population). This leads to higher district homophily in rural areas.
Simultaneously, urban areas have much more geographically dispersed social networks, because they have
strong ties to other urban centers around the country (Bailey, Cao, et al. [2018); this further drives down
district homophily in urban areas. Similarly, counties with more people who have moved in the past year

have lower district homophily, with district homophily declining as movers come from further away.

2.1.6 Changes in District Homophily over Time

How is district homophily changing over time? I examine changes in district homophily due to redistricting
following the 2010 and 2020 Decennial Censuses (that is, the changes due to boundaries first used in the 2012
and 2022 elections, respectively). Recall that I re-calculate district homophily for each year by holding the
social network fixed. I then calculate the change in district homophily for a county following redistricting.
In both years, the average change in district homophily is nearly zero — 0.1pp in 2012, 0.3pp in 2022 — with
a standard deviation of 6.5pp and 5.9pp respectively. In 2012, the biggest drop in district homophily was by
36.6pp, while the biggest increase was by 32.7pp. In 2022, the biggest drop was by 31.0pp and the biggest

increase was by 39.3pp. Following the 2010 Census, 500 counties (16%) experienced nearly zero change in

12Variables on education, income, and geographic mobility are from the 5-Year ACS; variables on partisanship are based on
the presidential election in the given year and from MIT’s Election Data Science Lab; and the remaining variables are form
the Decennial Census. The figures show a regression of district homophily on each variable; that is, each coefficient should be
interpreted as the change in district homophily associated with a zero to one change in the predictor variable.

13In 2022, these were Delaware, North Dakota, South Dakota, Vermont, and Wyoming (as well as Alaska, which is not
included in my analysis). These five states contain 159 counties, or 5% of all counties in the data.
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district homophily (specifically, an absolute change of less than 0.1pp), and following the 2020 Census, 467
counties (15%) experienced nearly no change in district homophily. Thus, most counties experience some
change in district homophily, but very large changes are unusual.

In Appendix Figure I show the predictors of changes in district homophily for 2012. Most county
characteristics are not significantly correlated with changes in district homophily; the few significant correla-
tions that do exist disappear once media market and congressional district fixed effects are included (which
I will do in my preferred specifications, discussed below). When no fixed effects are included, the strongest
pattern is that older populations are more likely to experience an increase in district homophily. When media
market and congressional district fixed effects are included, the share of the population that is white and
non-Hispanic is positively correlated with changes in district homophily and the share with income below

the poverty line is negatively correlated. Accordingly, I control for these characteristics in my regressions.

2.2 Redistricting

District homophily measures variation in the match between social networks and congressional district bound-
aries, but it is not itself exogenous. District homophily is correlated with factors that determine district
boundaries, factors that determine social networks, and sociodemographic characteristics. Accordingly, in or-
der to have plausibly exogenous variation in district homophily, I need to control for these factors, especially
when they are possibly correlated with outcomes of interest.

In order to capture plausibly exogenous variation in district homophily, I measure the impact on outcomes
of a change in district homophily due to congressional redistricting. I use an event study design, focusing on
the redistricting that followed the 2010 Census. Focusing on a single redistricting event allows me to avoid
concerns related to staggered treatment events, and also allows for a visual test of pre-trends in changes in
district homophily. The Census was conducted in April 2010, and states needed to draw new congressional
district borders in time for the November 2012 elections. Accordingly, the congressional representatives first
elected under the new borders assumed office in January 2013. As such, the last year before the treatment
(i.e., a change in district homophily) will consequently depend on the outcome. For outcomes that relate to
the current representative, 2012 is the last year before treatment. For outcomes that relate to the upcoming
election (therefore more related to the next representative), 2011 is the last year before treatment (or more
commonly 2010, for outcomes only available in even years).

Assuming 2012 as the last year before treatment, the event studies accordingly take the following form:
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7=2010 T7=2022

Yict = )\t + Z ﬁTAﬁcH(T = t) + Z ﬁTAﬁcH(T = t) + Xct6 + Zict'y + €ict (1)
T7=2006 T7=2014

where where ;. is the outcome for a given individual ¢ in county ¢ in year ¢, A7, is the change in district
homophily experienced by county ¢ between 2012 and 2013, \; are year fixed effects, X is a vector of
county-by-year controls (to further adjust for things like changing demographics over time), and Z;.; is a
vector of individual controls. Errors €;.; are clustered at the county level.

I can additionally include district-by-year fixed effects. This can be thought of as controlling for House
election-specific factors that impact outcomes for all counties in the district. These can include characteristics
of each of the candidates, scandals, national attention, levels of fundraising and campaign spending, etc.

Another concern may be that social networks may be highly correlated with media markets, and con-
sequently congruence actually just reflects the impacts of TV and radio news or political advertisements
bought at the media market level. To address this concern, I use the boundaries of the Nielsen Designated
Market Areas and include DMA-by-year fixed effects.

Lastly, I control for partisan biases in network connections by constructing each county’s exposure to
Democrats. For each county, I multiply the share of the county’s friends in each other county by the
Democratic vote share in the county in the most recent presidential election; I then sum this across all
counties the given county is connected to. In essence, this forms a rough approximation of the share of a

county’s friends that voted Democratic.

3 Owutcomes Data

I study the impact of district homophily on voters’ knowledge and political behavior. I begin with survey
data to study voters’ knowledge of their representatives and their self-reported vote choices and candidate
preferences. I then incorporate vote count data to reveal actual voting behavior, as well as data on campaign

contributions to understand impacts on donation behavior.

3.1 Voters’ Information

I test whether voters in counties with higher district homophily are more informed by using responses in the
Cooperative Election Study (CES) (formerly the Cooperative Congressional Election Study, or CCES; see for
example Schaffner, Ansolabehere, and Shih [2023) to measure voters’ familiarity with their representatives.

The CES is a nationally representative survey that has run annually from 2006 to 2022 and ask about
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topics including demographics, political attitudes, political knowledge, and voting intentions and choices.
In federal election years (i.e., all even years), a pre-election survey is conducted from late September to
late October, and a post-election survey is conducted in November. In non-federal election years (i.e., all
odd years) a single survey is conducted in the fall. I use the pre-election surveys (or single surveys in odd
years) for 2006-2022. The CES sample consists of 50,000+ adults in every federal election year since 2010
(>30,000 in 2006 and 2008) and 10,000+ adults in every odd year. I use the CES’s cumulative weights, which
re-weight observations to make sample sizes comparable across years (see Kuriwaki|2018). The CES includes
each respondent’s county and congressional district, enabling me to link respondents to county-level district
homophily measures and to observe responses to questions about each respondent’s own representative.

I construct three binary variables to assess how familiar respondents are with their current representative.
Detailed descriptions of these variables are in Appendix Table 2l Respondents are asked to “Please indicate

)

whether you’ve heard of this person and if so which party he or she is affiliated with...”. They are asked
this about their current House representative, both of their senators, and their governor. Respondents can
answer “Never Heard of Person”, “Republican”, “Democrat”, “Other Party/Independent”, or “Not Sure”. The
first dummy variable, “Heard of Incumbent”, is coded as 0 if the respondent answered “Never Heard of
Person” and 1 otherwiseE This variable captures whether the respondent claims to have any familiarity
with their representative at all: do they even recognize the name? The second dummy variable, “Selected
Party”, is coded as 0 if the respondent answered “Never Heard of Person” or “Not Sure”, and 1 otherwise.
This variable indicates whether, beyond recognizing the representative, the respondent claims to have some
knowledge about them: they claim to know the party the representative belongs to (though they may just
be guessing). Lastly, the third dummy variable, “Selected Correct Party”, is coded as 1 if the respondent
selected the correct party for the incumbent and 0 otherwise. While lucky guesses cannot be ruled out, this
variable generally indicates that the respondent at least knows enough about their representative to know
what party their representative belongs to. Appendix Table [3| shows that, as expected, fewer people select
their representative’s party (68.6%) than claim to have heard of them (93.2%), and fewer still select the
correct party (61.6%—though, among those who select a party, the overwhelming majority select the correct
party).

As when constructing the district homophily measure, I only include respondents in the 48 contiguous

141n 2006, 2007, and 2009, respondents do not have the option to say “Never Heard of Person” and instead can only say “Not
Sure.” Consequently, I drop these years in regressions using the “Heard of Incumbent” variable. Note that 2008, 2010, and 2011
still provide observations of this variable prior to the redistricting that follows the 2010 Decennial Census, because the new
districts first apply in 2012.
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states Additionally, not all counties are represented in every year; in even years, there is at least one
respondent from 80-90% of counties, while in odd years about two-thirds of counties have at least one
respondent. Because the weighted sample is representative of people living in the U.S. (rather than of U.S.
counties) and more people live in urban areas (which tend to have lower congruence), the average respondent’s

county congruence is slightly lower at 37% (compared to 41% for the average county)@

3.2 Voter Turnout

I test impacts of district homophily on voter turnout and vote shares using both survey responses in the
CES as well as county-level vote count data from Dave Leip’s Election Atlas.

I begin with CES survey responses in order to study impacts on voting within the same sample as the
information outcomes. The pre-election surveys ask respondents questions about their voting intentions
(e.g., who they prefer among candidates running), while the post-election survey asks respondents about
who they ended up voting for. I use both the pre-election survey and the post-election survey: while the
post-election survey asks about actual vote choices, outcomes from the pre-election survey utilize the same
sample as the information outcomes (because there is some attrition between surveys).

Next, I use county-level vote counts from Dave Leip’s Election Atlas to measure the impacts of district
homophily on actual voting outcomes. I use the period spanning 2002-2020; 2002 is the first election under
the district boundaries that are in place through the 2010 election, and 2020 is the last election under the
district boundaries that are first used in the 2012 election.

In order to include district-by-year fixed effects, I take two approaches. First, when using this county-
level vote count data, I include only counties that are in a single congressional district, or I only link the
county to the congressional district that a majority of its population is in. Second, I use other data sources
to construct the same voting outcomes at the county-by-district-level, using precinct-level vote count data
(see Appendix Section for details). I do not use the precinct counts for my main results as it does not
fully span my time period. However, I find qualitatively similar results using this data (described in Section
5).

15Tn these 48 states and across all 17 years of the CES, there are 612,085 respondents (552,307 excluding 2006, 2007, and
2009). I exclude missing responses to the candidate party recognition question (<2% of respondents in each year; for most of
these cases, the House candidate name is missing in the survey). When including individual demographic controls, I similarly
exclude respondents who did not answer the relevant demographic questions. I also exclude a small number of respondents in
2006 and 2007 that are assigned to counties that are not in their state of residence. Lastly, in the 2020 survey, 925 respondents
in North Carolina were assigned to incorrect congressional districts, and consequently were shown the candidate names for the
wrong district. I exclude these respondents, since they were not asked about their familiarity with their own representative.
See Schaffner, Ansolabehere, and Luks 2021}

16The distribution is otherwise similar to the county-level distribution, with a standard deviation of 11pp, a minimum of 9%
and a maximum of 74%.
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I focus on turnout in the House election relative to turnout in the top-of-ticket election, i.e., the election
that is likely to receive the most attention and have the most force in driving voters to show up at the polling
booth. T define the “top-of-ticket” election as the Presidential election when it occurs (every four years), and
in midterm years as the Senate election (if occurring, which it does for about two-thirds of counties in
midterm years), else the Governor election (if occurring, which it does for about a quarter of counties in
midterm years)E Accounting for the top-of-ticket election helps to further control for factors unrelated to
the House election that may drive differences in overall turnout, including differences in the cost of voting.
In particular, I construct the difference between the number of votes cast in the top-of-ticket election and the
number of votes cast in the House election, as a share of the top-of-ticket votes cast. This measure captures
the share of voters who, despite having paid the cost of voting in order to vote in the top-of-ticket race,
choose to abstain from the House election. (This is also referred to as “roll-off,” the seemingly paradoxical
phenomenon that Timothy J Feddersen and Pesendorfer [1996|seck to explain with their model of the “Swing
Voter’s Curse,” and which Miller [2022; Snyder and Stromberg 2010 also study empirically.) Details and

descriptive statistics are provided in Appendix Section [B.2.2]

3.3 Campaign Contributions

I test impacts of district homophily on donation behavior using data on campaign contributions to House
candidates from Kuziemko et al.|2023| which is constructed from the Federal Election Commission campaign
contribution data in Bonica [2014, For a given contribution, Kuziemko et al. |2023| use geocoding to identify
whether the contributor lives in the same congressional district as the House candidate they are donating
to. Then, for each Census tract, they construct the aggregate amount of donations to in-district candidates
and to out-of-district candidates (both the dollar amount, and the number of contributors). With this data

in hand, for each county I construct the share of contributions to in-district candidates, for 2002-2016.

4 Results

Section [4] presents my main results that district homophily increases voters’ knowledge about their represen-
tatives, and accordingly decreases abstention in House elections. I also find that district homophily shifts

donations to same-district House candidates and away from out-of-district candidates.

17In each midterm year, there are a few states where neither a Senate election nor a Governor election occurs, but this only
applies to about 10% of counties on average.
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4.1 Voters
4.1.1 Voters’ Knowledge about Representatives

I estimate positive and significant coefficients for the impact of district homophily on voters’ knowledge about
their representatives. Figure 4] presents the event studies for outcomes “Heard of Incumbent,” “Selected
Party,” and “Selected Correct Party” constructed from the CES data. I find that an increase in district
homophily has an immediate and persistent positive impact on voters’ knowledge. I focus on even years of
the CES survey until 2022 (the last year before the next national redistricting event) The g and dashed

line on the figures indicate the estimated aggregate effect, from the specification of the form:

Yiet = @+ P1AT. + Boll(t > 2012) + B3AT. x I(t > 2012) + Xtd + Ziety + it

In the event studies shown, I include district-by-year fixed effects, DMA-by-year fixed effects, individual
demographic controls from the CES, county-by-year demographic controls from the Decennial Census and
5-Year ACS, and the control for partisanship of the social network; however, adding the fixed effects and
controls beyond the district-by-year fixed effects makes little difference. Further, results are similar when
county fixed effects are included. District homophily is measured on a scale from 0 to 1, and outcome
variables are binary. As such, reported estimates give the change in probability of the outcome (measured
between 0 and 1) that would result from a 0 to 1 change in district homophily.

The event studies show that the change in voter knowledge due to changes in district homophily in
redistricting most strongly takes effect in the first survey after redistricting (2014). Impacts are relatively
stable over time. The otherwise stability of the estimates may be attributable to an attention story: only
voters who have a high share of friends in their district are reminded by their friends about their representative
often enough to actually remember their representative’s name and political party when asked to fill out the
survey.

Based on these estimates, if we assume linear impacts, an increase in a county’s district homophily by
10pp would increase the probability that a respondent in that county has heard of their representative by
0.7pp (recall from Tablethat the mean is 93.2%). The same change in a county’s district homophily would

increase the probability a respondent in that county selects a party by 3.2pp (from mean 68.6%) and selects

18The odd years have a sample about one-fifth the size of even years. As such, including odd years yields similar results
with noisy estimates on the odd-year coefficients. Focusing on even years also gives consistency in interpretation: the event
studies thus reflect voters’ knowledge of their current representative shortly before the election that will replace or re-elect that
representative. Further, voting outcomes (in the next section) are mostly only available in even years.
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the correct party by 3.3pp (from mean 61.7%)

As discussed in more detail in Section [5] I find similar results when using commuting flows as an al-
ternative proxy of social networks. Additionally, I do not find evidence that district homophily increases
voters’ knowledge on placebo outcomes (i.e., the same three outcomes but for the respondent’s governor and

senators).

4.1.2 Voters’ Choices

How does information translate into vote choices? I examine the impact of district homophily on voter

turnout and on voters’ candidate preferences.

Survey Responses I start with examining subjects self-reported voting preferences and choices in the CES
survey. This allows me to look at voting outcomes using the same sample as the information outcomes. The
CES asks voters about their voting intentions and preferred candidates (in the pre-survey, run in September
or October) and later about their actual vote choices (in the post-survey, run following the November
election) I run event studies analogous to equation |l| to examine the impact of district homophily on
voting-related outcomes; however, here I treat 2010 as the base year, as 2012 elections occur under the new
district boundaries, and accordingly district homophily with the new district may begin to impact voter
behavior in the 2012 election.

First, consider voters’ House candidate preferences reported in the pre-survey. Subjects are asked “In the
general election for U.S. House of Representatives in your area, who do you prefer?” and are shown a list of
names of candidates running in the election for their district. Subjects can choose a name, or indicate no
preference for any particular candidate with options like “No One” or “Not Sure.” Accordingly, I construct
indicators for whether the subject prefers the incumbent (i.e., the name of their preferred candidate matches
the name of their current House representative), prefers an opponent (i.e., the subject chooses the name of
a candidate that is not the incumbent), or prefers neither. In Figure |5} I show event studies for these three
outcomes; I always restrict to cases in which an incumbent exists|*!|

Results are noisier, but an increase in district homophily is associated with an increase in preference for

19Recall from Section [2.1.6 the a one standard deviation change in district homophily following redistricting is roughly 5pp;
one standard deviation of district homophily itself is 11pp. The largest changes in district homophily following redistricting are
around 30pp.

20 All subjects that complete the pre-survey are asked to participate in the post-survey, though there is some attrition. Weights
do not account for this attrition.

211 define a candidate as an incumbent if they are an incumbent for anyone in the survey — i.e., a candidate is an incumbent
if they are currently serving in the House. Consequently, in 2012 the definition of “incumbent” is somewhat spurious, as due to
redistricting, there are many subjects for whom an incumbent exists, but that incumbent is not their current representative.
Note, however, that we can exclude 2012 and the results are similar.
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Figure 4: Effects of Increase in District Homophily on Voter Familiarity with Representative
22



the incumbent. However, this increased preference for the incumbent does not come at the cost of preference
for the opponent (which remains unchanged) but rather comes from a reduction in subjects reporting that
they prefer no candidate.

Second, I examine whether these preferences translate into actual changes in votes. Here, in order to
disentangle effects on vote choice from effects on turnout (which I address below), I restrict to subjects
who voted in the general election Here again, I find the same pattern: I find no impacts on votes for
the opponent but an increase in reporting voting for the incumbent (see Appendix Figure , driven by
a decrease in subjects who report not voting in the House election, as seen in Figure [f] Because I have
restricted the sample to general election voters, this outcome is equivalent to roll-off: turning out for the
general election, but choosing not to vote in the House election.

Together, conditional on already turning out to vote, district homophily may increase extensive margin

participation in House elections. To test this, I turn next to actual vote count data.

Vote Count Data Figure|7|shows the impact of an increase in district homophily on turnout in the House
election, relative to top-of-ticket turnout; specifically, the outcome is the share of top-of-ticket voters who
abstain in the House election, or “roll-off.” Consequently, a decrease in roll-off corresponds to an increase
in turnout. The specification used includes district-by-year fixed effects (for the district the majority of
a county’s population is in — counties for which no district has a majority of the county’s population are
dropped), DMA-by-year fixed effects, and county-by-year demographic controls. Results are similar when
restricting to counties fully within one congressional district.

The negative impact indicates that district homophily reduces roll-off: if a county has an increase in
district homophily, its voters become more likely to vote in the House election conditional on turning out
to vote in the top-of-ticket election. Recalling that mean rolloff is about 4pp, the estimate indicates that a

10pp increase in district homophily reduces rolloff by 0.04pp, or by 10%.

4.2 Campaign Contributions

Figure [§| shows the impact of an increase in district homophily on the share of dollars contributed to in-
district candidates, as a share of all county donations to House candidates. In particular, a 10pp increase in

district homophily is associated with a 7.4pp increase in the share of contributions to in-district candidates,

22The CES links survey respondents to state voter rolls and constructs indicators of whether respondents are active registered
voters and of which elections there is a record of the respondent voting in. I include both subjects who are in this manner
validated as turning out in the general election, as well as subjects who self-reported turnout when asked whether they voted
in the November election.
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Figure 5: Effects of Increase in District Homophily on Voter Preferences in CES
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Impact of Increase in District Homophily Following 2012 Redistricting
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Figure 7: Effects of Increase in District Homophily on Roll-Off
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Figure 8: Effects of Increase in District Homophily on Share of Contributions to In-District Candidates

from a mean of 51%.
I do not find any impact on total donations to House candidates (see Appendix Section|C.3.3)), indicating
that this increase is driven by shifting donations away from out-of-district candidates and towards in-district

candidates, rather than changing the overall amount that contributors are allocating towards House races.

5 Robustness

I find in my main specification that district homophily has a positive effect on voters’ knowledge of their
representatives. 1 explore the robustness of this finding by testing whether district homophily impacts
placebo outcomes, by constructing an alternative measure of district homophily using commuting flows, by

using an alternative empirical strategy, and by using zip-code-level network data.

5.1 Placebo Outcomes

I test whether district homophily impacts voters’ knowledge of their governor and senators: because these
offices are elected through statewide elections, and consequently congressional district borders are not relevant
for them, district homophily should not impact them.

CES respondents answer similar questions about whether they have heard of and can identify the party
of their governor and each of their senators. From these responses, I construct outcome variables analogous

to the ones in the main analysis, and which measure whether voters have heard of, select a party for, and
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select the correct party for their governor and their senators. These variables are summarized in Appendix
Table [6l

I find no significant impact of district homophily on these nine outcomes. Results are reported in Ap-

pendix Section

5.2 Commuting Flows as an Alternative Network Measure

Commuting flows can be used as an alternative measure of social networks: the number of people that
commute between two counties reflects patterns of who is regularly physically proximate to each other.
Replicating the analysis using commuting flows can shed light on the extent to which the SCI captures
“real world” offline networks. I use the 2016 5-Year ACS County-County Commuting Flows, which report
the average number of people that commute between two counties, and I construct commuting district
homophily as the share of a county’s commuters that stay within the county’s district when commuting. For

county ¢ in district J (which contains counties j) and all US counties K (which contains counties k),

>_jes Commuters; ;

Commuting District Homophily, =
> rex Commuters;

In Appendix Table[7] I report results for the effect of commuting district homophily on voters’ familiarity
with their representatives. Estimates are of smaller magnitudes but otherwise are similar: across specifi-
cations, commuting district homophily has a positive effect on measures of voters’ familiarity with their
representatives, with significance at at least the 5% level for all but one estimate. I interpret the smaller
estimates as reflecting the fact that commuting flows are a rougher approximation of social networks than
the SCI. Additionally, the larger effects when using the SCI to construct district homophily likely also reflect

use of Facebook to share news about representatives.

5.3 Border Pairs Specification

An alternative identification strategy that does not rely so heavily on the 2012 redistricting event is to
compare pairs of counties that lie across a district border from each other (Snyder and Strémberg [2010L
Spenkuch and Toniatti|2018]). The two counties in a pair should be largely similar, except for which district
they are assigned to. In particular, because they are in different districts, they will likely have different district
homophily levels. Accordingly, we can identify the impact of district homophily by comparing deviations

from the county-pair’s mean in one county to deviations from the county-pair’s mean in the neighboring
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county. The specification for this design is

Yet = Q¢ + Hpt + ﬂ'frc,t + Xét5 + Eect

where y.; is the outcome of interest for county c in year ¢, p,: is the pair-by-year fixed effect, 8 is the
coefficient of interest, and X/, is a vector of time-varying county-level controls. I restrict to counties fully
within one district. Because counties can border multiple other counties across a district border, I follow
Spenkuch and Toniatti |2018| and collapse all outcomes to the county level then include one observation for
every pair that a given county is in.

Because the sample becomes quite restricted when we focus only on border counties within one district,
precision decreases substantially. I do not include district-by-year fixed effects because there is not enough
data to accommodate them, so I instead include state-by-year fixed effects. I also restrict to only comparing
pairs within the same state (though results are qualitatively similar when I include all county pairs).

Appendix Table[§reports the results of the border pairs specification. With the border pairs design, I find
very similar results as in the redistricting design, except estimates on “Selected Party” become insignificant

after adding DMA-by-year fixed effects.

5.4 Zip Codes

Being updated.

6 Model of Information Diffusion within Districts

The following model formalizes the connection between my primary measure (district homophily) and the
share of voters in a county that are informed about their representative.

Consider pieces of news about congressional representatives arising and spreading in a population. In a
given area, what is the steady state share of people who have learned some relevant (i.e., sufficiently recent)
news about their representative? I represent this process using a mean-field approximation, applying Jackson

and Lopez-Pintado (2013))’s model of diffusion with homophily and heterogenous types.

6.1 Types of individuals

The society consists of a continuum of agents N = [0,1]. Within the society, each agent is assigned a type

based on where they live.
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In particular, let D = [1,..., D] be the set of all congressional districts and C = [1, ..., C] be the set of
counties. There is no ranking between districts and counties: counties can be fully within districts, districts
can be fully within counties, or neither. Agents are characterized by the congressional district d € D and
county ¢ € C in which they reside. An agent is of type (c,d) if they live in the intersection of county ¢ and
district d. Accordingly, there C x D possible types.The society is partitioned by type, such that n(c,d) € [0,1]

is the fraction of agents of type (c, d).

6.2 Friendship shares between types

The share of friends each type has of each other type can be described by the matrix

T(1,1),(1,1)  ---  T(1,1),(C,D)
II' =
m(c,D),(1,1) --- T(C,D),(C,D)
where (¢ gy(cr,ary > 0 is the share of type (c,d)’s friends that live in (¢/,d’). Equivalently, in any given
encounter, this is the probability that an agent from county ¢ and district d meets an agent from county ¢’
and district d’. Accordingly, 25:1 25:1 T(e,d) (e, @) = 1. Assume that if m g ¢y = 0 then m( gry(c,ay = 0,
because friendships are mutual (but observe that otherwise 7. 4y(cr,ay need not equal 7(cr gry(c,q)). If eNd = 0,

for any ¢ and d’' 7 qy(cr,a) = 0.

6.3 Information sharing process

Any individual can be informed (state 1) or uninformed (state 0) about their own congressional representative
at any given point in time. Individuals only care about news about their own representative; consequently,
they only become informed if they receive a piece of news about their own representative. A random set of
agents are initially informed because they are seeded with a piece of news about their own representative.
Once informed, agents forget the news and become uninformed at rate § > 0.

Uninformed agents can become informed if they receive news from an informed friend from the same
district. In particular, each period, every agent meets with one friend to receive news. The meeting does
not need to be reciprocal: one agent can receive news from the other without the reverse being true

For brevity, I will say that an agent “meets” a friend to mean that an agent “receives news from” a friend,

23 As Jackson and Loépez-Pintado [2013|explain, assuming that the meetings are reciprocal requires adding the constraint that
(i, )75y (k1) = 7k, DT (r 1y@i,5) — that is, that the number of interactions from type (i,) to type (k,l) in a period is the
same as the number of interactions from type (k,!) to type (¢,J) in a period.
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using the two terms interchangeably. While an agent may meet any friend, they are only interested in the
news about their own representative, as this is the only information that matters for their decision at the
ballot box. Accordingly, an uninformed individual becomes informed if (i) the friend they meet is from their
same district, (ii) that friend is informed. However, assume that there are some frictions to communicating
information, such that when an uninformed agent meets an informed same-district friend, the informed

friend’s news is communicated with probability « € (0, 1]@

6.4 Timing

To summarize, consider the process as occurring in discrete periods that each proceed as follows:
1. Begin each period with some agents in state 1 (informed) and some agents in state 0 (uninformed).
2. News is shared. Each agent meets one friend.

3. Uninformed agents who meet an informed same-district friend become informed with probability «.
(No change occurs if an informed agent meets another informed agent, or if agents from different

districts meet.)

4. At the end of each period, a share ¢ of informed individuals become uninformed.

6.5 Individual transition probabilities

Per unit of time, what is the probability that an uninformed individual becomes informed? This will depend
on the share of an individual’s same-district friends that are informed.

Let p(c,a)(t) denote the probability a type (c,d) agent is informed at time ¢. Let pcq)(f) represent the
probability that a type (c,d) agent meets a same-district informed friend at time ¢. That is, p,q)(t) is the
share of type (c,d)’s friends that (i) live in the same district, and (ii) are informed at time t. p. q)(t) is
constructed as the weighted average share of informed friends, with weights given by the friendship shares

from II, and with friends from other districts treated as if they are all uninformed:

24, captures frictions in communication from both ends of the interaction: both the probability that the recipient of the news

does not pay attention to it, as well as the probability that the conveyer of the news fails to pass it on. « is the probability of
transmission, conditional on an uninformed agent receiving news from an informed, same-district agent.
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Peay®) = D (Teaye.a) X pleran(t) x I{d' = d}) (2)
ceCd €D
=D (M) X pea(t)) (3)
c'eC

Therefore, at time ¢, the rate that an uninformed type-(c,d) agent transitions to informed is ap(c,aqy(t):
the frictions in sharing information multiplied by the probability of meeting a same-district informed friend.

Representing time ¢ € Ry as continuous, the dynamics are

dp c,d (t) ~
a2 dt) = (1= p(e,a) (1)) (p(c,a)(t) — p(c.a)(t) (4)
———
Share in state 0 Rate 0—1 Rate 1—0xShare in state 1

That is, the change in the probability a type (c,d) person is informed is given by the difference between
the share of (c,d) people who become newly informed and the share of (¢,d) people who become newly

uninformed.

6.6 Steady state

In the steady state, dp“g’li?(t) = 0 for all (¢,d). Consequently, at the steady state, the probability that an

individual of type (¢, d) is informed is given by

AP (c,d)
= 5
p(c,d) aﬁ(c,d) + 6 ( )

6.7 Aggregating to county-level

When friendship shares are only known at a more aggregated level, such as counties, I can construct the
aggregated steady state probabilities by taking population-weighted averages. In particular, let 7. » represent
the probability that an agent from county ¢ meets an agent from county ¢’ (regardless of district) in any

given meeting. The county-county friendship matrix, as above, summarizes these probabilities:

1,1 ... T1,C

TTci1 --- TO.C
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Let D(c) be the set of districts that county ¢ intersects with. Recall that n(c, d) is the fraction of agents of

n(c,d)
2a'epey nled)”

Assume that friendships are uniformly distributed within a county. Then, 7(. ay(/,a) = Te,er X G(er,ar):

type (c,d). Then, the share of county ¢’s population in each district d it intersects is g4y =

the probability a type (c,d) agent meets a type (¢/,d’) agent is approximated by the probability an agent
from county ¢ meets an agent from county ¢/, multiplied by the probability that an agent living in ¢’ also
lives in d'.

The share of people in a given county that are informed about their own district at time ¢ can then
be constructed as p.(t) = > ¢ D(e) Uesd)Plc,d) (t): the population-weighted average share of informed people,
summing across each district the county intersects.

The probability that, in any given meeting, an agent from county ¢ meets an informed agent who lives

in the same district is

pe(t) = Z Z (WC,C’ X per(t) X q(c,d) X Q(c’,d)) (6)
c'eC deD(c)
where 7. X pe(t) gives the probability an individual in ¢’ is informed weighted by the probability of
meeting an individual from ¢/, and q(c,q) X q(~,q) represents the probability that the two agents live in the
same district [2%]

Accordingly, the steady state probability that an individual from county c is informed is

Qape
— e 7
Pe ape+ 6 ™)

6.8 District Homophily

The joint probability of meeting a friend who lives in the same district and is informed can be broken down
into the probability of meeting a same-district friend (i.e., district homophily), multiplied by the probability
that said friend is informed. In particular, as above, let district homophily for county ¢ be represented by

Te = Dwec 2adeD(e) (Te,er X q(e,a) X 4(er,a))- Upon meeting a same-district friend, let 7(f) represent the
probability that the friend is informed:

N 1

Tc(t) = = Z Z (7Tc,c’ X Pe! (t) X d(c,d) X Q(c’,d))

T,
¢ ¢'eCdeD(c)

25To be clear, q(c’,a) = 0 whenever ¢’ Nd = 0.
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(For more detail, Appendix Section [A.1 provides a full derivation.)
The steady state probability that an individual from county c is informed can then be written as
AT Te

Pc = m (8)

For a given county c, it were possible to increase district homophily 7. without decreasing the share of
informed friends in other counties[?|then such an increase in district homophily would lead to an increase

in the share of informed agents in c.

6.9 Predicting Abstention Rates: Swing Voter’s Curse

How does the share of informed voters affect voter turnout rates? Timothy J Feddersen and Pesendorfer
1996 model the “Swing Voter’s Curse,” which illustrates that even in an environment with costless Votin
it can be rational for an uninformed voter to abstain. For intuition, consider an environment where voters
are choosing between two alternatives (alternative 1 and alternative 0) and an unknown state of the world
(state 1 or state 0), and all voters prefer the alternative that matches the state of the world. Some voters are
informed and some voters are uninformed; assume there is at least one of each. Assuming all other uninformed
voters behave similarly, then conditioning on the event in which she is pivotal, an uninformed voter is strictly
better off abstaining: when her vote is pivotal, she is voting for the inferior option (against the choice of
an informed voter). Timothy J. Feddersen and Pesendorfer 1999 and McMurray 2013| extend these insights
to analyze rational abstention under different structures of information and preferences. Battaglini et al.
2009, Morton and Tyran 2011, Mengel and Rivas 2017, and Mooers et al. 2024 test models of information
aggregation under abstention in laboratory experiments, and across different settings find that voters with

lower qualities signals are more likely to abstain.

6.9.1 Set-up

T apply Timothy J Feddersen and Pesendorfer |1996[s model to this setting to predict how county-level turnout
in House elections responds to changes in the share of informed voters in a county. Here, I sketch the set-up,
relabeled for this setting. Consider the election occurring in a single district d. Assume that there are two

possible states of the world z € {0,1}, and the state is chosen by nature before the election. Assume that

268pecifically, counties for which for which D(c) N D(c') # 0.
27For example, when the cost of voting has already been paid in order to turn out for a top-of-ticket race, and voters are
deciding whether to cast a vote in a down-ballot race.
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ex ante each state is equally likely, which is common knowledge Informed voters know the state with
certainty, while uninformed voters think either state is equally likely.

In each county c, assume that an exogenously given share of voters are partisans: a share py . are partisans
for party 0, a share p; . are partisans for party 1, and a share p; . = 1 — pg. — p1,. are independents. 0-
partisans always prefer a candidate from party 0, regardless of the state, and analogously for 1-partisans.
Independent voters want to elect the candidate from the party that matches the state of the world.

The exact number of voters is uncertain. In particular, uniformly from the district’s population, nature
chooses a set of voters by M + 1 individual draws; in each draw, nature chooses an agent with probability
(1 —pg). Thus, if an agent is selected, she is an independent with probability p; /(1 —ps), a O-partisan with
probability pg /(1 — ps), and a 1-partisan with probability pi /(1 — pe). These probabilities are common
knowledge.

The population of district d is represented by the mass ng = }° .4 n(c,d) where C(d) is the set of all

n(c,d)
nd

counties ¢ such that ¢cNd # (). Accordingly, the probability that a chosen agent is from county c is

n(c,d)
ndg

District-wide, the partisan shares are p¢ = Zcec(d) Pg,c for each = € {i,0,1}.
Each agent from a given county c is informed with probability p. (the steady state share of informed voters
in the county, as determined by the network structure). The probability of being informed is independent

of partisanship, but partisans always vote for their preferred party regardless of their beliefs about the

state of the world. Consequently, the probability of being informed only is relevant for the strategy of the

n(c,d)
ng

c

independents. Across the full district, voters are informed with probability p¢ = Do c(d)

6.9.2 Strategies

Agents choose an action s € {¢,0,1} where ¢ represents abstaining, and 0 or 1 represents voting for the
candidate from party 0 or 1. Partisans never abstain, and always vote for their preferred candidate. Informed
independents always vote for the candidate they know to match the state of the world.

As Timothy J Feddersen and Pesendorfer [1996detail, uninformed independents play a mixed strategy
in order to maximize the probability that the election chooses the candidate that matches the state of
the world. In equilibrium, the uninformed independents mix between abstaining (with probability Tg) and
voting for either candidate (with probabilities 7 and ¢, respectively, such that 1 = Tg +1¢+ 7). In
particular, the uninformed independents would like for the informed voters to decide the election outcome.

Consequently, when they vote, they vote for the candidate with a smaller district-wide partisan advantage,

28 Assume an equally likely state for expositional simplicity, but any common knowledge prior is permitted — in fact, the
abstention rate is independent of the prior.
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so as to close the partisan gap and maximize the probability that the informed independents decide the
election. Across the district, if p¢(1 — p?) < |pd — p¢| (i.e., if the share of uninformed independents is less
than the partisan gap), then all uninformed independents vote for the candidate with a smaller partisan
advantage. Otherwise, uninformed independents randomize between abstaining and voting for the candidate
with a smaller partisan share, and they abstain with a probability such that in expectation they exactly

cancel out the partisan advantage.

6.9.3 Abstention rates

District-wide In a district with a large enough population if p?(1— p?) > |pd — p$| then the probability

an uninformed independent abstains is
a_q_ lpg—pi
¢ Pl = pd)

The overall abstention rate t¢ € [0,1) in the district is then
t = pf(1 - p?) — |p§ - pil
So long as the partisan difference in the district is not too large, the abstention rate is decreasing in the

share of informed voters. The abstention rate increases as the difference in the partisan shares decreases.

County-wide Within the district, all uninformed independents abstain at the same rate. However, each
county has a different share of informed voters, as well as different shares of independents. Accordingly, the

overall abstention rate observed in county c in the district d election is

tf = Tgpi,c(l - pc)

— Pic(l —pc) 4 d
=Pic(l = pe) — Wtﬂo — il

In a given county, the observed abstention rate is again decreasing in the share of informed voters in the
county.

If a county intersects multiple districts, then the overall observed abstention rate in the county is the

29Districts have an average population of 760,000.
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population-weighted average across all districts the county intersects:

te = Z Yeats

deD(c)

7 Model Estimation and Counterfactuals

Can congressional district maps be drawn to increase the share of informed voters? If so, what are the
consequences for turnout, and in turn the bias or competitiveness of districts?

To answer these questions, I estimate parameters governing the model of information diffusion, and I then
use the model to simulate the share of informed voters and changes in turnout under different congressional

maps.

7.1 Estimation

Recall that for a given county c, the steady-state share of informed voters is given by

QT
Pe = aFFe + 6
Further, if we let A = §/«, we can write
_ 7_T-Cf(,'
e = e+ A

7. can be calculated from the data, as can the friendship shares and population shares required to construct
each 7., given a vector of each p.. As such, the only unknown parameter determining the steady state share
of informed voters is A. Consequently, I focus on estimating .

From the reduced form results, I have estimated the impact of a change in district homophily on the
change in share informed (i.e., B = % ). Consequently, I can estimate A by using indirect inference

Gourieroux et al. [1993| to find the A\* that gives a simulated 3 that most closely matches B I do this as

follows:

1. Draw a value of \ (say, from a discretized grid). Vectors 7°¢fr® and 72" are observed. Draw a random

initial vector of pPefore(0).

2. Given )\, 7Pefore and pPefore(0), simulate pPefore(1), ..., pPefore(¢), until convergence to the steady state is
reached. This gives the simulated steady-state value of the share informed before the change in district

homophily.
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Beta Error vs Lambda Value (Heard of Incumbent) Beta Error vs Lambda Value (Selected Correct Party)
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Figure 9: Difference Between 5 and § for Given A

3. Repeat the process for 7" and pafter(0).

4. Calculate /B()‘) — %7 where Arr = fafter _ zbefore 4,9 Ap _ pafter _ pbefore.

5. Repeat for many values of A and choose the A\* that minimizes the difference between (3 (A*) and the B

estimated in my regressions on the CES data.

I estimate the X\ that corresponds to a model where the “share informed” corresponds to the share who have
heard of their incumbent (call it AH*™) and I also estimate the A\ when the “share informed” is defined as
the share who correctly select the incumbent’s party (call it ACorreet),

Using a grid search, I find that AHeard = 0.008 and A€°et = 0.039. The below figures show the differences
between the simulated ﬂN (M) and empirical B over a range of 800 values of A\. Observe that in each case,
there are two possible values of A that minimize the error. This is because, when written in matrix form,
the steady-state can be written as quadratic in the vector of p values. However, the larger value of A can
be ruled out in each case, as it corresponds to a steady state where the share informed is very near zero.
Indeed, the difference between B and B (M) flattens above this because for large enough A, all As larger than
it lead to convergence to the steady state where p = 0—and as such no change in district homophily can

lead to any change in p (because p is always 0).

7.2 Counterfactuals

With these estimates of A in hand, I can then calculate the share of informed voters under counterfactual
maps. I first consider an alternative map proposed by an Ohio citizens’ group, which had the stated purpose

of designing districts to better reflect communities. I next consider a large set of simulated feasible alternative
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congressional district boundaries, in order to understand the map characteristics district homophily correlates

with.

7.2.1 Map Proposed by Ohio Citizens Redistricting Commission

Ohio has a long history of court battles over gerrymandering, prompting a variety of new proposals for how
districts should be drawn in the state. One such proposal is the creation of the Ohio Citizens Redistricting
Commission (OCRC), which would be a citizen-led commission consisting of five Democrats, five Republi-
cans, and five Independents chosen to be representative of the Ohio population. A measure creating this
commission is on the ballot in Ohio in the upcoming November 2024 election.

As part of the push to make the commission part of law, a non-partisan independent citizens group by
the same name developed a congressional district map, which they claim would be a more fair representation
of Ohio communities by avoiding splitting communities across district borders and by improving minority
representation. The current enacted map and OCRC’s proposed map are in Appendix Figure

Given the stated goal of making districts better reflect communities, the OCRC map makes for an
interesting case study: I evaluate first whether it “succeeds” in the sense of increasing district homophily,
and then I examine whether this leads to a higher share of informed voters. Note also that Ohio’s state
constitution requires minimizing splitting counties when drawing congressional district maps, and Ohio is the
largest state with such a requirement. As such, most counties in Ohio are fully within one district, reducing

the extent to which population-weighted averages are required to construct county district homophily.

District Homophily and Information I examine the consequences of this proposed map by constructing
district homophily and then simulating the share of informed voters under the map. I compare the OCRC
map to the current enacted congressional district map in Ohio. Throughout this section, I define “informed”
as equivalently to correctly knowing the representative’s party (i.e., I use A“°et). Appendix Figure
shows the differences in district homophily and share informed between the two maps.

Overall, both average district homophily and the share of informed voters are higher under the OCRC
map, as shown in Table|l} The table shows the county means, either unweighted or weighted by the county’s
population. The difference between the maps is higher when considering weighted means, because the

citizens’ map increases district homophily more for urban areas.

Abstention Rates I apply the Swing Voter’s Curse model in order to estimate abstention rates. To

determine the share of Democrats, Republicans, and Independents in each county, I use CES self-reported
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Unweighted Weighted
Outcome (Means) Enacted OCRC Enacted OCRC

District Homophily 42.6 43.9 34.1 35.5
Share Informed 83.8 84.2 79.8 80.5

Table 1: Comparison of Current Ohio Enacted Map and OCRC Map

Figure 10: Simulated Abstention Rate in House Elections. Left: Current enacted map; Right: OCRC map.

partisanship. Survey respondents state whether they are a “Strong Republican,” “Not Very Strong Republi-

can,” or are an “Independent,”

and analogously for Democrats. I define “independents” as all of those who
state they are an independent as well as those who are “not very strong” partisans. With this in hand, for
a given county, I know every parameter required by the Swing Voter’s Curse Model: the partisan shares as
well as the share of informed voters.

I calculate the district-wide shares of partisans as well as the district-wide share informed, because these
are the parameters that would matter for a given uninformed independent’s voting decision (as opposed to
the county-wide shares). However, the county-level share informed is required to determine the abstention
rate that would be observed in a given county.

Recall that voters only abstain if the district is sufficiently competitive —i.e., if the difference in the share
of Democrats and the share of Republicans is sufficiently small. In Ohio, under both the current enacted
map and the OCRC map, some districts are insufficiently competitive for abstention rates to be non-zero.
Figure[10]shows the district-wide abstention rates under the current enacted map and the OCRC map; white
areas are districts that are not competitive enough for the share of informed voters to matter. Notice that

each map makes different parts of the state competitive or non-competitive.
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Difference in Congruence between Citizens’ Map and Enacted Map vs. Democrat Share Difference in Informed Share between Citizens' Map and Enacted Map vs. Democrat Share
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Figure 11: Partisanship vs. Difference between OCRC map and Enacted Map

Partisan Differences Largely because the OCRC map increases district homophily in some urban areas,
the share of informed voters increases more in Democratic-leaning counties. Figure [11| plots the difference
in district homophily between the OCRC map and the enacted map against the share of Democratic voters
in the county (based on the average Democratic vote share in state-wide elections from 2016 to 2020).
Ignoring county populations (i.e., considering the unweighted regression line), the OCRC map does not
necessarily favor Democratic counties; in fact, higher increases in district homophily are associated with
higher Republican vote shares. However, once accounting for county populations, higher district homophily
under the OCRC map is associated with Democratic counties because some larger, urban counties have
higher district homophily under the OCRC map. Turning to the share of informed voters, a higher share of

informed voters under the OCRC map is associated with a higher Democratic vote share.

7.2.2 Comparisons Across Many Simulated Boundaries

McCartan, Kenny, Simko, Kuriwaki, et al. simulate 5,000 congressional district maps for each of the
50 states. They use Monte Carlo simulation, and the maps are constrained to follow the given state’s redis-
tricting laws. While in general drawing an optimal map is known to be very difficult [add citations...], their
dataset instead enables looking across a distribution of feasible alternative maps, and comparing a feature
of interest of a given map against the distribution of the feature across the sampled maps. They calculate
commonly used measures of gerrymandering for each map. I use maps from their database to calculate
district homophily, shares informed, and abstention shares under counterfactual maps. In particular, for a

given map, I first calculate district homophily. I then know the vector 7 for the map; A€t has been
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estimated; and so I can simulate p under the map.

As an example, in Appendix Section[D.3 I consider two congressional district maps for Texas: the current
district boundaries, and the district boundaries among the 5,000 Texas maps in the McCartan, Kenny, Simko,
Kuriwaki, et al.|2021|database that minimize the efficiency gap (Stephanopoulos and McGhee[2015). A lower
efficiency gap implies more competitive districts; under the Swing Voter’s Curse model, the share of informed
voters only matters for the abstention rate when districts are sufficiently competitive.

Appendix Figure shows the differences between the current map and the efficiency gap minimizing
map, with the differences in district homophily on the left and the differences in the share informed (in
particular, the share who can correctly select their representative’s party) on the right. Most notably, under
the efficiency gap minimizing map, counties in urban areas such as Austin, Dallas, and Houston would have
higher district homophily. In turn, they would also experience increases in the share of informed voters.
Under the current map, the simulated Texas-wide mean share informed is 79.98%; this increases the 81.03%
under the efficiency gap minimizing map.

I also simulate abstention rates under the current district map in Texas, in Appendix Figure Darker
red indicates higher abstention rates. Grey counties do not have any respondents in the CES over the period
2010-2020 (as they are very low population counties, and it is not guaranteed that there will be a respondent
from every county in every year). White counties are generally in districts where the partisan gap is large
enough that abstention is predicted to be zero.

I simulate district homophily across all 5,000 Texas maps in the McCartan, Kenny, Simko, Kuriwaki,
et al. 2021 dataset. The table below reports the correlation between district homophily and several common
measures of gerrymandering, across these maps. Some of these correlations are likely to be unique to
the geography and culture of Texas, such as higher district homophily being associated with a stronger
Republican bias (as indicated by the positive coefficients for partisan bias and the efficiency gap, and negative
coefficients for the expected number of Democratic seats). Other features may be more common across
states, such as district homophily being positively correlated with increased compactness and fewer county

or municipal splits.
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Outcome 7. (Unweighted) | 7. (Weighted)
Compactness (Edge) 0.093*** 0.132%**
Compactness (Polsby-Popper) 0.497%** -0.013
County Splits -38.841*** -82.224%%%
Municipal Splits -62.116*** -395.18%**
Efficiency Gap 0.497*%* 0.290*
Partisan Bias 0.389%** 1.237%%%
E(Dem. Seats) -27.313%+% -3.457
Dissimilarity Index (Democrat vs Republican) -0.075%** 0.665%**
Dissimilarity Index (Black vs Other) -0.036 0.047
Dissimilarity Index (Hispanic vs Other) -0.049 1.076%**

8 Conclusion

Communities across the U.S. vary substantially in their social cohesiveness with their congressional district—
their district homophily. While people living in the average county live in the same district as about half
of their friends, this varies from 2% to 87%. I show that district homophily increases voters’ familiarity
with their representative: when a county’s district homophily increases due to redistricting, voters are
more likely to recognize the name and know the party of their representative. I find similar results for
voter information regardless of whether I construct the network using the SCI or commuting flows, which
strengthens the case that these impacts are not unique to Facebook users. I also find that district homophily
decreases rates of abstaining in House elections. Additionally, when district homophily increases, donors shift
contributions towards House candidates in their own districts, away from House candidates running in other
districts. I construct a model of information diffusion in districts and show how it can be used to simulate
the informational and turnout consequences of proposed district boundaries, informing policy assessing
gerrymandering. These results prompt future research into how candidates respond to district homophily
in their campaign strategies, in order to build a general equilibrium understanding of the social learning
consequences of how district boundaries are drawn. This evidence is especially important as detailed social
network data, like the SCI, has become publicly available for the first time in recent years—both enabling its
use by policymakers to draw fairer districts, but also by partisan gerrymanderers who may seek to exploit

it.
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Appendix

A Model Derivations

A.1 Constructing Weighted Average District Homophily

For any person in district d, there are two general types of people they can be friends with: people who are
also in district d, and people who are outside of the district (call them members of nd = D\ d) To take
a shortcut with notation, say that any person who is in county ¢ and in district d has (on average) a share

wzic d of friends in district d, and they have a share ”chd) =1- wzj d) of friends outside of their district,

where ”Eic,d) = D cec T(ed)( ) and ﬂ—?gd) =D cec ZfeD\d T(e,d) (e f)
In order to construct w? a) (the share of type (c,d)’s friends that also live in d), I sum as follows:

C!

d
Te,d) = Z T(e,d) (¢’ ,d)

c'eC

- Z Z (T(e.ay(er,ay x T{d = d})
c’€Cd’eD(c)

- Z Z (770.,0’ X q(er,dry X I{d = d})
c’eCd’eD(c)

- Z (Wc,c/ X Q(c',d))
c'eC

Next, define 7. as the share of county c¢’s friendships that are between people in the same district. Put
differently, 7. represents the probability that a randomly chosen person from county ¢ interacts with a person
from their own district (without conditioning on which district d € D(c) the county ¢ person is from). We

can construct 7. as follows:

30Both people in or outside the district may be in the same or different counties: for example, my county may be split across
two districts (such that there are other people in my same county but in a different district), or my district may contain multiple
counties (such that there are people in my same district but in a different county).
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e = Z (Wfic,d) x Q(c,d))

deD(c)

Z Z Z T"CC’X(ch)X(J(C/d/)XH{d—d})

deD(c) ¢'€C d’eD(c")

Z Z (Wc,c/ X q(c,d) X Q(c’,d))

deD(c) ¢'eC

=Y [@Q"Mom]

c'eC

where () represents the matrix of the population shares (. q4), and observing that ¢ .4 = 0 whenever
knd=0.

7. is district homophily, or the share of friends that live in the same district. W?@ d) is analogous to district
homophily, but specifically for people living in county ¢ and district d (i.e., for people in county ¢ and district

d, the share of their friends that live in district d).

A.1.1 Constructing 7.

7. represents the probability that a randomly chosen friend is informed, conditional on that friend being in
the same district as the chosen person from county ¢ (but not conditioning on the person from ¢ being from
any particular district within c).

For each county, we know the share of that county that is in general informed about their own district,
pC Accordingly, conditional on a person in county ¢ meeting a person in the same district as them, the

probability that that person is informed is:

Fe = Z P(in county k|in same district) x pg
keC

Using Bayes’ Rule, we know that

P(in same district|in county k)P(in county k)

P(in county kl|in same district) = Pl district)
in same distric

31T omit time subscripts for brevity; the same relations apply in the steady state.
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which in turn gives

D den(e) (Ae.dy X d(ha)) X Tek
e

P(in county kl|in same district) =

Accordingly,

oy Yaen(e) (Ued) X Una)) X Ten

Te = 7 X Pk
keC ¢
Z*Z Z 4(c,d) XQ(kd)Xﬂ'ckxpk)
kECdGD (¢)

B Data Descriptions

B.1 Variables from CES

B.2 Construction of Vote Count Measures
B.2.1 County-by-congressional district measures

I construct the voting outcomes at the county-by-CD-level by using precinct-level vote count data from the
Harvard Election Data Archive (for 2000-2010) and the MIT Election Data and Science Lab (for
2016-2020), combined with county-by-congressional-district vote count data from Dave Leip’s Election

Atlas (for House elections) and Daily Kos (for President, Senator, and Governor elections).
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Variable

Description

Heard of Representative

Selected Party

Selected Correct Party

Prefer Incumbent

Prefer Opponent

Prefer Neither

Voted for Incumbent

Voted for Opponent

Voted for Neither

Voted in General Election
(Validated)

Voted in Primary Election
(Validated)

Voted in General Election
(Self-Report)

When shown the name of their current House representative and asked to
indicate the party their representative is affiliated with, respondent did not
indicate they had “Never Heard of Person” , and they instead chose
“Republican”, “Democrat”, “Other Party /Independent”; or “Not Sure”. Binary.
From pre-survey.

When shown the name of their current House representative and asked to
indicate the party their representative is affiliated with, respondent did not
indicate they had “Never Heard of Person” or “Not Sure”, and they instead chose
“Republican”, “Democrat”, or “Other Party/Independent”. Binary. From
pre-survey.

When shown the name of their current House representative and asked to
indicate the party their representative is affiliated with, respondent chose the
correct party. Binary. From pre-survey.

When asked “In the general election for U.S. House of Representatives in your
area, who do you prefer?”, respondent chose the name of their current House
representative. Binary. From pre-survey. Missing if there is no incumbent
running.

When asked “In the general election for U.S. House of Representatives in your
area, who do you prefer?”, respondent chose the name of someone other than
their current House representative. Binary. From pre-survey. Missing if there is
no incumbent running.

When asked “In the general election for U.S. House of Representatives in your
area, who do you prefer?”, respondent did not choose the name of any
candidate. Binary. From pre-survey. Missing if there is no incumbent running.

When asked “For whom did you vote for U.S. House?”, respondent chose the
name of their current House representative. Binary. From post-survey. Missing
if there is no incumbent running. Missing if both “Voted in General Election”
variables are missing.

When asked “For whom did you vote for U.S. House?”, respondent chose the
name of someone other than their current House representative. Binary. From
post-survey. Missing if there is no incumbent running. Missing if both “Voted in
General Election” variables are missing.

When asked “For whom did you vote for U.S. House?”, respondent did not
choose the name of any candidate. Binary. From post-survey. Missing if there is
no incumbent running. Missing if both “Voted in General Election” variables are
missing.

Respondent can be linked to state voter rolls, and there is a record of the
respondent voting in the general election. Binary. From post-survey.

Respondent can be linked to state voter rolls, and there is a record of the
respondent voting in the primary election. Binary. From post-survey.

Respondent answered that they voted in the general election. Binary. From
post-survey.

Table 2: Descriptions for CES Outcome Variables
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Variable Observations Mean (%) SD (pp)
Heard of Representative 545,185 93.2 25.2
Selected Party 604,254 68.6 46.4
Selected Correct Party 604,254 61.7 48.6
Prefer Incumbent 419,545 40.14 49.0
Prefer Opponent 419,545 26.7 44.3
Prefer Neither 419,545 33.1 47.1
Voted for Incumbent 385,212 41.0 49.2
Voted for Opponent 385,212 29.1 45.4
Voted for Neither 385,212 29.9 45.8
Voted in General Election (Validated) 417,421 57.5 49.4
Voted in Primary Election (Validated) 381,277 31.8 46.6
Voted in General Election (Self-Report) 388,262 87.8 32.8

Table 3: CES Data: Summary Statistics

Variable

Description

House Turnout, Relative
to Top-of-Ticket
(“Roll-Off”)

Turnout in Top-of-Ticket
Election

Turnout in House Election

# Votes in Top-of-Ticket Race—# Votes in House Race
# Votes in Top-of-Ticket Race

For main analysis, from Dave Leip’s Election Atlas (county-level). For
robustness, from Harvard Election Data Archive, Daily Kos, Dave Leip’s
Election Atlas, and MIT Election Data and Science Lab (for
county-by-congressional district-level). Elections where there is no top-of-ticket
race are excluded.

Turnout in the top-of-ticket election, as a share of the Voting Age Population
(VAP), i.e. the population over age 18. Vote counts from Dave Leip’s Election
Atlas, VAP from Census. Elections where turnout exceeds the VAP are
excluded; identical to House turnout when the House election is top-of-ticket.

Turnout in the House election, as a share of the Voting Age Population (VAP).
Vote counts from Dave Leip’s Election Atlas, VAP from Census. Elections
where turnout exceeds the VAP are excluded.

Table 4: Descriptions for Voting Outcome Variables

Variable Observations Mean (%) SD (pp)
Roll-Off 29,133 4.42 12.22
Turnout in Top-of-Ticket Election 30,206 51.34 13.44
Turnout in House Election 30,308 49.07 13.49

Table 5: Voting Outcomes: Summary Statistics
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Variable Observations Mean (%) SD (pp)

Heard of Governor 549,740 96.3 18.8
Selected Governor Party 608,985 81.3 39.0
Selected Correct Gov. Party 608,985 74.7 43.5
Heard of Senator 1 549,244 94.9 22.0
Selected Senator 1 Party 608,414 75.0 43.3
Selected Correct Sen. 1 Party 608,414 67.7 46.7
Heard of Senator 2 549,246 94.9 22.0
Selected Senator 2 Party 608,402 74.3 43.7
Selected Correct Sen. 2 Party 608,402 66.9 47.0

Table 6: CES Data: Summary Statistics for Placebo Outcomes

B.2.2 Variable Descriptions

C Additional Empirical Results

C.1 District Homophily Descriptive Statistics
C.1.1 Correlates of District Homophily

C.1.2 Changes in District Homophily

C.2 Voters’ Knowledge
C.2.1 Placebo Tests for Voter Information

Table [6] provides summary statistics for the nine outcome variables used for placebo tests. These
distributions are generally similar to those for House representatives (Table , though respondents
are generally more likely to recognize and select the correct party for their Senators and Governor.
The following nine figures show the results of the placebo tests. In general, district homophily does

not significantly predict the placebo outcomes. C.2.2 Commuting District Homophily

Table [7| shows results from specifications that construct district homophily using commuting flows.

C.2.3 Border Pairs
Table [8] shows results using the border pairs specification. C.2.4 DMA District Homophily

One concern is that social networks may simply map closely to existing media markets, and as such that

any effect I pick up is simply driven by the role of media in voter information, which has been heavily
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1) 2) 3) (4)
County & Year Add Add Individual Add
FEs District x Year Demographic County-Year
Only FEs Controls Controls
Heard of Incumbent
Commuting District Homophily 0.050%* 0.048* 0.049** 0.065%**
(0.023) (0.025) (0.024) (0.025)
[0.032] [0.050] [0.042] [0.008]
Obs 544,910 544,910 544,910 401,874
R? 0.032 0.078 0.130 0.134
Selected Party
Commuting District Homophily 0.149%** 0.112%** 0.132%%* 0.131%%*
(0.039) (0.037) (0.033) (0.036)
[0.000] [0.002] [0.000] [0.000]
Obs 603,967 603,966 603,966 460,937
R? 0.042 0.098 0.224 0.225
Selected Correct Party
Commuting District Homophily 0.135%** 0.117%%* 0.139%** 0.150%**
(0.041) (0.039) (0.035) (0.037)
[0.001] [0.003] [0.000] [0.000]
Obs 603,967 603,966 603,966 460,937
R? 0.044 0.108 0.251 0.251
Ind. Controls X X
County x Year Controls X
FEs County, Year County, County, County,

District x Year District x Year

District x Year

¥k p<0.01, **p<0.05, * p<0.1

Standard errors clustered at the county level in parentheses. P-values in square brackets.
“Heard of Incumbent” not available in 2006, 2007, or 2009. Individual controls include gender, race,
education, age categories, and whether the respondent is affiliated with the same party as their
representative. County-by-year controls include population and shares by race, age categories, gender, and

county urban population share.

Table 7: Effect of Commuting District Homophily on Voter Familiarity with Representative
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explored in prior literature (Snyder and Stromberg 2010, Prat and Stromberg 2005, Enikolopov et al. 2011}
Angelucci et al. 2020, Eisensee and Stromberg 2007, Stromberg [2004). In the main results, I use Nielsen
Designated Market Area (DMA) regions, which reflect TV and radio markets, in order to include
DMA-by-year fixed effects: advertisements are purchased at the DMA level, so all counties DMA-wide
receive the same advertisements. Consequently, DM A-by-year fixed effects allow me to capture the impact
of district homophily holding fired TV and radio news and advertisements. An alternative approach, that
could address concerns about social networks driving a county’s influence on the purchase of advertising in
the media market, is to construct a measure of “DMA district homophily.” Such a concern might be based
on the logic in Snyder and Strémberg 2010| that a media market that is better aligned with a congressional
district will produce more content about the district’s representative, thereby making voters in that district
more informed about their representative Conveniently, DM As contain many counties, but DMA borders
follow county borders, so no county is in multiple DMAs. Accordingly, for county 4 in district J, which

contains counties j, and in DMA M, which contains counties m, DMA district homophily is defined as

Zje(JmM) Population;

> men Population,

DMA District Homophily, =
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(1) (2) (3) (4)

County & Year Add Add Individual Add
FEs District x Year Demographic County-Year
Only FEs Controls Controls
Heard of Incumbent
SCI District Homophily 0.067 0.118%** 0.133%%* 0.145%**
(0.041) (0.046) (0.045) (0.047)
[0.100] [0.010] [0.003] [0.002]
DMA District Homophily 0.054%** 0.030* 0.028 0.035*
(0.016) (0.018) (0.017) (0.018)
[0.001] [0.096] [0.102] [0.054]
Obs 460,951 460,951 460,951 402,066
R? 0.035 0.083 0.132 0.133
Selected Party
District Homophily 0.191** 0.214%** 0.269*** 0.278***
(0.086) (0.078) (0.074) (0.077)
[0.027] [0.006] [0.000] [0.000]
DMA District Homophily 0.122%** 0.093*** 0.088*** 0.098%**
(0.035) (0.032) (0.030) (0.032)
[0.000] [0.003] [0.004] [0.002]
Obs 520,034 520,033 520,033 461,154
R? 0.046 0.103 0.211 0.210
Selected Correct Party
SCI District Homophily 0.123 0.194** 0.253%#* 0.280***
(0.093) (0.082) (0.077) (0.079)
[0.189] [0.019] [0.001] [0.000]
DMA District Homophily 0.131%%* 0.115%** 0.108*** 0.121%**
(0.038) (0.032) (0.030) (0.032)
[0.001] [0.000] [0.000] [0.000]
Obs 520,034 520,033 520,033 461,154
R? 0.047 0.113 0.236 0.235
Ind. Controls X X
County x Year Controls X
FEs County, Year County, County, County,
District x Year District x Year District x Year

4 p<0.01, **p<0.05, * p<0.1

Standard errors clustered at the county level in parentheses. P-values in square brackets.

“Heard of Incumbent” not available in 2006, 2007, or 2009. Individual controls include gender, race,
education, age categories, and whether the respondent is affiliated with the same party as their
representative. County-by-year controls include population and shares by race, age categories, gender, and
county urban population share.

Table 9: Effect of SCI District Homophily and DMA District Homophily on Voter Familiarity with Repre-
sentative
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Impact of Change in Congruence Following 2012 Redistricting
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I can then conduct a horse race and test whether I estimate a significant effect of my original
district homophily measure after controlling for DMA district homophily Results are shown in
Appendix Table @ In general, results are similar to the original specification. C.3  Voters’

Choices
C.3.1 CES Survey Responses

In the post-survey, respondents are asked who they voted for. Based on these self-reports, I find that
district homophily increases the share of general election voters reporting voting for the
incumbent, without affecting the share who vote for the challenger. Instead, as described in the
main text, the share of general election voters who report skipping the House election decreases.

C.3.2 Vote Count Data

Using county-level vote count data, I look at the impact of a change in district homophily on actual
turnout in the top-of-ticket (i.e., President, Senate, or Governor) election and turnout in the
House election. I measure this as total votes in the respective election divided by the share of the
county’s population that is age 18 or older (i.e., the voting age population). While the voting age
population does not account for those who are ineligible to vote (e.g., non-citizens or people with a
felony record in some states), I do control for the share of the population that are non-citizens in
the set of county-by-year covariates. The sample includes only counties that have at least 50% of
population in one district, and district-by-year fixed effects reflect that district. (Results are
qualitatively similar when restricting to counties 100% in a single district.) Here we find no
impacts of district homophily on turnout in the top-of-ticket race and in the House race. However,

this does not necessarily contradict the finding of district homophily decreasing roll-off: When I

Votes in Top-of-Ticket Election—Votes in House Election

construct roll-off as Voting Age Population

, I find a significant 2pp
decrease in roll-off. This is because the estimates of House turnout are too imprecise to detect an
impact of this scale, and also have a slight negative pre-trend; in the roll-off estimates, controlling
for the top-of-ticket election both reduces the noise in the estimates and eliminates much of the

pre-trend. C.3.3 Campaign Contributions

District Homophily has no impact on total contributions to House candidates; instead, it increases

contributions to in-district candidates at the cost of contributions to out-of-district candidates. I also find

320f course, Snyder and Strémberg [2010| actually find no effect of TV and radio market congruence in their paper (though it
is constructed somewhat differently), and instead find effects of newspaper market congruence, which I have not yet included
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Figure 19: Effects of Increase in District Homophily on Turnout
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Figure 20: Effects of Increase in District Homophily on Log of Campaign Contributions
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similar results when restricting to only primary elections; only general elections; or excluding large

donations (i.e., excluding Census tracts where the average donation per contributor exceeds $1,000).

D Simulations

D.1 Additional Background on Ohio

D.2 Simulated Ohio Maps

D.3 Simulated Texas Maps

here.
33DMA district homophily and the originally defined SCI district homophily are about 25% correlated.
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Figure 22: Left: Current Enacted Map in Ohio; Right: OCRC Map
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Figure 23: Partisan Maps Proposed in State Legislature Commissions. Left: Democrats’ Map; Right:
Republicans’ Map
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Figure 24: OCRC map vs. Enacted Map. Left: Difference in District Homophily; Right: Difference in Share
Informed.
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Figure 25: Change in (left) district homophily, (right) share informed, from current map to efficiency gap
minimizing map

Figure 26: Simulated County Abstention Rates in Texas Under Current Map
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