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Abstract

Ten years of data from a large American city reveal that Black civilians are con-
sistently overrepresented in police street interactions. I combine property registry
data, voter files, and employee records to locate officers’ exact addresses and study
whether racial diversity in their neighborhoods impacts racial differences in policing.
I find that White (unlike Black and Hispanic) officers are geographically clustered in a
few (predominately White) neighborhoods. Those living in Black neighborhoods are
more productive in Black interactions (e.g., more likely to seize drugs during stops).
White officers quasi-randomly exposed to a new next-door Black neighbor interact
with relatively fewer Blacks and aremore productive. Effects are larger among officers
inWhite neighborhoods, with less experience, and with more affluent new neighbors.
These findings suggest that segregation may amplify racial differences in policing.
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1 Introduction

What drives racial differences in policing? For 67% of Americans, the answer is racial
bias (Horowitz et al. 2019). Across America, Black civilians are significantly more likely
than Whites to be stopped, searched, arrested, or subjects of police force (Edwards et al.
2019, Fryer Jr 2019). Given these numbers and recent cases of extreme police violence,
such as the episodes that resulted in the deaths of George Floyd and Tyre Nichols, it
is unsurprising that many Black Americans exhibit mistrust in police institutions and
officers’ proportionality when using force (Ang et al. 2024, Horowitz et al. 2019). In
academia, the views on the matter are more nuanced, but the rising consensus and
evidence point toward some degree of bias in the police Goncalves and Mello 2021,
Fryer Jr 2019, Weisburst 2022).

Racial segregation could plausibly be a driver, perhaps through influencing racial bias.
The idea that contact with individuals from different ethnic or social groups positively
shapes attitudes towards these outer groups is not new (Allport et al. 1954), and several
recent papers have provided evidence for it (e.g., Bazzi et al. 2019, Bursztyn et al. 2021, Rao
2019). Thus, racial segregation—which limits inter-group contact in daily interactions—
could impact racial differences in policing.

Testing this hypothesis is challenging. It requires, at least, information on police
officers’ interactions with civilians and, critically, where they live. Most policing-related
datasets do not even contain any information on officers and, due to confidentiality and
security reasons, none includes addresses.

In this paper, I use tenyears of police street stops froma largeAmerican city andofficers’
exact addresses retrieved by linking multiple administrative data to study whether the
racial composition of officers’ neighborhoods causally impacts racial differences in their
policing.

As in other contexts, my data reveals that Black Americans are overrepresented in
street stops. The city (City) Police Department (PD) Field Interactions (FI) data contains
detailed information on the characteristics of all PD street interactions from 2011 to 2020,
including officers’ names and the race of the pedestrians or motorists stopped. Black
Americans account for 60% of all individuals in FIs, even though less than 25% of City’s
population is Black.

I linkmultiple administrative data to find the exact addresses of PD officers. I obtained
officers’ full names and residence ZIP codes from the PD, public employee records, and a
website collecting information concerning that PD through public sources and Freedom
of Information Act (FOIA) requests. I combined these with voter files and the city and
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state (State) property registries to locate their exact addresses. The amount of information
gathered about PD’s officers is substantial and sensitive (e.g., names and addresses of law
enforcement personnel), which is why the city of this study is left undisclosed.

White (in contrast to Black and Hispanic) officers are geographically clustered in a
few neighborhoods. These neighborhoods are predominantly White. For illustration, the
average White officer in City lives in a block with a Black population of 11%. That is
slightly more than the average White person in that city (who lives in a block with just
under 10% of Black civilians), but less than half the exposure compared to the average
individual.

White officers residing in Black neighborhoods do not stop Blacks at a differential
rate, but their Black interactions are (up to 20%) more productive — in the Knowles
et al. (2001) sense: more likely to result in an arrest, summons, or weapons or drugs
found or seized during an interaction; outcomes suggesting officers are trying to reduce
criminal activity. These results are consistent with exposure to out-group individuals in
neighborhoods impacting racial differences in policing through a shift in attitudes, but
also with residential sorting on unobserved characteristics. For instance, more baseline
favorable attitudes toward Blacks could drive residential choices of White officers and
their enhanced performance in Black police interactions.

I exploit quasi-random variation in officers’ next-door neighbors turnover to causally
identify the effects of exposure to individuals of different races in local environments on
racial differences in policing. Officersmay self-select intowhere they live initially, but they
cannot control who their new next-door neighbors are. I construct a panel of addresses
and their owners in City since 2010 and use owners’ names to identify changes in property
ownership involving a change in race. My identification strategy compares the over-time
variation in outcomes from officers living close (within 100 meters in the baseline) to a
dwelling that transitioned from non-Black to Black owner-occupied with those from other
officers of the same race living in the same census tract without such exposure. The
variation is highly granular.

White officers with a new Black neighbor stop relatively fewer Blacks. On average,
their Black interactions decrease by 15 percentage points (pp). They also become more
productive. Their Black stops are more likely to result in arrests, summons, and drugs
found or seized. By these measures, they become 10pp (60%) more productive. Finally,
there is suggestive evidence they also become less “violent,” as the likelihood of frisks
and searches decreases by up to 7pp.

Event study designs display no evidence of differences in outcomes’ trends before
the arrival of a new Black neighbor, and results prove to be robust to several sensitivity
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tests. Among others, these include alternatively inferring owners’ race from a sample of
mortgages, exploring distinct treatment distances, variations in the definition of events,
and re-estimating empirical specificationswith alternative estimators introduced in recent
entries of the two-way fixed effects literature (DeChaisemartin and d’Haultfoeuille 2022a).

A closer investigation of the mechanisms driving quasi-experimental results reveals
that officers in “Whiter” neighborhoods, with less experience, and more affluent new
neighbors (relative to them) react more strongly. These heterogeneities could indicate that
the (large) magnitudes documented in the quasi-experimental exercise may partly result
from the inherently positive selection in any subsample of owners (e.g., homeowners are
wealthier than non-homeowners), an interpretation in line with the evidence provided
by Carrell et al. (2019). They could also indicate that local environments impact racial
differences in policing through mechanisms other than racial attitudes. For instance,
increased inter-group contact in the home neighborhood could make White officers more
proficient at extracting and interpreting signals from individuals in their out-group when
patrolling, resulting in enhanced productivity.

This paper primarily contributes to the broad literature studying racial disparities in
the criminal justice system, with a particular focus on policing outcomes. Extensive work
has documented that Black civilians are more likely than Whites to be involved with the
criminal justice system and investigated the underlying reasons, with a recurrent hypoth-
esis in the background: racial bias.1 In the specific context of policing outcomes, the
literature departs from the observation that racial disparities in policing do not necessar-
ily imply bias, as, for example, crime might be more prevalent in certain neighborhoods,
which may happen to be predominantly Black. Therefore, an unbiased officer trying to
prevent or reduce criminal activity would optimally make more stops in these neighbor-
hoods, naturally resulting in more Black interactions (simply because the population at
risk of being stopped will be disproportionately Black). With this line of reasoning, some
papers have developed statistical tests to detect racial bias by looking at outcomes (hit
rates) conditional on an interaction and, at times, provided evidence against bias (e.g.,
Anwar and Fang 2006, Coviello and Persico 2015, Knowles et al. 2001, Persico and Todd
2008, Stashko 2022). Other papers have employed similar methodologies or settings with
quasi-experimental variation and documented evidence consistent with it. Using New
York street stops data, Fryer Jr (2019) and Gelman et al. (2007) find that Blacks are sig-
nificantly more likely to be stopped by the police even after controlling for a rich set of
covariates. They argue that their results, even if not definite proof of bias, are most con-
sistent with some form of taste-based discrimination (Becker 1957). Building on Grogger

1See Rehavi and Starr (2014), Arnold et al. (2018), or Lofstrom and Raphael (2016), among many others.
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and Ridgeway (2006) and exploiting variation in street visibility conditions, Horrace and
Rohlin (2016) find that Black drivers are significantlymore likely to be stopped in Syracuse,
NY. Other studies (some with quasi-experimental variation) using traffic stops in Boston,
Florida, and an undisclosed State also find systematic racial differences not easily recon-
ciledwith statistical discriminationmodels alone (Antonovics andKnight 2009, Goncalves
and Mello 2021, West 2018). Weisburst (2022) and Hoekstra and Sloan (2022) document
racial differences in arrests and use of force using plausibly exogenous variation in officers’
race from 911 calls. Most studies do not find significant differences in the most extreme
uses of force (Johnson et al. 2019, Fryer Jr 2019), with some notable exceptions in which
police institutions (like unions) may play a key role (e.g., Cunningham et al. 2021, Legewie
2016, Mekawi and Bresin 2015). A more recent strand in this literature investigates other
causes explaining racial disparities in policing. Diversity in police departments (or their
lack thereof) appears to be an important factor (Ba et al. 2021, McCrary 2007, Rivera 2022).

My contribution to this literature is threefold. First, by linking officers to an ex-
act address, I can characterize their residential patterns and the demographics of their
neighborhoods with great detail. My findings indicate they substantially differ based on
officers’ race, as also documented in Ba et al. (2022). Second, I provide novel descriptive
associations between officer neighborhood demographics and the outcomes of police in-
teractions, which hint at a possible link between the two. Finally, the quasi-experimental
setting exploited in the paper allows me to go beyond associations and conjectures and
make plausibly causal claims. My results support the hypothesis that officer local envi-
ronments influence their policing, potentially with racial bias as a mediating mechanism.

This paper also contributes to the extensive literature on neighborhoods and segre-
gation. Neighborhoods influence short- and long-term outcomes (Chapelle et al. 2023,
Chyn and Katz 2021). Through peer effects and other mechanisms, they affect education
and labor market outcomes (Bayer et al. 2008, Laliberté 2021, Oreopoulos 2003, Åslund
et al. 2011), marital status and mobility (Chetty and Hendren 2018, Chetty et al. 2016;
2014), perceptions (Domènech-Arumí 2022; 2023), the propensity to engage in drugs use,
commit crimes and recidivism (Billings and Schnepel 2020, Billings et al. 2019), and more.
Segregation is typically associated with negative outcomes. Blacks in segregated neigh-
borhoods fare worse in terms of education and labor market outcomes (Billings et al. 2013,
Cutler and Glaeser 1997), experience higher levels of poverty and inequality (Ananat
2011), and suffer a deterioration in mental and physical health (Ludwig et al. 2013). My
main contribution to this literature is to study and provide evidence for a new outcome
affected by local environments: racial differences in workplace interactions.

The final contribution is to the literature on social and ethnic interactions. The con-
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tact hypothesis posits that social interactions between individuals of different groups can
favorably shift attitudes towards those in out-groups (Allport et al. 1954). Many recent
studies have provided supporting evidence for it. In Indonesia, contact between indi-
viduals of different ethnic groups increased inter-group marriage (Bazzi et al. 2019). In
India, interactions between rich and poor students made the former more pro-social and
less likely to discriminate against the poor (Rao 2019). In South Africa, White students
randomly assigned a Black roommate in a college dorm became less prejudiced towards
Blacks (Corno et al. 2019). In the US and the specific context of the police, exposure
to minority peers in the academy reduces officers’ future propensity to arrest minority
civilians (Rivera 2022). Other studies find mixed support. In France, increased ethnic
diversity in apartment buildings led to social anomie and lower provision of local public
goods (Algan et al. 2016). In two cross-country studies, Desmet et al. (2009) and Desmet
et al. (2020) found that linguistic fractionalization was associated with less redistribution
and public goods provision. I contribute to this literature by studying how exposure to
out-group individuals in the immediate neighborhood can potentially affect the racial at-
titudes of a specific (but socially relevant) group of individuals: police officers. Although
it is difficult to rule out all alternatives (due to the unobservable nature of attitudes), this
paper’s findings are consistent with the contact hypothesis.

2 Institutional background

2.1 Police interactions and their possible outcomes

There are several types of police interactions, which may result in different outcomes.
An observation occurs when an officer observes, without physically interacting with,
an individual or group of individuals for intelligence purposes (e.g., investigating gang
activity in a neighborhood). An encounter occurswhen anofficer directly interactswith an
individual, also on the grounds of investigative reasons. Encounters are consensual, and
individuals canwalk awayor not identify themselves. A stop (or “terry stop”) occurswhen
the officer temporarily detains a pedestrian or motorist. During the stop, the individual is
not free to leave.2 A frisk (or “pat down”) occurs when, during a stop, the officer passes
their hands over the pedestrian in search of hiddenweapons, drugs, or other items. These
may be seized. A “reasonable suspicion” based on facts or circumstances suggesting that
the individual is involved in criminal activity must justify the stop and possible frisk.

2Abusing language, and for the sake of brevity, sometimes I will call police interactions “stops,” even
when they do not involve a stop as defined here.
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A search occurs when the officer goes through part or all of an individual’s property
(including the cellphone or motor vehicle) and looks for specific items or evidence related
to a criminal investigation. Searches must be justified by “probable cause” — grounded
reasons to believe an individual was involved in a crime. If an individual is identified as
a suspect, observed committing a serious crime (felony), or has an active warrant, police
interactions may result in individuals being apprehended or taken into custody (arrest).
When the offense is a misdemeanor (e.g., possession of a lower-class substance without
intent to distribute or a traffic violation), interactions may result in the officers issuing a
summons or citation, a formal requirement to appear in a designated court or government
office at a specified time and date.

2.2 City demographics

The city of this study (City) is a large American town with over half a million inhabitants.
The majority of its citizens are White, but the Black population exceeds 20%. Segregation
is high and above themedian relative to other largemetropolitan areas, but it is not among
the top segregated cities in the country (Other & Belonging Institute 2020).

3 Data

3.1 Field Interactions (FIs)

The Field Interactions (FI) data records all street interactions between the PD and private
individuals from 2011 through 2020. The data contains detailed characteristics of the
interactions, including the exact date, their location, demographic information about the
individuals stopped (e.g., race, gender, age), and awritten report describing the interaction
(available after 2015). Unlike similar datasets for other cities (e.g., New York City), the
FI dataset also includes the names and employee identifiers of the officers responsible
for the FIs, thereby enabling the possibility of merging it with external sources. The FI
data contains information on approximately 165 thousand interactions. In this study, I
restrict the sample to only the interactions for which I observe the ZIP code, the race of
all individuals involved, and carried by officers matched to an address (see Section 3.3
below). The baseline sample contains approximately 155 thousand FIs.

Table 1 presents summary statistics of police interactions. Most FIs (75%) involve just
one civilian. 16% involve two, and 9% involve three or more. 60% of all civilians in
interactions are Black. That figure is large (given the city’s demographics) but in line with
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Table 1: FIs summary statistics

Mean
Number of individuals in FI 1.413
Share Black in FI 0.598
Share White in FI 0.232
Share Hispanic in FI 0.158
Share male in FI 0.888
Stop 0.579
Frisk 0.327
Search 0.186
Productive 0.188
Weapon found 0.035
Drugs found 0.027
Arrest 0.070
Summons issued 0.112
Male officer 0.941
White officer 0.782
Black officer 0.135
Hispanic officer 0.070
Asian officer 0.013
Neighborhood 1 0.372
Neighborhood 2 0.242
2011-13 0.504
2014-16 0.306
2017-20 0.189
N 155854

Notes: Share Black and Share Male denotes the share of Black or male individuals stopped during the FI.
Frisked is an indicator taking the value of one if at least one of the individuals stopped was frisked. Produc-
tive is an indicator taking the value of one if the FI resulted in an Arrest or Summons issued or in Drugs or
Weapons found. Neighborhood 1 and Neighborhood 2 are indicators taking the value of one if the FI occurred
in those neighborhoods. The first neighborhood contains 8% of the city population, and over 50% of its
residents are Black. The second neighborhood contains 15% of the city population, and 45% of its residents
are Black. 2011 through 2020 are indicators taking the value of one if the stop occurred in that specific year.

other contexts. For example, Fryer Jr (2019) reports that 58% of all civilians stopped in
New York City from 2003 to 2013 were Black. Most interactions involve males (89%) and
are carried by male (94%) and White (78%) officers.3 A stop occurs in almost 60% of the
interactions. Conditional on a stop, frisks and searches occur 60 and 30% of the time,
respectively. 19% of the interactions are “productive,” defined as resulting in an arrest or
summons, or in weapons or drugs found. Interactions occur throughout the city, but they
aremore common in specific neighborhoods— two (predominantly Black) neighborhoods
concentrate over 60% of the FIs, despite only containing 23% of the total city population.
Finally, there is a downward trend in the number of FIs over time, perhaps due to the
increased public scrutiny of police interventions (Devi and Fryer Jr 2020, Shi 2008).

3These statistics are expected since, as in other contexts, White males are overrepresented in the PD (Ba
et al. 2022).
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3.2 Police officers

I obtained individual data on police officers from a website gathering information about
the PD through several FOIA requests. Their data contains information on over 3,500
police officers and civilian employees working (or that recently worked) at the PD, in-
cluding unique employee identifiers, full names, and ZIP codes of residence. Only about
2,500 officers ever participated in a FI. Attention is restricted to this subsample. The data
also includes racial information for all active officers at the beginning of 2020 (80% of the
sample). I obtained the race for most of the remaining officers from other public records
(10%) or by predicting their race based on their name (7%) (see theAppendix B for details).

3.3 Other administrative data and address assignment

I use the following datasets to assign officers to an exact address:

1. Property registry (State and City). Contains detailed information on the universe
of properties in the state and city. The key variables are the location of the property
(geocoded address), the owner’s name, and whether they occupy their property.
The State data is a snapshot as of January 2021, while the City data is a yearly panel
for 2010-2021.

2. Voter files. Contain the full names and addresses of all registered voters in the state
as of late 2022.

3. City public employee data. Contains information on all public employees in City.
Critically, it includes a unique employee identifier (the same as in the police data)
and the ZIP code of residence in 2010-2021.

Combining them, I could assign over 2,200 officers (almost 90% of the target sample)
to an exact address. The first step used officers’ full names and residence ZIP codes in the
police data to find their current addresses in the state voter files. I then used the assigned
addresses and their names to match them to the property registry, which, combined with
the other employee records, allowed me to obtain the address histories for the subset of
officers in City. Appendix B describes this process in greater detail. Table A1 shows no
significant differences in observable characteristics between thematched officers and their
respective populations.

9



4 Descriptive facts

4.1 Officer neighborhoods

Race

Asian

Black

Hispanic

White

Figure 1: Distribution of officers across the city, by race

Notes: Each point in the map represents the location of an officer’s home in City (with added noise). To
keep the city undisclosed and protect officers’ privacy, map locations are randomly shuffled within two
kilometers of true locations, the plot axes are randomly flipped (so that the north in the map may not
correspond to the north of the city), and the map scale is undisclosed and distorted. Different colors denote
different races.

White officers live inWhite neighborhoods. Figure 1 displays officers’ home addresses
across City and provides the first hints of segregation varying with officers’ race. There
are four main clusters of White officers at the city borders, with the two most prominent
on the West and East of the map. Non-White officers are not visibly spatially clustered,
but the figure indicates that Black officers predominantly reside in the city’s central areas.
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Table 2: Racial composition of officers’ neighborhoods

Officer Race: White White Black Black Hisp. Hisp.
Residing in: State City State City State City

(1) (2) (3) (4) (5) (6)
Share White in:
ZIP 0.64 0.50 0.37 0.25 0.47 0.35

(0.26) (0.24) (0.27) (0.18) (0.28) (0.22)
Tract 0.73 0.64 0.35 0.23 0.47 0.35

(0.23) (0.25) (0.29) (0.20) (0.29) (0.25)
Block Group 0.75 0.68 0.36 0.24 0.49 0.37

(0.23) (0.26) (0.31) (0.24) (0.31) (0.28)
2010 Block 0.81 0.74 0.39 0.27 0.53 0.41

(0.22) (0.25) (0.33) (0.28) (0.33) (0.29)
Share Black in:
ZIP 0.14 0.22 0.36 0.44 0.25 0.32

(0.17) (0.19) (0.22) (0.19) (0.22) (0.21)
Tract 0.09 0.13 0.38 0.47 0.25 0.33

(0.14) (0.16) (0.24) (0.22) (0.23) (0.23)
Block Group 0.08 0.11 0.39 0.48 0.24 0.31

(0.14) (0.16) (0.27) (0.25) (0.26) (0.27)
2010 Block 0.06 0.09 0.38 0.48 0.23 0.31

(0.13) (0.16) (0.29) (0.27) (0.26) (0.26)
Share Hispanic in:
ZIP 0.11 0.17 0.18 0.22 0.20 0.24

(0.11) (0.11) (0.10) (0.07) (0.16) (0.12)
Tract 0.09 0.12 0.17 0.22 0.20 0.24

(0.11) (0.13) (0.11) (0.09) (0.16) (0.14)
Block Group 0.08 0.12 0.17 0.21 0.18 0.22

(0.12) (0.14) (0.14) (0.14) (0.18) (0.17)
2010 Block 0.06 0.08 0.13 0.16 0.16 0.20

(0.10) (0.12) (0.12) (0.12) (0.17) (0.16)
Share Asian in:
ZIP 0.08 0.08 0.05 0.05 0.05 0.05

(0.07) (0.06) (0.05) (0.05) (0.05) (0.05)
Tract 0.07 0.07 0.05 0.05 0.05 0.05

(0.07) (0.07) (0.06) (0.06) (0.06) (0.05)
Block Group 0.06 0.07 0.04 0.04 0.06 0.05

(0.08) (0.09) (0.06) (0.06) (0.08) (0.07)
2010 Block 0.05 0.06 0.04 0.03 0.04 0.04

(0.08) (0.08) (0.07) (0.06) (0.07) (0.06)
N 1550 850 450 300 200 150

Notes: The sample includes all matched officers with at least one FI. Neighborhood demographics are
obtained from Table P2 in the 2010 Decennial Census (for census blocks) and Table B03002 in the 2019
American Community Survey (rest of geographies). Share White, Share Black, and Share Asian include the
share of individuals that self-identify as non-Hispanic and only a specific race (White, Black, or Asian)
in the geography. Share Hispanic includes the share of individuals that self-identify as Hispanic and
any race. Officer numbers rounded to the nearest fiftieth. Asian officers’ neighborhood demograph-
ics are not displayed due to the small number of observations. Standard deviations in parenthesis.
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Looking at neighborhood demographics, Table 2 shows that 60% of the officers live in City.
Among these, a majority reside in only three neighborhoods (concentrating 30% of the
total population and an above-average Black representation). However, White officers live
in these neighborhoods’ “Whiter” areas. For example, even though 22% of the population
in the ZIP code of the averageWhite officer in the city is Black, only 13% of the population
in their census tract belongs to that ethnic group. The same figures are 11 and 9% when
looking at the census block group or census block, respectively, suggesting their closest
neighbors are unlikely to be Black.4 Still, despite being more segregated than the average
individual in the city (who, for example, lives in a block group with a Black population
of over 20%), they are less segregated than the average White (who lives in a block group
with a Black population under 10%).

Black and Hispanic officers live in more diverse neighborhoods, with higher shares
of Blacks in the ZIP, census tract, block group, or block. For instance, the average Black
and Hispanic officer lives in a ZIP code with a Black population of 44 and 32%, respec-
tively. These figures are above the city average and, in contrast to White officers, exhibit
lower variation across administrative levels— i.e., Black andHispanic officers’ immediate
neighbors are similar to the average neighbors in their ZIP of residence.

4.2 Officer neighborhoods and racial differences in policing

Raw correlations. White officers in Black neighborhoods interact with relatively fewer
Blacks and are more productive in Black stops. The top left panel in Figure 2 indicates
the presence of a mild negative relation (slope of −3pp, p < 0.05) between the share of
Blacks in officers’ neighborhoods (census block group),5 and the share of Blacks in their
FIs.6 The top-right panel reveals a stronger positive association (13pp, p < 0.01) between
the racial composition of officers’ neighborhoods and their productivity. For example,
the figure indicates that only about 15% of the Black stops from officers in neighborhoods
with a Black population under 10% end up being productive, as opposed to a productivity
nearing 20% for officers in neighborhoods with a Black population over 30%.

Black officers in Black neighborhoods interact with fewer Blacks in FIs, and their FIs
are not differentially productive. In contrast, Hispanic officers in Black neighborhoods

4Census blocks, census block groups, and census tracts contain, on average, 800, 1,500, and 4,000 indi-
viduals, respectively.

5The census block group is the smallest administrative unit with demographic information available
yearly. Demographics are retrieved from the American Community Survey.

6For consistency with the rest of the paper, the baseline sample excludes officers not residing in City, as
these cannot be used in the analysis from Section 5. I replicate the main descriptive results with the full
sample of officers in Appendix C.
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Panel A. White officers
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Panel B. Black officers
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Panel C. Hispanic officers
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Figure 2: Neighborhoods and racial differences in FIs, by officers’ race

Notes: The sample includes all FIs fromWhite (Panel A), Black (Panel B), or Hispanic (Panel C) officers. Each
panel subsample is divided into 20 equal-sized groups (vingtiles). Each point in the plot corresponds to
the y-variable unconditional mean in a bin plotted against the x-variable unconditional mean in that same
bin. The green line shows the best linear fit estimated on the underlying data using OLS. Gray areas denote
95% confidence intervals. OLS estimates and standard errors are reported in the bottom-right corner of the
plot. Share Black in FI denotes the share of Black civilians in the FI. Productive is an indicator taking the
value of one if the FI resulted in an arrest or summons issued or in drugs or weapons found. Share Black in
Neighborhood is the share of Black population in officers’ census block group in the year of the FI obtained
from the American Community Survey.
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interact with significantly more Blacks and, if anything, are less productive in Black stops
(p > 0.1).

Figure 2 provides the first piece of (visual) evidence linking neighborhoods and racial
differences in policing. A shortcoming of these raw correlations is that they do not ac-
count for crucial observable characteristics. For instance, a key variable that explains the
racial composition of FIs is the racial composition of the neighborhoods inwhich they take
place — i.e., officers will interact with more Blacks if they patrol Black areas. A standard
regression analysis can account for that.

Regression analysis. I estimate the model below by ordinary least squares (OLS):

Yit = βShrBlackNi(o)t +X
′

itγ + εit (1)

whereY is an outcomeof interest (i.e., the share of Black individuals in a police interaction)
for FI i, taking place in year t. ShrBlackN denotes the share of the Black population in the
neighborhood (census block group) of officer o (the officer in charge of i) in year t. The
coefficient on this variable, β, is the main parameter of interest. X is a vector of controls
and a constant that captures FI i’s specific circumstances. These contain officers’ tenure
at the PD and may include year and FI ZIP code fixed effects — the latter account for
differences in the racial composition of FI neighborhoods. Officer’s residence ZIP code
or census tract fixed effects may also be included. Standard errors are clustered at the
officer’s tract-year level. Tables A2 and 3 show the regression results.
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Table 3: Neighborhoods and outcomes of all-Black FIs

Arrest Summons Drugs Weapon Frisk Search
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

A. White officers

Share Black in 0.003 0.008 0.010** 0.017** 0.003** 0.006** 0.005** 0.014*** 0.010 0.013 -0.000 0.028**
Neighborhood (0.004) (0.008) (0.004) (0.008) (0.001) (0.003) (0.002) (0.005) (0.008) (0.015) (0.007) (0.012)

DV Mean 0.060 0.060 0.096 0.096 0.019 0.019 0.029 0.029 0.330 0.330 0.186 0.186
N 38743 38743 38743 38743 38743 38743 38743 38743 38743 38743 38743 38743

B. Black officers

Share Black in 0.001 -0.007 0.001 0.013** 0.000 -0.001 0.003** -0.001 0.018** 0.038*** 0.002 0.019**
Neighborhood (0.002) (0.005) (0.004) (0.006) (0.001) (0.002) (0.001) (0.001) (0.007) (0.012) (0.006) (0.010)

DV Mean 0.043 0.043 0.083 0.083 0.014 0.014 0.021 0.021 0.358 0.358 0.174 0.174
N 9245 9245 9245 9245 9245 9245 9245 9245 9245 9245 9245 9245

C. Hispanic officers

Share Black in -0.010** -0.010 0.011 0.044 -0.002 0.015 -0.002 0.002 0.013 0.064 -0.017 0.017
Neighborhood (0.004) (0.011) (0.008) (0.029) (0.002) (0.011) (0.002) (0.010) (0.010) (0.044) (0.010) (0.030)

DV Mean 0.045 0.045 0.084 0.084 0.018 0.018 0.027 0.027 0.351 0.351 0.168 0.168
N 4165 4165 4165 4165 4165 4165 4165 4165 4165 4165 4165 4165

Year FE X X X X X X X X X X X X
FI ZIP FE X X X X X X X X X X X X
Officer Tract FE X X X X X X

Notes: The sample includes all FIs fromWhite (Panel A), Black (Panel B), or Hispanic (Panel C) officers in the city. Columns 5-8 restrict the sample to
all-Black FIs only. Arrest and Summons are indicators taking the value of one if at least one individual was arrested or summonsed during the police
interaction, respectively. Weapon and Drugs are indicators taking the value of one if the FI resulted in weapons or drugs found. Frisk is an indicator
taking the value of one if the interaction included a frisk. Search is an indicator taking the value of one if the interaction included a search. Share Black
in Neighborhood is the standardized share of Black population in officers’ census block group in the year of the FI obtained from the American Commu-
nity Survey. All regressions control for officers’ tenure. Standard errors clustered at the tract-year level in parenthesis. *p<0.1, **p<0.05, ***p<0.01.
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Regression results confirm the presence of significant differences in the racial compo-
sition of police interactions depending on officers’ race and where they live. First of all,
Table A2 shows that, on average, Black officers stop more Blacks thanWhite and Hispanic
officers (67% vs. 61% and 58%). Columns 1-4 in Table A2 investigate whether variation
in the racial demographics of officers’ residence neighborhoods can explain any of these
baseline differences. Panel A provides weak supporting evidence forWhite officers; those
in blocks with more Blacks interact with relatively fewer Blacks (up to 1pp less, p > 0.1).7
Panel B provides stronger evidence for Black officers, who interact with significantly fewer
Black civilians when residing in Black areas (up to 2.5pp less). That difference almost van-
ishes when accounting for FI or officers’ neighborhood characteristics (Columns 2-3) but
persists when comparing officers within a census tract (Column 4). Finally, evidence of
neighborhood differences is also strong among Hispanic officers (Panel C); those in Black
neighborhoods interact with more Black civilians (up to 6pp, Column 1). However, that
difference vanishes, and even reverts, when including FI ZIP or census tract fixed effects
in the regressions. These suggest that Hispanic officers in Black neighborhoods are more
likely to patrol Black areas, which explains the positive slope previously observed in the
bottom left panel of Figure 2.

Black interactions from White officers living in Black neighborhoods are more pro-
ductive. Columns 5 and 6 show that officers in blocks with more Blacks are 1.5pp (10%)
more productive. That is the raw difference without accounting for disparities in officers’
performance across neighborhoods. When doing so, Columns 7 and 8 reveal that these
differences grow to 3pp (20%). Panel A in Table 3 shows that positive differences across
all productivity subcomponents drive these effects: Black interactions fromWhite officers
in blocks with more Blacks are more likely to result in arrests (up to 0.8pp, p > 0.1),
summons issued (1.7pp), or in drugs or weapon found (0.6pp and 1.4pp, respectively).
Columns 9-12 suggest these productivity increases are coupled with mild increases in the
“violence” of interactions, as frisks and searches — forms of low-intensity violence — are
more prevalent (1.3pp, p > 0.1, and 3pp, respectively).

Black and Hispanic officers residing in Black neighborhoods are not systematically
more productive in Black interactions. Columns 5-8 in Panels B and C in Table A2 display
no significant differences in the productivity of all-Black stops among officers of these
two races. The same panels in Table 3 exhibit differences for some outcomes among Black
officers (e.g., those in Black blocks are 1pp more likely to summons), but these do not

7In this and the upcoming tables, the variable Share Black in Block Group is standardized. Therefore, the
coefficients ought to be interpreted as the effect of increasing the share of the Black population in officers’
block groups from 10% (mean in the sample) to 28% (SD of 0.18).
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appear to be robust and are sensitive to the inclusion or lack thereof of census tract fixed
effects. Black and Hispanic officers in Black neighborhoods interact with relatively fewer
Blacks, and when they do, interactions are not differently productive.

The previous results provide suggestive evidence that local environments matter.
White officers more exposed to Black individuals in their neighborhoods are somewhat
less likely to interact with Black civilians in police stops. Conditional on a Black interac-
tion, these are up to 3ppmore productive—more likely to result in contraband found or in
a summons. These differences in productivity are achievedwithout significant differences
in frisks and searches (i.e., thereby, with a higher frisk and search success rate).

Different mechanisms can reconcile the previous findings. Endogenous sorting is
one of them. A first explanation is that social interactions at the local level between
White officers and out-group (Black) neighbors make them less prejudiced (Allport et
al. 1954). It is also possible that these interactions teach them some skill about out-
group individuals that enhances their productivity. For example, they could get better at
extracting and interpreting signals. Finally, sorting is another strong contender. White
officers choosing to reside in Black neighborhoods are likely to differ from those that
choose not to in unobservable characteristics. For example, they may be more tolerant
or hold more positive attitudes toward Black communities, which could explain their
residence location choice and the higher productivity in Black interactions. The first
two stories, albeit through different mediating mechanisms, imply a causal link between
neighborhoods and police outcomes. The latter does not.

City’s housing market is slack, which should significantly alleviate endogeneity con-
cerns, especially in specifications exploiting within-tract variation (Bayer et al. 2008).
However, ultimately, only a plausible exogenous shift in the local racial composition can
fully address all concerns and disentangle the effects of local environments from those
arising from selection in sorting.

5 Quasi-experimental approach: new neighbor design

5.1 Overview and identification

I exploit quasi-random variation in the racial composition of next-door neighbors to
address endogeneity. The basic premise, illustrated in Figure A1, is that officers may
choose their initial location within a neighborhood based on their preferences. However,
once settled, they cannot control or predict whether their immediate neighbors move out
and who subsequently moves in. Variation in the race of their close neighbors is plausibly
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exogenous to them. Identification hinges on that within-neighborhood variation.
The focus of this section is onWhite officers living in City. The geographic restriction is

due to the fact that I can only observe changes in ownership in City property registry data,
from which I could construct an address-owner-year panel from 2010 to 2021. For State,
I only observe a cross-section as of January 2021. The focus on White officers responds
to three reasons. First, I do not have a clear hypothesis on how Black officers would
react to increased local exposure to individuals from their in-group.8 Second, most FIs
(almost 80%) are carried by White officers — consequently, they are the most relevant
group to study. Finally, the sample of Black (andHispanic) officers is significantly smaller,
so precision is a concern in such a demanding research design.

Figure 3 shows the distribution of dwellings with a non-Black-to-Black ownership
transition in the city from 2011 to 2020.9 There are transitions throughout the whole
period and across the entire city. However, their concentration is slightly higher in the
south (of the figure), where the Black population is also higher.

I estimate the following model:

Yit = τNewBlackNeighi(o)t +X
′

itγ + εit (2)

where NewBlackNeighbor is an indicator taking the value of one if a new Black owner
moved in a previously non-Black-owned and occupied dwelling “next-door” (within 100
meters in the baseline) to the residence of officer o, conducting FI i, between 2011 and
t. X includes a constant, tenure, year fixed effects, and geography (ZIP or census tract)
or officer fixed effects. The remaining variables are defined as before. Standard errors
are also clustered at the officer census tract-year level. The concerns brought up by
the new literature on two-way fixed effects apply in this setting (see De Chaisemartin and
d’Haultfoeuille (2022b) for a recent review). Therefore, τ is estimated using the imputation
estimator introduced in Borusyak et al. (2024).

The identification assumption is that, within a census tract and conditional on a set of
covariates, exposure to a new “next-door” neighbor of a different race is quasi-random.
Table A3 provides the first piece of quantitative supporting evidence for identification
by showing that, within a census tract, officers exposed to a new Black neighbor are
not observationally different from those unexposed. A threat to identification would
occur if Black owners relocating next to officers’ homes were systematically different in
unobservables from those relocating in other parts of the same census tract. The spatial

8For completeness and the interested reader, I investigate and provide the results from this exercise in
Appendix C.

9The majority of these “events” are White-to-Black transitions, as an Appendix table makes clear later.
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Figure 3: Distribution of Black events in City (2011-2020)

Notes: Each point in the map represents the location of a “Black event” — a change in property ownership
involving a change in race, fromnon-Black to Black. Only owner-occupied properties are considered. Darker
colors denote earlier events. Lighter colors represent more recent events. To keep the city undisclosed, the
plot axis is randomly flipped, and the map scale is undisclosed and distorted (as in Figure 1).

granularity in the research design, combined with the slackness of the housing market
(i.e., when moving, it is possible to target a neighborhood but difficult to choose an exact
address), makes this scenario (albeit impossible to rule out) rather unlikely.10

5.2 Results

White officers exposed to new Black neighbors interact with fewer Black civilians in FIs.
These fewer interactions are more productive. Panel A in Table 4 shows τ estimates from

10This is the same identification strategy and logic followed in Bayer et al. (2022). A key difference is that
they exploit variation at the census block level. My sample size is too small for such a design.
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Equation 2 with variations in the battery of fixed effects included throughout specifica-
tions. Coefficients range from −15pp in Column 1 (with only year fixed effects) to −16pp
in Column 4 (where officer fixed effects are included). My preferred specification is Col-
umn 3, which includes year and officer census tract fixed effects (and thus mirrors the toy
example and design from Figure A1). It shows a reduction in Black interactions of 15pp
(25% of the mean). Finally, Panel B in the same Table shows an 10pp (over 60%) increase
in the productivity of all-Black FIs in my preferred specification (Column 4).

Table 4: White officers’ new Black neighbors and racial differences in FIs

Panel A. Racial composition of interactions

Share Black in FI
(1) (2) (3) (4)

New Black neighbor -0.148*** -0.161*** -0.154*** -0.160***
(0.008) (0.009) (0.011) (0.011)

DV Mean 0.612 0.612 0.612 0.612
N 67437 67437 67437 67437
Panel B. Productivity of all-Black interactions

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

New Black neighbor 0.114*** 0.109*** 0.100*** 0.120***
(0.010) (0.011) (0.015) (0.014)

DV Mean 0.163 0.163 0.163 0.163
N 38873 38873 38873 38873
Year FE X X X X
FI ZIP FE X X X
Officer ZIP FE X
Officer Tract FE X
Officer FE X

Notes: The sample in Panel A includes all FIs from White officers in the city. Panel B restricts
the sample to all-Black FIs only. Share Black in FI denotes the share of Black civilians in the FI.
Productive is an indicator taking the value of one if the FI resulted in an arrest or summons is-
sued or in drugs or weapons found. New Black Neighbor is an indicator taking the value of one if
a Black individual moves into a previously non-Black-owned and occupied dwelling within 100 me-
ters of the officer’s residence. Specifications without officer fixed effects include tenure as a con-
trol. Standard errors clustered at the tract-year level in parenthesis. *p<0.1, **p<0.05, ***p<0.01.

No differential pre-trends exist between treated and untreated officers within the same
census tract. Figure 4 shows treatment effects estimates from the following staggered
differences-in-differences event study design, again, applying the methodology intro-
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duced in Borusyak et al. (2024):

Yit =
2∑

h=−3

τh1[Ki(o)t = h] +X
′

itγ + εit (3)

where 1[Ki(o)t = h] is an indicator taking the value of one if FI i carried by officer o occured
in event-time h (e.g., h = 0 denotes the event-year of the move). X is defined as before.
The top panel shows no statistically significant differences in the share of Black civilians in
FI interactions between treated and untreated officers before an event. That changes after
exposure to a new Black neighbor, when treated officers reduce their share of Black inter-
actions by up to 20pp. Similarly, the bottom panel shows no significant differences in the
productivity of Black interactions before the event, followed by subsequent productivity
increases exceeding 20pp two years after an event.
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Figure 4: White officers’ new Black neighbors and racial differences in FIs

Notes: The plot illustrates τh estimates from Equation 3. Vertical bars represent 95% confidence intervals.
Share Black in FI denotes the share of Black civilians in the FI. Productive is an indicator taking the value of
one if the FI resulted in an arrest or summons issued or in drugs or weapons found. The estimation sample
in the bottom plot is restricted to all-Black FIs only. Standard errors clustered at the tract-year level.

There are productivity increases across most subcomponents. Table 5 shows that ar-
rests, summons, and drugs seized increase after treatment. Seizing weapons, if anything,
becomes less likely (−3pp in the specification with officer fixed effects). The table also
reveals that most productivity increases can be attributed to summons, which become
9pp more likely. The first four panels in Figure 5 show, again, no pre-trends on any of
the previous outcomes analyzed. They also show that productivity increases take two
to three years to materialize, sometimes following an initial “bump” (for example, in the
case of arrests).
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In addition to beingmore productive, Black interactions become less violent. Columns
9-12 in Table 5 show that frisks and searches (forms of low-intensity violence) decrease
by up to 7pp. The last two panels in Figure 5 display no significant differences in the
pre-trends for these outcomes (except for searches two years before an event) and provide
some hints on how the time variation in frisks and searches lead to different outcomes.
We see an immediate drop in frisks (and, to a lesser extent, searches) that coincides with
a drop in the likelihood of arrests and contraband seized. After two years, frisks (and
searches) are on the rise again, and that coincides with significant jumps in the likelihood
of contraband seized, summons, and (especially) arrests. The latter sections of the paper
shed more light on the mechanisms driving these changes in FI outcomes. Before that, I
explore the sensitivity of the main results up until now to several robustness tests.
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Table 5: White officers’ new Black neighbors and outcomes of all-Black FIs

Arrest Summons Weapon Drugs Frisk Search
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

New Black neighbor 0.022** 0.011 0.078*** 0.112*** -0.003 -0.030*** 0.030*** 0.018*** -0.076*** -0.032** -0.019 -0.022
(0.009) (0.009) (0.010) (0.012) (0.004) (0.007) (0.004) (0.005) (0.019) (0.016) (0.017) (0.015)

DV Mean 0.060 0.060 0.096 0.096 0.029 0.029 0.018 0.018 0.330 0.330 0.186 0.186
N 38873 38873 38873 38873 38873 38873 38873 38873 38873 38873 38873 38873
Year FE X X X X X X X X X X X X
FI ZIP FE X X X X X X X X X X X X
Officer Tract FE X X X X X X
Officer FE X X X X X X

Notes: The sample includes all-Black FIs from White officers in the city. Arrest and Summons are indicators taking the value of one if at least one
individual was arrested or summonsed during the police interaction, respectively. Drugs and Weapon are indicators taking the value of one if
drugs or weapons were found during the police interaction, respectively. Frisk is an indicator taking the value of one if the interaction included a
frisk. Search is an indicator taking the value of one if the interaction included a search. New Black Neighbor is an indicator taking the value of one
if a Black individual moves into a previously non-Black-owned and occupied dwelling within 100 meters of the officer’s residence. Specifications
without officer fixed effects include tenure as a control. Standard errors clustered at the tract-year level in parenthesis. *p<0.1, **p<0.05, ***p<0.01.
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Figure 5: White officers’ new Black neighbors and outcomes of all-Black FIs

Notes: The plot illustrates τh estimates from Equation 3. Vertical bars represent 95% confidence intervals.
The estimation sample is restricted to all-Black FIs from White officers. Arrest and Summons are indicators
taking the value of one if at least one individual was arrested or a summons was issued during the police
interaction. Drugs and Weapon are indicators taking the value of one if drugs or weapons were found during
the police interaction, respectively. Frisk is an indicator taking the value of one if the interaction included
a frisk. Search is an indicator taking the value of one if the interaction included a search. Standard errors
clustered at the tract-year level.

5.3 Robustness

Alternative race assignment thresholds. Results are robust to alternative race assignment
thresholds for new neighbors. Race information is not available in the City or State
property registry, and I, therefore, rely on names and race cross-tabulations from the US
Decennial Census. In my baseline results, I set a confidence threshold of 70% to assign
races. These correspond to estimates in Column 3 from Table A4. Columns 1-2 in that
table re-assess the effects of having a new Black neighbor applying lower race assignment
thresholds (60 or 65%). Results are similar to the baseline when looking at changes in the
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racial composition of FIs (the effect drops from 15 to 12pp). There are larger discrepancies
in productivity (Panel B). The coefficient remains large and significant (9pp, p < 0.01) at the
65% threshold, but it drops sharply and (albeit remaining positive) loses significance at the
lowest threshold (2pp, p > 0.1). Note that lowering the race assignment threshold implies
a higher rate of false positives (untreated officers misclassified as treated). Columns 4 and
5 experiment with higher race thresholds (thus implying fewer false positives but more
false negatives). Results yield the reverse pattern — FIs involve fewer Black civilians (up
to 18pp less), and when they do, they are slightly more productive (up to 10pp more).
Overall, the effects across columns are (at least qualitatively) very similar.

A caveat in the previous exercise is that changing race assignment thresholds affects
the likelihood of false positives and negatives and may also introduce varying degrees of
bias. The reason is that having a more Black-sounding name may correlate with several
socioeconomic characteristics, which could impact how officers’ interactions with these
individuals affect their racial attitudes and behavior in FIs.

Race inferred from mortgage data. I use mortgage microdata from the Home Mortgage
Disclosure Act (HMDA) to infer the race of new owners and replicate baseline results in
Table A5. Figure A2 plots the results in an event-study format, showing no significant
pre-trends in the outcomes studied (except for frisks in one of the pre-periods). The
HMDA data contains information on the universe of mortgages in the United States. I
retrieved all mortgage loans originating in City from 2010-21 andmatched a subsample of
them to a property through real estate transactions data from the state registry of deeds
(see Appendix B for the details). The main advantage of using the HMDA data is that
race is self-reported by mortgage applicants and is, consequently, more precise than any
prediction relying on names. The main disadvantage is that it is not possible to match all
property ownership changes to a loan either because (i) the transaction did not originate
a loan or (ii) there were too many “similar” ownership changes or loans in a census tract
in a given year to assign a loan to an ownership change confidently.

This exercise yields some differences from baseline results, but the primary messages
remain: White officers with a new Black neighbor interact with relatively fewer Blacks
(−8pp), and are more productive in Black stops (6pp). As before, productivity increases
are driven by positive shifts in the likelihood of arrests (1pp, p > 0.1), summons (3pp), and
drugs (3pp). Unlike before, the likelihood of seizingweapons also increases (5pp), and the
shift in summons is significantly lower (3 vs. 8pp). Also, overall productivity increases do
not (statistically) survive in the alternative specification with officer fixed effects (due to a
decrease in the likelihood of summons), and, if anything, frisks and searches becomemore
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common. Differences in the allocation of officers into the treatment and control groups
(due to the limitations inherent in both approaches to assigning race to individuals) are
behind these discrepancies with baseline results.

Alternative new neighbor race transitions. White-to-Black transitions drive the main
results. Table A6 explores the sensitivity of baseline results to alternative “new neighbor”
events. Columns 1 through 6 consider the effects of experiencing one of the following
transitions in close neighbors: non-White-to-White, White-to-White, non-Black-to-Black
(the baseline), White-to-Black, non-Hispanic-to-Hispanic, and non-Asian-to-Asian. Panel
A shows that only White-to-Black transitions yield significant differences in the racial
composition of FIs. Similarly, Panel B shows thatWhite-to-Black transitions drive baseline
productivity effects. That panel also suggests that other transitions (particularly those
from a non-White to a White neighbor) might have a small impact on productivity in the
opposite direction.

Alternative treatment distances. New neighbors moving in beyond 200 meters from
officers’ homes have little impact. Table A7 explores variations in the definition of “next-
door.” The baseline definition (Column 2) estimates the impact of new neighbors within
100 meters of officers’ dwellings. That corresponds to a walking distance of just under a
minute from officers’ doorsteps. Column 1 considers an even smaller treatment distance
(50 meters). Columns 3-5 consider distances of 200, 350, and 500 meters, respectively.
Panel A shows that only treatment distances under 200 meters are associated with sizable
changes in the racial composition of FIs (for 50 meters, the effect is negative but insignif-
icant). Similarly, Panel B shows significant increases in productivity for distances of 100
meters and under, and small (marginally significant) decreases in the 200-350meter range.
Overall, results suggest that changes in the neighbors living farther awaymatter little. The
smaller effects in the 50-meter treatment window for FI’s racial compositions could re-
spond to two reasons. First, the 50-meter cutoff might be missing some of the actual
“next-door” (or across-the-street) neighbors. I computed distances between dwellings
using their centroid as the reference point. Therefore, my approach is overstating actual
distances between dwellings (as centroidswill be in their interior). Second, if having a new
neighbor within 100 or 200 meters impacts racial differences in policing, then classifying
these treated officers as untreated will bias estimates downwards.

Appendix C shows that baseline results are robust to several additional tests. Among
others, these include re-estimating specifications with alternative two-way fixed effects
methods, accounting for spatial autocorrelation, or restricting to “new neighbors” that
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effectively moved in the same street.

5.4 Mechanisms

Heterogeneity. Different officer subsamples respond differently to the arrival of a new
neighbor. Columns 1-2 in Table 6 show that officers in ZIP codes with fewer Black
population (below 10%) react with higher intensity. The relative fraction of Blacks in their
FIs decreases by almost 18pp (as opposed to 7pp in the subsample of officers in “more
Black” ZIPs). The productivity of their all-Black FIs is also higher (12 vs. 1pp). Similarly,
Columns 3-4 show that new neighbor effects are stronger among officers with less (than
seven years of) experience. They reduce their interactionswith Blacks bymore (20 vs. 5pp)
and see larger increases in their productivity (12 vs. 1pp). Columns 5 and 6 reveal that the
effects are larger among the most active officers (with more than 200 FIs over the entire
sample period). They reduce the relative share of Blacks in their interactions by almost
40pp (as opposed to 3pp) and increase their productivity by 19pp (vs. 6pp). Columns
6 and 7 investigate party affiliation as a proxy for ideology (Democrat-registered officers
are probably more liberal than non-affiliated or Republican-registered officers). They
show that Democratic officers stop more Blacks (11pp) after treatment, and these stops
are significantly more productive (12pp). In contrast, non-affiliated officers interact with
significantly fewer Black civilians (22pp), and these interactions are also more productive
(12pp). A caveat and possible explanation for the results on Democratic officers is the
small size of that subsample — most officers are not affiliated with any party.11 Finally,
Columns 9 and 10 suggest that exposure to higher-income Black neighbors has a larger
impact on FIs (racial composition and productivity). These two columns estimate the
results for the subsample of officers with the closest new Black neighbor moving into
a dwelling with a higher (Column 9) or lower (Column 10) assessed value than that of
the officer. Relative to officers with poorer (as proxied by the value of their home) new
neighbors, those with more affluent neighbors interact with significantly fewer Blacks
(−19 vs. −7pp), and these interactions are more productive (12 vs. 5pp).

This exercise indicates stronger reactions to the arrival of a new Black neighbor among
officers in “moreWhite” neighborhoods, with less experience, more prolific in the number
of FIs, and not affiliated to any party. Exposure effects are larger when new neighbors are
more affluent.

11In fact, there are not enough Republican-registered officers to estimate treatment effects for that sub-
group.
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Table 6: Mechanisms: heterogeneity

Panel A. Racial composition of interactions

Share Black in FI
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

New Black neighbor -0.177*** -0.070*** -0.198*** -0.051* -0.033** -0.381*** 0.112*** -0.223*** -0.190*** -0.069***
(0.013) (0.019) (0.013) (0.027) (0.015) (0.019) (0.033) (0.012) (0.011) (0.017)

DV Mean 0.623 0.597 0.620 0.602 0.548 0.648 0.569 0.624 0.658 0.573
N 39404 28033 37725 29712 24051 43386 NA NA 31340 36097

Panel B. Productivity of all-Black interactions

Productive
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

New Black neighbor 0.123*** 0.008 0.124*** 0.012 0.060*** 0.185*** 0.120*** 0.116*** 0.119*** 0.052**
(0.020) (0.033) (0.021) (0.025) (0.013) (0.031) (0.032) (0.016) (0.027) (0.020)

DV Mean 0.164 0.163 0.179 0.144 0.191 0.151 0.131 0.165 0.175 0.152
N 23136 15737 21911 16962 12358 26515 NA NA 19453 19420
Year FE X X X X X X X X X X
FI ZIP FE X X X X X X X X X X
Officer Tract FE X X X X X X X X X X
Sample ShrB<10% ShrB>10% Exp<7y Exp>7y <200 FIs 200+ FIs Democrat Non-reg Rich NBN Poor NBN

Notes: The sample in Panel A includes all FIs from White officers in the city. Panel B restricts the sample to all-Black FIs. All outcomes
and New Black Neighbor are as previously defined. Columns 1 and 2 restrict the sample to officers in ZIP codes with a Black population be-
low or above 10%. Columns 3 and 4 restrict the sample to officers with less or more than seven years of experience. Columns 5 and 6
restrict the sample to officers carrying less or more than 200 FIs over the sample period. Columns 7 and 8 restrict the sample to regis-
tered Democrats or non-party affiliated officers. The subsample of Republican-registered officers is too small to estimate treatment effects.
The number of observations in these two columns is undisclosed for confidentiality reasons. Columns 9 and 10 restrict the sample to offi-
cers with their closest new Black neighbor dwelling in a home with a higher or lower assessed value than theirs. Specifications without of-
ficer fixed effects include tenure as a control. Standard errors clustered at the tract-year in parenthesis. *p < 0.1, **p < 0.05, ***p < 0.01.
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Aggregate effects. White officers with a new Black neighbor interact with more Whites.
Table 7 digs deeper into the mechanisms driving the main results by looking at the
aggregate number of FIs, individuals stopped, arrests, and other productivity measures.
It reveals thatWhite officers make, on average, two extra FIs per year (p > 0.1) and interact
with five extra White civilians. Their number of Black interactions does not change
significantly – if anything, it decreases. Therefore, the reduced share of Black civilians in
FIs documented previously is driven by more White stops. Panel B looks at the yearly
productivity of all-Black FIs. On average, in a year, a treated White officer makes 0.2
additional arrests (p > 0.1), issues one extra summons, and seizes drugs in 0.2 additional
instances.

Table 7: Mechanisms: aggregate (officer-year level) results

Panel A. FIs and number of individuals

Total FIs Total Individuals Total Black Ind. Total White Ind.
(1) (2) (3) (4) (5) (6) (7) (8)

New Black neighbor 1.822 10.059*** 1.435 10.972** -2.933 3.102 5.142*** 6.130***
(1.977) (3.484) (3.129) (4.662) (1.932) (3.369) (1.296) (1.275)

DV Mean 24.331 24.331 35.449 35.449 21.950 21.950 6.725 6.725
N 2805 2805 2805 2805 2805 2805 2805 2805

Panel B. Productivity of all-Black FIs

Total Arrests Total Summons Total Weapons Total Drugs
(1) (2) (3) (4) (5) (6) (7) (8)

New Black neighbor 0.240 -0.112 0.893** 1.930*** 0.015 -0.061 0.209*** 0.265***
(0.368) (0.430) (0.425) (0.493) (0.074) (0.107) (0.071) (0.068)

DV Mean 1.203 1.203 1.795 1.795 0.392 0.392 0.249 0.249
N 2342 2342 2342 2342 2342 2342 2342 2342
Year FE X X X X X X X X
FI ZIP FE X X X X
Officer Tract FE X X X X
Officer FE X X X X

Notes: The sample includes White officers in the city. An observation is an officer-year pair. Panel
A describes the total number of FIs and individuals by race (Black or White) in police interactions
in a given year. Panel B describes the productivity of all-Black FIs in terms of the number of
times a FI leads into arrests, summons issued, and weapons or drugs found in a given year. New
Black Neighbor as previously defined. Specifications without officer fixed effects include tenure as
a control. Standard errors clustered at the tract-year in parenthesis. *p<0.1, **p<0.05, ***p<0.01.

There is little evidence of officers changing the neighborhoods they patrol or moving
after the arrival of a new neighbor. Columns 1-4 in Table A8 show no differences in the
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demographics of neighborhoods officers patrol (proportion of Black orWhite population).
Columns 5-6 reveal no differences in overall neighborhood crime, although Columns 7-8
suggest they patrol areas with less violent crime (0.4pp, p < 0.05). Unlike the results in
Bayer et al. (2022) for North Carolina, Columns 9 and 10 suggest that officers’ propensity
to move does not change after a new neighbor of a different race arrives.

This exercise is helpful to assess the “aggregate” effects of the new neighbor treatment.
However, an important caveat to bear in mind when aggregating the data at the officer-
year level is that critical (contextual) information is lost in the process. For example, it is
no longer possible to account for the share of Black individuals in the neighborhood of a
given FI — only a yearly average or mode (e.g., for the ZIP code) can be used.

6 Caveats and discussion

Black owners are not representative. Black owners are, at least, positively selected
regarding income and wealth. Therefore, the results presented in this paper speak about
the effects of White officers interacting with wealthier Black individuals but may not be as
informative about what happens when they interact with less wealthy individuals (such
as, usually, renters).

Heterogeneity results pointed in this direction. Columns 9-10 in Table 6 suggested that
the impact of a new Black neighbor was “more positive” when theyweremore affluent. In
the lens of the contact hypothesis (Allport et al. 1954), one could interpret these findings
as indicating that exposure to out-group individuals positively shifts attitudesmorewhen
these are also positively selected in other dimensions (e.g., income). That interpretation,
supported by recent evidence (Carrell et al. 2019), can also help reconcile differences be-
tween descriptive and quasi-experimental results. Namely, the former investigates the
association between exposure to all individuals in an ethnic group and police outcomes,
whereas the latter only assesses the impact of a (positively) selected subsample. Under
the presence of heterogeneity, the two effects could differ.

Racial bias or learning? This paper provides plausible evidence of the causal effects of
officers’ local environments on racial differences in policing. Two channels may explain
these effects. On the one hand, exposure to Black civilians may improve White officers’
racial attitudes. On the other hand, that same out-group exposure could make White
officers more proficient in extracting or interpreting the signals they receive when en-
countering Black civilians while patrolling, resulting in changes in the decision to interact
with them and the enhanced productivity of these interactions.
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Disentangling between the two is challenging because both mechanisms are obser-
vationally equivalent (i.e., they yield the same outcomes). They are also non-mutually
exclusive, so increased contact could affect outcomes through both channels. However,
two results suggest the presence of (at least) some shift in attitudes. First, Table 6 revealed
larger effects when new neighbors were more affluent. Given the documented negative
association between income and crime, a model with learning would imply officers be-
comingmore proficient at signal extraction when in contact with less affluent individuals,
and not the opposite. Second, a text analysis exercise (in Appendix C) reveals a (positive)
change in the sentiment of police narratives written by treated officers. Albeit not entirely
conclusive, it provides evidence most consistent with a shift in attitudes, as the learning
channel should not impact narratives’ sentiment.

Effect size and comparisonwith the literature. Small interventions can have large effects.
Table A9 summarizes some of the impacts of police interventions and training on policing
outcomes documented in the (recent) literature. A general takeaway is that relatively small
interventions can have large effects. For example, Dube et al. (2023) study the impact of
four 4-hour sessions on situational decision-making, a training designed to help officers
evaluate all possible alternatives in stressful situations and avoid rash actions. They find
that, within six months of the training, discretionary arrests decreased by 23% (and more
for Blacks) and officer injuries by almost 50%. Rivera (2022), a paper closer in spirit
to mine, finds that higher exposure to racial minorities during the (6 months of) police
academy resulted in a 16% reduction in low-level and quality arrests and a 9% increase
in high-quality arrests within four years of training. Finally, Owens et al. (2018) and
Weisburd et al. (2022) suggest that short procedural justice training can also substantially
affect arrest rates. My results are not directly comparable (due to the different nature of
outcomes and time span), but I find that treated officers make 0.2 additional arrests per
year (20%, p > 0.1), issue 0.9 additional citations (50%), and find drugs 0.2 additional
times per year (80%) (Table 7). The latter is a large effect, in part driven by these outcomes
being rare events (officers find drugs 0.2 times per year on average). As with Dube et
al. (2023), I find a reduction in arrests in the first year following the treatment (Figure 5).
In contrast with Rivera (2022), I find that arrests increase overall (non-significantly), and,
unfortunately, I cannot link arrests to court outcomes, so it is difficult to assess the overall
quality of arrests. As with Owens et al. (2018) and Dube et al. (2023), I find suggestive
evidence that the use of force decreases as frisks become less prevalent (Table 5).
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7 Conclusions

This paper investigated the demographic characteristics of police officers’ neighborhoods
and their impact on racial differences in policing, in the context of a large American city.
In contrast to Black or Hispanic officers, White officers are spatially clustered and tend to
live in more White neighborhoods. Descriptive associations revealed that White officers
in Black neighborhoods do not systematically stop fewer Blacks (who are overrepresented
in police stops, as in other contexts) but are relatively more productive when they do so.
Quasi-experimental variation in the race of officers’ new next-door neighbors confirmed
the results on productivity and further revealed an impact on the racial composition of
stops (relatively fewer Black civilians stopped). The impact of a new Black neighbor
was larger among officers in White neighborhoods, with less experience, and with more
affluent new neighbors.

This research implies that racial segregation may be a cause and an amplifier of racial
differences in policing. Segregation, by construction, hampers the contact between indi-
viduals of different groups. The reduced contact could directly impact racial attitudes
or impede the acquisition of some form of productivity-enhancing knowledge. Whether
through one channel or the other, this work gives policymakers another reason to care-
fully consider the consequences of policies impacting segregation, such as zoning or public
housing. A second direct implication is that incentivizing police officers to reside in more
diverse communities (for example, through subsidized housing) could be a promising
policy to reduce racial disparities in policing.
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Appendix of
Black Neighbors Matter: Officer Neighborhoods

and Racial Differences in Policing

Gerard Domènech-Arumí

A Appendix figures and tables
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Figure A1: Illustration of the new “next-door” neighbor quasi-experimental design

Notes: Each square represents a neighborhood (e.g., a census tract). Each circle represents a household. The
color indicates race (White or Black). The “P” identifies households with a police officer. White officers
may initially decide to locate in more “White” neighborhoods (panel a). However, once settled, it is not in
their control how the neighborhood (and their neighbors) change. Panel b depicts a situation where a Black
household moves next to one of the officers. The research design exploits this exogenous change (from the
officers’ perspective) in the race of next-door neighbors to identify the effects of local exposure to different
races on officers’ behavior in FIs. The comparison group contains officers of the same race from the same
tract.
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Figure A2: Robustness: neighbors’ race inferred from HMDA data

Notes: The plot illustrates τh estimates from Equation 3. Vertical bars represent 95% confidence intervals.
The estimation sample is restricted to all-Black FIs (except for the top-left plot). New Black neighbor as
previously defined, but race is inferred frommortgage data available under the HomeMortgage Disclosure
Act (HMDA). Share Black in FI denotes the share of Black civilians in the FI. Productive is an indicator taking
the value of one if the FI resulted in an Arrest or Summons issued or in Drugs or Weapons found. Frisk is an
indicator taking the value of one if the interaction included a frisk. Search is an indicator taking the value of
one if the interaction included a search. Standard errors clustered at the tract-year.
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Table A1: Officers descriptive statistics

State State City City
All Matched All Matched
(1) (2) (3) (4)

Panel A. Officer Characteristics
Male 0.87 0.87 0.84 0.84

(0.34) (0.34) (0.37) (0.37)
White 0.69 0.69 0.64 0.64

(0.46) (0.46) (0.48) (0.48)
Black 0.19 0.19 0.22 0.22

(0.39) (0.40) (0.42) (0.42)
Hispanic 0.098 0.097 0.11 0.11

(0.30) (0.30) (0.32) (0.32)
Asian 0.024 0.023 0.024 0.022

(0.15) (0.15) (0.15) (0.15)
Earnings (1000s) 162.7 163.8 154.2 155.2

(55.4) (54.9) (52.0) (51.7)
Start year 1999.1 1999.3 2002.3 2002.3

(9.63) (9.58) (9.34) (9.33)
Panel B. FI Characteristics
Number of FIs 99.9 105.6 91.1 94.7

(487.8) (464.3) (418.3) (427.4)
Individuals in FI 1.37 1.38 1.43 1.43

(0.50) (0.49) (0.53) (0.54)
Share male in FI 0.87 0.87 0.87 0.87

(0.17) (0.16) (0.15) (0.15)
Share Black in FI 0.51 0.51 0.53 0.53

(0.30) (0.29) (0.28) (0.28)
Frisk 0.29 0.29 0.30 0.30

(0.26) (0.25) (0.24) (0.24)
Search 0.17 0.17 0.16 0.16

(0.22) (0.21) (0.19) (0.19)
Weapon found 0.038 0.038 0.038 0.038

(0.10) (0.095) (0.095) (0.093)
Drugs found 0.030 0.030 0.026 0.026

(0.090) (0.086) (0.071) (0.071)
Arrest 0.079 0.081 0.073 0.073

(0.15) (0.15) (0.13) (0.13)
Summons issued 0.11 0.11 0.11 0.11

(0.18) (0.16) (0.15) (0.14)
N 2500 2250 1400 1350

Notes: Officers with at least one FI in the State (Columns 1-2) or City (Columns 3-4).
Columns 2 and 4 restrict the sample to officers matched to an address. Panel A de-
scribes officers’ characteristics. Earnings are gross earnings (1000s of USD) in 2020. Start
year is the year the officer joined the PD. Panel B shows summary statistics of the FIs (2011-
2020). Officer numbers rounded to the nearest fiftieth. Standard deviations in parenthesis.

3



Table A2: Neighborhoods and racial differences in FIs

Share Black in FI Productive
(1) (2) (3) (4) (5) (6) (7) (8)

A. White officers

Share Black in -0.009 -0.008 0.001 -0.011 0.016*** 0.015** 0.017** 0.030***
Neighborhood (0.011) (0.006) (0.006) (0.012) (0.006) (0.006) (0.008) (0.011)

DV Mean 0.613 0.613 0.613 0.613 0.163 0.163 0.163 0.163
N 67177 67177 67177 67177 38743 38743 38743 38743

B. Black officers

Share Black in -0.026*** -0.009* -0.003 -0.024*** 0.005 0.003 -0.000 0.005
Neighborhood (0.008) (0.005) (0.006) (0.007) (0.005) (0.005) (0.006) (0.009)

DV Mean 0.665 0.665 0.665 0.665 0.130 0.130 0.130 0.130
N 14476 14476 14476 14476 9245 9245 9245 9245

C. Hispanic officers

Share Black in 0.063*** 0.024*** 0.009 -0.049** 0.001 0.004 0.017 0.040
Neighborhood (0.017) (0.009) (0.014) (0.024) (0.009) (0.009) (0.019) (0.033)

DV Mean 0.582 0.582 0.582 0.582 0.133 0.133 0.133 0.133
N 7627 7627 7627 7627 4165 4165 4165 4165

Year FE X X X X X X X X
FI ZIP FE X X X X X X
Officer ZIP FE X X
Officer Tract FE X X

Notes: The sample includes all FIs from White (Panel A), Black (Panel B), or Hispanic (Panel C) of-
ficers in the city. Columns 5-8 restrict the sample to all-Black FIs. Share Black in FI is the share
of Black individuals in the police interaction. Productive is an indicator taking the value of one
if the FI resulted in an arrest or summons issued or in drugs or weapons found. Share Black in
Neighborhood is the standardized share of Black population in officers’ census block group in the
year of the FI obtained from the American Community Survey. All regressions control for officers’
tenure. Standard errors clustered at the tract-year level in parenthesis. *p<0.1, **p<0.05, ***p<0.01.
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Table A3: Covariate balance across treatment and control White officer samples

Treated Control Difference
Panel A. Officer Characteristics
Male 0.912 0.890 0.022

(0.049) (0.014)
Earnings (1000s USD) 123.473 127.901 -4.427

(4.477) (1.306)
Start year 2002.011 2003.956 -1.945

(1.575) (0.360)
Share White in Neighborhood 0.682 0.695 -0.013

(0.016) (0.004)
Share Black in Neighborhood 0.115 0.112 0.002

(0.013) (0.002)
Share Hispanic in Neighborhood 0.111 0.105 0.006

(0.010) (0.002)
Share Asian in Neighborhood 0.067 0.060 0.007

(0.010) (0.002)

Panel B. FI Characteristics (First Year)
Number of FIs 11.979 14.387 -2.408

(2.120) (1.148)
Individuals in FI 1.367 1.435 -0.067

(0.119) (0.031)
Share male in FI 0.865 0.870 -0.005

(0.034) (0.006)
Share Black in FI 0.544 0.523 0.021

(0.042) (0.011)
Frisk 0.326 0.285 0.041

(0.044) (0.010)
Search 0.221 0.164 0.057

(0.040) (0.008)
Weapon found 0.033 0.041 -0.007

(0.011) (0.004)
Drugs found 0.021 0.030 -0.009

(0.005) (0.004)
Arrest 0.091 0.074 0.017

(0.027) (0.006)
Summons issued 0.127 0.111 0.016

(0.029) (0.006)
N 50 800

Notes: Sample: White police officers with at least one FI in City. Treated officers are exposed to a new Black
neighbor sometime during the sample period. Control officers are not. Share White in N’hood, Share Black
in N’hood, Share Hispanic in N’hood, Share Asian in N’hood denote the average share of White, Black, His-
panic, and Asian population in officers’ census block groups throughout the sample period. The rest of
the variables are as previously defined. Outcomes in Panel B show sample means for the first year offi-
cers make a FI in the data. All variables are residualized (net of census tract fixed effects) and scaled up
by their unconditional sample mean, so coefficients offer group comparisons within a census tract. Officer
numbers rounded to the nearest fiftieth. Standard errors in parentheses. *p < 0.1, **p < 0.05, ***p < 0.01.
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Table A4: Robustness: alternative race thresholds

Panel A. Racial composition of interactions

Share Black in FI
(1) (2) (3) (4) (5)

New Black neighbor -0.119*** -0.153*** -0.154*** -0.170*** -0.177***
(0.013) (0.011) (0.011) (0.012) (0.013)

DV Mean 0.612 0.612 0.612 0.612 0.612
N 67437 67437 67437 67437 67437

Panel B. Productivity of all-Black interactions

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

New Black neighbor 0.019 0.087*** 0.100*** 0.103*** 0.101***
(0.023) (0.014) (0.015) (0.017) (0.018)

DV Mean 0.163 0.163 0.163 0.163 0.163
N 38873 38873 38873 38873 38873
Year FE X X X X X
FI ZIP FE X X X X X
Officer Tract FE X X X X X
Race threshold 60% 65% 70% 75% 80%

Notes: The sample in Panel A includes all FIs from White officers in the city. Panel B restricts the sam-
ple to all-Black FIs only. Share Black in FI denotes the share of Black civilians in the FI. Productive is
an indicator taking the value of one if the FI resulted in an arrest or summons issued or in drugs or
weapons found. New Black Neighbor is an indicator taking the value of one if a Black individual moves
into a previously non-Black-owned and occupied dwelling within 100 meters of the officer’s residence.
Race threshold denotes the threshold (%) to assign races to owners based on the likelihood of their last
name belonging to a given race according to the Decennial Census. All specifications include tenure as
a control. Standard errors clustered at the tract-year in parenthesis. *p < 0.1, **p < 0.05, ***p < 0.01.

6



Table A5: Robustness: neighbors’ race inferred from HMDA data

Panel A. Racial composition and productivity of all-Black FIs

Shr Black in FI Productive Arrest Summons
(1) (2) (3) (4) (5) (6) (7) (8)

New Black neighbor -0.082*** -0.092*** 0.059*** 0.015 0.012 0.019* 0.033** -0.020
(0.019) (0.022) (0.022) (0.029) (0.013) (0.011) (0.016) (0.027)

DV Mean 0.613 0.613 0.163 0.163 0.060 0.060 0.096 0.096
N 67221 67221 38770 38770 38770 38770 38770 38770

Panel B. Productivity and characteristics of all-Black FIs

Weapon Drugs Frisk Search
(1) (2) (3) (4) (5) (6) (7) (8)

New Black neighbor 0.046*** 0.050*** 0.026*** 0.030*** 0.036 -0.079*** 0.028 0.177***
(0.008) (0.008) (0.009) (0.008) (0.028) (0.025) (0.030) (0.019)

DV Mean 0.029 0.029 0.018 0.018 0.330 0.330 0.186 0.186
N 38770 38770 38770 38770 38770 38770 38770 38770
Year FE X X X X X X X X
FI ZIP FE X X X X X X X X
Officer Tract FE X X X X
Officer FE X X X X

Notes: The sample includes all FIs from White officers in the city. Share Black in FI denotes the share
of Black civilians in the FI. Productive is an indicator taking the value of one if the FI resulted in an Ar-
rest or Summons issued or in Drugs or Weapons found. Frisk is an indicator taking the value of one if the
interaction included a frisk. Search is an indicator taking the value of one if the interaction included a
search. New Black neighbor as previously defined, but race is inferred from mortgage data available un-
der the Home Mortgage Disclosure Act (HMDA). Specifications without officer fixed effects include tenure
as a control. Standard errors clustered at the tract-year level in parenthesis. *p<0.1, **p<0.05, ***p<0.01.
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Table A6: Robustness: alternative racial transitions

Panel A. Racial composition of interactions

Share Black in FI
(1) (2) (3) (4) (5) (6)

New neighbor 0.010 -0.009 -0.154*** -0.154*** 0.007 -0.008
(0.017) (0.011) (0.011) (0.011) (0.013) (0.017)

DV Mean 0.612 0.615 0.612 0.612 0.611 0.612
N 35288 53419 67437 67442 65300 63172

Panel B. Productivity of all-Black interactions

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

New neighbor -0.024 -0.023* 0.100*** 0.100*** 0.028* -0.010
(0.018) (0.014) (0.015) (0.015) (0.014) (0.013)

DV Mean 0.174 0.166 0.163 0.163 0.164 0.164
N 20172 30930 38873 38875 37469 36514
Year FE X X X X X X
FI ZIP FE X X X X X X
Officer Tract FE X X X X X X
Transition W-W !W-W !B-B W-B !H-H !A-A

Notes: The sample in Panel A includes all FIs from White officers in the city. Panel B restricts the sam-
ple to all-Black FIs only. Share Black in FI denotes the share of Black civilians in the FI. Productive is
an indicator taking the value of one if the FI resulted in an arrest or summons issued or in drugs or
weapons found. New neighbor is an indicator taking the value of one if an individual of a given race
(White, Black, Hispanic, or any race) moved into a previously owner-occupied dwelling from an owner
of a different race within 100 meters of the officer’s residence. Transitions identify the racial transi-
tions considered. These are: W-W for White-to-White, !W-W for non-White-to-White, !B-B non-Black-
to-Black, W-B White-to-Black, !H-H non-Hispanic-to-Hispanic, and !A-A for non-Asian-to.Asian. The
number of observations differs across columns due to variations in the always-treated and never-treated
subsamples, which depend on the racial transition considered (e.g., White transitions are more com-
mon, leading to a larger number of always-treated officers). All specifications include tenure as a con-
trol. Standard errors clustered at the tract-year in parenthesis. *p < 0.1, **p < 0.05, ***p < 0.01.
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Table A7: Robustness: alternative treatment distances

Panel A. Racial composition of interactions

Share Black in FI
(1) (2) (3) (4) (5)

New Black neighbor -0.018 -0.154*** -0.061** -0.002 0.006
(0.021) (0.011) (0.027) (0.016) (0.013)

DV Mean 0.612 0.612 0.612 0.612 0.612
DV SD 67437 67437 67435 67425 67368

Panel B. Productivity of all-Black interactions

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

New Black neighbor 0.145*** 0.100*** -0.029* -0.029* -0.010
(0.026) (0.015) (0.017) (0.015) (0.014)

DV Mean 0.163 0.163 0.163 0.163 0.163
N 38873 38873 38873 38871 38838
Year FE X X X X X
FI ZIP FE X X X X X
Officer Tract FE X X X X X
Treatment distance (m) 50 100 200 350 500

Notes: The sample in Panel A includes all FIs from White officers in the city. Panel B restricts the sam-
ple to all-Black FIs only. Share Black in FI denotes the share of Black civilians in the FI. Productive is
an indicator taking the value of one if the FI resulted in an arrest or summons issued or in drugs or
weapons found. New Black Neighbor is an indicator taking the value of one if a Black individual recently
(after 2010) moved into a previously non-Black-owned and occupied dwelling located within a given dis-
tance (50, 100, 200, 350, or 500 meters) of the officer’s residence. All specifications include tenure as a
control. Standard errors clustered at the tract-year in parenthesis. *p < 0.1, **p < 0.05, ***p < 0.01.
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Table A8: Mechanisms: FI neighborhoods and officers’ relocation decisions (officer-year)

Shr Black Pop Share White Pop Share Crime Share Violent Crime Officer Moved
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

New Black neighbor -0.015 0.013 -0.011 -0.033** -0.000 0.002 -0.004** -0.004* -0.021 0.007
(0.012) (0.016) (0.012) (0.016) (0.002) (0.002) (0.002) (0.002) (0.033) (0.033)

DV Mean 0.274 0.274 0.410 0.410 0.053 0.053 0.053 0.053 0.214 0.214
N 2628 2628 2628 2628 2628 2628 2628 2628 2805 2805
Year FE X X X X X X X X X X
Officer Tract FE X X X X X
Officer FE X X X X X

Notes: The sample includes White officers in the city. An observation is an officer-year pair. Columns 1-8 investigate the characteris-
tics of the average neighborhood (ZIP code) in which FIs take place regarding demographics (share of Black or White population in the
ZIP) and crime (share of total criminal incidents or violent incidents in the ZIP-year pair). Columns 1-8 sample is restricted to officer-
year pairs with at least one FI. Columns 9 and 10 investigate officers’ relocation decisions. Officer Moved is an indicator taking the
value of one after the officer’s first change of address in the sample period. New Black Neighbor as previously defined. Source of
crime data: 2015-2020 PD incident reports. Crime statistics for 2011-2014 use the value for 2015 in the ZIP. Specifications without of-
ficer fixed effects include tenure as a control. Standard errors clustered at the tract-year in parenthesis. *p<0.1, **p<0.05, ***p<0.01.
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Table A9: The effects of interventions and training on policing outcomes

Paper Intervention Results

Domènech-
Arumí (2023)

Exposure to a new
Black neighbor

Within 3 years: less Black civilians stopped (-3py,
13%), more Whites (5py, 70%), and increase in
arrests (0.2py, 16%), citations (0.8py, 45%), drugs
found (0.2py, 80%).

Rivera (2023) 6-month police
academy training
with a higher share of
minority peers

Within 4 years: 1 SD Minority peers in academy
causes a 16% reduction in low-level/quality arrests
and a 9% of a SD increase in serious/high-quality
arrests.

Dube,
MacArthur,
and Shah (2023)

Four 4-hour training
sessions on cognitive
policing (situational
decision-making)

6-months after the training: 23% decrease in dis-
cretionary (unproductive) arrests. 23% decrease in
use of force. Reduction in racial disparities (Black
arrests -28%; White arrests -6%). Fewer officer in-
juries (-47%). No change in activity.

Weisburd, Telep,
Vovak, Zastrow,
Braga, and Tur-
chan (2022)

5-day trainingonproce-
dural justice

9 months after the training: in crime hot spots:
60% less arrests. Reduction in criminal activity.

Owens, Weis-
burd, Amendola,
Alpert (2018)

One session training
with supervisor on pro-
cedural justice

6weeks after the training: arrests decrease by 12%,
use of force decrease (16-50%).

Notes: Summary of the effects of police interventions and training on policing outcomes documented in the
literature.
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B Data appendix

B.1 Officer addresses
I combined multiple administrative data sources to assign officers with FIs to an exact address.
2,500 officers participated in at least one FI from 2011 to 2021. Among those, 1,400 (56%) live in
City. The data sources and key variables used for the assignment are the following:

1. Officers data. Contains unique employee identifiers, full names, and ZIP code of residence.

2. State voter files. Contains full names and exact addresses as of late 2022. I obtained the data
from a vendor (L2 Data).

3. State and City property registries. Contain owners’ full names and exact addresses. The
State data is a cross-section as of January 2021. The City data is a panel of owner-addresses
for 2010-2021.

4. City public employee roster data. Contains unique employee identifiers and their ZIP code
of residence from 2010 to 2021.

I assigned over 2,200 officers (90%) to an exact address following these steps:

1. Match officers to the voter files data.

(a) Use officers’ full names to find the best match within a ZIP code.

(b) In case of a duplicate match, try manually assigning the “right” individual in the
voter data using other demographic information available (e.g., date of birth and first
day of work in the PD). Less than 100 officers were assigned to an address using this
procedure.

I matched approximately 2,200 (out of 2,500) officers in this step. Many of the unmatched
officers had FIs in the earlier years of the sample and were retired (in 2022). They may have
moved out of state.

2. Merge the previously matched data to the State and City property registry.

(a) Use the officers’ last name and address information (street number, street name, street
type, ZIP code) to assign them to a property. Retrieve the property’s unique identifier.

(b) Define an officer as a renter if the property owner’s family name in the voter files
address does not coincide with that of the officer.
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I assigned almost all (except less than 50) officers to a property in the registry. This step
gives me the most recent address for almost 90% of all officers in the data with at least one
FI. Table A1 shows no significant differences in observable characteristics between matched
officers and their respective populations.

3. Obtain address histories (2010-2021) for the subsample of officers in City.

(a) Use the property registry to identify officers’ tenure in themost recent address (January
2021) and identify gaps in 2010-2021 based on ownership information (name and
occupancy status).

(b) Use City employee roster data to identify officers’ ZIP codes of residence in any given
year. Use that information to fill the gaps. In particular, use officer full names to
manually find the best match within a ZIP code in a given year.

(c) For every officer, attempt to fill in the entire address history since 2010 (up to the three
most recent addresses). Give priority to finding addresses of officers with more FIs in
a given year.

(d) For renters: assume they live in the same property as long as they reside within the
same ZIP code based on the roster data.

Officers in City are assigned to an address 80% of the years in the period 2010-2020. I cannot
retrieve the full address histories for all officers in all years, but I do observe officers’ current
addresses in 94%of the FIs. Figure B1 summarizes the address assignment process described
above in a flowchart.

B.2 Race of police officers
I assigned race to police officers following these steps:

1. Use public employee records. Racial information is available for all officers active at the
beginning of 2020. These constitute approximately 80% of all officers with at least one FI in
the sample.

2. If race is still unassigned, retrieve it from a database containing PD officers’ internal affairs
investigations published online by a news outlet. That gives me racial information for 10%
of the officers.

3. If race is still unassigned, impute it from officers’ last names using R’s command predictrace.
The package returns a probability of a last name belonging to a specific race based on its
actual frequency in the US Decennial Census. Assign a race only when there is a confidence
level above 70%. I assigned race for 7% of the officers in this step. I was not able to impute a
race to 3% of the officers.
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B.3 Race of owners
I assigned a race to owners in City using the R package predictrace described earlier. For every
last name, the package returns the probability of that name belonging to a specific race based on
frequencies in the US Decennial Census. Baseline results only assigned a race when the confidence
level is above 70%. One robustness table shows the sensitivity of baseline results to alternative
confidence thresholds.

B.4 Race of new owners inferred from HMDA data
A robustness test obtains the race of a subset of new owners combining different administrative
data sources:

1. Home Mortgage Disclosure Act (HMDA) data. Contains detailed information on all mort-
gages issued since 2007 in the United States. The key variables in the data are: loan amount,
census tract of the property, mortgage type (e.g., for a primary residence), and applicant
information (race and gender). I retrieved the data on all mortgages originated in City.

2. State registry of deeds data. Universe of real estate transactions in the State since 2008. This
data contains the property registry identifier and the sale price. I retrieved information on
all sales in City.

3. City registry data (described earlier). Contains property unique identifiers and exact ad-
dresses. These can be used to easily merge with the registry of deeds data.

The advantage of the HMDA data is that race is self-reported and should therefore be precise.
I assigned loans to transactions following these steps:

1. If there is only one transaction and one loan in a tract-year, assign the loan to the transaction.

2. If there is only one transaction in a tract-year and several loans, assign a loan to a transaction
only if there is one match in terms of gender (based on applicant/s names) and value (loan
value between 85 and 115% of transaction price).

3. If there are several transactions in a tract-year, assign a loan to a transaction if there is only
one loan matching in terms of gender and value (as defined in the previous step).

I could assign 3,800 loans (8%) to a transaction in 2010-2021.

B.5 FI data cleaning
This subsection describes the cleaning process of the FI data and the construction of the primary
outcomes used in the analysis.
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Data reporting standards changed in 2015, and the variables had to be harmonized. Pre-
2015, most outcomes are constructed from the raw variables reasons for the FI (example: “arrest
warrant”), reasons for the stop (example: “criminal violation”), basis (example: “probable cause”),
FI type (example: “frisk and search”), and FI outcome (example: “seizure”). These variables (except
basis) are not available in the post-2015 reporting format. They are replaced by the variables
FI circumstance (example: “stopped”), Frisk in FI (example: “yes”), Search type in FI (example:
“vehicle search”), and narrative. The variable narrative is a string containing a report detailing the
developments that occurred during the interaction written by the officer in charge of the FI.

I first constructed the following intermediate variables from reasons for the FI (pre-2015), and
narrative.

• Misdemeanor. An indicator taking the value of one if the FI is related to a misdemeanor.
That is, if reasons for the FI (pre-2015) or narrative refer to one of the following offenses:
assault, break and entering, disorderly conduct, domestic assault, drug possession, driving
under influence (DUI), failure to appear in court, hit and run, indecent exposure, shoplifting,
malicious damage, minor in possession of alcohol, resisting arrest, trespassing, threatening
to commit a crime, negligent operation of a motor vehicle, prostitution, uttering.

• Felony. An indicator taking the value of one if the FI is related to a felony. That is, if reasons for
the FI (pre-2015) or narrative refer to one of the following offenses: arson, assault and battery
with a dangerous weapon, burglary, carjacking, child endangerment, child pornography,
drug possession with intent to distribute, firearm charges (e.g., unlawful possession), fraud,
home invasion, impersonation, indecent assault, kidnapping, murder, sexual assault or rape,
theft auto, unnatural and lascivious.

• Warning. An indicator taking the value of one if the FI resulted in at least one individual
receiving a verbal warning. That is, post-2015, if the narrative contains one of the following
keywords: “warning,” “warned,” “given a verbal.” The variable cannot be constructed
pre-2015.

I then constructed the main outcomes:

• Share Black in FI. Denotes the share of Black individuals present in a FI. Pre-2015, the race
categories were Black, White, Hispanic, Asian, Native American, or Hawaiian. After 2015, a
new ethnicity variable distinguished between Hispanic and Non-Hispanic, thereby making
it possible to differentiate, for example, Black Hispanics from Black Non-Hispanics. For
consistency, I constructed a new race variable mimicking the categories pre-2015 (i.e., Black
and White Hispanics are “Hispanics”).

• Frisk. An indicator taking the value of one if at least one individual was frisked during a
FI. Pre-2015, these are identified through the variable FI type. Post-2015, these are identified
through the variable Frisk in FI.
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• Search. An indicator taking the value of one if at least one individual was searched during
a FI. That is, pre-2015, if the FI type included a “search.” Post-2015, if the search type in FI
included “person”, or “vehicle.”

• Arrest. An indicator taking the value of one if at least one individual was arrested during
a FI. That is, pre-2015, if the reason for the FI was an “arrest warrant”, the reason to stop
an individual was a “violation” and the FI was related to a felony; or if the FI resulted in a
seizure and was related to a felony. After 2015, if the FI involved a contact, the keywords
“arrest,” “warrant,” “taken into custody,” “placed under arrest” appeared in the narrative,
but not the keywords “released,” “advised to leave,” “left without incident,” “no warrant,”
and the FI did not result in a warning; or if sentence fragments explicitly referring to an arrest
appear (e.g., “the suspect was arrested”).

• Summons. An indicator taking the value of one if at least one individual received a summons
or court citation during a FI. That is, pre-2015, if the reason for a stop was a “violation” and
the FI was not related to a felony or an arrest warrant; or if the FI resulted in a seizure and
was related to a misdemeanor but not a felony; or if the FI resulted in contraband found
but not to an arrest. Post-2015, if the narrative refers to a “citation,” “summons,” or “city
ordinance violation”; or if it related to a misdemeanor, the interaction was not made for
intelligence purposes, and it involved no contact with individuals with priors.

• Weapon. An indicator taking the value of one if officers seized at least one weapon during a
FI. That is, pre-2015, if the reasons for FI included one of the following key terms: “armed,”
“weapon,” “firearm,” “ammunition,” and “possession,” “found,” or “carrying”; if it resulted
in a seizure and references to crimes in which offenders are more likely to possess a weapon
were mentioned (e.g., “affray,” “arson,” “damage to property”); or if the FI resulted in
the seizure of contraband but was not related to any specific crime (e.g., reason for FI of
“Investigative, person”). Post-2015, if the narrative mentions weapons being found (e.g., “a
firearm was found”).

• Drugs. An indicator taking the value of one if officers seized drugs during a FI. That is, pre-
2015. if reasons for FI mentioned drugs, and there was a seizure, or the words “possession”
or “found” appeared; if the FI resulted in a seizure but no weapons were seized; if the FI
resulted in the seizure of contraband but was not related to any specific crime (e.g., reason
for FI of “Investigative, person”). Post-2015, if the narrative mentions drugs being found (e.g.,
“officers recovered a small bag of white powdery substance”).

• Productive. An indicator taking the value of one if the FI resulted in an arrest or summons
issued or in drugs or weapons found, according to the previous definitions.
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Figure B1: Officer address assignment flowchart

Notes: The flowchart describes the process followed to assign officers to an exact address. Each box depicts a data source (police data, voter files,
property registry, or employee records) along with its key variables used. The outcome is an assigned address as of 2021 for officers not residing in
City, and an address history (2010-2021) for officers in City.
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C Additional results and robustness tests

C.1 Additional descriptive results
Outcomes test. There is suggestive evidence of racial bias in the PD based on an outcomes test
à la Persico (2002). Panel A in Table C1 shows a raw gap of 4.6pp (p < 0.01) in the productivity
of all-Black stops (6.5pp in the subsample of officers residing in the rest of the State). Given a
baseline productivity rate of just under 20%, that translates into the average Black stop being
approximately 25% less productive than the average White stop. Accounting for FI and officers’
characteristics (Columns 2 and 6) shrinks that gap by 30% in both subsamples, down to 3-4pp,
but the difference is still significant. Finally, accounting for officers’ neighborhood characteristics
(Columns 3-4 and 7-8) further shrinks the gap to approximately 3pp. The latter results constitute
suggestive evidence of local environments’ influence on officers’ productivity, as the gap shrinks
by an additional 0.2-0.9pp (10-20%) when including ZIP or census tract fixed effects.

There are differences in the productivity of the stops depending on officers’ race. Panel B
shows that the productivity gap for Whites closely mirrors the results of the entire PD, with a gap
ranging between 4 and 2.5pp. Panel C shows an even larger raw gap for Black officers (exceeding
5pp). However, the gap shrinks to 2pp when accounting for differences in FI characteristics and
officers’ neighborhoods. Panel D shows that Hispanic officers have a raw gap of 5pp, which almost
wholly closes when accounting for officers’ neighborhoods (ZIP or census tract fixed effects).

Differences in productivity are present in almost all subcomponents. Panels A-C from Table
C2 show that Black stops fromWhite or Black officers are approximately 1pp less likely to result in
an arrest, a summons, or drugs found. There are no clear differences in the likelihood of finding
weapons. For Hispanic officers, the productivity gap is completely closed after accounting for
differences in officers’ neighborhoods.

Veil of darkness. The veil of darkness hypothesis poses that race is less salient during nighttime
and, consequently, differences in the racial composition of stops should be lower at night when
officers practice racial profiling (Grogger and Ridgeway 2006). Table C3 follows Grogger and
Ridgeway (2006) to investigate this hypothesis by exploiting within-year variation in daylight
hours in the subsample of stops that occurred in inter-twilight hours (5 to 10 PM). Results provide
some supportive evidence of racial profiling based on the hypothesis. Blacks are 2pp (p < 0.1)
less likely to be stopped at night. That effect is primarily driven by Black officers (who are 5pp
less likely to interact with Blacks at night). Also, among the subsample of Black stops, those at
night are up to 1.3pp (p < 0.05) more likely to result in some contraband (drugs or weapons) being
seized. The effect is primarily driven by Hispanic officers.

The supporting evidence of racial profiling through the lens of the veil of darkness hypothesis
is positive but weak. The reasons for these could be: (i) a small sample size (e.g., in comparison,
the recent work by Pierson et al. (2020) uses data on millions of stops); (ii) the prevalence of pedes-
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trians in the data (i.e., only a subsample of individuals in the FIs are motorists, and the “mask” of
darkness is likely to be thinner among pedestrians); (iii) the exact time of the stop is not observed,
implying measurement error in the definition of “night.”

Proximity to FI neighborhoods. Officers residing close towhere they police interactwith relatively
fewer Blacks, but there is no evidence of their Black interactions being differentially productive.
The top panel in Table C4 shows how officers residing within a few kilometers of where a FI takes
place interact with 3-6pp fewer Blacks (up to 10%). The last column indicates that one standard
deviation increase in the distance between officers’ homes and where they police (13 km) is associ-
ated with FIs with 9pp more Blacks. However, the bottom panel shows no indication that officers’
proximity to FI neighborhoods matters for productivity in Black interactions. .

Heterogeneity by party affiliation. FI characteristics vary with officers’ ideology (proxied by
party affiliation). Results in Table C5 show some baseline differences in the racial composition
and productivity of FIs by party affiliation. Relative to FIs from Republican officers, FIs from
Democrats have fewer Blacks (57 vs. 62%) but are also less productive (13 vs. 20%). Non-affiliated
officers interact with more Blacks than Republicans (63%) and are less productive (16%). The table
also shows that officers residing in Black neighborhoods interact with significantly fewer Blacks
in FIs. That is true for Democrat (up to −5pp, p > 0.1) and Republican (up to −7pp) officers but
not among those non-affiliated to any party. Regarding productivity, results suggest differences
across neighborhoods are only present for non-affiliated and, especially, Republican officers (up to
17pp more productive).

C.2 Additional robustness checks
Descriptive results with the full sample of officers. Tables C6 and C7 replicate the main descrip-
tive results (Tables A2 and 3) with the full sample of officers. Results are qualitatively identical,
and quantitative differences are statistically insignificant.

Descriptive results using with demographics from the (2010) census block. White officers in
census blocks with higher Black population shares are 1pp (p > 0.1) more productive in all-Black
interactions, a difference driven by increased success in the likelihood of finding drugs (up to
0.6pp) and weapons (up to 2pp). These are the main takeaways from Panel A in Tables C8 and C9,
that replicate Tables A2 and 3. As before, Panel B in Table C8 shows that Black officers in Black
neighborhoods interact with relatively fewer Black civilians, and Panel C shows that this is also
the case for Hispanic officers only when accounting for differences in the census tracts where they
live (Column 4). Also, columns 5-8 in the same panel and Table, and the entire Panel C in Table
C8 reveal no systematic differences in Hispanic officers’ productivity. However, unlike before,
columns 5-8 in Panel B suggest a positive differential in the productivity of Black officers residing
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in Black census blocks. Table 3 reveals that differences in the likelihood of summons primarily
drive this. Overall, the results in the two sets of tables are very similar. Differences between the
two are driven by the increased granularity of the census block (relative to the block group), which
plays in favor of the present results in terms of reliability, and the lack of time variation, which acts
against them.

Individuals with a newWhite neighbor as a control group. Columns 1-2 in Table C10 reproduces
the main results by restricting the sample of officers to those recently exposed to a new Black or
White neighbor. Coefficients are qualitative and quantitatively indistinguishable from those in the
baseline.

New Black neighbors in the same street. Columns 3-4 in Table C10 replicate baseline results
restricting the definition of New Black Neighbor to only include new neighbors in the same street
as the officers. Results are qualitatively indistinguishable from the baseline, but Panel A shows a
smaller effect on the racial composition of FIs (6-12 vs. 15-16pp). There are no differences concern-
ing the impact on productivity.

COVID-19. Columns 5-6 in Table C10 show that FIs following the start of the COVID-19 pandemic
are not driving the main results.

Productivity of all-White interactions. As a placebo test, Columns 7-8 in Table C10 show that
White officers do not experience significant changes in the productivity of all-White interactions.

Differences in reporting standards. FI reporting standards changed in 2015, as Appendix B de-
scribed. Table C11 shows no qualitative differences in outcomes when restricting the sample to
FIs from either the earlier (pre-2015) or latter (post-2015) period, but there are quantitative differ-
ences in many outcomes. The reduction in the relative share of Black civilians stopped is larger
post-2015 (8 vs. 17pp), and productivity gains are only significant in the most recent years (0 vs.
11pp), primarily driven by the increase in summons (−1 vs. 12pp). The coefficients on arrests,
frisks, searches, weapons, and (to a lesser extent) drugs are much statistically closer. Reasons for
the discrepancies in results could be a combination of (i) changes in the reporting standards and
variable definitions; (ii) changes in the behavior of police officers over time (e.g., due to public
scrutiny); or (iii) a shorter panel and sample.

Spatial autocorrelation. Standard errors are slightly larger when accounting for spatial autocor-
relation in OLS estimates. Table C12 reproduces the main estimates on the racial composition
and productivity of stops while computing the standard errors following Conley (1999), applying
distance thresholds ranging from 200 meters to one kilometer. Estimates on the racial composition
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of FIs remain significant at the 5% level. Estimates on productivity only become significant at the
10% level. A caveat is that this exercise does not prevent the “forbidden comparisons” discussed
in the new TWFE literature (De Chaisemartin and d’Haultfoeuille 2022b).
Alternative two-way fixed effects methods. Table C13 tests the sensitivity of the results to al-
ternative methodologies recently developed in the fast-expanding two-way fixed effects (TWFE)
literature. The first row provides the results of estimating Equation 2 with a standard OLS. The
second row reports the (baseline) results obtained using the imputation estimator from Borusyak
et al. (2024). Finally, the third and fourth rows report the results obtained from applying the
methodologies introduced in De Chaisemartin and d’Haultfoeuille (2022a) and Sun and Abraham
(2021), respectively.1 Despite some differences in the magnitude and significance of coefficients,
the four methodologies deliver a consistent message: exposure to a new Black neighbor is asso-
ciated with a reduction in the share of Black individuals in FIs (up to 15pp) and with an overall
increase in the productivity of Black interactions (up to 10pp). Also, all signs (except with one
estimator) are identical across columns.

The De Chaisemartin and d’Haultfoeuille (2022a) estimator yields the highest discrepancy
between methodologies. Differences possibly arise because did_multiplegt, the command to im-
plement the De Chaisemartin and d’Haultfoeuille (2022a)’s TWFE estimator, is less flexible than
the others. In particular, it does not allow for the inclusion of FI ZIP and officer census tract fixed
effects simultaneously, so coefficients are estimated only including the former. That makes them
not directly comparable with the rest, as the variation exploited for their computation comes from
different sources (from between as opposed to within census tracts).

Finally, themajor differences between Borusyak et al. (2024) and Sun andAbraham (2021) come
from the latter being (slightly) more precisely estimated. An explanation could be the presence of
serial correlation between groups and over time, a setting in which Sun and Abraham (2021) is a
more efficient estimator (De Chaisemartin and d’Haultfoeuille 2022b).

C.3 Additional quasi-experimental results
Interaction details and White stops. Table C14 investigates more closely the changing dynamics
of FI interactions following exposure to a new Black neighbor. Columns 1-2 reveal a decrease in
observations of up to 8pp. Columns 3-4 indicate an overall increase in consensual encounters of
up to 15pp, although that effect appears to be sensitive to the fixed effects included in the empirical
design for Black stops (showing a decrease of 5pp in the specification with officer fixed effects).
Columns 5-6 reveal an overall reduction in the share of FIs with stops. That effect is highly hetero-
geneous depending on the nature of the interaction: stops increase up to 5pp in Black interactions
and decrease up to 12pp in White interactions. Columns 7-10 indicate an overall decrease in the
violence of interactions, with reductions in frisks and searches, more prevalent in White stops.

1I did not use the estimator developed in Callaway and Sant’Anna (2021), as it does not allow for time-
varying covariates. Accounting for the variation in the racial composition of FI neighborhoods is paramount.
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Finally, Columns 11-12 reveal an overall increase in the productivity of interactions of up to 6pp,
driven by productivity increases in Black stops (of up to 12pp). The overall productivity of White
stops remains unchanged.

Sentiment analysis. I test whether the sentiment in police narratives changes among officers with
a new Black neighbor. If the reduction in the share of Black stops and the relative increase in
the productivity of those are due to positive shifts in the attitude of White officers toward Blacks
(contact hypothesis), that change in attitudes could be reflected in the tone of police narratives.
Specifically, when comparing narratives describing “similar” situations, treated officers’ narratives
might display a more positive sentiment in Black interactions.

To test this hypothesis, I cleaned the narratives by removing punctuation, stopwords, and some
location and other narrative-specific words (e.g., names in narratives were replaced with “xxx”),
and obtained the roots of all remaining words. Figure C1 illustrates the most common words in
the cleaned narratives with a word cloud. Some of these are: “observ,” “vehicl,” “state,” “male,”
“drug,” “black,” or “arrest” — all align well with what one would expect to find in this type of
literature. I then classified words into “positive” or “negative” using the Bing lexicon (Hu and Liu
2004), and computed each narrative’s sentiment by subtracting the number of negative words from
the positive word count.

Table C15 reports the OLS estimates of the following model:

Sentimentit = β1NewBlackNeighi(o)t + β2BlackStopit + β3NewBlackNeighi(o)t ×BlackStopit

+X
′
itγ + εit (4)

Treated officers write narratives with a more positive tone, as β1 estimates range from 0.4 to 0.9 (up
to almost 50% of a SD in Sentiment). The first four columns, however, suggest that treated White
officers’ sentiment in All-Black stops, relative to all-White stops, is, if anything, more negative (up
to 0.4 points)— even though the overall effect of the treatment (β1+β3) remains positive. Columns
5-8 indicate that these effects on the sentiment of Black interactions can be attributed in part to
differences in the type of interactions. By restricting the sample to only “productive” interactions,
β3 estimates shift their range to −0.01-0.1 (p > 0.1). Overall, results suggest that exposure effects
to a new Black neighbor improve the sentiment of all narratives, but there is no evidence of a
differential shift in Black stops.

An alternative channel in which results are driven by officers’ getting better at extracting or
interpreting signals from out-group individuals (a learning hypothesis) should not impact the
sentiment of narratives. Therefore, albeit not fully conclusive, the results presented here are most
consistent with the contact hypothesis.

The effect of a new Black neighbor on Black officers. Table C16 shows that Black officers exposed
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to a new Black neighbor also stop relatively fewer Blacks in FIs (4pp). When they do stop Black
civilians, these stops are not differentially productive. Figure C2 digs deeper into these averages
by analyzing the productivity subcomponents, the FI characteristics, and pretrends. It shows that
the likelihood of finding drugs increases in the latter years following exposure to a new Black
neighbor, an effect counterbalanced by a decrease in summons. Arrests increase in the earlier
years and later decrease, and there is little variation in the likelihood of finding weapons. In terms
of violence, frisks decrease overall, and searches remain stable. A caveat is that some outcomes
(e.g., Frisk) exhibit differential pretrends.
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Figure C1: Word cloud of police narratives

Notes: Word cloud of police narratives (available in FIs after 2015). The figure displays the roots of the
most common words in police narratives after pre-processing: removing punctions, stop words, and some
location andother narrative-specificwords (e.g., the original narratives replaced offender nameswith “xxx”).
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Figure C2: Black officers’ new Black neighbors and racial differences in FIs

Notes: The plot illustrates τh estimates from Equation 3. Vertical bars represent 95% confidence intervals.
Arrest and Summons are indicators taking the value of one if at least one individual was arrested or sum-
monsed during the police interaction, respectively. Drugs and Weapon are indicators taking the value of one
if drugs or weapons were found during the police interaction, respectively. Frisk is an indicator taking the
value of one if the interaction included a frisk. Search is an indicator taking the value of one if the interaction
included a search. Standard errors clustered at the tract-year.
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Table C1: Productivity of all-Black stops

Productive
(1) (2) (3) (4) (5) (6) (7) (8)

A. All officers

Black stop -0.046*** -0.030*** -0.030*** -0.028*** -0.065*** -0.043*** -0.034*** -0.032***
(0.006) (0.004) (0.004) (0.004) (0.005) (0.004) (0.003) (0.003)

DV Mean 0.175 0.175 0.175 0.175 0.184 0.184 0.184 0.184
N 84765 84765 84765 84765 138965 138965 138965 138965

B. White officers

Black stop -0.041*** -0.028*** -0.028*** -0.026*** -0.066*** -0.045*** -0.034*** -0.031***
(0.007) (0.005) (0.005) (0.005) (0.006) (0.004) (0.004) (0.004)

DV Mean 0.180 0.180 0.180 0.180 0.190 0.190 0.190 0.190
N 62660 62660 62660 62660 108838 108838 108838 108838

C. Black officers

Black stop -0.061*** -0.041*** -0.034*** -0.026*** -0.059*** -0.038*** -0.027*** -0.021***
(0.010) (0.009) (0.008) (0.007) (0.008) (0.007) (0.006) (0.006)

DV Mean 0.149 0.149 0.149 0.149 0.148 0.148 0.148 0.148
N 13737 13737 13737 13737 19181 19181 19181 19181

D. Hispanic officers

Black stop -0.050*** -0.011 -0.005 0.001 -0.046*** -0.018* -0.011 -0.006
(0.014) (0.010) (0.010) (0.011) (0.011) (0.009) (0.009) (0.009)

DV Mean 0.160 0.160 0.160 0.160 0.168 0.168 0.168 0.168
N 7099 7099 7099 7099 9241 9241 9241 9241

Year FE X X X X X X X X
FI ZIP FE X X X X X X
Officer ZIP FE X X
Officer Tract FE X X
Sample City City City City State State State State

Notes: Sample of all (Panel A), White (Panel B), Black (Panel C), or Hispanic (Panel D) officers
in the city (Columns 1-4) or state (Columns 5-8). Productive is an indicator taking the value of
one if the FI resulted in an arrest or summons issued or in drugs or weapons found. Black
stop is an indicator taking the value of one if all individuals in the FI were black. It takes the
value of 0 if none of the individuals in the FI were Black. All regressions control for officers’
tenure. Standard errors clustered at the tract-year level in parenthesis. *p<0.1, **p<0.05, ***p<0.01.
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Table C2: Productivity of all-Black stops, by outcome

Arrest Summons Drugs Weapon
(1) (2) (3) (4) (5) (6) (7) (8)

A. All officers

Black stop -0.015*** -0.014*** -0.013*** -0.013*** -0.008*** -0.007*** -0.002* -0.002
(0.002) (0.002) (0.003) (0.003) (0.001) (0.001) (0.001) (0.002)

DV Mean 0.067 0.067 0.101 0.101 0.024 0.024 0.031 0.031
N 84765 84765 84765 84765 84765 84765 84765 84765

B. White officers

Black stop -0.014*** -0.012*** -0.013*** -0.013*** -0.007*** -0.006*** -0.002 -0.001
(0.003) (0.003) (0.004) (0.004) (0.002) (0.002) (0.002) (0.002)

DV Mean 0.069 0.069 0.104 0.104 0.025 0.025 0.032 0.032
N 62660 62660 62660 62660 62660 62660 62660 62660

C. Black officers

Black stop -0.018*** -0.012** -0.023*** -0.014** -0.014*** -0.009*** -0.006** -0.003
(0.005) (0.005) (0.007) (0.006) (0.004) (0.003) (0.003) (0.003)

DV Mean 0.052 0.052 0.093 0.093 0.021 0.021 0.025 0.025
N 13737 13737 13737 13737 13737 13737 13737 13737

D. Hispanic officers

Black stop -0.012 -0.003 0.001 0.005 0.001 0.001 -0.001 0.001
(0.008) (0.008) (0.007) (0.007) (0.004) (0.004) (0.005) (0.005)

DV Mean 0.066 0.066 0.088 0.088 0.022 0.022 0.029 0.029
N 7099 7099 7099 7099 7099 7099 7099 7099

Year FE X X X X X X X X
FI ZIP FE X X X X X X X X
Officer Tract FE X X X X

Notes: Sample of all (Panel A), White (Panel B), Black (Panel C), or Hispanic (Panel D) officers in the city. Ar-
rest and Summons are indicators taking the value of one if at least one individual was arrested or summonsed
during the police interaction, respectively. Weapon and Drugs are indicators taking the value of one if the FI
resulted inweapons ordrugs found. Black stop is an indicator taking the value of one if all individuals in the FI
were black. It takes the value of zero if none of the individuals in the FIwere Black. All regressions control for
officers’ tenure. Standard errors clustered at the tract-year level in parenthesis. *p<0.1, **p<0.05, ***p<0.01.
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Table C3: Veil of darkness: FI racial composition and outcomes in inter-twilight hours

Share Black in FI Arrest Summons Drugs Weapon
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

A. All officers
Night -0.018* -0.018* 0.005 0.007 0.012 0.013* 0.006* 0.007** 0.002 0.001

(0.011) (0.011) (0.008) (0.008) (0.008) (0.008) (0.003) (0.003) (0.005) (0.005)
DV Mean 0.615 0.615 0.057 0.057 0.093 0.093 0.018 0.018 0.028 0.028
N 12200 12200 7837 7837 7837 7837 7837 7837 7837 7837
B. White officers
Night -0.014 -0.015 0.006 0.005 0.010 0.011 0.003 0.004 0.004 0.003

(0.013) (0.013) (0.010) (0.010) (0.009) (0.009) (0.004) (0.004) (0.007) (0.006)
DV Mean 0.613 0.613 0.060 0.060 0.096 0.096 0.019 0.019 0.029 0.029
N 9170 9170 5844 5844 5844 5844 5844 5844 5844 5844
C. Black officers
Night -0.051*** -0.050** -0.014 -0.016 -0.013 -0.016 0.000 0.001 -0.002 -0.006

(0.019) (0.020) (0.014) (0.013) (0.015) (0.015) (0.002) (0.002) (0.008) (0.008)
DV Mean 0.665 0.665 0.043 0.043 0.083 0.083 0.014 0.014 0.021 0.021
N 1948 1948 1420 1420 1420 1420 1420 1420 1420 1420
D. Hispanic officers
Night 0.032 0.021 0.024 0.037 0.101*** 0.110*** 0.043** 0.052** -0.003 -0.003

(0.033) (0.032) (0.042) (0.042) (0.031) (0.034) (0.020) (0.022) (0.025) (0.029)
DV Mean 0.582 0.582 0.045 0.045 0.084 0.084 0.018 0.018 0.027 0.027
N 970 970 519 519 519 519 519 519 519 519
Year FE X X X X X X X X X X
FI ZIP FE X X X X X X X X X X
Officer Tract FE X X X X X

Notes: Sample of all (Panel A), White (Panel B), Black (Panel C), or Hispanic (Panel D) officers in the city. Only FIs after 2015
(the time of the stop was not reported before) during inter-twilight hours (5 to 10 PM) are included. Columns 3-10 only in-
clude Black stops. All outcomes are as previously defined. Night is an indicator taking the value of one if the stop occurred af-
ter civil twilight (approximately – I only observe hour intervals). All regressions control for officers’ tenure. All regressions in-
clude time of the day fixed effects. Standard errors clustered at the tract-year level in parenthesis. *p<0.1, **p<0.05, ***p<0.01.
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Table C4: Distance to policing neighborhoods and racial differences in FIs

Share Black in FI
(1) (2) (3) (4) (5) (6) (7)

Within Distance -0.037*** -0.035*** -0.027*** -0.033*** -0.033*** -0.059***
(0.014) (0.012) (0.009) (0.008) (0.008) (0.014)

Distance (Km) 0.089***
(0.017)

DV Mean 0.613 0.613 0.613 0.613 0.613 0.613 0.613
N 67062 67062 67062 67062 67062 67062 67062

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

Within Distance -0.002 0.024 0.007 -0.002 -0.013 -0.025**
(0.012) (0.015) (0.011) (0.009) (0.009) (0.012)

Distance (Km) 0.017
(0.019)

DV Mean 0.163 0.163 0.163 0.163 0.163 0.163 0.163
N 38715 38715 38715 38715 38715 38715 38715

Year FE X X X X X X X
FI ZIP FE X X X X X X X
Range Same ZIP <2km <3km <5km <7km <10km

Notes: The sample includes all FIs from White officers in the city. Share Black in FI is the share of
Black individuals in the police interaction. Productive is an indicator taking the value of one if the FI
resulted in an arrest or summons issued or in drugs or weapons found. Within Distance is an indi-
cator taking the value of one if the officer resides within a given distance (in the same ZIP, or within
2 to 10 Km) to the FI neighborhood (centroid of the FI ZIP code). Distance (Kms) is the standard-
ized distance (in Kms) between the officers’ neighborhood (centroid of the ZIP) and the FI neighbor-
hood. Standard errors clustered at the tract-year level in parenthesis. *p<0.1, **p<0.05, ***p<0.01.
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Table C5: Neighborhoods and racial differences in FIs – by officers party affiliation

Share Black in FI Productive
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

Share Black in -0.014 -0.053 0.001 0.005 -0.070*** -0.041** 0.015 -0.008 0.014* 0.025** 0.046 0.174***
Neighborhood (0.015) (0.032) (0.008) (0.017) (0.020) (0.018) (0.012) (0.038) (0.007) (0.013) (0.030) (0.064)

DV Mean 0.569 0.569 0.627 0.627 0.619 0.619 0.132 0.132 0.163 0.163 0.198 0.198

FI ZIP FE X X X X X X X X X X X X
Officer Tract FE X X X X X X
Party D D N N R R D D N N R R

Notes: The sample includes all FIs from White officers in City. Columns 7-12 restrict the sample to all-Black FIs. Share Black in
FI is the share of Black individuals in the police interaction. Productive is an indicator taking the value of one if the FI resulted
in an arrest or summons issued or in drugs or weapons found. Share Black in Neighborhood is the standardized share of Black pop-
ulation in officers’ census block group in the year of the FI obtained from the American Community Survey. Officers party affilia-
tion can be Democratic (D), Republican (R), or None (N). The number of observations is undisclosed for confidentiality reasons. All
regressions control for officers’ tenure. Standard errors clustered at the tract-year level in parenthesis. *p<0.1, **p<0.05, ***p<0.01.
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Table C6: Neighborhoods and racial composition and productivity of FIs (All officers)

Share Black in FI Productive
(1) (2) (3) (4) (5) (6) (7) (8)

A. White officers

Share Black in -0.001 -0.003 0.008 -0.002 0.013** 0.012** 0.014* 0.022**
Neighborhood (0.010) (0.006) (0.006) (0.011) (0.006) (0.005) (0.007) (0.010)

DV Mean 0.594 0.594 0.594 0.594 0.161 0.161 0.161 0.161
N 115610 115610 115610 115610 65126 65126 65126 65126

B. Black officers

Share Black in -0.018*** -0.010** -0.006 -0.022*** 0.003 0.002 -0.002 0.002
Neighborhood (0.006) (0.004) (0.005) (0.007) (0.004) (0.004) (0.006) (0.009)

DV Mean 0.664 0.664 0.664 0.664 0.128 0.128 0.128 0.128
N 20227 20227 20227 20227 12888 12888 12888 12888

C. Hispanic officers

Share Black in 0.062*** 0.028*** 0.011 -0.051** -0.010 -0.008 0.018 0.047
Neighborhood (0.014) (0.007) (0.014) (0.023) (0.010) (0.009) (0.020) (0.031)

DV Mean 0.554 0.554 0.554 0.554 0.144 0.144 0.144 0.144
N 9892 9892 9892 9892 5146 5146 5146 5146

Year FE X X X X X X X X
FI ZIP FE X X X X X X
Officer ZIP FE X X
Officer Tract FE X X

Notes: The sample includes all FIs from White (Panel A), Black (Panel B), or Hispanic (Panel C) of-
ficers in the state. Only FIs after 2015 are included (the time of the stop was not reported before).
Columns 5-8 restrict the sample to all-Black FIs. All outcomes are as previously defined. Share Black
in Neighborhood is the standardized share of Black population in officers’ census block group in the
year of the FI obtained from the American Community Survey. All regressions control for officers’
tenure. Standard errors clustered at the tract-year level in parenthesis. *p<0.1, **p<0.05, ***p<0.01.
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Table C7: Neighborhoods and outcomes of all-Black FIs (All officers)

Arrest Summons Drugs Weapon Frisk Search
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

A. White officers

Share Black in 0.003 0.008 0.007* 0.009 0.003** 0.003 0.004** 0.010** -0.006 0.034** 0.003 0.026**
Neighborhood (0.003) (0.007) (0.004) (0.007) (0.001) (0.003) (0.002) (0.005) (0.008) (0.015) (0.006) (0.011)

DV Mean 0.059 0.059 0.096 0.096 0.020 0.020 0.030 0.030 0.364 0.364 0.189 0.189
N 65126 65126 65126 65126 65126 65126 65126 65126 65126 65126 65126 65126

B. Black officers

Share Black in 0.002 -0.006 -0.001 0.009 -0.000 -0.000 0.003** -0.000 0.015** 0.037*** 0.008 0.020**
Neighborhood (0.002) (0.004) (0.003) (0.006) (0.001) (0.002) (0.001) (0.001) (0.007) (0.011) (0.005) (0.009)

DV Mean 0.042 0.042 0.083 0.083 0.015 0.015 0.020 0.020 0.366 0.366 0.175 0.175
N 12888 12888 12888 12888 12888 12888 12888 12888 12888 12888 12888 12888

C. Hispanic officers

Share Black in -0.012*** -0.004 0.002 0.042 -0.004** 0.008 -0.007** 0.003 0.016* 0.067* -0.019* 0.017
Neighborhood (0.004) (0.011) (0.007) (0.027) (0.002) (0.011) (0.003) (0.009) (0.010) (0.039) (0.010) (0.026)

DV Mean 0.051 0.051 0.088 0.088 0.021 0.021 0.032 0.032 0.351 0.351 0.178 0.178
N 5146 5146 5146 5146 5146 5146 5146 5146 5146 5146 5146 5146

Year FE X X X X X X X X X X X X
FI ZIP FE X X X X X X X X X X X X
Officer Tract FE X X X X X X

Notes: The sample includes all-Black FIs from White (Panel A), Black (Panel B), or Hispanic (Panel C) officers in the
state. All outcomes are as previously defined. Share Black in Neighborhood is the standardized share of Black popula-
tion in officers’ census block group in the year of the FI obtained from the American Community Survey. All regres-
sions control for officers’ tenure. Standard errors clustered at the tract-year level in parenthesis. *p<0.1, **p<0.05, ***p<0.01.
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Table C8: Neighborhoods and racial differences in FIs (2010 Census Block)

Share Black in FI Productive
(1) (2) (3) (4) (5) (6) (7) (8)

A. White officers

Share Black in -0.019 -0.016* -0.003 0.000 0.011 0.010 0.010 0.013
2010 Block (0.012) (0.008) (0.008) (0.011) (0.008) (0.007) (0.008) (0.016)

DV Mean 0.613 0.613 0.613 0.613 0.163 0.163 0.163 0.163
N 66950 66950 66950 66950 38565 38565 38565 38565

B. Black officers

Share Black in -0.026*** -0.008* -0.003 -0.015** 0.015*** 0.013*** 0.014** 0.019***
2010 Block (0.007) (0.005) (0.007) (0.007) (0.004) (0.004) (0.006) (0.006)

DV Mean 0.665 0.665 0.665 0.665 0.130 0.130 0.130 0.130
N 14378 14378 14378 14378 9204 9204 9204 9204

C. Hispanic officers

Share Black in 0.053*** 0.022*** 0.023* -0.023 -0.003 -0.000 0.000 0.006
2010 Block (0.014) (0.006) (0.011) (0.018) (0.009) (0.008) (0.015) (0.024)

DV Mean 0.582 0.582 0.582 0.582 0.133 0.133 0.133 0.133
N 7527 7527 7527 7527 4149 4149 4149 4149

Year FE X X X X X X X X
FI ZIP FE X X X X X X
Officer ZIP FE X X
Officer Tract FE X X

Notes: The sample includes all FIs from White (Panel A), Black (Panel B), or Hispanic (Panel C) officers in
the city. Columns 5-8 restrict the sample to all-Black FIs. Share Black in FI is the share of Black individuals
in the police interaction. Productive is an indicator taking the value of one if the FI resulted in an arrest or
summons issued or in drugs or weapons found. Share Black in 2010 Block is the standardized share of the
Black population in officers’ census block in the 2010 Decennial Census. All regressions control for offi-
cers’ tenure. Standard errors clustered at the tract-year level in parenthesis. *p<0.1, **p<0.05, ***p<0.01.
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Table C9: Neighborhoods and outcomes of all-Black FIs (2010 Census Block)

Arrest Summons Drugs Weapon Frisk Search
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

A. White officers

Share Black in 0.000 -0.001 0.008 0.010 0.002* 0.006** 0.007*** 0.020*** 0.014 0.051*** 0.002 0.022
2010 Block (0.004) (0.015) (0.005) (0.009) (0.001) (0.003) (0.002) (0.004) (0.009) (0.019) (0.007) (0.016)

DV Mean 0.060 0.060 0.096 0.096 0.019 0.019 0.029 0.029 0.330 0.330 0.186 0.186
N 38565 38565 38565 38565 38565 38565 38565 38565 38565 38565 38565 38565

B. Black officers

Share Black in 0.004* -0.000 0.008** 0.019*** 0.002* -0.001 0.003*** 0.000 0.014** 0.031** 0.013* 0.020**
2010 Block (0.002) (0.003) (0.003) (0.005) (0.001) (0.001) (0.001) (0.001) (0.006) (0.012) (0.007) (0.008)

DV Mean 0.043 0.043 0.083 0.083 0.014 0.014 0.021 0.021 0.358 0.358 0.174 0.174
N 9204 9204 9204 9204 9204 9204 9204 9204 9204 9204 9204 9204

C. Hispanic officers

Share Black in -0.011*** -0.005 0.008 0.008 -0.002 -0.002 -0.003 -0.002 0.024*** 0.050* -0.003 0.010
2010 Block (0.004) (0.013) (0.007) (0.019) (0.002) (0.008) (0.002) (0.007) (0.008) (0.028) (0.007) (0.020)

DV Mean 0.045 0.045 0.084 0.084 0.018 0.018 0.027 0.027 0.351 0.351 0.168 0.168
N 4149 4149 4149 4149 4149 4149 4149 4149 4149 4149 4149 4149

Year FE X X X X X X X X X X X X
FI ZIP FE X X X X X X X X X X X X
Officer Tract FE X X X X X X

Notes: The sample includes all-Black FIs from White (Panel A), Black (Panel B), or Hispanic (Panel C) officers in the city. Arrest and
Summons are indicators taking the value of one if at least one individual was arrested or summonsed during the police interaction, re-
spectively. Weapon and Drugs are indicators taking the value of one if the FI resulted in weapons or drugs found. Frisk is an indica-
tor taking the value of one if the interaction included a frisk. Search is an indicator taking the value of one if the interaction included
a search. Share Black in 2O1O Block is the standardized share of Black population in officers’ census block in the 2010 Decennial Cen-
sus. All regressions control for officers’ tenure. Standard errors clustered at the tract-year level in parenthesis. *p<0.1, **p<0.05, ***p<0.01.
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Table C10: Robustness: additional sensitivity tests

Panel A. Racial composition of interactions

Share Black in FI
(1) (2) (3) (4) (5) (6)

New Black neighbor -0.142*** -0.158*** -0.067*** -0.120*** -0.160*** -0.164***
(0.010) (0.012) (0.011) (0.008) (0.011) (0.011)

DV Mean 0.615 0.615 0.614 0.614 0.613 0.613
N 63355 63355 65949 65949 66428 66428

Panel B. Productivity of interactions

Productive
(1) (2) (3) (4) (5) (6) (7) (8)

New Black neighbor 0.101*** 0.120*** 0.109*** 0.117*** 0.118*** 0.133*** 0.015 -0.014
(0.016) (0.014) (0.014) (0.010) (0.016) (0.015) (0.016) (0.022)

DV Mean 0.162 0.162 0.163 0.163 0.163 0.163 0.201 0.201
N 36667 36667 38159 38159 38388 38388 24078 24078
Year FE X X X X X X X X
FI ZIP FE X X X X X X X X
Officer Tract FE X X X X
Officer FE X X X X
Test Exposed to NN NN in Same Street FIs pre-COVID Only All-White FIs

Notes: The sample in Panel A includes all FIs from White officers in the city. Panel B restricts the sample to all-Black FIs only, except in columns 5-6.
All outcomes are as previously defined. New Black Neighbor as previously defined. Columns 1-2 restrict the sample of control individuals to those
exposed to a newWhite neighbor. Columns 3-4 restrict the definition of New Black Neighbor to officers exposed to a new neighbor in the same street.
Columns 5-6 drop all FIs after March 1st, 2020. Columns 7-8 investigate productivity effects on the subsample of all-White interactions. Specifications
without officer fixed effects include tenure as a control. Standard errors clustered at the tract-year in parenthesis. *p < 0.1, **p < 0.05, ***p < 0.01.
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Table C11: Robustness: change in data reporting

Panel A. Racial composition and productivity of all-Black FIs

Shr Black in FI Productive Arrest Summons
(1) (2) (3) (4) (5) (6) (7) (8)

New Black neighbor -0.075*** -0.174*** -0.006 0.109*** 0.004 0.006 -0.011 0.121***
(0.013) (0.014) (0.015) (0.018) (0.008) (0.018) (0.015) (0.011)

DV Mean 0.596 0.646 0.157 0.177 0.045 0.090 0.110 0.069
N 45409 22008 25995 12874 25995 12874 25995 12874

Panel B. Productivity and characteristics of all-Black FIs

Weapon Drugs Frisk Search
(1) (2) (3) (4) (5) (6) (7) (8)

New Black neighbor -0.006 -0.013 0.006** 0.031*** -0.104*** -0.107*** -0.048 -0.024
(0.006) (0.009) (0.003) (0.004) (0.021) (0.025) (0.031) (0.025)

DV Mean 0.029 0.030 0.021 0.014 0.358 0.272 0.205 0.145
N 25995 12874 25995 12874 25995 12874 25995 12874
Year FE X X X X X X X X
FI ZIP FE X X X X X X X X
Officer Tract FE X X X X X X X X
Data Source 2011-15 2015-20 2011-15 2015-20 2011-15 2015-20 2011-15 2015-20

Notes: FIs from White officers in the city. Odd columns use the subsample of FIs from 2011-15 (old reporting system). Even columns
use the subsample of FIs from 2015-20. All outcomes are as previously defined. New Black neighbor as previously defined. All spec-
ifications include tenure as a control. Standard errors clustered at the tract-year level in parenthesis. *p<0.1, **p<0.05, ***p<0.01.
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Table C12: Robustness: accounting for spatial autocorrelation

Panel A. Racial composition of interactions

Share Black in FI
(1) (2) (3) (4) (5)

New Black neighbor -0.153** -0.153** -0.153** -0.153** -0.153**
(0.063) (0.063) (0.062) (0.062) (0.062)

DV Mean 0.612 0.612 0.612 0.612 0.612
N 66813 66813 66813 66813 66813

Panel B. Productivity of all-Black interactions

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

New Black neighbor 0.114** 0.114** 0.114** 0.114** 0.114**
(0.055) (0.054) (0.055) (0.055) (0.056)

DV Mean 0.162 0.162 0.162 0.162 0.162
N 38477 38477 38477 38477 38477
Year FE X X X X X
FI ZIP FE X X X X X
Officer Tract FE X X X X X
Conley SE Dist Cutoff (m) 200 350 500 750 1000

Notes: The sample in Panel A includes all FIs from White officers in the city. Panel B restricts the
sample to all-Black FIs only. Share Black in FI denotes the share of Black civilians in the FI. Produc-
tive is an indicator taking the value of one if the FI resulted in an arrest or summons issued or in
drugs or weapons found. New Black Neighbor is an indicator taking the value of one if a Black individ-
ual moves into a previously non-Black-owned and occupied dwelling within 100 meters of the officer’s
residence. All specifications include tenure as a control. Different columns report Conley standard er-
rors with varying distance cutoffs, from 200 meters to one kilometer (Conley 1999). Estimates are com-
puted by OLS with the Stata command acreg (Colella et al. 2023). *p < 0.1, **p < 0.05, ***p < 0.01.
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Table C13: Robustness: alternative TWFE estimation methods

Conditional on All-Black in FI

Share Black in FI Productive Arrest Summons Weapon Drugs Frisk Search

(1) (2) (3) (4) (5) (6) (7) (8)

OLS -0.154*** 0.101* 0.023 0.080** -0.003 0.029* -0.075** -0.018
(0.060) (0.052) (0.037) (0.040) (0.008) (0.016) (0.034) (0.026)

Borusyak, Jaravel -0.154*** 0.100*** 0.022** 0.078*** -0.003 0.030*** -0.076*** -0.019
and Spiess 2021 (0.011) (0.015) (0.009) (0.010) (0.004) (0.004) (0.019) (0.017)

De Chaisemartin and -0.104 0.009 -0.041 0.054 -0.033 -0.020 -0.062 0.004
D’Haultfoeuille 2022 (0.097) (0.068) (0.042) (0.052) (0.031) (0.020) (0.067) (0.078)

Sun and Abraham 2021 -0.153*** 0.100*** 0.023*** 0.078*** -0.003*** 0.029*** -0.075*** -0.019***
(0.007) (0.005) (0.005) (0.006) (0.001) (0.002) (0.004) (0.004)

Notes: The sample includes all FIs fromWhite officers in the city. Columns 2-10 restrict the sample to all-Black FIs. Arrest and Summons are indicators
taking thevalueof one if at least one individualwas arrestedor summonsedduring thepolice interaction, respectively. Drugs andWeapon are indicators
taking the value of one if drugs or weaponswere found during the police interaction, respectively. Frisk is an indicator taking the value of one if the in-
teraction included a frisk. Search is an indicator taking the value of one if the interaction included a search. The first, second, third, and fourth-row esti-
mates are obtained using reghdfe, did_imputation (Borusyak et al. 2024), did_multiplegt (DeChaisemartin andd’Haultfoeuille 2022a), and eventstudyinter-
act (Sun andAbraham 2021), respectively. All estimators include year and FI ZIP fixed effects. All, except DeChaisemartin and d’Haultfoeuille (2022a)
in the third row, also include officer census tract fixed effects. Standard errors clustered at the tract-year in parenthesis. *p < 0.1, **p < 0.05, ***p < 0.01.
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Table C14: Mechanisms: FI details

Panel A. All interactions

Observed Only Encounter Stop Frisked Search Productive
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

New Black neighbor -0.060*** -0.025 0.124*** 0.036** -0.046*** -0.012 -0.135*** -0.106*** -0.054*** -0.061*** 0.061*** 0.052***
(0.015) (0.018) (0.021) (0.016) (0.016) (0.019) (0.014) (0.013) (0.015) (0.014) (0.013) (0.013)

DV Mean 0.188 0.188 0.544 0.544 0.561 0.561 0.302 0.302 0.181 0.181 0.179 0.179
N 68910 68910 68910 68910 68910 68910 68910 68910 68910 68910 68910 68910

Panel B. Black interactions

Observed Only Encounter Stop Frisked Search Productive
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

New Black neighbor -0.077*** -0.003 0.138*** -0.054*** 0.015 0.053*** -0.076*** -0.032** -0.019 -0.022 0.100*** 0.120***
(0.018) (0.017) (0.027) (0.018) (0.017) (0.020) (0.019) (0.016) (0.017) (0.015) (0.015) (0.014)

DV Mean 0.182 0.182 0.552 0.552 0.578 0.578 0.330 0.330 0.186 0.186 0.163 0.163
N 38873 38873 38873 38873 38873 38873 38873 38873 38873 38873 38873 38873

Panel C. White interactions

Observed Only Encounter Stop Frisked Search Productive
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

New Black neighbor -0.033 -0.048** 0.126*** 0.132*** -0.122*** -0.084*** -0.174*** -0.167*** -0.094*** -0.107*** 0.015 -0.014
(0.020) (0.022) (0.026) (0.019) (0.022) (0.027) (0.017) (0.028) (0.017) (0.025) (0.016) (0.022)

DV Mean 0.199 0.199 0.552 0.552 0.527 0.527 0.252 0.252 0.176 0.176 0.201 0.201
N 24078 24078 24078 24078 24078 24078 24078 24078 24078 24078 24078 24078
Year FE X X X X X X X X X X X X
FI ZIP FE X X X X X X X X X X X X
Officer Tract FE X X X X X X
Officer FE X X X X X X

Notes: The sample in Panel A includes all FIs from White officers in the city. Panel B restricts the sample to all-Black FIs only. Panel C restricts the
sample to all-White FIs only. Observed Only is an indicator taking the value of one if the FI involved an observation (without direct contact). Encounter
is an indicator taking a value of one if the FI included a consensual encounter. Stop is an indicator taking the value of one if the FI included a stop.
Encounter and Stop are not mutually exclusive. The rest of the outcomes are as previously defined. New Black Neighbor as previously defined. Specifi-
cations without officer fixed effects include tenure as a control. Standard errors clustered at the tract-year in parenthesis. *p<0.1, **p<0.05, ***p<0.01.
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Table C15: Mechanisms: sentiment analysis

Sentiment
(1) (2) (3) (4) (5) (6) (7) (8)

New Black neighbor 0.640*** 0.886*** 0.418** 0.472** 0.875*** 0.862*** 0.852*** 0.780*
(0.090) (0.125) (0.184) (0.184) (0.197) (0.325) (0.319) (0.423)

Black stop 0.139*** 0.151*** 0.030 0.033 0.045 0.044 -0.090 -0.095
(0.045) (0.045) (0.045) (0.047) (0.094) (0.098) (0.101) (0.106)

New Black neighbor -0.369** -0.100 0.019 0.115
× Black stop (0.158) (0.150) (0.303) (0.285)

DV Mean -0.943 -0.943 -0.943 -0.943 -1.331 -1.331 -1.331 -1.331
DV SD 1.813 1.813 1.813 1.813 2.159 2.159 2.159 2.159
N 15823 15823 15823 15823 3130 3130 3130 3130
Year FE X X X X X X X X
FI ZIP FE X X X X X X X X
Officer Tract FE X X X X
Officer FE X X X X
Sample Full Full Full Full Prod Prod Prod Prod

Notes: All-Black or all-White FIs from White officers in the city. Columns 1-4 include all FIs in which the narrative is avail-
able. Columns 5-8 restrict the sample to productive interactions, as previously defined. Sentiment is the result of subtracting the
number of negative words from the positive word count, with words classified as positive or negative using the Bing sentiment lex-
icon (Hu and Liu 2004). New Black Neighbor is an indicator taking the value of one if a Black individual moves into a previ-
ously non-Black-owned and occupied dwelling within 100 meters of the officer’s residence. Specifications without officer fixed ef-
fects include tenure as a control. Standard errors clustered at the tract-year level in parenthesis. *p<0.1, **p<0.05, ***p<0.01.
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Table C16: Black officers’ new Black neighbors and racial differences in FIs

Panel A. Racial composition of interactions

Share Black in FI
(1) (2) (3) (4)

New Black neighbor -0.006 -0.025* -0.035*** -0.021
(0.011) (0.013) (0.013) (0.019)

DV Mean 0.678 0.678 0.678 0.678
N 13977 13977 13977 13977

Panel B. Productivity of all-Black interactions

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

New Black neighbor -0.000 -0.000 0.002 0.048***
(0.012) (0.013) (0.014) (0.018)

DV Mean 0.127 0.127 0.127 0.127
N 9097 9097 9097 9097
Year FE X X X X
FI ZIP FE X X X
Officer ZIP FE X
Officer Tract FE X
Officer FE X

Notes: The sample in Panel A includes all FIs from Black officers in the city. Panel B restricts
the sample to all-Black FIs only. All outcomes are as previously defined. New Black Neigh-
bor as previously defined. Specifications without officer fixed effects include tenure as a control.
Standard errors clustered at the tract-year in parenthesis. *p < 0.1, **p < 0.05, ***p < 0.01.
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