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Diversification is a widely proposed policing reform, but its impact is difficult to assess. We used records of
millions of daily patrol assignments, determined through fixed rules and preassigned rotations that mitigate
self-selection, to compare the average behavior of officers of different demographic profiles working in
comparable conditions. Relative to white officers, Black and Hispanic officers make far fewer stops and arrests,
and they use force less often, especially against Black civilians. These effects are largest in majority-Black areas
of Chicago and stem from reduced focus on enforcing low-level offenses, with greatest impact on Black
civilians. Female officers also use less force thanmales, a result that holds within all racial groups. These results
suggest that diversity reforms can improve police treatment of minority communities.

R
acial disparities in police-civilian inter-
actions and high-profile incidents of ex-
cessive force continue to fuel allegations
of abusive and discriminatory policing
(1, 2). Central to these critiques are the

fact that throughout the history of policing in
the United States, many police forces have
been nearly all white and male (3). In turn,
some of the most frequently proposed reforms
aimed at reducing inequities and police bru-
tality have centered on hiring more nonwhite
(4) and female (5) officers. One agency that has
undergone substantial diversification in recent
decades is the Chicago Police Department
(CPD), transforming from a mostly white and
nearly all male force to one in which half of
sworn officers are minorities and over one-
fifth are female. This heterogeneity across
race and gender lines, combined with newly
acquired data on officers’ daily patrols and
enforcement activities, allows a thorough assess-
ment of the practical consequences of diversity
in law enforcement. Although we cannot di-
rectly infer the future impact of further diversi-
fication, we can examine the Chicago case in
depth to provide themost credible microlevel
evidence to date on the treatment civilians can
expect when encountering officers of varied
racial, ethnic, and gender identities.
Theories of social distance and intergroup

relations in a range of contexts (6–9) imply that
diversifying police agencies may improve the
treatment of minorities (3, 8). Individuals rely
on stereotypes when evaluating members of

social groups (10) and are thought to be less
likely to engage in harassment toward in-group
members (11). However, research on organiza-
tional culture and bureaucratic politics suggests
that officers of different social backgrounds
may ultimately behave similarly because of
self-selection into service and socialization
during training and on the job (3, 12–16). To
succeed and advance, women and minorities
may also face pressure to adopt conventional
enforcement practices (3, 17, 18).
Rigorous evaluation of the effects of police

diversity has been stymied by a lack of suf-
ficiently fine-grained data on officer deploy-
ment and behavior that makes it difficult or
impossible to ensure that officers being com-
pared are facing common circumstances while
on duty. Studies typically rely on coarse geo-
graphic units, like agency- or precinct-level
data (19–21), which forced previous scholars
to invoke the strong assumption that, for
example, “white and nonwhite officers are
randomly assigned to neighborhoods” (20,
p. 389). Furthermore, most policing data sets
contain records of enforcement events only
[e.g., logs of stops or arrests (22–24)]; events
in which officers choose to take no action are
unobserved, potentially distorting inferences.
Other studies that make valid comparisons
are often limited in scope to particular activ-
ities, like ticketing during traffic accident in-
vestigations (25). And although some prior
work has leveraged the timing of diversity re-
forms to estimate agency-level effects (26–29),
those aggregated approaches are by design
unable to examine details of police-civilian
interactions. Findings with regard to racial
diversity in particular have been decidedly
mixed: In an exhaustive review of the em-
pirical literature, one prominent legal scholar
concluded, “[t]he fairest summary of the
evidence is probably that we simply do not
know” (30).

To assess the impact of diversity in law en-
forcement, we draw on newly collected data,
assembled through years of open-records re-
quests, that allowus to overcome long-standing
limitations. These include officer demograph-
ics, language skills, daily shift assignments,
and career progression. We link these files to
time-stamped, geolocated records of the same
officers’ decisions to stop, arrest, and use force
against civilians. After aggressively pruning data
to maximize analytic validity, we compile a
panel of 2.9million officer shifts and 1.6million
enforcement events by nearly 7000 officers
covering the years 2012 through 2015. Most
notably, we leverage fine-grained informa-
tion on daily patrol assignments, which vary
exogenously on the basis of fixed rules and
preassigned rotations, to examine how offi-
cers of different groups behave when faced
with comparable circumstances and civilian
behaviors.
The deployment effects that we estimate are

a critical first step in the systematic evaluation
of widely proposed personnel reforms, which
have historically focused on increasing racial
and gender diversity among officers. If officers
of different demographic profiles do not be-
have differently when faced with the same con-
ditions, there is little hope that diversifying
police agencies will yield tangible differences
in the treatment of marginalized civilians. In-
deed, we demonstrate that deploying officers of
different demographic profiles to comparable
environments does produce large differences
inhowpolice treat civilians.However,we caution
that these deployment effects do not directly
generalize to future effects of hiring reforms,
for several reasons. Chief among these are
that (i) the nature of police-civilian interactions
is changing rapidly; (ii) racial, ethnic, and gen-
der differences in current officers’ behaviormay
not map perfectly to those of future cohorts;
(iii) deployment patternswill necessarily change
as more officers are hired from marginalized
groups; and (iv) diversification reforms may
exert additional, potentially powerful second-
order effects, e.g., through agency culture.

Chicago as a case study

Our focus on one city provides unusually de-
tailed data at the expense of geographic scope.
Chicago is a large and racially diverse metrop-
olis, with roughly half of residents identifying
as nonwhite. Chicago is also heavily segregated,
has a history of racial tensions between resi-
dents and police, and has come under recent
scrutiny for controversial aggressive policing
tactics such as “stop and frisk” (31). The agency
received national attention for the 2014 killing
of 17-year-old LaquanMcDonald, an attempted
cover-up, and ensuing social unrest (32). The
CPD was condemned for its “code of silence”
(33), and then-superintendent Garry McCarthy
received widespread criticism for “encouraging
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the kind of aggressive cop culture under which
McDonald’s shooting took place” (34).
As (26) recounts, before a series of lawsuits

in the 1970s, the CPD was slightly less than
20% Black, in a city that was one-third Black
in 1970. TheAfro-AmericanPatrolmen’s League
(AAPL) filed a discrimination suit “on hiring,
promotion, assignment, and discipline” (35),
with the Department of Justice (DOJ) soon
joining it (26). In the early 1970s, Black hiring
shares were around 10%. In 1974, hiring quotas
were imposed, and Black hiring shares in-
creased to 40% by 1975 (26). These reforms
had broader effects on CPD’s composition of
the department; womenmade up a larger pro-
portion of Black recruits, with white women
lagging in hiring and promotion at first (36).
As of December 2016, roughly 22% of officers
identified as Black, 23% as Hispanic, and 3%
Asian; and 22%are female, a stark change from
its 99% male workforce in 1970. (Text S1.1
discusses racial and ethnic classification of
CPD officers; text S2.1 and fig. S1 provide ad-
ditional details about the CPD’s evolution.)
From one standpoint, it may be difficult to

extrapolate from Chicago to settings lacking
these racial tensions and history of diversifica-
tion. But in other ways, it is these very condi-
tions that make Chicago an important test case:
Among major departments nationwide, it is
arguably one in which reform has historically
been sorely needed. A single case study cannot
be the final word in an important debate. But
Chicago offers an invaluable opportunity to
study diversity in policing using unusually fine-
grained data, in a setting where concerns over
racial inequity are pronounced.

Data

We submitted a series of open-records re-
quests and appeals to the CPD, the city’s
Department of Human Resources, and the
Illinois Office of the Attorney General over
3 years, seeking data on officer demographics
and behavior. The resulting records include
the name, race, gender, language skill, unit
assignments, and appointment date of each
officer (37, 38). We also obtained officers’
stops, arrests, and uses of force, which we
merged with daily patrol assignments and

U.S. Census data, per text S1.2 and S1.3. Table 1
reports aggregate counts. Owing to sparse
data on other groups, our analysis is limited
to Black, Hispanic, and white officers (97% of
officers in the sample). Stops and arrests are
recorded in officer-shift data once per officer
contributing to enforcement. In stop records,
one is listed as “first” officer, suggesting a
leading role, although arrest records contain
no such labeling. (Text S3.9 and fig. S2 con-
duct additional analyses of first officers only,
yielding a highly similar pattern of results.)
Figure 1 depicts a small slice of the data’s

temporal and geographic coverage: a 3-month
window in CPD’s Wentworth District (District
2), a highly segregated 7.5-square-mile terri-
tory on Chicago’s South Side that is 95% Black
and consistently ranks among the city’s most
violent districts in per-capita crime. The dis-
trict spans 15 patrol areas, shaded according to
racial composition. Points indicate geolocated
stops, arrests, and uses of force during this
period. The figure also offers a detailed por-
trait of four anonymized CPD officers working
in District 2 in this time. For example, “Officer
A” is female, Black, does not speak Spanish,
and joined the CPD in 1994; “Officer C” is a
white male who joined the CPD in 2006 and
does not speak Spanish. The figure shows
officers’ specific patrol slots and each officer’s
behavior while on assignment.

Identifying racial, ethnic, and gender
disparities in policing

Although the CPD has diversified over time,
officer groups face substantially different work-
ing conditions. Figure 2 displays the average
characteristics of districts—22 geographic re-
gions delineated by the CPD—towhich officer
groups are assigned. Differences associated
with officer race and ethnicity are most stark.
In general, Black officers work in districts
with 47% higher per-capita violent crime and
large co-racial populations—on average 68%
co-racial, far higher than the average 26 to
30% co-racial and co-ethnic districts where
white and Hispanic officers serve. However,
white officers are generally overrepresented
relative to the resident population; 20% of
the 95%-Black Wentworth District officers

are white; in Austin (District 15), where resi-
dents are 93% Black, officers are 55% white.
(Text S2.2 discusses district organization.
Figures S3 to S5 present district-level data;
assigned officer demographics somewhat
track those of district residents, but officers
are disproportionately white.) Evenwithin dis-
tricts, text S2.3 and figs. S6 and S7 demon-
strate thatmarginalized groups are taskedwith
patrolling different beats, compared to white
or male colleagues. (All p-values < 0.001.)
These patterns underscore a central difficulty

in evaluating how officer behavior varies across
demographic groups. Namely, white officers
work in different environments from minority
officers, on average.Men andwomen alsowork
during different hours of the day (text S2.3 and
figs. S9 and S10). This means that after ag-
gregating to large geographic units and time
periods, observed behavioral differences may
simply reflect differing patrol environments,
rather than differences in policing approaches.
To make valid comparisons, we assemble a

panel dataset in which rows represent officer-
shifts—roughly 8-hour patrol periods—and
characterize officers’ actions and their con-
text. (Text S1.2 describes these datasets; text
S1.4 and S1.5 elaborate on preprocessing.) In
each of these 2.9 million patrol assignments,
we measure officers’ stops, arrests, and uses
of force, whether they engaged in any of these
activities or not.We compared officers of differ-
ent demographic profiles working in the same
specific combination of month and year (e.g.,
January 2012), day of week, shift time, and
assigned “beat” (a patrol task, typically cor-
responding to small geographic areas less than
one square mile; see text S1.6 for a detailed
discussion of beat assignments)—a narrow slice
of time and space that we abbreviate “MDSBs”
(month, day of week, shift, beat). CPD also
assigns officers to “day-off groups,” which
determine who works on rotating dates ac-
cording to a scheme set late in each calendar
year for the following year, representing a
large exogenous source of variation in the
officers that are available to serve in a par-
ticular patrol assignment on any given date.
This procedure greatly mitigates threats from
self-selection (e.g., officers choosing to take
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Table 1. Summary of data on officer behavior (counts), 2012-2015. Summary statistics after pruning officers, shifts, and event records aggressively to
ensure common circumstances in our behavioral analysis.

Black officers Hispanic officers White officers Female officers Male officers

Stops 253,576 356,493 729,000 264,526 1,074,543
.. .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .

Arrests 47,396 65,581 132,272 43,625 201,624
.. .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .

Uses of force 1,355 2,081 4,513 1,125 6,824
.. .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .

Shifts 829,818 689,091 1,413,771 740,015 2,192,665
.. .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .

Officers 1,834 1,674 3,439 1,785 5,162
.. .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .
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days off when crime spikes), helping to en-
sure that the officers we compare are facing
common circumstances, on average. This de-
sign also ensures that comparisons of officer
activity have commondenominators, as those
working in comparable places and times have
the same opportunity to take enforcement
action. (See text S1.6 and figs. S11 and S12 for
further details on CPD shift assignment pro-
cedures and related analytic strategy. Text
S3.6 and fig. S13 demonstrate how common
alternative approaches in prior work canmis-
lead analysts about the magnitude or even
the sign of these effects. Text S3.3 examines
clock-in/out times by officer race and finds no
meaningful differences in shift duration.)
Because our analytic approach relies on

comparisons between officers deployed to
the same MDSBs, our inferences are limited
to MDSBs in which cross-group comparisons
are feasible, e.g., in which both Black and
white officers are both deployed. (See texts
S3.1 and S3.2 for discussions of the data-
generating process and statistical estimand, as

well as how this analytic strategy circumvents
the threats to inference posed by unobserved
differences in patrol environments.) Thus, our
estimates do not necessarily generalize to
every officer, time, or location in Chicago.
(Text S3.4 and fig. S8 provide details on the
roughly 40% of patrol assignments where
cross-group, within-MDSB comparisons are
unavailable—typically smaller patrol tasks
with fewer assigned officers—because assigned
officers are all from the same demographic
group. Feasibility does not meaningfully vary
with resident racial composition, and nearly
every officer rotates through patrol taskswith
feasible comparisons.) Officers from different
demographic groups also differ in unobserved
ways. We therefore estimate the average dif-
ference in officer behavior resulting from
deploying an officer of one demographic
profile—and all the associated traits of that
demographic label—relative to another, hold-
ing environmental conditions constant. Our
results do not reflect the hypothetical effect
of changing an officer’s race or gender while

holding their other traits fixed. Rather, they
reflect average differences in treatment that
civilians can expect when police commanders
assign officers of one demographic group to
their temporal and geographic vicinity, com-
pared to another officer group, holding cir-
cumstances equal.
We present differences estimated using or-

dinary least squares with MDSB fixed effects,
though our results are robust to several other
estimators, including the addition of flexible
controls for experience (see text S3 for estima-
tion details and additional results). All statistical
inferences are based on officer-level block boot-
strap confidence intervals (CIs) that are robust
to unobserved officer-specific peculiarities.

Results

Figure 3 displays average differences in the
number of stops, arrests, and uses of force by
Black and Hispanic officers (relative to white
officers) and female officers (relative to male)
working in the same MDSBs. Turning first to
Black officers, Fig. 3 shows that when faced
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Fig. 1. Detailed view of the data. The right panel maps police activity in a single
CPD district (Wentworth, District 2), with green circles, blue squares, and red crosses
respectively indicating the locations of stops, arrests, and uses of force. Polygons
represent geographic beats and are shaded by their proportion of minority residents.
Lower left panels chart the behavior of four anonymized officers over a 3-month

period, with panel headers indicating the year officers joined CPD, gender, ethnicity or
race, and language ability. Boxed incidents are described further in the left middle
panel, which reports civilian and incident specifics. Finally, the top left panel indicates
how the four selected officers are assigned to patrol beats over dates and times,
with vertical gray bars indicating weekends.
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with comparable working conditions over the
course of 100 shifts, this group makes 15.16
fewer stops and 1.93 fewer arrests, and it uses
force 0.10 fewer times than white counter-
parts on average—that is, compared to white
officers given the same patrol assignment, in
the samemonth, on the same day of the week,
and at the same shift time (all padj < 0.001 after
Benjamini-Hochberg multiple-testing correc-
tion for all cross-group comparisons and all
categories and subcategories of enforcement).
These gaps are large, representing 29, 21, and
32% of the average stop, arrest, and use-of-
force volume for white officers citywide (see
tables S1 to S3 for average enforcement activity
by officer group. See tables S4 to S8 for full
numeric results, including an additional anal-
ysis of Spanish language ability).
Figure 4 shows that these disparities are

not uniform across situations but are driven
by a reduced focus on Black civilians. For ex-
ample, deploying Black officers instead ofwhite
yields 12.55 fewer stops of Black civilians per
100 shifts, a reduction equal to 39% of typical
white-officer volume. By contrast, Black officers
make only 1.31 fewer stops ofwhite civilians per
100 shifts than their white counterparts (re-
duction equal to 17% of typical white-officer
volume; all adjusted p-values < 0.001). The
large differences in these scaled effects (39%
versus 17%) suggest that they are not explained
by the fact that police engage Black civilians in
Chicago more often in general. Put another
way, in 100 typical white-officer shifts, Black-
civilian stops (32.45) are far more frequent
than white-civilian stops (7.53), occurring with
a baseline ratio of 4.31. By contrast, when de-
ploying Black officers in lieu of white officers,

the ratio of the reductions in stops of Black
civilians (−12.55) to white civilians (−1.31) is
twice as large: 9.60 (95% CI [8.00, 12.98]).
Similarly, the ratio of the reductions on Black-
civilian arrests (−1.46) to white-civilian arrests
(−0.18) is 7.99 (95% CI [5.60, 15.01]). This is
significantly larger than the ratio of typical
white-officer enforcement volumes (5.90 for
Black civilians, 1.17 for white civilians, ratio of
5.03). Black officers also deploy force against
Black civilians 0.08 fewer times per 100 shifts
than their white counterparts, and they use
force that results in injury 0.03 fewer times
per 100 shifts (reductions equal to 38 and 39%
of typical white-officer volume, respectively;
all adjusted p-values < 0.001). Reduced use of
force against Black civilians accounts for 83%

of the overall force disparity between white
and Black officers.
Compared to white officers working in com-

parable places and times, Black officers also
show reduced focus on enforcement activities
that are more discretionary in nature. For ex-
ample, Black officers make 5.72 fewer stops
per 100 shifts for “suspicious behavior” (a re-
duction equal to 31% of average white-officer
volume). The reduction resulting from deploy-
ing Black officers on drug arrests (−0.31 per
100 shifts) is also estimated to be larger than
the effect on violent arrests (−0.23 per 100 shifts).
Though the raw effects on drug and violent
crime arrest counts are not statistically dis-
tinguishable from one another, comparing
these effects to typical baseline enforcement
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Fig. 2. Unit assignments of various officer groups. (A and B) Panels depict background information on CPD districts. (C to F) Panels show, for each district,
the proportion of assigned officers belonging to a particular demographic group. Majority race of district residents is based on 2010 decennial Census data; all other
plots use 2013–2016 CPD records.

Fig. 3. Effects of deploying officers from marginalized groups on total enforcement activity. Average
within-MDSB differences in rates of stops, arrests, and uses of force across officer groups. See tables S4 to
S8 for numeric results.
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volume puts them in context. The ratio of these
reductions, 1.36 (95% CI [0.87, 2.71])—i.e.,
slightly larger reductions in drug arrests versus
violent-crime arrests—is larger than the base-
line ratio of drug arrests (1.13 per 100 shifts) to
violent arrests (2.16 per 100 shifts) typically
made by white officers (ratio of 0.52). (See text
S3.5, tables S4 to S8, and fig. S14 for detailed
results, including additional enforcement sub-
categories. Text S3.8 and figs. S15 to S18 show
that results obtained with a wide range of al-
ternative estimators are almost identical.)
These patterns are largely in line with the

hopes of proponents of racial diversification,
who seek to reduce abusive policing and mass
incarceration, especially in Black communities.
Like their Black colleagues, Hispanic offi-

cers facing the same working conditions con-
duct fewer stops, make fewer arrests, and
use force less than white officers, though the
gaps are more modest. Notably, disparities
are primarily driven by less engagement
with Black civilians; Hispanic officers exhib-
it nearly the same average volume of enforce-
ment activity against Hispanic civilians as
do white officers. Hispanic officers make
2.84 fewer stops per 100 shifts (a reduction
equal to 6% of average white-officer volume,
padj = 0.001); 0.44 fewer arrests per 100 shifts
(padj = 0.012, 5%); and 0.04 fewer uses of force
per 100 shifts (padj = 0.021, 12%). We caution
that the descriptor “Hispanic” encompasses a
range of cultures and national origins that our
data do not allow us to parse and that may cor-
respond to important heterogeneity in behavior.
(For example, in tables S7 and S8, we show sug-
gestive evidence fordifferencesbetweenHispanic
officers who can and cannot speak Spanish.)
More fine-grained data on officers of Hispanic
identity are needed to explore this finding.

We also find differences in female officers’
behavior relative tomale officers, though these
are generally smaller in magnitude. Female of-
ficersmake 0.61 fewer total arrests per 100 shifts
(a reduction equal to 7% of average male
officer arrests) and 0.54 fewer arrests of Black
civilians per 100 shifts (reduction equal to 9%
of average male volume, both padj < 0.001).
Indeed, about 88% of this disparity in arrest
rate is due to reduced arrests of Black civilians.
We also find that female officers use force 0.09
fewer times overall (a reduction equal to 28%
of average male volume) and 0.07 fewer times
per 100 shifts against Black civilians (reduc-
tion equal to 31% of average male volume,
both padj < 0.001), with the latter accounting
for 81% of overall force reduction. (Figure S19
shows thatwithin each racial and ethnic group,
female officers use significantly less force than
male counterparts.)
Figure 5 displays core results estimated

separately in districts where different racial
and ethnic resident groups represent major-
ities. The gap in activity between white and
Black officers is most pronounced in majority-
Black areas of the city—further evidence that
reductions in stops, arrests, and uses of force
by Black officers are driven by a reduced focus
on Black civilians. Figure S20 illustrates how
enforcement differences in these areas are
particularly pronounced at night. We see
much less heterogeneity across neighborhoods
when comparing Hispanic and white officers.
(For additional results on gender heterogene-
ity, see text S3.7 and fig. S19.)

Discussion

Violent and sometimes fatal encounters be-
tween white police officers and unarmed ra-
cialminorities continue to promptwidespread

calls for law enforcement reforms. Protests
against police brutality and racial bias re-
main ubiquitous, including recent unrest
in the location of this study, Chicago. Prom-
inent among the many proposed reforms is
increasing the level of racial and gender di-
versity of police agencies. To evaluate the
impact of this approach on police-civilian
interactions, we leverage unusually rich data
on police personnel and activity in Chicago, a
jurisdiction that has already instituted diver-
sity reforms.
We first show that minority officers receive

vastly different patrol assignments. Without
accounting for this disparity, there is no way
tomeaningfully characterize the differences in
behavior across officer groups. In supplemental
analyses (text S3.6 and fig. S13) we replicate
our core analysiswhile iteratively imposing data
restrictions common in previous analyses to
show that common data constraints can lead
to severely mistaken inferences, sometimes
reversing substantive conclusions entirely.
These disparities between analytic approaches
suggest one explanation for the at-present
mixed conclusions in studies on officer diver-
sity: Data scarcity has imposed severe analytic
constraints that can produce divergent, mis-
taken conclusions.
We account for these differences in working

conditions by analyzing officers working in
comparable places and times. We show that
Black officers are less likely to stop, arrest, and
use force against civilians, especially Black
civilians, relative to white officers. These dis-
parities are driven by reduced discretionary
stops and arrests for petty crimes, including
drug offenses, which have long been thought
to fuel mass incarceration (1). By contrast,
Black officers’ violent crime enforcement is
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Fig. 4. Effects of deploying officers from marginalized groups, by enforcement subcategory. Average within-MDSB differences in rates of stops, arrests, and
uses of force across officer groups, for selected subcategories of each enforcement type. See fig. S14 and tables S4 to S8 for complete subcategory results.
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only slightly lower than white officers’. His-
panic officers display lower levels of enforce-
ment activity than whites overall, but their
behavior toward Hispanic civilians is broadly
comparable to that of white officers, a pattern
that deserves further investigation with more
fine-grained data on this ethnic group. We also
find substantial differences in the behavior of
female officers—both relative to male officers
generally andwithin racial and ethnic groups—
with themost substantial differences pertaining
to use of force. The vast majority of gendered
reductions stem from a reduced focus on ar-
resting and using force against Black civilians.
Our results also reveal patterns requiring

further study, especially with regard to causal
mechanisms. One explanation for these dis-
parities centers on racial bias, i.e., white
officers are more likely than Black officers to
harass Black civilians. Technically, it is also pos-
sible that Black officers respond more leniently
when observing crimes in progress (25). Though
we cannot fully disentangle these observation-
ally equivalent explanations, our data show
that these enforcement disparities are predomi-
nantly focused on relatively minor crimes, not
violent offenses, suggesting little trade-off in
terms of public safety. Arbitrating between
these competing mechanisms will require ob-
jective information on civilian behavior.
Nevertheless, these results help evaluate the

promise of proposed personnel reforms by
showing what average behavior can be ex-
pected when deploying officers of a given
demographic profile, relative to their coun-
terparts, holding environmental factors fixed.
If we were unable to discern disparities in
behavior across these officer groups, diversity
reforms would be unlikely to meaningfully
alter the volume and character of policing. In
fact, not only do we observe differences in
enforcement patterns, we also find that these
gaps remain nearly identical when adjusting
for officer experience (see figs. S15 to S17), an

important consideration when extrapolating
from retrospective assessments to the future
hiring of inexperienced officers. Despite these
effects, and even in this highly diverse depart-
ment, Black andHispanic civilians in Chicago
are engaged by police at rates disproportionate
to their shares of the population (though such
disparities can arise from a variety of sources,
including deployment patterns, civilian be-
havior, or officer bias). Although our results
show that diversity in law enforcement can
narrow these gaps, it cannot, on its own, fully
address the substantial racial disparities that
characterize the American carceral system.
Our analysis uses data from a single city,

allowing for an unusually detailed analysis
at some cost in generalizability. At present,
a patchwork of nonstandard record-keeping
and disclosure practices across roughly 18,000
U.S. police agencies (39) has severely impeded
broader policy evaluations. Our approach,
patrol-assignment analyses, offers a useful
and widely applicable template for other
scholars to follow when testing whether our
findings hold in other places and times. But
these efforts will require collection of similar
data elsewhere, likely necessitating open-
records requests, litigation, or data-transparency
reforms to compel the release of patrol records
that have rarely been shared freely. Acquiring
data in these ways can also help mitigate se-
lection bias that can result from forming re-
search partnerships with police agencies, an
approach that may skew the literature by fo-
cusing on cooperative jurisdictions.
Taken together, these results strongly sug-

gest that diversification can reshape police-
civilian encounters. But extrapolation to future
hiring hinges on whether recruits come from
a comparable pool of potential employees and
are deployed in comparable ways. Policing is
evolving rapidly, and a complete understand-
ing of the efficacy of reforms requires con-
tinued, in-depth research. As officers from

marginalized communities increasingly join
police forces, their presence will necessarily
lead to shifts in deployment and department
norms. In turn, shifting deployment patterns
may reshuffle officers with particular dispo-
sitions to different locations. This could pro-
duce different results if, for example, the white
officers who are most violent toward Black
civilians are then removed from Black neigh-
borhoods, which could shrink the gap in force
rates relative to Black officers. If so, the cost-
benefit calculus of diversification would be fur-
ther complicated. The framework that we provide
in this study provides a template for future
scholars to reevaluate these effects as necessary.
The effects of diversification are likely neither

simple nor monolithic. Officers are multi-
dimensional, 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.
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S1 Detailed Description of Data

S1.1 Coding Race and Ethnicity

We determine race/ethnicity of CPD officers based on demographic data obtained from the CPD

through FOIA. The CPD usually classifies race/ethnicity in at most 7 mutually exclusive groups:

White/Caucasian, White Hispanic, Black/African American, Black Hispanic, Asian/Pacific Is-

lander, Native American/Native Alaskan, and unknown/missing. However, there are inconsis-

tencies in how races and ethnicities are coded across files. For example, some files do not

include “Black Hispanic” as a racial category (very few officers are ever classified as Black

Hispanic), and some files contain outdated racial categories which we update to the best of our

ability. For consistency, we classify “Hispanic” and “White Hispanic” as “Hispanic”; “Black”

and “Black Hispanic” (rare cases) as “Black.” “White” in our analysis refers to non-Hispanic

White. If an officer has multiple races associated with them across different datasets, we aggre-

gate by most common non-missing races.

For Census and American Community Survey data, we construct corresponding race cate-

gories as follows: any Hispanic individual is coded Hispanic; White and Black are comprised

of individuals who are coded as not Hispanic and White (Black) alone.

S1.2 CPD Data

The administrative data from the CPD used in this study span multiple datasets collected in

collaboration with the Invisible Institute, Sam Stecklow, and Emma Herman over the course of

three years (2016-2019). We obtained these records from the Chicago Police Department or

Chicago Department of Human Resources via Freedom of Information Act (FOIA) or through

court ordered releases stemming from requests made by Invisible Institute and Jaime Kalven.

CPD provided the following data: rosters of all available current and past officers up to 2018,
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unit history data for individual officers from the 1930s to 2016, Tactical Response Reports

from 2004 to 2018 (i.e. use of force reports), and arrest data with arresting officers and arrestee

demographic information from 2001 to 2017. The Chicago Department of Human Resources

provided data on officers’ language skills up to 2019. We supplement our core data with data on

“Stop, Question and Frisk” (SQF) activity between 2012-2015, which was shared by the Lucy

Parson’s Lab. Finally, the Automated Daily Attendance and Assignment sheet data for each

police district between 2012 and 2015 was obtained via a FOIA request to the CPD and shared

by Rachel Ryley.

These data and others have been used to construct rich profiles of Chicago Police Officers.

While no file contains a unique identifier (star numbers change over time, names are common,

etc.), we constructed unique officer profiles through a successive merge process described here.

Each file contains some identifying information such as of demographic data (birth year, race,

gender) or other characteristics (name, start/badge number, appointed date, resignation date,

current unit). We used these identifying characteristics to first de-duplicate officers within a file

and to then merge to pre-existing officer data with inter-file unique identifiers. The merging

process itself is an iterative-pairwise matching method, where the officers in each dataset are

repeatedly merged on identifying characteristics and any successful 1-to-1 match in a round

removes the matched officers from the next round of merging.

The resulting data contains records on 33,645 police officers appointed between March of

1936 to February of 2018. The number of years and officers varies across analyses in our paper

due to missing data (for example, assignment data only exists for the years 2012–2015).

S1.3 U.S. Census Merge

District and beat demographic data was constructed using the 2010 US Census data and the

CPD’s pre-2012 beat map. The centroid of each census tract was identified, then the demo-
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graphic information of all the centroids inside a beat were aggregated to determine the beat’s

population and demographic composition. District demographics were determined by aggre-

gating across all beats within that district. Post-2012 district and beat demographics were con-

structed based on the pre-2012 beat data discussed previously and using a crosswalk that maps

pre-2012 beats to current (2018) beats and their respective districts.

S1.4 Preprocessing of Patrol Assignments

We restrict analysis to patrol assignments in which Black, Hispanic, or White officers serve.

Asian/Pacific Islander and Native American/Alaskan Native officers are not examined due to

small sample sizes. Within this subset, we further drop non-standard assignments (notably

including “protest detail,” “station supervisor,” and “station security” assignments, as well as

special assignments for training, compensatory time, and excused sick leave). Patrol assign-

ments in which officers are indicated as non-present are also dropped. These steps are intended

to ensure that officers nominally patrolling a beat are in fact actively circulating in the assigned

geographic area, improving the plausibility of the common-circumstances assumption. For the

same reason, we drop double shifts (patrol assignment slots in which the assigned officer served

for more than one shift on the same day) to address the possibility that officers behave differ-

ently due to fatigue in these circumstances. We also eliminate officers assigned to non-standard

watches (i.e., other than first through third watches). Finally, we drop officers at ranks other

than “police officer.” This step eliminates police sergeants, who serve in 8% of beat assign-

ments but make very few stops and arrests, as well as legal officers, helicopter pilots, explosives

technicians, and canine handlers.
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S1.5 Preprocessing of Police Behavior Data

Events are merged to the remaining patrol assignments based on officer ID and date. This

step discards a large number of events, including those involving officers of higher ranks and

incidents occurring on rest days. For stops, arrests, and uses of force, we drop all events that

occur outside of the reported patrol start/stop times, eliminating off-duty activity. Non-standard

shifts are dropped (retaining only first–third watches), as are absences, shifts with assigned

special duties (e.g. protest detail, station security, training), and double- or triple-duty days in

which a single officer serves multiple shifts.

Stops for “dispersal” and “gang and narcotics-related loitering” are coded as loitering stops;

those that are “gang / narcotics related” are coded as drug stops; “investigatory stops” and stops

of “suspicious persons” are coded as suspicious behavior; and stops under the “Repeat Offender

Geographic Urban Enforcement Strategy (ROGUES)” program are combined with the “other”

category. For stops, if a single officer is reported as both primary and secondary stopping officer,

only one event is retained.

Arrests for municipal code violations and outstanding warrants are categorized as “other.”

S1.6 Patrol Assignment Process

During the period of our behavioral analysis, 2012-2015, CPD officers are assigned to nearly

6,000 distinct patrol tasks, each represented by a beat codes. The majority of these patrol tasks

(about 51%) correspond to known geographic boundaries that average less than one square

mile. For example, area 1431 corresponds to a known collection of city blocks in the CPD’s

Shakespeare district, to which over 6,000 officer-shift slots were assigned. Within this geo-

graphic area, our patrol assignment data distinguishes between standard patrol tasks (indicated

with beat code “1431,” roughly 4,000 officer-shifts) and additional patrol tasks distinguished

by a alphabetical suffix (in this case, beat code “1431R,” roughly 2,000 officer-shifts). In this
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case, beat code “1431” is assigned for officers working shifts 2 and 3, which overlap in the

afternoon but not in the early morning. Beat code “1431R“ indicates a relief assignment and is

always assigned for shift 1; it overlaps with the end of shift 3 and the beginning of shift 1 to

ensure no gap in service exists. Other suffixes such as A or E refer to squads that rotate based

on the operations calendar, but the numeric beat that precedes the suffix refers to the same area.

Comparing officers within beat codes (and not generalizing to numeric beats) ensures that we

are robustly controlling for the function officers perform when assigned to a specific beat code

in addition to their geographic location.

Other beat codes correspond to fixed geographic areas not depicted in official CPD docu-

ments. For example, area 1442 is a nearby collection of city blocks in Shakespeare district that

shares administrative tasks (e.g. community meetings (41) with area 1431); it is not indicated

on any known CPD map and is allocated a smaller number of officer-shifts (roughly 1,000).

In addition to these geographically demarcated patrol tasks, another 8.6% of beat codes cor-

respond to desk duty in various parts of the city. These are indicated with “02” suffixes, such

as assignment “1402,” which is subdivided further into desk assignments “1402A,” “1402B,”

“1402C,” and so on. Throughout our analysis, we compare officers assigned to the same patrol

task by exactly matching on patrol assignments, including both numeric codes and alphabetical

suffixes. Though we cannot always pinpoint the geographic locations of beat assignments, this

hyper-granular assignment data makes it highly plausible to assume that officers working under

the same beat code are assigned to face common circumstances.

We now describe temporal variation in the specific officers that fill a patrol slot—the ex-

ogenous variation in officer identities (and hence demographics) that our analytic approach

exploits. Officers request vacant “watches” including day, swing, and night shifts; these groups

are allocated in a process based on seniority and the needs of the police unit. Officers also bid

in advance for furlough assignments (leave days in excess of the usual days off each week)
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following a similar seniority-based process (42). Among officers available to serve in a pa-

trol assignment—as determined by the watch allocation process and, most likely, additional

consultation with unit commanders—specific daily patrol assignments are allocated based on

predetermined rotating leave schedules. Officers are assigned to “day-off groups” in advance,

which determine their non-furlough leave days according to a CPD-wide operations calendar

issued late in the preceding year. For officers working standard 8.5-hour shifts, a duty cycle

typically consists of six on-duty days, followed by two days off. (However, when the days

off coincide with a weekend, officjers receive a third day off.) An example of an operations

calendar is provided in SI Figure S11 along with a detailed description (43).

A notable feature of this system is that cycles do not occur on a weekly basis, so that most

officers working the first shift on the first Tuesday of January will receive leave on some other

Tuesday in January. Moreover, because both operations calendars and watch, furlough, and

day-off group selections are made far in advance, officers effectively have no ability to antic-

ipate fluctuations in civilian behavior encountered while on any particular patrol, conditional

on assigned beat and shift time. Similarly, civilians do not have information on the officers

they may encounter on a particular day and time. This assignment process therefore provides

exogenous variation in patrol assignments that are orthogonal to conditions on the ground, al-

lowing us to estimate the effect of deploying officers from one group vs. another while holding

environmental conditions constant. See Section S3.1 for additional discussion of this point.
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S2 Descriptive Analysis of CPD Composition and Assignment
Patterns

S2.1 CPD Composition

Our newly acquired records allow us to reconstruct the history of CPD diversification over a

much longer period than previously possible. While the CPD intermittently publishes annual

reports with aggregate demographics, these data cover only 1995–2010 and 2016–2017. We

extend the time-series backward to 1970, allowing for a comprehensive descriptive portrait of

the evolution of the demographic correspondence between CPD personnel and city residents.

S2.2 District Characteristics

The CPD currently subdivides Chicago into 22 policing districts which correspond to CPD

units, in which the majority of police officers work. A typical district covers roughly ten square

miles. There were 25 districts (numbered 1–25) until 2012, at which time 3 smaller districts—

ranking 18th, 21st, and 25th in land area (44)—were eliminated and merged with other districts.

Districts 23 and 21 and District 13 were eliminated and absorbed into neighboring districts in

March and December of 2012, respectively. While District 23 was mostly absorbed by District

19 and most of District 13 was absorbed by District 12, significant parts of District 21 were

absorbed by Districts 1, 2, and 9.

Figure S3 illustrates the types of districts to which officers of each demographic group are

assigned. This analysis takes each unique combination of racial/ethnic and gender, identifies all

officers in that group, and then compute their assigned districts’ average characteristics. Four

dimensions are examined: violent crime rates, property crime rates, police officer density, and

proportion of co-racial residents.
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We now turn to two district-level analyses. Figure S4 plots the relationship between a po-

lice district’s resident demographic profile (e.g. the proportion of residents that are Black) and

officer demographic profile (the proportion of officers assigned to that district that are Black).

White-dominated districts have virtually no minority officers assigned, and districts with size-

able minority populations tend to have more officers of the corresponding race. However, of-

ficers are disproportionately White compared to district residents: a number of districts domi-

nated by Black residents nonetheless have sizeable contingents of White officers. For example,

Wentworth (CPD District 2, depicted in Figure 1) is 95% Black, but 20% of officers assigned

there are White. The disparity is even starker in Austin (CPD District 15), where a 93% Black

resident population is policed by a unit that is 55% White. (See SI Section S1.3 for details on

the computation of resident demographics.)

Figure S5 displays significant over-time changes in the racial composition of officers as-

signed to a district. In this figure, the vertical slice at 2010 corresponds to the results plotted

in Figure S4. The proportion of Black officers assigned to some districts (e.g. districts 3, 5,

6, 7) while holding steady in others. Temporal discontinuities are due to changes in district

boundaries or elimination of police districts.

S2.3 Officer Demographics and Patrol Assignments

Among officers assigned to a particular police district, considerable variation exists in the exact

patrol assignments that officers receive. We examine each unit individually, tabulating officer

race and shift time assignments (first, second and third watch, respectively corresponding to

the nominal duty periods of midnight to 8 a.m., 8 a.m. to 4 p.m., and 4 p.m. to midnight).

Figures S9–S10 depict the frequency of each shift period, respectively showing that the pattern

of assignments differs dramatically by officer race and gender. For example, White officers
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in Wentworth (District 2) almost exclusively serve from 4 p.m. to midnight, whereas Black

officers are more likely to be assigned to mid-day shifts.

Figures S6–S7 examine the pattern of patrol beat assignments by race/ethnicity and gender,

respectively. They show that, for example, relative to White officers, Black officers are far more

frequently deployed to assigned beat 202—which roughly corresponds to a patrol area in the

district’s southwest corner (depicted in Figure 1) that has extremely high police activity and

a high concentration of Black residents. These results undermine analyses in a wide array of

previous studies that aggregate at high levels of geography (for example, controlling for district

or unit assignment) and which assume that officers face homogeneous conditions within these

crude groupings.
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S3 Officer Behavior

S3.1 Estimand

At a high level, the goal of our analysis is to evaluate the policy effect of a personnel reform that

increases the representation of minorities in the CPD by assigning them to positions that would

otherwise be filled by White individuals. The analysis is conducted at the level of the patrol

assignment slot. Commanding officers are assumed to have a fixed set of patrol assignments

that must be filled, where each slot is associated with a beat assignment and shift time (temporal

window). Multiple slots may be available for a particular beat and shift time, but each slot can

be filled by only one officer. We organize beat assignments into groups, indexed by i, based on

unique combinations of month (Mi), day of week (Di), shift time (first/second/third watch, Si),

and beat (Bi), or unique MDSBs.

A unit commander’s deployment decisions—the allocation of an officer to a slot within an

MDSB—are largely guided by (i) day-off group rotations, as determined by CPD operations

calendars; and (ii) the set of available officers, determined in advance by officers and comman-

ders based on typical conditions encountered in that MDSB. In SI Figure S12, we consider the

hypothetical manipulation in which commanders choose to deploy a randomly chosen member

of one group (e.g. available Black officers) in lieu of another group (e.g. available White offi-

cers). This ideal experiment is closely approximated by quasi-experimental rotation in the CPD

operations calendar, which systematically removes officers (i.e., those on weekly leave) from

the field in ways that are highly unlikely to correlate with unobserved fluctuations in crime

levels or other local conditions. Because officers are deployed in their entirety, not net of a

particular trait, this hypothetical decision by unit commanders means that the individual sent

into the field carries a number of other characteristics—e.g., dialect, work experience, or home

neighborhood—along with their group membership. Our analytic approach does not attempt
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to parse out these mechanisms, but instead seeks to estimate the difference in enforcement ac-

tivities that unit commanders can expect from this hypothetical deployment policy change. SI

Figure S12 further illustrates an important distinction between deployment decisions of unit

commanders and the discretionary actions of patrol officers (choice of partner, walking patterns

while on patrol, etc.). Because the latter decisions may be influenced by factors that are not

captured by MDSB fixed effects, analyst should be cautious in controlling for these decisions

to avoid introducing collider bias.

Patrol assignment slots within a MDSB are indexed by j. For each slot, the realized pattern

of officer behavior is denoted Yi, j(Ri, j), where Ri, j is the demographic profile (race/ethnicity

and/or gender) of the officer assigned to a particular slot. Our notation implicitly makes the

stable unit treatment value assumption (45),which requires that (1) there do not exist finer gra-

dations of officer identity (i.e., within the broad racial/ethnic and gender categories used) that

would result in differing potential officer behavior, and (2) that potential outcomes do not very

depending on the racial/ethnic and gender identities of officers assigned to other slots. (We

explore the validity of this second assumption to the extent possible in SI Appendix S3.9, in

which stops made by two officers are reanalyzed. In this section, we re-compute our estimates

of differential stopping behavior after excluding the second reporting officer from our analysis;

the resulting estimates are highly similar.)

The slot-level policy effect is the difference in potential outcomes (46) Yi, j(r)−Yi, j(r′), the

change in behavior that would have realized if an officer of demographic profile r had been

assigned to the patrol assignment slot, rather than another officer of profile r′. These slot-

level counterfactual differences are fundamentally unobservable. Instead, we target the average

policy effect within the subset of F MDSBs for which policy effects can be feasibly estimated
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(i.e., for which variation in officer demographic profiles exists). This quantity is

δ =
1

FAi

F

∑
i=1

Ai

∑
j=1

Yi, j(r)−Yi, j(r′),

where Ai is the number of patrol assignment slots available within MDSB i and Ai is the average

slot count across MDSBs. This can be rewritten as the weighted average of MDSB-specific

effects, δi, with weights given by Ai.

δ =
F

∑
i=1

Ai

∑
F
i′=1 Ai′

(
1
Ai

Ai

∑
j=1

Yi, j(r)−Yi, j(r′)

)

=
F

∑
i=1

Ai

∑
F
i′=1 Ai′

δi.

As we discuss in Section S3.1, a key identifying assumption is that

Yi, j(r),Yi, j(r′)⊥⊥ Ri |Mi = m, Di = d, Si = s, Bi = b.

Informally, this requires that minority officers are not selectively assigned to slots within MDSBs,

at least in ways that matter for potential officer behavior. (Hypothetically speaking, this inde-

pendence condition could be achieved even without adjusting for MDSB if White and non-

White officers were randomly assigned locations and times to patrol.)

Our primary results estimate this quantity with an ordinary least squares (OLS) regression of

the form Ŷi, j = α̂i+∑r β̂r111(Ri, j = r), where α̂i represents a fixed effect for MDSB i and β̂r repre-

sent regression coefficients for each officer race. For the estimator β̂r− β̂r′ to unbiasedly recover

the overall quantity of interest, δ , requires the additional assumption that MDSB-specific policy

effects are homogeneous, or that δi = δR for all i. It is well known that when this assumption is

violated, OLS recovers the weighted average of δis with weights corresponding to the variance

of officer demographic profiles within strata. To allow for the possibility of non-homogeneous

policy effects and other departures from our modeling assumptions, we therefore apply a num-

ber of alternative estimators, which are described in detail in SI Section S3.8. As we show in SI

Figures S15–S17, these alternative results are virtually identical to our primary results.
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S3.2 Potential Threats to Validity

For full transparency, we highlight a number of possible threats to the validity of our analysis

given our analytic goal. Confounding factors in this scenario include all variables that correlate

with officer race and/or gender (depending on the analysis) in ways that violate the common-

circumstances assumption. An example would be if Black and White officers were assigned to

the same beat and shift, but Black officers were ordered to stay in their patrol cars the entire time

while White officers were allowed to freely roam the beat, meaning Black and White officers

faced systematically different working conditions for reasons beyond their control. Another

example would be if there are unobserved differences within a MDSB (e.g., a beat is more

dangerous on one particular Tuesday evening in a month, perhaps due to a scheduled protest)

and officers of one group are preferentially assigned to patrol according to those differences.

We assess that confounding of this type is extremely rare, because MDSB are defined in such a

fine-grained way that comparisons are made within groups of roughly four beat-shifts (e.g., all

Tuesday evenings in January 2012 for beat 251).

However, because we are not seeking to identify the effect of race per se, other correlates

of officer race which do not violate the common-circumstances assumption do not obstruct our

ability to evaluate this counterfactual. Examples of these innocuous correlates include: (1)

Black and White officers possessing different levels of education which in turn lead to differ-

ential enforcement; or (2) male and female officers choosing to focus on different corners of

their beats once assigned in ways that influence policing outcomes. In the latter case, officers

still were assigned to face common circumstances (our key identifying assumption) but chose

to turn a blind eye to certain subsets of civilian behavior. These facets represent different mech-

anisms through which the policy intervention of interest affects police-civilian interactions, but

would not bias estimates relating to officer deployment.
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S3.3 Shift Duration

We consider the possibility that stops, arrests, and uses of force are driven by different amounts

of time spent patrolling. Even among officers assigned to a particular shift time (a nominal

eight-hour patrol period), minor variation exists in the precise start and end of the officer’s duty

time. Of the officer-shifts analyzed, 86% are 9 hours in duration, with 8.5- and 8-hour shifts

making up an additional 8% and 5%, respectively. In fixed-effect regression analyses that com-

pare officers within unique MDSB combinations, we estimate that shifts of Black officers are

0.007 hours shorter (roughly 0.1% shorter) than their White counterparts assigned to the same

MDSB, and Hispanic officer shift durations are virtually identical to those of White officers.

Because these differences are two orders of magnitude smaller than reported differences in be-

havior, patrol time disparities are unlikely to be a mechanism driving observed racial gaps in

stops, arrests, and force.

S3.4 Variation in Explanatory Variable

In analyzing how policing behavior varies with officer demographic characteristics, we compare

the recorded decisions of different officers facing the same set of circumstances. To do so, we

examine 653,087 unique combinations of month, day of week, shift number, and beat (MDSBs).

Of these, 571,927 MDSBs have more than one assigned officer, a requirement to make any

within-MDSB comparison. Single-officer MDSBs can arise if, for example, a beat requires

only one officer to patrol and officer schedules are stable (e.g., if one individual consistently

serves all first watchs on Mondays for the month). To make cross-group comparisons, we

further require that different officer groups have served in the same MDSB.

There are 294,927 MDSBs that contain overlap between multiple assigned officer racial/ethnic

groups (e.g., one Black officer and one White officer); 229,114 MDSBs contain overlap between

both female and male officers; and 52,562 MDSBs contain overlap between Spanish-speaking
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and non-Spanish-speaking Hispanic officers. Due to the smaller number of Hispanic officers

and the resulting low overlap rates, power for detecting differences between Spanish- and non-

Spanish-speaking Hispanic officer behavior is relatively low.

Out of all officers examined, 97% and 96% serve in at least one MDSB with feasible race

and gender comparisons, respectively, and 92% of Hispanic officers serve in at least one MDSB

with a feasible cross-language-group comparison. Of all MDSB examined, 45% and 35% con-

tain feasible race and gender comparisons, respectively, and 18% of MDSBs with Hispanic

officers contain a feasible cross-language-group comparison. The vast majority of these (82–

88%, depending on the analysis) are between officers working at comparable but distinct times

(e.g., first vs third Tuesday afternoons of a month); the remaining comparisons are between

officers simultaneously assigned to a beat.

The primary driver of infeasibility appears to be the size of a patrol task (i.e., number of

assigned officer-shifts). For example, MDSB with feasible racial comparisons contain an av-

erage of 5.8 officer-shifts, meaning that the chances of at least one non-White shift are much

larger, whereas infeasible MDSB contain only 3.4 officer-shifts on average. Conversely, 21%

of infeasible MDSB are in assignments with beat-code suffixes A–D, typically indicating fine-

grained subdivision of assignments (i.e., officers are assigned to more specific tasks, meaning

that fewer comparisons are available for any specific task); only 7% of feasible MDSB involve

these beat-code suffixes. (Both p-values < 0.001.) Finally, feasibility of MDSB does not mean-

ingfully vary with district majority racial composition; the proportions of infeasible MDSB in

majority-Black, majority-Hispanic, majority-White, and no-majority districts are respectively

57%, 60%, 57%, and 59%. For illustrative purposes, Figure S8 plots the relative number of

Black and White officers assigned to feasible and infeasible MDSB in each district type. The

relatively symmetric distributions in Figure S8 alleviate concerns that within-MDSB effects are
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driven by, for example, one or two “unusual” White officers being compared to a much larger

number of Black officers or vice versa.

S3.5 Main Results

Detailed results for Black-versus-White, Hispanic-versus-White, and female-versus-male offi-

cer deployment effects are presented in Figure S14 for all enforcement categories and subcate-

gories. Tables S4–S6 respectively present numeric effect estimates for each of the above officer-

group comparisons; Table S7 presents additional comparisons between Spanish-speaking and

non-Spanish-speaking Hispanic officers. These tables also report Benjamini-Hochberg adjusted

p-values for 92 hypotheses (23 outcome categories and subcategories, repeated for four officer-

group contrasts) along with comparisons of effect sizes to typical enforcement volume for the

reference group. Table S8 summarizes all numeric results and p-values.

S3.6 Design Comparison

To demonstrate how invalid analytic strategies can lead analysts to draw wildly incorrect con-

clusions about policing deployment, we compare results from our primary specification to those

obtained by three alternative approaches that fail to achieve “apples-to-apples” comparisons due

to two factors: (1) selection on the dependent variable and (2) the use of often-invalid compar-

isons between officers facing vastly differing contexts and pools of civilian behavior. The first

approach we consider discards “zeroes,” or patrol assignments in which the policing behavior

under study does not occur, while still making valid within-MDSB comparisons. We find that

discarding zeroes alone can lead analysts to mistakenly estimate large effects of the opposite

sign. We then examine two additional invalid analytic approaches that discard successively

more information: making a broader set of often-invalid comparisons between officers in the

same district-month, ignoring large variation in the beat and shift contexts that each officer
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demographic receives; and making unrestricted comparisons between all officers in the CPD

over all periods. The resulting (incorrect) estimates range from dramatic overstatements of the

true effect to substantial understatements or even estimates of the opposite sign. These results

suggest the need for caution and increased rigor in research design in the study of policing.

S3.7 Heterogeneity of Deployment Effects

Figure S19 demonstrates that differences in behavior between male and female officers remain

even when comparing within members of a single racial/ethnic group. Female officers con-

sistently use less force overall, and less force toward Black civilians in particular, than their

co-racial/co-ethnic male counterparts. In addition, we find that Black female officers make

slightly fewer drug stops than Black male officers, though this gap is difficult to interpret given

the larger number of stops for miscellaneous other reasons.

Figure S20 demonstrates that when considering stop volume, the effect of deploying Black

officers instead of White officers varies substantially depending on resident demographics and

time of day. White officers make far more stops than Black officers in districts where res-

idents are primarily Black, and this gap is magnified during nighttime shifts (first and third

shifts, respectively covering midnight–8 a.m. and 4 p.m.–midnight). White officers also make

substantially more stops than their in White-majority districts. However, this disparate enforce-

ment in predominantly White-resident districts is most apparent during the daytime shift (when

minority non-resident visitors are likely more numerous), rather than nighttime shifts.

S3.8 Alternative Estimators

Our primary analysis of officer behavior uses OLS regression with MDSB fixed effects, of the

form Yi, j = αi +∑r βr111(Ri, j = r)+ εi, j, where αi represents a fixed effect for MDSB i. As we

discuss in SI Section S3.1, this estimator will deviate from the desired average policy effect (i.e.,
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the average effect of replacing White officers assigned to a particular patrol assignment slot with

a minority officer on resulting stop, arrest, and use-of-force volume) if MDSB-specific policy

effects are highly variable in a way that is associated with the proportion of minority/female of-

ficers that are assigned to MDSBs (in this case, it is well known that OLS recovers the weighted

average of MDSB-specific policy effects, where weights are determined by variance of officer

race within the MDSB).

To gauge robustness of our results to the violation of this assumption, we present alterna-

tive estimates in SI Figures S15–S17 below. The first alternative estimator takes the within-

MDSB difference in behavior between average patrol assignments between given officer demo-

graphic profiles, then aggregates these according to the number of patrol assignment slots in

each MDSB. Following the notation defined in SI Section S3.1, this estimator can be written as

F

∑
i=1

Ai

∑
F
i′=1 Ai′

Ai

∑
j=1

(
∑

Ai
j=1Yi, j111(Di, j = d)

∑
Ai
j=1 111(Di, j = d)

−
∑

Ai
j=1Yi, j 111(Di, j = d′)

∑
Ai
j=1 111(Di, j = d′)

)
.

To assess the extent to which results are driven by large MDSBs, we further compute the

unweighted average of MDSB-specific estimated effects:

1
F

F

∑
i=1

Ai

∑
j=1

(
∑

Ai
j=1Yi, j 111(Di, j = d)

∑
Ai
j=1 111(Di, j = d)

−
∑

Ai
j=1Yi, j 111(Di, j = d′)

∑
Ai
j=1 111(Di, j = d′)

)
.

Finally, we consider the possibility that observed demographic differences in officer behav-

ior are driven by differences in experience between officer groups. If this were the case, it

would undermine the applicability of our results to the effect of a hiring reform that brought

in additional minority rookie officers. To examine whether these differences impact our re-

sults, we extend the regression specification by adding additional linear and quadratic terms for

each officer’s length of service. Specifically, we estimate Yi, j = αi +∑r βr111(Ri, j = r)+ γ1Si, j +

γ2S2
i, j + εi, j, where Si, j is the length of service of officer j as of the month corresponding to

MDSB i occurred. This robustness test generally does not alter our substantive conclusions;
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the sole exception is that differences in the number of arrests made by Spanish-speaking and

non-Spanish-speaking Hispanic officers vanish when adjusting for length of service.

Finally, we examine an alternative random effects estimator, in which individual officers are

assumed to have average daily enforcement activity drawn from officer-race-specific normal

distributions. We thank an anonymous reviewer for this suggestion. This modeling approach

captures one particular form of dependence in an officer’s enforcement activities: the possibility

that all shifts will exhibit a higher average level of enforcement, relative to other officers. (In

contrast, the block bootstrap approach of all other specifications ensures 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 few months, or discontinuous life events like birth of a child leading

to long-term changes in officer behavior.) We further note that the assumptions of the random-

effects estimator are unlikely to be satisfied in the context of policing.

Empirically, we find that the alternative random-effects estimator is relatively consistent

with our main specification. To the extent that results diverge, they tend to follow two broad

patterns. First, point estimates are systematically anticonservative. Across all outcomes, 76%

of racial deployment effect estimates from the random-effects model are larger than the corre-

sponding estimates from our primary specification, ordinary least squares with MDSB-specific

fixed effects. In the aggregate, random-effect estimates are 11 percentage points larger on av-

erage than fixed-effect estimates. We conjecture that these results are due to skew in officer

behavior. Second, confidence intervals are also systematically anticonservative. The random-

effects estimator produces 95% confidence intervals that are on average 43% shorter than the

block-bootstrap confidence intervals of our primary fixed-effects specification. We conjecture

this is because the random-effects estimator assumes away many forms of dependence between

an officer’s shifts. This behavior is illustrated in Figure S18.
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S3.9 Robustness Checks: Multiple Stopping Officers

Data on stops of civilians indicate that the vast majority of enforcement is jointly conducted by

two officers, but one is listed as the primary officer in police records. (Arrest records also often

contain more than one officer, but contain have no indication of the lead officer.) In our main

analysis, we treat a stop by two officers as two incidents in the data, as both officers contribute

to the decision to engage a civilian. To gauge the extent to which this decision drives our results,

we present an alternative analysis of stops in which we use only data on first reporting officers,

respectively. Results are substantively unchanged. Note that the reduction in female-officer

drug stops (versus male officers) loses significance, and female officers appear to take the lead

in certain stop types. Specifically, female officers appear to be listed as first officer on more

stops for traffic violations and miscellaneous other reasons, compared to male officers facing

identical circumstances. (An apparent deployment effect on stops of black civilians appears to

be marginally significant, but loses significance after multiple testing correction.) The reason

for this gap in gender patterns is unknown. However, other general patterns remain substantively

identical, with smaller coefficients reflecting the fact that roughly half of all stop events have

been discarded. Given the lack of information on arresting officer roles, we do not conduct

a similar robustness test for the arrest analysis. Our only option would be to drop an officer

from each arrest at random, which would in expectation merely produce identical patterns with

attenuated coefficients.
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Figure S1. Composition of CPD officers and city residents over time. Red, yellow, and blue ◦ depict
the proportion of Black, Hispanic, and White active CPD officers in December of each year, according
to our personnel records. Dark and light gray regions respectively indicate the proportion of female
and male officers, using the same data. Data from CPD annual reports on the demographics of sworn
and exempt/command officers are available only for 1995–2010, 2016 and 2017 (not shown); these are
shown with ×. When available, these reports closely track our personnel data and increase confidence
in our historical reconstructions. Lines indicating city of Chicago decennial Census proportions for each
racial/ethnic group, tabulated by the National Historical Geographic Information System, are shown with
� for reference.
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Figure S2. Alternative results using first-officer stops only. Relative to primary results examining
all stops, the magnitude of deployment effects is smaller due to the exclusion of enforcement activities
from analysis. However, substantive interpretations and patterns of statistical significance are generally
unchanged, with the notable exception that female officers appear to make more stops than male offi-
cers facing identical circumstances. These gaps are driven by increased stops for traffic violations and
miscellaneous other reasons.
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Figure S3. Average characteristics of assigned geographic districts. Results depicted for various
officer groups, from 2006–2016. Confidence intervals cluster on district-month.
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Figure S4. Racial and ethnic composition of officers’ assigned districts. In each panel, each point rep-
resents a police district. The horizontal axis indicates the proportion of civilians of a given racial/ethnic
group residing in 2010 Census data, and the vertical axis depicts the share of officers assigned to that
district in January 2010 from the same racial/ethnic group.
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Figure S5. Racial composition of police districts. Each panel depicts a geographic police district.
Points represent the racial composition of district residents. Lines represent monthly proportions of
officers assigned to a district that belong to each racial group. Districts 21, 23, and 13 were eliminated
during the observation period.
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Figure S8. Relative number of Black and White officers assigned to MDSB. Among the feasible
MDSB studied in our analyses, the relative number of assigned Black and White officers is well balanced
and comparable all district types (Black, Hispanic, White, and no majority districts). This similarity
demonstrates that our results are not driven by a small number of White officers in Black-majority areas.
However, reasons for infeasibility of the Black-White officer comparison differ somewhat across district
types (i.e., whether an MDSB is infeasible because no Black officers are assigned or because no White
officers are assigned). In Black-majority districts, the two sources of infeasibility are roughly equal in
frequency. However, in Hispanic-majority, no-majority, and (to a lesser extent) White-majority districts,
MDSB are more likely to be infeasible because no Black officers are assigned. This is because there
are simply fewer Black officers available to serve in these districts. This figure alleviates concerns that
within-MDSB effects are driven by, for example, one or two “unusual” White officers being compared
to a much larger number of Black officers or vice versa.
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Figure S11. Officer availability for patrol assignments is determined by fixed operations calendars.
The figure provides an example operations calendar (43). The upper-left corner of each date cell indicates
the “day-off groups” receiving leave on that date (for officers on standard eight-hour shifts). For example,
on 1 January 2015, day-off groups #1 and #2 received leave; on 2 January, day-off group #1 returned
to patrolling, but #2 remained on leave. Officers typically work six days continuously, followed by two
days off. (However, when leave coincides with a weekend, the leave is extended to three days.) These
fixed rotation rules and preassigned groupings mean that in any particular patrol slot, the cycling of
eligible officers provides an ignorable source of variation in patrol assignments, forming the basis of our
identification strategy.
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Unit commander
deploys group A

Bundle of
other traits

Officers’
discretionary

behavior

Unobserved variation
in MDSB local

conditions

Typical conditions
encountered in MDSB

Enforcement
activity

Figure S12. Data-generating process. Directed acyclic graph describing how a unit commander’s
decision to deploy a member of group A, as opposed to a member of group B, influences the enforcement
activities recorded in policing data.
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●
Research design

recovering deployment effects

Common research designs
confounded by differential deployment

Total arrests per 100 shifts

−4 −2 0 2

Unrestricted,
dropping zeroes

Within district−months,
dropping zeroes

Within MDSBs,
dropping zeroes

Within MDSBs,
retaining zeroes
(correct analysis)

Average estimated effect of deploying available Black officers, versus White

Figure S13. Comparison with common incorrect analytic approaches for estimating deployment
effects. The figure displays the divergent estimates of deploying a Black officer relative to a White
officer on arrests per 100 shifts that result from having the coarse of incomplete data available in most
prior studies, i.e. either lacking micro data on the times and places of deployments (MDSBs), lacking
data on officer shifts in which officers take no enforcement action, or both. The top estimate makes the
correct comparison: comparing Black and White officers within the same MDSBs (i.e. facing similar
circumstances), which yields a statistically significant decrease of about two arrests per 100 shifts. The
second estimate from the top shows that by simply omitting shifts in which officers took no enforcement
action, the point estimate changes from negative to positive, and the result is no longer statistically
significant. Likewise, having no data on the times and places of deployments and lacking data on shifts
with zero enforcement (the bottom estimate) yields a substantial overestimate of the effect.
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Table S1. Average events per shift, by officer racial/ethnic group. Mean number of stops, arrests, and
uses of force without adjustment for time or location. Typical behavior is reported for Black, Hispanic,
and White officers individually, as well as the average pooling three officer races. Records associated
with Native American/Alaskan and Asian/Pacific Islander officers are excluded due to small sample sizes.
Officer behavior toward Native American/Alaskan and Asian/Pacific Islander civilians is not included for
the purposes of computing total and reason-specific events. Values are scaled for ease of interpretation.

Mean Mean Mean Mean
Behavior (Pooled) (Black off.) (Hisp. off.) (White off.)

Stops per 100 shifts:

Civ. race: Black 30.27 26.07 30.86 32.45
Civ. race: Hispanic 9.23 2.11 14.22 10.97
Civ. race: White 5.66 2.10 6.13 7.53
Reason: Loitering 0.63 0.32 0.86 0.71
Reason: Suspicious 15.40 8.85 17.31 18.32
Reason: Drug 4.77 1.77 6.25 5.81
Reason: Traffic 11.80 8.06 13.91 12.97
Reason: Other 13.12 11.60 13.49 13.83
Total 45.72 30.59 51.81 51.64

Arrests per 100 shifts:

Civ. race: Black 5.64 4.94 5.93 5.90
Civ. race: Hispanic 1.76 0.40 2.52 2.19
Civ. race: White 0.89 0.32 0.98 1.17
Reason: Drug 0.94 0.36 1.24 1.13
Reason: Traffic 0.70 0.35 0.78 0.87
Reason: Property 1.52 1.15 1.66 1.67
Reason: Violent 2.11 1.81 2.38 2.16
Reason: Other 3.09 2.04 3.46 3.53
Total 8.37 5.71 9.52 9.36

Force per 100 shifts:

Civ. race: Black 0.20 0.14 0.21 0.23
Civ. race: Hispanic 0.04 0.01 0.06 0.05
Civ. race: White 0.03 0.01 0.03 0.04
Result: Injury 0.07 0.04 0.08 0.09
Total 0.27 0.16 0.30 0.32
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Table S2. Average events per shift, by officer gender. Mean number of stops, arrests, and uses of
force without adjustment for time or location. Typical behavior is reported for female and male offi-
cers separately, as well as the pooled average. Records associated with Native American/Alaskan and
Asian/Pacific Islander officers are excluded for consistency with racial/ethnic analyses. Officer behavior
toward Native American/Alaskan and Asian/Pacific Islander civilians is not included for the purposes of
computing total and reason-specific events. Values are scaled for ease of interpretation.

Mean Mean Mean
Behavior (Pooled) (Female off.) (Male off.)

Stops per 100 shifts:

Civ. race: Black 30.27 23.82 32.45
Civ. race: Hispanic 9.23 6.49 10.15
Civ. race: White 5.66 4.93 5.91
Reason: Loitering 0.63 0.42 0.71
Reason: Suspicious 15.40 10.56 17.04
Reason: Drug 4.77 2.66 5.48
Reason: Traffic 11.80 9.88 12.45
Reason: Other 13.12 12.28 13.40
Total 45.72 35.79 49.07

Arrests per 100 shifts:

Civ. race: Black 5.64 4.03 6.18
Civ. race: Hispanic 1.76 1.11 1.98
Civ. race: White 0.89 0.69 0.95
Reason: Drug 0.94 0.47 1.09
Reason: Traffic 0.70 0.45 0.79
Reason: Property 1.52 1.21 1.63
Reason: Violent 2.11 1.68 2.26
Reason: Other 3.09 2.08 3.44
Total 8.37 5.90 9.20

Force per 100 shifts:

Civ. race: Black 0.20 0.11 0.23
Civ. race: Hispanic 0.04 0.02 0.05
Civ. race: White 0.03 0.02 0.03
Result: Injury 0.07 0.03 0.09
Total 0.27 0.15 0.31
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Table S3. Average events per shift for Hispanic officers, by language ability. Mean number of
stops, arrests, and uses of force without adjustment for time or location. Typical behavior is reported for
Spanish-speaking and non-Spanish-speaking Hispanic officers separately. Officer behavior toward Na-
tive American/Alaskan and Asian/Pacific Islander civilians is not included for the purposes of computing
total and reason-specific events. Values are scaled for ease of interpretation.

Mean Mean
Behavior (Non-Spanish Hisp. off.) (Spanish Hisp. off.)

Stops per 100 shifts:

Civ. race: Black 39.10 21.41
Civ. race: Hispanic 13.55 14.99
Civ. race: White 5.81 6.49
Reason: Loitering 1.07 0.61
Reason: Suspicious 19.64 14.64
Reason: Drug 7.11 5.27
Reason: Traffic 16.89 10.49
Reason: Other 14.35 12.50
Total 59.06 43.50

Arrests per 100 shifts:

Civ. race: Black 7.63 3.99
Civ. race: Hispanic 2.75 2.26
Civ. race: White 0.97 0.98
Reason: Drug 1.69 0.72
Reason: Traffic 1.06 0.46
Reason: Property 1.76 1.55
Reason: Violent 2.65 2.06
Reason: Other 4.27 2.53
Total 11.44 7.32

Force per 100 shifts:

Civ. race: Black 0.28 0.14
Civ. race: Hispanic 0.06 0.05
Civ. race: White 0.03 0.03
Result: Injury 0.11 0.06
Total 0.37 0.22
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Table S4. Effect of deploying Black officers versus White officers. The table displays average within-
MDSB differences between various groups of officers relative to specified counterparts, as well as p-
values adjusted for multiple testing. To roughly gauge the magnitude of effects, the far right column
displays the result of dividing each effect by the volume of each enforcement activity exhibited by the
reference group, citywide.

Typical
Estimated ref.-group

Outcome effect padj. volume Ratio

Stops per 100 shifts

Civ. race: Black −12.55 0.000 32.45 −0.39
Civ. race: Hispanic −1.32 0.000 10.97 −0.12
Civ. race: White −1.31 0.000 7.53 −0.17
Reason: Drug −1.67 0.000 5.81 −0.29
Reason: Loitering −0.34 0.000 0.71 −0.48
Reason: Suspicious −5.72 0.000 18.32 −0.31
Reason: Traffic −4.99 0.000 12.97 −0.38
Reason: Other −2.44 0.000 13.83 −0.18
Total −15.16 0.000 51.64 −0.29

Arrests per 100 shifts

Civ. race: Black −1.46 0.000 5.90 −0.25
Civ. race: Hispanic −0.29 0.000 2.19 −0.13
Civ. race: White −0.18 0.001 1.17 −0.16
Reason: Drug −0.31 0.000 1.13 −0.27
Reason: Property −0.29 0.000 1.67 −0.17
Reason: Traffic −0.18 0.000 0.87 −0.21
Reason: Violent −0.23 0.000 2.16 −0.10
Reason: Other −0.93 0.000 3.53 −0.26
Total −1.93 0.000 9.36 −0.21

Force per 100 shifts

Civ. race: Black −0.08 0.000 0.23 −0.38
Civ. race: Hispanic −0.01 0.047 0.05 −0.20
Civ. race: White −0.00 0.267 0.04 −0.13
Result: Injury −0.03 0.000 0.09 −0.39
Total −0.10 0.000 0.32 −0.32
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Table S5. Effect of deploying Hispanic officers versus White officers. The table displays average
within-MDSB differences between various groups of officers relative to specified counterparts, as well
as p-values adjusted for multiple testing. To roughly gauge the magnitude of effects, the far right column
displays the result of dividing each effect by the volume of each enforcement activity exhibited by the
reference group, citywide.

Typical
Estimated ref.-group

Outcome effect padj. volume Ratio

Stops per 100 shifts

Civ. race: Black −2.90 0.000 32.45 −0.09
Civ. race: Hispanic 0.46 0.143 10.97 0.04
Civ. race: White −0.43 0.010 7.53 −0.06
Reason: Drug −0.53 0.007 5.81 −0.09
Reason: Loitering 0.05 0.500 0.71 0.07
Reason: Suspicious −1.66 0.000 18.32 −0.09
Reason: Traffic −0.46 0.283 12.97 −0.04
Reason: Other −0.25 0.537 13.83 −0.02
Total −2.84 0.001 51.64 −0.06

Arrests per 100 shifts

Civ. race: Black −0.30 0.022 5.90 −0.05
Civ. race: Hispanic −0.07 0.292 2.19 −0.03
Civ. race: White −0.08 0.018 1.17 −0.07
Reason: Drug 0.03 0.621 1.13 0.03
Reason: Property −0.08 0.025 1.67 −0.05
Reason: Traffic −0.08 0.041 0.87 −0.10
Reason: Violent 0.02 0.709 2.16 0.01
Reason: Other −0.32 0.000 3.53 −0.09
Total −0.44 0.012 9.36 −0.05

Force per 100 shifts

Civ. race: Black −0.03 0.013 0.23 −0.15
Civ. race: Hispanic 0.00 0.729 0.05 0.06
Civ. race: White −0.01 0.232 0.04 −0.17
Result: Injury −0.01 0.483 0.09 −0.06
Total −0.04 0.021 0.32 −0.12
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Table S6. Effect of deploying female officers versus male officers. The table displays average within-
MDSB differences between various groups of officers relative to specified counterparts, as well as p-
values adjusted for multiple testing. To roughly gauge the magnitude of effects, the far right column
displays the result of dividing each effect by the volume of each enforcement activity exhibited by the
reference group, citywide.

Typical
Estimated ref.-group

Outcome effect padj. volume Ratio

Stops per 100 shifts

Civ. race: Black −0.33 0.607 32.45 −0.01
Civ. race: Hispanic −0.07 0.832 10.15 −0.01
Civ. race: White 0.22 0.176 5.91 0.04
Reason: Drug −0.66 0.000 5.48 −0.12
Reason: Loitering −0.06 0.195 0.71 −0.08
Reason: Suspicious −1.61 0.000 17.04 −0.09
Reason: Traffic 0.66 0.126 12.45 0.05
Reason: Other 1.57 0.000 13.40 0.12
Total −0.11 0.904 49.07 −0.00

Arrests per 100 shifts

Civ. race: Black −0.54 0.000 6.18 −0.09
Civ. race: Hispanic −0.08 0.134 1.98 −0.04
Civ. race: White 0.02 0.538 0.95 0.02
Reason: Drug −0.17 0.000 1.09 −0.15
Reason: Property −0.02 0.487 1.63 −0.01
Reason: Traffic −0.02 0.483 0.79 −0.03
Reason: Violent −0.12 0.003 2.26 −0.05
Reason: Other −0.27 0.000 3.44 −0.08
Total −0.61 0.000 9.20 −0.07

Force per 100 shifts

Civ. race: Black −0.07 0.000 0.23 −0.31
Civ. race: Hispanic −0.01 0.001 0.05 −0.28
Civ. race: White −0.00 0.916 0.03 −0.01
Result: Injury −0.03 0.000 0.09 −0.38
Total −0.09 0.000 0.31 −0.28
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Table S7. Effect of deploying Spanish-speaking versus non-speaking Hispanic officers officers. The
table displays average within-MDSB differences between various groups of officers relative to specified
counterparts, as well as p-values adjusted for multiple testing. To roughly gauge the magnitude of effects,
the far right column displays the result of dividing each effect by the volume of each enforcement activity
exhibited by the reference group, citywide.

Typical
Estimated ref.-group

Outcome effect padj. volume Ratio

Stops per 100 shifts

Civ. race: Black 0.49 0.729 39.10 0.01
Civ. race: Hispanic 0.21 0.848 13.55 0.02
Civ. race: White −0.03 0.848 5.81 −0.00
Reason: Drug −0.23 0.705 7.11 −0.03
Reason: Loitering −0.20 0.159 1.07 −0.19
Reason: Suspicious −0.48 0.518 19.64 −0.02
Reason: Traffic 0.89 0.442 16.89 0.05
Reason: Other 0.74 0.278 14.35 0.05
Total 0.72 0.729 59.06 0.01

Arrests per 100 shifts

Civ. race: Black −0.42 0.046 7.63 −0.05
Civ. race: Hispanic −0.20 0.278 2.75 −0.07
Civ. race: White −0.02 0.746 0.97 −0.02
Reason: Drug −0.13 0.232 1.69 −0.08
Reason: Property −0.16 0.049 1.76 −0.09
Reason: Traffic −0.12 0.130 1.06 −0.11
Reason: Violent −0.10 0.383 2.65 −0.04
Reason: Other −0.14 0.483 4.27 −0.03
Total −0.66 0.037 11.44 −0.06

Force per 100 shifts

Civ. race: Black 0.00 0.857 0.28 0.01
Civ. race: Hispanic 0.02 0.483 0.06 0.26
Civ. race: White 0.02 0.053 0.03 0.77
Result: Injury 0.02 0.371 0.11 0.20
Total 0.04 0.371 0.37 0.10
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