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1-General Introduction

The numerous costs generated by crime can havétiealcimpact on individual and social

welfare. Accordingly, economists have long beereridted in studying the determinants of
crime, starting with early contributions such axlBe (1968) and Ehrlich (1973) on modeling
criminal participation using economic tools. Thierature has gained in popularity in recent
years with papers such as Grogger (1998), Kellp@20imrohoroglu, Merlo and Rupert (2001)
and Lochner and Moretti (2001)The study of crime also provides several additioesearch

opportunities with important policy implicationst has moved beyond understanding crime
participation and is now assessing further comptnench as the economic motivators or

deterrents of crime and the evaluation of crimeicéidn strategies.

This paper contributes to the literature by usiagadrom the New York Police Department’'s
(NYPD) Stop-and-Frisk program to examine two waygsdduce the costs of crime to society.
Specifically, in the first part of the paper, wevéstigate whether social capital, as measured
through the incidence of volunteerism, has a stedity significant negative impact on crime.
Although social capital has been studied in theddogy literature since the creation of Social
Disorganization Theory, few empirical papers cadibly establish a causal link between social
capital and crime. This paper uses crime measuleshware most likely to be influenced by
economic factors and is the first study to focusaosingle city. To identify the effect of social
capital on crime, we use an instrumental varialfle} estimator. Our main finding is that an
increase of one standard deviation in volunteetesds to a statistically significant decrease of

13.71% in arrests and 11.82% in court summons asByé¢he NYPD.

In the second part of the paper, we extend thiysingerformed in Coviello and Persico (2013)

on racial discrimination in the Stop-and-Frisk p@g. This is a controversial program that has

! Buonanno (2003) presents an overview of the mantributions.



attracted substantial recent attention in the popptess. Using the “hit rates” statistical test
developed by Knowles, Persico and Todd (2001) teatiehe presence of racial discrimination,
we analyze the universe of stops made by polideesff in New York City over a 10 year period.
This can provide evidence of whether there is atyal bias against African-Americans. Given
the possibility that studying mean impacts acroissats of crime may fail to identify
discrimination, we extend earlier research by examgi whether there is heterogeneity in the
relationship across various subgroups includingoteal, geographic and on the basis of the type
of crime. Our evidence indicates that it is impottdo consider different types of crime
independently when investigating racial discrimioiat Specifically, our replication of Coviello
and Persico (2013) continues to find limited evimkeof racial discrimination when considering
the aggregate of all crime types, but we find ggrand robust evidence of discrimination when
only crimes related to the War on Drugs are comsitleTo the best of our knowledge, these
results constitute the only scientific evidenceadisicrimination against African-Americans in the

New York City Stop-and-Frisk program.

This paper is organized as follows. Following aadet description of the data, we conduct two
empirical investigations independently. That is, digcuss each research question separately in a
self-contained manner. The relationship betweeliakoapital and crime is presented in section
3. Our investigation of racial discrimination iretlstop-and-Frisk program is presented in section
4. In our concluding section, we discuss the inghlans of our main findings for both the

economics literature and policy community.



2-Data

The primary data used in this paper is gatherau f&'C Open Dataand comprises all recorded
stops from the Stop-and-Frisk program between 20@B2012. For every stop, we are provided
with the outcome, personal characteristics sucigas sex and ethnicity, the date and location of
the stop as well as detailed information aboutype of crime, weapons found and whether force
was used. Following Coviello and Persico (2013),camssider the data representative of all stops
even though police officers are not required torethose which do not involve the use of force
or lead to a frisk, search, arrest or summonke overall sample is comprised of 4,791,153sstop
The analysis of social capital is first restricteda subsample of 685,724 observations which
represent all stops performed in 2011. Summarystta for this subsample are presented in
Table 1. Notice that over 93% of the suspects ale iend 58% percent of the suspects are black
or Black-Hispanic. Approximately 6% of the stopd te an arrest while 5.8% of the stops led to
a court summons.

Data on volunteering opportunities in 2011 is gegtldrom the NYC Open Data initiative. This
source includes all volunteering opportunities aged through NYC Service, a “citywide
initiative tasked with setting a new standard fowicities can tap the power of their people to
tackle their most pressing challengedaunched in 2009. Observations fall into 6 catigo
Emergency Preparedness, Health, Education, Helpitggghbors in Need, Community

Strengthening and Environment.

2 Available athttps://nycopendata.socrata.com

% In the sample, 35% of all stops were not stopskbificers had to report by law, hinting at some
possible incentive scheme in which police officeent to convey that they are making efforts. Theda
cannot be restricted to only stops which have teeperted due to conditioning on ex-post informatio
The external validity of the results rely on thengde being somewhat representative of all stopkercity,
an assumption which is untestable with our datssbams plausible given the high percentage of stops
which did not have to be reported.

* Information can be found &ttp://www.nycservice.org/about



Table 1: Summary Statistics for Social Capital

Obs. Mean Std. Dev. Min Max
Outcome:
Arrest (%) 65,992 6.04 23.82 0 100
Summons Issued (%) 65,992 5.84 23.45 0 100
Suspect Characteristics:
Male 64,821 0.93 0.25 0 1
Age 65,644 27.92 11.59 8 90
Social Capital (per thousand people):
Volunteering Opportunities 65,788 0.09 0.46 0 9.22
Obstructed Driveway Complaints 65,788 5.99 4.14 0 1.02
lllegal Parking 65,788 3.64 2.50 0 75.47
Vehicle Noise 65,788 1.67 1.22 0 8.01
Smoking Violations 65,788 0.25 0.63 0 37.74
Chronic Speeding 65,788 0.06 0.19 0 18.87
Cultural Associations 65,788 0.23 0.8 0 12.67
Contrals:
Income (1000%) 65,788 25.77 11.87 12.42 137.4
High School Degree (%) 65,788 26.82 8.08 0.4 100
Structures with More than 20 Units (%) 65,782 46.6226.04 0 100
Population Aged 15 to 24 (%) 65,788 15.45 2.88 0 .722
Unemployment (%) 65,788 6.76 2.04 1.7 30.2
Median Age 65,788 33.94 4.13 27.5 49.3
Poverty (%) 65,788 23.97 10.04 1.6 71.7
Less than High School (%) 65,788 24.99 10.74 0 49.2
Single Mother Headed Households (%) 65,782 13.45 48 7. 0 32.1
Borough:
Manhattan 65,992 0.2 0.4 0 1
Bronx 65,992 0.2 0.4 0 1
Brooklyn 65,992 0.34 0.47 0 1
Queens 65,992 0.22 0.42 0 1
Staten Island 65,992 0.04 0.19 0 1

Given that the goals of several of these categaniedighly correlated, we merge them in order

to facilitate the analysis. That is, Health and &ation are merged together in a “Policy”

category, while Helping Neighbors in Need and ComityuStrengthening are merged into a



“Community” category. In order to control for diffmces in population between zip codes,

volunteerism is normalized by the total populatidreach zip code.

Figure 1: Probability of Arrest when Stopped, 2011by Zip Code

8.54 - 33.33
5.73-8.54
4.34-5.73
0-4.34

No data

In our analysis, we also need to account for otherables which could influence the relationship
between volunteering and crime. These variablesgateered from the United States Census
Bureau of the US Department of Commerce and incR@EL projections from the American
Community Survey 5-year estimates on inflation atdjd median income, percentage of the
population living under the poverty line, high sohoompletion rates, median age, proportion of
the population aged between the ages of 15 andudmployment, proportion of housing

structures with more than 20 housing units and gntagn of single-mother headed households.



The analysis for section 3 is conducted at thecaige level, which is the unit of aggregation for
social capital data as well as for controls. Toaobtthe zip code in which every stop was
performed, reverse geocoding methods were impleedehy using geographical coordinates.
This process involves using longitude-latitude damates, which are included in the data, to
pinpoint the location of the stop and retrieve zigecode usingsoogle MapsMore information

on geocoding and computational methods is presantégppendix 1. New York City exhibits
strong spatial heterogeneity in both crime andadampital, as can be seen from Figures 1 to 3.
The data provides significant variation acrosscziges, which can be exploited to establish a link
between volunteering and crime.

In order to make things computationally feasiblearrdomly selected 10% subsample of all stops
performed in 2011 was gathePeth this subsample of 65,995 observations, wézatif0% of the

zip codes located in the cityExamples of crimes which led to arrests includexalsslarceny,
robbery, possession of a concealed weapon, rapegtita and prostitution. Examples of crimes
which led to a court summons include drinking irbie) disorderly conduct, trespassing and

driving without a license.More informatior.on crime typesis presentedn Table 2.

® Reverse geocoding all observations could takeubree months.

® Some zip codes are unusable since they are aframistrative nature and are not attached to any
territory (or attached to a single building). Othepver territory in which there were no stops@i2, such
as small islands around Manhattan. Lastly, som&alovariables are not available for all zip codes.



Table 2: Crimes Leading to Arrests or Court Summong%)

Arrests Summons

Alcohol in Public 32.58
Disorderly Conduct 30.1
Marijuana 27.75 4.24
Trespassing 19.46 7.5
Weapon 14.69

Robbery 11.78

Bicycle on Sidewalk 10.52
Other 10.5
Controlled Substance 9.69

Assault 8.37

Larceny 6.91

Public Urination 4.54
Forged Instruments 1.32

Notes: All values are percentages. Crimes presared subsample of all those committed.
Crime codes or descriptions are not coded in alataized way in the data, leading to many
redundant categories. Crime titles with less thdn d@currences for arrests and 10
occurrences for summons were removed from the gsampl

Figure 2: Probability of Being Issued a Summons wheStopped, 2011, by Zip Code

6.72- 20
5.01-6.72
2.87-5.01
0-2.87
No data




Figure 3: Volunteering Opportunities per 1000 Inhabitants, 2011, by Zip Code

0.097-9.22
0.017 - 0.097
0-0.017
0-0

No data

In section 4, we turn our attention to testing ¥anether there is evidence of discrimination
against African-Americans when compared to whitethe Stop and Frisk program. We follow
Coviello and Persico (2013), who place a restnictio include only those two demographic
groups from the full sample of the entire 2003-2@#2iod. Over 84% of this subsample of
2,947,867 observations is composed of African-Aogari suspects. Summary statistics and
information about the types of crimes which repnéser 95% of all recorded stops is presented
in Table 3. As a robustness check, we also talarged subsample of 4,413,568 observations
which includes White-Hispanics along with whitesl &8lack-Hispanics along with blacks. In this
subsample, of all suspects stopped by the NYPDvath 62% were black or Black-Hispanic),

5.87% were arrested and 6.3% were issued a caurheus.



Table 3: Summary Statistics for Discrimination

Mean St.Dev N

Outcome

Arrest 5.79 23.35 2,497,865
Summons 6.18 24.08 2,497,865
Race of the pedestrian

Black 84 37 2,497,865
Crimes

Possession of a Weapon 27 44 2,496,267
Robbery 17 37 2,496,267
Criminal Trespass 12 32 2,496,267
Grand Larceny Auto 9.1 29 2,496,267
Burglary 8.9 28 2,496,267
Grand Larceny 4.3 20 2,496,267
Illegal Possession of Substances 3.6 19 2,496,267
Assault 4 20 2,496,267
Marihuana 3.3 18 2,496,267
Illegal Sales of Substances 2.9 17 2,496,267
Petit Larceny 2.5 16 2,496,267
Mischief 1.2 11 2,496,267
Graffiti 1.1 10 2,496,267
Other Crimes 4.3 20 2,496,267

Mean is in percent. The 13 categories of crimesesmt over 95% of all recorded crimes.
Some values for the type of crime are missingHerytears 2003-2005



3-Social Capital

3.1-Introduction

While the role of individual characteristics whigad to criminal behavior has received a lot of
attention among economists, the literature offétse lempirical insight into broader social
characteristics. Specifically, the way in which niErs of a community interact and the feelings
which they entertain towards one another may imibeethe decision to engage in criminal
behaviof.The idea that various intangible elements sucti\ds norms, peer pressure, trust and
cooperation may influence crime is intuitively sduend has been a long staying concept in the
criminology and sociology literatures since the elepment of Social Disorganization The6ry.
A community in which such elements are present tayenacting a form of informal social
control on criminal behavior by increasing the aafstriminal participation through the creation
of a sense of guilt or betrayal. These unobservasdets of a community are referred to as social
capital.

This section provides insight into the relationshigtween social capital and crime by using a
research design to establish a causal relationSipecifically, we investigate whether there is a
causal link between social capital, measured thraadunteerism, and crime. That is, do stronger
civic norms, measured through the extent of voleng from NYC Service in a zip code area of
New York City, lead to decreases in crimes targéyedhe NYPD’s Stop-and-Frisk program in
the area?

It adds to the limited empirical evidence on thpiddy using data on a single city, New York
City, which is well suited for such an analysiscsirit is diverse enough to exhibit variation in
social capital. Using data from one city reduces thance of the results being significantly

biased by confounding factors. Indeed, some aréd¢ew York City vary substantially along

" For example, see Calvé-Armengol and Zenou, (2004)

8 Some major contributions include Shaw and McK#4@), Bursik (1986, 1988), Sampson and Groves
(1989), Wilson (1990, 1996), Sampson, Morenoff Bads (1999), Sampson, Raudenbush and Earls
(1997), Baumer, Messner, and Rosenfeld (2004) ahdi&nd Kivivuori (2006).

10



sociocultural and socioeconomic characteristicdeMbeing subject to similar laws and policies.
We exploit variation in social capital at the zipde level to identify its effect on crime. We study
a single branch of social capital, civic norms, sugad by the extent of volunteerism in an area.
In addition, we focus mainly on crimes which arerenbikely to be the outcome of a rational
decision, such as property crimes, since they sgsumably more influenced by societal norms
than violent crimes or crimes of passion. Our messsof crime are the probability of a suspect
being arrested or issued a court summons when edopy the police. We posit that these
probabilities accurately reflect — albeit indirgctlthe incidence of crime in the area.

One common concern in the literature is establglaircausal link, since social capital could be
negatively linked to crime if more disadvantagedaghkorhoods also exhibit lower communal
development. In addition, crime may also deter @amrent of social capital, as trust and
cooperation are less likely to thrive in high crimeeas. Thus, Ordinary Least Squares (OLS)
estimates may be negative regardless of caus@lagtrastingly, there could also be a positive
relationship if volunteering is predominantly foumd less developed neighborhoods due to a
bigger need for these services.

To overcome the inherent endogeneity problem, veeinstrumental variables (V) estimation
with several instruments which reflect the amounsaxial capital present in a community. We
also control for several variables known to infloercriminal participation, and include month
and borough dummies given that the five regionghef city may differ along unobserved
characteristics.

Our results show that social capital, through vtdering, is significantly related to crime. An
increase in volunteering leads to a decrease inptbbability of a suspect being arrested or
summoned to court once stopped. The results argstdab considering additional controls and
specifications. Correcting for endogeneity is atstical, as the coefficient estimated by OLS is
less than half that of the IV and we can rejectrttik hypothesis that volunteering opportunities
can be treated as exogenous in the analysis. lbhasaline IV model, an increase of one standard

11



deviation in the number of volunteering opportwestper thousand people would decrease arrests
by 13.71% and the number of summons issued by %..82

In the remainder of this section, we begin withrgeforeview of prior research examining the
links between crime and measures of social cagditaBection 3.3, we discuss the economic
model that underlies our empirical analysis andothice both the empirical and identification
strategy. The main results are presented and disdus section 3.4. Section 3.5 includes several

robustness checks. A concluding section summattieemain findings of the overall section.

3.2-Literature Review

Extensive theoretical research has been conductdtieorole of social capital in public policy
and other social phenomenon like crime. Centralriderstanding the roles of social capital are
the works of Putnam (1993, 2000), in which he d=diit as:

“social capital refers to connections among indigldu— social networks and the norms of
reciprocity and trustworthiness that arise fromrthdn that sense social capital is closely related
to what some have called “civic virtue.” The di#gice is that “social capital” calls attention to
the fact that civic virtue is most powerful wherbenided in a sense network of reciprocal social
relations”

There is an overall consensus in the literaturenfather fields that there exists a negative
relationship between crime and social capital. €hosnclusions are reached in studies such as
Rosenfeld, Messner, and Baumer (2001, 2004), altigSalmi and Kivivuori (2006). Although
sociologists and criminologists have long beenresgted in the link between crime and social
capital, little research has been done by econemidtis is somewhat surprising given the vast
amount of research on understanding the foundatibosme. When rational behaviour models

for criminal participation are extended to inclucEmmunity elements, it gives rise to what is

° See Buonanno (2003) for an overview of the maintritoutions
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referred in the literature as “multiple equilibriedused by the different aspects of social capital.
Theoretical models from studies such as Calvo”-Agoé and Zenou (2004) posit that stronger
associational networks could foster crime by easiagymunication between criminals while
others, such as Weibull and Villa (2005), find teabng civic norms or networks can act as an
informal control mechanism which discourages critm@ugh the increase of intangible costs
such as loss of reputation, guilt and shaming.

Of the few papers using economic tools, some sadtederman, Loayza, and Mene'ndez (2002)
focus on cross-country data and restrict theiryaiglto violent crimes. Cross-country studies are
more likely to suffer from omitted variable biasheveas studies focusing on violent crimes are
likely to understate the importance of social apiindeed, New York City has similar policies
and institutions in all areas, while differencesciime in cross-country studies may come from
differences in the quality of institutions or pghmaking. These are likely positively correlated
with social capital and negatively correlated witime, which would lead to a downwards bias
of the effect of social capital. Additionally, cssountry studies must often settle for fewer,
broader controls and therefore have lower intevabhdlity.

The papers closest to ours are Akcomak and ter {286B), which focuses on social capital at
municipality level in Denmark, and Buonnano, Mormahnd Vanin (2009), which analyses the
impact of provincial social capital on crime inltaFollowing the latter, and other works such as
Knack and Keefer (1997) and Bjgrnskov (2006), weasste social capital in three categories:
generalized trust, civic norms and associationavokks. This paper focuses on civic norms,

measured through the incidence of volunteerism.

3.3-Empirical Strategy

In this section, we develop the basic frameworkifiwhich most of the results are obtained. The

role of social capital in explaining spatial crineterogeneity can be illustrated using an

13



extremely simple framework in which social capiial considered as an informal control
mechanism. As in Akgomak and ter Weel (2008), veziae social capital to be increasing in the
degree of participation in civic life, altruism amare, security and trust as well as informal

controls, contacts and acquaintances.

Given an individual considering committing a crimein a neighborhood, the agent gains Y
from the crime and incurs an institutional punishineost of T, if detected (probabilityo;,).

Then, the value of committing the crime is simpiyeg by:
i Yiz—0i2(Nz,02,%,C) Tiz(P2Xi,C) 1)

In which %, p, and n are respectively vectors of personal charactesispolicing and judicial
characteristics and social capital. The remarkabfeect of the latter is that, unlike costs such as
incarceration or social rejection, it enters theisien to commit the crime regardlessayf or T;,.
Consider Y, = U,(Xx;,C) + Sz(n.x;,c), where |} is the personal benefit derived from the crime.
The impact of social capital on the value of thenerS,(n, x;,c), unlike T,, enters in the decision
regardless of the outcome. A functional form isfemeed since the impact of social capital,
particularly of trust and associational networksaymmot be linear. Furthermore, trust could
provide more opportunities for crime while assaorl networks could facilitate either
cooperation between criminals or their apprehensiprihe authoriti€S. Thus, we also allow
community characteristics to influence the prohgbibf being caught. For simplicity, ,nis
restricted to impact ;Sand ©;, in opposite directions. That is, we rule out casesvhich
community characteristics lower the gains from catting a crime while also lowering the

probability of being caught, or vice versa.

Ceteris paribus, if i &n,x;,c) is negative and decreasing (more negative),ithan social capital

decreases the value of engaging in criminal agtiait the individual. Neighborhoods with more

19 See Calvo’-Armengol and Zenou (2004).
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social capital would exhibit lower crime rates, tizdly explaining the spatial heterogeneity of
crime. The goal of our analysis is to study andsueathe relationship betweepamd crime. We
do not distinguish between the impact on the pritibalof being caught and the impact on the

gains derived from the crime.

Our data is not rich enough to directly estimaie dhove model, so we consider the following
strategy to identify the reduced form relationshgiween volunteering opportunities and crime.
Even though OLS estimates are likely biased duertdogeneity, they remain useful as a

reference point. We consider the basic OLS model egvariates:

Yh = o1 +BVn +1Ai +pG; + 00X, + €in (2)

Where Y, is a binary outcome (0-100) for arrests or summmssied, V is volunteering
opportunities per thousand peoplej#the age of the suspect,i&the gender of the suspect, and

Xnis a vector of zip code socio-economic charadtesis

The estimate of given by (2) is likely to be biased and may notawrer a causal relationship.

One reason is that a relationship likely existsardlpss of causality. Intuitively, a neighborhood
with higher human development may have less needbfanteering, or perhaps high crime areas
discourage the presence of volunteering. Spedyfictile bias is likely due to the endogeneity of
volunteering. Volunteerism could reduce crime,l@ré may be less volunteerism in high crime
areas to begin with, or an increase in volunteemiag follow an increase in crime if the need and

demand for assistance is increased.

This problem is similar to a well-known 2002 paperpolice and crime by Steven Levitt. When
studying the impact of the size of the police foocecrime, the author faced the same issue since
higher crime rates could lead to increases in pdiidng. He highlights the importance of finding
an instrument (number of firefighters) related e size of the police force but unrelated to the
crime rate. He also highlights the importance dfitoaling for other factors which can affect

15



both the instruments and crime, without which tkegeneity assumption is violated. His results
show the importance of correcting for endogensityce his OLS estimates are positive while his
IV estimation yields the expected negative estisaDur empirical strategy is similar and we use

a wide set of diverse instruments to overcome theementioned problems.

We use a Two Stage Least Squares (2SLS) procedhieh accounts for endogeneity, given by

the following equations:
I Stage: M=oy +BZy+nAi +pGi + 38X + U (3)
¥ Stage: Yy = az +BVn +nA; +pGi + 85X, + &in (4)

Where Z is a vector of five instruments for volunteerimpa/, is the predicted value from the
first stage regressidh The instruments were also gathered from NYC Opata and they
include information on 311 complaint calls to th¥MRD. The selected infractions are presumably
associated with low social capital and have littigpact on more serious crimes. They are:
blocked driveway complaints, illegal parking inftiaos, vehicle noise complaints, smoking

infractions and chronic traffic speeding violatiofitey are also normalized by population.

The coefficient of interesf, is an estimate of the relationship between velerihg and crime

after controlling for variables which are presunyatdrrelated with crime and social capital. The
guality of the estimate relies on the assumptian tihere remains no unexplained variation which
is common to each area and stable through times @bsumption, similar to the one used in
Buonanno, Montolio & Vanin (2009), is necessaryegithat a standard panel data solution is

unfeasible due to data restrictions and the slowimgonature of social capital.

11 .
The real values of volunteering are used to calculate the standard errors

16



We control for variables which are likely correldtevith both crime and social capital.
Specifically, more income and less poverty shouldrease the opportunity cost of crime.
Education also raises the opportunity cost of cramd may also have a “civilizing” externality
(Fajnzylber, Lederman and Loayza, 2002). Suspetis lave not completed high school are
likely to be less employable and therefore likelter engage in crime. All else constant,
neighborhoods with more youth may be more crimynalitive (Freeman 1991; Grogger 1998).
Unemployment reflects the inability to earn incotmeugh the labor market and reduces the cost
of partaking in crime. The number of housing urper structure is included to distinguish
between the denser areas with large apartment Dlach less densely populated areas. Lastly,
the proportion of single mothers captures bothadamd economic hardships which are likely to
lead to higher crime.

To capture unobserved heterogeneity, we includendem for the five boroughs of New-York
City, as they are likely to be structurally diffate Their social, demographic and economic
characteristics are likely to vary significantlyhie policies and institutions are homogenous. For
instance, all boroughs, except Staten Island imptst 12 years, have elected democratic district
attorneys and borough presidents for over two dexathe city council is also composed of 46
democrats and 4 republicans; only Staten Islandaheepublican majority (2 out of 3). In the
2012 presidential elections, votes in Staten Islaace approximately evenly split between both
parties while democrats received over 79% of thes/ other boroughs. We also include month
dummies, since stops may vary depending on theossasind include interactions between
month and borough dummies to capture any heteritgeas¥oss regions. Robust standard errors
are used whenever possible to account for hetedaskeity.

As seen in Table 4, correlations between the ingnis and the outcome variables are low,
ranging from -2.7% to 1.5% for arrests and -2.1%.&%6 for summons, while correlations with
volunteering are stronger, ranging from -12% to 6@e concern with those instruments is that

they may be similar to infractions deserving of aurt summons, like drinking in public or
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driving without a license. We eventually address thsue by comparing the results with those
obtained using different instruments. The five nmstents allow for overidentification of the
model and for testing conditional exogeneity. Femthore, including several instruments
improves the efficiency of the estimator. We présadditional tests on the validity and
performance of the estimator in the results sectidnother noteworthy aspect is the low
correlation between volunteering and both outcomeables. This indicates that volunteering
may not explain a large proportion of the variatiorarrests or summons. Zip codes may be too
large to capture the intricacies of community $psince some of them include over 60 000
people. Another explanation is that the decisiopadake in criminal activity remains primarily
motivated by individual characteristics.

The main issue with our instruments is that, wistieicturally different from a Stop-and-Frisk
related crime, they are similar to infractions whaould lead to a court summons. To investigate
this issue, we compare our results with those pbthiusing a presumably more exogenous
instrument. We use the normalized number of regidteultural associations per zip code, which
we show to be fully exogenous with regards to #srefhe idea to use cultural capital as a
predictor for social capital is borrowed from thecielogy literature, in which both forms of
capital have been modeled as interlinked sinceptidication ofThe Forms of Capitaby Pierre
Bourdieu in 1986.

Introduced primarily in Bourdieu (1986), culturapital refers to non-financial capital which the
individual equips himself with in order to furthdris success and social mobility beyond
economic means. It is similar to a soft-skill versiof human capital, focusing less on technical
knowledge and more on concepts like intellect, wyspeaking and appearance. Explained
further in Grenfell (2008, 2011), the concept isdeled as a step in between economic capital
and social capital. That is, one uses economidalapi obtain cultural capital which is then used
to accumulate social capital. To our knowledgetdhig very little empirical research on cultural

capital in economics, especially related to crime.
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From the theory, it would follow that areas witlglhér cultural capital should also have higher
social capital. In addition, this relationship slibbbe independent from crime given that we
control for economic and human capital. We firs¢ esiltural capital as a regressor in lieu of
volunteering and then as an instrument, both oovits and along with the other five instruments.

Correlations are presented in Table 5.

Table 5: Cultural Capital Correlations

Arrest Summons Volunteering Cultural Associations
Arrest 1
Summons -0.046 1
Volunteering 0.010 -0.018 1
Cultural Associations 0.013 -0.018 0.734 1

Arrests is the probability of being arrested coiodial on being stopped, Summons is the probalifiteing issued a
summons conditional on being stopped. Cultural Aisdimns and Volunteering are expressed by 100pIpeo

To compare the performance of OLS and IV, we cohdudausman test for the endogeneity of
volunteering. Under the null hypothesis, theredsendogeneity, both the OLS and IV estimators
are consistent, while OLS is efficient. Under tlteraative, only the IV estimate is consistent. To
improve the performance of the test, we first cotaphbe test statistic by basing both covariance
matrices on the disturbance variance estimate ftloen efficient estimator. Then, given the

restrictive nature of the standard test and our afseobust standard errors, we conduct a
bootstrapped Hausman test following Cameron andedri (2010) to obtain more robust

estimates which may address concerns presenteperpsuch as Hahn, Ham and Moon (2011).

One issue is that data restrictions, coupled vinehsilow moving nature of social capital, prevents
us from using fixed effects (FE) and can lead sués when clustering. Further information on
clustering can be found in the robustness checksiose Additionally, FE relies on strict
exogeneity, which is violated given the endogeneify volunteering. This restriction is
commonplace in the literature, including the paplasest to ours, Buonnano, Montolio and
Vanin (2009). To address these issues, we includares for the 5 boroughs of New York City
as well as for the 12 months of 2011.
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Another issue is that the interpretation of thailtesmay not be straightforward, as our indicators
are not a direct measure of crime. The exactitddbeinterpretation relies on the assumptions
that volunteering has no other impact on the Stapferisk program or on the ability of criminals

to avoid suspicion or detection. It seems unlikbBt volunteerism could have an impact on these

other than through social capital.

Another consideration is that the Stop-and-Frigkgpem targets specific crimes which may not
be representative of all crimes in the city. Thegoam emphasizes prevention and has a lesser
effect on crimes of passion. It is therefore bettgted to analyze crimes of opportunity, which is
a beneficial distinction given that social capipsesumably has a larger impact on economic
crimes. Our estimates may therefore better refleetimportance of social capital than some

found in the literature.

Additionally, we extend the baseline models in tways. We allow for nonlinearity by including
a squared term for volunteering and estimate thatioaship between crime and the four
categories of volunteering. The first extensioprssented in the robustness checks section while

the second extension is presented in Appendix 2.

3.4-Results

3.4.1-Baseline Model

Table 6 presents OLS estimates from equation 2.fif$tethree columns are for arrests and the
last three for summons. The columns differ based/ioether we control for borough and month
effects, as indicated at the bottom of the tabllee €stimated coefficient for volunteering is
statistically significant and negative across pbdfications and for both outcome variables. For

arrests, the coefficient on volunteering is stiftidty significant at the 5% level when controlling
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for time and borough effects. The results prediat 2 one standard deviation (0.46) increase in
volunteering would lead to a 0.24 percent decreasie probability of being arrested when
stopped. Considering the mean of 6.04% for arrélsis,constitutes a decrease of 3.97%. The
results for summons are similar. The coefficientsvblunteering are all negative and statistically
significant at the 1% level. Based on the estimafteapproximately -0.5%, a one standard
deviation increase in volunteering would lead t6.23% decrease in the probability of being
issued a court summons — an overall decrease 4¥3dven the mean of 5.84%. It is interesting
to note that most estimates are consistent acpesfisations except for youth, which has no
statistically significant effect when controllingrf borough and month effects, and for poverty
and the proportion of people with less than a hsghool degree, which become statistically

significant when the additional controls are added.

Table 7 presents estimates from equation 4. Inlthenodel, the estimated coefficient for
volunteering is larger and statistically signifitat the 1% level across all specifications. For
arrests, based on the coefficient of around -1.8%,increase of one standard deviation in
volunteering opportunities per 1000 people wouklttlléo a 0.83% decrease in the probability of
being arrested when stopped. This constitutes AL¥3.decrease in all arrests of the Stop-and-
Frisk program. Additionally, the IV model appearglwspecified and superior to OLS. The
Kleibergen-Paap Wald rk F statistic against wea&niification is above 1200.28 for all
specifications, well above the standard cut-off 16f for weak instruments. The p-value for
underidentification is 0.0000 across all specifmad, while the null hypothesis of the Sargan-
Hansen test for overidentification is not rejectdthe 10% level for any specification. This
indicates that the instruments are not correlatét the error term of the outcome equation.
Lastly, we can reject that the OLS and the IV eates are the same based on the Hausman test
values; OLS suffers from endogeneity and is inciast. Additionally, it appears as though OLS

estimates are biased downwards and understatapaei of social capital on crime.

22



For summons; the IV coefficients are more thanghimes larger than those from OLS. Based on
the estimate of -1.5%, an increase of one stand@dation in normalized volunteering
opportunities would lead to a 0.69% decrease inptebability that a suspect be issued a court
summons. This amounts to an overall reduction 2% in all court summons. Volunteering is
therefore predicted to have a similar impact orhlasime indicators. The first stage statistics are
the same as for arrests, the underidentificatioalpe is 0.0000 and we cannot reject the null of
the Sargan-Hansen Test at the 10% level when dimgrdor borough and month effects. The
smaller p-values for the test of overidentificati@strictions and for the Hausman test may be a
consequence of the similarity between the instrusnand crimes which lead to court summons.
Estimates from OLS, due to endogeneity, once dgaith to an underestimation of the impact of
social capital. It may be interesting to note tlia¢ proportion of single mother headed

households is a useful predictor for both outcoaréables when all controls are included.

An additional concern with the OLS estimates ig¢ thare may be two channels through which
volunteering impacts crime. It may foster the depeient of networks and norms which act as a
deterrent on crime. That is the social capital cehrOn the other hand, volunteers provide goods
and services to the more disadvantaged membeltgeinfdaommunity, which reduces the need to
commit economic crimes. This is an indirect transfeechanism. While it is not possible to
distinguish between channels for OLS, IV estimatasly reflect the first channel. This is due to
the IV estimator allowing us to recover a Local fage Treatment Effect (LATE), an Average
Treatment Effect (ATE) only for individuals whoseitoome is affected by changes in the
instruments. That is, the estimates which we recospresent the impact of social capital on

crime for those whose crime participation is diethby the strength of civic norms in their area.

Table 8 presents the first stage estimates foiMthmodel. The coefficient on the instruments is
highly statistically significant in all specificatis, as are most controls. The controls which are

less significant are age and gender, which is degdegiven that they are individual variables.
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Lastly, we present the reduced form estimates Her IV model in Table 9. For arrests, the
coefficients on the instruments are generally negaand not statistically significant once
controlling for time and borough effects. For sunmsio coefficients for vehicle noise and
smoking violations are both statistically signifitathough of opposite signs. The larger overall
negative sign, coupled with the mostly positivestfistage coefficients, accurately predicts a

negative second stage estimate.
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Table 6: Determinants of Arrests and Summons, OLS

Arrests Summons
Model OoLS OLS OoLS OoLS OoLS OoLS
(1) (2) (3) (4) (5) (6)
Volunteering -0.458* -0.516** -0.513** -0.511%**  -0.495***  -0.508***
(0.25) (0.25) (0.251) (0.163) (0.329) (0.329)
Age 0.047***  0.0467***  0.047*** 0.118*** 0.117*%** 0.116***
(0.009) (0.009) (0.009) (0.009) (0.009) (0.009)
Gender -2.999%** .2 993*** ) g53**k*  .0.827** -0.758* -0.756*
(0.448) (0.45) (0.45) (0.395) (0.447) (0.447)
Income 0.010 0.007 0.008 -0.112%**  -0,129***  -0.128***
(0.025) (0.026) (0.026) (0.022) (0.026) (0.026)
Poverty -0.046 0.087*** 0.088*** 0.105*** 0.083*** 0.083***
(0.029) (0.033) (0.033) (0.032) (0.033) (0.033)
High School -0.118***  -0.058** -0.056** -0.092***  -0.088***  -0.087***
(0.022) (0.023) (0.023) (0.024) (0.023) (0.023)
Less than High School 0.023 -0.047** -0.046** -0.147%**  -0.142***  -0.143***
(0.02) (0.021) (0.021) (0.021) (0.021) (0.021)
Median Age 0.187*** 0.141** 0.143*** 0.037 -0.008 -0.012
(0.054) (0.056) (0.056) (0.051) (0.056) (0.056)
Youth 0.202*** 0.048 0.051 -0.163***  -0.243***  -0.245***
(0.066) (0.071) (0.071) (0.063) (0.073) (0.073)
Housing Density 0.018***  -0.017*** -0.01** -0.027***  -0.029***  -0.029***
(0.005) (0.007) (0.007) (0.007) (0.007) (0.007)
Unemployment -0.194***  -0.145%* -0.143** -0.14%** -0.133** -0.131*
(0.068) (0.068) (0.068) (0.067) (0.068) (0.068)
Single Mothers 0.039 -0.055 -0.059 0.128*** 0.144%** 0.145%**
(0.032) (0.037) (0.037) (0.035) (0.037) (0.037)
Constant 1.535 4.008 6.241 11.731%**  15.492%**  13.406***
(3.589) (3.814) (3.907) (3.536) (3.848) (3.936)
Observations 64281 64281 64281 64281 64281 64281
Number of Zip Codes 182 182 182 182 182 182
Borough FE no yes yes no yes yes
Month FE no yes yes no yes yes
Borough X Month no no yes no no yes

Notes: The dependent variables are the probabfiibeing arrested or issued a court summons condition being stopped. Robust
standard errors are in parentheses. * denotedisamge at the 10% level, ** at the 5% level and &t the 1% level. Youth refers to
the proportion of inhabitants aged between the afjiek5 and 24 for each zip code. Housing Densifgrseto the proportion of
housing structures with 20 or more units.
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Table 7: Determinants of Arrests and Summons, 1V

Arrests Summons
Model v v v v v v
(1) (2) (3) (4) (5) (6)
Volunteering -0.859%**  .1.182%**  -1.176***  -1.446***  -1.524%** .1 G53***
(0.33) (0.329) (0.329) (0.239) (0.241) (0.242)
Age 0.048*** 0.047*** 0.048*** 0.118*** 0.118*** 0.117*%**
(0.009) (0.009) (0.009) (0.009) (0.009) (0.009)
Gender -2.995%** .2 987*** .2 947***  .0.818** -0.749* -0.747*
(0.448) (0.447) (0.447) (0.395) (0.395) (0.395)
Income 0.021 0.026 0.027 -0.086*** -0.1%** -0.099%**
(0.026) (0.026) (0.026) (0.022) (0.022) (0.022)
Poverty -0.042 0.094*** 0.095*** 0.112*%** 0.093*** 0.093***
(0.029) (0.033) (0.033) (0.028) (0.032) (0.032)
High School -0.114%** -0.05** -0.048**  -0.083***  -0.076***  -0.075***
(0.022) (0.023) (0.023) (0.022) (0.024) (0.024)
Less than High School 0.025 -0.043** -0.042**  -0.141***  -0.136***  -0.137***
(0.02) (0.021) (0.021) (0.02) (0.021) (0.021)
Median Age 0.188*** 0.143*** 0.145*** 0.041 -0.005 -0.009
(0.054) (0.056) (0.056) (0.05) (0.051) (0.051)
Youth 0.229*** 0.092 0.095 -0.099 -0.174%**  -0.175%**
(0.068) (0.073) (0.073) (0.061) (0.063) (0.063)
Housing Density 0.02*** -0.016** -0.016**  -0.025***  -0.027***  -0.027***
(0.005) (0.007) (0.007) (0.006) (0.007) (0.007)
Unemployment -0.184*** -0.128* -0.126* -0.116* -0.106 -0.104
(0.068) (0.068) (0.068) (0.066) (0.067) (0.067)
Single Mothers 0.03 -0.072* -0.075** 0.106*** 0.119*** 0.119***
(0.032) (0.037) (0.037) (0.029) (0.035) (0.035)
Constant 0.536 2.332 4.652 9.399*** 12.9%** 10.9%***
(3.634) (3.848) (3.936) (3.378) (3.517) (3.544)
Observations 64281 64281 64281 64281 64281 64281
Number of Zip Codes 182 182 182 182 182 182
First Stage F-Test (dof =) 1200.28 1448.81 1445.85 1200.28 1448.81 1445.85
Sargan-Hansen Test (p-value) 0.153 0.672 0.717 0.003 0.103 0.11
Hausman Test (p-value) 0.097 0.005 0.005 0.0001 0.0000 0.0000
Borough FE no yes yes no yes yes
Month FE no yes yes no yes yes
Borough X Month no no yes no no yes

Notes The dependent variables are the probabflibeing arrested or issued a court summons condition being stopped.. Robust
standard errors are in parentheses. * denotedisamge at the 10% level, ** at the 5% level and &t the 1% level. Youth refers to
the proportion of inhabitants aged between the afiek5 and 24 for each zip code. Housing Densifgrseto the proportion of
housing structures with 20 or more units. FirsgBtB-Test values are adjusted for heteroskedastitéusman test was performed by
basing both covariance matrices on the disturbaadgance estimate from the efficient estimator.
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Table 8: First Stage Estimates

Model Five Instruments Cultural Capital

oLs oLs oLs oLs oLs oLs
(1) (2) (3) (4) (5) (6)

Obstructed Driveway Complaints -0.009***  -0.017***  -0.017***
(0.0004)  (0.0005) (0.001)

lllegal Parking 0.013***  0.020***  0.020***
(0.0012) (0.0013) (0.001)
Vehicle Noise 0.007***  0.010***  0.010***
(0.0012) (0.0013) (0.001)
Smoking Violations 0.588***  (.588***  (.588%**
(0.0139) (0.0149) (0.015)
Chronic Speeding -0.255%**  _0.276***  -0.275%**
(0.0535) (0.0671) (0.067)
Cultural Capital 0.387***  0.390***  0.390***
(0.005) (0.005) (0.005)
Age 0.0002* 0.0002* 0.0002* 0.0001 0.0001 0.0001***
(0.0001) (0.0001) (0.0001) (0.0001) (0.0001) (0.0001)
Gender 0.014** 0.009** 0.009** 0.015***  (0.013*** 0.013***
(0.0046) (0.0046) (0.0046) (0.005) (0.004) (0.004)
Income 0.018*** 0.019*** 0.019***  0.021***  0.022*** 0.022%***
(0.0013) (0.0014) (0.0014) (0.002) (0.002) (0.002)
Poverty -0.003***  -0.005***  -0.005***  0.002*** 0.002** 0.002**
(0.0004) (0.0005) (0.0005) (0.001) (0.001) (0.001)
High School 0.011*** 0.012*** 0.012***  0.015***  0.014*** 0.014***
(0.0009) (0.0009) (0.0009) (0.001) (0.001) (0.001)
Less than High School 0.008*** 0.009*** 0.009***  0.011***  0.011*** 0.0171***
(0.0007) (0.0007) (0.0007) (0.001) (0.001) (0.001)
Median Age -0.001* 0.001 0.0004 0.005***  0.007*** 0.007***
(0.0006) (0.0006) (0.0006) (0.0004) (0.0005) (0.0005)
Youth 0.047*** 0.054*** 0.054***  (0.039***  (0.044*** 0.044***
(0.0013) (0.0016) (0.0016) (0.001) (0.001) (0.001)
Housing Density 0.001*** 0.002*** 0.002***  0.002***  0.003*** 0.003***
(0.0001) (0.0001) (0.0001) (0.0001) (0.0001) (0.0001)
Unemployment 0.015*** 0.013*** 0.013***  0.022***  0.020*** 0.020***
(0.0018) (0.0018) (0.0018) (0.002) (0.002) (0.002)
Single Mothers -0.006***  -0.006***  -0.006*** -0.012*** -0.010*** -0.010***
(0.0006) (0.0006) (0.0006) (0.001) (0.001) (0.001)
Constant -1.702%*% .2, 014%**  -1,989***  .2.127%**  .2.365%** .2 403%**
(0.0996) (0.1106) (0.119) (0.128) (0.137) (0.142)
Borough FE no yes yes no yes yes
Month FE no yes yes no yes yes
Borough X Month no no yes no no yes

The dependent variable is the number of voluntgespiportunities per 1000 people. Robust standaaiseare in parentheses. *
denotes significance at the 10% level, ** at thelB%&| and *** at the 1% level. Youth refers to theportion of inhabitants aged
between the ages of 15 and 24 for each zip codesikig Density refers to the proportion of housitrgctures with 20 or more units.
Sample of 64281 observations.
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Table 9: Reduced Form Estimates

Model Arrests | Summons
v v v v v v
(1) (2) (3) (4) (5) (6)
Obstructed Driveway Complaints  -0.02 0.054 0.052 -0.069** -0.005 -0.007
(0.037) (0.043) (0.043) (0.034) (0.04) (0.04)
lllegal Parking 0.048 -0.042 -0.038 0.00004 -0.053 -0.046
(0.067) (0.069) (0.069) (0.062) (0.064) (0.064)
Vehicle Noise -0.186* -0.046 -0.043 0.234** 0.249** 0.243**
(0.097) (0.11) (0.111) (0.096) (0.105) (0.106)
Smoking Violations -0.27 -0.45 -0.464 -0.975%**  -0.910***  -0.949***
(0.288) (0.304) (0.305) (0.254) (0.267) (0.267)
Chronic Speeding -3.172% -1.923 -1.82 0.74 0.334 0.421
(1.871) (2.112) (2.115) (1.79) (1.913) (1.916)
Age 0.047*** 0.047*** 0.048***  0.118***  (0.118*** 0.117*%**
(0.009) (0.009) (0.009) (0.009) (0.009) (0.009)
Gender -3.002%**  -2.997*** .2 957***  _0.826%* -0.766* -0.764*
(0.448) (0.447) (0.447) (0.395) (0.395) (0.395)
Income 0.001 0.004 0.006 -0.120%**  -0.129***  -0.129***
(0.024) (0.025) (0.025) (0.021) (0.021) (0.021)
Poverty -0.044 0.105*** 0.106***  0.090***  (0.094*** 0.093***
(0.03) (0.035) (0.035) (0.029) (0.033) (0.033)
High School -0.133***  -0.076***  -0.073*** -0.075*** -0.083***  -0.082***
(0.023) (0.025) (0.025) (0.023) (0.025) (0.025)
Less than High School 0.016 -0.057***  -0.055*** -0.144***  -0.147***  -0.148***
(0.02) (0.021) (0.021) (0.02) (0.022) (0.022)
Median Age 0.173*** 0.151*** 0.153*** -0.005 -0.019 -0.023
(0.057) (0.058) (0.058) (0.051) (0.052) (0.052)
Youth 0.196*** 0.032 0.035 -0.195%**  -0.259***  -0.261***
(0.066) (0.071) (0.071) (0.059) (0.062) (0.062)
Housing Density 0.017***  -0.019***  -0.018** -0.029***  -0.031*** -0.031***
(0.006) (0.007) (0.007) (0.006) (0.007) (0.007)
Unemployment -0.188*** -0.146** -0.143** -0.118* -0.120* -0.118*
(0.068) (0.069) (0.069) (0.066) (0.067) (0.067)
Single Mothers 0.032 -0.061 -0.064* 0.103***  (0.118*** 0.119***
(0.032) (0.038) (0.038) (0.029) (0.036) (0.036)
Constant 3.479 4.934 6.895* 14.493***  16.437*** 14.536***
(3.745) (3.908) (4.043) (3.463) (3.555) (3.58)
Borough FE no yes yes no yes yes
Month FE no yes yes no yes yes
Borough X Month no no yes no no yes

The dependent variables are the probability of demrested or issued a court summons conditionabeing stopped. Robust
standard errors are in parentheses. * denotedisarge at the 10% level, ** at the 5% level and &t the 1% level. Youth refers to
the proportion of inhabitants aged between the afiekb and 24 for each zip code. Housing Densifgrseto the proportion of
housing structures with 20 or more units. Sampl@a81 observations.
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3.4.2-Cultural Capital

Given that our instruments are similar to crimesesi@ing of a summons, as previously discussed,
we also use cultural capital as an instrument doiaé capital. The quantity of cultural capital in
an area is likely to be a predictor of social cpiwvhile also being conditionally exogenous. We
consider cultural associations as an instrumenafoexactly identified model and then together
with the five other instruments. We also use caltoapital as a regressor in place of volunteering
and show that it is exogenous with regards to ezr@$fiose results are presented in Appendix 3.
Table 10 shows the estimates of the exactly idedtimodel for both outcome variables. The
estimated coefficients for volunteering are extrgnmsmilar to the ones estimated previously
with the five instruments. The difference in coeffnts when using the five instruments together
or cultural capital alone is 0.004. Additionallyevehow cultural capital to be fully exogenous
with regards to crime in Appendix 3. Our results &rests are therefore robust to the use of
different instruments and the potential issue it set of five instruments has no impact on the
results. For summons, the difference between thea&es is larger (about 18%), but estimates
from any set of instruments predict that voluntegrhas a strong negative impact on the
probability of a court summons being issued tospseat. The precision of the estimation is lesser
than for arrests, but we can conclude that theistsea negative relationship. Appendix 4 presents
estimates from a model estimated with all six aldé instruments, cultural capital and the five
previous instruments. The results are very singlaarall across all specifications, strengthening
our confidence in the estimates. Additionally, ®ummons, the vehicle noise instrument is

omitted from the last model in order to satisfy tveridentification restrictions.

The reduced form estimates for the exactly idedifmodel are presented in Table 11. The
coefficient for cultural capital is negative andatdtically significant in all specifications.
Therefore, if the exclusion restriction assumptians valid, the reduced form estimates, coupled

with the positive first stage coefficients (presehin Table 8), confirm the negative IV estimates.
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Table 10: Determinants of Arrests and of Summons, @tural Capital as an Instrument

Arrests Summons
Model v 1% v v v v
(1) (2) (3) (4) (5) (6)
Volunteering -0.9%** -1.180***  -1,180***  -1.196***  -1.25%** -1.28%***
(0.334) (0.334) (0.334) (0.228) (0.23) (0.23)
Age 0.048*** 0.047***  0.048*** 0.118*** 0.118*** 0.117*%**
(0.009) (0.009) (0.009) (0.009) (0.009) (0.009)
Gender -2,995%** 2 987*** .2 947***  .0.818** -0.749* -0.747*
(0.448) (0.447) (0.447) (0.395) (0.395) (0.395)
Income 0.021 0.026 0.027 -0.086%** -0.1%** -0.099%**
(0.026) (0.026) (0.026) (0.021) (0.022) (0.022)
Poverty -0.042 0.094***  0.095*** 0.112*%** 0.093*** 0.093***
(0.029) (0.033) (0.033) (0.028) (0.032) (0.032)
High School -0.114%** -0.05** -0.048**  -0.083***  -0.076***  -0.075***
(0.022) (0.023) (0.023) (0.022) (0.024) (0.024)
Less than High School 0.025 -0.043** -0.042** -0.141***  -0.136***  -0.137***
(0.02) (0.021) (0.021) (0.02) (0.021) (0.021)
Median Age 0.188*** 0.143***  (0.145%** 0.041 -0.005 -0.009
(0.054) (0.056) (0.056) (0.05) (0.051) (0.051)
Youth 0.229*** 0.092 0.095 -0.099 -0.174%**  -0.175***
(0.068) (0.073) (0.073) (0.061) (0.063) (0.063)
Housing Density 0.02%** -0.016** -0.016**  -0.025***  -0.027***  -0.027***
(0.005) (0.007) (0.007) (0.006) (0.007) (0.007)
Unemployment -0.184*** -0.128* -0.126* -0.116* -0.106 -0.104
(0.068) (0.068) (0.068) (0.066) (0.067) (0.067)
Single Mothers 0.03 -0.072* -0.075** 0.106*** 0.119*** 0.119***
(0.032) (0.037) (0.037) (0.029) (0.035) (0.035)
Constant 0.536 2.332 4.652 9.399*** 12.9%** 10.9%**
(3.634) (3.848) (3.936) (3.378) (3.517) (3.544)
First Stage F-Test (dof =) 1200.28 1448.81 1445.85 1200.28 1448.81 1445.85
Sargan-Hansen Test (p-value) 0.153 0.672 0.717 0.003 0.103 0.11
Hausman Test (p-value) 0.097 0.005 0.005 0.0001 0.0000 0.0000
Borough FE no yes yes no yes yes
Month FE no yes yes no yes yes
Borough X Month no no yes no no yes

Notes: The dependent variable is the probabilitypeing arrested conditional on being stopped. Robtedard errors are in
parentheses. * denotes significance at the 10%, I&vat the 5% level and *** at the 1% level. Ydutrefers to the proportion of
inhabitants aged between the ages of 15 and 2#afdr zip code. Housing Density refers to the prtapoof housing structures with
20 or more units. First Stage F-Test values anesteljl for heteroskedasticity. Hausman test waspeed by basing both covariance
matrices on the disturbance variance estimate franefficient estimator. IV+ refers to estimatiosing all six instruments while the
first three columns only use cultural capital. Sengd 64281 observations.
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Table 11: Reduced Form Estimates, Cultural Capitabs an Instrument

Model Arrests ‘ Summons
A \ A \ A v
(1) (2) (3) (4) (5) (6)
Cultural Capital -0.349%** -0.468%** -0.461%** -0.463*** -0.488%*** -0.500%**
0.129 0.130 0.130 0.088 0.090 0.090
Age 0.047*** 0.047*** 0.048*** 0.118*** 0.118*** 0.117***
0.009 0.009 0.009 0.009 0.009 0.009
Gender -3.008*** -3.002*** -2.962%** -0.839** -0.767* -0.766*
0.448 0.447 0.447 0.395 0.395 0.395
Income 0.003 -0.0001 0.001 -0.118%** -0.135%** -0.134%**
0.024 0.025 0.025 0.020 0.021 0.021
Poverty -0.044 0.092*** 0.093*** 0.108*** 0.089*** 0.088***
0.029 0.033 0.033 0.028 0.032 0.032
High School -0.128%** -0.067*** -0.065*** -0.104*** -0.096*** -0.096***
0.022 0.023 0.023 0.022 0.024 0.024
Less than High School 0.016 -0.057*** -0.055*** -0.156*** -0.152%** -0.153%**
0.019 0.021 0.021 0.020 0.022 0.022
Median Age 0.184*** 0.134** 0.136** 0.034 -0.015 -0.019
0.054 0.056 0.056 0.050 0.051 0.051
Youth 0.197*** 0.041 0.043 -0.163%** -0.247%** -0.249%**
0.065 0.070 0.070 0.058 0.061 0.061
Housing Density 0.018*** -0.019*** -0.019%** -0.028%*** -0.031%** -0.031%**
0.005 0.007 0.007 0.006 0.007 0.007
Unemployment -0.202%** -0.151** -0.149* -0.148** -0.138** -0.137**
0.067 0.068 0.068 0.066 0.067 0.067
Single Mothers 0.039 -0.061* -0.064*** 0.126*** 0.138*** 0.138***
0.031 0.036 0.036 0.028 0.034 0.035
Constant 2.347 5.124 7.478%* 12.567*** 16.547*** 14.631***
3.527 3.750 3.853 3.307 3.451 3.488
Borough FE no yes yes no yes yes
Month FE no yes yes no yes yes
Borough X Month no no yes no no yes

The dependent variables are the probability of deirrested conditional on being stopped and thégtitity of being issued a
summons conditional on being stopped. Robust stdretaors are in parentheses. * denotes signifieatdhe 10% level, ** at the
5% level and *** at the 1% level. Youth refers teetproportion of inhabitants aged between the afj@s and 24 for each zip code.
Housing Density refers to the proportion of housstrgictures with 20 or more units. Sample of 64@B4ervations.

3.4.3-Bootstrapped Hausman Test

Hausman tests for all models are performed by ba&iath covariance matrices on the

disturbance variance estimate from the efficietitregor in order to successfully compute the

test statistics. While this procedure is generaligeptable for the type of endogeneity tests that
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we perform, it may cast doubt on the validity of #tandard Hausman test results given its strict
assumptions. In addition, the mere fact that rolstestdard errors are used throughout (and do
impact some results) violates the assumption thatad the two estimators must be fully efficient
under the null. It is not uncommon in general to regjuire either estimator to be fully efficient,
but this may lead to misleading conclusions. Tooaaot for this eventuality, we conduct a

bootstrapped version of the Hausman test, follov@agieron and Trivedi (2010).

Formally, the test statistic of the test can beresged in the quadratic form:
H =1t by)’ (V(b1— b)) (bs - ) (6)

Where h is the efficient estimator under the null andsbconsistent under both the null and the
alternative. This test follows asymptotically tHa-squared distribution with degrees of freedom
h, where h is the rank of the matrix of the diffeze in variances. When performed in common
statistical software, it is assumed that i® fully efficient, which eventually leads to a

simplification in the denominator leading to thmplified test statistic:
H =i(b k)’ (Var(bo) — Var(h))™ (b — k) (7)

This simplification, performed during the standaaimputation of the test, is inaccurate in our
case at the least because of heteroskedasticityh®Yefore use bootstrapping to estimate;¥{(b

bo), avoiding the need for the problematic assumptide bootstrap with N = 400 repetitions in
order to obtain 400 estimates of bothdnd I3 and therefore compute their difference. The

estimation of V(b— ky) then becomes:
(N-1)* b (o1 — bop— (N X (b1n— ko)) ™) ((ban — bon— (N X (brn— bor)) ™)’ (8)

This process allows us to compute the less rasitest statistic and better assess the extent of

endogeneity. The results, shown in Table 12, arg sinilar to the ones from the standard test.
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The only noticeable difference is that we cannfgatethe null at the 10% level for arrests in the

baseline model, if we do not control for month déadough effects.

For all other specifications, the difference is Braad does not alter the results in any way.
Regardless of heteroskedasticity and of our detisiobase both covariance matrices on the

disturbance variance estimate from the efficietitregor, the results remain unchanged.

Table 12: Bootstrapped Hausman P-Values, Selectedddels

Hausman Bootstrapped Borough FE Month FE Borough X Month
Hausman
Basic Model
Arrests 0.097 0.115 no no no
0.005 0.007 yes yes no
0.005 0.008 yes yes yes
Summons 0.0001 0.0000 no no no
0.0000 0.0000 yes yes no
0.0000 0.0000 yes yes yes
IV with Cultural Capital
Arrests 0.0723 0.0704 no no no
0.0055 0.0053 yes yes no
0.0067 0.0064 yes yes yes
Summons 0.0000 0.0000 no no no
0.0000 0.0000 yes yes no
0.0000 0.0000 yes yes yes
IV with Six Instruments
Arrests 0.0837 0.0856 no no no
0.0045 0.0052 yes yes no
0.0051 0.0058 yes yes yes
Summons 0.0000 0.0000 no no no
0.0000 0.0000 yes yes no
0.0000 0.0000 yes yes yes

Notes: Numbers are all p-values. The dependenahlariArrests is the probability of being arrestedditional on being stopped and
the dependent variable Summons is the probabifitheing issued a summons conditional on being sdpBootstrapping was
performed with 400 repetitions. Estimation was @enfed with robust standard errors. Sample of 64&t&krvations.
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3.5-Robustness Checks

3.5.1-Additional Controls

Since the validity of the results relies on theeng no omitted variable bias, we test the
robustness of the results to the inclusion of amftéi controls. Our baseline 1V results are robust
to controlling for the proportion of people who leasbtained a bachelor’s or graduate degree, the
proportion of foreign-born residents in the areagaared income term, the normalized number of
graffiti in the area and the race of the suspestficted to white and white Hispanic or black and

Black Hispanicy.

Further, the results are not sensitive to our agggien unit. We also estimate a negative though
smaller relationship between social capital andnerifor every specification of the baseline
models when aggregating variables at the policeipce level. This may be due to precincts
being larger than zip code areas and thereforaigagtsocial capital less precisely. Methods for

aggregating at the precinct level are presentégppendix 1.

3.5.2-Clustering

In addition to the previous robustness checksstatstical significance of the IV results is also
robust to clustering the standard errors at ettterborough or zip code level. We do not present
the results with these corrections given potemdggles inherent to clustering in our sample. That
is, clustering at the borough level would yieldyofive clusters, while inference asymptotics are
based on the number of clusters approaching igthiClustering at the zip code level leads to

vastly imbalanced clusters and it relies on thdititssumption that there is no intra-correlation

2 Results are omitted due to spacing concerns leuailable upon request.
13 Bertrand, Duflo and Mullainathan (2004), Camerad Miller (2010) and Bell, Morgan, Kromrey and
Ferron (2010)
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in the standard errors between borodgHBhese approaches can lead to “the cure beingewors
than the disease”, see Austin and Schaffer (2@liAte the statistical significance is invariant to
the level at which the standard errors are cordetve the residuals departing from the i.i.d.

assumption, our confidence in the findings is insesl.

3.5.3-Nonlinearity

Volunteering is negatively linked to both crime oumhes, but the models above restrict the
relationship to a linear one. It may not be as #npolunteering may have a different effect
depending on the quantity provided. Specificalyms volunteering could help the community at
first, but a lot more could reflect that somethinghe area creates a vast need for volunteering
while also encouraging crime. For instance, a aatlisaster would create an immediate need for
volunteering and lead to more crimes. Another exammuld be an area with an exceptionally

high level of drug addiction.

To capture this potential relationship, we alsineste the models with a squared term added for
volunteering. The results are presented in ApperdipAll five instruments, including their
squares, are included in the estimation for arrestsle Vehicle Noise and its square are
excluded from the estimation for summons. We fimat the higher order term is not statistically
significant in any IV specification for either demkent variable, while the lower order terms
retain similar values as before. We can also rdfeadt the IV and OLS estimates are the same;
therefore 1V is the only consistent estimator. Wl no evidence of nonlinearity in the data and

conclude that the relationship between social ebgaitd crime is linear.

% austin and Schaffer (2007Bertrand, Duflo and Mullainathan (2004), Cameron and Miller (2010)
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3.6-Conclusion

While the impact of social capital on crime hasrbpeesent in the literature for several years,
little credible evidence has been provided. In théstion, we use IV estimators to present
conclusive evidence that civic norms, measured utfitovolunteerism, have a statistically

significant negative impact on crimes targeted ly $top-and-Frisk program. The relationship
between volunteering and crime is linear and isusbldo controlling for several social and

economic factors as well as correcting for endoifer@end additional unobserved heterogeneity.
Specifically, an increase in volunteering wouldnigria statistically significant decrease in both
the probability of a suspect being arrested andotbability of a suspect being issued a court
summons. There appears to be no other channelgihratnich volunteering could affect the

Stop-and-Frisk program or the decision of individua commit crimes. We also show that OLS
results are likely to be biased due to endogen€ityic norms do help reduce crime, but areas
with heavy volunteering may be more vulnerablehi first place, leading to an understatement

of the effect of social capital.

There may remain concerns with the results, as éheyobtained from a randomly selected 10%
subsample of all stops for the year 2011 due topeational limits with reverse geocoding using
Google MapsIt would be interesting to test how the resultslate to the whole sample given
that they do change slightly when altering the danp control for ethnicity. If anything, given

random sampling and a large sample size, we woxpeat the significance of the results to

strengthen.

An important limitation is that the definition ofolunteering used may be restrictive. The
volunteering data only comprises opportunities ftbe NYC Service initiative, which are likely
to represent only a fraction of all volunteerisniee opportunities may have a larger impact

since they are recognized municipally and operateugh an official channel, but many other
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types of volunteering presumably help develop daggital in the city. Further, we investigate
one out of the three types of social capital gdhyeracognized in the literature. To understand
the overall importance of social capital for a commity, one would also need to consider trust

and associational networks.

The results also have significant policy implicagp a topic we return to in the general

concludingsection.
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4-Discrimination
4 1-Introduction

The New York Police Department’'s (NYPD) Stop-andskprogram, in which an officer of the
law can routinely stop, question and frisk anyzeiti suspected of criminal intent, has come under
fire from various advocacy groupsWhile defenders of the Stop-and-Frisk progranmnclia has
saved over 7000 live&and played a key role in New York City’s decreaserime over the past
years, some civil rights groups claim it constisugeviolation of freedom. Further, others have
accused it of racial profiling given the overwhetgimajority of minorities targeted by the
program (consistently around 85% of all stops ichegear}’. The program has been targeted by
legislative action, including high profile casesdasiass action lawsuits such B®yd, et al. v.

City of New York, et df.

Beyond legal and philosophical implications, theiagbdesirability of a program such as Stop-
and-Frisk relies on its ability to efficiently deterime. This in turn relies on police officers
stopping suspects in a productive manner by targdégitimate criminal activity. Testing for
discrimination is challenging since an analysisdidparate impact alone does not constitute
evidence of discrimination. After all, police oféics who stop more members of a group are not
biased provided that the stops are productive ead to arrests or summons. Furthermore, if the
majority of the members of a group are concentratex higher or lower crime neighborhoods,
disparate impact and even more sophisticated tgebsimay lead to misleading conclusions.

Therefore, when testing if police officers are disinating against blacks, we must investigate

15 New York Civil Liberties Union, Stop-and-Frisk Zatwww.nyclu.org/content/stop-and-frisk-data, Cdtesli
August 1¢' 2013

18 Burke, Kathy, NYPD’s Ray Kelly: “Stop-and-Frisk &=l 7,383 Lives”, Newsmax,
http://www.newsmax.com/Newsfront/kelly-stop-friskved/2013/07/22/id/516422, July™®2013

1 Bump, Philip, Why Racism in Numbers Will Bring Davthe NYPD in the Stop-and-Frisk Trial, The Atlariire,
http://www.theatlanticwire.com/national/2013/05/dygtop-and-frisk-numbers/65561/, May'?2013

18 Center for Constitutional RightBloyd, et al. v. City of New York, et &tcrjustice.org/floyd, Consulted August™.0
2013
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whether the stops which involve blacks are as ot as the ones involving whites. If an
officer stops many blacks without just cause, tthese stops will not lead to arrests or summons

and the probability of these two outcomes will #fere be lower for this subgroup.

One way to test for discrimination empirically feethit rates test, which goes beyond disparate
impact.This test was developed in Knowles, Persico andd@601), an important contribution
which has been the foundation of several paperdigsrimination. In this section of the paper,
we build on results from Coviello and Persico (201@hich uses the hit rates test and finds no
evidence of racial discrimination when considerihg whole city of New York over the 2003-
2012 period. While their overall result is tellingcial inequity, unless institutionalized, may be
restricted to certain subgroups of the populatiod ary with time, location and crime type. We

therefore investigate subgroup treatment effea@rbgeneity.

Specifically, we conduct the hit rates test forteborough of the city individually, then for every
year separately and lastly for every borough-yeankination. Further, we also look for gender
inequity as well as discrimination of black menapeally, using the richer data from the sample
of the social capital section. In addition, we coctdnonlinear Oaxaca decompaositions (Yun,
2004) as another tool to detect bias. Our analysisovers plausible evidence of racial
discrimination in police stops in the boroughs o&mWattan, the Bronx and Brooklyn, when
considering all the data collected from 2003 to2@urther, when considering individual years
for the entire city, we find some indication of ®idor the entire year of 2011. Including
individual of Hispanic origin to the analysis redscthe difference in the arrest rates between
white and white Hispanics and black and Black Hisgs lowering the likelihood that these tests

can detect racial bias.

We uncover large and surprising differences ingitesence of discrimination across categories of

crime. Drug crimes and possession of a weapon>am@es of crimes which we hypothesize
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have a higher likelihood of being tainted by distgriation These categories of crimes have
received a special emphasis since they are retatéde War on Drugs, which has also been
accused by many advocacy organizations of beingidimatory®. We perform the test on all

stops for which the suspected crime was relatadfugs or weapons and find robust, conclusive
evidence of racial inequity against African-Amerisa After controlling for the year effects,

adding precinct fixed effects and clustering bycpret, blacks are more than 1.89% less likely to
be arrested when stopped. Considering the med&n98P46 for arrests, this is a difference of
approximately 30%, which reflects that drug relasémps are conducted in an unproductive and
racially discriminatory manner. Further, African-&ntans are 2.6% less likely to be issued a

summons (mean of 8.36%).

Unlike our investigation of discrimination of allimes, we find robust evidence of discrimination
in every borough of the city for these two specifitme categories. Our analysis uncovers a
worrisome trend, as inequity in these categoriesimereased markedly each year sia089. In
contrast, we did not find any evidence of discriation when conducting the analysis on data
collected prior to 2009, and this is unlikely dwethere being missing records, which would
only affect the data quality from 2003-2005. Whettés change in the trend in stops is due to
the changing economic environment or differencgsolicing after The Great Recession begun is

beyond the scope of this section and a topic fdhéu research.

In the remainder of this section, we begin withrzflreview of the discrimination literature. In
section 4.3, we discuss the economic model thagnlied our empirical analysis and introduce
both the empirical and identification strategy. Thain results are presented and discussed in
section 4.4.Robustness checks are presented inrsdch. Section 4.6 then summarizes the main

findings of the entire section.

¥ Human Rights Watch, United States — PunishmenPaajiidice: Racial Disparities in the War on Drugs,
http://www.hrw.org/legacy/reports/2000/usa/RcedrgBthtm, Consulted on August'1@2013.
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4 2-Literature Review

The foundation of the model we use can be fountthénliterature on optimal auditing, in which
papers such as Becker (1968) modeled the decisigraiticipate in criminal activity given a
certain probability of being audited. The idea ttacrimination would lead to lower profits for
those who engage in it comes originally from Bedd&57). Intuitively, agents who discriminate
are restricting their behavior based on irratiasrékerion or beliefs which do not translate to any
practical benefits. They should therefore not ofgeess efficiently as agents who optimize their
behavior based on true costs and benefits.

Similar tests have found many applications in meoreporting Scotchmer (1987), mortgage
lending Van Order and Zorn (1995) or academic ghiblig Smart and Waldfogel (1996). One
earlier contribution which uses a similar empirisethtegy is Ayres and Waldfogel (1994), which
finds evidence of discrimination against minoritieshe setting of bail bonds by judges.

The hit rates test for discrimination that we useswleveloped by Knowles, Persico and Todd
(2001), and underwent some minor extensions ini¢ee@nd Todd (2006) and Coviello and
Persico (2013). In each of these papers, the authee the test to investigate whether police
officers stop or search more African-Americans Hase reasonable evidence or out of racial
bias. For example, Coviello and Persico (2013)theesame data set as this paper and find that
the difference in the arrest rates between the rawtal groups is not statistically significant;
therefore blacks are not significantly less likedybe arrested when stopped or searched. They
conclude their analysis as providing evidence thgjgests police officers operate without bias
and perform stops or searches based on their preityic

This section of the paper extends Coviello andiPer(2013) by considering some important
distinctions in the application of the test and harallels to procedures considered by
Dharmapala and Ross (2003). These authors arguthéheesults of the hit rates test may not be

robust to allowing for variations in the probalyilbf an audit or offenses of varying degrees of
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severity across types of crime. We consider hetareify across temporal, geographic and crime
dimensions.

This section of the paper extends Coviello and ie@r&013) by considering some important

distinctions in the application of the test and hzrallels to procedures considered by
Dharmapala and Ross (2003). These authors arguthéheesults of the hit rates test may not be
robust to allowing for variations in the probalyilbf an audit or offenses of varying degrees of
severity across types of crime. We consider he&eiy across temporal, geographic and crime

dimensions.

4.3-Empirical Strategy

We use the model of pedestrian and police behavdionn Coviello and Persico (2013), itself

adapted from Persico and Todd (2006). The modefigees a framework which demonstrates the
strength of the hit rates test in detecting thesgmee of discrimination. Those interested in an in-
depth look at the theory should consult the aforgroeed papers as we only provide a summary

overview.

The main feature of the model is that it “incorgesapotential police heterogeneity in intensity of
racial bias and in costs of searching as well aegiean heterogeneity in the benefits and costs
from committing a crime.”, Coviello and Persico {3). The intuition behind the model is that,
if officers are not biased, then the arrest ratukhbe equal across races. If it is not, it implie
that police officers stop people belonging to ormug even though it is less productive to do so.
Given a pedestrian of ragewith r = White W) or African-American A) and with a set of
additional characteristics effortlessly observable by the police. An officesin distinguish

without cost between groufisc) but not across individuals belonging to the sanoeig
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Let Pdenote the number of officepswho each have a capacity to search givenJgn8l a cost
per search given by.tDiscrimination is incorporated by allowing theirmfrom a successful
search to vary depending on the race of the susBpetifically, the gains of an officgrfrom
arresting a pedestrian of ragas given by ¥ = Ypw + B(p), where B(p) denotes discrimination
and is assumed to be of the same sign acrossfialtrst Then, with gr,c) denoting the sum of

the searches that an offigeperforms on a grougr,c) andK" “denoting the crime rate of group

(r,c), the expected payoff of an officer is:

Yre So(r,C) [Yer K" (S(r,C)) - 1] (5)

Persico and Todd (2006) shows that a genericallguenNash equilibrium exists for this game,

which ultimately leads to the following theorem:

Theorem 1(Persico and Todd (2006): foundation for hit ratest):
In the equilibrium, the hit rate is the same across all subgroups within a race that are
distinguishable by police. Also, if the police are unbiased, then the hit rate is the same across

races. If the police are biased against race r, the hit rate is lower in race r than in the other race.

This theorem implies that the hit rates tesbisust to omitted variable biasjnce it is the same
across all groups within a race which are distigigable by a police officer.

We first apply the test individually by borough ahg year. Following Coviello and Persico
(2013), we consider both OLS (which has been shtawhbe inadequate by the authors) and
precinct fixed effects in order to account for srosgional heterogeneity in crime rates.
Additionally, we include clustering at the precietel to capture any remaining heterogeneity
across precincts, which may lead to artificiallwlstandard errors.

Specifically, our results come from the followinguation:
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Yin =01 +BB; +O, + & (6)

Where Y, is the probability of being arrested or issuedmrsons, Bis a dummy variable which
has value 1 if the suspect is black or O if thepeusis white and®, is a vector of 76 dummy
variables for each precinct of the city. If the ffiogent B is negative and statistically significant,
then blacks have a lower probability of being agéd<r issued a summons and, since the test is
robust to omitted variables bias by construct (Whige also test later), this is evidence of
discrimination since the difference in probabibtis due to race alone. It reflects that blacks are
stopped too often; if they were not, then the pobidity of the stops would be the same across

races and the coefficient on black would be noniicant.

We can obtain results by estimating the model inmgpshe restriction©, = 0. This will be
referred to as the OLS analysis and assumes thet th no unobserved heterogeneity at the
precinct level which is constant through time arwrelated with regressors. As shown in
Coviello and Persico (2013), in our case, not adlirig for unobserved heterogeneity common to
each precinct of the city would lead to misleadiegults since the coefficient for black could
reflect a difference across neighborhood qualitgrame rates. If more members of a group are
stopped in precincts which have higher crime rategeneral, then a higher probability of being

arrested or summoned to court would be mistakettdlaed to that group.

In contrast, we can estimate the model while relgxthe previous restriction; this is referred as
the FE analysis. It assumes that there are timarignt characteristics within each precinct which
may affect the outcome variables. It also assurhas these characteristics are uncorrelated
across precincts; the regressors must be exogamolutherefore uncorrelated to past, present and
future shocks. This procedure imposes additiorsliraptions but allows us to control for crime

heterogeneity across precincts which are likelgftect arrest or summons rates.
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To conduct statistical inference, we cluster ttendard errors at the precinct level. A potential
concern is that the number of clusters when peifagrithe analysis by borough does not meet the
usual minimum of approximately 50 found in therktieire. Therefore, when studying boroughs
individually, clustering may lead to artificiallynflated standard errors and the second FE
specification may provide more reliable resultsrttimately, in our analysis, clustering did not
lead to any difference in the statistical significa of the results except for those using data from
the Bronx alone. In all of the tables that follovhieh explore differences across boroughs, we
present the results with both fixed effects andteling, but our preferred estimates are contained

in the fifth column of each table.

Similar to Dharmapala and Ross (2003), we invesigi@terogeneity over various subgroups of
crime, since the hit rates test may be better gudedetect discrimination for certain types of
crime than others. Specifically, the model abovesiters that every stop comes after an officer
has observed a suspect and established reasonapleien. This is not the case for crimes which
are in progress or which may require an immediatiervention. Stopping these crimes provides
an immediately observable benefit to the officea aearch cost 6f 0. As an extreme example,
while racial bias may affect the prosecution andtesgcing of a pedestrian who is caught
assaulting another, it is unlikely that B(p) would so large as to dictate whether the officer
would stop the assault. It follows that the hitemttest may be better suited to detect
discrimination for crimes which leave room for jesgent because B(p) implicitly enters in the
establishment of a reasonable suspicion. Similaglyen for crimes which do not require
immediate intervention, the cost of searching miéferdfor different types of crime.

More importantly, the perception of an officer wtliscriminates against a group is likely to vary
with the type of crime. A biased officer may unjysidentify certain types of crimes with
African-Americans or whites and therefore stop imany members of the group for those crimes.

For instance, a biased officer who suspects tooynmaacks of carrying drugs does not
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necessarily have the same inaccurate perceptioost dilacks and disorderly conduct. We
therefore perform the test on subsamples of difiteyges of crime.

Those subsamples are suitable for hit rates asadysce they include stops which the officers
were not obligated to report (no use of force kirig, arrest, summons or refusal to identify).
Additionally, the samples are selected using tipe ©yf crime which was suspected by the officer
at the time of the decision to perform the stopisTineans that we do not use any ex-post
information; we do not use a sample of stops inngha type of crime but a sample of stops
involving all suspiciongrelated to a type of crime. Since the entire Stog-Frisk program relies
on an officer only stopping pedestrians conditiamralsuspecting them of a crime, it follows that
officers should always be able to provide the typerime for which a suspect was stopped.

We also put an emphasis on crimes related to diug®ssession of a weapon. One interesting
aspect of these crimes is that, in addition toegsgnting a large fraction of all stops, they are
central to the controversial and long-lasting maimle War on Drug which has, along with the
Stop-and-Frisk program, been accused several tiofesdiscrimination against African-

Americans, who constitute the majority of suspectssted for drug related crimes (Nunn, 2002).

20 popularized in 1971 by Nixon, the War on Drugs kim&e been identified as one of the leading cafmethe
particularly high incarceration rate in the Unit8thtes - more than 1% of the adult population.drigular, African-
American males are 6 times as likely to be incatesl as white males and three times as likely apatiic males.

The PEW Center on the States, Pew Report Finds MareOne in 100 Adults are Behind Bars,
http://web.archive.org/web/20080303025427/http:Mnpewcenteronthestates.org/news_room_detail.aspd32812, Consulted
August 1¢' 2013

Human Rights Watch, United States — Punishmenfaeplidice: Racial Disparities in the War on Drugs,
http://www.hrw.org/legacy/reports/2000/usa/Rcedr§Bchtm, Consulted on August1@013.

The Sentencing Project, New Incarceration Figurbgty-Three Consecutive Years of Growth,

http://www.sentencingproject.org/doc/publications/inewfigures.pdf, Consulted August™2D13
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4 .4-Results

4.4.1-Subgroup Heterogeneity for all Crimes

First, when considering arrests by borough, asepttesl in Table 13, we find weak evidence of
inequity in the Bronx, since the estimate from owotu5 is negative but only of approximately
half a percent. The other estimated coefficienesadirpositive or statistically non-significant and

therefore point towards there being no racial bias.

When considering discrimination in arrests fromryayear, presented in Table 14, we find no
proof of racial bias, as blacks are not signifibatess likely to be arrested in any year of the
sample. It appears as though officers of the NYRDukl even have stopped more African-

Americans between 2005 and 2008.

When considering arrests for both years and bomtagether, as presented in Appendix 6, there
may be indications of discrimination only for 20ihlthe Bronx, but it is an isolated result which
on its own does not make a strong case. We rekisiresult later when considering both arrests

and summons together.

For summons, presented in Table 15 by borough atdeTl6 by years, all the coefficients are
negative and statistically significant, which wolel evidence of discrimination if the polioaly
considered issuing summons. Therefore, as in pueMiterature, the results for summons do not
imply that there was any inequity. Most likely, thelice consider both arrests and summons
together and both outcomes must therefore be cadhiminvestigate overall discrimination. In
the model presented earlier, it is logical to asstmat police officers want to minimize crime but
that they put a larger weight on crimes deservih@ro arrest since they are more severe and
cause more damage. Accordingly, Coviello and Per&0613) have shown that a weight of 4 to 1
between arrests and summons would lead to no esédeh discrimination for their overall
results.
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We believe that this assumption is not unlikehhtdd overall, but it is not sufficient to rule out
discrimination in the more detailed results. For msults, the assumption is enough to rule out
racial bias in Queens and Staten Island, but aosiseven to one ratio would have to be
considered for Manhattan and Brooklyn while everB:& ratio would leave evidence of
discrimination for the Bronx. The plausibility ofich ratios is left to the judgement of the reader,
but we believe this is a first hint that there niysome inequity in the program and that further
investigation is warranted. For year to year edtsiaa 4:1 weighting scheme is sufficient to rule
out discrimination in all years except for 2011t fehich a 9:1 ratio is necessary. Again, the
likeliness of the assumption is subjective, butheéeve it is most likely indication of bias and
that it appears stronger in the later years ofsdmmple. These two results also point towards
discrimination being at its highest in the Bronx2811, which is consistent with the earlier

results for arrests by year and borough and leretteace to our previous estimates.

In Appendix 7, we also perform the test with Hisparadded in the sample. This addition leads
to a decrease in the difference in arrest rates thodgh the overall signs do not change, a 4:1
weighting scheme between arrests and summons fisisof to erase any sign of racial bias.

Discrimination appears to be stronger when consigekfrican-Americans versus whites.
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Table 13: Arrest Made, Overall and by Borough

Model oLS oLS OoLS FE FE FE
(1) (2) (3) (4) (5) (6)
Black -0.420%**  -0.437*** -0.437 0.379***  (0.355%** 0.355*
(0.037) (0.037) (0.469) (0.046) (0.046) (0.207)
Constant 6.140%**
(0.034)
P-value of HO : ui=0 0.0000 0.0000 0.0000
Black
Manhattan -0.572%** Q. 571*** -0.571 0.219** 0.212** 0.212
(0.097) (0.097) (0.830) (0.104) (0.104) (0.612)
Bronx -0.415%**  -0.329%** -0.329 -0.593***  .0.547*** -0.547
(0.157) (0.157) (0.647) (0.167) (0.167) (0.495)
Brooklyn -1.164%**  -1.216%***  -1.216***  0.584***  (0.531%** 0.531*
(0.053) (0.053) (0.465) (0.069) (0.069) (0.292)
Queens 0.254***  (,258%** 0.258 0.551***  (0.535%** 0.535*
(0.082) (0.082) (0.450) (0.099) (0.099) (0.288)
Staten Island 1.740%**  1.803*** 1.803** 0.583***  (0.594*** 0.594
(0.113) (0.113) (0.763) (0.143) (0.143) (0.765)
Constant
Manhattan 8.621%**
(0.089)
Bronx 7.023%**
(0.151)
Brooklyn 4.998%**
(0.050)
Queens 6.607%**
(0.072)
Staten Island 4.346***
(0.080)
P-value of HO : ui =0
Manhattan 0.0000 0.0000 0.0000
Bronx 0.0000 0.0000 0.0000
Brooklyn 0.0000 0.0000 0.0000
Queens 0.0000 0.0000 0.0000
Staten Island 0.0000 0.0000 0.0000
Clustered SE no no yes No no yes
Time FE no yes yes No yes yes
Precinct FE no no no Yes yes yes

The dependent variable is the probability of beingsted conditional on being stopped. * denogsifitance at the 10% level, ** at
the 5% level and *** at the 1% level. P-value of HQi = 0 is the p-value for the joint test of piecinct fixed effects equal to zero.
Standard errors are presented in parenthesis.
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Table 14: Arrest Made, by Year

Model oLS oLS FE FE
(1) (2) 3) (4)
Black
2003 -0.776%** -0.776 0.850*** 0.85
(0.224) (0.862) (0.271) (0.518)
2004 -1.082%** -1.082 0.754 0.754
(0.143) (0.601) (0.174) (0.417)
2005 -0.367*** -0.367 1.189%** 1.189%**
(0.118) (0.475) (0.147) (0.283)
2006 -0.752%** -0.752* 0.280** 0.28
(0.094) (0.449) (0.117) (0.295)
2007 -0.447*** -0.447 0.177 0.177
(0.112) (0.564) (0.140) (0.364)
2008 0.558*** 0.558 0.613*** 0.613**
(0.108) (0.653) (0.138) (0.262)
2009 -0.244%* -0.244 0.178 0.178
(0.111) (0.675) (0.138) (0.354)
2010 0.086 0.086 0.410** 0.41
(0.117) (0.578) (0.141) (0.253)
2011 -0.868*** -0.868* -0.156 -0.156
(0.104) (0.509) (0.125) (0.243)
2012 -1.033%** -1.033 -0.038 -0.038
(0.113) (0.659) (0.136) (0.403)
P-value of HO : ui =0
2003 0.0000 0.0000
2004 0.0000 0.0000
2005 0.0000 0.0000
2006 0.0000 0.0049
2007 0.0000 0.2319
2008 0.0000 0.0000
2009 0.0000 0.0000
2010 0.0000 0.0000
2011 0.0000 0.0000
2012 0.0000 0.0000
Clustered SE no yes no yes
Time FE no no no no
Precinct FE no no yes yes

The dependent variable is the probability of beargested conditional on being stopped. *
denotes significance at the 10% level, ** at the IB¥&l and *** at the 1% level. P-value of HO :
ui = 0 is the p-value for the joint test of all pirect fixed effects equal to zero. Standard erames
presented in parenthesis.



Table 15: Summons Issued, Overall and by Borough

Model OLS OoLS OoLS FE FE FE
(1) (2) (3) (4) (5) (6)
Black 0.070* 0.095** 0.095 -1.753***  -1.736***  -1.736%**
(0.038) (0.038) (0.360) (0.047) (0.047) (0.295)
Constant 6.122%**
(0.035)
P-value of HO: ui=0 0.0000 0.0000 0.0000
Black
Manhattan -0.13 -0.12 -0.12 -2.359%** .2 35Q0*** .2 350%**
(0.082) (0.082) (1.043) (0.087) (0.087) (0.369)
Bronx -1.477***  -1.353%** .1 353**%  .1.637%** -1.495%*** .1 495%**
(0.160) (0.160) (0.546) (0.171) (0.1712) (0.235)
Brooklyn 0.175** 0.149** 0.149 -2.191%** 2221 %%* 222 ¥**
(0.068) (0.068) (0.730) (0.088) (0.088) (0.608)
Queens -0.069 -0.038 -0.038 -0.672***  -0.635%** -0.635
(0.074) (0.074) (0.677) (0.089) (0.089) (0.694)
Staten Island -1.527%**  -]1,522%** .1 522%** ] 5Q92%** .1 586*** -1.586%**
(0.113) (0.113) (0.359) (0.143) (0.143) (0.449)
Constant
Manhattan 5.733%**
(0.075)
Bronx 8.338***
(0.155)
Brooklyn 6.458%**
(0.064)
Queens 5.589%***
(0.066)
Staten Island 5.987***
(0.080)
P-value of HO : ui =0 0.0000 0.0000 0.0000
Manhattan 0.0000 0.0000 0.0000
Bronx 0.0000 0.0000 0.0000
Brooklyn 0.0000 0.0000 0.0000
Queens 0.0000 0.0000 0.0000
Staten Island 0.0000 0.0000 0.0106
Clustered SE no no yes no no yes
Time FE no yes yes no yes yes
Precinct FE no no no yes yes yes

The dependent variables is the probability of béssged a summons conditional on being stoppeenbdtks significance at the 10%
level, ** at the 5% level and *** at the 1% levé?®-value of HO : ui = O is the p-value for the jofast of all precinct fixed effects
equal to zero. Standard errors are presented @n{essis.
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Table 16: Summons Issued, by Year

Model OLS OoLS FE FE
(1) (2) 3) (4)
Black
2003 -0.793*** -0.793 -1.488*** -1.488***
(0.187) (0.538) (0.228) (0.421)
2004 0.434*** 0.434 -1.521%** -1.521%**
(0.155) (0.513) (0.189) (0.403)
2005 0.612*** 0.612 -1.478%** -1.478%**
(0.141) (0.811) (0.175) (0.474)
2006 0.085 0.085 -0.771%** -0.771
(0.110) (0.615) (0.136) (0.591)
2007 0.534*** 0.534 -1.207*** -1.207**
(0.125) (0.805) (0.155) (0.530)
2008 0.602*** 0.602 -1.810%** -1.810%**
(0.111) (0.500) (0.141) (0.364)
2009 0.283** 0.283 -2.230%** -2.230%**
(0.112) (0.467) (0.139) (0.461)
2010 -0.184%** -0.184 -2.656%** -2.656%**
(0.117) (0.497) (0.142) (0.449)
2011 -0.702%** -0.702 -2.135%** -2.135%**
(0.102) (0.488) (0.122) (0.295)
2012 -0.126 -0.126 -1.388*** -1.388***
(0.104) (0.415) (0.125) (0.224)
P-value of HO : ui =0 0.0000 0.0000
2003 0.0000 0.0000
2004 0.0000 0.0000
2005 0.0000 0.0000
2006 0.0000 0.6492
2007 0.0000 0.0000
2008 0.0000 0.0000
2009 0.0000 0.0000
2010 0.0000 0.3017
2011 0.0000 0.0000
2012 0.0000 0.0000
Clustered SE no yes no yes
Time FE no no no no
Precinct FE no no yes yes

The dependent variables are the probability of dpé&ssued a summons conditional on being stopped.
* denotes significance at the 10% level, ** at 8% level and *** at the 1% level. P-value of HO :
ui = 0 is the p-value for the joint test of all pirect fixed effects equal to zero. Standard ereses
presented in parenthesis.



We also conduct the test by gender for the restfi@011 sample, the results are presented in
Appendix 8. For arrests, we find strong evidencdistrimination against men in every borough,
though most notably in Manhattan, Brooklyn and &tdsland. Police officers consistently stop
too many men even if the stops are less produclite. bias of -2.874% is very large, as it
constitutes a difference of over 47% in arrestswé@nsidering the mean of 6.04%. This may be
due to the fact that men commit a higher proportiborimes in general, so police officers may
be quicker to mistakenly suspect them. The NYPDukhstop more women as part of the
program in order to maximize the productivity oéithstops. For summons, there is little sign of
discrimination except for the Bronx, as most caésfits for boroughs are positive or statistically
non-significant, perhaps because police officees raore likely to suspect women of smaller
crimes. Overall, if we consider any weight whichnist heavily skewed towards summons, we

find statistically significant signs of inequity @igst men.

We also present Oaxaca decompositions in Appendias 9another method to investigate
differences in arrests and summons between grdpgpresent decompositions computed using
both IV and OLS, given the previously identifieddegeneity of volunteering. Additionally,
given the binary nature of our outcome variables,decompositions are nonlinear and follow the
method proposed in Yun (2004). These decomposifieans to the same conclusions as the hit
rates test once controlling for precinct fixed efée There is little evidence of city-wide racial
discrimination once controlling for precinct FE,otlgh we find strong signs of gender

discrimination.

4.4.3-Discrimination by Crime Type: The War on Drugs

We proceed with the same test, now restrictedug dnd weapon related crimes. Approximately
71% of the sample is related to weapon crimes &3l @ drugs. We include possession and sale

of both Marihuana as well as other controlled safists. Statistics for the sample are presented
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in Table 17. Additionally, we include dummy variablfor the different types of crime in all
specifications. Data for 2003 is unavailable angdeobations for years 2004-2006 are almost

exclusively for Brooklyn.

Table 17: Summary Statistics, War on Drugs Relate@€rimes

Mean St.Dev N
Outcome
Arrest 5.98 23.72 932,918
Summons 8.36 27.69 932,918
Race of the pedestrian
Black 90.77 28.95 932,918
Crimes
Possession of a Weapon 71.15 45.3 932,918
Marihuana 11.48 31.88 932,918
Possession of Substances 9.74 29.64 932,918
Illegal Sales of Substances 7.63 26.54 932,918
Mandated Stops
Mandated 77.8 41.56 932,918

Mean is in percent. Mandated Stops representsrtipmption of stops which must be reported by law.
The overall results for all years and boroughss@méed in the first section of Table 18, yield
strong, consistent evidence of discrimination ihsglecifications, even after the inclusion of
precinct FE and clustering. It appears as thougpsstelated to the War on Drugs, which have
larger implications for the African-American comniyn have been conducted in a

discriminatory manner by the NYPD between the y2&@®4 and 2012. For arrests, considering
the estimated coefficient of -1.89% and the meah.88%, this constitutes an overall difference

of over 32%.

As can also be seen from Table 18, the coeffia@nblack is statistically significant at the 1%
level and negative in all five boroughs. Discrimiion has been city-wide, though most
prominent in Manhattan, Queens and Staten Islandaly be interesting to note that those
boroughs have the lowest proportion of African-Aio@ns in the sample, respectively 89%, 87%

and 64% (95% for the Bronx and 94% for Brooklyn).

54



Looking at the results from year to year, showTable 19, the difference in arrest rates has
grown every year since 2009, an increase of ovés B6m -1.95% to -2.94% in 2012. It may be
interesting to note that the large increase in mediverage documented in Coviello and Persico
(2013) started in early 2011, after the programlbeeh operating in a discriminatory manner for
around 2 years. While this increase in coverage/iges no evidence of discrimination, the

program started to be heavily criticized at theetiwhere we do find signs of inequity.

The estimates for summons, displayed in Table 2®bdrpugh and Table 21 by year, provide

even stronger evidence of discrimination and threysgatistically significant at the 1% level. The

important conclusion implied from these estimateghat evidence of racial bias remains no
matter the weight which is assigned to either auioln fact, if the police consider summons at
all, overall discrimination will be larger than 9%. For instance, with a weight scheme of 4:1 as
used earlier, overall discrimination would be 003%. There are also important disparities
between boroughs, the strongest indication of irtgqroming from Brooklyn, the Bronx and

Manhattan, while estimates for Queens are lesdusine.

While the strongest indication of racial bias fansnons is for the years 2004-2005, this is likely
due to most observations being for Brooklyn, whigds identified as the borough with the most
evidence of inequity. There is no obvious trendaasarrests; discrimination has increased from
2007 to 2010 but has since been decreasing.

In Appendix 12, we also present results by year@rdugh, again dismissing the results which
include clustering. Consistent with our previouslfngs, there is strong and consistent indication
of discrimination in all boroughs, particularly a@antrated in the later years. Some coefficients
are very large and make up for over 50% of the nwfaarrests. This provides overwhelming

evidence that there has been discrimination irptbgram, at least in recent years.
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Table 18: Arrest Made, Overall and by Borough, Waron Drugs Crimes

Model oLS oLS oLS FE FE FE
(1) (2) (3) (4) (5) (6)
Black -2.509%** 2. 461*** -2.461*** -1.889*** .1.888*** -1.888***
(0.085) (0.085) (0.641) (0.100) (0.100) (0.450)
Constant 7.695***
(0.113)
P-value of HO: ui=0
Black
Manhattan -3.391%**  _3.347%** -3.347%* -2.781**%* 2 711%** -2.711*
(0.195) (0.195) (1.906) (0.215) (0.215) (1.416)
Bronx -0.957***  -1.002*** -1.002 -1.320%**  -1.349%** .1 349%*
(0.239) (0.239) (0.755) (0.252) (0.252) (0.666)
Brooklyn -2.356%**  _2.322%** D 3)2%** _0978*** -1.003*** -1.003**
(0.136) (0.135) (0.536) (0.159) (0.159) (0.453)
Queens -1.578***  _1.606*** -1.606 -2.183%**  .2,169***  -2.169***
(0.227) (0.227) (1.036) (0.273) (0.273) (0.793)
Staten Island -0.343 -0.089 -0.089 -2.233%** 2. 076***  -2.076***
(0.284) (0.286) (1.033) (0.345) (0.345) (0.463)
Constant
Manhattan 20.614%**
(0.676)
Bronx 4. 579%**
(0.325)
Brooklyn 13.751***
(0.379)
Queens 21.717%**
(0.734)
Staten Island 18.048***
(1.031)
P-value of HO : ui =0
Manhattan 0.0000 0.0000 0.0000
Bronx 0.0000 0.0000 0.0000
Brooklyn 0.0000 0.0000 0.0000
Queens 0.0000 0.0000 0.0000
Staten Island 0.0000 0.0000 0.0046
Clustered SE no no yes no no yes
Time FE no yes yes no yes yes
Precinct FE no no no yes yes yes

The dependent variable is the probability of beingsted conditional on being stopped. * deno@gsifitance at the 10% level, ** at
the 5% level and *** at the 1% level. P-value of HQi = 0 is the p-value for the joint test of ptlecinct fixed effects equal to zero.
Standard errors are presented in parenthesisstthations include dummy variables for each crigpetin the sample.

56



Table 19: Arrest Made, by Year, War on Drugs Crimes

Model OoLS OoLS FE FE
(1) (2) (3) (4)
Black
2004 -0.563 -0.563 -0.061 -0.061
1.027 0.986 1.061 0.929
2005 -1.478%** -1.478 0.095 0.095
0.519 1.017 0.624 0.962
2006 -2.070%** -2.070%** -0.936%** -0.936
0.201 0.631 0.234 0.662
2007 -3.008%*** -3.008*** -1.902%** -1.902%**
0.226 0.747 0.266 0.660
2008 -1.117%** -1.111 -0.773%** -0.773
0.229 0.787 0.274 0.533
2009 -2.469%** -2.469%** -1.846%** -1.846**
0.225 0.793 0.265 0.739
2010 -2.147%** -2.147%** -2.098%** -2.098%**
0.241 0.922 0.283 0.555
2011 -2.964*** -2.964*** -2.315%** -2.315%**
0.219 0.835 0.254 0.527
2012 -2.990%** -2.990%** -2.942%** -2.942%**
0.248 1.133 0.288 0.824
P-value of HO : ui =0 0.0000 0.0000
2004 0.0000 0.0000
2005 0.0947 0.0000
2006 0.0000 0.0000
2007 0.0000 0.0000
2008 0.0000 0.0000
2009 0.0000 0.0000
2010 0.0000 0.0000
2011 0.0000 0.0000
2012 0.0000 0.0000
Clustered SE no yes no yes
Time FE no no no no
Precinct FE no no yes yes

The dependent variable is the probability of beamgested conditional on being stopped. * denotes
significance at the 10% level, ** at the 5% levetia™* at the 1% level. P-value of HO: ui = 0 isetip-value

for the joint test of all precinct fixed effectsusd to zero. Standard errors are presented in heasis. All
estimations include dummy variables for each citype in the sample.



Table 20: Summons Issued, Overall and by Borough, ¥ on Drugs Crimes

Model OLS OLS OLS FE FE FE
(1) (2) (3) (4) (5) (6)
Black -1.212%** -1.219%** -1.219** -2.615%** -2.611%** -2.611%**
(0.100) (0.100) (0.544) (0.117) (0.117) (0.524)
Constant 7.276%**
(0.134)
P-value of HO: ui=0
Black
Manhattan 0.473** 0.495** 0.495 -2.507%** -2.492%** -2.492%**
(0.216) (0.215) (1.463) (0.236) (0.236) (0.663)
Bronx -2.919%** -2.776%** -2.776%** -2.927%** -2.791%** -2.791%**
(0.307) (0.307) (0.724) (0.324) (0.323) (0.524)
Brooklyn -2.388%*** -2.546%** -2.546** -3.828%*** -3.900*** -3.900%***
(0.179) (0.179) (1.169) (0.210) (0.209) (1.184)
Queens -0.760%*** -0.596*** -0.596 -0.674** -0.535** -0.535
(0.222) (0.222) (0.925) (0.267) (0.267) (1.106)
Staten Island -2.969%** -2.858%** -2.858%** -2.316%** -2.234%** -2.234*
(0.263) (0.264) (1.049) (0.319) (0.319) (1.278)
Constant
Manhattan 6.941 ***
(0.748)
Bronx 8.106***
(0.418)
Brooklyn 8.502***
(0.502)
Queens 5.013%**
(0.717)
Staten Island 7.45]%**
(0.954)
P-value of HO : ui =0
Manhattan 0.0000 0.0000 0.0000
Bronx 0.0000 0.0000 0.0000
Brooklyn 0.0000 0.0000 0.0000
Queens 0.0000 0.0000 0.0000
Staten Island 0.0000 0.0000 0.0003
Clustered SE no no yes no no yes
Time FE no yes yes no yes yes
Precinct FE no no no yes yes yes

The dependent variable is the probability of bessyied a summons conditional on being stoppedndtes significance at the 10%
level, ** at the 5% level and *** at the 1% levé-value of HO: ui = 0 is the p-value for the jdiest of all precinct fixed effects equal
to zero. Standard errors are presented in paréstidsestimations include dummy variables for leatime type in the sample.
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Table 21: Summons Issued, by Year, War on Drugs Qmes

Model OoLS OoLS FE FE
(1) (2) (3) (4)
Black
2004 -3.658%** -3.658 -5.201%** -5.201**
(1.657) (2.313) (1.709) (2.448)
2005 -0.150 -0.150 -4.373%** 4 373%**
(0.951) (1.620) (1.133) (1.598)
2006 -0.757*** -0.757 -0.756** -0.756
(0.272) (1.108) (0.314) (0.916)
2007 -1.209%** -1.209 -1.786%** -1.786**
(0.296) (1.233) (0.345) (0.869)
2008 -0.905*** -0.905 -2.938%** .2 938%**
(0.278) (0.775) (0.333) (0.781)
2009 -1.263%** -1.263 -3.649%**  .3,649%**
(0.268) (0.886) (0.316) (1.177)
2010 -1.819%** -1.819%** -4.294%*% 4 294%**
(0.273) (0.805) (0.321) (0.887)
2011 -1.347%** -1.347** -2.142%**% D 142%**
(0.233) (0.636) (0.268) (0.539)
2012 -1.018%** -1.018* -2.016%**  -2.016%**
(0.250) (0.572) (0.293) (0.451)
P-value of HO : ui=0
2004 0.0000 0.0000
2005 0.0000 0.0000
2006 0.0000 0.0000
2007 0.0000 0.0000
2008 0.0000 0.0000
2009 0.0000 0.0000
2010 0.0000 0.0000
2011 0.0000 0.0000
2012 0.0000 0.0000
Clustered SE no yes no yes
Time FE no no no no
Precinct FE no no yes yes

The dependent variable is the probability of beiagued a summons conditional on being
stopped. * denotes significance at the 10% leveht*the 5% level and *** at the 1% level. P-
value of HO: ui = 0 is the p-value for the joinstef all precinct fixed effects equal to zero.
Standard errors are presented in parenthesis.sAihations include dummy variables for each

crime type in the sample.
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We next perform the hit rates test on other crimésich make up approximately 38% of the
remaining sample. These are crimes which we idemt$f being perhaps less likely to exhibit
discrimination, allowing us to test our previousuition and the sensitivity of the hit rates test
results to the inclusion of different types of cginStatistics for this subsample are presented in

Table 22.

Table 22: Summary Statistics, Other Selected Crimes

Mean  St.Dev N
Outcome
Arrest 6.6 24.83 774,372
Summons 5.33 22.46 774,372
Race of the pedestrian
Black 82.44 38.05 774,372
Crimes
Criminal Trespass 37.54 4842 774,372
Grand Larceny Auto 29.39 45,55 774,372
Grand Larceny 13.9 34.6 774,372
Assault 10.59 30.77 774,372
Petit Larceny 8.12 27.32 774,372
Murder and Rape 0.5 6.8 774,372
Mandatory Stops
Mandatory 39.76 4894 774,372

Mean is in percent. Mandated Stops representsrtpogion of
stops which must be reported by law. Some valuethéotype of
crime are missing for the years 2003-2005.

All results for this sample are presented in ApperntB. In accordance with our previous
intuition, we find no sign of discrimination. Indtkefor arrests, the coefficients are positive,
slightly larger than the ones obtained from thé¢ ¢@sall crimes and the discrepancy in the arrest
rates is significantly smaller than for drug-rethtgimes. The results by borough yield the same
conclusions. We find no evidence of discriminatiand it appears as though whites may in fact

be stopped too often for these crimes, particuliarlylanhattan and Staten Island. The results by
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year are also consistent; we find no evidence sdrithination, as the difference in arrest rates

between both races is mostly statistically non-i§icamt.

The results for summons are similar to those obthfrom the test on all crimes; the coefficients
are statistically significant and negative. Salen with equal weights given to both crime
outcomes, we find no evidence of discriminationralleThe boroughs with the largest
coefficients for arrests are also the boroughs thithsmallest estimates for summons, which
leads to a smaller discrepancy between boroughs donsider both outcomes. The conclusion is

the same for individual years; there does not apjeelae any discrimination.

The results are in accordance with our intuitiogareling the use of the model. Discrimination is
likely to vary depending on the crime and it isrédfere necessary to conduct separate analyses
for different subsets of crimes. We cannot say iethe racial bias we identified may be due to
drug and weapons related crimes leaving more rawndigcrimination, to structural differences
from being associated with the War on Drugs ordgaseliefs of police officers regarding those
crimes. Regardless, we do find statistically sigaifit evidence of racial bias for the subset of
crimes which we had identified as likely to giveerito discrimination and find no indication for

crimes which we had identified as less likely teegiise to discrimination.

4 5-Robustness Checks

The results of our analysis are robust to contrglfior the percentage of stops for which police
officers were obligated to report as well as to tamg the crime indicator variables from all

regressions.

Additionally, while the hit rates test is robust amitted variable bias by assumption, reverse

geocoding methods allow us to directly test thisuagption for the first time in the literature.
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Using the methods described in Appendix 1, we ate # conduct robustness checks using the
randomly selected subsample from the year 2011 hmwigs used in the social capital section.
Specifically, we find strong evidence of discrintina for crimes related to the War on Drugs
whether we use FE by precincts or zip codes. Ttimated coefficient on the indicator for being
African-American when we include zip code FE israpgmately three percent lower for arrests
and two percent lower for summons, which is coasistvith our previous finding that 2011 was

one of the years with the most discrimination.

Interestingly, including additional control variablto the estimating equation has an impact on
the estimated coefficient for black but not on dverall conclusion. This is surprising, since the
creators of the testing procedure have arguedttehbuld be robust to omitted variable bias, yet
this appears to be a questionable assumption gkhooe with little impact in our case. Indeed,
evidence of discrimination remains when controllifty inflation adjusted median income,
percentage of the population living under the pgvine, high school completion rates, bachelor
and graduate degrees completion rate, median ag@ontion of the population aged between the
ages of 15 and 24, unemployment, proportion of imgustructures with more than 20 housing
units, proportion of single-mother headed househaldd the proportion of African-Americans
living in each zip code. When controlling for thesgiables, the coefficient on black for arrests is
-2.92 and is statistically significant at the 1%de The coefficient for black for summons is -
1.43 but is no longer statistically significant.eFifore, the controls do have an impact on the
results of the hit rates test, though these do al@r the overall conclusion that there is
discrimination when considering both outcomes.pppears as though the assumption about the
robustness of the hit rates test to omitted vagididhs may not always be empirically valid,
though further investigation would be necessary.

Lastly, our results may be impacted by the probdémmultiplicity, as some of our tests include

many hypotheses. The tests are based on rejebgngutl hypothesis when it is unlikely to be
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true based on the observed data. Multiplicity arisben we perform many such tests, since the
probability of committing a type | error (rejectitige null when it is true) increases with the
number of hypotheses which are tested. Formaléyfamilywise error rate (FWER) is “the
probability of making one or more type | errors ang@ll the single hypotheses when performing
multiple pairwise tests on families of hypothesest ire similar in purposg: For example, the
chance of committing at least one type | error Westing an effect on six different outcomes
(5% significance level, two-sided tests) is 15.35%.

The importance of accounting for multiple leveltiteg has been demonstrated in several
contributions in economics, including Ding and Lexh(2011). The authors show that the
estimated benefits of students being assigned &dlensized classes vary whether the p-values
are corrected for the multiplicity of outcomes ¢eff on reading score, mathematics score,
listening score, etc.). The correction can haveomgmt policy implications. In our case, not
applying it could lead to the conclusion that peliafficers are discriminating against African-

Americans when the estimated effect is in fact oamd

To account for this issue, we apply the Bonferromirection, a procedure regarded by many
researchers as very conservative, to preserve dimélyfvise error rate. The overwhelming
majority of our important results (column 5 for uéis by borough, column 4 for results by year)
remain statistically significant at the 5% levebrtanately, the design of our results provides a
very simple way to see how the results change with correction. Throughout all tables
presented previously, all results which were natisically significant at the 1% level are not
significant when applying the correction. Of theukts which were statistically significant at the
1% level, all are significant at the 5% level whaaplying the correction, except for three results

which become significant at the 10% level. These #re coefficient for arrests in 2008 in Table

! Extract from Ding and Lehrer (2011)
22 Calculations performed in Ding and Lehrer (2011)
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14 (all crimes)the coefficient for summons in 2005 in Table 19 (Wa Drugs related crimes)
and the coefficient for arrests in 2012 in Table($&ected other crimes). Therefore, none of our

overall conclusions are affected by the correction.

4 .6-Conclusion

We extend the literature on discrimination in thepSand-Frisk program by considering whether
the impacts differ across boroughs and time as agebBtudying racial bias for different types of
crime. When considering arrests over all crimegjcah-Americans are not less likely to be
arrested when precinct fixed effects are includdte coefficients for summons are statistically
significant and negative. When the objective fumttof a police officer comprises both arrests
and summons, the assumption used in Coviello amsid®e(2013) is insufficient to rule our
discrimination in Manhattan, the Bronx and Brooklyfhey showed that, conditional on the
police prioritizing arrests to summons at a ratatdeast four to one, there would be no evidence
of racial bias against blacks. We find that a adtapproximately ten to one would be necessary
to rule out discrimination in the Bronx. When catesing different years individually, 2011 is the
year which provides the strongest evidence of gisoation, though the plausibility of the results

relies on the assumption made about policing piresri

Adding Hispanics to the sample reduces the diso@pin arrest rates. It does not change the
overall results, but a lower ratio between arremtel summons is required to rule out
discrimination. We identify large inequity agaimsén in 2011, overall and in every borough. It
appears as though police officers overweight tlogpemsity of men to commit crimes, leading to
suboptimal crime reduction. Additionally, the Oaaadecompositions also substantiate this

result.
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We also considered crimes related to the War omg®specifically, both because they have been
the target of racism allegations and because,qedrpreviously, they are crimes for which the
hit rates test may be more likely to uncover rabiak. For arrests, we find strong evidence of
discrimination across all specifications, statatic significant at the 1% level. This observed
inequity is larger in Manhattan, Queens and Stdstand, in which it is estimated to be
approximately equal to a third of all arrests. Vi adentify a surprising trend when performing
the hit rates test on individual years; discrimiorathas been growing every year since 2009, even

with the additional attention and criticism aimedte program.

Additionally, the results for summons provide stten evidence of bias, implying that overall
discrimination is larger than that identified forrests. Regardless of the assumption about

policing priorities, there has been significantcdigination in the past for drug related crimes.

In line with our intuition, we find no indicationf ®ias when performing the hit rates test on a
sample of crimes including trespassing, larceny asghult. This may be evidence that police
officers who discriminate against blacks for dratated crimes may in turn be proportionally less

likely to stop them for other crimes.

We highlight the importance of considering multigleecifications and performing analyses of
varying degrees of precision when researching idnscation. Considering smaller subsets allows
more precision, which can make a difference whekilg for clues of something that is

inherently subjective and biased.

To the best of our knowledge, this constitutes fird definite scientific evidence of racial
discrimination by the NYPD in the Stop-and-Frislogiram. It could give weight and credence to
the criticism of Stop-and-Frisk in recent years.iM/lwve cannot speak as to the legality of the

program, it has not been operating in a sociallynogd way given that African-Americans are
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needlessly stopped too often. Police officers gthehlft their attention to whites, at least forgiru
related crimes, which would increase the produgtiaf their stops and lead to more crime

reduction at no additional cost or effort.
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5-General Conclusion

This paper examined two questions related to detgarime, using data from NYC. Our results

have several implications, both for the economitesdture and for policy-makers.

In the social capital section, we present robuglesce that civic norms, measured through the
incidence of volunteerism, have a statisticallyngigant negative impact on crime, even after
controlling for a variety of possible other detemamits Our results are consistent with the prior
literature on civic norms and crime in finding acdEase of approximately 14% in the probability
of being arrested, while Buonnano, Montolio and Mg2009) obtain estimates of approximately
15%. Our study is one of the only ones to estincaigsal effects via an instrumental variables
estimator. Since we only consider two aggregatasiofe, it would be interesting to conduct the
analysis on the entire Stop-and-Frisk sample fdrl2énd estimate the impacts on precise types
of crime. Our results show that an expansion ofNNE Service program and of volunteerism in
general could significantly reduce crime. This cblde an especially beneficial endeavor
compared to law enforcement, as crime reductionanesnonly a side effect of the program,
therefore volunteering could offer additional sbdi@nefits as well as positive externalities
associated with social capital. The policy implioas of our results are fairly straightforward.
Our analysis is conducted using data from a simglegram in a single city, but there is
substantial variation across the zip codes in ttyeand we are the first paper in the literature to
have access to data at this level. On the othat,lextternal validity may be limited since, while
there is no indication that the relationship wontd hold for other cities, especially in the same

country, it would be interesting to conduct addiibresearch using similar microeconomic data.

In the discrimination section, we present evidesicecial bias against African-Americans, at the
least for crimes related to the War on Drugs, dadgibly for all crimes in certain boroughs in

later years of the sample. Our results come aima tivhere the Stop-and-Frisk program is
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severely critiqued for its alleged disproportionatgact on minorities. Our evidence supports
this claim, since the current program discrimindteavily against blacks, which may not only be
socially undesirable in itself, but also reflectefficient policing and a waste of resources.
Officers of the NYPD are not decreasing crime asdpctively as they could if they targeted
more white suspects. This is not to say that tlgnam has not contributed to decreasing crime,
but that both opposing parties would gain from tiNYPD targeting blacks less
disproportionately, since it would lead to everslesime while increasing the respect of civil
rights. Our results, similarly to Dharmapala andsf¢2003), also emphasize some critical
distinctions regarding the use of the hit ratesdsoriginally proposed. The results vary critical
depending on the types of crime included in thegdanThis could be due to several reasons such
as differences in the types of criminal, the praitgnof certain crime types to give rise to
discrimination or simply diverging policing methobdstween crime types. Additionally, given
the nature of racial bias, it is likely to not kalde through time or common to all geographical
regions. When considering these shortcomings of réseilts previously established in the
literature, we reach the opposite conclusion and ftonclusive evidence of discrimination.
Additionally, unlike Dharmapala and Ross (2003), al& correct for multiple testing using the
Bonferroni correction to adjust for the probabildlycommitting a type | error. All our results are

therefore robust to the issue of multiplicity istiag.

For both sections, it would also be interestingaasider different cities, perhaps in which there
is no Stop-and-Frisk program, to investigate whepist of the effect is specific to New York

City.

This paper also illustrates several examples of pléential benefits of combining rich
administrative data with geographical informatiard ageocoding methods to obtain additional

data which allows deeper analyses with strongereroedible results.
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Appendix 1 — Geocoding Methods for Data Aggregation

Microeconomic data may sometimes include coordmaie part of an address with each
observation. If this information is used efficigntit can provide the researcher with much deeper
and more detailed data to exploit. Since these rgg@bical methods are seldom used in
economics, we aim to provide an example of sucuksgfgregation of economic data using
different denominations, which provides deeperagsdeopportunities and more robust results. In
particular, it allows the researcher to converistdf disparate observations into panel data and

allows for a wider range of estimation techniques.

From Addresses to NYC Precincts and Zip Codes

We use NYC data on volunteerism as an examplelustriatte the methods. The process of
gathering longitude-latitude coordinates from addes (which may not include zip codes) is
referred to as geocoding and can be done by siengigring an address in@oogle Mapsand
retrieving the coordinates of the location. Notattoogle Mapsimposes a limit of 2500

observations per 24 hour period for every IP addres

For aggregation by zip code, it becomes triviainatch every volunteering opportunity to a zip
code, as the coordinates can be used to reversedgevery observation (enter the coordinates
in Google Mapsto pinpoint the address) to obtain the full addréa which zip codes are
included. Note that more complete addresses lehjbe@r success rates in general; city names as
well as regional or state names should be includeavoid confusion. Directly associating zip
codes to precincts may prove much more arduouse dinere is no straightforward way to
establish the center point of a zip code to minendistances. In those instances, publicly
available geographicshapefilé maps can be used to overlap polygons represeniint
precincts and zip codes for an overall idea of ldoations. It is then theoretically feasible to

calculate the proportion of each zip code polygdrictv is contained in each precinct polygon
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and associate the two by maximizing this proportwar all zip codes. A less precise but much
simpler approach is to select some addressesofebordinates for each zip code and pinpoint
their location on a map over which precinct polygare overlapped, in order to identify the

precinct in which they are located.

For aggregation by precincts, the goal is to aasw@very observation to the closest precinct.
The addresses of every precinct headquarters Impeiblicly available, we can in turn find the

coordinates of every headquarters by geocoding addhess individually. The next step is to

minimize the geographical distance between thedets of coordinates: those for volunteering
opportunities and those for precinct headquart&ftsle it may seem attractive to use Pythagoras
on the absolute value of the differences in ordaralculate the Euclidian distance, this would be
incorrect as it implies that the Earth is a flabtdimensional Cartesian plane. More sophisticated
methods are necessary and, while there exist magg @ minimize a geographical distance, we
present only two: the Haversine and Vincenty fommulThe first is used to calculate great circle
distances between two points on a sphere usingdatiand longitude. It is simpler as it relies

purely on the use of trigonometry. The Vincentycaldtions are iterative methods to calculate

distances on the surface of a spheroid and require sophisticated computations.

The Haversine formula can be expressed as:

Haversin (d / r) = Haversid; — ®;) + cos(b,) cos(b,) Haversin(l; — L;) (1)
Where:
Haversin@) = sirf (6/2) (2)

And d is the distance between two points located sphere, r is the radius of the sphéreand
@, are the latitudes of the two points whilednd L, are the longitudes. By using the radius of the

Earth (6371 kilometers) and the coordinates fromrgwolunteering opportunity N and every
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precinct M, it is possible to minimize the distarmtween each N and the 76 different M by

solving ford in the Haversine formula.

Note that this requires the inverse Haversine fanalr the arcsine function given by:

d = r Haversift(h) = 2r arcsin (H) (3)
or equivalently:

= 2r arcsin ((Sif((®, — ®1)/2) + cos,) cos,) sirf((L, — L1)/2))"?) (4)

We can then identify which precinct headquartexddsest to every volunteering opportunity and

aggregate the data accordingly.

Another more sophisticated method was developedinnenty (1975). It assumes the figure of
the Earth to be that of an oblate spheroid, whegd$ to accuracy gains over longer distances.
We propose that the researcher consider both apmsawhen distances are small, as the
Haversine calculations may be more accurate faamtes which tend to 0. This comes from the
simple fact that, for small values 6f sin©) is approximately linear i® and therefore leads to

increased accuracy as the distance approaches 0.

The Vincenty formula also uses the geographicatdinates of two distinct points to find the
distanced. Note that it is an iterative method and requiaesellipsoid model of the earth;
therefore it cannot be computed mechanically. Théhod first requires the calculation of L = L
— Ly and of X = arctan((1-f)tar®;)), i=1,2 where f is the flattening of the ellipdaised for the
calculations. We then set L as the initial value ¥cand evaluate the following equations by

iteration untilA converges:

SinO = ((cosX sim.)? + (CosX SinX, - sinX; cosX cos.)?)"? (5)
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Co9P = sinX; sinX, + COSX COSX COS\ (6)

O = arctan (si®/co®) @)
Sin a = coSXc0sX Sink / sinD 8)
Coda=1-sifm (9)

C = (f/16) co& (4 + f(4-3co%)) (10)

Cos(®D,) = co® - 2sinX sinX,/ coga (11)

A =L+ (1-C) f sin a@ + Csirb(cos(D,) + C co®(-1+2 cos(B,)))) (12)

After having achieved converge at the desired lef/accuracy, the distance can be obtained

from:

Y?=coda(€-p/p)

(13)
A= 1+ (Y?/ 16 384) (4096 + ¥(-768 + Y (320-175Y))) (14)
B= (Y?/1024) (256 + ¥(-128+ Y (74 - 47Y))) (15)

A© = BsirO(cos(D,) +0.25B(co®(-1 + 2c0$(20,))—(1/6)Bcos(®,)(-3+4sirfO)(-3+42c0$(20,)))) (16)

d=pA © - AO) (17)

Wherea is the azimuth at the equaters the radius at the equatpris the radius at the poles and

O is the arc length between two points on the aansilsphere. Those interested in more details on

the method should consult Rainsford (1955) and &fitg (1975).
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For our purpose, the solution of (17) is the dekdistance between one volunteering opportunity
and one precinct. Aggregation can then be achielgdassociating every volunteering

opportunity to the precinct with the closest heatprs.

A word on conversion between types of coordinates

The former methods require the use of geograplgoaldinates in degrees, which are then
converted into radians. Many sets of coordinatabenUS, such as the Stop-and-Frisk data, may
come in the form of State Plane Coordinates (SRCorder to use reverse geocoding and
associate each stop to an address and a zip amtdjrates must first be converted from SPC to
latitude-longitude. An important distinction is th@nverters often use SPC data reported in US
Survey Feet to convert coordinates, while raw daty be reported in International feet or
meters. While the difference between both is gsitall, it can lead to vast differences when
using SPC, since we may be calculating distancemanriy hundreds of feet or more. It is
therefore critical to convert the coordinates ikl® Survey Feet, which are defined exactly as
1200/3937 of a meter. Failure to do so will leadattarge loss of accuracy and render reverse
geocoding extremely imprecise. Once the SPC dataljissted, the conversion between sets of
coordinates requires the use of specialized gebgrapformation system software such as
ArcGIS since is not implemented in most software programsed in economics (to our

knowledge).
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Appendix 2 — Volunteering in Categories

Another interesting question is whether differgmtets of volunteering have divergent impacts on
crime. It may be that volunteerism reinforces civarms regardless of the objective or that some
types of volunteering develop social capital mdfeiently. For instance, volunteering may have

a larger impact in situations of crisis such asdk® or hurricanes, since the community may rally

together and form a stronger bond.

To investigate the question, we use the six reddyees of volunteering in the data to create four
distinct categories with different objectives. Werge education and health into a public policy
category while strengthening communities and hglpieighbors in need are grouped into a
general community service category. Opportunitegarding the environment and emergency
preparedness are left as two distinct categoriegether, these four categories amount to over
92% of all volunteering. One difficulty is that sernategories of volunteering are only present in

a few areas, which leads to sample issues

Using the baseline models with the four independemtables leads to inconclusive results
overall. For arrests, emergency preparednesstistitally significant at the 5% level for OLS,
though any inference from this estimate is diffiad this category in particular is concentrated in
few areas. It seems plausible that being prepanedmergencies may lessen their impacts but it

is not clear that the effect would be through domagital.

The effect is no longer statistically significanhen considering IV, but we cannot reject the null
hypothesis of the Hausman test at the 5% level siralild therefore use the efficient OLS

estimates.
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Table 23: Determinants of Arrests, Volunteering inCategories

Model oLs OoLS oLs \% \% vV
(1) (2) 3) (4) (5) (6)
Community and Neighbors 1.036 1.112 1.147 -2.664 -10.263 -9.652
(0.943) (0.944) (0.944) (5.996) (9.862) (9.848)
Health and Education -3.17 -4.052 -4.179* 13.686 21.343 19.966
(2.468) (2.475) (2.479) (13.45) (20.012) (20.007)
Environment -9.803 -7.126 -7.429 -97.61 164.673 154.114
(6.865) (6.885) (6.893) (137.616) (196.895) (196.992)
Emergency Preparedness -5.379** -5.92%* -5.768** -3.308 1.77 1.345
(2.734) (2.737) (2.746) (11.212) (12.848) (12.788)
Age 0.047%** 0.047%** 0.047*** 0.047%** 0.047%** 0.047***
(0.009) (0.009) (0.009) (0.009) (0.009) (0.009)
Gender -3.003*** -3.001%*** -2.961*** -2.927%*** -3.059%*** -3.016***
(0.448) (0.447) (0.447) (0.458) (0.457) (0.457)
Income 0.01 0.005 0.007 0.139 -0.159 -0.147
(0.026) (0.026) (0.026) (0.163) (0.217) (0.217)
Poverty -0.049* 0.086*** 0.087*** -0.037 0.077** 0.079**
(0.029) (0.033) (0.033) (0.033) (0.035) (0.035)
High School -0.116%*** -0.058** -0.055** -0.055 -0.121 -0.115
(0.022) (0.023) (0.023) (0.082) (0.086) (0.086)
Less than High School 0.023 -0.05** -0.049** 0.114 -0.137 -0.13
(0.02) (0.021) (0.021) (0.094) (0.126) (0.126)
Median Age 0.041 0.132** 0.133** 0.21%** 0.152** 0.153**
(0.032) (0.056) (0.056) (0.062) (0.061) (0.061)
Youth 1.908 0.048 0.051 0.205* -0.068 -0.056
(3.61) (0.072) (0.072) (0.119) (0.167) (0.167)
Housing Density 0.02%** -0.016** -0.016** 0.025 -0.045 -0.043
(0.005) (0.007) (0.007) (0.017) (0.033) (0.033)
Unemployment -0.2%** -0.153** -0.149** -0.15 -0.265* -0.255%*
(0.068) (0.069) (0.069) (0.14) (0.145) (0.146)
Single Mothers 0.041 -0.052 -0.056 0.023 -0.037 -0.042
(0.032) (0.037) (0.037) (0.06) (0.047) (0.047)
Constant 1.908 4.438 6.664* -7.212 15.041 17.545
(3.61) (3.836) (3.931) (11.371) (15.315) (16.647)
First Stage F-Test C&N (dof=5) 1004.94 1143.92 1140.66
First Stage F-Test H&E (dof=5) 1186.22 1806.11 1784.93
First Stage F-Test Env (dof=5) 77.29 72.69 70.25
First Stage F-Test Emer (dof=5) 801.53 916 917.32
Sargan-Hansen Test (p-value) 0.672 0.734 0.77
Hausman Test (p-value) 0.101 0.075 0.083
Borough FE no yes yes no yes yes
Month FE no yes yes no yes yes
Borough X Month no no yes no no yes

Notes: The dependent variable is the probabilitypeing arrested conditional on being stopped. Robktandard errors are in

parentheses. * denotes significance at the 10%, I&vat the 5% level and *** at the 1% level. Ydutrefers to the proportion of

inhabitants aged between the ages of 15 and 2#afdr zip code. Housing Density refers to the prtapoof housing structures with

20 or more units. First Stage F-Test values anestetjl for heteroskedasticity. Hausman test waspeed by basing both covariance
matrices on the disturbance variance estimate fhenefficient estimator. Sample is 64281 obserwatia 182 zip codes.
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The estimated impact is very large; a one standavihtion increase in emergency preparedness
volunteering would lead to a 43% decrease in alisés. This result is not likely to apply to the
entire city, but the effect might indeed be larged few areas vulnerable to disasters. Regardless,

we dismiss these results due to the issues withahwple.

In addition, the magnitude of some coefficientshsas environment is very large, to a point of
concern, and the IV model seems ill suited to esnthe relationship with precision. It is not
evident that instruments meant to capture the gtineof social capital in an area would also

capture specific efforts to prepare for disastensrotect the environment.

The issues are similar for the estimation for sumsnamost categories are not statistically
significant when controlling for boroughs and timects and the estimates are very imprecise.
We dismiss the results due to the large standamisefor OLS along with the counterintuitive
result that environmental volunteering would hawegy large positive impact on the probability
of being issued a court summons when stopped. Weuaable to draw any conclusion as to

whether the effect of volunteering depends on tjeative of the program.
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Table 24:

Determinants of Summons Issued, Volunteirg in Categories

Model oLs OoLS OoLS \% v v
(1) (2) (3) (4) (5) (6)
Community and Neighbors -0.564 -0.575 -0.597 19.288%** 7.674 8.503
(0.505) (0.509) (0.512) (5.913) (9.148) (9.15)
Health and Education -2.457* -2.527* -2.449* -52.465*** -29.14 -30.755*
(1.452) (1.46) (1.468) (13.318) (18.424) (18.46)
Environment 10.061** 10.851%* 10.645%* -275.442%* -10.595 -30.711
(4.271) (4.331) (4.352) (131.801) (184.366) (184.629)
Emergency Preparedness -0.54 -0.322 -0.388 -20.45* -13.298 -13.985
(1.739) (1.742) (1.747) (11.345) (11.589) (11.566)
Age 0.118*** 0.117*** 0.116*** 0.118*** 0.117*** 0.116***
(0.009) (0.009) (0.009) (0.009) (0.009) (0.009)
Gender -0.833** -0.763* -0.762* -0.712* -0.789* -0.778*
(0.395) (0.395) (0.395) (0.414) (0.403) (0.404)
Income -0.12%** -0.138*** -0.137%*** 0.152 -0.136 -0.114
(0.022) (0.023) (0.023) (0.158) (0.203) (0.204)
Poverty 0.105*** 0.085*** 0.085*** 0.115*** 0.094*** 0.095***
(0.028) (0.032) (0.032) (0.034) (0.035) (0.035)
High School -0.097*** -0.09%** -0.09%** 0.047 -0.086 -0.077
(0.022) (0.024) (0.024) (0.08) (0.081) (0.081)
Less than High School -0.156*** -0.152*** -0.153*** -0.026 -0.181 -0.169
(0.02) (0.022) (0.022) (0.091) (0.118) (0.118)
Median Age 0.035 -0.012 -0.016 -0.065 -0.063 -0.066
(0.05) (0.051) (0.051) (0.057) (0.056) (0.056)
Youth -0.147** -0.23%** -0.232%*** 0.07 -0.153 -0.139
(0.06) (0.063) (0.063) (0.115) (0.152) (0.152)
Housing Density -0.027*** -0.03*** -0.03*** 0.013 -0.022 -0.019
(0.006) (0.007) (0.007) (0.016) (0.031) (0.031)
Unemployment -0.14%** -0.131* -0.13* 0.099 -0.103 -0.088
(0.067) (0.068) (0.068) (0.139) (0.139) (0.139)
Single Mothers 0.124*** 0.138*** 0.139*** 0.021 0.117*** 0.116**
(0.029) (0.035) (0.035) (0.058) (0.045) (0.045)
Constant 12.129%** 16.028*** 14.086*** -3.62 16.773 13.48
(3.392) (3.535) (3.571) (11.17) (14.412) (15.704)
First Stage F-Test C&N (dof=5) 1004.94 1143.92 1140.66
First Stage F-Test H&E (dof=5) 1186.22 1806.11 1784.93
First Stage F-Test Env (dof=5) 77.29 72.69 70.25
First Stage F-Test Emer (dof= 5) 801.53 916 917.32
Sargan-Hansen Test (p-value) 0.75 0.899 0.965
Hausman Test (p-value) 0.0000 0.0002 0.0002
Borough FE no yes yes no yes yes
Month FE no yes yes no yes yes
Borough X Month no no yes no no yes

Notes: The dependent variable is the probabilitheifig issued a summons to appear in court condition being stopped. Robust
standard errors are in parentheses. * denotedisarge at the 10% level, ** at the 5% level and &t the 1% level. Youth refers to
the proportion of inhabitants aged between the afiek5 and 24 for each zip code. Housing Densifgrseto the proportion of
housing structures with 20 or more units. FirsgBtB-Test values are adjusted for heteroskedastitétusman test was performed by
basing both covariance matrices on the disturbaadance estimate from the efficient estimator. Blenis 64281 observations in

182 zip codes.
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Appendix 3 — Cultural Capital as a Regressor

We use the amount of cultural capital per thousanwhbitants as a regressor in lieu of
volunteering to measure its own impact on crimeesehresults constitute the only empirical
evidence on the topic and provide a way to testetkmgeneity of cultural associations before

using the variable as an instrument.

The results for arrests are presented in Tabld&=@bboth OLS and IV, cultural associations are
negatively linked to the probability of being atexs when stopped, and the estimates are similar
for the two estimators. In fact, we cannot rejéectt tthey are the same according to a Hausman
test, which shows that cultural associations aregemous with regards to arrests. The OLS
estimates predict that a one standard deviatiorease in cultural associations would lead to a
0.37% decrease in the probability of being arrestéen stopped. This constitutes an overall

decrease of 6.32%.

For summons, as presented in Table 26, the estintatefficient is also statistically significant
and negative, though IV estimates are slightly dargn fact, we can now reject the null
hypothesis that both estimators are the same. r@ulassociations appear endogenous with
regards to summons, but this may be due once &mgaésues with the instruments. According to
the IV estimates, a one standard deviation incréasmiltural capital would lead to a 0.54%
decrease in the probability of a suspect beingersau court summons - an overall decrease of
8.93%. It follows from the theory that cultural @@ap should have a negative though smaller

impact on crime than social capital, since it i ofits inputs.
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Table 25:

Determinants of Arrests, Cultural Capitalas a Regressor

Model oLS oLS oLS v v v
(1) (2) (3) (4) (5) (6)
Cultural Associations -0.349%**  .0.468***  -0.461**  -0.371*** -0.505***  -0.503***
(0.13) (0.251) (0.130) (0.139) (0.14) (0.14)
Age 0.047***  0.047***  0.047***  0.048***  0.047***  0.048***
(0.009) (0.009) (0.009) (0.009) (0.009) (0.009)
Gender -3.008***  -3,002***  -2,962***  -3,009***  -3,003*** -2.963%**
(0.448) (0.447) (0.447) (0.448) (0.447) (0.447)
Income 0.003 -0.0001 0.001 0.004 0.001 0.002
(0.024) (0.025) (0.0246) (0.024) (0.025) (0.025)
Poverty -0.044 0.092***  (0.093*** -0.044 0.093***  (0.094***
(0.029) (0.033) (0.033) (0.029) (0.033) (0.033)
High School -0.128***  -0.067***  -0.065**  -0.128***  -0.067***  -0.065***
(0.022) (0.023) (0.023) (0.022) (0.023) (0.023)
Less than High School 0.016 -0.057***  -0.056** 0.016 -0.058**  -0.056***
(0.022) (0.021) (0.021) (0.02) (0.021) (0.021)
Median Age 0.185*** 0.134** 0.136** 0.184*** 0.134** 0.135***
(0.054) (0.056) (0.056) (0.054) (0.056) (0.056)
Youth 0.197*** 0.041 0.043 0.198*** 0.043 0.046
(0.065) (0.071) (0.07) (0.065) (0.07) (0.07)
Housing Density 0.018***  -0.019***  -0.019** 0.018***  -0.019***  -0.019***
(0.005) (0.007) (0.007) (0.005) (0.007) (0.007)
Unemployment -0.202%**  -0,151** -0.149**  -0.202***  -0.151** -0.148%**
(0.068) (0.068) (0.068) (0.067) (0.068) (0.068)
Single Mothers 0.039 -0.061* -0.064* 0.039 -0.062* -0.065*
(0.032) (0.036) (0.036) (0.031) (0.036) (0.037)
Constant 2.347 5.125 7.478 2.326 5.11 7.479
(3.527) (3.750) (3.854) (3.528) (3.75) (3.851)
Observations 64281 64281 64281 64281 64281 64281
Number of Zip Codes 182 182 182 182 182 182
First Stage F-Test (dof=5) 4515.67 4462.30 4468.66
Sargan-Hansen Test (p-value) 0.1709 0.6719 0.72
Hausman Test (p-value) 0.6932 0.4652 0.4144
Borough FE no yes yes no yes yes
Month FE no yes yes no yes yes
Borough X Month no no yes no no yes

Notes: The dependent variable is the probabilitypeing arrested conditional on being stopped. Robtendard errors are in
parentheses. * denotes significance at the 10%, I&vat the 5% level and *** at the 1% level. Ydutrefers to the proportion of
inhabitants aged between the ages of 15 and 2&afdr zip code. Housing Density refers to the prtapoof housing structures with
20 or more units. First Stage F-Test values anesteljl for heteroskedasticity. Hausman test waspeed by basing both covariance
matrices on the disturbance variance estimate frenefficient estimator. All five instruments wersed to calculate the IV estimates.
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Table 26: Determinants of Summons, Cultural Capitalas a Regressor

Model OLS OoLS OoLS \ \ \
(1) (2) (3) (4) (5) (6)
Cultural Capital -0.463***  -0.488%*** -0.5%** -0.605***  -0.657***  -0.67***
(0.88) (0.09) (0.09) (0.1) (0.101) (0.102)
Age 0.118%*** 0.118*** 0.117%** 0.118*** 0.118%*** 0.117%**
(0.009) (0.009) (0.009) (0.009) (0.009) (0.009)
Gender -0.839%** -0.758* -0.766* -0.841%** -0.767* -0.768*
(0.395) (0.395) (0.395) (0.395) (0.395) (0.395)
Income -0.118***  -0.135%**  -0.134*** 0, 115***  -0.132%** -0, 132%**
(0.02) (0.021) (0.022) (0.02) (0.021) (0.021)
Poverty 0.108*** 0.089*** 0.088*** 0.11%** 0.092*** 0.092***
(0.028) (0.032) (0.032) (0.028) (0.032) (0.033)
High School -0.104***  -0.097***  -0.096***  -0.106***  -0.098***  -0.097***
(0.022) (0.024) (0.024) (0.022) (0.024) (0.024)
Less than High School -0.156***  -0.152***  -0.153***  -0.157***  -0.155***  -0.156***
(0.02) (0.022) (0.022) (0.02) (0.022) (0.022)
Median Age 0.034 -0.015 -0.019 0.034 -0.017 -0.021
(0.058) (0.051) (0.051) (0.05) (0.051) (0.051)
Youth -0.163***  -0.247***  -0.249*** -0.152 -0.237%**  .0.239%**
(0.06) (0.061) (0.061) (0.058) (0.061) (0.061)
Housing Density -0.028***  -0.031***  -0.031*** -0.027***  -0.031*** -0.031***
(0.006) (0.007) (0.007) (0.006) (0.007) (0.007)
Unemployment -0.149** -0.138%** -0.137* -0.147* -0.136 -0.134
(0.066) (0.067) (0.067) (0.066) (0.067) (0.067)
Single Mothers 0.126*** 0.138*** 0.138*** 0.122*%** 0.131*** 0.131***
(0.028) (0.035) (0.035) (0.028) (0.035) (0.035)
Constant 12.567*** 16.547***  14.631*** 12.433*** 16.481*** 14.633***
(3.307) (3.506) (3.488) (3.311) (3.452) (3.486)
Observations 64281 64281 64281 64281 64281 64281
Number of Zip Codes 182 182 182 182 182 182
First Stage F-Test (dof =) 4515.67 4462.30 4468.66
Sargan-Hansen Test (p-value) 0.0022 0.1214 0.1328
Hausman Test (p-value) 0.0015 0.0001 0.0001
Borough FE no yes yes no yes yes
Month FE no yes yes no yes yes
Borough X Month no no yes no no yes

Notes: The dependent variable is the probabilitheifig issued a summons to appear in court condition being stopped. Robust
standard errors are in parentheses. * denotedisamge at the 10% level, ** at the 5% level and &t the 1% level. Youth refers to
the proportion of inhabitants aged between the afiekb and 24 for each zip code. Housing Densifgrseto the proportion of
housing structures with 20 or more units. FirsgBtB-Test values are adjusted for heteroskedastitétusman test was performed by
basing both covariance matrices on the disturbaadance estimate from the efficient estimator.
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Appendix 4 — IV Using All Six Instruments

Table 27: Determinants of Arrests and of Summons, IASix Instruments

Arrests Summons
Model IV+ IV+ IV+ IV+ IV+ IV+
(1) (2) (3) (4) (5) (6)
Volunteering -0.867***  -1.186™***  -1.176***  -1.366%**  -1.445%**  _1.474***
(0.326) (0.325) (0.325) (0.239) (0.231) (0.232)
Age 0.048*** 0.047*** 0.048*** 0.118*** 0.118*** 0.117*%**
(0.009) (0.009) (0.009) (0.009) (0.009) (0.009)
Gender -2,995%** D 987*** D 947*k* -0.818%** -0.749* -0.747*
(0.448) (0.447) (0.447) (0.395) (0.395) (0.395)
Income 0.021 0.026 0.027 -0.086*** -0.1%** -0.099%**
(0.026) (0.026) (0.026) (0.022) (0.022) (0.022)
Poverty -0.042 0.094*** 0.095*** 0.112*%** 0.093*** 0.093***
(0.029) (0.033) (0.033) (0.028) (0.032) (0.032)
High School -0.114%** -0.05** -0.048%** -0.083***  -0.076***  -0.075***
(0.022) (0.023) (0.023) (0.022) (0.024) (0.024)
Less than High School 0.025 -0.043** -0.042**  -0.141***  -0.136***  -0.137***
(0.02) (0.021) (0.021) (0.02) (0.021) (0.021)
Median Age 0.188*** 0.143*** 0.145*** 0.041 -0.005 -0.009
(0.054) (0.056) (0.056) (0.05) (0.051) (0.051)
Youth 0.229*** 0.092 0.095 -0.099 -0.174***  -0.175%***
(0.068) (0.073) (0.073) (0.061) (0.063) (0.063)
Housing Density 0.02%** -0.016** -0.016** -0.025%**  -0.027***  -0.027***
(0.005) (0.007) (0.007) (0.006) (0.007) (0.007)
Unemployment -0.184*** -0.128* -0.126* -0.116* -0.106 -0.104
(0.068) (0.068) (0.068) (0.066) (0.067) (0.067)
Single Mothers 0.03 -0.072* -0.075** 0.106*** 0.119%** 0.119%**
(0.032) (0.037) (0.037) (0.029) (0.035) (0.035)
Constant 0.536 2.332 4.652 9.399*** 12.9%** 10.9%**
(3.634) (3.848) (3.936) (3.378) (3.517) (3.544)
Borough FE no yes yes no yes yes
Month FE no yes yes no yes yes
Borough X Month no no yes no no yes

The dependent variable is the probability of beangsted or issued a court summons conditionaleamgtstopped. Robust standard
errors are in parentheses. * denotes significahdkeal0% level, ** at the 5% level and *** at ti&6 level. Youth refers to the
proportion of inhabitants aged between the agebaind 24 for each zip code. Housing Density retfeithe proportion of housing
structures with 20 or more units. Estimates obthingng cultural capital plus all other instrumessept vehicle noise.
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Appendix 5 — Nonlinearity in Volunteering

Table 28: Determinants of Arrest and Summons with Mnlinearity in Volunteering, OLS

Arrests | Summons
Model OLS OLS OoLS OoLS OoLS OoLS
1) 2) 3) (4) () (6)
Volunteering -0.612 -0.617 -0.572 -1.843***  -1.864*%**  -1.874%**
(0.58) (0.368) (0.37) (0.371) (0.74) (0.745)
Volunteering Squared 0.026 0.017 0.01 0.226***  0.232***  (.231***
(0.082) (0.051) (0.051) (0.051) (0.11) (0.11)
Age 0.047***  0.047**  0.047**  0.118***  0.118***  -0.135%**
(0.009) (0.009) (0.009) (0.022) (0.009) (0.009)
Gender -3rr* -2.994*** D Q53***  .(0,838** -0.77* -0.097***
(0.448) (0.395) (0.395) (0.024) (0.449) (0.447)
Income 0.009 0.006 0.008 -0.118***  -0.135***  -0.216***
(0.025) (0.021) (0.022) (0.064) (0.026) (0.026)
Poverty -0.046 0.087***  (0.088*** 0.103*** 0.079**  -0.029***
(0.029) (0.028) (0.032) (0.007) (0.033) (0.033)
High School -0.119***  -0.059** -0.056** -0.103***  -0.097***  -0.147**
(0.022) (0.023) (0.024) (0.067) (0.024) (0.024)
Less than High School 0.022 -0.048** -0.046** -0.155***  -0.149*** -0.768*
(0.02) (0.02) (0.022) (0.395) (0.021) (0.021)
Median Age 0.188**  0.141** 0.143* 0.042 -0.005 -0.009
(0.054) (0.05) (0.051) (0.051) (0.057) (0.057)
Youth 0.205*** 0.05 0.052 -0.133%** -0.214%** 0.078**
(0.067) (0.061) (0.064) (0.032) (0.074) (0.074)
Housing Density 0.019*** -0.017** -0.01**  -0.026™***  -0.029***  (0.145%**
(0.005) (0.006) (0.007) (0.035) (0.007) (0.007)
Unemployment -0.196***  -0.146** -0.143**  -0.155** -0.148** -0.15%**
(0.068) (0.066) (0.067) (0.022) (0.069) (0.069)
Single Mothers 0.039 -0.055 -0.059 0.128***  0.144***  (0.117***
(0.032) (0.029) (0.035) (0.009) (0.037) (0.037)
Constant 1.551 4.027 6.257 11.874*** 15.752%**  13.789%**
(3.588) (3.364) (3.508) (3.539) (3.847) (3.937)
Observations 64281 64281 64281 64281 64281 64281
Number of Zip Codes 182 182 182 182 182 182
Borough FE no yes yes no yes yes
Month FE no yes yes no yes yes
Borough X Month no no yes no no yes

The dependent variables are the probability of gpeirrested and the probability of being issued ramsans conditional on being
stopped. Robust standard errors are in parenttfedesotes significance at the 10% level, ** at 8% level and *** at the 1% level.
Youth refers to the proportion of inhabitants agetween the ages of 15 and 24 for each zip codesikg Density refers to the

proportion of housing structures with 20 or morésin
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Table 29: Determinants of Arrest and Summons with Mnlinearity in Volunteering, 1V

Arrests | Summons
Model v Y \Y) \Y) v v
1 2 3 4 5 6
Volunteering -1.692** -1.627** -1.572** -1.729%** -2.13%** -2.195%**
(0.088) (0.74) (0.745) (0.597) (0.59) (0.59)
Volunteering Squared -0.084 0.074 0.066 0.068 0.132 0.128
(0.109) (0.112) (0.112) (0.089) (0.087) (0.87)
Age 0.047%** 0.048*** 0.048*** 0.118*** 0.119*** 0.117***
(0.009) (0.009) (0.009) (0.009) (0.009) (0.009)
Gender -2.99%** -3.018%** -2.95%** -0.822** -0.757% -0.76*
(0.448) (0.449) (0.447) (0.395) (0.4) (0.395)
Income 0.028 0.024 0.025 -0.091%** -0.108*** -0.106***
(0.026) (0.026) (0.026) (0.021) (0.022) (0.022)
Poverty -0.041 0.093*** 0.094*** 0.111%*%** 0.089*** 0.089***
(0.029) (0.033) (0.033) (0.028) (0.032) (0.032)
High School -0.115%** -0.053** -0.051** -0.087*** -0.083*** -0.082***
(0.023) (0.024) (0.024) (0.023) (0.024) (0.024)
Less than High School 0.024 -0.046** -0.044** -0.144%*** -0.141*** -0.142%**
(0.02) (0.021) (0.021) (0.02) (0.021) (0.022)
Median Age 0.1971%** 0.148** 0.146*** 0.042 -0.004 -0.008
(0.054) (0.057) (0.057) (0.05) (0.051) (0.051)
Youth 0.22%** 0.101 0.104 -0.098** -0.17%** -0.167**
(0.125) (0.074) (0.074) (0.63) (0.065) (0.065)
Housing Density 0.263*** -0.016** -0.016** -0.025%*** -0.027*** -0.027***
(0.006) (0.007) (0.007) (0.006) (0.007) (0.007)
Unemployment -0.181** -0.133* -0.13* -0.123* -0.119* -0.116*
(0.068) (0.069) (0.069) (0.068) (0.068) (0.098)
Single Mothers 0.022 -0.072* -0.075** 0.11%** 0.123*** 0.122%**
(0.031) (0.037) (0.037) (0.031) (0.035) (0.068)
Constant -0.196 2.403 4.747 9.737%*** 13.486*** 11.385%**
(3.625) (3.847) (3.937) (3.371) (3.505) (3.525)
Observations 64281 64281 64281 64281 64281 64281
Number of Zip Codes 182 182 182 182 182 182
First Stage F-Test (dof=5) 3599.91 3793.93 3773.68 3899.97 4084.12 4459.69
First Stage F-Test Sq (dof=5) 1001.43 1034.88 1028.71 1078.49 1116.08 1194.02
Sargan-Hansen Test (p-value) 0.0008 0.6395 0.6554 0 0 0
Hausman Test (p-value) 0.0046 0.01 0.0104 0 0 0
Borough FE no yes yes no yes yes
Month FE no yes yes no yes yes
Borough X Month no no yes no no yes

The dependent variables are the probability ofdpeimested and being issued a summons when stoRpbdst standard errors are in
parentheses.* denotes significance at the 10%, |&velt the 5% level and *** at the 1% level. Youtiefers to the proportion of

inhabitants aged 15-24. Housing Density referfigoproportion of housing structures with 20 or manés. First Stage F-Test values
are adjusted for heteroskedasticity. Hausman test performed by basing both covariance matriceshendisturbance variance
estimate from the efficient estimator. Vehicle eais excluded from the estimation.
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Appendix 6 — Discrimination for All Crimes, Year and Borough

Table 30: Arrest Made, by Year and Borough

Model oLs oLs FE FE
(1) (2) 3) (4)
Ma. Bronx Brook. Queens St.ls. Ma. Bronx Brook. Queens St.ls. Ma. Bronx Brook. Queens St.ls. Ma. Bronx Brook. Queens St.ls.
Black
2003 -0.683 0.337 -2.986**%1.163** 1.130* | -0.683 0.337 -2.986** 1.163 1.130 0.616 -0.239 -0.380 3.044*** -1.000 | 0.616 -0.239 -0.380 3.044*** -1.000
(0.629) (0.889) (0.337) (0.454) (0.609) | (0.994) (1.098) (1.416) (1.624) (1.569)] (0.659) (0.978) (0.432) (0.532) (0.794)] (0.729) (0.691) (0.606) (0.887) (2.197)
2004 0.357 -1.378**.1.826**%1.015*** -0.845 | 0.357 -1.378 -1.826* 1.015 -0.845| 0.396 -0.798 0.541** 1.935*** -0.253 | 0.396 -0.798 0.541 1.935*** -0.253
(0.395) (0.692) (0.195) (0.304) (0.553)|( (1.000) (1.546) (1.040) (0.888) (2.327)] (0.423) (0.742) (0.244) (0.368) (0.686)| (0.905) (1.397) (0.566) (0.554) (3.014)
2005 0.221 0.071 -0.822*** 0.187 1.366**|0.221***0.071*** -0.822 0.187*** 1.366* [1.087*** -0.598 1.573***1.264*** 0.986 | 1.087* -0.598 1.573*** 1.264** 0.986
(0.312) (0.623) (0.145) (0.270) (0.581)] (0.837) (1.227) (0.473) (1.036) (0.821)] (0.334) (0.661) (0.193) (0.333) (0.734)[ (0.657) (1.152) (0.421) (0.600) (0.490)
2006 -1.837**> 0.328 -1.096*** -0.067 3.295*** -1.837 0.328*** -1.096 -0.067*** 3.295 |-0.657** -0.194 0.789*** 0.212 2.083**% -0.657 -0.194 0.789*** 0.212 2.083*
(0.235) (0.440) (0.124) (0.218) (0.369) | (0.785) (0.906) (0.535) (1.029) (0.844)] (0.250) (0.467) (0.163) (0.263) (0.461)| (0.678) (0.483) (0.240) (0.706) (1.205)
2007 -1.328*** 1.144** .1.110*** -0.200 2.495**#%-1.328** 1.144 -1.110** -0.200 2.495**#%-0.694** 0.225 0.843*** -0.199 1.823**H -0.694 0.225 0.843* -0.199 1.823***
(0.284) (0.465) (0.168) (0.247) (0.347)] (1.034) (0.795) (0.572) (0.921) (0.074)] (0.302) (0.500) (0.227) (0.298) (0.412)[ (0.801) (0.676) (0.480) (0.818) (0.223)
2008 0.656** 0.397 -0.791**%0.972***2.635**% 0.656 0.397 -0.791* 0.972 2.635*** 0.362 0.263 0.788*** 0.669** 0.870**| 0.362 0.263 0.788* 0.669 0.870**
(0.291) (0.493) (0.168) (0.241) (0.267)| (0.945) (0.770) (0.892) (0.509) (0.542)] (0.314) (0.527) (0.224) (0.290) (0.350)| (0.710) (0.451) (0.405) (0.548) (0.437)
2009 0.354 -0.978**.1.370**%0.655***0.485*** 0.354 -0.978 -1.370 0.655* 0.485***% 0.835** -0.913**0.594*** -0.413 -0.122 | 0.835 -0.913 0.594 -0.413 -0.122
(0.316) (0.435) (0.169) (0.235) (0.266)| (0.892) (1.203) (1.282) (0.857) (0.824)] (0.338) (0.463) (0.222) (0.290) (0.339)|[ (0.897) (1.133) (0.460) (0.778) (0.637)
2010 0.055 -0.363**.1.183***0.791*** 1.677* | 0.055 -0.363 -1.183 0.791 1.677 | 0.632* -0.889* 0.646*** 0.340 0.463 0.632 -0.889 0.646 0.340 0.463
(0.302) (0.488) (0.177) (0.239) (0.312)] (0.839) (1.184) (0.775) (0.527) (1.301)] (0.323) (0.514) (0.224) (0.288) (0.398)[ (0.694) (0.706) (0.425) (0.278) (1.121)
2011 -1.205 -1.155 -1.215**%0.578**%2.208**% -1.205 -1.155 -1.215** -0.578 2.208*** -0.164 -1.118**° -0.169 0.101 0.244 | -0.164 -1.118** -0.169 0.101 0.244
(0.259) (0.389) (0.158) (0.235) (0.334)|( (1.161) (0.853) (0.577) (0.699) (0.622)] (0.277) (0.411) (0.195) (0.276) (0.403)| (0.688) (0.569) (0.388) (0.380) (0.231)
2012 -1.520%*°-1.048**.1.274**%.0.778**%1.627**4 -1.520 -1.048 -1.274 -0.778 1.627 0.281 -0.674 0.060 -0.264 -0.160| 0.281 -0.674 0.060 -0.264 -0.160
(0.290) (0.439) (0.151) (0.283) (0.367)] (1.631) (0.730) 0.658* (1.139) 0.695**| (0.307) (0.462) (0.191) (0.333) (0.480)| (1.118) (0.862) (0.495) (0.918) (0.686)
HO :ui=0 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
2003 0.0000 0.0000 0.0000 0.0000 0.0002 0.0000 0.0000 0.0000 0.0000 0.1371
2004 0.0000 0.0000 0.0000 0.0000 0.0015 0.0000 0.0009 0.1107 0.2928 0.2918
2005 0.0000 0.0000 0.0000 0.0000 0.0000 0.4887 0.0000 0.0000 0.0033 0.1732
2006 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.1405 0.0773
2007 0.0000 0.0000 0.0000 0.0000 0.0061 0.0000 0.0273 0.0098 0.5527 0.0142
2008 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0255
2009 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0002 0.0000 0.0403 0.8066
2010 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.5691
2011 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0038
2012 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0614 0.0000 0.8993 0.0371
Clustered SE no no no no no yes yes yes yes yes no no no no no yes yes yes yes yes
Time FE no no no no no no no no no no no no no no no no no no no no
Precinct FE no no no no no no no no no no yes yes yes yes yes yes yes yes yes yes

The dependent variable is the probability of beangsted conditional on being stopped. * denotgsifsiance at the 10% level, ** at the 5% level afitlat the 1% level. P-value of HO : ui = 0 is tipevalue for th
joint test of all precints fixed effects equal to zero. a0



Table 31: Summons Issued, by Year and Borough

Model oLS OLS FE FE
(1) (2) 3) (4)
Ma. Bronx Brook. Queens St.ls. Ma. Bronx Brook. Queens St.ls. Ma. Bronx Brook. Queens St.ls. Ma. Bronx Brook. Queens St.ls.
Black
2003 -1.182*** 0.492 0.415 -1.808***-4.970**q -1.182 0.492 0.415 -1.808* -4.970**%-2.026*** 0.567 -0.719 -2.034***.2.841**%-2.026** 0.567 -0.719 -2.034%** -2.841***
(0.422) (0.759) (0.347) (0.327) (0.530)| (0.749) (1.067) (0.771) (0.943) (0.882)| (0.445) (0.840) (0.446) (0.385) (0.690)| (0.767) (0.772) (0.824) (0.814) (0.868)
2004 -0.488 -2.756***1.091***-0.853***-1.706**% -0.488 -2.756 1.091 -0.853 -1.706**|-1.391%**-1.778** -2.212***.1.065*** -0.593 [-11.391*** -1.778 -2.212** -1.065** -0.593***
(0.356) (0.670) (0.286) (0.250) (0.415)| (0.593) (1.861) (1.064) (0.806) (0.773)| (0.381) (0.720) (0.357) (0.303) (0.514)] (0.508) (1.628) (1.017) (0.403) (0.162)
2005 0.754** -1.461** 1.416*** 0.193 -4.990** 0.754 -1.461 1.416 0.193 -4.990**}-1.878*** -1.130 -1.729*** -0.540* -2.338**%4-1.878*** -1.130 -1.729* -0.540 -2.338***
(0.303) (0.649) (0.225) (0.267) (0.601) [ (0.933) (1.237) (1.399) (1.086) (2.169)| (0.320) (0.689) (0.298) (0.328) (0.757)| (0.674) (0.946) (0.943) (1.002) (0.849)
2006 -0.297 0.315 -0.836***0.975***-1.394**4 -0.297 0.315 -0.836 0.975 -1.394 }|-1.855***-1.456** -1.066***0.969*** -0.808**|-1.855***-1.456** -1.066** 0.969 -0.808
(0.239) (0.538) (0.177) (0.235) (0.322)| (1.218) (1.418) (1.070) (1.381) (1.792)| (0.253) (0.569) (0.233) (0.284) (0.400)| (0.475) (0.741) (0.414) (1.980) (1.541)
2007 -0.065 1.094* 0.816*** 0.510** -4.203**% -0.065 1.094 0.816 0.510 -4.203 }-2.259*** -0.783 -1.258*** (0.390 -2.402**%-2.259*** -0.783 -1.258* 0.390 -2.402
(0.243) (0.568) (0.226) (0.258) (0.370)| (1.594) (1.440) (1.027) (1.011) (3.747)] (0.255) (0.605) (0.306) (0.310) (0.434)| (0.469) (0.548) (0.680) (1.349) (3.529)
2008 0.040 -0.122 0.785***-1.028***-2.134**4 0.040 -0.122 0.785 -1.028%** -2.134*%4.2.332*** .1.025 -1.954***.]1 427***.1 540**%-2.332*** -1.025 -1.954%* -1.427***-1.540**
(0.233) (0.541) (0.215) (0.210) (0.243)| (0.956) (1.242) (1.242) (0.457) (0.644)| (0.250) (0.576) (0.286) (0.253) (0.318)| (0.550) (1.094) (1.008) (0.523) (0.719)
2009 -0.596** -3.070***0.939*** 0.250 -2.482**q -0.596 -3.070*** 0.939 0.250 -2.482**%-2.616***-2.700***-2.930***-0.913***-2.249**41.2 616***-2.700*** -2.930** -0.913** -2.249%**
(0.243) (0.441) (0.213) (0.203) (0.275)| (0.890) (0.576) (1.149) (1.275) (0.580)| (0.259) (0.471) (0.279) (0.250) (0.350)| (0.613) (0.488) (1.417) (0.383) (0.333)
2010 -0.768***-3.180*** -0.020 0.699***-2.819**4 -0.768 -3.180** -0.020 0.699 -2.819**%-3.854***.2 993***.3 053***.0.755%**.2 866**%-3.854***.2, 993***.3 053*** -0.755 -2.866***
(0.255) (0.455) (0.215) (0.223) (0.317)| (1.207) (1.298) (0.977) (1.169) (0.607)| (0.270) (0.480) (0.272) (0.268) (0.405)| (0.961) (0.670) (0.998) (0.516) (0.636)
2011 0.354 -3.228***.1.081***-1.034***1.899***| 0.354 -3.228*** -1.081 -1.034 1.899***|.2.337***.2.406***-2.900***-1.451*** -0.478 [-2.337***-2.406***-2.900*** -1.451** -0.478***
(0.218) (0.364) (0.184) (0.199) (0.360) [ (1.638) (0.789) (0.825) (0.651) (0.510)| (0.230) (0.385) (0.227) (0.235) (0.435)| (0.442) (0.436) (0.563) (0.614) (0.144)
2012 0.191 -0.111 -1.037*** 0.511** 3.533***% 0.191 -0.111 -1.037* 0.511 3.533**]| -1.843 -0.343 -1.823 -0.788 -0.871 [1.843*** _0.343 -1.823***_-0.788** -0.871
(0.226) (0.423) (0.159) (0.232) (0.413)|[ (1.083) (0.416) (0.536) (0.734) (1.514) |0.239*** (0.445) 0.201*** 0.273*** (0.539) | (0.338) (0.523) (0.431) (0.389) (1.379)
HO :ui=0 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.1910 0.9212 0.1866 0.0232
2003 0.0000 0.0000 0.0000 0.0000 0.0000 0.0255 0.0026 0.0000 0.0000 0.0010
2004 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.1932 0.0000 0.0005 0.0067
2005 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.2370
2006 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.6111
2007 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0001 0.0000 0.8179
2008 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.7760 0.0000 0.0000
2009 0.0000 0.0000 0.0000 0.0000 0.0001 0.0000 0.0000 0.0002 0.0008 0.0201
2010 0.0000 0.0000 0.0000 0.0000 0.0014 0.0000 0.0000 0.0000 0.0000 0.0882
2011 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0058 0.0004
2012 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.1479 0.0533 0.0217
Clustered SE no no no no no yes yes yes yes yes no no no no no yes yes yes yes yes
Time FE no no no no no no no no no no no no no no no no no no no no
Precinct FE no no no no no no no no no no yes yes yes yes yes yes yes yes yes yes

The dependent variable is the probability of begsgied a summons conditional on being stoppednbdtes significance at the 10% level, ** at the [8%el and *** at the 1% level. P-value of HO : uiHs the pvalue
for the joint test of all precincts fixed effecigual to zero.
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Appendix 7 — Discrimination including Hispanics, Al Crimes

Table 32: Arrest Made, Overall and by Borough

Model oLS oLS oLS FE FE FE
(1) (2) (3) (4) (5) (6)
Black and Black-Hispanic ~ -0.188*** -0.187*** -0.187 0.356*** 0.339*** 0.339***
(0.023) (0.023) (0.310) (0.026) (0.026) (0.102)
Constant 5.983***
(0.018)
P-value of HO : ui=0 0.000 0.000 0.000
Black and Black-
Hispanic
Manhattan 0.031 0.01 0.01 0.397*** 0.360*** 0.360***
(0.058) (0.058) (0.447) (0.060) (0.060) (0.267)
Bronx 0.118** 0.130** 0.13 -0.03 -0.022 -0.022
(0.059) (0.059) (0.171) (0.060) (0.060) (0.130)
Brooklyn -0.802%** -0.826%** -0.826** 0.262*** 0.230*** 0.23
(0.035) (0.035) (0.325) (0.042) (0.041) (0.152)
Queen's 1.023%** 1.023%** 1.023%** 0.856*** 0.854*** 0.854***
(0.050) (0.050) (0.371) (0.061) (0.061) (0.148)
Staten Island 1.298%** 1.330%** 1.33 0.359*** 0.358*** 0.358
(0.102) (0.102) (0.832) (0.115) (0.115) (0.532)
Constant
Manhattan 7.930%**
(0.046)
Bronx 6.509%**
(0.046)
Brooklyn 4.691***
(0.030)
Queens 5.774%**
(0.036)
Staten Island 4.734%%*
(0.067)
P-value of HO : ui =0
Manhattan 0.0000 0.0000 0.0000
Bronx 0.0000 0.0000 0.0000
Brooklyn 0.0000 0.0000 0.0000
Queens 0.0000 0.0000 0.0000
Staten Island 0.0000 0.0000 0.0000
Clustered SE no no yes no no yes
Time FE no yes yes no yes yes
Precinct FE no no no yes yes yes

The dependent variable is the probability of beangsted conditional on being stopped. * denotgsifitance at the
10% level, ** at the 5% level and *** at the 1% kv P-value of HO : ui = 0 is the p-value for tloént test of all
precincts fixed effects equal to zero. White inelsidvhites and White-Hispanics.
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Table 33: Arrest Made, by Year

Model oLS oLS FE FE
(1) (2) (3) (4)
Black and Black-Hispanic
2003 -0.515%** -0.515 0.724*** 0.724**
(0.149) (0.505) (0.168) (0.310)
2004 -0.424%** -0.424 0.968*** 0.968***
(0.089) (0.393) (0.100) (0.244)
2005 -0.127* -0.127 0.916*** 0.916***
(0.075) (0.341) (0.085) (0.181)
2006 -0.404*** -0.404 0.345*** 0.345**
(0.061) (0.337) (0.069) (0.144)
2007 -0.333%** -0.333 0.313*** 0.313*
(0.073) (0.397) (0.083) (0.174)
2008 0.284*** 0.284 0.268*** 0.268*
(0.069) (0.437) (0.079) (0.136)
2009 -0.102 -0.102 0.152* 0.152
(0.067) (0.447) (0.077) (0.180)
2010 0.157** 0.157 0.224** 0.224
(0.070) (0.399) (0.080) (0.149)
2011 -0.121** -0.121 0.114* 0.114
(0.062) (0.305) (0.069) (0.120)
2012 -0.723%** -0.723* -0.035 -0.035
(0.070) (0.399) (0.079) (0.220)
P-value of HO : ui =0
2003 0.0000 0.0000
2004 0.0000 0.0000
2005 0.0000 0.0000
2006 0.0000 0.0000
2007 0.0000 0.0000
2008 0.0000 0.0000
2009 0.0000 0.0000
2010 0.0000 0.0000
2011 0.0000 0.0000
2012 0.0000 0.0000
Clustered SE no yes no yes
Time FE no no no no
Precinct FE no no yes yes

The dependent variable is the probability of beingsted conditional on being stopped. * denotgsifitance at the 10%

level, ** at the 5% level and *** at the 1% levé-value of HO : ui = 0 is the p-value for the jdiest of all precincts fixed

effects equal to zero. White includes whites andt&vHispanics.
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Table 34: Summons Issued, Overall and by Borough

Model OoLS OLS OoLS FE FE FE
(1) (2) (3) (4) (5) (6)
Black and Black-Hispanic -0.196***  -0.185*** -0.185 -1.317%** -1.299%** -1.299%***
(0.024) (0.024) (0.286) (0.027) (0.027) (0.156)
Constant 6.423%**
(0.019)
P-value of HO: ui=0 0.0000 0.0000 0.0000
Black and Black-Hispanic
Manhattan -0.568***  -0.573*** -0.573 -1.493%** -1.497%** -1.491%**
(0.051) (0.051) (0.872) (0.053) (0.053) (0.246)
Bronx -0.827***  -0.792%** -0.792%** -0.938%*** -0.892%** -0.892%***
(0.062) (0.062) (0.224) (0.063) (0.063) (0.169)
Brooklyn 0.108** 0.106** 0.106 -1.434%** -1.423%** -1.423%**
(0.044) (0.044) (0.522) (0.052) (0.052) (0.261)
Queen's -0.149***  -0.154%** -0.154 -1.128%** -1.132%** -1.132**
(0.047) (0.047) (0.566) (0.058) (0.058) (0.530)
Staten Island -1.747%**  -1.761%*** -1.761%** -2.046%** -2.046%** -2.046***
(0.103) (0.103) (0.212) (0.116) (0.116) (0.105)
Constant
Manhattan 6.355%**
(0.041)
Bronx 7.801%**
(0.049)
Brooklyn 6.511%**
(0.037)
Queens 5.594***
(0.034)
Staten Island 6.197***
(0.067)
P-value of HO : ui =0
Manhattan 0.0000 0.0000 0.0000
Bronx 0.0000 0.0000 0.0000
Brooklyn 0.0000 0.0000 0.0000
Queens 0.0000 0.0000 0.0000
Staten Island 0.0000 0.0000 0.1239
Clustered SE no no yes no no yes
Time FE no yes yes no yes yes
Precinct FE no no no yes yes yes

The dependent variable is the probability of béssyed a summons conditional on being stoppedndtas significance at the 10%
level, ** at the 5% level and *** at the 1% leve?-value of HO : ui = O is the p-value for the joiast of all precincts fixed effects
equal to zero. White includes whites and White-Hrsps.
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Table 35: Summons Issued, by Year

Model oLS oLS FE FE
(1) (2) (3) (4)
Black and Black-Hispanic
2003 -0.491%** -0.491 -0.929%** -0.929%**
(0.125) (0.381) (0.142) (0.260)
2004 0.172* 0.172 -0.818%*** -0.818%***
(0.096) (0.374) (0.108) (0.189)
2005 0.522*** 0.522 -0.942%** -0.942%**
(0.089) (0.561) (0.100) (0.207)
2006 -0.164%** -0.164 -0.718%** -0.718%**
(0.071) (0.423) (0.081) (0.317)
2007 0.236*** 0.236 -1.103%** -1.103%**
(0.081) (0.459) (0.092) (0.286)
2008 0.085 0.085 -1.334%** -1.334%**
(0.071) (0.400) (0.082) (0.165)
2009 -0.160%** -0.16 -1.810%** -1.810%**
(0.068) (0.428) (0.079) (0.207)
2010 -0.599%** -0.599 -2.012%** -2.012%**
(0.071) (0.445) (0.081) (0.343)
2011 -0.542%** -0.542 -1.302%** -1.302%**
(0.061) (0.399) (0.069) (0.162)
2012 -0.578%*** -0.578* -1.181*** -1.181***
(0.065) (0.322) (0.073) (0.187)
P-value of HO : ui =0
2003 0.0000 0.0000
2004 0.0000 0.0000
2005 0.0000 0.0000
2006 0.0000 0.0655
2007 0.0000 0.0000
2008 0.0000 0.0000
2009 0.0000 0.0000
2010 0.0000 0.0000
2011 0.0000 0.0000
2012 0.0000 0.0000
Clustered SE no yes no yes
Time FE no no no no
Precinct FE no no yes yes

The dependent variable is the probability of béssyed a summons conditional on being stoppedndtaés significance at
the 10% level, ** at the 5% level and *** at the 1R#vel. P-value of HO : ui = O is the p-value fbetjoint test of all

precincts fixed effects equal to zero. White inelsidvhites and White-Hispanics.
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Appendix 8 — Gender Discrimination, All Crimes

Table 37: Arrest Made, Overall and by Borough, by @nder

Model OoLS OLS OLS FE FE FE
(1) (2) (3) (4) (5) (6)
Male -3.078***  -3,099***  -3,099***  -2.853**%* .2 874*** D 874***
(0.376) (0.376) (0.491) (0.376) (0.375) (0.479)
Constant 8.952%**
(0.364)
P-value of HO: ui=0 0.0000 0.0000 0.0000
Male
Manhattan -3.815%** -3.747*** -3.747%* -3.475%** -3.410%*** -3.410**
(1.157) (1.158) (1.702) (1.153) (1.155) (1.571)
Bronx -2.999** -2.919** -2.919 -2.905** -2.822%* -2.822
(1.288) (1.285) (2.160) (1.285) (1.282) (2.141)
Brooklyn -2.022%** 2 051%** -2.051%** -1.896%**  -1,918*** -1.918**
(0.658) (0.658) (0.892) (0.656) (0.656) (0.880)
Queens -2.223* -2.327% -2.327 -2.119** -2.243* -2.243**
(1.321) (1.322) (1.037) (1.321) (1.321) (1.126)
Staten Island -5.500***  -5306***  -5306***  -5469***  _5277**%* 5 77¥**
(1.697) (1.703) (1.076) (1.696) (1.703) (1.122)
Constant
Manhattan 12.405***
(1.107)
Bronx 9.391%**
(1.248)
Brooklyn 6.385%**
(0.635)
Queens 9.114%**
(1.285)
Staten Island 10.748***
(1.601)
P-value of HO : ui =0
Manhattan 0.0000 0.0000 0.0000
Bronx 0.0000 0.0000 0.0000
Brooklyn 0.0000 0.0000 0.0000
Queens 0.0000 0.0000 0.0000
Staten Island 0.0140 0.0208 0.0004
Clustered SE no no yes no no yes
Time FE no yes yes no yes yes
Precinct FE no no no yes yes yes

The dependent variable is the probability of beingsted conditional on being stopped. * denowgsifitance at the 10% level, ** at
the 5% level and *** at the 1% level. P-value of HQi = 0 is the p-value for the joint test of piecinct fixed effects equal to zero.
Standard errors are presented in parenthesis. 8aastticted to 2011.
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Table 38: Summons Issued, Overall and by Borough yiGender

Model OLS OoLS OLS FE FE FE
(1) (2) (3) (4) (5) (6)
Male -0.867**  -0.847** -0.847* -0.669* -0.648* -0.648
(0.371) (0.370) (0.484) (0.370) (0.369) (0.503)
Constant 6.679%**
(0.358)
P-value of HO: ui=0 0.0000 0.0000 0.0000
Male
Manhattan -0.224 -0.197 -0.197 0.087 0.094 0.094
(0.942) (0.941) (0.867) (0.925) (0.924) (0.905)
Bronx -2.492*%* -2 539%* -2.539 -2.277%* -2.329* -2.329
(1.213) (1.214) (1.828) (1.214) (1.214) (1.800)
Brooklyn -2.528*** 2 A75*** 2 475%*  .2.304*%** _2.254%** ) )54**
(0.759) (0.759) (1.047) (0.756) (0.756) (1.069)
Queens 0.338 0.338 0.338 0.119 0.121 0.121
(1.115) (1.115) (0.915) (1.117) (1.117) (0.976)
Staten Island -2.310 -2.388 -2.388 -2.270 -2.344 -2.344
(1.884) (1.888) (1.879) (1.882) (1.887) (1.840)
Constant
Manhattan 5.900%**
(0.901)
Bronx 8.122%**
(1.176)
Brooklyn 8.451%**
(0.733)
Queens 4 557%**
(1.084)
Staten Island 9.346%**
(1.777)
P-value of HO : ui =0
Manhattan 0.0000 0.0000 0.0000
Bronx 0.0044 0.0044 0.0000
Brooklyn 0.0000 0.0000 0.0000
Queens 0.0022 0.0019 0.0000
Staten Island 0.0098 0.0135 0.0000
Clustered SE no no yes no no yes
Time FE no yes yes no yes yes
Precinct FE no no no yes yes yes

The dependent variable is the probability of beingsted conditional on being stopped. * denowsifitance at the 10% level, ** at
the 5% level and *** at the 1% level. P-value of HQi = 0 is the p-value for the joint test of ptiecinct fixed effects equal to zero.
Standard errors are presented in parenthesis. S8aastticted to 2011.
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Appendix 9 — Discrimination against Black Males

Table 39: Arrest Made, Overall and by Borough

Model oLS oLS OoLS FE FE FE
(1) (2) (3) (4) (5) (6)
Black Male -0.323 -0.333 -0.333 -0.484 -0.481 -0.481
(1.176) (1.176) (1.400) (1.172) (1.172) (1.352)
Constant 9.318%***
(0.987)
P-value of HO: ui=0
Black Male
Manhattan 1.841 1.856 1.856 1.485 1.528 1.528
2.773 2.774 3.440 2.762 2.764 3.311
Bronx -0.248 -0.584 -0.584 0.467 0.123 0.123
4.068 4.060 3.203 4.063 4.056 3.102
Brooklyn -0.843 -0.843 -0.843 -1.204 -1.197 -1.197
1.820 1.820 2.555 1.824 1.823 2.636
Queen's -4.329 -4.410 -4.410 -3.911 -3.923 -3.923
3.000 3.004 2.838 2.993 2.996 2.981
Staten Island -2.385 -2.535 -2.535* -2.529 -2.661 -2.661*
3.419 3.427 1.422 3.421 3.430 1.400
Constant
Manhattan 14.103***
2.280
Bronx 8.333**
3.577
Brooklyn 7.101%**
1.594
Queens 6.542%**
2.468
Staten Island 9.091***
2.129
P-value of HO : ui =0
Manhattan 0.0000 0.0000 0.0000
Bronx 0.0000 0.0000 0.0000
Brooklyn 0.0000 0.0000 0.0000
Queens 0.0000 0.0000 0.0000
Staten Island 0.0477 0.0677 0.0028
Clustered SE no no yes no no yes
Time FE no yes yes no yes yes
Precinct FE no no no yes yes yes

The dependent variable is the probability of beingsted conditional on being stopped. * denowgsifitance at the 10% level, ** at
the 5% level and *** at the 1% level. P-value of HGi = 0 is the p-value for the joint test of piecincts fixed effects equal to zero.
Sample restricted to 2011. Individual indicatorighles for black and male are also included inetstémations.
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Table 40: Summons Issued, Overall and by Borough

Model OLS OLS OoLS FE FE FE
(1) (2) (3) (4) (5) (6)
Black Male -1.116 -1.061 -1.061 -1.056 -1.003 -1.003
(1.135) (1.135) (1.256) (1.130) (1.130) (1.254)
Constant 6.988%**
(0.953)
P-value of HO: ui=0
Black Male
Manhattan -0.124 -0.017 -0.017 0.627 0.745 0.745
2.257 2.254 2.562 2.214 2.211 2.603
Bronx -1.865 -1.877 -1.877 -2.038 -2.007 -2.007
3.831 3.834 5.114 3.836 3.839 5.308
Brooklyn -2.987 -2.866 -2.866 -3.506* -3.412 -3.412
2.101 2.100 2.564 2.099 2.098 2.484
Queen's 0.185 0.154 0.154 -0.096 -0.152 -0.152
2.531 2.534 2.075 2.530 2.533 2.089
Staten Island 2.371 2.475 2.475 2.157 2.269 2.269
3.798 3.802 2.494 3.795 3.800 2.054
Constant
Manhattan 5.128%**
1.856
Bronx 8.333**
3.368
Brooklyn 7.101%**
1.839
Queens 5.607***
2.082
Staten Island 9.917%**
2.364
P-value of HO : ui =0
Manhattan 0.0000 0.0000 0.0000
Bronx 0.0068 0.0071 0.0000
Brooklyn 0.0000 0.0000 0.0000
Queens 0.0011 0.0009 0.0000
Staten Island 0.0054 0.0068 0.0061
Clustered SE no no yes no no yes
Time FE no yes yes no yes yes
Precinct FE no no no yes yes yes

The dependent variable is the probability of béssyed a summons conditional on being stoppedndtas significance at the 10%
level, ** at the 5% level and *** at the 1% leve?-value of HO : ui = O is the p-value for the joiast of all precincts fixed effects
equal to zero. Sample restricted to 2011. Indiviichdicator variables for black and male are atsrluded in the estimations.
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Appendix 10 — Oaxaca Decompositions

From the results of the decomposition by race, shimwlable 41, whites are 0.76% more likely
to be arrested when stopped. This may not corst#uidence of discrimination given that only
the explained part of the gap is significant. kdicts that, if whites had the same predictors as
blacks, they would be 1.21% more likely to be @mésMost of the difference is driven by
unemployment, age and gender. Around 10% of winitéise sample are women but only 6% for
blacks. The average age of white suspects is I8 it is 27.79 for blacks. This is equivalent
to saying that, if whites were less likely to bepboyed, younger and more predominantly male,

they would be more likely to be arrested.

For gender, one striking element is the vast déffiee in the number of men and women stopped
by the NYPD. Approximately 93% of all stops targkteale suspects in 2011. Another striking
difference, shown in Table 43, is the discrepamcthe probability of being arrested conditional
on being stopped, with female suspects being dweetpercent more likely to be arrested. This
difference could come from a starker contrast betwkmale criminals and non-criminals. In
other words, an officer who usually focuses on megiven their higher rate of criminal
participation — may need strong evidence to ditstattention to women. If this is true, then
women who are stopped would be more likely to bested. The decomposition of the difference
in arrests seems to point towards this possibijtyen that it is mostly unexplained by predictors.
Specifically, a male suspect with the same cowesiats the average female suspect would be
0.1% more likely to be arrested. On the other hdradmale suspect with the same characteristics
were instead a female, he would be 2.85% moreylilkkebe arrested. The reasoning also holds for
summons, though crimes which lead to being issusaba summons are usually less grave. The
“discrimination” element is only significant at tH®% level and there are no large differences

between IV and OLS for the “Overall” category.
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Given the importance of precinct FE, as shown by it rates test, we also present the
decompositions with both precinct FE and clusteanhgrecinct level. The results are presented in
Table 44. The difference between blacks and whétem longer significant for arrests, while it

remains significant for summons. This is in exaghardance with the hit rates test results
obtained in the larger sample. Also in accordandbl past results, the gap between men and

women does remain significant.
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Table 41: Oaxaca Decomposition, by Race

Arrests Summons
OLS [\ OLS W
Overall
White (N = 5671) 6.912*** 6.912*** 6.419%** 6.419**
(0.338) (0.338) (0.326) (0.326)
Black (N = 33305) 6.149%** 6.149%** 5.726*** 5.726%
(0.132) (0.132) (0.127) (0.127)
Difference 0.763** 0.763** 0.693*** 0.693***
(0.202) (0.362) (0.350) (0.350)
Endowments 1.212%* 1.212%* -0.362*** -0.362***
(0.199) (0.199) (0.195) (0.195)
Coefficients -0.048 -0.035* 1.646%*** 1.676***
(0.229) (0.552) (0.644) (0.643)
Interaction -0.402 -0.413 -0.591 -0.62
(0.49) (0.488) (0.549) (0.549)
Endowments
Volunteering -0.033** -0.056*** -0.024** -0.047***
(0.015) (0.022) (0.009) (0.017)
Age 0.15** 0.151%** 0.329*** 0.33
(0.029) (0.351) (0.038) (0.038)
Revenue -0.139 -0.031 -3.05%* -2.94 %%+
(0.346) (0.093) (0.323) (0.322)
Education 0.363 0.306 1.68%** 1.627
(0.227) (0.228) (0.209) (0.208)
Age Distribution 0.354 0.260 0.569*** 0.476%**
(0.227) (0.235) (0.202) (0.206)
Housing Density 0.034 0.028 0.301*** 0.296
(0.046) (0.046) (0.052) (0.052)
Unemployment 0.307** 0.276* -0.295** -0.326
(0.155) (0.155) (0.149) (0.15)
Single Mothers 0.018 0.127 0.051 0.16
(0.386) (0.388) (0.354) (0.358)
Gender 0.117%*= 0.117%*= 0.066*** 0.065**
(0.029) (0.029) (0.025) (0.025)
Coefficients
Volunteering -0.004 0.015 0.061 -0.42
(0.067) (0.2) (0.062) (0.66)
Age -1.009 -1.02 -3.913%* -3.915%*
(0.845) (0.844) (0.807) (0.805)
Revenue -6.431 -6.55 -8.825** -8.179*
(4.51) (4.53) (4.454) (4.504)
Education 1.444 1.35 4.548 3.593
(2.993) (2.99) (2.004) (3.069)
Age Distribution 1.723 2.183 -2.053 -0.14
(9.199) (9.34) (8.222) (8.164)
Housing Density 1.303 1.341 3.187*** 3.35%*
(1.22) (1.221) (1.245) (1.242)
Unemployment 0.477 0.575 -3.801* -2.384
(2.413) (2.422) (2.296) (2.3)
Single Mothers -3.299 -3.458 6.321%** 5.645%**
(2.077) (2.122) (2.012) (2.028)
Constant 4.864 4.625 8.231 5.279
(12.72) (12.909) (12.091) (12.033)
Gender 0.071 0.079 1.06* 1.09
(1.305) (1.301) (1.179) (1.177)

Notes: The dependent variable Arrests is the piitityabf being arrested and the dependent vari&lmmons is the probability
of being issued a summons, both conditional ondosiopped. Robust standard errors are in parersthesenotes significance
at the 10% level, ** at the 5% level and *** at tié6 level. Revenue includes income and poverty,cEtion includes high

school completion rates and proportion with lessithigh school, Age Distribution regroups mediaa agd proportion aged 15
to 24. Borough and month dummies are included liestimations. Detailed coefficients for interactiare omitted since they
provide no relevant information. Sample restridz011.
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Table 42: Oaxaca Decomposition, by Race, with Hispis

Arrests Summons
OoLS \% OoLS \%
Overall
White and White-Hispanic (N = 22524) 6.118%** 6.118*** 6.22%%* 6.22%**
(0.16) (0.16) (0.161) (0.161)
Black and Black-Hispanic (N = 37873) 6.155%** 6.155%** 5.695%** 5.695%**
(0.124) (0.124) (0.119) (0.119)
Difference -0.037 -0.037 0.525%*** 0.525%***
(0.202) (0.202) (0.2) (0.2)
Endowments 0.626*** 0.629%** -0.653*** -0.65%***
(0.109) (0.109) (0.106) (0.106)
Coefficients -0.431* -0.434* 1.103*** 1.098***
(0.229) (0.229) (0.257) (0.256)
Interaction -0.233 -0.232 0.075 0.076
(0.162) (0.162) (0.18) (0.18)
Endowments
Volunteering 0.004 0.007 0.003 0.007
(0.003) (0.005) (0.003) (0.005)
Age 0.035%** 0.035%** 0.079%** 0.079%**
(0.009) (0.009) (0.015) (0.015)
Revenue -0.12 -0.107 -0.7%** -0.685***
(0.093) (0.093) (0.093) (0.093)
Education 0.082 0.073 -0.157*** -0.167***
(0.054) (0.054) (0.059) (0.059)
Age Distribution 0.111 0.072 0.218%** 0.176%**
(0.074) (0.077) (0.063) (0.065)
Housing Density 0.002 0.001 0.009 0.009
(0.003) (0.002) (0.013) (0.013)
Unemployment 0.129** 0.115%* -0.048 -0.062
(0.061) (0.061) (0.058) (0.058)
Single Mothers 0.073 0.121 -0.09 -0.037
(0.152) (0.153) (0.139) (0.141)
Gender 0.037*** 0.037*** 0.016** 0.016**
(0.01) (0.01) (0.007) (0.007)
Coefficients
Volunteering 0.041 -0.372 0.037 -4.319
(0.052) (8.238) (0.037) (7.514)
Age -0.946* -0.943* -2.068*** -2.064***
(0.512) (0.512) (0.521) (0.521)
Revenue -0.529 -0.452 -6.345** -6.161**
(2.732) (2.75) (2.524) (2.562)
Education -0.349 -0.461 4.548** 4.46%*
(2.012) (2.014) (2.004) (2.008)
Age Distribution 1.029 1.529 3.32 4.023
(5.701) (5.744) (5.144) (5.145)
Housing Density -1.119 -1.071 3.162%** 3.229%**
(0.709) (0.71) (0.707) (0.706)
Unemployment 0.588 0.601 -2.56%* -2.527**
(1.038) (1.039) (1.031) (1.034)
Single Mothers -1.745 -1.916 4.861*** 4.622%**
(1.167) (1.182) (1.148) (1.161)
Constant 0.025 -0.004 -3.607 -0.026
(8.174) (0.07) (7.488) (0.049)
Gender 0.186 0.189 1.282* 1.286*
(0.886) (0.886) (0.776) (0.776)

Notes: The dependent variable Arrests is the piiityabf being arrested conditional on being friskand the dependent variable
Summons is the probability of being issued a sunsraonditional on being frisked. Robust standardrerare in parentheses. *
denotes significance at the 10% level, ** at the B¥%el and *** at the 1% level. Revenue includesdme and poverty in the zip
area, Education includes high school completioasraind proportion with less than high school, Aggtribution regroups median
age and proportion aged 15 to 24, Borough regrthpeffects of the five boroughs of New York Citonth regroups the effect of
the 12 different months.
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Table 43: Oaxaca Decomposition, by Gender

Arrests Summons
OLS v OLS [\
Overall
Women (N = 4249) 8.99%x* 8.99%x* 6.707** 6.707**
(0.44) (0.439) (0.385) (0.384)
Men (N = 60032) 5.882%** 5.882** 5.832%* 5.832%*
(0.096) (0.096) (0.096) (0.096)
Difference 3.108** 3.108*** 0.876** 0.876**
(0.451) (0.449) (0.397) (0.396)
Endowments 0.1* 0.107** 0.119** 0.129%*
(0.04) (0.041) (0.04) (0.041)
Coefficients 2.853** 2.851%* 0.766* 0.763*
(0.451) (0.449) (0.401) (0.399)
Interaction 0.155 0.151 -0.009 -0.017
(0.124) (0.124) (0.1) (0.1)
Endowments
Volunteering -0.007 -0.017* -0.008* 0.029
(0.005) (0.009) (0.005) (0.023)
Age 0.011 0.011 0.029 -0.196***
(0.009) (0.009) (0.022) (0.048)
Revenue -0.021 0.007 -0.241 % 0.237**
(0.042) (0.043) (0.051) (0.047)
Education 0.096** 0.086** 0.253** 0.022*
(0.039) (0.038) (0.048) (0.012)
Age Distribution 0.019 0.014 0.03** -0.017
(0.012) (0.012) (0.014) (0.012)
Housing Density -0.012 -0.011 -0.019 0.014
(0.009) (0.009) (0.013) (0.01)
Unemployment 0.014 0.012 0.018* -0.037**
(0.01) (0.01) (0.01) (0.018)
Single Mothers 0.019 0.024 -0.045** 0.078***
(0.014) (0.015) (0.021) (0.024)
Borough 0.002 0.001 0.08*** 0.023*
(0.032) (0.032) (0.024) (0.013)
Month -0.021 -0.021 0.023* -0.024**
(0.013) (0.013) (0.013) (0.012)
Coefficients
Volunteering -0.133 1.506 -0.02 0.04
(0.111) (1.084) (0.043) (0.985)
Age 1.498 -2.359 0.032 1.607
(1.088) (5.382) (0.988) (4.581)
Revenue -2.071 -2.535 2.149 2111
(5.345) (4.321) (4.592) (3.588)
Education -2.433 -10.299 2.321 -4.934
(4.3) (11.937) (3.607) (9.463)
Age Distribution -10.113 1.78 -4.508 1.011
(11.951) (1.443) (9.516) (1.352)
Housing Density 1.782 -4.476* 1.031 -0.365
(1.441) (2.148) (2.357) (1.918)
Unemployment -4.423* 1.404 -0.266 0.071
(2.152) (2.371) (1.925) (2.084)
Single Mothers 1.376 -2.409 -0.017 -1.268
(2.358) (2.347) (2.078) (2.157)
Borough -2.407 2.437* -1.249 -0.651
(2.352) (1.348) (2.162) (1.321)
Month 2.434* -0.134 -0.656 -0.008
(1.351) (0.151) (1.326) (0.055)
Constant 17.341 17.937 1.948 3.15
(16.441) (16.501) (14.004) (13.899)

Notes: The dependent variable Arrests is the piifityabf being arrested conditional on being friskand
the dependent variable Summons is the probabilibemg issued a summons conditional on being édsk
Robust standard errors are in parentheses. * desmwificance at the 10% level, ** at the 5% leart ***

at the 1% level. Revenue includes income and ppvarthe zip area, Education includes high school
completion rates and proportion with less than héghool, Age Distribution regroups median age and
proportion aged 15 to 24. Borough and month dummiese included in all estimations. Detailed
coefficients for interaction are omitted since tipegvide no relevant information. Sample restridte@011.
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Table 44: Overall Oaxaca Decompositions, PrecinctEEand Clustering

Arrests Summons
oLS \% oLS \%
Black
White 6.912*** 6.912%** 6.419%** 6.419%**
(0.601) (0.686) (0.447) (0.550)
Black 6.149*** 6.149%** 5.726*** 5.726%**
(0.411) (0.432) (0.511) (0.526)
Difference 0.763 0.763 0.693 0.693
(0.625) (0.810) (0.555) (0.761)
Endowments 0.55 0.551 -1.004* -1.005
(0.626) (0.871) (0.544) (0.772)
Coefficients -0.95 -0.952 2.664*** 2.663**
(0.949) (1.275) (0.713) (1.098)
Interaction 1.164 1.165 -0.967 -0.965
0.913 1.411 0.673 1.186
Black with Hispanic
White and White-Hispanic 6.118*** 6.118*** 6.22%** 6.22%**
(0.353) (0.387) (0.357) (0.391)
Black and Black-Hispanic 6.155%*** 6.155%** 5.695%** 5.695%**
(0.386) (0.405) (0.465) (0.479)
Difference -0.037 -0.037 0.525 0.525
(0.379) (0.560) (0.448) (0.619)
Endowments 0.325 0.326 -0.569 -0.57
(0.349) (0.596) (0.402) (0.581)
Coefficients -0.499 -0.504 1.7%** 1.698***
(0.352) (0.465) (0.386) (0.491)
Interaction 0.138 0.141 -0.606* -0.604
(0.304) (0.550) (0.316) (0.548)
Gender
Female 8.99%** 8.99%** 6.708*** 6.708***
(0.663) (0.789) (0.587) (0.698)
Male 5.882*** 5.882%** 5.832%** 5.832%**
(0.310) (0.324) (0.356) (0.369)
Difference 3.109*** 3.109*** 0.876* 0.876
(0.494) (0.853) (0.494) (0.789)
Endowments 0.175* 0.179 0.273** 0.273
(0.095) (0.462) (0.134) (0.572)
Coefficients 2.627*** 2.623*** 0.939* 0.936
(0.485) (0.671) (0.515) (0.658)
Interaction 0.307* 0.307 -0.336* -0.333
(0.172) (0.700) (0.172) (0.733)

Notes: The dependent variable Arrests is the piibtyabf being arrested conditional on being friskand the dependent
variable Summons is the probability of being issaeslimmons conditional on being frisked. Robusidsed errors are

in parentheses. * denotes significance at the ¥84l,|** at the 5% level and *** at the 1% leveloBugh and month

dummies were included in all estimations. Sampéricted to 2011.
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Appendix 11 — Discrimination for Drug Crimes Only (Weapon Crimes Omitted)

Table 45: Arrest Made, Overall and by Borough, DrugCrimes

Model OLS OLS oLS FE FE FE
(1) (2) (3) (4) (5) (6)
Black -1.465%** -1.293%** -1.293 -1 7% -1.66%** -1.66%**
(0.161) (0.161) (1.029) (0.198) (0.197) (0.558)
Constant 11.72%**
(0.148)
P-value of HO: ui=0
Black
Manhattan -4,051%** -3.990*** -3.990 -3.370%** -3.225%** -3.225**
0.344 0.343 2.610 0.377 0.375 1.405
Bronx 0.436 0.343 0.343 -1.582** -1.762** -1.762
0.665 0.662 1.607 0.724 0.720 1.608
Brooklyn -1.636%** -1.443%** -1.443%* 0.105 0.090 0.090
0.258 0.258 0.783 0.314 0.313 0.566
Queens 1.454%** 1.307%** 1.307 -1.407** -1.469** -1.469*
0.453 0.454 2.132 0.576 0.575 0.843
Staten Island 1.641%** 1.897*** 1.897 -2.350%** -2.178%** -2.178**
0.416 0.419 1.671 0.529 0.528 0.825
Constant
Manhattan 15.059***
0.317
Bronx 11.496***
0.635
Brooklyn 9.639%**
0.244
Queens 14.181***
0.398
Staten Island 8.789***
0.305
P-value of HO : ui =0 0.0000 0.0000 0.0000
Manhattan 0.0000 0.0000 0.0000
Bronx 0.0000 0.0000 0.0000
Brooklyn 0.0000 0.0000 0.0000
Queens 0.0000 0.0000 0.0000
Staten Island 0.0000 0.0000 0.003
Clustered SE no no yes no no yes
Time FE no yes yes no yes yes
Precinct FE no no no yes yes yes

The dependent variable is the probability of beingsted conditional on being stopped. * deno@gsifitance at the 10% level, ** at
the 5% level and *** at the 1% level. P-value of H@i = 0 is the p-value for the joint test of ptkecincts fixed effects equal to zero.
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Table 46: Arrest Made, by Year, Drug Crimes

Model OLS OLS FE FE
(1) (2) (3) (4)
Black
2004 -1.332 -1.332 -1.212 -1.212
1.871 2.319 1.921 1.610
2005 -2.413%* -2.413 -0.904 -0.904
0.921 2.017 1.073 1.607
2006 -2.229%** -2.229* -1.190%** -1.190
0.344 1.205 0.411 1.122
2007 -2.291%** -2.291* -1.530%** -1.530
0.394 1.172 0.485 0.960
2008 0.583 0.583 0.048 0.048
0.426 1.140 0.543 0.857
2009 -1.233%** -1.233 -1.537%** -1.537*
0.443 1.206 0.551 0.898
2010 -0.473 -0.473 -1.626%** -1.626
0.476 1.693 0.582 1.003
2011 -1.834%** -1.834 -2.288%** -2.288%**
0.461 1.721 0.550 0.856
2012 -1.411%** -1.411 -2.169%** -2.169*
0.489 2.011 0.586 1.149
P-value of HO : ui =0
2004 0.0000 0.4673
2005 0.0000 0.0000
2006 0.0000 0.0000
2007 0.0000 0.0000
2008 0.0000 0.0000
2009 0.0000 0.0000
2010 0.0000 0.5354
2011 0.0000 0.0000
2012 0.0000 0.3137
Clustered SE no yes no yes
Time FE no no no no
Precinct FE no no yes yes

The dependent variable is the probability of beangested conditional on being stopped. * denotgsifitance at
the 10% level, ** at the 5% level and *** at the 1&wel. P-value of HO : ui = 0 is the p-value foetjoint test of all

precincts fixed effects equal to zero.
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Table 47: Summons Issued, Overall and by Borough,dg Crimes

Model oLs oLs oLsS FE FE FE
(1) (2) (3) (4) (5) (6)

Black -0.605***  -0,593*** -0.594 -1.401***  -1.406***  -1.406**
(0.141) (0.141) (0.775) (0.174) (0.174) (0.563)
Constant 8.279%**

(0.129)
P-value of HO: ui=0
Black
Manhattan -0.058 -0.085 -0.085 -1.891%***  -1.871***  -1.871**
0.290 0.289 1.071 0.320 0.319 0.902
Bronx -0.427 -0.453 -0.453 0.476 0.440 0.440
0.590 0.590 0.757 0.644 0.644 0.885
Brooklyn -0.347 -0.369 -0.369 -1.487***  -1.514%** -1.514
0.251 0.251 1.182 0.305 0.304 1.186
Queens -1.026***  -1.023%** -1.023 -1.075** -1.000** -1.000
0.327 0.328 1.398 0.421 0.421 0.716
Staten Island -3.687%**  -3.341%*** -3.341 -1.668*** -], 533%** -1.533
0.356 0.359 2.597 0.453 0.452 2.611
Constant
Manhattan 7.949%**
0.267
Bronx 9.458***
0.563
Brooklyn 7.983%**
0.237
Queens 8.056%**
0.287
Staten Island 8.907***
0.261
P-value of HO : ui =0 0.0000 0.0000 0.0000
Manhattan 0.0000 0.0000 0.0000
Bronx 0.0000 0.0000 0.0000
Brooklyn 0.0000 0.0000 0.0000
Queens 0.0000 0.0000 0.0000
Staten Island 0.0000 0.0000 0.0004
Clustered SE no no yes no no yes
Time FE no yes yes no yes yes
Precinct FE no no no yes yes yes

The dependent variable is the probability of béssyed a summons conditional on being stoppedndtas significance at the 10%
level, ** at the 5% level and *** at the 1% leve?-value of HO : ui = O is the p-value for the joiast of all precincts fixed effects
equal to zero.
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Table 48: Summons Issued, by Year, Drug Crimes

Model OoLS OoLS FE FE
(1) (2) (3) (4)
Black
2004 -1.667 -1.667 -1.697 -1.697
2.423 4.802 2.480 4977
2005 0.347 0.347 -1.924 -1.924
1.313 1.993 1.532 2.045
2006 -1.737%** -1.737 -0.787** -0.787
0.332 1.634 0.401 0.690
2007 -1.892%** -1.892 -1.059%** -1.059
0.375 2.193 0.463 0.962
2008 0.478 0.478 -1.499%** -1.499*
0.385 1.106 0.491 0.871
2009 0.344 0.344 0.512** -1.450%*
0.409 0.821 0.000 0.621
2010 -1.362%** -1.362* -3.301%** -3.301%**
0.408 0.793 0.504 1.102
2011 -0.582* -0.582 -1.161%** -1.161
0.351 0.648 0.426 0.774
2012 0.814** 0.814 -0.363 -0.363
0.366 0.549 0.451 0.642
P-value of HO : ui =0 0.0000 0.0000
2004 0.0000 0.7395
2005 0.0000 0.3916
2006 0.0000 0.0000
2007 0.0000 0.0000
2008 0.0000 0.0000
2009 0.0000 0.0268
2010 0.0000 0.8851
2011 0.0000 0.0004
2012 0.0000 0.0000
Clustered SE no yes no yes
Time FE no no no no
Precinct FE no no yes yes

The dependent variable is the probability of bessyied a summons conditional on being stoppedndtes significance at the 10%
level, ** at the 5% level and *** at the 1% levd?®-value of HO : ui = O is the p-value for the joiast of all precincts fixed effects
equal to zero.
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Appendix 12 — Discrimination, War on Drugs, Year amnl Borough

Table 49: Arrest Made, by Year and Borough, War orDrugs Related Crimes

Model oLsS oLS FE FE
(1) (2) 3) (4)
Ma. Bronx Brook. Queens St. Is. Ma. Bronx Brook. Queens St.ls. Ma. Bronx Brook. Queens St.Is. Ma. Bronx Brook. Queens St.ls.
Black
2006 -3.814**%* 0.144 -1.423*** 0.202 1.479* -3.814** 0.144 -1.423* 0.202 1.479***.2.388*** .0.248 0.470 -1.896*** 0.273 -2.388 -0.248 0.470 -1.896 0.273
(0.441) (0.640) (0.292) (0.564) (0.826) (1.721) (0.846) (0.776) (1.934) (0.578) (0.466) (0.671) (0.339) (0.668) (1.005) (1.733) (0.575) (0.716) (1.817) (1.368)
2007 -5.102*** -0.609 -1.762*** -0.761 2.591** -5.102** -0.609 -1.762*** -0.761 **k4,059%%* 0916 -0.474 -1.396** -0.321 -4.059** -0.916 -0.474 -1.396 -0.321*
(0.520) (0.673) (0.351) (0.578) (0.998) (2.126) (1.229) (0.594) (1.336) (0.457) (0.556) (0.722) (0.422) (0.677) (1.205) (1.952) (0.886) (0.514) (1.187) (0.185)
2008 -2.006*** -0.280 -0.441 -0.219 1.302* -2.006 -0.280 -0.441 -0.219 1.302***-1.709*** -0.392 0.255 -0.950 -0.986 -1.709 -0.392 0.255 -0.950 -0.986
(0.538) (0.651) (0.389) (0.573) (0.726) (1.753) (1.265) (1.061) (1.163) (0.410) (0.599) (0.688) (0.462) (0.694) (0.910) (1.423) (1.035) (0.724) (1.214) (0.632)
2009 -1.999*** -1 .194%* -3 385%**.] 802***-2,.084*** -1.999 -1.194 -3.385*** -1.802 -2.084* -1.173* -1.197** -0.951%* -4.556***-1,.977*** 1,173 -1.197 -0.951 -4.556** -1.977***
(0.552) (0.563) (0.382) (0.562) (0.598) (1.867) (1.109) (1.311) (1.868) (1.267) (0.615) (0.604) (0.443) (0.710) (0.724) (1.813) (1.206) (0.866) (2.297) (0.727)
2010 -1.537*** .1 508** -3.346%**-2.456*** -0.673 -1.537 -1.508 -3.346*** -2.456 -0.673 -2.327***.2.260***-1.468%**.2.248***.3,104*** 2.327* -2.260* -1.468* -2.248** -3.104*
(0.542) (0.690) (0.409) (0.604) (0.670) (1.866) (1.661) (0.990) (1.773) (2.299) (0.609) (0.722) (0.474) (0.755) (0.811) (1.314) (1.333) (0.804) (1.056) (1.767)
2011 -4.268**%* 0.996* -2.395%**.3.041*** -1.731** 4268 -0.996 -2.395***-3.041** -1.731 -2.916***-1.368** -1.749%**.2 145***.3 720%** -2.916* -1.368%* -1.749*** -2 145** -3,720%**
(0.463) (0.576) (0.377) (0.603) (0.747) (2.599) (0.725) (0.650) (1.381) (1.337) (0.522) (0.597) (0.439) (0.705) (0.862) (1.637) (0.663) (0.521) (0.864) (0.304)
2012 -3.960**%-1,741%*%%.3 432%**.3 023*** (0.496 -3.960 -1.741 -3.432*** 3,023  0.496 -3.949***.1.967***.3,320%**-2.031** -2.449** -3.949 -1.967 -3.320*** -2.031* -2.449%**
(0.538) (0.623) (0.386) (0.736) (0.839) (3.474) (1.093) (0.968) (1.866) (1.051) (0.605) (0.657) (0.458) (0.860) (1.013) (2.491) (1.279) (1.155) (1.072) (0.253)
HO:ui=0
2006 0.0000 0.0000 0.0000 0.0000 0.0961 0.0000 0.0000 0.0000 0.0000 0.1075
2007 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0642
2008 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0145
2009 0.0000 0.0000 0.0000 0.0000 0.0006 0.0000 0.0000 0.0000 0.0000 0.0140
2010 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0011
2011 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0121
2012 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0011
Clustered SE no no no no no yes yes yes yes yes no no no no no yes yes yes yes yes
Time FE no no no no no no no no no no no no no no no no no no no no
Precinct FE no no no no no no no no no no yes yes yes yes yes yes yes yes yes yes

The dependent variable is the probability of beingsted conditional on being stopped. * denotgsifiiance at the 10% level, ** at the 5% level &titlat the 1% level. P-value of HO : ui = 0 is tipevalue for the
joint test of all precincts fixed effects equal to zeraitator variables for each different crime type iacuded.
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Table 50: Summons Issued, by Year and Borough, Wam Drugs Related Crimes

Model oLs oLs FE FE
(1) (2) (3) (4)
Ma. Bronx Brook. Queens St. Is. Ma. Bronx Brook. Queens St. Is. Ma. Bronx Brook. Queens St. Is. Ma. Bronx Brook. Queens St. Is.
Black
2006 1.619**%* _1.524 -2.701***2.185***_4.299*** 1,619 -1.524 -2.701 2.185 -4.299 -0.523 -3.231%**.1 535**%*2 666*** -1,.941** 0.523 -3.231* -1.535** 2.666 -1.941
0.605 0.976 0.432 0.650 0.723 1.338 2.229 1.992 2.313 3.255 0.638 1.016 0.501 0.746 0.870 1.004 1.691 0.677 3.448 3.151
2007 1.452** 0.217 -2.211*** -0.752 -7.960*** 1.452  0.217 -2.211 -0.752 -7.960 -2.121*** -2.053* -2.540*** 1.511** -4,725***-2.121** -2.053 -2.540** 1.511 -4.725
0.601 1.024 0.509 0.656 0.907 2.255 1.845 1.704 1.331 5.949 0.629 1.085 0.612 0.754 1.069 0.861 1.413 1.076 2.431 5.001
2008 0.936  -0.756 -2.783***.3.259***.4 396*** (0,936 -0.756 -2.783 -3.259** -4.396** -2.052*** -0.743 -4.164***-3.449***.3,310*** -2.052** -0.743 -4.164** -3.449*** -3.310
0.590 0.921 0.537 0.541 0.583 1.240 1.571 1.945 1.585 1.751 0.657 0.969 0.635 0.654 0.731 0.989 1.644 2.037 1.131  2.058
2009 -0.728 -3.608***-3,147*** -0.392 -3.719*** -0.728 -3.608** -3.147 -0.392 -3.719***.2,503***.3,037***.6.511*** -1.340%* -3.206***-2,503***-3,037** -6.511* -1.340 -3.206***
0.574 0.750 0.528 0.528 0.564 1.145 1.512 2.979 2.205 0.686 0.638 0.803 0.608 0.669 0.683 0.721 1.269 3.406 1.164 0.361
2010 -0.441 -6.181 -3.790 0.737 -2.944*** .0.441 -6.181** -3.790** 0.737 -2.944**%.5 (054***.5 728***.5 886*** -1.158 -2.246***.5,054***.5,728** .5886 -1.158 -2.246%**
0.601 0.798 0.511 0.611 0.607 1.933 2.652 1.782 1.935 0.740 0.670 0.835 0.589 0.764 0.736 1.674 2.019 2.098 0.965 0.552
2011 0.448 -4.865***.3,480***-2.021***2.495*** (0.448 -4.865***-2.031** -2,021*** 2.495** -2 641***.3.480%**-2.871***.1,917*** 1.603* -2.641***-3.480***-2.871*** -1.917 1.603***
0.505 0.646 0.814 0.534 0.711 2.201 1.369 0.841 0.669 1.091 0.559 0.669 0.486 0.632 0.821 0.801 0.814 0.899 0.736 0.464
2012 0.501 -1.586**-1.455*** 0.664 -1.188 0.501 -1.586 -1.455* -0.664 -1.188 -1.919***-1.715** 2.350*** -1.037 -3.676***-1.919** -1.715 -2.350*** -1.037 -3.676***
0.530 0.716 0.417 0.598 0.887 1.626 1.198 0.810 0.665 2.261 0.598 0.756 0.494 0.709 1.072 0.845 1.340 0.851 0.792 1.190
HO:ui=0
2006 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0002
2007 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0001
2008 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0272
2009 0.0000 0.0000 0.0000 0.0000 0.0885 0.0000 0.0000 0.0000 0.0000 0.0875
2010 0.0000 0.0000 0.0000 0.0000 0.0699 0.0000 0.0000 0.0000 0.0000 0.0191
2011 0.0000 0.0000 0.0000 0.0000 0.0556 0.0000 0.0000 0.0000 0.0000 0.0000
2012 0.0000 0.0000 0.0000 0.0000 0.0001 0.0000 0.0000 0.0000 0.0000 0.0009
Clustered SE no no no no no yes yes yes yes yes no no no no no yes yes yes yes yes
Time FE no no no no no no no no no no no no no no no no no no no no
Precinct FE no no no no no no no no no no yes yes yes yes yes yes yes yes yes yes

The dependent variable is the probability of begsgied a summons conditional on being stoppedndts significance at the 10% level, ** at the &el and *** at the 1% level. P-value of HO : uD4s the p-valu
for the joint test of all precincts fixed effectgual to zero. Indicator variables for each différetime type are included.
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Appendix 13— Discrimination, Other Crimes

Table 51: Arrest Made, Overall and by Borough, Seleted Other Crimes

Model oLs oLsS oLs FE FE FE
(1) (2) (3) (4) (5) (6)
Black -0.393***  .0.477%** -0.477 0.536***  (0.483*** 0.483*
(0.076) (0.076) (0.505) (0.091) (0.091) (0.267)
Constant 5.628%**
(0.730)
P-value of HO: ui=0
Black
Manhattan -0.212 -0.197 -0.197 1.114***  1.108***  1.108**
(0.184) (0.184) (0.665) (0.191) (0.190) (0.479)
Bronx 0.440 0.294 0.294 0.401 0.178 0.178
(0.358) (0.358) (0.867) (0.377) (0.377) (0.688)
Brooklyn -1.638***  -1.801*** -1.801*** 0.486*** 0.411*** 0.411
(0.110) (0.110) (0.668) (0.143) (0.143) (0.400)
Queens 0.398** 0.331** 0.331 0.180 0.080 0.080
(0.167) (0.167) (0.648) (0.197) (0.197) (0.524)
Staten Island 1.605***  1.643%**  1.643*** (0.904*** (0.909%** 0.909*
(0.202) (0.203) (0.410) (0.235) (0.235) (0.506)
Constant
Manhattan 6.469%**
(1.801)
Bronx 9.785%**
(2.285)
Brooklyn 4 572%**
(0.979)
Queens 10.547***
(2.029)
Staten Island 32.722%**
(4.433)
P-value of HO : ui =0
Manhattan 0.0000 0.0000 0.0000
Bronx 0.0000 0.0000 0.0000
Brooklyn 0.0000 0.0000 0.0000
Queens 0.0000 0.0000 0.0000
Staten Island 0.0000 0.0000 0.0118
Clustered SE no no yes no no yes
Time FE no yes yes no yes yes
Precinct FE no no no yes yes yes

The dependent variable is the probability of beamgested conditional on being stopped. * denotgsifitance at the 10%
level, ** at the 5% level and *** at the 1% levé?-value of HO : ui = 0 is the p-value for the jofest of all precinct fixed
effects equal to zero. Standard errors are predentparenthesis. All estimations include dummyiafales for each crime

type in the sample.
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Table 52: Arrest Made, by Year, Selected Other Criras

Model oLs oLs FE FE
(1) (2) (3) (4)
Black
2004 -3.813%** -3.813* -1.723 -1.723
(1.075) (2.124) (1.172) (2.349)
2005 -0.236 -0.236 1.366** 1.366
(0.467) (0.625) (0.622) (0.958)
2006 -1.142%**  -1.142%* 0.137 0.137
(0.175) (0.464) (0.210) (0.376)
2007 -0.925%** -0.925 0.035 0.035
(0.211) (0.593) (0.252) (0.439)
2008 0.011 0.011 0.29 0.29
(0.205) (0.702) (0.247) (0.360)
2009 -0.231 -0.231 0.394 0.394
(0.210) (0.665) (0.250) (0.488)
2010 0.286 0.286 0.660*** 0.660*
(0.212) (0.625) (0.252) (0.386)
2011 -0.476%** -0.476 0.499** 0.499
(0.200) (0.554) (0.235) (0.315)
2012 -0.544*** -0.544 1.206***  1.206***
(0.221) (0.634) (0.259) (0.432)
P-value of HO : ui =0
2004 0.0000 0.0000
2005 0.0000 0.0000
2006 0.0000 0.0000
2007 0.0000 0.0000
2008 0.0000 0.0000
2009 0.0000 0.0000
2010 0.0000 0.0000
2011 0.0000 0.0000
2012 0.0000 0.0000
Clustered SE no yes no yes
Time FE no no no no
Precinct FE no no yes yes

The dependent variable is the probability of besmgested conditional on being stopped. *

denotes significance at the 10% level, ** at the 8%l and *** at the 1% level. P-value of

HO : ui = 0 is the p-value for the joint test of atecinct fixed effects equal to zero. Standard
errors are presented in parenthesis. All estimatinonlude dummy variables for each crime

type in the sample.
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Table 53: Summons Issued, Overall and by Borough efcted Other Crimes

Model OoLS OLS OLS FE FE FE
(1) (2) (3) (4) (5) (6)
Black -0.463***  -0.455***  -0.455*** .Q,557***  .0552*** .Q552%**
-(0.047) -(0.047) -(0.098) -(0.057) -(0.057) -(0.106)
Constant 3.015%**
-(0.451)
P-value of HO: ui=0
Black
Manhattan -0.655***  -0.649***  -0.649***  -0.665*** -0.665*** -0.665%**
(0.089) (0.089) (0.208) (0.092) (0.092) (0.135)
Bronx -0.664***  -0.614%** -0.614 -0.490** -0.425* -0.425%*
(0.237) (0.237) (0.399) (0.250) (0.250) (0.243)
Brooklyn -0.457***  -0.458***  -0.458**  -0.537*** -0.562*** -0.562%**
(0.090) (0.090) (0.218) (0.117) (0.117) (0.193)
Queens -0.401***  -0.400***  -0.400**  -0.290***  -0.287*** -0.287
(0.083) (0.083) (0.165) (0.099) (0.099) (0.232)
Staten Island -0.740***  -0.767*** -0.767*** -0.868*** -0.895*** -0.895%**
(0.125) (0.126) (0.1112) (0.146) (0.146) (0.088)
Constant
Manhattan 1.778**
(0.868)
Bronx 1.887
(1.515)
Brooklyn 3.255%**
(0.798)
Queens 2.789%***
(1.015)
Staten Island 0.282
(2.745)
P-value of HO : ui =0 0.0000 0.0000 0.0000
Manhattan 0.0000 0.0000 0.0000
Bronx 0.0000 0.0000 0.0000
Brooklyn 0.0000 0.0000 0.0000
Queens 0.0000 0.0000 0.0000
Staten Island 0.0000 0.0751 0.0789
Clustered SE no no yes no no yes
Time FE no yes yes no yes yes
Precinct FE no no no yes yes yes

The dependent variable is the probability of bégsged a summons conditional on being stoppednttes significance at the 10%
level, ** at the 5% level and *** at the 1% levéd?-value of HO: ui = O is the p-value for the joiast of all precinct fixed effects
equal to zero. Standard errors are presented enghasis. All estimations include dummy variables dach crime type in the

sample.
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Table 54: Summons Issued, by Year, Selected Otherifes

Model oLS oLS FE FE
(1) (2) (3) (4)
Black
2004 -0.734 -0.734 -1.164 -1.164
(1.051) (1.049) (1.147) (1.117)
2005 0.349 0.349 -0.138 -0.138
(0.477) (0.398) (0.641) (0.494)
2006 -0.462%**  -0.462** -0.201 -0.201
(0.131) (0.211) (0.158) (0.225)
2007 -0.441%**  -0.441%** -0.284 -0.284
(0.148) (0.180) (0.178) (0.194)
2008 -0.454%**  .0.454**  -0.767*** -0.767***
(0.131) (0.179) (0.159) (0.185)
2009 -0.431%**  -.0.431***  -0.746*** -0.746***
(0.126) (0.147) (0.152) (0.231)
2010 -0.473%**  .0.473***  -.0.762***  -0.762***
(0.119) (0.142) (0.143) (0.167)
2011 -0.597***  -0.597***  -0.693***  -0.693***
(0.106) (0.189) (0.126) (0.185)
2012 -0.405***  -0.405** -0.305** -0.305
(0.118) (0.184) (0.140) (0.225)
P-value of HO : ui =0
2004 0.0000 0.0000
2005 0.0000 0.0000
2006 0.0000 0.0000
2007 0.0000 0.0000
2008 0.0000 0.0000
2009 0.0000 0.0000
2010 0.0000 0.0000
2011 0.0000 0.0000
2012 0.0000 0.0000
Clustered SE no yes no yes
Time FE no no no no
Precinct FE no no yes yes

The dependent variable is the probability of beisgued a summons conditional on being

stopped. * denotes significance at the 10% levedtthe 5% level and *** at the 1% level. P-
value of HO: ui = 0 is the p-value for the joinst®f all precinct fixed effects equal to zero.

Standard errors are presented in parenthesiss#édhations include dummy variables for each

crime type in the sample.
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