
Who are the Police? Descriptive Representation in
the Coercive Arm of Government∗

Bocar Ba, Jacob Kaplan, Dean Knox, Mayya Komisarchik, Rachel Mariman
Jonathan Mummolo, Roman Rivera, & Michelle Torres

March 19, 2022

Abstract

Policies to make police forces more representative of communities have centered
on race. But race may crudely proxy views and lived experiences, undermining clas-
sic theories of representative bureaucracy. To conduct a multi-dimensional analysis,
we merge personnel records, voter files and census data to examine roughly 220,000
officers from 97 of the 100 largest local U.S. agencies—over one third of local law en-
forcement agents nationwide. We show officers skewmoreWhite, Republican, politi-
cally active, male, and high-income than their jurisdictions; they also surround them-
selves with similarly unrepresentative neighbors. In a quasi-experimental analysis in
Chicago, we find Democratic and minority officers initiate fewer stops, arrests, and
uses of force than Republican andWhite counterparts facing common circumstances.
The Black-White behavioral gap is often far larger than the Democratic-Republican
gap, a pattern not observed among Hispanic officers. Our results complicate conven-
tional understandings of descriptive representation, highlighting the importance of
multi-dimensional perspectives of diversity.
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A “representative bureaucracy” (Kingsley, 1944; Meier, 1975) that shares salient at-
tributes and social identities with the population it serves has long been theorized to
enhance the quality of government service, especially for marginalized groups (Dolan,
2001; Potter and Volden, 2021). The need for descriptive representation in unelected sec-
tors of government is thought to be especially pronounced in settings where effective
oversight of bureaucrats’ sometimes considerable discretion is challenging, and “exter-
nal controls fail” to promote desirable and fair agency outputs (Meier, 1975, 528). In the
realm of policing—where agents routinely exercise discretion to protect, punish, or even
kill, and where oversight and accountability are notoriously difficult (Brehm and Gates,
1999; Goldstein, 1977)—scholars have spent decades trying to assess both the prevalence
and impact of descriptive representation. Due to longstanding concerns over racial dis-
crimination in policing (Alexander, 2010; Lerman and Weaver, 2014; Glaser, 2014), the
overwhelming focus of this literature has been officer race and ethnicity (Ba et al., 2021;
Harvey andMattia, 2019; McCrary, 2007; Miller and Segal, 2012, 2018; Sklansky, 2005). But
as Ba et al. (2021) notes, “Officers are multidimensional, and crafting effective personnel
reforms will likely require thinking beyond the coarse demographic categories typically
used in diversity initiatives and consideration of how multiple attributes relate police to
the civilians they serve" (p. 701).

In this paper, we analyze nearly a quarter million officers,1 covering 97 of America’s
100 largest local agencies2 and representing over one third of all local law enforcement
nationwide, to provide a comprehensive, multi-dimensional account of descriptive rep-
resentation in policing. Our data contain measures of officers’ race, ethnicity, gender,
age, income, political affiliation, voting history, and place of residence. It draws upon nu-
merous open records requests, data-sharing agreements, and publicly available personnel
rosters, merged with voter file and U.S. Census data. The resulting data set allows us to
comprehensively characterize the degree to which police resemble their communities on
a host of dimensions (Hyland and Davis, 2019).

Our analysis is motivated by the fact that race and ethnicity alone may be relatively
crude indicators of how officers relate to civilians or behave on the job. This is a par-
ticular concern given the politicization of policing in the United States, with Democrats
and Republicans strongly disagreeing on policing policy (Eckhouse, 2019; Pew, 2017; Kim

1Throughout, we use “officers” to refer to sworn employees of law enforcement agencies, including both
police officers and sheriffs’ deputies.

2We have obtained commitments to provide data on the remaining three agencies but have not yet
received these data.
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Parker and Kiley Hurst, 2021). Simply put, people who identify with a particular racial
or ethnic group are not monolithic, and recent evidence shows support for conservative
policy is more pronounced among racial minorities than previously thought (White, Laird
and Allen, 2014). The intersection of multiple identities may affect police behavior in im-
portant ways undetectable in prior work. In the words of Dolan and Rosenbloom (2003,
p. 77), “a bureaucracy that looks like the population it serves may not effectively translate
the policy wishes of the population into public policy” if bureaucrats do not share the
public’s “values, opinions, and attitudes.”

Progress on this question, like many others in the study of policing, has been stymied
by a scattered, incomplete and heterogeneous landscape of administrative data (Knox and
Mummolo, 2020). Assembling even basic facts about law enforcement agencies, such as
whom they employ, remains remarkably difficult in many jurisdictions—much less infor-
mation on officers’ demographics, preferences or activities. Agencies rarely share this
information proactively and, in our experience, sometimes even seek to defy freedom-of-
information laws in violation of the near-universal requirement to disclose government
employee rosters upon request. National surveys of police officers offer some insights
(BJS, 2016; Morin et al., 2017), but because they sample small numbers of officers from
numerous locations nationwide, they preclude close examination of whether and how
agencies represent their particular jurisdictions, especially in terms of political views and
affiliations. Conversely, studies which closely scrutinize single jurisdictions (Ba et al.,
2021; Hoekstra and Sloan, 2020) leave open questions of generalizability.

To address this gap, we first leverage our data to demonstrate that relative to civilians
in their jurisdictions, police officers are more likely to be White, affiliate with the Repub-
lican Party, have higher household income, and vote more often. However, the degree
of nonrepresentativeness is highly heterogeneous. Among Black individuals, officers and
civilians in the same jurisdictions are both roughly 1-3% Republican while officers are
nearly 52% Democrat compared to 66% among civilians.. Among White and Hispanic in-
dividuals, however, officers skew far more Republican than their respective local civilian
counterparts.

Next, we broaden our notion of identity to account for the context of where officers
live and work. Some scholars and political elites have claimed policing outcomes will be
more equitable if officers are required to live amongst and have ties to the communities
they serve, a policy which may also benefit the local economy (Eisinger, 1983) (though
evidence remains mixed (Smith, 1980a; Murphy and Worrall, 1999; Hauck and Nichols,
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2020)). In a thorough examination of personnel policies for the nation’s 100 largest agen-
cies, we find that over a quarter mandate or encourage local residency. In light of this,
we examine where officers reside and find these neighborhoods also differ systematically
from civilians at large. Census tracts where officers live tend to have higher shares of
White residents, higher shares of Republicans, higher rates of voter turnout and higher
household income than their jurisdictions writ large. In other words, officers do not only
differ from their jurisdictions on a range of social identities; they also choose to surround
themselves with other individuals who are closer to themselves and further from their
jurisdictions, suggesting divergences in lived experiences.

To probe these patterns at a finer-grained level, we then turn to a micro-level dataset,
acquired from theChicago PoliceDepartment (CPD) after roughly 5 years of public records
requests. As previous scholars have noted, Chicago represents a crucial case for the study
of diversity in policing (McCrary, 2007): the agency has substantially diversified along
racial, ethnic and gender lines in recent decades, the city remains a focal point for con-
cerns over abusive policing practices, and public opinion polls show sharp divergences
between racial and ethnic groups of civilians on attitudes towards police (Harris, 2021).
Among numerous other features and activities, our Chicago data describe the specific
police districts to which police officers are assigned to work. This allows us to evalu-
ate whether officers resemble civilians in the specific areas where they work—that is, the
civilians with whom they most frequently interact—rather than simply analyzing repre-
sentation at the coarser level of jurisdictions. We find that in the vast majority of Chicago
police districts, officers diverge from the civilians they serve in terms of race and ethnicity.
We also see striking gaps in political affiliation: every single district in Chicago is policed
by officers who skew more Republican than local residents.

Finally, having established these descriptive patterns, we conduct a deep analysis of
hyper-granular CPD data to evaluate the real-world impact of the highly salient attributes
of race, ethnicity, and party affiliation. Using datasets on CPD shift assignments and en-
forcement records—covering an eight-year period, doubling the coverage of data previ-
ously analyzed in Ba et al. (2021)—we test whether officers from various groups choose
to treat civilians differently when facing common circumstances. This strategy closely
mirrors the research design of Ba et al. (2021), allowing analysts to estimate what police
commanders can expect when deploying an officer of one group (e.g., Democratic offi-
cers, drawn from all officers in the unit available for deployment) and how the average
behavior of this group differs from another (e.g., Republican officers).
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Our results paint a complex portrait of the role of race, ethnicity and partisanship
across officer groups. First, we find that in scenarios where both comparisons can be
made, the Black-White gap in officer enforcement decisions has the same sign as the
Democratic-Republican gap: When deploying either Black or Democratic officers, com-
manders can expect fewer stops, arrests, and uses of force (compared to White or Repub-
lican officers, respectively). However, the Black-White gap is roughly double the size of
the Democratic-Republican gap—with the sole exception of force, where race- and- party-
based deployment effects are similar. At first glance, these results suggest officer race is a
more salient divide than personal politics, corresponding to larger differences in the treat-
ment of civilians. However, we see a very different pattern when examining Hispanic of-
ficers, where we find the effects of ethnicity- and- party-based deployments are generally
indistinguishable (at least in scenarios where both ethnic and political comparisons can
be made, as before). We also find the aforementioned effects of deploying Black and (to
a lesser degree) Democratic officers primarily benefits Black civilians, who are much less
likely to be stopped, arrested or subject to force than when White or Republican officers
are deployed.

Our analysis underscores the complex nature of descriptive representation in the bu-
reaucracy. Police officers are as multi-faceted as the civilians they serve, and adequately
assessing the status and implications of diversity in law enforcement requires more than
an analysis of race alone. Our paper also illustrates that data access remains a substan-
tial obstacle for the study of policing, but not an insurmountable one. The dataset we
assembled on officers from 97 of the country’s 100 largest agencies, to be made public, is a
valuable resource not only for the study of bureaucracy but also for the expansion of po-
lice oversight. Police watchdog groups have long noted the difficulty of tracking officers
accused of misconduct because they often quietly gain employment in different agencies
in the rare occasions when they are terminated (Grunwald and Rappaport, 2019; Lalwani
and Johnston, 2020). And even in the absence of misconduct, many civilians would cur-
rently find it exceedingly difficult to learn which individuals are endowed with coercive
powers by their communities, even though this information is generally public by law.
Our dataset offers the beginnings of a solution and, with expansion and maintenance, can
facilitate the creation of a comprehensive registry that sheds light on a critically important
but often opaque segment of the “second face of the American State” (Soss and Weaver,
2017).
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1 Representative Bureaucracy

Since Kingsley (1944) introduced the concept of “representative bureaucracy,” many schol-
ars have extolled the theoretical virtues of staffing public agencies with workers who re-
semble their clients (Dolan and Rosenbloom, 2003). In general, theories of representative
bureaucracy are premised on several key assertions: bureaucratic oversight is incapable of
ensuring bureaucrats will exercise discretion in desirable ways (Huber and Shipan, 2002;
Krause, 2010); staffing agencies with workers who share values with the population at
largewill promote desirable outputs (Bendor andMeirowitz, 2004); and observable worker
traits, often standard demographic indicators, are useful proxies for shared values (Meier,
1975; Meier, Wrinkle and Polinard, 1999).

But do demographic indicators really convey “shared values”? There are at least two
reasons for skepticism. First, bureaucratic staffing processes, which rely on self-selection
and screening based on adherence to shared missions (Wilson, 1989), could easily lead to
the selection of particular group members who hold atypical policy preferences relative
to group members at large (Linos, 2017). This may be especially true of racial minorities
in law enforcement: in order to perpetuate current norms, policing agencies may select
unusually conservative members of minority communities, who tend to support status-
quo policing practices more than their liberal counterparts (Eckhouse, 2019; Forman Jr.,
2017; Pew, 2017; Kim Parker and Kiley Hurst, 2021). Second, recent work underscores that
such conservative segments of minority communities, African Americans in particular,
may be more prevalent than previously thought (White and Raganella, 2010). Of course, it
is also possible White civilians are politically misrepresented by bureaucrats: they occupy
substantial shares of both major parties, creating an ample pool from which to fill the
relatively few positions available and potentially producing an agency that does not reflect
the political views of White residents at large. If such politically atypical members of
groups are disproportionately selected, the logic of representative bureaucracy may be
upended. The notion of bureaucrats, “colored by their political outlook and by the climate
of opinion in their social group,” (Lipset, 1975, p. 80) is an incoherent concept if non-
representative members of each group assume government posts.

We have relatively little empirical evidence to adjudicate these possibilities in polic-
ing because most empirical studies of descriptive representation tend to focus on race
and gender, which may only crudely proxy for relevant social views. Decades of empirical
studies have sought to quantify the effects of racial—and to a lesser extent, gender-based—
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diversity on the nature of police-civilian interactions. For most of that time, results have
been ambiguous (Sklansky, 2005). Some provide correlational evidence consistent with
the hypothesis that more diversity is associated with improvements of such interactions.
For example, Meier and Nicholson-Crotty (2006) finds having more female officers is asso-
ciated with more sexual assault reports and arrests. Further, Wright II and Headley (2020)
finds force is more likely to be used in encounters involving White officers and Black
civilians. However, others argue “occupational ethos and organizational culture” produce
homogeneous behavior, regardless of officers’ backgrounds and identities (Sklansky, 2005,
1225), and some correlational evidence is consistent with this claim (Fyfe, 1981; Walker,
Spohn and DeLone, 2016).

In recent years, newly available granular data on police demographics and behavior,
combined with more credible research designs, have provided strong evidence that diver-
sity affects outcomes, at least in the times and places where adequate data exists. Lever-
aging the scattered implementation of affirmative action rulings forcing police agencies
to racially diversify in the 1970s and 1980s, Harvey and Mattia (2019) finds hiring more
Black police officers reduces racial disparities in crime victimization. Using micro-level
data in Chicago on officer shift assignments and behavior, Ba et al. (2021) finds deploying
officers of color (relative to White officers) or female officers (relative to male officers) to
otherwise similar circumstances leads to substantial reductions in stops, arrests and uses
of force. Using large-scale data on dispatches to 911 calls, Hoekstra and Sloan (2020) finds
that, “while white and black officers use gun force at similar rates in white and racially
mixed neighborhoods, white officers are five times as likely to use gun force in predom-
inantly black neighborhoods.” And leveraging the quasi-random assignment of officers
to the scene of traffic accidents, West (2018) finds “officers issue significantly more traffic
citations to drivers whose race differs from their own.”

While a tentative empirical consensusmay be formingwith respect to race and gender,
the political affiliations and ideologies of bureaucrats complicate these narratives. How-
ever, data limitations have stymied empirical inquiry. Studies of representative bureau-
cracy and political ideology have mostly focused on the executive branch of the national
government (Clinton and Lewis, 2008; Clinton et al., 2012), and to a lesser extent, state-
level actors (Smith, 1980b; but see Kropf, Vercellotti and Kimball, 2013). Because such a
large share of individuals’ face-to-face interactions with government occur at the local
level, it is critical to examine the dynamics of representation in these settings.
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2 Data

Tomove beyond single-jurisdiction analyses of descriptive representation, we sought ros-
ters of all sworn police officers employed in the largest 100 police agencies3 in the United
States. We define “largest” based on the number of officers whose primary duty is pa-
trol, as these officers are the ones most likely to have contact with members of the public
(Harrell and Davis, 2020). As police departments are public institutions, police roster data,
including the names of current employees, are—with the exception of certain protected
units such as undercover officers—nominally a matter of public record. For 50 agencies,
we acquired these data from public sources such as open data portals managed by local
governments, news agencies or nonprofits, or from data previously released through pub-
lic records requests on muckrock.com. We obtained the remainder from a combination
of open-records requests and data-sharing agreements. Rosters from three agencies—the
Detroit Police Dept. and the Oakland County Sheriff’s Office, both in Michigan, and the
Norfolk Police Dept. in Virginia—remain pending.

Ultimately, we received data covering roughly 220,000 officers from 97 police agencies.
In 90 agencies, we also obtained employee titles, which we use to distinguish sworn police
officers and unsworn civilian roles (such as lab technicians and analysts). This information
allows us to subset to sworn officers for much of our analysis.

Figure 1 shows the location of each agency included in this study. Our dataset cov-
ers agencies in 38 states and the District of Columbia. In all, the roughly 218,000 officers
we successfully merged with L2 voter file data represent over one third of the roughly
642,000 local police officers and sheriffs’ deputies nationwide (Hyland and Davis, 2019),
making this—to our knowledge—the largest-ever examination of descriptive representa-
tion in policing.

To put our dataset in context, Appendix Table B1 reports basic descriptive statistics
comparing officers in our data to (1) officers nationwide and (2) the U.S. population. These
statistics show our officers skew heavily male (73%) and have much higher household
income than the average American household ($114,331 vs. $92,310, respectively). Officers
in our data are more racially and ethnically diverse than both officers nationwide and

3We began with agencies contained in (DOJ, 2016), then limited our sample to sheriff’s departments and
local or county police. We also excluded state police and sheriff’s departments that do not engage in law
enforcement services. The remaining agencies were then ranked by their number of full-time sworn officers
according to the Census of State and Local Law Enforcement Agencies (CSLLEA), the most complete record
of agency size available.
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Figure 1: Agency Locations. Our agency rosters cover roughly 220,000 officers across
38 states and the District of Columbia, representing 34% of the nation’s estimated 641,628
sworn local police officers and sheriffs’ deputies (Hyland and Davis, 2019). Together, ju-
risdictions covered in our data serve 23% of the U.S. population. Each dot is scaled by the
number of sworn officers.

the U.S. population, likely due to our focus on large population centers, which tend to
be themselves diverse and thus constitute a diverse recruitment pool for agencies. As a
result, we recommend caution in extrapolating from our study to U.S. law enforcement
more generally, and we emphasize that expanding our registry and analysis is a critical
direction for future research. Even so, the jurisdictions we study—which cover 23% of the
U.S. population and were responsible for investigating 41% of all murders and conducting
17% of all arrests reported to the FBI in 2019 (Kaplan, 2020, 2018)—are important to study
in their own right.

3 Measuring Officer Attributes

Each employee roster provides full officer names, with the exception of a limited number
of undercover agents in certain jurisdictions, who are excluded from analysis. We merge
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these with a commercial voter file from the firm L2. To match police roster data with
voting data, we employ a two-step process. First, to reduce misidentification of people
with common names, we restrict candidate matches to only individuals residing in or ad-
jacent to the county in which their agency lies, including adjacent out-of-state counties.
(In cases where an agency covers multiple counties—such as the New York Police Depart-
ment, which spans the city’s five boroughs—the set of candidate matches covers all of the
agency’s counties and all their adjacent counties.) Once we identify these pools of po-
tential matches in the voter file, we attempt to find a match for each officer in our roster
based on the officer’s first name, their middle initial (if available), and their last name.
Rather than using exact name matches only, we employ the probabilistic technique in En-
amorado, Fifield and Imai (2017b), using the fastlink R package (Enamorado, Fifield and
Imai, 2017a)4.

The L2 voter file database contains a number of individual-level covariates including
race, ethnicity, party identification, gender, age, household income, and voter turnout his-
tory. We use these covariates to compare officers to civilians in their jurisdictions using
both L2 and 2015–2019 Census American Community Survey data.5 We divide officers
and civilians into three categories based on L2’s labels: Democrat, Republican, and an ag-
gregate of numerous other party affiliations and individuals not appearing in the L2 data.
These categories rely on proprietary L2 algorithms to characterize the party affiliation of
officers and civilians, which introduces potential bias due to error in machine-learning
based proxies (Knox, Lucas and Cho, 2022).6 While error in these imputations may re-
sult in biased estimates of mean levels of party affiliation, it is less plausible they would
severely bias estimates of differences between officers and civilians (our primary quantity
of interest) because the same imputation method is applied to both groups. Neverthe-
less, we compute bounds that substitute extreme assumptions for the covariates of unob-
served individuals to demonstrate the robustness of our results. As an additional check,
Appendix B.1 reports similar results using only states in which both major parties held
closed presidential/congressional primary elections in 2020.7

To measure the share of officers of various racial, ethic and gender identities, we rely
4After matching officers to voters in the L2 database, we retain all officers with a 0.9 or greater posterior

probability of a match. Alternative core results using a cutoff of 0.95 appear in Appendix B19.
5See Appendix A.1 for details on jurisdiction geography and Census merges.
6See Appendix A.2 for details on L2’s imputation of party ID.
7Turnout analyses exclude voter turnout for agencies in Kentucky, which account for about 1% of officers,

due to missing data in L2.
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on the 2020 Law Enforcement Officers Killed and Assaulted data (LEOKA Kaplan, 2021),
which contains the gender breakdown for officers in each reporting agency, and the 2016
Law Enforcement Management and Administrative Statistics (LEMAS BJS, 2016), a survey
of law enforcement agencies which contains the number of officers by race for a select
number of agencies. These datasets contain demographic information on close to 100%
and roughly 86% of the agencies in our study, respectively. For missing agencies, we rely
on imputed values of race and ethnicity from the L2 data set. We similarly rely on L2 for
measures of officers’ household income and age. See Appendix A.3 for additional details
on these measures.

We note that L2 does not cover every officer; across all agencies, wewere able tomatch
86% of officers with at least 90% confidence. In analyses where L2 is used only as a fallback
measure for agencies not appearing in alternative datasets, differential missingness is a
lesser concern; in analyses of household income and age, where L2 is our sole source of
information, it poses a greater threat. To ensure reported results are robust to any possible
missingness pattern, we apply a simple bounding procedure across all analyses to char-
acterize the range of possible agency-level averages on each attribute given hypothetical
extreme values for the unobserved officers (e.g., reporting a series of estimates assuming
all missing officers are female, male, Democratic, Republicans). We discuss these bounds
below and report them in Appendix B.

4 Do Police Descriptively Represent Civilians?

We now present an in-depth comparison between police officers and the civilians they
serve. To accomplish this, we compare the average levels of officers and civilians in
their jurisdictions on the following dimensions: race, ethnicity, gender, household income,
age, political party affiliation and political participation as measured by general election
turnout. Civilian attributes are measured using data from L2 and 2015–2019 American
Community Survey data, aggregating all tracts for which the agency has jurisdiction.8

Officer attributes are measured with a multi-pronged approach. For certain analyses, we
are able to use agency-level race, ethnicity, and gender information from LEMAS and
LEOKA data, where missingness of officers within an agency is not a concern. However,
not all of our agencies appear in LEMAS; moreover, neither source reports age, income,
or political attributes. To conduct these analyses, we rely on L2 voter files—meaning key

8See Appendix A.1 for details on matching tracts to jurisdictions.
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variables are missing for officers who are not registered to vote. This challenge, while sub-
stantial, is less severe in our context thanmany voter-file analyses due to the high political
engagement of police officers. We are able to match 86% of officers with high confidence
(match probability exceeding 90%), meaning missingness affects at most 14% of officers
(with far lower levels in many analyses due to use of LEMAS and LEOKA where pos-
sible). To probe the robustness of our results under the most extreme possible patterns
of selective missingness, Appendix Section B re-computes all estimates using best- and
worst-case assumptions about the characteristics of missing officers. Due to the sheer
magnitude of differences between police officers and civilians, the interpretation of our
results remain similar even under these extreme scenarios.

Table 1 compares officers in our data to the civilians in their jurisdictions. The left esti-
mates correspond to officers in our data, aggregating across our 97 jurisdictions. (Because
each officer is given equal weight, larger agencies account for a larger share of these aggre-
gate statistics; results disaggregated by agency are given in Figures 2–3.) The next column
corresponds to the hypothetical value for perfectly representative police agencies—for ex-
ample, the proportion of Republican officers or the median age that could be expected if
each officer was replaced with a representative draw from their respective jurisdiction,
holding the size of each agency fixed.9 Subsequent columns display officer-civilian differ-
ences and 95% confidence intervals.

Results show police officers diverge from the populations they serve on every attribute
we measure. Turning first to race and ethnicity, roughly 56% of officers in our data are
White—an enormous overrepresentation of this group. To put this in context, note that
if officers were representative of civilians in their jurisdictions, that share would fall to
roughly 38%; correspondingly, the Black and Hispanic proportion would rise by 5 and
7 percentage points, respectively. Officers are also much more politically active than a
representative group of civilians: 86% of officers are registered to vote (compared to 77%
of voting-age civilians), and 69% of officers voted in the 2020 general election (compared
to 54% of civilians).

We also find officers are markedly more likely to be Republican than civilians in their
jurisdictions: as a share of the voting-age population at least 32% of officers are Republi-
can, vs. 14% if officers represented civilians. Decades of prior research has demonstrated a

9Specifically, this hypothetical value is computed as 1
∑𝑖 #{agency𝑖}

∑𝑖 𝑥𝑖 ⋅ #{agency𝑖}, where 𝑖 indexes agen-
cies, 𝑥𝑖 refers to the average civilian in the agency’s jurisdiction, and #{agency𝑖} is the number of officers
employed by the agency.
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robust correlation between voter turnout and the strength of party identification (Camp-
bell et al., 1960; Prior, 2007), suggesting officers are also more likely to be strong partisans.
We also find similar results when subsetting to states with closed primaries where mea-
sures of party identification are arguably more reliable (see Appendix B.1).

Within racial and ethnic groups, politically speaking, we find Black civilians are better-
represented by officers of their own race than are White and Hispanic civilians (see Ta-
ble B2). Black officers are 52% Democratic. Among Black voting age civilians drawn from
the same jurisdictions, 66% appear in L2 as Democratic (officer-to-civilian ratio of 0.79;
modest underrepresentation). Black officers are also 2% Republican, versus 1% among rep-
resentative Black civilians. However, White and Hispanic officers diverge more sharply
from their civilian counterparts. White officers are 19% Democratic, versus 35% among a
representative set of White civilians (ratio of 0.54; severe underrepresentation). They are
40% Republican, versus 22% among White civilians (ratio of 1.81; severe overrepresenta-
tion). Similarly, Hispanic officers are 43% Democratic compared to 38% among represen-
tative civilians (ratio of 1.13) and 23% Republican, compared to 7% among representative
civilians (ratio of 3.28).

By far the largest representation gap pertains to gender: roughly 83% of officers in
our data are male. This is perhaps unsurprising, as agencies have struggled to recruit
female candidates into law enforcement (Kringen, 2014). However, this result is especially
noteworthy given recent research showing that, when faced with common circumstances,
female officers are far less likely to use force than their male counterparts (Ba et al., 2021).
Officers are also older than the average civilian in their jurisdictions (44 vs. 37 years old),
and have higher household incomes. On average, officers’ households in our data make
over $114,000 a year, whereas a representative group of civilian households would earn
roughly $22,000 less.

We note some officers cannot be identified with sufficient certainty in the L2 data—
defined as a match probability of at least 90%—meaning some covariates are missing for
these individuals. Nevertheless, most of the disparities we find are so severe that the
most extreme possible missingness scenarios, substituting “best-” and “worst-case” values
for missing officers, would not alter their substantive interpretation (see Appendix B.2).
For example, if—implausibly—every single officer not found in L2 and from a non-BJS
(2016) agency happened to be non-White, then officers would be 46.1% White (the lowest
possible value under any missingness pattern). Conversely, if every missing officer were
White, the highest possible value is 59.7%. Regardless, either extreme remains far higher
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than the White share of representative civilians, 37.9%. Likewise, under similarly extreme
scenarios, we can conclude that between 32.4% and 46.5% of officers must be Republican;
under any possible missingness pattern, this number is far larger than the 14% figure
among representative civilians. Even under the wildest possible assumptions about data
we cannot observe, officers substantially diverge from civilians in their jurisdictions on a
host of salient social and political dimensions.10

Our pooled results provide striking evidence that police officers differ from the pop-
ulations they serve, but they also mask considerable heterogeneity across agencies. To
explore this variation, Figure 2 plots average officer and civilian shares of White individ-
uals separately for each jurisdiction (the global means from Table 1 are plotted as vertical
lines for reference). Consider the City of Sacramento, capital of California and home to
more than half a million people, (roughly 32% White). We estimate 74% of Sacramento
Police Dept. officers are White. Similarly, Figure 3 shows Rochester, N.Y., an upstate com-
munity with more than 200,000 residents, about 8% of whom are Republican. We estimate
at least 56% of police officers there are Republican.

Conversely, our data also reveal some police forces are quite representative of their
jurisdictions. For example, the Miami Police Dept. is 8% White (67% Hispanic), closely
aligned with the composition of city residents at 11% (71%). Similarly, 13% (22%) of officers
in the Honolulu Police Dept. are Republican (Democratic), close to the 12% (24%) of adult
civilians there overall (see Appendix B.2 for additional within-jurisdiction comparisons).
However on the whole, we find police officers are very different from the civilians they are
tasked with protecting, differences which classic theories of representative bureaucracy
suggest could lead to subpar performance (Kingsley, 1944; Mosher, 1968).

10Exceptions include analyses of Black, Hispanic, and Asian officers, those of other or unknown
race/ethnicity, and Democratic party members. For these analyses, average lower and upper bounds over-
lap the hypothetical shares that agencies would exhibit if officers were replaced with representative draws
from their respective jurisdictions.
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Figure 2: Average Shares ofWhite Officers and Civilians in the Same Jurisdictions.
Blue dots are officer shares from BJS (2016) with 95% confidence intervals. Red dots are
civilian shares from U.S. Census. Vertical blue line is the pooled officer mean. Vertical red
line is hypothetical officer mean if each officer was randomly drawn from their respective
jurisdictions. See Appendix Table B11 for numeric results.
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Figure 3: Average Shares of Republicans AmongOfficers and Civilians in the Same
Jurisdictions. Blue dots are officer shares with 95% confidence intervals. Red dots are
civilian Republicans from L2 as a share of voting-age population from Census ACS. Ver-
tical blue line is the pooled officer mean. Vertical red line is hypothetical officer mean if
each officer was randomly drawn from their respective jurisdictions. See Appendix Table
B12 for numeric results.
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4.1 Officers’ Places of Residence

Even if police do not themselves reflect the communities they serve, it is still possible
they are rooted in those communities in ways that facilitate awareness of and empathy
for the issues experienced by civilians they encounter on the job. An individual’s place
of residence is a close proxy for the social interactions they engage in on a day-to-day
basis outside the work context, correlating strongly with social attitudes (Hopkins, 2010;
Key, 1949; Oliver and Mendelberg, 2000; Oliver and Wong, 2003). Past work on inter-
group contact theory has hypothesized such non-threatening interactions foster positive
attitudes toward out-group members (Pettigrew, 1998). Often citing this same logic, 26
of the 100 largest agencies have adopted policies that encourage or require officers to re-
side inside their jurisdictions, according to a close examination of police union contracts,
hiring webpages, and personnel policies for each jurisdiction. There is wide variation in
these policies: the precise terms span within-city-limits requirements and home-to-work
distance thresholds, and policy instruments vary from financial incentives to employment
conditions (for agency-specific rules, see Appendix Table B4). Nevertheless, it is clear that
numerous top agencies regard officer residency as an important consideration.

To evaluate the possibility officers live among neighbors who more or less represent
their jurisdictions writ large, we used officer home addresses in the L2 database—redacted
from our replication data for security reasons—tomatch themwith U.S. Census tracts. The
characteristics of these home tracts, which approximate the neighborhoods in which offi-
cers choose to live, are then compared to the overall jurisdiction. The results are displayed
in Table 2.11

As the table shows, areas in which officers live tend to have higher shares of Republi-
cans (+9.0 percentage points, p.p. among the voting age population) and White residents
(+13 p.p.). They also tend to have a higher median household annual income (+$12,908)
and participate in elections at greater rates (+9 p.p. among voting age population). In the
same vein, officers tend to live in areas with lower shares of Black (-7.0 p.p.) and Hispanic
(-5 p.p.) residents than the jurisdiction-wide average.

11This analysis is restricted to the 86% of officers matched to the L2 database, which contains officer
addresses.
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5 The Chicago Police Dept.: A Micro-Level Case Study

The officer-level analyses presented above paint a broad portrait of the state of descriptive
representation across America’s largest law-enforcement agencies. However, certain as-
pects of descriptive representation cannot be studied without more granular information.
In this section, we consider two such questions using rare micro-level data on officer shift
assignments and behavior, obtained via years of records requests in Chicago.

First, to account for enormous variation within each jurisdiction—both in terms of
local resident traits and in agencies’ deployment of officers—we conduct a disaggregated
analysis of representation across precincts (“districts”) of the Chicago Police Department
(CPD). Past work has shownBlack andHispanic officers disproportionately serve in Black-
and Hispanic-majority parts of Chicago (Ba et al., 2021), respectively, suggesting failures
in citywide representation may be in part blunted by allocating police officers to precincts
where they resemble the local population. On the other hand, on a per-capita basis, po-
lice agencies often allocate greater numbers of officers to policing minority communities
(Kane, 2003; Briggs and Keimig, 2017), which may exacerbate representational gaps be-
tween predominantly White police officers and the civilians with whom they most fre-
quently interact. In Section 5.1, we use detailed precinct-level staffing rosters to probe
this important question in terms of racial and ethnic representation and political party
affiliation.

Second, while some have advanced normative justifications for descriptively repre-
sentative police forces—reasons that hold regardless of representation’s ultimate impact—
many proponents of diversification ground their advocacy in assertions that representa-
tion would lead to tangible benefits for civilians, such as reductions in the use of force
(Sklansky, 2005; Legewie and Fagan, 2016). After decades of mixed empirical results,
several recent studies using careful causal designs and newly available data have sup-
ported these assertions with respect to race, ethnicity and gender (Harvey and Mattia,
2019; Hoekstra and Sloan, 2020; West, 2018). However, despite the strong link between
political ideology and policing philosophy, prior work has not assessed whether conser-
vative officers in fact choose to enforce the law differently than liberal officers faced with
similar circumstances. In Section 5.2, we use newly expanded data on micro-level shift
assignments and officer behavior to estimate the magnitude of these enforcement gaps
and place them in context with comparisons along other dimensions of officer identity.
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5.1 Representation in Police-Civilian Interactions

Much of our analysis is based on one reasonable definition of descriptive representation
in policing: the degree to which officers resemble civilians residing in their agency’s juris-
diction, broadly defined. However, at least one meaningful alternative definition exists:
the degree to which officers resemble the civilians with whom they interact. Unfortu-
nately, the vast majority of police-civilian interactions go undocumented (Knox, Lowe
and Mummolo, 2020), making it impossible to directly evaluate this alternative form of
representation. However, using our micro-level data in Chicago, we can provide a de-
tailed examination of the degree to which officers resemble a set of civilians that they
frequently encounter.

To do this, we associated each officer in the Chicago data set with the district, or
precinct, in which they most frequently worked, as measured in month-level unit assign-
ment data. We then used our CPD data, along with the Census and L2 data discussed
in Section 4, to characterize officers and civilians in those districts. Figure 4 shows the
share of officers assigned to each district who are White (blue dots), according to CPD
personnel records, as well as the share of civilians who are White in those same districts
(red dots), based on Census data. The vertical blue line shows that, aggregating over all
CPD districts, 52% of officers are White according to CPD personnel records. If officers
perfectly matched civilians in their districts, however, that figure would be 33%.

The vast majority of CPD districts are policed by officers who skew more White than
the local population, often by a substantial margin. Residents of Chicago’s “Austin” Dis-
trict, located on the west side of the city, are 87% Black and 9% Hispanic. Yet about 56%
of officers assigned to this area are White. In contrast, the “Shakespeare” district—located
only slightly to the northeast—is amixed-race area in which the estimated share of officers
identifying as White diverges from local residents by only a few percentage points.

Figure 5 shows another striking mismatch. Overall, 15% of CPD officers are Republi-
can. If each officer was replaced with a representative draw from the local district pop-
ulation, this group would be 3% Republican. However, even in the most right-leaning
district civilians are no more than 9% Republican; in more than half of districts, this fig-
ure is below 3%. Strikingly, as Figure 5 shows, Republican partisans are overrepresented
among police officers in every district in Chicago. In Appendix Figure B12, we present
additional results showing Democrats are underrepresented in almost every district, in-
dicating these results are not simply driven by increased political engagement and lower
rates of nonpartisanship among officers. (See Appendix B for robustness tests).
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Figure 4: Average Shares of White Chicago Officers and Civilians in Officers’ As-
signed Districts. Blue dots are officer shares with 95% confidence intervals. Red dots are
civilian shares from U.S. Census. Vertical blue line is the pooled officer mean. Vertical red
line is hypothetical officer mean if each officer was randomly drawn from their respective
district. See Appendix B13 for numeric results.
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Figure 5: Average Shares of Republican Chicago Officers and Civilians in Officers’
Assigned Districts. Blue dots are officer shares with 95% confidence intervals. Red dots
are civilian Republicans from L2 as a share of voting-age population from Census ACS.
Vertical blue line is the pooled officer mean. Vertical red line is hypothetical officer mean
if each officer was randomly drawn from their respective district. See Appendix Table B14
for numeric results. 22



As this analysis shows, not only do officers diverge from their jurisdictions as a whole,
they also substantially diverge from civilians living in the areas of the city they are as-
signed to serve—at least, in Chicago. At multiple institutional layers, descriptive repre-
sentation in policing appears deficient.

5.2 Deploying Officers of Different Racial and Political Groups

In this section, we use micro-level data on officer decisions to stop, arrest, and use force
against Chicago civilians to study the impact of descriptive representation. To do so, we
leverage fine-grained information on officer shift assignments to compare officers in simi-
lar times and places, ensuring external circumstances, including civilian behavior, are held
fixed. This research design, first developed by Ba et al. (2021), allows us to compare groups
of officers and attribute differences in their enforcement patterns to differences in their
decision-making. We analyze CPD shift-assignment and enforcement records covering
the years 2012–2019, using extensive new data collection that doubles the temporal cov-
erage of Ba et al. (2021), which spanned 2012–2015. Table 3 describes our sample for this
analysis. As the table shows, our data include observations on the behavior of more than
12,000 officers across more than 7 million shifts. Using new data on officer-level partisan
affiliation, we probe “deployment effects”—the differences in behavior police commanders
can expect when assigning Republican and Democratic officers to conduct the same task,
based on how these individuals exercise the considerable discretion officers possess—and
contrast these with previously demonstrated race- and ethnicity-based effects.

White Black Hispanic Male Female Republican Democrat Other Party
Stops 1096510 377310 553736 1630886 396670 360515 1160143 506898

Arrests 248327 88222 142373 392220 86702 80407 262776 135739
Force 11143 3739 5566 17566 2882 3620 11419 5409
Shifts 3489841 1697719 1842828 5458569 1571819 1144951 4173863 1711574

Officers 6215 2859 3354 9296 3132 1891 7168 3373

Table 3: Summary of data on officer behavior (counts), 2012-2019.

Our analyses compare officers working in the same month-year (e.g. January 2012),
day of week, 8-hour shift, and beat (a specific task or assignment, often a small patrol
area typically about one square mile in area), units dubbed MDSBs for short. Within each
MDSB, we compute differences in discretionary enforcement between officer groups of
various profiles, then aggregate these to an overall deployment effect estimate by taking
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the weighted average according to the number of patrol slots within each MDSB (see Ap-
pendix A.4 for additional details on estimation). Among the pool of officers eligible to
work a beat and shift, predetermined “day-off group” rotations create exogeneous varia-
tion in the specific individuals available on any particular date. Thus, within these small
slivers of time and space, we can plausibly assume officers are facing common circum-
stances, and therefore differences in policing outcomes can be attributed to differences in
how two groups of officers exercise discretion.

Importantly, this research design estimates the effects of “bundled” treatments. When
commanders deploy a Black officer, for example, they deploy that individual along with all
their other identities and beliefs. Our analysis therefore does not offer us purchase on the
precise mechanism driving behavioral differences. For example, if we observe Black and
White officers make different numbers of arrests when facing common circumstances, we
cannot conclude that difference is due to an officer’s race rather than some officer-level
correlate of race. Rather, we simply estimate differences in what commanders can expect
when deploying members of each group to the same environment. As Ba et al. (2021)
explain, this is the policy-relevant quantity of interest, since commanders must deploy
whole officers, not isolated officer attributes net of their correlates.

To facilitate comparison between political deployment effects with previously demon-
strated racial/ethnic effects, we focus on scenarios in which both contrasts can be made.
For example, we first present results based on the subset of MDSBs in which Black, White,
Democratic, and Republican officers appear.12 This ensures comparisons are based on the
same sets of times and places. A second set of analyses subsets to MDSBs with Hispanic,
White, Democratic, and Republican officers. We caution these two sets of times and places
can differ substantially, meaning that effects should not be directly compared.

Figures 6–7 display the results of these behavioral analyses (see Appendix B.4 for full
numeric results; all 𝑝-values adjusted for multiple testing using the Benjamini-Hochberg
procedure (Ferreira and Zwinderman, 2006)). Turning first to Figure 6, we findDemocratic
officers detain 3.8 fewer civilians, make 0.77 fewer arrests and engage in 0.09 fewer uses of
force per 100 shifts, compared to Republican officers faced with the same circumstances
(all adjusted 𝑝-values<0.01). To put their magnitude in perspective, these effects represent
reductions equal to 12%, 11% and 28% of the citywide average volume of stops, arrests
and uses of force among Republican officers per 100 shifts citywide, respectively (see

12This can occur with as few as two officers in an MDSB, e.g. if one is a Black Democrat and another is a
White Republican.
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Appendix Tables B8-B10). While substantial, these Democrat-Republican officer gaps in
discretionary policing are smaller than the corresponding Black-White officer gaps for
stops (by a factor of roughly 2.1x) and arrests (1.6x; adjusted 𝑝-values of both differences
< 0.012). They are comparable in size for use of force. When examining all combinations
of race and party, we see a similar dynamic: Black officers tend to make fewer stops and
arrests than White officers of the same political party.

We next turn to scenarios where Democratic-Republican officer deployment effects
can be contrasted with Hispanic-White officer differences, estimated in MDSBs where
at least one individual in each group was present. In these circumstances—which we
emphasize can differ substantially from those considered above—Democratic officers are
not significantly different from their Republican counterparts in terms of stops, arrests
and uses of force. As Figure 7 shows, the deployment effects associated with ethnicity
and party are, in this case, quite comparable in magnitude.

To investigate how different groups of civilians are impacted by these deployments,
Figures B13 and B14 display results broken out by civilian race/ethnicity. In MDSBs where
Black, White, Democratic and Republican officers all worked at least one shift, both race-
and- party-based deployments yield significant reductions which are concentrated on en-
counters with Black civilians. Specifically, deploying a Black officer yields reductions of
6.0 and 0.8 stops and arrests of Black civilians per 100 shifts, and deploying a Democratic
officer yields reductions of 3.2 and 0.6 stops and arrests of Black civilians per 100 shifts,
respectively (all marginal 𝑝adj < 0.01; 𝑝 of differences in effects < 0.001 for stops and 0.036
for arrests). As in the previous analysis, race and party-based deployments yield very sim-
ilar effects when it comes to the use of force, though again, effects are most pronounced in
interactions with Black civilians. Deploying a Black (relative to White) officer or a Demo-
cratic (relative to a Republican) officer produces an expected reduction in 0.07–0.08 force
per 100 shifts (both 𝑝adj < 0.01). We also see significant reductions in stops and arrests of
Hispanic and White civilians when deploying Black officers, but they are much smaller in
magnitude (1.1 and 0.3 fewer stops and arrests of Hispanic civilians per 100 shifts when
deploying Black officers; 0.7 and 0.1 fewer stops and arrests of White civilians per 100
shifts; 𝑝 < 0.01 in all cases.) However, deploying a Democrat rather than a Republican
yields no significant effects on enforcement for these groups, apart from a reduction of
0.2 Hispanic-civilian arrests per 100 shifts (𝑝adj < 0.01).

Consistent with the results in the previous section, we see a different pattern when
comparing Hispanic and White officers. For all outcomes involving Hispanic officers,
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Figure 6: Race and Party Deployment Effects, Black v. White Officers. The figure
displays the average effects of deploying Black officers (relative to White); Democratic
officers (relative to Republican); and race-party combinations (relative to White Repub-
licans) to otherwise common circumstances. Estimates computed using only places and
times where at least one Black, White, Republican and Democratic officer was deployed.
See Appendix Table B15 for numeric results.
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Figure 7: Race and PartyDeployment Effects, Hispanic v.White Officers. The figure
displays the average effects of deploying Hispanic officers (relative to White); Democratic
officers (relative to Republican); and race-party combinations (relative to White Repub-
licans) to otherwise common circumstances. Estimates computed using only places and
times where at least one Hispanic, White, Republican and Democratic officer was de-
ployed. See Appendix Table B16 for numeric results.
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while significant reductions manifest for stops of Black civilians, after multiple-testing
corrections we see no other statistically significant changes in police behavior, including
outcomes involving Hispanic civilians.

6 Discussion and Conclusion

Scholars and activists have asserted for decades that a representative bureaucracy which
resembles the civilians it serves would promote competence and fairness in government.
But assessing the prevalence of such descriptive representation in the context of policing
remains a challenging task due to data constraints. This is especially true at the subna-
tional level, where a large and scattered network of agencies with different record keeping
and sharing policies poses a substantial obstacle to both scholarship and oversight. In this
paper, we draw on an original data set containing information on police officers from 97
of the 100 largest local law enforcement agencies in the U.S., as well as micro-level be-
havioral data in Chicago, to assess the prevalence and consequences of diversity in the
critical area of policing. Improving on prior work in this area that tends to focus on just
one or two officer traits, we present a multi-dimensional analysis that allows us to charac-
terize the degree to which officers share common demographic, political, and experiential
attributes with the civilians in their jurisdictions.

Our results confirm civilians differ systematically from police in their communities in
every way we can measure. Officers are much more likely to be White, male, Republi-
can and have higher household income than the average civilian in their jurisdiction, and
tend to live in sections of localities that also exhibit higher levels of these features. Po-
lice are also much more politically active than civilians, turning out to vote at extremely
high rates. By analyzing political affiliations within racial groups, we also find the po-
litical mismatch between officers and civilians is much more pronounced among White
and Hispanic individuals than among Black individuals, with White and Hispanic officers
identifying as Republican at levels far higher than those of their civilian counterparts.

To assess the relative importance of these traits for police behavior, we turn to amicro-
level analysis in Chicagowhere detailed data on officer shift assignments and enforcement
activities allow us to compare officers from different groups who are facing common cir-
cumstances. Our results paint a complex portrait of the consequences of diversity in law
enforcement that varies with the race/ethnicity of officers and with the outcome being
studied. We first show deploying a Black officer (relative to White) to otherwise similar
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circumstances yields much larger reductions in stops and arrests than deploying a Demo-
crat (relative to a Republican), but the two effects are very similar in magnitude in terms
of reductions in the use of force. However, we also find deploying a Hispanic officer (rel-
ative to White) yields effects very similar in magnitude to deploying a Democrat (relative
to a Republican). These results complicate conventional narratives surrounding diversity
initiatives, and illustrate how race and ethnicity are imperfect proxies for the political
orientations of officers.

In addition to providing valuable empirical evidence to the study of representative
bureaucracy, our paper also illustrates the feasibility of enhanced data collection efforts
on the personal attributes of bureaucrats. This is especially important in the context of law
enforcement, where a lack of data on law enforcement personnel has not only stymied
the study of policing, but public oversight. Because law enforcement agencies operate
independently, it is often the case that police officers fired for misconduct are rehired by
other agencies (Grunwald and Rappaport, 2019; Lalwani and Johnston, 2020). A registry of
the officers working in the 100 largest U.S. police agencies, which we will release publicly,
provides a template for needed data collection efforts, and with some expansion can seed
a national registry of officers vital for accountability.

Using these records, our study provides one of the most comprehensive answers to
date to a basic question: who are the police? But important questions remain. For one, due
to the difficulty of obtaining shift assignment data, our analysis of how officer attributes
map to officer behavior is limited to a single city. Much more research is needed before
we can generalize broadly about how deploying officers from different groups affects the
nature and volume of police-civilian interactions. In addition, more research is needed on
the causes of the disparities we observe between the features of civilian populations and
the police who patrol them. Disentangling the complex processes of recruitment strategy
and self-selection which dictate the staffing of public agencies represents an important
frontier in the study of representative bureaucracy.
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Online Appendix



A Additional Details on Data and Estimation
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A.1 Civilian comparison data

We compare officers to civilians who live in their agency’s jurisdiction. For individual-
level data on officers and civilians registered to vote, data comes from L2. This data con-
tains the same variables as those used for officers: political party, race/ethnicity, gender,
age, and household income. For data on all residents of the jurisdiction we use data from
the American Community Survey (ACS) 2015–2019 data.13 The ACS surveys approxi-
mately 1% of the US population each year, meaning that this data is a Census estimate of
the true population.

To obtain officer-level data, wematched each officer to L2 records for individuals living
in the agency’s county and any neighboring counties, due to the possibility that officers
may commute from outside the jurisdiction. For civilian data, however, we only include
people who live within the jurisdiction of each agency. We define a jurisdiction as the
area for which each agency claims primary responsibility. More specifically, the area is
the county or Census Place (typically a city) where the agency claims authority. In the
case of city police departments, this is the city itself. The jurisdiction for the Philadel-
phia Police Department, for example, is the census place called the City of Philadelphia.
For sheriffs’ offices, we use self-described jurisdictions per official websites. For example,
Wayne County Sheriff’s Office in Michigan defines their jurisdiction as “unincorporated
villages and townships within Wayne County" 14 meaning that incorporated places in the
county—such as Detroit, the seat ofWayne County—are not included. Sheriffs’ offices var-
iously cover only unincorporated places in a county, specific parts of the county including
both incorporated and unincorporated places, or all of a county.

For both L2- and Census-based comparison groups, we used all people who reside
in a Census tract within the agency’s jurisdiction. A Census tract is a small geographic
unit that covers an average of 4,000 people and in urban areas is the Census’s rough
approximation of a neighborhood.15 Census tracts are fully contained within counties,
but can extend to cover multiple Census Places (e.g. cities, towns) meaning that different
parts of a single tract may lie inside and outside of an agency’s jurisdiction. This is rare
and occurs primarily in extremely rural areas with low population density.

Each individual in the L2 data is associated with an address (including tract, county
13While the 2020 decennial Census is complete, currently available data does not contain all of the vari-

ables that we use.
14https://waynecountysheriff.com/about/
15urlhttps://www2.census.gov/geo/pdfs/reference/GARM/Ch1GARM.pdf
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and state). For computational efficiency, we operate at the tract level when processing
L2 data. Tracts with fewer than 100 entries in L2 were excluded. We spatially join the
remaining L2 tracts with Census Place shapefiles from the US Census. Tracts that were
not in any Place were considered to be in an unincorporated part of that county. We then
used the jurisdiction for each agency, as defined above, to identify all tracts for which
an agency has at least partial jurisdiction. For example, an agency whose jurisdiction is
only a single Census Place (e.g. City of Philadelphia) will be assigned every tract in that
Place. An agency whose jurisdiction is an entire county, excluding certain Places, will be
assigned all tracts in that county other than those in the excluded Places. We used the
same tract-based operationalization of jurisdiction when analyzing both L2 and Census
data.

A.2 Imputed Data on Party ID

L2 describes their method for labeling party ID as follows: “L2 has partnered with aca-
demic analysts to create partymodels for states lacking such registration information. The
modeling is based on a great many public and private data sources including demograph-
ics available through the voter file, exit polling from presidential elections, commercial
lifestyle indicators, census data, self-reported party preferences from private polling and
more. Combining all of these data sets through Bayesian analysis and other statistical
techniques has resulted in the ‘likely’ party affiliations we have applied to the voter files
in these states. L2 cannot guarantee that any single voter will self-identify as being asso-
ciated with the assigned ‘likely’ party. We believe that the accuracy level is 85% or better
but make no guarantees. Users of the data should remember that this is a probability-
only indicator of preferences. L2 is offering these probability indicators at no additional
charge and we hope that you’ll find them useful in your targeting. We invite customers’
comments about their experiences with the accuracy of the models so that the feedback
can be used in future refinements.”

See Section B.1 for estimates of core results after subsetting to states with closed pri-
mary elections in 2020.

A.3 Data on Officer Race/Ethnicity and Gender

As explained in the main text, we rely on 2019 LEOKA data (Kaplan, 2021) for gender
data on agencies, due to its near-complete coverage. Two exceptions are the Columbus
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Police Department, in Ohio, and the Jefferson Parish Sheriff’s Office, in Louisiana, which
do not report officer gender in 2019; here we use 2018 LEOKA data which did include
officer gender. In addition, because LEOKA data does not contain racial/ethnic measures,
we obtain those from the 2016 LEMAS data for 86% of agencies, and use L2 estimates of
officers’ racial and ethnic identities for the remaining agencies.

A.4 Estimation of Behavioral Differences

Our approach to estimating multi-dimensional behavioral differences is based on an ex-
tension of Ba et al. (2021). We index MDSBs by 𝑖 ∈  , where  is the set of MDSBs in
some feasible set of interest (i.e., MDSBs in which officers with minority, White, Demo-
cratic, and Republican identities appear; note that depending on the analysis, “minority”
can denote either Black or Hispanic identity). Patrol assignment slots within an MDSB
are indexed by 𝑗 ∈ {1, … , 𝐴𝑖}. We denote shift-level outcomes—stop, arrest, and force
counts, potentially broken out by civilian category—as 𝑌𝑖,𝑗 . For each slot, the officer’s
multi-dimensional demographic profile (including race, ethnicity, and party) is 𝑹𝑖,𝑗 , which
can potentially take on as many values as there are officers available for deployment in a
particular MDSB. We assume that 𝑹𝑖,𝑗 is exogeneously selected within the pool of officers
eligible for deployment to each MDSB (importantly, the distribution of 𝑹𝑖,𝑗 is not assumed
to be constant across MDSBs, as different officer types can select into differing districts
or shifts). This relaxes the stable unit treatment value assumption of Ba et al. (2021) to
allow for officer profiles that share a common dimension of interest, 𝑟 , but vary on other
dimensions. It implicitly assumes stability of potential outcomes across officers sharing
identical profiles, though we note that these profiles can be made arbitrarily rich.

Our estimands are defined in terms of aggregations of and contrasts between MDSB-
level attribute-specific potential outcomes, 𝔼𝑹[𝑌𝑖,𝑗(𝑹𝑖,𝑗)|𝑹𝑖,𝑗 ∋ 𝑟], where 𝑹𝑖,𝑗 ∋ 𝑟 indicates
that multi-dimensional identity 𝑹𝑖,𝑗 includes aspect 𝑟 , which can take on the values Black,
Hispanic, Democratic, or Republican. Here, the expectation is taken over officer profiles
that are available for assignment, indicating the average potential outcome when deploy-
ing a randomly drawn 𝑟-type officer into the slot.

We study estimands of the following form:

𝔼𝑖,𝑗 [𝔼𝑹,𝑹′[𝑌𝑖,𝑗(𝑹𝑖,𝑗) − 𝑌𝑖,𝑗(𝑹′
𝑖,𝑗)|𝑹𝑖,𝑗 ∋ 𝑟, 𝑹′

𝑖,𝑗 ∋ 𝑟 ′]] .

The inner expectation is what we refer to as the within-MDSB deployment effect. This

4



quantity is the difference in enforcement volume that a commander can expect when
deploying a single randomly drawn officer from the pool available into the MDSB, if that
pool is first subset to officer type 𝑟 as opposed to type 𝑟 ′. The outer expectation aggregates
these within-MDSB effects over all MDSBs in CPD and patrol slots in the MDSB (i.e.,
over 𝑖 and 𝑗). This estimand marginalizes over the “bundle of sticks” associated with
identities 𝑟 and 𝑟 ′ (Sen and Wasow, 2016), much as marginalization occurs in the average
marginal component effects studied in conjoint analyses (AMCE, Hainmueller, Hopkins
and Yamamoto, 2014).

An important challenge is that, due to the granularity at which we define MDSBs, not
every MDSB is served by officers of every identity group of interest. Given this funda-
mental limitation, and the need to compare differences between political and racial/ethnic
deployment effects, we therefore restrict ourselves to studying the feasible set of MDSBs,
 , in which all officer groups of interest appear. We then examine three estimands:

𝔼𝑖,𝑗 [𝔼𝑹,𝑹′[𝑌𝑖,𝑗(𝑹𝑖,𝑗) − 𝑌𝑖,𝑗(𝑹′
𝑖,𝑗)|𝑹𝑖,𝑗 ∋ Dem., 𝑹′

𝑖,𝑗 ∋ Rep.] ∣ 𝑖 ∈ ] , (1)

𝔼𝑖,𝑗 [𝔼𝑹,𝑹′[𝑌𝑖,𝑗(𝑹𝑖,𝑗) − 𝑌𝑖,𝑗(𝑹′
𝑖,𝑗)|𝑹𝑖,𝑗 ∋ minority, 𝑹′

𝑖,𝑗 ∋ White] ∣ 𝑖 ∈ ] , and (2)

𝔼𝑖,𝑗 [𝔼𝑹,𝑹′[𝑌𝑖,𝑗(𝑹𝑖,𝑗) − 𝑌𝑖,𝑗(𝑹′
𝑖,𝑗)|𝑹𝑖,𝑗 ∋ Dem., 𝑹′

𝑖,𝑗 ∋ Rep.] ∣ 𝑖 ∈ ] (3)

− 𝔼𝑖,𝑗 [𝔼𝑹,𝑹′[𝑌𝑖,𝑗(𝑹𝑖,𝑗) − 𝑌𝑖,𝑗(𝑹′
𝑖,𝑗)|𝑹𝑖,𝑗 ∋ minority, 𝑹′

𝑖,𝑗 ∋ White] ∣ 𝑖 ∈ ] .

Ankey consideration in consistently estimating the above quantities is that in the pres-
ence of heterogeneouswithin-MDSB deployment effects, ordinary least squares (OLS) will
not consistently recover the causal quantities defined above. Rather, it will produce the
weighted average of within-MDSB deployment effects, with weights corresponding to the
variance of group identities. Importantly, these variance weights differ when examining
political divides and racial/ethnic divides. As a result, OLS estimates for the Democratic-
Republican deployment effect and the minority-White deployment effect cannot be di-
rectly compared, even when restricted to the same set of jointly feasible MDSBs, because
the implicit weights on those MDSBs will generally differ. To address this issue, we em-
ploy the following simple and direct estimator

∑
𝑖∈

𝐴𝑖

∑𝑖′∈ 𝐴𝑖′

𝐴𝑖

∑
𝑗=1 (

∑𝐴𝑖
𝑗=1 𝑌𝑖,𝑗 ⋅ 𝟏(𝑹𝑖,𝑗 ∋ 𝑟)
∑𝐴𝑖

𝑗=1 𝟏(𝑹𝑖,𝑗 ∋ 𝑟)
−
∑𝐴𝑖

𝑗=1 𝑌𝑖,𝑗 ⋅ 𝟏(𝑹𝑖,𝑗 ∋ 𝑟 ′)
∑𝐴𝑖

𝑗=1 𝟏(𝑹𝑖,𝑗 ∋ 𝑟 ′) )
.

where 𝑟 = Democratic and 𝑟 ′ = Republican for political deployment effects, and 𝑟 =
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minority and 𝑟 ′ = White for racial/ethnic deployment effects (where “minority” can in-
dicate Black or Hispanic, depending on the analysis). This approach computes within-
MDSB means for each identity group, takes the within-MDSB difference between identity
groups, and then averages these across MDSBs with weights based on the number of pa-
trol slots for each MDSB. Finally, differences between the above deployment effects are
taken.

We report 95% confidence intervals based on block bootstrapping at the officer level,
ensuring that inferences are robust to arbitrary within-officer dependence, including the
following: overwork in one shift leading to less effort exerted in the following shift, life
events leading to fluctuation in officer behavior on a timescale of a fewmonths, or discon-
tinuous life events like birth of a child leading to long-term changes in officer behavior.
In each block bootstrap draw, we recompute the feasible set, ensuring that deployment
effects are always based on within-MDSB comparisons.
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B Additional Results

B.1 Descriptive Statistics

Variable Values Police in Data All U.S. Police All U.S. Pop.

Race (%) White 56.0 71.5 60.7
Hispanic 21.0 12.5 18.0
Black 16.3 11.4 12.3
Other/Unknown 1.8 4.7 3.6
Asian 4.9 - 5.5

Party (% of Registered Voters) Republican 37.7 - 31.5
Democratic 36.1 - 34.7
Other Party 26.2 - 33.7

Gender Male 83.2 87.7 49.2
Female 16.8 12.3 50.8

Median Age (Years) - 44 - 38.1
Mean Household Income ($) - 114,331 - 62,843
N 218,041 701,000 330,000,000

Table B1: Police Officers in Our Data, Compared to All U.S. Officers and U.S. Pop-
ulation. Estimates for officers in our data are obtained from various sources described in
Section 2. Estimates for police nationwide are fromHyland and Davis (2019). National po-
litical affiliation estimates are from the 2020 American National Election Studies; "other"
includes partisan leaners. National race, gender, age, and income averages are based on
American Community Survey 2015–2019 estimates.
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Table B4: Residency Requirements and Incentives by Agency. Based on a close re-
view of 229 hyperlinked sources. “Incentive” indicates that residency in the jurisdiction
is incentivized but not mandated (coded as “yes”). “State” indicates that residency in the
state is required (coded as “no”). Ambiguous cases with conflicting sources are adjudicated
by majority rule. We code Kansas City P.D. as “yes,” per the agency’s hiring statement, but
we note that a bill lifting residency requirements was signed into law by the governor on
July 14, 2021. We code Las Vegas Metro P.D. as “yes” based on the union’s collective bar-
gaining agreement, which describes an incentive, but note that agency’s stated conditions
of employment (the sole other source identified) does not mention residency.
Agency Res. Sources Notes

NEW YORK CITY P.D. Y Sources: 1, 2, 3 Or neighboring county
CHICAGO P.D. Y Sources: 1, 2, 3
LOS ANGELES P.D. N Sources: 1, 2, 3
LOS ANGELES COUNTY S.D. N Sources: 1
PHILADELPHIA CITY P.D. Y Sources: 1, 2, 3
COOK COUNTY S.O. Y Sources: 1
HOUSTON P.D. N Sources: 1, 2, 3
METROPOLITAN P.D., DC N Sources: 1, 2, 3
DALLAS P.D. N Sources: 1, 2, 3
PHOENIX P.D. N Sources: 1, 2, 3
MIAMIDADE P.D. N Sources: 1, 2 State
BALTIMORE CITY POLICE N Sources: 1, 2, 3
LAS VEGAS METRO P.D. Y Sources: 1, 2 Incentive, state
NASSAU COUNTY P.D. Y Sources: 1, 2 Or neighboring county
SUFFOLK COUNTY P.D. N Sources: 1, 2, 3 State
HARRIS COUNTY S.O. N Sources: 1
DETROIT P.D. N Sources: 1, 2, 3
BOSTON P.D. Y Sources: 1, 2, 3
RIVERSIDE COUNTY S.O. N Sources: 1
SAN ANTONIO P.D. N Sources: 1, 2, 3 State
MILWAUKEE P.D. Y Sources: 1, 2, 3 Within 15 miles of city limits
SAN DIEGO P.D. N Sources: 1, 2, 3 State
SAN FRANCISCO P.D. N Sources: 1, 2, 3
HONOLULU P.D. N Sources: 1, 2
BALTIMORE COUNTY POLICE N Sources: 1
COLUMBUS P.D. N Sources: 1, 2, 3
SAN BERNARDINO COUNTY S.O. N Sources: 1
ORANGE COUNTY S.D. N Sources: 1 State
ATLANTA P.D. N Sources: 1, 2, 3
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https://www1.nyc.gov/site/nypd/careers/police-officers/po-hiring.page
https://www1.nyc.gov/site/olr/labor/labor-recent-agreements.page
https://www1.nyc.gov/site/nypd/careers/police-officers/po-hiring.page
https://home.chicagopolice.org/bethechange/chicago-police-officer-recruitment/
https://static1.squarespace.com/static/5516f090e4b01b711314608f/t/55d0b066e4b0c6285c50236b/1439740006221/Chicago-FOP-Contract.pdf
https://home.chicagopolice.org/wp-content/uploads/2015/10/CPD-2017-Police-Officer-FAQs-FINAL-111716-2.pdf
https://www.joinlapd.com/qualifications
https://static1.squarespace.com/static/559fbf2be4b08ef197467542/t/55a8afe4e4b0f61f44e1617d/1437118436980/LosAngelespolicecontract.pdf
https://per.lacity.org/joinlapd/recruitment.cfm?section=qualifications
https://lasd.org/careers/careersfaq/#sa
https://www.joinphillypd.com/qualifications/overview
https://fop5.org/wp-content/uploads/2017/09/Contract%20'17-'20.pdf
https://www.joinphillypd.com/qualifications/overview#:~:text=Applicants%20must%20have%20established%20bona,for%20this%20civil%20service%20opportunity.
https://library.municode.com/il/cook_county/codes/code_of_ordinances?nodeId=PTIGEOR_CH44HURE
https://www.hpdcareer.com/faqs.html
https://hpou.org/wp-content/uploads/2015/05/contract-2015.pdf
https://www.hpdcareer.com/faqs.html
https://joinmpd.dc.gov/node/501
https://static1.squarespace.com/static/559fbf2be4b08ef197467542/t/59b02d124c0dbfb092fb264c/1504718110009/MPD-FOP+CBA+-+FY+2013-2017_r.pdf
https://joinmpd.dc.gov/career-position-2020/police-officer#:~:text=Do%20I%20need%20to%20reside,regardless%20of%20where%20they%20live.
https://dallaspolice.net/joindpd/Pages/Qualifications.aspx
https://www.dallaspa.org/images/2019_Meet_and_Confer_Agreement_with_attachments_A__B.pdf
https://dallaspolice.net/joindpd/Pages/Qualifications.aspx
https://www.phoenix.gov/police/joinphxpd/application-requirements
https://www.phoenix.gov/hrsite/Documents/Unit%204%20-%202016-19%20PLEA%20MOU%20-%20Scanned%20-%20Not%20bookmarked.pdf
https://www.phoenix.gov/police/joinphxpd/application-requirements
https://www.miamidade.gov/global/service.page?Mduid_service=ser1470668102245350#:~:text=To%20work%20for%20the%20Miami,Broward%2C%20or%20Palm%20Beach%20County.
https://www.miamigov.com/My-Government/Departments/Human-Resources/Become-a-Miami-Police-Officer
https://www.baltimorepolice.org/careers/sworn-careers#:~:text=Must%20have%20a%20high%20school,to%20be%20a%20Maryland%20resident.
https://fop3.org/wp-content/uploads/2019/04/FOP-MOU-Unit-I-FY-2019-2021-notated-12.19.18.pdf
https://www.baltimorepolice.org/careers/sworn-careers#:~:text=Must%20have%20a%20high%20school,to%20be%20a%20Maryland%20resident.
https://www.lvmpd.com/en-us/ProtectTheCity/Pages/ConditionsofEmployment.aspx#:~:text=The%20LVMPD%20requires%20Nevada%20residency%20as%20a%20condition%20of%20employment.
https://lvppa.com/wp-content/uploads/2020/01/cba-2019-2023.pdf
https://www.pdcn.org/148/Recruitment
https://www.pdcn.org/148/Recruitment?activeLiveTab=widgets#:~:text=Candidates%20must%20be%20legal%20residents,of%20appointment%20and%20maintain%20residency
https://suffolkpd.org/home/becomeapoliceofficer.aspx
https://www.seethroughny.net/contracts/CountyofSuffolk_P_2007.pdf
https://suffolkpd.org/home/becomeapoliceofficer.aspx#:~:text=Candidate%20must%20be%20a%20NY,citizen%20at%20time%20of%20appointment.&text=Starting%20salary%20%2442%2C000*%20annually%2C%20increasing,(12)%20years%20of%20service.
https://www.harriscountyso.org/News/Careers
https://detroitmi.gov/departments/police-department/detroit-police-department-careers
https://static1.squarespace.com/static/559fbf2be4b08ef197467542/t/55a26d54e4b02ee06b2a86ed/1436708180775/Detroit+police+contract.pdf
https://www.crainsdetroit.com/crains-forum/reexamining-residency-rules-detroit-police-officers
https://www.boston.gov/departments/police/how-become-police-officer
https://www.boston.gov/sites/default/files/embed/file/2019-08/bpdbs_cba_july_1_2016_to_june_30_2020.pdf
https://bpdnews.com/faq
https://www.riversidesheriff.org/588/Deputy-Sheriff
https://sapdcareers.com/wp-content/uploads/2021/08/sapd_civil_requirements.pdf
http://www.sanantonio.gov/Portals/0/Files/EmployeeInformation/Relations/Commissions/CBA-SAPD.pdf
https://outsidethebadge.com/san-antonio-police-department-hiring-process-sapd-application-steps/
https://city.milwaukee.gov/fpc/Jobs/Police-Officer/Myths-about-Police-Hiring.htm
http://www.mpso.org/wp-content/uploads/2018/12/2018-2020-MPSO-Contract.pdf
https://city.milwaukee.gov/fpc/Residency-Map.htm#:~:text=On%20July%2026%2C%202016%20the,jurisdictional%20boundaries%20of%20the%20City.
https://www.sandiego.gov/police/recruiting/opportunities/policeofficer/requirements
https://static1.squarespace.com/static/559fbf2be4b08ef197467542/t/55a26face4b0858890851d95/1436708780470/San+Diego+police+contract.pdf
https://www.sandiego.gov/police/recruiting/opportunities/policeofficer/requirements
https://www.sanfranciscopolice.org/your-sfpd/careers/sworn-job-openings/general-information-and-qualifications
https://sfdhr.org/sites/default/files/documents/MOUs/POA-2018-2021.pdf
https://www.sanfranciscopolice.org/your-sfpd/careers/sworn-job-openings/general-information-and-qualifications
https://www.joinhonolulupd.org/minimum-qualifications2.html
https://www.joinhonolulupd.org/minimum-qualifications2.html
https://www.baltimorecountymd.gov/departments/police/careers/about.html
https://www.columbus.gov/police-officer/faqs/
https://static1.squarespace.com/static/559fbf2be4b08ef197467542/t/5f2442c992fc2c27220f2b9f/1596211914088/FINAL+FOP+CBA+-+8.26.19.pdf
https://www.columbus.gov/police-officer/faqs/#:~:text=Residency%20Requirements%3F,could%20change%20in%20the%20future.
https://agency.governmentjobs.com/sanbernardino/job_bulletin.cfm?JobID=1610774
https://ocsheriff.gov/join-ocsd/faqs
https://joinatlantapd.org/qualifications/
https://joinatlantapd.org/qualifications/


CHARLOTTEMECKLENBURG P.D. Y Sources: 1, 2, 3 Within 45 miles of CMPD headquarters
JACKSONVILLE S.O. N Sources: 1, 2
BROWARD COUNTY S.O. N Sources: 1
CLEVELAND P.D. N Sources: 1, 2
INDIANAPOLIS POLICE Y Sources: 1, 2 Within 50 miles of city limits
PRINCE GEORGES COUNTY POLICE N Sources: 1, 2
MEMPHIS P.D. Y Sources: 1, 2, 3 Within shelby county
DENVER P.D. N Sources: 1, 2, 3 State
AUSTIN P.D. Y Sources: 1, 2, 3 Incentive
FORT WORTH P.D. Y Sources: 1, 2, 3 Within 30 minutes of report-in station
PALM BEACH COUNTY S.O. N Sources: 1
NEW ORLEANS P.D. N Sources: 1, 2, 3
KANSAS CITY P.D. Y Sources: 1, 2, 3
FAIRFAX COUNTY P.D. N Sources: 1, 2, 3
SACRAMENTO COUNTY S.O. N Sources: 1, 2
ORANGE COUNTY S.O. N Sources: 1
SAN JOSE P.D. N Sources: 1, 2, 3
SAINT LOUIS METRO P.D. N Sources: 1, 2, 3
SAN DIEGO COUNTY S.O. N Sources: 1, 2 State
METRO NASHVILLE P.D. N Sources: 1, 2, 3
NEWARK POLICE N Sources: 1, 2
SEATTLE P.D. N Sources: 1, 2, 3
HILLSBOROUGH COUNTY S.O. Y Sources: 1 Within 50 miles of Falkenburg Road Jail
MONTGOMERY COUNTY POLICE N Sources: 1, 2, 3
LOUISVILLE METRO P.D. N Sources: 1, 2, 3
EL PASO P.D. N Sources: 1, 2, 3
MIAMI P.D. N Sources: 1
CINCINNATI P.D. Y Sources: 1, 2, 3 Or neighboring county
DEKALB COUNTY P.D. N Sources: 1, 2
WAYNE COUNTY S.O. N Sources: 1
OKLAHOMA CITY P.D. N Sources: 1, 2, 3 State
TUCSON P.D. N Sources: 1, 2
ALBUQUERQUE P.D. N Sources: 1, 2, 3
TAMPA P.D. N Sources: 1, 2
LONG BEACH P.D. N Sources: 1, 2, 3
ALAMEDA COUNTY S.D. N Sources: 1
PORTLAND POLICE BUREAU N Sources: 1, 2
MINNEAPOLIS P.D. N Sources: 1, 2
JERSEY CITY P.D. Y Sources: 1, 2, 3
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https://charlottenc.gov/CMPD/Organization/recruitment/Pages/Recruitment/standards.html
no police union contract https://www.charlottenc.gov/newsroom/Documents/FY2018PayBenefitsReco.pdf
https://www.charlottenc.gov/newsroom/Documents/FY2018PayBenefitsReco.pdf
https://www.jaxsheriff.org/Careers/Police-Officer.aspx#qualifications
https://www.cityofjackson.org/DocumentCenter/View/1018/POLC-Supervisory-Unit-2015-2020-Contract-PDF?bidId=
https://www.governmentjobs.com/careers/browardsheriff?
https://www.clevelandohio.gov/PublicSafetyCareers
https://fox8.com/news/cleveland-council-passes-residency-requirement/
https://www.indy.gov/activity/what-it-takes-to-join-the-impd
https://www.billtrack50.com/BillDetail/1256213
https://www.governmentjobs.com/careers/pgc/jobs/3120803/police-officer-50-po1-2201?keywords=police&pagetype=jobOpportunitiesJobs
https://dcist.com/story/20/07/23/prince-georges-county-police-reforms/
https://memphistn.referrals.selectminds.com/jobs/police-recruit-pr136-jan-2022-1670
https://static1.squarespace.com/static/559fbf2be4b08ef197467542/t/56771372cbced60a23745ad4/1450644338865/Memphis+Police+Contract.pdf
https://eu.commercialappeal.com/story/news/2020/08/06/mpd-recruits-short-supply-residency-requirement-taken-off-ballot/5576850002/
https://www.denvergov.org/content/denvergov/en/denver-police-recruiting/hiring-process.html
https://coloradofop3.com/yahoo_site_admin/assets/docs/2018-2020_denver_Police_CBA_-_signed_copy.10394325.pdf
https://www.denvergov.org/content/denvergov/en/denver-police-recruiting/hiring-process.html
https://www.apdrecruiting.org/faq#:~:text=Austin%20police%20officers%20do%20not%20have%20residency%20requirements.
https://www.austintexas.gov/edims/document.cfm?id=310410
https://www.austintexas.gov/edims/document.cfm?id=310410
https://www.fortworthtexas.gov/departments/hr/careers/policerecruitment#:~:text=Residency,within%20six%20months%20of%20employment.
https://static1.squarespace.com/static/559fbf2be4b08ef197467542/t/55a26d6be4b02ee06b2a872c/1436708203059/Fort+Worth+police+contract.pdf
https://www.facebook.com/InsideFWPD/posts/interested-in-becoming-a-fort-worth-police-officer-please-see-the-attached-flyer/1031069093597250/
https://www.pbso.org/inside-pbso/administration/human-resources/#1513094740559-9ff61357-bb92
https://joinnopd.org/hiring-process/#:~:text=The%20New%20Orleans%20Police%20Department%20does%20not%20have%20a%20residency,the%20New%20Orleans%20Police%20Department
https://joinnopd.org/hiring-process/#:~:text=The%20New%20Orleans%20Police%20Department%20does%20not%20have%20a%20residency,the%20New%20Orleans%20Police%20Department
https://careers.kcpd.org/ApplicantCheckList.aspx
https://static1.squarespace.com/static/559fbf2be4b08ef197467542/t/56783103cbced60a237af17a/1450717443841/Kansas+City+MO+Police+Contract.pdf
https://www.kcur.org/news/2021-03-31/missouri-senate-votes-to-lift-kansas-city-police-residency-requirement-ban-chokeholds
https://www.fairfaxva.gov/government/police/about-our-department/career-opportunities/police-officer
no police union contract http://www.justiceacademy.org/iShare/Library-Manuals/FairfaxCountyPD.pdf
https://www.fairfaxva.gov/government/police/about-our-department/career-opportunities/police-officer
https://www.cityofsacramento.org/Police/Join-SPD/Qualifications#:~:text=The%20City%20of%20Sacramento%20requires,and%20has%20applied%20for%20citizenship
https://www.cityofsacramento.org/-/media/Corporate/Files/HR/Divisions/LaborRelations/Agreements/SPOA.pdf?la=en
https://www.ocso.com/careerfaq
https://www.sjpdyou.com/for-applicants/applicant-positions/police-recruit
https://www.sanjoseca.gov/home/showpublisheddocument?id=32017
https://www.sjpdyou.com/for-applicants/applicant-positions/police-recruit
https://www.stlouis-mo.gov/government/departments/public-safety/police/how-to-become-police-officer.cfm
http://www.lris.com/wp-content/uploads/contracts/stlouiscounty_mo_police.pdf
https://www.stltoday.com/news/local/govt-and-politics/governor-signs-bill-ending-police-residency-requirement-st-louis-voters-to-decide-on-expanding-repeal/article_827666c4-811b-5b08-90a5-54dde8292a2d.html#:~:text=Mark%20Schlinkmann-,ST.,a%20citywide%20vote%20in%20November
https://www.joinsdsheriff.net/law-enforcement/deputy-sheriff-patrol-minimum-requirements
https://www.sandiego.gov/police/recruiting/opportunities/policeofficer/requirements
https://www.nashville.gov/departments/police/get-involved/become-police-officer/employment-standards
https://static1.squarespace.com/static/559fbf2be4b08ef197467542/t/55a8bd62e4b016013f8f3a7a/1437121890540/Nashville+police+contract.pdf
https://tntribune.com/bill-to-allow-first-responders-to-live-where-they-choose-passes-first-hurdle-in-tennessee-senate/
https://info.csc.state.nj.us/jobspec/02728.htm
https://www.insidernj.com/baraka-presses-in-city-residency-requirements-police-fire/
https://www.seattle.gov/police/frequently-asked-questions#areyourofficersrequiredtoberesidentsofseattle
https://www.seattle.gov/Documents/Departments/OPA/Legislation/SPOG_CBA_expires_12-31-20_111418.pdf
https://www.seattle.gov/police/frequently-asked-questions
https://teamhcso.com/Careers/bc150c2b-d75f-4d4e-9148-2a8eb46a5f9c/Law-Enforcement-Deputy-Trainee
https://www.montgomerycountymd.gov/pol/jobs/pol-officer-benefits.html
https://www.montgomerycountymd.gov/HR/Resources/Files/Labor/FOP_Agreement_FY15_Final_Version.pdf
https://www.montgomerycountymd.gov/pol/jobs/pol-officer-benefits.html
https://www.louisville-police.org/258/Application-Selection-Process#Residency%20Requirement
https://static1.squarespace.com/static/559fbf2be4b08ef197467542/t/55a26e21e4b0e8589c306490/1436708385843/Louisvillepolicecontract.pdf
https://louisvilleky.gov/human-resources/document/fop-police-offc-sgt-cba-10220-63021
https://www.joineppd.com/faq.php
https://static1.squarespace.com/static/559fbf2be4b08ef197467542/t/55a8b6bee4b0a4c3c8b2e590/1437120190884/El+Paso+police+contract.pdf
https://www.joineppd.com/faq.php
https://www.miamigov.com/My-Government/Departments/Human-Resources/Become-a-Miami-Police-Officer
https://www.cincinnati-oh.gov/sites/police/assets/File/Data/Applicant%20FAQs.pdf
https://static1.squarespace.com/static/559fbf2be4b08ef197467542/t/5f247dfc83efa84b8a540089/1596227068478/Cincinnati+Police+Contract+%28Non-Supervisors%29+2019-2021.pdf
https://www.cincinnati-oh.gov/sites/police/assets/File/Data/Applicant%20FAQs.pdf
https://www.dekalbcountyga.gov/police-services/background-and-recruiting
https://www.cityofdekalb.com/DocumentCenter/View/10931/FOP-2020-2022_Final-Signed_031820
https://www.sheriffconnect.com/wayne-county-sheriffs-recruitment-office/
https://www.ok.gov/cleet/Peace_Officer_Jobs/index.html
http://www.fop123okc.com/sites/fop2/uploads/documents/FOP_Documents/CBA%202018-2019.pdf
https://www.ok.gov/cleet/Peace_Officer_Jobs/index.html#:~:text=Must%20be%20a%20resident%20of,or%20have%20pending%20criminal%20actions
https://www.tucsonaz.gov/police/tpd-officer-qualifications
https://codelibrary.amlegal.com/codes/tucson/latest/tucson_az/0-0-0-1634
https://www.apdonline.com/police-officer/
https://www.cabq.gov/humanresources/documents/albuquerquepoliceofficersassociationcontract201415.pdf
https://www.cabq.gov/humanresources/documents/apoa-jul-9-2016.pdf/view
https://www.jobapscloud.com/Tampa/sup/bulpreview.asp?R1=210108&R2=007451&R3=001
https://www.cltampa.com/news-views/local-news/article/21142600/only-17-percent-of-tampa-police-officers-live-within-city-limits#:~:text=By%20definition%2C%20Tampa%20police%20officers%20are%20outsiders.&text=For%20decades%2C%20police%20residency%20requirements,cities%20that%20invest%20in%20them
https://www.longbeach.gov/police/about-the-lbpd/employment/join-lbpd/do-you-qualify/
https://static1.squarespace.com/static/559fbf2be4b08ef197467542/t/55a8bc94e4b012a65ab69005/1437121684607/Long+Beach+police+contract.pdf
https://www.longbeach.gov/police/about-the-lbpd/employment/join-lbpd/do-you-qualify/
https://www.jobapscloud.com/Alameda/sup/BulPreview.asp?R1=20&R2=8601&R3=01
https://www.joinportlandpolice.com/faq#:~:text=graduation%20or%20release.-,Is%20there%20a%20residency%20requirement%3F,or%20the%20state%20of%20Oregon
https://www.joinportlandpolice.com/faq#:~:text=graduation%20or%20release.-,Is%20there%20a%20residency%20requirement%3F,or%20the%20state%20of%20Oregon
https://www.minneapolismn.gov/government/jobs/police-jobs/job-qualifications/
https://minnesota.cbslocal.com/2020/06/17/with-only-8-of-minneapolis-police-officers-living-in-city-residency-requirement-gaining-traction/
https://jerseycitynj.gov/CityHall/PublicSafety/Police/recruitment
https://static1.squarespace.com/static/559fbf2be4b08ef197467542/t/5677225a40667afe3f6bd15e/1450648154969/Jersey+City+Police+Contract.pdf
https://jerseycitynj.gov/CityHall/PublicSafety/Police/recruitment#:~:text=Applicants%20must%3A,high%20school%20diploma%20or%20G.E.D.


PITTSBURGH CITY P.D. Y Sources: 1, 2, 3 Within 25 miles of downtown
PINELLAS COUNTY S.O. Y Sources: 1 Or neighboring county
MESA P.D. N Sources: 1, 2, 3 State
FRESNO P.D. N Sources: 1, 2, 3
TULSA P.D. Y Sources: 1, 2, 3
JEFFERSON PARISH S.O. N Sources: 1
BIRMINGHAM P.D. N Sources: 1, 2 State
VIRGINIA BEACH P.D. N Sources: 1, 2, 3 State
OAKLAND COUNTY S.O. N Sources: 1
BUFFALO CITY P.D. Y Sources: 1, 2, 3
SAINT LOUIS COUNTY P.D. N Sources: 1, 2
OAKLAND P.D. N Sources: 1, 2, 3 Incentive, state
NORFOLK P.D. N Sources: 1, 2, 3
MARICOPA COUNTY S.O. N Sources: 1
ORLANDO P.D. Y Sources: 1, 2 Within 35 miles of downtown
VENTURA COUNTY S.O. N Sources: 1
RICHMOND P.D. N Sources: 1, 2
OMAHA P.D. N Sources: 1, 2, 3
KING COUNTY S.O. N Sources: 1
ROCHESTER CITY P.D. Y Sources: 1, 2, 3 Or neighboring county
RALEIGH P.D. N Sources: 1, 2
SACRAMENTO P.D. Y Sources: 1, 2, 3 Incentive
GWINNETT COUNTY P.D. N Sources: 1
CONTRA COSTA COUNTY S.O. N Sources: 1
COLORADO SPRINGS P.D. N Sources: 1, 2, 3
WICHITA P.D. Y Sources: 1, 2, 3 Within 30 minutes of city limits
YONKERS CITY P.D. Y Sources: 1, 2 Or neighboring county
TOLEDO P.D. N Sources: 1, 2
ANNE ARUNDEL COUNTY POLICE N Sources: 1
BATON ROUGE CITY POLICE N Sources: 1, 2, 3
COLLIER COUNTY S.O. N Sources: 1
AURORA P.D. N Sources: 1, 2, 3

12

https://pittsburghpa.gov/joinpghpolice/applying/process.html
https://static1.squarespace.com/static/559fbf2be4b08ef197467542/t/55ca418fe4b06a5202558dfd/1439318415721/Pittsburg+contract.pdf
https://pittsburghpa.gov/joinpghpolice/applying/process.html#:~:text=Applicants%20must%20be%20or%20become,mile%20air%20radius%20throughout%20employment
http://www.pcsoweb.com/Data/Sites/1/media/pdf/Employment%20App%20Online.pdf
https://www.mpdjobs.com/police-officer-recruit/job/17763904
https://static1.squarespace.com/static/559fbf2be4b08ef197467542/t/56789d93df40f3876baa8075/1450745235910/Mesa+Police+Union+Contract.pdf
https://www.mpdjobs.com/police-officer-recruit/job/17763904
https://www.fresno.gov/police/recruitment/#tab-3
https://static1.squarespace.com/static/559fbf2be4b08ef197467542/t/55a8bc2ae4b0bdd6d6680ed0/1437121578965/Fresno+Police+supervisors+contract.pdf
https://www.fresno.gov/police/recruitment/
https://www.jointpd.com/requirements-to-join
https://www.cityoftulsa.org/media/11556/fopfy2019-2020signcopy.pdf
https://www.jointpd.com/requirements-to-join
https://jpso.com/286/Recruiting-Requirements
https://police.birminghamal.gov/join-the-team/
https://police.birminghamal.gov/join-the-team/
https://www.vbgov.com/government/departments/police/careers/Pages/Qualifications.aspx
no police union contract https://www.vbgov.com/government/departments/police/Documents/11.01%20Patrol%20Coverage%20and%20Scheduling.pdf
https://www.vbgov.com/government/departments/police/careers/Pages/Qualifications.aspx
https://www.oakgov.com/sheriff/How%20Do%20I/Pages/Apply-for-a-Job.aspx
https://ecode360.com/13552711
https://perma.cc/7WGA-RV2Q
https://www.wbfo.org/crime/2020-07-22/the-issue-of-residency-for-buffalo-police-resurfaces-at-common-council-meeting
https://www.stlouiscountypolice.com/join-our-team/#:~:text=We%20accept%20applications%20on%20a,at%20314%2D615%2D4273.&text=View%20current%20police%20and%20professional%20staff%20openings%20with%20the%20department.
https://static1.squarespace.com/static/559fbf2be4b08ef197467542/t/55ca42f8e4b06a5202559843/1439318776418/St+Louis+Metro+Police+Contract.pdf
https://www.oaklandca.gov/topics/sworn-officer-application-process-1
https://cao-94612.s3.amazonaws.com/documents/OPOA_MOU_2018-2024.pdf
https://agency.governmentjobs.com/oaklandca/job_bulletin.cfm?JobID=1731784#:~:text=Residency%20and%20Veteran's%20Preference%20Points,Card%2C%20or%20a%20utility%20bill
https://www.norfolk.gov/DocumentCenter/View/813/Police-Qualifications?bidId=
http://www.virtualnorfolk.org/assets/files/departments/human-resources/contracts/patrolmans-contract-2019-2022.pdf
https://www.tribpub.com/gdpr/pilotonline.com/#:~:text=But%20the%20task%20force%20did,to%20live%20in%20public%20housing
https://www.mcso.org/careers
https://www.orlando.gov/Public-Safety/OPD/Apply-to-Become-an-Orlando-Police-Officer
https://www.orlando.gov/Public-Safety/OPD/Apply-to-Become-an-Orlando-Police-Officer
https://www.governmentjobs.com/careers/ventura/jobs/2831951/deputy-sheriff-trainee-deputy-sheriff?page=2&pagetype=jobOpportunitiesJobs
https://www.rva.gov/police/personnel
https://static1.squarespace.com/static/559fbf2be4b08ef197467542/t/567c8daac647adf832e9cd6d/1451003306666/Richmond+CA+police+contract.pdf
https://police.cityofomaha.org/joinopd/join/faq#:~:text=back%20to%20top-,Q%3A%20Do%20I%20have%20to%20live%20in%20Omaha%20as%20an,in%20the%20area%2C%20including%20Iowa
https://hr.cityofomaha.org/images/stories/public_documents/union_contracts/Police_Union_Labor_Agreement_2020-2025_Searchable.pdf
https://police.cityofomaha.org/joinopd/join/faq#:~:text=back%20to%20top-,Q%3A%20Do%20I%20have%20to%20live%20in%20Omaha%20as%20an,in%20the%20area%2C%20including%20Iowa
https://www.publicsafetytesting.com/departments/king-county-sheriffs-office/deputy-sheriff-16
https://www.cityofrochester.gov/article.aspx?id=8589936732#:~:text=Residency%20is%20not%20a%20requirement,Wayne)%20if%20you%20are%20hired
https://www.rochestermn.gov/home/showpublisheddocument?id=11853
https://www.cityofrochester.gov/article.aspx?id=8589936732#:~:text=Residency%20is%20not%20a%20requirement,Wayne)%20if%20you%20are%20hired
https://durhamnc.gov/DocumentCenter/View/13257/Durham-Police-Department-Recruiting-Unit-Frequently-Asked-Questions?bidId=#:~:text=Q%3A%20Is%20there%20a%20residency,A%3A%20No
https://durhamnc.gov/DocumentCenter/View/13257/Durham-Police-Department-Recruiting-Unit-Frequently-Asked-Questions?bidId=#:~:text=Q%3A%20Is%20there%20a%20residency,A%3A%20No
https://www.cityofsacramento.org/Police/Join-SPD/Qualifications#:~:text=The%20City%20of%20Sacramento%20requires,and%20has%20applied%20for%20citizenship
https://www.cityofsacramento.org/-/media/Corporate/Files/HR/Divisions/LaborRelations/Agreements/SPOA.pdf?la=en
https://www.cityofsacramento.org/Police/Join-SPD/Qualifications#:~:text=The%20City%20of%20Sacramento%20requires,and%20has%20applied%20for%20citizenship
https://www.governmentjobs.com/careers/gwinnett/jobs/2324018/police-officer
https://www.cocosheriff.org/join-our-team/faq#:~:text=You%20will%20need%20to%20be,20%2F30%20for%20each%20eye.
https://coloradosprings.gov/police-department/page/minimum-qualifications?mlid=5081
https://coloradosprings.gov/police-department/page/sworn-careers-frequently-asked-questions
https://www.wichita.gov/WPD/Recruitment/Pages/Qualifications.aspx
https://www.wichita.gov/HR/HRDocuments/2018-2021%20FOP%20Contract%20-%20EFF%2012.15.2018%20thru%2012.24.2021.pdf
https://www.wichita.gov/WPD/Recruitment/Pages/Qualifications.aspx
https://www.yonkersny.gov/live/public-safety/police-department/recruitment
https://perma.cc/5KS8-83JR
https://www.governmentjobs.com/careers/toledooh/classspecs/959671?keywords=police%20officer&pagetype=classSpecifications
https://tpdhire.com/
https://www.aacounty.org/departments/police-department/jobs/police-officer/#:~:text=No%2C%20there%20is%20no%20residency,officer%20in%20Anne%20Arundel%20County.
http://geauxbrpd.com/faq/
https://static1.squarespace.com/static/559fbf2be4b08ef197467542/t/55ca41e2e4b078796cbbdb20/1439318498321/Baton+Rouge+contract.pdf
http://geauxbrpd.com/faq/
https://www.colliersheriff.org/Home/Components/JobPosts/Job/4/1932
https://www.auroragov.org/residents/public_safety/police/join_the_apd/entry_level_applicants
https://static1.squarespace.com/static/559fbf2be4b08ef197467542/t/55a26cb3e4b0d4ed469f5358/1436708019293/Aurora+police+contract.pdf
https://www.auroragov.org/residents/public_safety/police/join_the_apd/entry_level_applicants#:~:text=Basic%20requirements%20to%20apply%3A&text=Must%20have%20a%20valid%20driver's,OR%20a%20lawful%2C%20permanent%20resident
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Variable Description N Percent

Political Party Republican 70,734 37.74
Democratic 67,654 36.10
Non-Partisan 43,332 23.12
American Independent 1,507 0.80
Independence 960 0.51
Libertarian 817 0.44
Conservative 684 0.36
Registered Independent 575 0.31
Other 485 0.26
Unknown 204 0.11
Green 179 0.10
Peace And Freedom 130 0.07
Working Family Party 68 0.04
Constitution 20 0.01
Reform 16 0.01
Natural Law 13 0.01
Socialist 8 0.00
Women’s Equality Party 8 0.00
Constitutional 6 0.00
Worker’s Party 4 0.00
Bread And Roses 2 0.00
Independent Democrat 1 0.00
Independent Republican 1 0.00
Liberal 1 0.00
Progressive 1 0.00
Tea 1 0.00

Table B6: Distribution of Political Party Affiliation Among Officers in L2. Among
officers registered to vote this shows the number and percent of these officers in every
political party available in L2 data.
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Agency % Republican % Democratic % Other % Registered

Alameda County Sheriff 40.34 32.93 26.72 85.42
Albuquerque Police Department 62.83 18.41 18.76 92.93
Anne Arundel County Police 51.63 28.88 19.48 77.84
Atlanta Police Department 19.39 63.28 17.33 83.61
Aurora Police Department 51.10 11.47 37.44 85.82
Austin Police Department 50.07 36.38 13.55 88.01
Baltimore County Police 60.60 21.01 18.39 94.38
Baltimore Police Department 35.82 44.07 20.11 82.21
Baton Rouge City Police 40.45 36.39 23.16 94.06
Birmingham Police Department 32.91 65.04 2.04 95.98
Boston Police Department 12.14 29.01 58.85 93.27
Broward County Sheriffs Office 37.59 32.13 30.28 86.94
Buffalo Police Department 28.59 48.56 22.84 93.17
Charlotte-Mecklenburg Police Department 43.79 20.42 35.79 82.64
Chicago Police Department 15.30 56.84 27.86 89.6
Cincinnati Police Department 46.39 26.48 27.13 89.59
Cleveland Police Department 29.25 35.71 35.04 91.8
Collier County Sheriffs Office 67.09 15.19 17.72 61.24
Colorado Springs Police Department 52.29 11.21 36.50 81.81
Columbus Police Department 50.16 18.18 31.66 91.04
Contra Costa County Sheriff 39.34 33.18 27.48 84.73
Cook County Sheriffs Office 18.93 52.89 28.17 94.33
Dallas Police Department 44.52 42.62 12.86 78.45
Dekalb County Police Department 14.15 67.77 18.08 82.28
Denver Police Department 31.85 26.33 41.81 77.76
El Paso Police Department 20.11 75.62 4.27 93.51
Fairfax County Police Department 31.16 46.63 22.21 69.9
Fort Worth Police Department 51.10 33.74 15.16 92.83
Fresno Police Department 59.12 19.58 21.30 92.42
Gwinnett County Police Department 37.02 24.17 38.81 93.18
Harris County Sheriff Office 38.89 47.80 13.32 89.09
Hillsborough County Sheriffs Office 55.86 17.57 26.58 69.65
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Agency % Republican % Democratic % Other % Registered

Honolulu Police Department 15.99 26.25 57.76 83.95
Houston Police Department 41.64 43.71 14.66 94.04
Indianapolis Police Department 53.12 19.63 27.25 79.26
Jacksonville County Sheriff 63.57 18.51 17.92 82.15
Jefferson Parish Sheriff’s Office 38.64 36.58 24.78 86.08
Jersey City Police Department 16.71 48.12 35.18 84.49
Kansas City Police Department 52.50 25.63 21.86 92.33
King County Sheriff Office 37.22 36.79 25.99 93.74
Las Vegas Metro Police Department 54.62 16.98 28.40 86.81
Long Beach Police Department 44.53 29.76 25.71 90.06
Los Angeles County Sheriff 44.07 30.89 25.04 87.72
Los Angeles Police Department 34.56 37.16 28.28 92.95
Louisville Metro Police Department 53.59 32.71 13.70 92.29
Maricopa County Sheriff Office 55.40 18.42 26.18 94.01
Memphis Police Department 26.76 34.56 38.68 90.86
Mesa Police Department 66.05 11.45 22.50 83.42
Metro Nashville Police Department and Sheriff 39.15 18.09 42.77 81.27
Metropolitan Police Department, D.C. 10.56 69.08 20.35 71.26
Miami Police Department 34.89 32.26 32.85 87.87
Miami-Dade Police Department 40.66 32.20 27.15 74.01
Milwaukee Police Department 32.92 44.78 22.30 32.12
Minneapolis Police Department 39.41 25.45 35.14 85.15
Montgomery County Police 47.70 30.24 22.06 85.27
Nassau County Police Department 53.60 18.99 27.41 95.78
New Orleans Police Department 23.65 48.22 28.13 85.34
New York City Police Department 28.66 42.64 28.70 82.22
Newark Police Department 15.42 44.96 39.62 83.08
Oakland Police Department 28.55 38.03 33.42 70.76
Oklahoma City Police Department 70.67 16.61 12.72 90.78
Omaha Police Department 61.01 14.43 24.56 86.34
Orange County Sheriff, CA 53.99 20.54 25.47 92.12
Orange County Sheriffs Office, FL 49.13 20.82 30.04 71.7
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Agency % Republican % Democratic % Other % Registered

Orlando Police Department 46.55 23.03 30.42 74.38
Palm Beach County Sheriff Office 47.83 23.91 28.26 77.04
Philadelphia Police Department 35.70 49.21 15.09 94.73
Phoenix Police Department 50.72 19.50 29.78 88.03
Pinellas County Sheriff 54.30 19.37 26.33 82.23
Pittsburgh Police Department 46.48 41.87 11.65 95.59
Portland Police Bureau 33.33 29.71 36.96 83.18
Prince Georges County Police Department 29.15 51.09 19.76 86.88
Raleigh Police Department 41.35 19.65 39.00 94.72
Richmond Police Department 37.05 47.73 15.23 84.45
Riverside County Sheriff 46.65 24.92 28.42 93.23
Rochester Police Department 58.30 14.88 26.82 95.54
Sacramento County Sheriff 49.75 24.47 25.79 90.96
Sacramento Police Department 54.20 18.16 27.65 90.54
Saint Louis Metro Police Department 42.61 43.43 13.96 93.4
San Antonio Police Department 43.52 44.96 11.52 92.79
San Bernardino County Sheriff 46.30 27.34 26.36 93.1
San Diego County Sheriff 52.31 20.83 26.85 90.97
San Diego Police Department 49.71 22.08 28.20 94.64
San Francisco Police Department 25.72 40.21 34.07 68.5
San Jose Police Department 30.58 38.77 30.66 87.33
Seattle Police Department 43.49 33.77 22.74 85.08
St Louis County Police Department 46.09 34.00 19.91 95.26
Suffolk County Police Department 48.26 15.17 36.57 97.95
Tampa Police Department 54.57 18.60 26.83 75.93
Toledo Police Department 36.90 27.09 36.01 83.61
Tucson Police Department 52.71 17.33 29.96 84.97
Tulsa Police Department 73.65 13.11 13.25 81.53
Ventura County Sheriff 38.79 33.03 28.18 94.38
Virginia Beach Police Department 46.66 25.15 28.20 90.89
Wayne County Sheriffs Office 16.67 68.59 14.74 93.69
Wichita Police Department 63.22 11.05 25.72 76.45

17



Agency % Republican % Democratic % Other % Registered

Yonkers Police Department 38.48 26.85 34.67 76.29

Table B7: Political party membership by agency.The share of registered officers in
each party, by agency, as well as the percent of officers that are registered to vote.
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All Off. White Off. Black Off. Hispanic Off. Male Off. Female Off. Republican Off. Democrat Off. Other Party Off.
Black Civ. 18.49 19.16 18.29 17.40 19.13 16.27 18.58 18.19 19.16
White Civ. 3.70 4.66 1.84 3.59 3.75 3.52 4.73 3.54 3.41

Hispanic Civ. 5.46 6.19 1.38 7.81 5.79 4.29 6.63 4.96 5.88
Total Civ. 28.84 31.42 22.22 30.05 29.88 25.24 31.49 27.80 29.62

Table B8: Stops per 100 Shifts in CPD, 2012-2019

All Off. White Off. Black Off. Hispanic Off. Male Off. Female Off. Republican Off. Democrat Off. Other Party Off.
Black Civ. 4.66 4.58 4.48 4.97 4.90 3.82 4.43 4.42 5.38
White Civ. 0.71 0.87 0.30 0.79 0.74 0.62 0.84 0.64 0.80

Hispanic Civ. 1.38 1.59 0.38 1.90 1.48 1.02 1.67 1.17 1.69
Total Civ. 6.81 7.12 5.20 7.73 7.19 5.52 7.02 6.30 7.93

Table B9: Arrest per 100 Shifts in CPD, 2012-2019.

All Off. White Off. Black Off. Hispanic Off. Male Off. Female Off. Republican Off. Democrat Off. Other Party Off.
Black Civ. 0.21 0.23 0.19 0.21 0.24 0.13 0.22 0.20 0.23
White Civ. 0.02 0.03 0.01 0.02 0.03 0.02 0.03 0.02 0.02

Hispanic Civ. 0.04 0.05 0.01 0.05 0.04 0.02 0.05 0.03 0.05
Total Civ. 0.29 0.32 0.22 0.30 0.32 0.18 0.32 0.27 0.32

Table B10: Force per 100 Shifts in CPD, 2012-2019.
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B.2 Within-Jurisdiction Comparisons

Table B11: Average Shares of White Officers and Civilians in the Same Jurisdic-
tions. Numeric results depicted in Figure 2.

Officer Officer 95% CI Civilian
Agency Mean Lower Upper Mean

Alameda County Sheriff, CA 62.96 60.39 65.53 31.50
Albuquerque PD, NM 56.25 52.31 60.19 38.80
Anne Aroundel County PD, MD 87.06 84.92 89.20 68.70
Atlanta PD, GA 35.81 33.52 38.10 37.60
Aurora PD, CO 83.79 81.04 86.54 46.70
Austin PD, TX 67.98 65.69 70.28 49.10
Baltimore County PD, MD 82.33 80.48 84.19 44.70
Baltimore PD, MD 49.45 48.02 50.88 27.60
Baton Rouge City PD, LA 65.91 62.42 69.41 38.70
Birmingham PD, AL 40.19 37.25 43.12 35.40
Boston PD, MA 66.58 64.67 68.50 44.50
Broward County Sheriff, FL 62.43 59.92 64.94 36.60
Buffalo PD, NY 69.48 66.18 72.78 43.10
Charlotte-Mecklenburg PD, NC 74.51 72.63 76.40 42.30
Chicago PD, IL 51.67 50.81 52.54 33.50
Cincinnati PD, OH 67.79 64.95 70.64 51.00
Cleveland PD, OH 65.88 63.67 68.09 33.70
Collier County Sheriff, FL 67.72 62.02 73.43 62.80
Colorado Springs PD, CO 81.25 78.40 84.10 69.90
Columbus PD, OH 86.90 85.44 88.36 59.20
Contra Costa County Sheriff, CA 70.53 67.75 73.31 53.50
Cook County Sheriff, IL 55.00 52.40 57.59 15.80
Dallas PD, TX 50.08 48.35 51.80 29.30
Dekalb County PD, GA 37.39 33.98 40.80 20.70
Denver PD, CO 65.72 63.14 68.30 54.20
El Paso PD, TX 16.47 14.38 18.57 12.50
Fairfax County PD, VA 82.99 81.29 84.68 50.80
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Fort Worth PD, TX 67.92 65.80 70.05 41.80
Fresno PD, CA 51.81 48.52 55.10 28.00
Gwinnett County PD, GA 74.90 71.85 77.95 39.50
Harris County Sheriff, TX 49.80 47.85 51.75 29.60
Hillsborough County Sheriff, FL 71.92 69.45 74.39 49.60
Honolulu PD, HI 11.99 10.57 13.40 15.40
Houston PD, TX 45.84 44.57 47.10 27.80
Indianapolis PD, IN 82.42 80.35 84.50 54.90
Jacksonville County Sheriff, FL 69.50 67.28 71.71 51.70
Jefferson Parish Sheriff, LA 74.58 72.61 76.56 53.60
Jersey City PD, NJ 39.86 36.84 42.89 21.90
Kansas City PD, MO 76.61 74.67 78.54 57.30
King County Sheriff, WA 79.40 76.51 82.30 61.80
Las Vegas Metro PD, NV 68.76 67.22 70.30 44.20
Long Beach PD, CA 52.78 49.83 55.73 28.20
Los Angeles County Sheriff, CA 39.13 38.29 39.97 21.20
Los Angeles PD, CA 33.05 32.18 33.93 28.60
Louisville Metro PD, KY 84.37 82.88 85.85 59.00
Maricopa County Sheriff, AZ 72.02 68.85 75.20 77.60
Memphis PD, TN 43.86 41.69 46.04 27.10
Mesa PD, AZ 79.25 76.62 81.89 62.40
Metro Nashville PD And Sheriff, TN 85.36 83.70 87.02 56.10
Miami PD, FL 7.71 6.28 9.13 10.80
Miami-Dade PD, FL 20.20 19.01 21.39 11.60
Milwaukee PD, WI 66.06 63.85 68.27 35.80
Minneapolis PD, MN 76.90 74.16 79.64 60.00
Montgomery County PD, MD 78.29 76.03 80.55 44.30
Nassau County PD, NY 87.39 86.09 88.70 62.10
New Orleans PD, LA 34.94 32.45 37.42 30.80
New York City PD, NY 50.29 49.74 50.83 32.10
Newark PD, NJ 23.87 21.45 26.29 10.90
Oakland PD, CA 39.76 36.83 42.68 28.30
Oklahoma City PD, OK 83.56 81.50 85.62 56.40
Omaha PD, NE 79.34 76.72 81.97 68.60
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Orange County Sheriff, CA 63.22 61.23 65.22 58.00
Orange County Sheriff, FL 64.70 62.08 67.31 38.50
Orlando PD, FL 63.00 59.65 66.35 36.40
Palm Beach County Sheriff, FL 72.71 69.97 75.45 51.40
Philadelphia PD, PA 57.20 55.95 58.46 34.50
Phoenix PD, AZ 70.73 69.18 72.28 42.80
Pinellas County Sheriff, FL 80.69 78.77 82.61 81.40
Pittsburgh PD, PA 85.19 82.93 87.45 64.70
Portland Police Bureau, OR 84.22 81.79 86.66 70.50
Prince Georges County PD, MD 45.30 42.81 47.79 12.70
Raleigh PD, NC 84.31 81.65 86.96 55.20
Richmond PD, VA 60.65 56.46 64.85 40.90
Riverside County Sheriff, CA 60.15 58.05 62.26 35.40
Rochester PD, NY 73.53 70.01 77.04 37.90
Sacramento County Sheriff, CA 69.91 67.76 72.06 50.60
Sacramento PD, CA 74.47 71.45 77.49 31.80
St. Louis Metro PD, MO 70.63 68.03 73.22 43.60
San Antonio PD, TX 40.32 37.94 42.69 26.70
San Bernardino County Sheriff, CA 53.74 51.87 55.61 37.70
San Diego County Sheriff, CA 66.97 64.71 69.23 55.00
San Diego PD, CA 63.29 61.09 65.49 42.80
San Francisco PD, CA 50.14 48.59 51.68 40.50
San Jose PD, CA 46.72 44.17 49.28 27.10
Seattle PD, WA 73.12 70.76 75.48 63.70
St. Louis County PD, MO 87.92 85.78 90.07 70.70
Suffolk County PD, NY 87.03 85.70 88.37 67.60
Tampa PD, FL 69.44 66.37 72.52 43.70
Toledo PD, OH 81.22 78.27 84.18 60.10
Tucson PD, AZ 65.44 62.46 68.42 45.40
Tulsa PD, OK 75.84 72.98 78.70 54.90
Ventura County Sheriff, CA 67.11 64.27 69.95 59.90
Virginia Beach PD, VA 82.17 79.44 84.89 61.70
Metropolitan PD, D.C. 35.71 34.29 37.14 36.60
Wayne County Sheriff, MI 53.53 48.17 58.88 69.60
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Wichita PD, KS 83.52 80.81 86.22 64.20
Yonkers PD, NY 81.58 78.53 84.63 36.70
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Table B12: Average Shares of Republican Officers and Civilians in the Same Juris-
dictions. Numeric results depicted in Figure 3.

Officer Officer 95% CI Civilian
Agency Mean Lower Upper Mean

Alameda County Sheriff, CA 34.46 31.93 36.99 11.51
Albuquerque PD, NM 58.39 54.47 62.31 20.86
Anne Aroundel County PD, MD 40.19 37.06 43.32 30.05
Atlanta PD, GA 16.21 14.45 17.97 7.79
Aurora PD, CO 43.85 40.15 47.55 16.29
Austin PD, TX 44.07 41.63 46.51 15.14
Baltimore County PD, MD 57.20 54.79 59.61 15.12
Baltimore PD, MD 29.45 28.14 30.75 5.92
Baton Rouge City PD, LA 38.05 34.47 41.63 17.41
Birmingham PD, AL 31.59 28.80 34.37 24.09
Boston PD, MA 11.32 10.03 12.61 3.39
Broward County Sheriff, FL 32.68 30.25 35.11 16.54
Buffalo PD, NY 26.64 23.47 29.81 7.56
Charlotte-Mecklenburg PD, NC 36.19 34.11 38.26 16.04
Chicago PD, IL 13.71 13.11 14.30 3.73
Cincinnati PD, OH 41.56 38.56 44.56 11.96
Cleveland PD, OH 26.85 24.79 28.92 4.76
Collier County Sheriff, FL 41.09 35.08 47.09 37.99
Colorado Springs PD, CO 42.78 39.16 46.39 29.78
Columbus PD, OH 45.67 43.51 47.82 14.81
Contra Costa County Sheriff, CA 33.33 30.46 36.21 17.73
Cook County Sheriff, IL 17.86 15.86 19.86 3.03
Dallas PD, TX 34.93 33.28 36.57 13.70
Dekalb County PD, GA 11.64 9.38 13.90 6.03
Denver PD, CO 24.77 22.43 27.11 9.07
El Paso PD, TX 18.80 16.59 21.01 8.47
Fairfax County PD, VA 21.78 19.92 23.64 16.94
Fort Worth PD, TX 47.44 45.17 49.71 25.53
Fresno PD, CA 54.64 51.36 57.92 19.73
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Gwinnett County PD, GA 34.49 31.15 37.83 19.09
Harris County Sheriff, TX 34.64 32.79 36.50 19.62
Hillsborough County Sheriff, FL 38.90 36.23 41.58 27.36
Honolulu PD, HI 13.42 11.94 14.91 11.79
Houston PD, TX 39.15 37.91 40.39 18.25
Indianapolis PD, IN 42.11 39.41 44.80 15.05
Jacksonville County Sheriff, FL 52.22 49.82 54.62 30.82
Jefferson Parish Sheriff, LA 33.26 31.12 35.40 25.17
Jersey City PD, NJ 14.12 11.96 16.27 5.49
Kansas City PD, MO 48.48 46.19 50.76 28.92
King County Sheriff, WA 34.89 31.48 38.30 16.98
Las Vegas Metro PD, NV 47.41 45.75 49.07 23.85
Long Beach PD, CA 40.11 37.21 43.01 12.63
Los Angeles County Sheriff, CA 38.66 37.82 39.50 15.25
Los Angeles PD, CA 32.12 31.25 32.99 8.84
Louisville Metro PD, KY 49.46 47.42 51.50 19.77
Maricopa County Sheriff, AZ 52.08 48.55 55.62 42.88
Memphis PD, TN 24.31 22.43 26.19 8.82
Mesa PD, AZ 55.10 51.87 58.33 29.75
Metro Nashville PD And Sheriff, TN 31.82 29.62 34.01 12.94
Miami PD, FL 30.65 28.19 33.12 13.48
Miami-Dade PD, FL 30.09 28.73 31.45 22.64
Milwaukee PD, WI 10.57 9.14 12.01 11.43
Minneapolis PD, MN 33.55 30.48 36.62 5.17
Montgomery County PD, MD 40.67 37.98 43.37 13.79
Nassau County PD, NY 51.34 49.38 53.31 29.85
New Orleans PD, LA 20.18 18.09 22.28 8.39
New York City PD, NY 23.56 23.10 24.03 7.61
Newark PD, NJ 12.81 10.92 14.71 3.08
Oakland PD, CA 20.20 17.80 22.61 3.05
Oklahoma City PD, OK 64.15 61.49 66.82 31.80
Omaha PD, NE 52.68 49.44 55.91 29.05
Orange County Sheriff, CA 49.73 47.67 51.80 32.56
Orange County Sheriff, FL 35.23 32.61 37.84 20.51
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Orlando PD, FL 34.62 31.33 37.92 17.53
Palm Beach County Sheriff, FL 36.85 33.88 39.82 21.67
Philadelphia PD, PA 33.82 32.62 35.02 9.23
Phoenix PD, AZ 44.65 42.96 46.34 19.20
Pinellas County Sheriff, FL 44.65 42.23 47.07 34.91
Pittsburgh PD, PA 44.43 41.28 47.59 11.21
Portland Police Bureau, OR 27.73 24.74 30.71 9.28
Prince Georges County PD, MD 25.33 23.15 27.50 5.27
Raleigh PD, NC 39.17 35.60 42.73 16.46
Richmond PD, VA 31.29 27.30 35.27 7.91
Riverside County Sheriff, CA 43.49 41.37 45.62 22.48
Rochester PD, NY 55.70 51.74 59.66 7.02
Sacramento County Sheriff, CA 45.25 42.92 47.59 21.71
Sacramento PD, CA 49.07 45.61 52.52 10.63
St. Louis Metro PD, MO 39.80 37.01 42.59 8.77
San Antonio PD, TX 40.38 38.00 42.76 17.59
San Bernardino County Sheriff, CA 43.10 41.24 44.96 24.52
San Diego County Sheriff, CA 47.59 45.19 49.99 27.62
San Diego PD, CA 47.05 44.77 49.33 15.37
San Francisco PD, CA 17.62 16.44 18.79 4.44
San Jose PD, CA 26.70 24.44 28.97 11.09
Seattle PD, WA 37.00 34.43 39.57 4.48
St. Louis County PD, MO 43.91 40.64 47.17 33.90
Suffolk County PD, NY 47.27 45.29 49.25 27.22
Tampa PD, FL 41.44 38.15 44.72 20.27
Toledo PD, OH 30.85 27.35 34.34 10.85
Tucson PD, AZ 44.79 41.67 47.90 18.00
Tulsa PD, OK 60.05 56.77 63.32 27.91
Ventura County Sheriff, CA 36.61 33.69 39.52 26.97
Virginia Beach PD, VA 42.40 38.88 45.92 29.26
Metropolitan PD, D.C. 7.53 6.74 8.31 4.57
Wayne County Sheriff, MI 15.62 11.72 19.51 22.83
Wichita PD, KS 48.34 44.69 51.98 29.94
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Yonkers PD, NY 29.35 25.77 32.94 12.55
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Figure B1: Average Shares of BlackOfficers andCivilians in the Same Jurisdictions.
Blue dots are officer shares from BJS (2016) with 95% confidence intervals. Red dots are
civilian shares from U.S. Census. Vertical blue line is the pooled officer mean. Vertical red
line is hypothetical officer mean if each officer was randomly drawn from their respective
jurisdiction.
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Figure B2: Average Shares of Hispanic Officers and Civilians in the Same Jurisdic-
tions. Blue dots are officer shares from BJS (2016) with 95% confidence intervals. Red
dots are civilian shares from U.S. Census. Vertical blue line is the pooled officer mean.
Vertical red line is hypothetical officer mean if each officer was randomly drawn from
their respective jurisdiction.
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Figure B3: Average Shares of Asian Officers and Civilians in the Same Jurisdic-
tions. Blue dots are officer shares from BJS (2016) with 95% confidence intervals. Red
dots are civilian shares from U.S. Census. Vertical blue line is the pooled officer mean.
Vertical red line is hypothetical officer mean if each officer was randomly drawn from
their respective jurisdiction.
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Figure B4: Average Shares of Democrats Among Officers and Civilians in the Same
Jurisdictions. Blue dots are officer shares with 95% confidence intervals. Red dots are
civilian shares.Red dots are civilian Republicans from L2 as a share of voting-age popu-
lation from Census ACS. Vertical blue line is the pooled officer mean. Vertical red line is
hypothetical officer mean if each officer was randomly drawn from their respective juris-
diction.
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Figure B5: AverageGeneral ElectionTurnout in 2020AmongOfficers andCivilians
in the Same Jurisdictions. Blue dots are officer shares with 95% confidence intervals.
Red dots are civilian Republicans from L2 as a share of voting-age population from Census
ACS. Vertical blue line is the pooled officer mean. Vertical red line is hypothetical officer
mean if each officer was randomly drawn from their respective jurisdiction.
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Figure B6: Average Shares of Males Among Officers and Civilians in the Same Ju-
risdictions. Blue dots are officer shares from LEOKA 2019 data with 95% confidence
intervals. Red dots are civilian shares from U.S. Census. Vertical blue line is the pooled
officer mean. Vertical red line is hypothetical officer mean if each officer was randomly
drawn from their respective jurisdiction.
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Figure B7: Median Age Among Officers and Civilians in the Same Jurisdictions.
Blue dots are officer shares from L2 voter file (i.e. among registered voters) with 95%
confidence intervals. Red dots are civilian shares from U.S. Census. Vertical blue line is
the pooled officer mean. Vertical red line is hypothetical officer mean if each officer was
randomly drawn from their respective jurisdiction.
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Figure B8: Median Household Income Among Officers and Civilians in the Same
Jurisdictions. Blue dots are officer shares from from L2 voter file (i.e. among registered
voters) with 95% confidence intervals. Red dots are civilian shares from U.S. Census. Ver-
tical blue line is the pooled officer mean. Vertical red line is hypothetical officer mean if
each officer was randomly drawn from their respective jurisdiction.
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B.3 District-Level Analysis in Chicago

District District Name Officer Officer Lower Bound Officer Upper Bound Civilian

1 Central 57.35 53.98 60.71 52.28
2 Wentworth 21.59 18.85 24.33 19.06
3 Grand Crossing 27.04 24.05 30.03 5.64
4 South Chicago 48.20 44.86 51.54 7.05
5 Calumet 33.72 30.18 37.26 1.88
6 Gresham 29.89 26.88 32.90 1.41
7 Englewood 42.31 39.14 45.47 1.31
8 Chicago Lawn 66.35 63.17 69.53 16.80
9 Deering 64.61 61.14 68.08 15.44
10 Ogden 40.52 36.96 44.07 4.83
11 Harrison 52.51 49.20 55.81 4.24
12 Near West 53.46 49.92 56.99 45.29
14 Shakespeare 50.73 46.55 54.91 52.66
15 Austin 55.64 51.89 59.39 3.51
16 Jefferson Park 80.63 77.47 83.80 62.91
17 Albany Park 68.12 64.05 72.18 40.63
18 Near North 61.11 57.86 64.36 72.61
19 Town Hall 62.01 58.70 65.33 74.26
20 Lincoln 69.69 65.60 73.78 55.40
22 Morgan Park 59.87 55.99 63.75 34.30
24 Rogers Park 72.88 69.17 76.58 43.70
25 Grand Central 65.78 62.46 69.09 14.70

Table B13: Proportion White in Chicago Districts. Numeric results for Figure 4.
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District District Name Officer Officer Lower Bound Officer Upper Bound Civilian

1 Central 15.18 12.74 17.62 4.25
2 Wentworth 7.97 6.16 9.77 1.32
3 Grand Crossing 9.33 7.37 11.29 0.89
4 South Chicago 13.01 10.76 15.26 2.15
5 Calumet 10.66 8.35 12.97 0.89
6 Gresham 9.55 7.62 11.48 0.74
7 Englewood 10.58 8.61 12.55 0.78
8 Chicago Lawn 16.29 13.81 18.78 3.01
9 Deering 19.34 16.47 22.21 2.21
10 Ogden 15.28 12.67 17.88 1.20
11 Harrison 15.26 12.88 17.64 1.09
12 Near West 15.51 12.95 18.08 3.95
14 Shakespeare 15.64 12.60 18.67 3.59
15 Austin 17.21 14.36 20.06 0.88
16 Jefferson Park 25.54 22.05 29.04 8.86
17 Albany Park 22.57 18.93 26.22 4.27
18 Near North 14.70 12.34 17.06 7.85
19 Town Hall 17.72 15.11 20.33 5.43
20 Lincoln 18.97 15.48 22.46 3.96
22 Morgan Park 16.97 13.99 19.94 4.74
24 Rogers Park 19.71 16.39 23.03 3.48
25 Grand Central 19.21 16.46 21.97 2.59

Table B14: Proportion Republican in Chicago Districts. Numeric results for Figure
4.
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Figure B9: Average Shares of Black Chicago Officers and Civilians in Officers’ As-
signed Districts. Blue dots are officer shares with 95% confidence intervals. Red dots are
civilian shares from U.S. Census. Vertical blue line is the pooled officer mean. Vertical red
line is hypothetical officer mean if each officer was randomly drawn from their respective
district.
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Figure B10: Average Shares of Hispanic Chicago Officers and Civilians in Officers’
Assigned Districts. Blue dots are officer shares with 95% confidence intervals. Red dots
are civilian shares from U.S. Census. Vertical blue line is the pooled officer mean. Ver-
tical red line is hypothetical officer mean if each officer was randomly drawn from their
respective district.
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Figure B11: Average Shares of Chicago Officers of Other Race and Civilians in
Officers’ Assigned Districts. Blue dots are officer shares with 95% confidence intervals.
Red dots are civilian shares from U.S. Census. Vertical blue line is the pooled officer mean.
Vertical red line is hypothetical officermean if each officerwas randomly drawn from their
respective district.
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Figure B12: Average Shares of Democratic Chicago Officers and Civilians in Offi-
cers’ Assigned Districts. Blue dots are officer shares with 95% confidence intervals. Red
dots are civilian shares from U.S. Census. Vertical blue line is the pooled officer mean.
Vertical red line is hypothetical officer mean if each officer was randomly drawn from
their respective district.
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B.4 Deployment Effects

Officer Deployed Estimate Reference Group Adjusted p-value Outcome
Black -7.80 White 0.00 Stops
Democrat -3.80 Republican 0.00 Stops
Black Democrat -7.74 White Republican 0.00 Stops
Black Republican -4.62 White Republican 0.05 Stops
White Democrat 1.09 White Republican 0.42 Stops
Black -1.25 White 0.00 Arrests
Democrat -0.77 Republican 0.00 Arrests
Black Democrat -1.34 White Republican 0.00 Arrests
Black Republican -0.09 White Republican 0.82 Arrests
White Democrat -0.18 White Republican 0.66 Arrests
Black -0.10 White 0.00 Force
Democrat -0.09 Republican 0.00 Force
Black Democrat -0.12 White Republican 0.00 Force
Black Republican -0.05 White Republican 0.66 Force
White Democrat -0.02 White Republican 0.93 Force

Table B15: Deployment Effects Per 100 Shifts, Black v. White Officers. The table
displays the effect per 100 shifts of deploying a given type of officer on stops, arrests,
and uses of force, relative to the listed reference category. 𝑝-values adjusted for multiple
testing. Estimated in places and times where at least one Black, White, Democratic and
Republican officer present.
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Officer Deployed Estimate Reference Group Adjusted p-value Outcome
Hispanic -1.01 White 0.31 Stops
Democrat 0.72 Republican 0.49 Stops
Hispanic Democrat -0.10 White Republican 0.96 Stops
Hispanic Republican -2.27 White Republican 0.31 Stops
White Democrat -0.18 White Republican 0.98 Stops
Hispanic -0.29 White 0.30 Arrests
Democrat 0.06 Republican 0.76 Arrests
Hispanic Democrat -0.15 White Republican 0.73 Arrests
Hispanic Republican -0.56 White Republican 0.31 Arrests
White Democrat -0.07 White Republican 0.87 Arrests
Hispanic -0.04 White 0.10 Force
Democrat -0.01 Republican 0.87 Force
Hispanic Democrat -0.03 White Republican 0.31 Force
Hispanic Republican -0.05 White Republican 0.66 Force
White Democrat -0.03 White Republican 0.73 Force

Table B16: Deployment Effects Per 100 Shifts, Hispanic v. White Officers. The table
displays the effect per 100 shifts of deploying a given type of officer on stops, arrests,
and uses of force, relative to the listed reference category. 𝑝-values adjusted for multiple
testing. Estimated in places and times where at least one Hispanic, White, Democratic
and Republican officer present.
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Officer Deployed Estimate Reference Group Outcome Adjusted p-value
Black -5.99 White Stop Black Civilian 0.00
Black -1.07 White Stop Hispanic Civilian 0.00
Black -0.70 White Stop White Civilian 0.00
Democrat -3.23 Republican Stop Black Civilian 0.00
Democrat -0.28 Republican Stop Hispanic Civilian 0.08
Democrat -0.27 Republican Stop White Civilian 0.07
Black -0.83 White Arrest Black Civilian 0.00
Black -0.28 White Arrest Hispanic Civilian 0.00
Black -0.14 White Arrest White Civilian 0.00
Democrat -0.57 Republican Arrest Black Civilian 0.00
Democrat -0.17 Republican Arrest Hispanic Civilian 0.00
Democrat -0.04 Republican Arrest White Civilian 0.44
Black -0.08 White Force Black Civilian 0.00
Black -0.01 White Force Hispanic Civilian 0.02
Black -0.01 White Force White Civilian 0.04
Democrat -0.07 Republican Force Black Civilian 0.00
Democrat -0.01 Republican Force Hispanic Civilian 0.59
Democrat -0.01 Republican Force White Civilian 0.12

Table B17: Deployment Effects Per 100 Shifts, Black v. White Officers, by Civilian
Race/Ethnicity. The table displays the effect per 100 shifts of deploying a given type
of officer on stops, arrests, and uses of force, relative to the listed reference category. 𝑝-
values adjusted for multiple testing. Estimated in places and times where at least one
Black, White, Democratic and Republican officer present.
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Officer Deployed Estimate Reference Group Outcome Adjusted p-value
Hispanic -1.46 White Stop Black Civilian 0.03
Hispanic 0.44 White Stop Hispanic Civilian 0.10
Hispanic 0.05 White Stop White Civilian 0.92
Democrat 0.47 Republican Stop Black Civilian 0.59
Democrat 0.19 Republican Stop Hispanic Civilian 0.59
Democrat 0.03 Republican Stop White Civilian 0.89
Hispanic -0.21 White Arrest Black Civilian 0.35
Hispanic -0.07 White Arrest Hispanic Civilian 0.59
Hispanic -0.02 White Arrest White Civilian 0.70
Democrat 0.04 Republican Arrest Black Civilian 0.82
Democrat -0.02 Republican Arrest Hispanic Civilian 0.92
Democrat 0.04 Republican Arrest White Civilian 0.49
Hispanic -0.04 White Force Black Civilian 0.08
Hispanic 0.00 White Force Hispanic Civilian 0.82
Hispanic -0.01 White Force White Civilian 0.22
Democrat -0.01 Republican Force Black Civilian 0.82
Democrat 0.01 Republican Force Hispanic Civilian 0.48
Democrat -0.01 Republican Force White Civilian 0.58

Table B18: Deployment Effects Per 100 Shifts, Hispanic v. White Officers, by Civil-
ian Race/Ethnicity. The table displays the effect per 100 shifts of deploying a given
type of officer on stops, arrests, and uses of force, relative to the listed reference category.
𝑝-values adjusted for multiple testing. Estimated in places and times where at least one
Hispanic, White, Democratic and Republican officer present.
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Figure B13: Race and Party Deployment Effects, Black v. White Officers by Civil-
ian Race. The figure displays the average effects of deploying Black officers (relative to
White); Democratic officers (relative to Republican) to otherwise common circumstances,
with separate outcomes based on civilian characteristics. These estimates are computed
using only places and times where at least one Black, White, Republican and Democratic
officer was deployed.
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Figure B14: Race and Party Deployment Effects, Hispanic v. White Officers by
Civilian Race. The figure displays the average effects of deploying Hispanic officers
(relative to White); Democratic officers (relative to Republican) to otherwise common cir-
cumstances, with separate outcomes based on civilian characteristics. These estimates
are computed using only places and times where at least one Hispanic, White, Republican
and Democratic officer was deployed.
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B Robustness Checks
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B.1 Restricting to States with Closed Primaries

The L2 database uses modeled estimates of party identification for voters residing in states
that do not require registration with a political party to participate in elections. As a ro-
bustness check, we replicate our core results from Table 1 below after subsetting to states
that had closed primaries in congressional/state-level elections (Table B20) or in presi-
dential elections (Table B21) in 2020 according to https://ballotpedia.org/Closed_

primary.
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B.2 Bounded Estimates Accounting for Unmatched Officers
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Figure B15: Average Shares of White Officers and White Civilians in the Same
Jurisdictions: Bounded Estimates. Blue dots are officer shares from from L2 voter
file (i.e. among registered voters). Bounds show the range of possible average values for
agencies where covariate data is missing for some share of officers. Red dots are civilian
shares from U.S. Census. Vertical blue lines are the pooled officer means under “best”
and “worst” case scenarios, assuming all officers not found in L2 do/do not possesses the
attribute. Vertical red line is hypothetical officer mean if each officer was randomly drawn
from their respective jurisdiction.
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Figure B16: Average Shares of Black Officers and Black Civilians in the Same Juris-
dictions: Bounded Estimates. Blue dots are officer shares from from L2 voter file (i.e.
among registered voters). Bounds show the range of possible average values for agencies
where covariate data ismissing for some share of officers. Red dots are civilian shares from
U.S. Census. Vertical blue lines are the pooled officer means under “best” and “worst” case
scenarios, assuming all officers not found in L2 do/do not possesses the attribute. Verti-
cal red line is hypothetical officer mean if each officers was randomly drawn from their
respective jurisdiction.
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Figure B17: Average Shares of Asian Officers and Asian Civilians in the Same Ju-
risdictions: Bounded Estimates. Blue dots are officer shares from from L2 voter file (i.e.
among registered voters). Bounds show the range of possible average values for agencies
where covariate data ismissing for some share of officers. Red dots are civilian shares from
U.S. Census. Vertical blue lines are the pooled officer means under “best” and “worst” case
scenarios, assuming all officers not found in L2 do/do not possesses the attribute. Verti-
cal red line is hypothetical officer mean if each officer was randomly drawn from their
respective jurisdiction.
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Figure B18: Average Shares ofHispanicOfficers andHispanicCivilians in the Same
Jurisdictions: Bounded Estimates. Blue dots are officer shares from from L2 voter
file (i.e. among registered voters). Bounds show the range of possible average values for
agencies where covariate data is missing for some share of officers. Red dots are civilian
shares from U.S. Census. Vertical blue lines are the pooled officer means under “best”
and “worst” case scenarios, assuming all officers not found in L2 do/do not possesses the
attribute. Vertical red line is hypothetical officer mean if each officer was randomly drawn
from their respective jurisdiction.
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Figure B19: Average Shares of Republicans Among Officers and Civilians in the
Same Jurisdictions: Bounded Estimates. Blue dots are officer shares from from L2
voter file (i.e. among registered voters). Bounds show the range of possible average val-
ues for agencies where covariate data is missing for some share of officers. Red dots are
civilian shares from U.S. Census. Vertical blue lines are the pooled officer means under
“best” and “worst” case scenarios, assuming all officers not found in L2 do/do not possesses
the attribute. Vertical red line is hypothetical officer mean if each officer was randomly
drawn from their respective jurisdiction.
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Figure B20: Average Shares of Democrats Among Officers and Civilians in the
Same Jurisdictions: Bounded Estimates. Blue dots are officer shares from from L2
voter file (i.e. among registered voters). Bounds show the range of possible average val-
ues for agencies where covariate data is missing for some share of officers. Red dots are
civilian shares from U.S. Census. Vertical blue lines are the pooled officer means under
“best” and “worst” case scenarios, assuming all officers not found in L2 do/do not possesses
the attribute. Vertical red line is hypothetical officer mean if each officer was randomly
drawn from their respective jurisdiction.
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Figure B21: Average Shares of Republicans Among Officers and Civilians in the
Same Jurisdictions: Bounded Estimates. Blue dots are officer shares from from L2
voter file (i.e. among registered voters). Bounds show the range of possible average val-
ues for agencies where covariate data is missing for some share of officers. Red dots are
civilian shares from U.S. Census. Vertical blue lines are the pooled officer means under
“best” and “worst” case scenarios, assuming all officers not found in L2 do/do not possesses
the attribute. Vertical red line is hypothetical officer mean if each officer was randomly
drawn from their respective jurisdiction.
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Figure B22: Average Shares of Republican Chicago Officers and Civilians in Offi-
cers’ Assigned Districts: Sensitivity Analysis. Blue dots are officer shares from from
L2 voter file (i.e. among registered voters). Bounds show the range of possible average val-
ues accounting for officers where covariate data is missing. Red dots are civilian shares
fromU.S. Census. Vertical blue lines are the pooled officer means under “best” and “worst”
case scenarios, assuming all officers not found in L2 do/do not possesses the attribute. Ver-
tical red line is hypothetical officer mean if each officer was randomly drawn from their
respective jurisdiction.
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Figure B23: Average Shares of Democratic Chicago Officers and Civilians in Offi-
cers’ Assigned Districts: Sensitivity Analysis. Blue dots are officer shares from from
L2 voter file (i.e. among registered voters). Bounds show the range of possible average val-
ues accounting for officers where covariate data is missing. Red dots are civilian shares
fromU.S. Census. Vertical blue lines are the pooled officer means under “best” and “worst”
case scenarios, assuming all officers not found in L2 do/do not possesses the attribute. Ver-
tical red line is hypothetical pooled officer mean if each officer was randomly drawn from
their respective jurisdiction.
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Figure B24: Average Shares of Chicago Officers Affiliated with “Other Party” and
Civilians in Officers’ Assigned Districts: Sensitivity Analysis. Blue dots are officer
shares from from L2 voter file (i.e. among registered voters). Bounds show the range of
possible average values accounting for officers where covariate data is missing. Red dots
are civilian shares from U.S. Census. Vertical blue lines are the pooled officer means under
“best” and “worst” case scenarios, assuming all officers not found in L2 do/do not possesses
the attribute. Vertical red line is hypothetical officer mean if each officer was randomly
drawn from their respective jurisdiction.
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