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My current research activity focuses on the criminal justice system in the United States. I study 
the police and crime in a broad set of environments, such as the influence of BLM protests on the 
financial aspects of the policing industry, the impact of race, gender, and peers on officer 
behavior, the importance of officer heterogeneity on officer activity, misconduct, and their 
ability to reduce crime, and how electronic monitoring influences defendant outcomes, among 
other questions. My work on policing and crime leverages tools and frameworks from labor 
economics, personnel economics, and applied econometrics to explore how law enforcement and 
related institutions work. 

As a Hispanic American, I belong to an underrepresented group in economics, and I am 
passionate about ensuring that other underrepresented people feel that they belong in the 
economics community. I mentor underrepresented students and participate in diversity and 
inclusion initiatives. As a PhD student, I was the co-president of Columbia Economics's 
Diversity Initiative.  

My research also contributes to the intellectual diversity of the economics profession. I study the 
criminal justice system and policing, which are not only rife with issues of racial disparities in 
themselves but also contribute to downstream disparities due to their influence on other socio-
economic outcomes, and my research seeks to reduce such disparities by improving the quality 
of the criminal justice system and its agents. My methods are also distinct; my introduction to 
research was working with a journalism organization in the Southside of Chicago in 2015 to 
study and document police misconduct. The data for most of my work has come from Freedom 
of Information Act requests and collaboration with journalists and nonprofits, and much of my 
institutional knowledge and questions of interest stem from conversations and experiences with 
institutional outsiders. These experiences have allowed me to explore novel topics, such as 
whether there are racial disparities in how white supervisors treat Black officers. This novel 
research has given me a different perspective on the institutions and actors studied in the 
economics of crime. 

The sessions in the final week of the NBER Summer Institute cover all of my interests, as my 
work intersects with four of the sessions: Crime, Labor, Law and Economics, and Personnel 
Economics. 
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Abstract

To what extent do individual o�cers matter in preventing crime, making arrests,
committing misconduct, and using force? And are there tradeo�s in the selection of
o�cers due to correlations between costly actions, such as force and misconduct, and
productive enforcement and crime prevention? This paper studies the degree of o�cer
heterogeneity across enforcement, misconduct, and crime outcomes. I use extensive
administrative data from the Chicago Police Department over a decade with granular
information on o�cers’ shifts, assignments, and activities in combination with granular
crime reports to document a large number of facts about police o�cer heterogeneity,
sorting between assignments, correlations in o�cer types across outcomes, and the
relationship between demographics (e.g., race, gender, tenure, education, military
experience) and o�cers’ individual behaviors. Among other results, I find that o�cer
heterogeneity is economically significant across most outcomes, o�cers are more critical
than assignments/work environments in determining the use of force and misconduct,
and o�cers tend to be heterogeneous in their behaviors (e.g., o�cers who make more
serious arrests are not also high misconduct o�cers). Additionally, o�cer heterogeneity
in influencing crime is comparable to the importance of o�cer quantity in prior work;
however, o�cer heterogeneity matters more for property crime than for violent crime,
with patterns most consistent with o�cers being di�erentially e�ective at deterring
crime.

�
For feedback and advice, I thank Bocar Ba, Patrick Kline, Ra�aele Saggio, and the participants at UC Berkeley Labor

Seminar and APPAM 2023. This work received support from the Institute for Humane Studies under grant number IHS017836.
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1 Introduction

Individual police o�cers can incur social costs through unnecessary contacts and misconduct

or increase social benefits by reducing crime. Demands for better policing across the United

States have led to research and policy focusing on influencing the quality of policing and

minimizing of policing costs, such as police misconduct, use of force, and unnecessary stops

or arrests, through recruitment, training, or oversight. Nevertheless, we know relatively

little about the degrees to which individual o�cers vary, either focusing on group specific

di�erences or on heterogeneity for a single enforcement outcome.1 Furthermore, we know

very little about how the importance of o�cer quality in relation to crime rates, even though

the influence of the quantity of o�cers on crime is well established (Chalfin and McCrary

(2017)).2 This paper seeks to bridge these gaps by quantifying the influence of individual

police o�cer on enforcement, force, misconduct, and crime reduction.

Quantifying the influence of an individual o�cer on enforcement, force, misconduct, and

crime is empirically di�cult as it requires extensive and granular data on police o�cers, their

outcomes, and their assignments. I overcome this by leveraging 11 years of shift-level data on

over 10,000 Chicago police o�cers, totaling over 14 million shifts. I exploit o�cers’ operations

calendar and fixed rotations, which makes the endogenous selection of when an o�cer works

untenable and granular information on o�cers’ assignments on each shift (e.g., location, role,

time) to separately identify o�cer-specific factors and environmental/assignment-specific

factors, which contribute to o�cers’ enforcement activity.

I begin by focusing on o�cer-level enforcement outcomes — stops, nonindex arrests

(more discretionary and lower-level), index arrests (less discretionary and more serious),

uses of force, and complaints — and estimating the e�ect of individual o�cers and specific
1See Donohue and Levitt (2001), McCrary (2007), Miller and Segal (2018), Ba, Knox, et al. (2021),

Goncalves and Mello (2021), Hoekstra and Sloan (2022) for demographic di�erences, and see Rozema and
Schanzenbach (2019), Weisburst (2022), Adger, Ross, and Sloan (2022), and Gonçalves and Mello (2023) for
heterogeneity.

2See McCrary (2002), Levitt (2002), Evans and Owens (2007), Weisburst (2019), Chalfin and McCrary
(2018), Mello (2019), and Chalfin et al. (2022).
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assignments on these outcomes. I adapt the Abowd, Kramarz, and Margolis (1999) (AKM)-

style framework used widely to study worker and firm e�ects on economic outcomes (Card,

Heining, and Kline (2013), Bonhomme et al. (2022), Lachowska et al. (2023b)), to modeling

o�cer and assignment e�ects. These e�ects can be decomposed into the relative influences of

observables, and their variances and covariances inform us on the magnitudes and relative

importance of o�cer and assignment heterogeneity, the degree of sorting between o�cers

into assignments, and how o�cers’ behavioral e�ects covary across outcomes. I apply the

Kline, Saggio, and Sølvsten (2020) (KSS) bias correction to each variance component and

cross-outcome correlations following Lachowska et al. (2023b). With this setup, I answer

a range of empirical questions related to police o�cer heterogeneity, with six main sets of

results.

First, I find that di�erences across individual o�cers (o�cer heterogeneity) tend to

explain more of the variation in outcomes than di�erences across assignments, with the

exception of less discretionary arrests for index crimes. Importantly, although o�cers and

assignments explain little of the overall variation in the use of force and complaints (< 1%),

o�cer e�ects explain over 50% more than assignment e�ects. This suggests that shifting

o�cer behavior is highly important for rare and highly costly outcomes.

Second, across all o�cer-level outcomes, between-o�cer variation is economically sig-

nificant. Compared with the overall means, a 1 standard deviation (SD) increase in o�cer

e�ects each respective outcome increases stops by 41 (90% of the mean), 10 nonindex arrests

(90%), 1.6 index arrests (95%), 0.45 uses of force (130%), and 0.29 complaints (120%) per

100 shifts. Compared with existing estimates, I find a much more significant influence of

o�cer heterogeneity on arrests than prior work (Weisburst (2022)), but these estimates are

similar to those on use of force in Adger, Ross, and Sloan (2022) and complaints in Rozema

and Schanzenbach (2019).

Third, I find little evidence of o�cers sorting into assignments based on their e�ects

on most outcomes, other than nonindex arrests. E�ectively, o�cers who are receive more
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complaints and use more force regardless of where they work tend to avoid sorting into

assignments where such outcomes are more common. However, o�cers who make more

nonindex arrests sort into assignments that allow for more nonindex arrests.

Fourth, o�cers’ propensities for di�erent outcomes are not strongly correlated. Two of

the strongest correlations are between an o�cer’s propensity to use force and their propensity

to receive complaints, an o�cer’s propensity to make stops, and their propensity to make

nonindex arrests, which are both around 0.36. This suggests that rather than o�cers being

highly active in all dimensions or lazy, they are relatively heterogeneous and multidimensional

in their behavior.

Interestingly, o�cers’ propensity to receive complaints is very weakly correlated to their

propensity to make index arrests (around 0.05) and weakly negatively correlated with their

propensity to make stops. This is evidence of police misconduct having little to do with

e�ective or high-performance policing. This contradicts assumptions that o�cer activity

in any sense necessitates misconduct, as is assumed by many models of police misconduct

(Shi (2009), Premkumar (2022)), but is consistent with the evidence that oversight can be

implemented without hampering arrests (Rivera and Ba (2023), Devi and Fryer (2020)). I

also find that o�cers’ propensity for ‘serious’ misconduct (e.g., physical abuse) is uncorrelated

with their propensity for failing to provide services, consistent with work delineating between

victim-complainants and suspect-complainants (Ba (2018), Prendergast (2021)).

Fifth, I find that the di�erences between groups (e.g., the average di�erence between

Black and white o�cers’ propensity to make nonindex arrests) are much smaller than the

amount of o�cer heterogeneity within groups. Additionally, within-group heterogeneity

di�ers across demographic groups. For example, Black o�cers, female o�cers, and more

experienced o�cers make fewer nonindex arrests and use less force than their white, male, and

less experienced peers, but they also display less heterogeneity (smaller demographic-specific

variances).

Sixth, an o�cer’s observable characteristics are strongly associated with di�erences in
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policing behavior across di�erent outcomes. I decompose o�cers’ e�ects for stops, arrests,

use of force, and complaints on the impact of race, gender, starting age, tenure, language

ability (speaking Spanish), military experience, and educational attainment (lower than a BA

or at least a BA). While prior literature has studied the relationship between subsets of these

outcomes and subsets of these characteristics, I provide a more encompassing set of results. I

confirm some previous results, such as minority, female, and more experienced o�cers making

fewer stops, arrests, and using less force (Ba, Knox, et al. (2021), Goncalves and Mello

(2021), Hoekstra and Sloan (2022), Ba, Bayer, et al. (2021)), but I also find demographic

relationships with misconduct. Notably, the di�erences between higher education and lower

education o�cers are economically small, particularly in comparison with other demographic

factors, on almost all outcomes, suggesting that higher education alone may not yield better

policing.

Interestingly, o�cers with military experience display a unique pattern in their o�cer

e�ects. While they make significantly more arrests, stops, and uses of force, they do not

receive more complaints for either serious allegations (e.g., excessive force) or failure to

provide service/poor conduct. This is unusual as most demographics with strong positive or

negative relationships with force and arrests also have a similar relationship with complaints.

However, it suggests that military training or experience may be important for increasing

o�cer activity but not misconduct.

In the second portion of the paper, I focus on how o�cers vary concerning their ability

to prevent (or permit) crime rates in pursuit of understanding how o�cer ‘quality’ matters in

crime reduction beyond the well-studied e�ects of o�cer quantity in economics (Chalfin and

McCrary (2017)). Beyond traditional limitations for studying o�cer-level e�ects, recovering

o�cer e�ects on crime is empirically challenging because a crime cannot be ascribed to a

specific o�cer, only a specific geographic area, and so it can be the product of an entire team

of o�cers’ collective e�orts (or lack thereof). To overcome this challenge, I use the shift-level

data containing start and end times to construct the ‘team’ of o�cers working in a given
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district at a given time, at the district-hour level. Then, I collapse outcomes, such as crime

reports and arrests, to this level. I rely on the operations calendar to induce variation in the

composition of o�cers working in a given district at a given hour, which is independent of

shocks to other determinants of crime and conditional high-dimensional district-time fixed

e�ects.

Given that teams (number of o�cers in a district-hour) of o�cers range in size from

less than 20 to over 90, I borrow Bonhomme (2021)’s additive team production model (and

associated pruning method) and model team e�ects as an average over the individual o�cer

e�ects of the o�cers working in that team, resulting in thousands of parameters. I diverge

from Bonhomme (2021) by employing an additive model of o�cer e�ects in which team

e�ects are the mean of the participating o�cer e�ects without a team-size scaling factor.

Heterogeneity in team composition (i.e., which o�cers are working) has varying impor-

tance on crime rates depending on the crime type. Additionally, without bias correcting the

variance (and covariances) of team e�ects using KSS, the importance of o�cer heterogeneity

on crime rates would be significantly overstated. For violent crimes, heterogeneity across

teams has a relatively small influence and tends to be primarily due to measurement error

overstating the variance components. For property crime, however, variance in team e�ects

explains around 13% of the variation in crime rates, primarily driven by their influence over

larceny/theft, with a 1 SD increase in a team’s e�ect on theft increasing theft by around 71%

of the mean. Unsurprisingly, team heterogeneity is most impactful and explains the most

variation on drug crimes (around 15%), which are almost entirely drug arrests, with a 1 SD

increase in a team’s e�ect increasing drug crimes reported by 140% of the mean. For other

nonindex crimes, such as simple violent crime (e.g., domestic violence and weapon o�enses),

team e�ects explain a relatively small share of overall variation.

I probe the potential mechanisms explaining these e�ects, and attempt to di�erentiate

heterogeneity in deterrence, incapacitation, and reporting/suppression of crimes. I find

most evidence is inconsistent with incapacitation and with o�cers di�erentially reporting or
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suppressing crime reports, with the exception of drug crimes (which are entirely arrests). For

example, I find that variation in team e�ects on crime is largely determined by variation in

uncleared crimes rather than arrests, consistent with low clearance rates for most crime types,

and inconsistent with incapacitation. Additionally, team e�ects for arrests are generally

positively correlated with uncleared crimes, which is not expected if higher incapacitation

teams also reduced uncleared crimes. Finally, I find that team e�ects on crime reports are

strongly correlated with related 911 call types, which is inconsistent with suppression and

consistent with di�erential deterrence. Notably, team e�ects are (weakly) positively correlated

across crime types, meaning teams which reduce one form of crime also reduce other forms,

but not through higher arrests. Overall, this suggests that team e�ects influence non-drug

crime rates through deterrence, consistent with most work on how the quantity of police

influence crime (Chalfin and McCrary (2017), Chalfin et al. (2022)).

I compare these e�ects of o�cer ‘quality’ (team e�ects) on crime to existing estimates of

the e�ect of o�cer quantity on crime, which have been widely studied at the department

(McCrary (2002), Levitt (2002), Evans and Owens (2007), Weisburst (2019), Chalfin and

McCrary (2018), Mello (2019), Chalfin et al. (2022)) or area level (Di Tella and Schargrodsky

(2004), Klick and Tabarrok (2005), Draca, Machin, and Witt (2011), Donohue, Ho, and Leahy

(2013)). Specifically, I compute the e�ect of a 1 SD decrease team e�ects (reducing crime)

scaled by the average team size and mean of the crime rate, which approximates the e�ect of

decreasing a single average o�cer’s crime e�ect by 1 SD, and I compare this with the percent

decrease in crime predicted by adding 1 additional average o�cer to a team (approximately

a 1.7% increase) combined with elasticity estimates from Chalfin and McCrary (2018) and

Mello (2019). I find that the quantity e�ects tend to be larger than quality e�ects for violent

crimes, with the exception of aggravated assault where they are similar. For property crime,

quality e�ects are relatively large or similar sized to quantity e�ects. This suggests that

the quality of policing is similarly important to the quantity of policing, consistent with the

importance of monitoring and policing strategies (Cheng and Long (2018)).
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Finally, I estimate the relationship between crime and the demographic and behavioral

(e.g., propensity to make arrests or stops) composition of o�cers on a team. I use multiple

empirical strategies, including instrumenting for the composition of teams using the predicted

composition of a team based on calendar rotations. Unlike with o�cer-level outcomes, I

find relatively few robust relationships between o�cers’ measurable characteristics and their

influence on crime. For property crime, I find a suggestive evidence that more ‘active’ o�cers,

who are less experienced and make more stops (holding other behaviors fixed), reduce property

crime.

This paper proceeds as follows. Section 2 discusses the institutional background and

data. Section 3 presents the empirical strategy and results for the o�cer-level outcomes,

and Section 4 presents the empirical strategy and results for the crime outcomes. Section 5

concludes.

2 Background and Data

2.1 Background

The empirical analysis will focus on the Chicago Police Department (CPD), the 2nd largest

police department in the U.S. in a major metropolitan city, which polices a large and diverse

population of around 2.7 million people. The study focuses on the period between 2009 and

2019.

The CPD’s over 10,000 sworn o�cers are organized into units that perform di�erent

functions, ranging from general policing of a specific area to detective units, SWAT units,

and training units. O�cers rarely work in units other than their main assigned unit within a

given year. The majority of o�cers work in patrol units, which correspond directly to large

areas of the city known as “districts”—similar to precincts in other cities.

During this study, Chicago is divided into 22 (2013-2019) or 25 (prior 2009-2012) police

districts. Districts are subdivided into 3 to 5 sectors which are subdivided into geographic
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beats (usually 4, each around 1 square mile). The most common units are those that map to

a specific police district, and o�cers are generally responsible for patrolling, answering 911

calls, and serving on special and tactical teams within the district. Other units can map to

more generalized areas encompassing multiple districts (e.g., detective or gang enforcement

units) or no specific location (e.g., legal a�airs or training).

When a new o�cer enters the department, they are initially assigned to units based

on departmental demand and openings, and they can bid for vacancies in di�erent units as

openings appear and before the start of the calendar year. Changes in units are uncommon,

with most o�cers not moving more than 2 or 3 times over their careers, and the bidding

process is mainly based on tenure and discussed more in Ba, Bayer, et al. (2021). An o�cer’s

unit assignment is coupled with their regular watch (which generally determines their working

hours) and their day o� group (DOG). DOGs determine the cycling of present for duty o�cers

working in a unit during a specific watch over the year, with many o�cers operating on a 4-2

rotation (4 days on duty followed by 2 days o�). Importantly, DOGs are predetermined, and

o�cers cannot easily or systematically manipulate days on duty. Furthermore, because of

overlapping DOGs, the groups of o�cers working will change from day to day. For example,

DOGs A, B, and C may be active today while tomorrow DOGs B, C, and D will be active,

and DOGs C, D, and A will be active the following day. See A.1 for an example of the CPD’s

operations calendar.

In conjunction with an o�cer’s stable unit assignment, they are also assigned to a specific

watch within the unit. Watches 1-3 denote the time an o�cer works their regular 9-hour

shift (e.g., night, morning, or day). Watch 4 denotes the o�cer is working as a tactical team

o�cer in a specific district. I subdivide Watch 4 into two sub-watches by the time when the

o�cer begins working (morning or night). All other irregular watches, which account for less

than 10% of all observations, are grouped together.

O�cers working on a given day work a specific assignment, also known as a ‘beat’ or a

beat code. Assigned beats can map directly to geographic beats, but this is not the norm.
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Instead, an assigned beat denotes a general area and a role. For example, an o�cer may be a

‘beat’ o�cer, meaning they patrol a specific geographic beat; or they may be a rapid response

o�cer, responding to high-priority 911 calls within a specific sector; or they may be a tactical

team o�cer in a particular district, or they may be assigned to desk duty. O�cers have some

influence on which beat they work within their unit and watch. However, they generally work

the same or a small set of beats on a day-to-day basis, and the exact assignment of o�cers

to beats is determined by upper commanders within the unit and watch (e.g., sergeants and

lieutenants).

2.2 Data

2.2.1 O�cer-Level Data

The primary data for this study is daily assignment and attendance records for all units in

the CPD between 2009 and 2019. This data contains o�cer by shift information indicating

whether the o�cer was or was not present for duty, the reason for their absence (e.g., it was

their regular day o�, a vacation day, or they were in training), their start and end times,

their title (e.g., police o�cer, sergeant, detective), and their assigned beat, watch, and unit.

Initially, this contains over 35 million entries including days o�. I restrict my sample to days

where the o�cer is present for duty with a known assignments and to the sample to o�cers

who are the lowest and most common rank of “police o�cer” (around 80% of the CPD).

They must also be on regular assignments (e.g., not on desk duty, training, SWAT teams, or

serving on lockup). I remove all observations from units in which are uncommon and where

o�cers do not do much measurable police work (e.g., no arrests occur in training units).

These filters result in approximately 14,400,000 observations, on 14,218 unique o�cers, in 44

units (25 of which are patrol units that correspond to districts).

Using the assignment data, I am able to measure when, where, and in what role an

o�cer is working on a day-to-day basis over the course of multiple years for each o�cer,

which I will use for the o�cer-level analysis. The data contains almost 20,000 unique beat
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codes. I classify them into around 30 categories that are comparable across units — for

example, a beat o�cer in sector 1 of district 11 has a di�erent assigned beat as a beat o�cer

in sector 1 of district 24, but they are both beat o�cers in sector 1 and thus have the same

beat category. To construct assignments, I interact the unit, watch, and beat category which

captures where, when, and in what role the o�cer is working, with around 2,700 unique

assignments in the data.

Table 1 displays summary statistics for this sample at the o�cer-shift level, with Column

(1) summarizing the full analysis sample and Column (2) averaging over each year summarized

individually. The average o�cer is observed for 1,504.65 shifts. Within a single year, the

average o�cer works 182 shifts, given they work at least 1 day. Most assignments (80.2%)

are in geographic (patrol) units, and they work in an average of 17.3 unique assignments,

with 44.7% of an o�cer’s shifts being in their most common assignment.

I link this assignment data to o�cer personnel records, containing demographic informa-

tion (race, gender, age, tenure), as well as supplementary information on o�cers’ experiences

and skills (whether they have military experience, their education level, and whether they

speak Spanish). As shown in Table 1, demographically, the sample of o�cers is plurality

white (48.1%), with the remainder being Hispanic (25.1%), Black (23%), and Asian/Native

American/other race (3.8%). As with many police departments, a majority of o�cers are

male (80.6%). O�cers tend to start in their late 20’s around 28.9 years old, and the average

o�cer in sample is around 41 years old and with 12.2 years of experience (tenure). Around

22.5% of o�cers were in the military, and 14.5% speak Spanish. For around 70% of the

sample, I have educational history information, and 30.8% of o�cers have a BA or higher

while 37.1% have less than a BA (e.g., associates degree, college credits).

For o�cer-level out, I link the daily assignment data to o�cers’ arrests, stops, use of force,

and misconduct records. This provides almost all possible o�cer-level activity dimensions

considered in policy and academic research. In the primary analysis, I only consider an o�cer

as credited with an arrest if they are a primary (1st or 2nd) arresting o�cer. I also split
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arrests into two main categories: arrests for index (violent: murder, robbery, rape, aggravated

assault; property: burglary, motor vehicle theft, larceny/theft, arson) and non-index crimes

(e.g., drugs, prostitution, simple battery, vandalism, municipal code violations, tra�c o�enses).

Nonindex arrests are considered more discretionary and often do not have a victim, where as

all index crimes have a victim and are considered less discretionary.

Panel C of Table 1 displays average outcomes per 100 shifts in the sample. Stops, which

contain both street stops and tra�c stops, are by far the most frequent at around 45 per 100

shifts. Next non-index arrests occur at around 11 per 100 shifts, followed by index arrests

at 1.6 which are almost 10 times rarer. Use of force and complaints are both relatively

infrequent, at 0.35 and 0.24 per 100 shifts. The main complaint data were produced in 2016,

so I supplement this data with extended complaint (‘Complaints (Ext.)’) data obtained more

recently which exists for the full sample period, however it is only a subset of the overall

complaints included in the pre-2016 sample, at around 0.09 per 100 shifts.

Figure A.2 shows that nonindex arrests and index arrests have declined in both the full

and geographic samples, and Figure A.3 displays the trends in arrests over time. Similar to

the change in crime, total arrests have fallen over the decade in the sample. Index arrests

have fallen by around 25%. However, this is due to high numbers during 2009, but from 2011

to 2019 they have not changed significantly, declining by around 15% for property arrests

and no real change for violent arrests. Nonindex arrests have fallen consistently over the

time period, by around 30%. While arrests for warrant and simple violent crimes have stayed

relatively constant, the overall decline has been driven by declines in drug, municipal, and

other nonindex o�enses, while weapon and tra�c arrests have actually risen slightly.

Some outcomes not measured for the entire time period, namely stops (2010 - 2015) and

complaints (2009 - 2015), as shown in Figure A.2. While nonindex arrests were declining,

stops increased between 2010 and 2015 by around 40%, averaging at 38 per 100 shifts with

10 tra�c and 28 street stops, but complaints declined from 0.3 per 100 shifts to 0.1 per 100

shifts between 2009 and 2015, averaging to around 0.16 per 100 shifts. Uses of force average
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0.35 per 100 shifts and 0.07 subject injuries per 100 shifts — they also decline over the time

period but only from around 0.4 to 0.3.

2.2.2 Crime

Table 2 displays the average crimes per district-hour broken into cleared and uncleared crimes

with corresponding clearance rates. Drug crimes, with around 0.15 occurring every hour in

the average district, are almost all cleared, consistent with them generally being ‘victimless’

crimes that civilians have little incentive to report, so reports of drug crime come almost all

from arrests made at the discretion of o�cers. Weapon o�enses, which occur at a rate of

0.02 per district-hour, are also generally cleared by arrests at 77%, for similar reasons as

with drug crime though they are more likely to be reported by civilians than drug crimes.

Clearance rates are significantly lower for other crime types. For example, simple violent

o�enses (nonindex), which occur at around 0.31 per district-hour and consist of simple assault

and battery, often due to domestic violence, are only cleared 22% of the time, with a similar

rate of other nonindex crimes (occurring at 0.43 per district-hour). Index crimes are less likely

to be cleared with arrests. Only 17% of violent index crimes (murder, robbery, rape, and

aggravated assault) are cleared with arrests and they occur at a rate of 0.14 per district-hour.

Index property crimes (motor vehicle theft, theft, burglary, arson) are rarely cleared at only

9% but are fairly common at almost 0.5 per district-hour.

Reflecting broader trends in the U.S., the environment around crime and policing in

Chicago changed significantly between 2010 and 2019. Figure A.4 displays the trends for

reported crimes in Chicago over the time period broken into index and nonindex crimes

which are further subdivided by whether they were cleared by an arrest. Most notably, the

amount of crime declined over the time period by about 25%, but this was largely driven by

moderate declines in property crime, less than 20% decline and largely driven by nonindex

crime declining by around 30%, and violent crime remaining stable.
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2.3 Internal Validity

The most direct threat to the identification of the parameters of interest in the following

section is that o�cers di�erentially select which days they work based on unobserved shocks

to local crime rates or other conditions that allow for more enforcement, misconduct, or force.

To overcome this, the exogenous variation for identification in the empirical sections will

leverage the predetermined assignment of individual o�cers to work on specific days due to

their DOGs being determined in the prior year through the bidding process.

The existence and importance of the operations calendar, in addition to CPD o�cers

being governed by a strong union, makes such violations unlikely. As a first note, even after

filtering uncommon beat types and allowing for occasional weekend rules and alternative

rotations within some units (though still fixed based on rules), the 4-2 rotation is still, by

far, the most common observed ‘spell’ type (meaning 4 days are observed worked in a row

followed by 2 days not worked) at 43% of observations followed by 5-2 at 13%. All other spell

types are significantly less common (the next most common is 4-3 at 5%).

Beyond this, we can directly test the strength of the calendar following Gudgeon, Jordan,

and Kim (2023). Each year, I construct a predicted rotation for each o�cer based on the

first set of observations, which follow a 4-2 (or, in a minority of cases, 5-2) rotation. Then I

project this predicted rotation backward (if the first 4-2 is observed in the middle of January,

for example) and forward throughout the rest of the year. This prediction is when the

o�cer ‘should’ be working and ‘should’ be o� based on a crude usage of the rotation system,

ignoring all vacation days, injuries, training, potential for switching units, or changing DOGs.

Nevertheless, as shown in Figure B.1, which displays the share of correctly predicted days

in each week of the year, this crude prediction is quite accurate at around 85% correctly

predicted early on which decreases to 70% by the end of the year. For reference, if o�cers

were randomly working 4 out of 6 days, the share of correct predictions would be less than

50%. This consistency in predictive power of even a crude rotation is evidence of the binding

nature of the calendar and the di�culty in o�cers deviating, even if they could observe
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shocks to local crime conditions on a day-to-day basis.

3 E�ect of O�cers on Enforcement, Force, and Misconduct

In this section, I explore the influence of o�cers and assignments on o�cer-level outcomes,

the degree to which o�cers are correlated in their ‘types’ or ‘propensities’ across outcomes

into assignments, and how strongly observable qualities of the o�cers are related to their

underlying e�ects.

3.1 Empirical Strategy

I employ an AKM-style (Abowd, Kramarz, and Margolis (1999)) framework to disentangle the

influence of o�cers, assignments, and their sorting patterns on o�cers’ day-to-day outcomes.

Given o�cer i working in assignment J on day t, the outcome yi,t (e.g., number of index arrests

made by i) for o�cer i on date t is the sum of o�cer-specific e�ect ◊i, assignment-specific

e�ect ÂJ(i,t), time-varying observable characteristics —xi,t (e.g., date e�ects), and an error

term ‘i,t:

yi,t = ◊i + ÂJ(i,t) + —xi,t + ‘i,t (1)

While this model is generally used to study the relationship between wages and workers

and firms, we can easily adapt the model to policing. In this context, ◊i is all of the o�cer-

specific factors that influence the relevant outcome or ‘discretion’, such as their personal biases

and beliefs, friendliness, general aggression, how civilians see the o�cer, and their intrinsic

motivation. Similarly, ÂJ(i,t) is all assignment-specific factors which influence outcomes,

such as the extrinsic incentive structure, mission of the job (answering 911 calls, or actively

patrolling an area on foot, a tactical team, or tra�c enforcement), the time of day they are

working, and the composition of civilians and criminal activity. Finally, time varying factors,

such as date e�ects or o�cer tenure may also influence outcomes due to trends (e.g., o�cers
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may be less active as they get older and crime declined in aggregate over the sample period).

Under this model, identification of ◊1,...,N , Â1,...,J , — requires the following mean indepen-

dence condition is satisfied:

E(‘i,t|x1,1...xN,T , J(1, 1)...J(N, T ), ◊1...◊N , Â1...ÂJ) = 0 (2)

that conditional on o�cers, assignments, and observables, the shocks to outcomes ‘i,t,

must be independent of past and future assignments and shocks. This allows for o�cers

to sort into assignments based on their fixed characteristics, but does not allow o�cers to

choose assignments based on shocks. Additionally, match-e�ects or drifting of e�ects are

not allowed. I test for these issues in Appendix B.1 and the results suggest they are not a

significant concern.

Prior to estimation, I restrict the sample to the largest connected component of o�cers

and assignments, and further restrict it to the largest leave-one-out connected component

(Kline, Saggio, and Sølvsten (2020)) which includes around 95% observations in a given

sample, which partially reduces concerns over limited mobility bias.3

Given estimates of o�cer and assignment e�ects, I apply the classical variance decompo-

sition, given equation (1) and letting yi,t = yi,t ≠ —xi,t :

V ar(yi,t) = V ar(◊i) + V ar(ÂJ(i,t)) + 2Cov(◊i, ÂJ(i,t)) + V ar(‘i) (3)

The relative magnitudes of V ar(◊i) and V ar(ÂJ(i,t)) tell us how much of the variation

in outcomes can be explained by the variation in o�cer types versus the influence of the

assignments they work, while 2Cov(◊i, ÂJ(i,t)) tells us the influence of sorting. For example,

if we focus on complaints against o�cers as the outcome, then larger values of V ar(◊i) is
3Simple OLS regressions with o�cer and assignments fixed e�ects do not generally estimate the model.

E�ectively, because the matrix of o�cer and assignment fixed e�ects (Z = [◊Õ, ÂÕ]) is sparse, in practices Z ÕZ
will often not have full rank. Abowd, Creecy, and Kramarz (2002) shows that this condition is satisfied and
e�ects are identified for workers and firms within a “connected set”, which depends on the structure of the
bipartite graph produced by the connections between firms and workers.
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consistent with a ‘bad apples’ story: individual o�cer e�ects explain a larger amount of

the variation in complaints, beyond their assignments. However, if V ar(◊i) is small and

V ar(ÂJ(i,t)) is large, then the receipt of complaints is more a function of the assignment type

than the o�cer, and re-assigning low-complaint o�cers to replace high-complaint o�cers

will have little e�ect. Importantly, if Cov(◊i, ÂJ(i,t)) is positive, then this indicates that

high-misconduct o�cers tend to sort into assignments with high complaint (and potentially

misconduct) opportunities. Overall, this allows us to gauge the degree of heterogeneity across

o�cers and assignments.

Additionally, we are interested in how o�cer and assignment e�ects covary, for example

Cov(◊IndexArrests
i , ◊Complaints

i ) tells us the degree to which o�cers who tend to receive many

complaints due to their individual e�ect also tend to make more arrests for serious o�enses. If

this covariance is large and positive, it suggests a trade o� in maintaining highly ‘productive’

o�cers, as they also produce more misconduct, consistent with models of policing which view

misconduct as a byproduct of crime-fighting e�ort (Shi (2009)) rather than a counterproductive

and potentially crime-increasing (Rivera and Ba (2023)).

All variance and covariance components are bias corrected using Kline, Saggio, and

Sølvsten (2020)’s (KSS) heteroskedastic-consistent bias correction to all variance components,

and I apply the Lachowska et al. (2023b) extension of KSS to construct bias-corrected

estimates of cross-outcome correlations.4

The main specification for recovering o�cer and assignment e�ects is equation (1) with

o�cer e�ects and GAB e�ects, with date-specific fixed e�ects in xi,t. Because of the varying

time periods and regimes which are captured in the data, we follow Card, Heining, and

Kline (2013) and Lachowska et al. (2023a) by estimating equation (1) for overlapping time

periods: 2009 - 2010, 2010 - 2011, . . . , 2017 - 2018, 2018 - 2019. This allows us to ensure that

o�cer e�ects are permitted to evolve over time as they gain tenure and assignment e�ects
4The components of the variance decomposition are biased even if point estimates are unbiased (Krueger

and Summers (1988), Kline, Saggio, and Sølvsten (2020)) due to measurement error, and this bias is
exasperated by weak connectivity or “limited mobility bias” (Andrews et al. (2008), Jochmans and Weidner
(2019), Bonhomme et al. (2022)).
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can change as the CPD’s structure shifts over time. To explore within-group sorting and

correlations, I re-estimate the main specification with 2 year periods separately for specific

demographic groups: male, female, Black, white, Hispanic, and each 5 year tenure bin (<5,

5-10, 10-15, 15-20, >20).

To test the robustness of the main results to alternative specifications, I also estimate:

(1) the main specification for single year periods only; (2) the main specification across three

multi-year periods (2009-2012, 2013-2015, and 2016-2019); (3) aggregate data at the weekly

level;5 (4) match-e�ects model with o�cer-beat category interactions as ◊i and unit-watch

interactions for J .

3.2 Magnitude of O�cer Heterogeneity

Table 3 displays bias corrected standard deviations of o�cer and assignment e�ects (Columns

(1) and (2)), and the total amount of variation explained by o�cer and assignment e�ects

(Column (3)), and the share of each component of equation (3) explained by o�cer e�ects,

assignment e�ects, and the sorting between the two (Columns (4)-(6)). Because there are ten

periods and six outcomes, the table displays the median value across the periods for each

outcome with the minimum and maximum values in brackets below.

Focusing on Column (1), di�erences across individual o�cers are economically significant.

Over 100 shifts, 1 SD increase in o�cer e�ects for each respective outcome would increase

stops by 41.2 (55 pre-2016 and 15.5 post-2016), nonindex arrests by 9.99, index arrests by

1.62, uses of force by 0.464, and accusations of misconduct by 0.29 and 0.167, for the regular

and extended data respectively. For enforcement outcomes, these values are around 90-100%

of the mean, while for force and misconduct they are generally over 120% of the mean. Figure

1 displays the standard deviations in outcomes per shift scaled by the means across the

various specifications, and the results are highly consistent with the main results.
5With yi,t being the average outcomes per shift of o�cer i in week t and J(i, t) being the modal assignment

of o�cer i in week t, and Xi,t includes both week fixed e�ects and the number of days an o�cer works in
that week.
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Overall, these standard deviations indicate that o�cer heterogeneity is highly important

in changing the policing environment for civilians in terms of enforcement, misconduct, and

the use of force, with relatively everyday and discretionary activities such as stops and

non-index arrests, relatively low-discretion outcomes such as index arrests, and rare outcomes

such as misconduct and force.

We can compare some of these to prior work, as displayed in Figure 2. Adger, Ross,

and Sloan (2022) finds a 1 SD increase in use of force propensity equates to a 138% increase

compared with the mean among field training o�cers using 911 call data from Dallas, and

Rozema and Schanzenbach (2019) finds a 1 SD increase in o�cer e�ects for civilian allegations

of misconduct is around 140% of the mean. In contrast, Weisburst (2022) finds a 31% increase

in arrests in response to a 1 SD increase in o�cer e�ects using 911 call data from Dallas,

though this smaller relative e�ects may be due to focusing on arrests in 911 calls and pooling

arrest types.

3.3 Comparison with Assignment E�ects

Column (2) in Table 3 displays the bias corrected SDs of assignment e�ects. Compared

with Column (1), we see that heterogeneity across o�cer e�ects is comparable to if not

more important than heterogeneity across assignments. Over 100 shifts, 1 SD increase in

assignment e�ects for each respective outcome would increase stops by 35.8 (44.8 pre-2016

and 15.6 post-2016), nonindex arrests by 8.52, index arrests by 1.73, uses of force by 0.287,

and accusations of misconduct by 0.236 and 0.121.

For index arrests, assignment e�ects are generally more important with 1 SD o�cer

e�ects being around 87% of 1 SD in assignment e�ects, consistent with index arrests being

less discretionary than nonindex arrests, where 1 SD o�cer e�ect is 116% larger than 1 SD

assignment e�ects. Additionally, o�cer and assignment e�ects explain a sizable portion of

the variation in these enforcement outcomes, around 20% for stops, 14% for nonindex arrests,

and 3% for index arrests, which are relatively infrequent.
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However, I find that o�cer heterogeneity is significantly larger than assignment het-

erogeneity for infrequent but highly impactful outcomes like use of force and complaints of

misconduct: 1 SD of an o�cer e�ect is 162% and around 124% times 1 SD of assignment

e�ects for use of force and complaints. Furthermore, o�cer and assignment e�ects only

explain less than 1% of the variation in these outcomes. This suggests that highly impactful

outcomes such as force and misconduct are driven primarily by random chance, though

individual o�cer heterogeneity plays a much larger role than assignment heterogeneity.

3.4 Sorting

The final component of the variance decomposition in Columns (6) and (7) display the

covariance between o�cer and assignment e�ects and their correlation. Positive correlations

between ◊k
i and Âk

J are indicative of o�cers who causally increase outcome k regardless of

where they work tending to work in assignments which also causally increase outcome k

regardless of who works in them. For example, a positive correlation for complaints would

suggest that o�cers prone to misconduct prefer working in assignments which permit more

misconduct.

Interestingly, I do not find significant amounts of positive assortative matching between

o�cers and assignments for most outcomes, and there is actually consistent evidence of

negative assortative matching. The correlation between o�cer and assignment e�ects is only

consistently positive for nonindex arrests with a correlation around 0.19, while is it near

zero for stops, modestly negative for use of force and index arrests (around -0.1), and quite

negative for complaints around -0.3. This indicates that to the extent that o�cers do sort into

assignments, it is most consistent with sorting on opportunities for low-level arrests rather

than highly rare outcomes such as force or misconduct. Furthermore, it rejects any notion

that ‘bad apples’ (high force or high misconduct o�cers) are sorting into assignments where

they can abuse their power, producing more misconduct and use more force. One implication

of this is that the raw use of force rates and complaint rates among o�cers, unconditional on

20



their assignments, has a strong relationship with their causal e�ect on complaints and force.6

An alternative explanation is that the results sorting are due to o�cers of di�erent

demographic groups having di�erent working environment preferences and also di�erent

average o�cer e�ects. For example, Black o�cers may use less force but also prefer working

in districts with more Black civilians, which also happen to have higher crime rates and use of

force due to socioeconomic segregation in Chicago. However, as shown in Figure A.6 there do

not appear to be highly significant sorting patterns across demographic groups. White and

male o�cers appear to sort more based on nonindex arrests compared with Black, Hispanic,

and female o�cers, and negative sorting is smaller among white and male o�cers for other

outcomes such as use of force, stops, but is more negative for index arrests. However, these

di�erences are not significantly pronounced indicating that the general sorting patterns are

consistent across race and gender groups. For tenure, as o�cers gain more tenure, sorting

becomes increasingly negative though less pronounced for nonindex arrests. Furthermore,

Figure A.5 displays the correlations across the other specifications, and these results are

consistent.

Finally, the degree of sorting across the main categories is partially driven by di�erential

sorting on subtypes. Figure A.7 displays correlations across outcome subtypes. While o�cers

do no sort on stops overall, this is due to small negative sorting on tra�c stops cancelling

out small positive sorting on street stops. For nonindex arrests, there is positive sorting on

the main subtypes (e.g., drug arrests, warrant arrests, municipal code violations, and others),

while there is, on average, no sorting for weapons arrests and generally negative sorting on

simple violent (e.g., domestic violence arrests). O�cers negatively sort on index arrests, both

violent and property, uses of force involving injuries, and all complaint types suggesting these

results are not due to aggregating outcome types.
6Notably, in comparison with Weisburst (2022)’s decomposition, a relatively small portion of variation in

outcomes (arrests in a 911 call) is explained by o�cer e�ects (0.5%), but consistent with these findings on
sorting for index arrests, o�cer and assignment e�ects are very weakly correlated, with a median correlation
of -0.09.
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3.5 Cross-Outcome Correlations

One advantage of the many outcomes available for this study is to recover the degree of

cross-outcome correlations in o�cer and assignment e�ects. Focusing on o�cer e�ects, the

correlations between o�cer e�ects for di�erent outcomes inform us on the mixture of o�cers

who work in the CPD and their behavioral preferences. For example, if e�ects are highly

correlated, this suggests that o�cers are either highly active or lazy; however, if e�ects are

uncorrelated this suggests that o�cers are specialists in one outcome and their behavior

in one dimension is not informative of their behavior in another. Additionally, we are able

to probe the common model of police misconduct of Shi (2009), in which misconduct is a

byproduct of o�cers’ e�ort in enforcing the law — if this is the case, we expect o�cer e�ects

for arrests and misconduct to be strongly correlated.

Table 4 displays the cross-outcome correlations across o�cer e�ects. Interestingly, I do

not find any very large (> 0.6) correlations between outcomes of unrelated types (other than

complaints and the extended complaints). However, enforcement activities (stops and arrests)

are modestly correlated. O�cer e�ects for stops and non-index arrests have the strongest

correlation at around 0.37, followed by arrests for index and nonindex o�enses at around 0.34.

O�cer e�ects for index arrests and stops are modestly correlated at 0.2.

However, o�cer e�ects for enforcement activity are essentially uncorrelated with their

e�ects on misconduct, with stops being generally negatively correlated with complaints,

index arrests being essentially uncorrelated with complaints, and index arrests and stops are

modestly correlated with use of force (0.21 and 0.11). O�cers’ propensities to make nonindex

arrests are modestly positively correlated with complaints for misconduct at around 0.14 and

0.1 and more strongly correlated with use of force at around 0.31. Complaints are, however,

most strongly correlated with o�cers’ propensity to use force at around 0.33 and 0.37.7

Next, we can decompose the outcomes into subtypes to determine the degree to which
7Note that these cross-outcome correlations do not significantly di�er across demographic groups, and

most di�erences are not persistent across subsamples (as in Figure A.8).

22



heterogeneity is being masked by pooling outcomes. For example: index arrests are composed

of both violent and property crime arrests; stops include both tra�c and street stops; and

complaints can be for ‘serious’ misconduct such as aggressive contact with civilians (excessive

force, false arrest), or FPS/conduct misconduct, due to lack of service or poor conduct.

Figures A.9-A.11 displays the correlations between these outcome subtypes and the primary

outcomes.

Focusing on complaint subtypes, Figure A.11 shows that o�cer types are actually

heterogeneous across forms of misconduct. For example complaints for serious o�enses (verbal

abuse, excessive force, false arrests), are strongly and positively correlated with the pooled

‘complaint’ metric, and serious complaint types are generally uncorrelated with service and

conduct complaints. Interestingly, in the main results, o�cer e�ects for complaints and

nonindex arrests are moderately positively correlated (around 0.15-0.2), and this correlation

persists between nonindex arrests and serious misconduct, and the correlation between use

of force and serious complaints is strong. However, nonindex arrests, index arrests, and use

of force are negatively correlated with o�cer e�ects for service complaints. This suggests

that o�cers are not only heterogeneous in their enforcement but even the type of misconduct

they are accused of, and that o�cers who are relatively inactive (lower levels of enforcement)

also are more likely to be accused of poor conduct and failing to provide service, while the

opposite is true for more serious misconduct.

3.6 Influence of Demographics on O�cer Heterogeneity

3.6.1 Decomposing O�cer E�ects

Significant work documents inter-group heterogeneity in police behavior, specifically stops,

arrests, and use of force (Ba, Knox, et al. (2021), Goncalves and Mello (2021), Hoekstra and

Sloan (2022)). As a result, policy proposals often emphasize the importance of hiring more

o�cers of particular demographic groups in an e�ort to reduce such enforcement activities

through personnel recruitment rather than training or instruction. However, if inter-group
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heterogeneity is relatively small compared with intra-group heterogeneity, then drawing

specific demographic groups may not actually result in relatively large shifts in enforcement

outcomes.

First, we decompose o�cer e�ects into the influences of core demographic information

(race, gender, start age), experiences (military, education, Spanish-speaking), and experience

as a police o�cer (tenure) captured in Zi by regressing:

◊̂i = Zi– + µi (4)

I estimate –, and similar e�ects, in three ways. First, I estimate equation (4) for

each period, then I perform a stacked regression with all periods and include period fixed

e�ects which provides a single estimate of – across periods. For additional robustness, I add

specifications with cohort fixed e�ects added to equation (4), as the month an o�cer started

in the police force, to control for an police academy cohort e�ects (Rivera (2022)), and this

controls for any changes in underlying composition of o�cers entering the police force (e.g.,

higher shares of military personnel in a specific year or lack of educational information for

some cohorts). Finally, I compare these estimates with the results of using the assignment

data to directly estimate the influence of o�cer demographics on outcomes by adapting the

MDSB (month, day of week, shift, beat) estimation approach from Ba, Knox, et al. (2021)

by interacting assignments (J(i, t)), which contains beat category, shift, and unit, with day

of week (D) and year-month (M):

yi,t = –zi + �JDM(i,t) + ‘i,t (5)

This exploits the variation in the pool of o�cers that are working on a given day of the

week in a specific month, which allows for the identification of the causal e�ect of a specific

demographic factor on outcomes. I estimate (5) for each period as well as on the complete

sample.
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3.6.2 Observables and O�cer E�ects

Table 5 displays the results of the main specification estimating equation (4), with the first

row for each coe�cient being the coe�cient of the stacked regression and the second row

containing the minimum, median, and maximum estimate over the ten period regressions in

brackets — and all estimates are scaled by the appropriate mean of the dependent variable

for easy comparison. Consistent with prior literature, Black o�cers make fewer stops, arrests,

uses of force, but they also receive fewer complaints. By comparison, Hispanic o�cers are

only slightly di�erent from white o�cers making around 5% fewer stops and arrests, but the

use force 14% less and receive complaints 12% less — though this shifts over time.

Female o�cers slightly fewer stops and index arrests (around -13% less) compared

with male o�cers, but they make fewer nonindex arrests (-24%) and use force and receive

complaints at a significantly lower rate (-36% - -47%). As a result, while they engage in

more stops and index arrests compared with Black o�cers, they use less force, make fewer

low-level arrests, and receive fewer complaints.

The age o�cers start in the CPD also matters, and when conditioning on tenure this

e�ectively compares o�cers of the same experience but who are older or younger due to start

age. As o�cers start slightly older, above the average age of 29, and much older above 33

years, they make slightly fewer stops, between -2% and -4%, fewer nonindex arrests (-10%

and -18%) and index arrests (-7% and -14%), but use substantially less force -24% and -41%,

and receive much fewer complaints (-17% and -33%) — though the complaint e�ects also

shift depending on the time frame.

For life experiences, military experience strongly influences o�cer e�ects. O�cers who

were in the military police more aggressively than non-military, which make more stops

(+13%), arrests (+20%), and use more force (+12%), but unlike all other groups with more

aggressive policing, they actually receive fewer complaints on average (-12% to -24%).

Spanish-speaking o�cers are negligibly di�erent compared with non-Spanish speaking

o�cers. Education proves to be a negligible factor as well, while o�cers with recorded educa-
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tion information make more stops and arrests and use less force and receive fewer complaints,

the di�erence between high education (BA and above) and low education (associates, credits)

is relatively negligible in comparison with the e�ects on other characteristics.

Finally, o�cer tenure proves to be the largest factor in changing all outcomes. O�cers

with 5 - 10 years of experience make 7-10% fewer stops and arrests, but they use 27% less

force and receive 14-18% fewer complaints than less experienced o�cers. However, these

e�ects more than double for o�cers with 10-15 years of experience, who make 22-21% fewer

stops and arrests, use 60% less force, and receive 43-48% fewer complaints. For o�cers

with 15-20 and >20 years of experience, the e�ects increase in magnitude, though relatively

moderately compared to the di�erence between 5-10 and 10-15, with around 36% and 50%

reductions in stops and arrests and around 70% and 80% reductions in complaints and use of

force for 15-20 and >20 o�cers respectively. So, while tenure reduces enforcement activity it

has a significantly large influence on use of force and complaints of misconduct, and these

e�ect sizes tend to be larger than any other demographic influence.

Figure 3 compares these estimates across the additional specifications, including cohort

fixed e�ects in equation (4), which makes tenure coe�cients unable to be estimated for the

period-specific samples, and employing the MDSB strategy from Ba, Knox, et al. (2021) as

in equation (5). These additional results are highly consistent with the primary results with

some minor di�erences in magnitudes across di�erent outcomes and coe�cients.

3.6.3 Influence on Subtypes

The large e�ects on outcomes may be driven by specific subtype components, which are useful

in determining mechanisms. Figure A.12 displays the coe�cients (scaled by their mean) for

estimating equation (4) on outcome subtypes, such as arrests of various types (e.g., property,

violent, drug), stop types (tra�c, regular), force types (injured), and complaint types (serious,

service). There are a few notable patterns of interest.

First, the di�erences between Black and white o�cers in terms of stops driven by fewer
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street stops, and a smaller di�erence in tra�c stops, while the di�erences in nonindex arrests

are driven by drug, weapon, and tra�c arrests, rather than simple violent crime arrests.

Also Black o�cers make similar numbers of index property arrests, but around 25% fewer

violent crime arrests, compared with white o�cers. For use of force, while Black o�cers

use force at around -34% of the mean compared with white o�cers, they di�er less with

respect for force with injury rates at around -15%. For misconduct, Black o�cers receive

significantly fewer complaints for serious misconduct (e.g., excessive force, abuse, false arrests)

-25 to -50% of the mean, but they receive more complaints for service and conduct, around

+10 - +25% relative to the mean. Collectively, Black o�cers engage in less discretionary

enforcement and make fewer violent crime arrests, though they also use less force and receive

fewer force related complaints; however, they appear to have worse conduct and service with

(non-suspect) civilians, resulting in more FPS/conduct complaints.

Next, female o�cers display no di�erential e�ects across street or tra�c stops, but their

e�ect on nonindex arrests is driven primarily by reductions in drug and weapon arrests.

Similar to Black o�cers, female o�cers make similar amounts of property arrests compared

with male o�cers but make fewer violent arrests. Interestingly, female o�cers not only use

less force overall, but injure suspects at a significantly lower rate (over -50% of the mean),

and they receive significantly fewer complaints for serious and service/conduct complaints.

Overall, this suggests that female o�cers, in comparison to male o�cers, only moderately

reduce enforcement but significantly reduce their negative spillovers in force and misconduct

while providing better service to civilians.

Military o�cers displayed a significantly di�erent pattern from other demographics:

while they engage in more enforcement and force activities, they nevertheless receive fewer

complaints of misconduct. I find that military o�cers’ higher rates of stops is driven by tra�c

stops, and they make significantly more nonindex arrests of almost all subtypes. They also

make more violent, and to a lesser extent, more property arrests, and their force use is also

more likely to result in injuries. Nevertheless, they receive fewer complaints for misconduct
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due to near zero e�ects on serious complaints, but generally negative e�ects on conduct and

service complaints. This suggests that o�cers with military experience are more aggressive

on all accounts, however they maintain lower misconduct rates, which may be due to better

training, more experience in high pressure situations, being more polite, or being better at

following of procedures.

Finally, the lack of results for education prove to consistent across subtypes. Interestingly,

tenure’s e�ects on o�cer behavior is also generally symmetric across subtypes, with the

exception of complaint subtypes. While complaints for serious misconduct decline as tenure

increases, in line with an overall decline in o�cers’ activity, service and conduct complaints

are lowest for the 10-15 and 15-20 tenure bins, and the median e�ect of tenure actually

increases (the negative e�ect becomes smaller) for the 20+ tenure bin. This is consistent with

the oldest o�cers being increasingly inactive but also possibly less responsive to civilians

compared with high tenure but slightly younger o�cers.

3.6.4 Intra-Group Heterogeneity

The estimates of – suggest that inter-group heterogeneity is significant in magnitude, however

it is not clear if o�cers of groups with lower mean propensity are not also more varied in

their behavior — for example, Black o�cers may have a lower average force rate but their

distribution of force use may be wider.

Figure A.13 displays the standard deviations for o�cers of specific race, gender, and

tenure groups divided by the standard deviation of the pooled sample. In general, white

and male o�cer SDs are closest to the pooled SD, consistent with them being the plurality

and majority of o�cers, and Hispanic o�cers do not tend to have significantly di�erent SDs

from white o�cers. Black o�cers have a tighter distribution, by comparison, with 1SD for

Black o�cers being around 75% of an SD for the pooled sample for index arrests, nonindex

arrests, complaints (though the extended complaints are around 85% of the pooled SD),

stops, and force. Female o�cers by comparison have a similar SD to male o�cers for index
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arrests, but much smaller SDs for other outcomes, particularly use of force, nonindex arrests,

and complaints at around 60-70% of the pooled SD. These di�erences in SDs are consistent

with the di�erences in averages as well, meaning that Black and female o�cers have lower

propensities for enforcement and much lower propensities for force and misconduct on average

and the distribution of o�cer e�ects within these groups also tends to be smaller.

For tenure, similar to the reduction in average o�cer e�ects as o�cers gain experience,

we see a decline in variance among o�cers as tenure increases for most outcomes, however

this decline becomes most striking after 10 years of experience, as variation is highest among

o�cers with 5-10 years of experience (compared with <5) for stops, complaints (extended

sample), and index arrests, possibly due to o�cers being constrained in their activity early on

due to more senior partners or probationary periods. Interestingly, even as o�cers increase

tenure, the variation in o�cer e�ects for index arrests remains substantial, being the lowest

for o�cers with 10-15 and 15-20 years of experience, though both are close to the SD of the

pooled sample.

4 Crime E�ects and Team Production

Given the importance of o�cer heterogeneity on enforcement outcomes, we turn to the

e�ect of o�cers on crime rates. The di�culty in quantifying an o�cer’s e�ect on crime

is largely a result of the di�culty in attributing a crime occurring or not occurring to an

individual o�cers, rather than the work of a collective team of o�cers. Nevertheless, the

e�ect of o�cers on crime is potentially more important than their influence on enforcement

as crimes impose a high social cost, are much more frequent than enforcement, and are the

primary focus of modern police forces. While prior work has found that the quantity of police

influences crime (Evans and Owens (2007), Mello (2019), Klick and Tabarrok (2005), Di

Tella and Schargrodsky (2004), Draca, Machin, and Witt (2011)), it is unclear if o�cers are

heterogeneous in their crime-e�ects (e.g., does it matter who we hire to reduce crime?) and
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how these crime-e�ects correlated with costly enforcement measures (e.g., do o�cers that

reduce crime through deterrence further reduce costs by making fewer arrests?).

4.1 Empirical Strategy

We are interested in recovering the e�ect of specific o�cers on the number of crimes reported,

cleared, and uncleared. Because o�cers are not generally assigned to specific locations and

specific crimes cannot be directly tied to an individual o�cer, measuring the e�ect of a specific

o�cer on the occurrence of crime is empirically di�cult. To overcome these challenges, I

model the number of crimes c of some type (e.g., uncleared robberies) which occur in district

d in date-hour t as the additive e�ect of the team · of o�cers working in district d at time t,

�·(d,t), the environment-specific e�ects, “w(d,t), and additional features Xd,t, and exogenous

shocks ‘d,t

cd,t = �·(d,t) + —Xd,t + “w(d,t) + ‘d,t (6)

The team e�ect, �·(d,t), is a function of the o�cer-specific e�ects working in team ·(d, t).

Specifically, I model this as an additive production function:

�·(d,t) = 1
N·(d,t)

N·(d,t)ÿ

iœ·(d,t)

Êi (7)

where “w(d,t) captures fixed e�ects for the interaction between the year, quarter (or

month), district, day of week, and shift (3 8-hour periods each day) captures the fixed

calendar structure. Xd,t include a second degree polynomial of the total number of o�cers on

the team N·(d,t) and the number of o�cers working various functions in the district.

The identifying assumption is that E[‘|X, �, “] = 0. The central concern is that o�cers

strategically select when to work based on shocks to underlying crime rates within their

district on a given day. However, as discussed in Section 2.3, the calendar system significantly

reduces the likelihood of such systematic selection, and “ controls for sorting across primary
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assignments (unit and watch) as well as day-of-week interacted with quarter or month meaning

the identifying variation comes from di�erences in which o�cers work on di�erent Tuesdays,

in unit 10, between 10pm and 6am, in the month of July 2016 (or quarter 2 of 2016).

Under these assumptions, o�cer e�ects can be recovered by OLS with matrix form:

C = BÊ + G“ + X— + ‘ (8)

with N district-day-hour observations and K o�cers, B is a N ◊ K matrix with each

row comprised of indicators for whether an o�cer was working scaled by the 1/Nd,t, such that

BÊ = �. G is a matrix of indicators with one per row and “ contains the district-time fixed

e�ects. Because we do not observe districts with no police, Êi’s can not be point-identified,

rather they can only be identified relative to an excluded reference o�cer.

Similar to the connectivity issues in the AKM model, identification of Ê requires that

(at least) B is non-singular. Bonhomme (2021) provides a pruning algorithm to iteratively

remove indicators (o�cers) for whom e�ects cannot be identified, then removing any team

in which they are on, until convergence. To ensure non-singularity for all fixed e�ects, I

prune the matrix containing o�cer indicators and district-time fixed e�ects to ensure both

Ê and “ are identified. The pruning process removes a small share of observations and

o�cer/district-time indicators (see Table A.1).

I recover estimates of all parameters, Ê, “, —, then partial out low-dimensional controls:

C̃ = C ≠ X—. Given estimates of Ê̂, we can construct team e�ect �̂ = BÊ̂ and decompose

the variance in (partialled) crime into:

V ar(C̃) = V ar(�) + V ar(“) + 2Cov(�, “) + V ar(‘) (9)

This allows us to determine the share of variation in crime that is attributable to o�cers:

V ar(�)/V ar(C̃). Higher values indicate that heterogeneity across o�cers explain more of

the variation in crime — this does not tell us which o�cers increase or decrease crime in
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absolute terms only relative to other o�cers. Additionally, we can compute correlations across

outcomes, for example Cov(�property, �violent) tell us how the e�ect of teams on property

crime covaries with their e�ect on violent crime — a positive value indicates that teams

which reduce property crime more than average also reduce violent crime more than average.

As in the case of the o�cer-assignment model in Section 3.1, the estimated variance

component or plugin estimates of V ar(�̂) will be biased upwards while covariance components

will be biased downwards. While Bonhomme (2021) proposes a homoskedasticity robust

correction and utilizes team-specific scaling factors, in this environment the Kline, Saggio, and

Sølvsten (2020) (KSS) assumption of the number of o�cers and number of teams tending to

infinity is reasonable. So, I apply the KSS bias correction to V ar(�̂) and the KSS extension

to cross-outcomes correlations from Lachowska et al. (2023b).

4.2 The E�ect of Teams on Crime

The central question in this analysis is if o�cers have any influence on overall crime and if

so to what degree? Across specifications and periods of analysis, a few patterns are clear:

the variation in the o�cers working in a given district at a given time (the team) explain a

varying portions of the variation in crime and the bias correction has a significant impact on

the interpretation. Table 6 summarizes the primary statistics of interest in this section.

For violent crime, the variation in teams explains little, on its own, of the variation

across crime rates, with V ar(�̂)/V ar(Ỹ ) being generally less than 1% across crime types,

and along with unit-time fixed e�ects (year-unit-watch-day of week - month or quarter), team

and unit-time e�ects only explain around 7% of the variation in violent crime overall, with

the lowest amount being murder at around 0.3%. As shown in Column (4), if not for the

KSS bias correction, the influence of teams would be significantly overstated as around 90%

of the ‘plug-in’ V ar(�̂) is due to bias, and the bias often exceeds 100%. In comparison with

the mean, a 1 SD increase in a teams crime e�ect increases violent crime by around 27% of

the mean, murder by around 90%, robbery by 38%, and aggravated assault by 54% of their
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respective means.

For property crime, bias corrected variation in team e�ects explain significantly more of

the variation than that of violent crime. Shares of bias in the plug-in estimates are relatively

modest for pooled index property crime at around 35% for the median, ranging from 27% to

42%, but bias is much larger relatively for burglary (with a median of 61%, though never

crossing 100%) and motor vehicle theft (median of 76% and maximum of 120%). The relative

precision in property crime is driven by larceny/theft, which for which plug-in estimates are

only around 40% bias. Reflecting this, the variation in teams alone explains around 13% of

pooled property crime, 6% of burglary (with a minimum of 0.1%), 2.2% of motor vehicle

theft (with a negative minimum), and 11% of theft relative to the variance of the outcomes —

and the addition of unit-time e�ects does not generally add significant explanatory power.

Relative to the mean, this relatively large contribution of teams to property crime means

that a 1 SD increase in a teams’ crime e�ects increases property crime by 62%, burglary by

85% (minimum of 13%), motor vehicle theft by 69%, and theft by 71% of their respective

means. Overall, we can reject that which o�cers are working does not have an impact on

reported crime rates.

Finally, for nonindex crimes, team e�ects prove to be slightly more influential than on

other crime types. Unsurprisingly, drug crimes (which are synonymous with drug arrests as

the clearance rate is nearly 100%), are strongly influenced by who is working, and the plug-in

estimates are less biased than all other outcomes at around 27% bias. Team e�ects alone

explain around 15% of the overall variation, and a 1 SD increase in team e�ects increases

drug crimes by around 140% of the mean. Weapons crimes, which are also highly cleared,

are similarly influenced by who is working, though team e�ects explain a much smaller share

of the variation (less than 3%) and the share of bias in the plug-in estimates are much higher

than for drug crime (around 76%).

Simple violent crime, such as domestic violence and misdemeanor battery, and other

nonindex crimes are influenced by teams more similarly to violent crimes. Variation in team
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e�ects explains around 5-6% of the variation in these crimes, and while the share of bias in

plug-in estimates is around 50%, a 1 SD increase in crime e�ects increases these crimes by

slightly less than 50% of their respective means.

We can probe the robustness of these results using the alternative specifications, by

collapsing the data down to 8 hour time periods and 4 hour time periods. Both of these

reduce the relative number of observations per parameter significantly. Figure 4 displays

the standard deviations as a percent of the mean outcome for each specification. While

increasing levels of aggregations tend to reduce the magnitudes of team variance and increase

the likelihood of the plug-in estimates being entirely attributable to bias, these results do not

significantly change the prior interpretation. Teams have relatively small or highly variable

influences on violent crimes. Yet, team composition’s influence on property crime remains

strong, with 1 SD in team e�ects equating to around 40-70% of the mean for pooled index

crimes, driven by relatively stable e�ects and similarly sized e�ects on theft. Team e�ects for

burglary are relatively large compared with their mean, but occasionally have small e�ects,

though almost all are between 50% and 120% of the mean. And, as aggregation increases, the

estimated influence of teams on motor vehicle theft significantly declines. Finally, drug crimes

remain strongly influenced by teams, though the relative magnitudes decline as aggregation

increases (to around 70% of the mean per 1 SD for watch-level estimates), but e�ects on

simple violent crime remain around 50% of the mean across specifications.

4.3 Quantifying Crime E�ects

To quantify the magnitude of these e�ects, we can focus on how a 1 SD better o�cer changes

crime outcomes. The prior results have focused on 1 SD in team e�ects, which is equivalent

to increasing every o�cer’s crime e�ect on a team by 1 SD by the additive model in equation

(7), while the e�ect of a single 1 SD better o�cer is around 2% of a 1 SD better team. To

make the results comparable to the prior section on o�cer-level outcomes we can compute

the number of crimes ‘prevented’ by replacing a single average o�cer on a team with a 1
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SD ‘better’ (lower) o�cer over the course of 100 shifts, given an average team size of 59 and

average shift length of 9 hours.

Figure A.14 displays the number of crimes prevented by decreasing an average o�cer’s

crime e�ect by 1 SD over the course of 100 shifts across specifications. Over the course of 100

shifts, a 1 SD higher o�cer will increase reported drug crimes by around 2 crimes (driven

entirely by drug arrests), which is around 80% of the mean number of drug arrests per 100

shifts at the o�cer level, and similar in proportion to 1 SD in o�cer e�ects on nonindex

arrests in Section 3. Simple violent crime and other nonindex crimes increase by a similar

amount, though weapons crimes only increase by around 0.25 crimes. For property crimes, 1

SD increase in o�cer e�ects increases property crime by around 4 per 100 shifts, composed of

around 1 burglary, 0.5 motor vehicle thefts, and around 3 larceny/thefts. Finally, for violent

crime 1 SD is equivalent to less than 0.5 violent crimes, primarily driven by aggravated

assault.

Figure 5 also provides a comparison for the influence of the quantity and the ‘quality’ of

o�cers. Much of the e�ect of police on crime literature studies the influence of the number

of o�cers (quantity) on crime rates (Levitt (1997), McCrary (2002), Levitt (2002), Evans

and Owens (2007), Weisburst (2019), Chalfin and McCrary (2018), Mello (2019), Chalfin et

al. (2022)), with the results commonly reported in elasticities: the e�ect of a 1% increase

in the number of o�cers causing some percent decrease in crime. This section focus on the

‘quality’ of o�cer in their individual crime prevention abilities. So, we can compare whether

more crime would be prevented by hiring an additional o�cer (expanding the average team

size by 1.7% from 59 to 60 o�cers) or by replacing a single o�cer on the team with a 1 SD

‘better’ o�cer. I use elasticity estimates from Mello (2019) and Chalfin and McCrary (2018)

(CM) (which includes standard errors) to compute these quantity e�ects.

For violent crimes, both the Mello and CM quantity e�ects are moderately larger than

the quality e�ects, and this is true across subtypes other than aggravated assaults, where

the quality estimates are noticeably larger than the quantity estimates. For overall property
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crime, the quality e�ects are between the CM estimates and Mello estimates. Across subtypes,

the results suggest that while quantity of o�cers is more important than the quality for

motor vehicle theft, that quality is more important for burglary. Overall, quantity of o�cers

appears to be more influential for violent crime and motor vehicle theft, while quality is just

as important for aggravated assaults, burglary, and theft.

4.4 Mechanisms: Deterrence, Incapacitation, and Reporting

While the prior results indicate that o�cers do influence the amount of crime that is reported

during their shifts, the precise mode through which they influence it is unclear. First,

o�cers may be reducing crime through contemporaneous deterrence: through higher quality

positioning, tactics, and visibility some o�cers reduce crime by increasing the perceived

probability of detection. Alternatively, o�cers may be reducing crime by arresting and thus

incapacitating o�enders who would otherwise commit (additional) crimes. In the literature

focusing on how the number of o�cers influences crime rates, the most plausible channel is

that the quantity of o�cers influences crime through deterrence rather than incapacitation

(Mello (2019), Chalfin et al. (2022)), while Mastrobuoni (2019) finds that more o�cers reduces

crime through arresting and incapacitating repeated o�enders of robbery. Finally, it is possible

that o�cers are influencing crime reports through increased reporting of crime or suppressing

crime reports. In this section, I attempt to disentangle these potential mechanisms.

First, if o�cers are reducing crime through arrests, we would expect that teams which

tend to make more arrests should also reduce unsolved crimes, implying a negative covariance

between team e�ects for unsolved and arrests for the same crime types (if criminals broadly

specialize within crime types). Specifically, because Crime = Arrests+Uncleared the variance

of any crime type can be decomposed into:

V ar(�Crime) = V ar(�Arrest) + V ar(�Uncleared) + 2 ◊ Cov(�Arrest, �Uncleared) (10)
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Figure A.16 displays the components of equation (10) scaled by the overall variance of

the crime e�ects. The primary takeaway being that o�cer e�ects for uncleared crime and

arrests are generally positively correlated, though the covariance between the two is relatively

negligible compared with the the variance in arrests for drug crimes and the variance in

uncleared o�enses for property crime. This suggests that for property crime, the influence of

o�cers on property crime is driven by an influence on uncleared o�enses rather than changing

arrest rates. Additionally, o�cers who make more arrests of a given type are not those

who reduce uncleared crime rates, which would be consistent with incapacitation. However

this covariance between arrests and uncleared crimes declines in magnitude as the levels of

aggregation increases for theft and aggravated assault, suggesting incapacitation may play a

secondary role for some outcomes.

Next, it is possible that individual o�cers report or suppress crime reports with di�erent

frequencies, and the e�ects on crime are not measuring the influence of o�cers on actual

crimes occurring. To obtain a di�erent proxy for crime occurrences, I use 911 call data as

the outcome of interest. Figure A.17 displays SDs of team e�ects on 911 calls of di�erent

types and the share of variance that team e�ects explain. Consistent with o�cers actually

influencing underlying crime rates, team e�ects have a non-negligible influence on 911 calls

made relative to the means and overall variation.

Figure A.18 displays the correlations between team e�ects on 911 calls with their e�ects

on crime reports — though these are not perfectly one-to-one as a disturbance call may

be, for example, a domestic violence incident, but could also be vandalism or burglary.

Consistent with o�cers who influence crime reports also influencing underlying crime rates,

the correlations between 911 call and crime team e�ects are as we expect: team e�ects for

911 calls for assaults, battery, and domestic violence are highly correlated with crime reports

of aggravated assault, simple violent crime, and index violent crime, while team e�ects calls

for theft, burglary, and alarms are strongly correlated with crime reports of theft, burglary,

index property crime. Overall, this is consistent with o�cers actually influencing crime rates,
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as we would expect, if they were simply suppressing reports, that team e�ects on crime and

team e�ects on 911 calls would be negatively correlated or uncorrelated.

Finally, crime e�ects appear to be positively correlated across outcomes, as shown in

Figure A.15, meaning that o�cers who tend to reduce simple violent crime also reduce theft.

Nevertheless, violent and property crime e�ects tend to be only weakly positively correlated,

while violent crime e�ects for index (e.g., aggravated assault) and simple violent crime are

positively correlated. This would suggest some amount of specialization in o�cer types rather

than o�cers recoding higher forms of violent crime as lower types, which would constitute

suppression. Additionally, drug crime e�ects are positively correlated with both violent and

property crime e�ects, consistent with o�cers who make more arrests being less capable at

projecting deterrence.

4.5 Demographics and Crime E�ects

Given that the composition of teams of o�cers appears to have a robust influence on crime

outcomes, it is important to determine if crime reduction e�ects can be predicted based on

observable features of the o�cers and teams. To explore this, I employ multiple methods of

estimate the e�ect of o�cer characteristics and o�cers’ measured propensities for enforcement,

force, and misconduct from Section 3.

First, I directly estimate the e�ect of a team’s observable composition –, where zi is a

vector of o�cer i’s observable (or measurable) characteristics, on crime by estimating

cd,t = 1
N·(d,t)

N·(d,t)ÿ

iœ·(d,t)

zi– + —Xd,t + “w(d,t) + ‘d,t (11)

where Xd,t controls for the overall number of o�cers working in district d and day-hour

t. This e�ectively replaces the team of � with average values of the team’s observables from

equation (6).

Next, I replace cd,t with estimated team e�ects �̂·(d,t) using the recovered estimates of
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Ê̂i in the above sections:

�̂·(d,t) = 1
N·(d,t)

N·(d,t)ÿ

iœ·(d,t)

zi– + —Xd,t + “w(d,t) + ‘d,t (12)

I include controls such as “w(d,t) in this specification to account for the weighting of

o�cers in teams which may be correlated with ‘d,t if not for the inclusion of “w(d,t).

Next, I allow for team composition, 1

N·(d,t)

qN·(d,t)
iœ·(d,t) zi, to be endogenous, and I instrument

for the composition by exploiting the calendar assignment. Specifically, I use the predicted

rotation and working times based on the calendar and the method discussed in Section 2.3

to predict which o�cers should be working in a specific unit at a specific time. I construct

BcZ = 1

Nc
·c(d,t)

qNc
·c(d,t)

iœ·c(d,t) zc
i , where c denotes the team weights applied across o�cers as

predicted by the calendar, and I instrument for the potentially endogenous team composition

in equations (11) and (12) with the first stage:

1
N·(d,t)

N·(d,t)ÿ

iœ·(d,t)

zi = 1
N c

·c(d,t)

Nc
·c(d,t)ÿ

iœ·c(d,t)

zc
i fl + —Xd,t + “w(d,t) + ÷d,t (13)

To test the robustness of these results, I use both year-quarter-district-day of week-8

hour period fixed e�ects (‘Shift’) and year-month-district-day of week-hour (‘Hour’) fixed

e�ects for “w(d,t).

Finally, I focus the relationship between o�cer observables and their individual crime

e�ects by estimating:

Ê̂i = zi– + ‰i (14)

which I estimate weighting by o�cer-shifts as in the o�cer-level analysis in Section 3.

For all above specifications, I estimate them separately for each 2.75 year sample period

and in a stacked regression with the addition of sample period fixed e�ects when necessary.

For the o�cer-level analysis, o�cer-level fixed e�ects used as regressors are shrunken using

empirical Bayes following Weisburst (2022). For brevity and precision, I focus on three
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primary outcomes: index violent crimes, index property crimes, and drug crimes.

The results for the stacked team-level regressions (OLS and IV) are displayed in Figure

6, which contains the coe�cients on demographics, and Figure 7, which contains coe�cients

on o�cers’ behavioral fixed e�ects. As shown in Figure 6, the addition of o�cer’s behavioral

fixed e�ects do not significantly change the coe�cients on o�cer demographics, and often

OLS and IV e�ects are highly similar in direction and magnitude. Furthermore, using team

e�ects as the outcome does not significantly change the coe�cients compared with using

the actual crime rate, though the e�ects on team e�ects are artificially precise. However,

the more stringent Hour fixed e�ects controls often significantly reduce the magnitudes of

coe�cients.

For violent crimes in Figure 6, no demographic has a significant and consistently precise

influence. In Figure 7, we see that increasing a teams average o�cer-e�ects for stops, nonindex

arrests, and use of force can reduce violent crimes by around 10% of the mean with stringent

controls and using IV. This suggests that more ‘active’ o�cers can modestly reduce violent

crime. However, the e�ects are only significant when using crime rates, not predicted team

e�ects, as the outcome. Overall, this lack of robust e�ects is not entirely unexpected, given

that the primary result from the prior subsections was that team e�ects explained little of

the variation in violent crime.

For property crimes, where team e�ects exhibited a larger influence, IV estimates using

Hour controls indicate that 1 unit increase in team composition of Black or Hispanic (instead

of white) o�cers would decrease property crime by around 10% of the mean. The most

consistent pattern is that higher tenure o�cers tend to increase property crimes, measured in

both team e�ects and crime rates. A 1 unit increase in the share of 15-20 and 20+ tenure

o�cers increases property crimes by around 10% and 20% of the mean— though the crime

rates results are somewhat smaller than the team e�ects results. In Figure 7, again more

‘active’ o�cers appear to reduce property crimes when using crime rates as the outcome. In

particular, increasing a teams average o�cer-level propensity for stops by 1 SD decreases
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property crimes by around 20% (IV) and 5% (OLS) of the mean, when using the Hour fixed

e�ects. On the other hand, o�cers with higher propensities for arrests do not display any

large e�ects. Again, this is consistent with more ‘active’ o�cers reducing crime, though not

through incapacitation and arrests, but through being visible and active.

For drug crimes (which are entirely due to arrests), using the Hour fixed e�ects and

accounting for o�cer-level behavioral e�ects significantly reduces the magnitudes of any

demographic e�ects in Figure 6. As shown in Figure 7, increasing the team’s average

behavioral e�ect for making drug arrests by 1 SD increases drug crimes by between 75% and

125% of the mean, depending on the specification and controls.

Finally, we turn to the o�cer-level results from estimating equation (14), as displayed in

Figure 8 for o�cer demographics and Figure 9 for o�cer behavioral e�ects. The primary

results are largely consistent with the prior analysis for demographics: most e�ects are not

statistically or economically significant. However, the point estimates for Black o�cers on

violent crime tend to be negative (around 10% of the mean for the pooled sample regression),

and higher tenure o�cers tend to increase property crime (by 25% and 40% of the mean for

15-20 and 20+ years of tenure). For o�cers’ behavioral e�ects, o�cers who make 1 SD more

stops (all else equal) reduce property crime by around 5% of the mean, while o�cers who

make 1 SD more drug arrests increase drug arrests by around 100% of the mean, which is

expected.

Overall, I do not find much evidence for a significant relationship between o�cers’ and

teams’ e�ectiveness at preventing crimes and many of their demographic characteristics or

measurable propensities. The results I do find, however, are consistent with: 1. o�cer e�ects

on violent crime being small or di�cult to measure, 2. team-level measures of drug crimes

being e�ectively proxied by o�cers’ individual behavioral propensities for drug arrests, and 3.

more ‘active’ o�cers who are younger and make more stops being better at reducing property

crime.
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5 Conclusion

This paper documents a number of facts about the degree of heterogeneity in police o�cers

enforcement outcomes, their influence on crime, and their tendencies to sort into assignments.

Overall, o�cer heterogeneity, beyond average di�erences between demographic groups, is

substantial and an important consideration in both hiring and training policy. The results

also indicate that o�cers vary in their ability to prevent crime beyond their propensities to

make arrests.
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Table 1: Summary Statistics of O�cer Data

Pooled By Year By 2-Year and LCC

(1) (2) (3)

A: Demographics and Experiences

White 0.481 0.481 0.481

Black 0.23 0.23 0.232

Hispanic 0.251 0.251 0.249

Asian/Native American 0.0379 0.0379 0.0377

Male 0.806 0.806 0.808

Female 0.194 0.194 0.192

Age 41 41 41.2

Tenure 12.2 12.2 12.3

Military 0.225 0.225 0.223

Spanish Speaking 0.145 0.145 0.145

Edu >= BA 0.308 0.308 0.308

Edu < BA 0.371 0.371 0.372

Edu Missing 0.321 0.321 0.32

B: By O�cer

Avg. Total GABs 17.3 5.19 7.15

Avg. Total ABs 50 12 17.9

Avg. Total Units 2.66 1.26 1.46

Avg. Share Most Common GAB 0.447 0.695 0.636

Avg. Obs. (Shifts) 1,505 182 349

C: Pooled

Geographic Unit 0.802 0.802 0.804

Total Units 44 39.7 39.9

Total Beats 19,288 5,962 7,577

Total Assignments (AB) 36,287 9,118 11,881

Total Assignments (GABs) 2,721 1,306 1,255

Unique POs 14,218 8,193 8,486

In Car 0.802 0.802 0.805

N Obs. 14,361,345 1,306,595 2,520,143

D: Outcomes (per 100 Shifts)

Arrest Index 1.61 1.61 1.59

Arrest NonIndex 10.6 10.6 10.4

Stop 44.6 44.6 45.6

Force 0.347 0.347 0.347

Complaints 0.236 0.236 0.225

Complaints (Ext.) 0.0924 0.0924 0.0904

Note: Table presents summary statistics for o�cer-day level observations for days o�cer are present. Column (1)

displays all years pooled, Column (2) first summarizes at the year level, Column (3) first summarises over the 2 year pooled

samples in the leave-one-out largest connected component (see Section 3). Age and tenure are in units of years. Geographic

units refer to those which map directly to police districts. ABs refer to the interaction between beat, watch, and unit, while

GAB refers to generalized assigned beats which uses the type of an assigned beat rather than exact assigned beats to interact

with watch and unit (AB). The outcomes section takes the average across o�cer-day observations and multiplies them by

100 to get the mean per 100 o�cer-shifts. Panel B computes o�cer-level statistics then takes the observation-weighted

average over o�cers.
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Table 2: Summary Statistics of Crimes by District-Day-Hour

Aggregate Mean by District-Hour
Mean per 100,000 Pop.

by District-Hour

Total Crimes Share of Total Clearance Rate Crimes Arrest Uncleared Crimes Arrest Uncleared

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

Index Violent

Violent 295,418.910 0.092 0.166 0.142 0.024 0.118 0.135 0.023 0.112

Murder 5,891.452 0.002 0.374 0.003 0.001 0.002 0.003 0.001 0.002

Robbery 127,653.805 0.040 0.091 0.061 0.006 0.056 0.059 0.006 0.053

Agg. Assault 144,906.357 0.045 0.229 0.069 0.016 0.054 0.066 0.015 0.050

Index Property

Property 1,013,793.196 0.316 0.095 0.486 0.046 0.440 0.496 0.046 0.450

Burglary 175,588.964 0.055 0.054 0.084 0.005 0.080 0.089 0.005 0.085

Motor Vehicle Theft 129,950.538 0.041 0.070 0.062 0.004 0.058 0.065 0.004 0.061

Theft 703,707.512 0.221 0.110 0.337 0.037 0.300 0.340 0.037 0.303

Nonindex

Nonindex 1,901,168.942 0.592 0.373 0.912 0.340 0.571 0.885 0.312 0.573

Drug 307,665.452 0.096 0.996 0.148 0.147 0.001 0.130 0.129 0.000

Simple Violent 659,176.777 0.207 0.217 0.316 0.069 0.248 0.306 0.067 0.239

Weapon 46,142.708 0.014 0.776 0.022 0.017 0.005 0.020 0.016 0.005

All Other 888,184.005 0.279 0.252 0.426 0.107 0.318 0.428 0.100 0.329

Note: Table presents summary statistics for crime data between 2009 and 2019 split into three main headers. The aggregate section (Columns

(1)-(3)) provides total counts for crimes by type, share of total, and clearance rate. The second header (Columns (4)-(6)), displays statistics at the

district-day-hour level, with the mean number of crimes per district-day-hour, the mean number cleared by arrest, and the mean number uncleared.

The third header (Columns (7)-(9)) displays the same as Columns (4)-(6) but with crime per 100,000 population.
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Table 3: Decomposition of O�cer-Level Results

Per 100 Shifts Share of Var(Y)

SD(PO) SD(Assign) Total Exp. Var(PO) Var(Assign) 2 x Cov(PO, Assign) Cor(PO, Assign)

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

Stops 41.2 35.8 0.204 0.111 0.0816 0.0007 0.00314

[14.2, 60.8] [15.2, 54.5] [0.154, 0.22] [0.0677, 0.134] [0.0686, 0.0991] [-0.0158, 0.0188] [-0.0719, 0.135]

Arrests - Nonindex 9.99 8.52 0.144 0.0658 0.0527 0.0225 0.186

[6.79, 11.8] [6.25, 11.1] [0.116, 0.154] [0.0517, 0.0782] [0.0375, 0.0678] [0.0148, 0.0311] [0.111, 0.253]

Arrests - Index 1.62 1.73 0.0258 0.0131 0.0159 -0.00261 -0.1

[1.12, 2.03] [1.53, 2.1] [0.0223, 0.0313] [0.00756, 0.0188] [0.0142, 0.0206] [-0.00905, 0.0005] [-0.261, 0.0227]

Uses of Force 0.464 0.287 0.00718 0.0059 0.00247 -0.0009 -0.124

[0.351, 0.544] [0.248, 0.336] [0.00606, 0.00821] [0.0045, 0.00712] [0.00156, 0.00318] [-0.00201, -0.0003] [-0.224, -0.0493]

Complaints 0.29 0.236 0.00427 0.00376 0.00244 -0.00177 -0.299

[0.241, 0.389] [0.198, 0.295] [0.0037, 0.00607] [0.00305, 0.00493] [0.00205, 0.00285] [-0.00218, -0.00128] [-0.339, -0.203]

Complaints (Ext) 0.167 0.121 0.0029 0.00314 0.00178 -0.00143 -0.31

[0.112, 0.256] [0.0845, 0.231] [0.00246, 0.00435] [0.00179, 0.00687] [0.00109, 0.00618] [-0.0102, -0.0005] [-0.786, -0.165]

Note: Table displays summary of various statistics (columns) by outcome variable (rows). Estimates are bias corrected using KSS. The first row for each

statistic refers to the median estimate across rolling 2-year periods and the second row displays the minimum and maximum values. Columns (1) and (2) display

the standard deviations of o�cer and assignment e�ects recovered from estimating equation (1), multiplied by 100 to refer to the e�ect of a 1 SD increase in

o�cer/assignment e�ects per 100 shifts. Columns (3)-(6) display the components of equation (2) scaled by 1 over the variance of the outcome, with Column (3)

being the summation of Columns (4)-(6). Column (7) is the correlation between o�cer and assignment e�ects.

49



Table 4: Cross-Outcome Correlation in O�cer E�ects

Arrests - Nonindex Arrests - Index Use of Force Complaints Complaints (Ext)

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

Stops 0.372 0.214 0.129 -0.0988 -0.0172

[0.32, 0.49] [0.14, 0.31] [-0.057, 0.22] [-0.21, 0.059] [-0.29, 0.2]

Arrests - Nonindex 0.354 0.318 0.192 0.146

[0.22, 0.54] [0.25, 0.44] [-0.15, 0.34] [-0.04, 0.27]

Arrests - Index 0.219 0.0458 0.0374

[0.13, 0.3] [-0.11, 0.13] [-0.097, 0.15]

Uses of Force 0.357 0.372

[0.16, 0.42] [0.11, 0.52]

Complaints 0.722

[0.17, 0.78]

Note: Table presents cross-outcome correlations between o�cer e�ects for each outcome. Estimates are bias

corrected using KSS. The first row for each outcome refers to the median estimate across rolling 2-year periods and

the second row displays the minimum and maximum values.
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Table 5: E�ect of Observables on O�cer E�ects

Stops Arrests - Nonindex Arrests - Index Uses of Force Complaints Complaints (Ext)

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

Demographics

Black -0.307 -0.182 -0.13 -0.342 -0.271 -0.176

[-0.32, -0.23, -0.12] [-0.27, -0.18, -0.11] [-0.21, -0.14, -0.06] [-0.63, -0.29, -0.18] [-0.26, -0.19, 0.008] [-0.45, -0.12, 0.11]

Hispanic -0.052 -0.05 -0.04 -0.143 -0.115 0.011

[-0.08, -0.04, -0.01] [-0.08, -0.04, -0.02] [-0.12, -0.04, 0.06] [-0.28, -0.12, -0.08] [-0.14, -0.11, 0.07] [-0.17, 0.05, 0.33]

Other Race -0.041 -0.086 -0.007 -0.172 -0.077 0.018

[-0.08, -0.02, 0.0002] [-0.17, -0.1, -0.03] [-0.2, -0.03, 0.2] [-0.23, -0.17, -0.08] [-0.22, -0.07, 0.16] [-0.25, 0.06, 0.44]

Female -0.131 -0.242 -0.14 -0.467 -0.45 -0.356

[-0.19, -0.11, -0.08] [-0.37, -0.23, -0.13] [-0.27, -0.14, -0.03] [-0.56, -0.45, -0.38] [-0.37, -0.32, -0.24] [-0.42, -0.38, -0.19]

S. Age = [25,28] 0.009 -0.058 -0.04 -0.117 -0.011 0.007

[-0.05, 0.004, 0.05] [-0.07, -0.03, -0.004] [-0.1, -0.03, 0.02] [-0.17, -0.11, -0.02] [-0.03, 0.004, 0.04] [-0.08, 0.02, 0.18]

S. Age = [29,32] -0.02 -0.101 -0.067 -0.243 -0.168 -0.071

[-0.12, -0.02, 0.03] [-0.15, -0.06, -0.01] [-0.13, -0.06, 0.09] [-0.37, -0.24, -0.08] [-0.14, -0.12, -0.03] [-0.18, -0.04, 0.26]

S. Age = >33 -0.045 -0.182 -0.136 -0.413 -0.331 -0.237

[-0.12, -0.04, 0.03] [-0.22, -0.16, -0.06] [-0.2, -0.13, -0.008] [-0.5, -0.37, -0.27] [-0.26, -0.23, -0.17] [-0.4, -0.26, 0.15]

Experiences

Spanish Speaking -0.002 -0.018 0.022 0.017 0.121 0.042

[-0.04, -0.003, 0.04] [-0.06, -0.03, 0.004] [-0.03, 0.009, 0.11] [-0.02, 0.01, 0.11] [-0.06, 0.06, 0.26] [-0.24, -0.02, 0.31]

Military 0.134 0.228 0.199 0.117 -0.119 -0.242

[0.1, 0.2, 0.4] [0.14, 0.37, 0.48] [0.1, 0.24, 0.39] [0.08, 0.24, 0.39] [-0.15, -0.03, 0.04] [-0.33, -0.09, 0.05]

Edu >= BA 0.154 0.024 0.073 -0.007 -0.092 -0.185

[0.04, 0.09, 0.16] [-0.05, -0.02, 0.04] [-0.003, 0.08, 0.13] [-0.17, -0.06, 0.00003] [-0.21, -0.04, -0.007] [-0.37, -0.2, -0.07]

Edu < BA 0.092 0.017 0.062 -0.019 -0.069 -0.127

[-0.02, 0.03, 0.13] [-0.06, -0.01, 0.03] [0.03, 0.06, 0.11] [-0.13, -0.09, -0.02] [-0.18, -0.06, 0.06] [-0.38, -0.16, 0.03]

Tenure

Tenure 5-10 -0.097 -0.071 -0.089 -0.274 -0.183 -0.135

[-0.38, -0.21, 0.06] [-0.25, -0.06, 0.22] [-0.31, -0.09, 0.36] [-0.51, -0.32, 0.08] [-0.2, -0.11, -0.02] [-0.58, -0.07, 0.02]

Tenure 10-15 -0.309 -0.256 -0.223 -0.604 -0.479 -0.43

[-0.54, -0.34, -0.04] [-0.53, -0.22, 0.09] [-0.46, -0.22, 0.25] [-0.89, -0.53, -0.21] [-0.39, -0.33, -0.01] [-0.55, -0.35, -0.05]

Tenure 15-20 -0.37 -0.355 -0.358 -0.78 -0.66 -0.608

[-0.6, -0.36, -0.11] [-0.53, -0.32, -0.07] [-0.61, -0.31, 0.07] [-1.1, -0.7, -0.41] [-0.55, -0.42, -0.23] [-0.8, -0.6, -0.08]

Tenure >20 -0.484 -0.451 -0.541 -0.906 -0.829 -0.591

[-0.76, -0.46, -0.26] [-0.64, -0.46, -0.18] [-0.75, -0.53, -0.1] [-1.3, -0.86, -0.53] [-0.65, -0.62, -0.26] [-0.91, -0.53, 0.01]

Note: Table presents results from estimating equation (4) on o�cer e�ects scaled by the mean of the relevant outcome, with the regression weighted by the

o�cer’s observations. Rows reflect the coe�cient on each o�cer-specific variable, with the first row reflecting the stacked regression coe�cient and the second row

containing the minimum, median, and maximum coe�cient across 2-year period samples. S. Age refers to the o�cer’s starting age in the CPD, Edu refers to their

education level. The reference group is white male o�cers starting younger than 25, who do not speak Spanish, were not in the military, with missing educational

information, and less than 5 years of tenure.
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Table 6: Decomposition of Team E�ects on Crime

SD(Team)/Mean(Y) Var(Team)/Var(Y) Share Var(Y) Explained Share Bias

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

Violent

Index Violent 0.271 0.00762 0.0718 0.912

[0, 0.71] [-0.0061, 0.053] [0.069, 0.08] [0.64, 1.1]

Murder 0.935 0.0024 0.00329 0.967

[0, 2.9] [-0.052, 0.013] [0.0014, 0.0046] [0.89, 1.8]

Robbery 0.377 0.00674 0.0323 0.926

[0, 0.99] [-0.014, 0.045] [0.026, 0.037] [0.66, 1.2]

Agg. Assault 0.542 0.0163 0.047 0.844

[0, 0.97] [-0.018, 0.044] [0.041, 0.051] [0.66, 1.3]

Property

Index Property 0.623 0.128 0.16 0.353

[0.52, 0.67] [0.082, 0.16] [0.14, 0.17] [0.27, 0.42]

Burglary 0.85 0.0579 0.041 0.613

[0.13, 1.1] [0.001, 0.077] [0.019, 0.062] [0.49, 0.99]

Motor Vehicle Theft 0.685 0.022 0.0224 0.755

[0, 0.93] [-0.022, 0.047] [0.017, 0.024] [0.68, 1.2]

Theft 0.713 0.114 0.174 0.399

[0.53, 0.75] [0.06, 0.13] [0.16, 0.2] [0.28, 0.48]

Nonindex

Drug 1.4 0.152 0.246 0.273

[1.3, 1.9] [0.094, 0.24] [0.21, 0.27] [0.23, 0.35]

Simple Violent 0.486 0.0517 0.12 0.553

[0.41, 0.63] [0.037, 0.089] [0.11, 0.13] [0.52, 0.67]

Weapon 1.33 0.0262 0.023 0.76

[0, 2] [-0.0025, 0.095] [0.019, 0.048] [0.41, 1]

All Other 0.469 0.0624 0.116 0.534

[0.39, 0.51] [0.047, 0.079] [0.11, 0.12] [0.48, 0.64]

Note: Table displays summary of various statistics (columns) by outcome variable (rows) which are crimes per

district-hour per 100,000 population. The first row for each outcome is the median estimate across four 2.75 year

sample groups while the second row contains the minimum and maximum across sample groups. Estimates are bias

corrected using KSS other than Column (4). Team e�ects ’Team’ are recovered from estimating equation (6) with

team e�ects being the average of o�cer e�ects (equation (7)). SD(Team) and Var(Team) refer to the standard de-

viation and variance of team e�ects across observations within each sample group. Column (3) contains the overall

share of variance explained by team e�ects and district-time fixed e�ects. Column (4) contains the share of the

uncorrected (’plug-in’) variance of team e�ects which is attributable to bias. Zero or negative values in Columns

(1)-(3) and values of 1 or more in Column (4) reflects plug-in estimates being entirely attributable to bias.
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Figure 1: Magnitude of O�cer and Assignment E�ect Heterogeneity by Specification
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Note: Figure displays the KSS bias-corrected standard deviations of o�cer and assignment e�ects (recovered from equation (1)) across di�erent

specifications scaled by the mean of the outcome, with each point denoting an estimate for a specific time period, the bar denoting the median across

these estimates, and the confidence interval denoting the minimum and maximum estimates. Main (2 Year) refers to the main specification with 10

2-year rolling periods; 1 Year Period refers to each year of data analyzed separately; Geographic refers to the main specification but subsetting to

geographic units only; 3-4 Year period refers to estimating the model using 3 distinct periods which cover 2009-2012, 2013-2015, 2016-2019; Week

refers to aggregating the data to the weekly level; Match E�ects interacts o�cer and beat types for o�cer e�ects and unit and watch e�ects for

assignment e�ects.
53



Figure 2: Comparison of O�cer Heterogeneity with Prior Estimates
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Note: Figure displays one KSS bias corrected standard deviation in o�cer e�ects scaled by the mean of the outcome, with o�cer e�ects recovered

from the main specification in equation (1), and each colored point denotes an estimate for a 2 year period and bars denote the median of these

estimates. Black dotes and associated labels denote estimates of standard deviations of o�cer e�ects divided by their respective means for associated

outcomes in prior literature along with the city of the study.
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Figure 3: E�ect of O�cer Characteristics on O�cer E�ects and Outcomes by Specification
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Note: Figure displays the coe�cients of the e�ect of o�cer characteristics on o�cer e�ects (recovered by estimating equation (1)) and outcomes,

which are the results of estimating equation (4) for ’Main’ and ’Cohort’ specifications and equation (5) for ’MDSB’ specification. All estimates

are scaled by the mean of the outcome. Each smaller point is an estimate from the 10 2-year period samples, the bars are the median of these

estimates, and the lines span the minimum and maximum of the estimates, while the larger points denote the estimate of the stacked regressions

using all years. Cohort specifications add cohort fixed e�ects to the main specification, while MDSB regresses o�cer characteristics on outcomes

rather than o�cer fixed e�ects and uses GAB - year - month fixed e�ects as controls.
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Figure 4: Magnitude of Team Heterogeneity for Crime Outcomes
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Note: Figure displays the KSS bias corrected standard deviations of team e�ects (�), recovered by estimating equation (6) scaled by the mean of

the outcome variable for each crime type and across di�erent specifications, across the 3 main crime categories. All outcomes used were scaled at

crimes per 100,000 population. Main specifications are at the district-hour level with controls for year-district-day of week-8 hour period interacted

with either month or quarter, while 4-Hour and 8-Hour aggregate the data to 4 and 8-hour periods using the same level of controls interacted with

quarter. Each point represents an estimate recovered from one of four sample periods each 2.75 years long, and bars denote the median of these

estimates. Values of zero indicate that the bias correction produced a zero or negative variance for team e�ects.
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Figure 5: E�ect of O�cer Quantity versus Quality
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Note: Figure displays comparison between the e�ect of 1 additional o�cer added to a team using elasticities of crime with respect to number of

o�cers from estimates from Mello (2019) and Chalfin and McCrary (2018) across index crime types (’quantity’ e�ect) compared with the e�ect of

reducing a single average o�cer’s crime e�ects by 1 SD as recovered in this paper (’quality’ e�ect). Elasticity estimates are converted to percents of

the mean by multiplying the elasticity estimates by 1/59 (the percent increase in number of o�cers by adding 1 o�cer to the average team of 59

o�cers). Quality estimates are computed from the KSS bias corrected standard deviations of team e�ects (�), recovered by estimating equation

(6), with each estimate being divided by 59 (the average team size) and divided by the mean of the outcome to provide an approximation of the

e�ect of 1 SD decrease in a single o�cer’s crime e�ect on an average team. Main specifications are at the district-hour level with controls for

year-district-day of week-8 hour period interacted with either month or quarter, while 4-Hour and 8-Hour aggregate the data to 4 and 8-hour periods

using the same level of controls interacted with quarter. Each bar for the non-quantity estimates represents the median of estimates recovered from

each of the four 2.75 year long sample periods. Values of zero indicate that the bias correction produced a zero or negative variance for team e�ects.

Note that if the covariance between o�cer e�ects on teams is relatively large in magnitude compared with the variance across o�cers, then this is a

poor approximation. Confidence intervals on the Chalfin and McCrary estimates correspond to converted 95% CIs using standard errors reported in

the paper.
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Figure 6: E�ect of Team Demographics on Team E�ects and Crime Rates (1)
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Note: Figure displays the coe�cients from regressing predicted team e�ects (recovered from estimating equation (6)) (left panel) or crime rates

(right panel), at the district-hour level, on the demographic composition of the team of o�cers, scaled by the mean crime rate, for three crime

types. Multiple specifications are used: OLS refers to estimating equations (11) and (12) directly, IV instruments for the composition of o�cers

using the predicted set of o�cers working using the rotation calendar (equation (13)); time fixed e�ects are the interaction of year-quarter-unit-day

of week and 8-hour time periods or year-month-unit-day of week and 1-hour time periods; the specifications either include only o�cer demographics

or also include o�cers’ individual behavior fixed e�ects recovered in Section 3 and displayed in the following figure. Regressors are the e�ect of a 1

unit increase in the share of o�cers of a given type on a team. Confidence intervals are 95% confidence intervals computed from standard errors

clustered at the Hour or Shift fixed e�ect level – confidence intervals for team e�ect estimates are not bias corrected and artificially precise.
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Figure 7: E�ect of Team Average O�cer-E�ects on Team E�ects and Crime Rates (2)
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Note: Figure displays the coe�cients from regressing predicted team e�ects (recovered from estimating equation (6)) (left panel) or crime rates

(right panel), at the district-hour level, on the demographic composition and average behavior fixed e�ects (recovered in Section 3) of the team of

o�cers, scaled by the mean crime rate, for three crime types. Multiple specifications are used: OLS refers to estimating equations (11) and (12)

directly, IV instruments for the composition of o�cers using the predicted set of o�cers working using the rotation calendar (equation (13)); time

fixed e�ects are the interaction of year-quarter-unit-day of week and 8-hour time periods or year-month-unit-day of week and 1-hour time periods;

the specifications also include o�cers’ demographics with those coe�cients displayed in the previous figure. E�ects correspond to the e�ect of

increasing a teams’ average o�cer-level fixed e�ects for a given outcome by 1 SD. Confidence intervals are 95% confidence intervals computed from

standard errors clustered at the Hour or Shift fixed e�ect level – confidence intervals for team e�ect estimates are not bias corrected and artificially

precise.
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Figure 8: E�ect of O�cer Demographics on Crime E�ects (1)
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Note: Figure displays the coe�cients from regression predicted o�cer-specific e�ects on crime (Ê) (recovered from estimating equation (6)) scaled

by the mean crime rate, by estimating equation (14) at the o�cer - sample group level (each sample group contains 2.75 years and sample group

fixed e�ects are included). Regressors include o�cer-level demographics and standardized measures of o�cer-level behavioral fixed e�ects (recovered

in Section 3) and shrunken using empirical Bayes – the fixed e�ect coe�cients are displayed in the next figure. Each red point denotes an estimate

from estimating equation (14) on a single sample group, while the pooled point and 95% confidence interval (from heteroskedastic robust standard

errors) were produced from a stacked regression including sample group fixed e�ects.
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Figure 9: E�ect of O�cer-E�ects on Crime E�ects (2)
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Note: Figure displays the coe�cients from regression predicted o�cer-specific e�ects on crime (Ê) (recovered from estimating equation (6)) scaled

by the mean crime rate, by estimating equation (14) at the o�cer - sample group level (each sample group contains 2.75 years and sample group

fixed e�ects are included). Regressors include o�cer-level demographics and standardized measures of o�cer-level behavioral fixed e�ects (recovered

in Section 3) and shrunken using empirical Bayes – the demographic coe�cients are displayed in the prior figure. Each red point denotes an estimate

from estimating equation (14) on a single sample group, while the pooled point and 95% confidence interval (from heteroskedastic robust standard

errors) were produced from a stacked regression including sample group fixed e�ects.
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A Appendix A: Additional Figures and Tables

Figure A.1: CPD Operations Calendar (2012)

Note: Figure displays an example of the CPD operations calendar for the year 2012.
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Figure A.2: Timeseries of O�cer-Level Outcomes and Assignments
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Note: Figure displays the timeseries of outcomes and other statistics at the year-quarter level for o�cer-day observations for all observations

and observations only in geographic units. For outcome variables, the y-axis refers to the mean outcome per 100 shifts. For the count variables

(beginning with ’N’ referring to the number or count), the y-axis refers to the total count.
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Figure A.3: Timeseries of Arrests by Subcategory
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Note: Figure displays the timeseries of mean arrests per 100 shifts of the o�cer-day data with panels for index arrests and nonindex arrests broken

into subtypes at the year-quarter level.

64



Figure A.4: Timeseries of Crime and Clearances
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Note: Figure displays the total number of crimes reported in Chicago between 2009 and 2019 by quarter broken into subtypes denoted by color

(index violent, index property, and nonindex) and whether or not the crime was reported to have been cleared by an arrest (shaded for cleared,

unshaded for not cleared).
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Figure A.5: Degree of O�cer-Assignment Sorting over time by Specification
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Note: Figure displays the KSS bias corrected correlations between o�cer and assignment e�ects, recovered from estimating the di�erent specification

and equation (1), with the x-axis denoting the time period of the analysis sample used. Main (2 Year) refers to the main specification with 10

2-year rolling periods; 1 Year Period refers to each year of data analyzed separately; Geographic refers to the main specification but subsetting to

geographic units only; 3-4 Year period refers to estimating the model using 3 distinct periods which cover 2009-2012, 2013-2015, 2016-2019; Week

refers to aggregating the data to the weekly level; Match E�ects interacts o�cer and beat types for o�cer e�ects and unit and watch e�ects for

assignment e�ects.
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Figure A.6: Degree of O�cer-Assignment Sorting by Demographic Group
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Note: Figure displays the KSS bias corrected correlations between o�cer and assignment e�ects, recovered from estimating equation (1) using

subsamples of di�erent demographic groups (y-axis), across 10 2-year periods with each point denoting an estimate for a specific time period and

the bar denoting the median across these estimates.
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Figure A.7: Degree of O�cer-Assignment Sorting for Additional Outcomes
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Note: Figure displays the KSS bias corrected correlations between o�cer and assignment e�ects, recovered from estimating equation (1) for

additional outcomes, across 10 2-year periods with each point denoting an estimate for a specific time period and the bar denoting the median

across these estimates.
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Figure A.8: Cross-Outcome Correlation in O�cer E�ects by Demographic Group
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Note: Figure displays the KSS bias corrected correlations between o�cer e�ects for two di�erent outcomes for di�erent demographic groups, with

o�cer e�ects recovered from estimating equation (1) using subsamples of di�erent demographic groups, across 10 2-year periods with each point

denoting a correlation for a specific time period and the bar denoting the median across these correlations.
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Figure A.9: Cross-Outcome Correlation in O�cer E�ects for Arrest Sub-Outcomes
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Note: Figure displays the KSS bias corrected correlations between o�cer e�ects for two di�erent outcomes focusing on the main outcomes and

arrest sub-outcomes (both in y-axis), with o�cer e�ects recovered from estimating equation (1) across 10 2-year periods with each point denoting a

correlation for a specific time period and the bar denoting the median across these correlations.
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Figure A.10: Cross-Outcome Correlation in O�cer E�ects for Stops and Force Sub-Outcomes
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Note: Figure displays the KSS bias corrected correlations between o�cer e�ects for two di�erent outcomes focusing on the main outcomes and stop

and force sub-outcomes (all in y-axis), with o�cer e�ects recovered from estimating equation (1) across 10 2-year periods with each point denoting

a correlation for a specific time period and the bar denoting the median across these correlations.
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Figure A.11: Cross-Outcome Correlation in O�cer E�ects for Complaint Sub-Outcomes
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Note: Figure displays the KSS bias corrected correlations between o�cer e�ects for two di�erent outcomes focusing on the main outcomes and

complaint sub-outcomes (all in y-axis), with o�cer e�ects recovered from estimating equation (1) across 10 2-year periods with each point denoting

a correlation for a specific time period and the bar denoting the median across these correlations.
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Figure A.12: E�ect of O�cer Characteristics on O�cer E�ects for Additional Outcomes
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Note: Figure displays the coe�cients of the e�ect of o�cer characteristics on o�cer e�ects (recovered by estimating equation (1)) for additional

outcomes, which are the results of estimating equation (4). All estimates are scaled by the mean of the outcome. Each smaller point is an estimate

from the 10 2-year period samples, the bars are the median of these estimates, and the lines span the minimum and maximum of the estimates,

while the larger points denote the estimate of the stacked regressions using all years.73



Figure A.13: Standard Deviations of O�cer E�ects by Demographics
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Note: Figure displays the KSS bias corrected standard deviations of o�cer e�ects estimated by equation (1) on subsamples of the data which

restrict to the relevant demographic group. All estimates are scaled by the mean of the outcome. Each smaller point is an estimate from the 10

2-year period samples, the bars are the median of these estimates, and the lines span the minimum and maximum of the estimates. The vertical

lines correspond to the median standard deviation of the o�cer e�ects in the pooled sample.74



Figure A.14: Approximation of Number of Crimes Permitted (Prevented) by 1 SD Increase
(Decrease) in Single O�cer E�ect over 100 Shifts
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Note: Figure displays the KSS bias corrected standard deviations of team e�ects (�), recovered by estimating equation (6) for each crime type and

across di�erent specifications, with each estimate being divided by 59 (the average team size) and multiplied by 100 and by 9 (2 for 4-hour and

1 for 8-hour) to provide an approximation of how many more crimes would be reported (prevented) if one o�cer’s crime e�ect were increased

(decreased) by 1 SD over the course of 100 shifts. Main specifications are at the district-hour level with controls for year-district-day of week-8

hour period interacted with either month or quarter, while 4-Hour and 8-Hour aggregate the data to 4 and 8-hour periods using the same level of

controls interacted with quarter. Each point represents an estimate recovered from one of four sample periods each 2.75 years long, and bars denote

the median of these estimates. Values of zero indicate that the bias correction produced a zero or negative variance for team e�ects. Note that

if the covariance between o�cer e�ects on teams is relatively large in magnitude compared with the variance across o�cers, then this is a poor

approximation.
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Figure A.15: Cross-Crime Correlation in Team E�ects
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Note: Figure displays the KSS bias corrected correlations between team e�ects (�) on crime for a subset of crime types. Estimates of team e�ects

recovered from estimating equation (6) on four 2.75 year samples, and the bars denoting the median of these estimates. All outcomes used were

scaled at per 100,000 population. Main specifications are at the district-hour level with controls for year-district-day of week-8 hour period interacted

with either month or quarter.
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Figure A.16: Decomposing Team E�ects on Crime into Arrests and Uncleared Crimes
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Note: Figure displays the KSS bias corrected variance and covariances for team e�ects (�) for the components of total crime (arrests and uncleared

crimes) scaled by the overall variance in team e�ects on crime. Estimates of team e�ects recovered from estimating equation (6) on four 2.75 year

samples, and the bars denoting the median of these estimates. All outcomes used were scaled at per 100,000 population. Main specifications are at

the district-hour level with controls for year-district-day of week-8 hour period interacted with either month or quarter, while 4-Hour and 8-Hour

aggregate the data to 4 and 8-hour periods using the same level of controls interacted with quarter. Variance components can be negative due to

bias correction.
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Figure A.17: Influence of Teams on 911 Calls
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Note: Figure displays the KSS bias corrected standard deviations (left panel) and variance (right panel) of team e�ects (�) for 911 call outcomes

(y-axis), scaled by the mean of the outcome and by the overall variance of the outcome, respectively. Team e�ects were estimated using equation

(6), and each point corresponds to one of four 2.75 year samples, while the bars denote the median of these estimates, and the colors correspond

to whether or not the calls included in the outcome included reporting calls. Zero or negative values reflects plug-in estimates being entirely

attributable to bias.
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Figure A.18: Correlation between Team E�ects on 911 Calls and Crime
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Note: Figure displays KSS bias corrected correlations between team e�ects (�) for crime outcomes and 911 call outcomes (y-axis), with estimates of

team e�ects recovered from estimating equation (6) on four 2.75 year samples, and the bars denoting the median of these estimates. Values can

exceed -1 or 1 due to bias correction.
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Table A.1: Pruning and KSS Statistics for Crime E�ects

Spec Type Date Controls Sample Period Initial Obs Final Obs
Share Obs

Remaining

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

Beat + Spec O�cer Year x Quarter x District x Watch x DoW 1 577766 577347 0.9993

O�cer + Sgt Year x Quarter x District x Watch x DoW 1 577766 577726 0.9999

Pooled O�cer Year x Month x District x Watch x DoW 1 577766 577726 0.9999

Pooled O�cer Year x Quarter x District x Watch x DoW 1 577766 577726 0.9999

Regular + Tactical O�cer Year x Quarter x District x Watch x DoW 1 577766 576234 0.9973

Beat + Spec O�cer Year x Quarter x District x Watch x DoW 2 492900 491650 0.9975

O�cer + Sgt Year x Quarter x District x Watch x DoW 2 492900 492149 0.9985

Pooled O�cer Year x Month x District x Watch x DoW 2 492900 492436 0.9991

Pooled O�cer Year x Quarter x District x Watch x DoW 2 492900 492436 0.9991

Regular + Tactical O�cer Year x Quarter x District x Watch x DoW 2 492900 491419 0.9970

Beat + Spec O�cer Year x Quarter x District x Watch x DoW 3 508397 507628 0.9985

O�cer + Sgt Year x Quarter x District x Watch x DoW 3 508397 508129 0.9995

Pooled O�cer Year x Month x District x Watch x DoW 3 508397 508129 0.9995

Pooled O�cer Year x Quarter x District x Watch x DoW 3 508397 508129 0.9995

Regular + Tactical O�cer Year x Quarter x District x Watch x DoW 3 508397 507713 0.9987

Beat + Spec O�cer Year x Quarter x District x Watch x DoW 4 506415 501596 0.9905

O�cer + Sgt Year x Quarter x District x Watch x DoW 4 506415 501860 0.9910

Pooled O�cer Year x Month x District x Watch x DoW 4 506415 501860 0.9910

Pooled O�cer Year x Quarter x District x Watch x DoW 4 506415 501860 0.9910

Regular + Tactical O�cer Year x Quarter x District x Watch x DoW 4 506415 498134 0.9836

Note: Table displays the results of the Bonhomme (2021) pruning algorithm on the crime data using di�erent date controls: year

x district x day of week-8 hour time period (watch) x month or quarter. Observations are at the district-day-hour level.
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B Appendix B: Additional Analyses

B.1 Testing for Violations of Internal Validity

To test for systematic violations of the calendar, we perform the following tests. First, if

o�cers cannot easily manipulate the calendar system, their outcomes should not relate to

calendar-related statistics, such as the number of days they work in the year, the share of

days they work in their main assignment, or their likelihood of working on the same date

in the following week. As a note, around 90% of observations involve o�cers working in

their most common (permanent) unit-watch in any given year, with the other 10% including

in-year unit transfers and any deviations due to departmental demands. If, for example, high

arrest o�cers preferred working more then we’d expect average arrest rates to relate to the

number of days they work or the amount of time they spend in other units. Similarly, if

o�cers can manipulate their schedules then it is possible that outcomes on a specific date

would be predictive of deviations in the future or the probability of working the same date

next week, both of which should be una�ected if the calendar binds. As shown in Panels

A-C in Figure B.2, no outcome has a significant relationship with the share of days an o�cer

spends in their main unit-watch, the total number of days they work, or their likelihood of

working the same day next week with or without assignment (unit-year-watch) fixed e�ects.

Other work on the CPD have done alternative tests to verify the calendar system is obeyed

in practice with positive results (e.g., Ba, Knox, et al. (2021), Ba, Bayer, et al. (2021),

Gudgeon, Jordan, and Kim (2023))— notably Gudgeon, Jordan, and Kim (2023) finds that

o�cers (the focus of this paper) do obey the calendar system and even lieutenants, to a lesser

extent, who have much more discretion are still strongly influenced by it.

Next we turn to concerns over assignment selection based on endogenous or match-specific

factors. While the main models will allow for o�cers to select into di�erent assignments

based on their fixed characteristics, threats to identification include movement between

assignments being a result of an exogenous shock in a systematic manner (e.g., a random
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positive shock to an o�cers’ complaints leads to them being more likely to move higher

complaint assignments) and match-specific e�ects (e.g., o�cers selecting specific assignments

based on o�cer-assignment benefits) (Card, Heining, and Kline (2013)). Focusing on the

latter issue, Panel D in Figure B.2 displays the relationship between o�cer outcomes and the

likelihood of working in the same GAB in the following shift, with a mean of around 70%.

As shown, compared with the overall likelihood of moving GABs, a specific outcome on a

given day has virtually zero relationship both with and without unit-year-watch fixed e�ects.

To test for match e�ects, I adapt the event study plot of Card, Heining, and Kline

(2013) to study the di�erences in outcomes of ‘movers’ between di�erent types of assignments.

Figure B.3 displays this event study for 3 years of the data and for nonindex arrests – a highly

discretionary but also frequent outcome. The plot displays the average changes in nonindex

arrests per shift experienced by o�cers moving between GABs as classified by the quantile (4

being the highest) of their nonindex arrests. If match e�ects are significant, we expect that

o�cers moving from a high arrest assignment to a low arrest assignment should experience

the a reduction in arrests as the gain in arrests experienced by an o�cer moving from a low

arrest assignment to a high arrest assignment. As shown in the figure, the reductions of 4-1

o�cers are similar to the gains of the 1-4 o�cers. Furthermore, the losses of going 4-2 is

larger than the gains of going 1-2, and opposite for 4-3 and 1-3. Second, we expect lateral

movements (to di�erent assignments of similar ranks in arrests) should result in no significant

changes in average arrests – and again, we see this is the case. Overall, these results suggest

that match e�ects are not of a first order concern.
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Figure B.1: Accuracy of Predicted Days On and O�
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Note: Figure displays the share of correctly predicted days on and days o� using based on projecting backward and forward the first 4 days on and

2 days o� (4-2) and 5-2 spells, with average correct predictions aggregated at the year-week level and each color denoting a di�erent year of data.

The horizontal line corresponds to the accuracy of a random set of days given the spell duration.
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Figure B.2: Deviations from Permanent Unit, Calendar, and Assignment
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Note: Figure displays the deviations from the operations calendar and steady assignment (GAB) following the occurrence of a specific outcome at

the over level. Points denote estimates with and without fixed e�ects and vertical lines denote 1 SD of the outcome.
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Figure B.3: Event Study of Changing Between GABs by GAB Quantile of Nonindex Arrests
on O�cer’s Nonindex Arrests
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Note: Figure displays an event-study plot of the change in o�cer’s average nonindex arrests among those who switch between assignments for 3

sample years. Assignments are classified into quantiles in terms of their average nonindex arrests per o�cer per shift, denoted by 1 through 4 (4

being the highest), and each line denotes a movement from either a 1st quantile or 4th quantile assignment to a 1st, 2nd, 3rd, or 4th quantile

assignment.
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