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ABSTRACT

Using recently digitized complaints made about Chicago police officers released
by the Citizen’s Police Data Project, I estimate the effect of police brutality on short-
term local crime. My empirical strategy uses conditionally random variation in the
timing and location of serious excessive force incidents within Chicago to identify the
causal relationship between these incidents and local crime. I also explore how this
relationship changes with proximity to where a brutality incident occurred, the race
of the victim, and the race of the offending officer. I find that, within a month after
a brutality incident occurred, the average incident is associated with a one percent
decrease in citywide violent crime. Within a community where an incident occurred,
however, there is a three percent increase in violent crime and a two percent increase
in total crime. Expanding out to the district, the total crime effect disappears, and
the violent crime effect diminishes to two percent but remains positive. I also find
that if the victim of a brutality incident is black, the community-level effect on violent
crime increased to four percent, the district-level effect on violent crime increased to
seven percent, and property crime increased by six percent at the district-level. If the
offending officer is white and the victim is black (a.k.a. if the incident is potentially
racially charged), there is a ten percent increase in total crime and an 18 percent
increase in property crime within a month after the incident, both at the community-
level.



INTRODUCTION

There is a growing sense that police brutality is getting worse in America
(McLaughlin, 2015). New names of brutality victims like Michael Brown, Tamir
Rice, Eric Garner, Walter Scott, and Freddie Gray appear in newspaper headlines
monthly.! The formation of groups like Black Lives Matter and protests reminiscent
of the civil rights era have made it clear that there is still tension between police and
minorities, and this tension may have unintended consequences.

A few months after Michael Brown’s murder, criminologists noticed an increase
in homicide rates in major U.S. cities; news outlets quickly popularized the idea that
Brown’s death caused the uptick in murders (cf. Mac Donald, 2016abc; Lopez, 2016;
Gold, 2015). This informal theory became known as the “Ferguson Effect” (Mac
Donald, 2015). Chicago’s mayor, Rahm Emmanuel, has proposed an explanation for
the supposed Ferguson Effect. Emmanuel claims that the scrutiny society placed
on police after Michael Brown’s murder has caused officers to pull “back from the
ability to interdict... [because| they don’t want to be a news story themselves” and
because “they don’t want their career ended early” (Byrne, 2015). Furthermore,

Emmanuel believes that “we have allowed our police department to get fetal, and it

'Michael Brown, an 18-year-old black teen, was shot to death by a white officer on August
9, 2014, in Ferguson, Missouri. Brown’s death caused unrest and protests in multiple U.S. cities
(McLaughlin, 2014). Tamir Rice, a 12-year-old black boy, was shot to death by a white officer
for possession of a toy pistol on November 25, 2014, in Cleveland, Ohio (Dewan & Oppel, 2015).
Eric Garner, a 43-year-old black man, was choked to death by a white officer on suspicion that he
was selling cigarettes illegally on July 17, 2014, in Staten Island, New York (Baker et al., 2015).
Walter Scott, a 50-year-old black man, was shot to death by a white officer for reportedly stealing
an officer’s Taser (a claim that was contradicted by video evidence) on April 4, 2015, in North
Charleston, South Carolina (Schmidt & Apuzzo, 2015). Freddie Gray, a 25-year-old black man, died
from spinal injuries he sustained during a forceful arrest on April 25, 2015, in Baltimore, Maryland
(Graham, 2015).



2

is having a direct consequence” (Agrawal, 2015). If brutality incidents cause police
to become timid, the expected costs of crime will fall. It is also possible that police
brutality incidents incite social unrest, which manifests as criminal retaliation. Like
the Ferguson effect, this should increase crime, ceteris paribus. On the other hand,
after a brutality incident, some potential criminals may be deterred from committing
crimes because they become more cognizant of the risk of a brutal police reaction.
Because the direction of the overall effect is theoretically ambiguous, the relationship
between police brutality and crime is ultimately an empirical question.

Using officer complaint data on brutality incidents in Chicago, I estimate the
relationship between police brutality and crime by exploiting the temporal and spatial
variation of these incidents. First, I estimate the effect of brutality on citywide crime
by comparing crime rates shortly before and after an incident. Second, I estimate
whether the effect depends on proximity to the brutality incident by estimating the
effect on the surrounding community and district. Finally, I determine whether these
effects vary by the race composition of the victim and officer.

Results suggest that, within a month after the average brutality incident
occurred, violent crime decreases by one percent. Within a community where an
incident occurred, however, there is a three percent increase in violent crime and a
two percent increase in total crime. Expanding out to the district, the total crime
effect disappears, and the violent crime effect diminishes to two percent but remains
positive. I also find that if the victim of a brutality incident is black, the community-
level effect on violent crime increases to four percent, the district-level effect on violent
crime increases to seven percent, and property crime increases by six percent at the
district-level. If the offending officer is white and the victim is black (a.k.a. if the

incident is potentially racially charged), there is a ten percent increase in total crime
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and an 18 percent increase in property crime within a month of the incident, both at

the community-level.
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REVIEW OF LITERATURE

Becker (1968) originated the idea that, even in the context of committing crime,
people weigh the expected costs and benefits of their actions. Though there are
multiple reasons to believe that the costs and benefits associated with criminal
behavior change after a police brutality incident, only Pyrooz et al. (2016) and Shi
(2009) have examined the causal relationship between police brutality and crime.! Shi
(2009) finds evidence that a 2001 police shooting (and subsequent riot) in Cincinnati
increased crime rates through reduced policing effort. Pyrooz et al. (2016) use fixed
and random effects models to estimate the effect of the Michael Brown shooting
on crime trends in major U.S. cities and, unlike Shi, they do not find a significant
relationship. While Shi (2009) and Pyrooz et al. (2016) address relevant and crucial
issues, they only analyze a single brutality incident, which makes it difficult to rule
out that other concurrent events confound their estimates.?

I circumvent each of these issues by using daily crime data and exploiting 49
serious excessive force incidents. With high-frequency crime data, I can estimate
the average effect of brutality incidents on crime in the following day or week.
Furthermore, by including various fixed effects, my empirical strategy allows me to
control for area-specific and time-specific heterogeneity that may otherwise bias my
results. Also, by including area-specific time trends I am able to control for changes
in community characteristics (i.e. population, racial composition, income, etc.) that

evolve at a constant rate. Lastly, given the geographic detail of the data, I can

! Additionally, Rosenfeld (2015) and Rosenfeld (2016) are two frequently referenced descriptive
studies that show an increase in homocide rates in Baltimore after Michael Brown’s murder.

2Also, Pyrooz et al. (2016) cannot estimate immediate shocks to crime (within the day or week
of the Brown shooting) because they use monthly crime rates. Furthermore, though they control
for seasonality with month fixed effects, Pyrooz et al. (2016) fail to control for time-specific shocks
(they omit season by year fixed effects) and region-specific shocks (they omit region fixed effects).
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examine whether the effect of brutality varies with proximity to the incident, which
previous studies have not been able to assess.

Racial inequity is another important concern related to police brutality. When
studying racial inequity, economists often care about the role of taste-based vs.
statistical discrimination. Taste-based discrimination refers to racial bias that is
motivated by an individual’s preferences. Statistical discrimination refers to racial
bias that is motivated by an individual’s attempt to use race as a proxy for other
characteristics.® The literature on whether taste-based or statistical discrimination is
more prevalent is inconclusive; depending on the context, some find that statistical
discrimination dominates (Ewens et al., 2014; Bertrand & Mullainathan, 2003; Baert
& De Pauw, 2014) while others find that statistical discrimination dominates (Anwar
& Fang, 2012; Fryer & Levitt, 2004). The subset of discrimination literature that
addresses crime and law enforcement primarily covers pull-over rates, sentencing,
and minority representation in police departments. In all three contexts, most
find evidence of racial discrimination and inequity. 4 Only Fryer (2016) analyzes
racial discrimination in police use of force. Fryer (2016) finds that, while officers
use non-lethal force disproportionately more on minorities, officers use lethal force

disproportionately less on minorities.”

3For example, a store owner who dislikes black people, and thus refuses to serve them exhibits
taste-based discrimination. But, if that store owner, based on past interactions, believes that black
people probably will not want his product, and thus refuses to serve them, he exhibits statistical
discrimination.

4Research focusing on pull-over rates generally finds that police disproportionately stop black
drivers (Norris et al., 1992; Dharmapala & Ross, 2004; Antonovics & Knight, 2009; Heaton, 2009).
Research focusing on sentencing generally find that minorities are not only more likely to receive
a sentence, but that they tend to receive longer sentences (Starr & Rehavi, 2012; Mustard, 2001;
Alesina & Ferrara, 2011; Amwar et al., 2010). Lastly, though legal changes have increased minority
representation in police departments (McCrary, 2007), there is evidence that additional minority
officers could reduce discrimination (Donohue & Levitt, 2001; West, 2015).

SFryers finding, that, conditional on pertinent factors, police officers are less likely to use lethal
force on minorities compared to whites, surprised many, including Fryer himself (Bui & Cox, 2016).
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Though Fryer (2016) analyzed racial bias in police use of force, there are other
important race-based questions that surround police brutality. If crime rates respond
to police brutality, do they respond differently by race of the victim or the officer?
In a society fraught with racial tension like the United States, different responses
could occur for a few reasons. Perhaps information about brutality incidents with
minority victims and white officers spread to more people because the media pays
more attention to them. Or, perhaps police departments change their law enforcement
strategies more after an officer brutalizes a minority. In this thesis, I examine the
evidence for differential effects of police brutality incidents by the race of the victim
and the officer by separately estimating the effect of all brutality incidents, black-

victim incidents, and black-victim-white-officer incidents.
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THEORETICAL JUSTIFICATION

In this paper, I attempt to causally identify the effect of police brutality incidents
on crime rates in Chicago. [ also hope to comment on whether the Ferguson
Effect is a property of all brutality incidents in Chicago, whether people retaliate in
response to police brutality in Chicago, or whether brutality is primarily a deterrent
to crime in Chicago. FEach of these potential effects has theoretical justification.
As I mentioned in the introduction, the Ferguson Effect predicts that officers will
reduce policing effort in response to scrutiny after a serious brutality incident. This
decreases the risk of committing a crime, which increases the incentive to commit
a crime. Retaliation, on the other hand, occurs because of frustration with police
misconduct. A Retaliation Effect could manifest as protests, riots, or other disruptive
behaviors. These retaliatory actions are associated with crimes like vandalism, public
disturbance, public indecency, and interfering with a public officer. Furthermore,
racial tension may stimulate racially charged retaliation to black-victim-white-officer
incidents. Lastly, brutality incidents may deter crime. Perhaps police brutality scares
potential criminals, leading them to believe the expected cost of being caught is higher
than before the brutality incident; this would reduce their incentive to commit crimes.
Also, this effect might be heterogeneous across types of crime, deterring crimes with
a high likelihood of encountering police the most. In the remainder of this section,
I will demonstrate that each of these potential effects are derivable within a utility

maximization framework.

The Ferguson Effect

To reiterate, the Ferguson Effect predicts that the expected cost of police

misconduct increases after a police brutality incident due to public scrutiny. If we
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assume, as in Shi (2009), that officer’s utility functions are increasing in their wage,
decreasing in the expected cost of making a mistake, decreasing in the policing effort,
and increasing in the number of arrests, then the following utility function sufficiently

represents officer preferences:
1
Usfficer(€) = w — A(e) 7 % (pp, ¥ M + p. * p; * pg * P) + R[A(e)] — 562,

where e is policing effort,w is wage, A(e) is the number of arrests as an increasing
function of e, r is the rate of officer misconduct, p,, is the probability that a particular
mistake gets media attention, M is the personal cost of a mistake getting media
attention, p. is the probability that there is a complaint filed against the officer, p;
is the probability that a complaint leads to an investigation, p, is the probability of
being found guilty of misconduct in an investigation, P is the cost of the punishment
itself, and R[A(e)] is an additional reward for arrests which is an increasing function
of arrests. Note that the final term, e?, implies that there is an increasing cost to
police effort for the officer. Also, unlike Shi (2009), I separate the potential costs of
misconduct into the personal cost of a news outlet publicizing the mistake and the
cost of the punishment the police department inflicts after an investigation.! The
terms p; * py * P and p,, * M are both elements of oversight that we expect to increase

after a brutality incident. The officer objective then is to maximize this function:

1
maXUJ—A(@)*7’*(pm*M+pc*pi*pg*P)+R[A(e)]_562‘

e

T separate these costs primarily because, even if there is no formal investigation, there are still
costs imposed on the officer if the media exposes his/her mistake or publicly inveighs him /her.
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To solve, derive the first order condition and solve for e to get

e=—A'(e)*rx (pm*x M + p. xp; xpy * P) + R'[A'(e)].

Assuming that the second-order condition for a maximum hold, this gives the optimal

level of e. Now derive the second-order condition
—A"(e) ® 1% (pm * M + pe* p; xpy x P) + R'[A"(e)] — 1 < 0.
Now we must take derivatives of the first order condition with respect to the two

oversight terms p; * p, x P and p,, * M.* This gives

Oe A(e) xr*p,
= <0
O(p; * py * P) —A"(€) %1 % (P % M + pe % p; * pg * P) + R'[A"(e)] — 1

and

Oe B Al(e) *r <0
O(py, x M) - —A"(€) %1 % (D * M +pe % p; * pg *x P) + R'[A"(e)] — 1 '

The denominators of both of these terms are equivalent to the second-order condition,
which means both denominators are negative. Further, the A(e) is increasing in e,
so the numerator is positive. Thus, both of these partial derivatives are negative,
meaning that an increase in oversight due to a brutality incident should decrease
policing effort. In turn, this affects criminal behavior by reducing the expected cost
of committing a crime. Mathematically, assume that a potential criminal’s utility

function is increasing in crime rents and decreasing in the likelihood of being arrested.

2Note that e is a function of the other parameters, though the generality of this utility function
does not allow me to solve for e(r, pm, M, pe, pi, g, P) explicitly.
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The following function represents these assumptions:

Upcriminal(c) = R<C) —C*Pa [A<€>] * S

Where c is the rate of committing crime, R(c) are the rents from a crime as a function
of ¢, pa[(A(e)] is the probability of being arrested, and S is the punishment if caught

committing a crime. The criminal’s maximization problem is the following:

max R(c) — cx pa[A(e)] x S.

C

The first order condition is

R'(c) — pa[A(e)] xS =

and the second-order condition is

R"(¢) < 0.

If we take the derivative of the first order condition with respect to policing effort e,

we get
dc  plh[A(e)] * S+ A'(e)

de R'(e) <0

The denominator is equivalent to the second-order condition, which means that it is
negative. Because the arrest rate A is an increasing function in the policing effort,
the entire partial derivative is negative. Thus, a marginal decrease in policing effort

increases the optimal crime rate.
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The Retaliation Effect

The Retaliation Effect is a criminal response to police brutality caused by
frustration. I model this by augmenting the rents from crime to include rents from
emotional release or being part of a cause. Thus, the following utility function can

represent potential criminal preferences:

Upcriminal(c) = R(C) +gxc—cx* pA[A(e)] * S

where the g represents the rate of return from retaliatory crime. Using comparative

statics, we can show that

dc g
8—9 = R”(C) > 0.

Thus, if a police brutality crime increases the return from retaliatory crime by making

retaliation cathartic, then crime rates should increase.

The Deterrence Effect

Lastly, the Deterrence Effect is the hypothesis that criminals perceive the
expected cost of punishment to be higher after a police brutality incident. Thus, the
parameter of interest is S. If we take the potential criminal maximization problem
again we have

max R(c) —cxpalA(e)] xS

with first order condition

R'(c) — palA(e)] * S = 0.
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If we assume the second-order conditions hold and solve for the marginal change of ¢

attributable to a change in S we get

dc  palAle)]
5~ R "V

If the second-order condition holds the denominator is negative. Because the
numerator is just a nonzero probability, we know ps € (0,1]. Thus, if this theory

holds, then a police brutality incident should decrease crime rates.
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DATA

In this thesis, I use three datasets: officer complaint data from the Citizen’s
Police Data Project, reported crime data from the City of Chicago, and community

level and district level demographic data from the U.S. Census Bureau.

Citizen’s Police Data Project (CPDP)

The CPDP dataset includes information about over 56,000 complaints against
Chicago Police officers, from 2002-2008 and 2011-2015.1 For each complaint, the
CPDP data include the type of misconduct, an incident identification number, the
incident date, the investigation start date,? the name of the chief investigator who
was assigned the complaint, the name of the officer who was accused of misconduct,
the age and race of the complainant,® and, occasionally, the investigation and police

board hearing reports*

T restrict my analysis to 2011-2015 because of the gap in the complaints data. The CPDP claim
that these data include all information about police misconduct that the Chicago Police Department
have released to the public.These data also incorporate the Bond and Moore datasets. The Bond
dataset lists the 662 Chicago Police officers who received more than ten complaints between May
2001 and May 2006. The Moore dataset contains information about the 185 officers who received
more than five excessive force complaints between May 2001 and May 2006.

2The Independent Police Review Board Authority (IPRA) investigates each complaint made
against an officer. Chicago instituted the IPRA to replace the Office of Professional Standards in
2007 “in response to concerns about how allegations of police misconduct were being investigated”
(City of Chicago).

3Tt is important to note that in the racial analysis, I use race of complainant as a proxy for race
of the victim. I do this because the CPDP data report race of the complainant for every incident
I exploit. Furthermore, in the subsample of complaints where information about the race of victim
is available, whether the complainant is black and the victim is black have a simple correlation
coeflicient of .752. Though I do not include with this correlation in this thesis, I can produce such
information upon request

4To access the the investigation report and the police board hearing report they must be
requested. After a report has been requested, the CPDP make the report available on their website.
These reports contain detailed characteristics about the victim in the incident. I have requested
reports for the 55 excessive force complaints since 2011 for which the investigations have been
sustained, but the data is not yet available.
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The CPDP data include over 9,600 excessive force complaints. Based on results
from complaint investigations, the CPDP divides complaints into five categories:
unfounded, exonerated, not sustained, sustained, and disciplined.® Unfounded means
that the investigator found the complaint to be fallacious; exonerated means that the
investigator found that the officer’s actions were appropriate; not sustained means
that the investigator found that the evidence was insufficient to pass judgment on
the complaint; sustained means that the investigator found evidence for disciplinary
action, and disciplined means that the officer was reprimanded, suspended, or
separated from the department. I call an excessive force incident “serious” if its
investigation was sustained or if the officer was disciplined.® Thus defined, there are
123 serious incidents, 55 of which occur from 2011 through 2015. I drop an additional
six incidents for idiosyncratic reasons’; this thesis focuses on analyzing the effects of
these 49 incidents.

These data allow me to track down when and where these serious incidents
occurred. Thus, I exploit their timing and location to causally identify their effects
on local crime rates. Figures 4.1-4.4 show the distribution of excessive force cases
over space by race of victim and officer.

With the CPDP data, there are a few potential sources of bias. As with any
dataset, these data contain minor entry errors,® which, assuming they are random,

will attenuate my coefficient estimates. A more serious problem would be if the

SThere is a sixth category entitled “other,” on which the CPDP do not elaborate. I reached out
to them about this but they have yet to respond.

6T call the sustained and disciplined incidents serious because the IPRA found them worthy of
a close investigation. If the police protect their own (cf. Chin & Wells, 1997; Skolnick, 2002), this
categorization is likely to underestimate the number of severe incidents and attenuate my estimates.

I drop six serious brutality cases because either they occur outside of Chicago or there was
relevant data missing about the incident that I could not find.

80n their website, the CPDP show an investigation end date that was inaccurate on their site
that had to be corrected. Though they spotted this particular error, this exemplifies that type of
mistakes that may exist in the data.
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serious brutality incidents in these data are not representative. This would be the
case if there were serious brutality incidents that no one complained about. It would
be difficult to rule this out explicitly, but underreporting should bias my estimates

toward zero, making them conservative.

City of Chicago Crime Data

The City of Chicago crime data include reported crimes that occurred in Chicago
from 2001 to 2016,° containing over six million crimes. The data contain 22 variables
for each crime including an incident identification number, the date of the crime,
multiple measures of the location of the crime, the type of crime committed, a
description of what occurred, and whether or not there was an arrest. The data
do not include race of the perpetrator or victim.!®

These data are subject to misreporting, which may affect the results. Misre-
porting will bias my estimates if brutality incidents systematically affect society’s
tendency to report crimes. For instance, if people distrust the police after a brutality
case, then they may be less likely to complain. This would overstate any negative
effects I find and understate any positive effects. Because I cannot measure this, it is

worth keeping in mind when interpreting my results.!!

9T drop all reported crime data from 2001 to 2011 because the excessive force data had a gap
between 2008 and 2011.

10That I cannot access the race of the perpetrator or victim is limiting because I cannot analyze
the effect of brutality incidents on minority crime rates and compare to effects on white crime rates.
It is reasonable to think that these cases would affect racial minorities differently, which means a
more thorough racial analysis would be a good extension of this thesis.

"1 Though these data are an attempt at a comprehensive crime dataset over a 15 year period, the
disclaimer on the site admits that

These crimes may be based upon preliminary information supplied to the Police
Department by the reporting parties that have not been verified. The preliminary crime
classifications may be changed at a later date based upon additional investigation and
there is always the possibility of mechanical or human error. Therefore, the Chicago
Police Department does not guarantee (either expressed or implied) the accuracy,
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Census Data

I use census data to examine community characteristics. These include median
income, proportion of residents who graduated high school, poverty rate, proportion
of residents who graduated college, number of residents who are black, number
of residents who are hispanic, and number of residents who are white. The
Census Bureau does not collect these data every year, so I linearly interpolate (and
extrapolate) them to fill in all missing years from 2011-2015. See Panel B of Table

4.1 for a summary of these variables.

completeness, timeliness, or correct sequencing of the information and the information
should not be used for comparison purposes over time. (City of Chicago Website)
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Table 4.1: Community Summary Statistics

Mean Min Max
Panel A: Daily Crimes
Violent Crime 3.89 0 48
Total Crime 13.89 0 517
Property Crime 4.69 0 47
Assault 0.84 0 15
Homocide 0.02 0 6
Theft 2.89 0 45

Mean Min Max
Panel B: Demographic Characteristics
Total Population 36,045 2,550 117,527
Black Population 11,994 19 105,369
Hispanic Population 10,280 12 75,613
White Population 11,335 6 76,134
Median Income 51,274 10,896 99,333
Poverty Rate 0.23 0.01 0.6
Fraction High School Grad 0.78 0.37 1
Fraction College Grad 0.27 0.03 0.88
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Figure 4.1: Map of All Excessive Force Incidents From 2002 to 2015

Note: This map depicts the locational variation of the 9608 excessive force incidents
that occurred in Chicago from 2002 to 2008 and 2011 to 2015 in the CPDP data.
Red areas had the most incidents, yellow and green areas have had an intermediate
number of incidents, and blue areas have had the least number of incidents.
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Figure 4.2: Map of All Serious Incidents From 2011 to 2015

Note: This map depicts the locational variation of the 55 serious excessive force
incidents that occurred in Chicago from 2011 to 2015 in the CPDP data. Red areas
had the most incidents, yellow and green areas have had an intermediate number of
incidents, and blue areas have had the least number of incidents.
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Figure 4.3: Map of All Serious BV Incidents From 2011 to 2015

Note: This map depicts the locational variation of the seven serious excessive force
incidents where the complainant was black that occurred in Chicago from 2011 to
2015 in the CPDP data. Red areas had the most incidents, yellow and green areas
have had an intermediate number of incidents, and blue areas have had the least
number of incidents.
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Figure 4.4: Map of All Serious BVWO Incidents From 2011 to 2015

Note: This map depicts the locational variation of the four serious excessive force
incidents where the complainant was black and the officer was white that occurred
in Chicago from 2011 to 2015 in the CPDP data. Red areas had the most incidents,
yellow and green areas have had an intermediate number of incidents, and blue areas
have had the least number of incidents.
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EMPIRICAL STRATEGY

In this paper, I use a series of fixed effects models to estimate the effects of
police brutality incidents on crime. I estimate this relationship at the city-level, the
community level, and at the district level. I hope to capture both the effect on crime
attributable to being within a specific number of days after a brutality incident and the
effect on crime of being a particular distance away from where the incident occurred.
At the city-level, my strategy amounts to a repeated simple difference model. At
the community level and district level, it amounts to a difference-in-difference (DD)
model.

For causal identification, these models assume that the timing of serious brutality
incidents are conditionally random. In other words, it is important that, conditional
on controls and fixed effects, police brutality incidents are not predictable in such
a way that will people will systematically change their behavior leading up to an
incident. To rule out that people can predict these incidents, I estimate the causal
effect of being before a brutality incident on crime as well. Additionally, one may
worry that estimated changes in crime following a brutality incident may be predicted
by preexisting trends. To deal with this, I control for community-specific and district-

specific trends.

Three Models

City-Wide Model

The city-wide model estimates the average effect of brutality incidents on
Chicago crime by taking the mean difference between the average per-day, per-

community number of crimes before and after a brutality incident (a.k.a. a repeated
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simple difference). The specific model I estimate is

Ciawmy = Bo + 0 A fterbrut gumy + XiyB + 1i + 2y + Uy + €iduwmy- (5.1)

In this equation, Cjgymy represents the number of crimes (i.e. violent crimes, property
crimes, etc.) that occurred in community ¢ on day d in week w in month m in year
y. The variable of interest Afterbrut is a dummy that is equal to one if the date
is within thirty days after a serious brutality incident occurred. The variable X,
represents a vector of year-varying community characteristics including the median
income, percent of residents who graduated highschool, the percent of black residents,
the percent of white residents, and the percent of hispanic residents. Additionally,
I include various fixed effects to control for community specific or time specific
heterogeneity that may be correlated with when a brutality incident occurred and
the crime rate. Specifically, u; represents a community fixed effect, z, represents a
week fixed effect, and wu, represents a year fixed effect. For the sake of transparency,
I estimate this model in stages, first without fixed effects, then with community level
fixed effects, and finally with month and year fixed effects.

Becaue my outcome variable is a count of daily crimes, I estimate equation 5.1
using a Poisson model. Thus, ¢ represents the percent change in the daily number of

crimes per community within a month after a serious brutality incident occurred.?

Proxiity Model

The proximity model estimates the average effect of brutality incidents on crime
within the region (community or district) they occur by comparing affected regions to

others where no incident occurred. The model does this by comparing the difference

! Additionally, I estimate each of these models using OLS and include the results in appendix
tables.
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in the number of crimes committed before and after an incident within an affected
region to the difference in the number of crimes committed before and after an incident
within unaffected region (a.k.a. a difference-in-difference). The specific model I

estimate is

Cidwmy = Bo + 0A fterbrut;qumy + XiyB + i + 2w + Uy + €idguwmy- (5.2)

The only difference between equation 5.1 and equation 5.2 is the ¢ subscript on the
variable of interest. Unlike the city-wide model, the proximity model assumes that
an incident only affects the region in which it occurred, so whether Afterbrut is one
depends on the region. Because the treatment varies at the region level in this model,
I also include month-by-year fixed effects, region-specific linear trends, and region-
specific quadratic trends to control for sharp within-year shocks and predictable

changes by region.?

City-Wide Race Model

The race model attempts to determine whether the effect of police brutality
on crime varies with officer or victim race. To get at this, I re-estimate the city-
wide model and separate the incidents into the various race combinations and include

variables of interest for all of them. The specific model I estimate is

Cidgwmy = Bo + 01Blackvicgymy + d2Blackvicgymy ¥ Whiteof fawmy

+ 030therbrut gymy + XiyB + i + 20w + Uy + €igwmy-  (5.3)

2For the remainder my models I include the same progression of fixed effects.



25

This model® estimates the effects on crime of being within some specified number
of days from brutality events allowing effects to differ by the race of officer and victim.
Thus, Blackvicgym, is a dummy variable that is one if it is within thirty days of a
brutality incident where the victim was black. Similarly, Whiteof faumy is a dummy
variable that is one if it is within thirty days of a brutality incident where the officer
was white. When I interact Blackvic and Whiteof f 1 get a variable that is one only
when it is within thirty days of a brutality incident where the victim was black and
the officer was white (a.k.a. potentially racially charged incidents). The coefficients
01 and do can be interpreted as the causal effect of black victim incidents and the
additional effect of adding a white officer to those incidents. I also control for the

effect of all other brutality incidents so that I can isolate the race effects.*

Proximity Race Model

This combines the proximity model and the race model by allowing each brutality

incident only to affect the region where it occured. The model is the following:

Cidgwmy = Bo + 01Blackvic,qymy + 02 Blackvic;quymy * Whiteof figuwmy

+ 830therbrut;qumy + XiyB + i + 2w + Uy + €igwmy-  (5.4)

The only difference between equation 5.3 and equation 5.4 is the 7 subscript on the

variables of interest.

31 don’t actually include estimates of this model in this thesis, but I explain the model because
it logically precedes the final model, the proximity race model.

4Unfortunately, my measure of victim race is not perfect. The Citizens Police Data Project has
data on the race of the person who complains about the brutality event, usually not the actual
victim. I argue that this is a reasonable proxy because often the victim is the complainer or a
family member of the complainer or a friend of the complainer. The race of a person and any family
member is highly correlated, though this correlation is weaker for friends. Further, there is data on
the race of the victim for some of the incidents, but not most.
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RESULTS

City-Wide Model

The first column of Table 6.1 presents Poisson estimates of the relationship
between being within a month after a brutality incident and the number of daily
crimes. Without controlling for any time-specific or community-specific heterogeneity,
being within a month after a brutality incident is associated with a 14 percent increase
in total crimes per day, an eight percent increase in violent crimes per day, a 19
percent increase in property crimes per day, and a 15 percent increase in the number
of arrests per day (all significant at the one percent level). In columns two through
six of Table 6.1 I add various fixed effects. The specification of choice includes fixed
effects for community, week, and year because crime rates vary widely both between
communities and across time. The estimates from this specification are presented
in column three. They suggest that within a month after a brutality incident, the
number of daily violent crimes decreases by one percent (significant at the one percent
level). This suggests that, though a naive model is consistent with speculation that
brutality incidents cause crime to increase, these incidents may decrease violent crime
on net. This also suggests that the effect of police brutality is heterogeneous across

crimes because not all crimes were deterred.

Within Community Model

The first column of Table 6.2 presents the Poisson estimates of the relationship
between being within a community where a brutality incident occurred less than a
month ago on the number of daily crimes relative to other communities. Without any

fixed effects, being within an affected community within a month after an incident
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is associated with a five percent decrease in the number of arrests (significant at
the one percent level). When I include community fixed effects, week fixed effects
month-by-year fixed effects, and linear trends, brutality incidents are associated with
a three percent increase in violent crime (significant at the five percent level). There
is weaker evidence that these incidents cause a 1.5 percent increase in total crime
and a three percent increase in property crime (both significant at the ten percent
level). Because statistically significant effects on violent crime only appear with the
inclusion of trends, I specify both linear and quadratic trends to verify that this result
is not purely driven by a misspecification of trends. The positive effect of brutality

on violent crime is robust to both trend specifications.

Within District Model

Table 6.5 presents the Poisson estimates of the relationship between being
within a district where a brutality incident occurred less than a month ago on the
number of daily crimes relative to other districts. Without any fixed effects, being
within an affected district within a month after an incident is associated with a five
percent increase in the number of total crime and violent crime as well as a seven
percent increase in property crime (all significant at the five percent level). When I
include district fixed effects, week fixed effects month-by-year fixed effects, and linear
trends, brutality incidents are associated with a two percent increase in violent crime
(significant at the five percent level). This effect is robust to including linear or

quadratic trends in the model.
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Race-Specific Effects

Within Community Effects

Table 6.3 presents the Poisson estimates of the relationship between being within
a community where a black-victim brutality incident occurred less than a month ago
on the number of daily crimes relative to other communities.! Without any fixed
effects, there is no significant relationship between these incidents and crime. But,
with community fixed effects, week fixed effects, month-by-year fixed effects, and
community-specific linear trends, being within a month after a black-victim brutality
incident in an affected community is associated with a four percent increase in the
number of violent crimes (significant at the five percent level). This suggests that
there is evidence for a local Ferguson or retaliation effect when the victim of police
brutality is black. This effect is robust to including linear or quadratic trends in the
model.

Table 6.4 presents the additional effect of black victim incidents on crime if the
officer is white.?2 When I include community fixed effects, week fixed effects, month-
by-year fixed effects, and community-specific linear trends, being within a month after
a black-victim-white-officer incident (a.k.a. a potentially racially charged incident) in
an affected community is associated with an additional nine percent increase in total
crimes (significant at the one percent level), and an additional 18 percent increase in
property crimes (significant at the 1 percent level). There is also some evidence of an
additional 5-7 percent increase in violent crime, but these results are not robust to

both types of trends.

!Though it is not mentioned on the table, I also control for days that are within a month after
other brutality incidents as well, so as not to confound my estimates with other treatment periods.

2Tt is important to note that there are only four brutality incidents where the victim is white, and
the officer is black where the officer was punished in these data. Future work would integrate more
potentially racially charged brutality incidents and see whether these results are substantiated.
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Within-District Effects

Table 6.6 presents the Poisson estimates of the relationship between being within
a district where a black-victim brutality incident occurred less than a month ago on
the number of daily crimes relative to other districts.> Without any fixed effects,
there is a large positive relationship between being within a month after a brutality
incident and total crime, violent crime, crimes against officers, and arrests (between
25 and 100 percent increases). With district fixed effects, week fixed effects, month-
by-year fixed effects, and district-specific linear trends, being within a month after a
black-victim brutality incident in an affected district is associated with a six percent
increase in the number of violent crimes (significant at the five percent level) and a
five percent increase in the number of property crimes. There is also evidence that
these incidents increase total crime by five percent, though the result goes away with
quadratic trends. Lastly, there is weak evidence that the number of arrests goes up
by eight percent just after a brutality incident (significant at the 10 percent level).
This suggests that there is evidence for a local Ferguson or retaliation effect when the
victim of police brutality is black.

Table 6.7 presents the additional effect of black victim incidents on crime if the
officer is white.* When I include district fixed effects, week fixed effects, month-by-
year fixed effects, and district-specific linear trends, being within a month after a
black-victim-white-officer incident (a.k.a. a potentially racially charged incident) in
an affected district is associated with an additional eight percent increase in property

crimes (significant at the five percent level).

3Though it is not mentioned on the table, I also control for days that are within a month after
other brutality incidents as well, so as not to confound my estimates with other treatment periods.

41t is important to note that there are only four brutality incidents where the victim is white, and
the officer is black where the officer was punished in these data. Future work would integrate more
potentially racially charged brutality incidents and see whether these results are substantiated.
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ROBUSTNESS AND PERSISTENCE

Falsification

In each of my models, I included gambling as an outcome variable to provide
evidence that my estimates are not spurious. Such a falsification test assumes that
police brutality incidents will not causally affect the rate of illegal gambling, which is
reasonable if the mechanisms through which police brutality affects crime are limited
to the Ferguson effect, retaliation effect, and deterrence effect.! In each preferred
regression, the change in the number of gambling incidents is not statistically different
from zero (for Poisson and OLS), which suggests that my main regression results are

not spurious.

Can People Predict Brutality Incidents?

If officers and potential criminals can predict brutality incidents and, thus,
systematically alter their behavior before an incident, this will confound my estimates
of the effect of police brutality incidents on crime. To assess the evidence that these
incidents are predictable, I present estimates of the relationship between being within
a community in which a black-victim-white-officer brutality incident is going to occur
in one month, two months, or three months (see column six in Tables 7.1 — 7.3). I
do this by adding lead variables to the proximity race model. I only analyze leads for
total crime (Table 7.1) and property crime (Table 7.3), the only two types of crime

that were significantly affected by black-victim-white-officer incidents in the main

1One concern is that police brutality incidents influence where officers patrol (Shi, 2009). For
instance, after a brutality incident, police departments may order officers to patrol dangerous areas
less to avoid another incident. If these dangerous areas are systematically near, or far away from
areas that are prone to gambling violations, we may expect an effect on gambling.
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specifications (lead estimates for violent crime are presented in column six of Table
7.2).

The first three estimates in column six of Table 7.1 show that being three, two,
or one month before a racially charged brutality incident in a community where an
incident occurred is not significantly related to total crime. But, being two months
before an incident is associated with a 3.1 percent decrease in daily crime relative to
other communities. Thus, the leads provide evidence that the race model is estimating
the true effect of police brutality on total crime.

Similarly, the first three estimates in column six of Table 7.2 show that being
three, two, or one month before a racially charged brutality incident in a community
where an incident occurred is not significantly related to property crime. Similar
to total crime, because none of the lead terms are significant, they do not provide

evidence that people could predict brutality incidents and respond accordingly.

Persistence

To estimate the persistence of the effect of racially charged incidents, I also
include lag terms that capture the effect of being two or three months after an incident
within an affected community. I present these estimates in the first six columns of
Tables 7.1 — 7.3. As with the leads, I only estimate the lagged effect on total crime
and property crime, the only types of crime that were significantly affected by racially
charged brutality incidents.

As presented in the first column of Table 7.1, there is no significant relationship
between being a month, two months, or three months after a racially charged brutality
incident and local crime when I exclude all fixed effects. In the specification of choice,
presented in column five, being within a month after a racially charged brutality

incident is associated with an eight percent increase in total crimes and being in
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the second month after an incident is associated with a four percent decrease in
total crimes, relative to other communities (both significant at the one percent level).
This suggests that potentially racially charged police brutality incidents may initially
increase local crime, but that this spike in crime is displaced from the following month.

In the first column of Table 7.3, as with total crime, there is no significant
relationship between being a month, two months, or three months after a racially
charged brutality incident and local crime when I exclude all fixed effects. In the
specification of choice, presented in column six, being within a month after a racially
charged incident is associated with a 17 percent increase in property crimes relative
to other communities. The effect then falls effectively to zero two months and three
months after the incident. This suggests that there is a sharp and transient effect of

these incidents on property crime.
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MECHANISMS

Though I cannot identify the underlying mechanisms, each theory I mentioned
in chapter three! predicts that police brutality incidents will affect crime and arrest
rates differently. In this section, I explain the empirical results each theory predicts

and compare with the results from this thesis.

Empirical Predictions and Potential Mechanisms

Recall that if there is a Ferguson effect, then, in general, crime rates should
increase because officers exert less policing effort. But what about arrest rates? If
brutality incidents simultaneously cause a decrease in arrest rates and increase in
crime rates, this provides evidence that officers reduced their policing effort which
caused crime rates to spike (Shi, 2009). This conclusion relies on the assumption
that arrest rates increase in policing effort. Naturally, arrest rates also increase in
the number of crimes committed, which suggests that if arrest rates stay constant
and crimes increase that there is weak evidence for a Ferguson effect. Thus, requiring
that the effect on arrest rates be negative to support a Ferguson effect theory is a
conservative restriction.

Like the Ferguson effect, the retaliation effect predicts that that police brutality
incidents will increase crime, but by inciting crimes of frustration instead of reducing
the expected cost of committing a crime. Retaliation can manifest as riot-related
crimes, the majority of which are property crimes, or crimes against police officers.

Furthermore, pure retaliation predicts an increase in arrest rates. All else equal, if

'Recall that I am interested in the Ferguson effect, retaliation effect, and deterrence effect, as
explained in chapter three.
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police brutality incidents incite more crime, then, so long as the arrest rates for the
types of crime that increase are not zero, then arrests should increase as well.
Unlike the other two effects, the deterrence effect predicts that police brutality
incidents will scare marginal criminals and reduce crime. Like the retaliation effect, a
pure deterrence effect would change potential criminal behavior, not police behavior.
Thus, I expect arrest rates to decrease with crime rates if brutality incidents deter

crime.

Comparing Results with Predictions

In this thesis, I find results consistent with all three potential mechanisms.
Results from the city-wide model suggest that brutality incidents decrease violent
crimes. This finding is consistent with a pure deterrence effect on violent crime.
But, when I estimate the proximity models, the results at both the community and
district levels suggest that black-victim incidents cause an increase in property crime
and do not alter the arrest rate. These results are most consistent with a retaliation
effect because, in theory, if property crime increases, officers would need to reduce
policing efforts to keep arrest rates the same. But, because the estimate of the
effect on arrest rates is non-negative and relatively imprecise, it is difficult to infer
anything from it. Lastly, the proximity race models also suggest that black-victim-
white-officer (racially charged) incidents increase property crime while leaving arrest
rates unchanged. This is most consistent with the retaliation effect because riot-
related crimes are disproportionately property crimes, but because these incidents

appear not to affect arrest rates, it is hard to distinguish this from a Ferguson effect.
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CONCLUSION

Recent high-profile police brutality incidents have shocked the nation and shifted
our attention to the causes and consequences of police misconduct. Furthermore,
the most salient of these brutality incidents were committed by white officers who
brutalized black men. In this thesis, I attempted to answer two crucial questions
about one aspect of this issue: how do police brutality incidents effect local crime
and do these effects vary by the race of the officer and victim? To do this, I estimated
the causal effect of serious excessive force incidents on crime rates in Chicago. My
results suggest that the average police brutality incident both deters violent crime
across Chicago and increases local crime in the community and district in which it
occurred. When I focus on the effect of brutality incidents where the victim is black,
increases in local crime become more pronounced. Lastly, I find that local crime
increases even more after a potentially racially charged incident (black victim and
white officer). These results are consistent with th notion that potentially racially
charged incidents are felt more strongly because they cause officers to reduce policing

effort or incite retaliatory crime.
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