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Abstract

Scholarship on police violence has focused on identifying cognitive and psychological
causes of implicit bias among police officers. This research strategy poses both analytic and
policy problems. The theory of disparate exposure provides an alternative explanation for
racial inequalities in police violence. I develop this theory, then test it using an interrupted
time series from New York City. A sudden procedural change reduced the exposure of black
civilians to casual stops without changing the personnel, implicit bias, or other qualities of
the NYPD. Exposure reductions eliminated around 40 incidents of using force against African
Americans per day in a 100-day bandwidth; estimates on the full data set show a reduction of
185 uses of force each day. National data suggests that these findings hold beyond New York.
This study is the first to examine the effect of disparate exposure on racial inequalities in police
violence.
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On July 6, 2016, Philando Castile was pulled over in Falcon Heights, Minnesota. His girlfriend

and her four-year-old daughter were with him in the car. Within minutes of the beginning of the

stop, police officer Jeronimo Yanez had shot Castile four times (LaFraniere and Smith, 2016).

Nationwide protests erupted in the wake of Castile’s death – and the previous day’s shooting of

Alton Sterling in Louisiana. Dozens of protesters were arrested in the Twin Cities, and at protests

around the country. As reporters uncovered the details, they learned that it was at least the 49th

time Castile had been pulled over in 13 years (LaFraniere and Smith, 2016).

Journalists reported on Castile’s many stops as an indicator of the heavy weight of law enforce-

ment borne by low-income black communities. Castile’s encounters with law enforcement, almost

entirely over minor issues such as broken taillights, cost him over six thousand dollars in fines (Per-

alta and Corley, 2016). An extensive literature documents the consequences of these routine stops

for African Americans: fines and fees paid, but also time spent in court and waiting rooms, sus-

pended licenses, warrants, civic disengagement, lost jobs, and evictions (Goffman, 2014; Weaver

and Lerman, 2010; Brayne, 2014; Lerman and Weaver, 2014a; Harris, 2016; White, 2015).

Each encounter, though, also carries the risk of escalation. Castile was stopped for a broken

taillight; the officer also thought he resembled a robbery suspect. Castile was carrying a firearm –

one he was licensed to carry under Minnesota state law, and one which he informed the officer of

immediately (LaFraniere and Smith, 2016). Despite the law-abiding character of his behavior and

the minor causes of the stop, Castile lost his life.

Over the last several years, scholars and journalists hastened to develop adequate measures

of police violence, and to understand the nature and origins of the disproportionate risk of police

violence faced by black and Native Americans, especially young men. The findings were stark.

Federal records drastically understate the number of police killings (Ball, 2016). As many as one

in five homicides committed by strangers are committed by police (Ball, 2016) and the death rates

for black and Native Americans are over twice the death rates for white Americans. Unarmed

black Americans are nearly five times as likely to be shot by police as unarmed white Americans

(Zimring, 2017). In his introduction to the Department of Justice investigation of the Ferguson
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police department, Shaw points out: “Police killings of unarmed individuals are, unfortunately,

not uncommon. While the facts of each case are different, there is a numbing familiarity when

an unarmed black boy, teenager, or man is killed by a police officer. A well-worn script unfolds

after each death”, with the result that police killings rarely end in charges, convictions, or effective

federal intervention (Shaw et al., 2015).

Yet when scholars, journalists, and activists tried to unpack the causes of this racial dispro-

portion in police violence, they focused largely on the moment of decision. Police, like other

Americans, are more likely to see “gun” in an ambiguous object if the person carrying it is black

(Greenwald, Oakes and Hoffman, 2003). Some studies find that police, like other Americans, are

more likely to shoot in experimental situations when the target is black (Greenwald, Oakes and

Hoffman, 2003; Plant and Peruche, 2005; Correll et al., 2007). Other studies complicate the find-

ings, suggesting that police may actually be slower to shoot unarmed black suspects than unarmed

white suspects, despite findings of implicit bias and increased threat assessment among the offi-

cers in the experimental population (James, James and Vila, 2016), though these findings may be

due to an observer effect or other mismatches between the experimental and real-world decision

environment (Roussell et al., 2017). These cognitive biases are a substantial, if unsettled, concern;

however, they are also difficult to change (Sim, Correll and Sadler, 2013; Eberhardt et al., 2004).

Moreover, as I show in this paper, equalizing the probability of being shot in any given interaction

would still leave tremendous racial inequality.

In focusing on how police react in highly charged situations where they are considering using

force, scholars separate police homicide from the rest of the carceral state. In fact, these extreme

instances of state violence have everything to do with the normal operation of the criminal justice

system, and with the most mundane interactions between citizens and the criminal justice system.

Police shootings are the most high-profile type of police force, but the scale of non-fatal force

dwarfs them in impact. The best current estimates suggest that over 1000 people are killed each

year by police, but the Bureau of Justice Statistics estimates that 715,500 Americans each year have

encounters where force is threatened or used. Non-lethal force can be tremendously politically
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consequential (consider, for example, the riots in Los Angeles that followed the 1992 acquittal of

police in the beating of Rodney King). In this paper, I use “police violence” to mean any use of

physical force by a police officer.

Given a fixed risk of violence in any encounter with police – even a risk that is fixed at the

individual level, rather than at the population level – an individual person’s lifetime risk of experi-

encing violence is a function both of the probability of being shot in any given encounter and the

number of total encounters. Thus, racial disparities in the probability of experiencing violence by

police can originate not only in the officer’s decision to use force, but in any of the prior steps that

led to the interaction. Focusing on cognitive bias among officers misses the key role of structural

bias in policing: the “scripts of suspicion” and institutionally biased practices that lead to sub-

stantial racial inequalities in policing even before cognitive bias has the opportunity to play a role

within interactions.

In this paper, I develop a new theory of the causes of racial inequality in police use of force:

the theory of disparate exposure. The paper’s main theoretical contribution is to identify disparate

exposure – racial inequalities in the probability of police contact – as the central cause of racial

inequality in police use of force. This theory connects incidents of police force to the broader

carceral state. I test this theory by examining a discontinuous change in policing by the New York

Police Department, which reduced disparate exposure without changing cognitive biases. When

structural inequalities in the number of stops experience by black New Yorkers changed, black New

Yorkers’ risk of experiencing police violence fell dramatically. By focusing on a discontinuous

change covered by highly granular administrative data, this paper can provide causal identification

under plausible assumptions. During the 100-day bandwidth after the discontinuous change, the

reduction in stops of black civilians prevented on the order of 40 uses of force each day.
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1 The Origins of Inequality

For an unarmed black civilian, the risk of being shot by police is between 3.49 and 5 times the risk

for an unarmed white civilian (Ross, 2015; Zimring, 2017) In many US counties, the risk for black

civilians approaches 20 times the risk of white civilians (Ross, 2015). The death rates for African

Americans are 2.3 times the death rates for whites. Native Americans are killed at 2.06 times the

rate at which whites are killed (Zimring, 2017).

Literature on 
police violence

racial inequality in 
police violence

decision to use 
force

deployment

engagement

Disparate 
Exposure

Figure 1: The Logic of Disparate Exposure

What causes racial inequality in police violence? One possible cause – the central one in the

emerging scholarship on police violence – is that police make biased decisions about when to use a

gun, a taser, or simple physical force. Yet, by the time the officer is choosing whether to use force

on a particular individual, the officer has gone through many steps – training, deployment, and the

decision to stop – that can produce racial disproportion with no cognitive bias in the decision to use

force. As I show later, this disparate exposure is actually more significant than within-encounter
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disproportions as an explanation for racial inequality in police use of force.

Figure 1 illustrates this process. At three key stages in policing – deployment, engagement, and

the decision to use force – opportunities for disproportion enter and compound. Deployment and

engagement together produce what I call disparate exposure. Focusing on the individual officer’s

decision to use force or not diverts attention from structural decisions over which individual officers

exert little control, and from the racialized structures of policing, to individual cognition. By

turning attention instead to stops, I focus on the racialized outcomes that result from institutional

practices (Epp, Maynard-Moody and Haider-Markel, 2014). As I show later in the paper, cognitive

bias in the force decision appears to account for far less of the racial disproportion in police use of

force – lethal and not – than the preceding elements that lead to exposure disparities.

First, officers are deployed to a particular location. Ample evidence suggests that police are

disproportionately deployed to low-income black and brown neighborhoods (Goel, Rao and Shroff,

2016; Moskos, 2009; Fagan et al., 2009). Drug enforcement and discretionary stops, in particu-

lar, are concentrated in what Soss and Weaver call “race-class subjugated communities” (Soss and

Weaver, 2017; Lum and Isaac, 2016). Over the last four decades, “public authorities poured their

expanded policing resources into a suite of new techniques such as zero tolerance policing, ‘com-

mand and control’ operations, order maintenance, ‘hot spots’ policing, saturation policing, and

interventions based on the SARA (Scanning, Analysis, Response, and Assessment) model, all of

which gave rise to a higher volume of lower quality arrests and convictions. Thus, as new policing

models proliferated in the 1980s, 1990s, and 2000s – trumpeted through a string of tactical cam-

paigns titled ‘Operation’ such and such – the core preoccupation of policing consolidated around

the elimination of disorder and the regulatory enforcement of codes against disordered people and

places” (Soss and Weaver, 2017). In the 1990s, the nationwide spread of data-driven policing

(particularly Compstat) led to a further increase in minor arrests. Like other, similar technocratic

interventions, Compstat was justified by the Broken Windows theory of policing, which held that

policing disorder would reduce serious violent crime. More recent evidence, though, suggests that

crime arises from private conflict, not public disorder (O’Brien and Sampson, 2015). Moreover,
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Compstat did not lead to a significant decline in crime.

Today, intensive policing is the norm in race-class subjugated communities (Goffman, 2014;

Soss and Weaver, 2017) but rare in wealthier neighborhoods (Moskos, 2009; Goel, Rao and Shroff,

2016). These deployment patterns mean that police officers are more likely to be working near

black and brown Americans than near whites. Police training, management, and promotion expec-

tations teach officers to see stops and arrests as indicators of productivity (Goel, Rao and Shroff,

2016). Proximity to race-class subjugated communities means not only that police may be more

likely to observe any illegal behavior, but that as they seek out occasions to show productive work

according to their organizational benchmarks, they will disproportionately engage with and arrest

people of color – without individual cognitive bias at play. Deployment itself can lead to disparate

exposure with no cognitive bias.

Second, police officers must choose whether to engage with a particular individual, with or

without bias. Assessing bias in the decision to stop is complex, but the available evidence suggests

that, even accounting for neighborhood deployment patterns, police are more likely to stop people

of color and especially African Americans (Goel, Rao and Shroff, 2016). In a study of Kansas City

area traffic stops, black drivers were 270% more likely to be stopped for “investigatory” purposes.

These stops are often not the result of overt racial animosity. Rather, they are planned opportunities

to investigate, understood by many police officers as “among their most effective tools for finding

and arresting criminals and preventing crimes.” Since “even people who are opposed to racism

often implicitly perceive others in racially stereotypical ways.... implicit negative racial stereotypes

help to support punitive practices like the investigatory stop. In turn, these practices contribute to

racial disparities in who is stopped[.]” (Epp, Maynard-Moody and Haider-Markel, 2014). Whether

they originate in institutional recommendations, implicit bias, or overt animosity, racial differences

in stops also contribute to disparate exposure.

Only after these institutional and individual decisions have led an officer to engage with a spe-

cific individual does the decision to use force (or not) occur. If exposure to police interaction occurs

at disproportionate levels for African Americans, cognitively unbiased decisions to use force in the
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moment would nevertheless result in more African Americans experience police violence.

While black Americans are 2.3 times as likely to be killed by police as whites generally (Zim-

ring, 2017), after accounting for disparate exposure (using arrest data, which likely underestimates

the extent of disparities in exposure) they are only 1.6 times as likely to be killed. Setting the

number of police killings per arrest – the measure of cognitive bias in shootings – equal for blacks

and whites would have meant 101 fewer deaths of black Americans in 2015. Fixing the black

arrest rate at the white arrest rates, with no change to the race-specific ratio between killings and

arrests, would eliminate 167 deaths – 67% more. Disparate exposure plays a very important role

in predicting racial disparities in police shootings.1

For police reformers, this is encouraging news. Changing individual-level officer attitudes and

behaviors, especially subconscious ones, is a difficult task. We have little evidence that training

programs effectively diminish implicit bias, especially given the socializing effects of police work

environments (Moskos, 2009; Christie, Petrie and Timmins, 1996; Paluck and Green, 2009). Even

diversifying police forces – a major push over the last several decades, and one supported by black

mayors (Saltzstein, 1989) – has not solved racial disparities in policing.

Changing deployment is a different matter. Historically, scholars have expressed concern that

police activities are difficult to monitor. Police are street-level bureaucrats at the end of a loosely

coupled chain of policy makers and implementers, and must engage independently with situations

that remain unobserved by voters, police chiefs, and even their direct supervisors (Wilson, 1978).

When policies direct police to change their observed work products, though, the evidence suggests

that police often do so. They make more or fewer stops (Moskos, 2009; Mummolo, 2017) and

change the composition of those stops to reflect departmental priorities. Cities have many policy

levers available to address the ways their deployment and interaction policies produce disparate

exposure. Even if implicit bias drives stop decisions that contribute to disparate exposure, we

have reason to think that this may be a more fruitful point of intervention than the fast-paced,

emotionally charged context of police stops.
1These calculations use data on police killings from The Washington Post and arrest data from the FBI Uniform

Crime Reports.
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In the sections that follow, I discuss the challenges of effectively measuring both police vi-

olence and exposure. I identify a data set on New York City’s Stop, Question, and Frisk (Terry

stops) program which helps overcome these data problems. This data suggests that when changes

in police practice reduce exposure, racial disparities in the use of force also decline. A discontin-

uous, policy-driven change in the frequency of SQF/Terry stops massively reduced the exposure

of black civilians in New York City to police use of force – even though the probability of force

being used in any individual stop actually rose. These findings suggest that scholars, activists,

and policymakers concerned about police violence should look to the disparate exposure of black

civilians to police interactions as a key factor in racial inequalities in police violence.

1.1 Disentangling Exposure and Bias: the Problem of Reference Popula-

tions

Fryer’s 2016 working paper on police use of force attempts to place police gun violence in the

context of other police actions. In order to determine whether police are more or less likely to shoot

black suspects, he compares shootings in Houston to a reference set of other types of interactions.

This raises a key issue: what is the appropriate reference population? Fryer argues for using “arrest

codes in which lethal force is more likely to be justified: attempted capital murder of a public safety

officer, aggravated assault on a public safety officer, resisting arrest, evading arrest, and interfering

in arrest.” (Fryer Jr, 2016)

However, many recent high profile shootings do not arise from this reference population. Phi-

lando Castile in particular – who was shot minutes into a traffic stop for a broken taillight – would

not have been charged with any of these based on the observed interactions. The same is true for

many other high-profile police shootings. Moreover, the final three (‘resisting arrest’, ‘evading

arrest’, and ‘interfering in arrest’) are highly fungible categories to which people can easily be as-

signed based on the outcome of the interaction. Police can list someone as having ‘resisted arrest’

to justify a shooting. For this reason, researchers are likely to observe many cases of ‘resisting’ or

‘evading’ arrest among individuals who are shot, but these designations can be selected after the
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shooting does or does not take place. That is, the civilian may resist arrest and thus be shot; or the

causal arrow may run the other direction, so that the civilian is shot and, as a result, recorded as

resisting arrest.

By sampling control cases from the same codes used to describe justified lethal force, Fryer

accepts the narrow reference population designated by police, and omits control versions of un-

justified cases as well as control versions of cases that are justified using post-hoc rationalizations.

This creates serious problems in assessing whether bias actually exists. Fryer is comparing the rare

positives in the sparse data to a sample, not of all cases which could lead to shootings, but to cases

which are particularly likely to appear justified.

Considering all police contacts as the reference population provides one solution. Every con-

tact carries with it the possibility of escalation, and numerous police killings began as traffic stops

or interactions over non-serious offenses. Even so, if people of color are more likely to experience

police contact for the same behavior, as national survey data on drug use suggests, the population

arrests of black Americans may in fact be a less ‘dangerous’ population than arrests of white Amer-

icans; the same is true for any individual category of arrests. This type of bias in the composition

of the population would make the estimates here a lower bound on the influence of individual,

internal racial bias on racial bias in shootings.

An ideal data set for disentangling disproportion and bias would begin with the complete uni-

verse of police-civilian interactions with all initial intentions. Ideally, both the initial purpose of

the stop and the outcome would be recorded: arrest or no arrest, all types of use of force, etc. Even

more ideally, the data set would be sufficiently granular to identify the effects of policy changes

on police strategies. No such data set exists at the national level. Indeed, there is not even a com-

plete dataset of stops; the national analysis above showing the role of arrests in disparate exposure

misses non-arrest stops and interactions. However, the New York Police Department has collected

data that provides important leverage on the interaction between disparate exposure and bias within

the NYPD.
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2 New York: Policy Change and Disparate Exposure

On March 5, 2013, the New York City Police Department undertook a reform that massively re-

duced the exposure of black civilians to the NYPD. For the preceding two decades, since William

Bratton brought Compstat and intensive policing to New York, the NYPD made tens to hundreds

of thousands of stops each year. These stops were legally justified by the Supreme Court’s deci-

sion in Terry v. Ohio (1968), which held that “police can stop a citizen based on founded suspicion

that crime may be ’afoot.’ The encounter would proceed to increasing levels of intrusion if sus-

picion was determined to be credible or reasonable. Reasonable suspicion would permit pointed

questioning and frisk or pat down to look for weapons, drugs or other contraband” (Fagan et al.,

2009).

Stop, Question, and Frisk (SQF) became a cornerstone of the NYPD’s investigative and crime

prevention practice, and officers reported organizational pressure to keep their stop rates high (Ler-

man and Weaver, 2014b; Rayman, 2013). These stops disproportionately targeted black and brown

civilians, and especially teenage boys (Gelman, Fagan and Kiss, 2007; Fagan et al., 2009; Goel,

Rao and Shroff, 2016). SQF reached a high of nearly 700,000 stops in 2011. That same year,

there were 112,115 stops of male black and Latino teenagers between 14 and 18; at the time, about

177,000 New York residents were black and Latino boys between 14 and 18. Even accounting for

repeat stops, Fagan et al estimate the probability of being stopped for eighteen- and nineteen-year-

old black and Latino males in 2008 at .79 (Fagan et al., 2009). Research has consistently revealed

lower success rates (measured by arrest or finding a weapon) for Terry stops of black and Latino

civilians, and Goel finds that stops of black civilians typically have less ex ante justification (Goel,

Rao and Shroff, 2016). Taken together, this evidence suggests that the SQF program produced

disproportionate exposure to police contact among black and brown civilians in New York.

The SQF program also led to political outcry and legal challenges. In 2008, the Center for

Constitutional Rights filed a case challenging Stop, Question, and Frisk as racially biased and

unconstitutional. As the case went to trial five years later, in a memo dated March 4, 2013, the

plaintiffs requested a procedural change to the “UF-250” forms which officers use to record stops:
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“the UF-250 form should be modified to: (i) include a narrative portion for police officers to justify

the basis for stops, frisks and searches. . . ” (Mummolo, 2017) The UF-250 form had previously

included “the date, time and location of each stop, as well as the reason (suspected crime and other

circumstances), suspect attributes and various outcomes such as whether a weapon was found or an

arrest was made,” but “critics of SQF had long alleged that this form was insufficient to establish

the legality of a stop” (Mummolo, 2017). The NYPD also required officers to “enter details” in

their patrol notebooks, but officers were not required to submit these notes and plaintiffs argued

that audits of officer notes revealed that they frequently were not recorded.

2.1 A Sudden Change to Stop, Question, and Frisk

In a move that surprised the plaintiffs, the NYPD in fact adopted that reform on the following

day. In a memo dated March 5, 2013, Chief of Patrol James P. Hall issued “a new order requiring

officers to photocopy and submit these narrative descriptions of the reasons they stopped suspects

to supervisors after each shift.” Mummolo finds that this memo led officers to believe that their

decisions to implement SQF would be under increased supervision (Mummolo, 2017).

The sudden change in SQF procedure provides a temporal discontinuity in police practice, and

an opportunity to observe the consequences of changes in police exposure in the city. After the

memo was adopted, police stops fell dramatically and continued to decline over the following year.

Mummolo’s paper provides extensive evidence from both plaintiffs and interviews with officers

that this intervention surprised officers, and may have been adopted as a strategic move to defang

the upcoming court case. This suggests that anticipatory changes by police are not likely to be a

confounding factor (Mummolo, 2017).

Mummolo’s interviews with officers confirm that the memo had a significant effect on officers’

perception of how closely their stops would be scrutinized. Despite the high volume of memos in

the NYPD, officers told Mummolo that this memo stood out.

“They’re really watching us now,” one officer recalled thinking when the memo was
released (Officer 2). Another officer added that before the memo, supervisors, “would
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only look at [memo book entries] if someone made an allegation. . . or you had to
go to court. . . Now. . . it’s basically like they’re looking at it. . . without any sort
of allegation being made. . . They’re trying to find a reason to penalize us,” (Officer
1). Supervisors, “obviously look at these things with a fine-tooth comb,” said another
officer. “We need to protect ourselves, (Officer 3). (Mummolo, 2017)

Before the memo, officers believed themselves to be accountable for delivering a large num-

ber of stops (Rayman, 2013). After, they instead believed that stops would need to be carefully

justified, and that their supervisors would be proactively monitoring their justifications for stops

(Mummolo, 2017).

The memo immediately and substantially reduced in stops; paperwork requirements are a major

barrier to police use of particular tactics. Moreover, “the perception of increased risk led some

officers to aggressively forego making stops unless they observed something highly incriminating.

‘It’s forcing people to not get involved in things that otherwise, a few years ago, they would have,”

said one officer (Officer 3)’” (Mummolo, 2017). However, it is implausible that the memo changed

implicit bias among police officers. The memo thus reduced exposure by reducing stops, without

changing any confounding features of the NYPD, such as officer’s cognitive biases or the criminal

and demographic landscape.

How does this reduction in exposure affect racial disparities in police use of force? I find that

the probability that force would be used in any specific stop does not change. Using formal tests of

equivalence (Hartman and Hidalgo, 2016), I find no significant changes in the rate of use of force

at any point within a 30-day bandwidth. However, the number of stops falls substantially at the

discontinuity (and continues to decline). Both the daily incidence of use of force on black civilians

and the racial disparity in police violence declined significantly.

Could reporting bias explain this effect? Officers reported that they expected their new, more

detailed reports to be heavily scrutinized: gone over “with a fine-tooth comb”, in one officer’s

words. Combined with ongoing litigation and the public salience of the issue, this procedural

change seems, if anything, more likely to increase reporting of police violence as officers grow

more concerned that any omissions might be challenged by supervisors, civilians, or the courts.
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2.2 Data and Design

This paper examines the consequences of this change in exposure for police violence. In doing so,

it overcomes several limitations of existing work on police violence. First, while most of this data

draws on inherently sparse records of individual killings, I use NYPD’s publicly available Stop,

Question, and Frisk data. These records provide continuous, highly granular data on police-civilian

interactions. The NYPD SQF data from 2008-2015 describes over 3.2 million stops, including

701,989 instances of use of force by police. Second, this data set provides comprehensive measures

of a set of police interactions with their outcomes, avoiding the problem of constructing a reference

population. The data cover all stops, not just stops which turn out to have force, so they are not

skewed by the reverse causality described above.

Prior studies of police violence focus largely on fatal shootings (Fryer Jr, 2016; Ross, 2015).

These are inherently rare events, leading to sparseness in the data and difficulty assessing the

existence and drivers of variation. In addition, the difference between fatal and non-fatal shootings

can be small, perhaps three minutes in the ambulance on the way to the emergency room. This

random error in measuring potentially lethal events exacerbates the problem of sparseness.

Finally, studies of police violence have rarely used experimental or quasi-experimental tech-

niques, leaving substantial problems with omitted variable bias in the literature. By leveraging a

temporal discontinuity, I can compare the same officers in the same city policing the same popu-

lation, with different levels of exposure. This study is the first to my knowledge to examine the

effect of a procedural change that reduces exposure – and disparate exposure – on racial disparities

in police violence. Because the data are coded with precise dates, rather than by month or year, the

change induced by the stop can be identified more accurately.

2.3 Analysis and Results

The outcome of interest is the number of stops in which force is used on a civilian. The incidence

of use of force is particularly important because these occasions – not merely the rate – produce

negative consequences for individuals, communities, and state legitimacy. Figure 2 shows the
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memo’s effect on the total number of stops, as well as stops of white and black civilians broken

down by race. There is a clear discontinuity at the memo in the number of stops. Dividing the

stops by race, though, reveals that this discontinuity results from a decrease in the number of stops

of African Americans, not of whites.

The research on the cognitive mechanisms behind implicit bias suggests that officers have a

lower threshold for stopping black civilians; analysis of stop, question, and frisk data in New

York confirms that officers typically have less evidence ex ante when they stop black civilians

than when they stop whites (Goel, Rao and Shroff, 2016). As the officer quoted above said, “It’s

forcing people to not get involved in things that otherwise, a few years ago, they would have”

(Mummolo, 2017). When police believe they need more concrete justification for stops, they

may forego the stops of precisely the groups of people for whom they previously needed less

justification. Regardless of the precise mechanism, this shows a substantial decrease in exposure.

Disparate exposure also declined over this period: in the 30 days before the memo, the risk of

being stopped for black civilians was 8.14 times that for whites, while in the 30 days post-memo

the risk disparity fell to 6.11 – still high, but substantially lower.

Figure 3 shows the change in the rate of use of force by race. Across the period of the memo,

there is no discontinuity in the share of stops which include force for white or black civilians. Over

the entire time period, stops of black civilians are between 4 and 9 percentage points more likely to

involve force than stops of whites. In Appendix A, I use formal equivalency tests to demonstrate

that the rate of use of force did not change when the memo was issued.

Figure 4 shows the change in the total number of stops which included use of force. There is

no discontinuous change for white civilians; in contrast, for black civilians, the daily number of

incidents with use of force drops precipitously, mirroring the decline in stops almost exactly. The

magnitude of this change is substantial.

These visualizations convey the scale of the change in exposure and the accompanying change

in use of force on civilians by NYPD, but I also use formal discontinuity tests to estimate the effect

of the procedural change on exposure to both stops and use of force for black civilians. I use an
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Figure 2: This figure shows the daily number of stops from 2008 to 2015. Panel (a) shows all
stops (pooled). Panel (b) shows stops for black and white civilians separately. The solid line
shows a locally weighted LOESS regression predicting the number of stops, without adjustment
for covariates.
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Figure 3: This figure shows the percent of stops with use of force for white and black civilians
from 2008 to 2015. Here the stop is the unit of analysis/prediction for the LOESS regression.
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Figure 4: This figure shows the number of stops with use of force for white and black civilians
from 2008 to 2015, aggregated by day.
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interrupted time series, a form of regression discontinuity where the discontinuity is temporal. The

NYPD’s SQF dataset provides an ideal environment for this type of analysis: stops are measured

continuously and dated to the day, reducing concern about confounding variables – other policies,

demographic shifts, or crime-related variables – that might change given a longer period between

observations. The well-defined moment of intervention also protects against researcher discretion.

In Appendix A, I assess the rate of use of force before and after the memo. Using formal tests

of equivalence, I find no difference in p(force|stop) in the pre vs post memo period. Any change

in use of force is therefore not the result of changes in the within-stop probability of use of force.

2.4 Sharp Regression Discontinuity in Number of Stops

To assess the impact of the memo on disparate exposure and the resulting experience of force, I

estimate changes in the number of stops and incidents with use of force by race. I sum data by day

and estimate the effect on the number of stops (or incidents with use of force) each day. Because

summing by day produces a much smaller number of units, I estimate these quantities using a 100-

day bandwidth. Aggregating by day also allows me to include optional controls for year, month,

and day of the week. The identifying assumption required to assign the change in outcomes to the

memo itself is continuity in potential outcomes: that no other factor which affects the outcomes

changed at that precise moment (de la Cuesta and Imai, 2016). Given the granularity of the data

and the precise, clearly identified moment of the intervention, these assumptions seem plausible.

stopsd = ↵ + �memo+ �1day + �2day ⇤memo+ ✏d (1)

forced = ↵ + �memo+ �1day + �2day ⇤memo+ ✏d (2)

Here, stopsd is the number of stops in a particular day, while forced is the number of stops in

which any type of force was used in the encounter. ↵ is the intercept; memo indicates whether the

incident fell before or after the memorandum; and ✏d is the error term. I estimate both conventional
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errors and heteroskedasticity and autocorrelation consistent standard errors.

There are substantive debates about the best strategies to estimate regression discontinuity mod-

els (Imbens and Lemieux, 2008; Eggers et al., 2015; Gelman and Imbens, 2014; de la Cuesta and

Imai, 2016), and I therefore estimate multiple models. In specifying the function of the running

variable, I test local polynomials of orders 0, 1, and 2 for the running variable (i.e. difference

in means, linear, and quadratic). Cubic and higher-order estimators have poor properties for es-

timating regression discontinuity effects (Gelman and Imbens, 2014). All models also include

interaction terms between the running variable (day) and the assignment variable (a binary vari-

able indicating whether the day is before or after the memo). In the sharp RDD analyzed in this

section, � captures the effect of being in the post-memo period.

Table 1: OLS Estimates of Change in Daily Stops With Force (“force”) and Daily Stops (“stops)
at Treatment (Memo) Using 100-Day Bandwidth

Difference in Means Difference in Means† Linear Linear† Quadratic Quadratic†
� force (black) -43.63 -37.021 -49.938 -34.179 -43.781 -25.525

(5.835)* (17.775)* (11.917)* (18.252) (19.848)* (15.421)
� stops (black) -261.61 -123.508 -303.011 -111.593 -265.392 -94.763

(39.216)* (58.486)* (66.789)* (61.149) (104.354)* (71.17)
� force (all) -65.89 -44.467 -71.649 -38.666 -63.684 -28.037

(9.299)* (21.498)* (17.633)* (22.189) (29.078)* (22.832)
� stops (all) -399.37 -143.649 -450.857 -126.335 -413.552 -107.474

(67.403)* (73.226)* (109.864)* (74.527) (175.509)* (83.413)
N 200 200 200 200 200 200

† Includes controls for year, month, day of week, and prior days hit rate.
Maximum of homoscedastic and HAC standard errors in parentheses. * p < 0.05

In Table 1, all point estimates of the effect on the number of stops and amount of force used

– for the total population and for African Americans as a subgroup – are negative, and most are

significant. The lowest estimate is 25 avoided uses of force on black civilians per day: an enormous

substantive effect considering that there were an average of 98 uses of force per day in the 100-

day bandwidth. To assess significance, I calculate both conventional and heteroskedasticity and

autocorrelation consistent (HAC) standard errors, then report the larger of the two. In Appendix C,

I also calculate these results using the robustness techniques suggested by Calonico et al, including

data-driven bandwidth selection, robust, bias-corrected confidence intervals, and a kernel estimator
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for improved precision (Calonico, Cattaneo and Titiunik, 2014). I find broadly consistent results.2

While the overall differences cannot be attributed to the memo, the longterm decline in Stop,

Question, and Frisk had even more massive substantive consequences. In the period before the

memo, from January 1, 2008 to March 4, 2013, the NYPD used force on an average of 350 civilians

per day, 210 of them black. After the memo, and the concomitant procedural reduction in the use

of SQF, the NYPD used force on 39 civilians daily, 24 of them black – an order of magnitude

reduction in the number of black civilians who experience use of force from the NYPD. Overall, in

the post-memo period, 185 fewer black civilians experienced the use of force by the NYPD each

day.3

2.5 Risk Disparities

The result of this procedural change was to reduce civilian exposure to police, and hence to reduce

civilian exposure to police violence. The racial disparity in risk, measured by the risk ratio for

use of force, also declined: from 11.32 to 8.85 (using a 100-day bandwidth), a 22% reduction.4

This decline almost exactly mirrored the reduction in racial disparities in exposure, which fell 24%

from 8.38 to 6.35.

African Americans’ exposure risk remained much higher than that of whites, and the probabil-

ity of force in any given stop was higher for black pedestrians than for whites both before and after

the memo. Still, there is robust evidence that the reduction in disparate exposure was sufficient

to massively reduce the exposure of African Americans in New York City to police violence. In

the 100 days before the memo, there were 12,061 uses of force on black civilians; in the 100 days

after, there were 7,616, nearly 5,000 fewer.

To understand the relative importance of disparate exposure and encounter-level racial inequal-
2Although the minimum estimate is somewhat lower, the Calonico et al. algorithm uses very large bandwidths (over

one year total) to improve precision because the data are aggregated to the day level. The clear effects demonstrated
within a 100-day bandwidth are more likely to be the direct effects of the policy change.

3In Appendix B, I also use fuzzy regression discontinuity as an alternative strategy to estimate the elasticity of this
effect. The estimates are consistently in the range of .16 uses of force per stop.

4Results are substantively identical using a 30-day bandwidth. Population data comes from the ACS estimates for
New York City in 2013.
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ities, I simulate two outcomes in New York. If we kept disparities in exposure at their pre-memo

level in SQF but equalized the probability of use of force when police stop black and white civil-

ians, the number of occasions of use of force in the 100 days prior to the memo would have been

8924: a meaningful reduction from the actual number of 12061. If, instead, we equalized exposure

rates, but left racial disparities within stops, the number of uses of force on black civilians would

fall by an order of magnitude, to a mere 1440 uses of force.

These findings imply that disparate exposure is a major driver of the racial disparities in the

experience of police violence.

3 Tradeoffs? Broken Windows, Gun Collars, and More

This paper provides evidence that significantly reducing exposure to policing reduced the expo-

sure of black New Yorkers to police use of force. Frequent police use of force is costly to both

individuals and society. Those stopped by police experience substantial costs to their time, dignity,

and sense that they can rely on police; when force is used, they suffer both the physical costs of

the pain and injuries inflicted by police force, and the costs of alienation from the state. Police

use of force also threatens the liberty and safety of individuals who know they risk being stopped

by police, and fear the possibility of violence. Moreover, police use of force is costly to society,

imposing costs from litigation to community alienation to, potentially, additional violence.

3.1 Gun Collars

While intensive policing had several goals, one central justification for Stop, Question, and Frisk

as a policy was the goal of removing guns from circulation. In 1994, James Q. Wilson, one of

the primary architects of broken windows policing, published an article in the New York Times

Magazine arguing that ”the most effective way to reduce illegal gun-carrying is to encourage the

police to take guns away from people who carry them without a permit. This means encouraging

the police to make street frisks” (Wilson, 1994). Fagan and Davies, drawing on numerous sources,
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also identify weapons enforcement as a primary goal of expanded street stops (Fagan and Davies,

2000).

The results, though, suggest that Terry stops more often resulted in using force on a civilian

than confiscating a weapon. In 2011, at the height of Stop, Question, and Frisk, the NYPD stopped

1087 black civilians daily. Officers used force on an average of 241 black civilians each day,

while recovering only 8.5 weapons each day from the black civilians they stopped. Even worse,

many ordinary folding knives of the type frequently carried for work in the building trades are

misclassified as “gravity knives” under New York law, and treated as weapons (Campbell, 2014).

Since guns were the central justification, the most dangerous type of weapon considered, and the

most valid measure of true weapon recovered, the ratio of uses of force to guns recovered is the

best measure of the trade-off between weapons enforcement and the use of force on civilians.

In 2011, NYPD recovered 591 guns from black civilians: 1.62 guns per day. A stop of a black

civilian was 149 times more likely to end in the use of force than in the recovery of a gun. 5 Table

3 shows the stop outcomes for black civilians by year.

Table 2: Outcomes of Stops of Black Civilians by NYPD, 2008-2015

Stops Weapon Gun Force Ratio
2008 305878 2682 616 75643 123
2009 343887 2998 575 86076 150
2010 352029 2970 601 82778 138
2011 396859 3118 591 88077 149
2012 318420 2476 540 56075 104
2013 116108 1527 294 21978 75
2014 26973 588 146 6979 48
2015 13267 481 130 4594 35

It is notable that force has continued to decline with stops. In 2011, 88,077 black civilians

experienced the use of force after being stopped under SQF. By 2015, that number had fallen by

an order of magnitude. This is a truly major change in civilian risk. Over the same period, the

ratio of use of force to guns recovered also fell – consistent with the change in exposure risk, and
5This imbalance is even more severe for stops of white civilians, but their vastly lower exposure risk means the

consequences for police legitimacy and public well-being are less severe.
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Mummolo’s finding that weapons recovery remained a high priority (Mummolo, 2017).

Moreover, this finding casts doubt on the substantive importance of the improvement in weapons

recovery rates identified by Mummolo. Certainly, Mummolo is right that “in the short term ... this

intervention appears to have spared many individuals from being needlessly investigated by police

while doing little to impede the recovery of weapons” (Mummolo, 2017). This framing, though,

obscures the reality that the NYPD recovered fewer than two guns per day from black civilians in

its most active year. (Given the concerns raised above about “gravity knives” and the centrality of

gun violence to the discussion of weapons recovery, gun recovery is a much better measure than

the more generic weapons recovery.) Despite its importance in justifying SQF, “getting guns off

the street” is a vanishingly rare outcome for SQF, while the use of force is a common one.

3.2 Intensive Policing and Crime Reduction

Policy debates must also engage the argument for intensive policing. Broken windows advocates

argue that SQF and other forms of intensive policing reduce crime by producing an orderly envi-

ronment that deters more serious crime (Wilson and Kelling, 1982), and that the racial inequalities

in disparate exposure are offset by particular benefits in homicide reduction for race-class subju-

gated communities (Smith and Purtell, 2008). In their expert brief supporting the NYPD in the

Floyd lawsuit, Smith and Purtell argue that SQF reduced crime – and did so disproportionately in

race-class subjugated neighborhoods(Floyd, et al., v. City of New York, et al.,, 2017).

Two things are worth noting in this context. First, there is reason to doubt that SQF in fact re-

duces crime. Smith and Purtell’s findings have faced methodological critiques by researchers who

have found the effects of SQF on crime to be minimal (Rosenfeld and Fornango, 2014; Schneider-

man, 2013) or modest (Weisburd et al., 2016). Wilson and Kelling’s initial argument for Broken

Windows policing, which became the central justification for SQF, relied on a particular theory

of how crime developed: that public disorder leads to more serious violence (Wilson and Kelling,

1982). More recent studies have found that interpersonal conflict, not public disorder, precedes

violence in city neighborhoods (O’Brien and Sampson, 2015). Analyses of exogenous variation in
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the number of stops have found little effect on crime (Mummolo, 2017; Chandrasekher, 2016). The

decline in stops analyzed in this paper was not accompanied by an increase in homicides, the best

measured violent crime (Mummolo, 2017). An analysis of a 1997 NYPD slowdowns motivated

by a contract dispute finds no evidence of increases in most serious crimes when police reduce

enforcement (Chandrasekher, 2016).

Policing in New York, and to some extent in other cities, has moved away from mass stops and

towards hot spot policing, where officers focus on creating a presence – with or without arrests – in

areas most affected by crime. However, there are serious concerns with hot spot policing: in partic-

ular, Lum and Isaac show that data-driven police deployment generates the appearance of higher

crime rates in heavily-policed neighborhoods: because they are present, officers observe crimes

that would otherwise go unreported (Lum and Isaac, 2016). Hot spot identification may there-

fore be unreliable; indeed, both the process of identifying hot spots and the process of expanded

deployment may actually produce disparate exposure.

Second, if it is the case that SQF reduces crime, or reduces crime disproportionately in race-

class subjugated communities, the relationship between exposure to policing and exposure to force

remains relevant. How much less intra-communal violence is needed to justify additional use of

force? In New York City in 2013, each stop added .15 uses of force – an important consideration to

weigh against benefits in reduced non-police violence. Meanwhile, the probability of recovering a

gun during a particular stop has never exceeded .01.

This paper draws data largely from New York City, so these elasticities may be quite different

in other cities. Researchers could benefit from substantially more data on police stops and use

of force. Nevertheless, this paper provides important context for evaluating the consequences of

police intervention.
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4 Significance

Police use of force matters most centrally because the approximately 1500 people killed by police

each year matter, as do the thousands of New Yorkers who experience force at the hands of the

NYPD. Use of force matters because of the costs it imposes on the individuals struck, tased, or

beaten by police: the physical pain and discomfort, but also the violation of dignity, intrusiveness,

and even the time and labor required to file a complaint.

The consequences of police violence, lethal and not, go far beyond these individuals, though.

Policing is the main way by which core state services – justice and safety – are delivered. Policing

is inevitably an exercise in coercion, but formal justice is a valuable state service. Police resolve

disputes about stolen property and public nuisances. They provide a backstop to the civil courts’

enforcement of private legal arrangements: individuals who do not comply with court orders may

find police enforcing them. When individuals encounter violence, police intervene to provide

safety: enforcing restraining orders, identifying and apprehending those responsible for violence.

Police violence undermines access to these services. Even when committed by a small number

of officers, it poisons the well, damaging trust in government and access to state services. People

who are afraid of involving police become targets for robbery, because they cannot draw on police

protection (Goffman, 2014). This in turn contributes to retaliatory violence, as people defend their

physical security or seek resolution to violent actions without access to legal institutions – a dy-

namic Miller describes as ”racialized state failure” (Leovy, 2015; Miller, 2016). The demographic

group most likely to be killed by police is the very demographic group most likely to be murdered

by civilians: young black men, who make up about 6000 of the 33000 gun deaths in the United

States. Mistrust of police, low solve rates for black homicide victims, and other aspects of the

carceral state exacerbated by police violence likely contribute to the use of homicide as a tool for

dispute resolution and vengeance (when state intervention is lacking) (Leovy, 2015).

The uneven distribution of both police contact and police violence – black Americans are both

far more likely to be shot by police and far more likely to be arrested by police than white Ameri-

cans who engage in the same behaviors – leads to spillover consequences that affect communities
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broadly (Ross, 2015; Brame et al., 2012; on the States”, 2009; Rodriguez and Emsellem, 2011;

Burch, 2013). The fact of inequality in how different groups are treated shapes individuals’ beliefs

about the justice, efficacy, and trustworthiness of the system: even individuals who do not person-

ally observe or experience police violence observe racial differences in how people are treated and

conclude that police lack legitimacy.

Finally, police use of force is expensive. Between 2009 and 2014, New York City spent nearly

half a billion dollars on police-related settlements, many of them the result of police use of force.

Resources spent compensating victims of police use of force could be directed to other public

purposes.

How can policymakers reduce the costs of police violence to individuals and to society as

a whole, and the racial inequalities in police violence? The standard answer has been to focus

on the cognitive biases of police officers, encouraging departments to adopt training protocols to

reduce biased behavior within interactions. From the perspective of procedural justice, it is critical

to ensure that police are treating white and black Americans equally during all police encounters.

However, focusing on the cognitive and psychological processes of individual police officers leaves

reformers trying to change behavior in high-intensity situations, with little certainty of success.

More importantly, focusing on within-stop behavior and cognitive biases ignores the critical

role of disparate exposure in producing racial inequality in police violence. The findings in this

paper suggest that inequalities in the steps preceding the decision to use force play a major role in

creating inequalities in the experience of police violence. Redressing racial inequality requires a

broader perspective.

For the well-being of the families and communities at risk for violence from police, reduced

violence is as critical as within-stop fairness. Each person who experiences a police stop is at

risk for police violence; each person who experiences police violence adds a story to the bone-

weary cynicism Shaw describes, and the damage of over-policing and police violence (Shaw et al.,

2015). Improving disparities in exposure may not fully address the moral responsibilities of police

departments, but this evidence suggests that it will substantively change the daily experience of
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black Americans, and lower their risk of violence at the hands of state representatives.

Moreover, this paper offers evidence that bureaucratic changes that reduce disparate exposure

can work, effectively reducing inequality by changing deployment and engagement decisions; we

lack such evidence for interventions targeting cognitive bias in high-intensity contexts. To address

inequalities in police use of force, reformers and police departments must come to see stops not

as benign, but as carrying the constant risk of escalation against civilians. Policymakers will need

to consider the consequences of stops more broadly, but the risk of escalation should play an

important role in assessing the costs and benefits of intensive policing. Reducing the number

of occasions on which black civilians involuntarily interact with police is likely to substantively

reduce black Americans’ exposure to police violence.
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A Equivalence in p(force|stop)

To estimate changes in the rate of use of force, I estimate the following equation:

forcei = ↵ + �1memoi + �2memoidi + ✏i (3)

Here, forcei is the (0, 1) assessment of whether any type of force was used in the encounter.

↵ is the intercept, memoi indicates whether the incident fell before or after the memorandum,

sj(di) is a function of the days, and ✏i is the error term. I estimate both conventional errors and

heteroskedasticity and autocorrelation consistent standard errors.

There are substantive debates about the best strategies to estimate regression discontinuity mod-

els (Imbens and Lemieux, 2008; Eggers et al., 2015; Gelman and Imbens, 2014; de la Cuesta and

Imai, 2016), and I therefore estimate multiple models, including difference in means as well as

linear, quadratic, and cubic time trends with and without controls. The identifying assumption

required to assign the change in outcomes to the memo itself is continuity in potential outcomes:

that no other factor which affects the outcomes changed at that precise moment (de la Cuesta and

Imai, 2016).

I estimate the change in rate of use of force at a variety of bandwidths up to 100 days, and

separately for the data as a whole and for black civilians. This 100-day bandwidth covers a total

of 182,279 stops over 200 days (111,523 stops of black civilians), including 31,421 uses of force,

19,759 on black civilians and 2,397 on white civilians. Figure 5 shows the point estimates for these

tests for black civilians, while Figure 6 shows the estimates for all civilians.

Absence of statistically significant differences does not, per se, demonstrate equivalence. Fol-

lowing Hartman and Hidalgo’s recommendations, I use 0.2 times the pooled standard deviation in

rates of use of force as an equivalence threshold (Hartman and Hidalgo, 2016). The vast major-

ity of outcomes fall within the equivalence range; in 600 estimates, only one is (very marginally)

below the equivalence range. This suggests that we can establish that rates of use of force in the

post-memo period, conditional on stops, were equal to or higher than rates of use of force before
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the memo was issued.

A.1 Fuzzy Regression Discontinuity Design: Relationship Between Stops

and Uses of Force

To estimate the elasticity of this effect, I use the fuzzy variant of regression discontinuity. In the

fuzzy regression discontinuity design, the probability of receiving treatment jumps discontinuously

at a defined threshold, but not necessarily from zero to one. This analytical strategy defines the

treatment not as the memo, which is the treatment applied to officers in the previous analysis, but

as the stop itself. Thus, the probability of being treated (stopped) falls discontinuously for black

New Yorkers. Using fuzzy RDD, I can estimate the effect of one foregone stop on the number of

occasions of use of force. Fuzzy RDD adds the assumptions required for an instrumental variables

design to those of a regression discontinuity design: monotonicity, relevance, and exclusion. The

graph above supports all three: the number of stops (probability of treatment) strictly declines

across the discontinuity, and the change is large, negative, and statistically significant. Because of

the granular nature of the data it is unlikely that something other than the memo changed in the

NYPD at that time. Finally, the results shown in Figures 6 and 5 suggest that the probability of

force in any given stop did not change over time. Within-stop factors leading to use of force did

not change with the memo, suggesting that the memo affected use of force only through its effect

on exposure, and thus that the exclusion restriction is satisfied.

The first stage equation is

stopsd = ↵ + �memo+ sj(d) + ⌘d (4)

where stopsd is the number of stops on that day (i.e. the number of units assigned to treatment),

� is the effect of the memo on the number of stops, sj(d) is a function of the forcing variable (date)

that can take a variety of forms, and ⌘d is the error term.
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The second stage equation is

forced = ↵ + �

\
stopsd + sj(d) + ✏d (5)

Table 2 shows the results of this estimate using the 100-day bandwidth, while Table 5 shows

the results for the data-driven bandwidths supported by Calonico et al (Calonico, Cattaneo and

Titiunik, 2015). The estimates are consistent across various specifications, ranging from .15 to

.17. The implication is that eliminating a single stop of a black civilian in this period eliminates

between .15 and .17 uses of force, a figure quite consistent with the percent of occasions on which

force was used during that time.

Table 3: OLS Estimates of Effect of Changes in Stops on Force Using 100-Day Bandwidth (Fuzzy
RDD)

Difference in Means Difference in Means† Linear Linear† Quadratic Quadratic†
� force/stop 0.165 0.168 0.157 0.167 0.155 0.165

(all) (0.007)* (0.006)* (0.008)* (0.006)* (0.008)* (0.006)*
� force/stop 0.167 0.176 0.16 0.176 0.159 0.174

(black) (0.008)* (0.007)* (0.009)* (0.007)* (0.009)* (0.007)*
N 200 200 200 200 200 200

† Includes controls for year, month, day of week, and prior days hit rate.
Maximum of homoscedastic and HAC standard errors in parentheses. * p < 0.05

Again, I re-estimate results using the procedures recommended by Calonico, et al: data-driven

bandwidths, robust bias-corrected confidence intervals, and a kernel estimator to improve fit. These

results (available in Appendix C) are consistent with those reported here.

B Robust Estimation

For both regression discontinuity estimates, I use rdrobust to follow data-driven procedures to

select the ideal bandwidth (Calonico, Cattaneo and Titiunik, 2015). Following Calonico et al, I

also use robust, bias-corrected confidence interval techniques in these estimates, which are “not

only valid when the usual bandwidth conditions are satisfied (being asymptotically equivalent to
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the conventional confidence intervals in this case), but also continue to offer correct coverage rates

in large samples even when the conventional confidence intervals do not” (Calonico, Cattaneo and

Titiunik, 2014). For most specifications, the data-driven procedure selects a substantially larger

bandwidth than 100 days; the 100-day estimates thus, if anything, underestimate the precision

with which the effect is identified, and would make the analysis more likely to incorrectly reject

the null hypothesis (Calonico, Cattaneo and Titiunik, 2014). Table 4 shows the results using the

data-driven bandwidths and robust, bias-corrected confidence intervals. These robust results are

also estimated with a triangular kernel, to improve fit.

Table 4: Estimates of Change in Daily Stops With Force (“force”) and Daily Stops (“stops) at
Treatment (Memo) Using Data-Driven Bandwidth

Difference in Means Linear Linear† Quadratic Quadratic†
� force (black) -42.896 -50.585 -15.725 -52.188 -20.391

(9.911)* (9.96)* (6.974)* (8.928)* (7.461)*
N 75 187 435 489 711

� stops (black) -247.636 -271.919 -63.94 -344.522 -101.717
(48.431)* (50.551)* (33.612)* (42.773)* (32.308)*

N 67 155 396 432 806
� force (all) -62.055 -72.002 -19.897 -75.097 -26.047

(13.149)* (13.487)* (10.335)* (12.053)* (10.541)*
N 75 178 373 483 697

� stops (all) -375.107 -403.345 -83.667 -496.884 -150.423
(71.271)* (75.636)* (52.234)* (62.427)* (47.949)*

N 69 151 381 462 846
† Includes controls for year, month, day of week, and prior days hit rate.
* p < 0.05

Table 5 reports rdrobust estimates for the fuzzy regression discontinuity. Results are con-

sistent with the estimates using a 100-day bandwidth.
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Table 5: OLS Estimates of Effect of Changes in Stops on Force Using Data-Driven Bandwidth
(Fuzzy RDD)

Difference in Means Linear Linear† Quadratic Quadratic†
� force/stop 0.161 0.17 0.15 0.152 0.184

(all) (0.014)* (0.015)* (0.029)* (0.013)* (0.033)*
N 76 409 314 432 745

� force/stop 0.164 0.176 0.173 0.162 0.177
(black) (0.017)* (0.015)* (0.035)* (0.015)* (0.041)*

N 73 393 362 476 663
† Includes controls for year, month, day of week, and prior days hit rate.
Maximum of homoscedastic and HAC standard errors in parentheses. * p < 0.05
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