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Abstract
In December 2014 and January 2015, police officers in New York City engaged in an organized
slowdown of police work to protest the murder of two police officers who were targeted by a
gunman while sitting in their patrol car. An influential 2017 article in Nature Human Behaviour
studies the effect of the NYPD’s work slowdown on major crimes and concludes that the slowdown
led to a significant improvement in public safety. Contrary to the remainder of the literature, the
authors conclude that proactive policing can cause an increase in crime. We re-evaluate this claim
and point out several fatal weaknesses in the authors’ analysis — which purports to be a difference-
in-differences analysis but isn’t — that call this finding into question. In particular, we note that
there was considerable variation in the intensity of the slowdown across NYC communities and
that the communities which experienced a more pronounced reduction in police proactivity did not
experience the largest reductions in major crime. The authors’ analysis constitutes a quintessential
fallacy in statistical reasoning, a logical miscalculation in which inferences from aggregated data
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are mistakenly applied to a more granular phenomenon. We raise several additional and equally
compelling concerns regarding the tests presented in the paper and conclude that there is little
evidence that the slowdown led to short-term changes in major crimes in either direction.
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1 Introduction

For decades, activists, policymakers, and social scientists have debated the role of police presence,
particularly in lower-income neighborhoods where crime tends to be most prevalent. While there
is a consensus that the number of police officers (Evans and Owens, 2007; Chalfin and McCrary,
2018; Mello, 2019; Weisburst, 2019; Kaplan and Chalfin, 2019) combined with their presence and
visibility (Sherman and Weisburd, 1995; Klick and Tabarrok, 2005; Braga and Bond, 2008; Draca et
al., 2011; Machin and Marie, 2011; Braga et al., 2014; Groff et al., 2015; MacDonald et al., 2016;
Mastrobuoni, 2019; Lovett and Xue, 2021; Weisburd, 2021) reduces serious crime, the strategies
that the police have sometimes deployed, including directed patrol and the intensive use of field
interrogations are also thought to create high costs for disadvantaged communities (Weitzer et al.,
2008; Howell, 2009; Edwards et al., 2019; Ang, 2020; Shjarback and Nix, 2020; Bacher-Hicks and
de la Campa, 2021). Research shows that while larger police forces save lives in the United States,
they also make more arrests for low-level “quality-of-life" offenses, crimes which often do not have
a specific victim and for which arrests accrue disproportionately to Black Americans (Chalfin et al.,
2022).

Since the 1982 publication of Broken Windows by Wilson and Kelling and the subsequent expan-
sion of proactive, order maintenance policing tactics in many U.S. cities, there has been considerable
debate about the public safety value of making large numbers of arrests for low-level quality of life
crimes. While the majority of early research, much of it using data from NYC, suggests that today’s
misdemeanor arrests prevent tomorrow’s felony crimes (Kelling and Sousa, 2001; Corman and Mo-
can, 2005; Messner et al., 2007), a persuasive re-analysis by Harcourt and Ludwig (2006) and a
litany of more recent scholarship (Braga and Bond, 2008; MacDonald et al., 2016; Caetano and
Maheshri, 2018; Cho et al., 2021) calls such a conclusion into question.1 At the same time, there is
conflicting evidence on the effect of police “pullbacks" where police officers choose to engage in less
proactive policing, with some research finding that police pullbacks do not substantially compro-
mise public safety (Chandrasekher, 2016; Shjarback et al., 2017) and other research finding that
when the police pull back, increases in crime (Mas, 2006; Shi, 2008) and gun violence (Cheng and
Long, 2018; Devi and Fryer Jr, 2020) can follow.2

In a 2017 paper published in the highly influential general interest journal, Nature Human Be-
haviour, Sullivan and O’Keeffe (hereafter referred to as “S-O’K") assess the effect of a large and
discrete reduction in proactive policing in NYC during a seven week period. Their research design
is motivated by a coordinated “slowdown" of police work undertaken by NYC police officers in re-
sponse to a series of events that shook their faith in the city’s political leadership. S-O’K study major
crimes known to law enforcement during the slowdown period and, accounting for annual crime
trends, document a 6% decline relative to the same period in the previous year. Their conclusion
is that “curtailing proactive policing can reduce major crime."3 This is an extraordinary claim in-

1These findings are likewise buttressed by recent research that documents the harmful effects of pre-trial detention (Leslie
and Pope, 2017; Dobbie et al., 2018) and prosecution for low-level misdemeanor crimes, especially for first-time offenders
(Agan et al., 2021).

2Examining a well-documented nine-month NYPD slowdown motivated by a collective bargaining dispute, Chandrasekher
(2016) finds evidence of a sharp decline in ticket-writing by NYPD officers and mixed evidence suggestive of an increase in
felonious assault and larceny.

3The authors further state: “Our results imply not only that these tactics fail at their stated objective of reducing major
legal violations, but also that the initial deployment of proactive policing can inspire additional crimes that later provide
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sofar as it does not merely suggest that order maintenance policing has no discernible impact on
public safety but that it directly compromises public safety. So far as we are aware, this is the only
empirical paper published in the last twenty years that reports such a finding. Given the novelty
and importance of the finding, it is perhaps unsurprising that it is published in a prominent journal.
The paper has since been cited 58 times by academic researchers and, perhaps due to the authors’
decision to write an op-ed describing their findings in the Washington Post, it has received wide at-
tention outside of academic channels, having been cited in media reporting by CNN, the New York
Times, the Los Angeles Times and Vox, among other outlets.4

In this paper, we re-evaluate this claim and point out several fatal weaknesses in the au-
thors’ analysis that call their principal finding into question. We begin by noting that the authors’
“difference-in-differences" analysis uses only two years of data, comparing whether crime was un-
usual during the slowdown period relative to the same period in the prior year, accounting for
annual crime trends. Since the entire city was subject to the police slowdown, the authors’ research
design does not follow the canonical difference-in-differences framework which requires both a
time dimension and a unit that is unexposed (or at least less exposed) to an intervention. Because
the S-O’K analysis does not employ an unexposed comparison group, it is instead a variant of a
simple pre-post study design. As we show within this paper, significant spatial heterogeneity exists
in the decline in criminal summonses issued by the NYPD during the slowdown. A simple pre-post
design does nothing to address the endogenous determination of proactive policing activity likely
driven by unobserved determinants of major crime during this period–making the observation that
major crime declined relative to the previous year (relative to a particular year) not terribly infor-
mative.

We begin by extending the authors’ analysis, collecting the same public microdata they used
in their 2017 paper for the 14-year period between 2006 and 2019. We then note a number of
troubling issues that point to critical flaws in their analysis. While we confirm S-O’K’s finding that
the decline in major crimes during the 2014-15 slowdown period is statistically significant at con-
ventional levels, a closer inspection of the data suggests that the result may be spurious. While
the estimate for the 2014-15 slowdown period is the most negative estimate among the twelve
year-over-year pairs in the data, 6 out of the 11 remaining estimates are statistically significant at
conventional levels. A number of the estimates have confidence intervals which overlap substan-
tially with that of the 2014-15 slowdown period. Since there were no work slowdowns during the
other periods, the authors’ significant finding for the 2014-15 period appears to be an artifact of
ordinary year-to-year variation in major crime rates in a single city during a seven-week period. In
other words, the result does not survive a simple placebo test.

Most troubling though is that the authors have ignored the considerable variation in the inten-
sity of the work slowdown across NYC communities. Leveraging police precinct-level as well as
U.S. Census tract-level variation, we show that while some communities experienced an enormous
decline in police enforcement during the slowdown period, other NYC communities experienced
only a modest slowdown.5 Critically and contrary to the paper’s central claim — that the slowdown

justification for further increasing police stops, summonses and so on. The vicious feedback between proactive policing and
major crime can exacerbate political and economic inequality across communities."

4See: https://www.washingtonpost.com/news/monkey-cage/wp/2016/07/25/does-more-policing-
\lead-to-less-crime-or-just-more-racial-resentment/.

5While we cannot be certain about the underlying reasons for this variation, we note that communities that were more
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caused major crimes to decline — the communities which experienced a much more pronounced
reduction in police enforcement did not experience the largest reductions in major crime. The au-
thors’ analysis constitutes a quintessential fallacy in statistical reasoning, a logical miscalculation in
which inferences from aggregated data are mistakenly applied to a more granular phenomenon.

Finally, we point to several additional testable implications of the authors’ analysis that are in-
consistent with the conclusion reached in the paper. In particular, the authors document a reduction
in major crimes in NYC during the slowdown but the paper offers little explanation for why such a
relationship might exist or why it would be causal. We show that the slowdown does not appear
to have reallocated police attention to clearing major crimes. Moreover, the largest reductions in
crime observed during the slowdown occurred for crimes committed inside people’s homes, areas
which police officers are unable to actively patrol. These findings are inconsistent with two of the
most likely mechanisms for a slowdown in proactive policing to have beneficial effects on public
safety.

Having re-analyzed the data, we conclude that there is little evidence that the NYPD’s 2014-
2015 work slowdown caused a decline in major crimes. Instead, the evidence is more consistent
with the finding that major crimes did not change appreciably as a function of the slowing down of
police work. While the degree to which this is a useful natural experiment to understand the longer-
term effects of a reduction in so-called proactive policing remains uncertain, it is worth noting that
during a seven-week period in which the scale of policing was dramatically reduced, the sky did
not fall. This is, in our view, a considerably more evidence-based interpretation of the authors’ own
data.

The remainder of this paper is organized as follows. In Section 2, we provide a brief description
of the natural experiment exploited in S-O’K’s original paper. In Section 3, we describe the public
microdata used to study the effects of the NYPD work slowdown and summarize our empirical
strategy which, to maintain consistency, is a replication of that of S-O’K. In Section 4, we present
the results of our new investigation and note three curiosities which call into question S-O’K’s
central finding — that a short-term reduction in the use of proactive policing curtailed major crimes.
Section 5 concludes.

2 Institutional Background

The natural experiment studied in S-O’K’s original contribution and our re-analysis is motivated
by a coordinated “slowdown" of police work undertaken by NYC police officers in response to a
series of events that shook their faith in the city’s political leadership.6 On December 4th, 2014 a
New York grand jury declined to indict Daniel Pantaleo, the NYPD officer who used a choke hold
to kill an unarmed black man named Eric Garner in July 2014. Following the grand jury’s decision,
there was a series of large-scale protests against police brutality at the Brooklyn Bridge, Manhat-

exposed to the slowdown do not differ from less exposed communities with respect to baseline crime or pre-intervention
crime trends.

6Research does not support the idea that danger has increased for police officers in recent years (Maguire et al., 2017)
though there is evidence that some police officers may pull back when they perceive that public opinion has changed (Wolfe
and Nix, 2016). For an excellent discussion of police officers’ perceptions regarding whether there is a “war on police" see
Nix et al. (2018).
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tan’s West Side Highway, and several other sites throughout the city. In response to the perception
among some police officers that these protests were supported by NYC’s Mayor Bill de Blasio, NYPD
officers began to systematically scale back their enforcement activity, issuing fewer summons and
making fewer arrests for misdemeanor crimes. Later that month, two NYPD officers, Wenjian Liu
and Rafael Ramos, were murdered by a gunman in a targeted attack, leading to concern among
officers for their safety and further entrenching officers in their positions. The night that Officers
Ramos and Liu were killed, there were reports that an e-mail was circulated among NYPD officers
urging them not to make arrests or issue summonses “unless absolutely necessary" (Lind, 2015).7

While the source of the e-mail appears to remain unresolved, on December 22nd, two days after the
killing of the officers, the number of summonses issued and misdemeanor arrests fell even further.8

In Figure 1 we plot the daily number of criminal summonses issued city-wide before, during
and after the slowdown period. In Panel A, we focus on the period between October 2013 and
February 2016. In Panel B, we zoom in on the October 2014 - February 2015 period. In each
panel, the dashed lines at December 1st, 2014 and January 18, 2015 represent the slowdown
period as defined by S-O’K. The dotted line at December 22, 2014 denotes an alternative slowdown
period defined using the date of the alleged internal NYPD memo that encouraged officers to step
back from proactive police work. Several features are worth noting. First, referring to Panel A,
there is predictable seasonal variation in summonses, peaking in the summer and falling during
the winter months, reaching a global minimum during the 2014-15 slowdown period. Second,
referring to Panel B, while summonses do decline in early December, the majority of the decline in
summonses actually occurs starting on December 22nd, corresponding with the circulation of the
union memo. The slowdown wanes beginning in mid-January, with enforcement activity returning
to pre-slowdown levels on January 18th. As Figure 1 calls into question whether December 1st is
the best marker of the beginning of the slowdown, we also provide an auxiliary analysis using the
December 22, 2014 - January 18, 2015 alternative slowdown period.

3 Data and Methods

3.1 Data

This research uses publicly-available administrative records obtained from New York City’s Open
Data portal.9 We use data on criminal court summonses and arrests to obtain measures of the ex-
tent of the work slowdown and crime complaint data to study the effect of the slowdown on crimes
known to law enforcement. The crime, arrest and summons data contain time-stamped incident-
level information that includes information on the type of incident and its geographic location.
Following S-O’K, we classify crimes into “major" and “non-major" incidents. Major crimes include
the seven Part I Uniform Crime Reporting categories: murder, rape, robbery, aggravated assault (all
of which are classified as violent crimes), and burglary, theft, and motor vehicle theft (defined as
property crimes). Non-major crimes refer to all other offenses known to the New York City Police
Department. The complaint dataset also has information about the specific location of occurrence
and whether the crime occurred in a residential or commercial location or on the street. We use

7As documented by Ba and Rivera (2019), such memos can indeed have large effects on police behavior.
8Some sources attribute the e-mail to the NYPD Patrolmen’s Benevolent Association (PBA). However, the PBA denied the

allegation.
9See https://opendata.cityofnewyork.us/
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these variables to categorize the crimes as indoor (offenses committed inside a residential premise
that could be either an apartment, house, or public housing) or outdoor offenses. To construct an
analytic file, the data were aggregated at the precinct-day level to better capture changes in law
enforcement activity during the slowdown window.

Finally, we collected weather information (including data on snowfall, precipitation, and tem-
perature) from the National Oceanic and Atmospheric Administration Local Climatological dataset.
We average the information from New York’s LaGuardia and John F. Kennedy International Air-
ports, and Central Park weather stations to estimate city-wide daily level data.

3.2 Econometric Strategy

We begin by replicating the main results from S-O’K, supplementing their analysis with several aux-
iliary analyses which point to critical flaws in their analysis. The authors run an unusual difference-
in-differences model in which the change in crime during the December 1, 2014 - January 18, 2015
slowdown period relative to the remainder of the calendar year is compared to the same change in
crimes during the previous year. Simply put, the authors identify whether crime was unusual during
the slowdown period, relative to the same period in the prior year, accounting for annual changes
in crime during the 2013-2015 period. Critically, there is no control group that is unexposed (or
less exposed) to the treatment.

Following S-O’K, we estimate a negative binomial model, a type of regression model which is
often used to study count data. For ease of comparison, we describe the equation using the authors’
original notation:

𝐸 [𝑌𝑖𝑡 |𝑆𝑡 , 𝑇𝑡 , 𝑋𝑡 ] = 𝑟𝑖𝑡 = 𝑒𝑥𝑝(𝛼 + 𝛾𝑆𝑡 + 𝜆𝑇𝑡 + 𝛿(𝑆𝑡 × 𝑇𝑡 ) + 𝑋
′
𝑡 𝛽 (1)

In (1), 𝑟𝑖𝑡 represents an outcome such as the count of summonses issued or the count of major
crimes in a given daily-precinct. 𝑆𝑡 is an indicator for the “series" — that is, whether a given year
was treated by the slowdown. This variable is equal to 1 if a given day occurred during January
19th, 2014 to January 18th, 2015 period and 0 if otherwise. 𝑇𝑡 is an indicator for the treatment
window and is equal to 1 if a given day occurs during the December 1st-January 18th period. The
coefficient on the interaction between the series and treatment window indicators, 𝛿, provides an
estimate of the difference-in-differences treatment effect. Formally, this estimate tells us whether
or not the difference in a given outcome between the treatment period and the remainder of the
year for the 2014-2015 period differs from the difference in that outcome between the treatment
period and the remainder of the year for the 2013-2014 period. Standard errors are clustered at
the precinct level.10

4 Re-Analysis

In our re-analysis, we note three curiosities which call into question S-O’K’s central finding — that
a short-term reduction in the use of proactive policing curtailed major crimes. We detail each of

10Following S-O’K, we also exclude the Central Park Precinct from the regression models, but this decision is inconsequen-
tial to the magnitude of the point estimates.
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these items below.

4.1 Inconsistent Evidence and Failed Placebo Tests

Using the approach described in equation (1), S-O’K find that major crimes declined by approxi-
mately 6% during the 2014-15 slowdown relative to the same period in the previous year. In Figure
2 we replicate their analysis for all 𝑡, 𝑡-1 pairs during the 2007-2019 period.11 The figure reports
incident rate ratios, standard errors clustered by police precinct and associated 95% confidence
intervals from the negative binomial regression equation outlined in (1). Estimates for the 2014-15
period are presented using red circles. For the other periods, estimates which are significant at the
𝛼 = 0.05 level are presented using green triangles; estimates that are not statistically significant
are presented using gray rhombuses.

In Panel A, we consider the issuance of criminal summonses, the primary marker of the work
slowdown, though we reproduce the same figure using arrests for non-major crimes in Appendix
Figure A.1. In Panel B, we consider S-O’K’s primary outcome: major crimes known to law en-
forcement.12 Consistent with S-O’K, the 2014-15 slowdown appears to have reduced criminal
summonses by approximately 50% when compared to the previous year. Happily, we are able
to replicate S-O’K’s finding that major crimes declined by approximately 7% during the 2014-15
slowdown period relative to the same period in the prior year, an estimate that is statistically sig-
nificant at conventional levels.

A more careful review of Figure 2 however reveals several troubling issues. We begin by noting
that substantively important year-over-year changes in summonses issued by the NYPD are actually
very common and so the large reduction in summonses during the 2014-15 slowdown period is not
unique. Indeed we observe statistically significant year-over-year changes in summonses issued in
6 out of the 11 years for which we have data. Some of these changes are qualitatively large. For ex-
ample, relative to the same period in the prior year, there was a 29% decrease in summonses issued
during the December 1st, 2017-January 18th, 2018 period and a 56% increase in summonses issued
during the December 1st, 2018-January 18th, 2019 period. We likewise observe a 91% increase in
summonses issued during the 2015-16 period which is itself an artifact of the 2014-15 slowdown
which depressed police activity during the prior year.

The fact that large year-over-year changes in summonses are common motivates a more system-
atic inquiry into the relationship between police enforcement and major crimes during the Decem-
ber 1st-January 18th period. Referring to Figure 2, we observe that when summonses fell by 29%
during the 2017-18 period, there was, in fact, no change in major crimes. Similarly, when sum-
monses issued increased by more than 90% in 2015-16, we also do not see any resulting changes
in major crimes in NYC. In both cases, standard errors are small, easily allowing us to rule out a
7% decline in major crimes. Contrary to the claim made by S-O’K, the figure suggests that the re-
lationship between police proactivity and major crimes is highly variable and remains far from clear.

Next, we focus on the statistical significance of S-O’K’s result. While the decline in major crimes
during the 2014-15 slowdown period is statistically significant at conventional levels (𝑝 < 0.01),

11We exclude 2020 due to the large disruptions to social and economic life caused by the COVID-19 pandemic.
12Auxiliary results for non-major crimes are available in Appendix Figure A.1, Panel B.
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a closer inspection of the figure reveals a troubling issue. While the estimate for the 2014-15
slowdown period is the most negative estimate among the twelve year-over-year pairs, 6 out of the
11 remaining estimates are statistically significant at conventional levels. A number of the estimates
have confidence intervals which overlap substantially with that of the 2014-15 slowdown period.
Since there were no work slowdowns during the other periods, the authors’ significant finding for
the 2014-15 period may just as easily be an artifact of ordinary year-to-year variation in major crime
rates in a single city during a seven-week period. These results call into question the identification
strategy employed by S-O’K while also raising additional concerns regarding the authors’ ability to
credibly disentangle alternative determinants of summons activity from the slowdown itself.13,14

4.2 Sub-City Variation

The authors’ analysis is notable in that it draws a city-level inference, ignoring substantial sub-city
variation in the intensity of the work slowdown. In panel A of Figure 3, we document variation in
the intensity of the slowdown using a police precinct-level heat map of the five boroughs of NYC.15

For each of NYC’s 76 police precincts (excluding the Central Park precinct), the intensity of the
color in the heat map corresponds with the year-over-year change in summonses issued. We see
that while some communities experienced a sizable 80% year-over-year reduction in summonses
issued, other communities experienced only a modest reduction of 10-20%. In Appendix Figure
A.3, we explore the nature of the variation by considering whether the intensity of the slowdown is
related to pre-intervention crimes. Overall, there is little evidence that the slowdown was concen-
trated in either the safest or least safe areas of the city, with pre-intervention crime rates explaining
under 2% of the variation in the year-over-year decline in summonses. Using an event study, we
likewise show in Appendix Figure A.6 that communities with higher and lower than median expo-
sure to the slowdown experienced similar crime trends prior to the slowdown.

Given the considerable spatial variation in the intensity of the slowdown, we note that, in ana-
lyzing the slowdown at the city-level, the authors’ analysis is vulnerable to an ecological fallacy in
statistical reasoning, a logical miscalculation in which inferences from aggregated data are mistak-
enly applied to a more granular phenomenon. If the authors’ central claim — that the slowdown
caused major crimes to decline — is correct, then we should observe that the police precincts
which experienced the most intense slowdowns should also have experienced the largest declines
in crime. We present a more systematic analysis of the relationship between the intensity of the
slowdown and the change in major crimes in Figure 3, Panel B which, using precinct-level data,
plots the year-over-year change in major crimes during the 2013-2014 to 2014-2015 SO study
period (𝑦-axis) against the year-over-year change in summonses issued (𝑥-axis). A best-fit line is
drawn through the 76 data points.16

13For example, Chandrasekher (2016) notes that there is some evidence that both administrative changes to the NYPD
(e.g., the formal merging of the New York City Transit and Housing Authority Police Departments into the NYPD) and the
introduction of broken windows policing under the Giuliani administration led to important shifts in enforcement activity
preceding the 1997 slowdown. The absence of a valid control group within the S-O’K empirical strategy makes identification
in this setting less clear.

14In addition to clustering the standard errors at the precinct level, we have also re-estimated the standard errors using
two-way clustering where the dimensions are precinct and year level – see Appendix Figure A.10.

15The same heat maps are presented for non-major crime arrests and non-major crimes in Appendix Figure A.2.
16In keeping with prior literature using NYPD data, we exclude the NYPD’s un-numbered Central Park precinct as it reports

very few crimes.
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If crime had fallen most dramatically in the police precincts that experienced the largest slow-
downs, we would expect this regression line to have a positive slope. That is, the larger the slow-
down, the larger the drop in crime. Referring to the figure, we see little evidence that this is the
case.17 Indeed, contrary to the paper’s central claim — that the slowdown caused major crimes to
decline — the communities which experienced a more pronounced reduction in police proactivity
did not experience the largest reductions in major crime. Instead, the almost zero correlation be-
tween these two variables means that annual precinct-level changes in criminal summonses explain
very little the variation in the change in major crimes.18 ,19

4.3 Testable Implications

The authors document a reduction in major crimes in NYC during the slowdown but the paper of-
fers little explanation for why such a relationship might exist or, if it does, why it would be causal.
While numerous papers have noted that issuing large numbers of summonses and low-level arrests
may be relatively unproductive (Harcourt and Ludwig, 2006; MacDonald et al., 2016), how is it
that proactive policing would lead to an increase in major crimes? We can think of several potential
mechanisms. First, to the extent that proactive policing is a source of tension between police and
the community, scaling back enforcement of low-level crimes may encourage greater cooperation
with police investigations. While this is a possibility, given the longstanding “reservoir of discontent"
(Rosenfeld, 2016) that has existed between police departments and lower-income Black communi-
ties for many years, we are skeptical that a seven-week slowdown is sufficient to measurably repair
police-community relations. We further note that in NYC such a mechanism does not seem to have
been at play as arrests for major crimes declined by 20% during the slowdown as compared to a
7% decline in major crimes. As such, it does not appear as though police were, through enhanced
community cooperation, able to clear more crimes during this period.

Second, it is possible that acrimonious contact with a police officer itself creates frustration and
induces citizens to want to commit crimes. While this is theoretically possible, there is considerable
year-over-year variation in the issuing of summonses in NYC with no clear relationship between the
yearly change in summonses and the yearly change in major crimes, a feature of the data that calls
such a mechanism into question.

Finally, it is possible that when police officers are not spending their time issuing tickets for
incivilities and booking arrestees charged with low-level “quality-of-life" crimes, they will spend
more time deterring serious crime via routine patrols and maintaining visibility (Sherman and

17The figure is plotted using percentage changes rather than in raw numbers of crime per thousand residents. We do
so because there is considerable variation in the applicability of population as a denominator in NYC. In particular, NYC
has a number of neighborhoods with few residents but which receive an enormous number of daily visitors/tourists. One
in particular, Times Square, becomes an outlier in an analysis that focuses on December and January, the peak season for
tourism in NYC. To see this, we present Appendix Figure A.4 which shows that excluding the precinct that includes Times
Square with around 20,000 residents but a daily pedestrian count of more than 450,000 people, makes a non-existent
correlation between criminal summons and major crime rates appear to be large and significant.

18We present the same analysis for non-major crimes as well as major crimes, disaggregated into indoor and outdoor
crimes in Appendix Figure A.5.

19Appendix Figure A.6 shows that precincts with larger versus smaller than median changes in criminal summonses
during the 2014-15 slowdown follow parallel crime trends prior to the slowdown, providing some reassurance that the
results presented in the scatterplots are not an artifact of gravitation to the mean.
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Weisburd, 1995; Braga et al., 2014; MacDonald et al., 2016; Weisburd, 2016). This mechanism
suggests that scaling back proactive policing will have a disproportionate effect on crimes that occur
outdoors or in a commercial setting as these are areas in which police are able to actively patrol.
We test this mechanism by separately considering indoor versus outdoor crimes in Figure 4 which,
like Figure 2, plots incidence rate ratios and 95% confidence intervals using equation (1). Contrary
to the hypothesis that outdoor crimes would have been more sensitive to the slowdown than crimes
committed in areas which police cannot surveil, we see that the crime decline during the 2014-15
slowdown is, in fact, disproportionately driven by declines in indoor crimes. We view this evidence
as being inconsistent with the hypothesis that police were able to successfully deter more outdoor
offending during the slowdown.

4.4 Robustness

Finally, we consider the several additional issues that shed light on the general robustness of S-
O’K’s analysis of this natural experiment. We begin by re-considering the treatment period studied
by S-O’K. Next, recognizing the importance of the considerable degree of sub-city variation in the
intensity of the police slowdown, we consider a much more granular unit of analysis than the police
precinct: the U.S. Census tract.

4.4.1 Robustness to Alternative Treatment Period

In Figure 1, we established that the majority of the slowdown’s impact, in fact, occurred after
December 22nd, 2014. Accordingly, in Figure 5, we re-analyze the data denoting the December
22nd-2014 - January 18th, 2015 period as the slowdown period. In Panel A, we verify that the
year-over-year decline in summonses issued is even larger (IRR = 0.38) for this period. In the
remaining panels, we consider the impact of the slowdown on overall major crimes (Panel B),
indoor major crimes (Panel C) and outdoor major crimes (Panel D). Using the authors’ analysis in
(1), major crimes declined by 6% during the alternative slowdown period. However, five other
year-over-year changes in major crimes were greater than 5% (four of which were significant at
conventional levels), even though there were no other identified slowdowns during the same time
period. Focusing on outdoor major crimes, the estimate for the slowdown period (IRR = 0.964) is
no longer statistically significant and is only the 6th largest impact among 12 time periods studied.
We likewise show, in Appendix Figure A.7 that, for the alternative slowdown period, there is no
relationship between the intensity of the slowdown and the change in major crimes at the precinct
level.

4.4.2 Robustness to an Alternative Unit of Analysis

In NYC, police precincts are responsible for maintaining public safety within a designated area,
making them a reasonable unit of analysis for this research. Still, there could be concerns about
whether the results of our analyses would be different if we were to use a more granular unit of
geography. This concern, which is sometimes referred to as the “modifiable areal unit problem," is
common in studying spatial crime data (Bernasco and Elffers, 2010; Ratcliffe, 2010).

To address this concern, we repeat our analysis at the U.S. Census tract level, leveraging 2,163
geographic units (each of which is home to approximately 4,000 people) rather than 76 units using
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police precincts. Following our main analysis, Appendix Figure A.8 presents estimates for each
year 𝑡, year 𝑡-1 pair at the Census tract level. Both the magnitude of the estimate and the number
of statistically significant estimates are similar to the main results at the precinct-level. Similarly,
Appendix Figure A.9 exhibits the variation of the police slowdown and crimes using Census tract
percent changes. As in our main results, the relationship between criminal summons and major
crimes is very close to zero (𝑅2 = 0.0005).

5 Discussion

Since the 2017 publication of S-O’K’s article, there has been a proliferation of public concern about
police use of force and the collateral consequences of police enforcement in low-income, predom-
inantly Black communities. At the same time, since the beginning of the COVID-19 pandemic and
the resulting protests in the aftermath of the murder of George Floyd by a Minneapolis police offi-
cer, there has been a large increase in gun violence in U.S. cities which has, in some cases, coincided
with a dramatic reduction in police proactivity. Lawmakers and members of the public are actively
engaged in an ongoing debate about the public safety returns to police resources and whether bring-
ing those resources to bear to make low-level arrests is worthwhile given that both the opportunity
cost of a police officer’s time and the collateral costs of this style of policing may be high.20 As such,
the importance of studying the public safety value of order maintenance policing remains as high
as ever.

The public safety value of the marginal low-level arrest is a key policy estimate that has pow-
erful implications for how police resources should be deployed and which styles of policing should
be incentivized by public officials. However, because the volume of low-level arrests typically rises
and falls for reasons that are endogenous to public safety, good research designs remain difficult
to come by. Because police slowdowns sometimes happen for reasons that are unrelated to public
safety and because they can lead to extraordinarily large changes in police behavior, they have been
used to study the public safety value of order maintenance policing.

In NYC, the police slowdown was brought about, in large part, by the killing of two police of-
ficers by a man from Baltimore, MD who traveled to NYC with the intention of attacking police.
The slowdown dramatically changed the intensity of policing in some areas of the city over a seven-
week period and therefore it is instructive to ask what happened to major crimes during this period.
S-O’K’s analysis suggests that order maintenance policing compromises public safety, a fact which,
if true, would provide compelling evidence in favor of the argument to curtail this style of policing
— and possibly police resources in general — in U.S. cities. Unfortunately this claim, which is new
to the literature and which therefore has attracted considerable attention among scholars and in
the popular media, is built upon dubious evidence.

Our re-analysis shows that while NYPD’s use of criminal summonses and “quality of life" arrests
was dramatically reduced in some communities during this time period, other communities sus-
tained relatively little exposure to the slowdown. Communities with greater exposure and lesser

20Recent debates have referred to the possibility that other policy inputs could potentially be substitutes for policing
including investments in mental healthcare (Deza et al., 2020; Jácome, 2020), improvements to the built environment
(Chalfin et al., 2021; Branas et al., 2016, 2018; Macdonald et al., 2021) and improvements to social programs (Heller,
2014; Heller et al., 2017; Sharkey et al., 2017; Kessler et al., 2021).
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exposure to the slowdown had similar levels of baseline crime and, prior to the slowdown, experi-
enced extraordinarily similar crime trends. During the slowdown period, there is no evidence that
highly exposed communities and less exposed communities experienced different levels of major
crimes. We likewise note that S-O’K’s estimates are not robust to basic placebo checks which study
the same time period in other years in which a slowdown was not present. The best available ev-
idence thus suggests that there does not seem to have been a detectable change in serious crimes
in either direction as a function of the 2014-15 slowdown, at least among those crimes that were
reported to or discovered by law enforcement. Such a finding comports with new and related work
on the public safety value of marginal low-level arrests by Cho et al. (2021) who leverage the
natural experiment created by the killing of a police officer which creates a short-term reduction
in police proactivity, Bacher-Hicks and de la Campa (2021) which studies variation in proactive
policing arising from precinct-level management changes and Chandrasekher (2016) who studies
the effects of an earlier police slowdown which occurred in NYC in the 1990s. Each of these studies
reports little evidence of changes in major crimes in either direction.

Future research on police slowdowns has the potential to contribute to the growing body of
work on the value of proactive policing. However, it is crucial to employ a comparison group —
either unexposed or lesser exposed neighborhoods within the same city or a comparison panel of
other cities which arguably had no exposure to the policing shock.

In addition to a comparison group, a credible difference-in-differences analysis also requires an
analysis of parallel trends to provide some assurance that the natural experiment in question is
not confounded by pre-treatment changes in the crime environment. Finally, placebo tests should
be employed to provide assurances that the reported results are unlikely to be spurious. This is
especially critical when there are only a small number of treated units and thus less policy variation
to exploit. Absent these basic features — which are necessary but, by no means, sufficient to ensure
credibility — findings from research on police slowdowns should be viewed with skepticism.
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A. October 2013 to February 2016

B. October 2014 to February 2015

Figure 1: Daily city-wide criminal summonses

Notes: Figures plot the daily number of criminal summonses issued by NYPD officers for a given
period. Panel A focuses on the October 2014-February 2016 period; Panel B focuses on the October
2014-February 2015 period. In each panel, the blue dashed lines mark the New York Police Depart-
ment slowdown period used by Sullivan and O’Keffe (2017), ranging from December 1st, 2014 to
January 18th, 2015. The red dotted line highlights December 22nd, 2014, the date that several
media outlets report as the starting period of the police slowdown, which coincides with a large
decrease in criminal summons.
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A. Criminal summonses

B. Major crimes

Figure 2: The 2014-2015 NYPD slowdown and its effect on major crimes

Notes: Each row presents estimates from SO’s difference-in-differences estimator. The analysis
identifies the effect of the slowdown by differencing the year-over-year change in the number of
major crimes experienced during the December 1st-January 18th slowdown period from the year-
over-year change in major crimes experienced during the remainder of the year. For each year
𝑡, year 𝑡-1 pair, we replicate SO’s models, collapsing crime to the precinct-day level, excluding
demographic control variables, which do not vary daily and which, as SO note, therefore do not
influence the resulting estimates. For a given period, the estimating equation is as follows: 𝑦𝑖𝑡 =

𝛼 + 𝛽1𝑆𝑖𝑡 + 𝛽2𝑇𝑖𝑡 + 𝛽3𝑆𝑖𝑡𝑇𝑖𝑡 + 𝛾𝑋𝑖𝑡 + 𝑒𝑖𝑡 , where 𝑦𝑖𝑡 is the outcome variable at the precinct 𝑖,
day-month-year 𝑡, 𝑆𝑖𝑡 = 1 for period 𝑡 between January/19/YEAR+1 and January/18/YEAR+2,
zero otherwise, 𝑇𝑖𝑡 = 1 is the treatment window for period 𝑡 between December/01/YEAR and
January/18/YEAR+1 as well as December/01/YEAR+1 and January/18/YEAR+2, zero otherwise,
and 𝑋𝑖𝑡 represents weather data (snow, precipitation, and temperature) at the city-day-month-year
level. Each model only includes data between January/19/YEAR to January/18/YEAR+2. For each
pair of years, the figure reports incident rate ratios, standard errors clustered by police precinct and
95% confidence intervals from a series of negative binomial regressions. Panel A considers the
issuing of criminal summonses, the primary marker of the work slowdown. Panel B considers SO’s
primary outcome, major crimes known to law enforcement, which includes the seven-part I Uniform
Crime Reporting categories: murder, rape, robbery, aggravated assault, burglary, theft, and motor
vehicle theft.
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A. Criminal summonses

B. Major crimes

Figure 3: Precinct-level variation in the 2014-2015 NYPD slowdown

Notes: Panel A presents a precinct-level heat map of NYC and documents enormous variation in
the intensity of the slowdown across NYC communities. For each of NYC’s 76 police precincts
(excluding the Central Park precinct), the intensity of the color in the heat map corresponds with the
year-over-year change in summonses issued during the December 1st-January 18th period. Panel
B exploits the precinct-level variation and plots each precinct’s percentage change in major crimes
between the December 1st, 2013 - January 18th, 2014 and the December 1st, 2014 - January 18th,
2015 periods (𝑦-axis) against the same percentage change in summonses issued (𝑥-axis). A best-fit
line is drawn through the data. Major crimes include the seven-part I Uniform Crime Reporting
categories: murder, rape, robbery, aggravated assault, burglary, theft, and motor vehicle theft.
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A. Major crimes, indoors

B. Major crimes, outdoors

Figure 4: Effects of NYPD slowdown on outdoor and indoor major crimes

Notes: Each row presents estimates from SO’s difference-in-differences estimator. The analysis
identifies the effect of the slowdown by differencing the year-over-year change in the number of
major crimes experienced during the December 1st-January 18th slowdown period from the year-
over-year change in major crimes experienced during the remainder of the year. For each year
𝑡, year 𝑡-1 pair, we replicate SO’s models, collapsing crime to the precinct-day level, excluding
demographic control variables, which do not vary daily and which, as SO note, therefore do not
influence the resulting estimates. For a given period, the estimating equation is as follows: 𝑦𝑖𝑡 =

𝛼 + 𝛽1𝑆𝑖𝑡 + 𝛽2𝑇𝑖𝑡 + 𝛽3𝑆𝑖𝑡𝑇𝑖𝑡 + 𝛾𝑋𝑖𝑡 + 𝑒𝑖𝑡 , where 𝑦𝑖𝑡 is the outcome variable at the precinct 𝑖,
day-month-year 𝑡, 𝑆𝑖𝑡 = 1 for period 𝑡 between January/19/YEAR+1 and January/18/YEAR+2,
zero otherwise, 𝑇𝑖𝑡 = 1 is the treatment window for period 𝑡 between December/01/YEAR and
January/18/YEAR+1 as well as December/01/YEAR+1 and January/18/YEAR+2, zero otherwise,
and 𝑋𝑖𝑡 represents weather data (snow, precipitation, and temperature) at the city-day-month-year
level. Each model only includes data between January/19/YEAR to January/18/YEAR+2. For each
pair of years, the figure reports incident rate ratios, standard errors clustered by police precinct and
95% confidence intervals from a series of negative binomial regressions. Panel A considers major
crimes committed indoors; Panel B considers major crimes, committed outdoors. Indoor crimes
comprise offenses committed inside a residential premise (apartment, house, or public housing);
outdoor crimes include all the other criminal offenses.
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A. Criminal summonses B. Major crimes

C. Major crimes, indoors D. Major crimes, outdoors

Figure 5: Effects of NYPD slowdown on public safety using alternative Septem-
ber 22nd, 2014 - January 18th, 2015 treatment period

Notes: Each row presents estimates from SO’s difference-in-differences estimator. For each year
𝑡, year 𝑡-1 pair, we replicate SO’s models, collapsing crime to the precinct-day level, excluding
demographic control variables, which do not vary daily and which, as SO note, therefore do
not influence the resulting estimates. For a given period, the estimating equation is as follows:
𝑦𝑖𝑡 = 𝛼 + 𝛽1𝑆𝑖𝑡 + 𝛽2𝑇𝑖𝑡 + 𝛽3𝑆𝑖𝑡𝑇𝑖𝑡 + 𝛾𝑋𝑖𝑡 + 𝑒𝑖𝑡 , where 𝑦𝑖𝑡 is the outcome variable at the precinct
𝑖, day-month-year 𝑡, 𝑆𝑖𝑡 = 1 for period 𝑡 between January/19/YEAR+1 and January/18/YEAR+2,
zero otherwise, 𝑇𝑖𝑡 = 1 is the treatment window for period 𝑡 between December/01/YEAR and
January/18/YEAR+1 as well as December/22/YEAR+1 and January/18/YEAR+2, zero otherwise,
and 𝑋𝑖𝑡 represents weather data (snow, precipitation, and temperature) at the city-day-month-year
level. Each model only includes data between January/19/YEAR to January/18/YEAR+2. For each
pair of years, the figure reports incident rate ratios, standard errors clustered by police precinct and
95% confidence intervals from a series of negative binomial regressions. Panel A considers criminal
summonses, Panel B considers major crimes and Panels C and D consider major indoor and out-
door crimes, respectively. Indoor crimes comprise offenses committed inside a residential premise
(apartment, house, or public housing); outdoor crimes include all the other criminal offenses.

18



Journal of Comments and Replications in Economics - JCRE

References

Agan, A. Y., Doleac, J. L., & Harvey, A. (2021). “Misdemeanor Prosecution.” The Quarterly Jour-
nal of Economics, 138(3), 1453–1505. DOI: 10.1093/qje/qjad005.

Ang, D. (2020). “The Effects of Police Violence on Inner-City Students.” The Quarterly Journal
of Economics, 136(1), 115–168. DOI: 10.1093/qje/qjaa027.

Ba, B. A., & Rivera, R. (2019). “The Effect of Police Oversight on Crime and Allegations of
Misconduct: Evidence from Chicago.” Working Paper (19-42). URL: https://scholarship.la
w.upenn.edu/faculty_scholarship/2109/.

Bacher-Hicks, A., & de la Campa, E. (2021). “The Impact of New York City’s Stop and Frisk
Program on Crime: The Case of Police Commanders.” Technical report, Working Paper.

Bernasco, W., & Elffers, H. (2010). “Statistical Analysis of Spatial Crime Data.” In Handbook
of Quantitative Criminology, pp. 699-724. Springer. DOI: 10.1007/978-0-387-77650-7_33.

Braga, A. A., & Bond, B. J. (2008). “Policing Crime and Disorder Hot Spots: A Randomized
Controlled Trial.” Criminology, 46(3), 577-607. DOI: 10.1111/j.1745-9125.2008.00124.x.

Braga, A. A., Hureau, D. M., & Papachristos, A. V. (2014). “Deterring Gang-Involved Gun
Violence: Measuring the Impact of Boston’s Operation Ceasefire on Street Gang Behavior.” Journal
of Quantitative Criminology, 30(1), 113-139. DOI: 10.1007/s10940-013-9198-x.

Braga, A. A., Papachristos, A. V., & Hureau, D. M. (2014). “The Effects of Hot Spots Policing
on Crime: An Updated Systematic Review and Meta-Analysis.” Justice Quarterly, 31(4), 633-663.
DOI: 10.1080/07418825.2012.673632.

Branas, C. C., Kondo, M. C., Murphy, S. M., South, E. C., Polsky, D., & MacDonald, J. M.
(2016). “Urban Blight Remediation as a Cost-Beneficial Solution to Firearm Violence.” American
Journal of Public Health, 106(12), 2158-2164. DOI: 10.2105/ajph.2016.303434.

Branas, C. C., South, E., Kondo, M. C., Hohl, B. C., Bourgois, P., Wiebe, D. J., & MacDonald,
J. M. (2018). “Citywide Cluster Randomized Trial to Restore Blighted Vacant Land and Its Effects
on Violence, Crime, and Fear.” Proceedings of the National Academy of Sciences, 115(12), 2946-2951.
DOI: 10.1073/pnas.1718503115.

Caetano, G., & Maheshri, V. (2018). “Identifying Dynamic Spillovers of Crime with a Causal
Approach to Model Selection.” Quantitative Economics, 9(1), 343-394. DOI: 10.3982/QE756.

Chalfin, A., Hansen, B., Lerner, J., & Parker, L. (2021). “Reducing Crime Through Envi-
ronmental Design: Evidence from a Randomized Experiment of Street Lighting in New York City.”
Journal of Quantitative Criminology, 1-31. DOI: 10.1007/s10940-020-09490-6.

Chalfin, A., Hansen, B., Weisburst, E. K., & Williams Jr, M. C. (2022). “Police Force Size and

19

https://doi.org/10.1093/qje/qjad005
https://doi.org/10.1093/qje/qjaa027
https://scholarship.law.upenn.edu/faculty_scholarship/2109/
https://scholarship.law.upenn.edu/faculty_scholarship/2109/
https://doi.org/10.1007/978-0-387-77650-7_33
https://doi.org/10.1111/j.1745-9125.2008.00124.x
https://doi.org/10.1007/s10940-013-9198-x
https://doi.org/10.1080/07418825.2012.673632
https://doi.org/10.2105/ajph.2016.303434
https://doi.org/10.1073/pnas.1718503115
https://doi.org/10.3982/QE756
https://doi.org/10.1007/s10940-020-09490-6


A. Chalfin, D. Mitre-Becerril & M. C. Williams, Jr. – Proactive Policing and Major Crime (Replication). JCRE (2024-6)

Civilian Race.” American Economic Review: Insights, 4(2), 139-158. DOI: 10.1257/10.1257/ae
ri.20200792.

Chalfin, A., & McCrary, J. (2018). “Are US Cities Underpoliced? Theory and Evidence.” The
Review of Economics and Statistics, 100(1), 167-186. DOI: 10.1162/REST_a_00694.

Cheng, C., & Long, W. (2018). “The Effect of Police Slowdowns on Crime.” American Law and
Economics Review, 18(2), 385-437. DOI: 10.1093/aler/ahw008.

Cheng, C., & Long, W. (2018). “The Effect of Highly Publicized Police-Related Deaths on Polic-
ing and Crime: Evidence from Large US Cities.”Journal of Public Economics, 18(2), 385-437. DOI:
10.1016/j.jpubeco.2021.104557.

Cho, S., Gonçalves, F., & Weisburst, E. (2021). “Do Police Make Too Many Arrests?” Univer-
sity of California, Los Angeles Working Paper.PDF: https://docs.iza.org/dp14907.pdf.

Corman, H., & Mocan, N. (2005). “Carrots, Sticks, and Broken Windows.” The Journal of Law
and Economics, 48(1), 235-266. DOI: 10.1086/425594.

Devi, T., & Fryer Jr, R. G. (2020). “Policing the Police: The Impact of ’Pattern-or-Practice’
Investigations on Crime.” Technical report, National Bureau of Economic Research. DOI: 10.338
6/w27324.

Deza, M., Maclean, J. C., & Solomon, K. T. (2022). “Local Access to Mental Healthcare and
Crime.” Journal of Urban Economics, 129(C). DOI: j.jue.2021.103410.

Dobbie, W., Goldin, J., & Yang, C. S. (2018). “The Effects of Pretrial Detention on Conviction,
Future Crime, and Employment: Evidence from Randomly Assigned Judges.” The American Eco-
nomic Review, 108(2), 201-240. DOI: 10.1257/aer.20161503.

Draca, M., Machin, S., & Witt, R. (2011). “Panic on the Streets of London: Police, Crime, and
the July 2005 Terror Attacks.” The American Economic Review, 101(5), 2157-2181.DOI: 10.1257/
aer.101.5.2157.

Edwards, F., Lee, H., & Esposito, M. (2019). “Risk of Being Killed by Police Use of Force in
the United States by Age, Race, Ethnicity, and Sex.” Proceedings of the National Academy of Sciences,
116 (34), 16793-16798.DOI: 10.1073/pnas.1821204116.

Edwards, F., Lee, H., & Esposito, M. (2019). “Risk of Being Killed by Police Use of Force in
the United States by Age, Race, Ethnicity, and Sex.” Proceedings of the National Academy of Sciences,
116 (34), 16793-16798.DOI: 10.1073/pnas.1821204116.

Evans, W. N. & Owens, E. G. (2007). “Cops and Crime.” Journal of Public Economics, 91 (1-2),
181-201.DOI: 10.1016/j.jpubeco.2006.05.014.

Groff, E. R., Ratclffe, J. H., Haberman,C. P., Sorg,E. T., Joyce,N. M. & Taylor, R. B. (2015).

20

https://doi.org/10.1257/aeri.20200792
https://doi.org/10.1257/aeri.20200792
https://doi.org/10.1162/REST_a_00694
https://doi.org/10.1093/aler/ahw008
https://doi.org/10.1016/j.jpubeco.2021.104557
https://docs.iza.org/dp14907.pdf
https://doi.org/10.1086/425594
https://doi.org/10.3386/w27324
https://doi.org/10.3386/w27324
https://doi.org/10.1016/j.jue.2021.103410
https://doi.org/10.1257/aer.20161503
https://doi.org/10.1257/aer.101.5.2157
https://doi.org/10.1257/aer.101.5.2157
https://doi.org/10.1073/pnas.1821204116
https://doi.org/10.1073/pnas.1821204116
https://doi.org/10.1016/j.jpubeco.2006.05.014


Journal of Comments and Replications in Economics - JCRE

“Does What Police do at Hot Spots Matter? The Philadelphia Policing Tactics Experiment.” Crimi-
nology, 53 (1), 23-53. DOI: 10.1111/1745-9125.12055.

Harcourt, B. E. & Ludwig, J. (2006). “Broken Windows: New Evidence From New York City
and a Five-city Social Experiment.” The University of Chicago Law Review, Vol. 73, Iss. 1, Article 14.
URL: https://chicagounbound.uchicago.edu/uclrev/vol73/iss1/14/.

Heller, S. B. (2014). “Summer Jobs Reduce Violence among Disadvantaged Youth.” Science,
346 (6214), 1219-12233. DOI: 10.1126/science.1257809.

Heller, S. B., Shah, A. K., Guryan, J., Ludwig, J., Mullainathan, S., & Pollack, H. A. (2017).
“Thinking, Fast and Slow? Some Field Experiments to Reduce Crime and Dropout in Chicago.”
Quarterly Journal of Economics, 132 (1), 1-54. DOI: 10.1093/qje/qjw033.

Howell, K. B. (2009). “Broken Lives from Broken Windows: The Hidden Costs of Aggres-
sive Order- maintenance Policing.” NYU Review of Law & Social Change, 33, 271. URL: https:
//socialchangenyu.com/review/broken-lives-from-broken-windows-the-
hidden-costs-of-aggressive-order-maintenance-policing/.

Jácome, E. (2020). “Mental Health and Criminal Involvement: Evidence from Losing Medicaid
Eligibility.” Working Paper. PDF: https://elisajacome.github.io/Jacome/Jacome_JMP.
pdf.

Kaplan, J. & Chalfin, A. (2019). “More Cops, Fewer Prisoners?.” Criminology & Public Policy,
18 (1), 171-200. PDF: 10.1111/1745-9133.12424.

Kelling, G. L. & Sousa, W. H. (2001). “Do Police Matter?: An Analysis of the Impact of
New York City’s Police Reforms.” CI Center for Civic Innovation at the Manhattan Institute. URL:
https://manhattan.institute/article/do-police-matter-an-analysis-of-
the-impact-of-new-york-citys-police-reforms.

Klick, J., Tabarrok, A. (2005). “Using Terror Alert Levels to Estimate the Effect of Police on
Crime.” The Journal of Law and Economics, 48 (1), 267-279. DOI: 10.1086/426877.

Leslie, E. & Pope, N. G. (2017). “The Unintended Impact of Pretrial Detention on Case Out-
comes: Evidence from New York City Arraignments.” The Journal of Law and Economics, 60 (3),
529-557, DOI: 10.1086/695285.

Lind, D. (2015). ‘The NYPD “Slowdown” that’s Cut Arrests in New York by Half, Explained"
Vox.” VOX; January 6, 2015. URL: https://www.vox.com/2015/1/6/7501953/nypd-
mayor-arrests-union.

Lovett, N. & Xue, Y. (2022). “Rare Homicides, Criminal Behavior, and the Returns to Police
Labor.” Journal of Economic Behavior & Organization, 194, 172-195, DOI: 10.1016/j.jebo.202
1.12.023.

21

https://doi.org/10.1111/1745-9125.12055
https://chicagounbound.uchicago.edu/uclrev/vol73/iss1/14/
https://doi.org/10.1126/science.1257809
https://doi.org/10.1093/qje/qjw033
https://socialchangenyu.com/review/broken-lives-from-broken-windows-the-hidden-costs-of-aggressive-order-maintenance-policing/
https://socialchangenyu.com/review/broken-lives-from-broken-windows-the-hidden-costs-of-aggressive-order-maintenance-policing/
https://socialchangenyu.com/review/broken-lives-from-broken-windows-the-hidden-costs-of-aggressive-order-maintenance-policing/
https://elisajacome.github.io/Jacome/Jacome_JMP.pdf
https://elisajacome.github.io/Jacome/Jacome_JMP.pdf
https://doi.org/10.1111/1745-9133.12424
https://manhattan.institute/article/do-police-matter-an-analysis-of-the-impact-of-new-york-citys-police-reforms
https://manhattan.institute/article/do-police-matter-an-analysis-of-the-impact-of-new-york-citys-police-reforms
https://doi.org/10.1086/426877
https://doi.org/10.1086/695285
https://www.vox.com/2015/1/6/7501953/nypd-mayor-arrests-union
https://www.vox.com/2015/1/6/7501953/nypd-mayor-arrests-union
https://doi.org/10.1016/j.jebo.2021.12.023
https://doi.org/10.1016/j.jebo.2021.12.023


A. Chalfin, D. Mitre-Becerril & M. C. Williams, Jr. – Proactive Policing and Major Crime (Replication). JCRE (2024-6)

MacDonald, J., Fagan, J., & Geller, A. (2016). “The Effects of Local Police Surges on Crime
and Arrests in New York City.” PLoS one, 11 (6) DOI: 10.1371/journal.pone.0157223.

Macdonald, J., Nguyen, V., Jensen, S. T., & Branas, C. C. (2021). “Reducing Crime by
Remediating Vacant Lots: the Moderating Effect of Nearby Land Uses.” Journal of Experimental
Criminology 18, 639–664 (2022). DOI: 10.1007/s11292-020-09452-9.

MacDonald, J. M., Klick, J., and Grunwald, B. (2016). “The Effect of Private Police on Crime:
Evidence from a Geographic Regression Discontinuity Design.” Journal of the Royal Statistical Soci-
ety: Series A (Statistics in Society) 179 (3), 831-846. DOI: 10.1111/rssa.12142.

Machin, S. & Marie, O. (2011). “Crime and Police Resources: The Street Crime Initiative.”
Journal of the European Economic Association 9 (4), 678–701. DOI: 10.1111/j.1542-4774.2
011.01018.x.

Maguire, E. R., Nix, J. & Campbell, B.A. (2017). “A War on Cops? The Effects of Ferguson on
the Number of US Police Officers Murdered in the Line of Duty.” Justice Quarterly 34 (5), 739–758.
DOI: 10.1080/07418825.2016.1236205.

Mas, A. (2006). “Pay, Reference Points, and Police Performance.” The Quarterly Journal of Eco-
nomics 121 (3), 783–821. DOI:10.1162/qjec.121.3.783.

Mastrobuoni, G. (2019). “Police Disruption and Performance: Evidence from Recurrent Rede-
ployments within a City.” Journal of Public Economics 176, 18–31. DOI:10.1016/j.jpubeco.20
19.05.003.

Mello, S. (2019). “More Cops, Less Crime.” Journal of Public Economics 172, 174–200. DOI:
10.1016/j.jpubeco.2018.12.003.

Messner, S. F., Galea, S., Tardiff, K. J., Tracy, M., Bucciarelli, A., Piper, T. M., Frye, V., &
Vlahov, D. (2007). “Policing, Drugs, and the Homicide Decline in New York City in the 1990s.”
Criminology 45 (2), 385–414. DOI: 10.1111/j.1745-9125.2007.00082.x.

Nix, J., Wolfe, S. E., & Campbell, B. A. (2018). “Command-Level Police Officers’ Perceptions
of the “War on Cops” and De-policing.” Justice Quarterly 35 (1), 33–54. DOI: 10.1080/074188
25.2017.1338743.

Ratcliffe, J. (2010). “Crime Mapping: Spatial and Temporal Challenges.” In Handbook of Quan-
titative Criminology, pp. 5–24. Springer. DOI: 10.1007/978-0-387-77650-7_2.

Rosenfeld, R. (2016). “Documenting and Explaining the 2015 Homicide Rise: Research Direc-
tions.” Washington, DC. PDF: https://www.ojp.gov/pdffiles1/nij/249895.pdf.

Sharkey, P., Torrats-Espinosa, G., & Takyar, D. (2017). “Community and the Crime Decline:
The Causal Effect of Local Nonprofits on Violent Crime.” The American Sociological Review 82 (6),
1214–1240. DOI: 10.1177/0003122417736289.

22

https://doi.org/10.1371/journal.pone.0157223
https://doi.org/10.1007/s11292-020-09452-9
https://doi.org/10.1111/rssa.12142
https://doi.org/10.1111/j.1542-4774.2011.01018.x
https://doi.org/10.1111/j.1542-4774.2011.01018.x
 https://doi.org/10.1080/07418825.2016.1236205
 https://doi.org/10.1162/qjec.121.3.783
https://doi.org/10.1016/j.jpubeco.2019.05.003
https://doi.org/10.1016/j.jpubeco.2019.05.003
https://doi.org/10.1016/j.jpubeco.2018.12.003
https://doi.org/10.1111/j.1745-9125.2007.00082.x
https://doi.org/10.1080/07418825.2017.1338743
https://doi.org/10.1080/07418825.2017.1338743
https://doi.org/10.1007/978-0-387-77650-7_2
https://www.ojp.gov/pdffiles1/nij/249895.pdf
https://doi.org/10.1177/0003122417736289


Journal of Comments and Replications in Economics - JCRE

Sherman, L. W. & Weisburd, D. (1995). “General Deterrent Effects of Police Patrol in Crime
“Hot Spots”: A Randomized, Controlled Trial.” Justice Quarterly 12 (4), 625–648. DOI:10.1080/
07418829500096221.

Shi, L. (2008). “Does Oversight Reduce Policing? Evidence from the Cincinnati Police Depart-
ment after the April 2001 Riot.” Journal of Public Economics. DOI:10.2139/ssrn.647606.

Shjarback, J. A. & Nix, J. (2020). “Considering Violence Against Police by Citizen Race/Ethnicity
to Contextualize Representation in Officer-involved Shootings.” Journal of Criminal Justice 66,
101653. DOI:10.1016/j.jcrimjus.2019.101653.

Shjarback, J. A., Pyrooz, D. C., Wolfe, S. E., & Decker,S. H. (2017). “De-Policing and Crime in
the Wake of Ferguson: Racialized Changes in the Quantity and Quality of Policing among Missouri
Police Departments.” Journal of Criminal Justice 50, 42–52. DOI:10.1016/j.jcrimjus.2017.
04.003.

Sullivan, C. M. & O’Keeffe, Z. P. (2017). “Evidence That Curtailing Proactive Policing Can
Reduce Major Crime.” Nature Human Behaviour 1 (10), 730–737. DOI:10.1038/s41562-017-
0211-5.

Weisburd, D. (2016). “Does Hot Spots Policing Inevitably Lead to Unfair and Abusive Police
Practices, or Can We Maximize both Fairness and Effectiveness in the New Proactive Policing.” Uni-
versity of Chicago Legal Forum, 661. PDF:https://chicagounbound.uchicago.edu/cgi/
viewcontent.cgi?params=/context/uclf/article/1578/&path_info=2016UChiL
egalF661.pdf.

Weisburd, S. (2021). “Police Presence, Rapid Response Rates, and Crime Prevention.”” The
Review of Economics and Statistics 103 (2), 280–293. DOI: 10.1162/rest_a_00889.

Weisburst, E. K. (2019). “Police Use of Force as An Extension of Arrests: Examining Disparities
across Civilian and Officer Race.” AEA Papers and Proceedings, 109, 152–56. DOI: 10.1257/pand
p.20191028.

Weitzer, R., Tuch, S. A., & Skogan, W. G. (2008). “Police–community Relations in a Majority-
Black City.” Journal of Research in Crime and Delinquency 45 (4), 398–428. DOI: 10.1177/0022
427808322617.

Wilson, J. Q. & Kelling, G. L. (1982). “Broken Windows.” Atlantic monthly 249 (3), 29–38.
URL: https://www.theatlantic.com/magazine/archive/1982/03/broken-window
s/304465/.

Wolfe, S. E. & Nix, J. (2016). “The Alleged “Ferguson Effect” and Police Willingness to Engage
in Community Partnership.” Law and Human Behavior 40 (1), 1. DOI: 10.1037/lhb0000164.

23

 https://doi.org/10.1080/07418829500096221
 https://doi.org/10.1080/07418829500096221
http://dx.doi.org/10.2139/ssrn.647606
https://doi.org/10.1016/j.jcrimjus.2019.101653
https://doi.org/10.1016/j.jcrimjus.2017.04.003
https://doi.org/10.1016/j.jcrimjus.2017.04.003
https://doi.org/10.1038/s41562-017-0211-5
https://doi.org/10.1038/s41562-017-0211-5
https://chicagounbound.uchicago.edu/cgi/viewcontent.cgi?params=/context/uclf/article/1578/&path_info=2016UChiLegalF661.pdf
https://chicagounbound.uchicago.edu/cgi/viewcontent.cgi?params=/context/uclf/article/1578/&path_info=2016UChiLegalF661.pdf
https://chicagounbound.uchicago.edu/cgi/viewcontent.cgi?params=/context/uclf/article/1578/&path_info=2016UChiLegalF661.pdf
https://doi.org/10.1162/rest_a_00889
https://doi.org/10.1257/pandp.20191028
https://doi.org/10.1257/pandp.20191028
https://doi.org/10.1177/0022427808322617
https://doi.org/10.1177/0022427808322617
https://www.theatlantic.com/magazine/archive/1982/03/broken-windows/304465/
https://www.theatlantic.com/magazine/archive/1982/03/broken-windows/304465/
https://doi.org/10.1037/lhb0000164


A. Chalfin, D. Mitre-Becerril & M. C. Williams, Jr. – Proactive Policing and Major Crime (Replication). JCRE (2024-6)

A Appendix: Tables and Figures

24



Journal of Comments and Replications in Economics - JCRE

A. Non-major crime arrests B. Non-major crimes

C. Non-major crimes, indoors D. Non-major crimes, outdoors

Figure A.1: Effects of slowdown on public safety

Notes: Each row presents estimates from SO’s difference-in-differences estimator. For each year 𝑡,
year 𝑡-1 pair, we replicate SO’s models, collapsing crime to the precinct-day level, excluding de-
mographic control variables, which do not vary at a daily level and which, as SO note, therefore
do not influence the resulting estimates. For a given period, the estimating equation is as follows:
𝑦𝑖𝑡 = 𝛼 + 𝛽1𝑆𝑖𝑡 + 𝛽2𝑇𝑖𝑡 + 𝛽3𝑆𝑖𝑡𝑇𝑖𝑡 + 𝛾𝑋𝑖𝑡 + 𝑒𝑖𝑡 , where 𝑦𝑖𝑡 is the outcome variable at the precinct
𝑖, day-month-year 𝑡, 𝑆𝑖𝑡 = 1 for period 𝑡 between January/19/YEAR+1 and January/18/YEAR+2,
zero otherwise, 𝑇𝑖𝑡 = 1 is the treatment window for period 𝑡 between December/01/YEAR and
January/18/YEAR+1 as well as December/01/YEAR+1 and January/18/YEAR+2, zero otherwise,
and 𝑋𝑖𝑡 represents weather data (snow, precipitation, and temperature) at the city-day-month-year
level. Each model only includes data between January/19/YEAR to January/18/YEAR+2. For each
pair of years, the figure reports incident rate ratios, standard errors clustered by police precinct and
95% confidence intervals from a series of negative binomial regressions. Panel A considers non-
major crime arrests, Panel B considers non-major crimes and Panels C and D consider indoor and
outdoor non-major crimes, respectively. Major crimes include the seven-part I Uniform Crime Re-
porting categories: murder, rape, robbery, aggravated assault, burglary, theft, and motor vehicle
theft. Non-major crimes refer to all the other crimes reported to the New York Police Department.
Indoor crimes comprise offenses committed inside a residential premise (apartment, house, or pub-
lic housing); outdoor crimes include all the other criminal offenses.
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A. Non-major crime arrests B. Non-major crimes

C. Non-major crimes, indoors D. Non-major crimes, outdoors

Figure A.2: Annual change in non-major crimes and arrests by police precinct

Notes: The maps presents the annual precinct-level change in non-major crime arrests (Panel A),
non-major crimes (Panel B), indoor non-major crimes (Panel C) and outdoor non-major crimes
(Panel D) between December 1st, 2014 to January 18th, 2015 and December 1st, 2013 to January
18th, 2014. Major crimes include the seven-part I Uniform Crime Reporting categories: murder,
rape, robbery, aggravated assault, burglary, theft, and motor vehicle theft. Non-major crimes re-
fer to all the other crimes reported to the New York Police Department. Indoor crimes comprise
offenses committed inside a residential premise (apartment, house, or public housing); outdoor
crimes include all the other criminal offenses.
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A. Non-major crimes

B. Major crimes

Figure A.3: Police slowdown and pre-intervention yearly crime rate per 1,000
people

Notes: The scatterplots exhibit the annual precinct-level change in criminal summonses (0.1 =
10%) between December 1st, 2014 to January 18th, 2015 and December 1st, 2013 to January
18th, 2014 against the mean pre-intervention (2006-2013) annual crimes per 1,000 persons in
each police precinct. Major crimes include the seven-part I Uniform Crime Reporting categories:
murder, rape, robbery, aggravated assault, burglary, theft, and motor vehicle theft. Non-major
crimes refer to all other crimes reported to the New York Police Department. Both panels exclude
the data point of Midtown South Precinct as it is an outlier (a 162.4 and 428.9 crime rate for
major and non-major crimes, respectively, and a 67.2 percent criminal summons change), but it is
considered in the regression line.
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Figure A.4: Precinct-level scatterplot of the change in major crimes rates against
the change in criminal summonses rates per thousand persons

Notes: The figure exploits the precinct-level variation and plots each precinct’s change in major
crime rates per thousand persons between the December 1st, 2013 - January 18th, 2014 and the
December 1st, 2014 - January 18th, 2015 periods (𝑦-axis) against the change in criminal sum-
monses rates (𝑥-axis). Major crimes include the seven-part I Uniform Crime Reporting categories:
murder, rape, robbery, aggravated assault, burglary, theft, and motor vehicle theft. A best-fit line
is drawn through the data including (blue dashed line) and excluding (red solid line) the outlier
of Midtown South Precinct. The regression equation, 𝑅2, correlation coefficient (𝑟), and its pvalue
(𝑝) are shown for both best-fit lines.
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A. Non-major crimes B. Major crimes

C. Major crimes, indoors D. Major crimes, outdoors

E. Major crimes, indoors F. Major crimes, outdoors

Figure A.5: Precinct-yearly changes on non-major crime arrests and crimes

Notes: Figure exploits the precinct-level variation and plots each precinct’s percentage change in
crimes between the December 1st, 2013 - January 18th, 2014 and the December 1st, 2014 - January
18th, 2015 periods (𝑦-axis) against the same percentage change in summonses issued or arrests
made (𝑥-axis). A best-fit line is drawn through the data. Major crimes include the seven-part I
Uniform Crime Reporting categories: murder, rape, robbery, aggravated assault, burglary, theft, and
motor vehicle theft. Panels A-D use the yearly change of non-major crime arrests as the horizontal
variable, while Panels E-F use the change in criminal summonses. The vertical variable is the one
presented in the panel subtitle.
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Figure A.6: Event study estimates on major crimes between high and low expo-
sure precincts

Notes: Event study design estimates following: 𝑦𝑖𝑡 = 𝛼+𝛽1𝑆𝑡+𝛽2𝐻𝑖+𝛽3𝑆𝑡𝐻𝑖+
∑𝑚

𝜏=−𝑞 𝛿𝜏𝑆𝑡1[𝑡−𝑡0 =

𝜏 ] + ∑𝑚
𝜏=−𝑞 𝛾𝜏𝑆𝑡𝐻𝑖1[𝑡 − 𝑡0 = 𝜏 ] + 𝑋

′
𝑡𝛽6 + 𝑒𝑖𝑡 , where 𝑆𝑡 is an indicator for the “series" — that is,

whether a given year was treated by the slowdown— equal to one if a given day occurred during
January 19th, 2014 to January 18th, 2015 period and zero if otherwise. 𝐻𝑖 is an indicator vari-
able of whether the precinct’s criminal summons percent change between December 1st, 2014 to
January 18th, 2015 and December 1st, 2013 to January 18th, 2014 is above the median (57.6%),
zero if otherwise. 1[𝑡 − 𝑡0 = 𝜏 ] is an indicator variable, where 𝜏 is the one-week bin relative to
the beginning of the treatment window (𝑡0 is week 49 that includes December 1st), specifically
𝜏 = {−45, −44, ..., −2, 0, 1, 2, ..., 6}. The reference period is one week before the treatment win-
dow started. The figure plots 𝛾𝜏 , estimating any differential trends between high and low exposure
precincts. The Negative binomial regression clusters the standard errors at the precinct level and in-
cludes data from 01/19/2010 to 01/18/2015 (restricting the sample to 01/19/2013 to 01/18/2015
to following the year-pair analysis provides the same results).
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Figure A.7: Precinct-level scatterplot of the change in major crimes against
the change in criminal summonses using alternative September 22nd, 2014 -
January 18th, 2015 treatment period

Notes: Figure exploits the precinct-level variation and plots each precinct’s percentage change in
major crimes between the December 22nd, 2013 - January 18th, 2014 and the December 22nd,
2014 - January 18th, 2015 periods (𝑦-axis) against the same percentage change in summonses
issued (𝑥-axis). A best-fit line is drawn through the data. Major crimes include the seven-part
I Uniform Crime Reporting categories: murder, rape, robbery, aggravated assault, burglary, theft,
and motor vehicle theft.

31



A. Chalfin, D. Mitre-Becerril & M. C. Williams, Jr. – Proactive Policing and Major Crime (Replication). JCRE (2024-6)

A. Criminal summons B. Major crimes

C. Major crimes, indoors D. Major crimes, outdoors

Figure A.8: Effects of slowdown on public safety at the census tract level

Notes: Each row presents estimates from SO’s difference-in-differences estimator. For each year
𝑡, year 𝑡-1 pair, we collapsed crime to the census tract-day level, excluding demographic control
variables, which do not vary at a daily level and which, as SO note, therefore do not influence the
resulting estimates. For a given period, the estimating equation is as follows: 𝑦𝑖𝑡 = 𝛼+𝛽1𝑆𝑖𝑡+𝛽2𝑇𝑖𝑡+
𝛽3𝑆𝑖𝑡𝑇𝑖𝑡 +𝛾𝑋𝑖𝑡 +𝑒𝑖𝑡 , where 𝑦𝑖𝑡 is the outcome variable at the census tract 𝑖, day-month-year 𝑡, 𝑆𝑖𝑡 =
1 for period 𝑡 between January/19/YEAR+1 and January/18/YEAR+2, zero otherwise, 𝑇𝑖𝑡 = 1 is
the treatment window for period 𝑡 between December/01/YEAR and January/18/YEAR+1 as well
as December/01/YEAR+1 and January/18/YEAR+2, zero otherwise, and 𝑋𝑖𝑡 represents weather
data (snow, precipitation, and temperature) at the city-day-month-year level. Each model only
includes data between January/19/YEAR to January/18/YEAR+2. For each pair of years, the figure
reports incident rate ratios, standard errors clustered at the census tract level and 95% confidence
intervals from a series of negative binomial regressions. Major crimes include the seven-part I
Uniform Crime Reporting categories: murder, rape, robbery, aggravated assault, burglary, theft,
and motor vehicle theft. Indoor crimes comprise offenses committed inside a residential premise
(apartment, house, or public housing); outdoor crimes include all the other criminal offenses.
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A. Summons vs Major crimes

B. Non-major crime arrests vs Non-Major crimes

Figure A.9: Census tract level scatterplot of the change in crimes against crimi-
nal summons

Notes: The figure exploits the census tract-level variation and plots each tract’s percentage change
in crimes between the December 1st, 2013 - January 18th, 2014 and the December 1st, 2014 -
January 18th, 2015 periods (𝑦-axis) against the same percentage change in summonses issued or
arrests made (𝑥-axis). Major crimes include the seven-part I Uniform Crime Reporting categories:
murder, rape, robbery, aggravated assault, burglary, theft, and motor vehicle theft. Non-major
crimes refer to all other crimes reported to the New York Police Department. A best-fit line is drawn
through the data. Both panels exclude outliers in the visualization but they are included in the
regression line. The sample sizes are different between panels because they exclude non-finite
values (i.e., division over zero values).
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A. Criminal summons B. Major crimes

Figure A.10: Effects of NYPD slowdown on outdoor and indoor major crimes,
alternative SE clustering

Notes: Each row presents estimates from SO’s difference-in-differences estimator. The analysis
identifies the effect of the slowdown by differencing the year-over-year change in the number of
major crimes experienced during the December 1st-January 18th slowdown period from the year-
over-year change in major crimes experienced during the remainder of the year. For each year
𝑡, year 𝑡-1 pair, we replicate SO’s models, collapsing crime to the precinct-day level, excluding
demographic control variables, which do not vary daily and which, as SO note, therefore do not
influence the resulting estimates. For a given period, the estimating equation is as follows: 𝑦𝑖𝑡 =

𝛼 + 𝛽1𝑆𝑖𝑡 + 𝛽2𝑇𝑖𝑡 + 𝛽3𝑆𝑖𝑡𝑇𝑖𝑡 + 𝛾𝑋𝑖𝑡 + 𝑒𝑖𝑡 , where 𝑦𝑖𝑡 is the outcome variable at the precinct 𝑖,
day-month-year 𝑡, 𝑆𝑖𝑡 = 1 for period 𝑡 between January/19/YEAR+1 and January/18/YEAR+2,
zero otherwise, 𝑇𝑖𝑡 = 1 is the treatment window for period 𝑡 between December/01/YEAR and
January/18/YEAR+1 as well as December/01/YEAR+1 and January/18/YEAR+2, zero otherwise,
and 𝑋𝑖𝑡 represents weather data (snow, precipitation, and temperature) at the city-day-month-year
level. Each model only includes data between January/19/YEAR to January/18/YEAR+2. For each
pair of years, the figure reports incident rate ratios, standard errors clustered by either precinct or
precint and year, and 95% confidence intervals from a series of negative binomial regressions.
Panel A considers the issuing of criminal summonses, the primary marker of the work slowdown.
Panel B considers SO’s primary outcome, major crimes known to law enforcement, which includes
the seven-part I Uniform Crime Reporting categories: murder, rape, robbery, aggravated assault,
burglary, theft, and motor vehicle theft.
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