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Abstract

How people shape each other’s political affiliation is a central question in debates
over partisan sorting and polarization, but hard to answer because people select into
peer groups. We study a natural experiment in which the Church of Jesus Christ of
Latter-day Saints (LDS Church) periodically reassigns members to new congregations,
and thus to new peers, without changing their homes, neighborhoods, or jobs. Regional
lay leaders redraw congregational boundaries in response to shifts in membership, and
they observe nothing about members’ politics, so the redrawn lines separate former
co-congregants into congregations with incidentally different partisan compositions.
Linking records on every registered voter in Utah from 2012 to 2021 to digitized con-
gregation maps, we employ a spatial difference-in-discontinuities design that compares
changes in party registration among voters who live near one another but were assigned
to opposite sides of a new line. Voters conform to their new peers: Unaffiliated voters
assigned to more Republican congregations become more likely to register Republi-
can, and Republicans assigned to more Democratic congregations become more likely
to leave the party. Assignment to the more Democratic side of a typical boundary
raises Republican defection by about one percentage point, roughly 5% of all defec-
tion over the period. Boundaries drawn after 2020, which cannot have affected earlier
behavior, show no relationship with 2012 to 2020 registration changes. While Unaffili-
ated voters may switch parties strategically to gain access to Utah’s closed Republican
primary, Republican defection, which grants no new primary access, likely reflects a
real shift in ideology or identity. The effects are not explained by correlated peer
characteristics such as race or by the partisanship of congregation leaders. Effects
are strongest between demographically similar peers, the members most likely to be-
come friends, suggesting that influence operates through personal relationships among
co-congregants.
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University. Additionally, we thank participants of the UC San Diego Undergraduate-Graduate Economic
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and TargetSmart for providing voter file data.

1



1 Introduction

As the American electorate increasingly sorts by party affiliation across residential, profes-

sional, and social contexts, many worry that the loss of contact with diverse political per-

spectives is eroding Americans’ capacity for collaborating with and understanding the other

side (Brown and Enos, 2021; Kaplan, Spenkuch and Sullivan, 2022; Brown et al., 2025a;

Frake, Hurst and Kagan, 2025; Chinoy and Koenen, 2024; Iyengar et al., 2019; Huber and

Malhotra, 2017; Mutz, 2006; Bishop, 2008). However, this concern relies on an assumption

that individuals are influenced by the politics of their peers, whether by being persuaded

by their views, by adopting their preferences, or at the very least by developing empathy

for peers of the opposite party. If, on the other hand, individuals are unaffected (Camp-

bell et al., 1960; Green, Palmquist and Schickler, 2002) or even harden against opposing

viewpoints from peers (Bail et al., 2018), then political segregation will have muted effects

on political behavior and partisan conflict. The question of how voters are affected by the

politics of their peers is thus critical to understanding contemporary political polarization,

yet persistently difficult to answer, because individuals largely choose where they live, work,

and form social ties.

In this article, we study the effects of peers on political party affiliation by exploiting

a natural experiment arising from the geographic assignment, and periodic reassignment,

of members of The Church of Jesus Christ of Latter-day Saints (the LDS Church) to local

congregations in Utah. LDS members are administratively assigned to small, geographically

defined congregations called wards, whose boundaries are intermittently redrawn by regional

church leaders responding to local changes in church attendance. Interviews with several of

these leaders, together with official church guidelines, indicate that they redraw lines to keep

congregations within a workable size for an all-volunteer lay ministry, to balance the number

of youth and children across wards, and to follow natural geographic divides. They do so

using a GIS application that reports membership counts by age and sex for each proposed

configuration, and that reports nothing about members’ politics. These redistricting events

plausibly exogenously assign members to new congregations, and thus to new peer groups,

while leaving their homes, neighborhoods, and jobs unchanged. Using records for every

registered voter in Utah, we ask whether individuals reassigned to a more Republican or

more Democratic congregation change their own party registration in the direction of their

new peers.

This setting offers a rare combination of features that allow us to both identify and mea-

sure the effect of peer-group exposure on party affiliation. Isolating the causal effect of peers

is notoriously difficult. The ideal experiment would randomly assign voters to peer groups
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with different partisan compositions, while holding all other variables fixed. Furthermore,

the assigned peer groups must actually be relevant to a person’s life. They need to be a

group of people who individuals will treat as real peers, otherwise peer effects will be null

by construction. It is unlikely that such relationships could be generated in a lab or field ex-

periment ex nihilo. Ward redistricting addresses these concerns directly. Boundary changes

reassign peers while holding residential location fixed, separating congregation exposure from

the neighborhood, employment, and other contextual changes that typically accompany a

change in peers, and doing so at a fine geographic scale. LDS wards are also an important

peer group, as members spend substantial time together each week through worship services,

lay-ministry assignments, and social activities. Beyond identification, the geographic nature

of ward assignments also provides us with a way to measure peer groups at a large scale. By

linking address-level voter records to digitized ward-boundary maps, we are able to identify

the ward that each Utah voter is assigned to.

Two features of the data shape our empirical strategy. First, the voter file does not report

religion, so we cannot observe which residents are LDS and therefore subject to ward as-

signment. We address this by studying Utah, where LDS membership is widespread—about

69% of residents in 2010 and 61% in 2020 (Mason, Toney and Cho, 2011)—and by treating

every Utah voter, LDS or not, as “assigned” to the ward containing their address. Our

estimates are thus intent-to-treat effects of ward partisan composition on the full population

of registered voters rather than on LDS members alone. Including non-members effects our

estimates in two ways: non-members do not respond to ward assignment, which dilutes the

estimated effect, and measuring peer composition over all voters rather than members alone

mismeasures the partisan contrast members actually experience. We derive the combined

bias in closed form and show that, for the ward configurations in our data, it attenuates

our estimates, which therefore understate the effect of peers on LDS members. Second, we

exploit the panel structure and address-level detail of the voter file to implement a spa-

tial difference-in-discontinuities design, comparing changes in party registration between the

2012 and 2020 elections for voters living just on either side of a redrawn boundary. Ward

assignment is measured at each voter’s 2012 address, so voters who move after a boundary

change keep their original assignment, and a flexible function of distance to the boundary

absorbs the smooth partisan sorting across space that would otherwise confound a simple

comparison of congregations.

Our central finding is that voters conform to the partisan leanings of their new peers. For

voters registered as Republican in 2012, the largest effects come from Democratic exposure:

assignment to the more Democratic side of a redrawn boundary lowers the probability of

remaining Republican by about 0.8 percentage points on average, with a corresponding 0.4
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percentage point rise in the probability of becoming Democrat and 0.4 percentage point

rise in becoming Unaffiliated. For 2012 Unaffiliated voters,1 the largest effects come from

Republican exposure: assignment to the more Republican side raises the probability of

registering Republican by about 1.3 percentage points, with corresponding reductions in the

probability of staying Unaffiliated or becoming Democrat. For context, between 2012 and

2020, 12.7% of Utah Republicans left their party and 27.9% of Unaffiliated voters joined it,

so assignment across a typical boundary accounts for roughly 5% of each flow. We find no

significant effects for baseline Democrats, who constitute a much smaller share of the Utah

electorate, and a smaller share still of the Utah LDS population.

We support the validity of this design with two complementary exercises. First, a placebo

analysis using boundary changes that occurred after our 2012–2020 outcome period yields

consistently null estimates, indicating that our results are not driven by differential trends

correlated with where new boundaries are drawn. Second, a simulation analysis compar-

ing observed ward configurations to thousands of feasible alternatives shows that observed

wards are, if anything, slightly more balanced in partisan composition than the sampling

distribution, so there is no sign that wards are drawn to segregate partisans. The modest

balancing we do find is in levels of partisanship, which our first-differenced design absorbs,

and to the extent it extends to partisan trends it would tend to attenuate our estimates.

Finally, congregation boundary lines are drawn along sensible geographic divides such as

major roads, neighborhood edges, and school boundaries. These divides may coincide with

differences in housing stock, on which Republicans and Democrats may sort differently, and

with residential sorting into school zones. We therefore show that our estimates are un-

changed when we allow trends to differ by demographics, by property characteristics from

linked CoreLogic records, and by school catchment.

In principle, the effect of assignment to a more Republican or more Democratic ward

could reflect not only peers’ partisanship but also peer attributes correlated with it, or

the partisanship of the ward’s leader. We test for these alternative channels and find no

evidence that they drive our results. Wards that differ in partisanship also differ in racial

composition, turnout, homeownership, and demographics, but adding each of these peer

characteristics to the regression alongside peer partisanship leaves the partisan coefficient

essentially unchanged. What matters about a voter’s new peers appears to be their politics,

not the other characteristics that come with them.

We next ask whether the influence comes from fellow congregants or from the congrega-

1We group Utah voters into three registration categories: Republicans (45%), Democrats (9%), and
Unaffiliated (46%), with the latter pooling all third-party and unaffiliated registrants. Percentages indicate
the percent of all 2012 registered Utah voters belonging to each category.
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tion’s leader, and find little role for the latter. Each ward is led by a bishop, a lay member

drawn from the ward’s own membership who serves for about five years. The bishop sets the

program for Sunday services, including who gives sermons, meets individually with members

about their spiritual and financial needs, and works closely with the ward’s youth. To test

whether bishops move members’ politics, we assemble a new dataset recording the bishop of

nearly every Utah ward each quarter since 2023, link each bishop to his own voter record,

and exploit the routine rotation of bishops in a difference-in-differences design. Acquiring a

Republican rather than a non-Republican bishop has no detectable effect on members’ reg-

istration, and the confidence intervals are tight. The bishop channel can contribute to the

peer effect only if a more Republican ward is also more likely to have a Republican bishop.

Even if that relationship were one-for-one, so that a ward’s Republican share translated fully

into the probability of a Republican bishop, the largest bishop effect our confidence intervals

allow would account for at most 3.3% of the peer effect we estimate among Unaffiliated

voters. Such a small bishop effect is consistent with survey evidence that LDS members

hear political messaging from the pulpit far less often than members of any other major U.S.

religious tradition.2 We stress that this is not a general test of whether leaders matter less

than peers. LDS church leaders are expected by norm to keep their politics to themselves,

so the null likely reflects a setting in which leaders are unusually apolitical.

Several patterns point to influence through personal relationships among members. Friend-

ships form disproportionately among people who share demographic characteristics (McPher-

son, Smith-Lovin and Cook, 2001; Currarini, Jackson and Pin, 2009), and within wards this is

reinforced by the Church’s separate men’s and women’s organizations. When we decompose

peer exposure into same- and opposite-demographic components, the partisan effect loads

on same-demographic peers, most sharply by gender. Influence broadcast from the pulpit

would reach men and women alike, so a gender gradient points to relationships rather than

to the shared Sunday experience. If influence travels through conversation, it should also be

strongest among voters who discuss politics and who live close enough to their ward-mates

for frequent contact, and it is: effects are larger among voters who turned out in the 2010

election (p = 0.005) and among non-rural residents (p = 0.040).

Peers appear to change not only the party a voter registers with but also the partisan

identity behind it. Utah’s Republican primary is closed and usually decides the election,

which gives non-Republicans a strategic reason to register Republican. Part of the move-

ment we estimate is consistent with such a strategic motive: Unaffiliated voters assigned

2In the Faith Matters Survey (Putnam and Campbell, 2010), 2% of LDS respondents report that po-
litical issues are discussed from the pulpit at least monthly, the lowest share of any tradition surveyed
(Appendix A.2).
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to more Republican wards become more likely both to register Republican and to vote in

the Republican primary. A Republican, by contrast, gains no primary access by leaving the

party, yet Republicans exposed to more Democratic peers become more likely to defect, and

they do so even when they cast no primary ballot at all. At least part of our effect therefore

reflects genuine change in ideology or identity.

Together, these results contribute to three literatures. The first is the study of peer

effects on political behavior and, through it, the debate over partisan sorting. The clean-

est existing evidence assigns peers directly, to college roommates (Strother et al., 2021) and

classmates (Campos, Hargreaves Heap and Leite Lopez De Leon, 2016), but relies on institu-

tions populated by young adults still forming their political identities. In contrast, studies of

neighborhoods, states, and workplaces (Perez-Truglia and Cruces, 2017; Cantoni and Pons,

2022; Chyn and Haggag, 2023; Brown, 2025; Brown et al., 2025b; Chinoy and Koenen, 2024;

Hurst et al., 2025) reach a broad adult population, but cannot isolate the effects of peers

from other place-based attributes. Ward boundary changes combine the strengths of both by

cleanly isolating the effects of peers in a broad population of adults.3 We find effects across

the full age distribution, which matters for sorting: people move throughout the life cycle,

so peer influence confined to early adulthood could do little to amplify the effects of sorting.

We also find that voters conform to peers across the partisan divide, and that exposure to

the out-party moves them more than reinforcement from co-partisans does. Sorting therefore

does not merely reflect polarization but feeds it. As social contexts homogenize, voters lose

the cross-party contact that would otherwise pull them toward the other side.

Our second contribution is to the study of how political preferences are transmitted

between people. Models of cultural transmission distinguish socialization within the family,

by peers, and by institutions such as schools, churches, and media (??). Causal evidence

on political preferences has concentrated on the first and third of these, particularly on

media (DellaVigna and Kaplan, 2007; Enikolopov, Petrova and Zhuravskaya, 2011), while

transmission between adult peers has been harder to isolate. A congregation combines an

institution, with a leader who speaks for it, and a set of peers, and our setting separates the

two. The rotation of bishops varies a ward’s leader while holding its members fixed, and

the leader’s partisanship has no detectable effect. Because LDS leaders are encouraged to

keep their politics private, we do not take this as evidence that leaders never matter, but

where the institution strives to be nonpartisan, what a congregation transmits is transmitted

between members.

3Relative to U.S. adults, Utah Latter-day Saints are younger, whiter, more Republican, more religiously
observant, and more likely to be married with children, and are slightly higher on education and income
(Appendix A.5).
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The third contribution is to the study of religious congregations as political environments.

Congregations are a setting of sustained interaction for many Americans (Wald, Owen and

Hill, 1988b; Djupe and Gilbert, 2006, 2009; Lim and Putnam, 2010; Putnam and Camp-

bell, 2010), and one that is increasingly politicized as political orientation shapes religious

involvement and vice versa (Margolis, 2018). Previous studies have shown that churches

play important roles as political organizers (Verba, Schlozman and Brady, 1995; Campbell,

2004), that declines in church attendance can demobilize voters (Gruber and Hungerman,

2008; Gerber, Gruber and Hungerman, 2016), and that voters may choose their level of re-

ligious involvement and their congregation based on the perceived politics of the pastor or

congregation (Margolis, 2018; Audette and Weaver, 2016; Hafner and Audette, 2023). Few

studies, however, have tested whether the people voters attend church with influence them

(see the review by Ladam, Shapiro and Sokhey, 2019). We show that they do, and that

the influence comes from fellow congregants rather than from the pulpit. Congregations can

therefore be settings of political persuasion, where individuals conform toward, rather than

react against, co-congregants who differ from them, even where clergy stay out of politics.

This gives the growing alignment between religion and partisanship a mechanism that does

not run through politicized leaders: a congregation can pull its members’ politics toward the

local majority without anyone preaching it.

The rest of the paper proceeds as follows. Section 2 describes the organization of LDS

congregations in Utah, the process by which ward boundaries are redrawn, and the Utah

political institutions that shape what party registration measures. Section 3 describes our

data. Section 4 explains our empirical design, estimating equation, and the interpretation of

the linear-in-means estimand. Section 5 presents the analyses supporting the identification

assumptions of our difference-in-discontinuities design. Section 6 presents our core results on

partisan registration, together with their magnitude, robustness, and sensitivity to selective

attrition. Section 7 analyzes mechanisms, asking whether effects are driven by peers or by

church services, which voters respond, and what an induced change in registration represents.

Section 8 concludes.

2 LDS Congregations and Utah Politics

Our natural experiment is built on the way the Church of Jesus Christ of Latter-day Saints

(LDS Church) organizes its members into local congregations called wards.4 The interpreta-

tion of our principal outcome, party registration, depends in addition on features of Utah’s

4Despite the shared name, LDS wards are purely ecclesiastical units with no connection to the adminis-
trative wards used in some U.S. municipalities.
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political landscape, including its electoral rules. This section describes each in turn.

Wards are small, geographically defined congregations, each typically comprising several

hundred individuals who attend weekly worship services and participate in social and re-

ligious activities together. Three institutional features make wards a useful laboratory for

studying peer influence: (1) members spend substantial time together, (2) ward assignment

is geographically determined with high compliance, and (3) ward boundaries are periodically

redrawn in ways that are plausibly exogenous to political outcomes.

2.1 Wards are a Consequential Peer Group

Members of the LDS Church have one of the highest rates of weekly church attendance

among major U.S. religious groups, with 77% of LDS respondents in the 2014 Pew Religious

Landscape Study reporting weekly or more frequent attendance (Pew Research Center, 2015).

In addition, many members hold volunteer lay-ministry assignments, known as “callings”

(e.g., Sunday School teacher, choir director, even bishop5—the ward’s presiding lay minister),

which often involve serving on committees with other members. Cnaan, Evans and Curtis

(2012) estimate that the average LDS member spends about 8 hours per week on church-

related volunteering, and the Church’s own materials describe lay-ministry assignments as

requiring anywhere from roughly 5 to 30 hours per week (The Church of Jesus Christ of

Latter-day Saints, n.d.c). Beyond weekly meetings and church assignments, many members

also participate in social activities including service projects, potlucks, sports leagues, choir,

youth activities, and summer camps.

This intensity of contact shows up in members’ reported social networks. In Putnam and

Campbell’s Faith Matters Survey—a nationally representative survey of U.S. adults with

a uniquely detailed battery on respondents’ religious social ties (Putnam and Campbell,

2010)—LDS attenders are more likely than attenders of any other major U.S. religious tra-

dition to report six or more close friends in their congregation. Among LDS respondents,

congregation friends also rank above workplace friends on every tie-strength measure the

survey asks about (Appendix A.1). A member’s particular mix of ward members therefore

strongly shapes their set of friends, day-to-day social contacts, and broader support network.

Appendix A.1 presents additional survey evidence on each of these dimensions of ward life.

5An LDS bishop leads a single ward, making the role closer to a parish pastor than to a bishop in Catholic
or episcopal traditions. The nearer analogue of a diocesan bishop is the stake president introduced below.
That office, too, is an unpaid lay position.
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2.2 Ward Assignment is Geographically Determined

Each member is assigned to the ward whose boundaries contain their home address. Thus,

short of moving, members of the LDS Church, unlike congregants in most American de-

nominations, have little ability to sort into like-minded congregations. In Utah, where we

focus our attention, wards are geographically small (the median ward is 0.5 square kilome-

ters in area), meaning that members of neighboring congregations typically face similar local

environments, which is exactly the comparison our empirical design exploits.

Compliance with ward assignment is high for two reasons. First, full participation in a

ward—including the ability to serve in a lay ministry role and to participate in key religious

rites (e.g., baptism, marriage)—is contingent on having one’s official membership records

assigned to that ward. Second, moving membership records to a ward outside one’s residen-

tial area requires approval from the Church’s highest governing body in Salt Lake City and

is rarely granted. This policy reflects the Church’s belief that geographically defined wards

encourage bridging social ties. As official Church materials put it: “Wards are chosen for

us based on a reasonable geographic alignment, and we learn to live with, serve, and love

people who might well be different in background, preferences, and opinions” (The Church

of Jesus Christ of Latter-day Saints, n.d.a).

2.3 Ward Boundaries are Occasionally Changed

Ward boundaries are occasionally redrawn, which we exploit as a plausibly exogenous shock

to a person’s peer group. Any adjustment to ward boundary lines, including the creation of

new wards and the closing of old wards, is initiated by the stake president, the lay leader

of a group of 5–10 contiguous wards called a stake. According to conversations with several

stake presidents and official church guidelines, the stake president’s primary motivation for

redrawing ward boundary lines is to rebalance church attendance across wards in response to

move-ins, move-outs, conversions, and disaffiliations.6 In declining areas, some wards may

need to be closed and absorbed into neighbors; in growing areas, new wards are created

by splitting existing ones; other times, attendance can be rebalanced by simply shifting a

boundary line between neighboring wards.

In addition to rebalancing overall attendance, stake presidents in our conversations de-

scribed taking two other factors into account. First, they often try to ensure that each ward

6The Church discourages wards that are too small or too large, preferring wards of several hundred
members. Because wards are run by lay ministry, small wards struggle to fill key positions while large wards
impose heavy administrative burdens on the bishop. In creating a new ward, the Church requires a minimum
of 250 members on the roll, with at least 100 actively participating adults, and at least 20 members eligible to
serve in key leadership positions (essentially, actively attending men who pay a full 10% tithe) (The Church
of Jesus Christ of Latter-day Saints, n.d.b).
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has enough children under 12, teenage boys, and teenage girls so that members of these

categories can make friends. Second, they usually try to follow sensible geographic divides

(roads, rivers, neighborhoods, school boundaries, etc.) when drawing lines. We return to

the potential confounds introduced by these secondary considerations in Section 4 when we

discuss the controls and fixed effects used to address them.

Beyond these factors, stake presidents do not account for individual characteristics, both

because most—including political leanings—are unobservable to them, and because anchor-

ing boundaries to the particular individuals living there at the time would be shortsighted

given normal residential turnover. One exception, which came up in several conversations,

is the sitting bishop of each existing ward. When a ward is split, some stake presidents may

consider which side of the new line the bishop falls on. Such gerrymandering does not appear

to happen on a broad scale, however. If boundaries were drawn to place sitting bishops on a

specific side, bishops would likely be disproportionately clustered near new boundary lines.

Appendix Figure F1 shows that bishops are no more likely than other members to live near

a newly drawn line.

Mechanically, a boundary change proceeds as follows. The stake president, sometimes in

consultation with each ward’s bishop, draws up a proposed set of new boundary lines using an

online GIS interface that displays real-time ward-level statistics (number of members, number

of children under 12, etc.) for the proposed configuration. Once satisfied with a configuration,

the stake president submits it to church headquarters and then waits, sometimes months,

for approval. Only if and after the proposal is approved is anything announced to ward

members, who are expected to comply with their new ward assignments the following week.

Between 2013 and 2017, the years for which we have ward boundary data, the number of

wards in our data rose from 3,975 to 4,115, as 239 new wards were created and 99 old wards

were dissolved. Often, boundaries for multiple wards were adjusted simultaneously since any

change to one ward’s boundary tended to set off compensating adjustments in neighboring

wards. Figure 1 shows an example, using a stake which grew from eleven to twelve wards

between 2014 and 2015. In order to accommodate growth, this stake reorganized four wards

into five, while leaving the other seven wards in the stake unaffected. Altogether, of the 3,975

wards we observe in 2013, 1,334 (33.6%) experienced some form of boundary adjustment by

2017. At this rate, the average ward is redrawn about once every 11.9 years.

Consistent with attendance rebalancing, new wards were created where the population

grew the fastest. Over our study window, the population grew by 108% in areas that added

a ward, compared with 38.5% where the boundaries were realigned but the number of wards

held constant, and only 14.3% where a ward closed. Additionally, new-ward areas saw

pronounced single-family home construction booms in the years immediately preceding the
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change (Appendix B).

How disruptive are boundary changes to ward social networks? As Figure 1 illustrates,

a reassigned voter’s new ward often combines members of several formerly distinct congre-

gations. Among individuals who experienced a ward boundary change, the median person

found themselves in a post-change ward where 19.2% of their fellow ward members had not

been in their ward prior to the change. Exposure is unevenly distributed across voters (Ap-

pendix Figure B4): roughly 40.0% of individuals experienced a change in which 5% or fewer

of their assigned congregation were new, while 27.5% found themselves in a ward where at

least half of their fellow ward members were new. Most of the identifying variation therefore

comes from a minority of substantially disrupted voters.

1 km

2014: 4 wards 2015: 5 wards

Figure 1: Example of a ward boundary change. The left panel shows a stake as of 2014.
Gray wards were unaffected by the change, while each ward that was subsequently redrawn is
shaded its own color. The right panel superimposes the new (2015) ward boundaries in bold
black over the same stake. Within each bold outline, differently colored areas correspond to
groups of members who previously attended different congregations but were combined into
the same new ward. Roads are drawn faintly in the background for scale.

2.4 The Utah Political Landscape

Utah leans heavily Republican. In 2012, 45% of registered Utah voters were Republicans, 9%

were Democrats, and 46% were Unaffiliated—a category that pools voters registered with

no party (the large majority) with registrants of minor parties. By 2020, those shares had

shifted to 52% Republican, 14% Democratic, and 34% Unaffiliated. Much of this shift came

from party switching rather than from entry into and exit from the electorate. Figure 2
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traces registration flows among all Utah voters observed in both 2012 and 2020. Over this

period, 27.9% of 2012 Unaffiliated voters moved to the Republican Party and 12.7% to the

Democratic Party, while 12.7% of 2012 Republicans and 28.3% of 2012 Democrats left their

party.

Unaffiliated voters thus make up a large share of the Utah electorate, and they feature in

several of our main findings, so it is worth understanding how they lean. We characterize their

presidential vote choice using self-identified Independents in the Cooperative Election Study

(CES), which is the closest available survey proxy for the Unaffiliated registrants we study.

Utah Independents have generally leaned left in recent presidential elections—50% voted for

Obama versus 37% for McCain in 2008, and 52% for Biden versus 41% for Trump in 2020—

with 2012 the exception, when Mitt Romney’s candidacy, unusually popular in Utah given his

LDS faith, pulled Utah Independents sharply rightward (58% Romney vs. 35% Obama). In

2016, a large share defected from both major-party candidates to the independent candidacy

of Evan McMullin, an LDS conservative (Appendix Figure A9). Appendix A.4 additionally

reports validated party-registration shares separately for LDS and non-LDS Utahns.

Utah’s primary elections give party registration a second, strategic dimension. Through-

out our study period, the Republican primary was closed; only registered Republicans could

participate. The Democratic primary, by contrast, was open to both Democrats and Un-

affiliated voters.7 Because Republicans dominate Utah politics, the Republican primary is

frequently the decisive election, giving non-Republicans a strategic incentive to register Re-

publican. This incentive was especially visible in 2020, when a competitive four-way Repub-

lican gubernatorial primary prompted organized public campaigns encouraging Democrats

and Unaffiliated voters to register as Republicans in order to participate. The campaign of

Jon Huntsman, Jr., a moderate former governor, ran social-media ads urging supporters to

register Republican, and the former chair of the Utah Democratic Party publicly switched

parties and encouraged fellow Democrats to do the same (Roche, 2020). In the eight weeks

before that primary, roughly 73,000 Utahns registered as Republicans, an increase of about

10% in the party’s registration (Hutson, 2020). Episodes of statewide strategic switching like

these are absorbed by our design, which compares registration trends across newly drawn

ward boundaries within the same neighborhood at the same time. However, understanding

these strategic incentives still matters for interpreting what a party switch means in this

7Utah law lets each party decide which voters may participate in its primary. Before each primary
election, a party files a statement with the lieutenant governor declaring which parties’ members, and whether
Unaffiliated voters, may vote in its primary (Utah Code §20A-9-403). The Republican Party has restricted
its primary to registered Republicans since 2002—before which Utah did not register voters by party at all
(Bernick, 2002)—while the Democratic Party has allowed Unaffiliated voters to participate throughout our
study period (Roche, 2020; Hutson, 2020). Unaffiliated voters who wish to vote in the Republican primary
may also affiliate with the party at the polls on election day.
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setting.

These institutions clarify what party registration measures. A voter’s registration can

reflect internal partisan identity—beliefs, ideology, and attachment to a party—as well as

strategic considerations, most importantly access to a closed primary. The two motives,

however, map asymmetrically onto the possible switches. Strategic motives can explain why

an Unaffiliated voter or a Democrat would register Republican. They cannot explain why

an Unaffiliated voter would register as a Democrat, nor why a Democrat would become

Unaffiliated. Neither move changes the set of primaries in which the voter may participate.

Likewise, a Republican has essentially no strategic reason to leave the party—and, in par-

ticular, no strategic reason to register as a Democrat rather than becoming Unaffiliated,

since either allows participation in the Democratic primary. Movements toward the Demo-

cratic Party, which feature prominently in our results, are therefore difficult to attribute to

strategic registration. Moreover, even registration changes that begin strategically appear to

acquire genuine political content. Gerber, Huber and Washington (2010) randomly encour-

aged unaffiliated voters to register with a party ahead of a closed primary and found that

the induced registrations subsequently shifted partisan identification and political attitudes.

We return to this asymmetry when interpreting our main results in Section 6.

3 Data

We assemble a panel of Utah voters by linking four sources: (1) TargetSmart voter files (2012–

2021), which provide voter addresses and political outcomes; (2) LDS ward boundary maps

(2013–2017), which define each voter’s peer group and the boundary changes we exploit; (3)

CoreLogic property records, which provide property-level controls; and (4) school boundary

shapefiles which capture school-driven residential sorting. Our main analyses compare each

voter’s party affiliation at two endpoints—as of the 2012 and 2020 presidential elections—

which cleanly bracket the 2013–2017 boundary changes we study. The unit of observation

in our estimation samples is the voter–boundary pair—voters near several new boundaries

enter once per boundary (Section 3.4)—and outcomes are within-voter changes across these

endpoints.8 Our main analysis sample comprises 121,876 registered voters observed in both

2012 and either 2020 or 2021 who lived within 400 meters of a ward boundary newly drawn

8Most registration changes occur during presidential election years (Appendix Figure D1), making 2012
and 2020 natural measurement points. Because of the low rates of party switching in non-election years, we do
not include intermediate snapshots in our main analyses. The 2016 election, the one intermediate presidential
election, warrants separate comment. We cannot cleanly order it relative to our observed boundary changes;
it falls after 2013–2014 and 2014–2015 boundary changes, but, because the exact timing of boundary changes
is unobserved, it is unknown whether 2015–2016 and 2016–2017 boundary changes precede or postdate it.
Changes measured against 2016 would therefore mix pre- and post-treatment exposure.
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Figure 2: Party Registration Flows in the Utah Electorate, 2012–2020. Each band traces
the movement of voters between party registrations from 2012 to 2020, among all registered
Utah voters in our panel observed in both years.

between 2013 and 2017, with voters on both sides of the line.

A key limitation is that we do not observe religious affiliation, so we cannot identify LDS

members in the voter file. We therefore focus on Utah, where most counties are over 70%

LDS, so that ward boundaries are salient for most voters in our sample (Appendix A.3 maps

LDS density across and within counties). Section 6.1 and Appendix G quantify the attenua-

tion that unobserved membership induces and adjust our estimates for it. The remainder of

this section describes our data sources and sample construction. Table 1 reports summary

statistics for the analysis sample, separately by baseline party (Section 3.4).9

9One mechanism analysis, the bishop analysis of Section 7.3, uses different data (the L2 voter file linked
to a quarterly directory of ward bishops). Its construction is described in Appendix I.
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3.1 Voter Panel

To measure political behavior, we use individual-level voter registration lists from TargetS-

mart, a commercial vendor that cleans and standardizes publicly available state registration

files. The data consist of annual snapshots of Utah’s registered voters, 2012–2021, with

party registration, turnout history, name, residential address, date of birth, sex, and race

for each voter-year.10 Each snapshot records registration as of its pull date, while validated

turnout for a November election enters the following year’s snapshot. Consistent with this

timing, year-over-year party switching spikes in the election-year files themselves (Appendix

Figure D1). TargetSmart geocodes voters’ street addresses, which allows us to assign each

voter to a contemporaneous ward and to measure distance to ward boundaries. We con-

struct our primary outcome, a three-way party-registration category—Republican, Demo-

cratic, or Unaffiliated—from TargetSmart’s party-registration field, pooling unaffiliated and

third-party registrants into the Unaffiliated category.

TargetSmart links voters across years using state registration records, national change-

of-address databases, and proprietary linking methods. We build on this vendor linkage

by further deduplicating records and identifying movers based on name, date of birth, and

voting history. Appendix C.1 describes these cleaning steps in detail. From this process we

construct a longitudinal panel of 753,451 registered Utah voters observed in both 2012 and

either 2020 or 2021—69.0% of the 1,091,892 registrants in our cleaned 2012 cross section.11

Voters who move remain in the panel and their treatment is always defined by their baseline

(2012) residence. Section 6.4 examines attrition from the panel directly, and Appendix D

validates our cleaned panel against published state totals for registration, turnout, and party

shares.

3.2 Ward Assignments

To measure church peer groups, we digitized LDS ward boundaries for 2013–2017, approxi-

mately 4,000 ward polygons per year, from boundary maps published by the Church, using a

combination of automated image processing and manual review. Appendix C.2 describes the

10TargetSmart imputes race from surname and local demographics, following methods akin to Imai and
Khanna (2016), and sex from name and commercial records.

11We pool 2020 and 2021 as our endline because some voters appear in 2021 but not 2020, and 2021
registrations reflect post-2020-election affiliation (party switching between the 2020 and 2021 files is minimal;
see Appendix Figure D1). This increases our effective panel size without changing the interpretation of the
outcome. When voters appear in both 2020 and 2021 we use their outcomes from the 2021 file. We do not
pool 2012 with 2013 at the start of the panel because boundary changes begin in 2013, so pooling would risk
treating post-treatment observations as baseline.
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procedure.12 We then assign each voter-year to a contemporaneous ward based on the voter’s

geocoded address. The digitized maps assign a ward to 98.5% of geocoded 2012 registrants

(Table 1), with the remainder living in areas without digitized coverage. Across wards, the

median land area is 0.5 square kilometers, the median size is 247 registered voters, and the

median partisan composition is 50.3% Republican and 6.4% Democratic.13

We identify boundary changes by comparing the full statewide set of ward polygons in

each consecutive pair of years. A new boundary line is defined as any line dividing two

neighboring wards in one year that bisects a ward from the previous year. Imperfections

in digitization could cause small discrepancies in a ward’s polygon across years to be mis-

classified as new boundary lines, so after programmatically identifying candidate lines we

manually checked each against the source maps and removed false positives. This left us

with a set of 2,205 new boundary lines (443 from 2013–2014, 468 from 2014–2015, 658 from

2015–2016, and 636 from 2016–2017).

3.3 Property and School Controls

CoreLogic property records. To capture neighborhood-level differences in housing stock

that may coincide with ward boundaries, we add property-level controls from CoreLogic, a

commercial vendor that aggregates publicly available property records from county asses-

sors. CoreLogic provides annual records for 2012–2021 with address, assessed value, square

footage, lot size, year built, and bedroom and bath counts. In our analyses, all property

controls are fixed at their baseline (2012) values. Because these controls are meant to de-

scribe the home a voter actually lives in, we restrict property records to owner-occupied

single-family homes (487,060 homes in 2012), for which the owner and the resident are most

likely the same person. We link CoreLogic records to TargetSmart voters in two passes:

first by exact standardized street address and, for owners still unmatched, by pairing each

property with voter-file addresses within 100 meters. In both passes we require an exact last-

name match and a high fuzzy first-name score, and keep each owner’s single best-scoring

voter (Appendix C.3 details the procedure). This produces successful matches for 73.3%

of homeowners—above Utah’s 2012 registration rate of 59.4% of the voting-age population

(U.S. Census Bureau, 2013), consistent with near-complete linkage of registered owners and

with registration being higher among homeowners than in the general population—and adds

12We collected the maps from a repository on the Church’s website that was publicly accessible at the time
but is no longer. The repository carried maps only between 2013 and 2017. Maps for later years require a
separate per-map application to the Church. Our placebo boundaries therefore come from quarterly scrapes
of the Church’s Meetinghouse Locator (Section 3.5).

13Interquartile ranges are [0.3, 1.8] km2, [183, 338] voters, [40.0%, 59.0%] Republican, and [4.0%, 9.9%]
Democratic. Figure D2 plots the full weighted and unweighted distributions.
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property characteristics for 40.4% of the registered voters in our 2012 cross section. Tables D4

and D5 in the appendix compare linked to unlinked voters and properties.14

School boundaries. To capture school-related residential sorting that could confound

ward-level comparisons, we asked each Utah school district for elementary school catchment

shapefiles. We obtained detailed boundaries from 22 of 41 districts, with rural districts being

the most likely to lack digital records. For voters in these districts we assign an elementary

catchment, covering 94.9% of the registered voters in our 2012 cross section, and for voters

elsewhere we assign the broader school district as a fallback. When a specific year’s shapefile

is unavailable, we use the closest available year. Appendix Table D7 lists districts and

availability of elementary school boundaries.

3.4 Analysis Sample

Our main analysis focuses on voters who, in 2012, lived in wards that were split between

2013 and 2017, that is, wards for which at least one 2012 resident ended up on each side of a

newly drawn boundary.15 We further restrict our attention to voters living near these newly

drawn boundary lines, so that we compare similar voters on either side of the line. Of the

2,205 newly drawn boundary lines, 1,516 have panel voters living within 400 meters on both

sides of the line. Of the 753,451 voters in our cleaned panel, 121,876 live within 400 meters

of at least one such new boundary line. This is our estimation sample. Roughly four in five

sample voters are near exactly one line (98,613 of 121,876).1617

Two features of this sample are worth noting. First, because our panel requires a voter to

be registered across an eight-year window, our sample under-represents temporary residents

such as college students, short-term renters, and recent movers (who are more difficult to

link across voter-file snapshots). As a result, a higher share of our analysis-sample voters are

linked to CoreLogic homeowner records (46.3%) than of voters in the full 2012 cross section

(40.5%), and analysis-sample voters are also somewhat more likely to have voted in 2012 and

14We also link CoreLogic mortgage records to HMDA loan-application records to recover applicant income.
Because the resulting match rate is low (roughly 27% of 2012 originations), we omit income from our main
analyses. Appendix C.4 describes the linkage procedure.

15Ward assignment is fixed at 2012 residence so that treatment is not affected by moves made in response
to boundary changes.

16Boundary counts differ across exhibits because different analyses impose different requirements: the
party-specific subsamples retain only boundaries with voters of that party on both sides (Table 1); the
missing-religion verification (Appendix G) uses the boundaries with both flanking wards observed in the
2012 voter file; the single-year endlines of the dynamics analysis (Appendix J.4) each retain the subset of
boundaries with panel voters observed in that year; and the randomization inference (Appendix F.3) flips
the roughly 1,450 boundaries with estimable exposure contrasts on both sides.

17Voters living near multiple new boundary lines appear once per line; Section 4.1 describes how the design
and the clustered standard errors account for this duplication.
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to be registered as Republicans. Second, because ward boundary changes are often triggered

by local population growth from new home construction, the median home in our analysis

sample is about a decade newer than in the full cross section. Appendix Table D3 reports

the full comparison.

Table 1 reports summary statistics separately for each baseline-party subsample, the

samples our regressions use, including each column’s pre-attrition universe, boundary count,

linkage rates, demographics, mobility, and 2020 outcomes. Party switching in the sample

broadly mirrors the statewide flows shown in Figure 2.

3.5 Placebo Sample

For our main validation exercise, we construct a parallel placebo sample by applying the

same design to voters living near ward boundaries that were drawn after the 2012–2020

study window. Because these boundaries did not yet exist during our outcome period, any

estimated “effect” on 2012–2020 political behavior necessarily reflects a problem with our

design rather than the causal impact of a boundary change. It therefore serves as a direct

test of the identifying assumption that boundary placement is unrelated to differential trends

in political outcomes. We present the placebo estimates in Section 5.1.

Since 2023, we have scraped ward boundaries each quarter from the LDS Church’s Meet-

inghouse Locator tool, a Google Maps-style interface that returns a ward assignment for

any Utah address submitted to it.18 Our current placebo sample uses boundary changes ob-

served between Spring 2023 and Spring 2026, yielding 2,173 newly drawn boundary lines, of

which 1,101 have panel voters within 400 meters on both sides; the resulting placebo sample

contains 103,335 voters (Appendix Table D8). Appendix Table D6 compares the placebo

sample to our main analysis sample. Placebo-sample voters are somewhat less Republican,

own less expensive and older homes, and are less likely to be rural. These differences are

as expected since construction booms often draw more Republican-leaning voters into new

homes in previously rural places, and the booms that would later trigger the 2023–2026

changes had not yet occurred in 2012.

4 Empirical Design

We use a geographic difference-in-discontinuities design to estimate the causal effect of peer

partisan composition on party affiliation and voter turnout. Our design compares voters

who belonged to the same ward at baseline (2012) but who, through a subsequent boundary

18Appendix C.5 details the scraping procedure and address list.
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Table 1: Summary Statistics: Analysis Sample by Baseline Party

Republicans Democrats Unaffiliated

2012 voters near an eligible boundarya

Number of voters 82,307 12,200 75,654
. . . not observed in 2020/2021 (attrition) 26.1% 31.9% 34.3%

Analysis sampleb

Number of voters 60,795 8,314 49,684
New boundary linesa 1,439 876 1,450
Linked to CoreLogic single-family home 49.3% 40.5% 43.1%
Linked to an elementary school 96.8% 99.1% 97.7%

2012 characteristics
Age 46.3 (16.3) 44.9 (16.1) 42.7 (16.0)
Male 48.8% 44.2% 51.6%
White 97.6% 87.6% 93.6%
Rural 11.2% 5.6% 9.1%
Property valuec $274k [215k, 365k] $247k [195k, 313k] $253k [201k, 328k]
Building square feetc 1,933 [1,479, 2,622] 1,653 [1,265, 2,170] 1,742 [1,341, 2,332]
Year builtc 1997 [1980, 2004] 1994 [1972, 2002] 1994 [1976, 2003]

Mobility, 2012–2020/21
Movedd 52.2% 57.5% 57.4%
. . . out of Utahd 9.5% 15.3% 12.9%

Political outcomes
Registered Republican in 2020 86.2% 12.6% 29.4%
Registered Democratic in 2020 1.8% 70.6% 10.6%
Registered Unaffiliated in 2020 12.0% 16.8% 59.9%
Voted in 2012 primary 40.1% 4.7% 2.7%
Voted in 2012 general 88.2% 78.8% 73.4%
Voted in 2020 primarye 64.2% 26.6% 25.1%
Voted in 2020 generale 87.8% 78.2% 78.2%

Notes: a An eligible boundary for each column is a newly drawn 2013–2017 line with voters of that baseline
party within 400m on both sides, so both voter and boundary counts differ across columns and columns do
not sum to the pooled analysis sample (Section 3.4). b All rows from this block on are computed over the
analysis sample: voters near an eligible boundary who are observed in 2020 or 2021. c Among voters linked
to a CoreLogic single-family home; property characteristics are fixed at their baseline (2012) values. Cells
report the median [interquartile range]; Age reports the mean (standard deviation). d Share of analysis-
sample voters whose 2020/2021 address is more than 100m from their 2012 address, and the subset observed
at an address outside Utah. Movers remain in the sample; treatment is defined at 2012 residence. Voters
who left and cannot be linked appear as attrition instead; see Section 6.4. e 2020 votes are recorded in the
2021 voter-file snapshot (see Section 3.1).

change, were reassigned to neighboring wards with different partisan compositions. We ask

whether voters assigned to wards with a higher share of Republicans (or Democrats) expe-

rience different 2012–2020 trends in these outcomes than voters assigned to the neighboring

ward.

The design combines four features, each addressing a different threat to identification. A

spatial discontinuity strips out smooth partisan sorting across space. First-differencing nets
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out cross-boundary differences in levels. Reassignment to congregations postdates residential

choices, which rules out sorting across the boundaries at baseline. Boundary fixed effects

absorb area-level differences in political trends. Together these features form a difference-in-

discontinuities framework that is substantially more credible than any one component alone

(Butts, 2023).

Figure 3 illustrates the design with an example from our data. Panel (a) shows a single

ward at baseline (2012), labeled Ward A, with each point representing a registered voter

colored by party. The dashed lines preview a boundary change that, from the perspective of

2012, still lies in the future—a new line will split Ward A, combining its northern half with

neighboring territory to the northwest to formWard B, and its southern half with neighboring

territory to the southwest to form Ward C. Crucially, voters could not have sorted across a

boundary that did not yet exist. Panel (b) shows the post-change configuration. Our design

compares the trends in political outcomes of Ward A voters on opposite sides of the new

line, while controlling for smooth spatial gradients via the running variable. In this example,

Ward A voters assigned to Ward C found themselves in a 69% Republican ward, while their

former ward-mates assigned to Ward B found themselves in a 54% Republican ward. Our

treatment variable, described in more detail below, is a function of this difference, with peer

composition and residential locations measured at baseline.19

We discuss each feature in turn, beginning with the spatial discontinuity. Because Re-

publicans and Democrats tend to cluster in different neighborhoods, voters living in similar

localities but different neighborhoods may differ systematically in political behavior absent

any peer effect. We therefore compare voters who live close to each other but just across a

new ward boundary. That is, voters who made similar decisions about where to live but face

different congregation partisan compositions purely because of where the line falls (Keele

and Titiunik, 2015; Keele, Titiunik and Zubizarreta, 2015). In our estimation, a smooth

function of distance to the boundary absorbs the underlying spatial gradient in partisan

sorting, so that identification comes strictly from the discontinuous change in peer compo-

sition at the boundary. This is an advantage relative to a simple difference-in-differences

design, which would attribute all cross-boundary variation in trends to treatment, including

variation driven by smooth spatial sorting.

Second, first-differencing. By differencing outcomes between a baseline period (2012)

and an endline period (2020), we relax the identifying assumption from one about levels to

one about trends. We do not require that covariates be balanced or smooth across the new

19The quoted shares are overall ward means across all 2012 registered voters, as reported below the figure.
In estimation we use leave-one-out means, which differ slightly across individuals by their own baseline party
(Section 4.2).

20



Ward A

(a) Baseline (2012)

Boundary
change

Ward C

Ward B

(b) Post−Change

Ward A: 69% Republican
Ward B: 54% Republican
Ward C: 69% Republican

Non−Republican Republican

Figure 3: Research Design Illustration. Panel (a) shows the baseline (2012) ward, Ward A,
with each point a registered voter colored by party registration; to keep the figure legible, one
voter from each single-family household is plotted. The future boundaries are superimposed
in dashed lines. Voters who are both in Ward A and within 400 meters of the new boundary
line are shown in saturated color, indicating that they make up the analysis sample; faded
voters are used only to construct peer exposure measures. Panel (b) shows the post-change
configuration: Wards B and C, shaded by partisan lean (pink = more Republican, blue =
less Republican), with the new boundary in bold and the old ward boundaries dashed. The
text row below the panels reports each ward’s Republican share among all 2012 registered
voters.

boundary, only that trends in political outcomes be smooth through it. This is a much weaker

assumption than that required for a static spatial regression discontinuity, allowing for any

imbalances in levels across the boundary that are constant over time (e.g., differences in the

housing stock or school assignment). Differencing also reduces concerns about intentional

gerrymandering on partisanship, since it is far easier to observe who is Republican than who

is trending Republican.

Third, the timing of reassignment. Boundary lines are drawn and announced only after

administrative approval (Section 3), years after the voters in our sample chose where to live,

so voters at baseline could not have sorted across boundaries that did not yet exist. Had we

instead studied boundaries that persisted throughout the study window, both components

of the design would inherit a sorting problem, because the line would already have existed

at baseline to sort across. A static spatial regression discontinuity would need to rule out

sorting on levels. With first-differencing, the concern is instead sorting on trends, which is
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weaker but not innocuous. An outside observer may have a difficult time discerning who

is trending Republican, but voters know their own trajectories and may sort accordingly.

A Democrat drifting rightward may be open to living in a more Republican ward in a

way that a committed Democrat is not. Because the boundaries we study did not exist

when residential choices were made, neither form of sorting can operate. The identifying

assumption of smooth potential-outcome trends across the boundary is therefore easier to

satisfy.

Fourth, boundary fixed effects. Our estimation includes a fixed effect for each newly

drawn boundary, ensuring that all comparisons are between voters near the same new line

who shared a ward before it was redrawn. Without them, the design would implicitly

compare voters near boundaries in, say, downtown Salt Lake City to voters near boundaries

in rural Utah County, which are areas that differ dramatically in both the level and trajectory

of partisanship for reasons entirely unrelated to peer effects. Boundary fixed effects restrict

identification to within-boundary contrasts, netting out any area-level differences in political

trends.

Finally, we discuss the additional control variables. The secondary considerations stake

presidents describe (Section 2.3) such as balancing children and youth across wards, follow-

ing school catchments and other natural dividers are, from the design’s perspective, level

characteristics. Where a new line places more young families or a school boundary on one

side, that difference is constant over the study window and absorbed by first-differencing

our outcome variables. Our preferred specification therefore includes no individual-level

controls. However, one remaining concern is that these considerations could proxy for dif-

ferential trends. To address this, robustness specifications control for differential trends by

demographics, property characteristics, and school catchment zones, and reassuringly, their

inclusion does not affect our estimates.

4.1 Sample Restrictions

We restrict the sample in two ways designed to sharpen causal comparisons. First, we fo-

cus on voters living within 400 meters (approximately four city blocks) of a newly drawn

boundary. Narrowing the bandwidth ensures we compare voters in the same immediate

neighborhood who differ primarily in their post-change ward assignment. We choose 400

meters because it meaningfully increases sample size and precision relative to narrower band-

widths, while remaining narrow enough that voters on opposite sides plausibly share the same

neighborhood environment. Estimates are stable across bandwidths from 50 to 600 meters

(Appendix Figure H2). Approximately 18% of voters live within 400 meters of multiple new
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boundaries.20 In such cases, we include the voter once for each nearby boundary and cluster

standard errors to account for the duplication. Peer composition itself is measured over each

ward’s full roster of registered, street-geocoded voters in our panel, not just those near the

boundary.

Second, we estimate all specifications separately by baseline (2012) party affiliation: Re-

publicans, Democrats, and Unaffiliated voters. This serves two purposes. First, because our

outcomes are binary indicators measured in changes, splitting the sample yields coefficients

with a clean transition interpretation: for 2012 Republicans, the coefficient on Republican

peer exposure captures the effect of peer composition on remaining Republican; for 2012

Democrats or Unaffiliated voters, it captures the effect on becoming Republican. Second,

splitting the sample allows us to measure peer composition using a simple leave-one-out

ward mean without introducing exclusion bias. Exclusion bias is a mechanical, finite-sample

bias that arises because a person cannot be their own peer. This causes own outcomes to

be negatively correlated with leave-one-out peer means, which can contaminate peer-effects

regressions even under random assignment (Guryan, Kroft and Notowidigdo, 2009; Angrist,

2014; Caeyers and Fafchamps, 2016). Splitting by baseline party eliminates this channel en-

tirely, because the leave-one-out measure is then constant within each ward-by-party cell—no

individual’s own affiliation moves their own regressor. Table 1 reports summary statistics

for the three resulting subsamples.

4.2 Estimating Equation

Let b index a newly drawn ward boundary with wards B and C on either side (matching

the example of Figure 3). For each individual i near boundary b, define Z̄w,2012 as the

leave-one-out share of Republicans (or Democrats, depending on the specification) in ward

w ∈ {B,C}, where partisanship and addresses are both measured at baseline (2012).21

Define the running variable rib as signed distance to the boundary, normalized so that

rib ≥ 0 places individual i on the side with higher partisan exposure—side B if Z̄B(b),2012 >

Z̄C(b),2012 and side C otherwise.22 Let

Dib = 1[rib ≥ 0]

20Specifically, 18% of Republicans, 15% of Democrats, and 18% of Unaffiliated voters live near multiple
boundaries kept in their sample-specific analyses.

21We drop the standard −i subscript on the leave-one-out share for notational simplicity and because
within a baseline-party subsample, Z̄w,2012 is identical for all voters in ward w (Section 4.1).

22If the two sides have exactly equal shares, Ib = 0 and the treatment is zero regardless of which side is
labeled high-exposure; such ties are rare and contribute nothing to identification.
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indicate assignment to the high-exposure side, and define

Ib =
∣∣Z̄B(b),2012 − Z̄C(b),2012

∣∣
as the absolute difference in baseline peer composition across boundary b.

In the example of Figure 3, with treatment defined using exposure to Republican peers,

Z̄B(b),2012 ≈ 0.54 and Z̄C(b),2012 ≈ 0.69, so Ib ≈ 0.15. Voters assigned to Ward C have Dib = 1,

and voters assigned to Ward B have Dib = 0.

We estimate the following first-differenced specification separately by baseline party af-

filiation:

∆Yib = β (Dib × Ib) + δDib + µb + f(rib) +X′
iγ + εib, (1)

where ∆Yib ≡ Yi,2020 − Yi,2012 is the change in a binary political outcome (Republican reg-

istration, Democratic registration, or Unaffiliated registration; Section 7.2 applies the same

specification to changes in primary- and general-election turnout).23 The interaction Dib×Ib

is the treatment variable equaling the cross-boundary difference in baseline peer composition

for voters on the high-exposure side and zero for voters on the low-exposure side. The coeffi-

cient β therefore measures how a unit increase in peer partisan exposure (a 0-to-1 change in

peer share) affects the change in the individual’s political outcome. Note that voters on both

sides of a new line experience the boundary change; the two sides shared a ward at baseline,

and both end up in reorganized wards. The design therefore compares two treated groups

that differ in the size of the induced change in peer composition, rather than a treated group

against unaffected controls.

The specification includes boundary fixed effects µb, so all comparisons are within the

same boundary pair. It also includes a flexible function of signed distance, f(rib), which we

parameterize as a quadratic in distance with coefficients estimated separately on each side

of the boundary.24 The vector Xi includes controls (age, sex, race, property characteristics,

school-zone indicators) measured at baseline, although, as discussed above, our preferred

specification omits these. The stand-alone regressor Dib ensures that β is identified from

how outcome differences scale with the dose Ib rather than from any level difference between

sides, and it provides a validation check on the design: as Ib approaches zero, there should

be no difference between being assigned to the high- and low-exposure sides. Reassuringly,

our estimates of δ are uniformly small—within three percentage points of zero—and mostly

statistically insignificant (Appendix Table E2). Standard errors are clustered two-way by

23Endline registration is taken from the 2020 voter file, or from the 2021 snapshot for voters not observed
in 2020 (Section 3.1).

24In our baseline specification, we include rib and r2ib, each interacted with Dib.

24



ward-boundary side (each side of each new boundary is one cluster) and voter. Appendix

Figure H3 shows robustness to Conley spatial standard errors, among other specification

variants.

The continuous treatment intensity Ib improves both power and interpretability relative

to a binary treatment indicator. Many adjacent wards have similar partisan compositions,

so a simple indicator for crossing a boundary would pool together large and small changes in

peer exposure. By interacting the boundary-crossing indicator with the size of the induced

change, we allow the estimated effect to scale with treatment dose. This specification embeds

a linearity assumption—that the marginal effect of peer composition is constant across the

distribution—which we assess in Section 6.2. Figure 4 shows the distribution of Ib across

boundary pairs. The median cross-boundary difference in Republican share is about 5.2

percentage points, with the top decile of boundaries exceeding 14.2 percentage points.
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(a) Republican-share treatment
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(b) Democratic-share treatment

Figure 4: Distribution of Treatment Intensity Across Boundary Pairs. Each observation
is a newly drawn ward boundary. The horizontal axis measures the absolute difference in
baseline (2012) fraction Republican (panel a) or Democratic (panel b) between the two wards
adjacent to the boundary. The dashed line marks the median.

Because a substantial fraction of Utah voters are unaffiliated (46% in 2012), exposure

to Republican peers is far from the inverse of exposure to Democratic peers. In fact, the

high-Republican side is also the high-Democratic side for 36% of boundaries. Appendix E.6

quantifies the trade-offs. A cross-boundary increase in Republican share comes mostly at

the expense of Unaffiliated rather than Democratic share, while an increase in Democratic

share primarily comes at the expense of the Republican share. To investigate which partisan

peer measure best explains party switching, we also estimate a specification that includes
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both Republican-share and Democratic-share exposures jointly:

∆Yib = βr (Dibr × Ibr) + δrDibr + βd (Dibd × Ibd) + δdDibd + µb + f(rib) +X′
iγ + εib, (2)

where Dibr and Dibd are indicators for being on the high-exposure side of the boundary for

the Republican-share and Democratic-share treatments, respectively, and Ibr and Ibd are the

corresponding treatment intensities. Equation (2) estimates the effect of being assigned to

a more Democratic ward holding the Republican share constant (and vice versa), thereby

measuring the effect of exposure to additional peers from each party on its own, independent

of the extent to which such peers substitute for opposite-party peers. We report these

estimates in the “Both treatments” block of our main results tables.

Before turning to identification, we note two considerations that govern how to interpret

β. First, because the voter file does not record religion, we can restrict neither the sample nor

the peer measure to LDS members. Every registered voter near a boundary enters the sample,

and peer composition is measured over the assigned ward’s full electorate (Section 4.1). Our

estimates are therefore intent-to-treat effects of assigned peer composition on the full near-

boundary electorate. We are interested, however, in the causal effect of LDS wards on their

members. We show both that our main ITT effects are conservative25 and that they can be

rescaled to recover our effects of interest. Section 6.1 and Appendix G quantify the implied

attenuation and adjust our estimates for it.

Second, we map β in Equation (1) to standard peer-effects channels. Manski (1993) dis-

tinguishes three reasons that members of a group behave alike: endogenous effects, in which

individuals respond to their peers’ behavior; contextual effects, in which individuals respond

to their peers’ predetermined characteristics; and correlated effects, in which group members

share environments or have selected into the group on similar unobservables. His reflection

problem, which results from the fact that the cross-sectional linear-in-means model cannot

separate endogenous from contextual effects, does not arise in our design, because we never

regress outcomes on contemporaneous peer outcomes. Treatment is the predetermined base-

line partisan composition of the ward to which a voter is reassigned. Furthermore, because

boundary changes quasi-exogenously assign voters to new wards, while leaving the rest of

their environment unaffected, our estimates of β are separately identified from any corre-

lated effects (Section 5 presents the supporting evidence). The resulting coefficient should

therefore be read as the total effect of a shock to peer composition, combining Manski’s

25The inclusion of non-LDS voters in our sample attenuates our estimates because, while non-LDS voters
may be influenced by their LDS neighbors and vice-versa, their interactions are governed by residential
proximity rather than by ward assignment. Thus, for a non-LDS voter, there should be no causal effect of
being directly on one side of a ward boundary as opposed to the other.
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endogenous and contextual channels, and inclusive of any equilibrium feedback among reas-

signed voters as they influence one another over the study window. We view this composite

as the policy-relevant object since any real-world reassignment of peer groups—a redrawn

boundary, a rezoned school, a reorganized unit—triggers the same equilibrium adjustment

(Moffitt, 2001). Appendix E develops a friendship-formation model that gives Equation (1)

a structural interpretation, showing that under random friending within the ward the leave-

one-out ward mean is the expectation of a voter’s unobserved friend circle, so that β recovers

a friend-circle conformity parameter that does not depend on the number of friends a member

has.26

5 Identification and Validation

The identifying assumption of our design is that, conditional on distance controls, assign-

ment to the high-exposure side of a newly drawn ward boundary is locally unrelated to

counterfactual trends in political outcomes. As discussed in Section 2.3, stake presidents do

not draw boundaries at random. They respond to attendance imbalances and typically fol-

low natural spatial dividers—roads, school catchment lines, neighborhood edges—that make

boundaries intuitive and durable. They may also seek to balance wards on demographic

dimensions such as the number of families with young children or eligible lay leaders. To

the extent that these spatial features or demographic targets are correlated with partisan-

ship, new boundaries could coincide with pre-existing discontinuities in the levels of political

variables. Our design allows for such level differences. The critical requirement is that the

new lines not coincide with differential trends. We present three pieces of evidence bearing

on this assumption: a placebo test using future boundaries, a simulation exercise testing for

partisan rebalancing, a direct characterization of which baseline characteristics differ in lev-

els across the new boundaries paired with a robustness check allowing for differential trends

on the types of characteristics stake presidents are likely to consider.

5.1 Placebo Test: Future Boundaries

Our identifying assumption requires that the placement of new ward boundary lines be uncor-

related with trends in partisanship and voter turnout. We test this directly using a placebo

design based on ward boundaries that were drawn after the study window. Specifically, we

apply the same estimating equation (1) to voters living near boundaries created between 2023

26In Section 7.1 we present evidence that our estimates of β are driven by peers’ political behavior rather
than other characteristics, such as race. Hence, while the composite is policy relevant in our setting, we
argue that our estimates likely reflect primarily endogenous, rather than contextual, peer effects.
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and 2026, examining whether assignment to the high-exposure side of these future bound-

aries predicts changes in political outcomes between 2012 and 2020—a period during which

these boundaries did not yet exist. If stake presidents tend to draw boundary lines along

pre-existing partisan fault lines—places where political trends were already diverging—then

future boundaries should also appear to “predict” political change in the preceding period. A

null result, by contrast, would indicate that boundary placement is unrelated to differential

trends in political outcomes, directly supporting our identifying assumption.27

Tables 2 and 3 report the results for 2012 Republicans and 2012 Unaffiliated voters (the

Democrat-baseline analog is in Appendix K). Each table shows the effect of Republican-

share and Democratic-share peer exposure on first-differenced party registration outcomes.

Across the eighteen specifications in the two tables, no coefficient is statistically significant

at the 5% level. Three cells in the Republican table reach 10%, but each is opposite in

sign to the corresponding estimate in our main results (Table 5), the opposite of what a

confound capable of generating those results would produce, and a pattern consistent with

the rebalancing motives we examine in Section 5.2. Thus, the placebo results support the

assumption that new ward boundary lines are placed in a way that is uncorrelated with

trends in partisanship and voter turnout.

5.2 Simulated Boundary Exercise

The placebo test above directly tests our identifying assumption by asking whether bound-

ary placement predicts differential political trends. A complementary question is whether

the redistricting process itself tends to sort voters by partisanship—even inadvertently—by

balancing wards on dimensions correlated with party affiliation. As discussed in Section 2.3,

stake presidents report that their primary goal is to equalize attendance across wards, and

that when they account for individual characteristics at all, it is to balance rather than

segregate groups. If this rebalancing motive extends to characteristics correlated with parti-

sanship, we would expect post-redistricting wards to be more similar in partisan composition

than pre-redistricting wards, relative to a benchmark of feasible alternative configurations.

To test this, we conduct a simulation exercise analogous to those used in the gerryman-

dering literature, using graph partition algorithms to draw counterfactual wards sampled

from the target distribution of potential ward assignment definitions (DeFord, Duchin and

Solomon, 2021; McCartan and Imai, 2023). For each year 2013–2017, we simulate alterna-

tive ward boundaries within each stake, since wards are typically redrawn such that their

27The placebo also serves as a specification test. If the functional form of the geographic running variable
were misspecified in a way that generates spurious treatment effects, we would expect to see significant
placebo coefficients as well.

28



Table 2: Placebo Test: Effect of Peer Partisan Exposure (Future Boundaries, 2023–2026) —
2012 Republicans

Democratic-share treatment Republican-share treatment Both treatments

∆Rep ∆Unaff ∆Dem ∆Rep ∆Unaff ∆Dem ∆Rep ∆Unaff ∆Dem

DDem
ib × IDem

b −0.123 0.003 0.120 −0.073 −0.043 0.117
(0.176) (0.148) (0.075) (0.181) (0.155) (0.078)

DRep
ib × IRep

b −0.120∗ 0.137∗ −0.018 −0.130∗ 0.121 0.009
(0.072) (0.071) (0.025) (0.076) (0.075) (0.026)

Boundary FE Yes Yes Yes Yes Yes Yes Yes Yes Yes
Distance Controls Yes Yes Yes Yes Yes Yes Yes Yes Yes
Dep. Var. Mean -0.146 0.124 0.022 -0.146 0.124 0.022 -0.146 0.124 0.022
# Voters 44,436 44,436 44,436 44,449 44,449 44,449 44,324 44,324 44,324
# Boundaries 1,030 1,030 1,030 1,037 1,037 1,037 1,029 1,029 1,029

Notes: ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.1. Each column is a separate estimation of Equation (1) on
the indicated 2012-party subsample at the preferred 400-meter bandwidth, with boundary fixed effects,
a quadratic in signed distance interacted with the high-exposure side, and no individual-level controls.
Outcomes are first differences in a registration indicator between 2012 and 2020/2021, so a coefficient is
the change in the probability of the indicated 2020 registration per 0-to-1 change in assigned-ward peer
share; Table 7 rescales these to the average realized cross-boundary difference. DX

ib × IXb is the treatment of
Equation (1) for exposure X: the cross-boundary difference in baseline party-X peer share, switched on for
voters on the higher-exposure side. The first two blocks enter each exposure alone; the “Both treatments”
block enters them jointly as in Equation (2). Standard errors, in parentheses, are two-way clustered by
ward-boundary side and voter.

Table 3: Placebo Test: Effect of Peer Partisan Exposure (Future Boundaries, 2023–2026) —
2012 Unaffiliated voters

Democratic-share treatment Republican-share treatment Both treatments

∆Rep ∆Unaff ∆Dem ∆Rep ∆Unaff ∆Dem ∆Rep ∆Unaff ∆Dem

DDem
ib × IDem

b 0.185 −0.087 −0.098 0.216 −0.074 −0.142
(0.198) (0.253) (0.160) (0.218) (0.274) (0.171)

DRep
ib × IRep

b −0.003 0.061 −0.059 0.035 0.001 −0.037
(0.095) (0.101) (0.068) (0.105) (0.107) (0.073)

Boundary FE Yes Yes Yes Yes Yes Yes Yes Yes Yes
Distance Controls Yes Yes Yes Yes Yes Yes Yes Yes Yes
Dep. Var. Mean 0.263 -0.397 0.134 0.263 -0.397 0.134 0.263 -0.397 0.134
# Voters 46,946 46,946 46,946 46,898 46,898 46,898 46,835 46,835 46,835
# Boundaries 1,045 1,045 1,045 1,053 1,053 1,053 1,044 1,044 1,044

Notes: ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.1. Specification, outcome definition, and clustering as in Table 5.

original stake is preserved. We do this using the Merge-Split algorithm (Carter et al., 2019)

implemented through redist software (Kenny et al., 2024), redrawing wards using Census

blocks. The Merge-Split algorithm generates alternative districting or aggregation plans by

repeatedly merging adjacent geographic units into larger regions and then probabilistically

splitting them back apart while preserving constraints like population balance (measured as
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2010 Census block population, the closest available proxy for the attendance counts stake

presidents actually balance) and contiguity. By iterating this merge-and-resplit process many

times, the method efficiently samples from the space of plausible boundary configurations,

allowing researchers to study how sensitive substantive conclusions are to arbitrary geo-

graphic partitions. The logic of this analysis is that the distribution of alternative ward

configurations allows us to compare the actual ward map to a benchmark of what kind of

partisan distribution across wards we would observe due to partisan geography alone, absent

any intentional rebalancing by stake presidents.

For each year-stake, we run four simulation chains for 50,000–400,000 simulations each,28

discard the first one-fifth of simulations as warmup, assess convergence using split R-hat

diagnostics (Appendix Table F1), and store 4,000 systematically thinned draws in total, 1,000

from each chain. With these data, we compare the partisan balance across actual wards to the

partisan balance in the counterfactual distribution. Figure 5 plots the distribution of across-

ward standard deviation in partisan composition (proportion Republican and proportion

Democrat) for all 4,000 sets of simulated wards for each year 2013–2017.29 We compare

this distribution to the standard deviation of partisan composition across actual wards in

each year. We find that, compared to the counterfactual distribution, wards are drawn such

that they are more balanced than what we would expect from partisan geography alone.

For each year and for both proportion Democrat and proportion Republican, the standard

deviation for the observed ward map falls in the lower tail of the distribution. However, the

magnitude of the difference between observed wards and the simulated distribution is small,

with differences between the observed standard deviation and the simulation average ranging

from −0.0026 to −0.0035 for proportion Democrat and −0.0034 to −0.0046 for proportion

Republican. Importantly, these differences increase only slightly across years, indicating that

the redrawing of boundaries occurring during our time period of study is not dramatically

altering the extent to which observed maps are balancing partisans across wards.

This finding is consistent with the rebalancing motive described by stake presidents and

suggests that redistricting compresses rather than amplifies cross-ward partisan differences.

It is important to note that this exercise tests for rebalancing in levels of partisan composition

globally across wards, not for correlation with partisan trends locally around the boundary—

the latter is what our identifying assumption requires and is tested directly by the placebo

28Among the 2,555 stake-year runs used in the diagnostic table, 1,210 used 50,000 simulations per chain,
140 used 100,000, 68 used 200,000, and 1,137 used 400,000.

29The distribution of the standard deviation across simulated plans is narrow, reflective of the limited
capacity to draw wards with dramatically different partisan compositions on average given current geographic
distributions of partisans in Utah, as well as the relatively narrow set of redrawing possibilities for groups
of wards within stakes, which are themselves fairly small geographies.

30



Figure 5: Distribution of partisan balance across counterfactual wards, 2013–2017. His-
tograms show the distribution of the standard deviation of proportion Democrat (top row)
and proportion Republican (bottom row) across simulated ward partitions for each set of
wards 2013–2017. The vertical black line marks the standard deviation for the observed ward
map. The difference between the observed standard deviation and the simulation average is
shown in the top right corner.

exercise above. This exercise complements our placebo test by showing that the attendance

and demographic rebalancing motive of stake presidents may also translate into an implicit

rebalancing on partisanship. To the extent that wards are rebalanced on characteristics

correlated with partisan trends, the resulting bias works against finding peer effects of either

sign as it would attenuate estimates toward zero. Our results are therefore, if anything,

conservative in magnitude relative to the true peer effect.

5.3 Cross-Boundary Balance in Levels

Our design assumes parallel counterfactual trends in political outcomes between the two sides

of each boundary. Unfortunately, our data do not allow us to implement a conventional

pre-trend test since our panel begins in 2012, boundaries are drawn in 2013–2017, and

political outcomes vary mostly across presidential elections. The only candidate pre-period

observation, 2016, is already post-treatment for the 2013–2015 cohorts and, because each

map vintage reflects a change occurring at any point since the prior year’s map (Section 3.2),

not clearly pre-treatment even for the later ones.

What we can do is characterize the sorting in levels that new boundaries pick up. Table 4

presents results mirroring our main regression specifications, but replacing first-differenced

political outcomes with baseline demographic, property, and turnout characteristics. Results
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are shown for 2012 Republicans and Unaffiliated voters; the Democrat-baseline analog is in

Appendix K. To make magnitudes comparable across characteristics, cells report the coeffi-

cient in standard deviations of the characteristic per 0-to-1 change in peer share. Multiplying

by the average realized cross-boundary contrast (0.059 for Republican exposure, 0.026 for

Democratic exposure) converts these to realized differences.

We find that new boundaries coincide with discontinuities in several baseline variables.

Most notably, property values and home sizes are higher on the more-Republican side and

lower on the more-Democratic side, consistent with stake presidents following the natural

seams of the housing stock. Scaled by the typical realized dose, however, these are modest

contrasts on the order of a tenth of a standard deviation or less. Note that these patterns

do not necessarily threaten identification, since all such level differences are absorbed by the

first difference. However, if housing stock correlates with 2012–2020 trends in partisanship,

the discontinuity in housing stock at the boundary could be problematic. To address this, we

re-estimate our specifications adding controls for the baseline characteristics stake presidents

are most likely to consider: demographics (age, sex, race), property characteristics (assessed

value, square footage, year built), and school-catchment fixed effects, all of which absorb

correlations between baseline characteristics and subsequent partisan trends in the first-

differenced specification. Estimates are stable across specifications with and without these

controls (Section 6 and Appendix H).

6 Main Results

We now present our main estimates of the effect of ward peer composition on party affili-

ation. All specifications use the preferred bandwidth of 400 meters and include boundary

fixed effects and quadratic distance controls, but omit individual-level controls. We show

robustness to the inclusion of controls and to alternative bandwidths in Section 6.3.

Tables 5 and 6 report the effects of peer partisan exposure on party registration for 2012

Republicans and 2012 Unaffiliated voters, respectively. Each reports the effect of Democratic

peer exposure, of Republican peer exposure, and of both included jointly. The results for 2012

Democrats are in Appendix K (Table K1). We focus on Republicans and Unaffiliated voters

for two related reasons. First, they make up a much larger proportion of the Utah electorate

than Democrats, and thus estimates for the Republican and Unaffiliated subsamples are far

more precise than those for Democrats. Second, they are much more likely to be LDS than

Democrats, making them less subject to the attenuation induced by unobserved LDS status

(quantified in Section 6.1).

The results for party affiliation are consistent with conformity. Across both tables, each
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Table 4: Cross-Boundary Differences in Baseline Characteristics (Levels)

Republican exposure Democratic exposure

2012 Rep. 2012 Unaff. 2012 Rep. 2012 Unaff.

Age (years) 0.171 −0.027 −0.515 −0.995∗∗

(0.208) (0.228) (0.454) (0.460)

Male −0.099 0.155 0.287 −0.694∗∗

(0.138) (0.153) (0.281) (0.340)

White 0.141 0.434∗∗ 0.140 −0.512
(0.223) (0.215) (0.411) (0.513)

Homeowner (CoreLogic match) −0.292 0.097 −0.652∗ −0.744∗

(0.196) (0.214) (0.386) (0.439)

Log property value 0.837∗∗∗ 1.292∗∗∗ −2.776∗∗∗ −2.434∗∗∗

(0.308) (0.350) (0.685) (0.705)

Log building sqft 0.819∗∗∗ 0.609∗ −3.722∗∗∗ −2.438∗∗∗

(0.311) (0.319) (0.753) (0.729)

Year home built 0.881∗∗∗ 1.174∗∗∗ −0.763 −0.454
(0.309) (0.348) (0.734) (0.895)

Household income (HMDA) −0.749 0.433 −5.026∗ −3.321
(1.167) (1.497) (2.563) (2.529)

Rural 0.047 0.029 −0.266 −0.360
(0.284) (0.236) (0.546) (0.557)

Voted 2010 general 0.163 −0.006 −1.262∗∗∗ −0.712∗

(0.202) (0.188) (0.399) (0.413)

Voted 2012 general 0.363∗∗ −0.246 −0.712∗ −0.115
(0.180) (0.186) (0.376) (0.408)

Voted 2012 primary 0.563∗∗∗ −0.048 −0.963∗∗ −0.337
(0.167) (0.167) (0.378) (0.391)

Notes: ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.1. Each cell is a separate regression of the 2012 level of the row
characteristic on the continuous peer exposure, with boundary fixed effects and the main specification’s
distance controls (a quadratic in distance, with each term also interacted with the high-exposure side),
for the indicated 2012-party subsample at the 400m bandwidth. Coefficients are standardized as standard
deviations of the characteristic per 0-to-1 change in peer share; multiply by the average cross-boundary
contrast (0.059 Republican, 0.026 Democratic exposure) for realized differences. Standard errors two-way
clustered by boundary side and voter. Because outcomes in the main design are first-differenced, level balance
is not required for identification.
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Table 5: Effect of Peer Partisan Exposure — 2012 Republicans

Democratic-share treatment Republican-share treatment Both treatments

∆Rep ∆Unaff ∆Dem ∆Rep ∆Unaff ∆Dem ∆Rep ∆Unaff ∆Dem

DDem
ib × IDem

b −0.324∗∗ 0.163 0.161∗∗∗ −0.291∗∗ 0.143 0.148∗∗∗

(0.133) (0.114) (0.048) (0.139) (0.119) (0.050)

DRep
ib × IRep

b 0.079 −0.032 −0.047∗∗ 0.044 −0.011 −0.034∗

(0.056) (0.053) (0.019) (0.058) (0.055) (0.019)

Boundary FE Yes Yes Yes Yes Yes Yes Yes Yes Yes
Distance Controls Yes Yes Yes Yes Yes Yes Yes Yes Yes
Dep. Var. Mean -0.139 0.121 0.018 -0.139 0.121 0.018 -0.139 0.121 0.018
# Voters 60,639 60,639 60,639 60,795 60,795 60,795 60,639 60,639 60,639
# Boundaries 1,429 1,429 1,429 1,439 1,439 1,439 1,428 1,428 1,428

Notes: ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.1. Specification, outcome definition, and clustering as in Table 5.

Table 6: Effect of Peer Partisan Exposure — 2012 Unaffiliated voters

Democratic-share treatment Republican-share treatment Both treatments

∆Rep ∆Unaff ∆Dem ∆Rep ∆Unaff ∆Dem ∆Rep ∆Unaff ∆Dem

DDem
ib × IDem

b −0.189 0.121 0.068 −0.029 0.051 −0.023
(0.176) (0.179) (0.117) (0.185) (0.195) (0.123)

DRep
ib × IRep

b 0.214∗∗∗ −0.113 −0.101∗∗ 0.213∗∗ −0.121 −0.092∗

(0.080) (0.078) (0.049) (0.085) (0.086) (0.053)

Boundary FE Yes Yes Yes Yes Yes Yes Yes Yes Yes
Distance Controls Yes Yes Yes Yes Yes Yes Yes Yes Yes
Dep. Var. Mean 0.295 -0.401 0.106 0.296 -0.401 0.105 0.295 -0.401 0.106
# Voters 49,600 49,600 49,600 49,684 49,684 49,684 49,600 49,600 49,600
# Boundaries 1,441 1,441 1,441 1,450 1,450 1,450 1,440 1,440 1,440

Notes: ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.1. Specification, outcome definition, and clustering as in Table 5.

statistically significant coefficient is signed as conformity predicts—individuals exposed to

more members of a party are more likely to switch to or stay with that party—and most point

estimates follow suit. Throughout, we quote coefficients as the effect of a 100 percentage-

point change in peer share (Section 6.1 rescales them to realized cross-boundary differences).

For 2012 Republicans (Table 5), Democratic peer exposure lowers the probability of remain-

ing Republican by 32.4 percentage points (p = 0.015) and raises the probability of switching

to Democrat by 16.1 percentage points (p = 0.001); the probability of switching to Unaffili-

ated also rises, though not significantly (p = 0.152). For 2012 Unaffiliated voters (Table 6),

Republican peer exposure raises the probability of registering Republican by 21.4 percentage

points (p = 0.008) and lowers the probability of registering Democrat by 10.1 percentage

points (p = 0.040). The remaining coefficients are smaller and mostly statistically insignifi-

cant.

The results suggest an asymmetry between own-party and out-party exposure, best seen
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by focusing on the “Both treatments” specification. Because Unaffiliated voters make up

nearly half of the Utah electorate, exposure to Republicans and exposure to Democrats are

distinct margins rather than inverses of one another (Appendix E.6 quantifies these trade-

offs). For baseline Republicans, we see that exposure to Democrats, holding the Republican

share constant, leads to a 29.1 percentage point reduction in their likelihood of remaining

Republican with a 14.8 percentage point increase in their likelihood of switching to Democrat.

Notice that because the Republican share is held constant, the Democratic share rises at

the expense of the Unaffiliated share. In contrast, exposure to Republicans, holding the

Democratic share constant, has much smaller and largely statistically insignificant effects.

One interpretation is that co-partisans do little to reinforce an existing affiliation, while

exposure to the other party does move voters. The evidence for Unaffiliated voters is less

clean, but still broadly consistent with this story. While both major parties are out-groups

for an Unaffiliated voter, as discussed in Section 2.4, Unaffiliated voters in Utah tend to

vote more similarly to Democrats. Thus, it is plausible that Republicans are a more salient

out-group from their perspective. In this case, our finding that Republican exposure matters

much more than Democratic exposure for Unaffiliated voters would support a story of out-

partisans mattering more in shaping partisan choices. The caveat is that Democrats are the

group least likely to be LDS, so Democratic exposure suffers most from measurement-error

attenuation, and its estimates for this subsample are also the least precise; the insignificant

cells could therefore reflect attenuation and imprecision rather than truly null effects.

6.1 Contextualizing Effect Size

The raw coefficients in Tables 5 and 6 are scaled per 100 percentage-point change in peer

share, while the actual cross-boundary differences are much smaller. The median difference

in Republican share is about 5.2 percentage points (Figure 4). To gauge the magnitude that

matters in practice, we rescale the estimates by the average cross-boundary difference in peer

composition:

β̃ = β̂ ·
∑

bNb · |pb − qb|∑
bNb

,

where Nb is the number of voters near boundary b, and pb and qb are the ward-level peer

composition means on each side.

Table 7 reports these rescaled effects for every party-registration margin in the 2012

Republican and Unaffiliated samples, expressed as the average percentage-point difference

in outcomes between voters on the high- and low-exposure sides of a boundary.

The rescaled effects are modest in absolute terms. For 2012 Republicans, assignment

to the more Democratic side of a typical boundary lowers Republican retention by about
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Table 7: Rescaled Effects: Average Impact of Ward Assignment

β̂ Avg. |pb − qb| Rescaled effect Mean ∆Y

2012 Rep. → 2020 Rep. (Rep. exposure) 0.079 0.059 0.5 pp -13.9 pp
2012 Rep. → 2020 Unaff. (Rep. exposure) −0.032 0.059 −0.2 pp 12.1 pp
2012 Rep. → 2020 Dem. (Rep. exposure) −0.047∗∗ 0.059 −0.3 pp 1.8 pp
2012 Rep. → 2020 Rep. (Dem. exposure) −0.324∗∗ 0.026 −0.8 pp -13.9 pp
2012 Rep. → 2020 Unaff. (Dem. exposure) 0.163 0.026 0.4 pp 12.1 pp
2012 Rep. → 2020 Dem. (Dem. exposure) 0.161∗∗∗ 0.026 0.4 pp 1.8 pp
2012 Unaff. → 2020 Rep. (Rep. exposure) 0.214∗∗∗ 0.059 1.3 pp 29.6 pp
2012 Unaff. → 2020 Unaff. (Rep. exposure) −0.113 0.059 −0.7 pp -40.1 pp
2012 Unaff. → 2020 Dem. (Rep. exposure) −0.101∗∗ 0.059 −0.6 pp 10.5 pp
2012 Unaff. → 2020 Rep. (Dem. exposure) −0.189 0.026 −0.5 pp 29.5 pp
2012 Unaff. → 2020 Unaff. (Dem. exposure) 0.121 0.026 0.3 pp -40.1 pp
2012 Unaff. → 2020 Dem. (Dem. exposure) 0.068 0.026 0.2 pp 10.6 pp

Notes: ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.1. Rescaled effects computed as β̂× the voter-weighted average
absolute cross-boundary difference in peer composition. “Mean ∆Y ” is the average first-differenced outcome
in the subsample, in percentage points (positive = net adoption into the outcome category over 2012–2020;
negative = net loss). Rescaled effects in bold are statistically significant at the 10% level.

0.8 percentage points and raises the probability of switching to Democrat by 0.4 percentage

points. For 2012 Unaffiliated voters, assignment to the more Republican side of a typical

boundary raises the probability of registering Republican by 1.3 percentage points and lowers

the probability of registering Democrat by 0.6 percentage points.

How do these magnitudes compare to the literature? We place our estimates and those

of similar studies on a common scale of percentage-point change in an individual’s partisan

outcome per 10 percentage-point change in peer partisan composition. On this scale, a

10 percentage-point increase in assigned-peer Republican share raises a 2012 Unaffiliated

voter’s probability of registering Republican by 2.1 percentage points over eight years, and a

10 percentage-point increase in Democratic peer share raises a 2012 Republican’s probability

of registering Democrat by 1.6 percentage points. The closest benchmarks are larger, but of

the same order of magnitude. Cantoni and Pons (2022) estimate that adults who move to a

state with a 10 percentage-point higher Republican-affiliation share become 2.8 percentage

points more likely to affiliate Republican at their first post-move election, and Brown et al.

(2025b) estimate that a childhood spent in a 10 percentage-point more Republican county

raises Republican registration at first eligibility by 4.7 percentage points (about 0.52 points

per year of teenage exposure). Both are context effects that bundle peers with institutions,

media markets, and place, while our estimate isolates the peer-composition component of

such bundles and recovers a substantial share of their magnitude.

Our rescaled effects are conservative estimates of the underlying causal effect on LDS
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members. The regression cannot distinguish LDS from non-LDS voters, treating every Utah

voter both as a subject of ward peer influence and as a contributor to the leave-one-out

peer composition, so the estimates blend the response of LDS members with the null re-

sponse of their non-LDS neighbors and are thus attenuated relative to the true LDS-only

effect. Appendix G derives the implied attenuation in closed form, validates it via Monte

Carlo simulation, and verifies it against the actual Utah ward-boundary configurations in

our analysis sample. Under the following survey-estimated assumptions about probability

LDS by party—pLDS(R) = 0.85, pLDS(U) = 0.50, pLDS(D) = 0.25 (Appendix A.6)—the im-

plied adjustment multipliers range from roughly 1.3× for baseline Republicans exposed to

Republican wards to 8.7× for baseline Democrats exposed to Democratic wards. Applied

to Table 7, these multipliers would scale every reported effect upward, with the smallest

correction (≈ 1.3×) applying to the Republican-baseline cells.

6.2 Assessing the Linear-in-Means Approximation

Equation (1) is a linear-in-means specification—an individual’s change in party registration

is linear in the (leave-one-out) partisan share of their ward. Linear-in-means is the workhorse

model of the empirical peer effects literature (Manski, 1993; Blume et al., 2015; Sacerdote,

2011). Linear-in-means involves two distinct assumptions, which we consider in turn: that

the group mean is the feature of peer composition that matters, and that the individual

response is linear in that mean.

The first assumption, mean sufficiency, is restrictive in many applications. In the eco-

nomics of education, for example, peer effects appear to load on features of the ability

distribution beyond its mean, where disruptive “bad apple” peers near the bottom and ex-

ceptional peers near the top can matter more than the average (Hoxby and Weingarth, 2005;

Sacerdote, 2011). These concerns have limited force in our setting, however, for the simple

fact that our peer attribute is binary. The within-ward distribution of a binary character-

istic is Bernoulli, so the partisan share is a sufficient statistic for the entire composition

distribution.

The second assumption, linearity in the share, is more substantive. It requires that the

marginal effect of peer composition be constant, implying that moving a voter from a 10% to a

20% Republican ward should shift behavior by the same amount as moving them from a 70%

to an 80% Republican ward, for example. A number of models predict otherwise. In threshold

and tipping models, the dose-response curve is flat until a critical mass is reached and

steep thereafter (Schelling, 1971; Granovetter, 1978; Card, Mas and Rothstein, 2008), and

in interactions-based discrete-choice models sufficiently strong conformity produces multiple
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equilibria and discontinuous aggregate responses (Brock and Durlauf, 2001). Models of

complex contagion imply that switching requires reinforcement from several co-partisan ties,

so that the response is superadditive (Centola and Macy, 2007), while bounded-confidence

models imply that peers whose views are too distant exert no pull at all (Hegselmann and

Krause, 2002). Backlash models allow out-party exposure to deepen rather than soften

partisanship, reversing the sign of the response (Bail et al., 2018). Whether the linear form

is a good approximation is therefore an empirical question specific to the setting and the

outcome.

We show that in our setting, over our observed support, the peer-response function

appears to be approximately linear-in-means. We bin cross-boundary partisan exposure, our

measure of treatment intensity, into quartiles and replace Ib with bin-specific dummies to

estimate the effects of being assigned to the high-exposure side within each bin. Figure 6 plots

our results, showing that the binned estimates sit on the linear fit throughout the observed

dose range, with no detectable curvature or flat-then-steep threshold pattern, suggesting

that the linear specification is a good approximation. We also test whether effects vary by

origin ward’s baseline composition and find no evidence for heterogeneity (Appendix H.4),

which provides further support for our linear assumption.

6.3 Robustness

Our preferred specification includes boundary fixed effects and quadratic distance controls

but omits individual-level controls. Appendix Figure H1 shows that the partisanship es-

timates are stable across specifications that progressively add controls for demographics,

property characteristics, and school-catchment fixed effects. Appendix Figure H2 shows that

the six headline margins are stable across bandwidths from 50 to 600 meters, and Appendix

Figure H3 shows they are likewise stable under alternative specifications and inference: Con-

ley spatial standard errors, a boundary donut, linear distance controls, dropping the most

extreme boundary, and restricting to once-changed boundaries.

Because our standard errors rely on the asymptotics of two-way clustering, we also com-

pute design-based p-values by randomization inference. For each of the headline cells we

re-estimate the main specification 1,000 times, each time independently flipping which side

of each boundary is labeled the high-exposure side—the relabeling that should be irrelevant

under the sharp null that peer composition does not matter—and compare the observed

t-statistic to the resulting permutation distribution. The permutation null distribution is

wider than the standard normal, so these p-values are more conservative than the clustered

ones. The headline effects survive. The effect of Democratic exposure on Republicans’
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Points: quartile−bin contrasts at each bin's mean exposure gap (95% CI). Line: linear−in−means fit. m13, 400 m. Shared y−axis across all panels.

Binned dose−response test of the linear−in−means approximation

Figure 6: Binned Dose-Response Test of the Linear-in-Means Approximation. Points show
quartile-bin contrasts of the cross-boundary exposure gap (γk from a binned version of Equa-
tion (1)) plotted at each bin’s mean exposure gap, with 95% confidence intervals; the line
shows the linear fit. Top row: Republican exposure among 2012 Unaffiliated voters. Bottom
row: Democratic exposure among 2012 Republicans. The remaining exposure-sample com-
binations appear in Appendix H.

switching to Democrat has a randomization p-value of 0.008, and the effect of Republi-

can exposure on Unaffiliated voters’ Republican registration has a randomization p-value of

0.051. The remaining headline cells have randomization p-values between 0.058 and 0.269

(Appendix F.3).

6.4 Attrition

Because our registration estimates condition on observing a voter in both 2012 and 2020,

selective attrition threatens their interpretation. Voters disappear from our panel for two

reasons: either they choose to become unregistered, or we fail to link them to their 2020 out-

comes, often because of a move. Both are possible responses to changes in peer partisanship.
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It is possible that out-party exposure induces the least conformist voters to unregister or

move away, which would cause the stayers we observe to over-represent conformists, thereby

inflating our estimates.

We test whether partisan exposure predicts sample attrition, estimating the probability

that a voter disappears from the panel entirely on the full 2012 baseline sample, and find

that exposure matters for one subsample. A unit increase in Republican exposure lowers

the probability that a 2012 Unaffiliated voter disappears by 16.3 percentage points (p =

0.011), and Democratic exposure raises it by 23.0 percentage points, though only marginally

significantly (p = 0.089). Neither exposure predicts attrition among 2012 Republicans (−9.1

percentage points, p = 0.510, for Democratic exposure; −4.4 percentage points, p = 0.497,

for Republican exposure). We address this threat by bounding the registration estimates

using the trimming approach of Lee (2009). Table 8 reports the bounds for all twelve party-

registration margins of Section 6. Every statistically significant margin keeps its sign at

both bounds, and all but one remain significant—the lower bound on Unaffiliated voters’

Republican registration (0.147) stays positive but loses individual significance under the

deliberately conservative trimming. Selective attrition cannot account for the sign or the

bulk of the magnitude of our results.

7 Mechanisms

This section asks what channels underlie the effects documented in Section 6. It is useful to

begin by noting what does and does not vary across wards. The LDS Church is highly cen-

tralized: doctrine, lesson manuals, and organizational policies are set by church headquarters

in Salt Lake City, and meetinghouse buildings are standardized. LDS congregations are also

institutionally apolitical, in that LDS members are far less likely than members of other

major U.S. religious traditions to hear politics discussed from the pulpit or to see their con-

gregation organize voter mobilization (Appendix Figures A3a and A3b). What varies across

wards is the membership itself, and with it the social interactions the ward generates.

We highlight two channels through which ward composition may shape political behav-

ior. First, wards define the pool from which individuals draw friends, social contacts, and

support. Through close, sustained relationships with these friends, often involving contact

outside of church meetings, they may adopt some of their views, policy preferences, and pos-

sibly their political identity (Sacerdote, 2001; Carrell, Sacerdote and West, 2013; Nickerson,

2008; Dellavigna et al., 2017). Second, a ward’s church meetings serve as a kind of public

square where members give sermons, bear testimony in open-mic meetings, and participate

in discussions during Sunday School classes. Influence through this channel operates through
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Table 8: Lee Bounds on Registration Effects Under Selective Attrition

Point Lower bound Upper bound Ret. diff. Trim share

2012 Rep. → 2020 Rep. (Rep. exposure) 0.079 0.072 0.104 −0.005 0.043
(0.056) (0.060) (0.064)

2012 Rep. → 2020 Unaff. (Rep. exposure) −0.032 −0.053 −0.023
(0.053) (0.058) (0.057)

2012 Rep. → 2020 Dem. (Rep. exposure) −0.047∗∗ −0.049∗∗ −0.048∗∗

(0.019) (0.020) (0.019)

2012 Rep. → 2020 Rep. (Dem. exposure) −0.324∗∗ −0.332∗∗ −0.280∗∗ −0.005 0.051
(0.133) (0.141) (0.135)

2012 Rep. → 2020 Unaff. (Dem. exposure) 0.163 0.124 0.160
(0.114) (0.114) (0.119)

2012 Rep. → 2020 Dem. (Dem. exposure) 0.161∗∗∗ 0.129∗∗∗ 0.171∗∗∗

(0.048) (0.045) (0.051)

2012 Unaff. → 2020 Rep. (Rep. exposure) 0.214∗∗∗ 0.147 0.324∗∗∗ +0.001 0.057
(0.080) (0.100) (0.082)

2012 Unaff. → 2020 Unaff. (Rep. exposure) −0.113 −0.219∗∗∗ −0.029
(0.078) (0.085) (0.097)

2012 Unaff. → 2020 Dem. (Rep. exposure) −0.101∗∗ −0.105∗ −0.103∗∗

(0.049) (0.054) (0.050)

2012 Unaff. → 2020 Rep. (Dem. exposure) −0.189 −0.260 −0.099 −0.003 0.052
(0.176) (0.188) (0.198)

2012 Unaff. → 2020 Unaff. (Dem. exposure) 0.121 −0.016 0.204
(0.179) (0.205) (0.196)

2012 Unaff. → 2020 Dem. (Dem. exposure) 0.068 0.057 0.154
(0.117) (0.123) (0.125)

Notes: ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.1. Trimming bounds following Lee (2009), tightened by computing
trimming fractions within boundary: on each boundary’s higher-retention side, the retained first-differenced
outcome distribution is trimmed from below (upper bound) or above (lower bound) by that boundary’s
retention differential. “Ret. diff.” is the retention differential between high- and low-exposure sides and
“Trim share” is the average share of the retained sample trimmed; both are constant within a subsample ×
exposure block and reported on its first row. Standard errors two-way clustered by boundary side and voter.

broader exposure to the views and norms expressed in the congregation, even among indi-

viduals who are not close friends (DellaVigna and Kaplan, 2007; Enikolopov, Petrova and

Zhuravskaya, 2011; Wald, Owen and Hill, 1988a; Mutz and Mondak, 2006; Paluck, 2009).

We take up each channel in turn, after first establishing what the treatment is and what a

change in registration represents.

7.1 Endogenous versus Contextual Peer Effects

Wards that differ in partisan composition also differ in other compositional attributes includ-

ing racial makeup, turnout propensity, and types of housing. Our reduced-form estimates
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measure the effect of being assigned to the type of peers who are more Republican or more

Democratic, with everything that goes with that. For many policy questions this composite

is exactly the relevant object since any real-world reassignment of peer groups delivers the

bundle, not a single attribute (Moffitt, 2001). Even so, it matters which characteristic drives

the effects, because the correlations among peer attributes are setting-specific. Suppose

our estimates in fact reflected exposure to non-White peers moving voters from Republi-

can to Democrat, a channel with its own literature (Enos, 2016), rather than exposure to

Democrats. Then in a setting where race and party are correlated differently than in Utah,

our estimates would be a misleading guide to the effects of peer partisanship. The two

readings also imply different mechanisms: contact reshaping racial attitudes, and through

them policy preferences and ultimately party identity, is a different process from voters being

persuaded by their Democratic peers’ views and coming to share their political identity. In

Manski’s terms, we ask whether our estimates reflect contextual effects driven by peers’ fixed

characteristics or endogenous responses to peers’ political behavior.

We implement this comparison one competing characteristic at a time. For each of eight

competing peer characteristics—the ward’s White share; its shares who voted in the 2010

general, 2012 general, and 2012 primary elections; and its homeowner, male, older, and rural

shares—we re-estimate Equation (1) with the competing peer exposure added alongside the

partisan exposure, and ask how much the partisan coefficient moves: ∆̂ = β̂joint − β̂alone. To

avoid exclusion bias, each comparison is estimated separately within subsamples defined by

the voter’s own value of the competing characteristic (for example, White and non-White

voters for the White-share comparison), with voters missing the characteristic excluded.

Figure 7 plots ∆̂ for the two headline exposure–subsample pairs, with confidence intervals

from a stacked estimation that accounts for the covariance between the two coefficients.

The changes are tightly centered on zero. Across the 28 subsamples with at least 5,000

voters, the median absolute change in the partisan coefficient is 0.016, an order of magnitude

smaller than the headline estimates. The one exception is among 2012 Unaffiliated voters

who voted in 2010 where adding peer turnout reduces the Republican-exposure coefficient

by 0.15 (p = 0.002), yet the coefficient remains large and statistically significant (0.34,

p = 0.032). Peer race, peer turnout propensity, and peer demographic composition therefore

do not account for the partisan effects we estimate, which is consistent with party affiliation

being the operative peer characteristic for party switching.
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2012 Republicans
(Democratic exposure)

2012 Unaffiliated voters
(Republican exposure)

White share

2010 voter share

2012 voter share

2012 primary share
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Older share

Rural share
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Change in partisan−exposure coefficient, 95% CI

Figure 7: Adding a Competing Peer Exposure Does Not Move the Partisan Coefficient. Each
point is the change in the partisan peer-exposure coefficient (on the change in Republican
registration) when the competing peer exposure named at left is added to the regression:
∆̂ = β̂joint − β̂alone, with 95% confidence intervals from a stacked coefficient-comparison
estimator clustered by ward-boundary side and voter. Left panel: Democratic exposure
among 2012 Republicans; right panel: Republican exposure among 2012 Unaffiliated voters.
Each row’s sample conditions on the voter’s own value of the competing characteristic to
avoid exclusion bias. The axis is truncated at ±0.2; arrowheads mark confidence bounds
extending beyond the plotted range (these occur only in small subsamples).
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7.2 Strategic Versus Ideological Switching

We next ask what an induced change in registration represents. Party registration changes

may reflect adjustments in a voter’s ideology, beliefs, and identity, or they may reflect a

response to strategic incentives. As discussed in Section 2.4, features of Utah’s political

landscape and electoral rules create strategic incentives for a voter to register as a Republican,

since the Republican primary is closed and the winner of the Republican primary almost

always wins the general election. One interpretation of part of our main effects is that

Unaffiliated voters realize the stakes of voting in the Republican primary after being exposed

to Republican ward members with whom they disagree. Rather than being persuaded by

their peers and shifting right, they are reacting against their peers and switching parties in

order to vote against them. Alternatively, perhaps Republican voters discuss the primary

at church, highlighting its importance and persuading Unaffiliated voters to register so they

can have a voice. Both channels imply strategic registration, though they carry opposite

implications for how these voters intend to vote.

While such strategic considerations may explain Unaffiliated or Democratic voters switch-

ing to the Republican party, it is harder to explain Republicans switching parties in this way.

In a state dominated by the Republican party, there is little reason to vote in the Democratic

primary (as evidenced by 2020 primary turnout of 18.8% among registered Democrats, com-

pared with 54.9% among registered Republicans). Furthermore, insofar as party labels enter

a person’s utility function, someone with Republican preferences may get more disutility from

registering as a Democrat than registering as Unaffiliated, and since the Democratic primary

is open to Unaffiliated voters, there is no strategic reason for a Republican to re-register as

a Democrat.

To further explore this, we re-run our main specifications with interacted outcomes as

dependent variables. Specifically, we interact our three party affiliation categories with an

indicator of whether a person voted in a 2020 primary election. Each interacted indicator is

first-differenced from its 2012 analog, like our main outcomes. Switching to the Republican

party and voting in its primary could indicate strategic incentives at play. In contrast,

switching to a party but not voting in its primary is more consistent with ideological or

identity-based motivations.

Figure 8 shows our effects on these interacted outcomes. For 2012 Unaffiliated voters, we

find that exposure to more Republican peers led to an increase in people who both switched

to the Republican party and voted in its primary (23.1 percentage points, p = 0.003; the

switched-but-did-not-vote cell is unchanged, −1.3 percentage points, p = 0.816). Because the

six cells partition the sample, this increase must come at the expense of the remaining cells;

the offsetting declines are spread across remaining Unaffiliated and the Democratic-without-
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voting cell, though only the latter is individually significant (-10.3 percentage points, p =

0.016). This is consistent with strategic switching, but could also reflect a two-step process

in which voters switch parties for ideological reasons and then follow their party-specific

primary turnout incentives. For 2012 Republicans, we find that exposure to Democratic

peers leads to an increase in Democratic registration among both primary voters and non-

voters, and the increase is, if anything, concentrated among those who did not vote in a

2020 primary (12.0 percentage points, p = 0.003, versus 6.3 percentage points, p = 0.019,

among primary voters). This result is hard to square with pure strategic switching and likely

reflects real ideological change.

2012 Unaffiliated voters
(Republican exposure)

2012 Republicans
(Democratic exposure)

−0.6 −0.4 −0.2 0.0 0.2 0.4 −0.6 −0.4 −0.2 0.0 0.2 0.4

Democrat & did not

Democrat & voted

Unaffiliated & did not

Unaffiliated & voted

Republican & did not

Republican & voted

Coefficient on peer exposure (change outcome), 95% CI

Figure 8: Effect of Peer Exposure on 2020 Party × Primary-Turnout Outcomes (preferred
specification, 400m bandwidth). Points are the coefficient on peer exposure with 95% confi-
dence intervals. Left panel: Republican peer exposure among 2012 Unaffiliated voters; right
panel: Democratic peer exposure among 2012 Republicans. The six outcomes are the ex-
haustive 2020 party × 2020 primary-turnout cells (each 2020 party by voted / did not vote
in a 2020 primary), each first-differenced from its 2012 analog. All outcomes are in changes.

7.3 Bishop Partisanship and Member Registration

We now turn to the channel itself. The leading alternative to peer-to-peer influence is

influence from the congregation’s leadership. Each ward is led by a bishop, a lay member with

unusual visibility and moral authority who speaks regularly to the assembled congregation.

If the ward effects we document reflect the Sunday church experience rather than social ties
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among members, the bishop should matter more than any individual congregant, since he

has the largest role in shaping church services.

We test this directly using an auxiliary analysis of bishops and their congregations, with

full details of the data, matching procedure, and validation in Appendix I. We identify

the bishop of nearly every Utah ward quarterly from 2023 onward, link bishops to their

own voter records, and exploit the Church’s regular five-year rotation of bishops—about

24.9% of wards turned over a bishop in the five quarters preceding the 2024 election—in a

difference-in-differences design comparing members’ registration changes between the 2020

and 2024 elections as a function of the incoming bishop’s partisanship. The design passes

parallel-trends and placebo tests, and it has the power to detect effects an order of magnitude

smaller than our peer-composition estimates.

We find no evidence that bishops’ partisanship moves members’ registration. Table 9

reports the estimates for 2020 Republicans: acquiring a Republican rather than a non-

Republican bishop, or a Democratic rather than a non-Democratic bishop, produces precisely

estimated null effects on every registration margin, with 95% confidence intervals ruling out

effects larger than 0.6 percentage points. Results for 2020 Unaffiliated voters and Democrats

are similarly null (Appendix I). To benchmark the magnitude, suppose a shift in ward com-

position moved the bishop’s party one-for-one with the membership. Even then the bishop

channel could account for at most 3.3% of the peer-composition effect for Unaffiliated vot-

ers, the subsample with the most precisely estimated peer effect. The analogous Republican

benchmark is 8.0%.

Table 9: Bishop Partisanship and Member Registration: Null Effects (2020 Republicans)

Republican bishop Democratic bishop

∆Rep ∆Dem ∆Unaff ∆Rep ∆Dem ∆Unaff

Bishop party (2020 → 2024) 0.002 −0.001 −0.001 0.004 −0.005 0.000
(0.002) (0.001) (0.001) (0.010) (0.008) (0.005)

Pre-trend (2016 → 2020) 0.001 −0.001 0.000 0.009 −0.006∗ −0.004
(0.002) (0.001) (0.002) (0.006) (0.003) (0.005)

Placebo (post-election change) −0.003 0.001 0.002 0.006 0.000 −0.007
(0.002) (0.001) (0.002) (0.005) (0.002) (0.005)

Individual FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
Dep. Var. Mean 0.969 0.005 0.026 0.969 0.005 0.026
# Voters 515,828 515,828 515,828 515,828 515,828 515,828
# Wards 3,364 3,364 3,364 3,364 3,364 3,364

Notes: ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.1. Standard errors clustered by ward in parentheses.
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Combined with the survey evidence that political messaging from the pulpit is rarer in

LDS congregations than in any other major U.S. religious tradition (Appendix A.2), this null

effect of bishop partisanship suggests that ward effects operate through fellow congregants

rather than through the Sunday church experience. The remaining subsections examine the

friendship channel directly.

7.4 Same- and Opposite-Demographic Peers

If influence operates through friendships, it should flow disproportionately from the peers

most likely to become friends. A large literature documents that friendships form more

readily between demographically similar people (McPherson, Smith-Lovin and Cook, 2001;

Feld, 1981). Friendship networks within wards are partly segregated by gender, both for this

reason and because the church organizes separate men’s and women’s groups (Elders Quorum

and Relief Society), which each operate separate home-visiting programs. Additionally, as

with any group, ties may form more readily between people of a similar age (Marsden, 1988),

race (Moody, 2001; Currarini, Jackson and Pin, 2009), and socioeconomic status (DiPasquale

and Glaeser, 1999). If party switching is driven by close, sustained relationships, then the

partisan composition of same-demographic peers should matter than opposite-demographic

peers in explaining party switching.

We decompose the ward-level peer composition measure into same- and opposite-demo-

graphic components and include both in the regression. We define same-demographic peers

as those who share the same demographic category as the voter and opposite-demographic

peers as all others with a non-missing value for that category. Categories are defined as:

male or female for gender, white or non-white for race, 18–29, 30–44, 45–64, and 65 or older

for age, and whether the individual links to the CoreLogic property data for homeownership

status.

We estimate separate models for each demographic, again subsetting by 2012 partisan-

ship, and separate models based on Democratic or Republican exposure. In our regression

models, we include terms for both same- and opposite-demographic peer exposure, so that

the coefficient on same-demographic peer exposure captures the effect of additional peers of

the same demographic group holding constant the number of opposite-demographic peers,

and vice versa. As such, the estimation for these specifications takes the form:

∆Yib = β (Dibs × Ibs) + δDibs + θ (Dibo × Ibo) + λDibo + µb + f(rib) +X′
iγ + εib, (3)

where Dibs and Dibo are indicators for being on the high-exposure side of the boundary in
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the same- and opposite-demographic peer specifications, and Ibs and Ibo are the corresponding

differences in exposure across the boundary.

We present the results for same- and opposite-demographic peer exposure side-by-side in

Figure 9. The gender decomposition is the cleanest test, given the Church’s formal gender-

segregated organizations. Among 2012 Republicans, exposure to same-gender Democratic

peers reduces the probability of remaining Republican by 65.0 percentage points (p = 0.005),

while the corresponding opposite-gender coefficient is small and insignificant (p = 0.394).

Among 2012 Unaffiliated voters, same-gender Republican exposure raises the probability

of registering Republican by 43.2 percentage points (p = 0.002), while the opposite-gender

analogue is insignificant and opposite-signed. Across the gender panels of Figure 9, the

statistically significant effects load on same-gender exposure.

We also test the difference between the same- and opposite-gender coefficients formally us-

ing a Wald test. Among 2012 Unaffiliated voters under Republican exposure, all three same-

minus-opposite differences carry the sign the friendship account predicts, though they vary

in precision: the difference is statistically significant for Republican adoption (p = 0.016),

marginally significant for Democratic adoption (p = 0.063), and insignificant for remain-

ing Unaffiliated (p = 0.198). Among 2012 Republicans, the differences under Democratic

exposure point the same direction but are individually weaker: p = 0.058 for Republican

retention, p = 0.106 for switching to Unaffiliated, and p = 0.165 for switching to Democrat.

The age, race, and homeownership decompositions don’t show a consistent pattern, possi-

bly a result of statistical imprecision and possibly an indication that, within wards, friendship

networks are not particularly segregated along these three demographic categories. The full

estimates appear in Appendix J.

Overall, these patterns, particular the results for gender, are consistent with a friendship

channel. The party-affiliation effects load on same-demographic peers, who are the most

likely to become close friends, rather than on opposite-demographic peers who share the

ward’s public spaces but may form weaker individual ties. We emphasize that this evidence

is suggestive. The same-demographic peer measure is mechanically noisier than the pooled

measure because each ward’s within-demographic sample is smaller, and we lack direct mea-

sures of friendship networks that would let us pin down the proposed mechanism.

7.5 Retained versus Newly Assigned Peers

A boundary change does two things at once: it changes the composition of a voter’s as-

signed peer group, and it disrupts existing relationships while creating opportunities for new

ones. This duality lets us ask which ties carry political influence. Long-standing friends
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Figure 9: Same- and Opposite-Demographic Peer Partisan Exposure Effects. Each panel
plots the overall peer-exposure coefficient alongside its decomposition into same- and
opposite-demographic components (Equation (3)) by gender, age, race, and homeowner-
ship, with 95% confidence intervals; solid whiskers mark same-demographic exposure and
dashed whiskers opposite-demographic exposure, and faded points are insignificant at the
5% level. The remaining exposure–sample combinations appear in Appendix Figure J7.

might matter more because trust accumulates over time and because political events are

interpreted jointly with people one already knows. Newly assigned peers might matter more

because they bring perspectives and information a voter has not already encountered and

discounted (Golub and Jackson, 2010; Bursztyn, González and Yanagizawa-Drott, 2020).

The friendship-disruption model of Appendix E formalizes this decomposition of peer expo-

sure into a component from retained peers (former ward-mates assigned to the same new

ward) and a component from newly assigned peers, with distinct conformity parameters ρold

and ρnew.

Figure 10 reports the two exposure coefficients for the headline cells. Both channels op-

erate, with strikingly similar magnitudes: for 2012 Unaffiliated voters, Republican exposure

through retained peers and through new peers carry nearly identical coefficients (0.16 and

0.17, p = 0.037 and p = 0.035, on Republican registration); for 2012 Republicans, Demo-

cratic exposure through retained peers is somewhat larger than through new peers (−0.31,

p = 0.044, versus −0.24, p = 0.130, on Republican retention), but the two are statistically

indistinguishable. It should be noted that the two components separate cleanly only where

boundary changes were large and newcomers compositionally distinct, so these estimates are

less precise than the pooled ones. With that caveat, the evidence suggests peer influence is
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neither exclusively a slow product of accumulated trust nor purely a novelty effect as both

inherited and newly formed ties transmit it.

Democratic exposure · 2012 Republicans Republican exposure · 2012 Unaffiliated voters
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Figure 10: Peer Exposure Through Retained vs. Newly Assigned Peers. Coefficients from the
disruption specification of Appendix E, which splits each voter’s post-change ward exposure
into the component from retained former ward-mates (solid) and newly assigned peers (open),
with 95% confidence intervals. Left: Democratic exposure among 2012 Republicans. Right:
Republican exposure among 2012 Unaffiliated voters. Full estimates in Appendix J.

7.6 Which Voters Respond

The preceding subsections suggest our effects are driven by direct peer influence between

members. If that is correct, effects should be largest among the voters with the most oppor-

tunity for political conversation with their ward-mates, namely, those who are more politi-

cally engaged, and those living close enough to fellow members for frequent contact. We test

for heterogeneous effects by interacting treatment with eight baseline characteristics: prior

turnout and rurality, which speak to this prediction, together with age group, gender, race,

homeownership, home size, and name commonness (a measure of individualism). Results for

Republican registration appear in Figure 11; the accompanying results for Democratic and

Unaffiliated registration are in Appendix J (Figures J2 and J3). Subgroup effects are impre-

cisely estimated and most differences between subgroups are statistically indistinguishable,

so we view the pattern as suggestive.

We find the strongest differences along the two characteristics highlighted above: voter

turnout and rurality. Voters who participated in the 2010 general election respond more

strongly than non-voters (p = 0.005), and non-rural residents respond more strongly than
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rural ones (p = 0.040). The turnout contrast is the sharper of the two and the only one that

survives a Bonferroni correction across the eight characteristics we test.

Because the cleanest existing evidence on political peer effects comes from college stu-

dents, a population still forming its political identity, an important question is whether peer

influence extends across the life course. We find that it does. Effects appear across the age

distribution rather than concentrating among young adults, and if anything the pattern runs

the other way. For example, among 2012 Unaffiliated voters the largest and most precisely

estimated response is among those aged 45–64, with comparable point estimates for voters

aged 18–29 and 65 or older. The one age contrast we can statistically distinguish, between

voters aged 30–44 and 45–64 (p = 0.012), reflects an unusually muted response among the

30–44 group rather than a gradient in age. Peer influence on partisanship thus does not

appear to be confined to early adulthood.

Heterogeneity in these results can reflect genuine differences in peer responsiveness across

individual characteristics, or differences in the share of each subgroup that is LDS and

therefore exposed to ward peers at all. Gender illustrates the ambiguity. Treatment effects

are slightly larger for women than for men, though statistically indistinguishable. A larger

true effect on women could reflect greater responsiveness to social cues (Croson and Gneezy,

2009; Ellingsen et al., 2013), or simply that women tend to be more religiously engaged than

men (Miller and Stark, 2002; Becker, Bentzen and Kok, 2026).

Taken together, the mechanism evidence points in a consistent direction. The operative

peer characteristic is party affiliation rather than the attributes bundled with it, and the

registrations it induces are not merely strategic as movement away from the Republican

Party is concentrated among voters who cast no primary ballot at all. The bishop, the one

member who addresses the whole congregation, has no detectable partisan influence, and

survey evidence indicates that the pulpit is largely apolitical. Influence concentrates among

demographically similar peers, who are the most likely to become friends, and it operates

through both long-standing and newly formed ties. It is strongest among the voters with the

most opportunity for political conversation. This pattern is more consistent with political

influence arising from ordinary friendship within the congregation than from the religious

institution itself.

8 Conclusion

Much of the literature on peer and contextual effects either bundles these two components

together, or makes a tradeoff where peer effects can be identified but in limited settings.

We provide quasi-experimental evidence that peers from voters’ religious congregations, a
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Figure 11: Heterogeneity in the Peer Effect by Individual Characteristics. Each point is the
subgroup-specific effect of peer exposure on the change in Republican registration—the peer-
exposure coefficient from the preferred specification (400m bandwidth) interacted with the
voter’s baseline characteristic—with 95% confidence intervals, clustered by ward-boundary
side and voter. Open points mark each characteristic’s reference subgroup. Left panel:
Democratic exposure among 2012 Republicans; right panel: Republican exposure among
2012 Unaffiliated voters. Arrowheads mark confidence bounds extending beyond the plotted
range. Full results for all three registration outcomes appear in Appendix Figures J2 and J3.

common and routine social context for millions of American voters, shape partisan affiliation.

We do so by combining data on geographic LDS ward reassignments with individual-level

data on every Utah registered voter from 2012-2021. With these data, we use a difference-in-

discontinuities design to make progress on substantial identification challenges, comparing

changes in partisan registration for voters living across redrawn boundaries who differ in
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which voter was assigned to wards with higher shares of Democratic or Republican registered

peers.

This design provides estimates of the effect of religious congregation peers on partisan

registration. We find that, voters conform to the partisan registration of their peers: un-

affiliated voters become more likely to register as Republicans when reassigned to a more

Republican ward, and Republican voters become more likely to defect from the Republican

party when assigned to a more Democratic ward. These effects are substantively meaningful

in magnitude: a standard deviation change in ward Democratic or Republican share tends to

move partisan registration by between 0.3 and 1.3 percentage points, so voters are absorbing

somewhere between 5-13% of the average behavior amongst their peers. These results are

robust to placebo tests of the smoothness in trends across redrawn boundaries identification

assumptions, are further supported by simulation analysis showing the redrawn wards do

not segregate partisans, and provide consistent estimates across specifications that control

for individual property controls and controls for school-based sorting.

We complement these analyses by exploring mechanisms, first testing whether partisan

composition, rather than other characteristics of peers, uniquely influences voters, finding

strong evidence to support direct influence of Republican or Democratic peers. We next dis-

tinguish peer effects from church leadership effects, finding no evidence that being reassigned

to a bishop with different partisan registration influences party switching. Finally, we demon-

strate that voters are most influenced by peers with similar demographic characteristics to

them, suggesting that interpersonal relationships drive our effects.

Beyond its implications for peer-to-peer transmission of political behavior, our results

inform understandings of the political impact of religious institutions in modern American

politics, and the trajectory of political segregation in social contexts. To the first, in addi-

tion to whatever influence the pulpit may have on congregation members’ politics, religious

congregation peers influence each other to perpetuate political norms. These effects may

also reinforce political segregation across congregations, across religions, and across religious

versus non religious divides, as homogeneity within congregation begets more homogeneity,

as out-party members come to match the partisanship of their peers. More broadly, partisan

differences across religious and other social contexts are in part due to behavioral influence of

peers in those contexts, rather than being purely a result of sorting processes across contexts.
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A Setting: Wards and Utah Politics

This appendix provides supplementary evidence on the setting described in Section 2. Ap-

pendices A.1 and A.2 present survey evidence that wards are socially dense but politically

reserved environments, supporting Section 2.1. Appendix A.3 documents how LDS members

are distributed across and within counties, which provides context for the sample choices of

Section 3. Appendix A.4 reports validated party-registration and vote-choice patterns for

LDS and non-LDS Utahns, complementing Section 2.4. Appendices A.5 and A.6 characterize

how Utah Latter-day Saints compare to other populations and how the probability of being

LDS varies with individual characteristics; these inform the interpretation of our estimates

and the missing-religion analysis of Appendix G.

A.1 LDS Wards as Peer Groups

The figures below draw on the Faith Matters Survey, run by Robert Putnam and David

Campbell as the empirical backbone of American Grace (Putnam and Campbell, 2010).

Alongside standard questions about religious affiliation and political attitudes, their survey

included a uniquely rich battery on respondents’ social networks, which we use to characterize

the role wards play in the social lives of LDS Church members.

Figures A1a and A1b show that wards are an unusually important peer group for LDS

members. Figure A1a shows that LDS members report having more close friends in their

congregation than members of any other major religious tradition. Figure A1b restricts

attention to LDS respondents and compares ward friends to work friends across five tie-

strength measures; ward friends rank above work friends on every one.

One reason wards play such a central social role is that members spend a great deal

of time together. Figure A2a uses the 2014 Pew Religious Landscape Study to compare

weekly church-attendance rates by religious tradition. LDS members report the second-

highest rate of weekly attendance (77%) among major U.S. religious traditions, trailing only

Jehovah’s Witnesses. Self-reported attendance may overstate the true rate, but Pope (2024)

corroborates this ranking using cellphone-mobility data, similarly finding that LDS Church

members attend at the highest rate among the religious groups he studies.

Beyond formal worship, LDS members are also more likely than members of any other

major U.S. religious tradition to volunteer for a religious group or congregation. Figure A2b

shows that LDS respondents in the Faith Matters Survey 2011 report having done so in the

previous twelve months at the highest rate of any tradition. Most LDS religious volunteering

takes place through lay-ministry “callings” that, by design, involve repeated collaboration

with other members of the same ward, so a high rate of religious volunteering plausibly
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translates into a high rate of repeated within-ward interaction. Cnaan, Evans and Curtis

(2012) estimate that the average LDS member spends about eight hours per week on church-

related volunteering, much of it connected to these callings.

McBride (2007) provides an institutional rationale for these patterns. A central goal

of the LDS Church, and one of the three missions stated in its handbook, is to “perfect

the saints,” meaning to help members progress toward salvation by becoming more godly

people. McBride argues that the Church pursues this goal in large part by structuring ward

life around dense, frequent social interaction: members are encouraged to serve one another,

and ward programs deliberately bring members into contact with people they would not

otherwise choose as companions. This emphasis on the ward as a cohesive social unit also

serves a more practical purpose. By embedding new and low-commitment members in a

thick web of within-ward interactions, the ward helps them accumulate religious capital and,

over time, transition into higher-commitment participants.

Together, the patterns in Figures A1 and A2 suggest that an LDS member’s ward is a

socially consequential peer group, and one where peer effects, insofar as they exist, are likely

to operate.

A.2 Political Activity in Wards

Although wards anchor the social lives of their members, they are comparatively reserved

venues for explicit political activity. Two indicators from the Faith Matters Survey illus-

trate the contrast with other religious traditions. Only 2% of LDS respondents report that

political issues are discussed from the pulpit at least monthly, compared with 41% of Jewish

respondents (Figure A3a); and just 16% report that their congregation organizes voter reg-

istration or distributes voter guides, compared with 49% of Black Protestants (Figure A3b).

On both indicators LDS attenders rank among the lowest of any tradition shown. These

patterns suggest that the effects documented above operate through exposure to ward peers

rather than through institution-level political messaging or mobilization.
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Figure A1: Wards as a social peer group, by religious tradition. Panel (a): share of attenders
reporting six or more close friends in their congregation. Panel (b): importance of ward vs.
work friends for LDS members across five tie-strength measures (LDS subsample only). Faith
Matters Survey 2011 (weighted by WGTTOT11). Error bars are 95% confidence intervals
using a design-effect-aware effective N .
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(b)

Figure A2: Time invested in church and religious volunteering, by religious tradition. Panel
(a): share reporting weekly or more frequent church attendance, from the Pew Religious
Landscape Study 2014 (weighted by WEIGHT; categories with n < 100 dropped). Panel
(b): share reporting they volunteered for a religious group in the past 12 months, from the
Faith Matters Survey 2011 (weighted by WGTTOT11; non-volunteers counted as 0). Error
bars are 95% confidence intervals using a design-effect-aware effective N .
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Figure A3: Congregations as political institutions, by religious tradition. Panel (a): share
of attenders reporting that political issues are discussed at least monthly from the pulpit.
Panel (b): share reporting that their congregation organizes voter registration or distributes
voter guides. Faith Matters Survey 2011 (weighted by WGTTOT11). Error bars are 95%
confidence intervals using a design-effect-aware effective N .

A.3 Spatial Distribution of LDS Church Members

Figure A4 shows the share of each county’s residents counted as LDS adherents in the 2010

U.S. Religion Census, which tabulates the members on each congregation’s roll. Adherents

are concentrated in the Intermountain West, with the highest shares running through Utah

and the surrounding “Mormon corridor.”

The county-level shares above are the most granular spatial variation available in public

data. To better understand how LDS members are distributed within counties, we con-

struct our own ward-level estimate from two ingredients: an estimate of the population

living within each ward’s boundary (from intersecting ward polygons with U.S. Census

blocks), and an estimate of average weekly attendance per ward (from crowd-sourced data

on returnandreport.org). Figure A5 plots the distribution of mean weekly attendance

across the 112 Utah wards in the returnandreport.org sample; the cross-ward mean is 155

attendees per week. We then estimate each ward’s attendance share by dividing an assumed

weekly attendance of 150 (the cross-ward mean of 155, rounded) by the ward’s residential

population.30

30Ward-level population estimates are constructed by assigning 2010 and 2020 census block populations
to wards in proportion to the area of overlap between each block and each ward, then linearly interpolating
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Figure A4: Latter-day Saint share of county population, 2010. Each county is shaded by the
share of its residents who are LDS adherents according to the U.S. Religion Census. Counties
without an LDS-adherent count are shaded as 0%. Geometries: TIGER/Line 2025.

Figure A6 maps this ward-level attendance share at four geographic scales: the full

state (panel a) and close-ups of the three Wasatch Front regions where most LDS wards

are located (panels b–d). These maps reveal substantial within-county variation. Salt Lake

County, whose county-wide LDS share is relatively low in the U.S. Religion Census, contains

pockets of very high LDS density in the suburbs south of Salt Lake City. Utah County, by

contrast, has a very high overall LDS share but contains pockets of low LDS density around

Utah Lake. Most of the area north of Salt Lake County in Weber and Davis Counties is

heavily LDS, except for the city of Ogden, which historically drew non-LDS migration as a

railroad hub. Rural counties tend to have high LDS shares overall, with historically non-

Mormon mining towns (e.g., Price and Park City) and gateway communities to the national

parks (e.g., Moab) as notable exceptions.

As a check on our ward-level measure, Figure A7 aggregates our ward-level estimates

back up to the county level and plots them against the LDS adherent share reported in the

2010 U.S. Religion Census. For this validation exercise we replace the assumed 150 weekly

attendees per ward with an estimate of total LDS membership per ward, set to 411 (2,206,370

between the two endpoints to get 2013–2017 estimates.
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Figure A5: Distribution of mean weekly LDS church attendance across Utah wards. One
observation per ward; each ward’s value is the mean of all user-submitted weekly attendance
counts on returnandreport.org between April 2024 and April 2026. The dashed line marks
the cross-ward mean.

Utah members ÷ 5,365 Utah congregations) using the Church’s 2026 state statistics (The

Church of Jesus Christ of Latter-day Saints, 2026). Each point is a Utah county. The two

series are strongly positively correlated: counties with a higher Religion Census adherent

share also have a higher ward-aggregated membership share, indicating that our ward-level

measure captures cross-county patterns of LDS density well.
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(a) Utah (b) Salt Lake County area

(c) Utah County area (d) Davis + Weber County area

Estimated weekly attendance rate (in−state deciles)
0−13% 13−17% 17−20% 20−22% 22−25% 25−28%

28−30% 30−34% 34−39% 39%+ NA

Figure A6: Estimated weekly LDS attendance rate by ward, 2013. Panel (a) shows the
full state; panels (b)–(d) show the three Wasatch Front regions where most LDS wards
are located. Each ward polygon is shaded by 150 / (residential population of the ward),
where 150 is approximately the cross-ward mean of user-submitted weekly attendance counts
(Figure A5) and the denominator comes from intersecting the 2013 ward boundaries with
2010 and 2020 Census blocks and then linearly interpolating to 2013. Bins are in-state deciles
of the estimated rate and are shared across panels. Areas without ward coverage in the 2013
release (San Juan County and a strip along the western border) are shaded grey. Lakes are
overlaid in light blue.
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Figure A7: Validation of the ward-level LDS density estimate. Each point is a Utah county.
The horizontal axis is the LDS adherent share of county population from the 2010 U.S.
Religion Census; the vertical axis is the ward-aggregated LDS membership share, computed
as 100 × (411 × nwards)/population, where 411 is the average number of LDS members per
Utah ward (2026 Church state statistics: 2,206,370 members ÷ 5,365 congregations), nwards

is the area-weighted count of 2013 wards in the county (wards spanning multiple counties
contribute fractionally), and population is from the 2010 Census. The dashed line is the
45-degree identity line. San Juan County is excluded because we have not digitized its ward
boundary data.
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A.4 Additional Background on Politics

We use the Cooperative Election Study (CES) to characterize the political behavior of LDS

and non-LDS Utahns. Two features of the CES make it the right source for this exercise: it

identifies respondents’ religious affiliation, and beginning in 2016 it matches respondents to

the Catalist voter file, which yields a validated party-registration record.

Figure A8 reports validated party-registration shares for Utah LDS and non-LDS respon-

dents, pooled across the 2016, 2018, and 2020 CES waves. LDS Utahns are more likely than

non-LDS Utahns to register Republican and less likely to register Democrat; both groups

have a sizable share of Unaffiliated registrants, consistent with Utah’s tradition of unaffiliated

registration.

67%6% 27%

31%25% 44%Non−LDS
(n = 428)

LDS
(n = 430)

0% 25% 50% 75% 100%

Republican Unaffiliated Democrat

Figure A8: Validated party-registration shares for Utah LDS and non-LDS respondents,
pooled across the 2016, 2018, and 2020 CES waves. Party comes from Catalist’s match
of CES respondents to the voter file (CL partyaffiliation in 2016, CL party in 2018 and
2020). “Unaffiliated” includes voters registered with no party affiliation as well as those listed
under any non-major-party affiliation (the modal category in Utah is “no party affiliation”).
Bars are weighted using each wave’s post-election validated-voter weight.

Figure A9 reports the presidential vote shares among self-identified Utah Independents

(including “leaners”) that underlie the discussion in Section 2.4. We use self-reported party

identification here, rather than the validated registration measure used in Figure A8, because

Catalist validation is not available before 2016; the two definitions agree closely where both

are available.31

31Pooling the 2020 CES, Utah self-identified Independents cast 41% of their presidential ballots for the
Republican, 52% for the Democrat, and 7% for an Other candidate. Utah Independents defined via the
Catalist-validated registration variable cast 37%, 55%, and 7% for the same three categories.
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Figure A9: Presidential vote shares among Utah self-reported Independents (CES pid7 in
{3, 4, 5}, i.e., leaners and pure Independents) in the 2008, 2012, 2016, and 2020 elections.
Bars stack to 100% among respondents who reported a presidential vote choice (non-voters
and “not sure” excluded). “Other” aggregates all non-major-party candidates and includes
the substantial Evan McMullin share in 2016. Bars are weighted using each wave’s post-
election common weight.

Finally, Figure A10 maps ward-level Republican registration shares across the Utah Val-

ley and Salt Lake areas, computed from the 2012 voter file over 2013 ward boundaries.

Partisan composition varies sharply across wards—including between neighboring wards,

the variation our design exploits (Section 4).

A.5 Representativeness of Utah Latter-day Saints

Our estimates come from Latter-day Saints in Utah, so a natural question is how far they

generalize—first to Latter-day Saints elsewhere, and second relative to the U.S. population

whose peer dynamics one ultimately cares about. Table A1 compares four samples on a single

instrument: Utah LDS respondents, all Utah respondents, all U.S. LDS respondents, and

the full U.S. adult population, using the CES common content pooled across the 2012–2020

even-year waves (the study window). Using one survey for all four columns holds question
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Figure A10: Ward-Level Republican Share, 2012. Each polygon is a single ward (2013
boundaries), shaded by the fraction of 2012 registered voters affiliated with the Republican
Party. Gray areas have no mapped ward.

wording, mode, and weighting methodology fixed, at the cost of a modest Utah-LDS cell

(1,286 respondents pooled); the patterns below are robust to reasonable regroupings of the

response categories.

Two comparisons are relevant. The first is between Utah Latter-day Saints and Latter-

day Saints nationally, and on this comparison the two groups look very similar. Across the

age distribution, education (34% vs. 32% with a bachelor’s degree), income, marriage (70%

vs. 64%), children at home, and religiosity (weekly-plus attendance 76% vs. 69%; religion

“very important” 77% vs. 72%), the Utah and national LDS columns differ by only a few

percentage points. The two visible exceptions are racial composition (Utah LDS are 93%

White vs. 84% nationally) and partisanship (57% vs. 50% Republican identifiers), the latter

consistent with Utah’s overall Republican tilt. Since roughly two-thirds of U.S. Latter-day

Saints live outside Utah (in the pooled CES, 1,286 of 4,220 LDS respondents are Utahns),

this similarity is reassuring: the population we study is not a demographically distinctive

subset of the faith.

The second comparison is between Latter-day Saints and the general population, where
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the differences are substantial but interpretable. Relative to all U.S. adults, LDS respondents

in both columns are younger, more likely to be married (64% vs. 49%) and to have children

at home (40% vs. 25%), far more religiously observant (weekly-plus attendance 69% vs.

28%), and more Republican (50% vs. 27%)—while being unremarkable on education and

income. For generalizability, these differences cut in a specific direction: the mechanisms we

document operate through a congregation with unusually high attendance and dense social

ties (Appendix A.1). Populations with weaker group attachment should experience weaker

doses of the same peer exposure, so we would expect effects of assigned peer composition

to be attenuated—not absent—in less tightly knit institutional settings such as schools,

workplaces, or less observant congregations. Conversely, the fact that our subjects are adults

with settled political identities (Section 6) argues against dismissing the estimates as an

artifact of an unusually persuadable population.

A.6 Variation in Probability LDS by Individual Characteristics

We use the Utah Colleges Exit Poll (UCEP), conducted by BYU’s Center for the Study of

Elections and Democracy at polling places across the state, to characterize how the proba-

bility of being LDS varies with individual characteristics. We use the UCEP because of its

large sample size relative to other surveys like the CES.

Table A2 reports the share of UCEP respondents identifying as LDS in the 2012 wave,

broken down by column party (Republican, Democrat, Independent, or all respondents) and

by row characteristic (party affiliation, sex, age bucket, race). The party block shows the

marginal probability of being LDS within each party-registration group: roughly 84% of

Utah Republicans, 24% of Utah Democrats, and 52% of Utah Independents identify as LDS.

Within parties, the probability is broadly stable across sex and age. Women are slightly

more likely than men to be LDS among Republicans (0.86 vs. 0.81) and Independents (0.54

vs. 0.51), and equally likely among Democrats. Age shows no common gradient: among

Democrats the LDS share rises from 0.19 in the 18–29 group to 0.34 among those 66 and

older, while among Republicans it is essentially flat and slightly U-shaped (0.87, 0.84, 0.80,

0.88 across the four age groups) and among Independents it varies within a five-point band.

Figure A11 shows, for each Utah county with sufficient UCEP sample (pooled 2002, 2006,

2012, 2014, and 2016), the probability that a respondent of a given party affiliation is LDS,

plotted against the county’s overall LDS share. The three party-specific shares track the

county-level LDS share tightly (Pearson r of 0.82 for Republicans, 0.86 for Democrats, and

0.94 for Independents): counties that are more heavily LDS overall also have more LDS

Republicans, Democrats, and Independents.

77



Beaver

Carbon

Davis

Duchesne

Emery
Salt Lake

Summit

Uintah

0%

25%

50%

75%

100%

0% 25% 50% 75% 100%
P(LDS), all respondents in county

P
(L

D
S

 | 
R

ep
ub

lic
an

)

10000 20000 30000

21 Utah counties; Pearson r = 0.82

(a) Republicans

Box Elder
Carbon

Duchesne

Juab+Sanpete (combined)

Kane

Millard

Salt Lake

Summit

Tooele

Utah

0%

25%

50%

75%

100%

0% 25% 50% 75% 100%
P(LDS), all respondents in county

P
(L

D
S

 | 
D

em
oc

ra
t)

10000 20000 30000

19 Utah counties; Pearson r = 0.86

(b) Democrats

Box Elder

Carbon
Davis

Duchesne

Juab+Sanpete (combined)

Kane

Millard
Morgan

Salt Lake

Summit

Weber

0%

25%

50%

75%

100%

0% 25% 50% 75% 100%
P(LDS), all respondents in county

P
(L

D
S

 | 
In

de
pe

nd
en

t)

10000 20000 30000

17 Utah counties; Pearson r = 0.94

(c) Independents

Figure A11: County-level relationship between P(LDS) and P(LDS | party), Utah Colleges
Exit Poll pooled 2002–2016. Each point is a Utah county with at least 30 total UCEP
respondents and at least 10 respondents of the panel-indicated party. Point size scales with
the total county sample. Dashed line is the 45-degree identity. Counties are unweighted.
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Table A1: Comparing Utah Latter-day Saints to Utah, U.S. Latter-day Saints, and the U.S.
Population

Utah LDS Utah (all) U.S. LDS U.S. (all)

Demographics
Age 18–29 29.7 28.7 27.1 21.4
Age 30–44 29.4 28.5 30.2 24.3
Age 45–64 27.5 28.1 29.0 34.7
Age 65+ 13.4 14.6 13.8 19.6
Female 51.7 50.1 51.0 51.7
White 93.2 87.9 84.2 71.7

Family
Married 69.6 60.5 63.7 49.3
Has child under 18 41.1 35.6 39.9 25.4

Socioeconomic status
Bachelor’s degree or higher 34.0 30.5 31.5 28.0
Family income <$50k 47.2 49.5 50.1 50.4
Family income $50–100k 38.4 36.4 34.8 32.9
Family income $100k+ 14.4 14.1 15.1 16.8

Party identification
Democrat 7.9 16.7 14.0 34.2
Republican 57.1 39.5 49.8 27.5
Independent / other 35.0 43.8 36.2 38.3

Religiosity
Attends church weekly or more 76.2 46.5 69.1 27.5
Prays daily or more 79.0 56.2 75.2 45.9
Religion “very important” 77.2 49.6 71.6 40.4

Respondents (unweighted) 1,286 2,643 4,220 296,335

Notes: CES common content, pooled 2012–2020 even-year waves. Cells are weighted percentages (each wave’s
main survey weight, normalized within wave); shares computed among respondents answering each item.
LDS = CES religious-affiliation category “Mormon.” Income brackets harmonized across the pre-2018 and
post-2018 CES family-income codings. Party identification is the three-category self-report; “Independent /
other” includes other-party identifiers and “not sure.”

Two patterns in the table and the county scatter plots motivate a simple additive spec-

ification. Within each row of Table A2, the column-to-column differences in LDS share are

similar across rows, consistent with no large interactions between party and demographics.

In Figure A11, each party-conditional county share tracks the unconditional county share

with a slope close to one across panels, consistent with county acting as an additive shifter

on top of party. We therefore summarize the joint structure with a linear probability model
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Table A2: Estimated probability LDS by individual characteristics, Utah Colleges Exit Poll
2012.

Republicans Democrats Independents Overall

Party affiliation
Republican 0.84 — — 0.84
Democrat — 0.24 — 0.24
Independent — — 0.52 0.52

Sex
Male 0.81 0.24 0.51 0.63
Female 0.86 0.24 0.54 0.64

Age
18–29 0.87 0.19 0.55 0.64
30–45 0.84 0.26 0.55 0.65
46–65 0.80 0.24 0.49 0.60
66+ 0.88 0.34 0.53 0.71

Race
White 0.85 0.27 0.55 0.67
Non-White 0.69 0.14 0.39 0.38

Notes: Cells report the share of respondents identifying as LDS within the row × column subgroup, UCEP

2012 wave only (unweighted). Sample sizes per party column: Republicans n = 7, 485; Democrats

n = 3, 143; Independents n = 1, 486; Overall n = 22, 797. “—” indicates a cell that is empty by

construction (the row and column conditions are contradictory). LDS classification follows the four-level

CSED relig index (any non-“Not LDS” response).

on the pooled UCEP waves 2002, 2006, 2012, 2014, and 2016:

LDSi = α + βP · partyi + βS · femalei + βA · age bucketi + βR · whitei + γc(i) + εi,

where LDSi is an indicator for any LDS affiliation, partyi and age bucketi are the categorical

variables from the table, and γc(i) are Utah-county fixed effects. We choose reference cate-

gories so that the intercept corresponds to the empirically lowest-P(LDS) group: a young

(18–29), male, non-White, registered Democrat residing in Summit County. Under this

parameterization, each estimated coefficient is the additional probability of being LDS con-

tributed by the indicated category relative to that baseline.

Figure A12 plots the estimated coefficients with 95% confidence intervals, grouped by

category and sorted in descending order of signed magnitude within each group. Party affili-

ation is the single largest shifter: a registered Republican is about 50 percentage points more

likely to identify as LDS than a registered Democrat with otherwise identical demograph-
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ics and county. County of residence is the next-largest set of shifters, with Utah County

adding roughly 43 percentage points and Cache and Box Elder counties close behind. Race

contributes a more modest 12-percentage-point gap between White and non-White respon-

dents. Sex and age contribute small additional shifts. The estimated intercept lies slightly

below zero, which is a familiar artifact of the linear probability model at extreme baseline

groups rather than a substantive prediction; it confirms that the chosen baseline—young,

male, non-White, registered Democrat living in Summit County—is indeed near the lowest-

P(LDS) corner of the covariate space.
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Figure A12: Coefficients from a linear probability model regressing an LDS indicator on
party affiliation, sex, age bucket, race, and Utah-county fixed effects, pooled across UCEP
2002–2016. Points are OLS estimates; horizontal bars are 95% confidence intervals based
on HC1 heteroskedasticity-robust standard errors. Reference categories: Democrat, male,
18–29, non-White, Summit County, so that the intercept represents the predicted P(LDS)
for that baseline group and the remaining coefficients are additive shifts. Sample restricted
to UCEP waves with all five covariates available (n = 50,530 respondents across 13 Utah
counties); R2 = 0.32.
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B Ward Boundary Changes

This appendix expands on the boundary-change patterns summarized in Section 2.3, docu-

menting in detail how LDS ward boundaries changed between 2013 and 2017, the years for

which we have ward boundary data. Over this period, 239 new wards were created and 99

old wards were dissolved, raising the total number of wards in our dataset from 3,975 to

4,115; Table B1 gives the year-over-year changes, broken down into these two flows. The

changes documented here define the treatment variation used throughout the paper: the

analysis sample of Section 3 consists of voters living near these newly drawn boundaries, and

the placebo analysis of Section 5 repeats the design on analogous post-2023 changes.

Table B1: Annual ward accounting, 2013–2017

Period

2013-14 2014-15 2015-16 2016-17

Wards (start of period) 3,975 4,022 4,060 4,077
+ New wards formed 59 55 64 61
− Wards dissolved 12 17 47 23

Wards (end of period) 4,022 4,060 4,077 4,115

B.1 Boundary-Change Clusters

Many ward boundary changes are the result of creating a new ward or closing an old ward.

When a new ward is created it is carved out of pieces of one or more existing wards. When

an old ward is closed, its area is distributed to one or more continuing wards. Often these

processes set off a local chain reaction in which the boundaries of several neighboring wards

are adjusted simultaneously, in order to ensure that each ward meets its attendance needs.

The creation of a new ward or the dissolving of an old ward are responses to dramatic shifts

in local attendance (through move-ins, move-outs, conversions, or disaffiliation). For less

dramatic shifts, simple boundary adjustments between two or more neighboring wards may

suffice to rebalance attendance.

Between 2013 and 2017, we observed 488 boundary-change clusters. 196 (40.2%) of these

result in the creation of at least one new ward, 72 (14.8%) result in the closing of at least

one old ward, and the other 220 (45.1%) involve simple realignments of boundaries. The

vast majority of these clusters (83%) fall entirely within a single stake, while the other 17%

cross stake boundaries. Boundary changes involving multiple stakes are more logistically
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complicated since they require the cooperation of multiple stake presidencies. Table B2

reports these summary statistics year by year.

Most boundary-change clusters are small, involving only a few wards. Figure B1 shows

the distribution of cluster sizes, characterized by the number of wards in that cluster at the

start and end of the period. The modal cluster (27.3% of cases) involves adjusting a ward

boundary between two neighboring wards without a change in the number of wards or larger

adjustment spillovers. Other common boundary change events include splitting two wards

into three (9.8%), splitting one ward into two (8.8%), and readjusting the boundaries of

three wards (7.6%). While most clusters are small, at the extreme, around 1% of boundary

change events involve 15 or more wards.

Table B2: Boundary-change clusters by year pair

Period

2013-14 2014-15 2015-16 2016-17

Boundary change clusters 118 92 141 137

By type of cluster
Ward count increased 51 46 49 50
Ward count decreased 11 14 27 20
Boundaries realigned only 56 32 65 67

By stake geography
Contained within one stake 98 77 111 119
Crossing stake boundaries 20 15 30 18

Notes: A boundary-change cluster is a contiguous group of wards whose boundaries were redrawn

simultaneously. Pooled across the four year pairs, the average cluster contained 3.44 wards at the start of

its period.

83



8.8%

0.2%

2.9%

27.3%

9.8%

0.2%

3.7%

7.6%

5.1%

0.6%

2.0%

4.7%

3.9%

0.8%

1.0%

2.3%

2.5%

0.6%

0.2%

1.8%

1.2%

1.0%

0.2%

0.2%

0.6%

0.4%

1.4%

1.4%

1.0%

0.4%

0.4%

0.8%

1.0%

0.2%

0.2%

0.2%

0.2%

0.2%

0.2%

0.2%

0.2%

0.2%

0.6%

0.2%

0.2%

0.2%

0.2%

0.2%

0.2%

1

2

3

4

5

6

7

8

9

10

11

12

15

17

18

23

1 2 3 4 5 6 7 8 9 10 14 15 19 20
Wards (start of period)

W
ar

ds
 (

en
d 

of
 p

er
io

d)

1%5%10% 20% 27%

Cluster transitions: start to end ward counts
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B.2 Where Boundaries Change

Figure B2 maps the spatial distribution of boundary change clusters in Utah’s two most

populous counties—Salt Lake and Utah Counties—colored by whether they resulted in the

creation of new wards, the dissolving of old wards, or a simple boundary adjustment. In

general, the maps show that new wards are more likely to be created in high LDS areas

(the southwest suburbs of Salt Lake and most of Utah County), while low LDS areas (e.g.,

downtown Salt Lake City) are more likely to close a ward. These patterns suggest a dynamic

of increasing geographic polarization along religious lines during this period–high LDS areas

attracted more LDS move-ins or converted more of their non-LDS neighbors, while in low

LDS areas, church members either moved away or stopped attending church.

Table B3 reports the growth statistics summarized in Section 2.3: over our study window,

population grew far faster in clusters that added a ward (108%) than where boundaries were

merely realigned (38.5%) or a ward closed (14.3%), with the same ordering for counts of

registered voters (91.8% vs. 35.2% and 8.1%). Figure B3 shows the corresponding pattern

in new single-family home construction: areas that added a ward experienced pronounced

construction booms in the years leading up to their boundary change. Notably, the booms

precede the change and then taper off as developers move on to new undeveloped areas.

Figure B2: Wards in Utah County (left) and Salt Lake County (right), with boundary
change clusters shaded by their 2013–2017 net change type (e.g., green indicates a cluster
where the ward count increased between 2013 and 2017). Wards are plotted based on their
2017 boundaries.
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Table B3: Ward-level summary statistics by cluster type

Ward count increased Boundaries realigned only Ward count decreased

Wards × Periods (N) 691 640 349
Clusters (N) 196 220 72

Population and growth
Avg population (2010 imputation) 549 557 792
Avg population (2020 imputation) 1,141 772 905
Population growth, 2010–2020 108.0% 38.5% 14.3%
Implied LDS share (2012) 28.1% 30.2% 23.8%

Voter-file dynamics
Avg voters (2012) 189 208 312
Avg voters (2020) 377 283 338
Voter-file growth, 2012–2020 91.8% 35.2% 8.1%
Stayed in ward, 2012–2020 37.2% 39.0% 35.8%

Notes: The unit of observation is a ward-period pair where the periods are 2013–14, 2014–15, 2015–16,
and 2016–17. Wards are defined using their start-of-period boundary. Population endpoints come from
intersecting the start-of-period ward polygons with the 2010 and 2020 Census blocks; implied LDS share
uses 150/(0.8 · pop2010 + 0.2 · pop2020), capped at one. Voter-file rows use the 2012 and 2020 voter-file cross
sections joined to the same start-of-period ward definition.
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B.3 Voter-Level Disruption

Figure B4 characterizes how disruptive these changes are at the level of the individual voter,

plotting the voter-weighted distribution of the fraction of each affected voter’s post-change

ward roster that was not in their pre-change ward (the statistics cited in Section 2.3). Each

voter’s exposure is computed from their own old-ward-to-new-ward transition, pooling all

2013–2017 changes and counting each voter’s initial disruption once.
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Figure B4: Distribution of new-peer exposure among voters affected by a 2013–2017 ward
boundary change. Each observation is a voter residing in a ward whose boundary changed;
the horizontal axis is the fraction of the voter’s post-change ward roster that was not in their
pre-change ward. The dashed line marks the voter-weighted median (19.2%).
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C Data Construction

C.1 Cleaning and Linking TargetSmart Records

The procedure described below is adapted from Appendix C.1 of Brown et al. (2025b), which

describes an analogous cleaning and within-state linking pipeline applied to the full 50-state

TargetSmart voter-file snapshots. We apply the same steps to the Utah-only subset used in

this paper.

Cleaning the raw TargetSmart state-by-year files

The raw TargetSmart data consist of annual snapshots, one for each year between 2012 and

2021. These snapshots contain each voter’s name, residential address, gender, race, date

of birth, whether or not they were registered and voted in prior elections, and their party

affiliation.

TargetSmart also provides a “voterbase ID” (henceforth VBID), which uniquely identifies

each row for a given state and year, and an “exact track ID” (henceforth ETID), which

represents its efforts to link individuals across years and states. We use this information

as well as voters’ first name, middle name, last name, date of birth, and vote history to

de-duplicate the TargetSmart data, so that for each state-by-year file, the observation used

in the analysis is the most likely current record for each voter. We also use this information

to expand on TargetSmart’s linkage model to further link records that likely correspond to

the same individual.

To begin, we take the following steps to clean and de-duplicate the raw TargetSmart

state-by-year files:

1. We remove hyphens and spaces from first and last names. We capitalize all letters of

first and last names.

2. We recode invalid ZIP codes and census block group IDs as missing.

3. We use TargetSmart’s information on whether a voter is found in Social Security death

records to drop deceased voters.32

4. We use TargetSmart’s information from the United States Postal Service National

Change of Address database to drop voters that no longer reside at their listed resi-

dence.

32Specifically, we drop voters indicated as “deceased” and who did not vote in the most recent general
election before the year of the voter file.
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5. We de-duplicate records with the same ETID, first name, and last name, giving pref-

erence to the record whose registration status is “Registered” (vs. “Unregistered”),

whose voter status is “Active” (vs. “Inactive,” based on recent election participation),

and with the most recent registration date. We do this because, for a given individual,

outdated records may exist alongside the active, most recent record in the same state

voter file snapshot. When de-duplicating, we harmonize the vote history so that if

any of the dropped records indicate that the person voted in a particular election, we

maintain this turnout history in the record that we preserve for that individual.

6. We repeat the previous step, de-duplicating records with the same first name, middle

initial, last name, date of birth, and ZIP code.33

7. We drop any record where the voter’s age is listed as under 18 and the individual is

listed as “Registered.”

Linking records across years

To link rows within the state corresponding to the same individual across multiple years—in

other words, to assign a unique voter identifier—we take the following steps:

1. We split the date of birth field into year, month, and day. Even though TargetSmart

uses commercial data to reconstruct the exact day of birth for voters, the TargetSmart

data feature high frequencies of dates of birth ending in 01 (i.e., indicating a voter born

on the first day of a given month) and 0101 (i.e., indicating a voter born on January

1). When the date of birth ends in 01, we set the day of birth to missing. When the

date of birth ends in 0101, we set the month and day of birth to missing.34

2. The VBID uniquely identifies a row in each year snapshot, but when the same individ-

ual appears in multiple years, they typically appear with the same VBID. Therefore,

we assume records that share a VBID are the same person, and assign them the same

identifier. However, if TargetSmart assigned the same VBID to multiple rows where

the first names, last names, and dates of birth are all different, or where the maximum

difference in birth years is more than five years and the months and days of birth are

different too, we break this link.

33We consider groups of rows in which the middle initial is missing for one or more and the rest of these
variables are identical to be duplicates.

34We lose information by setting the month or day of birth to missing for some people who were actually
born on the first of the month or on January 1. However, there is no reliable way to determine whether a
date of birth ending in 0101 actually corresponds to a January 1 birthday, or whether it indicates that the
month and day of birth are missing.
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3. We group observations by ETID.

• If at least one of the first names, last names, and dates of birth are the same

among all observations sharing the same ETID, there is only one record per year,

and the maximum age difference is less than or equal to five years, then we assign

the same identifier to all these observations.

• If not everyone in that set of observations shares either a first name, last name,

or date of birth, we group them by name and date of birth and—as long as there

is only one record per year—assign rows within each group the same identifier.

4. We group by first four letters of first name, last name, year of birth, and address. We

require that each record has non-missing information for all of the grouping variables

and that each record is unique within a year by these variables. If so, we assign these

rows the same identifier.

5. We repeat the previous step using the following sets of grouping variables:35

• First four letters of first name, last name, year of birth, and address.36

• First name, last name, and address.

• First name, last name, and date of birth.

• First name, last name, and year and month of birth.

• First name, last name, and year of birth.

• First name, middle name, last name, and date of birth.

• First name, middle name, last name, and year and month of birth.

• First name, middle name, last name, and year of birth.

C.2 Digitizing Ward Boundary Maps

We collected publicly available stake maps covering each of the approximately 4,000 Utah

wards active between 2013 and 2017, and georeferenced, cleaned, and converted each map

into a digital shapefile. To produce an initial set of polygons, we wrote a program that

identifies boundary lines in the original map images by pixel color and converts the resulting

35If month and day of birth are not part of the grouping variables, we require that when non-missing, they
do not conflict. We also require that middle initials, when non-missing, do not conflict, except if the set of
grouping variables includes the address and year of birth, or if it includes the exact date of birth.

36We only de-duplicate records if no more than 15 people ever lived at the same address, and if the
difference between the maximum and minimum years of birth is no more than five years.
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non-boundary areas into polygon geometries. After this automated step, research assistants

manually checked and corrected the shapefile output against the original PDF, adjusting

boundary lines where the automated procedure had mis-traced a road, river, or fence line.

As a final check, we manually reviewed each research assistant’s work and approved the

resulting shapefile before adding it to our ward panel.

Figure C1 shows an example of an original stake map from which ward boundaries were

digitized. Each colored region corresponds to a single ward within the stake.

Figure C1: Example stake map: Salt Lake City Ensign Stake. Each shaded region denotes
a ward.

C.3 Linking CoreLogic Property Records to the Voter File

To attach property characteristics to voters, we link each CoreLogic owner record to at most

one TargetSmart voter. We first standardize both sides: property situs addresses and voter
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residential addresses are reduced to a common normalized key (street address, city, and five-

digit ZIP), and names are normalized with last name, first name, and middle initial stored

separately. Voter addresses are pooled across the 2012–2021 cross sections, keeping the years

over which each voter–address pair is observed, so a property can match a voter at any of

the voter’s address spells.

Matching proceeds in two passes. The first pass joins owners to voters on the exact

standardized address key and exact normalized last name. For owners still unmatched, the

second pass joins on five-digit ZIP and exact last name and requires the property and voter

geocodes to lie within 100 meters. In both passes, candidate pairs must also agree on first

name: we score first-name pairs 100 for exact matches, 99 for known nickname pairs (e.g.,

“Bill”/“William”), 98 when one name contains the other (with at least three characters), and

by Jaro–Winkler similarity otherwise, retaining candidates scoring at least 87. Among an

owner’s surviving candidates we keep a single best voter, preferring exact-address matches,

then agreement in middle initial, then higher first-name scores, then smaller distances, then

the address spell closest in time to the CoreLogic vintage. Finally, each voter may be linked

to only one property; when a voter survives as the best match for owner records on multiple

properties, we keep the highest-quality link by the same criteria. The large majority of

matched owners link in the exact-address pass, with the remainder recovered by the 100-

meter fallback.

C.4 Linking CoreLogic Property Records to HMDA Income

To recover applicant income for CoreLogic homeowners, we link CoreLogic mortgage origi-

nation records to Home Mortgage Disclosure Act (HMDA) loan-application records, which

report applicant income but not property address (Bayer et al., 2025). We begin by spatially

joining each CoreLogic mortgage record to its census block (and thus to its census tract) us-

ing parcel-level coordinates. We then aggregate HMDA loan records to the tract level using

their reported census tract. Within each (tract, year) cell, we merge the two datasets on

loan amount, rounded to the nearest $1,000, and on lender name. We clean lender names of

common abbreviations (e.g., “Bk” → “Bank”, “Fcu” → “Federal Credit Union”) and then

fuzzy-match them using token-sort ratios, retaining only pairs with a full-name score of at

least 67 and a first-word score of at least 70. To avoid spurious many-to-one matches, we

further restrict to CoreLogic mortgages and HMDA loans that are uniquely identified within

(tract, amount, lender). Because HMDA began rounding loan amounts to the nearest $5,000
in 2018, we implement this linkage only for origination years 2012–2017. The resulting match

rate is low—for example, we link roughly 27% of 2012 CoreLogic mortgage originations to
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HMDA income—so we omit income from our main analyses and use it only to describe the

linked-property sample in Appendix D.3.

C.5 Scraping the Meetinghouse Locator

To track ward boundary changes occurring after our 2013–2017 digitized map window, we

built a scraping pipeline that queries the LDS Church’s Meetinghouse Locator tool, which

returns the assigned ward for any Utah address submitted to it. We run the pipeline once per

quarter, beginning in Spring 2023. For each address and quarter we record the returned ward

name and identifier. We then detect boundary changes by comparing each address’s ward

assignment across consecutive quarters: addresses whose ward identifier changes between

quarters mark a point on a new boundary line, and we reconstruct the full boundary by

connecting such points within each stake. Boundary changes observed through Spring 2026

form the basis for our placebo sample in Section 3.5.
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D Data Validation and Sample Descriptives

D.1 Year-by-Year Voter Counts and Validation

Table D1 reports the number of unique Utah registered voters in our cleaned TargetSmart

cross sections for each year from 2012 through 2021. Table D2 compares our cleaned counts,

party-registration shares, and general-election turnout to statistics published by the Utah

Lieutenant Governor’s Office. Our registered-voter counts are systematically lower than state

totals because our cleaning pipeline retains only voters with a reliable street-level geocode

at a Utah address (see Section 3); individuals who first appear at a Utah address in a later

year are excluded from earlier years’ counts. Nevertheless, the share of voters registered with

each party in our data closely tracks the state-reported shares.

Table D1: Year-by-Year Counts of Cleaned Utah Registered Voters

Year Registered Voters

2012 1,091,892
2013 1,100,930
2014 1,098,110
2015 1,049,645
2016 1,158,595
2017 1,250,535
2018 1,222,348
2019 1,172,936
2020 1,276,559
2021 991,032

Figure D1 plots year-over-year party-switching rates between adjacent voter-file snap-

shots. Switching is heavily concentrated in the presidential election years and appears in

the election-year snapshot itself: the 2015–2016 and 2019–2020 transitions show pronounced

spikes (6.3% and 10.1% of linked voters, respectively), while the off-year transitions and the

2020–2021 transition are quiet (below 2%). Switches into the Republican Party account for

the majority of the 2019–2020 spike (6.2% of linked voters), consistent with the registration

surge ahead of the June 2020 Republican primary described in Section 2.4. Two implications

follow for our design. First, presidential election years are indeed when registration changes

occur, supporting our use of the 2012 and 2020 elections as measurement endpoints. Second,

the election-year snapshots capture election-season affiliation changes: the 2020 file already

reflects the 2020 registration surge, and the 2021 file adds post-general updates for voters

not observed in 2020.
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Table D2: Validation: Cleaned Voter File vs. Utah State-Published Statistics

Registered % Republican % Democratic Turnout

Year TS State TS State TS State TS State

2015 1,049,645 1,412,099 45.6% 45.3% 9.5% 9.5% — —
2016 1,158,595 1,550,583 47.7% 46.5% 11.3% 11.4% 77.5% 82.0%
2017 1,250,535 1,538,748 46.3% 46.6% 11.8% 11.5% — —
2018 1,222,348 1,633,837 47.5% 46.4% 12.3% 12.4% 71.2% —
2019 1,172,936 1,693,286 47.4% 45.0% 12.5% 13.0% — —
2020 1,276,559 1,857,861 52.1% 49.9% 14.2% 14.7% 87.6% 90.1%
2021 991,032 1,851,945 53.4% 49.3% 13.7% 14.7% — —

Notes: “TS” columns are computed from our cleaned TargetSmart Utah cross sections. “State” columns are
from voter registration reports published by the Utah Lieutenant Governor’s Office (registration and party
counts) and from published turnout statistics for general elections. TargetSmart registered-voter counts are
lower than state totals because our cleaning pipeline retains only voters with a reliable street-level geocode
at a Utah address; inactive voters, non-geocoded voters, and individuals who first appear at a Utah address
in a later year are excluded. For the turnout column, “TS” turnout for year Y is computed from the year
Y + 1 TargetSmart snapshot, because the year-Y snapshot is taken mid-year and its vote-history field does
not yet record the November Y general election. Turnout is reported only for even-year general elections.
Dashes indicate data unavailable from the source.

D.2 Ward-Level Descriptive Statistics

Figure D2 reports ward-level distributions of land area, registered voter counts, and Re-

publican and Democratic registration shares among 2013 wards. The weighted versions use

each ward’s number of registered voters as the histogram weight, so the weighted histograms

approximate the distribution seen by a randomly chosen voter, while the unweighted his-

tograms give equal weight to each ward. Note that the land-area distribution is heavily

right-skewed: the median ward covers 0.5 km2 and the interquartile range is [0.3, 1.8] km2,

but rural frontier wards span hundreds or thousands of square kilometers, so the histogram’s

x-axis is truncated at 25 km2 for legibility.

D.3 Sample Comparison Summary Statistics

This subsection reports balance-style summary statistics comparing subsamples of our voter

and property data. Table D3 compares the full 2012 TargetSmart cross section, the subset

of voters observed in both 2012 and 2020 or 2021 (our panel sample), and the further subset

used in our main regressions (panel voters living within 400m of a new ward boundary with

voters on both sides). Tables D4 and D5 report the voter-side and property-side linkage-

balance checks cross-referenced in Section 3. Table D6 compares the main analysis sample
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Figure D1: Year-over-year party-switching rates, 2012–2021. Each point is the share of
voters observed in two adjacent voter-file snapshots whose three-way registration category
(Republican, Democratic, Unaffiliated) differs between them; because Unaffiliated pools all
minor parties, moves among minor parties do not count as switches. Roughly 1.1–1.3 million
voters are linked in each adjacent pair.

to the placebo sample used in the future-boundaries exercise of Section 5.1. A breakdown

of the analysis sample by baseline party appears in the main text as Table 1.

D.4 School District Data Availability

Table D7 lists all 41 Utah school districts, showing for each whether we obtained elementary-

school boundary shapefiles from the district and the number of elementary schools reported

either by the district directly or counted from the shapefile.

D.5 Placebo Sample Data Coverage

Table D8 is a placebo-sample analog to Table 1 from the main text, summarizing the data

sources and sample sizes for our future-boundaries placebo exercise (Section 3.5).
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Figure D2: Ward-Level Distributions, 2013. Row 1 shows ward land area, truncated at
25 km2. Row 2 shows the number of registered voters per ward (unweighted). Rows 3
and 4 show the fraction of each ward’s registered voters affiliated with the Republican and
Democratic parties, respectively.
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Table D3: Summary Statistics: Sample Comparison

Full 2012 XS Panel Analysis p

N 1,091,892 753,451 121,876 —

Political
Fraction Republican 44.9% 47.4% 50.9% ∗∗∗

Fraction Democrat 9.1% 9.0% 7.7% ∗∗∗

Fraction Unaffiliated 46.0% 43.6% 41.4% ∗∗∗

Voted 2012 general 74.4% 81.6% 81.4% ∗∗∗

Voted 2012 primary 20.6% 22.4% 21.9% ∗∗∗

Demographics
Age 46.9 (18.3) 45.9 (16.7) 44.7 (16.3) ∗∗∗

Fraction male 49.3% 49.4% 49.6% ∗

Fraction white 95.0% 95.5% 95.2% ∗∗

Fraction rural 10.7% 10.8% 9.9% ∗∗∗

People at address 1,284 [742, 1,823] 1,287 [739, 1,829] 1,055 [643, 1,562] ∗∗∗

Linked to elementary school 94.9% 94.9% 97.3% ∗∗∗

Property
Fraction homeowner 40.4% 44.6% 46.1% ∗∗∗

Home value (USD) $262k [203k, 350k] $267k [206k, 356k] $263k [208k, 349k] ∗∗∗

Building size (sq ft) 1,809 [1,373, 2,492] 1,836 [1,394, 2,528] 1,831 [1,408, 2,487] ∗∗∗

Land size (sq ft) 10,019 [7,841, 13,852] 10,019 [7,841, 13,939] 10,019 [7,841, 13,939] ∗∗∗

Year built 1986 [1970, 1999] 1987 [1971, 1999] 1996 [1978, 2003] ∗∗∗

Bedrooms 3 [3, 4] 3 [3, 4] 3 [3, 4] ∗∗∗

Bathrooms 2.0 [2.0, 3.0] 2.0 [2.0, 3.0] 2.0 [2.0, 3.0] ∗∗∗

Fraction single-story 76.3% 75.3% 72.3% ∗∗∗

HMDA income (USD) $104k [74k, 146k] $105k [75k, 148k] $102k [74k, 143k] ∗

Notes: “Full 2012 XS” is the cleaned 2012 TargetSmart cross section; “Panel” is the subset of voters also
observed in 2020 or 2021; “Analysis” is the further subset used in our main DiD regressions — voters in the
panel living within 400m of a new ward boundary between 2013 and 2017 on a boundary with voters on both
sides. p column tests “Analysis” vs. “Full 2012 XS”. At sample sizes above 105, nearly all mean differences are
statistically significant; readers should interpret magnitude alongside significance. Significance: ∗ p < 0.05,
∗∗ p < 0.01, ∗∗∗ p < 0.001. Continuous variables reported as “mean (SD)”; skewed variables reported as
“median [25th, 75th percentile]”; binary indicators reported as percentages. Property-row statistics are
computed over CLIP-non-missing observations within each column.
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Table D4: Summary Statistics: Voters Linked vs. Unlinked to CoreLogic (Analysis Sample)

Linked to CoreLogic Not linked p

N 56,214 65,662 —

Political
Fraction Republican 54.3% 47.9% ∗∗∗

Fraction Democrat 6.9% 8.5% ∗∗∗

Fraction Unaffiliated 38.8% 43.7% ∗∗∗

Voted 2012 general 88.4% 75.0% ∗∗∗

Voted 2012 primary 25.1% 19.0% ∗∗∗

Demographics
Age 48.1 (14.5) 41.9 (17.1) ∗∗∗

Fraction male 50.1% 49.2% ∗∗

Fraction white 95.8% 94.7% ∗∗∗

Fraction rural 7.9% 11.6% ∗∗∗

People at address 1,090 [687, 1,555] 1,018 [606, 1,568] ∗∗∗

Linked to elementary school 98.9% 96.0% ∗∗∗

Notes: Analysis sample only. Voters are split by whether their record was successfully linked to a CoreLogic
property. Property variables are omitted because they are missing by construction for unlinked voters.
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Table D5: Summary Statistics: Properties Linked vs. Unlinked to Voter File

Linked to voter file Not linked p

N 357,240 129,820 —

Demographics
Fraction rural 9.2% —
People at address 1,334 [819, 1,839] —

Property
Home value (USD) $257k [197k, 343k] $215k [168k, 284k] ∗∗∗

Building size (sq ft) 1,764 [1,340, 2,424] 1,534 [1,180, 2,018] ∗∗∗

Land size (sq ft) 9,583 [7,405, 13,504] 8,276 [5,663, 11,326] ∗∗∗

Year built 1987 [1969, 2000] 1985 [1964, 2001] ∗∗∗

Bedrooms 3 [3, 4] 3 [3, 4] ∗∗∗

Bathrooms 2.0 [2.0, 3.0] 2.0 [2.0, 3.0] ∗∗∗

Fraction single-story 76.0% 75.9%
HMDA income (USD) $98k [68k, 141k] $77k [53k, 113k] ∗∗∗

Notes: Properties are 2012 CoreLogic owner-occupied single-family homes in Utah, deduplicated to one row
per CLIP. Columns split properties by whether at least one owner was successfully linked to a TargetSmart
voter record. Demographic and political variables are omitted because they come from the voter-file side of
the join.
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Table D6: Summary Statistics: Main vs. Placebo Analysis Sample

Main analysis Placebo analysis p

N 121,876 103,335 —

Political
Fraction Republican 50.9% 43.8% ∗∗∗

Fraction Democrat 7.7% 10.3% ∗∗∗

Fraction Unaffiliated 41.4% 46.0% ∗∗∗

Voted 2012 general 81.4% 80.8% ∗∗∗

Voted 2012 primary 21.9% 21.1% ∗∗∗

Demographics
Age 44.7 (16.3) 45.5 (16.7) ∗∗∗

Fraction male 49.6% 49.3%
Fraction white 95.2% 94.2% ∗∗∗

Fraction rural 9.9% 5.4% ∗∗∗

People at address 1,055 [643, 1,562] 1,527 [1,006, 1,947] ∗∗∗

Linked to elementary school 97.3% 98.4% ∗∗∗

Property
Fraction homeowner 46.1% 44.6% ∗∗∗

Home value (USD) $263k [208k, 349k] $244k [191k, 314k] ∗∗∗

Building size (sq ft) 1,831 [1,408, 2,487] 1,716 [1,302, 2,330] ∗∗∗

Land size (sq ft) 10,019 [7,841, 13,939] 9,148 [7,405, 11,761] ∗∗∗

Year built 1996 [1978, 2003] 1983 [1966, 1998] ∗∗∗

Bedrooms 3 [3, 4] 3 [3, 4] ∗∗∗

Bathrooms 2.0 [2.0, 3.0] 2.0 [2.0, 3.0] ∗∗∗

Fraction single-story 72.3% 77.7% ∗∗∗

HMDA income (USD) $102k [74k, 143k] $96k [68k, 132k] ∗∗∗

Notes: “Main analysis” is the sample used in analysis did new (model m1): voters in our panel living within
400m of a 2013–2017 new ward boundary with voters on both sides. “Placebo analysis” is the corresponding
sample used in placebo did new (model m1): voters in the panel living within 400m of a 2023q2–2026q2
future ward boundary with voters on both sides.
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Table D7: Utah School Districts: Elementary Boundary Data Availability

School district Data availability Elementary schools

Davis 2012-2025 62
Granite 2012-2025 62
Alpine 2012-2025 53
Jordan 2013-2025 33
Nebo 2025 30
Canyons 2013-2025 29
Salt Lake 2012-2025 29
Weber 2015-2025 29
Washington 2020-2025 28
Cache 2018-2025 17
Tooele 2022 16
Ogden 2010-2025 15
Provo 2024 15
Box Elder 2024 12
Iron 2024 9
Duchesne Not available 8
Murray 2013-2025 7
Uintah 2012-2025 7
Emery Not available 6
Logan 2012-2025 6
San Juan Not available 6
Carbon 2012-2025 5
Garfield Not available 5
North Sanpete Not available 5
Sevier Not available 5
Wasatch 2025 5
Millard Not available 4
Park City Not available 4
Juab Not available 3
South Sanpete Not available 3
Beaver Not available 2
Daggett Not available 2
Kane Not available 2
Morgan Not available 2
Piute Not available 2
Rich Not available 2
South Summit Not available 2
Tintic Not available 2
Wayne Not available 2
Grand County 2012-2025 1
North Summit 2012-2025 1

Notes: “Data availability” lists the range of years for which the district provided elementary-school boundary
shapefiles; “Not available” indicates the district did not supply shapefiles. “Elementary schools” is the
number of attendance zones in the 2012 shapefile (for districts that supplied one) or the count reported
directly by the district (for those that did not).
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Table D8: Data Coverage and Sample Size: Placebo Analysis (Future Boundaries)

Voter Files — Placebo Sample
Panel voters within 400m of a new boundary 109,639
. . . near a boundary with voters on both sides (placebo sample)a 103,335

Ward Boundaries (2023–2026)
Wards in 2023b 4,480
Newly drawn boundary lines, 2023–2026 2,173
. . . with voters on both sides (placebo sample)a 1,101

Property Records — Placebo Sample
Owner-occupied single-family homes (SFH) in 2012 487,060
2012 voters linked to an SFHc 44.6%

a The placebo sample comprises panel voters within 400m of a boundary line newly drawn
after the study window that has voters within 400m on both sides; see Section 3.5.

b Ward counts use the snapshot at the start of the placebo period (2023q2). The number
of wards changed slightly from 2023 to 2026; in 2026 (2026q2) the number of wards was
4,404.

c Linkage rate computed over the placebo sample; property controls are fixed at baseline
(2012).
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E Interpreting the Estimating Equation

The main-text specification, Equation (1), regresses an individual’s change in party regis-

tration on the leave-one-out (LOO) partisan share of their ward. This appendix develops

a friendship-formation model that gives that specification a structural interpretation. The

model assumes a linear response at the level of the friend circle, which we discuss substan-

tively in Section 6.2, and takes up two questions given that assumption. The first is what

structural object the regression coefficient β recovers, and how that mapping depends on the

number of friends a member has. The second is whether, when a boundary change severs

existing friendships and forces new ones, the influence of retained and newly formed ties

can be separately identified from ward rosters alone, and what estimating equation such

identification implies. The friend-level influence parameter ρ derived below is the object

that Appendix G denotes βtrue. We frame the derivation in terms of the Republican share;

the argument is identical for any party. Two further pieces of design detail referenced in

Section 4.2 close the appendix: Appendix E.5 reports the stand-alone boundary-side coef-

ficients δ, and Appendix E.6 decomposes what a cross-boundary gap in one party’s share

trades against.

E.1 Baseline: Random Friending

Setup. Consider a ward w with nw members. Each member i has a baseline (2012) Re-

publican indicator R0
i ∈ {0, 1}. Define the leave-one-out ward Republican mean

Z̄−i
w ≡ 1

nw − 1

∑
j∈w, j ̸=i

R0
j , (4)

the baseline Republican share among i’s ward-mates. Between baseline and endline, each

member draws m ≥ 1 friends uniformly at random, without replacement, from the other

nw − 1 members of the ward. Let R̄f
i ≡ 1

m

∑m
k=1R

0
fk(i)

denote the baseline Republican share

of i’s friend circle. Peer influence operates on the friend circle’s baseline composition, scaled

by ρ ∈ [0, 1]: the member’s endline (2020) affiliation moves a fraction ρ of the way from their

own baseline toward the friend-circle share, plus an idiosyncratic shock,

R1
i = R0

i + ρ
(
R̄f

i −R0
i

)
+ νi, E[νi | R0

i , R̄
f
i , w] = 0, (5)

so that ρ = 0 is no peer influence and ρ = 1 is full conformity to the friend circle. For

m = 1 the linear form in (5) is without loss of generality—any function of a binary variable

is affine—while for m > 1 it is the substantive linearity assumption discussed in Section 6.2.
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Differencing,

∆Ri ≡ R1
i −R0

i = ρ
(
R̄f

i −R0
i

)
+ νi. (6)

Integrating out the unobserved friends. The researcher never observes who is friends

with whom. The only object on the right-hand side of (6) that depends on the friend draw

is R̄f
i , and because the m friends are drawn uniformly from i’s ward-mates, each ward-mate

is equally likely to be in the friend circle, so

E
[
R̄f

i | w, i
]

= Z̄−i
w . (7)

Under random friending, then, the LOO ward mean is not merely a proxy for the unobserved

peer measure: it is exactly the expectation of the friend circle’s composition, for any m.

Taking the expectation of (6) conditional on the ward and the member’s own baseline party,

E
[
∆Ri | w, R0

i

]
= ρ Z̄−i

w − ρR0
i . (8)

The regression and its interpretation. Estimating separately by baseline party fixes R0
i

at a constant r ∈ {0, 1}, so within each baseline-party subsample the conditional expectation

of the partisan change is an exact linear function of the LOO ward mean,

E
[
∆Ri | Z̄−i

w

]
= (−ρ r) + ρ · Z̄−i

w , i : R0
i = r. (9)

Because the regressor Z̄−i
w is a function of predetermined baseline affiliations only, it is

orthogonal to the endline shock νi, so the population OLS slope equals ρ with no further

assumption. Importantly, the interpretation of ρ does not depend on the unobserved number

of friends: ρ is the expected partisan movement induced by shifting a member’s entire friend

circle from containing no co-partisans to consisting entirely of co-partisans, whatever the

circle’s size. The marginal effect of converting a single friend is ρ/m, so the number of

friends governs how influence is divided across ties rather than the total, and β recovers the

total. This is the mapping we use when discussing magnitudes.

Why splitting by baseline party is necessary. Pooling across parties omits the −ρR0
i

term in (8), which is positively correlated with Z̄−i
w because Republicans live in more-

Republican wards, biasing the pooled slope toward zero. Splitting also makes the LOO

mean identical for every member of a given ward-by-baseline-party cell—removing one Re-

publican from the roster yields the same numerator and denominator for all Republicans in

the ward—which is the property exploited in the main text (Section 4.1).
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Reflection and exclusion bias. A naive cross-sectional peer-effects regression of an in-

dividual’s outcome on the contemporaneous mean outcome of their group is unidentified,

because each member’s outcome both causes and is caused by the group mean—the reflec-

tion problem (Manski, 1993). Two features of (5) break this simultaneity: influence runs

off friends’ predetermined baseline affiliations rather than their endline behavior, so there

is no feedback loop, and the regressor excludes i’s own type by construction. A distinct,

mechanical threat is exclusion bias: because a person cannot be their own peer, an in-

dividual’s own type is negatively correlated with their LOO group mean in finite groups,

which can generate spurious peer-effect estimates even under random assignment (Guryan,

Kroft and Notowidigdo, 2009; Angrist, 2014; Caeyers and Fafchamps, 2016). Estimating

within baseline-party cells neutralizes this channel: the LOO mean is constant within each

ward-by-party cell, so the mechanical own-type correlation has no variation to load on.

Relation to network-based identification. A prominent alternative tradition recovers

endogenous peer effects from observed network data, instrumenting peers’ outcomes with

the characteristics of peers-of-peers under network intransitivity (Bramoullé, Djebbari and

Fortin, 2009; Bramoullé, Djebbari and Fortin, 2020; De Giorgi, Pellizzari and Redaelli, 2010).

That strategy requires observing the links of the social network itself. The argument above

shows why ours does not: under random friending within the reassigned group, the LOO

ward mean is the exact expectation of the unobserved friend circle’s composition, so the

network can be integrated out of the estimating equation entirely. The cost is that the

recovered parameter is a group-level influence parameter—ρ, the total influence of the friend

circle—rather than a link-level one.

From the cross section to the boundary design. Equation (9) is a cross-sectional

linear-in-means regression; the main-text specification embeds the same relationship in the

boundary discontinuity. A redrawn boundary reassigns i from a shared pre-boundary ward to

one of two new wards A or B, changing the pool from which friends are drawn. Applying (8)

on each side and differencing across the boundary, the own-baseline term −ρR0
i and any

pre-boundary common component cancel, leaving

E[∆Ri | new(i) = A]− E[∆Ri | new(i) = B] = ρ
(
Z̄−i

A − Z̄−i
B

)
(10)

within a baseline-party subsample. Since the treatment in Equation (1) is the cross-boundary

difference in LOO peer composition, switched on for the high-exposure side (Dib × Ib, with

the side indicator δDib entering separately), the slope coefficient there is exactly β = ρ; the

boundary fixed effects µb absorb the per-boundary intercept. A further consequence of the
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shared pre-boundary ward is worth recording: because the two sides have an identical selec-

tion history—the same baseline distribution of ideology and of persuadability—any tendency

for persuadable types to sort across differently-composed wards over time scales the two sides

of a given boundary symmetrically. Such selection can generate effect heterogeneity across

boundaries situated at different points of the composition distribution, but it does not bias

the within-boundary contrast the design uses.

E.2 Homophily, Broadcast Influence, and Marginal Voters

Three realistic departures from the baseline model leave the estimating equation unchanged

but alter what β measures. Each limits how far the estimate can be pushed structurally.

Homophilous friending. The mapping β = ρ rests on friends being drawn at random

within the ward. If instead members preferentially befriend co-partisans among their ward-

mates, the expected friend-circle composition tilts toward own type, E[R̄f
i | w,R0

i = r] =

λ r + (1 − λ) Z̄−i
w for a homophily weight λ ∈ [0, 1], and the regression slope becomes β =

ρ (1−λ). The design still identifies the causal effect of ward composition—the object relevant

to the reassignment counterfactual—but the friend-level ρ is then bounded below by β, and

recovering it exactly would require knowing λ.

A broadcast channel. Some influence is plausibly broadcast rather than dyadic: a com-

ment over the pulpit or in Sunday School reaches every member, not only one’s friends.

Letting ρf scale the friend channel and ρg a broadcast channel operating on the full ward

composition, R1
i = R0

i + ρf (R̄
f
i −R0

i )+ ρg(Z̄
−i
w −R0

i )+ νi, the two channels collapse onto the

same regressor and the slope becomes

β = ρf (1− λ) + ρg. (11)

From the ward-mean regression alone the channels are observationally equivalent: β recovers

their sum. Distinguishing them requires variation that loads on them differently, which is

what the same- versus opposite-demographic decomposition of Section 7.4 provides—a pul-

pit broadcast is demographically blind, whereas dyadic influence flows through homophilous

friendships. The concentration of our effects among demographically similar peers is there-

fore evidence that the dyadic channel is active, though it does not pin down the two rates

separately.
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Marginal voters. Party registration is plausibly a coarse readout of a continuous latent

ideology crossing a partisan threshold: Ri = 1{θi ≥ c}, with endline ideology perturbed by

the peer push and a fresh shock with density fη. To first order in the push, only individuals

near the threshold can be flipped, and the regression slope becomes βr = ρ · f̄r, where

f̄r ≡ E[fη(c − θi) | R0
i = r] is the average density of marginal voters in the subsample. A

small β is therefore compatible with substantial peer influence on latent political leanings

concentrated among inframarginal voters; the registration coefficient is a lower bound on the

influence exerted on underlying ideology.

E.3 Boundary Changes as Peer-Network Disruption

The baseline model holds the friend circle fixed from baseline to endline. A boundary change

does more than shift the composition of the pool from which friends are drawn: it can sever

an existing friendship and force a new one, and a freshly formed tie need not transmit

influence at the same rate as a long-standing one. This subsection lets the boundary change

disrupt friendships directly, splitting the conformity parameter into a retained-tie rate ρold

and a new-tie rate ρnew, and derives the estimating equation that separately identifies the

two from ward rosters linked across the redrawing. For clarity we return to a single friend

(m = 1); the m-friend generalization proceeds tie by tie and delivers the same regression.

Timeline. Friending and a first round of influence occur in a pre-observation period exactly

as in Appendix E.1, and the upshot is the baseline (2012) party R0
i we observe. A boundary

change then removes a set Mw of Mw members from ward w, retains the remaining

nw−Mw (the “stayers” Sw, among whom is i), and adds a set Nw of Nw newcomers, leaving

a post-change ward of nw −Mw + Nw members. The change disrupts i’s friendship only if

i’s friend was among the removed. Since the pre-period friend was uniform over i’s nw − 1

ward-mates,

pw ≡ Pr(friend removed) =
Mw

nw − 1
. (12)

If the friend stays (probability 1 − pw), i keeps them. If the friend is removed, i draws a

replacement uniformly from the post-change ward—the nw−Mw−1 remaining stayers other

than i together with the Nw newcomers, since either is an equally available new acquaintance.
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Old versus new ties. A retained friendship and a freshly drawn one transmit influence

at possibly different rates:

∆Ri =

ρold
(
R0

f(i) −R0
i

)
+ νi, friend retained,

ρnew
(
R0

g(i) −R0
i

)
+ νi, friend redrawn,

E[νi | ·] = 0, (13)

where f(i) is the retained friend and g(i) the replacement. The rate ρnew attaches to the

newness of the relationship, not to whether the friend is new to the ward: a long-standing

ward-mate whom i befriends only after the change is a new tie too. The redraw pool therefore

mixes remaining stayers and newcomers, and all of it carries ρnew.

Integrating out the unobserved friend and redraw. As in the baseline, the researcher

observes neither f(i) nor g(i), and need not: only the disruption probability and the compo-

sition of each pool enter the conditional expectation. Define the leave-one-out stayer mean,

the newcomer mean, and the redraw-pool mean as their size-weighted mixture,

Z̄S,−i
w =

1

nw −Mw − 1

∑
j∈Sw, j ̸=i

R0
j , Z̄N

w =
1

Nw

∑
j∈Nw

R0
j , (14)

Z̄pool,−i
w = (1− qw) Z̄

S,−i
w + qw Z̄N

w , qw ≡ Nw

nw −Mw − 1 +Nw

, (15)

where qw is the newcomers’ share of the redraw pool. Conditional on a retained tie the friend

is uniform over the stayers, so its expected baseline type is Z̄S,−i
w ; conditional on a redraw the

replacement is uniform over the pool, so its expected type is Z̄pool,−i
w . The removed members’

own composition never appears: it governs who left, but departed members influence no one.

Taking expectations over both the friend draw and the redraw,

E
[
∆Ri | w, R0

i = r
]
= (1− pw) ρold

(
Z̄S,−i

w − r
)
+ pw ρnew

(
Z̄pool,−i

w − r
)
. (16)

The estimating equation. Equation (16) is linear in two covariates built entirely from

observed counts and group party shares,

Xold
ib ≡ (1− pw)

(
Z̄S,−i

w −R0
i

)
, Xnew

ib ≡ pw
(
Z̄pool,−i

w −R0
i

)
, (17)

so that, embedded in the boundary design and estimated within baseline-party subsamples

(fixing r, exactly as the main specification does), the model implies the regression

∆Yib = ρold X
old
ib + ρnew Xnew

ib + µb + f(rib) + εib, (18)
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the direct analog of Equation (1) with the single treatment replaced by the pair (Xold, Xnew).

Constructing the regressors requires exactly the data the design already assembles: the voter

file linked to the old and new boundary maps gives, for every ward, the counts Mw, Nw, nw

and the baseline partisan shares of the removed, retained, and added groups. No friendship

data enters—the unobserved tie is integrated out through the disruption probability pw, just

as the friend circle was integrated out in the baseline.

Separate identification of the two rates. The parameters are jointly recovered if and

only if Xold and Xnew are not collinear. Their ratio,

Xnew
ib

Xold
ib

=
pw

1− pw

[
1 + qw

Z̄N
w − Z̄S,−i

w

Z̄S,−i
w − r

]
, (19)

makes the identifying variation explicit: it moves with the disruption intensity pw (wards

that lost a larger share of members severed more friendships, loading more of the response

onto ρnew) and with the compositional distinctiveness of newcomers Z̄N
w − Z̄S,−i

w (when

added members differ in partisanship from stayers, the new-tie regressor carries information

the old-tie regressor does not). Either margin alone suffices. If neither is present—every ward

severs the same fraction of ties and newcomers are partisanly identical to stayers—only the

disruption-weighted blend (1− p̄) ρold+ p̄ ρnew is identified, which is the composite the single-

treatment specification of Equation (1) recovers. In practice, then, the two rates are sharply

separated only where boundary changes were large and brought in compositionally distinct

newcomers; where disruption was light or newcomers resembled incumbents, ρnew is weakly

identified.

Exogeneity. Identification also requires the constructed regressors to be orthogonal to

the endline shock νi. Because both are built from predetermined baseline affiliations and

the boundary redrawing, this holds under the same as-good-as-random boundary-placement

assumption the main design invokes: who is removed, retained, and added must be unrelated

to stayers’ latent endline shocks, conditional on the running variable and boundary fixed

effects—the assumption supported by the placebo and simulation evidence of Section 5.

Interpretation. The contrast ρold − ρnew measures how much the tenure of a tie matters

for influence. If ρnew = ρold, only current exposure matters and the baseline single-ρ model

survives the disruption intact. If ρnew < ρold, freshly formed ties transmit less, so a boundary

change moves partisanship less in the short run than its compositional shift alone would

imply, and the reduced-form β understates the long-run effect that accrues once new ties
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mature—an attenuation that shrinks with the length of the post-change window. Separating

the two rates thus speaks not only to how strong peer influence is but to how quickly the

partisan consequences of a redrawn boundary are realized.

E.4 Summary

Table E1 collects the mapping from model primitives to the estimated coefficient. Under

random friending, β recovers the friend-circle conformity parameter ρ, the expected partisan

movement from an all-out-party to an all-co-party friend circle, regardless of the number of

friends. Homophily and a broadcast channel change the interpretation but not the specifi-

cation: β becomes the sum of a homophily-attenuated dyadic component and a broadcast

component, and a threshold model of latent ideology further scales it by the density of

marginal voters. In each case β remains the causal effect of ward peer composition on parti-

san change at the margin the design isolates, which is the object relevant to the reassignment

counterfactual. The additional structure is needed only to recover deeper friend-level prim-

itives. Finally, the disruption model shows that the same rosters, linked across a boundary

change, can in principle separate the influence of retained and newly formed ties through

regression (18).

Table E1: Interpretation of the estimated coefficient under successive model variants. β is the
coefficient of the main estimating equation (1), estimated within baseline-party subsamples.

Model variant Interpretation of the estimated coefficient(s)

Random friending, m friends β = ρ: expected movement from an all-out-party to an
all-co-party friend circle, invariant to m; per-friend effect
ρ/m.

Homophilous friending (weight λ) β = ρ (1 − λ): ward-level effect, a lower bound on the
friend-level ρ.

Broadcast channel (ρg) alongside
friends (ρf )

β = ρf (1 − λ) + ρg: sum of dyadic and broadcast influ-
ence; separated only by variation loading differently on
the channels (Section 7.4).

Latent ideology with a partisan
threshold

βr = ρ f̄r: influence scaled by the density of marginal
voters; a lower bound on influence on latent leanings.

Friendship disruption (ρold, ρnew) Regression (18) identifies the two rates where disruption
intensity and newcomer distinctiveness vary; otherwise β
recovers the disruption-weighted blend.
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E.5 Boundary-Side Level Differences

Table E2 reports the estimates of δ, the coefficient on the stand-alone high-exposure-side

indicator Dib, from the preferred specification. As discussed in Section 4.2, the conceptual

framework implies that as Ib approaches zero there should be no difference between the two

sides of a new boundary. The estimates are uniformly small—within three percentage points

of zero—and mostly insignificant. The few marginally significant cells are concentrated in

the Unaffiliated subsample and carry the opposite sign of the corresponding treatment effect,

the pattern implied by the negative sampling correlation between an extrapolated intercept

and its slope, rather than the aligned signs a level confound would produce.

Table E2: Estimates of δ (Stand-Alone Boundary-Side Term), Preferred Specification

Republican exposure Democratic exposure

2012 Republicans
Republican registration 0.004 0.011

(0.008) (0.008)
Democratic registration −0.002 −0.003

(0.003) (0.003)
Unaffiliated registration −0.003 −0.007

(0.007) (0.007)

2012 Unaffiliated voters
Republican registration −0.024∗∗ 0.028∗∗

(0.011) (0.011)
Democratic registration 0.003 0.001

(0.008) (0.008)
Unaffiliated registration 0.021∗ −0.029∗∗

(0.012) (0.012)

2012 Democrats
Republican registration 0.028 −0.026

(0.022) (0.023)
Democratic registration −0.015 0.011

(0.027) (0.027)
Unaffiliated registration −0.013 0.015

(0.021) (0.022)

Notes: ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.1. Each cell reports δ̂ from Equation (1) under the preferred speci-
fication (400-meter bandwidth, boundary fixed effects, quadratic distance controls, no individual controls),
estimated separately by baseline-party subsample and exposure; outcomes are first-differenced registration
indicators. Standard errors, in parentheses, are clustered two-way by ward-boundary side and voter.
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E.6 Composition of the Cross-Boundary Partisan Gap

Because registration shares sum to one, the cross-boundary gap in one party’s share decom-

poses exactly into offsetting gaps in the other two. Figure E1 shows the structure of this

trade-off. Panel (a) plots 2012 Democratic against Republican registration shares across the

3,869 Utah wards on the 2013 map: in a two-party electorate the points would lie on the

dashed line (Dem = 1− Rep), and the vertical distance below the line is the ward’s Unaffil-

iated share. Panel (b) plots, for each of the 1,604 two-sided boundaries in our sample, the

cross-boundary gap in Democratic share against the gap in Republican share, oriented so the

Republican gap is positive, with two benchmarks: pure two-party substitution (slope−1) and

pure substitution against the Unaffiliated share (slope 0). The voter-weighted fitted slope is

−0.23: of a typical one percentage-point cross-boundary increase in Republican share, 0.23

points come at the expense of Democratic share and 0.77 points at the expense of Unaffili-

ated share. The reverse regression is asymmetric: a one-point increase in Democratic share

comes with a 1.11-point decrease in Republican share—more than one-for-one, with Unaffil-

iated share slightly higher (by 0.11 points) on the more-Democratic side. Republican-share

variation is thus largely variation against the Unaffiliated margin, while Democratic-share

variation, where it occurs, trades against Republican share.
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Figure E1: What a partisan-share gap trades against. Panel (a): ward-level 2012 Democratic
vs. Republican registration shares for all Utah wards with at least ten registered voters (2013
boundaries); the dashed line is the two-party benchmark (Dem = 1− Rep), and vertical dis-
tance below it equals the ward’s Unaffiliated share. Panel (b): cross-boundary gaps in 2012
shares for the 1,604 new boundaries with voters on both sides, oriented so the Republican
gap is positive; the dashed and dotted lines mark pure two-party and pure-Unaffiliated sub-
stitution, and the solid line is the voter-weighted through-origin fit (slope −0.23; unweighted,
−0.18). The reverse (Republican-on-Democratic) slopes are −1.11 weighted and −0.94 un-
weighted.
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F Additional Identification Evidence

This appendix collects three supplements to the identification evidence of Section 5: a test of

whether boundary placement is engineered around the ward’s most consequential member,

convergence diagnostics for the simulated-boundary exercise of Section 5.2, and design-based

randomization inference for the headline estimates. The Democrat-baseline placebo and

balance tables appear with the other Democrat-baseline results in Appendix K.

F.1 Bishop Placement

This diagnostic addresses a specific gerrymandering concern: of all ward members, the bishop

is the individual whose ward assignment leaders are most likely to consider when drawing a

line, since each ward requires a bishop and bishops must reside within their ward’s bound-

aries. If boundary-drawers were carefully engineering which side of a new line particular

members fell on, bishops—the most consequential such members—should end up dispro-

portionately close to new boundary lines, where small placement choices determine their

assignment. Because bishop identities are observed only in the later-vintage bishop panel

(Appendix I), this exercise uses post-2023 boundary changes and the 2025q4 bishop panel

rather than the 2013–2017 study boundaries. Figure F1 compares the distribution of dis-

tance to the nearest new boundary line for bishops and for rank-and-file voters. The two

densities are nearly identical: bishops are no closer to new boundaries than ordinary voters,

consistent with boundary placement that does not finely engineer the assignment of even its

most salient members.
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voter and 649 bishop observations within 2 km (97.4% / 97.7% of full samples). Two−sample Kolmogorov−Smirnov
test (within 2 km): D = 0.032, p = 0.519.

Figure F1: Kernel densities of distance from each voter’s geocoded 2022 location to the near-
est new (post-2023) ward boundary line, separately for all voters and for bishops identified
in the 2025q4 bishop panel.
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F.2 Simulated-Boundary Convergence Diagnostics

Table F1 reports quantiles of the split-R̂ convergence diagnostic across the stake-year simu-

lation runs underlying the simulated-boundary exercise of Section 5.2.

Table F1: Convergence diagnostics for simulated ward plans

Variable Stake-years p05 p10 p25 Median p75 p90 p95

Black-white dissimilarity 1,851 1.000 1.001 1.002 1.005 1.017 1.288 1.936
Hispanic/non-Hispanic dissimilarity 1,854 1.000 1.001 1.002 1.005 1.014 1.198 2.026
Maximum Black population share 1,838 1.000 1.001 1.002 1.004 1.013 1.151 1.854
Maximum Hispanic population share 1,839 1.000 1.001 1.002 1.005 1.012 1.159 1.835
Maximum White population share 1,846 1.000 1.001 1.002 1.005 1.011 1.075 1.635
Mean Black population share 1,851 1.000 1.001 1.002 1.005 1.013 1.167 1.900
Mean Hispanic population share 1,869 1.000 1.001 1.002 1.005 1.015 1.163 1.873
Mean Polsby-Popper compactness 1,876 1.000 1.001 1.002 1.006 1.015 1.189 1.677
Mean White population share 1,869 1.000 1.001 1.002 1.006 1.015 1.159 1.984
Minimum Black population share 1,120 1.000 1.000 1.001 1.003 1.005 1.017 1.041
Minimum Hispanic population share 1,850 1.000 1.001 1.002 1.005 1.011 1.063 1.911
Minimum Polsby-Popper compactness 1,867 1.000 1.000 1.001 1.003 1.007 1.082 1.595
Minimum White population share 1,842 1.000 1.001 1.002 1.004 1.013 1.120 1.624
Range in Black population 1,781 1.000 1.000 1.002 1.005 1.013 1.093 1.637
Range in Hispanic population 1,861 1.000 1.001 1.002 1.006 1.017 1.304 2.004
Range in White population 1,868 1.000 1.001 1.002 1.004 1.012 1.222 2.040
Range in total population 1,868 1.000 1.000 1.001 1.003 1.012 1.200 1.914
Variance in Black population 1,811 1.000 1.001 1.002 1.006 1.015 1.220 1.861
Variance in Black population share 1,851 1.000 1.001 1.002 1.005 1.014 1.179 1.798
Variance in Hispanic population 1,863 1.000 1.001 1.002 1.006 1.015 1.283 2.152
Variance in Hispanic population share 1,869 1.000 1.001 1.002 1.005 1.013 1.166 2.136
Variance in White population 1,869 1.000 1.000 1.001 1.004 1.012 1.185 2.062
Variance in White population share 1,869 1.000 1.001 1.002 1.005 1.012 1.139 1.836
Variance in total population 1,869 1.000 1.000 1.001 1.003 1.012 1.173 2.077

Notes: Entries summarize finite split R-hat statistics from the final per-stake, per-year simulation

diagnostics. The table includes stake-years with final status passed, flagged, or not assessable when a finite

R-hat statistic is available.
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F.3 Randomization Inference

Our main standard errors are two-way clustered by boundary side and voter, and their va-

lidity rests on asymptotics in the number of clusters. As a design-based complement, we

compute randomization-inference p-values that require no asymptotic approximation. The

identifying claim of the design is that, conditional on being near a given boundary and on dis-

tance to it, which side received the higher peer exposure is as-good-as-random. The random-

ization test randomizes exactly that object: for each permutation draw, we independently

relabel each boundary’s two sides with probability one-half—flipping the high-exposure in-

dicator, the sign of the distance running variable, and the dose interaction together, while

leaving the boundary’s geography, its cross-boundary exposure contrast, and all outcomes

untouched—and re-estimate the main specification. Under the sharp null hypothesis that

peer composition does not affect outcomes, the relabeling is inconsequential, so the resulting

t-statistics trace the exact null distribution; under a true effect, independent flips across

roughly 1,450 boundaries destroy the treatment signal, so no draw resembles the realized

assignment. Because the test conditions on the realized magnitude of each boundary’s ex-

posure contrast, it is a test of side assignment, not of boundary placement (the placebo and

simulation exercises of Section 5 address placement).

Figure F2 shows the permutation distribution of the t-statistic for each of the six headline

cells, based on 1,000 draws per cell, with the observed t-statistic marked. The permutation

distributions are wider than the standard normal (standard deviations near 1.31), so the

clustered p-values in the main tables are mildly anti-conservative and the design-based test

is the more demanding of the two. The results survive it in rank order but with attenu-

ated significance. Republicans’ switching to Democrat under Democratic exposure remains

clearly significant (p = 0.008); Unaffiliated voters’ Republican registration under Republican

exposure (p = 0.051) and Republicans’ retention under Democratic exposure (p = 0.058) sit

just at the conventional threshold; and the remaining three cells range from p = 0.065 to

p = 0.269. We therefore read the exercise as confirming that the central result does not rest

on the asymptotic approximation, rather than as an independent significance test of every

margin.
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Rep. exposure: 2012 Unaffiliated voters, Dem. registration
(perm. p = 0.149)

Rep. exposure: 2012 Unaffiliated voters, Rep. registration
(perm. p = 0.051)

Dem. exposure: 2012 Republicans, Unaff. registration
(perm. p = 0.269)

Rep. exposure: 2012 Republicans, Dem. registration
(perm. p = 0.065)

Dem. exposure: 2012 Republicans, Dem. registration
(perm. p = 0.008)

Dem. exposure: 2012 Republicans, Rep. registration
(perm. p = 0.058)
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Figure F2: Randomization inference: permutation distributions of the t-statistic. Each panel
shows the distribution of the main-specification t-statistic across 1,000 boundary side-flip
permutations for one headline cell; the dashed line marks the observed t-statistic. Permuta-
tion p-values (share of draws with |t| at least as large as observed, with the observed draw
included) are reported in each panel label.
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G Adjusting for Missing Religion Data

Our main difference-in-discontinuities specification treats every Utah voter as if they were

LDS, both as a subject of ward peer influence and as a contributor to the leave-one-out

(LOO) ward peer-composition measure. In reality only a fraction of Utah voters are LDS,

and that fraction varies systematically by party affiliation and by geography. We calibrate

our assumptions about this variation using the Utah Colleges Exit Poll (UCEP), a large in-

person survey of Utah voters conducted at polling places (we pool the 2002, 2006, 2012, 2014,

and 2016 waves), which asked each respondent their political party and religious affiliation.

UCEP estimates of the party-conditional probability of being LDS, broken down further

by demographic characteristics and by county, are reported in Appendix A.6; the spatial

distribution of LDS members across Utah is mapped in Appendix A.3.

This appendix asks how this measurement issue affects the interpretation of the pub-

lished estimates: under different assumptions about the probability of being LDS, by what

factor should the reported coefficients be scaled to recover the underlying causal effect on

LDS members? We derive closed-form expressions for the implied attenuation factor (Ap-

pendix G.1), validate them against Monte Carlo simulations across a sequence of stylized

scenarios (Appendix G.2), and verify the implied corrections against the actual Utah ward-

boundary configurations in our analysis sample (Appendix G.3).

G.1 Conceptual Model and Closed-Form Solutions

For simplicity we begin by considering a single ward boundary line drawn to divide one

previous ward into two equal halves. Once we have established this intuition, we consider

the more realistic case of multiple ward boundaries across Utah.

Setup. A single ward boundary line divides N “boundary” individuals 50/50 between two

newly drawn wards A and B; before the boundary change, all N shared a common pre-

boundary ward, which we denote pre. Let new(i) ∈ {A,B} denote voter i’s post-boundary

ward assignment. Each new ward also contains a large mass of “other” voters drawn from

a ward-specific party mix πw = (πw,R, πw,U , πw,D), which is what gives each ward a distinct

partisan composition. Each voter i has a baseline party pi ∈ {R,U,D} and an LDS indicator

1{LDSi} drawn Bernoulli with party-conditional probability pLDS(pi).

For each ward w ∈ {A,B, pre} and party X ∈ {R,D} we define two peer-composition

measures: Zobs
X,w, the leave-one-out (LOO) fraction of party-X voters in ward w among all

voters; and ZLDS
X,w , the LOO fraction of party-X voters in ward w among LDS members

only. Only LDS voters respond to their ward’s peer composition; non-LDS voters contribute
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only idiosyncratic noise. Specifically, for each party X the post-period change in voter i’s

indicator for affiliation with X is

∆yXi = 1{LDSi} · βtrue ·
(
ZLDS

X,new(i) − ZLDS
X,pre

)
+ εXi ,

where εXi is mean-zero idiosyncratic noise. The researcher, who does not observe LDS status,

runs the regression

∆yXi = β · (Zobs
X,new(i) − Zobs

X,pre) + ei, i : pi = p, (20)

separately for each baseline party p, using the observed (all-voter) LOO peer share Zobs
X,w.

37

This produces six specifications: three baseline parties, each with the two exposures X ∈
{WardRep,WardDem}. Our object of interest is the attenuation factor kp,X = E[β̂p,X ]/βtrue,

with implied adjustment multiplier 1/kp,X .

Single-boundary attenuation. Fix a baseline party p and consider the subsample of

voters with pi = p. Taking the expectation of the DGP for voter i conditional on their

post-boundary ward new(i) = w:

E
[
∆yXi | new(i) = w

]
= E[1{LDSi}] · βtrue ·

(
ZLDS

X,w − ZLDS
X,pre

)
+ E

[
εXi

]
= pLDS(p) · βtrue ·

(
ZLDS

X,w − ZLDS
X,pre

)
,

where the first equality uses linearity of expectation and the fact that ZLDS
X,w and ZLDS

X,pre are

properties of the wards (not of voter i), and the second equality uses E[1{LDSi}] = pLDS(p)

within the party-p subsample and E[εXi ] = 0.

Within this subsample, the researcher’s treatment Zobs
X,new(i) takes only two values: Zobs

X,A

for voters with new(i) = A and Zobs
X,B for voters with new(i) = B. For an OLS regression with

a two-valued covariate, the slope coefficient is the difference of the two conditional means of

the outcome divided by the difference of the two covariate values:

E
[
β̂p,X

]
=

E
[
∆yXi | new(i) = A

]
− E

[
∆yXi | new(i) = B

]
Zobs

X,A − Zobs
X,B

= pLDS(p) · βtrue ·
ZLDS

X,A − ZLDS
X,B

Zobs
X,A − Zobs

X,B

,

where the second equality plugs in the two conditional means from above and the ZLDS
X,pre terms

37Note that this specification is equivalent to: ∆yXi = α+ β · Zobs
X, new(i) + ei by letting α = −β · Zobs

X, pre.
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cancel between them. Dividing by βtrue gives the single-boundary closed-form attenuation

factor:

kp,X =
E
[
β̂p,X

]
βtrue

= pLDS(p) ·
ZLDS

X,A − ZLDS
X,B

Zobs
X,A − Zobs

X,B

. (21)

Equation (21) decomposes the attenuation into a responsive-share factor pLDS(p) (only the

LDS fraction of party-p voters responds) and a peer-mismeasurement ratio (the gap in LDS-

only peer composition between the two wards, relative to the observed all-voter gap).

To evaluate Equation (21) for any assumed pLDS(·), we need the LDS-only ward compo-

sition. For ward w and party p ∈ {R,U,D}, let πLDS
w,p denote the share of voters in ward

w who have baseline party p among LDS members only, in contrast to πw,p which is the

analogous share among all voters. Because the share of voters in ward w who are both party

p and LDS equals πw,p · pLDS(p), dividing by the total share who are LDS gives

πLDS
w,p =

πw,p pLDS(p)∑
p′∈{R,U,D} πw,p′ pLDS(p′)

. (22)

In the large-sample limit, the LOO peer fraction ZLDS
X,w converges to πLDS

w,X , so we can plug

Equation (22) into Equation (21) to compute the analytical attenuation under any party-

conditional LDS-probability assumption.

Multiple boundaries with fixed effects. Replicating the single-boundary setup at B

boundaries indexed b = 1, . . . , B and pooling, the researcher runs

∆yXi,b = α+ γb + β · Zobs
X,new(i,b) + ei,b, i : pi = p, (23)

with boundary fixed effects γb. By the Frisch-Waugh-Lovell theorem, β̂ equals the precision-

weighted average of within-boundary slopes. Substituting the per-boundary version of (21)

and using that the per-boundary weight is proportional to (Zobs
X,A,b − Zobs

X,B,b)
2 under equal

sample sizes per side, one factor of the observed gap cancels, leaving

kpooled
p,X =

∑
b pLDS(p)b

(
Zobs

X,A,b − Zobs
X,B,b

) (
ZLDS

X,A,b − ZLDS
X,B,b

)∑
b

(
Zobs

X,A,b − Zobs
X,B,b

)2 . (24)

Equation (24) is the master formula for the multi-boundary case. Note that we allow pLDS(p)b

to vary across party and boundary to capture the survey evidence in Appendices A.6 and A.3.

Regimes for kp,X. Combining Equations (21) and (22) gives a useful taxonomy of the

possible regimes. The responsive-share factor pLDS(p) is bounded above by 1, so whether
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kp,X itself exceeds 1 is governed entirely by the peer-mismeasurement ratio. Three regimes

arise:

• Peer ratio = 1: when pLDS(·) is constant across parties, Equation (22) collapses to

πLDS
w,p = πw,p and the LDS-only gap equals the observed gap. The full attenuation

reduces to kp,X = pLDS, which is always at most 1.

• Peer ratio < 1 (compression): when the high-pLDS party is also the majority party

in both wards, Equation (22) shifts each ward’s LDS-only composition toward the

high-pLDS party by similar absolute amounts, so the LDS-only gap is smaller than the

observed gap and kp,X < pLDS(p) ≤ 1.

• Peer ratio > 1 (amplification): when the high-pLDS party is in the minority in both

wards, each ward’s LDS subpopulation is dominated by a small fraction of high-pLDS

voters. Small differences in observed shares of that party then translate into large

differences in LDS-only shares, and the peer ratio can exceed 1. This can happen even

when pLDS(·) is identical in both wards: it is the cross-ward variation in the marginal

LDS rate
∑

p′ πw,p′ pLDS(p
′) that drives the non-linearity in Equation (22), and that

marginal rate varies whenever the ward compositions πA and πB differ.

For each of our six specifications, the threshold above which kp,X exceeds 1 is 1/pLDS(p) on the

peer ratio. With the UCEP-implied values pLDS(R) = 0.85, pLDS(U) = 0.50, pLDS(D) = 0.25,

the thresholds are approximately 1.18 (Republican baseline), 2.00 (Unaffiliated), and 4.00

(Democrat). Utah is dominated by the compression regime—Republicans are both the high-

pLDS party and the majority party in most wards—so we expect kp,X ≤ 1 and adjustment

multipliers above 1 in our setting. Appendix G.3 verifies this empirically against the actual

ward-boundary configurations in our analysis sample.

G.2 Simulation Results

We validate the closed forms with Monte Carlo across four scenarios that progressively

add features observed in the Utah data. To make the scenarios comparable, all four are

calibrated so that the population-marginal probability of being LDS equals 0.65. That figure

is implied by the party-conditional probabilities of Table A2, rounded to pLDS(R) = 0.85,

pLDS(U) = 0.50, and pLDS(D) = 0.25, together with an assumed population party mix of

(πR, πU , πD) = (0.50, 0.40, 0.10). The four scenarios differ in which sources of heterogeneity

they activate:

1. Scenario 1. pLDS uniform at 0.65, single boundary. No within- or cross-boundary

heterogeneity.
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2. Scenario 2. Party-conditional pLDS(R) = 0.85, pLDS(U) = 0.50, pLDS(D) = 0.25

(the rounded values from Table A2, with population-weighted average 0.65), single

boundary with πA = (0.65, 0.25, 0.10) and πB = (0.45, 0.30, 0.25). Activates the peer-

mismeasurement channel.

3. Scenario 3. B = 40 boundaries with pLDS,b stratified on [0.30, 1.00] (mean 0.65), party-

uniform within each boundary, ward composition constant. Activates cross-boundary

heterogeneity in pLDS but holds precision weights uniform.

4. Scenario 4. B = 40 boundaries with party-conditional pLDS(p)b and ward composition

jointly driven by an intensity index µb ∈ [0, 1]. Across-boundary averages match Sce-

nario 2; high-µb boundaries are uniformly Republican (small within-boundary partisan

gap and therefore small precision weight). Activates all three channels of bias.

Figure G1 summarizes the results: for each scenario it plots the implied adjustment multi-

plier 1/k for each of the six specifications, comparing the analytical attenuation from Equa-

tions (21) and (24) (red crosses) with the Monte Carlo mean across 500 (single-boundary)

or 200 (multi-boundary) simulation draws (navy dots). Analytical predictions lie within

∼ 0.01 of the Monte Carlo means in every cell, confirming that the closed forms match the

simulation.

Tables G1–G4 report the same results numerically, giving for each scenario and specifi-

cation the peer-mismeasurement ratio, the analytical and Monte Carlo values of k, and the

implied adjustment multiplier.

Table G1: Scenario 1: uniform pLDS = 0.65, single boundary. Peer-mismeasurement ratio is
identically 1, so k = 0.65 for all six specs and the implied adjustment multiplier is 1/0.65 ≈
1.54.

Baseline party Exposure pLDS(p) Peer ratio k (analytic) k (MC) MC s.e. Adj. mult.

Republican WardRep 0.65 1.000 0.650 0.657 0.0063 1.54
Republican WardDem 0.65 1.000 0.650 0.635 0.0079 1.54
Unaffiliated WardRep 0.65 1.000 0.650 0.653 0.0068 1.54
Unaffiliated WardDem 0.65 1.000 0.650 0.652 0.0084 1.54
Democrat WardRep 0.65 1.000 0.650 0.654 0.0135 1.54
Democrat WardDem 0.65 1.000 0.650 0.646 0.0184 1.54

The exercise yields three takeaways. First, adjusting for the fact that not every Utah

voter is LDS scales the published coefficients up by a factor that depends on the assumed

joint distribution of LDS status, party, and geography. Under uniform pLDS = 0.65 (Scenar-

ios 1 and 3), all six specifications adjust by the same modest factor 1/0.65 ≈ 1.54. Second,
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Figure G1: Implied adjustment multiplier 1/k for each of the six specifications across the
four scenarios. Navy dots are the Monte Carlo mean with ±1.96 standard-error bars on 1/k;
red crosses are the analytical prediction from Equations (21) or (24). The y-axis is on a log
scale; the dashed horizontal line marks 1/k = 1 (no adjustment).

Table G2: Scenario 2: party-varying pLDS at the UCEP table values (R=0.85, U=0.50,
D=0.25), single boundary, with ward compositions πA = (0.65, 0.25, 0.10) and πB =
(0.45, 0.30, 0.25). Population marginal pLDS = 0.65 by construction. The peer-
mismeasurement ratio is no longer 1, so k varies by spec and adjustment multipliers spread
out.

Baseline party Exposure pLDS(p) Peer ratio k (analytic) k (MC) MC s.e. Adj. mult.

Republican WardRep 0.85 0.718 0.610 0.616 0.0066 1.64
Republican WardDem 0.85 0.463 0.394 0.369 0.0074 2.54
Unaffiliated WardRep 0.50 0.718 0.359 0.366 0.0064 2.79
Unaffiliated WardDem 0.50 0.463 0.232 0.228 0.0074 4.32
Democrat WardRep 0.25 0.718 0.180 0.192 0.0132 5.57
Democrat WardDem 0.25 0.463 0.116 0.104 0.0161 8.64
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Table G3: Scenario 3: B = 40 boundaries with pLDS,b stratified on [0.30, 1.00] (mean 0.65),
party-uniform within each boundary, ward composition constant across boundaries. Peer
ratio is 1 within each boundary, and constant ward gaps make precision weights uniform, so
kpooled = Eb[pLDS,b] = 0.65 regardless of spec.

Baseline party Exposure p̄LDS k (analytic) k (MC) MC s.e. Adj. mult.

Republican WardRep 0.65 0.650 0.654 0.0016 1.54
Republican WardDem 0.65 0.650 0.650 0.0018 1.54
Unaffiliated WardRep 0.65 0.650 0.651 0.0017 1.54
Unaffiliated WardDem 0.65 0.650 0.653 0.0022 1.54
Democrat WardRep 0.65 0.650 0.649 0.0029 1.54
Democrat WardDem 0.65 0.650 0.650 0.0043 1.54

Table G4: Scenario 4: B = 40 boundaries indexed by an intensity µb ∈ [0, 1] that drives both
party-conditional pLDS(p)b and ward composition. Cross-boundary averages match Scenario
2; the new feature is that high-pLDS boundaries are uniformly Republican (smaller within-
boundary partisan gap) and therefore receive less precision weight. The pooled k shifts
further from E[pLDS] than in Scenario 3 and the spread across specs widens further than in
Scenario 2.

Baseline party Exposure p̄LDS(p) k (analytic) k (MC) MC s.e. Adj. mult.

Republican WardRep 0.85 0.636 0.626 0.0017 1.57
Republican WardDem 0.85 0.329 0.319 0.0016 3.04
Unaffiliated WardRep 0.50 0.310 0.309 0.0017 3.22
Unaffiliated WardDem 0.50 0.164 0.164 0.0018 6.11
Democrat WardRep 0.25 0.140 0.137 0.0029 7.13
Democrat WardDem 0.25 0.075 0.071 0.0035 13.39

allowing pLDS to vary by party (Scenario 2) introduces substantial cross-specification vari-

ation: the adjustment for baseline-Republican voters’ response to a more Republican ward

(WardRep) stays close to 1.64×, while the adjustment for baseline-Democrats’ response to

a more Democratic ward swells to ∼ 8.6×. Third, allowing pLDS to vary across bound-

aries and to correlate with ward composition (Scenario 4) widens the spread further: the

same Democrat-on-WardDem specification now requires a ∼ 13× adjustment, while the

Republican-on-WardRep specification barely moves. In all four scenarios, the implied ad-

justment multiplier exceeds 1 for every specification, consistent with the analytical compres-

sion regime above: under empirically grounded assumptions about pLDS, our main estimates

understate the underlying causal effect on LDS members. Whether this conclusion survives

once the stylized ward compositions are replaced by Utah’s actual boundary distribution is

the subject of the next subsection.
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G.3 Empirical Verification with Utah Boundary Pairs

The four scenarios above use stylized ward compositions. We now evaluate the closed-form

attenuation on every newly-drawn ward-boundary pair from our 2013–2017 sample—the

same boundary set that defines treatment in our main analysis. For each of the 1,588

boundaries with both flanking wards observed in the 2012 voter file, we read the observed

party shares on either side, plug them into Equation (22) using the UCEP-implied values

pLDS(R) = 0.85, pLDS(U) = 0.50, pLDS(D) = 0.25, and form the implied kp,X for each of the

six specifications. Table G5 reports both the precision-weighted pooled k from Equation (24),

applied to the empirical boundary distribution, and per-boundary summary statistics.

Table G5: Empirical Utah attenuation factors. For each of the 6 specs we compute the
implied k across the 1588 paired 2013–2017 ward-boundary pairs, using the standard party-
conditional values pLDS(R) = 0.85, pLDS(U) = 0.50, pLDS(D) = 0.25 from the UCEP table.
“Pooled k” is the precision-weighted estimator from Equation (24) applied to actual bound-
ary data; “Adj. mult.” is its reciprocal. “Median k” and “Max k” summarize the distribution
across boundary pairs; “#{k > 1}” counts boundaries whose individual k exceeds 1 (corre-
sponding adjustment multiplier < 1).

Baseline party Exposure pLDS(p) Pooled k Adj. mult. Median k Max k #{k > 1}

Republican WardRep 0.85 0.784 1.28 0.753 79.210 192
Republican WardDem 0.85 0.392 2.55 0.332 6.708 20
Unaffiliated WardRep 0.50 0.461 2.17 0.443 46.594 50
Unaffiliated WardDem 0.50 0.230 4.34 0.195 3.946 10
Democrat WardRep 0.25 0.230 4.34 0.221 23.297 18
Democrat WardDem 0.25 0.115 8.68 0.098 1.973 5

The pooled k is below 1 for every specification, with implied adjustment multipliers

ranging from 1.28× (Republican baseline, WardRep exposure) to 8.68× (Democrat baseline,

WardDem exposure). These are the corrections that would actually apply to our published

estimates under the UCEP-implied pLDS values—qualitatively in line with Scenario 4, and

concretely larger than the uniform 1.54× implied by Scenario 1.

Per-boundary k values, by contrast, are not all bounded below 1. Among the 1,588

boundary pairs, 192 (12%) have an implied kR,WardRep > 1, with smaller fractions for the

other five specifications (Table G5). These are boundaries that sit in the amplification

regime characterized in Appendix G.1: both flanking wards have low Republican shares,

and the cross-ward Republican gap is small, so that even a modest LDS-only gap divided by

a tiny observed denominator produces a large peer ratio. Crucially, the same small observed

gap that drives the large per-boundary ratio also yields a small precision weight (Zobs
X,A,b −

Zobs
X,B,b)

2 in Equation (24), so those boundaries contribute negligibly to the pooled estimator.

Figure G2 plots the full distribution of peer ratios across the 1,588 paired boundaries; for
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the WardDem exposure (lower panel) the entire distribution sits well below even the lowest

threshold (1/pLDS(R) = 1.18), and even for the WardRep exposure (upper panel) the bulk of

the mass lies below the Unaffiliated threshold (2.00) and far below the Democrat threshold

(4.00).

n = 1,588 boundary pairs; 13 clipped to the right of 4.5

n = 1,588 boundary pairs; 5 clipped to the right of 4.5

Democratic exposure (WardDem)

Republican exposure (WardRep)
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Figure G2: Distribution of the implied peer-mismeasurement ratio across 1,588 Utah ward-
boundary pairs in our 2013–2017 sample, by exposure. Vertical lines mark the peer-ratio
thresholds at which the implied kp,X would cross 1 for each baseline party (solid: kR at 1/0.85;
dashed: kU at 1/0.50; dotted: kD at 1/0.25). Boundaries above the relevant threshold are
those for which the conservative “adjustment multiplier > 1” interpretation does not hold at
the per-boundary level. The right tail beyond 4.5 (a handful of boundaries with very small
observed gaps) is clipped from the figure for legibility; those boundaries contribute negligibly
to the pooled estimator (Table G5) because their small observed gaps yield small precision
weights in Equation (24).

Taken together, the empirical exercise confirms the conservative interpretation suggested

by Scenarios 1–4: under the UCEP-implied pLDS values applied to Utah’s actual ward-
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boundary distribution, every published estimate should be scaled up to recover the under-

lying causal effect on LDS members, with adjustment multipliers in the 1.3×–8.7× range.

The largest correction applies to baseline-Democrat estimates and the smallest to baseline-

Republican estimates, mirroring the cross-specification spread already visible in the simula-

tion results.
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H Robustness

This appendix reports the robustness exercises summarized in Section 6.3. Appendix H.1

adds progressively richer control sets; Appendix H.2 varies the distance bandwidth from 50

to 600 meters; Appendix H.3 reports alternative specifications and modes of inference; and

Appendix H.4 supplies further evidence on the linear-in-means approximation of Section 6.2.

Randomization inference, which also bears on inference, is reported with the identification

evidence in Appendix F.3.

H.1 Robustness to Controls

Our preferred specification includes boundary fixed effects and quadratic distance controls

but no individual-level controls, on the reasoning that the level characteristics stake pres-

idents balance on are absorbed by first-differencing the outcome (Section 4). The concern

that remains is that those characteristics proxy for differential trends. Figure H1 therefore

re-estimates each cell of Tables 5 and 6 under progressively richer control sets: the pre-

ferred specification, then adding demographic trends (age, sex, race), then property trends

(assessed value, square footage, year built), then school-catchment fixed effects. Point esti-

mates are stable across the four control sets, and the significant cells retain their sign and

significance throughout.
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Figure H1: Robustness of main effects to progressively richer control sets, by 2012 baseline
party. Each panel within a subfigure plots the coefficient β̂ on Dib × Ib for one (treatment,
outcome) cell of the corresponding bybase results table (Tables 5 and 6). Points are coefficient
estimates and whiskers are 95% confidence intervals, colored by control-set specification:
the preferred baseline specification, then progressively adding demographic trends, property
trends, and school trends.

H.2 Robustness to Bandwidth

The 400-meter bandwidth of our preferred specification trades precision against the compa-

rability of voters on either side of a new line (Section 4.1). Figure H2 re-estimates the six
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headline margins at bandwidths from 50 to 600 meters, holding the rest of the specification

fixed. Estimates at narrow bandwidths are noisy, as expected given the small samples they

retain, but the point estimates are stable in sign and magnitude across the range, and none

of the headline conclusions depends on the choice of 400 meters.
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Figure H2: Bandwidth robustness for the six headline exposure–outcome margins (the five
significant effects in Table 7 plus the Republican-to-Unaffiliated margin). Each panel plots
β̂ on Dib × Ib with a 95% confidence interval at distance-to-boundary bandwidths from 50m
to 600m, holding the preferred specification fixed.
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H.3 Alternative Specifications and Inference

Figure H3 re-estimates the six headline margins of Figure H2 under five variants of the

preferred specification: Conley (5 km) spatial standard errors in place of two-way clustering;

a 5-meter “donut” that drops voters immediately adjacent to the boundary line; linear

rather than quadratic distance controls; dropping, for each treatment, the boundary with

the largest cross-boundary treatment gap; and restricting to boundaries whose adjacent

wards changed boundaries exactly once during 2013–2017. Point estimates are stable across

variants, and the Conley confidence intervals are only modestly wider than the clustered

ones. The changed-once restriction discards the most data and is accordingly the noisiest,

but its estimates remain consistent with the baseline.
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Figure H3: Robustness of the six headline margins to alternative specifications and inference.
Each panel plots the coefficient β̂ on Dib × Ib with a 95% confidence interval under the
preferred specification (Baseline) and five variants: Conley (5 km) spatial standard errors in
place of two-way clustering; dropping voters within 5 meters of the boundary line (donut);
linear instead of quadratic distance controls; dropping the boundary with the largest cross-
boundary treatment gap; and restricting to boundaries whose adjacent wards changed exactly
once during 2013–2017.

H.4 Additional Evidence on Linearity

Two figures complement the binned dose-response test of Section 6.2. Figure H4 reports

the quartile-bin contrasts for the two exposure-sample combinations not shown in the main

text (Republican exposure among 2012 Republicans; Democratic exposure among 2012 Un-

affiliated voters); as in the main-text panels, the binned estimates track the linear fit. Fig-
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ure H5 interacts the treatment with the baseline (pre-split) ward’s partisan composition:

per-quartile treatment effects are statistically indistinguishable across quartiles of the origin

ward’s Republican (or Democratic) share, with no rising response at high out-party shares,

no sign reversals, and no threshold pattern—the signatures that tipping-point or backlash

models would produce.
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Points: quartile−bin contrasts at each bin's mean exposure gap (95% CI). Line: linear−in−means fit. m13, 400 m. Shared y−axis across all panels.

Binned dose−response test of the linear−in−means approximation

Figure H4: Binned Dose-Response Test: Remaining Exposure-Sample Combinations. See
Figure 6 notes.
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Figure H5: Treatment Effects by Baseline Ward Composition. Per-quartile treatment effects
from interacting the treatment with quartiles of the origin ward’s 2012 partisan share, for
the two headline cells. Dashed line: pooled preferred-specification estimate at the 400m
bandwidth. Whiskers: 95% confidence intervals.
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I Bishops: Data, Matching, and Design Validation

This appendix details the auxiliary bishop analysis summarized in Section 7.3: the data, the

procedure matching bishops to their voter records, the difference-in-differences design, the

treatment variation, and the validation tests behind the null results in Table 9.

I.1 Data

The bishop analysis uses different data than the main analysis, for two reasons: bishop iden-

tities are observable only from 2023 onward, and linking bishops to voter records requires a

voter file contemporaneous with those years. We use the L2 voter file, an annual panel of

every registered Utah voter with a stable person identifier, party registration, vote history,

and geocoded residence. From it we construct voter cross-sections for the snapshots needed

by the design: the 2017 snapshot (which records 2016-election participation), the 2021 snap-

shot (2020 election; also the source of all baseline characteristics), the 2025 snapshot (2024

election), and the 2023–2024 snapshots used only for name matching. Election-year timing

matters: a general election in year t first appears in the year-t+1 snapshot, so outcomes for

the 2020 and 2024 elections are measured from the 2021 and 2025 snapshots respectively.

Each voter is assigned to a ward by matching their geocoded residence to the nearest point

in a ward-boundary directory covering all Utah wards quarterly from 2023q2 through 2026q2

(97–98% of voters match within 100 meters); ward assignment is fixed at the voter’s 2020

residence throughout.

The same directory records the name of each ward’s serving bishop in each quarter.

Bishops are lay members called to preside over their ward, typically for about five years;

they must reside within the ward’s boundaries. Turnover is therefore routine and, critically

for our design, its timing is driven by the rotation norm rather than by congregational

politics.

I.2 Matching Bishops to Voter Records

For each (ward, quarter) pair we match the bishop’s name to a voter record within his

own ward. The matcher parses the directory’s name string (handling leading initials and

middle names), then searches the ward’s voter roster for an exact first-and-last-name match,

disambiguating multiple candidates by middle name or initial, and falling back to adjacent

voter-file years for bishops not found in the contemporaneous snapshot. Across 11 quarters

and roughly 4,450 wards per quarter, the procedure matches about 79% of ward-quarters

to a unique voter record, identifying 5,785 distinct bishops; unmatched cases are mostly
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indeterminate multiple-candidate names, which we exclude. Matched bishops are excluded

from all member-level regression samples.

Each bishop’s characteristics—party registration and turnout—are measured from his

own 2020-election record (the 2021 snapshot). Fixing bishop characteristics at their pre-

period values means the ward-level bishop treatment can change only when the person serving

as bishop changes, never through an incumbent bishop’s own registration switching.

I.3 Treatment Variation

Figure I1 summarizes the treatment variation. Panel (a): at baseline (2023q2), among

wards whose bishop is matched to a voter record with observable partisanship, 79.9% have a

Republican bishop, 18.7% an Unaffiliated bishop (registered with no party or a third party),

and 1.4% a Democratic bishop; the distribution among wards whose bishop subsequently

turned over is nearly identical, indicating turnover is not selected on bishop partisanship.

In the five quarters preceding the 2024 election (2023q2–2024q3), 24.9% of the 3,028 party-

identified wards changed bishops. Panel (b) shows the incoming bishop’s party conditional on

the outgoing bishop’s party among changed wards: the distribution of the new bishop’s party

is nearly independent of the old bishop’s—about 70% draw a Republican bishop regardless

of predecessor—consistent with bishops being drawn as-good-as-randomly from the ward’s

pool of eligible members with respect to partisanship. Panel (c) plots the probability a

ward has a Republican bishop against the ward’s member Republican share: bishops are

systematically more Republican than their congregations everywhere (the profile sits far

above the 45-degree line), and the gradient in ward composition is modest.

I.4 Design

We estimate a two-period difference-in-differences at the member level, comparing registra-

tion outcomes in the 2020 (pre) and 2024 (post) elections:

Yiwt = β Bw(i),t + αi + τt + εiwt, (25)

where Yiwt is a registration indicator (Republican, Democrat, or Unaffiliated), Bw(i),t is the

serving bishop’s fixed 2020 characteristic (the 2023q2 bishop in the pre period, the bishop

serving as of 2024q3 in the post period), and αi and τt are individual and election-year fixed

effects. Standard errors are clustered by ward. The sample comprises the roughly one million

members observed in both periods, split by 2020 party registration; bishops themselves are

excluded. Because B is fixed at the bishop’s own pre-period record, β is identified purely off
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Figure I1: Bishop Treatment Variation. Panel (a): distribution of the baseline (2023q2)
bishop’s party across all matched wards and across wards whose bishop changed before
the 2024 election. Panel (b): the incoming bishop’s party conditional on the outgoing
bishop’s party, among changed wards. Panel (c): binned scatter of the share of wards with
a Republican bishop against the ward’s 2020 member Republican share; dashed line is the
45-degree line.
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wards whose bishop turned over before the election, with never-changing wards (and wards

whose turnover preserved the characteristic) serving as controls.

I.5 Validation and Results

Tables 9, I1, and I2 report the estimates for 2020 Republicans, Unaffiliated voters, and

Democrats, each with three rows per treatment: the main 2020→2024 estimate, a parallel-

trends test applying the same (future) treatment to the 2016→2020 outcome change, and a

placebo replacing the treatment with bishop changes occurring only after the 2024 election

(2025q1–2026q2), which cannot have caused the outcomes. Every main estimate is a precise

null; the pre-trend and placebo rows are null as well, supporting the design.38 The tightest

bounds are for the largest subsamples: for 2020 Republicans, the 95% confidence interval on

the Republican-bishop treatment excludes effects on Republican registration larger than 0.6

percentage points; for 2020 Unaffiliated voters, larger than 0.7 percentage points.

The magnitude benchmark in Section 7.3 follows from these bounds. Suppose a shift

in ward composition changed the probability of drawing a Republican bishop one-for-one

(the upper bound implied by treating the bishop as a random draw from the membership,

and generous relative to the modest gradient in Figure I1c). Then the bishop channel’s

contribution to the peer-composition effect is bounded by the ratio of the bishop CI bound

to the peer-effect estimate: at our preferred-specification estimates (0.214 for Unaffiliated

voters, 0.079 for Republicans), the bishop channel accounts for at most 3.3% and 8.0% of

the respective peer effects. The Unaffiliated benchmark is the informative one: its peer-

effect denominator is precisely estimated, whereas the Republican-sample peer estimate is

not statistically distinguishable from zero, so the Republican ratio carries wide uncertainty.

38Three implementation details bear on reading these rows. First, the pre-trend rows apply the design
symmetrically one election earlier: subsamples condition on 2016 registration and wards are assigned at the
voter’s 2017 residence, so the pre-trend cohort differs from the main panel. Second, because bishop identities
are observed only from 2023, bishop turnover between the 2020 election and 2023q2 is unobserved and
coded as “no change”; this measurement error attenuates the main estimates toward zero, so the confidence
intervals should be read as bounds on the effect of a measured 2023–24 bishop change. Third, the placebo
sample comprises only wards whose first observed bishop change falls after the 2024 election, compared by
the incoming bishop’s partisanship.
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Table I1: Bishop Partisanship and Member Registration — 2020 Unaffiliated voters

Republican bishop Democratic bishop

∆Rep ∆Dem ∆Unaff ∆Rep ∆Dem ∆Unaff

Bishop party (2020 → 2024) 0.001 −0.005∗ 0.004 −0.009 −0.003 0.012
(0.003) (0.003) (0.004) (0.010) (0.010) (0.011)

Pre-trend (2016 → 2020) 0.001 −0.012 0.011∗ −0.008 −0.009 0.017
(0.005) (0.008) (0.006) (0.014) (0.027) (0.024)

Placebo (post-election change) −0.006 0.002 0.004 0.013 0.002 −0.015
(0.004) (0.002) (0.003) (0.013) (0.006) (0.010)

Individual FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
Dep. Var. Mean 0.063 0.020 0.918 0.063 0.020 0.918
# Voters 323,984 323,984 323,984 323,984 323,984 323,984
# Wards 3,364 3,364 3,364 3,364 3,364 3,364

Notes: ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.1. Standard errors clustered by ward in parentheses.

Table I2: Bishop Partisanship and Member Registration — 2020 Democrats

Republican bishop Democratic bishop

∆Rep ∆Dem ∆Unaff ∆Rep ∆Dem ∆Unaff

Bishop party (2020 → 2024) −0.006∗ 0.000 0.006∗ −0.005 0.006 −0.001
(0.003) (0.004) (0.004) (0.009) (0.013) (0.011)

Pre-trend (2016 → 2020) −0.007 0.005 0.003 −0.005 0.004 0.001
(0.007) (0.006) (0.004) (0.022) (0.017) (0.009)

Placebo (post-election change) −0.001 0.002 −0.002 0.022 0.000 −0.022∗∗

(0.004) (0.005) (0.004) (0.016) (0.014) (0.009)

Individual FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
Dep. Var. Mean 0.036 0.921 0.043 0.036 0.921 0.043
# Voters 133,760 133,760 133,760 133,760 133,760 133,760
# Wards 3,357 3,357 3,357 3,357 3,357 3,357

Notes: ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.1. Standard errors clustered by ward in parentheses.

143



J Additional Results

This appendix collects the full result sets behind the condensed exhibits of Sections 6–7:

turnout effects for all three baseline-party subsamples, the complete individual-characteristic

heterogeneity grids, effect dynamics by endline year, the retained- versus new-peer estimates,

and the full same/opposite-demographic decomposition.

J.1 Turnout

Table J1 reports the effects of partisan peer exposure on marginal 2020 general-election

and primary-election turnout for all three baseline-party subsamples. The general-election

estimates are uniformly insignificant, while Republican exposure raises 2020 primary turnout

among 2012 Unaffiliated voters (25.4 percentage points, p = 0.004) and 2012 Democrats

(34.6 percentage points, p = 0.046)—the marginal counterparts of the interacted cells in

Section 7.2. Figure J1 plots statewide turnout trends for a balanced panel of voters observed

in 2012, 2016, and 2020, by 2012 party registration (panels (a)–(b)) and by 2012–2020

Republican-status transition (panels (c)–(d)). Voters who switched into the Republican

Party between 2012 and 2020 raised their primary turnout from 3.7% to 62.0%, against

3.4% to 13.7% among voters who stayed non-Republican; voters who switched between 2012

and 2016 show the same jump in the 2016 cycle (from 3.9% to 35.3%, against 13.8% among

those who had not switched).

J.2 Individual-Characteristic Heterogeneity

Figures J2 and J3 report treatment effects interacted with the voter’s own baseline character-

istics (age group, gender, race, rurality, homeownership, home size, prior turnout, and name

commonness) for the two headline cells (Democratic exposure among 2012 Republicans;

Republican exposure among 2012 Unaffiliated voters). Estimates are largely homogeneous

across margins; in particular, effects appear across all age groups.
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Table J1: Peer Partisan Exposure and 2020 Turnout: Full Grid

2012 Republicans 2012 Unaffiliated voters 2012 Democrats

Panel A: Voted in 2020 general election

Republican exposure −0.096 0.224∗ −0.098
(0.075) (0.128) (0.184)

Democratic exposure 0.210 −0.348 −0.320
(0.156) (0.264) (0.467)

Dep. Var. Mean -0.008 0.042 -0.018

Panel B: Voted in 2020 primary election

Republican exposure −0.147 0.254∗∗∗ 0.346∗∗

(0.097) (0.089) (0.173)

Democratic exposure −0.066 −0.094 0.548
(0.214) (0.194) (0.469)

Dep. Var. Mean 0.244 0.227 0.218

Notes: ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.1. Standard errors two-way clustered by ward-boundary side and
voter in parentheses.
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Figure J2: Heterogeneity by Individual Characteristics: Democratic Exposure, 2012 Repub-
licans. Points are per-subgroup treatment effects with 95% confidence intervals; the vertical
line marks the pooled estimate. 145
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Figure J1: Turnout rates over time, by 2012 party and by 2012–2020 party switch. Panels
(a)–(b) plot primary- and general-election turnout across 2012, 2016, and 2020 for a bal-
anced statewide panel of registered voters observed in all three years, split by 2012 party
registration. Panels (c)–(d) split the same voters by their 2012-to-2020 Republican-status
transition. Turnout is the share of the group recorded as voting in each election. Voters
who switch into the Republican Party show a sharp rise in primary turnout (panel c) but
no comparable change in general-election turnout (panel d).
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Figure J3: Heterogeneity by Individual Characteristics: Republican Exposure, 2012 Unaffil-
iated voters. See Figure J2 notes.
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J.3 Heterogeneity by Local LDS Density

Appendix G shows that our inability to observe religious affiliation attenuates our estimates:

every voter near a boundary enters the sample, but only LDS members plausibly respond to

their assigned ward’s composition, so the coefficients blend a member response with a non-

member null. That logic carries a testable implication across regions. Where a larger share

of a ward’s residents are Latter-day Saints, a larger share of the voters we treat as exposed

actually are exposed, less of the estimate is diluted, and the measured effect should—all else

equal—be stronger. This subsection tests that prediction.

We measure local LDS density with the ward-level estimate constructed in Appendix A.3,

the assumed weekly attendance count divided by the ward’s residential population, evaluated

on each voter’s pre-change ward (median 25%). We interact the treatment with indicators

for the quartile of that measure across the 1,430 boundaries in the sample. Table J2 and

Figure J4 report the estimates.

Contrary to our expectation, effects are if anything weaker where LDS density is higher.

Among 2012 Republicans facing Democratic exposure, the coefficient on Republican reten-

tion is −1.002 in the least dense quartile and 0.181 in the most dense, a difference of 1.183

(p = 0.000); switching to Democrat runs 0.381 against −0.006 (p = 0.003 for the difference).

Among 2012 Unaffiliated voters facing Republican exposure the profile has the same shape,

0.411 against 0.128, though here the difference is not statistically significant (p = 0.222). A

median split gives the same ordering on all three margins. The attenuation prediction is not

merely unsupported; the point estimates run against it.

We read this as saying primarily that all else is not equal when LDS density varies. Our

density measure is an assumed attendance count over ward population, so it moves almost

mechanically with ward size (correlation −0.72 with the pre-change ward’s population),

and it is positively correlated with the ward’s Republican registration share (0.44). Both

of those vary with the treatment’s own support: more heavily Republican wards offer less

variation in out-party exposure to begin with. Rurality, by contrast, is only weakly related

to this measure (0.14), so the density gradient is not the rural contrast of Section 7.6 in

another guise. The bottom panel of Table J2 and Figure J5 make a partial attempt to

separate density from partisanship by crossing an above/below-median density split with an

above/below-median split on the ward’s Republican share. The density gap keeps its sign in

all six comparisons, but only one is individually significant (−0.814, p = 0.012), so splitting

four ways leaves the ordering intact and the magnitude imprecise.

A second reading is also available, and it is not mutually exclusive with the first: true ward

peer effects may simply be larger where LDS density is lower. The model of Appendix E

treats the ward as the pool from which a member’s friends are drawn, but in practice a
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member’s social circle is assembled from the ward and from the surrounding neighborhood.

If Latter-day Saints disproportionately befriend other Latter-day Saints, then the share of

that circle the ward supplies depends on what the neighborhood offers. In a heavily LDS area

a member can find co-religionists next door regardless of which ward the line assigns them to,

so reassignment shifts little of their friend circle. In a sparsely LDS area the ward is close to

the only source, so reassignment shifts much of it. Under that account a redrawn boundary

is a larger intervention on the friend circle precisely where local density is lowest, and the

gradient we estimate is a feature of peer influence rather than an artifact of measurement.

We cannot distinguish the two readings with these data, and we do not lean on either in the

main text; we report the exercise because the attenuation logic of Appendix G invites the

opposite prediction and a reader is entitled to see it tested.
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Figure J4: Peer effects by quartile of pre-change ward LDS density. Points are per-quartile
treatment effects with 95% confidence intervals; Q1 is the least LDS-dense quartile. The
dashed line marks zero and the dotted line the pooled preferred-specification estimate for
that cell.
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Table J2: Peer Effects by Local LDS Density

2012 Rep. → Rep. 2012 Rep. → Dem. 2012 Unaff. → Rep.
(Dem. exposure) (Dem. exposure) (Rep. exposure)

Quartiles of pre-change ward LDS density
Q1 (least LDS dense) −1.002∗∗∗ 0.381∗∗∗ 0.411∗∗∗

(0.267) (0.118) (0.107)
Q2 −0.312 0.131 0.033

(0.241) (0.116) (0.174)
Q3 −0.271 0.174∗∗ 0.008

(0.232) (0.073) (0.220)
Q4 (most LDS dense) 0.181 −0.006 0.128

(0.191) (0.053) (0.206)

Q4 − Q1 1.183∗∗∗ −0.387∗∗∗ −0.283
(0.329) (0.130) (0.232)

Median split
Below median −0.708∗∗∗ 0.272∗∗∗ 0.298∗∗∗

(0.180) (0.083) (0.094)
Above median 0.028 0.060 0.057

(0.157) (0.045) (0.148)

Above − below 0.736∗∗∗ −0.212∗∗ −0.242
(0.240) (0.095) (0.175)

LDS density × ward Republican share
High density, high Rep. 0.071 0.014 0.078

(0.258) (0.069) (0.193)
High density, low Rep. −0.072 0.109∗ 0.028

(0.215) (0.066) (0.233)
Low density, high Rep. −0.437∗ 0.223∗∗ 0.419∗∗

(0.252) (0.108) (0.213)
Low density, low Rep. −0.886∗∗∗ 0.311∗∗∗ 0.269∗∗

(0.242) (0.114) (0.106)

Low − high, high Rep. −0.508 0.209 0.340
(0.361) (0.128) (0.288)

Low − high, low Rep. −0.814∗∗ 0.202 0.241
(0.324) (0.132) (0.256)

N voters 72,254 72,254 59,069
N boundaries 1,410 1,410 1,430

Notes: ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.1. Each column is one (baseline party, exposure, outcome) cell of the
preferred specification (m13, 400-meter bandwidth), with the treatment interacted with bin indicators for
the pre-change ward’s estimated LDS density (Appendix A.3). Q1 is the least dense quartile. All bins enter
a single regression, so the difference rows are Wald tests on that fit’s clustered variance matrix rather than
comparisons of separate confidence intervals. The final block crosses an above/below-median density split
with an above/below-median split on the ward’s 2012 Republican registration share, reporting each cell and
then the low-minus-high density gap within each Republican-share group. Standard errors, in parentheses,
are clustered two-way by ward-boundary side and voter.
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Figure J5: Peer effects by LDS density, holding the ward’s Republican share fixed. Treatment
effects from a specification interacting the treatment with the four cells of an above/below-
median split on pre-change ward LDS density crossed with an above/below-median split on
the ward’s 2012 Republican registration share. Whiskers are 95% confidence intervals.
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J.4 Effect Dynamics by Exposure Time

If peer influence accumulates through repeated interaction—and if induced registrations

harden into political habits (Fujiwara, Meng and Vogl, 2016; Meredith, 2009)—effects should

grow with time spent in the new peer group. We examine this by re-estimating the main

specification at each endline year from 2013 through 2021, holding the baseline fixed at 2012

(the only cleanly pre-treatment year) and using the full set of boundary cohorts. Because

boundary changes roll out over 2013–2017, early endlines are only partially treated: an effect

measured at the 2013 endline can reflect only the earliest cohort, so the profile should start

near zero and build as cohorts activate. We caution that these single-year endlines are hard

to interpret individually: each is noisier than the pooled 2020/2021 endpoint used in our

main analyses, the treated share of the sample changes mechanically across the 2013–2017

window, and registration activity is concentrated in presidential election years (Appendix

Figure D1), so we read the profile as a whole rather than any one point. Figure J6 reports the

estimates. Estimates at the 2013 and 2014 endlines are small and statistically indistinguish-

able from zero in every panel, and effects build through the treatment window, with both

headline margins—Republican exposure raising Unaffiliated voters’ Republican registration,

and Democratic exposure lowering Republicans’ retention—most pronounced at the 2016 and

2020 endlines. The defection of Democratic-exposed Republicans appears to run through the

Unaffiliated category: their Unaffiliated registration rises first, peaking mid-window before

receding, while their Democratic registration grows steadily through 2021—consistent with

defection proceeding in steps, from Republican to Unaffiliated to Democrat, rather than in

a single jump.
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(b) 2012 Unaffiliated voters

Figure J6: Effect dynamics by endline year. Main-specification estimates (preferred specifi-
cation, 400m bandwidth) re-estimated at each endline year 2013–2021, with 2012 always the
baseline year, on the full set of 2013–2017 boundary cohorts (1,451 boundaries). Panel (a)
reports 2012 Republicans and panel (b) 2012 Unaffiliated voters (2012 Democrats omitted
for precision); within each panel, rows are peer-exposure treatments and columns are regis-
tration outcomes. The shaded band marks the 2013–2017 window during which boundary
changes occur, so early endlines are only partially treated. Points show the dose-response
coefficient with 95% confidence intervals; axes are truncated at ±0.5, so some interval end-
points extend beyond the plotted range.
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J.5 Retained and Newly Assigned Peer Exposure: Full Estimates

Table J3 reports the retained-peer and new-peer exposure coefficients from the disruption

specification (Appendix E, Equation (18)) for all baseline-party subsamples, exposures, and

registration outcomes.

Table J3: Retained vs. Newly Assigned Peer Exposure: Full Grid

Retained peers New peers

Sample Exposure ∆Rep ∆Unaff ∆Dem ∆Rep ∆Unaff ∆Dem

2012 Republicans Democratic −0.309∗∗ 0.191 0.118∗∗ −0.239 0.077 0.161∗∗∗

(0.154) (0.141) (0.053) (0.158) (0.134) (0.060)

Republican 0.209∗∗∗ −0.136∗∗ −0.072∗∗∗ 0.145∗∗ −0.086 −0.059∗∗∗

(0.057) (0.054) (0.020) (0.059) (0.055) (0.020)

2012 Unaffiliated voters Democratic 0.130 −0.329∗ 0.200 −0.068 0.152 −0.083
(0.196) (0.191) (0.137) (0.192) (0.195) (0.129)

Republican 0.164∗∗ 0.028 −0.192∗∗∗ 0.169∗∗ −0.085 −0.084∗

(0.079) (0.078) (0.048) (0.080) (0.080) (0.050)

2012 Democrats Democratic 0.463 0.189 −0.651∗ −0.195 −0.311 0.507
(0.291) (0.303) (0.369) (0.292) (0.323) (0.380)

Republican −0.100 −0.296∗∗ 0.396∗∗ 0.159 −0.235∗ 0.076
(0.146) (0.130) (0.161) (0.140) (0.131) (0.170)

Notes: ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.1. Standard errors two-way clustered by ward-boundary side and
voter in parentheses.

J.6 Same- and Opposite-Demographic Peer Exposure: Full Grid

Figure J7 shows the same/opposite-demographic decomposition for all four exposure–sample

combinations, including the two own-party panels omitted from the main text. The headline

specifications appear in Figure 9 and Section 7.4.
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Figure J7: Same- and Opposite-Demographic Peer Exposure Effects: Full Grid. Panel
construction follows Figure 9.
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K Democrat-Baseline Results

This appendix reproduces four exhibits for the 2012 Democrat subsample: the main peer-

exposure estimates (Table K1), the future-boundaries placebo test (Table K2), the cross-

boundary balance table (Table K3), and the same- versus opposite-gender peer decomposi-

tion (Table K4). These are the Democrat-baseline analogs of Tables 5, 2, and 4 and of Fig-

ure 9. We separate them because the 2012 Democrat subsample is small—Utah Democrats

are a numerical minority, and the group least likely to be LDS—so the estimates are cor-

respondingly noisier and more attenuated than the Republican and Unaffiliated analogs in

the main text. The estimating equation, sample restrictions, and preferred specification are

identical to those used in the main paper.

Table K1: Effect of Peer Partisan Exposure — 2012 Democrats

Democratic-share treatment Republican-share treatment Both treatments

∆Rep ∆Unaff ∆Dem ∆Rep ∆Unaff ∆Dem ∆Rep ∆Unaff ∆Dem

DDem
ib × IDem

b 0.209 −0.067 −0.142 0.231 −0.401 0.169
(0.322) (0.329) (0.371) (0.347) (0.367) (0.418)

DRep
ib × IRep

b −0.027 −0.152 0.180 0.004 −0.302∗ 0.298
(0.129) (0.127) (0.158) (0.139) (0.156) (0.185)

Boundary FE Yes Yes Yes Yes Yes Yes Yes Yes Yes
Distance Controls Yes Yes Yes Yes Yes Yes Yes Yes Yes
Dep. Var. Mean 0.129 0.165 -0.294 0.129 0.165 -0.294 0.129 0.165 -0.294
# Voters 8,308 8,308 8,308 8,314 8,314 8,314 8,308 8,308 8,308
# Boundaries 876 876 876 876 876 876 875 875 875

Notes: ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.1. Specification, outcome definition, and clustering as in Table 5.

Table K2: Placebo Test (Future Boundaries, 2023–2026) — 2012 Democrats

Democratic-share treatment Republican-share treatment Both treatments

∆Rep ∆Unaff ∆Dem ∆Rep ∆Unaff ∆Dem ∆Rep ∆Unaff ∆Dem

DDem
ib × IDem

b −0.506 0.316 0.190 −0.617 0.551 0.066
(0.425) (0.342) (0.441) (0.431) (0.384) (0.477)

DRep
ib × IRep

b −0.007 0.025 −0.018 −0.141 0.259 −0.118
(0.173) (0.169) (0.220) (0.173) (0.190) (0.242)

Boundary FE Yes Yes Yes Yes Yes Yes Yes Yes Yes
Distance Controls Yes Yes Yes Yes Yes Yes Yes Yes Yes
Dep. Var. Mean 0.118 0.159 -0.276 0.118 0.159 -0.276 0.118 0.159 -0.276
# Voters 10,009 10,009 10,009 9,990 9,990 9,990 9,986 9,986 9,986
# Boundaries 712 712 712 713 713 713 711 711 711

Notes: ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.1. Specification, outcome definition, and clustering as in Table 5.
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Table K3: Cross-Boundary Differences in Baseline Characteristics (Levels) — 2012
Democrats

Republican exposure Democratic exposure

Age (years) 0.662∗ −2.706∗∗∗

(0.395) (0.956)

Male −0.623 0.707
(0.400) (0.902)

White −0.089 −1.630∗

(0.536) (0.988)

Homeowner (CoreLogic match) 1.130∗∗ −0.754
(0.483) (0.876)

Log property value 2.417∗∗∗ −5.031∗∗∗

(0.845) (1.660)

Log building sqft 1.665∗∗ −4.104∗∗∗

(0.666) (1.343)

Year home built 1.430∗∗ −1.653
(0.641) (1.512)

Household income (HMDA) 8.519∗∗ −7.029
(3.968) (10.167)

Rural 0.013 0.010
(0.227) (0.648)

Voted 2010 general 0.281 −0.254
(0.451) (0.942)

Voted 2012 general 0.572 −1.628∗

(0.350) (0.836)

Voted 2012 primary −0.245 1.192∗

(0.308) (0.715)

Notes: ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.1. Each cell is a separate regression of the 2012 level of the row
characteristic on the continuous peer exposure, with boundary fixed effects and the main specification’s
distance controls (a quadratic in distance, with each term also interacted with the high-exposure side), for
the 2012 Democrat subsample at the 400m bandwidth. Coefficients are standardized: standard deviations
of the characteristic per 0-to-1 change in peer share; multiply by the average cross-boundary contrast (0.059
Republican, 0.026 Democratic exposure) for realized differences. Standard errors two-way clustered by
boundary side and voter. Because outcomes in the main design are first-differenced, level balance is not
required for identification.
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Table K4: Same-Gender vs. Opposite-Gender Peers — 2012 Democrats

Democratic-share treatment Republican-share treatment

∆Rep ∆Unaff ∆Dem ∆Rep ∆Unaff ∆Dem

DDem, same-gender
ib × IDem

b 0.530 −0.211 −0.319
(0.329) (0.427) (0.466)

DDem, diff-gender
ib × IDem

b −0.347 0.532 −0.185
(0.329) (0.386) (0.452)

DRep, same-gender
ib × IRep

b −0.189 −0.276 0.465∗

(0.193) (0.189) (0.240)

DRep, diff-gender
ib × IRep

b 0.123 0.134 −0.257
(0.211) (0.206) (0.246)

Boundary FE Yes Yes Yes Yes Yes Yes
Distance Controls Yes Yes Yes Yes Yes Yes
Dep. Var. Mean 0.129 0.163 -0.292 0.128 0.164 -0.292
# Voters 7,908 7,908 7,908 7,925 7,925 7,925
# Boundaries 845 845 845 851 851 851

Notes: ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.1. Standard errors two-way clustered by ward-boundary side and
voter in parentheses.
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