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1 Introduction

The importance of party affiliation for voter choice was discussed as early as Campbell et al. (1960),

but its role in nonpolitical arenas not seriously considered until Green et al. (2004) argued that “party

identification is a genuine form of social identification.” Since then, a growth in the salience of politi-

cal identity and partisan bias has lead to an America where people, at least in surveys, loathe those of

the other political party (Gentzkow, 2016; Iyengar et al., 2019; Iyengar and Westwood, 2015; Kalmoe

and Mason, 2019; Mason, 2015, 2018). A natural question is if this declared resentment between

parties, a phenomenon called affective polarization, influences real economic decisions. While extant

work finds that affective polarization matters for partners’ marriage decisions and employers’ hiring

decisions (Colonnelli et al., 2020; Gift and Gift, 2015; Huber and Malhotra, 2017; Iyengar et al., 2018;

McConnell et al., 2018), its effects in other economic arenas have remained largely unexplored. We

aim to fill this gap by investigating how affective polarization affects households’ financial decisions.

Residential real estate, and home sales in particular, is an ideal setting to investigate the eco-

nomic effects of affective polarization. First, nearly two-thirds of U.S. households are homeowners,

and, for most of them, their home is their largest sellable asset (Campbell, 2006; Goldsmith-Pinkham

and Shue, 2020; Gomes et al., 2021). Second, selling a home is an enormously costly activity, requir-

ing homeowners to pay commissions (typically paid entirely by the seller), the costs of showing the

home, and a number of fees and taxes (Haurin and Gill, 2002),1 plus the additional search, emotional,

and other transactions costs associated with finding a new place to live and relocating there. Third,

the claim that animosity between parties drives Democrats and Republicans to move away from each

other has been contentious since first hypothesized, and evidence either supporting or refuting the

claim would be of interest to researchers and policymakers alike (Ansolabehere et al., 2006; Bishop,

2009; Glaeser and Ward, 2006; McGhee and Krimm, 2009).

To cleanly identify whether or not political polarization affects house sales, we must overcome two

severe empirical challenges. A naive analysis might observe political segregation in the cross section

(Brown and Enos, 2021), and then conclude that households must prefer to live near co-partisans.

However, households who value similar amenities, and likely also share demographic characteristics

and political affiliations, choose to co-locate (Martin and Webster, 2020; Mummolo and Nall, 2017).

1Average closing costs for sellers currently range from $17,000 to $22,000: https://www.zillow.com/sellers-guide/costs-
to-sell-a-house/
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That is, we may observe residents moving away from neighbors of the opposite party not because

of a distaste for the neighbors themselves, as in Schelling (1969, 1971), but because neighbors with

different political affiliations might also have different preferences for neighborhood amenities and

the provision of public goods (Tiebout, 1956). The second empirical challenge is that households’

nearest neighbors might not be random if households have already moved away from neighbors they

dislike. Consequently, any purely cross-sectional tests of residential location choice will be difficult

to interpret.

Addressing these challenges requires a detailed and granular data set. We turn first to the

CoreLogic Solutions Real Estate data, which contains information on real estate transactions and

property characteristics. We next design an algorithm that uses complete addresses and precise

geolocations to identify properties that are exactly next door to each other. Using homeowner names

and addresses, we then merge in individual-level political affiliation, voter history, and demographic

characteristics from the North Carolina voter registration data. Our final data set is a 2005 to 2015

quarterly panel of single family homes that details the home sale decisions and political affiliations

of current residents and, crucially for our research design, the political affiliations of their nearest

neighbors.

We then design a novel identification strategy that leverages the richness and granularity of

our data. To solve the problem of endogenous current neighbors, we restrict our sample to those

current resident-by-quarter observations who had a new neighbor move in either next door or two

doors down (hereafter nearby). We then compare the home sale likelihoods of current residents

whose new nearby neighbor was of the opposite political party (the treatment group) to other current

residents in the same neighborhood who also got new nearby neighbors, but whose new neighbor

was not of the opposite political party (the control group). Our preferred specification includes a

number of control variables – homeowner party, race, age, birth state, and tenure; neighbor race

and an interaction between homeowner and neighbor race; property size and age; hyperlocal churn;

and block-level political make-up – and incredibly fine block group-by-quarter-by-party-by-race fixed

effects. The granular fixed effects aim to absorb all of the neighborhood-level reasons that current

residents might choose to sell, leaving just the effect of preferences over neighbors. The result of this

test yields our headline result: Among current residents who got new nearby neighbors, those whose

new neighbors are of the opposite political party are .41 percentage points, or 5.4%, more likely to
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sell their homes within two years than otherwise similar current residents whose new neighbors are

not of the opposite party.

The identifying assumption of our research design is that, conditional on the battery of included

control variables and fixed effects, new neighbors are randomly assigned to current residents. Our

chief concern, in other words, is that any estimated difference in home sale rates is driven, not by

the arrival of the opposite-party neighbor, but by differences between those current residents whose

new neighbors are of the opposite political party and those whose new neighbors are not. We take

these concerns seriously and begin by comparing treated residents and control residents along a

number of dimensions. Specifically, with respect to homeowner characteristics (year of birth, birth

state, tenure at the residence, and down payment), property characteristics (square feet, year built,

and assessed value), and characteristics of the census block in which they reside (churn, and share of

voters registered Democrat), we find that treated and control current residents are indistinguishable.

Also, recall that our strategy requires by design that treated and control households share the same

party affiliation and race. In short, there are no ex ante differences between the treated and control

current residents, consistent with our identifying assumption. What differs between them is only

which one happened to get the new neighbor of the opposite political party.

While these balance tests compellingly show that the treatment group of control residents and

the control group of current residents are very similar along a number of observable dimensions, a

remaining concern is that they, their properties, or their hyperlocal neighborhoods might differ on

unobservable characteristics that both affect home sale decisions and are correlated with assignment

to the treatment. A standard test is to compare the pre-trends of the two groups, but our research

design precludes this kind of analysis.2 Instead, we conduct a test similar in spirit, motivation, and

interpretation by analyzing the timing of move-outs – focusing especially on those those that occurred

in the quarters immediately following the new neighbor’s arrival.3 If some unobserved difference is

both causing certain residents to get new neighbors of the opposite party and causing them to move

away, then we might expect to see those residents being immediately (and spuriously) more likely

2To see why, recall that our sample, by design, is composed only of current residents who get new nearby neighbors. In
other words, residents that moved out prior to the new neighbor’s arrival cannot be in the sample. In other words, the
pre-trend curves, were we to graph them, would simply be flat lines laid over the x-axis.

3Note that we already conducted an alternative test, to the extent that looking at how long ago current residents moved
in is an appropriate “pre-trend” for how long until they move out, when we showed that treated and control households
have lived in their homes for the same amount of time.
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to do so. However, we document that it is not until more than a year has passed that the move-

out rates of treated and control residents begin to diverge significantly. Importantly, new neighbors

themselves affecting home sale decisions is consistent with this delayed effect since it takes time for

current residents to learn they dislike their new neighbors and then sell their homes.

To further support our claim that the new neighbors themselves matter, we use very fine vari-

ation in the distances between current residents and their new neighbors in two ways. First, we

conduct a heterogeneity test using variation in precisely how nearby next-door properties are across

the sample. Second, we adjust our research design and instead compare treated residents to other

residents on the same block who did not get a new nearby neighbor. In both tests, we find that

only when new neighbors are especially close by are current residents’ home sale decisions affected.

These results serve two purposes. First, they are consistent with nearest neighbors – those whom

current residents are potentially least able to avoid – being especially relevant. Second, they are

inconsistent with the variation-within-neighborhoods alternative explanation since these tests both

use just variation within hyperlocal neighborhoods.

To conclude the robustness section, we address a number of remaining concerns. First, to go

beyond the falsification tests in ruling out concerns that the hyperlocal neighborhoods around treated

and control residents are different, we limit the sample to just those census block groups that are

especially homogeneous with respect to house prices. Reassuringly, our results are robust to using

just the most homogeneous neighborhoods, where our identifying assumption is most likely to be

valid. Second, we ensure that our main result is robust to using a matched sub-sample that ensures

the treated and control sample have common support (Iacus et al., 2011, 2012). Third, to limit the

possibility that new neighbors learn from yard signs and thus choose the political affiliations of whom

they move next door to, we drop new neighbors who arrived during election years. Fourth, we limit

the sample to those block groups that are served by exactly one elementary school and show that

variation in school assignment within neighborhoods is an unlikely driver of our main finding. Fifth,

since selling a home also requires that a buyer be found, we use sell or list as an alternative outcome

and find a similar effect. And finally, we document that the estimate of our main effect is consistently

positive and significant over more than 150 specifications that vary the sample, the control variables,

and the fixed effects included in the model (Simonsohn et al., 2020).

In the second half of the paper we investigate more thoroughly our hypothesis that affective
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polarization is the mechanism behind our main result – that current residents are more likely to sell

their homes after opposite-party neighbors move in nearby. We begin by pointing to recent surveys

that find evidence of extraordinary partisan hostility. For example, 28% of Americans respond that

they would be somewhat upset or very upset if their child were to marry someone from the opposite

party.4 Even more alarmingly, 15% percent of respondents in a different survey answered “yes” when

asked, “Do you think we’d be better off as a country if large numbers of [opposing party] in the public

today just died?” (Kalmoe and Mason, 2019). Our hypothesis is that this clear distaste for members

of the opposite party is the mechanism behind our main results. To support this claim – that moving

away from opposite-party nearby neighbors is driven by a dislike of opposite-party neighbors – we

provide two more pieces of evidence.

First, we use the voter history file – a publicly available data set detailing all the elections each

registered voter participated in – to classify how politically involved households are. We say that

registered voters are partisan if they participated in more than 75% of the federal elections they

were eligible to vote in over the time period that we observe them. Knowing precisely how intensely

partisan each household is and how strong their distaste for those of the opposite party is not possi-

ble with our data, but participation serves as a reasonable proxy since individuals who are the most

likely to participate in elections are also those who hold the most antagonistic views of the other

party.5 We then test if our documented effects vary by the partisanship of the current residents and

their new neighbors. If our main results are driven by preferences for amenities or neighborhood

characteristics correlated with political affiliation, then we might expect to see little difference be-

tween the effects that partisan and non-partisan new neighbors have. We find the opposite. Getting

a new opposite-party nearby neighbor does not affect current residents’ move-out rates if that new

neighbor is non-partisan. Our main finding that households are more likely to sell when an opposite-

party neighbor moves in nearby is driven entirely by current residents getting new opposite-party

and partisan nearby neighbors. This result is consistent with households preferring not to live near

neighbors with opposite-party views and preferences when those neighbors are especially likely dis-

like them.

Second, we investigate how the effects of opposite-party neighbors have changed over time. The

4Source: https://docs.cdn.yougov.com/t0hi1tcqs5/econTabReport.pdf.
5Source: https://www.pewresearch.org/politics/2014/06/12/section-5-political-engagement-and-activism/.
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work on partisan identity and cross-party animosity has found these trends to be increasing sharply

between 2006 and 2015 (Iyengar et al., 2019). Therefore, if partisan identity and affective polariza-

tion is the mechanism behind our main findings, then we would also expect to see stronger reactions

to opposite-party neighbors over time. We confirm that the effect of new opposite-party nearby neigh-

bors on current resident move-out rates has more than doubled from the first half of the sample to

the second.

Our paper contributes to three broad literatures. First, to the large literature in urban economics

and real estate on the determinants of residential relocation we offer important new empirical evi-

dence: Current residents’ very nearest neighbors, specifically, matter above and beyond local neigh-

borhood characteristics for relocation decisions. An influential body of work has investigated the

role of large-neighborhood neighbors, where households might be said to have thousands of neigh-

bors, on relocation (Bayer et al., 2014, 2007; Bayer and McMillan, 2012; Boustan, 2010; Card and

DiNardo, 2000; Card et al., 2008; Cutler et al., 1999; Wong, 2013). And while the importance of the

very nearest neighbors for home sales has long been assumed (Schelling, 1969), it has, to the best of

our knowledge, lacked the evidence necessary to disentangle its effects from those of neighborhood

characteristics and amenities (Tiebout, 1956). Taking our novel empirical design to extraordinarily

granular and detailed data, we are able to contribute that evidence.

Second, in investigating the effects of political polarization on households’ home sales, we are

able to contribute to the debate on the causes of political segregation (Brown and Enos, 2021). On

the one hand, political segregation has been documented at many geographies,6 and, when surveyed,

households voice a preference for living near co-partisans (Gimpel and Hui, 2017, 2015; Mummolo

and Nall, 2017). On the other hand, evidence from surveys and even low-stakes field experiments

might just reflect “expressive voting” or “political cheerleading” (Bullock et al., 2015; Prior et al.,

2015). In fact, prior empirical work refutes the idea that affective polarization affects house sale

decisions and concludes, instead, that any observed sorting by party is a side effect of co-partisan

households valuing similar neighborhood attributes (Martin and Webster, 2020; Mummolo and Nall,

2017). We contribute to this debate novel evidence of affective polarization’s causal effect on home

sale decisions. Our work suggests that observed increases in political segregation might be driven, at

6Evidence of political sorting has been documented at the congressional district level (McDonald, 2011), county level
(Lang and Pearson-Merkowitz, 2015), ZIP code level (Cho et al., 2013), precinct level (Kinsella et al., 2015; Myers, 2013;
Sussell, 2013; Walker, 2013), and 1,000-person neighborhood level (Brown and Enos, 2021).
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least in part, by households selling their homes and moving away from opposite-party neighbors. We

leave estimating the relative importance of neighbor politics for current levels of political segregation

to future work and, for now, simply note that individual preferences do not have to be large to lead

to high levels of observed segregation in the long run (Clark, 1991; Schelling, 1971). Furthermore,

the downstream effects of political segregation are potentially severe, with implications for not only

immediate financial outcomes like foreclosure starts (Agarwal et al., 2018) and credit access (Akey

et al., 2018), but also political extremism and the health of democracy (Bishop, 2009; Klar, 2014). Our

reduced-form evidence on the importance of nearby neighbors and their politics will help discipline

future models of residential choice and political segregation.

Finally, our third contribution is to the rapidly growing literature that explores how politics affect

households’ financial decision making. Much of this literature has focused on the partisan bias chan-

nel. Partisan bias is distinct from affective polarization in that partisan bias refers to how economic

agents’ interpretations and perceptions are influenced by their personal politics, while affective po-

larization – households disliking people of the opposite party – is best thought of as consequence

of increased partisan bias. A series of papers find that partisan bias does indeed affect households’

stock market participation decisions Kaustia and Torstila (2011), portfolio choices (Bonaparte et al.,

2017; Meeuwis et al., 2018), and returns (Ke, 2020). Gerber and Huber (2009) document that par-

tisan bias affects consumption. Mian et al. (2021), on the other hand, find no effect on spending,

but do show that partisan bias affects expectations and optimism, which have been shown to affect

economic choices (Puri and Robinson, 2007).

Most related to this project is a recent paper, Bernstein et al. (2020), that investigates how par-

tisan differences in views on climate change shape households’ residential location decisions. Their

careful analysis shows that Republicans, who in general are more skeptical than Democrats of cli-

mate change, are more likely to own homes threatened by rising sea levels. Our work complements

theirs in three ways. First, instead of looking at location decisions in equilibrium, we directly ex-

amine the households’ decision to move. Second, our work considers the importance of affective

polarization, a different phenomenon from the partisan bias explored by Bernstein et al. (2020). And

finally, by focusing on partisan bias, Bernstein et al. (2020) show how politics might operate through

a Tiebout sorting mechanism – where sea level rise can be thought of as a disamenity – while ours

investigates how affective polarization might induce moves in line with Schelling preferences for
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nearest neighbors.

2 Data Description

2.1 The North Carolina Voter Data

We use voter registration data from the state of North Carolina to classify households’ political af-

filiations. The data set is free, available to the public and, unlike the voter data in many other

states which describes just those currently registered to vote, available in snapshot-form going back

to 2005.7 In other words, we can observe everybody registered to vote at many specific points in time,

typically before major elections. The North Carolina State Board of Elections (NCSBE) includes in

the voter registration data not only the full name of each person registered to vote, but their complete

mailing address, age, race, sex, and state of birth. Furthermore, as these data are the official record

of people eligible to vote, data entry errors are rare.

We classify voters as members of a party as follows. If a voter is registered with a particular

party we say she is a member of that party. If a voter is officially unaffiliated with any party, but

we see her vote in one party’s primary elections and only the primaries of that party, we say she is a

member of that party. Voters we never see affiliated with a party and who never vote in any primary

are classified as unaffiliated. Finally, voters who are affiliated with more than one party over the

time series are classified as multi-party.

2.2 The North Carolina Deeds Data

We supplement the North Carolina voter registration data with publicly available assessor and deeds

data obtained from the CoreLogic Solutions Real Estate data set. This data set contains information

on both transactions and home characteristics for all houses in the most populous North Carolina

counties (covering more than 90% of the state’s population). Key variables we observe include precise

site address; latitude and longitude coordinates of the property; transaction date and type; names of

owners; year built; and building square footage. We merge the deeds data with the North Carolina

voter registration data by owner name and address in order to create a quarterly panel at the parcel

level. We make the assumption that the owner of each matched home is a resident of the home. This

7These data can be found online at https://dl.ncsbe.gov/index.html.
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is a largely innocuous assumption since voters are registered at only one location in North Carolina

at a time. Non-person owners such as investment companies, banks, and trusts will never merge

with the voter registration data so they will never be in our estimation sample.

2.3 Describing the the Final Sample

With this merged data set, we observe the owners of every property at the beginning of each quarter.

We use the party affiliation from the North Carolina voter registration data to assign a political

party to each home. For two-person households, we make some adjustments. Households where one

owner is unaffiliated but the other owner is affiliated with a party are assigned to that party. We

also classify homes as multi-party if the two owners are registered in opposite parties or if one of the

owners is multi-party. For the purpose of this study, we drop multi-party homes from our sample, as

we cannot unambiguously assign them to one of the two main parties, nor deem them unaffiliated.

We then identify the nearby neighbors for every parcel in North Carolina. Each household can

have up to two next-door neighbors and up to two two-doors down neighbors, but may have zero or

one of each. We start by using address conventions in the state of North Carolina. If two households

are on the same street and have consecutive even or consecutive odd house numbers then we conclude

that they are next door. The algorithm allows, for example, for 4100 and 4104 to be next door if no

4102 exists. We further require that two homes be within 0.10 miles to qualify as nearby.

The full merged sample includes over 27 million property-by-quarter observations between 2005

and 2015 in North Carolina.8 The full sample covers nearly 5,000 unique census block groups, each

with an average of just over 100 households.

To conduct our new nearby neighbor analysis, we restrict the sample to current resident-by-

quarter observations where the current resident got a new nearby neighbor (either next door or two-

doors down). So the typical current resident is in the sample just one time, at the precise quarter

when she got a new nearby neighbor. We also require that the new neighbor be in the merged

sample so we can observe their political affiliation and race. In our main new-neighbor-experiment

sample, we omit households who moved away in the same quarter or quarter immediately following

the arrival of the new neighbor. Omitting these households does not meaningfully alter the results

8When we say quarter we mean year-quarter. For example, 2009Q1 corresponds to the days between January 1, 2009
and March 31, 2009.
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(indeed, we investigate these “immediate movers” separately in their own test), but the exclusion of

current residents who moved out in the same or next quarter is more consistent with examining the

effects of the new neighbors themselves, since the selling process often takes months from start to

finish.

We also drop blocks with registered voter populations under twenty (since random neighbor as-

signment is less likely),9 current residents who have not yet lived in their homes for a year (since

move-outs from this group are more likely to be the result of some unforeseen emergency), and cur-

rent residents who have not yet lived through an election (since neighbor partisanship is usually

more salient around elections).10 Neither of these sample restrictions drops many households and

we confirm in robustness tests that they do not meaningfully affect our results. Finally, we drop the

last two years in the data because our outcome variable requires that we observe current residents

for at least two years following the arrival of the new neighbor. Table 1 summarizes this sample.

[TABLE 1 HERE]

Our main sample is composed of 241,334 current resident-by-quarter observations where the

current resident got a new nearby neighbor. On average, 7.60% of these current residents will have

moved before two years has passed. And 24% of our sample got new neighbors affiliated with the

opposite party. We define opposite party neighbor as a dummy equal to one if the current resident is

Democratic and the new nearby neighbor is Republican or vice versa. If either the current resident

or the new neighbor is unaffiliated with either major party, we say that the two households are not

opposite party.

Our data set has two advantages. First, identifying the effects of home sale decisions made be-

cause of an aversion to nearby neighbor, as in Schelling (1969), separately from home sale decisions

made because of preferences for neighborhood characteristics, as in (Tiebout, 1956), almost by def-

inition requires parcel-level data. That is, in order to control for the effects of amenities, and thus

absorb relocation decisions made for Tiebout-style reasons, we need to include very fine geography-

9Our Census block level covariates are constructed using all registered voters found in the NCSBE voter files, which
includes renters, while the “households” we refer to are homeowners from the CoreLogic Solutions Real Estate who we suc-
cessfully match to the North Carolina voter registration data set. Households frequently contain more than one registered
voter.

10To isolate the effect of a particular new neighbor, we also drop observations where a current resident gets more than
one new nearby neighbor in the same quarter. This drops 1.24% of the pre-estimation sample.
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by-time fixed effects.11 This consequently necessitates treatment assignment to occur at a level

more granular than local neighborhood, regardless of what specific geography is being used to de-

fine neighborhood. Second, our long time series means we can observe new households arrive and

current residents leave. This is important since households with strong preferences for nearby neigh-

bors have likely already moved away and any purely cross-sectional test will therefore be difficult to

interpret.

3 The Identification Strategy

When trying to understand the importance of neighbors for households’ home sale decisions, a natu-

ral starting point is to look at the characteristics of households’ current neighbors. If households tend

to live near people who look or behave like them, then we might conclude that households actively

prefer to live near similar people. But this naive analysis is plagued by two serious endogeneity

concerns. One concern is that current residents with very strong preferences for neighbor-type may

have already moved away such that at any point in time, a households’ nearest neighbors may not

be randomly assigned, even conditional on very local geographies. We solve this problem by using

the arrival of new neighbors as a quasi-experiment. A second concern is that the demographics of a

neighborhood’s residents are highly correlated with the bundle of local amenities. Households may

choose to live near people who look and behave like them, not because of those shared characteris-

tics or beliefs, per se, but because they have common preferences for public goods, like public school

quality or police spending. We solve this problem by zooming in, past the level of local amenities,

all the way down to the parcel level. In this way, we compare current residents who share the same

bundle of local amenities, but whose nearest neighbors have different characteristics. In section 3.1,

we write down the explicit model we estimate. And in section 3.2, we clarify and test the validity of

our identifying assumption.

11A number of neighborhood-level amenities affects households’ relocation decisions including school quality (Black,
1999), criminal activity (Linden and Rockoff, 2008), pollution (Banzhaf and Walsh, 2008; Bayer et al., 2009), and access to
public transportation (Glaeser et al., 2008).
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3.1 The Empirical Strategy

To solve the two key problems, we design a novel, new neighbor approach. This strategy compares

two current residents living in the same census block group who both got new nearby (next-door or

two-doors-down) neighbors at the same time. The new neighbor component solves the endogenous

current neighbors problem and the shared neighborhood component solves the problem of endo-

geneity between neighbors’ characteristics and the provided amenity bundle. Our hypothesis is as

follows: If affective polarization affects real financial decisions, then current residents whose new

nearby neighbors are affiliated with the opposite party will be more likely to sell their homes than

current residents whose new neighbors are not. Specifically, we estimate the following equation:

Sell Next Two Yearsi =β×New Neighbor Opposite Partyi

+Controlsi ×Θ+ηgroup×quarter×party×race +εi, (1)

where Sell Next Two Yearsi is an indicator variable (= 100) if household i sells their home in the two

years following the arrival of the new nearby neighbor. New Neighbor Opposite Partyi is a dummy

(= 1) indicating that household i’s new nearby neighbor is affiliated with the opposite party. We

control for the homeowner’s age, birth state, race, party, and residential tenure; the size and age

of their residence; whether the new neighbor’s race is different than theirs; the number of new

arrivals to the block in the prior year scaled by the number of units on the block (our measure of

hyperlocal churn); and the block’s local politics (split into “blue”, “purple” and “red” blocks). In some

specifications we further control for the current resident’s down payment, a variable which is missing

for more than half of the sample (the half who moved in prior to when coverage of the deeds data

begins).

Since move-out rates vary across time and space, we must include geography and time fixed

effects in our model. Furthermore, some amenities might have different effects on people affiliated

with different political parties. For example, access to public transportation might be particularly

appealing to people affiliated with the Democratic party. This introduces a potential source of bias.

If current residents’ move-out rates vary by political party in ways that are correlated with the

new nearby neighbors’ politics, then using only a geography-by-time fixed effect is insufficient. A
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similar concern arises if our model uses white residents as controls for Black residents. Fortunately,

the richness of our data allows for a simple solution: We include in all specifications an incredibly

granular group-by-quarter-by-party-by-race fixed effect.

The inclusion of these fine fixed effect cells allow us to rule out neighborhood-amenity explana-

tions for move-out rates. Households living in the same census block group are exposed to similar

amounts of pollution and have similar access to public transportation. Neighborhood gentrification,

or other neighborhood changes that have a common effect on the move-out rates of people living in

the neighborhood, will therefore be absorbed and not bias our estimate of interest. All together, our

effect of interest is consequently estimated using only variation in the move-out rates of current res-

idents in the same neighborhood, at the same time, affiliated with the same party, and of the same

race, but whose new, quasi-randomly assigned neighbors have different political affiliations, all while

conditioning on a battery of control variables.

[FIGURE 1 HERE]

The granularity of our data combined with the inclusion in our model of very narrow fixed effect

cells means we can rule out amenity and gentrification-style stories and, in this way, advance the

literature on residential relocation by pinpointing the effect of neighbors, per se, over and above the

effects of neighborhood-level amenities and demographics. A trade-off of this strategy is that some

neighborhoods never conduct one of the quasi-experiments implied by our model. The test requires,

first, a mix of Democrats and Republicans to be currently residing and moving into the neighborhood

and, second, that these residents be owner-occupants, not renters. Therefore, neighborhoods that are

either already highly politically segregated or predominately inhabited by renters are not included

in the final sample. Figure 1 shows which block groups in North Carolina ever had two current

residents of the same party and race who both get new nearby neighbors, one of whom is the opposite

party as the current resident and one of whom is not, at the same time. As expected, downtown

areas that are predominately renter-inhabited and very rural areas that are either already politically

segregated or sparsely populated are not included in the model estimations.
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3.2 Validity of the Research Design

For our model to produce an unbiased estimate of the effect of interest, we assume that, when com-

paring current residents in the same census block group of the same party and race who got new

nearby neighbors at the same time, the political affiliations of their new nearby neighbors are as-

if random. We start by referencing the large body of work on neighbor peer effects that has used

multiple strategies to suggest that nearby neighbors are conditionally randomly assigned (Agarwal

et al., 2020; Bayer et al., 2021, 2008; Bollinger and Gillingham, 2012; Grinblatt et al., 2008; Gupta,

2019; McCartney and Shah, 2019; Towe and Lawley, 2013). Our assumption of new neighbors being

random is a weaker assumption than the assumption defended in these papers that all neighbors,

current and new, are random. To provide even more evidence, we use our detailed data to go a

step further. Specifically, with the wealth of current resident, property, and hyperlocal neighborhood

(census block) characteristics we observe in our data set, we can explicitly test if current residents

getting opposite party new neighbors look different on observables than those otherwise similar cur-

rent residents whose new neighbors are not opposite party.

[TABLE 2 HERE]

In Table 2, we present the results from a series of tests that compare the personal characteristics

of treated and control current residents. To create the table, we use the same strategy detailed in

Equation 1, but replace the outcome variable with a variety of ex ante characteristics of current

residents. We find no economic or statistical differences between the two groups. For example, the

estimate in column (1) shows that current residents who get new nearby neighbors of the opposite

political party have lived in their homes .046 quarters, or 4.2 days, less than similar current residents

whose new nearby neighbors were not affiliated with the opposite party. Moving along the table, we

reach a similar conclusion when investigating homeowner age, birth state, and partisanship, and,

when we can observe it, whether they purchased their home with cash and, if they used a mortgage,

whether it was a very high-combined-loan-to-value (CLTV) one.

[TABLE 3 HERE]

We continue to use similar logic in Table 3 where we test for differences between treated and

control current residents with respect to their property characteristics (square feet, year built, and
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assessed value), and characteristics of their census block (churn, and share Democratic). As before,

we find that treated and control current residents are economically indistinguishable. One statistical

difference is in the share of the block’s population registered with the Democratic party. We find that

treated current residents live on blocks that are .001 percentage points, or 0.3%, less Democratic

than control blocks. While statistically different, we view the difference as economically small and

unlikely to be able to explain our much larger main effect. Later, we take this possibility seriously

and conduct a robustness test that restricts our sample to just the most politically homogeneous

block groups.

The analysis conducted in the previous two tables is important because a natural concern is that

current residents treated with opposite party neighbors might be different than current residents

whose new neighbors are not affiliated with the opposite party. For example, one may worry that

young households are more likely to be treated or that opposite party arrivals will choose older,

cheaper houses. We address concerns of this nature by, at least when the outcome is observable, ex-

plicitly ruling them out in the data. All together, our consistent finding that observable characteris-

tics are uncorrelated with treatment assignment is compelling evidence in support of our identifying

assumption.

Throughout the paper we will present a number of secondary results that help to rule out con-

cerns related to either current residents’ characteristics or the characteristics of their hyperlocal

neighborhoods being different in ways that are both (i) unobservable to us and (ii) correlated with

treatment assignment and home sale decisions. But, for now, we point to our evidence that treated

and control current residents are identical along a number of dimensions. The results of the eleven

tests conducted in Table 2 and Table 3 give us confidence that that new neighbors are randomly

assigned to current residents and, therefore, that differences in current residents’ outcomes can be

attributed to differences in their new neighbors.

4 Main Result

[TABLE 4 HERE]

We present the main result of this paper in Table 4.12 We start in column (1) with the simplest

12Table A1 presents the complete list of control variables and their estimates.
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sample and research design. Looking at the full sample of current resident-by-quarter observations,

we see that the average current resident has a 6.32% likelihood of selling their home in the next

two years. We then regress the home sale decision on a dummy equal to one if the current resident

has at least one nearby neighbor affiliated with the opposite party. We find a huge difference in the

likelihoods of selling between current residents that have an opposite-party neighbor living nearby

(in one of the two homes on either side) and those that do not. Specifically, these residents are

1.104 percentage points, or 17.5%, more likely to sell within the next two years. But as discussed in

previous sections, this estimate is biased in two ways.

In column (2), we address the first source of bias. Current residents might be moving away

from opposite party neighbors, not because of a distaste for the neighbors themselves, but because

having opposite party neighbors is correlated with an imperfect local basket of provided amenities.

To absorb moves for these reasons, we include a super fine group-by-quarter-by-party-by-race fixed

effect. In so doing we compare two very similar current residents living in the same neighborhood at

the same time. Again, we find that current residents with opposite party neighbors are significantly

more likely to sell within two years. However, this estimate is also biased. Current nearest neighbors

are potentially not random if households with strong preferences for who their nearest neighbors are

have already moved in order to try and realize their preferences. To solve this problem, we turn to

our novel research design that compares current residents who got new nearby neighbors.

In column (3), we remove the fine fixed effects and produce an estimate of .782 percentage points

that is likely biased upwards (for the same reasons as the estimate in column (1)). In column (4), we

add the fixed effects back in. Here, we see that current residents treated with a new opposite-party

neighbor are 0.449 percentage points, or 6.1%, more likely to sell their homes than otherwise similar

current residents who, at the same time, also got a new neighbor but one not of the opposite political

party. Our identifying assumption is that by conditioning on such granular fixed effects, assignment

to the treatment is random. If this were the case, and given a large enough sample, the inclusion

of control variables would not matter. This is exactly what we find. Controlling for a number of

variables hardly moves the estimate at all, as shown in column (5) (estimates are presented in detail

in Table A1). In this case, current residents who get a new nearby neighbor of the opposite party are

0.409 percentage points or 5.4% more likely to sell their homes within two years.

An effect size of 0.409 percentage points may seem small. But recall that selling and then moving
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is extraordinarily costly. Selling alone costs an average of $20,000 and moving costs, while varying

wildly, are never cheap. Given the high financial costs of moving, this setting might be the place

we would be least likely to observe an effect of affective polarization. Posting on social media and

responding to surveys is cheap. But here, that we find any effect at all, is striking evidence that, on

average, residents derive strong disutility from living near people affiliated with the opposite party.

In our final specification, presented in column (6), we consider the importance of negative equity and

housing lock (Bernstein and Struyven, 2017). While we do not observe current residents’ month-to-

month equity positions, we do observe, for a subsample, their down payments. When we include four

different buckets of CLTV at time of purchase, we document an effect similar in magnitude to that

of our preferred estimate in column (5).

5 Robustness of the Main Result

In the following subsections, we conduct a number of tests to demonstrate the robustness of the main

result and rule out the most likely alternative explanations: (i) that treated and control residents

are different on unobservables or (ii) that the hyperlocal neighborhoods around treated and control

residents are different on unobservables.

5.1 Timing

A standard test to rule out the concern that differences in unobservables bias our estimates is to

compare pre-trends of the treatment and control groups. But the way our empirical strategy is

designed means we cannot conduct a standard pre-trends analysis. Our sample, by construction, is

composed of only current residents who get new nearby neighbors. Households that moved out prior

to the arrival of the new neighbor’s arrival are, therefore, not in the sample. Put another way, the

“pre-trend”, were we to graph it, would simply be a flat line on the x-axis since, by construction,

none of the households in our sample sold their homes before the new neighbor’s arrival. Instead,

we propose a test that has the same motivation as a pre-trends analysis and takes advantage of the

significant frictions in the residential real estate market, namely the time it takes to sell a home.

We assume that the time between when the current resident decides to move away and the

closing on the sale of their home (which is what we observe in the deeds data) is at least several
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months. Therefore, move-outs we observe immediately after the new nearby neighbor’s arrival are

unlikely to be caused by the new neighbor themselves. For example, if getting a new nearby neighbor

affiliated with the opposite party was correlated with some hyperlocal amenity change that was

attracting households of one party while pushing away those of the other, then we would expect to

see a (spurious) immediate “effect” of the new neighbor’s arrival. To conduct this test, we repeatedly

estimate Equation 1 but vary the dependent variable. Instead of estimating the effect on sell within

two years, we investigate the effect on sell within one quarter, within two quarters, and so on. Note,

by construction, this test no longer drops households that move out in the quarter immediately after

getting a new nearby neighbor. As a result, the coefficient estimate when the dependent variable is

move-out within eight quarters (or two years) will not match the main result, column (5), of Table 4.

We then plot these estimated coefficients in Figure 2.

[FIGURE 2 HERE]

We find that the estimates increase in magnitude and significance over time. Our interpretation

is that the repellent effects of an opposite-party nearby neighbor take time to materialize. We pro-

pose two likely explanations. First, current residents take time to learn about their new neighbor’s

type. They might not know immediately if the new neighbors believe that wearing masks during a

pandemic infringes on First Amendment rights, or if anybody driving a non-electric car should be

treated with contempt. (We will discuss underlying mechanisms more in later sections.) Second,

even if current residents have learned enough to know they want to move, it takes time to actually

realize that preference since listing their current home, selling their current home, and finding a

new home all require significant time and other transaction costs.

We further view our timing results as inconsistent with hyperlocal gentrification or hyperlocal

amenity explanations. If there was some hyperlocal amenity that was attracting those affiliated with

one party to a very local part of the neighborhood while pushing away those of the other party, then

we would not expect to see this time lag. Rather, the attracting and repelling forces of the hyperlocal

amenity would operate equally on both parties such that the opposite-party neighbor effect would be

immediately and spuriously positive. But this is, of course, not what we find.
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5.2 Ruling out Variation in Hyperlocal Neighborhoods

In this section, we continue to address the possibility that our results are being driven by hyperlocal

variation in neighborhoods, occurring within block groups and therefore not absorbed by our neigh-

borhood fixed effects. If this were the case, we might expect to see either significant variation in

observables, which we do not, or that treated households are immediately more likely to move out,

which we, again, do not. However, it is possible that unobserved differences, especially with respect

to expectations about how hyperlocal neighborhoods might change, do exist. To rule out this alter-

native explanation we (i) conduct two different tests that take advantage of distances between new

neighbors and current residents and (ii) restrict our sample to just the most homogeneous neighbor-

hoods where variation in hyperlocal neighborhoods is least likely.

5.2.1 Distance Tests

First, we re-estimate our main model, but allow the effect of getting a new opposite-party nearby

neighbor to vary based on how close, precisely, the new neighbor lives to the current resident. If

changes in local amenities were systematically pushing away some types of residents, we would

expect all current residents who get opposite party nearby neighbors to be similarly (and spuriously)

affected by the arrival of the new neighbor, regardless of precisely how nearby the new neighbor

lives.

[TABLE 5 HERE]

To create Table 5, we calculate the distance between current residents and their neighbors and

discretize that difference into three categories. We find that it is especially at parcels where new

opposite-party neighbors live very, very close by (less than .015 miles or 80 feet) that current resi-

dents are more likely to move away after the new neighbors arrive. In column (4), we estimate our

model on the full sample and interact the main effect with the distance categories and reach the

same conclusion as in columns (1) through (3). If changes in local amenities were systematically

pushing away some types of residents, we would expect all current residents of the affected party to

move away, regardless of precisely how nearby the new neighbor lives, but this is not what we find.

Instead, the result in Table 5 is more consistent with current residents preferring not to live very
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nearby to neighbors affiliated with the opposite party, but a buffer of 80 feet or more being enough to

limit the negative effects.

Our second test adjusts our main strategy by changing the control group. In this test, we compare

households who got new nearby neighbors of the opposite party to other households of the same race

and party and on the same census block (as opposed to block group) who did not get new nearby

neighbors. In other words, we compare otherwise identical households that vary only in how far

away they live from the same new opposite-party neighbor. One lives immediately next-door or two-

doors down while the other lives just on the same block.

This strategy has the further advantage that, by relaxing the requirements for being a control

household, the sample gets much larger and the model can therefore accommodate an especially fine

block-level fixed effect. This helps rule out the hypothesis that getting a new opposite-party neighbor

is correlated with hyperlocal neighborhood attributes that push away or attract similar households.

For example, Asquith et al. (2019) finds that new construction affects properties within one block and

fades beyond that distance, while Pennington (2020) shows the area of affect to be about 1000 meters.

Regardless, by looking within block in this test, we need not worry about the results documented in

either of these papers biasing our estimates.

[TABLE 6 HERE]

We present the results of this test in Table 6. In column (1), we show that treated current

residents are 0.419 percentage points, or 6.1%, more likely to move out within two years than other

residents on the same block who live slightly farther away from the new neighbor. In column (2), we

restrict to a one-to-one match. That is, for each treated current resident, we find the most similar

same-block control current resident. The results, after this sample restriction, are similar to those

estimated in column (1).

5.2.2 Homogeneous Neighborhoods

Our key assumption is that within a census block group, new neighbors could have picked any vacant

house with equal probability. However, while census block groups are very small (a block group has

an average of just over 100 households in our sample), variation in hyperlocal areas within block

groups is still possible. For example, we might be concerned that there exists a neighborhood with
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one block that is particularly liberal or one block with particularly high house prices. Our next

strategy for ruling out the alternative explanation that this variation drives our main result is to

conduct our tests just in especially homogeneous neighborhoods where our identifying assumption is

most likely to be valid.

[FIGURE 3 HERE]

In Figure 3, we calculate the difference in the share of current residents affiliated with the

Democratic Party between the most and least Democratic blocks in the block group. We say that

the smaller this difference, the more homogeneous the block group. If it was the case that hyper-

local sorting was more prevalent in very heterogeneous neighborhoods, then we would expect to see

stronger (but spurious) results in those areas. However, our results are, if anything, strongest in the

most homogeneous block groups, where the validity of our assumption is most likely to hold.

[FIGURE 4 HERE]

Next, we calculate the interquartile range of assessed house prices in each block group. That is,

block group by block group, we calculate the difference between the 25th and 75th percentile house

price. When this difference is large, one part of the block group may be nicer than another part, and

block groups where this difference is the smallest are likely the most homogeneous. Therefore, by

focusing on those block groups where the difference is the smallest, we can limit the sample to just

those neighborhoods where we are most confident that new arrivals are indifferent between specific

parcels. As before, we find consistent results across subsamples. We view the very consistent effect

sizes in Figure 3 and Figure 4 as compelling evidence that our results are not driven by hyperlocal

variation, at least insofar as hyperlocal variation is manifested in hyperlocal political differences or

house price dispersion.

5.3 Other Robustness Tests

[TABLE 7 HERE]

The next concern we tackle is one of uncommon support between the treatment and control group

that invalidates our inference. Our solution to this problem is to use a coarsened exact matching
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methodology (Iacus et al., 2011, 2012) that helps reduce imbalances between treatment and control

current residents. In our version of this methodology, we require that every treated household –

those who got new opposite-party nearby neighbors – match to at least one control household – those

with new neighbors not affiliated with the opposite party. To be a valid match, treated and control

households must share the same census block group, party, and race and must both have gotten a new

nearby neighbor in the same calendar quarter. The upshot is that group-by-quarter-by-party-by-race

fixed effect cells that do not contain both a treated household and a control household are omitted

from the sample. This methodology ensures that our results in Table 4 are not driven by differences

in the support of the treatment and control groups. While this sample is smaller, reflecting the

strict requirements of the match, it is one where we are particularly confident that the control group

provides a good counterfactual. The results, presented in column (1) of Table 7 are similar in both

economic and statistical significance to our main results.

Furthermore, to be a treated household requires getting a new nearby neighbor of the opposite

political party. That is, we say that a pair of next-door neighbors are opposite-party neighbors if, and

only if, one is Democrat and the other is Republican. Note that this means there are seven pairwise

combinations of Democrat, Republican, and unaffiliated households defined as not-opposite and used

in Table 4 for estimating the main effect. In this matching methodology, though, all current residents

are, by construction, either Democrats or Republicans. Therefore, our result from column (1) of Table

7 shows that our main results are robust to omitting unaffiliated households from the analysis.

In columns (2) and (3) we vary the level at which we cluster our standard errors. In both cases,

the results remain statistically significant at conventional levels.

Our next tests, presented in columns (4) and (5), address the concern that new neighbors might

avoid particularly partisan current residents. Specifically, households searching for a new home

might be able to infer the political affiliation and partisan intensity of a potential neighbor by ob-

serving their yard signs in the months leading up to elections. We take this concern head on and

simply drop all observations where the new neighbor moved in during an election year. In column

(4), we drop observations where new neighbors arrived during presidential election years (2008 or

2012) and in column (5) we further drop observations where new new neighbors arrived during any

election year. Despite the large drop in sample, the results are remarkably consistent and remain

statistically significant. This consistency suggests that new arrivals to the neighborhood are not
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choosing parcels based on inferences about the political affiliations of their potential new next-door

neighbors.

Another potential concern is that elementary schools districts, which can be very small, might

not encompass entire block groups (Caetano and Macartney, 2021). Previous work has shown that

households’ location decisions are motivated by local schools (Bayer et al., 2007; Black, 1999), so the

possibility that differences in elementary schools drive our main result requires investigation. We

acquire data on elementary school district boundaries (school attendance areas for first grade) for the

year 2009-2010 from the School Attendance Boundary Information System (SABINS). To investigate

the concern that variation in elementary schools within block groups biases our main result, we focus

on the sample of block groups that are served by precisely one elementary school.13 In column (6)

of Table 7, we show that the effect of a new opposite-party nearby neighbor is statistically indistin-

guishable when estimated using our full sample and when estimated using the subsample of block

groups served by precisely one elementary school. As further evidence, recall that our consistent

results in Table 6 use variation within census block, where, in almost all cases, residents are served

by the same school.

In the last test presented in Table 7, we acknowledge that by looking just at sell decisions we

ignore residents who would prefer to leave but might not be able to sell. In column (7), we estimate

the same model as before, but replace the outcome variable with sell or list. The sample mean of this

variable is higher, at nearly 10% as opposed to 7.5%, reflecting that there are people who list their

homes but do not sell them. That said, the effect of getting a new nearby neighbor of the opposite

party continues to have a similar effect.

Finally, we acknowledge that by choosing just one preferred specification in Table 4, we are mak-

ing decisions that are “defensible, arbitrary, and motivated” (Simonsohn et al., 2020). To address this

concern, we follow the direction of Simonsohn et al. (2020) and conduct a specification curve analysis,

presented in Figure 5.

[FIGURE 5 HERE]

The key modelling assumptions we make in our main test are how to limit the sample, which

control variables to include, and what geography and time fixed effects to use. The main sample

13Approximately 13% of our sample live in block groups with missing school district boundary data.
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is that used in Table 4, the full sample is the same as the main sample but without the sample

restrictions,14 and the matched sample restricts to just treated and control households with common

support. In Figure 5, we re-estimate our effect of interest using 164 different specifications. The

consistently positive and significant estimates illustrate the robustness of our main result to these

modelling choices.

6 Evidence Supporting an Affective Polarization Mechanism

We view the evidence presented so far as sufficient to confidently conclude that neighbors themselves,

over and above any correlation that neighbors’ attributes have with neighborhood amenities, matter

for current residents’ home sale decisions. Specifically, current residents move out when new neigh-

bors affiliated with the opposite party move in nearby. As discussed in the introduction, animosity

between partisans is a natural potential mechanism. 28% of Americans respond that they would

be somewhat upset or very upset if their child were to marry someone from the opposite party.15

15% percent of respondents in a different survey answered “yes” when asked, “Do you think we’d be

better off as a country if large numbers of [opposing party] in the public today just died?” (Kalmoe

and Mason, 2019). Our hypothesis is that this clear distaste for members of the opposite party is

the mechanism behind our main results. In this section, we more deeply explore and discuss this

possibility.

6.1 Degree of Partisanship

First, we investigate the heterogeneity of our effects over variation in partisanship of the current

residents and their new nearby neighbors. Our samples have so far included all residents who got

new neighbors, regardless of how politically engaged they are. Among the sample of registered

voters, though, some people identify with their registered political party more than others and also

dislike members of the opposite party more. In other words, if our hypothesis of partisan-fueled

selling is correct, we would expect to see that more partisan neighbors have stronger effects on

surrounding households. To measure how intensely people affiliate with their party, we turn to the

14The sample restrictions drop small blocks, residents who do not live through an election, residents who have not lived
in their homes for at least a year, and residents who move out in the quarter immediately following the new nearby
neighbor’s arrival.

15Source: https://docs.cdn.yougov.com/t0hi1tcqs5/econTabReport.pdf.
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voter history files. We can observe every election each voter participated in, and we therefore can

create a time-invariant measure of partisanship based on the election data in our sample period. We

classify voters as partisan if they participated in more than 75% of the federal elections in which

they were eligible to vote. Participation is affected by many factors, but our motivation for this proxy

can be summarized as follows: Registered voters who vote frequently are more likely to be especially

partisan.16 We then re-estimate our main test on different subgroups of current resident and new

nearby neighbors. The results of this analysis are presented in Table 8.

[TABLE 8 HERE]

In columns (1) and (4), we compare current residents who got new nearby neighbors who were

non-partisan to those we tag as partisan. In column (1) we find that current residents, on average,

are unaffected by new neighbors if those new neighbors are non-partisan. Note that these new

neighbors are, as before, affiliated with the opposite party. Our interpretation of this null result is

entirely consistent with neighbors themselves mattering. In this case, the characteristic of interest –

political affiliation – is unlikely to be especially salient to the new neighbor’s surrounding residents,

so, naturally, the current residents are unaffected by it. In contrast, in column (4) we look at just new

neighbors who are partisan. Here we document a large and significant effect. The average resident

is 1.025 percentage points or 15.6% more likely to move after getting a partisan new neighbor of the

opposite party compared to a resident who got a partisan new neighbor of the same party (unaffiliated

voters are very rarely classified as intense).

In columns (2), (3), (5), and (6) we also take subsamples of current residents. From this analysis,

we conclude that the effects of new partisan neighbors are especially strong on non-partisan current

residents. One interpretation is that households who would rather ignore politics entirely especially

dislike living nearby people of the opposite political affiliation when those households are also es-

pecially likely to make their feelings known. In column (6), when both households are partisan, we

estimate a statistically insignificant effect, but the large standard errors may be the result of a rela-

tively small sample size. When we move on to a fully interacted model in column (7), we again find

that living nearby to partisan households makes all residents more likely to relocate.

16This claim is supported by survey data from the Pew Research Center: https://www.pewresearch.org/politics/2014/06/12/section-
5-political-engagement-and-activism/.
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[TABLE 9 HERE]

Our proxy for partisanship has two important limitations. First, prior work has shown that resi-

dents’ political decisions are endogenous to their neighbors’ political decisions. Specifically, residents

are more likely to be politically active when surrounded by same-party neighbors (Perez-Truglia,

2018; Perez-Truglia and Cruces, 2017). Second, our proxy assumes that partisanship does not change

over time. To provide further evidence on the importance of partisanship, we adjust our measure to

be a function of only those participation decisions made immediately prior to the new nearby neigh-

bor’s arrival. Specifically, we classify current residents as either “voting”, if they voted in the most

recent federal election before the arrival of the new neighbor, or non-voting, if they did not. Note,

since we cannot observe the prior participation decisions of arrivals, this new measure only applies

to current residents. We conduct this analysis in Table 9. The main takeaway from this analysis

is mostly the same as before: Current residents are affected most by new neighbors who are highly

partisan.

These results argue for the importance of political affiliation and affective polarization as neigh-

bor attributes. Specifically, current residents dislike living near those affiliated with the opposite

party, something that might only be known of households who are the most partisan. These results

also help us rule out the unobserved hyperlocal amenity explanation for our main result. If political

sorting was just the result of changes to local neighborhoods that attracted certain types of people

and pushed away others, such neighborhood effects would have to channel only through new res-

idents who frequently vote. Therefore, we interpret these results as evidence consistent with an

opposite-party neighbor effect that is driven, at least in part, by political polarization and the hostil-

ity with which some party affiliates treat those associated with the opposite party. And the driver of

the average effect is mildly political people finding themselves living next door to others who (i) have

different views, preferences, and behaviors and (ii) are especially likely to care very deeply about

that and make it known that they do.

6.2 Changes Over the Time Series

Our final tests are motivated by the growing importance of political polarization and affective polar-

ization in the United States (Iyengar et al., 2019). We are interested in whether the effect of nearby
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opposite-party neighbors has also increased in more recent years, as we might expect if affective

polarization is indeed the channel behind the main result. To test this, we estimate equation 1 after

splitting our sample into an earlier (2006-2009) and a later (2010-2013) period. 2005 is omitted to

ensure an even split based on years and federal elections.

[TABLE 10 HERE]

Table 10 presents the result. In the subsample analysis, presented in columns (1) and (2), we

see that the effect is not statistically different from zero in the earlier period but becomes so in the

later period. In column (3), we use the full time series and find that the effect of getting an opposite

party neighbor approximately doubles in the later period, though the estimates are not statistically

significant at conventional levels. Modelling assumptions aside, we believe the results in Table 10

are more consistent with neighbors and their politics mattering than the alternative hypothesis

that getting opposite nearby neighbors is correlated with changes in hyperlocal amenities. To the

best of our knowledge, there is no empirical evidence that the importance of hyperlocal amenities

to residential relocation decisions has changed between the 2006-2009 and 2010-2013 time periods.

Instead, since affective polarization is on the rise, the fact that we document an increase over time in

the effect of getting an opposite-party nearby neighbor is more consistent with a distaste for nearby

neighbors at the other end of the political spectrum.

7 Conclusion, Other Potential Mechanisms, and Future Directions

Until now, the extant literature has shown little evidence that the political affiliations of households’

social connections – their neighbors, co-workers, and friends and family – affect their financial de-

cisions. In this paper, we contribute new evidence that households’ home sale decisions are affected

by the political affiliations of their very nearest neighbors. Cleanly identifying this real effect of po-

litical identity moves the literature forward in an important way. Politics as identity and hostility

to those of the opposite party are increasingly important features of our society, and it is crucial we

understand if these have real effects on household finance.

One limitation of our data is that we cannot say whether households are averse to out-party

neighbors because they differ in political affiliation, per se, or because they have different views on
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the Tax Cuts and Jobs Act, the #MeToo movement, or mask wearing during viral pandemics. How-

ever, the increase in issue polarization means that political party; views on immigration, abortion,

gun control, and vaccinations; preferred television shows, and even coffee preferences are strikingly

correlated (DellaPosta et al., 2015; Mason and Wronski, 2018). In this paper, we follow the large

literature in political science and choose to treat political affiliation as a bundled package, leaving

the underlying factors that drive partisan bias and affective polarization inside a black box. That

said, there are some potential mechanisms we can rule out.

One important possibility is that current residents are not moving away from people of the oppo-

site party, but rather people of the opposite race. Indeed, a large literature has explored how having

preferences for neighbors of a particular race affects the demographics of cities (see, for example,

Boustan (2010), Card et al. (2008), and Bayer et al. (2004)). In our setting, since we observe the race

of all households and all neighbors, we can control explicitly for the effect of opposite-race neighbors

on home sale decisions. Consequently, we can confidently conclude that our results are not driven by

a dislike of opposite-race neighbors masquerading as a dislike of opposite-political party neighbors.

[TABLE 11 HERE]

We next follow a similar methodology to our validity assumption tests except here, in Table 11,

we compare the new neighbors themselves. Some of these new neighbors are the opposite-party

neighbors inducing a current resident to be treated. Others are not opposite-party and instead put

a current resident into the control group. In comparing these two groups, we see that, despite their

different party affiliations, they are remarkably similar. Most importantly, we show that they are no

more likely to pay cash or use high-CLTV mortgages and that they pay basically an identical price

for very similar properties. We view this as evidence that the differences in incomes of the two new

arrivals are unlikely to be an important driver of our main finding.

Trying to understand the root causes of affective polarization is an immense challenge that future

work will likely be wrestling with for years. In this paper, we take as given that people claim to not

like those affiliated with the opposite party. What we contribute in this paper is the first evidence

that this reported distaste for members of the opposite party – whatever its precise underlying causes

– affects a real, and important, household financial decision, namely house sales.

In summary, we document that an aversion to living near members of the opposite party is an im-
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portant factor in households’ home sale decisions. Our causal test shows that households are willing

to sell their homes and move – an enormously costly activity – when presented with opposite-party

neighbors. Our paper contributes to a number of research agendas by (i) disentangling the role of

neighbors and amenities in home sale decisions, (ii) documenting a potential cause of political seg-

regation, and (iii) identifying an economically important real effect of politics on household financial

decision making.
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Figure 1: Map of Coverage of FE Cells

This figure shades in dark blue the census block groups in North Carolina where at least one “experiment” occurs at some point in the
sample.
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Figure 2: The Effect Over Time of a New Opposite-Party Nearby Neighbor

This event study presents our analysis from column (2) of Table 4, which estimates the relative
likelihood of moving out after getting a new neighbor of the opposite political party compared to a
current resident in the same block group, of the same race and party affiliation, who at the same
time got a new neighbor not affiliated with the opposite party. To create this figure we we vary
the dependent variable across different time horizons. I.e., what is the relative likelihood that the
treated resident moved out after some number of quarters. The data set contains only the quarter
when the current resident got a new next-door neighbor conditional on both the current resident and
the new neighbor existing in the merged CoreLogic Solutions Real Estate and North Carolina voter
registration data set. The sample used to create this figure is different from the sample used in Table
4 in that this sample includes current residents who moved out in the quarter immediately following
the new neighbor’s arrival. For this reason, the estimated coefficient when looking at 8 quarters
since new neighbor arrival is not identical to that estimated in Table 4. 95% confidence intervals are
plotted with dashed lines.
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Figure 3: Block Group Homogeneity - Politics

To create this figure we estimate our main model on a number of subsamples. The sample and models
used are identical to Table 4. For each census block group by quarter, we calculate the difference
between the Democratic block share of the most Democratic block in the block group and the least
Democratic block in the block group. We then take subsamples of the main sample with increasingly
small differences.
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Figure 4: Block Group Homogeneity - Price

To create this figure we estimate our main model on a number of subsamples. The sample and models
used are identical to Table 4. For each census block group, we calculate the interquartile range in
assessed house price in each year. We then take subsamples of the main sample with increasingly
small interquartile ranges.
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Figure 5: Specification Curve for Strategy 1

To create this figure we estimate 164 alternative specifications as suggested by Simonsohn et al.
(2020). We use three samples. The main sample is that used in Table 4, the full sample is the same
as the main sample but does not drop small blocks, residents who do not live through an election,
residents who have not lived in their homes for at least a year, or residents who move out in the
quarter immediately following the neighbor’s arrival, and the matched sample is that used in column
(1) of Table 7. Current resident control variables include homeowner party, race, age, birth state, and
tenure, along with an interaction between homeowner and neighbor race. Property controls include
property size and age. And neighborhood controls include hyperlocal churn and block-level political
make-up. Finally, we vary the fixed effects we use. Our primary approach is detailed more specifically
in Table 4 and highlighted in blue.
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Table 1: Describing the Sample of Households Who Got New Nearby Neighbors

This table describes the sample of current resident-by-quarter observations where the current resident got a
new nearby neighbor (nearby properties are those up to two houses down on either side) and both the current
resident and the new neighbor exist in the merged CoreLogic Solutions Real Estate and North Carolina voter
registration data set. The sample is restricted to blocks with at least twenty registered voters and to owners
who have lived at least one year in their home, have lived through an election, and who did not move away
in the quarter immediately following the new neighbor’s arrival. The home sale variable comes from the
CoreLogic Solutions Real Estate deeds data. The political party and demographics information come from
the voter registration data. Partisan equals 1 if the individual voted in at least 75% of the federal elections
over their registration period. This information comes from the voter history file. The property characteristics
come from the CoreLogic Solutions Real Estate assessor data. Opposite party equals 1 if the current resident
is a Democrat and the new neighbor a Republican or vice versa and 0 otherwise. Different race equals 1 if the
current resident is non-white and the new neighbor is white or vice versa and 0 otherwise. Block churn rate is
the number of new arrivals to the block in the prior year divided by 4, divided again by the number of housing
units on the block as of the 2010 census, and then multiplied by 100.

Count Mean Std Dev

Dependent Variable
Sell within 2 Years (0-100) 241,334 7.60 26.51

Current Resident Politics
Democrat 241,334 0.37 0.48
Republican 241,334 0.46 0.50
Unaffiliated 241,334 0.17 0.38
Partisan 241,244 0.50 0.30

Current Resident Demographics
Race: White 241,334 0.82 0.38
Race: Black 241,334 0.17 0.37
Homeowner Age (Years) 241,334 49.13 13.65
Born in NC 241,334 0.29 0.45
Tenure (Quarters) 241,334 16.80 9.92

Property Characteristics
Year Built 241,334 1989 18
Building Sq Ft 241,334 2,523 1,040

New Nearby Neighbor Politics
Opposite Party 241,334 0.24 0.42
Democrat 241,334 0.34 0.47
Republican 241,334 0.38 0.49

New Nearby Neighbor Demographics
Different Race 241,334 0.22 0.42

Census Block Characteristics
Block Churn Rate 241,334 2.24 2.68
Share Block Peers Democrat 241,334 0.35 0.16
Share Block Peers Republican 241,334 0.36 0.14
Share Block Peers Opposite Party 241,334 0.24 0.16
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Table 2: Balance Test – Comparing the Current Resident Characteristics of the Treatment and Control Groups

This table presents the coefficient estimates of the “effect” of getting a new opposite-party nearby neighbor on a number of outcomes related
to characteristics of the current residents themselves. The sample is identical to the one used in our main tests. Control variables include
all those included in the main test reported in column (5) of Table 4, except for the variable that is being analyzed on the left hand side.
Standard errors, adjusted for clustering at the tract-by-year level, are reported in parentheses. Variables are as defined in the text and
Table 1. Cash purchase is observed only for those current residents’ whose purchase loan we observe. CLTV > 95% equals 1 if the current
resident’s purchase mortgage had a combined loan-to-value ratio above 95%. This variable is defined only for those current residents whose
mortgage amount was strictly greater than 0. *, **, and *** denote statistical significance at the 10%, 5%, and 1% level, respectively.

Dependent Variable: Tenure (Qtrs) Age (Years) Born in NC (=1) Partisan (=1) Cash Purchase (=1) CLTV > 95% (=1)

Sample: Current Residents Who Got New Nearby Neighbors

(1) (2) (3) (4) (5) (6)

New Nbr Opp Party -0.046 0.083 -0.001 0.003 -0.002 0.003
(0.042) (0.093) (0.003) (0.003) (0.004) (0.006)

Control Variables X X X X X X

Fixed Effects
Group × Qtr × Party × Race X X X X X X

Counts
N 241,334 241,334 241,334 241,334 89,043 74,484
Fixed Effect Cells 73,256 73,256 73,256 73,256 32,142 27,375

Sample Means
Dependent Variable 16.80 49.13 0.29 0.25 0.12 0.67
New Nbr Opp Party 23.62 23.62 23.62 23.62 22.55 22.27
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Table 3: Balance Test – Comparing the Property and Block Characteristics of the Treatment and Control Groups

This table presents the coefficient estimates of the “effect” of getting a new opposite-party nearby neighbor on a number of outcomes related
to characteristics of the current resident’s property and their hyperlocal neighborhood (census block). The sample is identical to the one
used in our main tests. Control variables include all those included in the main test reported in column (5) of Table 4, except for the variable
that is being analyzed on the left hand side. Standard errors, adjusted for clustering at the tract-by-year level, are reported in parentheses.
Variables are as defined in the text and Table 1. *, **, and *** denote statistical significance at the 10%, 5%, and 1% level, respectively.

Dependent Variable: Log Bldg Sqft Home Age Log Assd Value Block Churn Rate Block Dem Share

Sample: Current Residents Who Got New Nearby Neighbors

(1) (2) (3) (4) (5)

New Nbr Opp Party -0.003 -0.010 -0.002 -0.017 -0.001∗∗∗

(0.002) (0.081) (0.002) (0.017) (0.000)

Control Variables X X X X X

Fixed Effects
Group × Qtr × Party × Race X X X X X

Counts
N 241,334 241,334 206,184 241,334 241,334
FE Cells 73,256 73,256 62,346 73,256 73,256

Sample Means
Dependent Variable 7.75 19.99 12.24 2.24 0.35
New Nbr Opp Party 23.62 23.62 23.28 23.62 23.62
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Table 4: The Effect of Opposite-Party Nearby Neighbors on Current Residents’ Home Sales

This table presents the coefficient estimates of the effect of new neighbors’ political affiliations on current
residents’ home sale decisions. In columns (1) and (2), the sample consists of all current residents and the
independent variable is a dummy equal to 1 if any of the households’ nearby neighbors are affiliated with
the opposite party. In columns (3)-(6), the sample consists of all current resident-by-quarter observations
where current residents get a new nearby neighbor and the independent variable is a dummy equal to 1 if
the new nearby neighbor is affiliated with the opposite party. Nearby neighbors are those living either one
or two houses down and within 0.1 miles. All current residents have between 0 and 4 nearby neighbors.
We require that both the current resident and the nearby neighbor exist in the merged CoreLogic Solutions
Real Estate and North Carolina voter registration data set. The sample is restricted to blocks with at least
twenty registered voters and to owners who have lived at least one year in their home and have lived through
an election. Control variables include homeowner party, race, age, birth state, and tenure; an interaction
between homeowner and neighbor race; property size and age; and block-level churn and share Democrat.
All coefficient estimates correspond to a percentage point (0-100) change in the probability of selling at some
point in the next two years. In column (2), the count of fixed effect cells refers to the number of distinct block
group-by-quarter-by-party-by-race observations present in the full sample. In columns (4)-(6), it refers to the
number of distinct block group-by-quarter-by-party-by-race observations in the sample of current residents
who just got new nearby neighbors. See Table A1 for the complete list of control variables and their estimated
coefficients. Standard errors, adjusted for clustering at the tract-by-year level, are reported in parentheses. *,
**, and *** denote statistical significance at the 10%, 5%, and 1% level, respectively.

Dependent Variable: Current Resident Sold within 2 Years (=100)

Sample:
All Current Current Residents Who Got
Residents New Nearby Neighbors

(1) (2) (3) (4) (5) (6)

Has Nbr Opp Party 1.104∗∗∗ 0.282∗∗∗

(0.043) (0.044)
New Nbr Opp Party 0.782∗∗∗ 0.449∗∗ 0.409∗∗ 0.651∗

(0.111) (0.182) (0.194) (0.343)

Control Variables X X

Fixed Effects
Neighbor Party X X
New Neighbor Party X X X X
Group × Qtr × Party × Race X X X X
CLTV Bucket X

Counts
N 21,199,330 21,094,989 358,046 260,378 241,334 89,043
Fixed Effect Cells 743,703 78,604 73,256 32,142

Sample Means
Dependent Variable 6.32 6.33 7.07 7.40 7.60 7.52
Has Nbr Opp Party 15.71 15.71
New Nbr Opp Party 23.77 23.73 23.62 22.55
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Table 5: Heterogeneity over Distance to the New Nearby Neighbor

This table estimates the same model as column (5) of Table 4 on strict subsets of the sample used in
Table 4. Specifically, we split current residents who got new neighbors into three groups based on the
distance between their house and the house the new neighbor moved into. The distance thresholds
for these three groups are: (1) 0 to 0.015 miles from the new neighbor, (2) greater than 0.015 but less
than or equal to 0.03 miles from the new neighbor, and (3) greater than 0.03 but less than 0.1 miles
from the new neighbor. Control variables include all those included in the main test reported in
column (5) of Table 4. Standard errors, adjusted for clustering at the tract-year level, are reported in
parentheses. *, **, and *** denote statistical significance at the 10%, 5%, and 1% level, respectively.

Dependent Variable: Current Resident Sold within 2 Years (0-100)

Sample: Current Residents Who Got New Nearby Neighbors

Subsample, Distance to Neighbor (Miles): 0 – 0.015 0.015 – 0.030 0.030 – 0.100 All

(1) (2) (3) (4)

New Nbr Opp Party 1.602∗∗ 0.236 0.571 1.508∗∗∗
(0.762) (0.351) (0.380) (0.434)

Distance: 0.015 – 0.030 Miles -0.173
(0.223)

Distance: 0.030 – 0.100 Miles -0.655∗∗∗
(0.250)

New Nbr Opp Party × 0.015 – 0.030 Miles -1.421∗∗∗
(0.470)

New Nbr Opp Party × 0.030 – 0.100 Miles -1.164∗∗
(0.493)

Control Variables X X X X

Fixed Effects
Group × Qtr × Party × Race X X X X

Counts
N 23,992 82,381 64,112 241,334
Fixed Effect Cells 9,553 30,697 24,449 73,256

Sample Means
Dependent Variable 9.03 7.82 6.72 7.60
New Nbr Opp Party 21.33 23.39 24.42 23.62
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Table 6: Within Census Block Analysis

This table estimates the effect of a new opposite-party neighbor on current residents who live very
nearby (one or two doors down) compared to current residents who (i) did not get new nearby neigh-
bors and (ii) live on the same block. The sample used in the first column includes all current resident-
by-quarter observations where a current resident got a new nearby neighbor of the opposite party.
We then add to the sample current residents on the same census block, in the same quarter, affil-
iated with the same party, and of the same race who did not receive a new nearby neighbor. The
control variables and other sample restrictions are otherwise identical to column (5) of Table 4. In
column (2), we further restrict the control group by using age group, ethnicity, born in NC, residential
tenure, year built, house square feet, and land square feet as tiebreakers such that we are left with a
one-to-one-match between treated current residents and same-block, same-quarter, same-race, and
same-party control current residents. Standard errors, adjusted for clustering at the tract-year level,
are reported in parentheses. *, **, and *** denote statistical significance at the 10%, 5%, and 1%
level, respectively.

Dependent Variable: Current Resident Sold within 2 Years (0-100)

Sample:
Current Residents Who Got One-to-One Matched

New Nbhd Nbrs & All Matches Subsample

(1) (2)

New Nbr Opp Party 0.419∗∗∗ 0.345∗

(0.151) (0.203)

Control Variables X X

Fixed Effects
Block × Qtr × Party × Race X X

Counts
N 707,346 111,971
Fixed Effect Cells 65,324 47,262

Sample Means
Dependent Variable 6.91 7.12
New Nbr Opp Party 9.90 49.77
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Table 7: Robustness of the Main Result – Assorted Tests

This table presents models that slightly vary either the sample or specification used in column (5) of Table 4. In column (1) we use a strict subset of
the data that requires the group-by-quarter-by-party-by-race cell to contain both a treated current resident and a control current resident to be included
in the sample. Columns (2) and (3) vary the level at which standard errors are clustered. In column (4), we drop from the main sample any current
residents whose new neighbor arrived during a presidential election year (2008 or 2012). In column (5) we further drop any observations where the
new neighbor arrived during a midterm (2006, 2010, or 2014). In column (6), we restrict to the subsample of census block groups served by exactly one
elementary school. In column (7) we use as the outcome variable a dummy equal to 100 if the current resident sold or listed their home within 2 years
of the new neighbor’s arrival. *, **, and *** denote statistical significance at the 10%, 5%, and 1% level, respectively.

Dependent Variable: Current Resident Sold within 2 Years (=100) Sold or Listed (=100)

Sample: Current Residents Who Got New Nearby Neighbors

Subsample: Matched All Non-Pres Yrs Non-Elec Yrs 1-School Groups All

(1) (2) (3) (4) (5) (6) (7)

New Nbr Opp Party 0.520∗∗ 0.409∗∗ 0.409∗∗ 0.433∗∗ 0.471∗ 0.557∗ 0.431∗∗

(0.210) (0.204) (0.162) (0.219) (0.265) (0.327)

Control Variables X X X X X X X

Fixed Effects
Group × Qtr × Party × Race X X X X X X X

Std Error Clustering
Tract X X
Year X
Tract × Year X X X X X

Counts
N 112,583 241,334 241,334 185,763 125,743 86,636 241,334
Fixed Effect Cells 27,743 73,256 73,256 56,092 38,077 26,129 73,256

Sample Means
Dependent Variable 7.78 7.60 7.60 7.57 7.50 7.67 9.94
New Nbr Opp Party 38.99 23.62 23.62 23.69 23.25 23.87 23.62
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Table 8: Heterogeneity Over Partisanship

This table refits the model from column (5) of Table 4. For each column, we limit the sample by the partisanship of current residents and new neighbors.
We define households as partisan if they participated in more than 75% of the federal elections in which they were eligible to vote between 2006 and
2014. Federal elections include presidential elections, midterm elections, and their primaries. More specifically, we include ten elections: the 2006, 2008,
2010, 2012, and 2014 primary elections, as well as the 2006, 2008, 2010, 2012, and 2014 general elections. Standard errors, adjusted for clustering at
the tract-year level, are reported in parentheses. *, **, and *** denote statistical significance at the 10%, 5%, and 1% level, respectively.

Dependent Variable: Current Resident Sold within 2 Years (0-100)

Sample: Current Residents Who Got New Next-Door Neighbors

Subsample, Current Resident: All Non-Partisan Partisan All Non-Partisan Partisan All
Subsample, New Neighbor: Non-Partisan Non-Partisan Non-Partisan Partisan Partisan Partisan All

(1) (2) (3) (4) (5) (6) (7)

New Nbr Opp Party 0.309 0.358 0.403 1.007∗∗ 1.233∗∗ -0.814 0.275
(0.272) (0.309) (0.980) (0.455) (0.556) (1.305) (0.250)

Curr Res Partisan 6.285∗∗∗

(0.273)
New Nbr Partisan 0.392∗

(0.202)
Curr Res Part × New Nbr Part -2.887∗∗∗

(0.383)
New Nbr Opp Party × Curr Res Part -0.032

(0.497)
New Nbr Opp Party × New Nbr Part -0.055

(0.400)
New Nbr Opp Party × Curr Res Part × New Nbr Part 1.293

(0.793)

Control Variables X X X X X X X

Fixed Effects
Group × Qtr × Party × Race X X X X X X X

Counts
N 143,439 99,919 16,943 63,913 39,308 9,392 241,334
FE Cells 47,828 35,426 7,294 23,917 15,730 4,117 73,256

Sample Means
Dependent Variable 7.61 6.39 11.50 7.64 7.07 8.72 7.60
New Nbr Opp Party 22.98 22.33 24.52 24.53 24.05 23.79 23.62
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Table 9: Defining Current Resident’s Partisanship Using Just Election Participation Prior to the New Neighbor’s Arrival

This table is identical to Table 8 except current resident partisanship is defined by whether or not they voted in the most recent federal
election. Standard errors, adjusted for clustering at the tract-year level, are reported in parentheses. *, **, and *** denote statistical
significance at the 10%, 5%, and 1% level, respectively.

Dependent Variable: Current Resident Sold within 2 Years (0-100)

Sample: Current Residents Who Got New Next-Door Neighbors

Subsample, Current Resident: All Non-Voting Voting All Non-Voting Voting All
Subsample, New Neighbor: Non-Partisan Non-Partisan Non-Partisan Partisan Partisan Partisan All

(1) (2) (3) (4) (5) (6) (7)

New Nbr Opp Party 0.341 0.633 0.370 1.212∗∗∗ 3.553∗∗ 0.487 0.658
(0.304) (0.740) (0.395) (0.468) (1.583) (0.540) (0.421)

Curr Res Voting -1.759∗∗∗

(0.239)
New Nbr Partisan 0.692∗∗

(0.339)
Curr Res Voting × New Nbr Part -1.464∗∗∗

(0.384)
New Nbr Opp Party × Curr Res Voting -0.384

(0.469)
New Nbr Opp Party × New Nbr Part 0.325

(0.698)

New Nbr Opp Party × Curr Res Voting × New Nbr Part 0.094
(0.785)

Control Variables X X X X X X X

Fixed Effects
Group × Qtr × Party × Race X X X X X X X

Counts
N 116,195 26,865 64,016 59,875 8,620 37,150 206,580
FE Cells 39,478 10,664 23,762 22,333 3,888 14,441 63,252

Sample Means
Dependent Variable 7.42 8.64 6.77 7.64 10.39 6.56 7.48
New Nbr Opp Party 22.51 20.79 23.27 24.26 22.08 24.68 23.29
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Table 10: Heterogeneity Over Time Periods

This table refits the model from column (5) of Table 4. For each column, we limit the sample by time period of the new nearby neighbor’s
arrival and then further limit the sample by the partisanship of the new neighbor. Data are from the merged CoreLogic Solutions Real
Estate and North Carolina voter registration data set. Standard errors, adjusted for clustering at the tract-year level, are reported in
parentheses. *, **, and *** denote statistical significance at the 10%, 5%, and 1% level, respectively.

Dependent Variable: Current Resident Sold within 2 Years (0-100)

Sample: Current Residents Who Got New Next-Door Neighbors

Subsample, Time Period: 2006 – 2009 2010 – 2013 All

(1) (2) (3)

New Nearby Nbr: Opposite Party 0.351 0.688∗∗ 0.294
(0.256) (0.304) (0.249)

New Opposite Nbr × 2010 – 2013 0.457
(0.367)

Control Variables X X X

Fixed Effects
Group × Qtr × Party × Race X X X

Counts
N 122,397 112,069 234,466
Fixed Effect Cells 36,773 34,360 71,133

Sample Means
Dependent Variable 7.15 8.16 7.63
New Nearby Nbr: Opposite Party 24.28 22.75 23.55
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Table 11: Testing for Differences Between Treatment-Inducing and Control-Inducing New Neighbors

This table presents the coefficient estimates of the “effect” of being the opposite-party nearby neighbor on a number of characteristics
of the new neighbors themselves and their new properties. The sample is similar to the one used in our main tests except instead of
comparing current residents, we are comparing the new neighbors themselves. Control variables include all those included in the main
tests, as reported in column (5) of Table 4, except for the variable that is being analyzed on the left hand side. Standard errors, adjusted for
clustering at the tract-by-year level, are reported in parentheses. *, **, and *** denote statistical significance at the 10%, 5%, and 1% level,
respectively.

Dependent Variable: Age Born in NC Cash CLTV > 95% Log Bldg Sqft Home Age Log Sale Price

Sample: The New Neighbors who Move Into Homes Nearby those in the Main Sample

(1) (2) (3) (4) (5) (6) (7)

Opp Party of Current Res 0.153 -0.002 0.003 -0.006 -0.007∗∗∗ 0.178 -0.001
(0.108) (0.004) (0.003) (0.005) (0.002) (0.512) (0.004)

Control Variables X X X X X X X

Fixed Effects
Group × Qtr × Party × Race X X X X X X X

Counts
N 210,665 210,665 165,112 143,967 210,327 210,665 162,434
Fixed Effect Cells 65,722 65,722 53,054 47,270 65,619 65,722 52,276

Sample Means
Dependent Variable 42.29 0.26 0.10 0.67 7.75 21.24 12.28
New Nbr Opp Party 23.77 23.77 23.67 23.47 23.77 23.77 23.70
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A Online Appendix - Supplemental Figures and Tables

Table A1: Main Results – All Coefficients

This table is identical to Table 4 but also includes the estimates of all the control variables. Data are from the merged CoreLogic Solutions Real Estate
and North Carolina voter registration data set. Standard errors, adjusted for clustering at the tract-year level, are reported in parentheses. *, **, and
*** denote statistical significance at the 10%, 5%, and 1% level, respectively.

Dependent Variable: Current Resident Sold within 2 Years (=100)

Sample:
All Current Current Residents Who Got
Residents New Nearby Neighbors

(1) (2) (3) (4) (5) (6)

Has Nbr Opp Party 1.104∗∗∗ 0.282∗∗∗
(0.043) (0.044)

New Nbr Opp Party 0.782∗∗∗ 0.449∗∗ 0.409∗∗ 0.651∗
(0.111) (0.182) (0.194) (0.343)

Current Resident Politics
Party: Unaffiliated (omitted)

Party: Democrat -2.268∗∗∗
(0.033)

Party: Republican -1.214∗∗∗
(0.036)

Neighbor Politics
Nbr: Unaffiliated (omitted)

Nbr: Democrat 0.204∗∗∗ 0.136∗∗∗
(0.030) (0.027)

Nbr: Republican 1.050∗∗∗ 0.349∗∗∗
(0.026) (0.023)

New Nbr: Democrat -0.650∗∗∗ -0.160 -0.142 -0.311
(0.115) (0.190) (0.201) (0.345)

New Nbr: Republican -0.661∗∗∗ -0.441∗∗ -0.349∗ -0.435
(0.115) (0.180) (0.191) (0.318)

table continued on next page...
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...table continued from previous page

Current Resident Demographics
Born in NC -0.689∗∗∗ -1.203∗∗∗

(0.154) (0.269)
Age: Under 40 (omitted)

Age: 41 to 60 -4.241∗∗∗ -3.644∗∗∗
(0.179) (0.269)

Age: 61 and over -3.951∗∗∗ -4.464∗∗∗
(0.220) (0.396)

Tenure: 2 Years or Less (omitted)

Tenure: 3 to 4 Years 3.271∗∗∗ 3.080∗∗∗
(0.260) (0.362)

Tenure: 5 to 6 Years 3.531∗∗∗ 3.182∗∗∗
(0.305) (0.422)

Tenure: 7 to 8 Years 3.265∗∗∗ 2.268∗∗∗
(0.360) (0.515)

Tenure: 9 years or more 2.481∗∗∗ -0.172
(0.445) (0.630)

New Nbr Different Race (=1) 0.261 0.032
(0.194) (0.320)

CLTV: 0% (omitted)

CLTV: (0%, 80%] 0.190
(0.434)

CLTV: (80%, 95%] 0.848∗
(0.456)

CLTV: (95%, 125%] 0.850∗
(0.456)

table continued on next page...
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...table continued from previous page

Property Characteristics
Bldg Sq Ft: Less than 1,249 (omitted)

Bldg Sq Ft: 1,250 to 1,999 0.294 -0.061
(0.327) (0.644)

Bldg Sq Ft: 2,000 to 2,999 -0.289 -0.897
(0.347) (0.681)

Bldg Sq Ft: More than 3,000 -0.934∗∗ -2.148∗∗∗
(0.375) (0.735)

Year Built: Before 1960 (omitted)

Year Built: 1960 to 1979 -0.323 1.182
(0.439) (0.929)

Year Built: 1980 to 1999 0.725∗ 2.181∗∗
(0.436) (0.910)

Year Built: After 1999 1.543∗∗∗ 0.514
(0.454) (0.921)

Census Block Characteristics
Block Churn Rate 0.123∗∗∗ 0.088

(0.043) (0.079)
Block: Purple (omitted)

Block: Blue 0.206 0.463
(0.287) (0.510)

Block: Red -0.168 -0.212
(0.219) (0.374)

Fixed Effects
Group × Qtr × Party × Race X X X X

Counts
N 21,199,330 21,094,989 358,046 260,378 241,334 89,043
Fixed Effect Cells 743,703 78,604 73,256 32,142

Sample Means
Dependent Variable 6.32 6.33 7.07 7.40 7.60 7.52
Has Nbr Opp Party 15.71 15.71
New Nbr Opp Party 23.77 23.73 23.62 22.55
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