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Chapter 1. | ntroducti on

Heightened crime and violence among youth during the summer months is a
significant concern for communities, as this period often sees an increase in delinquency
(Jacob & Lefgren, 2003). To address this issue, various programs aim tgokeep
people engaged and off the streets. One such initiative is the Summer Youth Employment
Program (SYEP), which was originally designed to engage youtte ilmbor market and
to build up the skills and experience neededafsuccessful entry into the workforce.
Howeve, these programs have also been associated with reduced levels of crime and
criminal justice outcomes among participants (Gelber et al., 2016; Heller, 2014; Kessler
et al., 2022; Modestino, 2019)nderstanding the link between summer employment and
arrestds importantfor creatingeffectiveinterventions thapromoteyouth development
while curbingyouth crime By providing meaningful employment opportunities during
the summer, SYEPs may not only facilitate a smoother transition to adulthood but also
sere as a protective measure against the risks associated with summer idleness.

Summer Youth Employment Program (SYEP) widely implementegrogram
created to provide youth with productive and enriching actiwtiesn school isiot in
sessionSYEP connects youth to jobs over the summer, usually around 2 months. New
York City (NYC) runs the largest SYEP in the nation, serving tens of thousands of youth
each yeat.During the study period of 2006 to 2008, the program placed NYC residents

aged 14 to 21 in neprofit private sector jobs (mainly as camp counselors in summer

I New York City had its largest SYEP cohort in 2G281 2024 linking summer employment to more than
100,000 youths in the community (SYEP Annual Summary, 2023).
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camps), foiprofit private sector jobs, and jobs in government ageri@Gekoer et al.,
2016) Participants worked in jobs across the five boroughs and received New York State
minimum wage for 20 to 25 hours of work per week. Participants also took a variety of
workshops on topics including career exploration and financial literacy with community
based organizefsa |l s o c al | .eDde tdgigvarsabsdriptian nfsS¥EP from young
residents, administrators utilized a lottery system to determine participation in the
program, and every applicant had an equal chance of being salenteslling for the
year and provider

Although SYEPs wereot initially founded to combat crime, NYC and other

large cities have turned tbese programis their efforts to reduce youth violence in the

summer . NYC Mayor pointed to the cityds SY
vi olence and gun violence in the (&thofi ni str
New York Office of the Mayor2022) However, it is not immediately clear from

traditional criminological theories whether SYEP might increase or decrease arrests.
Recentpolicy discussions of SYEP on crime often reference four mechathsins

present contrasting expectations :f)egarding
SYEP alters the opportunity and time for <c

human capital, 3) SYEP provides income that makes crime less attractive, and 4) SYEP
establishes positive peer influencBsopnents of SYEP emphasize its potential to

reduce arrest by providing structured activities that limit unstructured sociakang

youth are more likely to engage in delinquency when they have unstructured time with

their peersabsent adult supervisig@®sgood et al., 1996Having a job during the



summer takes youth who would otherwise be with their gedfshe streetSand limits
the time they havéor criminal activities (i.e., involvement, Hirschi, 196¥)outh in
SYEPcam| so enhance participantsd human capit
like conflict resolution and setfontrol,which are related to lower delinquen@nd
subsequently lower arreqfgl. R. Gottfredson & Hirschi, 1990; Modestino, 201Bhe
fact of having a job and inconzan reduce strain for participants andrease the cost of
offending to the point that crime is not as attractive anyr(dgeew, 1992Becker,
1968) In addition,SYEPsmightr e duce pamestd br paghsbearni ng
attitudes from peers and adult mentors in the workpMatentine et al., 2017; Warr,
2002) On the other hand, some theories would suggest that SYEP could inadvertently
increase arrest risks by exposing youth to new criminogenic environments or police
presence by needing them to commute to wGdhen & Felson, 19%9Moreover, the
program might enable access to drugs or alcohol through providing earned income
(Wright et al., 200}, and the varying quality of job placements may not always result in
the intended positive outcomgstaff et al., 201D There may be additional, yet
unexplored, meamisms through which the program influences crime and arrests,
underscoringheneed for a comprehensive evaluation of these initiatives.
Todate,e al uati ons of SYEPs in different ci
troubl ed i de &heyfifd thatharicippntsandYEPeerearrested and
incarcerated less than those wierenot selectede.g., Gelber et al., 2016; Kessler et
al., 2022) For example, the SYEP in Chicago (One Summer Chicago) significantly

reducel violent-crime arrests during the program summer apear after(J. M. V. Davis



& Heller, 2017; Heller, 2014)with participantsexperiencing a 43 percent lower
likelihood of arrest for violent offenseesmpared to those who were not selected for the
program. In Boston, SYEP redutie number of arraignments for violent and property
crimes both during the program summer anthesubsequent7 months(Modestino,
2019) Consistent withhesefindings, the NYC SYEP als@ported alecrease
likelihood of arrests and incarceratifor participantGelber et al., 2016; Kessler et al.,
2022)
Recent studies revealed tisaty E P 6 s wasmad unifotm across all
participants Specifically, he effect of the NYC SYEP in reducing criminal justice
outcomes during the prograrasconcentratedh participants who hhalready been
arrested prior to the program sumrfi€essler et al., 2022 Additionally, participants
whoweremale or Latinaverearrested and convicted less than their-participating
counterparts. Using machine learning techniques, Davis and k2020)find that
youths whoverepr edi ct ed to gain the most from Chi
employmentverethose whowvereHispanic, female, and younger. These prior works
concentrated on peaetchdracteriptiesrietgq mce/etinitity,\sexd u a |
etc.), and the dominant explanations of the program mechanism are focused at the micro
level (see also Modestino, 2017, 2019gt, what remains unexplored is the geographical
variation i n S YoEhBv reighbarhea tomexhimpacdsfthie pragtam.
Where someone resides can be an important factor in explarhetper there are
different impacs of SYEP. Location can matter in several ways. Fidssadvantage often

clusters in specific neighborhoods within a city, particularly those with high minority



population, especially majoriiglack communities. Theseeighborhood characteristics,
like social and economic disadvantage, are documented to impact a myriad of
developmental and behavioral outcomes for residengs, Sampson, 2001; Wodtke et
al., 2011) Certain structural features linked to disadvantage can disrupt the social
network and the ability of residents to control crime in commun(ties collective
efficacy, Bursik, 1988; Sampson et al., 199%¥eaker collective efficacy in a
nei ghborhood can suggest that residents ar
socializing(Osgood et al., 1996; Sampson et al., 20Bajther,concentrated
disadvantagean influence the levelf unstructured socializinfpr young residents and
the amount of time spent in public or in their neighborhddaifion & Browning, 2010;
Sampson, 2002; Wiksim & Butterworth, 20086 Thus, while SYEP may offer a
structured environment that mitigates youth exposure to crime, its effectiveness can be
influenced bydynamics in neighborhoods with higher or lower disadvantage
possible thaparticipants in economically distressed neighborhoods may likely benefit
more because the program takes them away from situations that are conducive,to crime
whereas participants in more advantaged neighborhoods may see lesser impact of the
program given its fewer opportunities fanrestso begn with (i.e., floor effect)lt is also
possible that participants in more disadvantaged places experience higher arrest risks due
to commuting raising thé& exposure to risky situations.

Jobs andesources are also not uniformly dispersedities Disadvantage often
impacts the quantity, accessibility, and quality of resources that are available for youth in

a community, including libraries, parks, schools, and job opportufiteenthal &



BrooksGunn, 2000; Sampson et al., 200Phese are important resources that influence
youth development and human capitahich can have a lasting impaEmployment
programs like SYEP can serveasompensatory mechanism, providing vital resources
and support that alleviate some of the disadvantages faced by youth in underserved
neighborhoods whemevelopmentally enrichingpportunities would have otherwise
been more difficult to obtairin contrast, mi | e SYEP can enhance par
socialhuman capitahndenabe better longterm outcones, disparities in access to
resources may favor youth from more affluent neighborhoods. This capacity formation
ideasuggests that these youttight bebetter positioned to leverage the program for both
shortterm and longerm benefits.

Where an individual lives can also influence their likelihood of being in contact
with law enforcement given the unequal distribution of police activity across areas.
Neighborhood factors shape police activand dsadvantaged or higbrime
neighborhoods tend to see higher police presence and more aggressive policing tactics
(Kane, 2002; D. A. Smith, 1986; Terrill & Reisig, 2003puth living in these
communities have a greater chance of paiceounter¢Chenane et al., 202Q)ocal
police practices can exacerbate the risks associated with unstructured socialpany.
of law enforcement that may be related to the probability of arrest for NYC yatli is
stop, question, and frisk (SQpdacticeused by the police. Although most of these stops
did not result in arrests, differential police activity influences the probability that
someone encounters the police, which can either lead to arrests or influence the

i ndi vidual s 6 Dbfieddiag(Ghdnane et al.p2020)icredsedmpaice



presence may lead to higher arrest rates among youtteaddstreduction effect that

SYEPmight haveby taking youth off the streets may differ depending on the levels of

police attention across neighborhoo@senversely, if SYEP necessitates travel outside

the home, it could inadvertently heighten exposure to policing. Ultimately, while SYEP

holds promise for reducing arrests among youth, its impact may vary based on local

context and the interplay between ridigrhood disadvantage and policing pices.
Considering the nationds history of seg

disadvantagdpcal resources, amablice activityin neighborhoods are highly organized

across raciatthniclines. Children of color are much more likely to grow up in

communities with higher levels of disadvantage than White chil@anders et al.,

2023) The consequences of residential segregation and racism extend to various aspects

of life for people of color, particularlglack youth whoareoftenpoliced at higher rates

and more aggressive(Brunson & Weitzer, 2009; Hinton & Cook, 2021; Kane, 2002)

SYEP may have different |impacts based on t

race/ethnicity, with potentiahorttermbenefits for Black and Latinx youth

disadvantaged neighborhooaho face more significant barriers to employment

(Andersson et al., 2014; Squires & Kubrin, 2005). However, the efficacy of such

programs may be limited by the discrimination they experience and the structural

disadvantages present in their neighborhopdtentially resulting in less pronounced

long-term benefitsOnthe other hand, participation in SYEP increasegposure to

risks and policescrutiny, Black and Latinx youth maface aheightenedikelihood of

arrest due tthegreatersurveillancehey face from law enforcement based on their race



(Jones, 2014; Raphling, 2019)together, the dynamsof youthracdethnicity,
neighborhoodlisadvantageand policing suggest that the impacts of location on SYEP
outcomes might differ for youth of various racial/ethnic identities.

This dissertation explokkthe geographical variation and contextual influences in
the effect of SYEP on youtlrrestoutcomes in New York City. This project agafito
examine the following overarching questions:

RQ1: Does SYEPG6s effect on arrests vary
RQ2: Ho w dhorttednY dhdPlongermeffecs on arrests differ depending on the
neighborhoods where applicants reside?

RQ21: Howdo S Y E Rhibdterm and longermeffect vary by neighborhood
disadvantage

RQ22: Howdo S Y E Rhibdterm and longermeffect vary by neighborhood
police activity?
R@3: Does residential context (disadvantage and policing) influence program effects
differently for participants of various racial/ethnic backgrounds?

The dissertation usea sample of almost 130,000 applicants to the NYC SYEP
from 2006 to 2008 whwerebetween 16 to 21 years old. Provided by the New York City
Departmenbf Youth and Community Development (DYCD), Ichdata on applicands
demographic and residential information, an indicator of whether the applicant was
selected for SYEP, and whether they participated in the program. The SYERedata
matched with criminal justice records (i.e., arrests, arraignments, convictions) from the

New York StateDivision of Criminal Justice Services (DCJS) to assess arrest outcomes

by



until 2015. To examine how residential context influences program effects, Idiilbege
administrative data witthreeot her dat asets basedl)them t he ap
American Community Survey (ACS) for neighborhdedel demographic information
2) the opersource Stop, Question and Fr{§QF)data released by the NYC Police
Departmen{NYPD), and 3) historical tuberculosis (TB) prevalence rates in 1949 to 1951
from the New York Tuberculosis and Health Association archival repbesehree
data sources, on top of the two administrative datasets, edlowve toexaminehow
neighborhoods matter for the effect of SYEP on arrésgghborhoodevel SQF stop
rates were used as a proxy for the level of police activity in the area.
| leveragel the random variation in the lottery procesed byprogram
administrators to selewthich applicant was able to participate in SYEP in that given
year. Ths lottery createda natural experiment, which provitla unique avenue to
estimatehe progrard s | am@raestdutcomesTo begin,l rana random effects
model todescriptivelyunderstanavhether the effestof SYEP on arrest diffed by the
ZIP codes where applicants lokeThen, | emplogdan instrumental variables (V)
approachusing lottery resustas an instrument for SYEP participatiomevaluate
whethemeighborhood disadvantage and police activifiuencedt he pr ogsamés el
on arrestsSpecifically, | employed awo-stage least squares (2SLS) regressions
estimate the local average treatment effects (LAGfERpe program for youth who
participated in SYEP compared to those who did not participate because they were not

selected.



Due to thepotential endogeneity ofeighborhood disadvantage and SQF stop
ratesin themodels | used historicaluberculosis TB) prevalence ratfrom 1949 to
1951as anovelinstrument forcontemporaryneighborhoodlisadvantagand an adjusted
Bartik-style shiftshare instrument for SQF activity (both of which are elaborated upon in
the Methods section).he logic behind using TBatesas an instrument for neighborhood
disadvantages becausd B ratescapturea function of longstanding health and social
conditions, which, although historically relevant, are largely independent of
contemporary factors influencing arrests, such as law enforcement practices or individual
behavior.The Bartikstyle instrument, inspired by Weisburd and colleagues (2016),
aimed to isolate exogenous variation in SQF stop rates by leveraging citywide factors,
such as shifts in paling strategies or crime trends, that would influence SQF practices at
the ZIP code level. It captured changes in police activity that were not directly related to
local crime or neighborhoesbpecific conditions, ensuring that the observed impacts on
youtharrests were attributable to changes in SQF activities, not other local dynamics.

Additionally, | performedrobustness and sensitivity analyses to evalilgte
results including a supplemental quartile analysis to assess SYEP effects without using
the instruments for neighborhood context.

Exploring thevariationin program effects bgpeighborhooaontext is important
in discovering potential groups fahom SYEPmay beeffective or harmful This
investigation camdentify target populatiasifor future policy angrovideinsightinto the
potential mechanisntirough which SYEP influence arrestinderstandingprogram

heterogeneityand mechanismsan inform criminological theories on how youth interact
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with social control institutionssuch agmployment and the criminal justice system.
Furthermoreand most importanthpinpointingthe characteristics of neighborhoods
where SYERIemonstrates the greatest efficaeynenablepolicymakergo direct limited
resources strategically, maximizing potential benefitsrfidividualsandcommunities
Evaluation of thissubstantiakocial program igssentiafor developingevidencebased
policies on youth crime prevention.

This dissertation is organized into several chapters that systematically explore
how neighborhood context may influence SYEP outcomes. Chapter 2 provides an
overview of youth employment and the policy landscape of summer youth job programs
with a particular focus on the New York City SYEBmM 2006 to 2008t also discusses
the expectations around SYEPG6s potenti al
alongside previous evaluations of the programs. Chapter 3 shifts to contextual influences,
exploring how social disorganization, opportunities, availaddeurces, and police
activity mayplay a role in how neighborhood disadvantage and policing can shape SYEP
outcomes. | also discuss the ways youth race/ethnicity can play a role in shaping their
experiences with neighborhood context and the program. Chapter 4 outlines the
dissertations hygtheses, data sources, and methods.

Chapter 5and Chapter fresent the results of the anayas well as robustness
checks, sensitivity analyses, and supplemental analiseverall models indicadeno
significant differences in program effects betweerghborhoods dfigh and low
disadvantage or betweémose othigh and low police activity. However, the estimated

marginal effects and supplemental quartile analysis regeabre nuanced patterns.

11



Specifically, these analyses demonsttdbat SYEP was associated with an increase in
contemporaneousrests for participants living in more advantaged anddebsed
areaswhile redudng arrests for those in more disadvantagedraediumto-high

policed neighborhood3hese patternseemed to be concentrated in Black and Latinx
youth. Longterm findingsindicatedno consistent differences in SYEP effects across
disadvantage. However, participants in less disadvantaged areas appeared to face
heightenedarrest risks four to six years pgsiogram, particularly among Black youth. In
contrast, | observed that White youth in more advantaged neighborhoods experienced a
sustained reduction in arrest rates, while the@mg impacts on Latinx youth were less
clear.A discussion of the results is in Chapfealong with policy implications. Finally,
ChapterB concludes the dissertation by summarizing key findings and their contribution

to the field.
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Chapter 2. Summer Youth Empl oy me

Youth are most likely to work over the summgezttrends in employment rates
for teens and young adults have been blasakof July 202, little more than half (54.5
percent) of youth aged 16 to 24 were employed (U.S. Bureau of Labor Statistids), 2024
a decline from 65 percent in July 200e trend isnore discouraging when focusing on
teenagers between 16 to 19 years lmldhe summer of 13 the employment rate for
this groupwas58 percent (DeSilver, 20228y 2007, the ratbas fallen tadhe mid30s
(Danziger & Ratner, 2010Although teen summer employment rates have increased
slightly in recent years, they remain near ay6@r low, with only37 percent in 2024
(DeSilver, 2022U.S. Bureau of Labor, 202}ia

Considering the importance of early employment in shaping future work and
wage trajectoryCarr et al., 1996}the low teen employment rate is concerning. What
makes matters worse is the uneven youth (un)employment rates across racial/ethnic
groups and socioeconomic status (DeSilver, 2Q23; Bureau of Labor Statistics,
2024b). Youth of color are less likely to participate in the labor market and have a more
difficult time securing a job. Black and Hispanic youth experience higher unemployment
compared taheir White peers (Baum & Ruhm, 20X6rogger, 1992thlanfeldt &
Sjoquist, 1990 In addition, youth participation in the summer labor force increases with
household income and levels of local teen employment (labeg et al., 2016; Sum et
al., 2014)

Finding a job is not an easy endeavor especially for teenagers. Labor market

changes in the past few decades have made the transition to adulthood, especially the
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transition from school to work, hard@panziger & Ratner, 2010; Dennett & Modestino,
2013; Sum et al., 2014 he market now has a greater demand and preference for
workers with technical skills or pasecondary trainingAcemoglu & Autor, 2011; Autor

et al., 2003)For examplemore employers nowequire some form of basic work
experiencdor jobs (Pew Research Center, 2QMhich is hard foteers andyoung

adulss to acquire due tiimited ability and time to accumulate education or work
experience desirable by employers. Interviews with administrators and organizations that
provide summer joprogramgo youthrevealthat many employers are indeed reluctant

to hire young people in their early tedialentine et al., 2017)

The landscape of youth employméiighlightsthat support for young people is
needed. An avenue that can provide individuals with growth and engagement
opportunities is summer youth employment progré&&EP) which connect youth with
a job that can help build their work experience and facilitate their future transition into
the workforce. These interventions are often paired with career counseling, technical
trainings, financial literacy, and college preparatn wor kshops to suppor
transition to dulthood(Fernandeg\lcantara, 2017; Sum et al., 2014) summer jolmot
only helps youth build work skills buallso has the potential of keeping youth away from
troubleduring the summer months whdalinquency and crime among young peapie
often high Structuredandsubsidized summer work progragenimprove youth
outcomes, prevent crime, and potentially reduce inequality for disadvantaged groups
(Heller, 2014; Modestino, 2017; Sepulveda & Hutton, 20T8)s chaptewill provide an

overview of summer work programs, the theory behind them, and the evidence for them.
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| will detail the implementation of the NYC SYEP during 2006 to 2008, as it is the
primary subject othis dissertation.
Youth Empuamymeni me Experiences, and Cri me
Employment is one kemilestonefor young people transitioning into adulthood,
accompanied by reaching emotional and economic indepen(famstenberg et al.,
2004) People ofterconsider completing education, financial independence, and working
full time as key events of reaching adulthddd W. Smith, 2003 Employment impast
education completion, and vice versa, and employment is crucial to arriving at financial
independence.
Employment in adolescence can be positive or negative for schooling depending
on the schedule and pattern of the wiMortimer, 2010) Some high school students
who work a moderate number of hours per week during the sgbantend to have
slightly better or similar school performance than those who do notw&l Ami c o,
1984; Lillydahl, 1990; Mihalic & Elliott, 1997; Mortimer & Johnson, 1998; Steel, 1991)
On the other hand, working more than 20 hours a week can be hgvotaiitially
leading to decreased school engagement and increased substaivenasan et al.,
2011; Mortimer & Johnson, 1998; Staff et al., 20ID@spite the difficulty of isolating
causal effects of employment on school success, the consensus is tim¢ sty work
during the schoolyear tgpically not detrimenta{Buscha et al., 2012; Lillydahl, 1990;
Monahan et al., 2011; Rothstein, 2007)
During the summemhen school isiot insession, there is greater leisure time

giving youth an opportunity to engage in enriching activities that aid their development,
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like acquiring a job. Unlike working during the academic year, summenjidrsthe

benefits ofwork without the downside of interfering with schodhese positionsan

provide learning opportunities and fill the vacuum of structured activity that is left with

school being out Work can teach and help young people devehldpableskills, such as

vocational skillspositive work habits, responsibility, time management, and conflict
resolution (Duckworth et al., 2007; Lillyd
gained in their summer workplace are important for ydughcial and professional

development, and these skills can become important assets for life ancéuaee

success (Modestino, 2017; Siyeda & Hutton, 2019).

While unstructured timbave benefits foyouth, there are risks to too much
unstructured time in the summer. When unstructured time is paired with a lack of
supervision, these unstructured and unsupervised activities are linked with greater risk
taking and delinquency (Osgood et al., 1996;(B&mla & Hutton, 2019). The structure
and supervision that summer employment can potentially provide may be particularly
important during the summer months when rates of crime and delinquency are also
heightenedBlock, 1984; Hipp et al., 2004; Jacob & Lefgren, 2003; McDowall et al.,

2012)

2 Structured activities are more restrictive in how youth spend their time, while unstructured activities are
less restrictive. Neither type of activity is inherently goodbad (Seplveda & Hutton, 2019; Osgood et

al., 2005; Barker et al., 2014). On the one hand, unstructured time in the summer can help offset some
stress from the academic year. Children who spend more of their leisure time during the week in less
structured activitie (e.g., free play time alone or with others, family visits, watching TV, etc.) develop
better cognitive control and regulation of goalenting behaviors (Barker et al., 2014). On the other hand,
unstructured time can introduce risks of delinquency loergproblem behaviors (Osgood et al., 1996).
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Crime rates, includingr®otings, certain types of property crimes, and violence
(e.g., aggravated assautgnd to bénigher during the summer months compared to other
times of the yeawith patterrs of simple assaults vging by age grougDodge &

Lentzner, 1980; Geoffroy & Amad, 2016; Lauritsen & White, 20Ed) instance gens
agedl12 to 17 years oldxperience #éargeincreasen simple assauihcidents peaking in
thefall when school begins, wheasndividuals aged 18 years and older have highest
rates of simple assault victimization in the summer (Lauritsen & White, 2Bé}pnd
crime and victimization, summertimeiisgenerahl highrisk period for youth
(Sepllveda & Hutton, 2019). Adolescents are at higher risks of obasjityies, and
injury deathsl(oder & Abrams, 2011Mahoney, 201; Parks etl., 2018) In response to
theheightened risks over the summseholars suggeftcusing orstrategieshat build
healthy relationships with youth anffer safeandhealthy summertime activities
(Sepllveda & Hutton, 2019)Hence, a summer job may keep youth productively engaged
and away from risky behaviors when school is out.

Though there are reasons to believe that having a summer job will reduce crime,
the empirical evidence on the overall relationship between work and delinquency
provides a more cautious outlook. Overall, researdimatsnixed relationship between
work and crime for adulte.g., Apel & Horney, 2017; Laub & Sampson, 2003; Nguyen
et al., 2023) The workcrime relationship is even more nuanced for yautkely
becausehte nature of youth work is complicated by the need to be in school most of the
year and the unique developmental phase that they are in. Three divergent findings

emerge from the large body of research looking at indivithyvedl employment and
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youth deviancé some studies find thatork is related to increased delinquency (e.g.,
Steinberg et al., 1993)thers suggest reduces delinquency (e.g., Apel et al., 2008y
others findimpact of having a job on crime (e.g., Paternoster et al., 2003). These
variations may arise fromlifferences insamples, ages of youth, types of employment,
timing of employment, and analytic methoddkxy

Early studiegypically find that youth employmenparticularly for those working
more than 20 hours per wee&nd to increase delinquency, substance use, and adolescent
problem behaviors like aggressi@achman et al., 2003; Bachman & Schulenberg,
1993; Greenberger & Steinberg, 1981; McMorris & Uggen, 2000; Mortimer et al., 1996;
Ploeger, 1997; Steinberg, 1982; Steinberg et al., 1993; Wright et al., T@ge
studies whichmostly analyze survey data from th@70s to earlyl90sandfocus on
employment during the school year, often do not distingogttveerformal work versus
informal work (e.g., babysitting, mowing lawns). A main conclusion from the results
suggestshat intensive work (i.e., over 20 hours per week) is particularly negative for
adolescentssuch as higher rates of substance(asg, Mihalic & Elliott, 1997;
Steinberg & Dornbusch, 1991)lore recentesearch, howevedemonstratethatmany
of the employmentlelinquency findingsnaybe attributed to preexisting differences
between youth who worfintensively) and those who do not (Paternoster et al., 2003).

Contrary to earlier findingdaterstudies utilizing more rigorous research designs
and statistical techniques show that employment is related to decreased delinquency
(Apel et al., 2008; Grogger, 199&or instanceWadsworth(2006)observes no impact

of work duration and income on crime for young adults in the National Longitudinal
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Survey of Youth (NLSY), but job quality (whether the job has rewarding attributes or
not) is associated witheduce criminalinvolvement. What differs from prioesearchs
the age of the individuals investigat®dadsworthstudiesyouth already out of high
school (age 18 to 20) while the others mainly examined high school studdsisg the
same survey but a younger group of adolescents (&g® 16), Apel and colleagues
(2008) find that work intensitis related talecreased delinquency.

Moreover, some researshiggestshat the relationship between jobs and crime
may bespurious or conditional on other fact¢fgpel et al., 2007; D. C. Gottfredson,
1985; Staff et al., 2010Yhe threat of selection bias is comnwamenstudying the
employmentcrime relationship youth with jols mayhave observable and unobservable
differences thainfluences their likelihoodo commit crime. For example, Paternoster
and colleague&003)find crimeinducing results similar to those fromarly studies
usingtraditional modeling strategies, but the deleterious relationship disabesr
accounting foconfoundingfactorssuch as individual and situational characterisfics
address selection bias, recentdies often employ morebust research design and
statistical techniquesuch agyroupbased trajectory modelirtg control fory o ut h 6 s
histoliesof delinquency and substance use (Apel et al., 2@0Hough not without
limitations,these studieattemptto account for stable individual level characteristics
betterisolate thampactof employment.

Experimentalktudiesof work programs for youth finthixed resuk on crime
(e.qg., Orr, 1996; Piliavin et al., 1986) appears that some high intensity employment

programs improve employment outconfieisdisadvantaged you{iKemple & Willner,
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2008; Millenky et al., 2011; Roder & Elliott, 2011; Schochet et al., 2808)erms of
crime, studies indicate thaarge job programsuch aghe Job Corps and JObSTART
haveproduced small bytositiveimpactson reducingyoutharrestyCave et al., 1993;
Schochet et al., 2008n contrast, research on theb Training Partnership Act (JTPA)
finds that the treatment group had higher arrest rates than the contro(Bloup et al.,
1997) Similarly, the National Supported Work Demonstratadeo showedimited
succesin reducing crime for teerend young adultéNguyen et al., 2023; Uggen, 2000)
A reason why these large job training programs are less effective for disadvantaged youth
might be because interventions need to be intensive enough to compensate and overturn
the strong negative forces of disadvantage that these youth face. Oftetitarast of
implementing such programs is deemed too expensive to justify the inve§itieteat et
al., 2017)

While the relationship between youth employment and crem&ins debated
scholardind that earlyjob opportunitiesare related tenhancd future labor market
prospects, net worth, and financial wellbe{Baum & Ruhm, 2016; Carr et al., 1996;
Painter, 2010; Ruhm, 1995, 199Fpr instance, using the Current Population Surveys
and the American Community Surveys from 2000 to 2011, Sum and colld2giad3
compare employment outcomes for teensga@eto 19) and young adults (af0 to

24) with varying background characteristics living in 100 largest U.S. metropolitan areas.

3 These programs are intensive in that they are often costly, long, or have rigorous requirements. For
instance, the National Guard Youth ChalleNGe Program isradiith jobs program with a 26 22week
residential component (Millenky et al., 2011). Tlod Lorps, also a residential program, offer educational
instruction, vocational training, job placement services, counseling, and other individualized services
(Schochet et al., 2008). The two example programs cost an average $14,000 and $16,500pemtpartic
respectively.
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More work experience was associated with a higher likelihood of employment in the
short term (the following year) for teens and young adults and in thedomg(four to
five years later) for teen3hey also observe that higher educational attainment and
school enrollment status were consistently linked to highgloyment ratesvith young
adultsholdinga b a c h e | being ®/e30 pegceneneore likely to be employed

compared to thoseho were not enrolled in college (Sum et al., 2014).

Summer Youth Jobs Progr ams

One of the ways that cities provide engaging and productive activities to youth is
through summer employment programs. These programs are almost ubiquitous, and they
are carried out at the city or county level by organizations such as employment service
agencies or workforce development boarsurvey of the 30 largest cities in the United
Statefrom 2014 to 2016 find th&t7 offer some version of a summer jobs program
(Heller & Kessler, 2017)Although program detailariesfrom jurisdiction to
jurisdiction, the basic structure is similar.

Summer youth employment programs (SYEPS) generally connect youth to a job
for five to seven weeks over the sumnweith youthworking around 185 hours a
week? Thesepositiors arecompensated with a flaite stipend or an hourly minimum
wage often subsidized by the government. Most summer job programs serve youth in
their teens to early adulthood (usually 14 to 24 yearsamidprovide a range of services,

including career exploration workshops, assistance in locating unsubsidized jobs or

41 will use the acronym SYEP to refer to summer youth employment programs in general. It should be
noted that not all <cities name their work programs
Summer Chicago Plus (OSC+).
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internships, jokrelated training, and educational planning worksHéesnandes

Alcantara, 2017)Depending on the jobs available (and the resources available to
appropriately match youth to employer), the skills required for each job position can vary
(e.g., work readiness, education level). In general, large shares of participants are placed
in nonprofit or public sectoroles For example, the most common types of worksites in
the NYC SYEP from 2006 to 2014 are daycare and day camps, community and social
services, education, leisure and hospitality, and government agencies (Valentine et al.,
2017)

In many cities, the demand for SYEP exceeds the supply of slots offered in the
program. Organizers utilize different methods to allocate slots to youth who apply,
includingrandom assignment, firsbmefirst-served, meribased, restriction based on
certain demographics (e.g., income, risk), or a mix of strategies listed (see Heller and
Kessler 2017 for a thorough discussion on the advantages of random assignment to
allocateprogram slots and how the lottery system can maximize net social welfare).
There § little variation across cities in how jobs are assigned to participants after they are
Onceoffered a spot in the programparticipants are typically assigned to jobs based on
administrative matching, considering factors like skills and location, but there is no use of
random assignment for job types within programs (Heller & Kessler, 2017).

SYEPs share similahortterm and longermgoals(Gelber et al., 2016; Ross &
Kazis, 2016; Valentine et al., 201 Bhort-term objectives for SYEPs are often to 1)
introduce young people to early work experiences to prepare them for future

employment, 2) provide immediate income to youth and their family, 3) reduce youth
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unemployment in the summer, 4) help youth acquire work habits, professional skills, and
financial literacy, 5) help youth explore career and postsecondary education options, and

6) deter youth from activities that could lead to them getting in troubleiong Iharmed

during the summet.ongterm objective of the programaret o i mpr ove yout hos
academic and employment prospe€isies maychoose to target specific goals

depending on funding or other priorities.

SYEPs are primarily supported througltombination of funding sources
(government, foundations, and businessegh most of the cosgoing tosubsidiing
participantwages. The typical cost ranges around $1,400 to $&0participant
(Fernandeg\lcantara, 2017)Funding hashistoricallycomplicated program
implementationFor example, NYC SYEP community organizers and administrators
often faced uncertainty about funding and job availability until shortly before the
programbébs start due to the city -lJunedget agr
(Valentine et al., 2017).

The federal government has made an effort to address youth unemployment,
especially over the summer, by dediegtfunding for youth summer employment and
job trainingssince 1964with a portion targeting youths from lewwcome or
disadvantaged families. From being a standalone program in the 1982 to the 1998 Job
Training Partnership Act (JTPA) to a required activity as part of the 1998 to 2014
Workforce Investment Act (WIA), sumen youth employment continues to be expanded.
Coming out from the Great Recession, the American Recovery and Reinvestment Act in

2009 directed more money to focus on summer andrpeiad youth employment.
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Currently, the 2014 Workforce Innovation and Opportunities Act (WI@Ajle summer
employment an optional activity under the Youth Activities funditfgppugh recent

federal funds for SYEPs have been serdWValentine et al., 2017). Aside from
legislation, other federal efforts have come in the shape of specific initiatives, grahts,
encouraging more coordination between federal programs to better serve youth in the

summer

The New York City Summer Youth Empl oyment |
New York City (NYC) runs the nationds |
program. The program has been operating continuously since its inception in 1963 and it
hassignificantlyexpanded over the @filus years. In 2022 and 2023, the program
connected a record number of more than 100,000 youth to jobs in over 18,000 worksites
in the city(City of New York Office of the Mayqr2022; Summer Youth Employment
Program Annual Report, 2022023)
My dissertation will examine the NYC SYEP between 2006 and 2008. During
this period, all youth residing in the city and between the ages of 14 and 21 were eligible
to participate in NYC SYEP. Participants worked at eténel jobs with public and
privateemployerdor seven weeks in July and Augustpically up to 25 hours per week,

any day of the week (Sunday to Saturd&Werall, youth were paid the New York State

5 Local government agencies can also choose to fund other types of youth activities under the WIOA, such

as preapprenticeship programs, internships and job shadowing, atitegobs skills training. More

details can be found in the Congressional RepoBieyices repoitFernandesilcantara, 2017)It should

be noted that the amount of federal funding for summer jobs programs has fluctuated tremendously over

the years even though summer youth activities have continued to be important under legislation changes.

5 Some examples include the Summer Jobs and Beyond Grant from the Department of Labor and the

Obama Administrationés My Brothero6s Keeper program.
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minimum wage, which ranged from $6.75 in 2006 to $7.15 in 2007 and @0&&dition

to work, hey also attended required educational workshops that totaled to around 17.5

hours, which is 10 percent of the paid program time (SYEP Annual Report 2007, 2008).
Smooth implementation of the progral@pends otight coordination between

threemajor agencias the NYC Department of Youth and Community Development

(DYCD), employers, and communityased organizations. First, the DYCD oversees and

monitors the administration of SYEP and provides training and technical support.

Second, employers host the jobs angesuise youth when they are in the workplace. In

2006 to 2008, an average of approximately six SYEP participants worked for each

employer(Gelber et al., 2016) astly, communitybased organizations, often referred to

as npr dink DMCErlaxagl @mployers, and youth togeth€heyare usually social

and economic development agencies, community colleges, and organizations working on

youth development. There were 57 total community providers across all five boroughs

from 2006t02008r ovi der s ar e criti calholdthetaskhote pr ogr

recruiting youth and employers which could take moofii@anningprior to the

pr ogr amo snJsyt Paoviders debedt &pplicants to participate via a lottery

assignment and then place them in open pos

in the initial application and the restrictions or requirements of jobs from the employers.

It should be noted that most youttay beplaced into jobs without regards for their interest. This is often

due to multiple reasons: a large youth applicant pool, limited personnel and resources available from
providers, the availability and type of jobs from employers that féalentine et al., 2017 onversation

with an SYEP provider clarified the job assignment process (for their organization specifically). Before the
Covid-19 pandemic, providers hostedperson job fairs where both youth and employers participated.
Employers would present theirteria and job descriptions, selecting suitable candidates. Participants, in
turn, could submit their resumes, express interest in specific employers, and indicate their job preferences.
Many job fairs are now online pepandemic.
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Providers alsononitor participants process in the prograndrun educational
workshopson topics such asollege education, career exploration, work readiness
trainings, financial literacy, and personal health.

All NYC youth within the age limitvho provide appropriate documentation are
eligible for SYEP® Starting 2004, youth could download their applications online.
Applicantswould typically choose a community providelosest to where they livend
apply through that specific providéBelber et al., 2016)Each person can only apply to
SYEP once per year. During the timetlof study, applications opened in April and
closed in midMay.'° Applications could not be added or withdrawn past the submission
deadline. Due thigh demand and limited openings, SYEP participation is determined
using a lottery system. Community providers manage the SYEP applications and the
lottery. Each applicant has an equal chance of getting selected to participate in SYEP
conditional on the provideof a given year. In the initial lottery, providers randomly
choose youth from the applicant pool based on the number of job openings available for
that provider. Once the selection is made, selected youth are notified, and they have to

respond within aertain time frameo provide documentation of eligibility. If there are

8 For the SYEP application, youth need to provide: proof of identify from a photo ID, proof of employment
authorization, proof of age, proof of Social Security number with Social Security card, working papers,
proof of citizenship or permanent residentssaproof of residence (address), proof of family income,

proof of Selective Service registration if the applicant is male and older than 18 ye@slbler et al.,

2016)

9The SYEP provider | interviewed confirmed that youth typically apply to providers close to their home,
assuming that worksites will also be nearby. Currently, youth who are applying to SYEP select their
preferred provider through the online applicatiorg #rey are also able to enter their residential ZIP code

to find the closest provider. Duringestudy period, DYCD was still developing the online application
system, so most youth had to submit physical applications to the providers or other intake offices, further
reinforcing the likelihood that most youth applied to the nearest provider.

10The application timeline has been pushed earlier since then, now the application period is opei from
of January to March
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slots remaining, the provider would hold subsequent lotteries to fill the number of
positions that are still available. Applicants who were not selected in the prior round(s) of
lottery or did not confirm in time are placed back in the lottery pobhe lottery
continues until all positions for the provider are filled. Youth who are not selected for
SYEPare not able to participate, but they can apply again next year. Importantly, the
lotteries to determine participation each year are independent, that is, being selected (or
not) in a given year does not impact the probability of being selected (or aot)iag
different year.

During the focal period, around 75 percenpafticipantsvere placed in nen
profit private sector firms, 11 percent inforofit private sector firmsand the remaining
14 percent in government agendi€lber et al., 2016 Most of the jobs provided were
in summer camps and daycare centers which served masngdome families during
the summe(Valentine et al., 2017Themost frequent typeof worksites in 2007 and
2008 were day care/camps {32 percent), community/social service {16 percent),
and government agency (12 percent). For more information on the industry where

SYEP participants worked in 2007 and 2008 see Appendix Table A

How Can SYEPs | mpact Arrests?
The original rationale for creating summer youth employment programs was not
to combat crime but to reduce youth unemployment and provide work experience for

young adolescents (Fernand@santara, 2017)Nonethelessthe positive crime

1 A community provider statkthat participantsire typically contactethree time. If there is no response
after the third attempthe applicantisnarkeda s finot i nt e r bepldaceddark irgothe wi | |
lottery pool.
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reduction evaluations of summer youth jobs programs (e.g., Heller, 2014) and the recent

rise in support for these initiatives all echo common reasons for why SYEP can be

important in reducing crim¥.For instance, Washington D.C. Mayor Muriel Bowser

stated in a news conference, fAEverybody kn

way to keep them out of trouble. And letting them earn money is another way to keep

them out of trouble and being surraue d by p o s(Gonzalgze2028d ul t s 0
However, it is not immediately clefnom theorywhether the relationship

between participating in summer jobs program and arrest is positive or negative. While

some theories align with the prevailing belief among policymakers that summer

employment can reduce crimaad arrestsothers offer contrasting views. Recent policy

discussions commonly propose four theoretical mechanisms: 1) SYEPs alter

opportunities and time for crime, 2) they increase human capital, 3) they provide income,

and 4) they changeydutb s s oci al net wor ks. I n general,

SYEP might affect individual criminal behaviors or risk of arrest, suggesting that

program participation could either increase or decrease the likelihood of arrests.

Expect dDeicodmasteoet s

Administrators and policymakers expect the SYEP to decrease crime and arrests
among participants for several reasdrfisst, the predominant discussion centers around
the idea that SYESalter the chances that youth will encounter risikyations During

the summer when schoolnst insession, a large portion of structured activitlacking

2While the discourse is often centered on the p
to date evaluates fAcrimed using arr eavis&Haller, ot he
2020;Gelber et al., 2016ylodestino, 2019 No studies to my knowledge have attempted to estimate the
effects ofthesesummer jobs programs on sedfported crime.
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for manyyoung peopleSYERs provide them with a space where there is structured time
and some form of supervision (discussed in Heller, 2014; Valentine et al., 2017;
Modestino, 2019; Gelber et al., 2016; Kessler et al., 2@B20lecreasing exposure to
what Osgood and coll eagues ,SYEPIM@Ht hetpa | | i un
reduce criminal behavior. Activities that are unstructured do not have an agenda for how
time should be spent. Unstructured socializing with peers involves activities such as
informal hangouts with friends, going to parties, and riding around in a car for fun
(Osgood et al., 1996). When unstructured events lack an authorityéfigaradividual
orenttyfnwhose role in a situation carries a r
contr ol i n r ed suchrewekts areonord mnvducaent@ delinquency
(Osgood et al., 1996, p. 648)This viewsuggests thahe motivation of delinquendg
inherent in the situations that youth find themselves in ratheiinidandual traits(Briar
& Piliavin, 1965)
The association between the amount of unstructured time adolescents spend with
their peers without adult supervision and offending is observpddnstudiegM. L.
Anderson & Hughes, 2009; Hoeben & Weerman, 2016; Osgood et al., Fa96)
example, Haynie and Osgo(2D05)find that adolescents who spend more time in
unstructured socializing and have friends who engage in delingéeaayore likely to
exhibit deviant behavioiMMoreover, unstructured socializing is more likely to be related

to delinquency when adolescents are spending time in public ops#atic locations,

BO0sgood and colleaguesdé (1996) idea of the fAauthor
(1979) concept of the Aguardiand and Felsonébés (198
the authority figure does not rely on the styth of their bond with the youth in the situation, it relies on

their role obligations.
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such as streets, shopping centers, schools, and public transportation, compared to private
settingdike their house (Hoeben & Weerman, 2pIThehigherlikelihood of police
encountersn these publispacedurtheramplifiesthe risk of arrestTherefore, fi
participation in SYEP reduces the time youth spend in potentially criminogenic
situations, it may in turn lower their likelihood of arrest.

The fact of having a job caisoinfluence youth criminal behavior by
strengthening the bonds (specifically involvement) to conventional activities, at@ch
thought toact as external restraints to keep individuals away from dfitinechi, 1969;
Reiss, 1951)Involvement in a job limits the time and energy that youth have outside of
work, thereby reducing he physical opportunities for cr
hands are the devil déds workshop, o6 participa
subsequently arrests, by restricting tithat might otherwise be spent engaging in
delinquencyFor instancejusticeinvolved youth who participated in the Boston SYEP
acknowledged that knowing they had to get up early for work kept them away from
hanging out witlother gangnvolved peersduring the week (Modestino, 2019).

Asecondd eason why SYEP may reducpbparticip
progransb ui | d vy o ut h 6 8&likefdévalopiagoft skdlspfar thealdbor market
and seHlregulationwhich can ultimately reduce criminal behavior. Participants learn
skills such asime management, the ability to work in teams, responsibility,
communication, among others from SYEP (Valentine et al., 28Ef)among thesks
emotion regulation and impulse control (Modestino, 2019; Heller, 2014). Low self

control is avell-documented predictarf offending and arrestsvith thoseexhibitinglow
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self-control reporing more offendingBurt, 2020; M. R. Gottfredson & Hirschi, 1990;
Grasmick et al., 1993; Mamayek et al., 2017; Moffitt et al., 204dJlitionally,
individuals with low seHcontrol are more likely to drop out of school and earn less
income(Moffitt et al., 2011) Employment also builds human capital, which can help
bond youth to social institutions (Sampson & Laub, 199B8grefore, developing
emotion regulation and conflict resolution skills throdglving a jobcan significantly
contribute tdong-termcrime reduction.

Third, having a job and income through SYEP can reduce straithandhrginal
benefit of crime. Employment increatbe cost of crimgasgetting caught or arrested
would risk losing the job and the money that comes witBatker, 1968; Piliavin et al.,
1986) Individuals with legal work and earnings are less likeliuta toillegal work
(e.g., drug sellingjuggen & Thompson, 2003Economic incentivglays an role in
motivating the decision to offengarticularlyfor youth involved in the drug market
(Dembo et al., 1993¥urther, low wageand poor jolprospectsn the legal labor market
can push individualtowardscrime and illegal workJ. Fagan & Freeman, 199%jence,
committing crima becomes less appealing to youth who have stable earnings from
SYEP, as they likely want to avojeopardizing their employment

Employment and income also ease the financial burden for some families, which
reduces economic strainkedto criminal behaviolAgnew, 2006; Baron, 2004)
Financial stress andlack of success in the labor market or financial stress can lead
individuals to crime in order to alleviate negative feeliagnew, 1992; Merton, 1938)

Given that a large portion of youth served by SYEPs are fromrloame families,
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summer wages from the program can be especially meaningful. IntewigwsYC
SYEP participants show that mosttbéir earninggrom SYEP went toward helping with
household expenses, buying school supplies, and saving for college (Valentine et al.,
2017).
Lastly, the literature consistentihowsthat individuals with friends who engage
in deviance are more likely to be involved in greater delinquéfkgrs, 1998; McGloin
& Thomas, 2019; T. C. Pratt et al., 2010; Warr, 20@®nversely, having friends who
are |l ess involved in delinquent activities
indicatingthat what matters is not only the exposure to delinqoeatsbut also the
relative levels of delinquency between the dgddGloin, 2009) Employment can shape
an individual 6s social network, which in t
likelihood of engaging in criminal activities (Wright & Cullen, 2004 the SYEP
workplace, adult mentors or supervisors can apagiverole models for youth to learn
values and skills that foster their development while preventing crime (Valentine et al.,
2017)* This suggests that participating in SYEP may reduce involvement in crime
through learning attitudes and reinforcements ofadiding behaviors from peeasd
mentorsin the program.
The implementation of certain programs may reshémo participantdnteract
with at work.In many cities, #ier youth apply to SYEP, selection into the program is

based on chancenearng that participantsnight not be able to work with their friends if

4 Many studies on social learning and peer effect focus on friendships, especially nominated best friends.
Few studies test the peer effects on samples of coworkers (Gould & Kaplan, 2011; Piquero et al., 2005),
and even fewer examine positive peer effec¢tsoworkers specificallyi.e., crime reduction).
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their friends are not selectéthe random nature of the selection proaisss not

consider youthodés indivi dAsarkesuldaicipanget er i st i c
into SYEPwithout regardo their existing social circledt seems like no cities have

attempted to place youth ingpecificjobsrandomly(Heller & Kessler, 2017)Both

employes andparticipantssometimes have a say in the assignsydnitthereis no

guarantee that youth witle assigned to their desirgdb. Even if botha participanand

their friendsare seleetd forSYEP, theymaynotend up inthe same joB? In addition

the pool of SYERpplicantss likely a more motivated and distinct group compared to

the general youth populatipaspecially for those who have had a prior criminal record.
Therefore, working in SYERBan disrupt existing social networks, placing participants at

risk of arrest among peerswhomightther e fipr osoci al 0 i n their

Expect and odss & Dt S

Not all theories support the idea that participation in SYEP leads to reduced
arrests. Even the theories that explain reduction in arrests might also be interpreted to
suggest that the program could potentially increase arrests. For one, SYERatay
new opportunities for crime by exposing youth to environments and suitable targets they
would not have encountat otherwiseThe need to travel for work may increase the
opportunities for crimand arrestDuring the school yeayouth spend most of theinte

at school and homand nhcidents of crime, especially assault, are most concentrated near

15 As described in an earlier section on NYC SYEP implementation, applicants do have some input on
where they would like to workiVhen asked about whether youth typically seek to work with their friends,

the providetthat | spoke taoted that while some do not prioritize working with friends, mamyng

peoplein their program focus on securing positions that offer the experience they desire. Therefore, while
working with friends is important to some, many applicants aim for jobs that align with their own career
goal s, which may not prariteeays match their friendsé
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schoolg(Drawve et al., 2015; Weisburd et al., 20089)the summehoweverwork may
become new places where crimetivated youth and criminogenic opportunities
convergg(Cohen & Felson, 1979)urther, ifSYEPparticipants are more likely to be
outside due teommuting and workhey may face greater risks of encountering
criminogenic situations and increased police contact compared towwhogend to stay
indoors

While having a job anthcomemight alleviate strain and reduce the appeal of
crime,therole of earnings on behavior can also be complicated. A concern is that wages
from SYEPmightenable participants to purchase items such as dnayalcohol
(Heller, 2014). Davis and Heller (202pd that among youth predicted to benefit more
from the Chicago summer jobs program, there wasuaginally significanincreased risk
of drug crimes compared to those who beterfitesqp=0.087) Additionally, having
disposable income and the desire for moisegssociated with heightenedisk of
delinquency and drug use (Wright et al., 2001). These suggest that whiledF¥EP
valuable opportunities, the program may afeavertently facilitate accessillegal
substanceand contribute to increased arrest

It is also notlearwhether involvement in conventional activities consistently
reduce criminal behavior as hypothesit€dstello & Laub, 2020)The nature of the
activity and the company that youth keep both matter (Wong, 2005). Time spent on
homework is generally linked to lower adolescent delinquéBaynes et al., 2007,
Wiatrowski & K. L. Anderson, 1987)but time spent with peers can be criminogenic

(Barnes et al., 2007; OsgoodA& L. Anderson, 2004; Wong, 2005 imilarly,
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employmentan be conducive to delinquency or not depending on thguaility,

intensityofhour s, and the youthds own characteri :

work) (e.g., Staff et al., 2010; Wadsworth, 200&actors like he number of working
hours, the timing of the work (i.e., during summer), Hredpresence a&upervision on
the worksitecould make SYEP different from other types of employmentaatiditiesin
terms of its impact on criminal behavidfet, these aspects of SYEP have not been
empirically tested in comparison to other types of employment with regards to their
implications for crime.

It is important to recognize that individdiavel offending and contact with the
criminal justice system are two kagpect®f crime outcomesThis dissertation
specificallyfocusedon the impact of the SYEP on arrests. While criminal behacems
lead to arrests, many crimesmainundetected by law enforcement, and not all police
encountersesult inanarrest (Black & Reiss, 1970; Kirk, 2006). Arrest is the product of
manyfactors,includinginvolvement in criminal activities, disparities in arrest risks based
on gender, race/ethnicity, and socioeconomic status, as well as broadetawelcro
factors like variations in police activity over time and across locations (Black & Reiss,
1970). Consequently, changes or disruptions at various points in this process can impact
arrest outcomed.he role of macrdevel factors in shaping youth arrest rigkgher
underscorethe importance of examining how neighborhood context influences the
effectiveness of SYEP

Taken togetherhe idea of employment as an approach to combat emnde

arrestss not new, like Cook ahcolleague$2012)i | | ustrate Anot hing
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] ob 0 Ihgeed3tiedries suggest tIXEPSs can reduce youth arrest through multiple
mechanism& by restricting the opportunity for delinquenagd arrestsstrengthening
social bonds, building skills and traits that are inversely related to crime, increasing the
cost of c¢crime, reducing strain, or | earnin
programamightincrease offending and arrebly introducing criminogenic opportunities
and provide income for illegal substances. There may be other uregkplays in which
the program impaciarrests The next section discusses the empirical evidence of SYEP
and whether the prograhas beersuccessful in achieving its purpose.
Evaluations of SYEPs

Evidenceon the effectiveness &YEPs shows some promisingsults Prior
evaluationgnostlyfocusedon four outcomes: academic/educational outcomes,
employment and earnings, criminal justice outcomes, and others (health, life skills,
safety). Although almost every major city has their version of a summer jobs program for
youth, most have not been rigosbpevaluated. What we know about the efficacy of
recentSYEPs are from quantitative studiasa handful of citied Chicago, New York

City, Boston, Philadelphia, and Clevelaid.

16 Many cities publish reports on programmatic aspects of their SYEP without systematic assessment of
outcomes. For instance, Prince Georgebés County, MD
Summer Youth Enrichment Program. Some other cities hadéestthainvestigatgprogram outcomes in a

descriptive, exploratory fashion. For example, Moore and colleagues (2014) and Sachdev (2012) studied
SYEPs in Los Angeles and Washington, D.C. respectively. They surveyed youdimg@os{program as

well as several months after the program ended. Both studies conducted interviews and focwégthroups
participants and workplace supervisors to understandpbespectivesf and experiencin the program.
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Educati onal Out comes

Despite the fact that SYEPsO®6 explicit g
wor kforce, the program can build participa
responsibility, positive work habits, time management;saiffidence, etc,which can
foster academic succe@dseckman, 2000; LeeSrbel, 2014; Lillydahl, 1990; Mortimer,

2003) Empirical evidence demonstrates that SYE&smprove youth educatiah
prospects in certain domains (e.g., academic performance) but have no impact on others
(e.g., college enrollment).

In the short term, SYEPs in New York City, Boston, and Clevettwadv small
improvanents inhigh school attendance in the year after summer employiem|l et
al., 2023; LeosJrbel, 2014; Modestino, 2017; Modestino & Paulsen, 2028)
instance, attendance fiYC participants in 2007 was one to two percent higher in the
school year after SYEP compared to those who were not selected to the program (Leos
Urbel, 2014). However, Valentine and colleagues (2017)rfmdnpact on school
attendance in the follawg school yeafor the NYC SYEP from 2006 to 201The
difference in findingsnight be due téhe samples used. Lebsbel (2014) investigates a
single year of SYEP, including all applicants who applied to the program in that year
Valentine and colleagues (2017) evaluate five years of the program and only include
individuals for the first year they applied, yielding on average a younger sample.

Additionally, SYEP raised the age eligibility criterion from 21 to 24 years old in,2009

which added some older youth to the sample in the latter study.
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SYEPs seem promising in increasing academic performance on tests and grades.
The NYC SYER for exampleincreased the likelihood of attempting any state
examination, the number of state exams attempted, and the number of exams passed
during the school year peptogram(LeosUrbel, 2014; Schwartz et al., 201%)
Boston, participants in the SYEP had slightly higher overall GPAs in the year after
program summer than students who did not attend the program (Mode$®endsen,
2023). The Boston SYEP also reduced the likelihood of students failing a course in the
school year after participation by around 15 percent (Modestino, 20188efiridings
suggest that engaging in summer employmesyr e duce Asummedra | ear nir
phenomenon wherudents lose a significant amount of what they learned over summer
breald which ismost detrimentdior those from disadvantaged backgrouf@exander
et al., 2007; Cooper et al., 1996)

Besides high school attendance and performansalts are mixed fdrigh
school graduation and college outcomes. In Boston and Cleveland, 8YB®&ston and
Cleveland are linked timcreased rate of graduating high school, increasedran
graduation (within four yearsand decreased dropouttwell et al., 2023; Modestino &
Paulsen, 2023)n Boston, prograrparticipation is related tmore students graduating
from high school compared to the control groapd thisvas positively associated with
i mprovements in participants6é reported col
(Modestino & Paulsen, 2023). However, when researchers examine the program,in NYC
Philadelphia, and Chicagthey find nasignificantimpact on the oitime high school

graduation rate or retentior{Heller, 2021Valentine et al., 2017Additionally, there is
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currently no evidence to support that SYEPs improve college enrollment, matriculation,
or degree completion across cit{@gwell et al., 2023; Heller et al., 2017; Valentine et
al., 2017) In short, the evidence suggests that S¥&®Rbeneficial for certain shoterm

academic outcomes, hileir long-term impacion education is limited

Empl oyment and Earnings

Improving youth employment and earning prospects is a major focus for almost
all summer youth job programs. In NYC, DYCD states that the three main purposes of
SYEP are 1) to introduce and prepare youth for the world of work, 2) to help youth
explore careeinterests and acquire good work habits and skills, and 3) to provide
suppl ement al i n c o(enge, Summner Y auth Erhpiowmerit Brogram i e s
Annual Summary, 2019).ikewise,cities likeBostonandChicago alsshare these goals
From prior research on the benefits of early work experience (Sum et al., 2014), it is
reasonabl e for policymakers to expect SYEP
outcomes.

Evaluations of SYEPsftenuse administrative data, such as Internal Revenue
Service (IRS) data, state Department of Labor datasets, or state unemployment insurance
(UI) program databasg® examine employment impadtSelber et al., 2016; Valentine
et al., 2017; Modestino, 201\ hile administrative data are advantageous in providing
relatively cheaper solutions to study the effect of social programs on employment
compared to surveytheyo n | y c a-thébuoroek sfitonj obs and excl ude
employment opportunities or edngs that youth are involved in (e.g., mowing the lawn,

babysitting, etc.).
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SYEPs are largely successful in reducing unemployment and boosting income for
youth during the program summeéior instance, youtivho were offered a job in the
NYC SYEP between 2006 to 2010 were around four times more likely than their
counterparts who were not offered a job in the program to be employed in the summer
(Valentine et al., 2017)They also earned three times more than those who were not in
the program, which was an average of $580 higher. In addition, the authors observe
minimal substitutions, such that youth who did not win the NYC SYEP lottery did not
find other jobs over that summ@ralentine et al., 2017). This finding is consistent with
an earlier evaluation of the progrdram 2005 to 2008 (Gelber et al., 2016). These
findingsare observed in other cities as well. Participants in the Boston SYEP were more
likely to be emplged than nofparticipants during the program summer (Modestino,
2017; Modestino & Paulsen, 2019) The Chicago programs in 2012 ands2@l8ed to
higheremployment rate and earnings during the program summer by an average of $600
to $800(J. M. V. Davis & Heller, 2020)~or the purposes of increasing youth
employment and providing income to their families during the summer, SYEPs are
effective in achieving these main shtatm goals.

However, the longerm employment results are less consisheutless
promising. The NYC SYEP from 2005 to 2008 hadsigmificanteffects on the
likelihood of being employed in the years after participation (Gelber et al., 2016). More
surprisingly, the prograravendecreased earnings for participants by around $100 per
year up to three years pegitmmer, but the earnings between participants and those not

selected were indistinguishable afterwards. A later stoahgring2006 to 2010
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confirmedthatthe progranis associated with decreasearnings irthe firsttwo years
following SYEP, with no impact afterwards in a niry@ar followrup (Valentine et al.,
2017).Despite thissome later studiesbserve small positive impactstbe NYC SYEP
on future chances of being employep to two years after SYEP participation (Heller &
Kessler, 2022; Valentine et al., 201If) contrast studies on the Boston and Chicago
summer jobs programs report no impact on employment ancswaggall in the year
postsummer (Modestino, 2017; Heller et al., 2017).

Researchers suggest that the negditngéngson earnings may be dueron
selected/outh finding better paying or more permanent jobs than SYEP participants
(Valentine et al., 2017). Another reason is that youth may be less likely to seek work after
participating in SYEP, yateitherhypothesidave been formally tested. Recently,
scholars are attempting to explore program components that can improve youth labor
market outcomeg:or instanceHeller and Kesslef2021)find that providing participants
with a letter of recommendation from their SYEP employer boosts their likelihood of
having a job by 4.5 percent in the following year. Youth who received letters also earned
more compared to other SYEP participants whaondidget a letter. Overall, SYEPs are
successful in creating contemporaneous improvements to youth employment and income,

but the benefit of the program is less clear after the summer ends.

Cri mi nal Justice Outcomes

SYEPparticipation has been linked teducel involvement in the criminal justice
system across many jurisdictions. He([2014)is one of the first to assess the impact of

a summer youth jobs program on criminal justice outcomes using administrative data.
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She finds thaOne Summer Chicago (OSC) in 2012 significantly reduced the likelihood
of arrest for violent crime by 43 percent during thend@nth following the program. A
closer look revealed that tlestimatedmpacton violent crime arrests started to be
significant three months after the program ended and continues to trend downwards
(larger reduction). Yet, theeductionwas not distinguishable from zetwo years after
(Heller et al., 2017). In 2015, the program grew to around three times tlibepine
previous yearsThe expanded programmrelated to @aecreasé the number of drug
crime arrests for participants in the year after the program summer and the number of
property crime arrests in the thrgear follow-up (Heller, 2021)

Gelber and colleagues (2016) link the NYC SYEP information to state criminal
justice records, and they find thadrticipants from 2005 to 2008dha 9.9 percent lower
adult incarceration rate by 2013. A later study finds significant contemporaneous
reductiors in crimé® NYC SYEP participatiomeduced the likelihood of any arrest by 17
percent, felony arrests by 23 percent, and the number of arrests by 14 percent compared
to non-participantgKessler et al., 2022 he program is also successful in reducing the
likelihood of conviction, felony convictions, and the number of convictions in the
summerConsi stent with Huedsimatedbeatmgntzefledtfony f i ndi n ¢
felony crime arrests is negative during the program and continues to decrease over time.
However, thee was no evidence that the program influenced-teng criminal justice
outcomesup to five years after (Kessler et al., 2022).

In Boston, the results paint a similar picture. SYEP in theigiagsociated with

decreased violent crime arraignments and property crime arraignments for participants
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during the program and 17 months after (Modestino, 208 benefifor violent crime
arraignmentstarts four months after the program en@éddestino, 2019)aligning

with the pattern observed in Chica@teller, 2014) Thefindingsfor property crime
arraignmentsre consistent witKessler and colleagu@g022)findings, negative during
the summer anchore pronouncedfterwards (Modestino, 201Burvey results ofelf
reported improvements in social and emotional skills from SYEP are correlated with
decreases in violent and property crime arraignments (Modestino, 2017, 2019).

Other cities also report crirreduction benefits of SYEP. In Philadelphia, the
programis linked to adecreasén the total number of arrests and juvenile incarceration
rate for participants in the yefnllowing participation(Heller, 2021). In Cleveland,
participants who completed SYEP Haaverdelinquency court filings against them two
years after, anthey werealso less likely to be in jail compared to those who did not
finish the program (Atwell et al., 2023). While other evaluations leverage c@nisoof
random assignment in how programs select participants to assess the impact of
participation in SYEP, Atwell and colleagues (2023) utilize propensity score matching to
test the impact ofleveland SYERompletion.

Although evidence varies slightly on the period (i.e., during the program or after
the summer ends) and the type of crime nrdiienced by SYEPfindings consistently
point tosomecrime-reduction benefits across cities. The variations in SYEPSs, like the
delivery, program staff, and jobs provided, are not central for generating program effects
(Hel l er, 2021) . Currentl vy, l'ittle is known

crime findings. Combined with the findings on education and employmerdroes;
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Lehman (2021) suggests that SYEPs may have
crime but notes that the evidence is mixed. The programs likely operate through channels
beyondtaking youth away from crimand immediateompensatioilLehman, 2021).

Altogether, SYEPs can reduce crime in the shemrn, but thaunderlyingreasos for the

reductionremainunclear.

Ot her Out comes

The impact of SYEP can extend beyaotsdprimary goalsSurvey results from the
Boston SYEP suggest that the program imprqvedr t i ci pant s6 communi t
college aspiration, and their job readiness skills (e.g., whether they have a resume/cover
letter, whether they have practiced interviews, etc.) (Modestino, 2017). In Philadelphia,
SYEPis related ta lowerlikelihood of young participants receiving child protection
services from the city (Heller, 2021).

To dateonly one study has linked data on SYEP partiogpeto mortality
records. Gelber and colleagu@916)find that the mortality raten NYC SYEP
participants wa®.073 percentage pointswer, representingn 18 percent reduction in
death compared to the group who were not selected for the program. This is an equivalent
of 83fewerdeathsovernine years, with a majority of these deaths driven by external
causes like homicides, accidents, and suicitles.authors attribute this decline to SYEP
potentially keeping youth out of risky situations during the summer, thereby altering their
life trajectory and realcing mortality risk after the program. Additionalbgstbenefit

analysissuggestshat while thep r o g rinapaté ®n employment may rffsetits
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cost, theeduction inmortality alonerepresents benefit of $747 millior(in 2013
dollars) enough to justify the program cq&elber et al., 2016)
Summary of SYEP Evaluations

Overall, the evidencenS YEPO6s abi l ity to alter educa
(e.g., LeosUrbel, 2014; Heller et al., 201 AVhile the programshowtemporary
improvanentsinpar t i ci p an traagsancdearpihgs dunng thetsummer (e.g.,
Gelber et al., 2016; Valentine et al., 201k longterm findings oremployment rates
and earningseem less promisin@.g, Modestino, 2017). The prograrhsweverdo
appear effective ireduégngp ar t i ci pant sé i nvolvement in th
Heller, 2014; Kessler et al., 2022).

In terms of methods, studying youth employment or job programs faites
selectiorbias as participants job programgliffer from nonparticipants in both
observable and unobservablays Many evaluations of SYEPSs in the past decasge
natural experimentgeveragng a lottery system already present in how programs allocate
their slots ® assess causal effects on various program outc@mesGelber et al., 2016;
Heller, 2014; Kessler et al., 2022; Modestino, 20T8)s lottery system provides a
unique avenue for researcheret@mine the impaadf SYEP.In addition depending on
the specific prograrfeatures some studies utilize quaskperimental or qualitative
methods to understand the impact of SYERvell et al., 2023; Lansing et al., 2018)
The downside to many quantitative methods is that they are not a test of mechanism, so

theycannot answer questions like why is SYEP effective and which part of the SYEP
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programming is effectivePo understand these mechanisms, evaluations sometimes

explore how t he pcrossdifieranbgiospoephrficppantss’s vary a

Het erogeneity in SYEP Effects

Not all studies are able to examine heterogenous program effectsrddeded
statistical power when analyzing subgroups based on variables of interest. The
evaluations thatlo examine heterogeneity illuminate variations in program outcomes
based on f act or sgesgenden, ragsbnicipy,aisklevel; anghthen t 6 s
intersections ofhesedemographic characteristics.

For employment and earnings, younger participants (18 years or younger) tend to
benefit more from SYERwvhile theprogramimpact is more mixed for older youth (19
years or older). The NYC SYEP was successful in providing-$éort boosts to
employment outcomdsr young participants during the summegor youth who were
younger and applied during the time when unemployment in NYC was higher, the
programis associated with increasedrnings in the two years after summer (Valentine et
al., 2017). Howeverhis positive longterm pattern was not observed when looking at all
participants. Earnings were lower for participants overall in the immediate years
following the programa trendmostly driven by older youth and those who have work
experiencédeforejoining SYEP (Gelber et al., 2016). Looking at criminal justice
outcomes,ageplag r ol e i n t htermandlangterra impast. Keskler and

colleagues (2022) find that the NYC SYEP reduced contemporaneous arrests and

17 A previousevaluationinvolves separatibcus group®f youth participants, employers, and program
administrators to gain insights into their experience with SYEP. As noted elsewhere, findings from these
interviews indicate that some SYEP participants report hanging out with their friends less becaude of SYE
participation (Valentine et al., 2017).
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convictions for all youthwith younger participants benefig more from this crime
reductionimpact Although the program is linked to lowercarceration ratefor all
participants for around six yegrestprogram, older youth experienced the largest
decrease in incarceration (Gelber et al., 2016).
SYEPalso infuencey out h out comes differently dep
gender and race/ethnicit§enerally, nale participantggained more from the program
compared to females. For example, male participants of the Boston SYEP saw a greater
increase in school attendance (Modestino, 2ah7ihe NYC SYEP, rale participants
experienced greater reductgin arress and convictios during the programas well as
long-term incarceration (Gelber et al., 2016; Kessler et al., 2@2R)jtionally in NYC,
Latinx youth experienced large reductions in arrests and conviatidine summer,
particularly amongd.atinx youthwith no prior criminal justice involvement. The
estimated impaatn crime for Black youth were directionally negative but not
statistically significant. Notbatinx and norBlack youth (e.g., White, Asian, etc.)
experienced greater misdemeanor arrests and a higher number of arrests in the summer
from participation in SYB. Thissurprisingfinding led the authors to suggélsati f ut ur e
examinations of SYEP could interrogate whether the cause of any positive effect is
driven by social dynamics, by spending more time in contexts where one is likely to
encounter | aw enf or ce meTheobseoved racigl effectsimayr f ac
be linked to the residential contexts of different racial groups, a topic that will be

explored in more detail in the next chap&milarly, a Boston study found that SYEP
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notably improved school attendance in the year following the program, especially among
educationally atisk students (Modestino & Paulsen, 2023)

SYEPsappeartobemotee | pf ul f or pacertiiski, pamtrs iwh @
words, youth whdbeginwith more unfavorable circumstances in the studied outcomes of
interest. In the fall and spring semester after SyY&icipation overallschool
attendance increased by one to two percent for all participants(Irtbe§ 2014).

However, tudents at greater educational riskch as those ag&@ years or older with

low school attendance before the prograrperienced larger increases in attendance (by
three to four percent) and a greater likelihood of attempting and passing statewide high
school examingons. Similarly, theBoston SYEPRsuccessfully improved overall
participant sd®d s c h éolowingahe pregramiespecallyfar n t he vy e a
educationally atisk students (Modestino & Paulsen, 2023). In terms of criminal justice
outcomesfi arti gduthd those with prior arresiis experiencedhe most reduction in
arrest and convictioduring the programwhile those without previous system
involvement (i.e., not atisk) showed naignificanteffects (Kessler et al., 2022). These
findings imply thatwhile SYEPis beneficial fomanyyouth, it might beespecially
impactfulfor those who are the most in need, indicating a potential floor effect.

Furthermoreexamining intersections of youth characteristics and experiences
reveals nuanced patterns that are often hidden in aggregaté@matag atrisk youth,
those who were younger had lower arrest rates in the years after the program, but those
who were older (age 19 to 21) experienced an increase in arrests during that same period

(Kessleretal.,2022) Yout hés soci al statuses and i den
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can overlap and create unique experiences based on their position in the social structure
(Andersen & Collins, 2010} ooking atprogram impacheterogeni¢y at the intersection
supports the potential of SYEP floor effettthat individualsvho aremost in need

benefit more from the program. For example, older Black males (19 to 24 yeasawld)

the mosimprovementsn employment rates and earnings (Modestino, 20ikeé)y

reflecing the difficuliesand discriminaon that Black males often fade the labor

market Black and Hispanic males experiedthe largest gains in social skills and job
readiness skillsalongsidehe largest reduction in arraignments (Modestino, 2017, 2019).
Black and Hispanic femaleschibitedthe largest increase in college aspirations

compared to other groups (Modestino & Paulsen, 2023). In addition, using machine
learning techniques, Davis and Hel{2020)find that a subgroup of participants who

were younger, Hispanic, female, less criminally involved, and more engaged in school
showed a 44 percent improvement in employment outcome. They were also more likely
to live in neighborhoods of lower unemploymeaties. However, thisulgroup with

better predicted employment outcorakso experienced ancreasan nonviolent crime
arrestqJ. M. V. Davis & Heller, 2017)

Thesefindings discussed above brings to the foreground the importance of
exploring heterogeneity in program effedgamining whether and how SYHERpacts
crimein different subgroupsan uncover patterns that might be masked when looking at
the full sampleshowing thaa program can be effective, not as a whole, but for certain
groups of individualsldentifying the individual or programming factors that influence

the effectiveness of SYEP helps narrow downtéingetpopulation potentially
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illuminating sulgroups not initially considered to be a main target by practitioners. For
instance, th@articipantghat experienced the greatest benefit on employment (i.e., more
engaged in school, Il ess |ikely to have a c
studywerenot the typical demographic that is often targeted by employment programs.
Depending on the outcomes of interest for evaluators, the subgroups that respond best to
SYEPmay be differentKnowing who responds best to the program and what
programming components are most effective can help direct limited funds to the people
and programsthatmattegi ven t hat we | i ve iAddtanallyesour c
examining treatment heterogeneign help clarifthe mechanissiunderlyinghe
SYERarrestrelationship by selecting theoretically informed subgroups of youth (e.g.,
risk level) to test plausible ideas. We currently do not have a large enough empirical base
to confidently draw conclusions avhobenefits the most from SYEP andhy, further
highlighting theneed for more investigations inppogram outcome variability.
Chapter Summary

Empl oyment is an i mportant part of an i
transitioning into adulthood. Earlyork experience have many benefitsbut they also
carrysome risksSupportivgobs that providestructure for learning and do not interfere
with school argenerallybeneficial to youth, whereas intensive work hours (i.e., more
than 20 hours per week) during the school year caneyativeconsequence®.g.,
Apel et al., 2008; Carr et al., 1996; Staff et al., 2010; Staff & Uggen, 2808)mertime,

when schools are out, can present opportunities for develoamensks for problem
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behaviordSepulveda & Hutton, 2019 herefore, teating ways to foster growth for
youth in the summer is a prime concern.

Summer youth employment progrdB\YEP)has been a popular job initiative to
keep young people engagederthe summer with the goals of providing work
experience, impraxg future employment prospects, and potentially rauygouth
offending. Leaders and city administrators often cite ways in which SYEP can combat
crime.However, theories about its impact on arrests are m&euahe theories suggest
that SYEP can reduce arrestsdffering a structured and supervised workp)aceich
decreases unstructursdcializingand keeps youth away from trouble, ultimately leading
to less arrest@Osgood et al., 1996Additionally, SYEP is theorized to strengthen
participantsd i nvol vemen ttheithamarcapital andlifei o n a |
skills, and changtheir peer networksall of whichcandiscourage criminal behaviors
and lower arrest riskgAgnew, 2006; Becker, 1968; Gottfredson & Hirschi, 1990;
Hirschi, 1969; Warr, 2002 onversely some theorieproposethat the SYERnight
increaseyouth arred. This could occur if the program inadvertergpo®s youthto
potentiallyrisky situationsor if the necessity of commuting to work increases their
exposure to arrests when they would have otherwise stayed atToeneare also
concersthattheincomeearned through SYE&buld be used for drugs and alcghol
which mightraisethe likelihood ofarrests

Evidenceshowsthat SYEP delivered on some, but not all, of its goals and
intendedoutcomes. The programs are successful in boosting certain academic outcomes

(e.g., attendance) but not others (e.g., college enrollment)-{Ldxes, 2014; Modestino
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& Paulsen, 2023; Valentine et al., 2017). Tlegalsoassociated witimproving
contemporaneous employment and earnings for particigartthese benefits do not
always extenaver the long term (Gelber et al., 2016; Modestino, 204@)ably, these
low-intensity programs have the potential to reduce cetypies ofcrime (Heller, 2014;
Kessler et al., 2022)nlike other highly intensive and expensive job training programs
(Nguyen et al., 2023In addition,SYEPimpactsvary across different youth,eppending
on factors such amge, gender, race/ethnicity, and risk level, indicatingttir@program

is possibly more effective fahosein greatemeed.

Efforts to test heterogeneity have focused on individiesa! characteristics (e.qg.,
race/ethnicity, etc.)ith little focusont he cont ext ual i nfl uence o
residential neighborhoods. Scholars have alluded to the importance of neighborhood
contexton youth programming outcomes. For example, Kessler and colleagues (2022)
suggest that SYEparticipatonrmay s hape yout hoés preppsngthatlr e t o
Ai't i s possible that while SYEP pafrticipan
heavily policed neighborhoods, or that par
and, therefore, less exposed to patrol officers and the associated possibility of being
arr est €@).orhefefas bezn little systematic evidence that addrbssgsdstion
of contextual influence raised by prior studi€sus,this dissertatioraimsto investigate
how program effects differ by neighborhoodntext | evaluatd the NYC SYEP from

2006t02008andn t he next chapter, I explore the

context can influeretheprograndb s ef f ect i veness.
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Chapter 3. Contextual | nfl uences

The notionthatthe ecological environment being an influential force in human
development has a long tradition. A strong body of literature supports the link between
environmental context and many developmental and behavioral out¢Gimgs & Katz,

2021; Leventhal & Brook&unn, 2000; Sampson et al., 2002; Sharkey & Faber, 2014)

Even accounting for individudevel attributes, neighborhood characteristics still
influence residentsod mental and physical h
exposure to violence, delinquency and offending, and a range of other outeames

Chetty et al., 2016; Clampet Lundquist & M
al., 2009; Katz et al., 2001; Sampson et al., 20@8)ousmechanisms he been

proposed in the effort to explain contextual influesme individual development. | will

use Bronfenbrennerods bioecological theory

youth behavior and the summer jobs program are embedded in their greater surroundings.

Bronfenbrenner 6s Bioecology of Human Devel
Bronfenbrenneroés bioecology of human de

frameworkfor understanding the dynamic relationship between individual development

and the broader contexccording to this theory,uUman development is the product of

theinteractiondetween individualand thé& environments. The original framework

proposes that a personds fAenduring environ

(Bronfenbrenner, 1974 First, the upper layer consists of the immediate settings a

¥The evolution of Bronfenbrennerds theory from its
can be categorized in three phases (Rosa & Tudge, 2013). The framework discussed above utilizes the first
phase of his theory which set forth the ecatagiheory of human development and introduced the now
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person is in. Settings in the upper layer have direct contact with and influence on a

person, including the people and activities with which a person interacts (e.g., school,

family, workplace) as well as the social meaning of these activities. The inimedia
setting is |l ater defined as the microsyste
interrelations amonthesemicrosystems and the joint impact that these settings have are
considered the individual 6s mesosystem.

The second layer is the supporting (or surrounding) Mayerethe upper layer is
embedded. It includes formal and informal social structures plus geographic and physical
spaces that dAlimit and shape what can and
(Bronfenbrenner, 1974, p.3). In this layer, the exosystem capiutles aontext that a
person isn, includng the immediate settings that directly involve the individual and the
settings which a person is not directly a part of but still indirectly influence th&he
broadest ecological environment is the macrosystem which encompasses overarching
structures, like institutional norms and culture, that affect lower ecological settings.

In this frameworka t ypi cal yout hés mtheollegiant em i n
of major settings thahey aredirectly involved in. This can include people and activities

such agheir parents, the friends they hang out with, summer camp, school, and sports

famous four ecological environmeritsnicrosystem, mesosystem, exosystem, and macrosystem

(Bronfenbrenner, 1977). The second phase gave more attention to the role of the individual and the
developmental processes closer to the individual. Phase threepshenature form of the theory, defined

Aproxi mal processodo as the center of human devel opme
characteristics, context, and time, were proposed to be the four elements that influence human

development. The frameworktat capt ures t hese elPersorCoritextTi medoi ned

model, with fAiprocessodo being the most i mportant part
A common example of a setting that does not direct
wor kplace. A child does not directly interact with

environment, but what happens at work can hagiect influence on the child (through the parent)
(Bronfenbrenner, 1977).
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clubs. The workplace is one of the microsystems that youth can be a part of during the
summer. For SYEP participants, the program and the people they interact with during the
program are part of their microsystem. To understand how SYEP as a microsystem
impacts individual criminal justice outcome
neighborhood is an important context to studyisTayer shapes how youth spend their
time and with whom they interact in these summer activities. The remaindes of thi
chapter will explore the ways in which neighborh@odtextaspart ofthe supporting
| ayer can influence youth®s i mmediate sett
Socbiasorgani zation and Opportunity

Place has played an important role in the study of &imeg o m G (18&3B)r y 6 s
and Qu éL84@)bbeervatisns of crime concentration in France in the 1800s to Shaw
and Mc(Kod2)sérsinal workin social disorganization. Scholars have lowged
the spatial clustering of poor socioeconomic characteristics with crime and other health
related problems, such as tuberculosis, infant mortality, and suicide across urban areas
(e.g., Sampson, 2003; Shaw & McKay, 1942¢spite population turnover, gepatterrs

of spatial clustering persist in the same places, leading scholars to believe that properties

%Contrary to |l ater and common usage of Bronfenbrenn
Acontext influences development. o0 Since its incepti
person and the environment affect one another,taatdbth shape developmental outcomes. As best

described by Bronfenbrenner in the early formulatio

the scientific study of the progressive, mutual accommodation, throughout the life span, betweeng growi
human organism and the changing immediate environments in which it lives, as this process is affected by
relations obtaining within and between these immediate settings, as well as the larger social contexts, both
formal and informal, in whichthe seitg s ar e embeddedodo (Bronfenbrenner,
beginning, the theory highlights 1) the importance of examining the interactions between systems and the
individual and 2) that systems need to be understood interdependently. The current pregéigiites how
neighborhood context shapes youth program results at the individual level, but it leaves open the potential

for youth to influence their environment.
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at the neighborhood level explain the processes causing crime. A main theory used to
understand this link between the characteristic of places and crime is social
disorganizationwhich posits thatvhile disadvantage itself is not theorized to cause
crime, the consequences of disadvantage are.

Structural features of a place, such as poverty, high residential turnover, and high
popul ation heterogenei tycollabosate armidgulagertheiat e r e
shared spaces (i.e., social disorganization), which in turn can lead to crime and
delinquency (Shaw & McKay, 1942Fhe systemic perspective laEmphasized that
structural characteristics disrupt the formation of cohesive networks between residents,
which makes it difficult to stop crime in their neighborho@dsrnhauser, 1978;

Sampson & Groves, 198%ccording to this view, its social disorganization, not the
individual behaviorsor structural disadvantage, that direattntributeso crime. For
example, residential stability is associated with stronger local ties and lower crime rate
in a neighborhoo@ellair, 1997; Sampson & Groves, 198Blpwever, other studies find
that dense social networks do not always lead to less Broening et al., 2004;

Wilson, 1996) Sampson and colleagud®97)later added to the social disorganization
perspective that strong ties between residalotseare notsufficientto establish social
controlWhat i s missing i s #fcol heevdlihgnegsssandef f i cacy
capacity of residents to actgether towarda common goal (i.e., a crinfese
neighborhood)High levels of suctural disadvantaggisruptnot onlythe social ties
between residents but algee collective efficacy needed exert control ovepublic

behavior Communities characterizdyy disadvantage find difficulty in forming strong
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collective efficacy, leading to a greater likelihood of crime in these places. Indeed,
empirical evidencesuppors the notion that collective efficacy is weakened in
neighborhoods of high structural disadvantage and that these neighborhoods with low
collective efficacy have higher crime ra{dorenoff et al., 2001; Sampson et al., 1997)
Collective efficacy is negatively associated with violent victimization, homicides, and
juvenile delinquencyMorenoff et al., 2001; T. Pratt & Cullen, 2005; Sampson et al.,
1997; Simons et al., 2005)

Considering that individuals are embedded in neighborhoods, unstructured
socializing among youth is also happening withintih@ader communitgontext. As
Sampsor(2002)illustrated, some ways in which collective efficacy contributes to the
control of public spacesnabling residents to monitor children's play, intervene to
prevent issues like truancy and loitering, and address disturbances in publit aneas
collective efficacy suggesthat neighbors are less willing to intervene angerviséhe
activity of youth groups in public spaces, allowing youth to have higher chances of
encountering situations conducive to crime, which can lead to offending (Osgood et al.,
1996).

Structural and social characteristicsaoh i n d iswroudding hageghe
potential to shape the emergence and conse
Maimon and Browning2010)find that neighborhoodsith concentrated disadvantage
exhibit lower levels of unstructured socializing among yobiththe relationship
disappeared when controlling for collective efficalcycontrastplaces with high

collective efficacy tend to haygreateldevels of unstructured socializing with peers. This
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finding suggests that residents living in highly disadvantagetronments withow
collective efficacy may be legsclinedto let their children engage in unsupervised
public activities(Furstenberg et al., 199%1oreover neighborhood collective efficacy
conditions the impact of unstructured socializing on crime, such that the relationship
between unstructured socializing on violence is attenuated in places of high collective
efficacy (Maimon & Browning, 201Q)

In line with social disorganization and opportunity perspectives, SYEP can
provide a supervised and structured environmérgreyouth canproductively spend
their time.By providing supervision and reducing unstructured socializing, SYEP can
lower the likelihood of participants encountering situations that could lead to crime and
arrest. Youth living in disadvantaged neighborhoodsaften exposed to more
criminogenic situationWikstrom & Butterworth, 2006)in such areasf high
disadvantage and low collective efficacy, residents ardikedg to intervene in the
unstructured socializing of local youth. Therefore, SYEP bwaynore beneficigbr
participants living in disadvantaged neighborhoodsr the summeasit redirects them
from potentially criminogenic situations (i.e., being out on the streets) to a workplace
with structure and supervision.

However, the relevance of local collective efficacy and crime opportunities may
diminish depending on how much time youth in disadvantaged neighborhoods spend
outdoors andh their own residential are&or some young people, remaining at home is
seen as a proactive way to evade trouble and avoid police surveillance (Fader, 2023).

Recentresearch indicatabat adolescents in Columbus, OH spend most of their waking
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hoursat home, followed by being in other neighborhowdt the least amount of time

in their own residentiadrea(Browning et al., 2021)Adolescents who are living in
economically disadvantaged aréasd to spend even less time in their residential
neighborhoods. To the extent that youth in New York City behave in a similar manner,
SYEP may have a limited impact on thdsem disadvantaged neighborhogtiecause
theymight sped much timeindoors ormay frequentlifferent neighborhood&£ven

worse programparticipationmight inadvertentlyncrease exposure to criminogenic
opportunities by requiringarticipantgo travel away from homef work. In this case,
SYEPcould potentiallyraise the rislof arrest for participants in disadvantaged
neighborhoods because the program introdtice potential for more opportunities for

crime.

Jobs and Resources

Resources anenevenlydistributed across a citand righborhood structural
characteristics can exert influence on youth outcomeirectlythroughcritical resources
that aramportantfor developmen{Jencks & Mayer, 1990} eventhal and Brook&unn
(2000)definethese institutional resources for youthradudingi't he avai |l abi | it
accessibility, affordability, and quality of learning, social, and recreational activities,
childcare, schools, medical facilities, an
and colleague@002)paint a broader picturelescribing nst i t ut i onal resou
quality, quantity, and diversity of institutions in the community that address the needs of

youtho (p. 458) .
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The | ocation of vy o uaffactihe range and aceessibilty ot a n
productive activitieshroughouthe year and over the summer. Impoverished
neighborhoods often ladssentiainstitutional resourcesuch agibraries, recreational
facilities, and parks where youth cangage in safe and constructive activi{idsggs,

2005; Furstenberg & Hughes, 1997; Jencks & Mayer, 1990; Small & McDermott, 2006;
Small & Newman, 2001; Wilson, 1987)Recreation areas and youth organizatioas
beenlinked to a reduction in crime rates in disadvantaged d€@siner & Brooks

Gunn, 2009; Guest, 2000; Kubrin & Stewart, 2006; Peterson et al.,.200@h living in
disadvantaged communities also face constrained access and options for developmentally
enriching activities (e.g., employment, internships, summer camp, tutoring, etc.)

compared to those living more affluencommunities. Théimited opportunity for

organized activitys alsoassociated with delinquency and other problem behé&lbott

et al., 1996; Sampson & Groves, 1989)

Availability for employment in a communitg impactful for youth in
disadvantagéwhile scholars acknowledge that intensive early employment (i.e., working
greater than 20 hours per week) for adolescents can have detrimental consequences like
delinquency and substance usgeneralBachman & Schulenberg, 1993; Mortimer et
al., 1996; Steinberg et al., 1993; Steinberg & Dornbusch, 196fje studies show that
employment programs targeting youth from {owwome backgrounds can encourage
better school engagement and reduce delinquent behaM@se benefitgotentially

arise from the provision ehcome or adult supervision (Leventhal, Graber, & Breoks

21 Scholars note that even if resources do exist in disadvantaged communities, weak social network and ties
may hinder the ability for critical information about these services to reach residents (Wilson, 1987).
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Gunn,200% Newman, 1999; Sullivan, 1989). U#, trese findings suggest that job
opportunities can have differential influence on youth outcomes depending on the
neighborhood context (Leventhal & Broetsinn, 2000).

SYEPmay act as compensatory mechanisproviding additional resources and
support to mitigate the disadvantadesed byyouth inunderserveaeighborhoods.
SYEP offers participants income and work that would otherwise be harder forfind
youth livingin disadvantaged communities.i¥imcomecansupport participants and
alleviatethe economic strailinkedto crime(Agnew, 2006)making the program
particularly beneficiafor disadvantaged youth. Hence, the program might be more

effective in the short term for individuals living in disadvantaged neighborhoods by

providing resources to those in areas that lack developmentally enriching opportunities.

Theresource mechanisalsosuggestS YEP & s i mpact may extend

b ¢

tebm The job experience, financial workshop:

social and human capital (i.e., capacity formatipojentiallyleading tolastingbenefits

(Modestino, 201R Thus,SYEP may have greater loigrm effecs for young people in

disadvantaged communities by providing job opportesénd training that areftenless
available compared to more affluent neighborhoods.

Continuingthe capacity formation perspectjwghat has received less attention is

the idea that SYEP can connect youth to a range of valuable resources and programs that

might otherwise go unnoticed. In NYC, SYEP providers often include social and
economic advancement organization and communitgged (Valentine et al., 2017).

These providers typically offer additional programs beyond SYEP that support youth
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development, such as afterschool activities, substance use prevention, mental health
resources, and career and academic counseling. They may also provide indirect benefits
to youth through other services like legal assistance with housing and immigration,
nutrition support, and disease prevention. Participation in SYEP can also help youth and
their families learn about government social services, such as the Supplemental Nutrition
Assistance Program (SNAR.common concern is that weak social network aesl t
may hinder the ability for information about these services to reach residents even if
resources do exist in disadvantaged communities (Wilson, 1B8&defore, SYEP might
be particularly effective in disadvantaged neighborhoods by raising awareness and
connecting youtho these critical resourcés the extent thaheseservicescontribute to
reducing crime (Sharkey et al., 2017).

On the other hand, the capacity and capital building idea also suggests that youth
in affluent neighborhoods may be positioned to taditeradvantage of SYEBRue to
their access to a wider range of resources that can enhance their employment experience
(Leventhal & BrooksGunn, 2000; Peterson & Krivo, 2009; Wenal, 2003) They often
have moraeliable transportation, better technology, and éfgfuality educational
resources, which can facilitate easier participation and more effective performance in
their jobs.These puthtypically haveaccess to betténvestedcareer and academic
counseling as well, which can help them leverage their SYEP experience to secure future
employment or higher educatidrboth of which are associated with lower arrests.
Moreover, youth in less disadvantaged neighborhoods may be dbteisomore on

learning and growth because they fémgerfinancial barriers to pragm participation,
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such aexpenses fotransportation, work attire, and other employmehatedcosts The
advantages may foster more meaningful engagement in the pragdgaotentially lead

to even lower arrests for these youth.

Police Activity

On top of neighborhood disadvantage, local law enforcemersigaificantly
shape the consequences of youth activity and unstructured socialitagically,
police activityhas beemoncentrated in certain urban neighborheedth a longstanding
pattern of targetin@lack communities and communities of cofblinton & Cook,
2021) The interplay between historical oppression and segregation has led to a strong
connection between neighborhood disadvantage and policing, with more intensive police
efforts in areas of high poverty and predominantly minority populations (Massey &
Denton,1993).The modern era of proactive policisttategiesdriven by the zero
tolerance and broken windows, channeled greater police presence, surveillance, and
arrests in minority and lowncome communitie§). A. Fagan et al., 2010; Howell, 2015)
As a resultdisadvantaged neighborhoods teneéxperienceyreater police activity and
more aggressive policing tactifi§ane, 2002; Klinger, 1997; D. A. Smith, 1986; Terrill
& Reisig, 2003) It is no surprisgthen that where youth live can determine the likelihood
of police encounterdue tothesedifferentiallaw enforcemenpatterns across
neighborhoods.

Both police behaviorand youth behavior are influenced by the broader context in
which they are embedd€8harkey & Faber, 2014; Slovak, 1986; D. A. Smith, 1986)

Researchieveas that police are more aggressive and punitivewtincome and high
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crimeneighborhood¢Bayley & Mendelsohn, 1969; Black, 197&)r instance, Terrill
and Reisig (2003) show that officers use greater levels of force when encountering people
in areas characterized by disadvantage and crime.

Young peoplén disadvantaged neighborhoaatealsomore likely to get stopped
and arrested by the poli¢E. Davis & Langton, 2018)rhosédliving in areas with high
levels of legal cynicism and residential dissatisfaction with the police exjgerience
evenmore frequenpolice contacChenane et al., 2020; Zimmerman & Messner, 2011)
Frequent police cont act dikelihaodof arast byt aie alsor e a s e
associated withigher rates of futureffendingandviolence(Chenane et al., 2020)
Further,Chenane and colleagues (2080} thatthe impact of police contact can vary
based on the nei @§policecohtactthas@ morenegativé impact ons
youth in communities with higher levels of satisfaction with law enforcenadrile
arrests arenore detrimental for youth living in neighborhoods of high legal cynicism.
The first partsuggestt hat pol i ce contact may be wor se
environmentsvherea negative encounter is more salient when they are not used to
experiacing risk factors in their daily life (Chenane et al., 2020).

Increasedocal law enforcement activity canfluencethe consequences of
unstructured socializingf outh whosocializewith their friends in publi@areasnay be
more exposed to officers in areas of greater police preddeoee, nstructured
socializing is more likely to end in arrest because of the higher chahpelice contact.
At the same timeyisible police presence may signal disorder and crime in a

neighborhoodSampson, 2013hich may lead to adolescents spendasg time
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outsidedue to greater parental restrictdfrurstenberg et al., 1999 so, SYEPmight
increasehe likelihood of police encounteby bringing participants out of their home for
work.

During thestudyperiod youth in NYC also face a particulrm of police
contactknown as stop, question, and frisk (SG¥Jhis controversial tacti@allowedthe
NYC Police Department (NYPD)fficersduring the period ofhedata. to stop and
questopedestrians under fireandincedaml e suspicior
circumstances, frisk and search stopped individuals for weapons or contraband. These
stops, often called Terry stops, are allowed after the 1968 Terry v. Ohio Supreme Court
ruling. During the Bloomberg administrati¢p0022013) SQF was heavily used by
NYPD officers.Between2006 to 2008, NYPD officers made around 500,000 stops, on
average, per yeapeaking at nearl§86,000 stop at the height of SQF policy in 2011.
However the federal countuling in Floyd v. City of New Yorkn 2013 deemethe
NYPD6s practice of S Qfdthattheyhe 4 Asnendroenteighn st i t u
which prohibitedunreasonable searched and seizures. Following this decision, the
number of stops from NYPD officers has plummeted.

The SQF practice is concentrated in select areas characterized by larger
proportionsof poor, minority residents. Of the ten police precincts with the highest stop
rates,nine are in neighborhoods with more than 80 percent residents ofarodiosix are
in neighborhoodsvheremore than 90 perceateresidents of color (New York Civil

Liberties Union, 2023). Almost all ten police precincts with the highest stopalates

2Stop, question, and frisk is a tactic that NYPD of
SQF has drastically decreased compared to the height of the program.
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have poverty rates far above the city average, and the majority have higher than average
unemployment rates (Furman Center, 2023; NYCLU, 2023). With decades of empirical
researclpointing to greater surveillance and policing in disadvantaged minority
communities (Hinton & Cook, 2021), SQF activiflectsthis pattern. The differential

SQF activity across areasd its impact on youth outcomes contribuat¢he potential for
geographidifferencesn NYC SYEP effects.

Building on social disorganization and opportunity perspectives, for youth living
in places of high police activity, SYEP may reduce the chances of them running into the
police in public by involving them in productivstructured activitiesThis could make
the programmore effective in places with higher police activitidewever if
individualsnotin SYEP generally stay indoors during the sumraeif participants
would haveremainedndoors had they not been selected, then the need to travel to work
could increase their exposure to pokseountedue to the additional time spent
outdoors. h suchcasa, SYEP might increase arrestsneighborhoodsvith higher police

activities.

The Raciali zed Nature of Neighborhood Cont
Historical and systemic oppression in this country have ledsigrificant

overlap between spatial patterns of neighborhood disadvamtalgeng practices, and

racial composition. Discriminatory policies confined Black people and other people of

color to certain innecity neighborhoods, fueling the concentration of poverty in these

areagMassey & Denton, 1993Yhese policiegpoted inracism, also prevented Black

people the opportunitgndability to accumulate capitatreatingarge inequalities across
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multiple social and economic domaifi$is pattern of structural racism perpetuates a
cycle where people of color, particularly Black folks, are trapped in poverty, with
policing reinforcing this systemic feedback loop (Hinton,&0The most disadvantaged
communitiesare predominantlyninority, especially Blackwith almost no majority
White neighborhoodsuffering similar levels oflisadvantage as Black neighborhoods
(Peterson & Krivo, 2005; Wilson, 198 Notably, Black and White residents typically
occupy neighborhoods at opposite ends of the disadvantage spectrum, with minimal
overlap in the middle (McNulty, 2001).

These s eparoadgaboracods ofiefacelimited éducational and
employment opportunities, more aggressive policing, higher crime rates, and
disinvestment of public and private institutidiigickson & Highsmith, 2018; Faber &
Drummond, 2024; Kwate et al., 2013; Wilson, 19&@sidents of these areas,
overrepresented byepple of color, are exposed to greater levels of crime and violence
(Aizer, 2008; Stein et al., 2003\ hite segregation exacerbates these issues in minority
neighborhoodsas the departure of White residents often leads to the loss of resources
and investmentgesuling in a concentration of advantages in predominantly White
neighborhood¢Krivo et al., 2009 Massey & Denton, 1993Thenegativeimpact of the
racial structure extends far beyond crime and criminal jysiffectinghealth, education,
employment, and general wellbeif\yilliams & Collins, 2001) For example, residing in
di sadvantaged neighborhoods increases an i

accounting for education, income, and other biological and behavioral risk fdgitezs
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et al., 2001)Overall, nequities across the board are interrelated and reinforce one
another.

New York Cityis one of the few major cities in the US where four major
racial/ethnic groups (White, Black, Hispanic, Asian) each make up more than 10 percent
of the population (Furman Center, 2)1Like othermajorcities, the racial/ethnic
makeup of NYC neighborhoods correlast®nglywith socioeconomic status. On
averagemajority-White areashavethe highest average income, proportion of college
educated residents, and highest homeownership rates (Furman Celitpin2@ntrast
neighborhoods with a mix of ret/ethnic minorities (i.e those where thehare of
population is less than 20 percent White with no other minority groups over 50 percent)
have the highest poverty rates, lowest homeownership rates, and lowest proportion of
collegeeducated residents (Furman Center,120Althoughthe racial/ethnic
composition and population in neighborhoods have changed over the years, the
concentration of poverty and disadvantagepersiste (Furman Center, 21).23

The consequence of residential segregation spans all aspects of life for people of
color. As Peterson and Krivo (2010) points
that operates to generate the patterns, sources, and consequences of crimménahd cr
justice. 0 Residential segr egat,iwthmpolicngi nf or c
as part of the systerA discussion on neighborhood context, especially disadvaatate

policing, cannot be separated frarframework oface.Thus, reighbaohood mechanisms

23 Even though the city remains racially segregated, there has been evidence -0/Bickesegregation
in the past couple decades (Alba & Romalewski, 2012; Furman Centé&}, R0&ontrast, the Asian and
Hispanic population has grown ahdsbecome more concentrated. (Furman Center])201
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discussecarlier in this chaptér social disorganizationpbs and resourceand
policingd should be examinetthrough the lensf racial structurelt is also important to
recognizethaayo ut h 6 s o wn canahape thertexparience withyn this
racialize contexi the dissertation specifically focuses on this aspect

First, structural conditions in a neighborhood, like poverty and residential
instability, hinder residends ¢ o | | e c ttoicon&ol cemef Racahdispaesin
crimeoftenarise not from inherent differences among racial groups, buttheranequal
distribution ofdisadvantage and its correlafes., racial invariance thesié€yampson et
al., 2018; Sampson & Wilson, 199%jigher rates of violence in Black communitazsn
be attributed tdiving in areascharacterized by higher concentration of structural
features prediote of crime.This suggests thae relationship between concentrated
disadvantage and crime raieselevant across different racial groups, highlighting that
disparities in crime and arrests are closely tied to the social and economic context in
which these groups resid@ampson et al., 2018pverall, there is some empirical
support for this hypothes{&rivo & Peterson, 1996; McNulty, 2001; Shihadeh & Shrum,
2004)

Second segregatiommftencreats neighborhoods witfieweror lower quality
resources such as schools, employment, reliable transportation, grocery stores, health
centers, safe housing, and parks and recreational fadiiesd, 2009; Wolch et al.,
2005) Race and poverty work in tandedriving disinvestment in neighborhoods and
reinfordng inequities. For example, Small and McDermott (2006) find wiake the

neighborhood poverty rats positively associated with number of commercial

69



establishments (e.g., grocery stores, restaurants, eienuthberdedinesas the share of
Black residents increaseNeighborhoodacial compositioralsoconditions government
fundingfor local organization§Garrow, 2014)Specifically,the poverty rate in an
organi zationds | ocation is associated with
relationship is reversed in areas of high proportions of Black residents. Notably, there is
stark difference in the availability of job opportuegbetween neighborhoods. Lew
income and urban Blacknd Hispanicommunities often haviewersuitable jobs
available near their residerice phenomenon scholars calls p at i a l,owithi s mat ¢ h
little overlap between the location of jobs and aneherdow-income and minority
households resid@ndersson et al., 2014; Kain, 1964, 1968nce Black and Hispanic
people have a more difficult and expensive time finding and accessing employment
(Squires & Kubrin, 2005). Forouthof color living in disadvantaged neighborhoods, the
barrier to employment is even higher because of their age and lack of experience
(Hossain & Bloom, 2015)

Third, police are disproportionatepresenin areas ohigh disadvantage and
minority communitiegChambliss, 1994; Hinton & Cook, 2021; Kane, 2002; B. W.
Smith & Holmes, 2014)leading to a greater likelihood of encountering law enforcement
for youth of color Race also makes a difference in hmighborhoodshape police
interactions with youthResearctsuggests that while the circumstances and residential
context matter in howVhite youthare treated by the police, Black youth are consistently
treated poorlywith more frequenstops and aggressiveonfrontationgegardless of their

residential locatioiBrunson, 2007; Brunson & Weitzer, 2Q@aphling et al., 2019
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This is furtherexemplifiedby Black youth living in urban disadvantaged neighborhoods,
who characterized their encounters with the poice i r e g u OlEghlightimgthe i ne s
frequency of such interactioiidones, 2014)

The stop, question and frisk tacticNYC has facedriticism for
disproportionatelyargetng people of color. Black and Latino residents are consistently
being stopped at high rateonsisting abolB0 percent of all stops made between 2006
to 2008 (NYCLU, 2023). Blacklew Yorkerswere being stopped at eight times the rate
for White people, and Latino individualgerestopped four times higher (NYCLU,

2023). From 2003 to 2018, Black New Yorkers were at least five times more likely to be
stopped or arrested than Whinelividuals(Scrivener et al., 2020Y oung people were

also disproportionately stopped at higher rates compared to other age gritiupsnost

half of stops incluohg people between 15 to 24 years,adspite making up only 15
percent of the population in NYC (NYCLU, 2023). Young people of color were stopped
and friskedat the highest rate of all demographic groups, andhbdthe highest rate of
forcebeingusedagainsthem (NYCLU, 2023; Scrivener et al., 2020). Despite a drop in
the total number of stops since 2013, the racial arddesparitesin stops persist

(Scrivener et al., 2020).

Al t o g et h edivjdualrazalethhidgtyandtheir neighborhood structural
characteristics may condition how the summer jobs program sti@ctinal justice
outcome. More specifically, the dissertation sought to compare the effects of the
program in neighborhoods with greater disadvantage (and higher SQF stop rates) versus

those with fewer disadvantages (and stop rates) within each racial fesgter and
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colleagues (2022)yho find racial/ethnic differences in SYEP effect on arresstggest
that the context of where youth live and how it interacts with theirrace can bring
more nuance tthe varying impacts of SYEP on arregiscording tothe racial
invariance perspectiyé&ampson & Wilson, 1995disadvantage may impact SY&R
effect onarrests similarlyfor all racial groupsy either limiting orincreasingy o ut h 6 s
exposure to criminal opportunitiesd the policelf SYEPreducesarrests byroviding
job opportunitesthat would otherwise be lacking, Black and Latinx youth in
disadvantaged neighborhoods might benefit ncorapared taheir peers in more
advantaged neighborhoodkghis is particularly relevant given their higher barrierthe
labor marke{Hossain & Bloom, 2015; Squires & Kubrin, 201 contrast, White
youth in similar conditions mighgxperienceminimal shorttermbenefits from the
program due to less discrimination in the job market and generally lower arrest rates
(Austin, 2023), or because they already have lower arrests at baseline (i.e., floor effect).
Therefore White youth in disadvantaged areas may experience marginally lower arrest
risks compared to those in more advantaged areas if SYEP effectively mitiigates
exposure to risks. Conversely, if commuting for work increases their vulnerability to
potential hazards, they may face slightly elevated arrest risks.

In terms of police activityBlack youthgenerallyexperiencea highedikelihood
of arrest regardless dieir neighborhoo@Brunson, 2007Raphling et al., 20)9and
bothBlack and_atinx youthare atgreater risk§Huizinga & Elliott, 1987) Therefore,
Black and Latinx youth living in heavily policed areaght experience larger

reduction in arrests due 8YEP participationf the progranoffersa safe, structured, and
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superviseanvironmentaway from violence and heightened police presenogpared to
other Black and Latinx youth living in less policed neighborhobldsvever, this
relationshipcould be reversei youth in heavily policed neighborhoods tend to stay
indoors Ferstenbergt al, 1999. Then commuting to work increaseheir exposure to
the police and the risks bkingstoppeds higher forBlack or Latinxindividualsin
highly policed areadn line withthe expectations for White youéxplored earlier
White youth inheavily policecheighborhoods might experience slightly lower or higher
arrest risks compared to their counterpartiess policeglaces depending on whether
SYEP mitigates or increases police exposure to participant

The longterm effects of SYEP on criminal justice outcomes may also vary by
race/ethnicityln the long run, a twanonth summer program may not be enough to have
ameaningful impact on participanigarticularlyfor Blackand Latinxyouth who live in
disadvantage areasand experiencsubstantiabktructural barriers to succe3sus,the
effect of SYEP on crimenight beshortedastingfor minority youth in impoverished
placescompared to those in more affluent areaparticipants return to their
environments of disadvantage after the program andgace the sanmabstaclesand
discriminationthat limit the longterm effectiveness of the prograwvhite youth from
moreadvantagetbackgroundsnight be better situated to take advantage and benefit
from the prograntompared to those in more disadtzggedneighborhoodsleading to
moresustainedenefits from the program due to their relatively better initial conditions

and access to opportuniti@herefore, while SYEP can be related to immediate
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reductions in arrests, the durability of these effects might be contingent on the
intersection of race and neighborhood context.
Chapter Summary

Il n sum, young peoplebdbs daily |ives are
settings andby the broader supporting layer of the environment (Bronfenbrenner, 1974).
Participation in SYERsthe immediate setting can shape youth behavior, yet the
supporting layer of where youth livanalso influene progranmoutcomes. This chapter
laid out how residential context can be important in explainingdhiationsin SYERS s
effect on arrestSpecifically, esidential neighborhoods may matter through access to
opportunities for crimeglistribution of available resources, gomximity to law
enforcement.

Markers of disadvanta@esuch as poverty, singjgarent households, and welfare
receip® tend to clustespatially. Residents in areas with high disadvantage have a harder
time forming mutual trust and prevem social and physical disorders in their public
spaces (i.e., collective efficacy), which can result in higher crime (Gaspsoret al.,

1997. Weakened collective efficady these neighborhoodsiggests that residents are

less likely to monitor or intervene in local youwtbtivities creating mor@pportunities
conducive to crime. In addition, police activity tends to be higher and more aggressive in
disadvantaged communitigacreasng police encounters and the chances that youth
unstructured socializing will end up in arres Davis & Langton, 2018; Fagan et al.,

2010; Howell, 2015; Kane, 20Dd astly, the availability of resources and job
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opportunity in a place can shape youth routine actaity their ability to develop human
capital Gardner & BrooksGunn, 2009; Jencks & Mayer, 1990

Opportunities for crime, law enforcement activity, and resource availability are
not independent forces. Rather, they influence youth in interactive and dynamic ways.
The structural and social characteristics of neighborhoods are highly interrelated with
police activity to create unique landscape for those living in them. A history of
discriminatory policiesnd police practicelsas led to a pattern where areas with high
disadvantage are predominantly occupied by people of color, especially Black individual
(Hinton, 205; Hinton & Cook, 202) Black and Latinx individuals also face
discrimination andlisparitiesn access to resources, the job margetice interactions,
and arrest rateg\(dersson et al., 2014; Brunson, 2007; Small & McDermott, 2006
Therefore, mighborhood context can influence the effectiveness of SYEP, potentially
varying by disadvantage and police actidgpendingop ar t i ci pant s.6 r ace

This dissertation systematically examihwhether and how SYEP effects spatially vary.
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Chapter 4. Current Study, Dat a,

Current Study

In the pastwo decads, researchersave beemssessg the efficacy of summer
youth employment programs, especially on the outcomes of criminal justice involvement.
Results from these studies point to the potential that SYEPs can influence criminal justice
contact and suggest that the effect of the prograrmtithe same across participants
(Heller, 2014, Gelber et al., 2016; Kessler et al., 2022). However,rpaearchmostly
focused on heterogeneous progranmvideal f ect s b
characteristics. There has not been a systematic investigation into whether and how the
environment of where youth live impacts SYEP effectiveness. The current study aims to
examine the contextual influence of the 2006 to 2008 NYC SYEP on yomtimati
justice outcomes.

My first research question asttwhether the NYC SYEP impacts arrests
differently depending on where applicants live. Given the unequal distribution in
resources, police activity, economic opportunities, and other socioeconomic
characteristics across neighborhoods, | exgeHotfind variation in SYEP effect by
yout hds residence | ocat i ocontextdf hesghberhoods,d, bef
first tesedthe following hypothesis to establish fkesencef geographic differences:

H1: The effect of SYEP on arrests varies byAtirecode where applicants reside.

The environment with which an individual interacts is determined by the
neighborhood characteristics, especially structural disadvantage and law enforcement

activity. The goal othesecond research question is to exanfimisadvantage and
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police activity influence theontemporaneousffect of SYEP for program participants
andthe other part of the seconesearch question explores letggm program effects
For the purpose dhis analysis, righborhoodsveredefined as the ZIP code (@tP
Code Tabulation Area, ZCTAyhere youth were living at the time of SYEP
application?

Social disorganization and opportunity perspectives suggest that neightsorhood
with high disadvantage typically exhiliitw collective efficacyandcan present more
criminogenic opportunities for youttue to unstructured socializif§ampson, 2002;
Wikstrém & Butterworth, 2006)Disadvantaged neighborhoods tend to Haweer
resources and opportunities for young people to safely spend theagimell(e.g.,
recreational facilities, job opportunities, etc.) (Jencks & Mayer 1S0EP allows
youth to be engaged in developmentally productive activities over the summer in a
supervised and structured workplace. Therefore, participants may have faweesto
be in situations conducive to crime, leadindower arrestduringthe programin
disadvantaged neighborhoods, where there are fewer alternative job opportunities
compared to advantaged neighborhgdials income and work offered by theogram
can also support participants more by reducing economic strain or increasing the
marginal cost of crime (Agnew, 2006; Becker, 19&8)nversely, if youth in
disadvantage neighborhoods would hatleerwisespent more time at home (Browning

et al., 2021), travéhg for work may expose participants to more criminogenic

24ZIP code tabulation areas (ZCTAs) are created by the Census Bureau to represent geographic areas of
ZIP codes.
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opportunities (Cohen & Felson, 1979) and incredéseis likelihoodof arrests in
disadvantaged neighborhoods.

H2: The SYEP will lead to either a larger increase or a larger decrease in in
program arrests for applicants living in more disadvantaged neighborhoods compared to
those inmoreadvantaged neighborhoods.

In addition todisadvantage, police presence in a neighborhood shapes local arrest
patterrs and the likelihood of police encountéBsA. Smith, 1986; Terrill & Reisig,

2003). In places with high law enforcement activity, phebability of police contact
increasesmakingthe outcome of unstructured socializing more consequential. Hance,
highly policed neighborhoodbging at work through SYEParticipationmay reduce the
likelihood of youthinteracting withpolice, leading to greatereduction in amsts during

the summerThis aligns with the idea that SYEP can mitigate the arrest risks by
redirecting youth into structured activities away from potentially criminogenic situations.
However participation in SYEP may increase youth exposure to police due to
commuting.If youthliving in heavily policed neighborhoods remain indodusing the
summermwvas a way t@avoiddeviance or police surveillance (Fader, 2023; Furstenberg et
al., 1999; Sampson, 2013), the necessity of leaving home for work may heighten their
risk of police encounters, potentially increasing their likelihood of arrest

H3: The SYEP will lead to either a larger increase or a larger decrease in in
program arrests for applicants living in more heavily policed neighborhoods compared

to those in neighborhoods with less police activity.
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Disadvantage and police activity cameractto influence SYEP outcome¥outh
living in communitiescharacterized by bothigh disadvantage and high police activity
are exposed to the greateask of criminal justice contac6YEP might have a more
pronounced impact on these individuals, either significantly reducing or potentially
increasing arrest§ he effecdepend on the interplay betwedahese two contextual
factors andhe mechanisms discussed abdwie protective role of SYEP in mitigating
risksand the possibility that participation may inadvertently increase exposure to risky
situations and police scrutiny.

H4: The SYEP will lead to either a larger increase or a larger decrease in in
program arrests for applicants living in more disadvantaged and heavily policed
neighborhoods.

SYEPmayhave lasting effects arriminal justice outconsgbeyondthe
progrand duration(e.g., Heller et al., 2014; Modestino, 201BY providing
employment and trainin@YEP helps participantsuild human capital anieéarn
important values and skills, such as responsibility;regjtilation, and confliet
resolution, whichmay contribute to reducingriminal justice contagiModestino, 2019;
Valentine et al., 2017)Ywo potential outcomes aris@ne, according tthe resource
compensatorperspectiveSYEPmightbe more effective in reducing arresighe years
immediatelyfollowing the program for guth living in disadvantaged areakere such
opportunities arg¢ypically less accessiblgencks & Mayer, 1990; Leventh&lBrooks-
Gunn, 2000)However the effectiveness of these benefits dayinish quickly because

participants return tenvironmentsvith limited resourcesnd opportunitieafterthe
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programconcludes Thus | expect that youth in more disadvantaged places will
experience a greater decrease in arssistly after the program ends, buidleffect will
likely waneover time On a different noteyased on the capacity formation idgauth in
more advantagecbmmunities might experience greater ldgagn benefitfrom SYEP
because they are better positioned to capitalize on the prograes#tdetterresources
enhancejob performance angrospectswhich can enable participants from these areas
to sustain program benefits longAs a result, participants from maoadvantagedreas
may havelower arrest rates over time comparedhtir counterparts idisadvantaged
neighborhoods.

H5-1: The SYEP will lead to a larger decreaserrests for applicants living in
more disadvantaged neighborhoadsnpared to more advantaged neighborhaodfe
immediateyears following the progranbut this effecis expected to diminish over the
long term

H5-2: The SYEP will lead to a larger decrease in arrests for applicants living in
more advantaged neighborhoods compared to more disadvantaged neighborhoods in the
years following the program.

Thethird research question asttwhether the ppgram effects diffebased orthe
intersectioofn ei ghbor hood characteristiGventhand you
historical context of race, discrimination, housing pattern,pamtiding, youth of color
may experience different programatcomesepending on where they liyee., the level
of disadvantage and police activity in their neighborhadsligick and Latinx youtloften

experiencgreater difficultyin obtaining a job, higher rates of polieacountersand
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increasedikelihood of arrestsgcrivener et al., 202MHossain & Bloom, 2015; Rosenfeld

& Fornango, 2017)Living in disadvantagedeighborhoodand places with high police

activity mayfurtherexacerbate these issuesr instancepoliceinteractions are such a

common experienc®r Black youthin theseneighborhoodthat theyare described as

Ar egul ar(Jomes AXLA)fIS¥EPeduces arrests lffering job opportunities

and taking youth Aoff t he particualyg besefictal par t i c

for Black and Latinx youth in disadvantagaadheavily policed neighborhoods

compared taheir peersn more advantagetesspolicedareasHowever, f commuting

for SYEP increasesxposure t@riminogenic risks angolice scrutiny,Black and Latinx

youth in these neighborhoods may face higher arrestdatexy the progranreflecting

theinterplaybetween individual race and neighborhood dynamics (Raphling et al., 2019)
Alternatively,althoughWhite youthgenerallyexperience less job market

discrimination andhavelower baseline arrest rates (Austin, 2Q2Bgir experiences may

differ based on neighborhood conditioBgecifically, White youth living in

disadvantaged, highly policed areas may have distinct experiences compared to those

residing in more affluent, legmliced neighborhoods (Sampson & Wilson, 199%kile

the SYEP may still have an impact on White youtte ¢ffect may be smallet.anticipate

thatWhite youth in more disadvantaged ameiavily policed placesvill experiencdower

arrest rates if the program keapemaway from risksyhereas those in similaprtexts

might be more vulnerable to arrest&r#dvelling for workexposes them to additional risks

during the summer
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H6-1: The SYEP will lead to either a larger increase or a larger decrease in in
program arrests for Black applicants living in more disadvantaged neighborhoods
compared to those imoreadvantaged neighborhoods.

H6-2: The SYEP will lead to either a larger increase or a larger decrease in in
program arrests for Latinx applicants living in more disadvantaged neighborhoods
compared to those imoreadvantaged neighborhoods.

H6-3: The SYEP will lead to either a larger increase or a larger decrease in in
program arrests folWhiteapplicants living in more disadvantaged neighborhoods
compared to those imoreadvantaged neighborhoods.

H7-1: The SYEP will lead to either a larger increase or a larger decrease in in
program arrests for Black applicants living in more heavily policed neighborhoods
compared to those in neighborhoods with less police activity.

H7-2: The SYEP will lead to either a larger increase or a larger decrease in in
program arrests for Latinx applicants living in more heavily policed neighborhoods
compared to those in neighborhoods with less police activity.

H7-3: The SYEP will lead to either a larger increase or a larger decrease in in
program arrests folWhiteapplicants living in more heavily policed neighborhoods
compared to those in neighborhoods with less police activity.

The longterm effects of SYEP maglsovary by racepresentingseveralpotential
outcomeslf SYEP positively alters participaritgajectories by offering resources,
teaching skills, andemovingindividualsaway from risky situations, its impact on

reducing arrestsouldp er si st beyond t he ipthessbortemmd s
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(i.e., compensatory idedjor Black and Latinx youth, particularly those from
disadvantaged neighborhoods, SYEP may offer more substantial benefits by providing
access totherwise scarce job opportunities and resources that can build skills and human
capital, potentially leading to lower arrest ratesnediatelyafter the program summer
However t h e gdongteymeffativenessnight be limited bythe cumulative
effects of disadvantage and discrimination experienceddsegnoups, which could
resut in diminishedimpactso f S Y E P 6 sver lireeT leefefore Black and Latinx
youth in disadvantaged neighborhoaaight experience greatemreduction in arrests
shortly after the prograsummercompared to their counterpartsnroreadvantaged
neighborhoodshoughthis effect is likely to diminish over time.

In contrast, &r White youththe benefitof SYEP in reducing arresinay be
more enduringn advantaged neighborhoqdssthey are better equipped to leverage the
program(i.e., capacity formation idea)Vhite youthfrom moreaffluentareas typically
have access to better resources@pubrtunitiesalong with fewembarriers andess
discrimination in the job markeTheseadvantagemay allow White participants from
these areas to sustain the benefits of SYEP lo@gersequenthyWhite youth in more
advantaged neighborhoods may maintain lower arrest rates over time compared to their
White peergan disadvantaged neighborhoods

H8-1: The SYEP will lead to a larger decrease in arrests in the yearediately
after the program for Black applicants living in more disadvantaged neighborhoods
compared to those imoreadvantaged neighborhoodand this effect will diminish over

time
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H8-2: The SYEP will lead to a larger decrease in arrests in the yearediately
after the program for Latinx applicants living in more disadvantaged neighborhoods
compared to those imoreadvantaged neighborhoodasnd this effect will diminish over
time

H8-3: The SYEP will lead to a larger decrease in arrests in the years after the
program forWhiteapplicants living in more advantaged neighborhoods compared to
those inmoredisadvantaged neighborhoods.

The following sections outline the methods used to examine these hypotheses,

beginning with a description of the data.
Dat a

SYEP Administrative Dat a

Administrative data on SYEP applicant informati@me from the NYC
Department of Youth and Community Development (DYCD), the agency that
administerghe program. The data includisformation on firsttime SYEP applicants
from 2005 to 2008 including personal identifiers (e.g., name, birthdate, social security
number, etc.), the SYEP provider the individual applied to, whether they won the lottery,
whether theyenrolledin the program, and other demographic variables such as race, age,
and citizenship status. Therasa total of 57 providers that youth could apply to during

the study period of 2006 to 2008.

25The applicants in the dataset are all unique individuals. It only includes the first time that an individual
applied to SYEP during the study period, in other words, the first time that an individual shows up in the
data. For example, someone who hadiagph 2004 and reapplied in 2005 will appeathadataset with

the 2005 information. While for another person who had applied in both 2005 and 2006 (regardless of their
lottery results), | only have their 2005 information.
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The dataalsoinclude he ZI P code of applicantsd re
wasused to | ink information on youthoés ecol ¢
and neighborhood characteristiBaie to confidentiality, the New York State Division of
Criminal Justice Services (DCJS) suppressed ZIP code information provideddiy if
there were at less than 500 applicants living in a ZIP code in theresdting in 12,075
applicants missing ZIP codes (4.09 percent). ZIP gaithe only locationindicator in
the data that offexd sufficient granularity for analysis. While boroutgvel information
is also available, it is too broad to effe
neighborhoods. | analydehe program from 2006 to 2008 due to availability of location
information from the police stop, question, and frisk data described below. The process

for selecting the analytic sample is detailed in a subsequent section.

New York State Criminal Justice Dat a

Criminal justice records were provided from the New York State Division of
Criminal Justice Services (DCJS). The dataset cogdaith arrest records until March in
2015 for individuals aged 16 years and offéFhis means that applicants in the 2006
SYEP have an almost niyear followrup period after the program esdtand applicants
in the 2008 SYEP have seven years following the program. The age of majority for New

York State during the time of the study was 16 years old, and justice records for anyone

%6|n New York State, not all arrests and convictions are included in an individual's criminal istulgy
those associated with fingerprintable charges are recorded. Violations, infractions, and many local
misdemeanors, or misdemeanors related tePemal Law offenses, are not fingerprintable and therefore
do not appear in the criminal history system, unless@panied by a fingerprintable charge.
Consequently, the available data encompdal arrest records butidinot account for every arrest.
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younger than thawveresealec?’ Thesedata includd deidentified demographic
information(e.g.,race, sexetc.), information on the arrest event (e.g., date, county of
arrest, type of crime, etc.), as well as information on the resulting arraignment, charge,
disposition, and conviction.

The criminal justice dataset was linked to the SYEP administrative reaprds
DCJSusing applicant@identifying characteristics (name, date of birth, social security
numbe}). The matching was performed by DCJS using a-fiemmatching procedure
(Kessler et al., 2022F According to Kessler and colleagues (2022) on the match results,
the match produced a low false positive (1.97 percent) and false negative (2.46 percent)
error rates when compared against a known sample. To protect the confidentiality of the
SYEP applicants, DCJS provided findly deidentified dataset after matching SYEP

applications to criminal justice records.

The American Community Survey (ACS)

Neighborhood structural characteristiesrefrom the fiveyear estimates of the
2011 American Community Survey (ACS) which inclddieformation from 2007 to
2011. Even though the 2011 A@l not cover the first year dhis evaluation, it is
suitable for this project for two main reasons. First, the AGBH&most comprehensive

information at the ZIP code tabulation area (ZCTA) lé¥&econd, the Census Bureau

2" The age of majority for New York State (NYS) has since then been raised to 18 years old in 2019. See
Kessler et al. (2022) for details on the NYS sealed records.

28 DCJS linked SYEP information to criminal justice information based on exact matching on pairwise
combinations of name, date of birth, and social security number. The records that did not match went
through the fourth tier, a probabilistic matching progedisee Kessler et al., 2022 for detailed description

of the matching method affthhamont et al., 202br a discussion on the consequence of linking error and
biases)The matched data shared were deidentified by DCJS.

29ZIP codes were created by the United States Postal Service (USPS) in the early 60s for the purpose of
mail handling and delivery. The codes were assigned to regional post offices and are used mainly to plan
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did not release fivgear estimates of the ACS at the ZCTA level until 2011, so the 2011
ACS provicedthe most contemporaneous information on the NYC neighborhoottsefor

study period, including information needed to measure neighborhood disadvantage.

New York City Stop, Question, and Frisk (S

Since 2003, the New York City Police Department (NYPD) has been releasing
annual, dedentified records of stop, question, and frisk (SQF) activity to the public. |
usal SQF records from 2006 to 2008. These datasets comprfsemation of the nature
and outcomes of every stop that an NYPD offo@nductedduring the year, including
the precinct where the stop occurred, the time and date, whether the stop was indoors or
outdoors, type of c¢crime suspected, personb
seartied, frisked, arrested, and whether weapons or contrabands were recovered. The
location of stopwas alsqrovided, and the X, y coordinate@sreavailable for records
after 2006. Because applicant wadattheZdPi dent i a
code level, | aggregated the SQF data to match that unit (details on this process are
discussed below).
Anal ytic Sampl e

The sample waalready restricted to youth who were applying to SYEP for the

first time during 206 to 2008;more specificallythe first time an individual shows up in

delivery routes, which includes, for example, households and units with high mail volumes. Hence, ZIP
codes are tied to delivery points and are not appropriate areal representations. To address the need for
analysis at the ZIP code level, the Census Bupeaduced ZIP code tabulation areas (ZCTAs) that

represent geographic areas of USPS ZIP codes. See the Census Bureau for detailed documentation of the
methodology used to create ZCTAs from USPS ZIP cddgss://www.census.gov/programs
surveys/geography/guidance/ga@as/zctas.htmil
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the dataset For the final analytic sample, | included applicants who 1) were 16 years or
older at the start of the program (55.40 percant2) are not missing ZIP code
information (95.91 percent of those who were 16 or ofldf)st, the analytic sample
was restricted to youth aged 16 and over because arrests for offenses committed before
age 16 were handled by the juvenile justice system and were not present in the data.
Second, applicants cannot have missing values on residential ZIP code given its
importance in locating where applicants tive

The sample restriction criteria yielded a final sample of 129,098 individtials.
The applicants in the analytic sample lived in 117 different NYC ZIP céggsendix
TableA4 demonstrates differences in demographic characteristics between the analytic
sample and applicants excluded from the sample. In general, the individuals excluded
from this analysiswereon average less likely to be White, more likely to be Black and
Latino, and more likely to be male. As expected, the youth not in the analytic sample
wereyounger andvereless likely to have an arrest record. Looking at youth wHamat
have missing values in their ZIP code information, those excludedhlineighborhoods
thatwereon average more disadvantaged and with higher stop rates (per T/@0).

sample restriction has implications for the external validity of the analysis.

30 There were 295,006 firdime applicantsor SYEP during 2005 to 2008 the dataset from

DYCD/DCJS.

31 The full data provided from DYCD/DCJS had information on applicants from 2005 to POOI§.

analyzed the program from 2006 to 2008 due to major data limitation in SQF data. Prior to 2006, the SQF
data from the NYPRIid not have X, y coordinate information for the location where the stops occurred.
Theyonly providel street and intersection address of the stop location, but this street addresadield

largely missing (91.2 percenfonsequently his severely constraénlthe ability to obtain accurate stop

rates for ZCTAs in 2005, which is why applicants from that year were not included.

32 Although using the same dathis sample sizavassmaller than that of Kessler et al (2022) due to one

|l ess year of program applicants and missing values
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Measur ement

Dependent Vari abl es

Arrest during and after the prograrm-program arrestvasan indicator (1=
arrested) for whether youth were arrested during the time of SYEP (i.e., July to August of
application year). | also created indicators for whether youth were arrested up to six years
after the program ended, specificalyoneyear, tweyear, threeyear, fouryear, five
year, and sbyearintervals The firstyear pos{program periodan fromSeptember of
the application year to August in the following yeahjle two-year periocextended
from September of the program year to August two yksies and soon. Given thatthe
data included criminal justice records up to March 2015, the longest fafjomindow
consistently observed for all applicants was six yédrese posprogram arrest
variablescapturedwhether an individual was arrested at all during the fellgpperiod
(e.g., the tweyear follow up indicatowas1=arrested in the two years after SYEP
ending).Longtermmeasuresf variousdurationswere used because the grand s
effects aranticipatedo accumulat®r taperover time, and there is revidenceo
suggesthat SYEP would affect arrestclusively duringa specific yeaafter its

conclusion

|l ndependent Vari abl es

Instrumend Winning the lotteryThe data included a binary indicator for whether
the applicant was selected to participate in the SYEP program in that given provider and
year (where 1win, selected into SYEP). Because selection into the program was based

on lottery operated by each provider, whether an individual got into SYEP or not was
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completely random at the level of the provigear conditional on application. During

the entire study period, 53.3 percent of applicants won the lo&ppendixTable Al in

details the number of applications SYEP received for the years 2006 to 2008 in addition
to the number of youth who were selected and later enrdltedltable also comparése
analytic sample to the total number of applications and enrollment for the entire program.
The lottery outcome for SYEP was used as an instrument to estiraatepact of

program participation on arrests.

Participation in programThe data from DYCD included a binary indicator for
whether the selected youth participated in the SYEP that summer (where 1= participated
in SYEP). Participation was defined as being enrolled in SYEP. A large portion of the
youth who were selected for SYERded up participating (75.8 percent for all three

years), thus winning the lottevwyasa good predictor of SYEP participation.

Nei ghborhood Characteristics

Concentrated Disadvantag€onsistent with recent literature on neighborhood
disadvantagée.g., Krivo et al., 2018; Lyons et al., 2013, 2023heasured disadvantage
using the mean of the standardized sc{mexores)f six variabled percent of the
employed population with secondary sector-aage jobs’ jobless rate for the working
age population (age 16 to 6#4)percent of the employed population with management,
professional and related occupations (revemied), percent of femaleeaded

households, percent of the population age 25 and ovehadt least a high school

33 These are jobs with the lowest average incomes: 1) health care support, 2) food preparation and servicing
related occupations, 3) building and grounds cleaning and maintenance, 4) personal care and service, 5)
farming, fishing, and forestry, and 6) magninoving.

34 Percent of the population age 16 to 64 who are unemployed or not in the labor force.
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degree (reverse coded), and the poverty fdtes index was designed to capture the
broader concept of neighborhoodncentratedisadvantagé® A higher score on this
index indicateson averagegreater structural disadvantage in the neighborhood. The
disadvantage indexascalculated at the ZCTA level.

Instrumend Historical Tuberculosis (TB) Prevalence Rate (194%1).The
historical TB prevalence rate was used as an instrument to isolate exogenous variation in
neighborhood disadvantage described above. The records were from the New York
Tuberculosis and Health Association 1956 report, which | accessed through the New
York City Municipal Archives and Library. It detailed the average TB prevalexies
and death raggper 100,000 population) in each health area from 1949 to ¥95t
prevalence rate reflected the annual average of known tuberculosis cases over these three
years. This included active cases at the start of each year, new cases reported throughout
the year, and a small number of previously inactive casebddatsumed activityThe
rate was calculated by the authors using the 1950 Census.

| digitized the TB records and the map of the 1940 health areas. | estimated the
TB prevalence rate at the ZCTA level by weighting the areas of overlap between ZCTA
boundaries inthe study period and health area boundaries from the 1940 revision. This

process was carried out using ArcGIS, with further details provided in AppBndix

35 By consolidating various aspects of disadvantage into a single measure, thesindhepaddress
multicollinearity issues caused by the high correlation among individual factors (see Appendix Table C3).

It also simplifies the interpretation of results, allowmgto analyze changes in program effects based on

the disadvantage index. However, the intervalarohdex can be more challenging to interpret, as the

meaning of a single unit change in the disadvantage index is not always clear.

36 Health areas were created by the Department of Health prior to the 1930s as aggregations of census tracts
to create areas of around 25,000 population. There were 348 health areas in the 1940 revision of the map
(New York Tuberculosis and Health Associatid 956).
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Police PresenceRolice presence in the neighborhood was measured using the
SQFstop rate per 1,00@sidents. Ifprogram stop rate was calculated from the total
number of stops officers made during July and August for each year (2006 to 2008) in
each ZCTA divided by the total population of that area from the 20113ATiSs
measure was a proxy for local police activity on the streets in the program duration.
Higher SQF activity could signal a higher chance of police contact for youth in the
summer.

Instrumend Bartik-Style SQF VI used a modified Bartistyle instrument,
consistent with Weisburd and colleagues (2016), to study SQF activity. The instrument

was created using:

5 51 ,,C“Yf)‘O "Y 0O
| ) =
Y00

(1)

where"YUO is the number of stops in the city, excluding the borough that ZO%An, 0

refers to the period of SYEP (July and August of program year)y arlis the

immediate two months prior to SYEP staithe Bartik instrumentan be interpreted as

the proportional change in stop rates across the city, excluding the borough of the ZCTA,
from the two months prior to the program through its durafituws approach uses

broader, exogenous factors to capture citywide SQF shocks, isolating these effects from

spedfic arrest conditions within each ZCTA. In other words, the Bartik measure aims to

37In ArcGIS Pro, NYPD stops are mapped using their x, y coordinates. The stops are then aggregated to the
ZCTA areas in NYC using the Spatial Join tool.
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capture changes in policing practices or other broader factors that are not directly

influenced by local crime rates or the conditions within individual ZCTAs

Control s
Demographic Characteristic. he appl i cant s demographic
to test for balance and were included in the analyses as control varsess coded
as 1=male and O=femalRace/ethnicityvas recorded on a single dimension in the data
as nonHispanic White, nofHispanic Black, Hispanic/Latino, and other rdéAgewas
calcul ated based on the applicantds age at
applied).U.S. Citizenshipvas an indicator of whether the applicant has citizenship.
Family members ecor ded the size of the applicant 6
Anal ytic Pl an
The SYEP program allocation adiike a natural experimedtrandom
assignment to treatment condition outside the hands of a researcher. Random assignment
of the program allo@dme to examine the causal effect of being selected for SYEP on
program outcomes. Conditional on application, randomly selecting youth to the program
ensured that any observed and unobserved charactesistieaveraged out across the
two groups, leaving the only difference between them the assignment of the BXESP.
any differenca in the outcome between the treatment (SYEP) and control group can be
more confidently attributed to selection into the program, rather than any other pre

existing differences. However, the lottery must select applicants at random for the

38 For future reference in the document, | will refer to youth who areHispanic White as White and
youth who identify as nehlispanic Black as BlackMore granular racial/ethnic categories were also
available in the data, including American Indian, Asian {plispanic), and Pacific Islander. Because of
the size of these groups, | categorized them with other youth who identified as other race.
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estimation of SYEP effects to be internally valid. To empirically assess the fidelity of the
lottery randomization, | ran atést of difference in means between the treatment and
control group for each of the prandomization covariates. If the testsealsignificant
differences in various characteristics between the treatment and control grouqusdit
raiseconcerns about the fidelity of randomization. It is also important to note that a
balance test cannot confirm that proper randomization ocgurmérelyprovides

evidence suggesting that randomizatioight not have been conducted correctly.

My first hypothesis investigatevhether thereavasgeographic variation in the
effect of SYEP. | employed the following model of arrest outcoomebeing selected to
participate in SYERwinning the lottey) using Ordinary Least Squares (OLS) regression
TheOLSmodel assessed whether program effects
code.

b1 i0Qi 1 1T o8 100 1 0@ o LsQ

(2)

0 i i 0Q iwaswhether youtticyf SYEP in program yeafhad been arrested in time
(i.e., inprogram, and one to six years after program ehdsyasthe constant, and
®"® wasthe binary indicator of lottery outcome (1=winneh® wasa matrix of
dummies that indicatethe ZIP code where youtflived, andw "€ ®® wasthe
products of lottery outcome and the ZIP code indicatomsasa matrix of covariates,
including the provideyear of the lotteryrepresented bgn interaction between the
application year and providdyecause the randomization happened at this.[€vel

denotel the error termi. wasthe intentto-treat (ITT), or average treatment effect
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(ATE), of the SYEP on arrest outcomes. Because the puwaxse assess whether there
wasvariationbased on t he vy out llcahductedepesiestimatidniF a | | ocC e
test to determine if any of the estimated program effects for the ZIP codes differed from

each otherThe test was intended to examaescriptivelywhether there was geographic

variation in SYEP effects, rather than determining if any specific ZCTA experienced

greater or smaller effects. Therefore, | did not interpret the indivahedficients from

this analysis.

To estimate the treatment effects of SYEP on arrest outclomig®e remaining
hypotheses, émployedan instrumental variables (IV) approach, consistent with prior
research{Gelber et al., 2016; Kessler et al., 20Zhce ot all youth selected for SYEP
participaed, the average treatment effect (ATlayunderestimate thactual impact of
theprogram. Additionally, youth who eedup participating may have observable and
unobservable differences compared to nonpa
impact on arrests. An instrumental variable methddresses this yccouning for
actualprogramparticipation and estimiaig the local average treatment effect (LATE) of
SYEP. Using lottery assignment as the instrument paudicipationin the program as the
first stage outcomehis approach alloweme to calculate the effect of participating in
SYEP compared to those who did not participate because they were not selected,
specificallyfocusing orthe LATE for the complie youth who participated in SYEP
only because they were selected and would not have participéteavise

The lottery assignment was a valid instrument to SYEP participation in this case

because the lottery outcome was uncorrelated with any other covariates (i.e.,

95



independence assumption) and only influenced the arrest outcome through the
endogenous treatment variable, program participation (i.e., exclusion restéctgnst
& Pischke, 2009; Wooldridge, 2010h other words, the lottery was a random process
and was only related to youthés arrest out
The instrumental variables approach also asdunmanotonicity, such that being selected
in the lottery only increases the likelihood of participation, not decreasing it (i.e.,
assuming there are no defi&)s
In general, | estimated the effect of participating in SYEP on arrest outcomes:

011 Qi 3 “0dOi 0QOQr

(3)
Similar to the model estimating treatment effects in the first hypotliesis, Q wasa
binary indicator of arrest in time(i.e., inprogram and one to six years ppsbgram)
for individual ‘vho participated in the lottery in ye@0 i 0 Qo "@iswbetber an

individual enrolled in SYEP (1participated)= wasa matrix of control variables

including the provideyear of the lotteryd  wasthe residual. The standard errors were

clustered on the provider and ZIP code. Because participation in SYEP was endogenous

3% Because ther@asnoncompliance in assignment to the program and receiving the program, individuals
couldbe categorized into groups based on their potential and actual assignment and treatmént status
compliers, alwaysakers, nevetakers, and defiers. The monotonicity assumption of IV estimation assumes
that therevereno defiers’ youth who alwayslid the opposite of what their assignmentHsr instance,

youth who would only participate in SYEP if theyerenot selected for it, and vice versa. Alwagkers
wereyouth who would always participate in SYEP regardless of whether they were chosen by the lottery or
not, while the nevetakers are the oppositeyouth who would not enroll in SYEP regardless of whether

they were selected or not. In some empirical settings, the compliers and-tarsscannot be

distinguished, same with the compliers and nd¢akers.
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to arrest outcomes, | used the results of the lottery as an instrument in the following first

stage model:

0 OI 0 "QO QI 0-QbQE

(4)

w "Q¢ wasan indicator of winning the lottery (being selected for the programwif);

asa matrix of the same control variables in Equation (2),’andvasthe residual. |

employed two stage least square (2SLS) regression in Stata to estim#te overall
LATE of SYEP on arrests.

Hypotheses 2 to 8 explored the context
Specifically, thesecond and third hypotheses tested whether the SYEP was more
effective for participants living in more disadvantaged and heavily policed ZCTAs.
However, neighborhood structure and characterjstiosh as levels of disadvantage and
policing, werenot randomly assigned y@uthandwere endogenous the modelThis
endogeneity arises because neighborhood factors can be shaped by unobserved variables
that may also influece arrest outcome$o address this issue arsblate exogenous
variation, | utilized two additional instruments);the average historical tuberculosis (TB)
prevalence rate from 1949 to 1951 in NYC neighborhoods for the disadvantage index
and?2) a Bartikstyle shiftshare instrumenb account for variation ithe police SQF
activity.

As discussed previouslyj &n instrumental variables (IV) approach, a variable (or
set of variables) that is unrelated to the outcome of interest serves as an instrument for the

endogenous regressam this caseneighborhood disadvantage or local police SQF
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activity). The outcome variable is then regressed on the predicted values of the
endogenous regressor. This method addresses the potential endogeneity bias by isolating
the component of the treatment variable that is uncorrelated with unobserved
confoundes, such a$actorsaffecting both neighborhood characteristics and individual
arrest risk. A keyassumptiorof the IV approach is exclusion restriction, which requires
the instrument be uncorrelated with the outc@xeept through its influence on the
endaenous variabl@Angrist & Pischke, 2009; Wooldridge, 2010his assumption is
not directly testable, and its validity is critical for drawing causal inferences (Angrist,
Imbens, and Rubin 1996). Additionally, the instrument must be correlated with the
endogenous regressor, which is known as the relevance assu(pgrist & Pischke,
2009; Wooldridge, 2010) argue thathe two neighborhootével instrumentsnay be
valid and appropriate for this analysis for several reasons.

The first instrumenthistorical TB prevalence rate in a neighborhammlild serve
as a valid instrument for the neighborhood disadvantage during the program period as it
reflected longstanding health and socioeconomic conditions of an area. Higher TB rates
are often related to persistent poverty, crowded living conditinadequate healthcare,
and larger socioeconomic challenges (Lonnroth et al., 2009), even though TB was
historically a common issue across socioeconomic griNgs York Tuberculosis and
Health Association, 1956Y.The instrument satisfies the relevance assumption because

areas with higher TB rates in the past are likely to have higher levels of structural

40When comparing the socioeconomic status of health areas with high TB prevalence rates and those with
lower rates, the 1956 report observes that places with high TB rates generally had lower family incomes,
poor housing conditions, more crowding, and greptoportion of population unemployed.
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disadvantagéoday?! The TB rate from more than five decades prior to the study period
was unlikely to directly affect contemporary youth behavior or arrest out¢dmuies
rather influence disadvantage through the historical impact on neighborhood conditions.
Importantly, historical TB rateshouldnot directly influence arrests unless mediated
through their effect on preseday disadvantag&or example, a neighborhood with high
TB prevalence in the past may have persistent poverty and overcrowding, which could
increase the likelihood of youth arrests, but historical TB prevalence itself did not directly
cause arrest3.hus, historical TB prevalence rateeets both dlevance and exogeneity
assumptions for a valid instrument

A potential concern is that historical TB ratesild have longerm social or
health effects that influence youth behavior in ways not captured by the disadvantage
index. However, by using TB data from 192951, the instrument captured structural
conditions that persist into the present, rather twamtemporary health or behavioral
factors related to arrestBhis should minimize the riséf the TB instrumenbeing
correlated with current factomnsfluencingyouth behavioandarrest outcomedf the
assumptions hold, the historical TB rate wouldabalid instrumentor captuing

exogenous variation ineighborhoodlisadvantage.

41 Usingneighborhood datfor all ZIP codes in NYC witla population greatehan 1,000 and no missing
data,the correlation between historical TB prevalencesatethe neighborhood disadvantage index
(calculated from the 2011 AG®/as0.18(p=0.02. While this correlation is statistically significant, it is
relatively smallIn many IV applications, there is often a traafébetween relevance and exogeneity. The
instrument should be sufficiently relevant to explain variation in the endogenous variable. However, if the
instrument is too strongly correlated with the endogeradsable, it may also indicate that the instrument

is capturing unobserved factors, potentially violating the exogeneity assumption. Although the TB
instrument did not appear to strongly correlate with the disadvantage variable in linear sense, it still
cgptured a meaningful portion of the variation in the endogenous variable.
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The second instrumerd Bartikstyle shiftshare instrumenisolates exogenous
variation in SQF activityTheinstrumentwasi nspi red by Wei sburd and
(2016)approacto studypolice SQF activity This application iduilt on Bartik's (1991)
methodology, whicluses nationwide labor trends to capture exogenous changes in
regional labor demand. Weisburd and colleagues (2016) apply this concept by using
boroughlevel SQF trends to identify exogenous SQF shocks at the street segment level.
Similarto Weisburd and colleague (2016), | created a simplified Battile instrument
that identified exogenous SQF shocks at the ZCTA level.

The Bartikstyle instrumensatisfies the relevance assumptiyrcaptuing
variation in SQF activity driven by exogenous factors such as changéglievel
policing strategies or crime trends, which are not directly linked to local arrest conditions.
It isolates shifts in SQF activity that affected police behavior but were not directly related
to arrest outcomes or local factors like neighborhood crime rates or individual behavior.
The key assumption is that citywide changes in policing policy or drienelswerenot
directly correlated with neighborhoebecific factors that influence youth arresitse
local community dynamics.

For theBartik-styleinstrument to be valid, it must be uncorrelated with
unobserved factolgfluencingyouth arrestsThe Bartik-style instrumenimeetsthis
assumption byelying on broader, exogenous factors (e.g., -bgyel shifts) that
influenced SQF activity in the ZCTA but were not directly related to arrest conditions.
For instance, shifts in citywide crime trends or policing priorities might lead to more

intensive SQF activity in certain neighborhoods, but these citywide tvemasd not
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directly influencearrests unless mediated through increased police activity. By isolating
this exogenous variation in policing, the Baisilyle instrument ensured that the observed
effect on arrests was due to changes in policing practicespnfitunded byocal

factors.

While there are reasons to suggest ti@hmeasured historical TB prevalence
and the Bartikstyle SQF instrume#t areappropriate instruments for this dissertation
analysisthere argotential threats to their validity. As discussed, the main concern with
the TB instrument is the possibility that it could reflect ongoing health or social
challenges that influence youth behavior.riiimimize this risk | useddatafrom a period
(1949195]) far removed from the study period, ensuring litterlap with
contemporary youth behavior or policinghe concern for théartik-style SQF
instruments thatcitywide factoranfluencing SQF activity such as crime trends or
shifts in policing prioritied could correlat with unobservedactorsaffectingarrests.
However, by focusing on cithevel changes in policing, | attempted to minimize the risk
of the Bartikstyle instrument being correlated with neighborhteak! dynamics

The two neighborhooctkevel instruments employed were designed to address the
endogeneity of the variables in the model. The historical TB measure provided
exogenous variation in neighborhood disadvantage, independamtefnporary
policing practices and arrest outcomes. Meanwhile, the Bsigtik instrument captured
exogenous shifts in police activitjwdependent oindividual behavior or local
conditions. Violations of the relevance assumption could lead to weak instrument bias,

resulting in biased andefficient estimategAngrist & Pischke, 2009; Wooldridge,
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2010) Similarly, violatons ofthe exclusion restrictigh where instruments are

correlated with unobserved factors or directly infliesthe arrest outcondecould

produce biased and inconsistent estimates. To mitigate these risks, | conducted robustness
checks and utilized other diagnostic tests to assess the validity of the instr(seents

Chapter 6. Robustness, Sensitivity, and SupplemBeisuilt3. Creation of the Bartik

style IV as well as the historical TB prevalence rates are detailed in the measuwes sect
above.

To assess how program effeateredifferent by neighborhood disadvantage and
policing patterns, | added in interaction terms to the 2SLS models in Equations (3) and
(4):
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(5)
Theo ¢ ¢ @ Qrefered tothe disadvantage index score (in Hypothesis 2) or the SQF stop

rate (in Hypothesis 3) foryoutl® s n e i g h lwasthé apeffidient for the
interaction term. The interaction term was instrumented with the product of winning the
lottery and the historical TB prevalence rate or the Batile 1V:

0 Wi 0 QOOAPAHED QW

o we 0¢€¢00wO

(6)
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| calculated the estimated LATE for various values across the disadvantage index and
SQF stop rate | evels to i nedbylpcal didadvantaget h e r
and police activity.

Hypothesis 4 investigaevhether disadvantage and police activity combined
would influence SYEPGOGs -wafihteractiontotesthmwthee st s .
levels of neighborhood disadvantage and SQF stop rate together impact SYEP outcomes:
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(7)

Equation (7) also includkthe pairwise interaction terms 8f®i 6 "Q6 "0 "6 AXeQ
and"YUO . The threeway interaction termvasinstrumented byd Q¢ Y6
6 M1 0 Qded the poststimation command margins to estimate the LATE of SYEP
at different levels of neighborhood disadvantage and stop rates.

The fifth hypothesis inspected how neighborhood disadvactagdimpact
long-term effects of SYEP on arrests. | used 2SLS to estimate the mo#elsatiors
(5) and (6) with oneyear to sixyear posfprogram arrest outcomes as the dependent
variables.

To test Hypotheses 6 and 7 romgdplayhi ng wh
role in how neighborhood characteristics influence SYEP effects, | ran the models in

Equations (5) and (6) separately for youth who are Black, Laim¥Vhite *? This

42 Combining White youth and those who are other race is to ensure there is enough power in the analysis.
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analysis examined whether the program effectiegidry neighborhood context for each
racial/ethnic group, without comparing acrossrém@al/ethniccategories. | estimated the
LATE of SYEP at different levels of disadvantage and SQF stop rates for each
racial/ethnic group.

The last hypothesis explored whether the prograoidstill be effective in the
long run for youth who are Black, Latinat White and living in ZCTAs with high
disadvantage. éstimatedhe same 2SLS models as Equations (5) and (6) but with long
term arrest outcomes as the dependent variables (one to six years after program ends) for
youth who were in each race/ethnic groups separately.

Instrumental variables regression, such as thestage least squares (2SLS)
estimation used ithemodels, is a powerful method for addressing endogeneity and
estimating effects of neighborhood disadvantage and police activity. However, this
approach often results in LATE estimates that are less generalizable and harder to
interpret directly. Just assing lottery outcomes as an instrumestimates theATE
specific to lotteryinduced participation, the LATES for neighborhood disadvantage and
SQF stop rees inthe study reflect the impact dhe endogenougariables influenced by
the instrumer@ namely, the effect of neighborhood disadvantage based on random
variation in historical TB rates and the effect of SQF stop rates driven by changes in city
level stop rates outside the focal borough.

Before estimating the 2SLS models with instrumental variables, | first ran the
endogenous models using OLS regression for each hypothesis, clustering standard errors

at boththe provider and ZIP code levels. These models were specified without
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instruments such as lottery outcomes, TB prevalence, or Baytik instruments.
Specifically, the endogenous models for Hypotheses 2 and 3 followed Equation (5), while
those for Hypothesis 4 followed Equation (7). The models for Hypothesis 5 also used
Equation (5) but focused on loftgrm arrest outcomes. For Hypotheses 6 and 7, the
models were estimated separately for Black, Latinx, and White youth using Equation (5),
and Hypothesis 8 followed the same approach but with-termg outcomes. The primary
goal of these models was to estimate the impact of program participation on arrests across
different levels of neighborhood disadvantage and local SQF stop rates, prior to
examining the Aexogenouso i mpact through t
described abovélhese results should be interpreted with caution due to potential
selection bias (i.e., preexisting differences between participants and nonparticipants) and
other endogeneity issues, such as the influence of neighborhood disadvantaQ& and S
activity on both program patrticipation and arrest outcoideseover, the estimated
SYEP impacts from the endogenous models are not restricted to compliers, unlike the
2SLS analyses.
Robustness and Sensitivity Anal yses

| conducted a series of supplemental analyses, including sensitivity tests to assess
the results and assumptiongtioé models as well as robustness checks taheshodel
specification and analytic deci s Omlinasy. Firs
LeastSquare (OLS) regression. The reduced form regression estimated theariteat
(ITT) of the SYEP program on arrest outcomes. Estimates from this analysis

demonstrateé the average treatment effectbsing selectethto SYEP on arrests,
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regardless of whether youth etlip participating in SYEP or not. For some
policymakers, because SYEP patrticipation cannot be forced upon youth, it might be more
informative to know the average impactaffering SYEP. | estimated the ITT with the

following linear probability models:
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Equation 8) was used to estimate the ITT for Hypotheses 2, 3, 5, 6, 7 and 8, and
Equation 9) was used for Hypothesis@.i i dQ iin the modelsvasthe arrest outcomes
for individual “f application yeai(n time o (i.e., inprogram and ondo sixyear
follow up),f wasthe constantp "® waswhether the youth was selected for the
program (1=winnern. 6 ¢ € @ Ow wasthe historical TB prevalence rate or Bassilyle
SQF IV, as instruments for disadvantage index or SQF stop rate, of the ZCTA where
youth "Qived. = wasa matrix of control variables including the provigesar indicator
ando is the residual. Equatio®) also included the pairwise interactions of three
variables in the threwvay interactionsAll the models had standard errors clustered at the
provider and ZIP code level. | used the pestimation command margins to calculate the

ITT for SYEP (i.e., the effect of selection into the program) at different levels of
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neighborhood disadvantage and stop rates as well as for youth of different racial/ethnic
identities.

Second | carried out a supplemental analylsysestimating the LATE of SYEP
on arrest for each quartile of neighborhood disadvantage and SQFBepdeatelyand
usingthe2SLS modedin Equations (3) and (4Yhis quartile analysis can be beneficial
because it allowed for the combination of neighborhoods with similar levels of
disadvantage and SQF activity, thereby increasing statistical power. Additionally,
analyzing quartiles increased the chances of datgatprogram effect, particularly for
areas with either extremely low or extremely high levels of disadvantage or police stop
rates. Another benefit advantage to the quartile analysis was that it could investigate how
the impact of SYEP varied by neighbodd context without includinthe neighborhood
instruments in the modeThis simplifies the models and reduces the number of
endogenous variables and instruments from three (lottery results, disadvantage or stop
rates, and their interaction) to one (lottery results only), which may help avoid potential
issues with the neighblmood and interaction instrumengdthough this method provide
insights into the effects of SYEP within specific quartites, downsidevasthatit would
bedifficult to compae between different quartiles of disadvantage and SQF rates. This
contrasedwith the2SLSmodels with interaction terms used in the main analysis, which
enablel such comparisons.

Third, to improve the predictive power of TB prevalence rates as an instrument of
neighborhood disadvantage, | employed two categorical representations of the TB

instrumend quartiles of TB rates and categories based on standard deviations from the
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mean. Grouping the TB prevalence variable into these bins may enhance its ability to
predict neighborhood disadvantage, as TB prevalence may not have a linear relationship
with disadvantagésee for example, Tahamont, 2018pnsequently, | ran the models
using both of these alternative TB measures.
Fourth | alsoran themodelsusing alternative measurements éorest outcome,
neighborhood disadvantagend police activitylt is likely that SYEP can reduce the
number of times youttverearrested on top of the likelihood of ever getting arrested.
Therefore] created arrest counts for the same time persdie main analysabove
in-program and up to six years post prograime number of arrests was zero for youth
who have never been arrested in the respective timefiidmarrest frequency measures
were cumulative, encompasg the total number of arrests an individual had during the
follow-up period.The impact of SYEP on arrests, whether positive or negative, may
shape youthodés future outcomes by either cr
disadvantages (Kurlychek & Johnson, 2019)sed a cumulative measure because there
was no reason to believe that SYEP would have specific effects limited to a single year
after the program endedhither t he programés | mpact i s expe
time.
Another way that prioresearcthasmeasureadoncentrated disadvantage is by
looking at neighborhood measures of percent poverty, receipt of public assistance,
percent unemployment, percent femhéaded households, and the density of children

under 18 years ol(Sampson et al., 1997, 2008pnsistent with these studiesineipal
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component analysis (PCA) was used to predict the disadvantage score from the above
inputs. | used this alternative measure to capture disadvantdggaabustness analysis.

On top of the alternative disadvantage meafora PCA | also used the 2000
Census toepresent har acteri stics of youthdés neighbo
period. | obtained neighborhodelvel information from the 2000 Census through the
NYC Department of City Plannir§. The demographics and socioeconomic tables were
provided for each ZIP code unit. The tables included information on the population
demographics, educational attainment, poverty rate, and income. Unfortunately, the ZIP
codelevel 2000 Census information frothe NYC Department of City Planning did not
have measures on occupation (secondary sector jobs and manager or professional
positions), joblessness, and percent ferhaiaded households. | ran the main analyses
with an adjustedneasure of disadvantage ingdereatedrom the mean &cores of the
two variablesavailable from the 2000 Censuyeercent of population living under the
poverty level and percent of the population over 25 years old with at least a high school
degree (reverse coded).

Lastly, for police activityin the robustness chedkmeasured rates for SQF stops
conducted on youth aged 16 to 21 for each ZCTA during the two months of SNEP.
measure was derived in a similar fashioth®SQF stop rates (per 1,000) in the main
analysisand focused specifically on police stops targeting individuals within the SYEP

age group.

43 hitps://www.nyc.gov/site/planning/plannifdgvel/nycpopulation/socigables2000.page
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Chapt eResul ts

Table 1 shows basic descriptive statistics for the full analytic sample. The pool of
SYEP applicants ithe samplewereon average 17 years old, whifghl on theyounger
end of the distributioeven afterestricing the sample to 16 years old up to 21 years old
This is expected since SYEP applicants tend to be younger, with around 40 percent of
applicants aged 14 to 15 and another 40 % aged 16 to 17 (SYEP Annual Summary, 2007,
2008).The applicantsveremostly Black or LatinX47.4% and 25.7%ynd the ample
had slightly more femal€55.3%)than malg44.7%)applicants. These characteristics are
consistent with the age, sex, and racial makeup of SYEP participants over the years
(SYEP Annual Summarg007, 2008, 2013018, 20192023.

A little over three percent of applicaritadbeen arrested prior to the start of their
SYEP summeand about 1.7 percent had been convidieaing the two months of
SYEP,less than one percent of applicants were arregfifithose who wergypically
facing one arrest (average of 1.14 age#rrest rates increase@eh year after the
program endd. By the year after SYEP, under four peradratpplicants had an arrest
record, rising to over ten percent by the sixth y&araverage, those arrestedhe year
after the program had 1.8 arrests, and over the entiygeaixperiod, applicants
accumulated an average of three arréfftsile a handful of individualsvere arrested
multiple times, most had only one arrest during this time.

Around 43 percent of youtlwerefrom Brooklyn, the most populated borough in
NYC, followed by the BronX23.4%) On average, SYEP applicamtsreliving in

neighborhoods with higher disadvantage compared to the mean level of disadvantage in
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the city. Their neighborhoods also experiehae average stop rate of 11.37 per 1,000
residents during the youthés application s
the two summer months in 2006 to 2008 weasr9 stops per 1,000 residents, suggesting

that SYEP applicants also lidén neighborhoods with greater stop rates than the rest of

city. Youth who applied to SYEP also Iavén neighborhoods with over 30 percent of the
population being Black or Hispanic.

The age and sex demographics of applicants by race and ethnicity are similar to
the full sample (see Appendix Tabl&s and A§. However, there are notable
differencesBlack applicantsveremuch more likely to have prior arregt.4%) and
convictiors (2.4%) compared thatinx youth (3.2% arrested and 1.7% convicted) and
White youth and those of other races (0.8% arrested and 0.4% convicted). Black
applicants also had the highest arrest rate during the program and over the years than any
other racial groupapatternconsistent withprior researchNational Academies of
Sciences, Engineering, and Medigig822. Additionally, Black and Latinx applicants
typically came from neighborhoods with higher disadvantage and more frequent SQF
stops.Specifically, he average area that Black and Latinx applEamre from
experienced 13.8 and 11.5 stops per 1,000 residents during the program summer, which

was nearly double the stoates foryouth who were White5( 9 stogs).

111



Table 1. Summary Statistics

Mean SD Min Max

Selected for SYEP (Win) 0.533 - 0 1
Participated in SYEP 0.426 - 0 1
Age at SYEP Start 17.174 1.274 16 21
Race/Ethnicity

White 0.142 - 0 1

Black 0.474 - 0 1

Latino 0.257 - 0 1

Other Race 0.128 - 0 1
Male 0.447 - 0 1
US Citizen 0.918 - 0 1
Family Members 4.339 2.031 0 20
Ever Prior Arrest 0.031 - 0 1
Ever Prior Conviction 0.017 - 0 1
Borough of Residence

Bronx 0.234 - 0 1

Brooklyn 0.434 - 0 1

Manhattan 0.128 - 0 1

Queens 0.164 - 0 1

Staten Island 0.040 - 0 1
Neighborhood Characteristics

Disadv Index [2011 ACS] 0.675 0.642 -0.905 2.336

SQF Stop Rates [{RProgram] 11.37 8.53 1.25 43.45

Proportion Whité 0.217 0.229 0.007 0.868

Proportion Black 0.348 0.282 0 0.916

Proportion Hispanic 0.325 0.224 0.041 0.779

Proportion Other Raée 0.007 0.015 0 0.223

TB Prevalence Ralfe 1062.32 1310.90 20.95 8453.71

TB Death Raté 78.80 107.63 0.01 727.45
Ever Arrested Outcomes (Cumulative)

In-Program 0.007 - 0 1

1 Year PosProgram 0.036 - 0 1

2 Year PosProgram 0.056 - 0 1

3 Year PosProgram 0.075 - 0 1

4 Year PosProgram 0.090 - 0 1

5 Year PosProgram 0.102 - 0 1

6 Year PosProgram 0.114 - 0 1
Number of Arrests | Arrested (Cumulative)

In-Program 1.143 0.482 1 8

1 Year PosProgram 1.778 1.299 1 12

2 Year PosProgram 2.205 1.851 1 15

3 Year PosProgram 2.493 2.348 1 20

4 Year PosProgram 2.718 2.839 1 48

5 Year PosProgram 2911 3.293 1 73

6 Year PosProgram 3.049 3.643 1 73
Number of Observations 129,098

Note This table shows the summary statistics of the analytic sample. The columns show the mean, standard
deviation(for nonbinary indicators)minimum value, and maximum value of each variable.
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' The SQF Stop Rates are stop rdteseachZCTA during the program period calculated per 1,000

residents.

i These are from the 2011 ACS data for proportion of the population in a ZCTAnmshonHispanic

White, norHispanicBlack, and norHispanic individuals who identify as other race (Asian, American

Indian or Alaskan Native, Native Hawaiian or Pacific Islander, and other race).

i The historical tuberculosis prevalence and death rates are calculated per 100,000 population at the time.
These data are from 194951.

Figures 1 and 2 show the distribution of ZCTAs where SYEP applicants live
The size of the circular symbol represents the number of applicants from that specific
area.ZCTAs that do not have a symbol for SYEP applicants are either becausedhere
truly no applications or, more probably, because there were too few applicants (under
500)in the DYCD data, which were suppressed§yJSfor confidentiality reason¥ In
Figure 1, the darker colors indicate areas with higher scores on disadvantage (quintiles).
Many of the SYEP applicantgereliving in neighborhoods with higher disadvantage
The map in Figure 2 illustrates the average SQF stop rates (per 1,000) during the two
months of SYEP (July and August). Darker colors suggest areas with greater stop rates.
There seems to be some but not full overlap of neighborhood disadvantage and
higherstop rates in the city ( ™ o)cAreas like Mott Haven in south Bronx, East
Harlem in northeast Manhattan, and BedfStdyvesant, Ocean Hill, and East New York
in Brooklynhad bothhigh disadvantage and SQF activity, whereas much of Staten Island
and the east of Queens like Little Neck eejdower disadvantage levels and SQF rates
than the rest of the citfthough there is correspondence between stops and disadvantage,

it is not perfect. Specificallyhe figures also show that thewereareas with higher

44 Email correspondence with the New York State Division of Criminal Justice Services (DCJS) ednfirm
that most of the applicants with missing ZIP code information ilDMED data are because they lived in
ZIP codes with too few other applicants.
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disadvantage and lower SQF stop réitessEast ElImhurst in Queens and Borough Park
and Sunset Park in Brooklyand vice versauch aDumbo in Brooklyn and Midtown

and Hell 8s Kit*chen in Manhattan

Figure 1. Map of Disadvantage I ndex- & ZCTA

2008

4 The comparison is based solely on the aspects included in the disadvantage index measure and SQF stop
rates. Even though the index captures certain aspects of disadvantage, and characteristics of disadvantage
often concentrate in certain areas, there bmgther relevant factors not covered by it. Likewise, police

activity in a neighborhood encompasses more than just SQF, but this comparison focuses on stop rates
specifically.
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Youth who applied to SYEReremore likely to come from neighborhoods
predominantly composed of ndithite residents, as shown in Figure 3, which aligns with
the summary statistics from the sample (Table 1). A comparison of Figure 3 with Figures
1 and 2 supports existing literature arx$ervations indicating that places with higher

levels of disadvantage and more frequent police SQF stops tend to have a greater
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proportion of noAWhite residentgNational Academies of Sciences, Engineering, and

Medicine, 2023 The correlation coefficients are 1@ Tbetween the percentage of

White popul ation and t hfe awaketiveentdei sadvant a

percentage of White population and SQF stop rates (see AppendixDiable

Figure 3. Map of Neighborhood Racial Composition & ZCTA Residence for SYEP

Applicants 20062008
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The arrest outcomes appeared to vary by geographic location. Appendix Figure
D5 provides maps illustrating the arrest rates for SYEP applicants during the program
summer as well as the onéhree, and fiveyear pos{program periods by ZIP code. The
data revealed a pattern of clustering in the percentage of arrests across different
codes, with areas exhibiting higher arrest rates overlapping with neighborhoods
characterized by greater disadvantage or SQF stop rates (as indicated in Figures 1 and 2).
This correlation suggests an overall elevated ofs&rrestfor youth living in these areas.
In the subsequent sections, | explored whether the effects of SYEP also varied based on

yout hds residenti al |l ocati ons.
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The balance tests areportedn Table 2. There is no evidence to indicate that the
SYEPRselected groupvassignificantly different on the measured observable
characteristics than the group not selected for the program. The treatment and control
groups being balanced on observable characteristics does not rule out the possibility that
youth in the two groupwere indeedimilar on average in unobservable characteristics.
Nevertheless, the result of the balance tests does not suggest that the lottery was
conducted inadequatelfgalance tests by race, neighborhood disadvantage quartiles, and
SQF stop rate quartiles also demonstrate that the treatment and control groups are

balanced on prprogram measures (Appendixand J.
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Table 2. Balance Table of Covariates

Control Treatment Difference
Mean SD Mean SD p-value
Selected for SYEP (Win) 0 - 1 - -
Participated in SYEP 0.046 - 0.758 - 0.0001***
Age at SYEP Start 17.160 1.269 17.185  1.278 0.518
Race/Ethnicity
White 0.075 - 0.199 - 0.952
Black 0.516 - 0.437 - 0.971
Latino 0.269 - 0.247 - 0.178
Other Race 0.140 - 0.117 - 0.053
Male 0.448 - 0.446 - 0.862
US Citizen 0.912 - 0.923 - 0.073
Family Members 4.147 1.793 4.507 2.205 0.813
Ever PriorArrest 0.033 - 0.029 - 0.628
Ever Prior Conviction 0.018 - 0.016 - 0.530
Borough of Residence
Bronx 0.264 - 0.208 - 0.447
Brooklyn 0.415 - 0.450 - 0.081
Manhattan 0.143 - 0.115 - 0.119
Queens 0.145 - 0.181 - 0.522
Staten Island 0.033 - 0.046 - 0.896
Neighborhood Characteristics
Disadv Index [2011 ACS] 0.724 0.653 0.633 0.629 0.891
SQF Stop Rates [frogram| 11.925 8.714 10.879  8.327 0.808
Proportion Whité 0.190 0.214 0.241 0.239 0.677
Proportion Black 0.369 0.279 0.331 0.283 0.159
Proportion Hispanic 0.339 0.227 0.313 0.222 0.343
Proportion Other Raée 0.007 0.015 0.007 0.015 0.184
TB Prevalence Rate 1137.48 1367.21 996.57 1255.90 0.149
TB Death Raté 84.31 111.45 73.97  103.93 0.213
Number of Observations 60,241 68,857

Note This table shows the summary statistics and balance tests of the control and treatment groups. The
control group is youth who were not selected for SYEP and the treatment group is those who were selected
to participate. The columns show the mean and atandkeviation for the treatment and control groups, as

well as the pvalue of the difference in means between the two groups. -Vakip was obtained via a

regression of the covariates on being selected for S¥E€achprovider-year.In other words, the-value

reflects the difference in the means within each prowear since randomization occurred at the level of

the provideryear. The mean values shown in the table represent the overall average in the analytic sample.
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"The SQF Stop Rates gpelicestop rates in a ZCTA during the program peridaly and August)
calculated per 1,000 residents.
i These are from the 2011 ACS data for proportion of the population in a ZCTA who-Kisgamnic
White, norHispanicBlack, andnon-Hispanic individuals who identify as other race (Asian, American
Indian or Alaskan Native, Native Hawaiian or Pacific Islander, and other race).
i The historical tuberculosis prevalence and death rates are calculated per 100,000 population at the time.
These dataverefrom 19491951.
* p<0.05, ** p<0.01, *** p<0.001
Hypot hesis 1
The first hypothesis examidevhether therevasa difference in how SYEP
influence youth arrest acroasp p | i ¢ a n t .$r@m the réyressiondokasrest on
winning the lottery (i.e., being selected for SYE&jpint F-test of the estimated average
treatment effect for each ZIP code (F=114.
arrestweredifferent in at least one of ttH#P codessompared to the othe(Appendix
Tables H1 and HR Figure 4 graphs the estimated program effects -amagram arres
by neighborhooddt revealsthatin manyof theneighborhoods, SYEP appedto have
no detectable effects on arrests, with estimates clustering around zero and no indication
of increased or decreased arrests. At the same time, the figuseigégstshatcertain
areas in the citynightbenefit from SYEP, while other areas might experience an
increase irarrest rates associated with the progr@wmparing Figure 4 to the
distribution of disadvantage in Figure teas with high levels of disadvantaggems to
show either a reduction in arrests or zero effect from the program (e.g., the north of
Staten Islandnd some parts in south Brgnin contrast, sometherareas witHow to
medium levelof disadvantage appeared to have an increase in arrests associated with the

program (e.g.northwest of Staten Island and Manhattan Valley towards the upper west

of Manhattai. A visualcomparison of Figure 4 with the map of SQF stop rates in Figure
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2 indicates thathe distribution of SQF activityand predicted program effedssslightly

more ambiguousihile manyZCTAs with high SQF activity also show reductions in
arrests or zero effect (e,dgast Harlem in Manhattan and Long Island City in Qugens
there are instances where neighborhoods with higher and lower SQF saw an increase in
arrests (e.gCentral Harlem in Manhattan and Pelham Bay in ByomRis preliminary
exploration indicates that neighborhood context might play a role in shaping the

pr ogr amoand therapra \atiations as illustrated in Figure 4. Tlggess thata

more targeted investigatios needednto how disadvantage and SQF specifically

influence program outcomes.

Figure 4. Map of Estimated Program Effects (ITT) by ZCTAs

122



Legend ‘ 4

| ) *,)_"{ -
Estimated ITT LA Vi 6 VA
/ N B X Nec,
Effects & \ VL ohas
-1.83 ] -
£ &, ¥ N )
{ o : SePoint Great Neck
[ 4 \ i
- L )
2.03 ‘ i » :
=5 - \, ‘
= 2 N
" ¢ 5 : ) ) e £~)>North
% / Y : R yde
1 / J ‘ . o \ SN
U =3 / o ) % v \
g . Y c
Ma“{ ( . N &r . Elmont
L § 7 <y %
'S
st Fad lley
qu\ Jersey Cit) €l } , :
Newark P v : ; \
Br o X 2
p \ Wool
) 5 > L ¢\ N\
&) Gel r AT
G & \ ot e |
Bayonne
=S \
_staMeland [~ : .
~,§ ‘,',-
N
b
0 1 2 4Mies )
iles A

M
EPA, NPS. USDA, USFWS

mb

Notes The map shows thestimated intento-treat (ITT) effects of SYEP on arrest fesich ZCTA. Darker
blue colorsindicatea higher increase in arrests from the progfarker orange colarindicate a greater
reduction in arrests from the prografireas with no color (shaded in white) mean thatarea was not in
the data, either becautfere were too few to report (less than 500) or no applicants in that ZCTA area.

Hypot hesis 2 and 3

| first usedordinary least square®LS) regressioato estimate the endogenous
treatment effects, specifically assessing how neighborhood disadvantage and SQF stop
rates might moder aoharedtsid@ingghe sugyméhesé s || mpact

endogenous models did not include instruments for program participation, disadvantage,
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or SQF activity, offering a picture of
neighborhood conditions (see Appendix P for tables and figuriee)interaction term
betweerprogramparticipation and neighborhood disadvantagenot significant at the
0.05 level(p<0.10, Table P1putthe estimated marginal impact of SYEP participation
was significant in reducing the likelihood ofjimogram arrests for youth in more
disadvantaged areas (Figures FEDy. local policing activity, the interaction beten

SYEP and SQF stop rates was statistically significant and negatilsbe P1) suggesting
that SYEP participantsada lower likelihood of arrests compared to nonparticipants and
the differencavidenedasneighborhood SQF stop rates increased (FigureReaults

from these endogenous models should be interpreted with caution as they may reflect
selection bias (i.e., differences between participants and nonparticipants) and other
endogeneity concerns, such as the potential influence of neighborhodvhdisme and
SQF activity on both program patrticipation and arrest outcomes.

To address the issue of endogenglitgpplied an instrumental variables (IV) two
stage least squares (2SLS) method to estimate the impact of SYEP on arrests by
comparing participants and ngarticipantsTable 3 presents the results from the models
assessing the differential impact of SYEPtlealikelihood of inprogram arrests,
considering neighborhood disadvantage (Panel A) and SQF stop rates (PanarBl,
the trends from the 2SLS models were largely consistent with the endogenous models,
thoughthe endogenous models were more likely to suggest statistically significant
program impactsPrior to reporting the 2SLS reports in detdilsiimportant to note that

unlike the endogenous modetllse 2SLS modelsstimated the local average treatment
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(LATE), reflecting the impact on compliers (i.e., the impact of participation for those
who were selected into the program by lottery) and the impact of neighborhood factors
for compliers (e.g., neighborhoods with high disadvantage due to high historical
tuberculosis prevalence).

For neighborhood disadvantagdielo not observe statistically significant
interaction termin other words, there were saynificant differences in SYEP effects on
whether youth were arrested during the SYEP paadsghe disadvantage index.
Figure 5 illustrates the marginal effects of program participation by levels of
neighborhood disadvantage. The trend is directionally negatieg, thathe
contemporaneousrestreduction impact seesdto get larger as neighborhood
disadvantage increasdowe\er, thistrendwasnot significant and he effects of the
program on arrestgerenot statistically significant across any level of disadvantage.
Confidence intervals suggest that despite the program having null effects on reducing
y 0 ut kplgramiamests, it alghd not increase them by muahsome aread-or
instance, foyouth living in neighborhoods afightly-aboveaveragdevel disadvantage
(disadvantage=015),%¢ the program at mostincreasen e 6s chance2 of arre
percentage points with a 95 percent confidence. This suggests that in those areas, the
confidence intervatouldrule out an effect o2.1 percent increas@ arrest compared to
nonparticipants

It remainsinconclusive whether the program also does not increase arrests

probability for youth living inmore advantagedr more disadvantaged neighborhoods

46 This value was around the average disadvantage level in neighborhoods where applicastsiiple
lived (disadvantage=0.675). The mean level of disadvantage for the city was around 0.2.
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due to the large confidence intervals. The estimated standard errors for areas of lower and
higher disadvantage are largitely due to smaller sample sizeesch ofthese levelsA
noteworthy aspect of the 2SLS results that warrants cautiba Bstatistic from the first
stage which suggests that the overall instruments employed may be weak. Hstafyest
modelassessethe relationship between the instruments (i.e., lottery results, historical
tuberculosis prevalence rate, and their interactma) the endogenous variables, which
included program participation, neighborhood disadvantage, and their interdtigon.
estimated coefficient for the lottery winning instrument was positive and statistically
significant (coefficient=0.668, p<0.001), indicating a strong relationship between being
selected for SYEP and actual participatibhe overall Fstatistic of 0.356 for the first
stage regressiampliesthat historical TB prevalence rdikely did not serve as a

relevant instrument for neighborhoddadvantageand the robust test statistic from

Lewis and Mertens (2022) also points to a weak instruniéma use of weak instruments
can lead to biased and inefficient estimafasdfews et al., 2019Angrist & Pischke,

2009; Stock & Yogo, 2005Further suggesting that the results from the 2SLS should be
interpreted with cautiofy. The issueof weak instrumentis furtherexplored inthe

supplementadnalyesdiscussed in aubsequergection

47 Diagnosing weak instrumentigpically involves analyzing the firsttage Fstatistics, with values below
conventional thresholdadicating potential concerns regarding instrument strength. The literature
commonly identifies a threshold ofdtatistics greater than 1Bowever, alternative thresholds exist based
on the permissible level of bias (Stock & Yogo, 2005). It is recommended to utilize the effectigtafjest
F-statistics proposed by Montiel Olea arftlBger (2013) for detecting weak instruments, as these are
robust tononhomoskedastic errois is important to note that this effectiveskatistic is still under
development for situations involving multiple endogenous regreé&odsews et al, 2018) As the next
best alternative, for the dissertatioremployed the KleibergeRaap rk Wald Fstatistic, which does not
assume homoskedasticity (KleibergerPaap, 2006)Recently, Lewis and Mertens (2022) extended the
Montiel Olea and Pflueger test to multiple endogenous variables and the test is also robust to
heteroskedasticity.reportedthe Lewis and Mertens robust test statistic for the first stage in the results
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Table 3. Instrumental Variable 2SLS ModElstimating SYEP Effects on4Rrogram

Arrests
1) 2

Panel A: Disadvantage Index b (s Cl b (se Cl

SYEP Participation 0.035 -0.709 0.780 0.213 -0.659 1.085
(0.380 (0.445H

Disadvantage 1.215 -0.219 2.649 1.096 -0.585  2.777
(0.73) (0.858

SYEP x Disadvantage -0.220 -1.246  0.806 -0.442 -1.657 0.773
(0.529 (0.620

F-statistic (FS) 0.343 0.356

L&M Test Statistic (FS) 2.573 2.671

Panel B: SQF Stop Rates b (s Cl b (s Cl

SYEPParticipation -0.274 -1.121 0.572 -0.120 -1.071  0.830
(0.432 (0.485

SQF Stop Rate -0.008 -0.069 0.054 0.010 -0.039 0.060
(0.03) (0.029

SYEP x SQF 0.013 -0.060 0.086 0.0013 -0.080 0.083
(0.039 (0.042

Control Mean 0.788 0.788

F-statistic (FS) 2.013 2.002

L&M Test Statistic (FS) 8.796 8.864

Number of Observations 129,098 128,389

Controls No Yes

Note The columns show the coefficients and 95% confidence intervals with the standard errors in
parenthesis. Column section (1) shows the model without control variables while Column section (2) shows
the model including controls. The evarested outcome wiable was transformed into percentage (i.e.,
proportion of arrested times 100) for ease of interpretation. The disadvantage index was calculated using
the 2011 ACSThe SQF Stop Rates were stop rates in a ZCTA during the program period calculated per
1,000 residentsThe control means are tipercentagef arrests for applicants who did not participate in

tables.The Lewis and Mertens test statistics for the weak instruments were calculated using the Matlab
code gweakivtest.m provided by the auth@serall, the calculated Lewis and Mertens (2022) test
statistics and critical values also indicated that the neighborhood instruments were weak.

In cases of weak instruments, one can apply weak instrument robust inference methods to estimate
coefficients, as these methods are designed totaestto weak instruments. Unfortunately, to my
knowledge, there are currently nabust andstablished methodology in the field for correcting IV
estimates or making inference robust in the presence of weak instruments when multiple endogenous
regressors are involved

127



SYEP.The Fstatistic is th&kleibergenPaap rk Wald #statisticfor the first stagefor the neighborhood
disadvantag, thecritical values calculated using.ewis and Merters £022)methodare312.14for the
model without control variables ar2®7.56for the model with controld~or SQF stop ratethe critical
values arecalculated to b808.56 for the model without controls aR8i0.25for the model with controls
*p<0.1, * p<0.05, ** p<0.01, *** p<0.001
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Figure 5. Predicted Program Effects ofPirogram Arrests by Neighborhood

Disadvantage

Marginal Effects of SYEP on Arrest

Predicted SYEP Effect

-0.905 -0.095 0.715 1.526 2.336
Disadvantage index (2011 ACS)

Note: This figuregraphs the estimated local average treatment effect (LATE) of the program on arrests
across varying levels of disadvantage, with accompanying 95% confidence intervals for the predicted
LATE.

When looking at neighborhoods of varying police SQF activity2®ieSanalysis
ddnot i ndicate significant di f f@pogeamces i n
arrests acroghelevels of SQF stops rates (Table 3 Panel B). Figure 6 presents the
mar ginal effects of program participation
influence on arrest rates is not statistically significant at any level of SQF Tateslope
is flat, showing that the estimated program effects were zero for araaghand low
SQF activity Similar to results from disadvantage, confidence intervals of the marginal
effects show that while we do not have enough evidence to say that SYERlieduce
program arrests, it alshd not significantly increase them. The progrdit not appear to
elevate arrest probabilities for youth living in neighborhoods slightly-aboveaverage
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SQF stop rate§SQF stop rates=18), the potential increase in arrest probability
associated with SYEP participatisrasat most 0.005percentage points.hls suggests
that e confidence intervalouldrule out a33.5 percent reduction in the possibility of
arrests and a O/(percent increase.

In areas of higher SQF stop rates, large variation limits the ability to precisely
estimat e t he Thersaistic of2.602 ®rfthe éret stagad the Lewis
and Mertensos timpyythatthe imastrumentsiused farthe28LS 8 6 4
modelfor SQF stop ratewere likely weakoverall suggeshg that the results should be

approachedavith caution.

Figure 6. Predicted Program Effects ofPirogram Arrests by SQF Stop Rates

Marginal Effects of SYEP on Arrest
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SQF Stop Rate
Note: This figuregraphs the estimated local average treatment effect (LATE) of the program on arrests

across varying levels of police SQF stop rates (per 1,000), with accompanying 95% confidence intervals for
the predicted LATE.
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Hypot hesi s 4

Disadvantage and policing are interconnected neighborhood factors that may
jointly influence SYEP outcomes. The fourth hypothesis examined their combined
impact througha threeway interactiorof program participation, disadvantage, and SQF
stop ratesFindings from the endogenous OLS models suggest that youth in
neighborhoods with both higher disadvantage and higher stop rates experienced a
reduction in summer arresfBable P2 andrigure P3)Forinstancethe endogenous
model estimated that SYEP participaimtshe high disadvantage (i.e., disadvantage
index=2.336) and high stop rate (i.e., SQF one standard deviation above the mean)
neighborhoods were@ to Q75 percentage points (or 9.7 to 95.3 percent) less likely to
be arrested during the program compared to nonparticipants (Figure P3).

Results fronthe 2SLSmodesk that included instrumental variables of SYEP
lottery, historical tuberculosisIB) prevalence rates, and the Basilyle instrumenére
presentedinTable4d. do not observe t hmogramdrrestsSYEPO6s i
differedsignificantly by neighborhood disadvantage and police stop ac¢tastgvident
in the nonsignificant interaction term$redicted program effects in Figure 7 also
illustrate no statistically significant program effects by the two neighborhood context
indicators This finding diverges from the endogenous models as the latter more
consistently show a downward trend (Figure P3), indicating a stronger reduction in

arrests as neighborhood disadvantage and SQF stop rates incfeaseffiects are more
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precisely estimateih areas around the mean level of SQF activity (stop rate=1%.37).
Similar to the previous findings, the firstage Fstatistic (F=0.004and the Lewis and

Mertens test statistimply that the conclusions should be interpreted carefully.

48t is important to note that this represents the average level of SQF activity in neighborhoods where
SYEP applicanti the sampleresided (stop rate=11.37). In comparison, the citywide average SQF stop
rate during the program was approximately 9.3 per 1,000 resi&Dts.9)
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Table 4. Instrumental Variable 2SLS Models Estimating SYEP Effects-Bnogram

Arrests (with Disadvantage and SQF Stop Rates)

1) 2

b (s Cl b (s Cl

SYEP Participation 5.884 -98.205 109.972 6.112 -74.501 86.725
(53.10% (41.139

Disadvantage -35.013  -487.093 417.067 -0.035  -54.095 54.026
(230.®) (27.58)

SYEP x Disadvantage -10.711  -188.972 167.550 -10.910 -150.112 128.293
(90.95) (71.023

SQF Stop Rate -1.971 -27.600 23.657 -0.017 -3.114 3.080
(13.079 (1.580

SYEP x SQF Stop Rate -0.577 -10.345  9.190 -0.537 -8.275 7.200
(4.983 (3.948

Disadvantage x SQF 2.839 -33.151  38.829 0.047 -4.102 4.196
(18.363 (2.117

SYEP x Disadvantage x SQI  0.830 -12.627 14.287 0.772 -9.979  11.523
(6.869 (5.489

Control Mean 0.788 0.788

F-statistic (FS) 0.067 0.004

L&M Test Statistic (FS) 0.0007 0.007

Controls No Yes

Number of Observations 129,098 128,389

Note The columns show the coefficients and 95% confidence intervals with the standard errors in
parenthesis. Column section (1) shows the model without control variables while Column section (2) shows
the model including controls. The evarested outcome viable was transformed into percentage (i.e.,
proportion of arrested times 100) for ease of interpretation. The disadvantage index was calculated using
the 2011 ACSThe SQF Stop Rates were stop rates in a ZCTA during the program period calculated per
1,000 residentsThe control means are the percentage of arrests for applicants who did not participate in
SYEP.The Fstatistic is th&leibergenPaap rk Wald fstatisticfor the first stageThecritical values

calculated usingtewis and Merters £022)methodare822.23 for the model without control variables
and751.72for the model with controls

*p<0.1, * p<0.05, ** p<0.01, *** p<0.001
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Figure 7. Predicted Program Effects ofPirogram Arrests by Neighborhood

Disadvantage for Separate Values of SQF Stop Rates

Marginal Effects of SYEP on Arrest
SQF 1 SD Below | | SQF Mean

200

: L.

I : : . }
-100 \ W
-200
-0.905 -0.095 0715 1.526 2.336-0.905 -0.095 0.715 1.526 2336

| SQF 1 SD Above |

Predicted SYEP Effect

-0.905 -0.085 0715 1.526 2,336
Disadvantage index (2011 ACS)

Note: This figuregraphs the estimated local average treatment effect (LATE) of the program on arrests
across varying levels of disadvantagpecificallyfor SQF stop rates at the mean and one standard
deviation below and above the meamrcdmpanying 95% confidence intervals for the predicted LAfdE
also displayed
Hypot hesi s 5

SYEP might positively impact lontgrm criminal justice outcomes by helping
disadvantaged youth develop important skills like responsibility and conflict resolution.
These skills may reduce offendinghich may ultimately reduce arrestat the benefits
may diminish as participants disadvantaged areesturn to their resoureimited
neighborhoods after the program erdsough, for youth in advantaged neighborhoods,

they may be better situated to capitalize on the benefits of the program to sustain a

reduction in arrestd he longterm results for endogenous models are presented in Table

134



P3 and Figure P& he arrest outcomder each followup periodwereinclusive such
that thearrest outcome for year six indicates whether youth were arrested at any point
during the six years following the prograihe interaction terms between SYEP
participation and neighborhood disadvantage were not significant across most years,
except for three yearspgstr ogr am ( Tabl e P3) . Pl otting th
of neighborhood disadvantage reveals a genegative trend, indicating that SYEP
paricipation was associated with lower arrest rates as neighborhood disadvantage
increased. However, the marginal effects were generally not statistically significant
(Figure P4)

Table 5 shows theSLS modetesults of the program when examining the years
after program summeusing instrumental variableEhere is minimal evidence
indicating significant interaction effects of SYEP participation and neighborhood
disadvantage on the likelihood of arrémtanylength of timeafter the program ered|
consistent with the endogenous modeligure 8 confirms that the progratid not affect
the likelihood of arrests differently by varying levels of neighborhood disadvantage after
the pogram summerexcept for a marginally significant increase in arrest rates in places
around 0.7 on the disadvantage indgrlike the endogenous findingsere does not
appear to be a consistent directional trend in the skgress yearsn other words, the
program did not exhibit a systematic pattern of either increasing or decreasing arrest rates
across different levels of neighborhood disadvantage overkowever, he estimates

have large standard errors and are quite imprecise.
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Table 5. Instrumental Variable 2SLS Models Estimating SYEP Effects on Arrests in

Years Post Program

(©) (@)

Panel A: Post Program 1 Year b (sé Cl b (s Cl

SYEP Participation -0.342  -2.654 1.970 0.227 -1.897 2.351
(1.180 (1.089

Disadvantage 4.44% 0.328 8.557 3.405 -0.542 7.352
(2.099 (2.019

SYEP x Disadvantage 0.417 -2.699 3.533 -0.294  -3.198 2.611
(1.590 (1.482

Control Mean 4.003 4.003

Panel B: Post Program 2 Year b (sé Cl b (sg Cl

SYEP Participation -1.189  -4.794 2.416 -0.402  -3.476 2.673
(1.839 (1.569

Disadvantage 6.511 -0.097  13.119 5.333 -0.940 11.605
(3.372 (3.200

SYEP x Disadvantage 1.551 -3.466 6.569 0.553 -3.808 4.914
(2.560 (2.225

Control Mean 6.302 6.302

Panel C: Post Program 3 Year b (sé Cl b (s Cl

SYEP Participation -0.811  -4.938 3.315 0.168 -3.127 3.463
(2.105 (1.68)

Disadvantage 9.210 -0.447  18.866 7.893 -1.794  17.580
(4.927 (4.942

SYEP x Disadvantage 1.048 -4.810 6.907 -0.213  -4.939 4513
(2.989 (2.41)

Control Mean 8.278 8.278

Panel D: Post Program 4 Year b (s€ Cl b (se Cl

SYEP Participation -0.720  -4.536 3.097 0.298 -2.603 3.199
(1.947) (1.480

Disadvantage 10.736 0.335  21.137 9.282 -1.444  20.008
(5.307 (5.473

SYEP x Disadvantage 1.396 -3.917 6.709 0.074 -3.997  4.145
(2.71) (2.077

Control Mean 9.831 9.831
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Panel E: Post Program 5 Year b (s Cl b (s Cl

SYEP Participation -0.311  -4.060 3.439 0.707 -1.947 3.360
(1.913 (1.359

Disadvantage 12.202 -0.151 24.556 10.565 -2.095 23.225
(6.303 (6.459

SYEP x Disadvantage 0.784 -4.517 6.084 -0.557  -4.232 3.119
(2.709 (1.875

Control Mean 11.170 11.170

Panel F: Post Program 6 Year b (s Cl b (s Cl

SYEP Participation -0.680 -5.451 4.091 0.391 -2.929 3.711
(2.439 (1.699

Disadvantage 13.414 -0.699 27.527 11.739 -3.001 26.479
(7.20) (7.520

SYEP x Disadvantage 1.350 -5.458 8.157 -0.051 -4.772 4.670
(3.473 (2.409

Control Mean 12.455 12.455

F-statistic (FS) 0.343 0.356

L&M Test Statistic (FS) 2573 2.671

Number of Observations 129,098 128,389

Control No Yes

Note The columns show the coefficients and 95% confidence intervals with the standard errors in

parenthesis. Column section (1) shows the model witbwnitrol variables while Column section (2) shows
the model including controls. The evarested outcome variable was transformed into percentage (i.e.,
proportion of arrested times 100) for ease of interpretalfiba.oneyear follow-up spans from September
of the program year to August of the following year, while the-ywar followup extends from September

of the program year to August two years pmsigram, continuing similarly for follovaps up to six years.
The disadvantage index was calculateidgishe 2011 ACSThe control means are the percentage of
arrests for applicants who did not participate in SYHE# Fstatistic is thekleibergenPaap rk Wald

statisticfor the first stageThe critical valuec al cul at ed

using

Lewi sareand

312.14 for the model without control variables and 297.56 for the model with controls
*p<0.1, * p<0.05, ** p<0.01, *** p<0.001
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Figure 8. Predicted Program Effects on Arrest #ssgram by Neighborhood

Marginal Effects of SYEP on Arrest Year 1 Post Program Marginal Effects of SYEP on Arrest Year 2 Post Program
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Note: This figuregraphs the estimated local average treatment effect (LATE) of the program on arrests
across varying levels of disadvantage, with accompanying 95% confidence intervals for the predicted
LATE. The oneyear followup spans from September of the program year to August of the following year,
while the twoeyear followup extends from September of the program year to August two years post
program, continuing similarly for followaps up to six years.
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Hy poeash&s and 7

How neighborhood di sadvantage and SQF
the likelihood of arrest may differ based on whether the youth was Black, Latinx, or
White. The endogenous models reveal that, for Black youth, while the interaction terms
between SYEP and disadvantage (or SQF stop rates) were not significant (Tables P4 and
P5), predicted impacts showed a statistically significant reduction in arrests for Black
participants in disadvantaged neighborhoods and areas with higher police stops (Figures
P5 and P6). For Latinx youth, there were no significant interaction effects, and the
estimated marginal impacts across levels of disadvantage or SQF stop rates were also not
significant (Tables P4 and P5, Figures P5 and P6). For White youth, although the
interaction terms were not significant (Tables P4 and P5), the predicted impacts show a
downward trend, suggesting a greater reduction in arrests as neighborhood disadvantage
and SQF stop rates increased, albeit the impacts were not statistically sigaifiaan
level (Figures P5 and P6).

For the 2SLS models with instrumental variableahl€ 6 reveals thabe
interaction term of program participation ameighborhood disadvantages not
significant for eaclacialethniccategoy. The marginal effects plan Figure 9supports
this finding with confidence intervals of the estimated effamiasistently includingero
across levels of disadvantadéeverthelessthe overall trendlor each grougeem to
suggest that disadvantage might impact program outcdiffeently, consistent with th
endogenous resultSor Blackand Whiteyouth, he downward slopappears tindicate

that SYEP patrticipatiowasrelated tca greater reduction in arrests in more
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disadvantaged places, while in relatively madeantaged placew/fere the
disadvantage indes belowzero), the program might increase arrest risksontrast,
the marginal effectbor Latinx youthwereconsistently estimated around zeoss

disadvantage levels
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Table 6. Instrumental Variable 2SLS Models Estimating SYEP Effects-Bnogram

Arrests by Racial/Ethnic Groups (Neighborhood Disadvantage)

1) 2

Panel A: Black b (s Cl b (s Cl

SYEP Participation 0.632 -0.574 1.837 0.657 -0.364 1.678
(0.615 (0.52)

Disadvantage 1.729 -0.112 3.571 1.189 0.062 2.315
(0.940 (0.575

SYEP x Disadvantage -0.971 -2.504 0.563 -0.964 -2.262 0.333
(0.783 (0.662

Control Mean 1.056 1.056

F-statistic (FS) 0.965 0.965

L&M Test Statistic (FS) 4.213 4217

Number of Observations 60,803 60,801

Panel B: Latinx b (s9 Cl b (s9 Cl

SYEP Participation -6.167 -51.589  39.254 -1.668 -31.955 28.619
(23.179 (15.453

Disadvantage 0.407 -30.034  30.849 2.005  -37.944 41.953
(15.533 (20.3823

SYEP x Disadvantage 6.018 -41.068 53.104 1.359 -30.294  33.013
(24.029 (16.150Q

Control Mean 0.782 0.782

F-statistic (FS) 0.009 0.009

L&M Test Statistic (FS) 0.036 0.036

Number of Observations 33,035 33,034

Panel C: White b (se Cl b (se Cl

SYEP Participation 0.519 -0.110 1.149 0.426 -0.122 0973
(0.32)) (0.279

Disadvantage 1.590 -0.939 4.119 1.467 -0.809 3.743
(1.290 (1.161)

SYEP x Disadvantage -2.111 -5.268 1.045 -1.751 -4.500 0.997
(1.61) (1.402

Control Mean 0.127 0.127

F-statistic (FS) 0.861 0.863

L&M Test Statistic (FS) 2117 2121

Number of Observations 18,168 18,166

Controls No Yes
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Note The columns show the coefficients and 95% confidence intervals with the standard errors in
parenthesis. Column section (1) shows the model without control variables while Column section (2) shows
the model including controls. The evarested outcome wable was transformed into percentage (i.e.,
proportion of arrested times 100) for ease of interpretation. The disadvantage index was calculated using
the 2011 ACSThe control means are the percentage of arrests for applicants who did not participate in
SYEP.The Fstatistic is theKleibergenPaap rk Wald Fstatisticfor the first stagefor the sample of Black
youth,the critical valus calculated usingtewis and Merters 2022)methodare363.00 for the model

without control variables arg63.28for the model with controld=or Latinx youth, the critical valgeare

310.03 for the model without control variables &0®.26for the model with controld=or White youth,

the critical valus are221.96 for the model without control variables 2@®.61for the model with control
variables

*p<0.1, * p<0.05, ** p<0.01, *** p<0.001

Figure 9. Predicted Program Effects ofPirogram Arrests by Neighborhood
Disadvantage for Each Race

[Black Youth] [Latinx Youth]

Marginal Effects of SYEP on Arrest [black] Marginal Effects of SYEP on Arrest [latino]
10

Predicted SYEP Effect
Predicted SYEP Effect

-0.905 -0.095 0715 1.526 2.336 -0.905 -0.095 0.715 1.526 2.336
Disadvantage index (2011 ACS) Disadvantage index (2011 ACS)

[White Youth]

Marginal Effects of SYEP on Arrest [white]
5

Predicted SYEP Effect

0905 0.147 05610 1.367 2124
Disadvantage index (2011 ACS)

Note: This figuregraphs the estimated local average treatment effect (LATE) of the program on arrests
across varying levels of disadvantage for applicants who were Black, Latinx, and White, with
accompanying 95% confidence intervals for the predicted LATE.
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In terms ofneighborhoogolice activity the interactios between SYEP
participation and SQF stop rat@srenot statisticallysignificantfor anyracialethnic
group(Table 7).However, ike the disadvantage findings, testimated slopes in the
marginal effects ploteveals varied patterity race/ethnicityfFigure 10) For Black
youth,the trend is downwards but mostly flat, indicating that program effectsn
arrestsareapproximately zero regardless of SQF activity in the neighborhood.
Conversely, the trend for Latinx youth shows an upward slope, suggesting that those in
areas with low SQF activity experienced a reduction in arrest risks, whereas those in high
SQF neighbhoods face@n increasgrisk. Specifically, he program appeedto
decrease the likelihood of-program arrest by 0.027 to 0.62 percentage points
neighborhoods witllightly aboveaverage SQF activityhich translates ta reduction
of around 3.5 to 79 percecvmpared to other Latinx youth who were not in SYEEP.
contrast, White youth show a trend where program participat@associated with a
largerincreasen arrests with increasing SQF activigfthoughlarge confidence
intervals at the upper end diet disadvantage distribution made it difficult to precisely
estimate program impacts at these levEe firststage F statisticand the Lewis and
Mertens (2022) test statistishow that the instruments used in the models by
race/ethnicity were likely weak overall. Although the fissige F statistic for Black
youth is higher (F=4.138), it still falls below the conventional threshold of 10. A
supplemental quartile analysis, prated in a subsequent section, attempts to further

address this issue.
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Table 7. Instrumental Variable 2SLS Models Estimating SYEP Effects-Bnogram

Arrests by Racial/Ethnic Groups (SQF Stop Rates)

(€) (@)

Panel A: Black b (s Cl b (se Cl

SYEP Participation -0.082 -1.108 0.944 0.059 -1.081 1.199
(0.529 (0.582

SQF Stop Rate 0.013 -0.051 0.076 0.021 -0.033 0.076
(0.033 (0.028

SYEP x SQF Stop Rate -0.0017 -0.075 0.071 -0.0096 -0.091 0.071
(0.039 (0.04)

Control Mean 1.056 1.056

F-statistics (FS) 4.139 4,138

L&M Test Statistic (FS) 13.921 13.927

Number of Observations 60,803 60,801

Panel B: Latinx b (s Cl b (sg Cl

SYEP Participation -1.253 -3.165 0.658 -1.175 -2.941 0.591
(0.97H (0.90)

SQF Stop Rate -0.041 -0.131  0.049 -0.036 -0.118 0.046
(0.049 (0.042

SYEP x SQF Stop Rate 0.079 -0.081 0.239 0.072 -0.076 0.221
(0.082 (0.079

Control Mean 0.782 0.782

F-statistics (FS) 1.900 1.907

L&M Test Statistic (FS) 7.455 7.490

Number ofObservations 33,035 33,034

Panel C: White b (s Cl b (se Cl

SYEP Participation -8.510 -233.2 2162 -3.767 -46.69 39.16
(114.64 (21.90

SQF Stop Rate -0.134 -4.323  4.056 -0.267 -1.153 0.620
(2.138 (0.452

SYEP x SQFStop Rate 1.432 -36.19 39.06 0.631 -6.510 7.772
(19.194 (3.649

Control Mean 0.127 0.127

F-statistics (FS) 0.001 0.004

L&M Test Statistic (FS) 0.010 0.002
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Number of Observations 18,168 18,166

Control No Yes
Note Thecolumns show the coefficients and 95% confidence intervals with the standard errors in
parenthesis. Column section (1) shows the model without control variables while Column section (2) shows
the model including controls. The evarested outcome variabheas transformed into percentage (i.e.,
proportion of arrested times 100) for ease of interpretaliba SQF Stop Rates were stop rates in a ZCTA
during the program period calculated per 1,000 resid&htscontrol means are the percentage of arrests
for applicants who did not participate in SYEme Fstatistic is th&KleibergenPaap rk Wald statistic
for the first stagefor the sample of Black youth, thdtical values calculated usingewis and Merter s
(2022)methodare332.21 for the model without control variables &32.31for the model with controls
For Latinx youth, the critical valsare273.71 for the model without control variables &7@.92for the
model with controlsFor White youth, the critical valseare153.04 for the model whibut control variables
and156.69for the model with controls
*p<0.1, * p<0.05, ** p<0.01, *** p<0.001

Figure 10. Predicted Program Effects ofPimgram Arrests by Neighborhood SQF Stop
Rates for Each Race

[Black Youth] [Latinx Youth]

Marginal Effects of SYEP on Arrest [black] Marginal Effects of SYEP on Arrest [latinx]
5

Predicted SYEP Effect
Predicted SYEP Effect

3 -3
1.250 11.799 22.348 32.897 43.445 1.250 11.799 22348 32.897 43.445
SQF Stop Rate (in-program) SQF Stop Rate (in-program)

[White Youth]

Marginal Effects of SYEP on Arrest [white]

300

Predicted SYEP Effect

1.250 10.383 19516 28.649 37.782
SQF Stop Rate (in-program)

Note: This figuregraphs the estimated local average treatment effect (LATE) of the program on arrests
across varying levels of police SQF stop rates for applicants who were Black, Latinx, and White, with
accompanying 95% confidence intervals for the predicted LATE.
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Hypot hesi s 8

When examining the intersection of race/ethnicity and neighborhood
disadvantage, | anticipated that disadvantage would influence thédlongffects of
SYEP differentl y blytheyendogernodssnodels theintezactiom i c i t y
terms between program participation and neighborhood disadvantage were not significant
for any racial/ethnic group (Tables P6, P7, and P8). Plotting the predicted impacts across
levels of neighborhood disadvantageealed no clear pattern for Black youth (Figure
P7). ForLatinx youth, there was a downward trend in ldagn program outcomes, with
SYEP estimated to reduce arrests three and four yearpnogsam for participants in
disadvantaged areas (Figure P8). Recall that the arrest outcomes were cumulative across
eat year, meaning that the thrgear outcome reflected whether youth were arrested in
the first, second, and third year after SY
not show a consistent lorigrm trend, but suggested that participants in saivardaged
areas experienced a reduction in arrests starting two yeafgrpgsam, lasting up to six
years (Figure P9However, as noted earlier, these results should be interpreted with
caution due to potential selection bias and other endogeneity concerns.

Using instrumental variable$)d2SLSr e sul t s by yout hds race
afterSYEPG6s conclusion reveal more nuanced pa
sample (see Tables 8, 9 and.F)r Black youth, e interactions between SYEP
participation and the neighborhood disadvantage imgarnot statistically significant in
thepostprogramyears (Table 8)The marginal effects of the prograasdisplayed in

Figure 11 show downward trends that gradually tapered over time, although these
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estimated impacts were not significantly different from zero across levels of
disadvantageexcept for Black youth in areas of slightly ab@xerage disadvantage for

the fouryear follow up The findings overalsuggest that Black youth in highly

disadvantaged areas initiallyight experience greater reductions in arrests due to SYEP,

while those in more advantaged arguisally saw an increase in arrests. However, this
variation in the programb6s est iasthetyard ef f ec

after SYEP increased
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Table 8. Instrumental Variable 2SLS Models Estimating SYEP Effects on Arrests in

Years Post Program for Black Youth

(@) (@)

Panel A: Post Program 1 Year b (s Cl b (s Cl

SYEPParticipation 1460 -1.714 4634 1504 -1.134 4142
(1.619 (1.349

Disadvantage 5.855  -0.034 11.744 3.858 0.560 7.156
(3.009 (1.683

SYEP x Disadvantage -1.881  -5.969  2.207 -1.789  -5.197  1.620
(2.086 (1.739

ControlMean 5.174 5.174

Panel B: Post Program 2 Year b (sg§ Cl b (sg Cl

SYEP Participation 1242 -2518 5.002 1252  -1.225 3.729
(1.918 (1.269

Disadvantage 8.628& 0.134  17.122 6.128& 0.980 11.275
(4.339 (2.626

SYEP x Disadvantage -1.729  -6.674  3.216 -1.553  -4.864  1.757
(2.523 (1.689

Control Mean 8.029 8.029

Panel C: Post Program 3 Year b (s Cl b (se Cl

SYEP Participation 1427 -3.323  6.177 1393 -2.310 5.096
(2.423 (1.889

Disadvantage 10.323 0.350 20.295 7.541 1.266  13.815
(5.088 (3.20)

SYEP x Disadvantage -1.896  -8.239  4.447 -1.639 -6.645  3.368
(3.239 (2.559

Control Mean 10.520 10.520

Panel D: Post Program 4 Year b (s@ Cl b (se Cl

SYEP Participation 1.775 -2.836 6.385 1.704 -2.122 5.530
(2.353 (1.952

Disadvantage 12.02%  1.251  22.807 9.146 2.029 16.263
(5.499 (3.63)

SYEP x Disadvantage -1.734  -7.712 4.243 -1.421  -6.545 3.704
(3.050 (2.619

Control Mean 12.470 12.470
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Panel E: Post Program 5 Year b (s Cl b (s Cl

SYEP Participation 0.659  -4.085 5.402 0.556  -2.824  3.935
(2.420 (1.724

Disadvantage 13.142 0.844  25.441 10.164  1.732  18.595
(6.275 (4.302

SYEP x Disadvantage -0.383 -6.558  5.792 -0.018 -4.468  4.432
(3.15) (2.270

Control Mean 14.147 14.147

Panel F: Post Program 6 Year b (s Cl b (s Cl

SYEPParticipation 0.644  -3.734 5.022 0.498 -2.535 3.532
2.234 (1.548

Disadvantage 13503 0.356  26.651 10.479 1.109 19.848
6.708 (4.780

SYEP x Disadvantage -0.507 -5.918  4.903 -0.079 -3.699 3.541
2.761 (1.847

Control Mean 15.760 15.760

F-statistic (FS) 0.965 0.965

L&M Test Statistic (FS) 4.213 4.217

Number of Observations 60,803 60,801

Controbk No Yes

Note The columns show the coefficients and 95% confidence intervals with the standard errors in
parenthesis. Column section (1) shows the model without control variables while Column section (2) shows
the model including controls. The evarested outcome viable was transformed into percentage (i.e.,
proportion of arrested times 100) for ease of interpretaliba.oneyear followup spans from September
of the program year to August of the following year, while the-year follow-up extends from September
of the program year to August two years gagigram, continuing similarly for follovaps up to six years.
The disadvantage index was calculated using the 2011 R@Scontrol means are the percentage of
arrests for applicants who did not participate in SYBE#Re Fstatistic is thekleibergenPaap rk Wald
statisticfor the first stageThecritical values calculated usingtewis and Mertens 2022)methodare
363.00 for the model without control variables &63.28for the model with controls

*p<0.1, * p<0.05, ** p<0.01, *** p<0.001
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Figure 11 Estimated Program Effects on Arrests Pegigram by Neighborhood
Disadvantage foBlack Youth

Marginal Effects of SYEP on Arrest Year 1 Post Program [black] Marginal Effects of SYEP on Arrest Year 2 Post Program [black]
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Note: This figuregraphs the estimated local average treatment effect (LATE) of the program on arrests
across varying levels of disadvantage, with accompanying 95% confidence intervals for the predicted
LATE. The oneyear followup spans from September of the program year to August of the following year,
while the twoeyear followup extends from September of the program year to August two years post
program, continuing similarly for followaps up to six years.
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For Latinx youth, the interactions between S¥Yrticipation and neighborhood
disadvantagen the 2SLS modeldid not produce statistically significant results in the
years following the program (Table 9). The estimated marginal effects, as depicted in
Figure 12, illustrate a somewhat different pattern compared to Black youth. Initially,
SYEP appeared to raiseest rates as neighborhood disadvantage increased in the first
two years posprogram. However, this relationship reversed in the subsequent four
five-, and sixyear period, though these slepgere not statistically significanthe
findings should be interpreted with caution du¢hi® large standard errors and
confidence intervalsyhich madedrawing precise conclusions challenging. To address
issues of statistical power and weak instruments, a supplemental analysis of quartiles was

conducted (discussed in a later section).
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Table 9. Instrumental Variable 2SLS Models Estimating SYEP Effects on Arrests in

Years Post Program for Latinx Youth

(@) (@)

Panel A: Post Program 1 Year b (s€ Cl b (se Cl

SYEP Participation -32.426 -327.71 262.86 -12.438 -122.46 97.581
(150.66 (56.133

Disadvantage -0.223  -42.300 41.854 6.145 -74.868 87.158
(21.469 (41.339

SYEP x Disadvantage 33.352 -272.60 339.30 12.671 -101.22 126.56
(156.1Q (58.109

Control Mean 4.049 4.049

Panel B: Post Program 2 Year b (s€ Cl b (se Cl

SYEP Participation -48.335 -472.88 376.21 -22.327 -207.53 162.88
(216.6) (94.495

Disadvantage 4.879 -103.03 112.79 11.737 -132.98 156.46
(55.059 (73.837

SYEP x Disadvantage 49.588 -389.55 488.72 22.696 -168.56 213.95
(224.05 (97.589

Control Mean 6.480 6.480

Panel C: Post Program 3 Yeal b (s€ Cl b (se Cl

SYEP Participation -16.514 -124.23 91.204 13.524 -328.68 355.73
(54.96Q (174.69

Disadvantage 43.705 -528.12 615.53 50.147 -543.04 643.33
(291.75 (302.65

SYEP x Disadvantage 16.243 -97.641 130.13 -14.812 -373.99 344.36
(58.105 (183.26

Control Mean 8.527 8.527

Panel D: Post Program 4 Yeai b (s€ Cl b (se Cl

SYEP Participation -5.745  -227.14 215.65 27.441  -491.47 546.35
(112.96 (264.79

Disadvantage 56.613 -674.12 787.34 62.945 -681.34 807.23
(372.83 (379.75

SYEP x Disadvantage 5.198 -229.97 240.36 -29.106 -572.77 514.56
(119.99 (277.39

Control Mean 10.151 10.151
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Panel E: Post Program 5 Year b (s€ Cl b (se Cl

SYEP Participation 31.211 -589.71 652.13 66.523 -885.61 1018.66
(316.8Q (485.79

Disadvantage 74.047 -848.85 996.95 80.614 -863.03 1024.25
(470.89 (481.49

SYEP x Disadvantage -33.041 -684.42 618.34 -69.555 -1064.00 924.89
(332.39 (507.39

Control Mean 11.489 11.489

Panel F: Post Program 6 Year b (s€ Cl b (se Cl

SYEP Participation 48.645 -873.52 970.81 85.915 -1179.35 1351.18
(470.5Q (645.56

Disadvantage 105.76 -1221.94 14335 111.05 -1203.71 1425.81
(677.4) (670.8)

SYEP x Disadvantage -50.879 -1018.02 916.27 -89.406 -1411.51 1232.70
(493.45 (674.56

Control Mean 12.837 12.837

F-statistic (FS) 0.009 0.009

L&M Test Statistic (FS) 0.036 0.036

Number of Observations 33,035 33,034

Controls No Yes

Note The columns show the coefficients and 95% confidence intervals with the standard errors in

parenthesis. Column section (1) shows the model without control variables while Column section (2) shows
the model including controls. The evarrested outcome viable was transformed into percentage (i.e.,
proportion of arrested times 100) for ease of interpretafiba.oneyear followup spans from September

of the program year to August of the following year, while the-year follow-up extends from September

of the program year to August two years pagigram, continuing similarly for follovaps up to six years.

The disadvantage index was calculated using the 2011 A@&Scontrol means are the percentage of

arrests for applicants who did not participate in SYH#R Fstatistic is the&KleibergenPaap rk Wald

statisticfor the first stageThecritical values calculated using.ewis and Merters £022)methodare

310.03 for the model without control varlab and309.26for the model with controls

*p<0.1, * p<0.05, ** p<0.01, *** p<0.001
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Figure 12. Estimated Program Effects on Arrests-Posgram by Neighborhood

Disadvantage for Latinx Youth

Marginal Effects of SYEP on Arrest Year 1 Post Program [latino] Marginal Effects of SYEP on Arrest Year 2 Post Program [latino]
200 400
_ 10 ~ 200
3 3
= =
i w
o o
W ]
> >
[ n o
o bl
31 31
ko] o]
=] ©
o -100 ]
o & 00
-200
-400
-0.905 -0.095 0715 1526 2336 0.905 0.095 0715 1526 2336
Disadvantage index (2011 ACS) Disadvantage index (2011 ACS)
Marginal Effects of SYEP on Arrest Year 3 Post Program [latino] Marginal Effects of SYEP on Arrest Year 4 Post Program [latino]
1000 1000
5 8 500
£ £
w w
o o
b ; | o
2] 0 T = 0 0+
© J ©
5] <
] ‘ o
h=1 k]
I I
& 500 & 0o
-1000 -1000
-0.905 -0.095 0715 1526 2.336 -0.905 -0.095 0715 1526 2336
Disadvantage index (2011 ACS) Disadvantage index (2011 ACS)
Marginal Effects of SYEP on Arrest Year 5 Post Program [latino] Marginal Effects of SYEP on Arrest Year 6 Post Program [latino]
2000 3000
2000
1000 =
3 3]
= =
w W 4000
o o
w w
> >
2] o n
i 3 .
° °
=] T
o I
& 1000 & 1000
-2000
-2000
-0.905 -0.095 0715 1526 2336 -0.905 -0.095 0715 1526 2336
Disadvantage index (2011 ACS) Disadvantage index (2011 ACS)

Note: This figuregraphs the estimated local average treatment effect (LATE) of the program on arrests
across varying levels of disadvantage, with accompanying 95% confidence intervals for the predicted
LATE. The oneyear followup spans from September of the program year to August of the following year,
while the twoeyear followup extends from September of the program year to August two years post
program, continuing similarly for followaps up to six years.
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In the 2SLS models using instrumental variap®¥EP participatiomlid not
appear tasignificantly vary by neighborhood disadvantage over the yeak/hite youth
(Table 10). As illustrated in Figure 13, for White youth residingnore advantaged
neighborhoods, SYEP participatislasassociated with Aasein the probability of arrest
within the first two and thregears after the program ezatl andtheseresultswere
marginally significantConversely, foiWWhite youth living in neighborhoods withreater
disadvantage, the likelihood of arregipeaed to decrease, but these estimates did not
reach conventional levels of statistical significance.

Overall, e longterm results by ragethnicityuncovered more nuanced patterns
compared to the findings from the full sample. A prior study discovered that the NYC
SYEP increased arrests and convictions farskt youth(i.e., those with a prior arrest)
within five years after the program, althouglesbwerenot statistically significant at the
conventional leve{Kessler et al., 2022)n the datafor this dissertationBlack and
Latinx youth were much more likely to have an arrest record prior to the start of SYEP
(with 4.4% and 3.2%rrest rates respectivelgompared to only G.percentfor White
youth GeeAppendix Tabls A5 and A§. The findings from thSLSanalysis show that
in the initial years after program participation, increase in amestspossible among
Black youth residing in more advantahareas and Latinx youth in more disadvantage.
Theseresultssuggest that neighborhood context can influence how SYEP impacts long
term outcomes.

Lastly, he results from the primary analysis remained unchanged when

neighborhood racial composition was included as control vasabtee abovemodels.
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The interaction terms between SYEP participation and neighborhood céontext
disadvantage and SQF stop rategere generally not significant. However, the estimated
marginal effects indicated some directional patterns suggesting that program participation
may correlate with a reduction in arrests as disadvantage increases. Notably, the direction
and magnitude of these findings did not differ from the main results after incorporating
neighborhood racial composition. This addition aimed to account for the zadiali

environments that youth may encounter, alongside their individual/edhiak identities.
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Table 10. Instrumental Variable 2SLS Models Estimating SYEP Effects on Arrests in

Years Post Program for White Youth

(©) (@)

Panel A: Post Program 1 Year b (s Cl b (s Cl

SYEP Participation 0.757 -0.321 1.834 0.520 -0.350 1.390
(0.550) (0.444)

Disadvantage 2.163 -1.665 5.991 2.106 -1.181 5.394
(1.953) (1.677)

SYEP x Disadvantage -3.503 -8.166  1.159 -2.597 -6.275  1.082
(2.379) (1.877)

Control Mean 0.707 0.707

Panel B: Post Program 2 Year b (se Cl b (s Cl

SYEP Participation 1.172 -0.139  2.482 0.859 -0.189  1.906
(0.668) (0.534)

Disadvantage 2.197 -2.565 6.959 2.392 -1.569 6.353
(2.430) (2.021)

SYEP x Disadvantage -5.130  -11.098 0.838 -3.939 -8.645 0.767
(3.045) (2.401)

Control Mean 1.287 1.287

Panel C: Post Program 3 Year b (sg Cl b (sg Cl

SYEP Participation 1.274 -0.275 2.824 0.916 -0.417  2.248
(0.790) (0.680)

Disadvantage 1.993 -3.473  7.460 2.352 -2.243  6.947
(2.789) (2.345)

SYEP x Disadvantage -5.888  -12.566 0.791 -4.524 -9.872  0.825
(3.407) (2.729)

Control Mean 1.795 1.795

Panel D: Post Program 4 Year b (se Cl b (s Cl

SYEP Participation 0.784 -0.683  2.251 0.395 -0.906 1.695
(0.748) (0.664)

Disadvantage 0.366 -4.915 5.646 0.899 -3.153 4.951
(2.694) (2.067)

SYEP x Disadvantage -3.647 -10.087 2.794 -2.152 -7.528 3.224
(3.286) (2.743)

Control Mean 2.321 2.321

Panel E: Post Program 5 Year b (se Cl b (se Cl

SYEPParticipation 0.731 -0.849 2.310 0.311 -1.077  1.699
(0.806) (0.708)

Disadvantage -0.123 -5.619 5.374 0.575 -3.691 4.842
(2.804) (2.177)

SYEP x Disadvantage -3.959 -10.890 2.972 -2.334 -7.982 3.314
(3.536) (2.882)

ControlMean 2.774 2.774
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Panel F: Post Program 6 Year b (se Cl b (s Cl

SYEP Participation 0.700 -0.937  2.337 0.277 -1.158 1.712
(0.835) (0.732)

Disadvantage -0.083 -6.108 5.941 0.716 -4.133 5.565
(3.074) (2.474)

SYEP x Disadvantage -4.249  -11.612 3.114 -2.606 -8.592  3.379
(3.757) (3.054)

Control Mean 2.974 2.974

F-statistic (FS) 0.861 0.863

L&M Test Statistic (FS) 2.117 2.121

Number of Observations 18,168 18,166

Control No Yes

Note The columns show the coefficients and 95% confidence intervals with the standard errors in
parenthesis. Column section (1) shows the model without control variables while Column section (2) shows
the model including controls. The evarested outcome viable was transformed into percentage (i.e.,
proportion of arrested times 100) for ease of interpretalfiba.oneyear follow-up spans from September
of the program year to August of the following year, while the-year follow-up extends from Septdber
of the program year to August two years pagigram, continuing similarly for follovaps up to six years.
The disadvantage index was calculated using the 2011 R@Scontrol means are the percentage of
arrests for applicants who did not participate in SYB#R Fstatistic is thekleibergenPaap rk Wald £
statisticfor the first stageThecritical values calculated usingtewis and Mertens £2022)methodare
221.96 for the model without control variables @289.61for the model with controls

*p<0.1, * p<0.05, ** p<0.01, ** p<0.001
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Figure 13 Estimated Program Effects on Arrests Pesigram by Neighborhood

Disadvantage fowhite Youth
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Note: This figuregraphs the estimated local average treatment effect (LATE) of the program on arrests
across varying levels of disadvantage, with accompanying 95% confidence intervals for the predicted
LATE. The oneyear followup spans from September of the program year to August of the following year,
while the twoeyear followup extends from September of the program year to August two years post
program, continuing similarly for followaps up to six years.
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ChaptRerbues,Seasst ianidt \ SuRpsemesat al

| performed several supplemental analyses, including sensitivity tests to assess the

results and assumptionstbEmodels, as well as robustness checks to evaluate model
specification and analytic decisiorihis chapter reports the findings from these
supplemental analysesid compares them with the main tatage least squares (2SLS)
results
Reduced Form OLS Model s

| used ordinary | east squares (OLS)
whichonly includedthe instruments (i.e., winning the lottery, historitdlerculosis
rates, and Bartikhift-share measuyén the modelsThe reduced forrmeasurd the
intentto-treat (ITT) effect of the SYEP program on arrest outcoifiess. capturd the
overalltreatment effect of being selected for SYEP., winning the lottery)regardless

of actual participatiostatus providing insights into the impact of offering theogram.

These models estimated the program effects directly, excluding endogenous variables

such as program participation, neighborhood disadvantage, and SQHF hatesduced
form resultsdid not differ significantly from the main analyseséAppendixl).

Overall, thefindings suggesidthat the effects of being selected into SYEP on
arrestgdid not significantly differ based on neighborhood histortollerculosis TB)

rates or Bartik measuré$The plottedtreatment effectby levels of historical TB

4 The main purpose of the Bartik IV is used to isolate exogenous variation in the SQF stop rate variable.
More specifically, the Bartik IV is the percent change of SQF stop rates between the program months and

the two months prior that was observed in ttieepboroughs where participants do not live in. Hence, it is
trickier to interpret the meaning of the reduced form results for the Bartik instrument.
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prevalence appeared negative, but the estimated marginasefegehot significant at
anyprevalencedevel. The reduced forrby race/ethnicityvereconsistent with the main
finding. Being selected for SYEP also did not influence arrests differently based on
values of the Bartik instrument, although the estimated effects are more likely to be
negative (i.e., reduce arrest§hereduced form of police activitlgy race/ethnicity also
did not vary much from the main analysis, exdepta nonsignificant ngative
interaction for Latinx youth during the prograbooking at the intersection of TB
prevalence anctitywide changes to SQ.e., Bartik measure), winning spot in SYEP
appeared to significantly reduce arrest rates for areas with high prevalence of TB
regardless of the values of the Bartik Dastly, thelong-termresults indicated thdtteing
offered SYEP did not significantly influence arrests across neighborhood historical TB
rates, and the lontgrm results by race/ethniciglignedwith the mainanalysis.

The reduced form calmelp reduce bias from weak instrumeitswever, thee
modelswerealso limited by the potentially weak instrumehysonly be able to speak to
the variation of program effects by neighborhood historical TB rates and percent change
in stop rates in the city (i.e., the Bartik IM)he following section presents the results
from separate 2SLS models by quartiles of neighborhood disadvantage and SQF stop
rates, aiming to evaluate the SYEP effects on youth residing in specific neighborhood
quartiles.

Suppl ement aNe iAgnhabl Qushi osb dblye s
In an effort to examine how SYEP effects vary by neighborhood context without

incorporating the potentially weak instruments for neighborhood variables into the
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model, lestimatedhelocal average treatment effettATE) of SYEP for each quartile
of neighborhood disadvantage and SQF rates separatelynétiied allowed for an
examination oSYERS s  ewfitHinespetific quartiles, but touldnot facilitate
comparisons across quartiles (levels of disadvantage or SQF rates), unliist $he
models with interaction termssed in the main analysis. other words, thiguartile
approach provided insights into how SYEP impacts arrest rates for youth residing in
distinct categories of neighborhood disadvantage or police activity. By trading off the
granularity of the disadvantage and stop rate measures, | was able to incresiealstati
power and avoid the use of instruments in the quartile analysis

Each ZCTA waglassified according to itguartileposition based othe
disadvantage index or SQF stop rates. The quawigesdefined usinglata from alll76
ZCTAs in the city witha population over 1,000. The first quartile (least disadvantaged)
included neighborhoods with disadvantage scores ranging-frot® to-0.63, thesecond
guartile was from0.63 to 0.08 (the median), the third quartile was from 0.08 to 0.56, and
the fourth quartile (most disadvantaged) was from 0.56 to 2.34. For averagéofQF s
rates during the program summer, the first quaffilast policed)ncluded places with
stop rates from 0 to 4.09, the second quartile was from 4.09 to 7.19 (median), the third
guartile was from 7.19 to 11.01, and the fourth quafttiéavily policedwas from 11.01
to 39.52. Figure D4 and Table D2 in the Apperdkxnonstratevhere the quartiles fall
within the distributions of disadvantage and police stop rates. There was considerable

variation within the fourth quartile, encompassing areas with highels of

162



disadvantage than the city, as well as regions with extremely high disadvantage (or areas
with very high SQF stop rates and exceptionally high stop rates).

There were several notable demographic differences among youth living in
neighborhoods with varying levels of disadvantage and SQF activity (see Appendix
Tables A7 and A8. In the highest quartile of disadvantage, youth were substantially less
likely to be White (6.9%) and more likely to be Black (50.9%) or Latinx (34.4%),
compared to the two more advantaged quartiles where 26.1 percent of youth were White,
38 percent werBlack, and 17 percent were Latinx. Additionally, the likelihood of prior
criminal judice contacts and arrest outcomes increased with higher levels of
neighborhood disadvantage, with youth in the fourth quartile facing the highest arrest
risks. Similarly, SQF stop rates rose with increasing disadvantage, with neighborhoods in
the lowest tw quartiles experiencing approximately 6 stops per 1,000 residents,
compared to 14 stops per 1,000 residents in the highest quartile. A similar pattern
emerged when examining quartiles of SQF stop rates. Neighborhoods in the highest
guartile of stop ratelsad a much higher proportion of Black youth (63.3%) and a lower
proportion of White youth (5%) compared to the two lowest quartiles, where 32.6 percent
of youth were White and 27.6 percent were Black. Latinx youth were more likely to
reside in neighborho@dwithin the third quartile of stop rates (indicating moderate stop
rates) where 34.7 percent of youth were Latinx. Arrest risks and frequency in general
increased for youth as the SQF stop rates increased.

The guartilebased analysis revesla nuanced pattern. In comparison to the

2SLS models with interactions between SYEP patrticipation and neighborhood

163



disadvantagen the main analysiélable 3Panel Aand Figure 5), the separate estimation
by quartiles shoeda similar negative pattern. Notablyguth in the first two quartiles of
disadvantaged neighborhoods (relatively more advantay@ayienced a marginally
significant increase in arrest rates from SYEP patrticipation (Figuemd4 able L1
Panel A. The impact of SYEP on iprogram arresta/asstatistically significant for
participants residing in neighborhoods within the fourth quartile of disaalyauii.e.,
those most disadvantaged compared to other parts of the city). For these neighborhoods,
SYEPwasestimated to reduce the likelihood of arrests by 0.14 to 0.50 percentage points,
whichtranslates to a 15 to 53 percent decrease relative to the basedisterates the
control groupThe range overlaps with the 43 percent reduction in violent crime arrests
reported by Heller (2014), though my estimates inaladktypes of arrests. For context,
applicants from the Chicago program were at fiigk of arrests and from highly
disadvantaged neighborhoods. These neighborhoods are comparable to the fourth quartile
of disadvantage in NYC based on poverty rates ardiandnousehold income. For
instance, the average median household inc
was $34,035, while the average median income in neighborhoods from the Chicago
sample was around $34,06836,000°

The first stage models in the supplemental analysis examined the relationship
between lottery selection and program participafidre Fstatistic for each quartile
modelwere substantidl F-statistic 0f18762 for the first and second quartiles of

disadvantage, Btatistic 0f2157.2for the third quartile, and-Btatistic 0f2861.9for the

50 Data for NYC neighborhood median income were from the 2011 ACS; data for the Chicago
nei ghborhood median income in Hellerdés (2014) study
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fourth quartile. These values suggest that lottery results were a relevant instrument for
identifying SYEP participation. Although the quartile analysis did not facilitate direct
comparison of estimated program effects across quartiles, the estimateleémoafi

interval for the fourth quartile of disadvantage did not overlap with that for the first and
second quartile of disadvantage. This might suggest that the SYEP may be more effective
in reducing iRprogram arrests among participants residing in higadiliantaged

neighborhoods compared to neighborhoods with betmdian disadvantage.

Figure 14. Predicted Program Effects ofPimgram Arrests by Quartiles of

Neighborhood Disadvantage

Estimated LATE on In-Program Arrests for Each Disadv Quartile

Estimated Program Effects

Quartiles 1 & 2 Quartile 3 Quartile 4
Disadvantage Index

Note Thisfigure shows the estimatddcal average treatment effect (LAT#y program participation on

the outcome of iprogram arrest for each quartile of neighborhood disadvantatieaccompanying 95%
confidence intervalsThe quartiles are defined using ZCTAs in the whole city (with population over 1,000).
The first quartile of disadvantage index is approximat@lg§31, the median is approximately 0.078, and

the third quartile is 0.557.
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For SQF stop ratespntrary to the main findingbat there was no difference in
program effects by stop rat€kable 3Panel Band Figure 6), youth in neighborhoods
with belowmedian SQF activity appeadto experience increased chances of artgsts
0.04 to 0.42 percentage points from SYEP (FiguraricbTable L1 Panel)Breflecting a
10.2 to 104.6 percent increase compared to nonparticipants in the same areas
Conversely, youth in neighborhoods within the third quartile of SQF stop rates
experiencd a reduction in arrestsom participating in SYEBy 0.09 to 0.47 percentage
point, which was a 10.7 to 53.7 percent decrease compared to the controlTgreup
effect in the highest SQF quartias negative yeatot statistically significant from zero,
and the confidence interval indicdtinat SYEP likely did not lead to a large increase in
arrests in theskighly policedneighborhoods.

The firststage F statistics for each quartile were largel@95 for the first and
second quartile for SQF stop rates2B62.8for the third quartile, and RB966.4for the
fourth quartile) suggestinghat lotteryoutcomewaslikely a relevant instrument for
program participation, consistent witrlierfindings. Additionally, the confidence
interval for neighborhoods below the median SQF stop rates did not owdtiaihose
for the neighborhoods above the mediainis impliesthat participantsesiding in areas
with abovemedian stop ratmay have facetbwer arrest risks during the summer

compared to those imeighborhoods witlhelow-median stop ratévith 95% confidence)
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Figure 15. Predicted Program Effects ofPimgram Arrests by Quartiles of SQF Stop

Rates

Estimated LATE on In-Program Arrests for Each SQF Stop Rate Quartile

Estimated Program Effects

Quartiles 1 & 2 Quartile 3 Quartile 4
SQF Stop Rate

Note Thisfigure shows the estimatddcal average treatment effects (LATIB) program participation on

the outcome of #program arrest for each quartile of neighborh86F stop rates, with accompanying

95% confidence interval§ he quartiles are defined using ZCTAs in the whole city (with population over
1,000) for SQF rateduringthe program. The first quartile of SQF stop rate in 2006 is approximately

4.041, the median is approximately 6.449, and the third quartile is 12.253. The first quartile of SQF stop
rate in 2007 is 3.966, the median is approximately 6.062, and thegtiartile is 10.651. Lastly, the first
quartile of SQF stop rate in 2008 is approximately 4.176, the median is approximately 6.524, and the third
quartile is 11.958.

The main 2SLS model with threeay interactions (Table 4 and Figure 7) did not
reveal a clear pattern regarding how neighborhood disadvantage and SQF activity
together influence SYEP effects. However, the quartile model demodstrateSYEP
reducel arrests by 0.05 to 0.65 percentage points in neighborhoods situated within the
highest quartiles of both disadvantage and SQF rates. This repasseatiuction of 5 to
61 percent in arrests compared to control youth in these areas (Figand T@ble L2
In neighborhoods that were not in the highest disadvantage and SQF activity quartiles, |

do not observe significant program effects on arrest during the progractdition, he
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first-stage Fstatisticwas2162.1for neighborhoods in the highest quartiles of both
disadvantage and SQF stop rate 286139 for neighborhoods that wermtin the
highest quartile obothmeasures

It might appear that relatively few youth residle areas with high disadvantage
and high SQF stop rates. However, the data redélaht approximatela quarteiof
applicants irtheanalytic sampleame from these neighborhoof$= 32,794).
Neighborhoods with high disadvantage and high policing acedfmt only 11.4 percent
of NYC ZCTAs. This suggests that the crimeduction effect found in these placzsn

have an impact on a substantial portion of SYEP youth.

Figure 16. Predicted Program Effects ofPimgram Arrests by Quartile Categories of

Neighborhood Disadvantage and SQF Stop Rates

Estimated LATE on In-Program Arrests for Disadvantage and SQF Combined
2

Estimated Program Effects

Mot in High Disadv, High SQF In High Disadv, High SQF

Note Thisfigure shows the estimatddcal average treatment effects (LAT#B) program participation on
the outcome of iprogram arrest foneighborhoods in the fourth quartile of disadvantage and the fourth
quartile of SQF stop rates combined compared to neighborhoods not in Bith@ccompanying 95%
confidence intervals are also illustrated.
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Examining effects up to six years after the program ended, the quartile rdioidels
not consistently show variationslong-termeffects by disadvantage categories (Figure
17 and Table L3 For those in the highest quartile, the estimated program effects
indistinguishable fromzeron any peri od af t e.intetestimgly,pr ogr am
sincethe threeyearfollow-up onward, arrests seemuto increase for SYEP participants
in neighborhoods falling in the third quartile of disadvantage. The progesastimated
to increase arrests by around 0.09 percentage points or up to 1.58 percentage points from
year three to year siwllow-up after the program endebh areas with belownedian
disadvantage (i.e., more advantaged neighborhoods), SYEP participation was consistently
associated with an increase in arrests, albeit not statistically signifitaspattern was
less evidentvhen evaluating the effeats arrests over timesing the 2SLS models
(Table 5 and Figure 8)n neighborhoods with disadvantage index below 0.715 (just
above the third quartile cutoff), the estimated effects weresignificant but positive
when examining fouyears to six years peptogram indicating an increase in arrests
The significant increase in arrests observed from program participation in the third
guartile, contrasted with the na@gnificant results in the main analysis, may be due to
several reasons: first, differences in statistical power; second, the quadi#ésmo
estimated LATE within the quartile rather than across varying levels of disadvantage; and

third, the lack of an instrument to isolate the impact of disadvantage.
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Figure 17. Predicted Program Effects on ArrestfPosgram by Quartiles of

Neighborhood Disadvantage

Estimated LATE on 1 Year Arrests for Each Disadv Quartile Estimated LATE on 2 Year Arrests for Each Disadv Quartile

Estimated Program Effects
o
Estimated Program Effects

Quartiles 1 &2 Quartile 3 Quartle 4 Quartiles 1 & 2 Quartile 3 Quartle 4
Disadvantage Index Disadvantage Index

Estimated LATE on 3 Year Arrests for Each Disadv Quartile Estimated LATE on 4 Year Arrests for Each Disadv Quartile

Estimated Program Effects
Estimated Program Effects

Quartiles 182 Quartile 3 Quartle 4 Quartiles 1& 2 Quartile 3 Quartle 4
Disadvantage Index Disadvantage Index

Estimated LATE on 5 Year Arrests for Each Disadv Quartile Estimated LATE on 6 Year Arrests for Each Disadv Quartile

Estimated Program Effects
o
Estimated Program Effects

Quartiles 1 &2 Quartile 3 Quartle 4 Quartiles 1 & 2 Quartile 3 Quartle 4
Disadvantage Index Disadvantage Index

Note Thesefiguresshow the estimateldcal average treatment effects (LAT&)program participation on
postprogramarress for each quartile of neighborhood disadvantalgee oneyear followup spans from
September of the program year to August of the following year, while thgeaofollow-up extends from
September of the program year to August two yearsgragiram, continuing similarly for follovaps up

to six yearsTheaccompanying 95% confidence intervate also illustratedThe quatrtiles are defined
using ZCTAs in the whole city (with population over 1,000). The first quartile of disadvantage index is
approximately-0.631, the median is approximately 0.078, and the third quartile is 0.557.
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Breaking down thehorttermmodek by race and ethnicity reves additional
insights. For Black youth, thereasa discernible downward trend in the estimated
effects of SYERIuring the summe(Figure 18and Table L3 This trend suggests that
SYEP reduce arrests in neighborhoods of higher disadvantage quartiles but may
increase them in areas of lower disadvantage quartiles, consistent with the main findings
(Figure 9). In the supplemental quartile analysis, the estimated program fefifdaiisck
youthweremarginally significant in the first two quartiles of disadvantage and
statistically significant in the third quartile and the highest quartile of disadvantage.
Specifically, in the third quartile, the program appediio increase the risk of arrests by
0.003 to 0.64 percentage poinasd a 0.4 to 75.8 percent increase in arrest risk compared
to control group living in the third disadvantage quartikethe highest quartile, SYEP
wasestimated to reduce arrests by 0.18 to 0.63 percentage (ieir84o 51.4 percent
reduction) Latinx youth also exhibéda pattern of decreased arrests in higher
disadvantage quartiles, with a 0.03 to 0.64 percentage point reduction ighbsthi
guartile reflecting a 4.2 to 84.8 percent decrease than Latimpaditipants in the same
neighborhoods

These findingsareconsistent with prior research indicating tBédck and Latinx
youthtend to benefit more from SYEP in terms of reducing criminal justice outcomes
during the program (Gelber et al., 2016; Kessler et al., 2022; Modestino, BOL7).
example,bi | di ng on Kessler and coll da@maguesdé (20
programarrests among Latinx participants in 2@052008NYC SYEP,the findings in

this dissertatiorurther demonstratkthat this effect may be particularly concentrated
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among Latix youth in thehighestquartile of disadvantagkike the main results, the
guartile models id not show that SYERBignificantlyincreased or decreasedprogram
arrests for White youth in the different disadvantage categories

The firststage Fstatistics for each quartile of disadvantage and race/ethnicity
were all substantial, suggesting that the lottery instrument was strong and relevant for

SYEP participation in these subgroup models.

Figure 18. Predicted Program Effects ofPimgram Arrests by Quartiles of

Neighborhood Disadvantage for Each Race

Estimated LATE on In-Program Arrests for Each Disadv Quartile (black) Estimated LATE on In-Program Arrests for Each Disadv Quartile (latino)
15
1
2 4 2
] S 5
& &
w w
£ £
o o L
g ° g °
[ I
3 3
] g
B 0 e £
@ kT
w w
-
-5
5
Quartiles 1 &2 Quartile 3 Quartile 4 Quartiles 1 &2 Quartile 3 Quartile 4
Disadvantage Index Disadvantage Index

[White Youth]

Estimated LATE on In-Program Arrests for Each Disadv Quartile (white)
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Estimated Program Effects

Quartiles 1& 2 Quartile 3 Quartiie 4
Disadvantage Index

Note Thesefiguresshow the estimateldcal average treatment effect (LAT&f)program participation on

in-program arrestfor each quartile of neighborhood disadvantageg appl i cant sé race/ et hn
accompanying 95% confidence intervals are also illustratee quartiles are defined using ZCTAs in the

whole city (with population over 1,000). The first quartile of disadvantage index is approxinta6sy,

the median is approximately 0.078, and the third quartile is 0.557.
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For results by quartiles of SQF stop rates (Figurari®Table LY Black youth
in neighborhoods with belowedian SQF activity experientan increased risk of arrest
by 0.006 to 0.94 percentage poijmeflecting a one to 145.4 percent rise in arrests
compared to Black neparticipants in the same areéet, the impact of SYEP on arrest
rateswasnot statistically different from zero for Black youth in neighborhoods with
abovemedian SQF stop ratealthough the point estimates were directionally negativ
For Latinx youth, participants residing in neighborhoods within the third quartile of SQF
rates experiencka 0.28 to 0.91 percentage point decrease in arrests, which corregpond
to a 37 to 119 percent reduction compared tepamicipantsFor White youth, program
participation was not significantly associated with an increase or decrease in arrests for
youth living in any quartile of SQF activitiastly, similar to the disadvantage findings,
the firststage F statistics for each quartile of SQF stgs and race/ethnicity were all

large.
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Figure 19. Predicted Program Effects ofPimgram Arrests by Quartiles of

Neighborhood SQF Stop Rates for Each Race

Estimated LATE on In-Program Arrests for Each SQF Quartile (black) Estimated LATE on In-Program Arrests for Each SQF Quartile (latino)
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Note Thesefiguresshow the estimateldcal average treatment effects (LAT&)program participation on

in-program arrestfor each quartile of neighborho&QF st op rates by applicantsd
accompanying 95% confidence intervals are also illustrdtee quartiles are defined using ZCTAs in the

whole city (with population over 1,000) for SQF ratksingthe program. The first quartile of SQF stop

rate in 2006 is approximately 4.041, the median is approximately 6.449, and the third quartile is 12.253.

The first quartile of SQF stop rate in 2007 is 3.966, the med@ppigoximately 6.062, and the third

quartile is 10.651. Lastly, the first quartile of SQF stop rate in 2008 is approximately 4.176, the median is
approximately 6.524, and the third quartile is 11.958.

Examining the longerm effects of SYEP by quartiles of disadvantage for each
racial/ethnic group reveadithat for Black youth, the prograappearedo increase the
likelihood of arrests in neighborhoods with belavedian disadvantageelatively more
advantaged places) the sampl€Figure 20and Table L§. This pattern beane less

pronounced over time, aligning with the pattern in the main analysis (Figure 11). More
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specifically, Black youtlwho resided imeighborhoods situated in the first and second
guartiles of disadvantage experiede® increase in arrests in timtial four years after
the program. Starting in the fourth year, Black youth in the third quartile of disadvantage

alsosawa statistically significant increase in arrests.

Figure 20. Estimated Program Effects by Quartiles of Neighborhood Disadvantage for

Black Youth

Estimated LATE on 1 Year Arrests for Each Disadv Quartile (black) Estimated LATE on 2 Year Arrests for Each Disadv Quartile (black)
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Note Thesefiguresshow the estimateldcal average treatment effects (LAT&)program participation on
postprogramarress for each quartile of neighborhood disadvantgeBlack youth. The ongear follow

up spans from September of the program year to August of the following year, while theamfollow

up extends from September of the program year to August two yeansrpgsam, continuing similarly for
follow-upsup to six years. The accompanying 95% confidence intervals are also illusTifa¢eguartiles

are defined using ZCTAs in the whole city (with population over 1,000). The first quartile of disadvantage
index is approximately0.631, the median is approxately 0.078, and the third quartile is 0.557.

For Latinx youth, no significant effects on arrestyeobserved across different
categories of neighborhood disadvantage (Figuran2llTable LY, consistent with the

main findings (Figure 12).

Figure 21. Estimated Program Effects by Quartiles of Neighborhood Disadvantage for

Latinx Youth

Estimated LATE on 1 Year Arrests for Each Disadv Quartile (latino) Estimated LATE on 2 Year Arrests for Each Disadv Quartile (latino)
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Estimated LATE on 5 Year Arrests for Each Disadv Quartile (latino) Estimated LATE on 6 Year Arrests for Each Disadv Quartile (latino)

Estimated Program Effects
Estimated Program Effects

Quartiles 1 & 2 Quartile 3 Quartile 4 Quartiles 14 2 Quartile 3 Quartile 4
Disadvantage Index Disadvantage Index

Note Thesefiguresshow the estimateldcal average treatment effects (LAT&)program participation on
postprogramarress for each quartile of neighborhood disadvantiged._atinx youth. The ongear

follow-up spans from September of the program year to August of the following year, while theamwo
follow-up extends from September of the program year to August two yeaigrpgsam, continuing

similarly for follow-ups up to six years. The accompanying 95% confidence intervals are also illustrated
The quartiles are defined using ZCTAs in the whole city (with population over 1,000). The first quartile of
disadvantage index is approximately631, the median is approximately 0.078, and the third quartile is
0.557.

In the main analysis, | found that White youdisidingin more advantaged
neighborhood$aced increased likelihood of arrest the initial yeardgollowing SYEP
participation(Figure 13) Additionally, the impact of disadvantage on SY&Bffecton
arrestdisplayeda downwardtrend suggesting a larger decrease in arrests as disadvantage
increasedHowever, the quartibased analysi®r White youthdid not replicate these
findings(Figure 22and Table L& Notably, | did not observe an increase in arrests
during the first few years peprogram for White youth living in the first two quartiles of
disadvantage (relatively more advantaged areas). Instead, youth in these areas appeared
to experience a reductian arrests over a longer follewp period.This divergence in
findings between the main analysis and quartile analysis may stem from high variability
and reduced stability in the extremely high disadvantaged places, which could have
influenced the estimations in the main results. A potentially weak neighborhood

disadvantage instrument may have also impacted the coefficient estimates in the main

177



analysis. However, it is important to emphasize that the interaction models in the main
analysis effectively compared program effects between more advantaged and more
disadvantaged neighborhoods, whereas the quartile analysis did not directly enable such

comparisons.

Figure 22. Estimated Program Effects by Quartiles of Neighborhood Disadvantage for

White Youth

Estimated LATE on 1 Year Arrests for Each Disadv Quartile (white) Estimated LATE on 2 Year Arrests for Each Disadv Quartile (white)
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Note Thesefiguresshow the estimateldcal average treatment effects (LAT&)program participation on
postprogramarress for each quartile of neighborhood disadvantigé/Vhite youth. The ongear follow

up spans from September of the program year to August of the following year, while theamfollow

up extends from September of the program year to August two yeansrpgsam, continuing similarly for
follow-upsup to six years. The accompanying 95% confidence intervals are also illusTifa¢eguartiles

are defined using ZCTAs in the whole city (with population over 1,000). The first quartile of disadvantage
index is approximately0.631, the median is approxately 0.078, and the third quartile is 0.557.

To assess whether the results were robust to the way that the disadvantage and
SQF rate measures were binnegkdategorized these variables into three groups based
on standard deviations from the mean. The first category included neighborhoods with a
disadvantage index below the mean, the secatejoryincluded neighborhoods withn
disadvantage index between the mean and one standard deviation above the mean, and
the thirdcategoryincluded neighborhoods withdisadvantage indegreaterthan one
standad deviation above the mean.i¥kame binning strategy was applied to SQF stop
rates. For the disadvantage index, the first category (low disadvantage) generally
captured neighborhoods slightly more advantaged than those in the first and second
guartiles. The second category (medium dlisatage) encompassed a broader range of
neighborhoods, while the third category (high disadvantage) included neighborhoods
higherdisadvantagéevelsthan those in the fourth quartii®For SQF stop rates, the first
category (low stop rate) on average captured neighborhooda Wittader range of stop
rates than the first and second quartiles combined, while the second category (medium

stop rate) typically reflected neighborhoods with higher stop rates than those in the third

51 The mean of the disadvantage index is approximately 0.022 and the standard deviation is 0.879.
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guartile. The third category (high stop rateludedneighborhoods with much higher
SQF stop rates than those in the fourth quattile.

Overall, indings from the supplemental analysis of neighborhood categories by
standard deviation (see Appendix Q) wiangely consistent with the quartile analysis
with only minordivergencesSYEP participantsesidingin the highest category of
disadvantaged neighborhoods.(iteosemore than one standard deviation above the
mean disadvantage index) experienced lower arrest risks than nonparticipants (Table Q1
and Figure Q1)Additionally, participants living in neighborhoodsat werebothin the
highest category of disadvantage éimelhighest category of SQF stop rates were less
likely to be arrestedompared to nonparticipanffable Q2 and Figure Q34 finding
consistentvith the quartile analysis.

Theprimary differences between the standard deviataaagoriesandthe
guartileanalysiswererelated tostatistical significance rather than substantive differences
in patterns. Foinstancethe prograndid notsignificantly increase arresits
neighborhoods in the first (lowest) category of SQF stop rdésgite a positive
estimated coefficienSimilarly, I did not findthatthe progranreducedarrest risksn
neighborhoodsvithin the medium SQBtop ratecategory, even though the estimated
coeffident was negativéTable Q1 and Figure QZJhese discrepaimeslikely arose
from the two categorization methods captumstightly different subsets of

neighborhoodsnthe disadvantage @olice-activity spectrum.

52The mean of SQF stop rate in 2006 is 9.871 and the standard deviation is 9.470. The mean of SQF stop
rate in 2007 is 8.881 and the standard deviation is 8.100. The mean of SQF stop rate in 2008 is 9.295 and
the standard deviation is 8.119.
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The longterm outcome findingand the byrace findingdrom the standard
deviation categoriefollowed patternsimilarto those observed itihe quartile analysjs
with minor differencesn statisticalsignificarce For example, Black participantssiding
in the highest category of disadvantaged neighborhoods still benefitted from the program
asevidenced by lower likelihood of arrestduring the summerompared to
nonparticipants, consistent with the quartile analf/&ble Q4 and Figure Q3n
contast,Latinx participants in the highesategory of disadvantaged neighborhoogse
only marginally significantly less likely tbearresteccompared to nonparticipants
whereasparticipants wersignificantly less likely tdearrested in the quartile analysis
(Table Q4 and Figure Q5Jhese differences likelgeflectvariationwithin the
neighborhoodswhich warrants further study

In summary, lte supplemental analysaf neighborhood quartileend categories
by standard deviatioprovided valuable insights but diverddrom the main analysis in
several ways noted aboueis worthhighlighting againthat a significant proportion of
SYEP applicantsame from neighborhoods with greater disadvantage than the city
median. Over half of applicants in the analytic sam@eefrom neighborhoods thaélf
within the fourth quartile of disadvantagg., the most disadvantagedmpared to the
city as a whole, and about otterd from the fourth quartile of SQF stop ratdus, the
concentrated effects observed in the fourth quartiles of disadvantage or SQF stop rates
could, in reality, impact many SYEdpplicants.

Therewasconsiderable variation among neighborhoods in the highest quartile.

For instance, the disadvantage index in this quartile cainge 0.5 to 2.33%, and the

181



SQF stop rates (per 1,000) wafrom around 11 stops to 50 stops. This variability likely
contributel to the large standard errors and wide confidence intervals observed at the
extremes of the distribution in the main analysis, as the number youth residing in these
At-ando wasretatvely small. While the main analysis with interaction terms
utilized the full range of disadvantage and SQF values, the quartile analysis agijregate
neighborhoods into broader categories. This approach erthiéagcpover to detect
significant effects within each quartile but cannot differentiate between highly
disadvantaged and extremely disadvantaged neighborhoods or between high and
extremely high SQF neighborhoods.
Al t ernati ve TIBupbsetrrcuwnheornsti sMeasur es

As an alternative approach to measuring the TB instruments, | categorized
historical TB prevalence rates into groups, such as quartiles or categories based on
standard deviations from the mean. These categorical indicators were then used as
instruments tgredict neighborhood disadvantage in the 2SLS analysis. Using TB
prevalence groups as instruments, rather than the continuous measure, may enhance
predictive power because the instrument may not exhibit a strong linear relationship with
the endogenous viable across all continuous values. Appendix R presents the results of
using both quartiles of TB prevalence réteColumn section 1and groups based on

standard deviations from the me@m Column section 23s instrument&

53 The categories were as follows: the first category included neighborhoods with TB prevalence below the
mean, the second category included neighborhoods with TB prevalence between the mean and one standard
deviation above the mean, and the third includeidhborhoods with TB prevalence more than one

standard deviation above the mean.
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For example, the interaction term between SYEP participation and disadvantage
was marginally significant (p<0.1) when using the categorical TB instruments, with
similar coefficient estimates batuchsmaller standard errors (Table 3 and R1). When
plotting the marginal effects of the program at different levels of disadvantage, the
alternative TB instruments suggested that SYEP patrticipation reduced arrests in higher
disadvantage neighborhoodisring the summeFigure R2) As expected, the firsdtage
F-staistics revealed that the categorical TB measures substantially improved the
instruments' predictive power, withdgtatistics increasing by a factor of three to over 300
times those observed in the main analysis. Moreover, the Lewis and Mertens (2022) test
statistics for weak instruments were notably higher for the categorical TB instruments
than for the continuous TB instrument used in the main analysis, suggesting improved
predictive power. However, the instruments remained weak, as the test staiiistets st

below the critical values.

Alternative Measures

First, | examined at how SYEP might influence the frequency of arrests in relation
to neighborhood context. The findings regarding arrest likelihood in the main analysis
remained consistent when assessing the number of arrests as the outcome (Appendix
The overall OLS model with random effects examining whether the impact of being
selected into SYEP (i.e., winning the lottery) differed by ZIP codes was consistent with
the main analysé there was statistically significant variation in the effects of ofter
SYEP across locations (Appendix Tables H1 and HRé¢. slope for program effects over

levels of disadvantage indexasnegative but not statistically significaf&ppendix
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TableH3 Panel A. The confidence intervals ra®ut a 9 percent increase and a 25
percent decrease in the number of arrests for youth residing in neighborhoods with
aboveaverage levels of disadvantage (whiedsalso higher than the third quartile of
disadvantage).

Similarly, the interaction between SYEP participation and SQF stopdiadtast
yield significant results when the outcomasthe number of arrests (Appendix Tabid
Panel B. The plotted effects at various levels of stop activity showed a flat slope,
consistent with the main SQF findings. For instance, youth in neighborhoods around the
third quartile of SQF activity experierata reduction in arrestainging from 26.9 percent
to an increase of 7.5 percent during the program. Duapcecise estimate,was
challenging to draw conclusions for youth in the most disadvantaged neighborhoods or
those experiencing the highest SQF activitye combined model of disadvantage and
SQF activity also shoadno significant interaction effects on number of arrest
(Appendix TableH4), aligning with the main findings.

Additionally, therewereno significant differences in arrest frequency based on
participantsdé race/ethnicity when consider
rates specifically, the interactions terms were statistically significanf{Appendix
TablesH6 andH7). Consistent with the main results, a negative trend was observed for
Black youth as disadvantage and SQF increase, but the program effects do not
significantly deviate from zero at any lev@I8lack youth in more advantaged and less
policed areas experienced rsignificant increase in arrest frequency and those in more

disadvantaged and higher policed places haesigmficant decrease in number of
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arrestsThe program impacts were not significant across levels of disadvantage and SQF
stop rates for Latinx youth. However, the slope of the estimated marginal effects
appeared to be flat across neighborhood disadvantage and positive across stop rates,
indicatinga higher number of arrests as local police activity increased (not statistically
significant).A negative trend was also observed for White youth as disadvantage
increased, such that those in more advantaged areas savsigmboant increaseni
arrest frequency while those in more disadvantaged places experiencedigniftcant
decrease, yet the slope and program effects were not signifib@npattern across levels
of police stop rates was slightly upwards for White youth, aligning with the main
findings.

When estimating the lasting effects of the SYEP on number of arrests, the slopes
of the predicted program effest&remore generallyipwardsin the first three years but
shift direction in years five and sighowing that the number of arrests were initially
lower for participants in more advantageelghborhoodand higher in more
disadvantaged neighborhoo@ppendix Table H5However the relationship was
reverseds the followup period extendedstandard errors remaidlarge at both ends of
the disavantage distributiorfzor Black and Latinx youtHongterm results using arrest
frequency as the outcomeereconsistent with the main analysis (Appendix Talbl8
andH9). Patterns of program impacts over the years for Black youth were similar to the
overall trend described above. There did not appear to be a trend for how the program
impacted number of arrests across neighborhood disadvantage for Latinx youth over the

follow-up periodsFor White youth, while the program appeared to increase the
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likelihood of arrests itmore advantageareasover the year§as suggested in the main
analysis), it did noinfluencethe number of arres{g\ppendix TableH10), even though
the patterns were also downward

Second, | analyzed neighborhood disadvantage isimglternative measures.
Forthe first alternativel applied principal component analysis (P@&)indicators such
as poverty rate, public assistance receipt, unemployment rate, percentage of female
headed households, and density of children under 18 (Sampson et al., 1997T13608).
PCA-derived variable showed a high correlation with the main disadvantage index (see
AppendixC for a comparison of disadvantage measuiRe}ults using theCA
disadvantagscoredid not change the conclusion of the maimalysiS(AppendixM).

For the second alternative measuingjlized the 2000 Census data to capture
neighborhood characteristics prior to the study peisee Appendix C for details of the
measure)Thesedatawereused to create a disadvantage index based on the mean z
scores of poverty rate and the percentage of the population over 25 with at least a high
school degree (reverse codedljjain, the findingsfrom this measure didot diverge
from the conclusions the main results (AppendiX).

Lastly, in the robustness check, | used an alternative measure for police activity
by examining iAprogram SQF stop rates (per 1,000) specifically for youth aged 16 to 21.
This approach was aimed to better reflect police activities pertinent to the S¥EP ag
group. The results for this agpecific stop rate measure weateoconsistent with the

main findings (AppendixO).
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Tablel1l1l summarizes the hypotheses and the findings from the main analysis,

supplemental analysis, and the sensitivity and robustness checks.
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Table1l1l Summary of Hypotheses and Results

Supplemental Analyses

Alternative Measures

Divadv
Main Endogenous Reduced Number of [PCA & SQF
Hypotheses Analysis Models Form Quartile Arrest 2000] [16-21]
ShortTerm (InProgram)
H1: The effect of SYEP on arrests @) 0]
varies bythe ZIP code wére
applicants reside.
H2: SYEP will lead to either a larger X 0] X o* X X
increase or &arger decrease in4in
program arrests for applicants living if (downward (p<0.1, (downward (Q4 reduced (downward | (downward
more disadvantaged neighborhoods trend) downward trend) arrest) trend) trend)
compared to those in more advantagg trend)
neighborhoods
H3: SYEP will lead to either a larger X 0] X o* X X
increase or a larger decrease in in
program arrests for applicants living i (p<0.05, (Q1&2 increased
more heavily policed neighborhoods downward arrest, Q3
compared to those in neighborhoods trend) reduced)
with less policeactivity.
H4: SYEP will lead to either a larger X X X o* X X X
increase or a larger decrease i in
program arrests for applicants living i (downward (Q4xQ4 reduced
more disadvantaged and heavily trend) arrest)
policed neighborhoods.
H6-1: SYEP will lead to either a large X X X o* X X
increase or a larger decrease i in
program arrests for Black applicants | (downward (downward (downward (Q4 reduced (downward | (downward
living in more disadvantaged trend) trend) trend) arrest) trend) trend)
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neighborhoods compared to those in
moreadvantaged neighborhoods

H6-2: SYEP will lead to either a large X X X o* X X

increase or a larger decrease i in

program arrests fdratinx applicants (slight (slightupward (slight (Q4 reduced

living in more disadvantaged upward trend) upward trend) arrest)

neighborhoods compared to those in trend)

more advantaged neighborhoods

H6-3: SYEP will lead to either karger X X X X X X

increase or a larger decrease in in

program arrests for White applicants | (downward (downward (downward (downward | (downward

living in more disadvantaged trend) trend) trend) trend) trend)
neighborhoods compared to those in

more advantaged neighborhoods

H7-1: SYEP will lead to either a large X X X o* X
increase or a larger decrease i in

program arrests for Black applicants | (downward (downward (downward (Q1 increased (downward
living in more heavily policed trend) trend) trend) arrest) trend)
neighborhoods compared to those in

neighborhoods with less police activit

H7-2: SYEP will lead to either a large X X X X X
increase or a larger decrease in in

program arrests for Latinx applicants| (upward (flat trend) (upward (Q3 reduced (upward
living in more heavilypoliced trend) trend) arrest) trend)
neighborhoods compared to those in

neighborhoods with less police activit

H7-3: SYEP will lead to either a large X X X X X
increase or a largelecrease in in

program arrests for White applicants | (upward (downward (upward (upward
living in more heavily policed trend) trend) trend) trend)

neighborhoods compared to those in
neighborhoods with less police activit
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LongTerm (Up to 6 Years Followp Period)

H5-1: SYEP will lead to a larger X X X X X X
decrease in arrests for applicants livin

in more disadvantaged neighborhood| (no clear | (no clear trend) (slight (no clear trend)

compared to more advantaged trend) upward trendl

neighborhoods in the immediate year

following the program, but this effect i

expected to diminish over the long

term

H5-2: SYEP will lead to a larger X X X X

decrease in arrests for applicants livin

in more advantagedeighborhoods (no clear | (no clear trend) (slight (no clear trend)

compared to more disadvantaged trend) upward trenjl

neighborhoods in the years following

the program

H8-1: SYEP will lead to a larger X X X X X X
decrease in arrests in the years

immediately after the program for (downward| (no clear trend)| (downward | (Q1&2 increased| (downward | (downward
Black applicants living in more trend that trend that arrests initially, trend that trend that
disadvantaged neighborhoods flattened) flattened) then Q3 flattened) flattened)
compared to those in more advantagg increased)

neighborhoods, and this effect will

diminish over time

H8-2: SYEP will lead to a larger X X X X X X
decrease in arrests in the years

immediately after therogram for (slight (downward (slight

Latinx applicants living in more upward to trend that upward to

disadvantaged neighborhoods slight flattened) slight

compared to those in more advantag¢ downward) downward)

neighborhoods, and this effect will
diminish over time
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H8-3: SYEP will lead to a larger X X X o* X X
decrease in arrests in the years after
program for White applicants living in| (downward | (slight upward | (downward (Q1&2 reduced
more advantaged neighborhoods trend) trend trend) arrest later)
compared to those in more
disadvantaged neighborhoods

Note This table shows a list of the hypotheses proposed in the dissearntidhe findings from the main analydise endogenous modethe quartile analysis,
and theanalyses using alternative measures (number of arrests as outcome, disadvantage score from principal component dnahtaige digiex from the
2000 Census, and SQF stop rates of individuals aged 16 to 21).

O represents that the alternative hypothesis was accepted.

X represents thahe resultdailed to reject the null, having not enough evidence for the alternative hypothesis

* The quartile analyses did not compare the estimated program effects across categories (quartiles) of neighborhoadjdiaadva@- stop rates.
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Chap/t eDi scussi on

The primary objective of this dissertation was to explore how neighborhood
characteristics, specifically disadvantage and police activity, influence the effects of the
New York City(NYC) Summer Youth Employment Program (SYEP) on youth arrests.
Previous research has shown that summer job programs can be beneficial in reducing
arrests and convictions among participants (e.g., Kessler et al., 2022; Heller, 2014).
Theseprograme f t en exhi bit varying |l evels of | mpe
demographic factors. Despite this understanding, there has been a lack of systematic
examination into how the broader residential environment might shape the effectiveness
of these job programaoyoutharrestsYet, research shows significant variation across
neighborhoods regardirdisadvantage, share of resources, and police presetioaf
which can substantially influence youth outcorfncks & Mayer, 1990; Leventhal &
BrooksGunn, 2000; Massey & Denton, 1998his dissertatioraimedto address this
gap by investigating whether neighborhood context, characterized by disadvantage and
policeactivity, moderatd the effects of SYEP on arrests.

| analyzeddata fromyouth aged 16 yeate 21 years oldvho applied to the NYC
SYEP from 2006 to 2008. Leveraging a lottery systieat determinegrogram
participationthe preliminary analysis revealed that the average treatment effects (ATE)
of SYEP var i eabidentipZIRqoges (Appendixt Tabd&s1l and G2
Mapping these estimated effects showed that youth in some ZIP codes experienced an
increase in arrests, while others saw a reduction (Fukdsually comparing this map
with neighbehood disadvantage astbp, question, and frisliSQF stop rates suggested
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a potential relationship between these contextual factors and the heterogeneity of
program effectsl. further explored how neighborhood disadvantage and SQF stop rates
influenced program outcomes usiaig instrumental variables (V) two stage least square
(2SLS) approach to estimate tloeal average treatment effects (LAT&)SYEP on

arrests by comparing outcomes frparticipants to nonparticipanfshe generalow

values of the firsstage F statisticand the Lewis and Mertens (2022) test statistics
indicatal that the instruments for disadvantage and SQF stop rates may be weak,
potentially leading to biased and inefficient estimafagyfist & Pischke, 2000
Alternatively,the quartile analysis, which categorized neighborhoods and estimated
separate LATEs for each quartile group, may produce more robust estimates of program

effects but does not allow for direct comparisons of coefficieeitgss groups

PoteNMéechani sms

Overall, the evidencghowed that thBlYC SYEPappeared to increase in
program arrests in more advantaged and less policed neighborhoods, while reducing
arrests in more disadvantaged and heavily policed areassugysst that participation
in SYEPmayeither increase or decrease opportunities for youth to engage in risky
behaviorsand their arrest riskslepending on their neighborhood context

Specifically, hemain 2SLSanalysisndicated that SYEP appeared to increase
arrest risks in more advantaged areas, with a gradual decrease in risks as neighborhood
disadvantage increased, although this interaction was not statistically significant
supplemental quartile analysis confirmed that in relatively advantaged neighborhoods

(quartiles one and two), the program marginally increased arrest risks for participants,
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whereas participation ithe highest quartile of disadvantagas associated with a

significant decrease mrrests Regardingpolice activity, although the main 2SLS
analysis did not find significant differ
it indicated that youth in areas with approximately 11 to 12 stops per 1,000 residents
experienced reduced arrest risks fromgpaon participation. This finding was consistent

in the third quartile of SQF activityn contrast, youth in neighborhoodsth lower SQF

activity (the first two quartiles) faced increased arrest risks. The contemporaneous
findings could imply that the mechanism through which SYEP operates are different for
neighborhoods with varying levels of disadvantage and police activity.

On the one hand, in more advantaged and less policed neighborhoods,
participating in SYEP might expose youth to crime and arrests. This exposure could
result from the need to commute to work, potentially bringing them into higher
disadvantaged areas witicreased police presence. Maps from 2007 and 2008 show that
almost all SYEP providers were located in or near in ZCTAs with higher disadvantage
and SQF stop rates (red dots in Appendix Fig\ke One SYEP provider shared that
most of the worksites theyfef are near where theaiffice islocaied Although this
specific provider cannot speak for others, if most SYEP worksites were clustered around
their respective providers, youth may end up traveling to the neighborhoods of the SYEP

providerfor work. Since most participants apply to providers closest to their Abitnis,

54The SYEP provider | interviewed confirmed that youth typically apply to providers close to their home,
assuming that worksites will also be nearby. Currently, youth who are applying to SYEP select their
preferred provider through the online applicatiomd shey are also able to enter their residential ZIP code

to find the closest provider. Duringestudy period, DYCD was still developing the online application
system, so most youth had to submit physical applications to the providers or other intake offices, further
reinforcing the likelihood that most youth applied to the nearest provider.
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possible that youth in more advantaged andpesised neighborhoods may need to
commute to areas with higher disadvantage and police activity for their SYEP jobs when
there were likely no providers in their own neighborhoods. To illustrate for example,
youth from Forest Hills (around the centeest of Queens, ZIP code 11375) applying to

a provider in Corona (ZIP code 11368) or Ridgewood (ZIP code 11385) would likely
commute to areas with higher disadvantage and police presence, increasing their risk of
arrests(Appendix Figure Al)

Furthermore, results by race/ethnicity revealed that this pattern was particularly
evident among Black youth, who faced increased arrest risks in more advantaged
neighborhoods and areas with less SQF activity. This heightened risk may stem from the
disproprtionately higher likelihood of being stopped by the polfezzanchera, 2021;
Puzzanchera & Hockenberry, 2018onsequently, Black youth in more advantaged and
lesspoliced neighborhoods may encounter increased police exposure when traveling to
areas Wh higher disadvantage and SQF rates, elevating their arrestinistiddition,
advantaged and leg®liced neighborhoods in NYC tend to laegely White (NYU
Furman Center, 2] see Figures 1 tofdr empirical evidence In predominantly White
spaces, Black individuals frequently face heightened scrutiny solely due toattesir
which can manifest in increased police interacti@gg\gderson, 2022).

On the other hand, in more disadvantaged neighborhoods, SYEP may achieve
what administrators and policymakers expectat teducing arrests by keeping youth
away from risky situations and police encounters. Disadvantaged areas typically have

higher crime ates and greater opportunities for crireio et al, 2009, and
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unstructured socializing is riskier due to residents being less willing to intervene and
supervise (i.e., lower collective efficac\§gmpson, 2002 Additionally, heightened
police presence increases the likelihood of encounters, further raising the risk dbarrest
youth in these neighborhoad®ecause participants of SYEP are kept busy at work, the
programmay haveeduced their time for criminal activities and interaction with law
enforcement. This was further confiechwhen combining neighborhood alivantage
and police activity. While thmain2SLS model found no significant differences in
program effects across continuous levels of disadvantage and SQF stop rates, when the
program effects are estimated separately by neighborhoods in the highest quartiles of
both disadvantage and SQF stop raies those outside these quartiles, participants in
bothhigh-disadvantage and higbQFactivity areas experienced a decrease in arrests
compared to nonparticipaniBhis suggests that the combined criminogeisic from
disadvantage and the risk of police contact make youth more vulnerable to arrest, and
SYEP participation may mitigate these risks by offering a structured, supervised work
environment

In addition, the program mayavealso alleviatd economic strain for youth in the
highest quatrtile of disadvantage, which could explain the observed reduction in arrests
among these participants in such areas. Disadvantaged neighborhoods often grapple with
fewer employment options, resources, and supgocommunity programs, which can
hinder youth developmenE@miston, 2019Jencks & Mayer, 1990; Small &
McDermott, 200%. Given that SYEP patrticipants are more likely to work and earn more

than those inhte control groumluring the summe(iGelber et al., 2016; Valentine et al.,
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2017), providing a positive work experience and income through SYEP is likely to have a
greater impact on youth in disadvantaged areas, where such access to job opportunities
and resources is often limited.

Previous evaluationsdicatethat many SYEP participants use their income from
the program on household essentials and school supgaéntine et al., 200)7 As
previously noted, the average median household income in neighbordtassifed in
the fourth quartile of disadvantage was around $34,88%ording tahe 2011 ACS?
Therefore, he earnings from SYEP during the summer may be quite substantia$er
par t i damiieas if yostdworked the maximum number of hotosthe full
duration of the programhey would have earned approximately $1,181 in 2006 and
$1,251 in 2007 and 2008. Tlseearnings from SYEepresent abowt quarter othe
income generated by the average household inreajhborhoodduring thethatperiod,
underscoring the economic i mplaveverthef SYEP
analysis could not dtinguish whether the observed reductions in arrests in disadvantaged
neighborhoods were primarily attributable to decreased exposure to criminogenic
opportunitiesto the provision of income to economically disadvantaged famdie®
other mechanismsimilarly, prior evaluations that identify contemporaneous arrest
reducing effects also do not effectively disentangle these mechanisms.

Results by race/ethnicity revealed that this pattern was particularly evident among
Black and Latinx youth, who faced statistically significant reductions in arrests in the

highest quartile of disadvantaged ardas. SQF activity, Latinx youth living in

55 The median family income fgrouthin the yeaprior to SYEPapplicationwas $39,52®etween 2005 to
2008 (Gelber et al., 2016).
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neighborhoods in the third quartile of stop rates (and around 11 to 12 stops per 1,000
residents) experienced decreased arrests from program particigatieR was likely
particularly beneficial for Black and Latinx youth because these youth face not only
disadvantages but also heightened risk of crime and arrests. Black and Latinx youth are
often exposed to environments where criminal opportunities amgbtioe are more
prevalent Lautenschlager & Omqr2018 Sheats et al., 20),80th of which increas

their likelihood of facing arrests. Black and Latinx youth are also more likely to be
stopped and treated more harshly by the poBecar(son & Weitzer, 20Q09Raphling et

al., 2019. By participating in SYEP, these youth in disadvantaged neighborhoods could
gain access to structured and safe environment which could have kept them occupied and
away from risks associated with criraed arrestsThis suggests that SYEP played a role

in reducing the exposure to risky situations that can lead to arrestsutbrig

disadvantaged and heavily policed areas. No significant heterogeneity was found for
White youth based on neighborhood disadvantage or police activity, indicating that the
unique challenges and risks faced by Black and Latinx youth in these engirtsnmay
havesignificantly influenced their experience with the program.

The longterm results suggested that the program impacted arrests in ways that are
more lasting. While no clear pattern emerged regarding how disadvantage influenced
long-term SYEP effects across the full sample, an analysis of program effects by
applicantsd race and ethnicity revealed di
quartile of disadvantage showed increased arrest risks three to six yegrogetn.

Additionally, Black participants in more advantaged areas initially faced heightened
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arrest risks, which diminished after four years. Combined with the-srantfindings
indicating that the program was associated with an increase in arrests for Black youth in
more advantaged and less disadvantaged areas (the first three quartiledvahthsg),
it is plausible that the increased contact with the criminal justice system during the
program led to heightened surveillance and cumulative disadvantage for Black youth
(Kurlychek & Johnson, 2019). Cumulative disadvantage describes the conmgpund
effects of adverse social and economic conditions, where initial disadvantages can result
in further marginalization and additional barriers over ti@@nipson & Laub, 1997As
a result, Black youth may face an escalating cycle of systemic inequities that perpetuate
their involvement with the justice system. Prior research has documented that Black
youth are more likely to experience sustained contact with the justicensyseeto
factors such as discriminatory policing practices, socioeconomic tiepaand a lack of
access to supportive resources that can mitigate theseBlakk & Reiss, 1970;
Kutateladze et al., 20)4

In contrast, White youth in more advantaged neighborhoods (first and second
guartiles) experienced loftgrm reductions in arrest rates following program
participation The ability of White youth in these areas to sustain the aiedstction
benefits of SYEP may be attributed to their better positioning to capitalize on the
programbébs offerings. This is consistent wi
that the resources and networks available in a community can enhance program outcomes
(Leventhal & BrooksGunn, 2000; Wen et al., 200 ompared to Black and Latinx

youth, White youth face fewer barriers and less severe discrimination in the job market,
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particularly when residing in more advantaged neighborhoods. Research has shown that
White youth are more likely to have access to social capdakational and job
opportunities, and robust community support, all of which can amplify the positive
effects of employment programs like SYERs$ari, 2018DarlinggHammond, 2013;
McDonald et al., 2009. S. Snith, 2000Q. Conversely, for youth of any race or ethnicity
in the most disadvantaged neighborhoods, the potential benefits of arrest reductions
achieved through SYEP may be less pronounced over time due to the significant barriers
already present ithese environmentsvhich could be why I did not observe that the
arrestreduction effects found during the summer of the program persisted into the
subsequent yeafsr youth in these areas

It may seem perplexing that the program was associated with laglirgjioas in
arrests for White youth in advantaged areas over time, yet not during the program
summer itself. This discrepancy might ©be
summer, where low prevalence of arrests for White youth in more advantaged
neighborhoods limited the ability to observe significant changes. For instance, the
baseline iprogram arrest rate for the control group of White youthdwvantagedreas
was approximatel.1 percent (compared to the 1.2 percesgrimgram baseline arrest
rate for Black youth in the most disadvantaged quartile). Many White youth in
advantaged neighborhoods already had zero or very little arrest risk to begin with. As a
result, if SYEP wasruly effective in reducing arrests for White youth in advantaged
neighborhoods during the summer, it would be challenging to detetable reduction.

However, as time progressed, the impact of SYEP may become more detectable due to
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the substantive ability of White youth
the statistically larger cumulative baseline arrest rates.

In summary, lie precise mechanisms through which SYEPs influence criminal
justice outcomes remain somewhat ambiguous, though several potential explanations
haveemergedo be more possibldhisresearctadced morenuance to the existing
literature by examining the sheend longterm impact of SYEP across different levels
of neighborhood disadvantage and police activity and by disaggregating the effects by
race/ethnicity The results suggestthat the mechanisms opermtdifferently depending
on the neigborhood youth reside in.

However, t is important to approach these findings with caytasthe overall
mainresults did not reach conventiomevels ofstatistical significance, egpt for some
marginal effect estimates amdthe supplemental quartile analysiie main analysis
may suffer from bias and inefficiency, as indicated by latgadard errors and
confidence intervalgrisingfrom potentially weak instrumenti contrast, the quartile
analysigand the analysis using groups by standard deviation categories)ehchlyl
the lottery result as an instrument, whweas strong and relevant for program
participation, thereby reducing the risk of bias. Consequently, the results from the
guartile analysis are likely to be more relialiter these reasons, the discussion,
interpretation, and policy implications primarily rely on the findings from the

supplemental quartile analysis, with sphcareference to the maizSLSanalysis.
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Policy I mplications

The findings have implications for the design and implementation of SYIBPs.
ensure that the program is equitable for all New York City ydsEP administrators
might consider several strategié$targeing youth in disadvantagespecially Black
and Latinx youtrand2) enhancingcollaboration withworksitesin more advantageand
lesspolicedareasas well as worksites across theycit

Program administrators caxpandrecruitmentefforts in disadvantaged and
heavily policed aras.The analysis indicatethat SYEPappeared to reduce-program
arrests foryouth living inhighly disadvantaged neighborhoaaisd places with medium
to-high SQF activity particularly for Black and Latiyouth.Thus, targeting these
demographics and areas cowidld benefitsRecruitmentappeasto largelyfall on the
SYEP providersOne provider shared that thay to reach as many youth as possible
anddo not intentionally targetertaingroups of youth in their promotiahefforts It is
possible that due to most providers located in areas with higher disadvantage and
policing, recruitment is already more clustered in these platescent years, the city
has developed other specialized summer jobs progeiloedto thediverseneeds of
youthfrom variousbackgrounds. Theemajor changes to SYEP are listed later.

However, it is important to keep in mind that there has not been an investigation
into how peedynamicplays a role ininfluencingSYEP outcomedf the program
primarily operats throughdisruptingpor di sengaging participants
network® sincenotall individuals from a friend group may be selected or placed at the

same worksit@ then targeting youth from specific disadvantageheavily policed
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areaxould enhance he programébés efficiencyifand outco
reductions imarrestweredriven by interactions with peefi®m more advantageareas
thenthe diverse composition@far t i ci p a nt sbackgoantdecommeso n 0 mi ¢
important and focusing solely on youth from disadvantaged and heavily policed areas
might alter the program outcomésterature supports theotionthat youth behavior is
shaped by peer interactignghetherthey promote prosocial or risky behavigvs&an
Hoornet al., 208). Additionally, research in schooliggestshat students exposed to
peersrom diverse backgrounds tendaohieve better outcomeagcludinghigher test
scores and grades (Mickelson, 2018; Orfield et al., 2014; Reardon, EOtBer
reseach investigatingthe impact of peer composition on SYEP outcomes is needed to
assess the effectiveness of targeting specific youth groups while ensuring equitable
access for all individuals who need or wish to participate in the program.

The resultdrom the quartile analysigvealed thayouth living inplacesthat
were moreadvantagd andhavelower stop ratesxperienced an increase in arrests
during the program, with thigatternmost concentrated in Black youthne possible
explanation for this finding is that youth from these neighborhoods are commuting to
areas with greater disadvantagéigherpolicing for work, as worksites may be
concentrated near the providesd6d }tocations
disadvantaged aas).To address this, establishing partnersigh community
organizatios in more advantaged and less poliegdas of the citgould be beneficiabs
could efforts byexisting providers to expand themployemetworkthroughouthe city.

Providers can also take into considamr ati on
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addition to their preferenceBy adding worksites in more advantaged aaser to
par t i cesigeacpthegprdgrantould increas@b options thatlign withy o ut h 6 s
skills and preferenceshile mitigating the risks associated with commuting to
neighborhoodsnarkedby higher disadvantage and increased police preséhoagh,
is crucialto ensure that the types and quality of jobs available across advantaged and
disadvantaged neighborhoods are compar&alaity in job opportunity and access is
vital, as it ensures that all youth, regardless of their background, have access to positions
that provide meaningful experiences and fair compensation. Furtheifryargth from
disadvantaged neighborhoogdgressnterest in positions outside thdéocal areasthey
should not be precluddtbm being matchedith these opportunitiedt is currently
unclear from the evidence the impact of the progoaryouth traveling from a more
disadvantaged areas to a more advantagechonépes it address the implications for
youth travelingrrom highly policed areas tihose withlesser polie presence

It is also essential to consider the broader goals and outcomes of the program.
Addressing crimand arrestss importantbut SYEP hasnultifacetedobjectives,
includingimprovingfuture employmentromotingacademic succes®stering the
development of work and life skills, amtthancingverall health and wellbeing. While
thequartilefindings suggesidthat SYEP mighserve as valuable tool for reducing
youth arrests and supporting disadvantaged communities, careful consideration is needed
to optimizeits design and implementati@o that the program can improve criminal
justice outcomes without jeopardizing other vital objectiVé®ories and priaresearch

indicate that the quality of work matters for program outco{8éadf et al., 2010)
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Thereforethe Department of Youth and Community Developm&X¢D) and
providersshouldensure thain addition tothe educational trainings, participants are
offered enriching learning opportunities and appropriate supervision at their workplace.
They can also invest in complementary initiatives that enable youth to leverage the
program for future job searches or college applications, such as providing letters of
recommendation to participants who achieve specific levels of job performance and
satsfacton (Heller & Kessler, 2B1). Moreover, it is possible thaty reducing criminal
justice risks, the program can indirectly influence academic, employment, and mortality
outcomes. For instancayoiding arrestsnay have allowed participants to stay in school,
achieve better gradesndreduce their risks ahortality later in life(LeosUrbel, 2014;
Modestino & Paulsen, 202$chwartz et al., 2035. However, the SYEPOS
criminal justice outcomes as a mediating factor for abliecomes has not been directly
explored.

SYEP can benefit the local community in multiple ways beyond its direct impact
to participants. One significant advantage is that many summer camps in urban areas rely
on t he pr ogr amoostlapor, alewing themrto pmv¥ide hffordable
childcare for working parents (Modestino, 2019; Valentine et al., 2017). This support is
critical for families who may otherwise struggle to find suitable care during the summer
months. Furthermore, as the number of prissetor jobs increases, SYEP offersaloc
businesses subsidized labor during the summer season. This arrangement not only
alleviates labor cost and shortages for employers but also contributes positively to the

broader economic landscape, which has significance to the overall economy. It is
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therefore important for policymakers and
impact on participating youth but also its overall contribution to the city and its residents.
Additionally, acknowledging these community benefits can help garnelegsegport

for SYEP and similar initiatives.

As a final point, the findings from this dissertation underscore a critical policy
implication for addressing the root causes of disadvantage, crime, and excessive
policingd policymakers in generahould prioritize comprehensive interventions that
extend beyond the SYEP itsél¥hile program administrators carfine the
implementation and targetired SYEPto enhance its effectiveness, it is equally
importantto tacklethe broadesystemicchallenges faced by youih disadvantagednd
heavily policedcheighborhoodsThese challenges include significaigparities in labor
market opportunitieseducationatesourcesand other social support systefdencks &
Mayer, 1990; Leventhal & Brook&unn, 200). Thequartileresults implied that
program participatiomadvertently increasearrests for youth in advantaged and4ow
policed neighborhaah suggesting th&YEP is not a blanket solution for youth crime.
The dynamics ofidadvantage and police activity in one neighborhoodrogactnot
only its residents bt also youth who must travel to those neighborhdodemployment
Black and Latinx youth angarticularly vulnerable, as thejreadyfacehigher rates of
police encounterd_@utenschlager & Omar2018 Puzzanchera, 2021

Investing indisadvantagedeighborhoods could also build the capaoityouth
to better leveragthe benefitsof SYEP, fosteringongerlasting impact similar tothose

observed amon@hite youth inmoreadvantage@reas, whe@njoyedarrestreduction
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benefits after the program end&bme strategic investments couidlude investing in
schoolresources to provide more robust academic and career coursseliogth can
translate and transfer the skills theyquired during SYEP into meaningful future
employment or educatiarpportunitiesEfforts can also be put into enhancing the role of
t he progr am a so0d argafizaossdhatrcan eonri&Y EBPkyeuth to
opportunitiesandothersocial programs frorhusineses community nonprofits, and
govanment agencies (Small, 2006)By addressing these foundational issues,
policymakers can create morguéable environments that support the holistic
development of all youth, potentially reducing arrests and promoting community well
being.
NYC Summer Jobs Programs Since 2008

Since the study period (2006 to 2008), NYC SYEP has gone through major
changes and expansi®hFunding and the number of youth served annually have grown
substantially since 2008 Despite the increased number of youth served in the program,

the demand for SYEP still exceeds the supply, reflecting its popularity among

56 Discussioms with an SYEP provider indicated that many SYEP applicants and their families were
informed about various programs offered by the provider (e.g., afterschool programs, mental health
support, etc.) and were assisted in accessing certain government prtsgrargh participating, and vice
versa.

571n 2009, the eligible age for SYEP applicants was raised from 21 to 24 years old as a result of the
American Recovery and Reinvestment Act (Valentine, 2017; SYEP Annual Summaries 2018, 2019). In
2013, the length of the program was shorted to 6 weeks#rameeks (Valentine, 2017). In that same year,
DYCD started implementing specialized program requirements for participants of different age groups:
youth aged 16 and above work all 25 hours per week and are only required to attend the educational
services dring the mandatory orientation, while youth who arelb4years old work for up to 20 hours a
week and attend educational services for 5 hours per week. In addition, the hourly wage for NYC SYEP
has more than doubled from $7.15 in 2008 to $16.00 in 2024.

581n 2016, the city committed to a baseline budget that guarantees 60,000 youth to be employed from
SYEP each year (Valentine, 2017). This funding commitment assures that DYCD and the providers can
plan for the program in advance without worrying aboutttlating yearly budgets.
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policymakers and NYC residents alike. Responding to the dernfenBgepartment of
Youth and Community DevelopmermYCD), the city agency that oversees SYB&s
also diversified its offerings of summer employment programs.

For instance,ite department introduced a specialized job program targeting
certain vulnerable youth (called Emerging Leadens)udingyouth residing in certain
public housing developments (NYC Housing Authority), justioslved youth, youth in
foster care, runaway or homeless youth, youth with disabilities, and youth that receives
preventative service from the NYC AdministrationfdrC | dr ends Servi ces.
partners with some NYC public high schools to combine education and employment
programmimg (i.e., CareerReady). Older youth in high school and college can apply for a
more competitive paid summer internship program (i.e., Ladders for Leaders). On top of
the additional programs, the community based S¥ #i® focus othis dissertatiod has
also changed so that the services can be more tailored to younger 154earolds) or
older SYEP participants. Overalljnle the community based SYEP remains the largest
summer jok program for generaloung New Yorkersthere are now more options
availabk for summer engagement.

The program also offers more support for participants as well. For example, to
reduce the financial burdens on participants related to transportation costs, SYEP
participants now receive MetroCards and Citi Bike memberships so they can use public
transit n the city for free during the summer (SYEP Annual Summary, 2023;

Metropolitan Transportation Authority, 2024). In 2023, DYCD added social emotional
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learning as part of the training workshops for participants (SYEP Annual Summary,
2023).

To my knowledge, there has not been a systematic evaluation of the efficacy of
DYCD6 sew summer jobs programs. Whiles dissertation shows that tfieommunity
based SYEP effectively reduakarrests in the highest quartile of disadvantaged
neighborhoods, these findings should not be assumed to apply to tpemalized
programsDYCD and other city policymakers seem to be interested in creating more
summer jobs opportunities and investing in these new targeted prograrasoul be
cautious abougxtrapolatingresultsfrom thecommunity base®YEPto these new
programs With that in mind, DYCD should focus a part of their efforts on developing
methods to investigate the outcomes of the new specialized program.
Limitations and Future Direction

To assess the external validity of the findings, it is crucial to consider the unique
context of New York Citysince it isdistinct from other large U.S. cities in several ways.
The cityis characterized by its high population density, diverse demographic
composition, broad public initiatives, and having the lartpest! police force in the
nation. Patterns of disadvantage and police activity in NYC may differ significantly from
those in other cities due to these unique characteristics. For example,d¥¥06rhe of
the highest rates of stamdfrisk practices, especially during the study period, which can

influence the interaction between youth and the criminal justice system differently than in
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cities with less intensive policirj.Additionally, the socieeconomic disparities and
neighborhood dynamics in NYC may not be directly comparable to those in other
metropolitan areas.

The NYC SYEPalsodiffers significantly from similar job programs in other
citiesinseveralway®\s t he | argest progr anmwserest he nat
over 100,000 participants annually with substantial funding and resources, which
influences its unique structure and implementat@onsequently, findings from this
study may notirectly applyto SYEPSs in other cities, where program size, resources, and
operatios canvary. Understanding how neighborhood contexts influence the impact of
SYEPs on youth arresits othe citiesremains an area for further exploration.

Additionally, as previously describethe NYC SYEP has evolved since the study period.

It has expanded to serve more youth and shifted to more private sector employment (from
over 20 percent of worksites in 2007 to 35 percent in 2023). Some employers now offer
remote or hybrid work options fmarticipants. It could be possible that this shift to remote

or hybrid work can reduce police exposure for youth in neighborhoods with lower SQF
activity by minimizingtheir need to commute. Future studies should consider how these
program changes and neighborhood dynamics influence SYEP efficacy.

Individuals who apply for the SYEP are not representative of the general NYC
youth population. Applicants typically come from more disadvantaged backgrounds

compared to those who do not apply (Valentine et al., 2017). This is evident from the

59 Other US cities experience high stop, question, and frisks from the police as well. SQF is not a unique
NYC policing practice. However, not many police departments record and share SQF data as extensively as
the NYC Police Department does (Harris, 2013).
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geographic distribution of applicants, as illustrated in Figures 1 and 2, which show that
most applicants residen areas with disadvantage levels above the city median.
Although the process of offering access to SYEP is randomized, the selection of
applicants (i.e., decision to apply) is not. Therefore, the findings of this study are specific
to youth with charactéstics and motivations similar to those of the SYEP applicants.
Overall, he extent to which these results can be generalized to other saggeinds on
the similarity of program characteristics, neighborhood dynamics, and applicant profiles.
Aside from changes to the SYEP program since the study period of this
dissertation, the city has undergone some changes. One major shift is the substantial
decline in SQF activity after the practice was ruled unconstitutional in 2013 (NYCLU,
2023). While bhe overall number of SQF stops has plummeted, youth and minority
residents continue to be stopped at disproportionately higher rates. Furthermore,
neighborhoods with larger Black and Hispanic population still experience elevated stop
rates. Hence, in conjgtion with the recent modifications to SYEP, future research
should investigate how changes to police activity206t1 3 i nf |l uenced t he
effect on criminal justice outcomes.
While this study empirically separadalisadvantage and policing the analysis
it is important to recognize that these factors are conceptually intertwined. Disadvantage
and policing often reinforce each other at the macro [gliaton, 2016) creating
complex and overlapping influences on youth behavior. Althdlighnalysisn this
dissertatioraimedto isolate these effects, the conceptual linkage between disadvantage

and policing remains a critical consideratiéarthermoredisadvantage was measured in
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terms ofthe absolute structural deprivation of a neighborhoattier thants relative
deprivationcompared to other surrounding neighborhoddsd not explore how
i ndi vi dual s & rodespeaifically, teir gparssralgpaverty in rlgtien to the
level of disadvantage in their residential @eaight impact their experiences.
Examining individuallevel relative disadvantage and neighbaxditevel disadvantage
may provide further insights into mechanisms such as strain, where youth might have
feelings of frustration or tension when resources are unewstiybuted within a
community(Agnew, 1999, 2006; Hipp, 2007).
Onasimilarnote r aci sm and youthdéds raci al expe.
independently from disadvantage and policidgion, 2016;Hinton & Cook, 2021;
Peterson & Krivo, 2010 Subsequent studietiouldexplore both the absolute and
relative inequalities experienced within and across racial gr@upsto modeling
limitations, | was not able to directly compardhe pr ogr amds i mpact acr
racial groups in neighborhoods with varying levels of disadvantage and policing. Instead,
this dissertabn focused on estimating program effects separately for youth within each
racial categoryWhile the resultsuggestedhat the impact of SYEP participation was
morepronouncedor certain racial groups living ispecificneighborhoods, itould not
assesshe magnitudef differencesin program effects across rakgroups Future
researcltould addresghis gapby focusng on whether the SYERelps to reducthe
disparitesin arrest rates between youth of different racial backgrquaisicularlyin

neghborhood withvarying levels of disadvantage and policing.
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Further explorations can also dig deeper into how racial composition of
neighborhoods can matter for the moderating influence of disadvantage policing on
program effects. This dissertation focused on disadvantage and SQF stop rates as two
aspects of neighldshoods, and | only used neighborhood racial composition as control
variables. However, focusing specifically on how the racial composition of
nei ghborhoods can i mpact programdés effect
and can shed light on pttialrelationshipbetween individual raceeighborhood racial
composition, anerress.

The influence of disadvantage and policingaorests and SYEP experienoay
not be lineareven thoughhe main analysis treatd¢ldese neighborhood factors as
continuous and linear moderators of SYEP effé@tsthe one handhénegativempact
of disadvantagenaybe additive or compourd at higher levels of deprivation, with
each additional disadvantage having more severe consequences as the level of
deprivation increasg®8lau & Duncan, 1967; Kurlychek & Johnson, 20Merton, 1968;
Sampsor& Laub, 197). On the other handertain factors of deprivation may be
overlapping such that additional deprivations may have diminishing negative effects in
highly disadvantaged areas, as residents and neighborhoods are already at high levels of
deprivation(Hannon 2002 Hipp & Yates, 2011 Incorporating nonlinearity into the
current analysis would have added an additional layer of complexity to the existing
interaction effects within the 2SLS models, which was one reason it was not pursued.
Additionally, nonlirearity was not the primary focus of this dissertation, which aimed to

systematically assess whether neighborhood factors matter first. However, a valuable
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avenue for future research could involve exploring how disadvantage and policing
activity may produce nonlinear or threshol
arrests.

A significantlimitation of the main analysis was the potential weads of the
instrumentaused fomeighborhood contexheasuresspecificallyhistoricaltuberculosis
(TB) prevalenceates andartik shiftshare measur@wo of thekey assumptions
necessaryor valid instrumental variablg$V) method are instrument exogeneity and
relevane, the latterpertains to the strength of the correlation between the instrument and
theendogenous variabl@ngrist & Pischke, 2009)n a quasexperimental setting, there
is often a trad®ff between theetwo assumptions. & examplewhile using TB
prevalence rates from over 70 years a@ty enhance thexogeneity assumptioit likely
diminished the relevance of the instrumermttemptedo improve the predictive power
of the TB instrument by usingategoricameasuresbutwith limited successThe use of
historical TB rates as an instrument for presday neighborhood disadvantage is novel
and a contribution of th dissertationFuture research could benefit from exploring
historical TB rates from alternative years or other health measuirestrasnents for
neighborhoodlisadvantage.

When comparing and interpreting the results across the different analyses in this
dissertation, it is important to note that the local average treatment effects (LATE)
estimated in each model correspond to different sets of compliers, depending on the
instruments usedAs a straightforward examplthe LATE of the programestimates the

effect of SYEPparticipationfor youth who were induced into the program because they
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were selected by the lottery compared to those who did not participate because they did
not win the lottery. Similarly, when incorporating neighborhémel variables, the

marginal LATE for highly disadvantaged neighborhoods reflects the effect for the
compliers of neighborhoods that were influenced by high historical TB rates. In contrast,
the marginal LATE for neighborhoods with high SQF stop rategsponds to the effect

for the compliers of neighborhoods that were influenced by somevidty shock d

police activity, as identified by the Bartfityle shiftshare instrument. Given these
variations in the sets of compliers, the findings of this dissertation should be interpreted
with caution.

Futureresearcltould explore alternative methods for grouping neighborhoods
based on disadvantage and SQF stop rates. In the supplemental analysis, neighborhoods
were categorized into quartiles, aheresults from these models indicated that SYEP
participation was associated withthreductionsandincreasesn arrestdor youth in
specificneighborhoods. While grouping neighborhoods by standard deviations from the
meanproducedsimilar trends to the quartdleased approach, some minor differences
wereobservedThesefindings suggest that there is variateamd more nuande SYEP
effects on arrests across neighborteowith different levels oflisadvantage and police
activity. Thereforefuture scholars should investigatéditional categorizatiomethods
and develop strategies to ensure that neighborhoods withirgeaghareboth similar
and comparabld-urthermorefuture researchhould aim to balance the need for
neighborhood comparability with sufficient statistical power to detect potential program

effects
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Arrest was used as the key measure to evaluate how neighborhood factors
influenced SYEPG6s i mpact on youth outcomes
the arrest measure reflected two mechandsidividual offending behavior and police
activity. The arrest data may capture instances of criminal behavior, but it can also be
influenced by policing practices, such as increased surveillance or differential treatment
based on the knowledge of a participantos
aimed to examine the relationship between the program and arrests, the arrest measure
could not fully disentangle the effects of individual behavior from police deeision
making. The current data did not allow for a clear separation of these influences. Futu
research can benefit from exploring both -sefforted crime data and official arrest
records to better understand these dynamics, though gatheringpsetied data would
be challenging, as it would require surveying both SYEP participants and appiMao
were not selected for the program.

Relatedly,| wasunable to account for youth behavior outside the program
particularly concerning the activities mbnparticipantgi.e., the counterfactuals).

Evaluations of SYEPs focusing on employment outcomes provide insights into the work
related activities of nonparticipants, revealing that participants are more likely to be
employed and eatmigher wagesluring the summer (Gelber et al., 2016; Valentine et al.,
2017). However, itemainsunclearwhat alternative activitiesonparticipants engage in
andhow these activitiemayvary by neighborhoodresearch on adolescent time use

during the summer suggests that youth typically engage in a range of activities, including

leisure pursuits, academic enrichment, volunteesimgy unpaid care worland paid work
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(Sepulveda & Hutton, 2019) For instance, the average adolescents from 2003 to 2007
spentjust underfour hours a day on their screens (e.g., watching TV, gaming, etc.),
nearly two hours per day socializing with peers, and omehouron paid work
(Livingston & Barroso, 2019Furthermoreyouth from disadvantaged neighborhoods
oftenhave lessbility and access to structured summer programs and resqémeesica
After 3PM, 2021; $pulveda & Hutton, 2019) potentially leading to differences in how
their time is utilized compared t@uthin more advantage places. Future research can
examinedeepeiinto thetime-usepatterns of SYEP applicants better contextualize the
summertimeexperiences of nonparticipants and even participanta c t i vi t i es
the programAdditionally, recent trends suggest thhé average youttodayappear to
spend more time on schooling and less time socializing (Livingston & Barroso, 2019).
Investigating howhese shifts in timeise patterns impact program outcomes, and
whether thesehanges are consistent across different neighborhoods, could provide
valuable insights for program design and mechanisms

In addition, | lacleddata on worksite locations and whether youth moved since
their SYEP applicatior-uture research should gather more information on yaatthity
during the summer as well as the locations of their work#\ealyzing worksite
locationscan help estimate commute routes, allowing a more granular assesshmmt of
characteristics of theesidential, commuting, and destination neighborkaaftlence

SYEP outcomesstimations of the longerm impacts of the program will also benefit

out

fom having information on youthés residence
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This analysis defined neighborhoods as the ZIP Code Tabulation Areas (ZCTAS)
based on the residential locations of SYdpRlicants The choice is driven by the fact
that ZIP codes were thmost granulaunit of location in the SYEP datas®&Vhile census
tractsmay offera mor e granul ar picture dudtotherut ho s
smaller sizesome scholarsontendhat theappropriate spatial unit should align with the
specificresearch questicst handHipp & Williams, 2020; Sampson, 20L3-or
instance, studies examining individual behaviors or outcomes within the context of
neighborhoods often utilize varied units of analysis, such as censusZiBatedes
(ZCTAs), or even smaller geographic units like street blocks, depending on the focus of
the inquily (Chetty et al., 201€&Elliot et al., 1996; Simch&agan & Schwartz, 1986
Wikstrom & Loeber, 200R This flexibility acknowledges that different dimensions of
neighborhood contexinay manifest differenglacross varying levels of geography.

ZCTAs canbe an appropriate unit of neighborhoodstfas dissertatiofbecause
theymight betterreflectthe spacewhich youth engaged within their communitiBaie
toN Y C aigh residential density, census blot&sd to besmaller inarealsize
compared tahose inotherregionsin thecountry For examplethe average census tract
in the nation encompasses approximately two square miles, whereas the average census
tractin NYC spans less than ottenth of a square milgllen, 2016)Hence, ZCTAs
may dfectively capture the neighborhood disadvantage and police adtmatynfluences
y 0 u tddilpastivities. Additionallyifa p a r t warksitp ia im thésame ZCTA as
their homethis unitmaybetterreflectthe areas where they spesignificanttime, which

was more appropriate for the analysis. Howeitas, important to note thatCTAs
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limited the ability to capture more detailed and varied contextual factors present in

smal |l er geographic areas surrounding youth
Lastly, this dissertation examined how

influenced program outcomes within the context of neighborhood disadvantage and

policing. It is important to recognize that the broader racial/ethnic composition of

nei ghborhoods can also uniquely shape appl

SYEP, in addition to the individual impacts of their own racial/ethnic identibluded

neighborhood racial composition as control variabiea separate analysis of the main

models, and the conclusioremainedunchange (see the discussion at the end of the

Results section for the main analysidpwever, @iture researchhouldexplorethis

aspect deeper, lookingintoow t he raci al and ethnic makeu

as a neighborhood context, influence program outcomes. Understanding the relationship

between individual identity and neighborhood racial/ethnic dynamics can provide deeper

insights into how sstemic factors influete the effectiveness of youth employment

programs.
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ChapPt e€Concl usi on

Summer youth employment programs (SYBERYe gainedractionamong
policymakers and administratass effective initiatives taddress youth employment and
potentially combat youth crimguring the summer monthenen school is out of session.
Previous evaluations of these summer jobs programs demoniséiaeffectivenessin
achieving many of its shetéerm goals, such as boosting summer employment rates and
earnings (Gelber et al., 2016; Valentine et al., 2@ Ayell ageducing criminal justice
outcomedike arrestsaandarraignments (Heller et al., 2014; Kessler et al., 2022;
Modestino, 2019). Whilexistingliterature suggss that the impact of SYEP can vary
depending on participahetesagrowmgli vi dual char
acknowledgement of the rdlleat broader neighborhood contexay play in shaping
program outcomegioweverthere has not been a dedicated and systematic investigation
into how neighborhood characteristicspecifically levels of disadvantage and police
activityd influence the impact of the New York City (NYC) SYEP on youth arrdstis
dissertation aimed to fill this gap by exploring the interflafween these neighborhood
factors and their influence on program effectiveness. Additionally, | examihether
yout hdéds race and ethnicity matter, recogni
shape parti ciwithand auttometxr B¥EP.i enc e s

The findingsof the dissertation presentad nuanced picture regal
impact and providginsight into how thggrogrammechanisramay operate differently
across variouseighborhood contextWhile the main 2SLS analysis did not find

significant interactions between program participation and neighborhood context overall,
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these estimates were potentially biased and inefficient due to the weak neighborhood
level instrumentsThe quartileanalysis which potentially produced more reliable
estimatesgemonstrated that participation in SYEP was related to a reduction in arrests
for youth living in disadvantaged neighborhoods and places with high police stop rates,
particularly among Black and Latinx participants. This suggkbkiait employment could
serve as a protective factor in more risky neighborhoods, keeping youth eirgaged
structured activities during the summer months and steering them away fromGanrest.
the other handheresultsuncovered a trend where youth fronore advantaged
neighborhoods and places with lower police stop rates experienced increased arrests
during their participation in the program, potentially suggesting that commuting to areas
with heightened police presence and disadvantage exposed théstoygneater risks.
Examining arrest rates up to six years after the program conclusion showed that
while the overall sample did not reveal a clear pattern of howtkenmg program effects
varied by neighborhood di sadvantage, the
showed distinct trends. Black youth in more advantaged areas experienced an increase in
arrest risks in the immediate years after program participation, whiclnavayesuled
from theheightened surveillance and compounding influesfdeeing arrested
(Kurlychek & Johnson, 2019)n comparison, the program was associated with-terng
reductions in arrests for White participants in advantaged neighborhoods, potentially due
to them being better positioned to benefit from the progidrase findings highlight the
notion that geographic context plays a role in shaping experiences and youtiershort

and longtermoutcomes.
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These results have some potential implicationsherdesign and implementation
of SYEPs and similar initiatives. First, program administrators can adopt targeted
recruitment strategies that focus on youth in disadvantaged neighborhoods. The findings
suggestdthat a concentrated effort to engage Black and Latinx youth in these
neighborhoods, who are most likely to benefit from SYEP, could potenially
positive impacts. Additionally, administratasbould carefully considehe location of
worksiteswhen placingyouth from more advantaged and lgsdiced areasrThis could
be possible by collaborating with community organizations and employers in more
affluent areas to establish safe and enriching work opportunities for youth who live
nearby. By expanding the network of worksites, program administrators couldtmitig
risks associated with commuting and create a more equal distribufjmmagiportunities
from the programAt the same timgit is essential to ensure job quality across both
advantagedral disadvantaged neighborhopgdsoviding all participants with valuable
and meaningful work experiences

Moreover, SYEMas the potential to generdtader benefits in the community
by serving as a vital resource for places like local businesses and summer camps,
enabling them to access affordable labor while offering structured activities for youth.
This symbiotic relationshimaynot only alleviate labor shortages but also contribute to
the local economic landscape. Future research should investigate the comewahity
outcomes from SYEP, asmderstandinghese benefits can help encourage more support

andinvestments in programs that extend beyond mere crime reduction.
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The implications of this research also extend to broader policy considerations.
The findings indicatea need for comprehensiugerventionghat address the systemic
challengedgaced by youth in disadvantaged and heavily policed neighborhoods.
Concentrated disadvantage and policing are intertwined processes that reinforce each
other, both of which are often the result of segregation and rékisiton, 205; Hinton
& Cook, 2021; Peterson & Krivo, 201.08ocial and economic investmerih these
communitiesarecrucialto breaking to cycleThis dissertation also draws attention to the
unique vulnerabilities of Black and Latinx youth, who are disproportionately affected by
both disadvantage and policing. By prioritizing equitable opportunities and addressing
systemic barriers, administrasotan create environmemsnducive tdhe development
of all youth. Strategic investments in thelkgadvantagedommunitiesmayfoster
longerlasting impactsakinto the positive outcomes observed among White youth from
more advantaged areas.

Giventhe evolution of NYC SYEP since the study perioagoing evaluations
are needetb examine whethéghe new programshat have been developatign with the
diverse needs dheyouth population and whether they achiégentended objectives.
Researchers should also investigatether and howommuting patterns and peer
dynamics impact SYEP efficacgdditionally, future research should consider how the
uni que context in other cities influence t
jobs pograms.

In summary, this dissertation contributes to the broader literature on youth

employment programs by illuminating theancednteractions between neighborhood
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disadvantage and policing when evaluating SYEP outcomes. While SYEP showed
promise in reducing arrests foertainpopulations, it also exposed vulnerabilities for
others. By adopting comprehensive and equitable approaches to program design and
implementation, policymakers and administrators can better serve all goagtinga
working environment that mitigates arrest rigksle promoing youth development and
community wellbeing. The findings emphasized tréical role of environmental

context in shping youth outcomeandhighlightedthe importance of targeted
interventions and community investment, paving a way for a more equitable future for

youth in New York City.
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Appendi ces

Appendix A. Additional Information on the New York City (NYC) Summer Youth
Employment Program (SYEP)and the Analytic Sample

Table A1.Number ofAll Y outh in theAnalytic SampleWho WereSelected and
Participated in SYEP®y Program Years

1) 2
Total Applications Analytic Sample
2006 2007 2008 2006 2007 2008
Total Youth Applied 71,670 93,750 103,189 29,573 46,100 53,425
Total Youth Selected 18,552 24,431 25,874
Proportion Selected | Applied 0.627 0.530 0.484
Total YouthEnrolled 41,650 41,804 43,113 16,373 18,790 19,810
Proportion Enrolled | Applied 0.581 0.446 0.418 0.554 0.408 0.371
Proportion Enrolled | Selected 0.883 0.769 0.766

Note This table provides the number of applications recefk@n youthper year, the number of

applications that were selected in the lottery to participate in SYEP (won the lottery), and the number of
youth who ended up enrolling (participating). The proportion of selected applicants out of all applicants
and the proportionf participations out of all selected applications are also includieth applicable

Numbers in (1) are for all applicants to SYEP, anthbersn (2) are for youth in the analytic samfast

time in dataset from 2068008, age 16 or over, and no missing on ZIP code)

" Information of total number of applications received each program year is from the SYEP Annual Report
2007 and 2008.
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Table A2. Breakdown of Industri&hich SYEP Participants Worked In (20@®08)
from Analytic Sample

Industry Frequency Percent
Day Care/Day Camp 20,620 39.47
Camp (out of city) 6,656 12.74
Community/Social Service 5,236 10.02
Arts and Recreation 5,076 9.72
Healthcare/Medical 4,039 7.73
Educational Services 3,365 6.44
Government Agency 3,147 6.02
Other 1,762 3.37
Retail 815 1.56
Cultural Institution 609 1.17
Real Estate/Property 536 1.03
Financial Services 119 0.23
Science & Technology 109 0.21
Legal Services 103 0.20
Hospitality/Tourism 45 0.09
Total 52,542

Notes Thistable shows a breakdown of the industries in which SYEP participants were employed worked.
The data includéor participants enrolled in SYERjth 2,736individuals(4.98%) missing industry
information.
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Table A3. Worksites by Industry for SYEP 2007 and 2008

2007 2008
Industry Type Number Percent Number Percent
Day Care/Camps 1,955 32.3 2,063 315
Community/Social Service 965 16.0 1,020 15.6
Government Agency 726 12.0 729 111
Healthcare/Medical 638 10.5 646 9.9
EducationaServices 608 10.1 684 10.4
Arts and Recreation 500 8.3 538 8.2
Retail/Trading 209 3.5 389 5.9
Real Estate/Property 145 2.4 140 21
Cultural Program 75 1.2 72 1.1
Hospitality/Tourism 44 0.7 62 0.9
Legal Services 35 0.6 53 0.8
Financial Services 39 0.6 56 0.9
Technology 37 0.6 45 0.7
Other 72 1.2 53 0.8
Total Number of Worksites 6,048 6,550

Notes Information ofworksite typeis from the SYEP Annual Report 2007 and 20D@s is a general
summary of where all youth who were in SYEP during 2007 and 2008 works; this is not a summary of
where participants ithedata worked.
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Table A4. Comparison of Observations in Analytic Sample vs. Excluded Sample

Analytic Sample Excluded Sample Difference
Mean SD Mean SD p-value
Selected for SYEP (Win) 0.533 - 0.526 - 0.0006***
Participated in SYEP 0.426 - 0.448 -
Age at SYEP Start 17.174 1.274 14.708 0.831 0.0001***
Race/Ethnicity 0.0001***
White 0.142 - 0.117 - 0.0001***
Black 0.474 - 0.483 - 0.0001***
Latino 0.257 - 0.284 - 0.0001***
Other Race 0.128 - 0.116 - 0.00021***
Male 0.447 - 0.453 - 0.004**
US Citizen 0.918 - 0.949 - 0.0001***
Family Members 4.339 2.031 4.351 1.916 0.126
Ever Prior Arrest 0.031 - 0.004 - 0.0001***
Ever Prior Convictioh 0.017 - 0.001 - 0.0001***
Borough of Residence
Bronx 0.234 - 0.249 - 0.0001***
Brooklyn 0.434 - 0.372 - 0.0001***
Manhattan 0.128 - 0.144 - 0.0001***
Queens 0.164 - 0.190 - 0.00071***
Staten Island 0.040 - 0.044 - 0.0001***
Neighborhood Characteristics
Disadv Index [2011 ACS] 0.675 0.642 0.728 0.658 0.0001***
SQF Stop Rates 11.37 8.53 11.90 8.76 0.0001***
Proportion White 0.217 0.229 0.199 0.221 0.0001***
Proportion Black 0.348 0.282 0.360 0.275 0.0001***
Proportion Hispanic 0.325 0.224 0.342 0.227 0.0001***
Proportion Other Race 0.007 0.015 0.007 0.014 0.759
TB Prevalence Rate 1062.32 1310.90 1090.42 1283.20 0.0001***
TB Death Rate 78.80 107.63 80.57 103.90 0.0001***
Ever Arrested Outcomes (Cumulative)
In-Program 0.007 - 0.001 - 0.0001***
1 Year PosProgram 0.036 - 0.015 - 0.0001***
2 Year PosProgram 0.056 - 0.039 - 0.0001***
3 Year PosProgram 0.075 - 0.062 - 0.0001***
4 Year PosProgram 0.090 - 0.082 - 0.0001***
5 Year PosProgram 0.102 - 0.099 - 0.003**
6 Year PosProgram 0.114 - 0.115 - 0.480
Number of Arrests | Arrested (Cumulative)
In-Program 1.143 0.482 1.131 0.414 0.775
1 Year PosProgram 1.778 1.299 1.527 0.991 0.0001***
2 Year PosProgram 2.205 1.851 2.002 1.618 0.0001***
3 Year PosProgram 2.493 2.348 2.460 2.312 0.3707688
4 Year PosProgram 2.718 2.839 2.829 2.839 0.005**
5 Year PosProgram 2.911 3.293 3.060 3.240 0.0004***
6 Year PosProgram 3.049 3.643 3.225 3.615 0.0001***
Number of Observations 129,098 109,391
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Note This table shows the summary statistics and the difference in means tests of individuals in the
analytic sample and the excluded sample. The analytic sample includes youth in H20@8@&yYEP who

are over 16 years old and have ZIP code informationekhkided group is thoseho applied to the 2066

2008 SYERwho are younger than 16 years alid/ormissing on ZIP code information. The columns show
the mean and standard deviation for the two groups, as well asythegoof the difference in means

between the two groups. Thevplue was obtained via a regression of the covariates on being in the
analytic sample. The disadvantage index is the mean of standardized scores of percent population in
secondary sector jobs, percent jobless, percent in reanagrofessional occupations (reverse coded),
percent femakheaded households, percent with high school degree (reverse coded), and percent poverty.
The SQF stop rates are per 1,000 residents and calculated at the year the youth applied te SYEP. In
progam is defined as July and August of the program years, and each yearggoatn is defined as the
number of years from September of program year to August.

" Comparisons on criminal justice information (arrests) are performed on individuals who were at least 16
years old.

i Comparisons of neighborhood characteristics are performed on individuals without missing values on ZIP
code.

* p<0.05, ** p<0.01, *** p<0.001
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Table A5. Demographic Characteristics of Youth by Race/Ethr(Biack Youth, Latinx
Youth, White YouthandYouth of Other Race)

Black Latinx White + Other Race
Mean SD Mean SD Mean SD

Selected for SYEP (Win)  0.491 - 0.512 - 0.626 -
Participated in SYEP 0.380 - 0.385 - 0.544 -
Age at SYEP Start 17.135 1.258 17.052 1.202 17.355 1.345
Male 0.452 - 0.451 - 0.435 -
US Citizen 0.946 - 0.906 - 0.881 -
Family Members 3.995 - 3.917 - 5.349 -
Ever Prior Arrest 0.044 - 0.032 - 0.008 -
Ever Prior Conviction 0.024 - 0.017 - 0.004 -
Borough of Residence

Bronx 0.236 - 0.423 - 0.053 -

Brooklyn 0.434 - 0.201 - 0.654 -

Manhattan 0.105 - 0.231 - 0.071 -

Queens 0.196 - 0.118 - 0.152 -

Staten Island 0.030 - 0.027 - 0.070 -
Neighborhood
Characteristics

Disadvindex 0.740 0.617 0.945 0.660 0.309 0.483

SQF Stop Rates 13.808 9.190 11.542 7.842 6.930 5.722

Proportion White 0.124 0.155 0.156 0.173 0.437 0.238

Proportion Black 0.512 0.258 0.246 0.187 0.159 0.225

Proportion Hispanic 0.295 0.211 0.506 0.200 0.206 0.155

Proportion Other Race 0.008 0.015 0.007 0.012 0.005 0.018

TB Prevalence Rate 1053.91 1114.48 1236.25 1367.35 913.51 1536.54

TB Death Rate 80.10 90.16 87.39 107.64 68.48 132.21
Ever Arrested Outcomes (Cumulativi

In-Program 0.010 - 0.007 - 0.001 -

1 Year PosProgram 0.050 - 0.038 - 0.008 -

2 Year PosProgram 0.078 - 0.060 - 0.014 -

3 Year PosProgram 0.103 - 0.080 - 0.019 -

4 Year PosProgram 0.124 - 0.097 - 0.023 -

5 Year PosProgram 0.141 - 0.111 - 0.028 -

6 Year PosProgram 0.157 - 0.124 - 0.031 -
Number of Arrests | Arrested (Cumulative)

In-Program 1.143 0.421 1.162 0.640 1.048 0.216

1 Year PosProgram 1.788 1.293 1.793 1.333 1.620 1.226

2 Year PosProgram 2.223 1.850 2.216 1.870 1.996 1.810

3 Year PosProgram 2.512 2.351 2.516 2.380 2.238 2.211

4 Year PosProgram 2.751 2.888 2.729 2.800 2.366 2.527

5 Year PosProgram 2.958 3.381 2.907 3.194 2477 2.754

6 Year PosProgram 3.107 3.745 3.025 3.519 2.594 3.000
Number of Observations 60,803 33,035 34,556

Note This table shows the summary statistics of the anadgitieplefor Black, Latinx, and youth who are
White or other raceThe columns show the meandstandard deviatioffor nonbinary indicatorspf each
variable.
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Table A6. Demographic Characteristics of Youth by Race/Ethnicity (White Youth, Youth
of Other Race)

White Other Race
Mean SD Mean SD

Selected for SYEP (Win) 0.751 - 0.487 -
Participated in SYEP 0.696 - 0.375 -
Age at SYEP Start 17.392 1.373 17.315 1.313
Male 0.416 - 0.456 -
US Citizen 0.974 - 0.777 -
Family Members 6.352 - 4.237 -
Ever Prior Arrest 0.003 - 0.012 -
Ever Prior Conviction 0.002 - 0.007 -
Borough of Residence

Bronx 0.013 - 0.098 -

Brooklyn 0.794 - 0.497 -

Manhattan 0.011 - 0.138 -

Queens 0.085 - 0.227 -

Staten Island 0.097 - 0.040 -
Neighborhood Characteristics

Disadv Index [2011 ACS] 0.224 0.388 0.404 0.554

SQF Stop Rates [{Rrogram] 5.859 4516 8.118 6.614

Proportion White 0.536 0.188 0.326 0.239

Proportion Black 0.149 0.219 0.170 0.231

Proportion Hispanic 0.157 0.104 0.261 0.181

Proportion Other Race 0.003 0.004 0.008 0.025

TB Prevalence Rate 587.13 627.76 1275.33 2071.86

TB Death Rate 41.48 54.54 98.40 178.49
EverArrested Outcomes (Cumulative)

In-Program 0.001 - 0.002 -

1 Year PosProgram 0.004 - 0.013 -

2 Year PosProgram 0.007 - 0.022 -

3 Year PosProgram 0.010 - 0.029 -

4 Year PosProgram 0.013 - 0.035 -

5 Year PosProgram 0.015 - 0.041 -

6 Year PosProgram 0.016 - 0.046 -
Number of Arrests | Arrested (Cumulative)

In-Program 1.083 0.289 1.033 0.183

1 Year PosProgram 1.757 1.479 1.573 1.127

2 Year PosProgram 1.885 1.779 2.036 1.823

3 Year PosProgram 2.142 2.271 2.274 2.190

4 Year PosProgram 2.201 2.574 2431 2.507

5 Year PosProgram 2.236 2.667 2.574 2.785

6 Year PosProgram 2.350 2.831 2.689 3.060
Number of Observations 18,168 16,388

Note This table shows the summary statistics of the analytic sdopighite youth and youth of other
race The columns show the meandstandard deviatioffor nonbinary indicatorspf each variable.
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Table A7. Demographic Characteristics of Youth by Quartiles of Neighborhood
Disadvantage

Quartiles1 & 2 Quartile 3 Quartile 4
Mean SD Mean SD Mean SD

Selected for SYEP (Win) 0.552 - 0.569 - 0.506 -
Participated in SYEP 0.440 - 0.464 - 0.398 -
Age at SYEP Start 17.164  1.259 17.220 1.290 17.147 1.267
Race/Ethnicity

White 0.261 - 0.207 - 0.069 -

Black 0.380 - 0.456 - 0.509 -

Latino 0.170 - 0.156 - 0.344 -

Other Race 0.189 - 0.181 - 0.078 -
Male 0.475 - 0.440 - 0.445 -
US Citizen 0.933 - 0.912 - 0.918 -
Family Members 4.246 1.800 4.585 2.278 4.209 1.908
Ever Prior Arrest 0.023 - 0.027 - 0.036 -
Ever Prior Conviction 0.012 - 0.015 - 0.019 -
Borough of Residence

Bronx 0.120 - 0.057 - 0.376 -

Brooklyn 0.453 - 0.475 - 0.403 -

Manhattan 0.097 - 0.126 - 0.138 -

Queens 0.203 - 0.291 - 0.074 -

Staten Island 0.127 - 0.051 - 0.009 -
Neighborhood Characteristics

Disadvindex -0.255 0.241 0.279 0.136 1.173 0.418

SQF Stop Rates 6.038 3.979 9.437 7.319 14.005 9.112

Proportion White 0.477 0.206 0.279 0.233 0.108  0.148

Proportion Black 0.233 0.257 0.351 0.338 0.378 0.238

Proportion Hispanic 0.159 0.111 0.202 0.142 0.446 0.219

Proportion Other Race 0.004 0.003 0.010 0.025 0.006 0.005

TB Prevalence Rate 644.48 745.28 1065.89 1838.05 1171.95 963.78

TB Death Rate 46.34 54.01 86.61 162.94 82.58 64.61
Ever Arrested Outcomes (Cumulative)

In-Program 0.005 - 0.005 - 0.008 -

1 Year PosProgram 0.025 - 0.028 - 0.043 -

2 Year PosProgram 0.041 - 0.045 - 0.068 -

3 Year PosProgram 0.054 - 0.060 - 0.089 -

4 Year PosProgram 0.066 - 0.072 - 0.107 -

5 Year PosProgram 0.076 - 0.083 - 0.122 -

6 Year PosProgram 0.086 - 0.093 - 0.135 -
Number of Arrests | Arrested (Cumulative’

In-Program 1.169 0.482 1.157 0.443 1.133 0.498

1 Year PosProgram 1.714 1.185 1.774 1.318 1.789 1.307

2 Year PosProgram 2.067 1.782 2.187 1.830 2.235 1.870

3 Year PosProgram 2.361 2.273 2.426 2.276 2.543  2.387

4 Year PosProgram 2.547 2.868 2.629 2.702 2.784  2.889

5 Year PosProgram 2.744 3.324 2.836 3.129 2971 3.354

6 Year PosProgram 2.866 3.576 2.983 3.510 3.109 3.709
Number of Observations 18,233 42,760 68,105

Note This table shows the summary statistics of the anawgtieplefor each quartile of neighborhood
disadvantageThe columns show the meandstandard deviatioffor nonbinary indicatorspf each
variable. The quartiles are defined using ZCTAs in the whole city (with population over 1,000). The first
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quartile of disadvantage index is approximat@y31, the median is approximately 0.078, and the third
quartile is 0.557.
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Table A8. Demographic Characteristics of Youth by Quartiles of Neighborhood Stop,
Question, and Frisk (SQF) Rate

Quartiles 1 & 2 Quartile 3 Quartile 4
Mean SD Mean SD Mean SD

Selected for SYEP (Win) 0.582 - 0.517 - 0.501 -
Participated in SYEP 0.488 - 0.398 - 0.390 -
Age at SYEP Start 17.212 1.288 17.135 1.255 17.171 1.276
Race/Ethnicity

White 0.326 - 0.045 - 0.050 -

Black 0.276 - 0.507 - 0.633 -

Latino 0.187 - 0.347 - 0.245 -

Other Race 0.210 - 0.100 - 0.072 -
Male 0.440 - 0.454 - 0.448 -
US Citizen 0.906 - 0.908 - 0.939 -
Family Members 4.792 2.389 4.085 1.701 4.128 1.844
Ever Prior Arrest 0.018 - 0.034 - 0.041 -
Ever Prior Conviction 0.009 - 0.019 - 0.022 -
Borough of Residence

Bronx 0.224 - 0.335 - 0.156 -

Brooklyn 0.550 - 0.248 - 0.486 -

Manhattan 0.023 - 0.137 - 0.222 -

Queens 0.152 - 0.259 - 0.091 -

Staten Island 0.052 - 0.021 - 0.045 -
Neighborhood Characteristic

Disadvindex [2011 ACS] 0.318 0.531 0.821 0.645 0.890 0.588

SQF Stop Rates 4172 1.235 8.960 1.568 20.422 8.148

Proportion White 0.385 0.255 0.118 0.146 0.143 0.163

Proportion Black 0.213 0.258 0.379 0.284 0.452 0.247

Proportion Hispanic 0.232 0.185 0.413 0.253 0.336 0.197

Proportion Other Race 0.006 0.019 0.009 0.017 0.006 0.005

TB Prevalence Rate 507.82  352.50 954.87 1268.79 1691.20 1627.15

TB Death Rate 31.73 26.11 69.57 108.17 132.27  130.03
Ever Arrested Outcomes (Cumulative)

In-Program 0.003 - 0.008 - 0.009 -

1 Year PosProgram 0.019 - 0.040 - 0.047 -

2 Year PosProgram 0.032 - 0.063 - 0.074 -

3 Year PosProgram 0.043 - 0.083 - 0.097 -

4 Year PosProgram 0.053 - 0.099 - 0.116 -

5 Year PosProgram 0.061 - 0.113 - 0.132 -

6 Year PosProgram 0.069 - 0.127 - 0.147 -
Number of Arrests | Arrested
(Cumulative)

In-Program 1.164 0.391 1.166 0.579 1.119 0.428

1 Year PosProgram 1.775 1.317 1.767 1.220 1.787 1.348

2 Year PosProgram 2.131 1.839 2.215 1.828 2.229 1.873

3 Year PosProgram 2441 2.346 2.505 2.339 2.508 2.355

4 Year PosProgram 2.637 2.818 2.746 2.823 2.733 2.861

5 Year PosProgram 2.841 3.255 2911 3.196 2.942 3.381

6 Year PosProgram 2.992 3.642 3.018 3.513 3.099 3.740
Number of Observations 43,644 40,117 45,337
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Note This table shows the summary statistics of the anadgtieplefor each quartile of neighborho@QF

stop ratesThe columns show the meandstandard deviatioffor nonbinary indicatorspf each variable.

The quartiles are defined using ZCTAs in the whole city (with population over 1,000) for SQ&uwates

the program. The first quartile of SQF stop rate in 2006 is approximately 4.041, the median is
approximately 6.449, and the third quartile is 12.253. The first quartile of SQF stop rate in 2007 is 3.966,
the median is approximately 6.062, and the thirdrtjle is 10.651. Lastly, the first quartile of SQF stop

rate in 2008 is approximately 4.176, the median is approximately 6.524, and the third quartile is 11.958.
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Figure Al. Maps of SYEP Providers in the Five Boroughs (from the 2007 and 2008 Annual Summary)
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Note: These figures shotlie name and location of SYEP providers (in red) from 2007 and 2008 for each borough. These maps were obtained from the
Department of Youth and Community Development (DYCD) 2007 and 2008 annual summary.
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Appendix B. Creation of Tuberculosis (TB) Rates in 19494951 Measures

The information was from the 1956 Report from the New York Tuberculosis and
Health Association title&ocioeconomic Conditions and Tuberculosis Prevalence in New
York Cityobtained fromthe New York City Municipal Archives and Libraryhe report
includes the average prevalence rate and death rate for every 100,000 population from
19491951. | entered the data of TB prevalence and death rates by health areas into Excel
for analysis.

The TB data were documented at the level of health areas, for which-agigtieg
shapefiles of the 1940 health area boundaries were available. Consequently, | constructed
t he map of NhstericMhealttkare@sn AroGEsautilizing printed maps as a
reference?

Because the neighborhoodtiis analysis was defined at the Zip Code Tabulation
Area (ZCTA) units, | employed an estimation strategy using areal weights to calculate the
TB rate at this level. The estimation was performed in ArcGIS Pro and Statal?.

1 Step 1:Using the ArcGIS Pro geoprocessing t@allculate Geometry Attributes
| calculated the area of eabbalth area

1 Step3: | created a new layer that represent each intersect and union of the health
area and ZCTA polygon layers using the Union tool. | then calculated the area for
each union polygon. Each union polygon shows with which health area and
ZCTA it overlaps.

1 Step4: | kept union polygons that were the intersect of health areas and ZCTAs
(i.e., dropped polygons with no ZCTA or health area link). The proportion of
union area over the total area of health area was calculated for each union
polygon.

1 Step5: | merged the TB rates dataset from 194%1 to the union dataset using
health area code.

1 Step 6:1 summed the weighted TB rates for each ZCTA using the equation
below, wheréQ is the proportion of the union ar&hat overlaps ZCTAQover

the area of health arégd'Q ——), "Y§ is the TB rate in health aré@

YO D "Q JYO

50 The printed maps can be found in the 1956 report. A digital, augmented version can also be located on
the Indiana University Library website:
https://quides.libraries.indiana.edu/c.php?g=1381446&p=10219H%e maps of health areas in the five
boroughs were used as reference to create the ArcGIS shapefiles.
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Appendix C. Exploring the Neighborhood Disadvantage Indices

There are three different measures of disadvantage mentioned in the dissertation, this
Appendix section details the method of making the indices and compares the
measurements created. An overview of the measures is shown in Table C1 below.

Disadv Index [2011 ACS]Jrhe main analysis used a disadvantage index calculated from
the2011 ACS. Consistent with how concentrated disadvantage is measured in the
literature (Krivo et al., 2018; Lyons et al., 2013), the measure is the mean edbeeg

for percent of the employed population with secondary sectemlage jobs, jobless rate
for the working age population (age 16 to 64), percent of the employed population with
management, professional and related occupations (rex@dlse), percent of female
headed households, percent of the population age 25 and over who have at Iéast a hig
school degree (reverse coded), and the poverty rate

DisadvPCA Scord2011 AC$. The literature has an alternative measure to capture
disadvantage (Sampson et al., 1997, 2008). The measure is created using principal
component analysis (PCA) to predict the neighborhood disadvantage scores from
variables ofpercent poverty, receipt of public assistance, percent unemployment, percent
femaleheaded households, and the density of children under 18 yeai$islcneasure

was used in the supplemental analysis to check the robustness of the main finding.

Disadv Index [2000 Censughs discussed in the main text, there is no Zdé&yel
information provided by the 2000 Census, however, the NYC Department of City
Planning has some 2000 Census information at theddle level. Unfortunately, these
data do not have all the variables e to create a disadvantage index that is consistent
with that from prior work. What is included in this index are the standardized scores for
the percent of population living in poverty apercent of the population over 25 yga

old with at least a high school deg(eeverse coded).

The main Disadv Index [2011 ACS] measure is highly correlated with the index created

using only poverty and high school graduation from the 2000 Census, shown in Table C2,
suggesting that disadvantage captured in these indices did not change muchaelative

each other between the year 2000 and 2007 to i204YC neighborhoods. The high
correlation across the three measures i mpl
position of disadvantage did not change much in the two data perarddid it diange

much across different ways of measurement. Figures C1 and C2 show how the
neighborhoods fall on the disadvantage spectrum in relation to how it was measured.

Table C3 presents the complete correlation matrix for all the variables used to create the
three disadvantage indices. Most of these indicators of disadvantage are closely related.
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Table C1. Neighborhood Disadvantage Measurement Comparison

Name of Data Variables Included Method
Measure Source
Disadv Index 2011 ACS | 1 Percent of employed population| Mean of
[2011 ACS] with secondary sector lowage | standardized
jobs variables
1 Jobless rate for working age
population

1 Percent of employed population
with management, professional
and related occupations (revers
coded)

9 Percent femaldheaded
households

9 Percent of population age 25 an|
over who have at least a high
school degree (reverse coded)

1 Poverty rate

Disadv PCA 2011 ACS | 1 Poverty rate Principal
Score 1 Percent receiving public component
[2011 ACS] assistance analysis

 Percent unemployed (PCA)

9 Percent of femalkheaded

households

1 Percentage 18 or younger
Disadv Index 2000 1 Poverty rate Mean of
[2000 Census] | Census | Percenbf population over 25 standardized

years old with at least a high | variables
school degree (reverse cojled

Note: This table shows the variables that were used to create the various disadvantage measures and the
method used to create these measUies.disadvantage index created from the 2011 ACS was used in the
main analysis.

Table C2. Correlation Matrix of Disadvantage Indices

Variables (1) (2) (3)
(1) Disadv Index [2011 ACS] 1.00

(2) Disadv PCA Score [2011 ACS] 0.8 1.00

(3) Disadv Index [2000 Census] 0.9 0.82 1.00

Note The table shows the correlatiohthe disadvantage measufesa sample of 176
ZCTAs in NYC (with population over 1,000).
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Table C3. Correlation Matrix of Variables Used to Creatddisadvantage Measures

Variables (1) 2 (3 (4) (5) (6) (7 @ © @ @1
Disadv Index [2011 ACS]

(1) Percent lowwage jobs 1.00

(2) Jobless rate 0.74 1.00

(3) Percent professional occupations (RC 0.85 0.74 1.00
(4) Percent fematbeaded households 0.82 0.74 0.75 1.00
(5) Percent high school degree (RC) 0.84 0.72 0.70 0.68 1.00

(6) Poverty rate 0.76 0.75 055 0.73 0.74 1.00

Disadv PCA Score [2011 ACS]

(7) Percent age 18 gounger 0.70 0.77 0.74 0.76 0.65 0.58 1.00

(8) Percent unemployed 0.62 048 045 0.65 0.46 057 040 1.00

(9) Percent public assistance 0.66 0.70 0.70 0.72 0.61 053 0.99 0.37 1.00
Disadv Index [2000 Census]

(10) Poverty rate 0.74 0.72 053 0.72 0.71 097 054 059 049 1.00

(11) Percent high school degree (RC) 0.88 0.77 0.76 0.75 0.83 086 0.64 0.57 0.60 0.87 1.00

Note The table shows the correlation of neighborhood characteristics for a sample of 176 ZCTAs in NYC (with population ov@h&g#0ariables
are what was used createhe disadvantage measures.
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Figure C1. Scatterplot of Disadvantage Indic&isadv PCA Score [2011 ACS] vs. Main
Disadv Index [2011 ACS]
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Note This figure shows the scatterplot of the two disadvantage indibesblue line indicates the y=x, points at
which the scores from the/o measures are the sarfibe disadvantage index created from the 2011 ACS was used
in the main analysis.

Figure C2. Scatterplot of Disadvantage Indic&isadv Index [2000 Census] vs. Main Disadv
Index [2011 ACS]
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Note This figure shows the scatterplot of the two disadvantage indibesblue line indicates the y=x, points at

which the scores from the two measures are the SHmeedisadvantage index created from the 2011 ACS was used
in the main analysis.
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Appendix D. Exploring Neighborhood Disadvantage, Stop, Question, and Frisk (SQF) Rates, and Racial Composition

This Appendix section provides more information on how neighborhoods in NYC compare with each other on levels of disadvantage
SQF activity, and their racial composition. As described in the main text, neighborhood disadvantage and SQF stof j@@@} (per

are positively correlated. These two features of neighborhoods are also closely related to the racial composition of the area

Table D1. Correlation Matrix of Measures of Neighborhood Disadvantage, SQF Stop Rates, and Racial Composition

Variables 1) (2 (©)) 4 5) (6) (7 (8) 9
(1) Disadv Index [2011 ACS] 1.00

(2) SQF Stop Rate (kProgram) 0.30 1.00

(3) Percent White -0.72 -0.31 1.00

(4) Percent Black 0.50 0.37 -0.80 1.00

(5) Percent Other Race 0.34 -0.07 -0.34 -0.29 1.00

(6) Percent Hispanic 0.73 0.18 -0.39 0.03 0.58 1.00

(7) Percent White (noidispanic) -0.80 -0.34 096 -0.70 -0.43 -0.57 1.00

(8) Percent Blacknon-Hispanic) 0.45 0.35 -0.77 099 -0.32 -0.04 -0.67 1.00

(9) Percent Other Race (natispanic) -0.24 -0.21 0.04 -0.44 0.62 -0.21 0.03 -0.42 1.00

Notes The table shows the correlation of neighborhood characteristics for a sample of 176 ZCTAs in NYC (with population@vaihg,@dcial
composition measures are from the 2011 ACS.
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Figure D1. Scatterplot of Average SQF Stop Ratg(ogram) vs. Disadv Index [2011
ACS]
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Note This figure shows the scatterplot of the police stop, question, and frisk (SQF) stop rates and the
neighborhood disadvantage ind@ke blue line indicates the y=x, points at which the scores from the two
measures are the same.

Historical tuberculosis (TB) prevalence rate (per 100,000) was used in the main analysis
as an instrument for modern day neighborhood disadvantage. The correlation of the two
measuresis T X @@ T8I p YFigure D2 below showtheir relationship. The
prevalence rate was highly skewed. Figure D3 illustrates the map of the distribution of
historical TB prevalence rate across NYC ZCTA. Some neighborhoods in the city had
large prevalence rate for TB. For example, the ZCTA 1000Rei.ower East Side of
Manhattan has the highest concentration of TB. During the documented period, the area
had higher proportion of males and individuals over 60 years old, both are groups whom
TB was more concentrated (1956 Report). The area was alsgpartant district with

many oldlaw tenement housing, and its poor sanitary and crowded living conditions
provide opportunities for the disease to spréad.

51 Old law tenements are tenement homes built before 1901. They were oftdadplewrent, multi

family dwellings (Nigro, 2018). Even though there were tenement houses over the city, these were mainly
concentrated in the lower part of Manhattan. Asth&16 TB Report states fAiThey we
the most concentrated use of | and with a minimum re
existence of running cold water or the availability of any sort of interior sanitary facilities wereehiiar

many of the tenantso (p. 23).
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Figure D2.Scatterplot of Neighborhood Disadvantage vs. Historical TB Prevalence Rate

Disadv Index

0 2000 4000 6000 8000
TB Prevalence Rate (1949-1951)

Note This figure shows the scatterplot of the average historical tuberculosis (TB) prevalence rates (per
100,000 population) from 1949951 and the neighborhood disadvantage in@ibg.blue line indicates the
y=X, points at which the scores from the two measures are the same.
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FigureD3. Map of Neighborhood Tuberculosis Prevalence Rates (per 100,000) from
19491951

Legend

TB Prevalence

Rate

[ 1632-147.16

[ 147.17 - 336.91

[ 336.92 - 565.28
" M 565.29 - 1111.94

I 111195 - 8453.71

m r’ /\,,«'

Notes The map shows the average TB prevalence rate (per 100,000) from 1949 o d&&1 ZCTA.
Darker colofin purple(quintiles) indicates higher prevalence of the disease recorded in that area.

Table D2. Quartiles of Disadvantage Index and SQF Stop Rates
Min Q1 Q2 Q3 Max

Disadvantage Index -1.727 -0.631 0.078 0.557 2.3%

SQF Stop Rates (Average) 0 4090 7.185 11.012 39.516
SQF Stop Rates 2006 0 4.041 6.449 12.253 49.898
SQF Stop Rates 2007 0 3.966 6.062 10.651 39.322
SQF Stop Rates 2008 0 4.176 6.524 11.958 48.960

Note: This table shows thminimum and maximum valuef the disadvantage index and stop, question, and
frisk (SQF) stop ratefor a sample of 176 ZCTAs in NYC (with population over 1,000 values at the
first, second, and third quartiles are also reported.
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Figure D4. Distribution of Disadvantage Index Quartiles and SQF Stop Rate Quartiles

-2 -1 0 1 2 3
Disadvantage Index

0 10 20 30 40
Average In-Program SQF Stop Rates

Note This figure shows the beandwhisker plots of neighborhood disadvantage and police stop, question,
and frisk (SQF) stop rates farsample of 176 ZCTAs in NYC (with population over 1,000). The plot
illustrates the minimum value, first quartile, second quartile, third quartile and maximum value.
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Figure D5. Map of SY ERPrdygm@mnp,|lYiear Boloivdpd3 Ar r e st
Year FollowUp, and 5Year FollowUp
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Note: These maps show the distribution of percentage of arrest for the analytic sample (N=129,098)
each ZCTA Darker colors of blue (quartiles) indicate higher arrest rAtess with no color (shaded in
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white) mean that the area was not in the data, either because there were too few to report (less than 500) or
no applicants in that ZCTA area. Thegrogram arrest rates are from July and August of the program year;

the oneyear followup spans from Septeer of the program year to August of the following year, while

the threeyear followrup extends from September of the program year to August three yeapsqupstm,
continuing similarly for the fiveyear follov-up period.
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Appendix E. Correlation of All Variables
Table E1. Correlation Matrix of All Variables Used in the Main Analyses

Variables (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14)
(1) Age 1.00

Race/Ethnicity

(2) White 0.04 1.00

(3) Black 0.01 -0.37 1.00

(4) Latinx -0.06 -0.21 -0.63 1.00

(5) Other race 0.03 -0.12 -0.36 -0.20 1.00

(6) Male -0.01 -0.09 0.06 0.02 -0.04 1.00

(7) US Citizen -0.03 0.06 0.10 -0.03 -0.18 0.05 1.00

(8) Family Members -0.04 036 -0.14 -0.10 0.00 -0.06 001 1.00

(9) Ever Prior Arrest 0.23 -014 014 -0.01 -0.08 026 0.06 -0.09 1.00

(10) Ever Prior Convicted 0.25 -0.10 0.11 -0.01 -0.06 0.20 0.05 -0.07r 0.77 1.00

NeighborhoodCharacteristics

(11) Disadvantage -0.02 -0.27 008 021 -015 004 001 -0.07 0.08 0.07 1.00

(12) SQF (inprog) 0.00 -024 025 -0.02 -0.213 005 005 -009 009 007 032 100

(13) TB Prevalence 002 -014 001 o006 004 002 001 -007 005 004 015 044 100

(14) Bartik IV -0.01 -0.03 006 -006 002 000 000 000 000 002 -0.10 -023 -0.36 1.00
Ever Arrested (cumulative)

(15) In-program 0.06 -0.0vr 007 000 -0.05 0214 004 -005 033 026 004 005 0.03 0.00
(16) 1 year posprogram 0.08 -0.15 0.15 0.01 -0.10 0.31 0.06 -0.08 0.57 045 0.10 0.10 0.06 0.00
(17) 2 year posprogram 0.07 -0.18 017 001 -0.12 036 0.07 -010 058 045 012 0.12 0.07 0.00
(18) 3 year posprogram 0.06 -019 019 001 -0.23 038 008 -010 057 044 013 013 0.07 -0.01
(19) 4 year posprogram 0.05 -0.20 0.19 0.02 -0.13 040 0.08 -0.11 0.5 043 0.14 0.13 0.07 -0.01
(20) 5 year posprogram 005 -021 020 002 -0.24 040 008 -011 054 042 014 014 0.07 -0.01
(21) 6 year posprogram 0.04 -0.22 0.20 0.02 -0.14 041 0.09 -0.11 0.53 042 014 014 0.07 -0.01
Number of Arrests (cumulative)

(22) In-program 0.00 -0.03 -002 0.06 -0.06 002 001 000 004 002 -008 -0.03 0.01 -0.10
(23) 1year posiprogram -0.03 0.02 001 001 -004 004 000 -0.06 009 007 003 003 0.02 -005
(24) 2 year posprogram -0.01 -0.016 000 002 -002 007 000 -0.05 013 010 004 0.03 0.03 -0.02
(25) 3 year posprogram -0.03 000 001 001 -003 011 000 -0.05 015 011 004 0.01 0.03 -0.02
(26) 4 year posprogram -0.02 -0012 003 -001 -004 012 -0.01 -0.06 0.16 012 0.03 002 0.04 -0.03
(27) 5 year posprogram 0.00 -0.02 004 -0.02 -0.04 024 000 -007 017 014 002 002 0.04 -0.03
(28) 6 year posprogram 0.02 -003 005 -0.02 -0.04 0214 000 -006 018 015 002 002 0.03 -0.03
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Variables (15) (16) a7 (18) (29) (20) (22) (22) (23) (24) (25) (26) 27) (28)
Ever Arrested (cumulative)

(15) In-program 1.00

(16) 1 year posprogram 0.45 1.00

(17) 2 year posprogram 0.38 0.83 1.00

(18) 3 year posprogram 0.34 075 091 1.00

(19) 4 year posprogram 032 071 086 095 1.00

(20) 5 yeampostprogram 031 068 082 091 096 1.00

(21) 6 year posprogram 030 067 080 088 094 097 1.00

Number of Arrests (cumulative)

(22) In-program 1.00

(23) 1 year posprogram 0.29 0.37 1.00

(24) 2 year posprogram 0.28 0.36 029 0.76 1.00

(25) 3 year posprogram 0.26 0.38 0.30 0.28 0.65 0.87 1.00

(26) 4 year posprogram 023 036 032 0.24 0.25 053 072 087 1.00

(27) 5 year posprogram 021 034 032 027 0.20 028 045 062 077 095 1.00

(28) 6 year posprogram 020 034 034 031 026 0.18 025 042 058 073 089 097 1.00

Note The table shows pairwise correlations of all the variables in the an&8igis.question, and frisESQP in-program stop rates were calculated per 1,000
population.Historical tuberculosisTB) prevalence ratefsom 19491951were documented per 100,000 population. Number of arrestemtginedper year

and conditional on those who have ever been arreBtedoneyear followup spans from September of the program year to August of the following year, while
the twoyear followup extends from Septembef the program year to August two years gastgram, continuing similarly for followaps up to six years.

252



Appendix F. Balance Tables of Covariates by Race/Ethnicity

Table F1. Balance Table of Covariates for Black Youth

Control Treatment Difference
Mean SD Mean SD p-value
Participated in SYEP 0.024 - 0.749 - 0.0001***
Age at SYEP Start 17.136 1.261 17.134 1.255 0.047*
Male 0.451 - 0.454 - 0.507
US Citizen 0.942 - 0.949 - 0.256
Family Members 3.992 1.694 3.999  1.704 0.190
Ever Prior Arrest 0.044 - 0.044 - 0.528
Ever Prior Conviction 0.024 - 0.024 - 0.367
Borough of Residence
Bronx 0.247 - 0.224 - 0.437
Brooklyn 0.455 - 0.413 - 0.041*
Manhattan 0.113 - 0.097 - 0.773
Queens 0.166 - 0.227 - 0.134
Staten Island 0.020 - 0.040 - 0.526
Neighborhood Characteristics
Disadv Index [2011 ACS]  0.757 0.621 0.721  0.613 0.682
SQF Stop Ratés 13.901 9.262 13.712 9.114 0.812
Proportion Whitd 0.120 0.153 0.128 0.156 0.943
Proportion Black 0.517 0.254 0.507 0.262 0.101
Proportion Hispanic 0.296 0.213 0.293 0.209 0.074
Proportion Other Rade 0.008 0.015 0.008 0.015 0.025*
TB Prevalence Ratk 1091.82 1123.92 1014.67 1103.28 0.326
TB Death Raté 82.53 90.01 77.59 90.26 0.601
Number of Observations 30,924 29,879

Note This table shows the summary statistics and balance tests of the control and treatmeffbigroups
Black youth The control group is youth who were not selected for SYEP and the treatment group is
those who were selected to participate. The columns show the mean and standard deviation for the
treatment and control groups, as well as thwalpie of the differencenimeans between the two groups.
The pvalue was obtained via a regression of the covariates on being selected fofoB¥&th
provider-year.In other words, thepalue reflects the difference in the means within each provider
year since randomization occurred at the level of the proviel@r. The mean values shown in the

table represent the overall average in the analytic sample of Black youth.

"The SQF Stop Rates gelicestop rates in a ZCTA during the program peridaly and August)
calculated per 1,000 residents.

i These are from the 2011 ACS data for proportion of the population in a ZCTA who-Kisgsmic
White, norHispanicBlack, and nofHispanic individuals who identify as other race (Asian, American
Indian or Alaskan Native, Native Hawaiian or Pacific Iskandnd other race).

il The historical tuberculosis prevalence and death rates are calculated per 100,000 population at the
time. These dataverefrom 19491951.

* p<0.05, ** p<0.01, *** p<0.001
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Table F2. Balance Table of Covariates for Latinx Youth

Control Treatment Difference
Mean SD Mean SD p-value
Participated in SYEP 0.041 - 0.713 - 0.0001***
Age at SYEP Start 17.066 1.213 17.038 1.191 0.276
Male 0.447 - 0.456 - 0.199
US Citizen 0.913 - 0.899 - 0.001**
Family Members 3.934 1.454 3.9 1.458 0.266
Ever Prior Arrest 0.033 - 0.032 - 0.880
Ever Prior Conviction 0.017 - 0.017 - 0.844
Borough of Residence
Bronx 0.446 - 0.401 - 0.049*
Brooklyn 0.209 - 0.194 - 0.945
Manhattan 0.232 - 0.23 - 0.020*
Queens 0.092 - 0.143 - 0.801
Staten Island 0.021 - 0.031 - 0.962
Neighborhood Characteristics
Disadv Index [2011 ACS]  0.975 0.657 0.916 0.661 0.302
SQF Stop Ratés 11.738 8.02 11.354 7.663 0.558
Proportion Whité 0.150 0.171 0.161 0.175 0.468
Proportion Black 0.255 0.187 0.238 0.188 0.286
Proportion Hispanic 0.509 0.198 0.503 0.201 0.936
Proportion Other Rade 0.007 0.012 0.007 0.013 0.401
TB Prevalence Raté 1272.13 1365.13 1202.05 1368.64 0.323
TB Death Raté 89.36 105.43 85.51 109.68 0.353
Number of Observations 16,120 16,915

Note This table shows the summary statistics and balance tests of the control and treatmeffibigroups
Latinx youth The control group is youth who were not selected for SYEP and the treatment group is
those who were selected to participate. The columns show the mean and standard deviation for the
treatment and control groups, as well as thwalpie of the differencenimeans between the two groups.
The pvalue was obtained via a regression of the covariates on being selected fofoB¥&th
provider-year.In other words, the palue reflects the difference in the means within each provider
year since randomization occurred at the level of the proviel@r. The mean values shown in the

table represent the overall average in the analytic sample of Latinx youth

"The SQF Stop Rates gelicestop rates in a ZCTA during the program peridaly and August)
calculated per 1,000 residents.

i These are from the 2011 ACS data for proportion of the population in a ZCTA who-Kisgsmic
White, nonHispanieBlack, and nofHispanic individuals who identify as other race (Asian, American
Indian or Alaskan Native, Native Hawaiian or Pacific Iskandnd other race).

il The historical tuberculosis prevalence and death rates are calculated per 100,000 population at the
time. These dataverefrom 19491951.

* p<0.05, ** p<0.01, *** p<0.001
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Table B. Balance Table of Covariates for White Youth

Control Treatment Difference
Mean SD Mean SD p-value
Participated in SYEP 0.205 - 0.859 - 0.0001***
Age at SYEP Start 17.360 1.371 17.402 1.373 0.99996
Male 0.420 - 0.414 - 0.674
US Citizen 0.971 - 0.975 - 0.096
Family Members 5.948 2.887 6.486 2.977 0.106
Ever Prior Arrest 0.005 - 0.003 - 0.260
Ever Prior Conviction 0.002 - 0.001 - 0.464
Borough of Residence
Bronx 0.026 - 0.009 - 0.362
Brooklyn 0.693 - 0.828 - 0.825
Manhattan 0.013 - 0.010 - 0.038*
Queens 0.112 - 0.076 - 0.157
Staten Island 0.156 - 0.077 - 0.512
NeighborhoodCharacteristics
Disadv Index [2011 ACS]  0.177 0.421 0.240 0.375 0.349
SQF Stop Ratés 6.086 4.616 5.784 4.480 0.150
Proportion Whité 0.542 0.195 0.534 0.186 0.456
Proportion Black 0.136 0.202 0.153 0.224 0.054
Proportion Hispanic 0.168 0.118 0.153 0.099 0.208
Proportion Other Rade 0.003 0.004 0.003 0.005 0.634
TB Prevalence Ratk 573.14 663.68 591.76 615.36 0.773
TB Death Raté 40.77 56.57 41.72 53.86 0.913
Number ofObservations 4,520 13,648

Note This table shows the summary statistics and balance tests of the control and treatmeffibgroups
White youth The control group is youth who were not selected for SYEP and the treatment group is
those who were selected to participate. The columns show the mean and standard deviation for the
treatment and control groups, as well as thwalpie of the differencenimeans between the two groups.
The pvalue was obtained via a regression of the covariates on being selected fofoB¥&th
provider-year.In other words, the-palue reflects the difference in the means within each provider
year since randomization aarred at the level of the providgear. The mean values shown in the

table represent the overall average in the analytic sample of White youth.

"The SQF Stop Rates gelicestop rates in a ZCTA during the program peridaly and August)
calculated per 1,000 residents.

i These are from the 2011 ACS data for proportion of the population in a ZCTA who-Kisgsmic
White, norHispanicBlack, and nofHispanic individuals who identify as other race (Asian, American
Indian or Alaskan Native, Native Hawaiian or Pacific Iskamdnd other race).

i The historical tuberculosis prevalence and death rates are calculated per 100,000 population at the
time. These dataverefrom 19491951.

* p<0.05, ** p<0.01, *** p<0.001
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Appendix G. Main Analysis (Ever Arrested)d Random Effects Results Full
Model and Two-State Least Squares (2SLSResultsFull Model

TableG1. RandonEffectsModel of SYEP Selection on4Rrogram Arrests by ZIP
Cod& Full Model

) @)

b se b se

SYEP Win -0.269 (0.410) Win x ZIP

10009 0.224 (0.344) 10009 -0.051 (0.465)
10013 -0.612 (0.355) 10013 0.266 (0.404)
10025 -1.349* (0.414) 10025 1.546 (1.019)
10026 -0.798 (0.512) 10026 1.336 (0.760)
10027 -0.769 (0.466) 10027 0.908 (0.738)
10029 -0.129 (0.394) 10029 0.191 (0.542)
10030 0.642 (0.876) 10030 -1.562 (0.661)
10031 -0.444 (0.427) 10031 0.849 (0.569)
10032 0.412 (0.527) 10032 -0.878 (0.496)
10033 -0.101 (0.400) 10033 -0.069 (0.480)
10034 -1.147* (0.419) 10034 0.699 (0.507)
10035 0.359 (0.531) 10035 -0.529 (0.732)
10037 -1.471** (0.395) 10037 2.295* (0.820)
10038 -0.833 (0.439) 10038 1.739 (1.000)
10039 -1.202 (0.507) 10039 1.175 (0.911)
10040 -0.253 (0.738) 10040 -0.186 (0.624)
10301 0.118 (0.478) 10301 -1.289* (0.455)
10302 -1.317* (0.471) 10302 1.907* (0.552)
10303 -0.932 (0.724) 10303 0.074 (0.676)
10304 1.168 (0.617) 10304 -1.497* (0.465)
10305 -1.213 (0.500) 10305 1.464 (0.718)
10306 -1.313* (0.490) 10306 0.417 (0.473)
10308 -1.259 (0.503) 10308 0.623 (0.520)
10310 -0.840 (0.474) 10310 0.589 (0.751)
10312 -1.299 (0.503) 10312 0.190 (0.438)
10314 -1.005 (0.726) 10314 1.001 (0.575)
10451 -0.510 (0.447) 10451 0.281 (0.494)
10452 -0.140 (0.449) 10452 0.012 (0.527)
10453 -0.186 (0.542) 10453 0.185 (0.669)
10454 -0.210 (0.504) 10454 0.128 (0.636)
10455 -0.382 (0.599) 10455 0.211 (0.532)
10456 -0.005 (0.497) 10456 -0.124 (0.671)
10457 -0.463 (0.582) 10457 0.101 (0.693)
10458 -0.389 (0.421) 10458 0.785 (0.684)
10459 -0.052 (0.492) 10459 0.197 (0.520)
10460 0.510 (0.553) 10460 -0.350 (0.745)
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10461
10462
10463
10465
10466
10467
10468
10469
10472
10473
10474
10475
11101
11102
11106
11201
11203
11204
11205
11206
11207
11208
11209
11210
11211
11212
11213
11214
11216
11217
11218
11219
11220
11221
11223
11224
11225
11226
11228
11229
11230
11231
11232
11233

-1.217*
0.243
-1.145*
-0.756
-0.117
-0.97%
-0.754
-0.548
0.055
-0.172
-0.523
0.122
1.283
0.536
-1.118
-0.058
-0.688
-0.718
-0.180
-0.018
-0.825%
-0.636
-0.960
-0.679
-0.665
-0.162
-0.438
-0.750
-0.306
-0.008
-0.620
-0.568
-0.643
-0.870
-0.715
-0.020
-0.733
-0.414
-0.767
-0.89Z
-0.542
0.031
0.057
-0.525

(0.390)
(0.591)
(0.398)
(0.519)
(0.456)
(0.392)
(0.422)
(0.413)
(0.540)
(0.451)
(0.661)
(0.622)
(1.394)
(0.996)
(0.432)
(0.599)
(0.461)
(0.384)
(0.479)
(0.430)
(0.407)
(0.424)
(0.401)
(0.423)
(0.412)
(0.465)
(0.412)
(0.406)
(0.382)
(0.753)
(0.396)
(0.349)
(0.371)
(0.517)
(0.452)
(0.412)
(0.391)
(0.421)
(0.411)
(0.438)
(0.373)
(0.653)
(0.439)
(0.444)
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10461
10462
10463
10465
10466
10467
10468
10469
10472
10473
10474
10475
11101
11102
11106
11201
11203
11204
11205
11206
11207
11208
11209
11210
11211
11212
11213
11214
11216
11217
11218
11219
11220
11221
11223
11224
11225
11226
11228
11229
11230
11231
11232
11233

1.136
-0.645
0.903
0.783
-0.537
0.580
0.342
0.147
0.296
-0.601
1.275
-0.308
-0.834
-0.173
1.306
-0.344
0.413
0.376
0.107
-0.051
0.492
0.379
0.234
0.477
0.561
-0.481
-0.206
0.296
-0.075
-0.250
0.326
0.245
0.177
0.830
0.379
-0.301
0.410
0.563
0.175
0.668
0.319
-0.133
-0.256
0.141

(0.800)
(0.543)
(0.567)
(0.707)
(0.499)
(0.459)
(0.558)
(0.561)
(0.682)
(0.542)
(1.547)
(0.934)
(1.669)
(0.994)
(0.686)
(0.498)
(0.584)
(0.440)
(0.694)
(0.468)
(0.501)
(0.517)
(0.419)
(0.528)
(0.465)
(0.645)
(0.459)
(0.446)
(0.537)
(0.874)
(0.452)
(0.414)
(0.408)
(0.482)
(0.532)
(0.491)
(0.490)
(0.506)
(0.396)
(0.555)
(0.438)
(0.851)
(0.377)
(0.508)



11234 -0.860 (0.387) 11234 0.541 (0.515)

11235 -0.788 (0.401) 11235 0.330 (0.449)
11236 -0.643 (0.400) 11236 0.252 (0.604)
11237 -0.798 (0.445) 11237 -0.018 (0.463)
11238 -0.776 (0.474) 11238 0.130 (0.582)
11239 -1.194* (0.355) 11239 0.323 (0.423)
11354 -1.146 (0.503) 11354 0.857 (0.804)
11355 -0.909 (0.463) 11355 0.382 (0.561)
11365 -0.500 (0.645) 11365 -0.445 (0.664)
11367 -0.549 (0.660) 11367 0.488 (0.790)
11368 -0.607 (0.390) 11368 0.502 (0.546)
11369 -1.127* (0.390) 11369 0.276 (0.414)
11372 -0.227 (0.764) 11372 0.016 (0.970)
11373 -0.554 (0.541) 11373 0.406 (0.714)
11374 -1.039 (0.435) 11374 0.208 (0.456)
11375 -0.977 (0.420) 11375 0.128 (0.451)
11377 -0.267 (0.441) 11377 -0.253 (0.695)
11385 -0.812 (0.442) 11385 0.112 (0.516)
11411 -0.673 (0.919) 11411 -0.550 (0.865)
11412 -0.92% (0.406) 11412 0.278 (0.694)
11413 -1.503** (0.405) 11413 1.306 (0.514)
11418 0.452 (1.076) 11418 -0.793 (0.937)
11419 -1.344* (0.405) 11419 0.175 (0.435)
11420 -1.090 (0.566) 11420 0.718 (0.845)
11421 -0.650 (0.637) 11421 -0.279 (0.673)
11422 -1.149 (0.587) 11422 0.234 (0.612)
11423 -0.447 (0.661) 11423 -0.740 (0.740)
11429 -1.509** (0.421) 11429 0.223 (0.413)
11432 -0.327 (0.924) 11432 0.244 (0.903)
11433 -0.399 (0.555) 11433 -0.347 (0.554)
11434 -1.08% (0.487) 11434 0.399 (0.500)
11435 -1.042 (0.471) 11435 0.836 (0.504)
11436 -1.082 (0.599) 11436 0.239 (0.417)
11691 -0.315 (0.653) 11691 -0.013 (0.561)
11692 0.552 (0.875) 11692 -0.217 (0.982)
11693 -0.646 (0.848) 11693 1.008 (1.647)

Constant 1.179* (0.348)
Number of Observations 129,098

Note: The table shows the coefficients of the random effects OLS neadetiningthe impacs of
winning the lottery (i.e., being selected into SYEP) opriogram arrest. The model used ZIP code
10002 aghereferenceColumn(2) iscontinuous of (1)not a separate regression.

*p<0.1, * p<0.05, ** p<0.01, *** p<0.001
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TableG2. Estimated Program Effects on-Rrogram Arrestby ZIP Codgfrom

Random Effects Model)

(2

ZIP Code b se ZIP Code b se

10002 -0.269 (0.410) 11209 -0.035 (0.125)
10009 -0.320 (0.321) 11210 0.208 (0.286)
10013 -0.003 (0.016) 11211 0.292 (0.227)
10025 1.277 (0.890) 11212 -0.750 (0.470)
10026 1.067 (0.652) 11213 -0.475 (0.218)
10027 0.639 (0.604) 11214 0.027 (0.058)
10029 -0.077 (0.403) 11216 -0.344 (0.377)
10030 -1.831*= (0.506) 11217 -0.519 (0.777)
10031 0.581 (0.407) 11218 0.057 (0.188)
10032 -1.147 (0.283) 11219 -0.024 (0.087)
10033 -0.338 (0.254) 11220 -0.092 (0.082)
10034 0.431 (0.277) 11221 0.56F (0.254)
10035 -0.798 (0.621) 11223 0.111 (0.305)
10037 2.026~ (0.651) 11224 -0.570 (0.332)
10038 1.470 (0.723) 11225 0.141 (0.271)
10039 0.906 (0.789) 11226 0.294 (0.308)
10040 -0.455 (0.484) 11228 -0.094 (0.056)
10301 -1.558** (0.254) 11229 0.399 (0.286)
10302 1.638** (0.385) 11230 0.050 (0.162)
10303 -0.195 (0.541) 11231 -0.402 (0.714)
10304 -1.768** (0.382) 11232 -0.525* (0.185)
10305 1.195 (0.514) 11233 -0.128 (0.311)
10306 0.148 (0.213) 11234 0.273 (0.261)
10308 0.354 (0.318) 11235 0.061 (0.069)
10310 0.320 (0.631) 11236 -0.017 (0.414)
10312 -0.079 (0.115) 11237 -0.287 (0.233)
10314 0.733 (0.393) 11238 -0.139 (0.417)
10451 0.012 (0.283) 11239 0.054 (0.067)
10452 -0.257 (0.326) 11354 0.588 (0.525)
10453 -0.084 (0.503) 11355 0.114 (0.318)
10454 -0.141 (0.503) 11365 -0.714 (0.581)
10455 -0.057 (0.332) 11367 0.219 (0.689)
10456 -0.393 (0.522) 11368 0.233 (0.437)
10457 -0.168 (0.534) 11369 0.007 (0.053)
10458 0.516 (0.580) 11372 -0.253 (0.871)
10459 -0.071 (0.347) 11373 0.137 (0.543)
10460 -0.619 (0.617) 11374 -0.061 (0.090)
10461 0.867 (0.692) 11375 -0.141 (0.075)
10462 -0.914& (0.374) 11377 -0.522 (0.674)
10463 0.634 (0.416) 11385 -0.157 (0.330)
10465 0.515 (0.589) 11411 -0.819 (0.760)
10466 -0.806* (0.297) 11412 0.009 (0.569)
10467 0.311 (0.237) 11413 1.037** (0.297)
10468 0.073 (0.375) 11418 -1.062 (0.859)
10469 -0.122 (0.365) 11419 -0.094 (0.110)
10472 0.027 (0.541) 11420 0.449 (0.698)
10473 -0.870 (0.369) 11421 -0.548 (0.548)
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10474 1.007 (1.496) 11422 -0.034 (0.454)

10475 -0.577 (0.856) 11423 -1.009 (0.617)
11101 -1.103 (1.635) 11429 -0.046 (0.048)
11102 -0.442 (0.878) 11432 -0.025 (0.836)
11106 1.037 (0.565) 11433 -0.616 (0.387)
11201 -0.613 (0.312) 11434 0.130 (0.275)
11203 0.144 (0.430) 11435 0.567 (0.247)
11204 0.107 (0.065) 11436 -0.030 (0.092)
11205 -0.162 (0.561) 11691 -0.281 (0.391)
11206 -0.320 (0.266) 11692 -0.486 (0.864)
11207 0.223 (0.297) 11693 0.739 (1.607)
11208 0.110 (0.326)

Number of Observations 129098

Note: The table shows the estimated marginal effects of SYEP for each ZIP code. Thistimased
from the random effects OLS modetaminingthe impacs of winning the lottery (i.e., being selected
into SYEP) on irprogram arrest. Column (2) is continuous of (1), not a separate regression.
*p<0.1, * p<0.05, ** p<0.01, *** p<0.001
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TableG3. Instrumental Variables 2SLS Models Estimating SYEP Effects-on In
Program Arres& Full Model with Controls

(1) 2 ©)
Disadvantage SQF Disadvantage x SQF
b/se b/se b/se
SYEP Participation 0.213 -0.120 6.112
(0.445 (0.489 (41.130
Disadvantage 1.096 -0.035
(0.858 (27.582
SYEP x Disadvantage -0.442 -10.910
(0.620 (71.023
SQF Stop Rate 0.010 -0.017
(0.025 (1.580
SYEP x SQF 0.001 -0.537
(0.042 (3.948
Disadvantage x SQF 0.047
(2.119
SYEP x Disadvantage x SQF 0.772
(5.489
Age -0.031 -0.028 0.001
(0.018 (0.019 (0.081
White 0.180 0.072 -0.846
(0.168 (0.102 (3.108
Black 0.100 0.356** 0.579
(0.262 (0.090 (0.592
Latinx -0.239 0.237*= 0.749
(0.389 (0.059 (1.12)
Male 0.536+* 0.521*= 0.484**
(0.06] (0.061 (0.119
US Citizen 0.110 0.093 -0.039
(0.060 (0.069 (0.26]1
Family Members -0.025 -0.010 -0.001
(0.023 (0.018 (0.050
Ever Prior Arrest 9.468** 9.503** 9.610**
(0.762 (0.765 (0.798
Ever Prior Conviction 2.572* 2.594* 2.42¢
(0.919 (0.910 (1.089
Constant -0.104 0.219 -0.664
(0.513 (0.462 (17.959
Number of Observations 128389 128389 128,389

Note The columns show the coefficients and 95% confidence intervals with the standard errors in
parenthesis. Column (1) shows faé model of SYEP participation and its interaction with
neighborhood disadvantagéolumn (2)showsthefull model of SYEP participation and its interaction
with neighborhood SQF stop rates, and Column (3) shows the full model of thevtyéeteraction
between SYEP partipation, neighborhood disadvantage, and SQF stof hateserarrested

outcome variable was transformedaimtercentage (i.e., proportion of arrested times 100) for ease of
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interpretation. The disadvantage index was calculated using the 201TTAE€SQF Stop Rates were

stop rates conducted by the police in a ZCTA during the program period calculated per 1,000 residents.
The yeasprovider variable was also included in the model.

*p<0.1, * p<0.05, ** p<0.01, *** p<0.001
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TableG4. Instrumental Variable 2SLS Models Estimating SYEP Effects on Arrests in Years Post Frdgutiilodel with Controls

1) ) (©)] 4) ©) (6)
1 Year 2 Year 3 Year 4 Year 5 Year 6 Year
b (s b (s b (s b (s b (s b (se
SYEP Participation 0.227 -0.402 0.168 0.298 0.707 0.391
(1.089 (1.569 (1.68) (1.480 (1.359 (1.699
Disadvantage 3.405 5.333 7.893 9.282 10.565 11.739
(2.019 (3.200 (4.942 (5.473 (6.459 (7.520
SYEP x Disadvantage -0.294 0.553 -0.213 0.074 -0.557 -0.051
(1.482 (2.225 (2.41) (2.077 (1.875 (2.409
Age -0.186** -0.299** -0.438** -0.591** -0.706** -0.812**
(0.053 (0.069 (0.085 (0.092 (0.099 (0.103
White 0.085 0.066 0.006 -0.182 -0.418 -0.513
(0.639 (1.072 (1.299 (1.549 (1.678 (1.95)
Black 1.213 1.956 2.684 3.456 4.097 4.675
(0.769 (1.239 (1.743 (2.010 (2.299 (2.669
Latinx -0.193 -0.337 -0.507 -0.429 -0.334 -0.283
(1.14) (1.919 (2.649 (3.059 (3.502 (4.028
Male 3.527** 5.713** 7.519** 9.039** 10.370** 11.648**
(0.365 (0.569 (0.722 (0.833 (0.932 (1.032
US Citizen 0.79F*= 1.596** 2.264** 2.879** 3.493** 3.954**
(0.189 (0.289 (0.35) (0.435 (0.497 (0.545
Family Members -0.042 -0.066 -0.121 -0.129 -0.152 -0.176
(0.079 (0.099 (0.110 (0.120 (0.130 (0.142
Ever Prior Arrest 35.13%** 41.942** 43.965** 44 97F** 44 .670** 43.59F**
(1.229 (1.400 (1.469 (1.533 (1.539 (1.538
Ever PriorConviction 9.178** 11.415** 13.223** 12.908** 13.148** 13.374**
(1.190 (1.407 (1.367) (1.399 (1.432 (1.489
Constant -0.197 0.080 0.901 2.440 3.612 4.446
(1.18) (1.7179 (2.400 (2.527 (2.93) (3.259
Number of Observations 128389 128389 128389 128389 128389 128389

Note The columns show the coefficients and 95% confidence intervals with the standard errors in parenthesis. Column (&¥whovesiéh for oneyear
follow-up, Column (2)showsthe full model for twayear followup, and so onTheeverarrested outcome variable was transformed into percentage (i.e.,

proportion of arrested times 100) for ease of interpretalibe oneyear followup spans from September of the program year to August of the following year,
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while the twoeyear followup extends from September of the program year to August two yeagrpgsam, continuing similarly for follovaps up to six years.
The disadvantage index was calculated using the 2011 R@&Syeasprovider variable was also included in the models.
*p<0.1, * p<0.05, ** p<0.01, *** p<0.001
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TableGb. Instrumental Variables 2SLS Models Estimating SYEP Effects-on In
Program Arrets by Racial/Ethnic Groups (Neighborhood Disadvarditdgd) Model
with Controls

D 2 ©)
Black Latinx White
b (s b (se b (se
SYEPParticipation 0.657 -1.668 0.426
(0.521) (15.453) (0.279)
Disadvantage 1.18% 2.005 1.467
(0.575) (20.382) (1.161)
SYEP x Disadvantage -0.964 1.359 -1.751
(0.662) (16.150) (1.402)
Age -0.038 -0.013 -0.029
(0.030) (0.052) (0.022)
Male 0.698** 0.632** 0.044
(0.069) (0.133) (0.032)
US Citizen 0.278 0.109 0.081
(0.124) (1.045) (0.076)
Family Members -0.009 -0.085 -0.025
(0.032) (0.212) (0.018)
Ever Prior Arrest 9.490** 9.696** 6.801
(0.977) (1.200) (4.634)
Ever Prior Conviction 3.463* 0.794 7.274
(1.143) (1.472) (5.926)
Constant -0.333 -1.191 0.238
(0.738) (19.299) (0.316)
Number of Observations 60,801 33,034 18,166

Note The columns show the coefficients and 95% confidence intervals with the standard errors in
parenthesis. Column (1) shows fo# model for Black youthColumn (2)showsthefull model for
Latinx youth, and Column (3) shows the full model for White yoiitie everarrested outcome
variable was transformed into percentage (i.e., proportion of arrested times 100) for ease of
interpretation. The disadvantage index was calculated using the 201 TTAE€ $easprovider variable
was also included in the model.

*p<0.1, * p<0.05, ** p<0.01, *** p<0.001
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TableG6. Instrumental Variables 2SLS Models Estimating SYEP Effects-on In
Program Arrets by Racial/Ethnic Groups (SQF Stop Rake)ll Model with Controls

(1) 2 ©)
Black Latino White
b (s b (s§ b (s
SYEP Participation 0.059 -1.175 -3.767
(0.582) (0.901) (21.902)
SQF Stop Rate 0.021 -0.036 -0.267
(0.028) (0.042) (0.452)
SYEP x SQF -0.010 0.072 0.631
(0.041) (0.076) (3.644)
Age -0.040 -0.017 -0.084
(0.031) (0.044) (0.718)
Male 0.695** 0.629** 0.003
(0.067) (0.087) (0.355)
US Citizen 0.30F -0.070 0.090
(0.123) (0.156) (0.368)
Family Members -0.002 -0.051 -0.010
(0.030) (0.038) (0.045)
Ever Prior Arrest 9.523** 9.637** 6.510
(0.978) (1.115) (4.747)
Ever PriorConviction 3.492+ 0.878 7.973
(1.149) (1.388) (5.564)
Constant 0.222 1.172 3.156
(0.773) (0.942) (15.455)
Number of Observations 60,801 33,034 18,166

Note The columns show the coefficients and 95% confidence intervals with the standard errors in
parenthesis. Column (1) shows fla# model for Black youthColumn (2)showsthefull model for
Latinx youth, and Column (3) shows the full model for White yotithe everarrested outcome
variable was transformed into percentage (i.e., proportion of arrested times 100) for ease of
interpretationThe SQF Stop Rates were stop rates conducted by the police in a ZCTA during the
program period calculated per 1,008idents.The yeasprovider variable was also included in the
model.

*p<0.1, * p<0.05, ** p<0.01, ** p<0.001
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TableG7. Instrumental Variables 2SLS Models Estimating SYEP Effects on Arrets in Years Post Program for Blaék F(dluth
Model with Controls

1) 2 ©) 4 ©) (6)
1 Year 2 Year 3 Year 4 Year 5 Year 6 Year
b (se b (s b (s b (se b (s b (se
SYEP Participation 1.504 1.252 1.393 1.704 0.556 0.498
(1.349 (1.269 (1.889 (1.952 (1.729 (1.548
Disadvantage 3.858% 6.128 7.54F 9.146 10.164 10.47%
(1.683 (2.629 (3.20) (3.63) (4.302 (4.780
SYEP x Disadvantage -1.789 -1.553 -1.639 -1.421 -0.018 -0.079
(1.739 (1.689 (2.559 (2.619 (2.270 (1.849
Age -0.193* -0.296** -0.424*= -0.593** -0.737** -0.873**
(0.070 (0.089 (0.110 (0.119 (0.119 (0.129
Male 4,671 7.427** 9.720~** 11.629** 13.337** 14.87&**
(0.315 (0.455 (0.543 (0.580 (0.589 (0.609
US Citizen 1.180+ 2.060** 3.088** 3.726** 4.512* 5.218**
(0.370 (0.533 (0.59) (0.649 (0.723 (0.749
Family Members 0.010 0.032 0.024 0.076 0.098 0.095
(0.102 (0.120 (0.129 (0.123) (0.139 (0.139
Ever Prior Arrest 35.105** 41.92F** 43.43F* 43.680** 43.220* 41.49F**
(1.709 (2.740 (1.679 (1.672 (1.749 (1.800
Ever Prior Conviction 9.426~* 11.075** 13.208** 12.992** 12.932** 13.747F**
(1.109 (1.558 (1.460 (1.338 (1.373 (1.349
Constant -0.423 -0.352 1.105 2.839 4.872 7.087
(.76 (2.449 (2.980 (3.149 (3.622 (3.96)
Number of Observations 60,801 60,801 60,801 60,801 60,801 60,801

Note The columns show the coefficients and 95% confidence intervals with the standard errors in parenthesis. Column (&fshowesl#h for oneyear
follow-up, Column (2)showsthe full model for twayear followup, and so onThe everarrested outcome variable was transformed into percentage (i.e.,
proportion of arrested times 100) for ease of interpretalibe oneyear followup spans from September of the program year to August of the following year,
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while the twoeyear followup extends from September of the program year to August two yeagrpgsam, continuing similarly for follovaps up to six years.
The disadvantage index was calculated using the 2011 R@&Syeasprovider variable was also included in the models.
*p<0.1, * p<0.05, ** p<0.01, *** p<0.001
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TableG8. Instrumental Variables 2SLS Models Estimating SYEP Effects on Arrets in Years Post Program for Latiidx Fduth
Model with Controls

(1) 2 ©) 4 ©) (6)
1 Year 2 Year 3 Year 4 Year 5 Year 6 Year
b (s b (se b (se b (s b (se b (se
SYEP Participation -12.438 -22.327 13.524 27.441 66.523 85.915
(56.133 (94.495 (174.6Q (264.79 (485.79 (645.59
Disadvantage 6.145 11.737 50.147 62.945 80.614 111.05
(41.339 (73.837 (302.65 (379.75 (481.49 (670.8)
SYEP x Disadvantage 12.671 22.696 -14.812 -29.106 -69.555 -89.406
(58.109 (97.58) (183.26 (277.39 (507.39 (674.56
Age -0.124 -0.126 -0.338 -0.536 -0.671 -0.821
(0.227 (0.359 (0.389 (0.579 (1.122 (1.473
Male 4,113** 6.712** 9.036** 10.873** 12.504** 14.427F**
(0.412 (0.563 (1.448 1.779 (2.159 (2.949
US Citizen 1.434 3.006 4,778 6.088 6.549 8.309
(4.768 (8.812 (15.13) (16.942 (15.253 (22.510
Family Members -0.074 -0.077 -0.376 -0.413 -0.435 -0.697
(0.7595 (1.383 (3.008 (3.533 (3.699 (5.299
Ever Prior Arrest 34.354** 41.140* 44.490** 46.937** 46.574* 46.948*
(2.742 (3.479 (6.010 (6.999 (7.642 (10.43)
Ever Prior Conviction 10.28% 12.317% 12.805 12.002 12.92°F 11.239
(4.100 (5.342 (5.965 (6.190 (5.408 (6.969
Constant -5.086 -10.819 -43.903 -562.916 -67.792 -95.144
(41.17 (74.4) (287.69 (359.09 (449.9) (627.8)
Number of Observations 33,034 33,034 33,034 33,034 33,034 33,034

Note The columns show the coefficients and 95% confidence intervals with the standard errors in parenthesis. Column (&fshowesl#h for oneyear
follow-up, Column (2)showsthe full model for twayear followup, and so onThe everarrested outcome variable was transformed into percentage (i.e.,
proportion of arrested times 100) for ease of interpretalibe oneyear followup spans from September of the program year to August of the following year,
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while the twoeyear followup extends from September of the program year to August two yeagrpgsam, continuing similarly for follovaps up to six years.
The disadvantage index was calculated using the 2011 R@&Syeasprovider variable was also included in the models.
*p<0.1, * p<0.05, ** p<0.01, *** p<0.001
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TableG9. Instrumental Variables 2SLS Models Estimating SYEP Effects on Arrets in Years Post Program for Whidie f(diuth
Model with Controls

1) 2 ©) 4 ©) (6)
1 Year 2 Year 3 Year 4 Year 5 Year 6 Year
b (se b (s b (se b (se b (s b (se
SYEP Participation 0.520 0.859 0.916 0.395 0.311 0.277
(0.444) (0.534) (0.680) (0.664) (0.708) (0.732)
Disadvantage 2.106 2.392 2.352 0.899 0.575 0.716
(1.677) (2.021) (2.345) (2.067) (2.177) (2.474)
SYEP x Disadvantage -2.597 -3.939 -4.524 -2.152 -2.334 -2.606
(1.877) (2.401) (2.729) (2.743) (2.882) (3.054)
Age -0.126 -0.259% -0.349~ -0.446 -0.52F -0.544
(0.067) (0.105) (0.132) (0.176) (0.205) (0.216)
Male 0.54& 1.11% 1.459% 1.742 2.102* 2.269*
(0.236) (0.489) (0.608) (0.677) (0.796) (0.858)
US Citizen 0.370 0.264 0.502 0.657 0.614 0.597
(0.324) (0.530) (0.599) (0.657) (0.896) (0.975)
Family Members -0.098 -0.16F -0.204* -0.250* -0.273* -0.296*
(0.049) (0.062) (0.072) (0.093) (0.101) (0.112)
Ever Prior Arrest 12.953 12.425 11.95Z 14.62G 17.482 17.25F
(6.361) (6.459) (6.510) (6.937) (7.512) (7.492)
Ever Prior Conviction 21.963 32.619* 39.772** 40.520* 40.85F* 40.836*
(13.025) (10.739) (11.811) (11.654) (13.275) (13.252)
Constant 2.263% 5.129* 7.038* 9.366* 11.236* 11.945*
(1.048) (1.783) (2.414) (3.302) (3.727) (3.917)
Number of Observations 18,166 18,166 18,166 18,166 18,166 18,166

Note The columns show the coefficients and 95% confidence intervals with the standard errors in parenthesis. Column (&fshowesl#h for oneyear
follow-up, Column (2)showsthe full model for tweyear followup, and so onTheeverarrested outcome variable was transformed into percentage (i.e.,
proportion of arrested times 100) for ease of interpretalibe oneyear followup spans from September of the program year to August of the following year,
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while the twoeyear followup extends from September of the program year to August two yeagrpgsam, continuing similarly for follovaps up to six years.
The disadvantage index was calculated using the 2011 R@&Syeasprovider variable was also included in the models.
*p<0.1, * p<0.05, ** p<0.01, *** p<0.001
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Appendix H. Random Effects andTwo-State Least Squares (2SLSResults for
the Outcome Number of Arrests

Hypothesis 1.
TableH1. Random Effects Model of SYEP Selectionamber ofln-Program
Arrests by ZIP Cod# Full Model

(1) 2

b se b se

SYEP Win -0.0031 (0.0055) Win x ZIP

10009 -0.0002 (0.0041) 10009 -0.0004 (0.0059)
10013 -0.0076 (0.0044) 10013 0.0029 (0.0053)
10025 -0.0182* (0.0054) 10025 0.0159 (0.0103)
10026 -0.0128& (0.0058) 10026 0.0281 (0.0171)
10027 -0.014G (0.0055) 10027 0.0126 (0.0088)
10029 -0.0023 (0.0052) 10029 0.0011 (0.0082)
10030 0.0067 (0.0122) 10030 -0.0190 (0.0100)
10031 -0.0070 (0.0049) 10031 0.0081 (0.0071)
10032 0.0024 (0.0063) 10032 -0.0099 (0.0065)
10033 -0.0041 (0.0047) 10033 -0.0003 (0.0061)
10034 -0.0145* (0.0049) 10034 0.0074 (0.0066)
10035 0.0076 (0.0051) 10035 -0.0138 (0.0069)
10037 -0.0193** (0.0052) 10037 0.0239* (0.0086)
10038 -0.01053 (0.0056) 10038 0.0255 (0.0142)
10039 -0.0162 (0.0062) 10039 0.0172 (0.0134)
10040 -0.0030 (0.0090) 10040 0.0002 (0.0085)
10301 -0.0030 (0.0056) 10301 -0.0144 (0.0056)
10302 -0.0175* (0.0054) 10302 0.0243* (0.0074)
10303 -0.0136 (0.0074) 10303 -0.0005 (0.0081)
10304 0.0149 (0.0112) 10304 -0.0234 (0.0099)
10305 -0.0157 (0.0059) 10305 0.0341* (0.0099)
10306 -0.0173* (0.0056) 10306 0.0067 (0.0067)
10308 -0.0167* (0.0057) 10308 0.0056 (0.0066)
10310 -0.0128& (0.0055) 10310 0.0047 (0.0079)
10312 -0.0172* (0.0057) 10312 0.0018 (0.0059)
10314 -0.0142 (0.0077) 10314 0.0091 (0.0069)
10451 -0.0090 (0.0048) 10451 0.0032 (0.0059)
10452 -0.0046 (0.0053) 10452 -0.0004 (0.0067)
10453 -0.0058 (0.0060) 10453 0.0043 (0.0078)
10454 -0.0045 (0.0062) 10454 0.0019 (0.0088)
10455 -0.0041 (0.0088) 10455 -0.0012 (0.0083)
10456 -0.0033 (0.0056) 10456 0.0002 (0.0081)
10457 -0.0076 (0.0067) 10457 0.0040 (0.0092)
10458 -0.0040 (0.0055) 10458 0.0058 (0.0090)
10459 -0.0042 (0.0052) 10459 0.0023 (0.0064)
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10460
10461
10462
10463
10465
10466
10467
10468
10469
10472
10473
10474
10475
11101
11102
11106
11201
11203
11204
11205
11206
11207
11208
11209
11210
11211
11212
11213
11214
11216
11217
11218
11219
11220
11221
11223
11224
11225
11226
11228
11229
11230
11231
11232

0.0013
-0.0172**
-0.0005
-0.01506*
-0.0125
-0.0049
-0.0135*
-0.0112
-0.0093
-0.0039
-0.0063
-0.0093
-0.0003
0.0110
0.0037
-0.0130
-0.0032
-0.0057
-0.0086
-0.0043
-0.0028
-0.0093
-0.0086
-0.0117%
-0.0083
-0.0027
-0.0036
-0.0047
-0.009%
-0.0055
-0.0028
-0.0076
-0.0069
-0.0083
-0.0102
-0.0089
0.0027
-0.0093
-0.0044
-0.0093
-0.0106
-0.0051
-0.0021
-0.0015

(0.0058)
(0.0047)
(0.0062)
(0.0047)
(0.0053)
(0.0052)
(0.0045)
(0.0048)
(0.0048)
(0.0057)
(0.0051)
(0.0073)
(0.0060)
(0.0141)
(0.0101)
(0.0053)
(0.0063)
(0.0067)
(0.0047)
(0.0054)
(0.0051)
(0.0057)
(0.0050)
(0.0049)
(0.0049)
(0.0079)
(0.0052)
(0.0053)
(0.0049)
(0.0045)
(0.0080)
(0.0047)
(0.0043)
(0.0046)
(0.0059)
(0.0054)
(0.0052)
(0.0047)
(0.0051)
(0.0050)
(0.0052)
(0.0050)
(0.0071)
(0.0050)
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10460
10461
10462
10463
10465
10466
10467
10468
10469
10472
10473
10474
10475
11101
11102
11106
11201
11203
11204
11205
11206
11207
11208
11209
11210
11211
11212
11213
11214
11216
11217
11218
11219
11220
11221
11223
11224
11225
11226
11228
11229
11230
11231
11232

-0.0017
0.0125
-0.0036
0.0094
0.0136
-0.0049
0.0062
0.0038
0.0020
0.0052
0.0039
0.0137
-0.0023
-0.0080
-0.0016
0.0135

-0.0027
0.0026
0.0045
0.0044
0.0007
0.0046
0.0041
0.0026
0.0056
0.0007
-0.0050
-0.0035
0.0035
-0.0006
-0.0016
0.0041
0.0032
0.0022
0.0076
0.0047
-0.0058
0.0042
0.0045
0.0021
0.0107
0.0024
-0.0008
-0.0020

(0.0089)
(0.0093)
(0.0071)
(0.0068)
(0.0086)
(0.0062)
(0.0059)
(0.0067)
(0.0068)
(0.0083)
(0.0121)
(0.0161)
(0.0101)
(0.0168)
(0.0106)
(0.0078)
(0.0062)
(0.0084)
(0.0059)
(0.0094)
(0.0061)
(0.0067)
(0.0063)
(0.0056)
(0.0065)
(0.0080)
(0.0073)
(0.0064)
(0.0060)
(0.0063)
(0.0096)
(0.0059)
(0.0055)
(0.0055)
(0.0061)
(0.0067)
(0.0071)
(0.0061)
(0.0061)
(0.0053)
(0.0086)
(0.0062)
(0.0093)
(0.0051)



11233 -0.0061 (0.0055) 11233 0.0008 (0.0063)

11234 -0.0090 (0.0050) 11234 0.0072 (0.0069)
11235 -0.0094 (0.0048) 11235 0.0040 (0.0060)
11236 -0.0087 (0.0047) 11236 0.0036 (0.0074)
11237 -0.0099 (0.0050) 11237 0.0001 (0.0059)
11238 -0.010% (0.0055) 11238 0.0017 (0.0069)
11239 -0.0145* (0.0044) 11239 0.0037 (0.0057)
11354 -0.0129 (0.0059) 11354 0.0088 (0.0091)
11355 -0.0104 (0.0054) 11355 0.0041 (0.0070)
11365 -0.0068 (0.0069) 11365 -0.0041 (0.0075)
11367 -0.0070 (0.0072) 11367 0.0053 (0.0088)
11368 -0.0072 (0.0049) 11368 0.0107 (0.0093)
11369 -0.0124 (0.0050) 11369 0.0032 (0.0056)
11372 -0.0035 (0.0083) 11372 0.0038 (0.0125)
11373 -0.0070 (0.0059) 11373 0.0047 (0.0081)
11374 -0.0118 (0.0052) 11374 0.0027 (0.0060)
11375 -0.011% (0.0050) 11375 0.0019 (0.0059)
11377 -0.0044 (0.0050) 11377 -0.0021 (0.0077)
11385 -0.0096 (0.0052) 11385 0.0014 (0.0063)
11411 -0.0093 (0.0097) 11411 -0.0052 (0.0094)
11412 -0.012¢ (0.0048) 11412 0.0030 (0.0077)
11413 -0.0174** (0.0049) 11413 0.013z (0.0064)
11418 0.0028 (0.0111) 11418 -0.0073 (0.0100)
11419 -0.0154* (0.0049) 11419 0.0021 (0.0058)
11420 -0.0129 (0.0064) 11420 0.0115 (0.0119)
11421 -0.0029 (0.0113) 11421 -0.0077 (0.0120)
11422 -0.0139 (0.0065) 11422 0.0027 (0.0072)
11423 -0.0067 (0.0068) 11423 -0.0070 (0.0081)
11429 -0.0177* (0.0052) 11429 0.0026 (0.0056)
11432 0.0053 (0.0177) 11432 -0.0079 (0.0167)
11433 -0.0063 (0.0063) 11433 -0.0032 (0.0067)
11434 -0.0132 (0.0058) 11434 0.0073 (0.0072)
11435 -0.0125 (0.0055) 11435 0.0118 (0.0071)
11436 -0.013% (0.0066) 11436 0.0026 (0.0056)
11691 -0.0003 (0.0100) 11691 -0.0035 (0.0090)
11692 0.0035 (0.0093) 11692 -0.0018 (0.0105)
11693 -0.0088 (0.0090) 11693 0.0103 (0.0168)

Constant 0.0146* (0.0042)
Number of Observation 129,098

Note: The table shows the coefficients of the random effects OLS neadetiningthe impacs of
winning the lottery (i.e., being selected into SYEP) opriogramnumber ofarrest. The model used
ZIP codel0002 as the reference. Column (2) is continuous of (1), not a separate regression.
*p<0.1, * p<0.05, ** p<0.01, *** p<0.001
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TableH2. Estimated Program Effects &tumber ofin-Program Arrestby ZIP Code
(from Random Effects Model)

) @

ZIP Codes b se ZIP Codes b se

10002 -0.0031 (0.0055) 11209 -0.0005 (0.0016)
10009 -0.0036 (0.0032) 11210 0.0024 (0.0028)
10013 -0.0002 (0.0003) 11211 -0.0024 (0.0059)
10025 0.0128 (0.0082) 11212 -0.0081 (0.0044)
10026 0.0250 (0.0164) 11213 -0.0066 (0.0033)
10027 0.0095 (0.0067) 11214 0.0004 (0.0007)
10029 -0.0020 (0.0071) 11216 -0.0037 (0.0038)
10030 -0.0222* (0.0081) 11217 -0.0047 (0.0079)
10031 0.0049 (0.0046) 11218 0.0009 (0.0019)
10032 -0.0130** (0.0033) 11219 0.00002 (0.0008)
10033 -0.0034 (0.0026) 11220 -0.0009 (0.0009)
10034 0.0042 (0.0028) 11221 0.0045 (0.0026)
10035 -0.0169* (0.0054) 11223 0.0015 (0.0032)
10037 0.0208* (0.0063) 11224 -0.0089 (0.0052)
10038 0.0224 (0.0095) 11225 0.0010 (0.0028)
10039 0.0140 (0.0119) 11226 0.0014 (0.0027)
10040 -0.0029 (0.0066) 11228 -0.0010 (0.0006)
10301 -0.0175** (0.0019) 11229 0.0076 (0.0055)
10302 0.021%1** (0.0051) 11230 -0.0007 (0.0030)
10303 -0.0036 (0.0060) 11231 -0.0039 (0.0071)
10304 -0.0266* (0.0091) 11232 -0.005%* (0.0019)
10305 0.0310** (0.0065) 11233 -0.0024 (0.0032)
10306 0.0035 (0.0035) 11234 0.0041 (0.0037)
10308 0.0025 (0.0035) 11235 0.0009 (0.0008)
10310 0.0015 (0.0057) 11236 0.0005 (0.0044)
10312 -0.0014 (0.0014) 11237 -0.0031 (0.0024)
10314 0.0059 (0.0040) 11238 -0.0014 (0.0041)
10451 0.0001 (0.0028) 11239 0.0006 (0.0007)
10452 -0.0035 (0.0037) 11354 0.0056 (0.0053)
10453 0.0011 (0.0052) 11355 0.0010 (0.0033)
10454 -0.0013 (0.0070) 11365 -0.0072 (0.0058)
10455 -0.0043 (0.0062) 11367 0.0022 (0.0070)
10456 -0.0030 (0.0059) 11368 0.0076 (0.0075)
10457 0.0008 (0.0070) 11369 0.00004 (0.0006)
10458 0.0027 (0.0078) 11372 0.0007 (0.0109)
10459 -0.0008 (0.0035) 11373 0.0016 (0.0055)
10460 -0.0048 (0.0069) 11374 -0.0005 (0.0009)
10461 0.0093 (0.0076) 11375 -0.0013 (0.0009)
10462 -0.0067 (0.0047) 11377 -0.0053 (0.0066)
10463 0.0063 (0.0043) 11385 -0.0018 (0.0033)
10465 0.0104 (0.0067) 11411 -0.0084 (0.0076)
10466 -0.0080¢ (0.0030) 11412 -0.0002 (0.0055)
10467 0.0030 (0.0025) 11413 0.010%* (0.0030)
10468 0.0006 (0.0037) 11418 -0.0105 (0.0086)
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10469 -0.0012 (0.0037) 11419 -0.0011 (0.0013)

10472 0.0020 (0.0062) 11420 0.0084 (0.0103)
10473 0.0008 (0.0108) 11421 -0.0109 (0.0110)
10474 0.0105 (0.0153) 11422 -0.0004 (0.0045)
10475 -0.0055 (0.0086) 11423 -0.0101 (0.0060)
11101 -0.0111 (0.0164) 11429 -0.0005 (0.0006)
11102 -0.0047 (0.0088) 11432 -0.0111 (0.0159)
11106 0.0104 (0.0056) 11433 -0.0064 (0.0040)
11201 -0.0058 (0.0031) 11434 0.0042 (0.0046)
11203 -0.0005 (0.0065) 11435 0.0086 (0.0044)
11204 0.0014 (0.0008) 11436 -0.0006 (0.0009)
11205 0.0013 (0.0076) 11691 -0.0066 (0.0071)
11206 -0.0024 (0.0028) 11692 -0.0049 (0.0086)
11207 0.0014 (0.0038) 11693 0.0071 (0.0160)
11208 0.0009 (0.0032)

Number ofObservations 129,098

Note: The table shows the estimated marginal effects of SYEP for each ZIP code. Thistimased

from the random effects OLS modetaminingthe impacs of winning the lottery (i.e., being selected

into SYEP) on iprogramnumber ofarrest. Column (2) is continuous of (1), not a separate regression.
*p<0.1, * p<0.05, ** p<0.01, *** p<0.001
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Hypothesi and 3
TableH3. Instrumental Variable 2SLS Models Estimating SYEP Effects on Number
of In-Program Arrests

(©) (@)

Panel A: Disadvantage Index b (sg Cl b (s Cl

SYEP Participation 0.0012 -0.0112 0.0136 0.0033 -0.0104 0.0170
(0.0063 (0.0079Q

Disadvantage 0.0152 -0.0054 0.0358 0.0140 -0.0099 0.0379
(0.0105 (0.0123

SYEP x Disadvantage -0.0032 -0.0209 0.0145 -0.0058 -0.0252 0.0136
(0.009Q (0.0099

F-statistic (FS) 0.343 0.356

Panel B: SQF Stop Rates b (se Cl b (s Cl

SYEP Participation -0.0023 -0.0138 0.0092 -0.0006 -0.0130 0.0119
(0.0059 (0.0063

SQF Stop Rate 0.00005 -0.0007 0.0008 0.00025 -0.0004 0.0009
(0.0004) (0.0003)

SYEP x SQF Stop Rate 0.00011 -0.0009 0.0011 -0.00003 -0.0011 0.0010
(0.00%) (0.0008)

Control Mean 0.009 [0.111] 0.009 [0.111]

F-statistic (FS) 2.013 2.002

Number of Observations 129098 128389

Controls No Yes

Note The columns show the coefficients and 95% confidence intervals with the standard errors in
parenthesis. Column section (1) shows the model without control variables while Column section (2)
shows the model including controls. The disadvantage indexaladated using the 2011 ACSBhe

SQF Stop Rates were stop rates in a ZCTA during the program period calculated per 1,000 residents.
The control means are the number of arrests for applicants who did not participate in SYEP, with the
standard deviations ioracketsThe Fstatistic is theKleibergenPaap rk Wald fstatisticfor the first

stage.

*p<0.1, * p<0.05, ** p<0.01, *** p<0.001
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Hypothesigi.
TableH4. Instrumental Variable 2SLS Models Estimating SYEP Effects on In
Program Number oArrests (with Disadvantage and SQF Stop Rates)

(©) (@)

b (s Cl b (s Cl

SYEP Participation 0.060 -0.948 1.067 0.065 -0.766 0.897
(0.519 (0.429

Disadvantage -0.309 -4.317 3.700 0.026 -0.418 0.469
(2.045 (0.229

SYEP x Disadvantage -0.107 -1.836 1.622 -0.115 -1.554 1.324
(0.882 (0.739

SQF Stop Rate -0.017 -0.244 0.210 0.001 -0.024 0.027
(0.119 (0.013

SYEP x SQF Stop Rate -0.006 -0.101 0.089 -0.006 -0.086 0.074
(0.048 (0.04)

Disadvantage x SQF 0.025 -0.294 0.344 -0.002 -0.036 0.032
(0.163 (0.019

SYEP x Disadvantage x SQF 0.008 -0.123 0.139 0.008 -0.103 0.119
(0.067 (0.057

Control Mean 0.009 [0.111] 0.009 [0.111]

F-statistic (FS) 0.067 0.004

Number of Observations 129,098 128389

Controls No Yes

Note The columns show the coefficients and 95% confidence intervals with the standard errors in
parenthesis. Column section (1) shows the model without control variables while Column section (2)
shows the model including controls. The disadvantage indexaladated using the 2011 ACSBhe

SQF Stop Rates were stop rates in a ZCTA during the program period calculated per 1,000 residents.
The control means are the number of arrests for applicants who did not participate in SYEP, with the
standard deviations ioracketsThe Fstatistic is th&KleibergenPaap rk Wald fstatisticfor the first

stage.

*p<0.1, * p<0.05, ** p<0.01, *** p<0.001
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Hypothesisb.
TableH5. Instrumental Variable 2SLS Models Estimating SYEP Effects on Number

of Arrests in Year$ost Program

(©) )

Panel A: Post Program 1 Yeal b (s@ Cl b (s Cl

SYEP Participation -0.0502 -0.1221 0.0218 -0.0387 -0.1040 0.0265
(0.03679 (0.0333

Disadvantage 0.0667% 0.0069 0.1264 0.0548 -0.0131 0.1226
(0.0305 (0.0349

SYEP x Disadvantage 0.0689 -0.0290 0.1667 0.0547 -0.0368 0.1461
(0.0499 (0.0466

Control Mean 0.072[0.434] 0.072[0.434]

Panel B: Post Program 2 Yeal b(sé Cl b (sg Cl

SYEP Participation -0.0702 -0.1769 0.0366 -0.0485 -0.1358 0.0388
(0.0549 (0.0445

Disadvantage 0.1509 -0.0117 0.3134 0.1318 -0.0365 0.3000
(0.0829 (0.0859

SYEP x Disadvantage 0.0960 -0.0468 0.2388 0.0685 -0.0519 0.1889
(0.0729 (0.0619

Control Mean 0.141[0.714] 0.141 [0.714]

Panel C: Post Program 3 Yea b (s Cl b (s Cl

SYEP Participation -0.0607 -0.1915 0.0701 -0.0289 -0.1335 0.0756
(0.0667 (0.0533

Disadvantage 0.2516 -0.0374 0.5405 0.2254 -0.0805 0.5313
(0.1479 (0.156)

SYEP x Disadvantage 0.0866 -0.0893 0.2626 0.0459 -0.1001 0.1919
(0.0899 (0.0745

Control Mean 0.210[0.974] 0.210[0.974]

Panel D: Post Program 4 Yeal b (s Cl b (s Cl

SYEP Participation -0.0275 -0.1731 0.1180 0.0130 -0.1153 0.1412
(0.0743 (0.0659

Disadvantage 0.3543 -0.0414 0.7500 0.3189 -0.1055 0.7433
(0.2019 (0.2165

SYEP x Disadvantage 0.0465 -0.1522 0.2453 -0.0057 -0.1876 0.1762
(0.1019 (0.0929

Control Mean 0.273[1.216] 0.273[1.216]
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Panel E: Post Program 5 Yeal b (s@ Cl b (s Cl

SYEP Participation -0.0145 -0.1722 0.1432 0.0338 -0.1131 0.1808
(0.0809 (0.0750Q

Disadvantage 0.4437 -0.0590 0.9465 0.4019 -0.1451 0.9489
(0.2565 (0.279)

SYEP x Disadvantage 0.0275 -0.1892 0.2442 -0.0348 -0.2431 0.1735
(0.1109 (0.1063

Control Mean 0.333[1.446] 0.333[1.446]

Panel F: Post Program 6 Year b (s Cl b (s Cl

SYEP Participation -0.0021 -0.1990 0.1949 0.0535 -0.1330 0.2400
(0.1005 (0.0953

Disadvantage 0.5089 -0.0800 1.0978 0.4550 -0.1819 1.0918
(0.3005 (0.3249

SYEP x Disadvantage 0.0163 -0.2580 0.2906 -0.0551 -0.3223 0.2121
(0.1400Q (0.1363

F-statistic (FS) 0.343 0.356

Control Mean 0.390 [1.651] 0.390 [1.651]

Number of Observations 129,098 128389

Control No Yes

Note The columns show the coefficients and 95% confidence intervals with the standard errors in
parenthesis. Column section (1) showsrtia@el without control variables while Column section (2)
shows the model including controlehe oneyear followup spans from September of the program
year to August of the following year, while the twyear follow-up extends from September of the
program year to August two years ppsbgram, continuing similarly for follovaps up to six years.
The disadvantage index was calculated using the 2011 A@Scontrol means are the number of
arrests for applicants who did not participate in SYEP, with thelatdrdeviations in brackefEhe F
statistic is thekleibergenPaap rk Wald fstatisticfor the first stage.

*p<0.1, * p<0.05, ** p<0.01, *** p<0.001

281



Hypothesis.

TableH®6. Instrumental Variable 2SLS Models Estimating SYEP Effects on In

Program Number of Arrests by Racial/Ethnic Groups (Neighborhood Disadvantage)

(€) (@)

Panel A: Black b (s Cl b (s Cl

SYEP Participation 0.0035 -0.0144 0.0213 0.0038 -0.0120 0.0197
(0.009) (0.008)

Disadvantage 0.0199 -0.0026 0.0424 0.0135 -0.0006 0.0277
(0.0119 (0.0072

SYEP x Disadvantage -0.0062 -0.0300 0.0176 -0.0062 -0.0275 0.0151
(0.012) (0.0109

Control Mean 0.012 [0.124] 0.012 [0.124]

F-statistic (FS) 0.965 0.965

Number ofObservations 60803 60801

Panel B: Latinx b (sg Cl b (s Cl

SYEP Participation 0.062 -1.084 1.208 0.117 -1.566 1.799
(0.585 (0.858

Disadvantage 0.048 -0.745  0.842 0.071 -0.955 1.098
(0.405 (0.529

SYEP x Disadvantage -0.067 -1.261 1.127 -0.124 -1.876 1.628
(0.609 (0.899

Control Mean 0.009 [0.122] 0.009 [0.122]

F-statistic (FS) 0.009 0.009

Number of Observations 33035 33034

Panel C: White b (se Cl b (se Cl

SYEP Participation 0.006 -0.0006 0.012 0.005 -0.0007 0.010
(0.003) (0.0MB)

Disadvantage 0.016 -0.009 0.042 0.015 -0.008 0.038
(0.013) (0.012)

SYEP x Disadvantage -0.022 -0.055 0.010 -0.019 -0.047 0.009
(0.016) (0.014)

Control Mean 0.001 [0.036] 0.001 [0.036]

F-statistic (FS) 0.861 0.863

Number of Observations 18,168 18,166

Controls No Yes

Note The columns show the coefficients and 95% confidence intervals with the standard errors in
parenthesis. Column section (1) shows the model without control variables while Column section (2)
shows the model including controls. The disadvantage indexaladated using the 2011 ACSBhe
control means are the number of arrests for applicants who did not participate in SYEP, with the
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standard deviations in brackete Fstatistic is thKleibergenPaap rk Wald fstatisticfor the first
stage.
*p<0.1, * p<0.05, ** p<0.01, *** p<0.001
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Hypothesis/.

TableH7. Instrumental Variable 2SLS Models Estimating SYEP Effects on In
Program Number of Arrests by Racial/Ethnic Groups (SQF Stop Rates)

1) 2

Panel A: Black b (s Cl b (se Cl

SYEP Participation 0.0016 -0.0141 0.0172 0.0033 -0.0133 0.0199
(0.0080) (0.0085)

SQF Stop Rate 0.0003 -0.0005 0.0012 0.0004 -0.0003 0.0012
(0.0004) (0.0004)

SYEP x SQF Stop Rate -0.0002 -0.0013 0.0009 -0.0003 -0.0015 0.0009
(0.0006) (0.0006)

Control Mean 0.012[0.124] 0.012[0.124]

F-statistics (FS) 4,139 4.138

Number of Observations 60,803 60,801

Panel B: Latinx b (s9 Cl b (s8 Cl

SYEP Participation -0.0157 -0.0386 0.0072 -0.0149 -0.0362 0.0064
(0.0117) (0.0109)

SQF Stop Rate -0.0004 -0.0015 0.0006 -0.0004 -0.0013 0.0006
(0.0005) (0.0005)

SYEP x SQF Stop Rate 0.0011 -0.0009 0.0031 0.0010 -0.0008 0.0029
(0.0010) (0.0009)

Control Mean 0.009 [0.122] 0.009 [0.122]

F-statistics (FS) 1.900 1.907

Number of Observations 33,035 33,034

Panel C: White b (s9 Cl b (s8 Cl

SYEP Participation -0.1058 -3.0001 2.7884 -0.0499 -0.6931 0.5934
(1.4767) (0.3282)

SQF Stop Rate -0.0011 -0.0569 0.0547 -0.0027 -0.0101 0.0047
(0.0285) (0.0038)

SYEP x SQF Stop Rate 0.0178 -0.4669 0.5026 0.0084 -0.0987 0.1155
(0.2473) (0.0547)

Control Mean 0.001 [0.036] 0.001 [0.036]

F-statistics (FS) 0.001 0.004

Number of Observations 18,168 18,166

Control No Yes

Note The columns show the coefficients and 95% confidence intervals with the standard errors in
parenthesis. Column section (1) shows the model without control variables while Column section (2)

shows the model including controlehe SQF Stop Rates were stop rates in a ZCTA during the
program period calculated per 1,000 resideéfte control means are the number of arrests for
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applicants who did not participate in SYEP, with the standard deviations in bradketSstatistic is
theKleibergenPaap rk Wald fstatisticfor the first stage.
*p<0.1, * p<0.05, ** p<0.01, *** p<0.001
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Hypothesiss.

TableH8. Instrumental Variable 2SLS Models Estimating SYEP Effects on Number

of Arrests in Years Post Program for Black Youth

(@)

&)

Panel A: Post Program 1 Year b (se Cl b (se Cl

SYEP Participation -0.039 -0.116  0.038 -0.037 -0.107 0.032
(0.039 (0.035

Disadvantage 0.094 -0.007 0.196 0.052 0.007  0.097
(0.052 (0.023

SYEP x Disadvantage 0.053 -0.046 0.153 0.055 -0.035 0.145
(0.05) (0.049

Control Mean 0.093 [0.493] 0.093 [0.493]

Panel B: Post Program 2 Year b (s Cl b (s Cl

SYEP Participation -0.029 -0.163 0.105 -0.026  -0.114 0.061
(0.068 (0.0449

Disadvantage 0.214 -0.020 0.448 0.140 0.007 0.274
(0.119 (0.068

SYEP x Disadvantage 0.037 -0.140 0.215 0.040 -0.072  0.153
(0.09) (0.057

Control Mean 0.181 [0.804] 0.181 [0.804]

Panel C: Post Program 3 Year b (sé Cl b (s Cl

SYEP Participation 0.002 -0.190 0.194 0.005 -0.115 0.125
(0.098 (0.06)

Disadvantage 0.330 -0.033  0.693 0.230 0.004  0.457
(0.185 (0.115

SYEP x Disadvantage 0.007 -0.250 0.264 0.012 -0.144  0.168
(0.13) (0.080

Control Mean 0.268 [1.092] 0.268 [1.092]

Panel D: Post Program 4 Year b (s Cl b (s Cl

SYEP Participation 0.063  -0.180 0.305 0.065 -0.090 0.220
(0.129 (0.079

Disadvantage 0.459 -0.036  0.955 0.33% 0.008 0.663
(0.253 (0.167

SYEP x Disadvantage -0.064 -0.388 0.260 -0.056  -0.260 0.147
(0.165 (0.109

Control Mean 0.350 [1.375] 0.350 [1.375]
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Panel E: Post Program 5 Year b (s Cl b (s Cl

SYEP Participation 0.090 -0.199 0.378 0.092 -0.081 0.265
(0.147 (0.088

Disadvantage 0.585 -0.063  1.233 0.437 -0.011 0.885
(0.33) (0.229

SYEP x Disadvantage -0.100 -0.488 0.288 -0.090 -0.317 0.137
(0.198 (0.119

Control Mean 0.428 [1.641] 0.428 [1.641]

Panel F: Post Program 6 Year b(sé Cl b (sg Cl

SYEP Participation 0.137 -0.216 0.489 0.139 -0.102  0.380
(0.180 (0.123

Disadvantage 0.666 -0.095 1.427 0.497 -0.037 1.031
(0.388 (0.272

SYEP x Disadvantage -0.155 -0.628 0.318 -0.143  -0.462 0.176
(0.24) (0.163

Control Mean 0.503 [1.885] 0.503 [1.885]

F-statistic (FS) 0.965 0.965

Number of Observations 60803 60801

Control No Yes

Note Thecolumns show the coefficients and 95% confidence intervals with the standard errors in
parenthesis. Column section (1) shows the model without control variables while Column section (2)
shows the model including controlehe oneyear followup spans from September of the program

year to August of the following year, while the twyear follow-up extends from September of the
program year to August two years ppsbgram, continuing similarly for follovaps up to six years.

The disadvantage index was cald¢athusing the 2011 ACShe control means are the number of
arrests for applicants who did not participate in SYEP, with the standard deviations in bigokéts.
statistic is thekleibergenPaap rk Wald fstatisticfor the first stage.

*p<0.1, * p<0.05, ** p<0.01, *** p<0.001
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TableH9. Instrumental Variable 2SLS Models Estimating SYEP Effects on Number
of Arrests in Years Post Program for Latinx Youth

(@) (@)

Panel A: Post Program 1 Year b (s€ Cl b (s Cl

SYEP Participation -0.401 -3.582 2.781 0.014 -1.688 1.715
(1.623 (0.868

Disadvantage 0.053  -1.382 1.488 0.203  -2.508 2.915
(0.732 (1.383

SYEP x Disadvantage 0.407  -2.882 3.696 -0.022  -1.800 1.756
(1.678 (0.907

Control Mean 0.073[0.436] 0.073[0.436]

Panel B: Post Program 2 Year b (s@ Cl b (sg Cl

SYEP Participation -1.009 -9.644  7.626 -0.261  -2.132 1.609
(4.406 (0.959

Disadvantage -0.016  -1.578 1.546 0.249 -3.221 3.718
(0.799 (2.770

SYEP x Disadvantage 1.034 -7.904 9.973 0.260  -1.667 2.187
(4.56] (0.983

Control Mean 0.143[0.715] 0.143[0.715]

Panel C: Post Program 3 Year b (s€ Cl b (se Cl

SYEP Participation -0.927 -6.251 4.398 0.139 -6.025 6.302
(2.717 (3.145

Disadvantage 0.441  -6.787 7.670 0.808 -9.489 11.105
(3.689 (5.259

SYEP x Disadvantage 0.941 -4.510 6.392 -0.163  -6.626 6.300
(2.78) (3.298

Control Mean 0.216 [0.990] 0.216 [0.990]

Panel D: Post Program 4 Year b (s€ Cl b (s Cl

SYEP Participation -1.035 -6.918  4.847 0.314 -8.251 8.880
(3.00) (4.370

Disadvantage 0.569 -8.275 9.413 1.035 -11.791 13.860
(4.512 (6.549

SYEP x Disadvantage 1.053  -4.957 7.063 -0.346  -9.319 8.627
(3.069 (4.578

Control Mean

0.281 [1.225]

0.281 [1.225]
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Panel E: Post Program 5 Year b (s€ Cl b (s Cl

SYEP Participation -1.327 -9.388 6.734 0.277 -8.778 9.333
(4.113 (4.620

Disadvantage 0.553 -8.485  9.592 1.099 -12.621 14.819
(4.61) (7.000

SYEP x Disadvantage 1.347 -6.908 9.603 -0.315 -9.803 9.172
(4.212 (4.84])

Control Mean 0.340[1.443] 0.340[1.443]

Panel F: Post Program 6 Year b (s€ Cl b (s Cl

SYEP Participation -1.376  -9.212 6.459 0.466 -11.779 12.711
(3.998 (6.248

Disadvantage 0.828 -11.914 13.570 1.436 -16.409 19.282
(6.509 (9.109

SYEP x Disadvantage 1401 -6.591 9.393 -0.508 -13.338 12.321
(4.078 (6.546

Control Mean 0.395 [1.624] 0.395 [1.624]

F-statistic (FS) 0.009 0.009

Number of Observations 33,035 33,034

Control No Yes

Note The columns showhe coefficients and 95% confidence intervals with the standard errors in
parenthesis. Column section (1) shows the model without control variables while Column section (2)
shows the model including controlehe oneyear followup spans from September of the program

year to August of the following year, while the tyear followrup extends from September of the
program year to August two years ppsbgram, continuing similarly for followaps up to six years.

The disadvantage index was calculated usin@€id ACS.The control means are the number of
arrests for applicants who did not participate in SYEP, with the standard deviations in bigtokeéts.
statistic is th&kleibergenPaap rk Wald fstatisticfor the first stage.

*p<0.1, * p<0.05, ** p<0.01, *** p<0.001

289



TableH10. Instrumental Variable 2SLS Models Estimating SYEP Effects on Number

of Arrests in Years Post Program for White Youth

(@)

@)

Panel A: Post Program 1 Year b (s€ Cl b (s Cl

SYEPParticipation 0.018 -0.003 0.038 0.012 -0.004 0.029
(0.010) (0.008)

Disadvantage 0.052 -0.027 0.130 0.050 -0.013 0.113
(0.040) (0.032)

SYEP x Disadvantage -0.061  -0.142 0.019 -0.040 -0.099 0.019
(0.041) (0.030)

Control Mean 0.014 [0.225] 0.014 [0.225]

Panel B: Post Program 2 Year b (sé Cl b (sg Cl

SYEP Participation 0.034  -0.007 0.075 0.024 -0.009 0.057
(0.021) (0.017)

Disadvantage 0.123 -0.076  0.322 0.124 -0.050 0.299
(0.102) (0.089)

SYEP x Disadvantage -0.141  -0.334 0.052 -0.103  -0.255 0.050
(0.098) (0.078)

Control Mean 0.028 [0.335] 0.028 [0.335]

Panel C: Post Program 3 Year b (sé Cl b (sg Cl

SYEP Participation 0.040 -0.027 0.107 0.025 -0.029 0.078
(0.034) (0.027)

Disadvantage 0.158 -0.122  0.437 0.156 -0.078 0.391
(0.143) (0.120)

SYEP x Disadvantage -0.197  -0.485 0.090 -0.136  -0.356 0.084
(0.147) (0.112)

Control Mean 0.047 [0.499] 0.047 [0.499]

Panel D: Post Program 4 Year b (se Cl b (se Cl

SYEP Participation 0.039 -0.027 0.106 0.020 -0.032 0.073
(0.034) (0.027)

Disadvantage 0.178 -0.144  0.499 0.179 -0.093 0.450
(0.164) (0.138)

SYEP x Disadvantage -0.203  -0.507 0.101 -0.131  -0.359 0.098
(0.155) (0.117)

Control Mean 0.059 [0.583] 0.059 [0.583]

Panel E: Post Program 5 Year b (s Cl b (se Cl

SYEP Participation 0.043 -0.027 0.112 0.021 -0.034 0.075
(0.035) (0.028)

Disadvantage 0.184  -0.164 0.532 0.185 -0.109 0.480
(0.177) (0.150)

SYEP x Disadvantage -0.219 -0.539 0.101 -0.135 -0.370 0.100
(0.163) (0.120)

Control Mean 0.071[0.639] 0.071[0.639]
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Panel F: Post Program 6 Year b (sé Cl b (se Cl

SYEP Participation 0.051 -0.026  0.128 0.027 -0.034 0.088
(0.039) (0.031)

Disadvantage 0.210 -0.182 0.603 0.214 -0.122 0.551
(0.200) (0.172)

SYEP x Disadvantage -0.246  -0.594 0.102 -0.155  -0.409 0.098
(0.178) (0.129)

Control Mean 0.077 [0.670] 0.077[0.670]

F-statistic (FS) 0.861 0.863

Number of Observations 18,168 18,166

Control No Yes

Note The columns show the coefficients and 95% confidence intervals with the standard errors in
parenthesis. Column section (1) shows the model without control variables while Column section (2)
shows the model including controlEhe oneyear followup spans from September of the program

year to August of the following year, while the twyear followup extends from September of the
program year to August two years ppsbgram, continuing similarly for follovaps up to six years.

The disadvantage index was calculated using the 2011 A@&Scontrol means are the number of
arrests for applicants whiid not participate in SYEP, with the standard deviations in brackie¢sk
statistic is thekleibergenPaap rk Wald fstatisticfor the first stage.

*p<0.1, * p<0.05, ** p<0.01, ** p<0.001
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Appendix I. Supplemental Analyse$ Reduced FormEstimates
The reduced form models estimate the intertteat (ITT).

Hypotheses 2 and 3.
Tablell. OLS Models Estimating SYEP Effects onPnogram Arrests

1) 2)
Panel A:
Disadvantage b (s Cl b (se Cl
SYEP Win -0.069 -0.169 0.032 -0.049 -0.145 0.047
(0.050 (0.048
TB Prevalence 0.000067* 0.000015 0.000118 0.000055* 0.000005 0.000106
(0.000B) (0.000(B)
SYEP x TB -0.000006 -0.000062 0.000050 -0.000016 -0.00007 0.00004
(0.000(B) (0.000(B)
Panel B: SQF b (s Cl b (s Cl
SYEP Win -0.142 -0.378 0.095 -0.098 -0.358 0.161
(0.118 (0.130
SQF Bartik IV -1.277 -5.940 3.386 -1.113 -5.691 3.464
(2.328 (2.285
SYEP x Bartik IV -1.211 -5.651 3.230 -0.590 -5.436 4.255
(2.217 (2.419
Controls No Yes
Number of
Observations 129,098 128,389

Note The columns show the coefficients and 95% confidence intervals with the standard errors in
parenthesis. Column section (1) shows the model without control variables while Column section (2)
shows the model including controls. Tuberculosis (TB) prevalestees the instrument for
neighborhood disadvantage, and it was recorded per 100,000 population frot98d49 he Bartik

IV is the instrument for SQF Stop Rates.

*p<0.1,* p<0.05, ** p<0.01, *** p<0.001
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Hypothesigt.
Tablel2. OLS Model€Estimating SYEP Effects on4Rrogram Arrests (with
Disadvantage and SQF Stop Rates)

1) (2)
b (s9 Cl b (s§ Cl
SYEP Win -0.038 -0.251 0.175 0.087 -0.166 0.340
(0.109 (0.129
TB Prevalence 0.00035**  0.00017 0.00054 0.00037** 0.00018 0.00057
(0.00009 (0.000D)
SYEP x TB Prevalence -0.00016 -0.00038 0.00005 -0.00029* -0.0005 -0.00006
(0.00012 (0.000)
SQF Bartik IV -2.409 -8.435 3.618 -3.070 -8.728 2.588
(3.008 (2.829
SYEP x Bartik IV 0.109 -4.456 4.673 1.748 -3.244 6.740
(2.278 (2.492
TB x Bartik IV 0.0039** 0.0015 0.0063 0.0044**  0.0018 0.0069
(0.0013 (0.0013
SYEP x TB x Bartik IV -0.0021 -0.0052 0.0010 -0.0037* -0.0070 -0.0003
(0.0019 (0.0017%
Controls No Yes
Number of Observations 129,098 128,389

Note The columns show the coefficients and 95% confidence intervals with the standard errors in
parenthesis. Column section (1) shows the model without control variables while Column section (2)
shows the model including controls. Tuberculosis (TB) prevaleateds the instrument for
neighborhood disadvantage, and it was recorded per 100,000 population frot98d49 he Bartik

IV is the instrument for SQF Stop Rates.

*p<0.1,* p<0.05, ** p<0.01, *** p<0.001
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Hypothess 5.

Tablel3. OLS Models Estimating SYEP Effects on Arrests in Years Post Program

1)

)

Panel A: Arrest 1 Year b (s9 Cl b (s9 Cl
SYEP Win -0.053 -0.356 0.250 0.004 -0.261 0.270
(0.15) (0.132
TB Prevalence 0.00021* 0.00004 0.00037 0.00015* 0.00002 0.00028
(0.00008 (0.00006
SYEP x TB Prevalence  0.00004 -0.00012 0.00020 0.00001 -0.00013 0.00016
(0.00008 (0.00007%
Panel B: Arrest 2 Year b (sg Cl b (sg Cl
SYEP Win -0.110 -0.420 0.200 -0.042 -0.311 0.228
(0.159 (0.139
TB Prevalence 0.00027 -0.00003 0.00057 0.00020 -0.00004 0.00045
(0.00015 (0.000)
SYEP x TB Prevalence  0.000074 -0.0006 0.000206 0.000041 -0.00010 0.000183
(0.000@) (0.00007%
Panel C: Arrest 3 Year b (s9 Cl b (s9 Cl
SYEP Win -0.079 -0.487 0.328 -0.006 -0.355 0.343
(0.203 (0.179
TB Prevalence 0.00039 -0.00005 0.00083 0.00031r -0.00005 0.00067
(0.00022 (0.00018
SYEP x TB Prevalence  0.00006 -0.00019 0.00030 0.00002 -0.00022 0.00025
(0.00012 (0.00012
Panel D: Arrest 4 Year b (se Cl b (se Cl
SYEP Win 0.123 -0.289 0.536 0.189 -0.173 0.550
(0.209 (0.18))
TB Prevalence 0.00046 -0.00002 0.00094 0.00037 -0.00002 0.00077
(0.0002 (0.0003
SYEP xTB Prevalence 0.00008 -0.00013 0.00029 0.00004 -0.00015 0.00024
(0.000) (0.0009
Panel E: Arrest 5 Year b (s Cl b (s Cl
SYEP Win 0.133 -0.243 0.508 0.185 -0.150 0.520
(0.187 (0.167
TB Prevalence 0.00054 -0.00003 0.00110 0.00044 -0.00001 0.00090
(0.00028 (0.00023
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SYEP x TB Prevalence  0.00006 -0.00017 0.00028 0.00002 -0.00018 0.00022
(0.000)) (0.000)

Panel F: Arrest 6 Year b (s9 Cl b (s9 Cl

SYEP Win 0.125 -0.273 0.523 0.181 -0.148 0.509
(0.199 (0.169

TB Prevalence 0.00058 -0.00006 0.00122 0.00049 -0.00004 0.00101
(0.0003 (0.00@B)

SYEP x TB Prevalence  0.00009 -0.00019 0.00036 0.00005 -0.00017 0.00028
(0.000)) (0.000)

Control

Number of Observations

No
129,098

Yes
128,389

Note The columns show the coefficients and 95% confidence intervals with the standard errors in
parenthesis. Column section (1) shows the model without control variables while Gaatiam (2)
shows the model including controlehe oneyear followup spans from September of the program
year to August of the following year, while the tyear followup extends from September of the
program year to August two years ppsbgram, continuing similarly for follovaps up to six years.
Tuberculosis (TB) prevalence rate is the instrument for neighborhood disadvantage, and it was
recorded per 100,000 population from 194351,
*p<0.1,* p<0.05, ** p<0.01, *** p<0.001
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Hypothesis.

Tablel4. OLS Models Estimating SYEP Effects onRnogram Arrests by

Racial/Ethnic Groups (Neighborhood Disadvantage)

1)

)

Panel A: Black b (s@ Cl b (s9 Cl
SYEP Win 0.009 -0.226 0.244 0.026 -0.177 0.229
(0.119 (0.101
TB Prevalence 0.00018 0.00005 0.00031 0.0001r -0.00001 0.00023
(0.00006 (0.00006
SYEP x TB Prevalence -0.00007 -0.00025 0.00010 -0.00007 -0.00023 0.00009
(0.00009 (0.00008
Number of Observations 60,803 60,801
Panel B: Latinx b (s Cl b (s9 Cl
SYEP Win -0.279 -0.563 0.004 -0.239 -0.487 0.010
(0.142 (0.129
TB Prevalence -0.00003 -0.0003 0.00016 0.000004 -0.0007 0.000B
(0.00Q) (0.000®)
SYEP x TB Prevalence  0.00006 -0.000I7 0.0002 0.000026 -0.00015 0.0002
(0.000) (0.00009
Number of Observations 33,035 33,034
Panel C: White b (s Cl b (s9 Cl
SYEP Win 0.205 -0.051 0461 0.178 -0.048 0403
(0.128) (0.113)
TB Prevalence 0.00a6 -0.0001  0.00G% 0.004 -0.000® 0.00(8B8
(0.00QL3) (0.00L2)
SYEP x TB Prevalence -0.00026 -0.0007 0.00aL -0.00024 -0.0066 0.00aL3
(0.00@®0) (0.00a1L8)
Controls No Yes
Number of Observations 18,168 18,166

Note The columns show the coefficients and 95% confidence intervals with the standard errors in
parenthesis. Column section (1) shows the model without control variables while Column section (2)

shows the model including controls. Tuberculosis (TB) prevaleateds the instrument for
neighborhood disadvantage, and it was recorded per 100,000 population froh95d49
*p<0.1,* p<0.05, ** p<0.01, *** p<0.001
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Hypothesis/.

Tablel5. OLS Models Estimating SYEP Effects orfmogram Arrests by

Racial/Ethnic Groups (SQF Stop Rates)

1) 2)

Panel A: Black b (s Cl b (se

SYEP Win -0.105 -0.496 0.287 -0.053 -0.473  0.366
(0.196 (0.209

SQF Bartik IV -5.440 -14.818 3.937 -5.934 -15.181 3.313
(4.68] (4.619

SYEP x SQF Bartik IV -0.692  -7.710 6.325 -0.105 -7.757  7.546
(3.503 (3.820

Number of Observations 60,803 60,801

Panel B: Latinx b (s Cl b (s8

SYEP Win -0.523 -1.170 0.124 -0.491 -1.077 0.095
(0.323 (0.292

SQF Bartik IV 7.354 -6.863 21.571 8.254 -4.987 21.495
(7.099 (6.607

SYEP x SQF Bartik IV -5.532 -16.842 5.778 -4,922  -15.188 5.343
(5.643 (5.122

Number of Observations 33,035 33,034

Panel C: White b (s Cl b (se

SYEP Win 0.270 -0.441 0.981 0.263 -0.413  0.939
(0.355) (0.337)

SQF Bartik IV -5.868 -19.930 8.193 -6.174  -19.772 7.425
(7.017) (6.786)

SYEP x SQF Bartik IV 3.754 -7.912 15.421 3.837 -7.393 15.067
(5.822) (5.604)

Control No Yes

Number of Observations 18,168 18,166

Note The columns show the coefficients and 95% confidence intervals with the standard errors in
parenthesis. Column section (1) shows the model without control variables while Column section (2)
shows the model including controls. The Bartik 1V is the inseatior SQF Stop Rates.

*p<0.1,* p<0.05, ** p<0.01, *** p<0.001
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Hypothesis8.
Tablel6. OLS Models Estimating SYEP Effects on Arrests in Years Post Program for
Black Youth

1) )

Panel A: Arrest 1 Year b (s Cl b (s Cl
SYEP Win 0.188 -0.380 0.756 0.239 -0.231 0.709
(0.283 (0.235
TB Prevalence 0.0006*** 0.00¢  0.00® 0.000335  -0.00007 0.00(
(0.00012 (0.0002)
SYEP x TB Prevalence -0.00014 -0.006 0.00@ -0.00012 -0.00076 0.0005
(0.00013% (0.00032
Panel B: Arrest 2 Year b (sg Cl b (sg Cl
SYEP Win 0.165 -0.457 0.786 0.220 -0.238 0.678
(0.310 (0.229
TB Prevalence 0.0007*** 0.0004 0.0011 0.00041*  0.00008 0.00074
(0.00017% (0.00017%
SYEP x TB Prevalence -0.00019  -0.0006 0.0002 -0.00015 -0.0005 0.00019
(0.00022 (0.0001%
Panel C: Arrest 3 Year b (s Cl b (s9 Cl
SYEP Win 0.211 -0.558 0.979 0.265 -0.315 0.845
(0.389 (0.289
TB Prevalence 0.000*** 0.006¢ 0.004 0.00051* 0.00006 0.00096
(0.00024 (0.00022
SYEP x TB Prevalence -0.00019 -0.008 0.0004 -0.00014 -0.00064 0.00035
(0.00030Q (0.00025
Panel D: Arrest 4 Year b (s Cl b (sg Cl
SYEP Win 0.537 -0.293 1.366 0.586 -0.020 1.192
(0.419 (0.303
TB Prevalence 0.0011*** 0.0066 0.006 0.00070**  0.0002 0.0012
(0.00®) (0.00029
SYEP x TB Prevalence -0.00018  -0.0008 0.0004 -0.00012  -0.000/ 0.0004
(0.0003 (0.00026
Panel E: Arrest 5 Year b (se Cl b (s Cl
SYEP Win 0.341 -0.423 1.105 0.390 -0.158 0.938
(0.38) (0.279
TB Prevalence 0.0012*** 0.008 0.00T 0.0008**+*  0.00039 0.001
(0.0009 (0.0002)
SYEP x TB Prevalence -0.00006  -0.0006 0.00%6 4.86E06 -0.00041 0.0004
(0.00®) (0.0002)
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Panel F: Arrest 6 Year b (s Cl b (s Cl
SYEP Win 0.323 -0.549 1.196 0.367 -0.270 1.005
(0.436 (0.318

TB Prevalence 0.0013*** 0.0008 0.0017 0.00®*** 0.0004 0.0013
(0.00023 (0.00022

SYEP x TB Prevalence -0.00011  -0.0066  0.00G% -0.00004  -0.00¢¢ 0.0003
(0.00024 (0.00018

Control No Yes

Number of Observations 60,803 60,801

Note The columns show the coefficients and 988afidence intervals with the standard errors in
parenthesis. Column section (1) shows the model without control variables while Column section (2)
shows the model including controlEhe oneyear followup spans from September of the program

year toAugust of the following year, while the twgear followrup extends from September of the
program year to August two years ppsbgram, continuing similarly for follovaps up to six years.
Tuberculosis (TB) prevalence rate was the instrument for neighborhood disadvantage, and it was
recorded per 100,000 population from 194%51.
*p<0.1, * p<0.05, ** p<0.01, *** p<0.001
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Tablel7. OLS Models Estimating SYEP Effects on Arrests in Years Post Program for

Latinx Youth
1) 2

Panel A: Arrest 1 Year b (s Cl b (s Cl

SYEP Win -0.367 -0.965 0.230 -0.185 -0.730 0.360
(0.298 (0.272

TB Prevalence -0.00013 -0.00034 0.00009 0.00003 -0.00018 0.00024
(0.000) (0.000)

SYEP x TB Prevalence 0.00025 -0.00021 0.00071 0.00010 -0.00026 0.00045
(0.0009 (0.00@)

Panel B: Arrest 2 Year b (s9 Cl b (s§ Cl

SYEP Win -0.581 -1.286 0.124 -0.347 -1.087 0.394
(0.352 (0.370

TB Prevalence -0.00004 -0.00039 0.00032 0.00016 -0.00023 0.00054
(0.00@) (0.00@)

SYEP x TB Prevalence  0.00036  -0.00004 0.00077 0.00016 -0.00026 0.00058
(0.0009 (0.0009

Panel C: Arrest 3 Year b (s9 Cl b (sg Cl

SYEP Win -0.454 -1.356 0.449 -0.197 -1.166 0.773
(0.450 (0.489

TB Prevalence 0.00020 -0.00037 0.00078 0.00042 -0.00019 0.00102
(0.00®) (0.0003

SYEP x TB Prevalence 0.00020 -0.00026 0.00066 -0.00003 -0.00057 0.00052
(0.0009 (0.00®)

Panel D: Arrest 4 Year b (s9 Cl b (sg Cl

SYEP Win -0.280 -1.267 0.707 0.001 -1.054 1.057
(0.492 (0.529

TB Prevalence 0.00024 -0.00036 0.00084 0.00047 -0.00015 0.00108
(0.0003 (0.0003

SYEP x TB Prevalence 0.00017 -0.00026 0.00060 -0.00008 -0.00059 0.00042
(0.0009 (0.00M)

Panel E: Arrest 5 Year b (se Cl b (se Cl

SYEP Win 0.105 -0.941 1.151 0.398 -0.686 1.482
(0.522 (0.54)

TB Prevalence 0.00038 -0.00027 0.00102 0.0006r -0.00005 0.00127
(0.0003 (0.0003

SYEP x TB Prevalence -0.00008 -0.00055 0.00040 -0.00034 -0.00087 0.00019
(0.0009 (0.00®B)
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Panel F: Arrest 6 Year b (s9 Cl b (s9 Cl
SYEP Win 0.404 -0.635 1.442 0.702 -0.373 1.778
(0.518 (0.539

TB Prevalence 0.00051 -0.00023 0.00125 0.00075* 0.000002 0.00149
(0.0003% (0.0003%

SYEP x TB Prevalence -0.00007 -0.00069 0.00056 -0.00034 -0.00102 0.00033
(0.0003) (0.00033

Control No Yes

Number ofObservations 33,035 33,034

Note The columns show the coefficients and 95% confidence intervals with the standard errors in
parenthesis. Column section (1) shows the model without control variables while Column section (2)
shows the model including controlEhe oneyear followup spans from September of the program

year to August of the following year, while the twyear followup extends from September of the
program year to August two years ppsbgram, continuing similarly for followaps up to six years.
Tuberculosis (TB) prevalencate was the instrument for neighborhood disadvantage, and it was
recorded per 100,000 population from 194%51.

* p<0.1, * p<0.05, ** p<0.01, **p<0.001
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Tablel8. OLS Models Estimating SYEP Effects on Arrests in Years Post Program for
White Youth

1) 2

Panel A: Arrest 1 Year b (s9 Cl b (s9 Cl

SYEP Win 0.2170  -0.3148 0.7488 0.1414 -0.2595  0.5423
(0.2654) (0.2000)

TB Prevalence 0.00026 -0.0002 0.0008 0.00026 -0.0002  0.0007
(0.00025) (0.00023)

SYEP x TBPrevalence  -0.00036 -0.0010 0.0003 -0.00028  -0.0007 0.0002
(0.00031) (0.00023)

Panel B: Arrest 2 Year b (sg Cl b (s Cl

SYEP Win 0.2865 -0.3329 0.9059 0.1871 -0.2861 0.6603
(0.3091) (0.2361)

TB Prevalence 0.00020 -0.0005 0.0009 0.00024 -0.0005 0.0010
(0.00033) (0.00036)

SYEP x TB Prevalence  -0.00037 -0.0011 0.0004 -0.00026  -0.0009 0.0004
(0.00039) (0.00034)

Panel C: Arrest 3 Year b (sg Cl b (sg Cl

SYEP Win 0.2921  -0.3548 0.9389 0.1811 -0.3141 0.6763
(0.3228) (0.2471)

TB Prevalence 0.00025 -0.0004 0.0010 0.00031 -0.0005 0.0011
(0.00035) (0.00039)

SYEP x TB Prevalence  -0.00048 -0.0013 0.0004 -0.00035 -0.0011 0.0003
(0.00043) (0.00035)

Panel D: Arrest 4 Year b (se Cl b (se Cl

SYEP Win 0.1812 -0.3251 0.6875 0.0666 -0.3380 0.4711
(0.2526) (0.2019)

TB Prevalence 0.00016 -0.0005 0.0008 0.00024 -0.0007 0.0011
(0.00031) (0.00045)

SYEP x TBPrevalence  -0.00033 -0.0010 0.0004 -0.00020 -0.0011 0.0007
(0.00034) (0.00043)

Panel E: Arrest 5 Year b (s Cl b (s Cl

SYEP Win 0.1028  -0.4247 0.6303 -0.0212 -0.4486  0.4061
(0.2632) (0.2132)

TB Prevalence 0.00012 -0.0005 0.0007 0.00023 -0.0006  0.0010
(0.00031) (0.00040)

SYEP x TB Prevalence -0.00034 -0.0011 0.0004 -0.00019 -0.0008 0.0004
(0.00036) (0.00032)
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Panel F: Arrest 6 Year b (s9 Cl b (s9 Cl

SYEP Win 0.0871 -0.5174 0.6917 -0.0380 -0.5322  0.4562
(0.3017) (0.2466)

TB Prevalence 0.00016 -0.0005 0.0008 0.00028 -0.0005 0.0011
(0.00034) (0.00040)

SYEP x TB Prevalence  -0.00039 -0.0012 0.0004 -0.00024  -0.0009 0.0004
(0.00040) (0.00031)

Number of Observations 18,168 18,166

Control No Yes

Note The columns show the coefficients and 95% confidence intervals with the standard errors in
parenthesis. Column section (1) shows the model without control variables while Column section (2)
shows the model including controlehe oneyear followup spans from September of the program

year to August of the following year, while the tyear followup extends from September of the
program year to August two years ppsbgram, continuing similarly for follovaps up to six years.
Tuberculosis (TB) prevalencate was the instrument for neighborhood disadvantage, and it was
recorded per 100,000 population from 194351,

*p<0.1, * p<0.05, ** p<0.01, *** p<0.001
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Appendix J. Balance Tables of Covariates by Quartiles of Neighborhood
Disadvantage

TableJ1. Balance Table of Covariates for Youth Living in the First Two Quartiles of
Neighborhood Disadvantage

Control Treatment Difference
Mean SD Mean SD p-value
Participated in SYEP 0.062 - 0.747 - 0.0001***
Age at SYEP Start 17.162 1.262 17.166  1.258 0.816
Race/Ethnicity
White 0.182 - 0.326 - 0.399
Black 0.422 - 0.346 - 0.655
Latino 0.179 - 0.163 - 0.630
Other Race 0.217 - 0.165 - 0.153
Male 0.464 - 0.484 - 0.577
US Citizen 0.924 - 0.941 - 0.129
Family Members 4.100 1.628 4.365 1.921 0.588
Ever Prior Arrest 0.026 - 0.021 - 0.344
Ever Prior Conviction 0.013 - 0.011 - 0.923
Borough of Residence
Bronx 0.139 - 0.105 - 0.779
Brooklyn 0.459 - 0.448 - 0.270
Manhattan 0.112 - 0.084 - 0.490
Queens 0.171 - 0.228 - 0.254
Staten Island 0.118 - 0.135 - 0.164
Neighborhood
Characteristics
Disadv Index [2011 ACS]  -0.266  0.243 -0.246  0.239 0.694
SQF Stop Ratés 6.217 4.155 5.892  3.825 0.351
Proportion Whitd 0.472 0.204 0.480  0.206 0.960
Proportion Black 0.235 0.254 0.231 0.259 0.390
Proportion Hispanic 0.164 0.113 0.156 0.109 0.046*
Proportion Other Rade 0.004 0.003 0.004 0.003 0.010*
TB Prevalence Rafée 711.78  786.50 589.80  705.36 0.211
TB Death Raté 51.47 57.29 42.17  50.80 0.324
Number of Observations 8,173 10,060

Note This table shows the summary statistics and balance tests of the control and treatmeffibigroups
youth living in the first two quartiles of neighborhood disadvant@ge quartiles are defined using

ZCTAs in the whole city (with population over 1,000). The first quartile of disadvantage index is
approximately-0.631,andthe median is approximately 0.Q7Bhe control group is youth who were

not selected for SYEP and the treatment group is those who were selected to participate. The columns
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show the mean and standard deviation for the treatment and control groups, as welhaditbeb

the difference in means between the two groups. Fedye was obtained via a regression of the
covariates on being selected for SYEP accounting forrigramyear.

"The SQF Stop Rates gelicestop rates in a ZCTA during the program peridaly and August)
calculated per 1,000 residents.

i These are from the 2011 ACS data for proportion of the population in a ZCTA who-Kisgamnic
White, norHispanicBlack, and nofHispanic individuals who identify as other race (Asian, American
Indian or Alaskan Native, Native Hawaiian or Pacific Iskamdnd other race).

i The historical tuberculosis prevalence and death rates are calculated per 100,000 population at the
time. These dataverefrom 19491951.

* p<0.05, ** p<0.01, *** p<0.001
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TableJ2. Balance Table of Covariates for Youth Living in the Third Quartile of
Neighborhood Disadvantage

Control Treatment Difference
Mean SD Mean SD p-value
Participated in SYEP 0.057 - 0.772 - 0.0001***
Age at SYEP Start 17.206 1.279 17.230  1.298 0.662
Race/Ethnicity
White 0.110 - 0.280 - 0.910
Black 0.520 - 0.407 - 0.611
Latino 0.162 - 0.152 - 0.638
Other Race 0.208 - 0.160 - 0.814
Male 0.445 - 0.435 - 0.483
US Citizen 0.899 - 0.922 - 0.936
Family Members 4.261 1.935 4.831 2.479 0.656
Ever Prior Arrest 0.030 - 0.024 - 0.099
Ever Prior Conviction 0.016 - 0.014 - 0.277
Borough of Residence
Bronx 0.072 - 0.046 - 0.483
Brooklyn 0.435 - 0.505 - 0.145
Manhattan 0.152 - 0.106 - 0.322
Queens 0.298 - 0.286 - 0.439
Staten Island 0.043 - 0.057 - 0.159
Neighborhood
Characteristics
Disadvindex [2011 ACS] 0.294 0.135 0.268 0.136 0.929
SQF Stop Ratés 9.823 7.428 9.145  7.221 0.618
Proportion Whité 0.243 0.215 0.307 0.241 0.643
Proportion Black 0.392 0.341 0.320 0.332 0.516
Proportion Hispanic 0.202 0.145 0.203 0.141 0.320
Proportion Other Race 0.011 0.027 0.009 0.024 0.173
TB Prevalence Rate 1167.43 1970.27 988.93 1727.19 0.283
TB Death Raté 96.01 174.85 79.49  152.91 0.276
Number of Observations 18,436 24,324

Note This table shows the summary statistics and balance tests of the control and treatmeffioigroups
youth living in the third quartile of neighborhood disadvanitddee quartiles are defined using ZCTAs

in the whole city (with population over 1,000). Timedianof disadvantage index is approximately
0.078 and the third quartile is 0.55The control group is youth who were not selected for SYEP and
the treatment group is those who were selected to participate. The columns show the mean and
standard deviation for the treatment and control groups, as well as/éheepof the difference in

means between the two groups. Theghue was obtained via a regression of the covariates on being
selected for SYEP accounting for the prog+aear.
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"The SQF Stop Rates gpelicestop rates in a ZCTA during the program peridaly and August)
calculated per 1,000 residents.

i These are from the 2011 ACS data for proportion of the population in a ZCTA who-Kisgamnic

White, norHispanicBlack, and norHispanic individuals who identify as other race (Asian, American
Indian or Alaskan Native, Native Hawaiian or Pacific Iskamdnd other race).

i The historical tuberculosis prevalence and death rates are calculated per 100,000 population at the
time. These dataverefrom 19491951,

* p<0.05, ** p<0.01, *** p<0.001
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TableJ3. Balance Table of Covariates for Youth Living in the Fourth Quatrtile of
Neighborhood Disadvantage

Control Treatment Difference
Mean SD Mean SD p-value
Participated in SYEP 0.036 - 0.752 - 0.0001***
Age at SYEP Start 17.135 1.265 17.159  1.269 0.395
Race/Ethnicity
White 0.031 - 0.106 - 0.924
Black 0.536 - 0.483 - 0.777
Latino 0.349 - 0.339 - 0.096
Other Race 0.084 - 0.072 - 0.010*
Male 0.446 - 0.443 - 0.602
US Citizen 0.917 - 0.919 - 0.006**
Family Members 4.096 1.748 4.319 2.046 0.612
Ever Prior Arrest 0.037 - 0.035 - 0.613
Ever Prior Conviction 0.020 - 0.018 - 0.987
Borough of Residence
Bronx 0.400 - 0.353 - 0.259
Brooklyn 0.393 - 0.412 - 0.539
Manhattan 0.145 - 0.131 - 0.174
Queens 0.055 - 0.092 - 0.359
Staten Island 0.007 - 0.012 - 0.347
Neighborhood
Characteristics
Disadv Index [2011 ACS]  1.200 0.416 1.148  0.419 0.583
SQF Stop Ratés 14.464  9.208 13557  8.995 0.942
Proportion Whitd 0.092 0.126 0.124  0.164 0.963
Proportion Black 0.389 0.234 0.367 0.241 0.609
Proportion Hispanic 0.456 0.214 0.436 0.223 0.347
Proportion Other Rade 0.006 0.005 0.006 0.005 0.466
TB Prevalence Rafé 122452  1008.91 1120.67 914.73 0.198
TB Death Raté 85.88 65.97 79.36 63.08 0.199
Number of Observations 33,632 34,473

Note This table shows the summary statistics and balance tests of the control and treatmeffibigroups
youth living in the fourth quartile of neighborhood disadvantdge quartiles are defined using

ZCTAs in the whole city (with population over 1,000).i9includes neighborhoods with

neighborhood disadvantage index higher tharthivd quartile whichis approximately 0.557he

control group is youth who were not selected for SYEP and the treatment group is those who were
selected to participate. The colosmshow the mean and standard deviation for the treatment and
control groups, as well as thevplue of the difference in means between the two groups. -Vakip
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was obtained via a regression of the covariates on being selected for SYEP accounting for the
programyear.

"The SQF Stop Rates gelicestop rates in a ZCTA during the program peridaly and August)
calculated per 1,000 residents.

i These are from the 2011 ACS data for proportion of the population in a ZCTA who-Kisgamnic

White, norHispanicBlack, and nofHispanic individuals who identify as other race (Asian, American
Indian or Alaskan Native, Native Hawaiian or Pacific Iskamdnd other race).

i The historical tuberculosis prevalence and death rates are calculated per 100,000 population at the
time. These dataverefrom 19491951.

* p<0.05, ** p<0.01, *** p<0.001
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Appendix K. Balance Tables of Covariates bQuartiles of Stop, Question, and
Frisk (SQF) Rates

TableK1. Balance Table of Covariates for Youth Living in the First Two Quartiles of
Neighborhood SQF Rates

Control Treatment Difference
Mean SD Mean SD p-value
Participated in SYEP 0.074 - 0.786 - 0.0001***
Age at SYEP Start 17.200 1.285 17.220  1.290 0.549
Race/Ethnicity
White 0.192 - 0.423 - 0.771
Black 0.332 - 0.236 - 0.261
Latino 0.216 - 0.166 - 0.891
Other Race 0.259 - 0.175 - 0.141
Male 0.444 - 0.438 - 0.342
US Citizen 0.888 - 0.919 - 0.625
Family Members 4.384 1.999 5.085 2.594 0.248
Ever Prior Arrest 0.023 - 0.015 - 0.033*
Ever Prior Conviction 0.012 - 0.007 - 0.122
Borough of Residence
Bronx 0.277 - 0.186 - 0.738
Brooklyn 0.490 - 0.593 - 0.205
Manhattan 0.030 - 0.017 - 0.477
Queens 0.151 - 0.152 - 0.238
Staten Island 0.052 - 0.051 - 0.633
Neighborhood
Characteristics
Disadv Index [2011 ACS]  0.351 0.563 0.295 0.506 0.720
SQF Stop Rates 4.266 1.219 4.105 1.242 0.830
Proportion Whité 0.348 0.254 0.412 0.252 0.651
Proportion Black 0.236 0.265 0.197 0.252 0.438
Proportion Hispanic 0.253 0.194 0.217 0.176 0.805
Proportion Other Rade 0.007 0.020 0.006 0.019 0.074
TB Prevalence Rate 523.25  382.27 496.74  329.04 0.752
TB Death Raté 32.81 27.97 30.96 24.66 0.452
Number of Observations 18,236 25,408

Note This table shows the summary statistics and balance tests of the control and treatmeffibigroups
youth living in the first two quartiles of neighborhood SQF stop rdtes quartiles are defined using
ZCTAs in the whole city (with population over 1,000) for SQF rali@sngthe program. The first

quartile of SQF stop rate in 2006 is approximately 4.@#tithe median is approximately 6.449. The
first quartile of SQF stop rate in 2007 is 3.966¢dthe median is approximately 6.062. Lastly, the first

310



quartile of SQF stop rate in 2008 is approximately 4.4R6the median is approximately 6.52¢he
control group is youth who were not selected for SYEP and the treatment group is those who were
selected to participate. The columns show the mean and standard deviation for the treatment and
control groups, as well as thevplue of the difference imeans between the two groups. Theajue

was obtained via a regression of the covariates on being selected for SYEP accounting for the
programyear.

"The SQF Stop Rates gelicestop rates in a ZCTA during the program peridaly and August)
calculated per 1,000 residents.

i These are from the 2011 ACS data for proportion of the population in a ZCTA who-Kisganic
White, nonHispanicBlack, and nofHispanic individuals who identify as other race (Asian, American
Indian or Alaskan Native, Native Hawaiian or Pacific Iskandnd other race).

i The historical tuberculosis prevalence and death rates are calculated per 100,000 population at the
time. These dataverefrom 19491951.

* p<0.05, ** p<0.01, *** p<0.001
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TableK?2. Balance Table of Covariates for Youtiving in the Third Quartile of
Neighborhood SQF Rates

Control Treatment Difference
Mean SD Mean SD p-value
Participated in SYEP 0.039 - 0.733 - 0.0001***
Age at SYEP Start 17.123 1.249 17.147 1.261 0.636
Race/Ethnicity
White 0.023 - 0.065 - 0.611
Black 0.527 - 0.489 - 0.063
Latino 0.347 - 0.348 - 0.078
Other Race 0.104 - 0.097 - 0.751
Male 0.448 - 0.459 - 0.953
US Citizen 0.908 - 0.908 - 0.084
Family Members 4.008 1.599 4.157 1.789 0.049*
Ever Prior Arrest 0.036 - 0.033 - 0.040*
Ever Prior Conviction 0.020 - 0.018 - 0.047*
Borough of Residence
Bronx 0.374 - 0.298 - 0.847
Brooklyn 0.249 - 0.248 - 0.059
Manhattan 0.140 - 0.133 - 0.030*
Queens 0.226 - 0.290 - 0.437
Staten Island 0.011 - 0.031 - 0.201
Neighborhood
Characteristics
Disadv Index [2011 ACS]  0.853 0.661 0.791 0.628 0.426
SQF Stop Ratés 8.944 1.546 8.975  1.589 0.838
Proportion Whité 0.110 0.144 0.125 0.147 0.063
Proportion Black 0.382 0.281 0.377 0.287 0.513
Proportion Hispanic 0.422 0.254 0.405 0.252 0.654
Proportion Other Race 0.009 0.018 0.008 0.017 0.574
TB Prevalence Raté 1013.80 1363.78 899.82 1170.49 0.049*
TB Death Raté 73.83 116.83 65.59 99.24 0.045*
Number of Observations 19,376 20,741

Note This table shows the summary statistics and balance tests of the control and treatmeffioigroups
youth living in the third quartile of neighborhood SQF stop taftee quartiles are defined using

ZCTAs in the whole city (with population over 1,000) for SQF rati@sngthe program. Thenedian

of SQF stop rate in 2006 is approximately 6.448 the third quartile is 12.253. Theedianof SQF

stop rate in 2007 is approximately 6.0 the third quartile is 10.651. Lastly, tinedianof SQF

stop rate in 208 is approximately 6.52¢he third quartile is 11.958he control group is youth who

were not selected for SYEP and the treatment group is those who were selected to participate. The
columns show the mean and standard deviation for the treatment and control groups, as well as the p
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value of the difference in means between the two groups. -Wakup was obtained via a regression of
the covariates on being selected for SYEP accounting for the pregam

"The SQF Stop Rates gelicestop rates in a ZCTA during the program peridaly and August)
calculated per 1,000 residents.

i These are from the 2011 ACS data for proportion of the population in a ZCTA who-Kisgamnic

White, norHispanicBlack, and norHispanic individuals who identify asther race (Asian, American
Indian or Alaskan Native, Native Hawaiian or Pacific Islander, and other race).

i The historical tuberculosis prevalence and death rates are calculated per 100,000 population at the
time. These dataverefrom 19491951.

* p<0.05, ** p<0.01, *** p<0.001
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TableK3. Balance Table of Covariates for Youth Living in the Fourth Quartile of
Neighborhood SQF Rates

Control Treatment Difference
Mean SD Mean SD p-value
Participated in SYEP 0.029 - 0.750 - 0.0001***
Age at SYEP Start 17.161 1.273 17.181 1.279 0.337
Race/Ethnicity
White 0.026 - 0.073 - 0.410
Black 0.654 - 0.612 - 0.465
Latino 0.244 - 0.246 - 0.533
Other Race 0.075 - 0.069 - 0.055
Male 0.453 - 0.444 - 0.752
US Citizen 0.936 - 0.942 - 0.925
Family Members 4.076 1.757 4.179 1.925 0.130
Ever Prior Arrest 0.040 - 0.042 - 0.038*
Ever Prior Conviction 0.021 - 0.022 - 0.182
Borough of Residence
Bronx 0.160 - 0.152 - 0.469
Brooklyn 0.497 - 0.475 - 0.693
Manhattan 0.235 - 0.209 - 0.147
Queens 0.071 - 0.112 - 0.123
Staten Island 0.037 - 0.052 - 0.591
Neighborhood
Characteristics
Disadv Index [2011 ACS]  0.913 0.585 0.867 0.589 0.918
SQF Stop Rate's 20.649 8.242 20.197 8.048 0.607
Proportion Whitd 0.131 0.152 0.155 0.172 0.769
Proportion Black 0.466 0.243 0.438 0.250 0.287
Proportion Hispanic 0.337 0.198 0.336 0.195 0.330
Proportion Other Rade 0.006 0.005 0.006 0.005 0.580
TB Prevalence Ratk 1738.38 1608.68 1644.19 1644.04 0.747
TB Death Raté 134.79  126.37 129.75  133.54 0.814
Number of Observations 22,629 22,708

Note This table shows the summary statistics and balance tests of the control and treatmeffioigroups
youth living in the fourth quartile of neighborhood SQF stop ratke quartiles are defined using
ZCTAs in the whole city (with population over 1,000) for SQF ralasngthe programThis includes
neighborhoods with SQF stop rates higher tharittind quartile whichis approximatelyl2.253in
2006,10.651in 2007, andL1.958in 2008 The control group is youth who were not selected for SYEP
and the treament group is those who were selected to participate. The columns show the mean and
standard deviation for the treatment and control groups, as well as/&heepof the difference in
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means between the two groups. Theahue was obtained via a regression of the covariates on being
selected for SYEP accounting for the prognasar.

"The SQF Stop Rates gelicestop rates in a ZCTA during the program peridaly and August)
calculated per 1,000 residents.

i These are from the 2011 ACS data for proportion of the population in a ZCTA who-Kisgamnic

White, norHispanicBlack, and nofHispanic individuals who identify as other race (Asian, American
Indian or Alaskan Native, Native Hawaiian or Pacific Iskamdnd other race).

i The historical tuberculosis prevalence and death rates are calculated per 100,000 population at the
time. These dataverefrom 19491951.

* p<0.05, ** p<0.01, *** p<0.001
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Appendix L. Supplemental Analyse§ Two-Stage Least Squares (2SLS) buartiles of Neighborhood Disadvantage and Stop,
Question, and Frisk (SQF)Stop Rates

TableL1. Instrumental Variable 2SLS Models Estimating SYEP EffecttvdProgramArrestsby Quartiles of Neighborhood
Disadvantage and SQF Stop Rates

(1) 2 ©)
Quartile 1 & 2 (Low) Quartile 3 (Medium) Quartile 4 (High)
Panel A: Disadvantage Index b (s Cl b (s Cl b (s Cl
SYEP Participation 0.332 -0.019 0.684 0.101 -0.095 0.298 -0.323** -0.502 -0.144
(0.179 (0.100 (0.09)
Control Mean 0.539 0.602 0.954
F-statistic (FS) 1876.185 2157.247 2861.949
Number of Observations 18049 42528 67812
Panel B: SQF Stop Rates b (s Cl b (s Cl b (s Cl
SYEP Participation 0.229% 0.041 0.417 -0.279* -0.465 -0.092 -0.244 -0.514 0.027
(0.099 (0.099 (0.138
Control Mean 0.399 0.866 1.034
F-statistic (FS) 1309.467 2362.843 3066.441
Number of Observations 43,327 39,959 45,103
Controls Yes Yes Yes

Note The columns show the coefficients and 95% confidence intervals with the standard errors in parenthesis. Column sleatiaritignodel for the first

two quartilesColumn section (2) shows the moda the third quartile, and Column section (3) shows the model for the fourth quBng@verarrested

outcome variable was transformed into percentage (i.e., proportion of arrested times 100) for ease of inteffhetdis@uvantage index was calculated using
the 2011 ACSThe SQF Stop Rates wer@pg rates in a ZCTA during the program period calculated per 1,000 resitleatguartiles are defined using ZCTAs

in the whole city (with population over 1,000). The first quartile of disadvantage index is approxir@d8ly, the median is approximately 0.078, and the third
quartile is 0.557The first quartile of SQF stop rate in 2006 is approximately 4.041, the median is approximately 6.449, and the thiid A28 The first
guartile of SQF stop rate in 2007 is 3.966, the median is apprting062, and the third quartile is 10.651. Lastly, the first quartile of SQF stop rate in 2008 is
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approximately 4.176, the median is approximately 6.524, and the third quartile is The5fntrol means are the percentage of arrests for applicants who did
not participate in SYEPThe Fstatistic is th&kleibergenPaap rk Wald Fstatisticfor the first stage.
*p<0.1, * p<0.05, ** p<0.01, *** p<0.001
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TableL 2. Instrumental Variable 2SLS Models Estimating SYEP EffectmvdProgramArrestsby Highest Quartiles of Neighborhood
Disadvantage and SQF Stop Rates

(1) 2
Not High Disadv & Not High SQF High Disadv & High SQF

b (se Cl b (se Cl
SYEPParticipation -0.017 -0.138 0.103 -0.350 -0.646 -0.053

(0.06) (0.15)
Control Mean 0.682 1.063
F-statistic (FS) 2993.899 2162.121
Number of Observations 95,768 32,621
Controls Yes Yes

Note The columns show the coefficients and 95% confidence intervals with the standard errors in parenthesis. Column sieaticnti#nodel for youth

living in neighborhoods in the first three quartiles of neighborhood disadvantage and SQF stop rat€nlwhitesection (2) shows the modi@l youth in
neighborhoods with the fourth quartile of disadvantage and stop Tategverarrested outcome variable was transformed into percentage (i.e., proportion of
arrested times 100) for ease of interpretatidre disadvantage index was calculated using the 2011 A@SSQF Stop Rates were stop rates in a ZCTA during
the program period calculated per 1,000 residdrts.quartiles are defined using ZCTAs in the whole city (with population over 1,000hifdhgquartile of
disadvantage index is approximately 0.55fethird quartile of SQF stop rate is approximately 12.263006,10.651in 2007, andL1.958in 2008 The control
means are the percentage of arrests for applicants who did not participateHnTR¥E-statistic is the&KleibergenPaap rk Wald Fstatisticfor the first stage.
*p<0.1, * p<0.05, ** p<0.01, *** p<0.001
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TableL 3. Instrumental Variable 2SLS Models Estimating SYEP EffectAmestsin Years Post Program by Quartiles of

Neighborhood Disadvantage

(D)

Quartile 1 & 2 (Low)

)

Quartile 3 (Medium)

Quartile 4 (High)

©)

Panel A: Arrest 1 Year b (se Cl b (se Cl b (s Cl

SYEP Participation 0.680 -0.197 1.557 0.220 -0.217 0.657 -0.260 -0.660 0.140
(0.448 (0.223 (0.209

Control Mean 2.791 3.332 4.680

Panel B: Arrest 2 Year

SYEP Participation 0.574 -0.096 1.243 0.284 -0.212 0.780 -0.308 -0.877 0.261
(0.34) (0.253 (0.290

Control Mean 4.465 5.189 7.381

Panel C: Arrest 3 Year

SYEP Participation 0.510 -0.203 1.223 0.520 -0.122 1.163 -0.391 -1.068 0.287
(0.369 (0.328 (0.349

Control Mean 5.875 6.768 9.721

Panel D: Arrest 4 Year

SYEP Participation 0.621 -0.076 1.319 0.911+ 0.244 1.578 -0.032 -0.703 0.640
(0.359 (0.340 (0.343

Control Mean 7.276 8.081 11.446

Panel E: Arrest 5 Year

SYEP Participation 0.464 -0.493 1.420 0.689% 0.090 1.288 0.057 -0.596 0.710
(0.488 (0.306 (0.333

Control Mean 8.343 9.263 12.942

Panel F: Arrest 6 Year

SYEP Participation 0.280 -0.911 1.472 0.687 0.112 1.262 0.185 -0.495 0.866
(0.608 (0.293 (0.347

Control Mean 9.528 10.401 14.333

F-statistic (FS) 1876.185 2157.247 2861.949

Number of Observations 18,049 42,528 67,812
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Control Yes Yes Yes
Note The columns show the coefficients and 95% confidence intervals with the standard errors in parenthesis. Column slectisritignodel for the first
two quartilesColumn section (2) shows the modied the third quartile, and Column section (3) shows the model for the fourth quBn@everarrested
outcome variable was transformed into percentage (i.e., proportion of arrested times 100) for ease of inteffhetdismuvantage index was calculated using
the 2011 ACSThe quartiles are defined using ZCTAs in the whole city (with population over 1,000). The first quartile of disadvantageapyuteximately
0.631, the median is approximately 0.078, and the third quartile is.0lB&7Dneyear follow-up spans from September of the program year to August of the
following year, while the tweyear followup extends from September of the program year to August two yeafsrpgsdm, continuing similarly for follovups
up to six years. The contrmeans are the percentage of arrests for applicants who did not participate inTBgERtatistic is thekleibergenPaap rk Wald F
statisticfor the first stage.
*p<0.1, * p<0.05, ** p<0.01, *** p<0.001
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TableL4. Instrumental Variable 2SLS Models Estimating SYEP EffecttvdProgramArrestsby Quartiles of Neighborhood
Disadvantage and by Racial/Ethnic Groups

(1) 2 ©)
Quartile 1 & 2 (Low) Quartile 3 (Medium) Quartile 4 (High)
Panel A: Black b (s Cl b (se Cl b (se Cl
SYEPParticipation 0.585 -0.068 1.239 0.320r 0.0034 0.636 -0.404** -0.627 -0.181
(0.333 (0.16) (0.119
Control Mean 0.813 0.839 1.221
F-statistic (FS) 2809.210 3921.100 3744.414
Number of Observations 6,866 19,396 34,539
Panel B: Latinx b (s9 Cl b (s8 Cl b (s§ Cl
SYEP Participation 0.277 -0.669 1.222 -0.583 -1.239 0.073 -0.337 -0.641 -0.032
(0.482 (0.3395 (0.159
Control Mean 0.840 0.853 0.756
F-statistic (FS) 458.321 805.393 1491.925
Number of Observations 3,066 6,650 23,318
Panel C: White b (s9 Cl b (s8 Cl b (s§ Cl
SYEP Participation 0.102 -0.455 0.479 0.002 -0.129 0.133 0.246 -0.314 0.806
(0.238 (0.067) (0.286)
Control Mean 0.105 0.083 0.252
F-statistic (FS) 1622.912 218.079 318.661
Number of Observations 4,709 8,790 4,667
Controls Yes Yes Yes

Note The columns show the coefficients and 95% confidence intervals with the standard errors in parenthesis. Column Sleaticrtti@nodel for the first
two quartilesColumn section (2) shows the mode the third quartile, and Column section (3) shows the model for the fourth quBngl@verarrested

321



outcome variable was transformed into percentage (i.e., proportion of arrested times 100) for ease of inteffiretditmuvantage index was calculated using

the 2011 ACSThe quatrtiles are defined using ZCTAs in the whole city (with population over 1,000). The first quartile of disadvankageappi®ximately

0.631, the median is approximately 0.078, and the third quartile is.0lBBZontrol means are the percentage of arrests for applicants who did not participate in
SYEP.The Fstatistic is heKleibergenPaap rk Wald fstatisticfor the first stage.

*p<0.1, * p<0.05, ** p<0.01, *** p<0.001
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TableL5. Instrumental Variable 2SLS Models Estimating SYEP Effectmvd@ProgramArrestsby Quartiles of SQF Stop Rates and

by Racial/Ethnic Groups

(1) (2 ©)
Quartile 1 & 2 (Low) Quartile 3 (Medium) Quartile 4 (High)

Panel A: Black b (s Cl b (s9 Cl b (s9 Cl

SYEP Participation 0.47& 0.0063 0.942 -0.150 -0.385 0.085 -0.252 -0.569 0.064
(0.239 (0.120 (0.161

Control Mean 0.648 1.063 1.220

F-statistic (FS) 1837.355 3038.075 3369.240

Number of Observations 11,968 20,275 28,558

Panel B: Latinx b (s Cl b (s9 Cl b (s§ Cl

SYEP Participation 0.137 -0.328 0.603 -0.594** -0.905 -0.282 -0.384 -0.987 0.220
(0.239 (0.159 (0.308

Control Mean 0.711 0.762 0.859

F-statistic (FS) 874.801 1459.157 1079.470

Number of Observations 8,098 13,886 11,050

Panel C: White b (s Cl b (se Cl b (s Cl

SYEP Participation 0.114 -0.104 0.331 -0.236 -0.676 0.204 0.015 -0.267 0.296
(0.111) (0.225 (0.149

Control Mean 0.071 0.357 0.281

F-statistic (FS) 370.402 101.574 407.885

Number of Observations 14,141 1,790 2,235

Controls Yes Yes Yes

Note The columns show the coefficients and 95% confidence intervals with the standard errors in parenthesis. Column Sleaticrtti@nodel for the first
two quartilesColumn section (2) shows the mode the third quartile, and Column section (3) shows the model for the fourth quBngl@verarrested
outcome variable was transformed into percentage (i.e., proportion of arrested times 100) for ease of inteffiret&@h Stop Rates were stop rates in a
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ZCTA during the program period calculated per 1,000 resid€htsquartiles are defined using ZCTAs in the whole city (with population over 1,000). The first
quartile of SQF stop rate in 2006 is approximately 4.041, the median is approximately 6.449, and the third quartile EhgZigg3juartile of SQF stoptea
in 2007 is 3.966, the median is approximately 6.062, and the third quartile is 10.651. Lastly, the first quartile of 8@¢ist8p08 is approximately 4.176, the

median is approximatel§.524, and the third quartile is 11.998e control means are the percentage of arrests for applicants who did not participate in SYEP.
The Fstatistic is theKleibergenPaap rk Wald Fstatisticfor the first stage.

+p<0.1, * p<0.05, ** p<0.01, *** p<0.001
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TableL6. Instrumental Variable 2SLS Models Estimating SYEP EffectAmestsin Years Post Program by Quartiles of
Neighborhood Disadvantage for Black Youth

1) 2 ©)
Quartile 1 & 2 (Low) Quartile 3 (Medium) Quartile 4 (High)

Panel A: Arrest 1 Year b (s Cl b (s Cl b (se Cl

SYEP Participation 1.854 0.389 3.318 0.275 -0.313 0.863 -0.252 -0.897 0.394
(0.747 (0.300 (0.329

Control Mean 3.994 4.660 5.680

Panel B: Arrest 2 Year

SYEP Participation 1.793** 0.803 2.783 0.448 -0.203 1.099 -0.468 -1.268 0.332
(0.509 (0.332 (0.408

Control Mean 6.266 7.151 8.845

Panel C: Arrest 3 Year

SYEP Participation 1.242 -0.047 2.532 0.891 -0.0008 1.784 -0.467 -1.333 0.400
(0.658 (0.455 (0.442

Control Mean 8.467 9.227 11.618

Panel D: Arrest 4 Year

SYEP Participation 1.694 0.272 3.117 1.510** 0.614 2.406 -0.064 -0.904 0.776
(0.729 (0.45% (0.428

Control Mean 10.500 11.100 13.595

Panel E: Arrest 5 Year

SYEP Participation 1.216 -0.755 3.188 1.017 0.157 1.878 0.136 -0.775 1.048
(1.009 (0.439 (0.46H

Control Mean 11.983 12.735 15.331

Panel F: Arrest 6 Year

SYEP Participation 0.427 -2.017 2.872 0.942 0.164 1.720 0.150 -0.941 1.241
(1.247 (0.399 (0.559

F-statistic (FS) 2809.210 3921.100 3744.414

Control Mean 13.824 14.320 16.916

Number of Observations 6,866 19,396 34,539
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Control Yes Yes Yes
Note The columns show the coefficients and 95% confidence intervals with the standard errors in parenthesis. Column slectisritignodel for the first
two quartilesColumn section (2) shows the modied the third quartile, and Column section (3) shows the model for the fourth quBn@everarrested
outcome variable was transformed into percentage (i.e., proportion of arrested times 100) for ease of inteffhetdismuvantage index was calculated using
the 2011 ACSThe quatrtiles are definagsing ZCTAs in the whole city (with population over 1,000). The first quartile of disadvantage index is approximately
0.631, the median is approximately 0.078, and the third quartile is.0lB&Dneyear follow-up spans from September of the program year to August of the
following year, while the tweyear followup extends from September of the program year to August two yeafsrpgsdm, continuing similarly for follovups
up to six yearsThe control means are the percentage of arrests for applizaotdid not participate in SYEPhe Fstatistic is theKleibergenPaap rk Wald F
statisticfor the first stage.
*p<0.1, * p<0.05, ** p<0.01, *** p<0.001
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TableL7. Instrumental Variable 2SLS Models Estimating SYEP EffectAmestsin Years Post Program by Quartiles of
Neighborhood Disadvantage for Latinx Youth

(1) 2 (©)
Quartile 1 & 2 (Low) Quartile 3 (Medium) Quartile 4 (High)

Panel A: Arrest 1 Year b (s Cl b (se Cl b (s Cl

SYEP Participation 0.143 -1.652 1.937 0.477 -0.624 1.577 -0.307 -0.844 0.230
(0.919 (0.561 (0.279

Control Mean 4.097 3.852 4.096

Panel B: Arrest 2 Year

SYEP Participation -0.075 -2.276 2.125 -0.065 -1.621 1.491 -0.309 -1.278 0.661
(1.123 (0.799 (0.495

Control Mean 6.355 6.334 6.535

Panel C: Arrest 3 Year

SYEP Participation 0.985 -1.283 3.253 -0.025 -1.583 1.532 -0.600 -1.809 0.609
(1.157 (0.7995 (0.617%

Control Mean 7.826 8.325 8.672

Panel D: Arrest 4 Year

SYEP Participation 0.500 -0.572 1.572 -0.068 -1.626 1.489 -0.261 -1.591 1.069
(0.547 (0.7995 (0.678

Control Mean 9.349 9.772 10.356

Panel E: Arrest 5 Year

SYEP Participation 0.833 -0.548 2.214 -0.137 -1.810 1.535 -0.161 -1.487 1.166
(0.705 (0.853 (0.6779)

Control Mean 10.399 11.117 11.730

Panel F: Arrest 6 Year

SYEP Participation 1.805 -0.455 4.066 0.446 -1.153 2.044 0.211 -1.191 1.614
(2.153 (0.819 (0.719

Control Mean 12.132 12.254 13.084

F-statistic (FS) 458.321 805.393 1491.925
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Number of Observations 3,066 6,650 23,318

Control Yes Yes Yes
Note The columns show the coefficients and 95% confidence intervals with the standard errors in parenthesis. Column slectisritignodel for the first
two quartilesColumn section (2) shows the moda the third quartile, and Column section (3) shows the model for the fourth quBn&&verarrested
outcome variable was transformed into percentage (i.e., proportion of arrested times 100) for ease of inteffhetdismuvantage index was calculated using
the 2011 ACSThe quartiles are defined using ZCTAs in the whole city (with population over 1,000). The first quartile of disadvantageapyuteximately
0.631, the median is approximately 0.078, and the third quartile is.0’B&Dneyear follow-up spans from September of the program year to August of the
following year, while the tweyear followup extends from September of the program year to August two yeafisrpgstm, continuing similarly for follovaps
up to six years. The contrmeans are the percentage of arrests for applicants who did not participate inTBgERtatistic is thekleibergenPaap rk Wald F

statisticfor the first stage.
*p<0.1, * p<0.05, ** p<0.01, *** p<0.001
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TableL8. Instrumental Variable 2SLS Models Estimating SYEP EffectAmestsin Years Post Program by Quartiles of
Neighborhood Disadvantage for White Youth

1 2 3
Quartile 1 & 2 (Low) Quartile 3 (Medium) Quartile 4 (High)

Panel A: Arrest 1 Year b (se Cl b (se Cl b (se Cl

SYEP Participation -0.401 -1.151 0.349 0.058 -0.505 0.621 0.181 -0.585 0.948
(0.383) (0.287) (0.391)

Control Mean 1.048 0.372 0.840

Panel B: Arrest 2 Year

SYEP Participation -0.708 -1.498 0.081 0.328 -0.703 1.359 0.370 -0.421 1.161
(0.403) (0.526) (0.404)

Control Mean 1.939 0.910 1.008

Panel C: Arrest 3 Year

SYEP Participation -0.733 -1.802 0.336 0.135 -0.938 1.208 0.497 -0.471 1.465
(0.545) (0.547) (0.494)

Control Mean 2.673 1.407 1.176

Panel D: Arrest 4 Year

SYEP Participation -1.145 -2.261 -0.030 0.346 -0.766 1.458 0.521 -0.482 1.524
(0.569) (0.567) (0.512)

Control Mean 3.564 1.738 1.513

Panel E: Arrest 5 Year

SYEP Participation -1.337* -2.270 -0.404 0.300 -0.658 1.258 0.339 -0.626 1.303
(0.476) (0.489) (0.492)

Control Mean 4.455 1.986 1.681

Panel F: Arrest 6 Year

SYEP Participation -0.859 -1.899 0.181 -0.185 -1.227 0.858 0.348 -0.833 1.528
(0.531) (0.532) (0.602)

Control Mean 4.560 2.317 1.765

F-statistic (FS) 1622.912 218.079 318.661

Number of Observations 4,709 8,790 4,667
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Control Yes Yes Yes
Note The columns show the coefficients and 95% confidence intervals with the standard errors in parenthesis. Column slectisritignodel for the first
two quartilesColumn section (2) shows the modied the third quartile, and Column section (3) shows the model for the fourth quBn@everarrested
outcome variable was transformed into percentage (i.e., proportion of arrested times 100) for ease of inteffhetdismuvantage index was calculated using
the 2011 ACSThe quatrtiles are definagsing ZCTAs in the whole city (with population over 1,000). The first quartile of disadvantage index is approximately
0.631, the median is approximately 0.078, and the third quartile is.0lB&Dneyear follow-up spans from September of the program year to August of the
following year, while the tweyear followup extends from September of the program year to August two yeafsrpgsdm, continuing similarly for follovups
up to six yearsThe control means are the percentage of arrests for applizaotdid not participate in SYEPhe Fstatistic is theKleibergenPaap rk Wald F
statisticfor the first stage.
*p<0.1, * p<0.05, ** p<0.01, *** p<0.001
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Appendix M. Supplemental Analyse§ Alternative Disadvantage Measure

(Principal Component Analysis)

Hypothesis 2.

TableM1. Instrumental Variable 2SLS Models Estimating SYEP Effects en In
Program Arrests (using Disadvantage Measure from PCA)

1) 2

b (s9 Cl b (sg Cl

SYEP Participation 0.826 -10.770 12.422 1.309 -11.701 14.319
(5.917 (6.638

Disadvantage 2.107 -13.236 17.451 2,582  -23.155 28.319
(7.828 (13.13)

SYEP x Disadvantage -0.619 -8.134 6.897 -0.906 -9.282  7.469
(3.839 (4.273

Control Mean 0.788 0.788

F-statistic (FS) 0.011 0.011

Number of Observations 129,098 128389

Controls No Yes

Note The columns show the coefficients and 95% confidence intervals with the standard errors in
parenthesis. Column section (1) shows the model without control variables while Column section (2)
shows the model including controls. The egerested outcome wable was transformed into

percentage (i.e., proportion of arrested times 100) for ease of interpretation. The disadvantage score
was calculated using PCA from the 2011 ACBe control means are the percentage of arrests for

applicants who did not partjmte in SYEPThe Fstatistic is theKleibergerPaap rk Wald Fstatistic
for the first stage.

+p<0.1, * p<0.05, ** p<0.01, *** p<0.001
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Hypothesis 4.
TableM2. Instrumental Variable 2SLS Models Estimating SYEP Effects on In
Program Arrestéwith Disadvantage Measure from PCA and SQF Stop Rates)

(@) (@)

b (se Cl b(se Cl

SYEP Participation 3.670 -90.995 98.334 7.697 -140.60 156.00
(48.30) (75.67)

Disadvantage -5.172  -75.584 65.240 1.417 -59.639 62.473
(35.8) (31.19

SYEP x Disadvantage -3.245 -86.907 80.417 -6.699 -137.3 123.38B
(42.®) (66.67

SQF Stop Rate -0.470  -7.294 6.353 0.146 -5.799 6.091
(3.482 (3.033

SYEP x SQF Stop Rate -0.292  -8.233 7.648 -0.606 -13.027 11.814
(4.05) (6.337

Disadvantage x SQF 0.377 -4533 5.288 -0.083 -4.233 4.068
(2.509 (2.118

SYEP x Disadvantage x SQF  0.210 -5.498 5.918 0.433 -8.497 9.362
(2.913 (4.556

Control Mean 0.788 0.788

F-statistic (FS) 0.003 0.002

Number of Observations 129098 128389

Controls No Yes

Note The columns show the coefficients and 95% confidence intervals with the standard errors in
parenthesis. Column section (1) shows the model without control variables while Column section (2)
shows the model including controls. The eaerested outcome wable was transformed into

percentage (i.e., proportion of arrested times 100) for ease of interpretation. The disadvantage score
was calculated using PCA from the 2011 ACBe SQF Stop Rates were stop rates in a ZCTA during
the program period calculatger 1,000 resident3he control means are the percentage of arrests for
applicants who did not participate in SYHMe Fstatistic is thekleibergenPaap rk Wald Fstatistic

for the first stage.

*p<0.1, * p<0.05, ** p<0.01, *** p<0.001
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Hypothesis 5.
TableM3. Instrumental Variable 2SLS Models Estimating SYEP Effects on Arrests
in Years Post Prografusing Disadvantage Measure from PCA)

(©) (@)

Panel A: Post Program 1 Yeal b (s€ Cl b (s Cl

SYEP Participation -0.342 -14.13 13.450 1.085 -13.932 16.101
(7.037 (7.662

Disadvantage 7.087 -36.10 50.277 7.767 -65.027 80.562
(22.00) (37.19

SYEP x Disadvantage 0.133 -8.819 9.085 -0.709 -10.410 8.993
(4.567) (4.950

Control Mean 4.003 4.003

Panel B: Post Program 2 Yeal b (s€ Cl b (s Cl

SYEP Participation -3.411 -28.22 21.385 -1.451 -21.449 18.547
(12.65 (10.20

Disadvantage 9.911 -41.69 61.512 11.927 -95.483 119.%
(26.8) (54.80

SYEP x Disadvantage 2035 -13.3 17.418 0.869 -11.570 13.309
(7.849 (6.347

Control Mean 6.302 6.302

Panel C: Post Program 3 Yea b (s€ Cl b (s Cl

SYEP Participation -1.245 -18.93 16.443 1.052 -16.000 18.104
(9.025 (8.700

Disadvantage 14599 -69.99 99.189 17.896 -146.82 182.&@
(43.16) (84.09

SYEP x Disadvantage 0.635 -10.77 12.041 -0.729 -11.865 10.407
(5.819 (5.682

Control Mean 8.278 8.278

Panel D: Post Program 4 Yea b (s€ Cl b (s Cl

SYEP Participation -1.636 -15.59 12.319 0.572 -10.691 11.835
(7.120 (5.747

Disadvantage 16.931 -79.60 113.46 20.968 -171.0r 213.00
(49.25 (97.98

SYEP x Disadvantage 1.081 -7.720 9.882 -0.224  -7.434  6.986
(4.490 (3.679

Control Mean 9.831 9.831
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Panel E: Post Program 5 Yeal b (s€ Cl b (s Cl

SYEP Participation 0.547 -25.95 27.044 2,531 -20.458 25.521
(13.22) (11.M)

Disadvantage 19.650 -97.19 136.49 24.017 -197.71 245.74
(59.8) (113.3

SYEP x Disadvantage -0.345 -18.00 17.315 -1.506 -16.751 13.738
(9.010 (7.778

Control Mean 11.170 11.170

Panel F: Post Program 6 Yeai b (s€ Cl b (sg Cl

SYEP Participation -0.892 -21.% 19.765 1.077 -15.31 17.467
(10.59 (8.362

Disadvantage 21.354 -103.0 145.69 26.554 -218.71 271.81
(63.4) (125.3

SYEP x Disadvantage 0.578 -13.10 14.255 -0.564 -11.403 10.275
(6.979 (5.530

Control Mean 12.455 12.455

F-statistic (FS) 0.011 0.011

Number of Observations 129,098 128389

Controls No Yes

Note. The columns show the coefficients and 95% confidence intervals with the standard errors in
parenthesis. Column section (1) shows the model without control variables while Column section (2)

shows the model including controls. The eaerested outcome viable was transformed into

percentage (i.e., proportion of arrested times 100) for ease of interpretation. The disadvantage score

was calculated using PCA from the 2011 ACBe control means are the percentage of arrests for
applicants who did nqiarticipate in SYEPThe Fstatistic is theKleibergenPaap rk Wald Fstatistic

for the first stage.
*p<0.1, * p<0.05, ** p<0.01, *** p<0.001
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Hypothesis 6.
TableM4. Instrumental Variable 2SLS Models Estimating SYEP Effects on In
Program Arrests by Racial/Ethnic Groups (using Disadvantage Measure from PCA)

1) (2

Panel A: Black b (s9 Cl b (s@ Cl

SYEP Participation 1.555 -2.406 5.516 1.589 -1.985 5.164
(2.02) (1.829

Disadvantage 1.683 -2.545 5.911 1.158 -1.587 3.903
(2.157 (1.400

SYEP x Disadvantage -0.916 -3.113 1.282 -0.915 -2.889 1.058
(1.12) (2.007

Control Mean 1.056 1.056

F-statistic (FS) 0.179 0.179

Number of Observations 60,803 60,801

Panel B: Latinx b (s9 Cl b (s@ Cl

SYEP Participation 2.618 -26.047 31.283 0.788 -15.674  17.249
(14.83) (8.399

Disadvantage -0.004  -3.293 3.286 -0.330 -2.959 2.299
(1.678 (1.34)

SYEP x Disadvantage -1.506 -16.088 13.077 -0.567 -8.947 7.813
(7.440 (4.279

Control Mean 0.782 0.782

F-statistic (FS) 0.034 0.033

Number of Observations 33,035 33,034

Panel C: White b (se Cl b (se Cl

SYEP Participation 0.784 -0.540 2.108 0.640 -0477 1.757
(0.679 (0570)

Disadvantage 0.865 -0.929 2.660 0.796 -0.822 2.414
(0.919 (0.829

SYEP x Disadvantage -1.095 -3.240 1.050 -0.902 -2.727 0.922
(1.099 (0.93)

Control Mean 0.127 0.127

F-statistic (FS) 0.351 0.351

Number ofObservations 18,168 18,166

Controls No Yes

Note The columns show the coefficients and 95% confidence intervals with the standard errors in
parenthesis. Column section (1) shows the model without control variables while Column section (2)
shows the model including controls. The egerested outcome vable was transformed into

percentage (i.e., proportion of arrested times 100) for ease of interpretation. The disadvantage score
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was calculated using PCA from the 2011 ACBe control means are the percentage of arrests for
applicants who did not participate in SYBRe Fstatistic is thekleibergenrPaap rk Wald Fstatistic
for the first stage.

*p<0.1, * p<0.05, ** p<0.01, *** p<0.001
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Hypothesis 8.
TableM5. Instrumental Variable 2SLS Models Estimating SYEP Effects on Arrests
in Years PosProgram for Black Youth (using Disadvantage Measure from PCA)

(@) (@)

Panel A: Post Program 1 Year b (s€ Cl b (s Cl

SYEP Participation 3.199 -5.900 12.298 3.208 -4.534 10.949
(4.642 (3.950

Disadvantage 5.677 -8.364 19.718 3.735  -4.899 12.370
(7.169 (4.405

SYEP x Disadvantage -1.758 -6.820  3.303 -1.691 -5.968  2.586
(2.582 (2.182

Control Mean 5.174 5.174

Panel B: Post Program 2 Year b (sé Cl b (sg Cl

SYEP Participation 2774  -6.458 12.005 2688 -3.119 8.494
(4.710 (2.963

Disadvantage 8.350 -12.089 28.788 5911  -7.721 19.544
(10.43) (6.956

SYEP x Disadvantage -1.595 -6.745  3.555 -1.457  -4705  1.790
(2.628 (1.657

Control Mean 8.029 8.029

Panel C: Post Program 3 Year b (sé Cl b (s Cl

SYEP Participation 3.089 -8.106 14.283 2891 -5.407 11.188
(5.712 (4.239

Disadvantage 9.987 -14.179 34.153 7.270 -9.361 23.900
(12.33 (8.489

SYEP x Disadvantage -1.744  -7.981 4494 -1.533 -6.137 3.070
(3.182 (2.349

Control Mean 10.520 10.520

Panel D: Post Program 4 Year b (s Cl b (s Cl

SYEP Participation 3.242 -6.648 13.132 2961 -4.610 10.532
(5.049 (3.863

Disadvantage 11.631 -16.006 39.268 8.808 -11.118 28.734
(14.10 (10.17)

SYEP x Disadvantage -1.578 -6.968  3.813 -1.318 -5.428 2.791
(2.750 (2.097

Control Mean 12.470 12.470
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Panel E: Post Program 5 Year b (s Cl b (s Cl

SYEPParticipation 0.769  -9.308 10.845 0.414  -6.822  7.649
(5.14) (3.692

Disadvantage 12.684 -17.943 43.312 9.762 -12.870 32.394
(15.83) (11.%)

SYEP x Disadvantage -0.280 -5.647  5.086 0.024  -3.743 3.790
(2.738 (1.929

Control Mean 14.147 14.147

Panel F: Post Program 6 Year b (s€ Cl b (s Cl

SYEP Participation 0.869 -8.181 9.919 0.411 -5568 6.391
(4.617 (3.05)

Disadvantage 13.034 -18.929 44.998 10.066 -13.859 33.991
(16.31) (12.21)

SYEP x Disadvantage -0.397  -5.120 4.327 -0.033  -2.932 2.866
(2.410 (1.479

Control Mean 15.760 15.760

F-statistic (FS) 0.179 0.179

Number of Observations 60,803 60,801

Controls No Yes

Note The columns show thepefficients and 95% confidence intervals with the standard errors in
parenthesis. Column section (1) shows the model without control variables while Column section (2)
shows the model including controls. The eaerested outcome variable was transforrmeol

percentage (i.e., proportion of arrested times 100) for ease of interpretdgoaneyear follow-up

spans from September of the program year to August of the following year, while tyedwimllow

up extends from September of the program ye&utgust two years pogirogram, continuing

similarly for follow-ups up to six yearg.he disadvantage score was calculated using PCA from the
2011 ACS.The control means are the percentage of arrests for applicants who did not participate in
SYEP.The Fstatistic is theKleibergenPaap rk Wald fstatisticfor the first stage.

*p<0.1, * p<0.05, ** p<0.01, *** p<0.001
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TableM6. Instrumental Variable 2SLS Models Estimating SYEP Effects on Arrests
in Years Post Program for Latinx Youth (using Disadvantage Measure from PCA)

(©) (@)

Panel A: Post Program 1 Yea b (s Cl b (se Cl

SYEP Participation 15.71 -8790 119.3 7.422 -41.51 56.3%
(52.89 (24.97)

Disadvantage 0.349 -5.452  6.151 -1.014 -9.314 7.286
(2.960 (4.235

SYEP x Disadvantage -8.080 -60.71 44.% -3.829 -28./ 21.09
(26.89 (12.7)

Control Mean 4.049 4.049

Panel B: Post Program 2 Yea b (sé Cl b (s§ Cl

SYEP Participation 2440 -127.6  176.4 13421 -66.79 93.63
(77.57) (40.8)

Disadvantage -0.256 -12.34  11.83 -1.937 -18.84 1497
(6.167 (8.626

SYEP x Disadvantage -12.57 -89.68  64.54 -6.944  -47.66  33.77
(39.39 (20.77

Control Mean 6.480 6.480

Panel C: Post Program 3 Yea b (s Cl b (se Cl

SYEP Participation 16.737  -91.0/r 124.54 4.161 -31.66 39.9
(55.00 (18.28)

Disadvantage -6.356 -49.20 36.49 -8.258  -60.9  44.42
(21.89 (26.88)

SYEP x Disadvantage -8.622 -62.92  45.88 -2.182 -20.29 151
(27.71) (9.239

Control Mean 8.527 8.527

Panel D: Post Program 4 Yea b (s Cl b (se Cl

SYEP Participation 14.440 -79.26 108.14 0.442 -26.12 27.00
(47.81) (13.55

Disadvantage -8.383 -61.8 45.06 -10.364 -74.22 53.59
(27.29 (32.63

SYEP x Disadvantage -7.319 -54.35 39.72 -0.153  -13.98 13.67
(24.00) (7.059

Control Mean 10.151 10.151
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Panel E: Post Program 5 Yea b (s Cl b (se Cl

SYEPParticipation 0.055 -24.27 24.38 -14.862 -112.17 82.46
(12.4) (49.60)

Disadvantage -11.343 -79.79 57.1 -13.268 -92.® 65.55
(34.92 (40.2)

SYEP x Disadvantage 0.107 -12.41 12.63 7.740  -42.45 57.93
(6.388 (25.61)

Control Mean 11.489 11.489

Panel F: Post Program 6 Yeal b (s@ Cl b (se Cl

SYEP Participation -1.183 -38.16 3580 -16.902 -130.55 96.5
(18.87) (57.9)

Disadvantage -16.235 -11130 78.83 -18.278 -124.76 88.20
(48.50 (54.8)

SYEP x Disadvantage 1.050 -18.09  20.19 9.087 -49.6 67.83
(9.767) (29.97

Control Mean 12.837 12.837

F-statistic (FS) 0.034 0.033

Number of Observations 33,035 33,034

Controls No Yes

Note The columns show the coefficients and 95% confidence intervals with the standard errors in
parenthesis. Column section (1) shows the model without control variables while Column section (2)
shows the model including controls. The eaerested outcome viable was transformed into

percentage (i.e., proportion of arrested times 100) for ease of interpretdgoaneyear follow-up

spans from September of the program year to August of the following year, while tyedwimllow

up extends fronseptember of the program year to August two yearsgosgjram, continuing

similarly for follow-ups up to six yearg.he disadvantage score was calculated using PCA from the
2011 ACS.The control means are the percentage of arrests for applicants who did not participate in
SYEP.The Fstatistic is theKleibergenPaap rk Wald fstatisticfor the first stage.

*p<0.1, * p<0.05, ** p<0.01, ** p<0.001
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TableM7. Instrumental Variable 2SLS Models Estimating SYEP Effects on Arrests
in Years Post Program for White Youth (using Disadvantage Measure from PCA)

(@) 2

Panel A: Post Program 1 Year b (s Cl b (s Cl

SYEP Participation 1.197 -0.849 3.243 0.839 -0.763  2.441
(1.044) (0.817)

Disadvantage 1.212 -1.410 3.835 1.147 -1.107  3.400
(1.338) (1.150)

SYEP x Disadvantage -1.817 -5.010 1.376 -1.339 -3.821 1.144
(1.629) (1.267)

Control Mean 0.707 0.707

Panel B: Post Program 2 Year b (s€ Cl b (sg Cl

SYEP Participation 1.817 -0.785 4.420 1.350 -0.714  3.413
(1.328) (1.053)

Disadvantage 1.319 -1.886 4.524 1.350 -1.374  4.073
(1.635) (2.390)

SYEP x Disadvantage -2.662 -6.874 1.550 -2.039 -5.385 1.307
(2.149) (1.707)

Control Mean 1.287 1.287

Panel C: Post Program 3 Year b (s Cl b (s Cl

SYEP Participation 2.016 -0.927 4.960 1.483 -0.941 3.908
(1.502) (1.237)

Disadvantage 1.265 -2.272  4.803 1.358 -1.670 4.386
(1.805) (1.545)

SYEP x Disadvantage -3.056 -7.774 1.662 -2.345  -6.144 1.454
(2.407) (1.938)

Control Mean 1.795 1.795

Panel D: Post Program 4 Year b (s@ Cl b (se Cl

SYEP Participation 1.245 -1.209 3.699 0.666 -1.387 2.720
(1.252) (1.048)

Disadvantage 0.375 -2.582 3.332 0.539 -1.777  2.856
(1.509) (1.182)

SYEP x Disadvantage -1.894  -5.789 2.000 -1.118  -4.240 2.004
(1.987) (1.593)

Control Mean 2.321 2.321

Panel E: Post Program 5 Year b (s@ Cl b (s Cl

SYEP Participation 1.231 -1.360 3.822 0.610 -1.548 2.768
(1.322) (1.101)

Disadvantage 0.163 -2.856 3.181 0.391 -1.985 2.767
(1.540) (1.212)

SYEP x Disadvantage -2.057 -6.146 2.031 -1.217  -4.453 2.020
(2.086) (1.651)
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Control Mean 2.774 2.774

Panel F: Post Program 6 Year b (s@ Cl b (s Cl

SYEP Participation 1.238 -1.472 3.948 0.610 -1.642 2.861
(1.383) (1.149)

Disadvantage 0.197 -3.099 3.494 0.472 -2.218 3.162
(1.682) (1.372)

SYEP x Disadvantage -2.208 -6.569 2.153 -1.358 -4.818 2.103
(2.225) (1.766)

Control Mean 2.974 2.974

F-statistic (FS) 0.351 0.351

Number of Observations 18,168 18,166

Controls No Yes

Note The columns show the coefficients and 95% confidence intervals with the standard errors in
parenthesis. Column section (1) shows the model without control variables while Column section (2)
shows the model including controls. The egerested outcome vable was transformed into

percentage (i.e., proportion of arrested times 100) for ease of interpretét@aneyear follow-up

spans from September of the program year to August of the following year, while tiyedawimllow

up extends from Septembafrthe program year to August two years pasigram, continuing

similarly for follow-ups up to six yeard.he disadvantage score was calculated using PCA from the
2011 ACS.The control means are the percentage of arrests for applicants who did not participate in

SYEP.The Fstatistic is th&KleibergenPaap rk Wald fstatisticfor the first stage.
*p<0.1, * p<0.05, ** p<0.01, *** p<0.001
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Appendix N. Supplemental Analyse$ Alternative Disadvantage Measure (2000
Census)

Hypothesis 2.
TableNL1. Instrumental Variable 2SLS Models Estimating SYEP Effects-on In
Program Arrests (using Disadvantage Measure from 2000 Census)

1) 2

b (s Cl b (se Cl

SYEP Participation -0.079 -0.306 0.147 -0.016 -0.252 0.220
(0.119 (0.120

Disadvantage 0.345* 0.118 0.572 0.263* 0.089 0.437
(0.119 (0.089

SYEP x Disadvantage -0.055 -0.309 0.199 -0.118 -0.409 0.173
(0.129 (0.148

Control Mean 0.788 0.788

F-statistic (FS) 2.469 2.462

Number ofObservations 129098 128389

Controls No Yes

Note The columns show the coefficients and 95% confidence intervals with the standard errors in
parenthesis. Column section (1) shows the model without control variables while Column section (2)
shows the model including controls. The eaearested outcome viable was transformed into

percentage (i.e., proportion of arrested times 100) for ease of interpretation. The disadvantage score
was calculated using the 2000 Cendue control means are the percentage of arrests for applicants
who did not participaten SYEP.The Fstatistic is theKleibergenrPaap rk Wald fstatisticfor the first
stage.

*p<0.1, * p<0.05, ** p<0.01, ** p<0.001
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Hypothesis 4.
TableN2. Instrumental Variable 2SLS Models Estimating SYEP Effects on In
Program Arrests (with Disadvantage from 2000 Census and SQF Stop Rates)

(©) (@)
b (s Cl b (s€ Cl

SYEP Participation -386.66 -101416 100643 14,554  -147.47 176.58
(51547% (82.67

Disadvantage 935.87 -225010 226882 -0.010 -50.876 50.855
(115281 (25.99

SYEP x Disadvantage 397.96 -104470 105266 -17.319 -201.61 166.97
(53505 (94.03

SQF Stop Rate 107.28  -25794 26009 -0.091 -5.573 5.391
(13215 (2.799

SYEP x SQF Stop Rate 49.52 -12854 12953 -1.776 -21.696 18.145
(6583.3 (10.19

Disadvantage x SQF -95.46 -23154 22963 0.060 -4.839  4.959
(11769 (2.500

SYEP x Disadvantage x SQF -42.10 -11058 10974 1.632 -16.227 19.491
(5620.9 (9.112

Control Mean 0.788 0.788

F-statistic (FS) 0.0001 0.006

Number of Observations 129,098 128389

Controls No Yes

Note The columns show the coefficients and 95% confidence intervals with the standard errors in
parenthesis. Column section (1) shows the model without control variables while Column section (2)
shows the model including controls. The eaerested outcome viable was transformed into

percentage (i.e., proportion of arrested times 100) for ease of interpretation. The disadvantage score
was calculated using the 2000 Census. The SQF Stop Rates were stop rates in a ZCTA during the
program period calculated pe0O0 residentsThe control means are the percentage of arrests for
applicants who did not participate in SYBRe Fstatistic is theKleibergerPaap rk Wald Fstatistic

for the first stage.

*p<0.1, * p<0.05, ** p<0.01, *** p<0.001
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Hypothesis 5.
TableN3. Instrumental Variable 2SLS Models Estimating SYEP Effects on Arrests in
Years Post Program (using Disadvantage Measure from 2000 Census)

1) )

Panel A: Post Program 1 Yea b (s9 Cl b (s Cl

SYEP Participation -0.136  -0.897 0.624 0.067 -0.596 0.731
(0.388 (0.338

Disadvantage 1.284 0.180 2.389 0.799** 0.411 1.187
(0.563 (0.198

SYEP x Disadvantage 0.131 -0.710 0.972 -0.074  -0.833 0.686
(0.429 (0.387

Control Mean 4.003 4.003

Panel B: Post Program 2 Yea b/se Cl b/se Cl

SYEP Participation -0.407 -1.274 0.460 -0.133  -0.940 0.674
(0.442 (0.412

Disadvantage 1.900 -0.374 4174 1.234 0.044 2.423
(1.160 (0.607

SYEP x Disadvantage 0.448 -0.581 1.477 0.160 -0.885 1.205
(0.525 (0.533

Control Mean 6.302 6.302

Panel C: Post Program 3 Yea b/se Cl b/se Cl

SYEP Participation -0.290 -1.395 0.814 0.038 -0.918 0.995
(0.563 (0.488

Disadvantage 2.666 -0.419 5.751 1.843 0.105 3.582
(1.574 (0.88%

SYEP x Disadvantage 0.322 -1.150 1.795 -0.044 -1.368 1.281
(0.75) (0.679

Control Mean 8.278 8.278

Panel D: Post Program 4 Yea b/se Cl b/se Cl

SYEP Participation -0.024 -1.069 1.021 0.311 -0.588 1.210
(0.533 (0.459

Disadvantage 3.111 -0.322 6.545 2.16% 0.375 3.949
(1.752 (0.912

SYEP x Disadvantage 0.423 -0.860 1.706 0.037 -1.109 1.183
(0.655 (0.585

Control Mean 9.831 9.831
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Panel E: Post Program 5 Yea b/se Cl b/se Cl

SYEP Participation 0.070 -0.973 1.112 0.394 -0.464 1.252
(0.532 (0.438

Disadvantage 3.521 -0.493  7.535 2.47% 0.308 4.636
(2.048 (1.104

SYEP x Disadvantage 0.262 -1.135 1.660 -0.132  -1.265 1.001
(0.713 (0.578

Control Mean 11.170 11.170

Panel F: Post Program 6 Yea b/se Cl b/se Cl

SYEP Participation -0.012 -1.221 1.197 0.334 -0.631 1.299
(0.617 (0.493

Disadvantage 3.880 -0.650 8.411 2.73% 0.234 5.240
(2.31) (1.277

SYEP x Disadvantage 0.421 -1.268 2.111 0.007 -1.333 1.348
(0.862 (0.689

Control Mean 12.455 12.455

F-statistic (FS) 2.469 2.462

Number of Observations 129098 128389

Control No Yes

Note The columns show the coefficients and 95% confidence intervals with the standard errors in
parenthesis. Column section (1) shows the model without control variables while Column section (2)
shows the model including controls. The eaerested outcome viable was transformed into

percentage (i.e., proportion of arrested times 100) for ease of interpretdgoaneyear follow-up

spans from September of the program year to August of the following year, while tyedwimllow

up extends from Septembafrthe program year to August two years pasigram, continuing

similarly for follow-ups up to six yeard.he disadvantage score was calculated using the 2000 Census.
The control means are the percentage of arrests for applicants who did not participate imt&YEP.
statistic is thekleibergenPaap rk Wald fstatisticfor the first stage.

*p<0.1, * p<0.05, ** p<0.01, *** p<0.001
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Hypothesis 6.

TableN4. Instrumental Variable 2SLS Models Estimating SYEP Effects on In

Program Arrests biRacial/Ethnic Groups (using Disadvantage from 2000 Census)

1) (2

Panel A: Black b (s@ Cl b (s9 Cl

SYEP Participation 0.143 -0.301 0.587 0.167 -0.208 0.543
(0.229 (0.192

Disadvantage 0.603* 0.168  1.037 0.415* 0.147 0.682
(0.222 (0.139

SYEP x Disadvantage -0.348 -0.866  0.169 -0.339 -0.782 0.104
(0.269 (0.229

Control Mean 1.056 1.056

F-statistic (FS) 3.483 3.482

Number of Observations 60,803 60,801

Panel B: Latinx b (s Cl b (s9 Cl

SYEP Participation -0.854 -3.333 1.625 -0.513 -2.543 1.516
(1.265 (1.0395

Disadvantage -0.0004 -1.283 1.282 0.112 -1.097 1.322
(0.659 (0.617

SYEP x Disadvantage 0.466 -1.828 2.759 0.161 -1.717  2.038
(2.179 (0.958

Control Mean 0.782 0.782

F-statistic (FS) 1.480 1.479

Number of Observations 33,035 33,034

Panel C: White b (s Cl b (se Cl

SYEP Participation 0.233* 0.032 0434 0.187* 0.0009 0.373
(0.103 (0.095

Disadvantage 0476 -0.257  1.208 0435 -0224  1.093
(0.379 (0.336)

SYEP x Disadvantage -0.595 -1.482 0.291 -0.498 -1.273  0.276
(0.452 (0.395

Control Mean 0.127 0.127

F-statistic (FS) 1.798 1.802

Number ofObservations 18,168 18,166

Controls No Yes

Note The columns show the coefficients and 95% confidence intervals with the standard errors in
parenthesis. Column section (1) shows the model without control variables while Column section (2)
shows the model including controls. The egerested outcome vable was transformed into

percentage (i.e., proportion of arrested times 100) for ease of interpretétédisadvantage score
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was calculated using the 2000 Cendi® control means are the percentage of arrests for applicants
who did notparticipate in SYEPThe Fstatistic is th&leibergenPaap rk Wald #statisticfor the first
stage.

*p<0.1, * p<0.05, ** p<0.01, *** p<0.001
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Hypothesis 8.
TableN5. Instrumental Variable 2SLS Models Estimating SYEP Effects on Arrests in
Years Post Program for Black Youth (using Disadvantage Measure from 2000

Census)

1)

)

Panel A: Post Program 1 Yea b (se Cl b (se Cl

SYEP Participation 0.532 -0.607 1.671 0.608 -0.322  1.537
(0.58)) (0.474

Disadvantage 2.037* 0.805 3.270 1.345** 0.735 1.954
(0.629 (0.31)

SYEP x Disadvantage -0.705  -2.045 0.635 -0.648 -1.764 0.467
(0.689 (0.569

Control Mean 5.174 5.174

Panel B: Post Program 2 Yea b (s€ Cl b (s Cl

SYEP Participation 0.413 -0.909 1.735 0.494 -0.395 1.382
(0.679 (0.453

Disadvantage 3.001* 1.185 4.816 2,134+ 1.165 3.103
(0.929 (0.499

SYEP x Disadvantage -0.687  -2.411 1.036 -0.596 -1.796 0.605
(0.879 (0.613

Control Mean 8.029 8.029

Panel C: Post Program 3 Yea b (se Cl b (se Cl

SYEP Participation 0.524 -1.098 2.146 0.600 -0.642 1.843
(0.828 (0.639

Disadvantage 3.590* 1.409 5.770 2.626** 1.381 3.870
(1.113 (0.635

SYEP x Disadvantage -0.764  -2.989 1.462 -0.641  -2.426 1.144
(1.139 (0.91)

Control Mean 10.520 10.520

Panel D: Post Program 4 Yea b (se Cl b (se Cl

SYEP Participation 0.968 -0.713 2.649 1.036 -0.266 2.337
(0.858 (0.669

Disadvantage 4,182 2.083 6.281 3.184** 2.022 4.346
(2.07) (0.593

SYEP x Disadvantage -0.730 -2.869 1.409 -0.586 -2.446 1.274
(2.09) (0.949

Control Mean 12.470 12.470
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Panel E: Post Program 5 Yea b (s@ Cl b (s Cl

SYEP Participation 0.559 -1.127 2.244 0.619 -0.558 1.795
(0.860 (0.600

Disadvantage 4.566** 2.080 7.053 3.536** 2.084 4.988
(1.268 (0.74)

SYEP x Disadvantage -0.288  -2.477 1.901 -0.125  -1.700 1.449
(1.1179 (0.803

Control Mean 14.147 14.147

Panel F: Post Program 6 Yea b (se Cl b (se Cl

SYEP Participation 0.482 -1.255 2.219 0.533 -0.719 1.785
(0.889 (0.639

Disadvantage 4.692** 1.909 7.475 3.646** 1.816 5.476
(1.420 (0.939

SYEP x Disadvantage -0.334  -2.281 1.612 -0.149  -1.475 1.177
(0.993 (0.677

Control Mean 15.760 15.760

F-statistic (FS) 3.483 3.483

Number of Observations 60,803 60,801

Controls No Yes

Note The columns show the coefficients and 95% confidence intervals with the standard errors in
parenthesis. Column section (1) shows the model without control variables while Column section (2)

shows the model including controls. The eaerested outcome viable was transformed into
percentage (i.e., proportion of arrested times 100) for ease of interpretdgoaneyear follow-up
spans from September of the program year to August of the following year, while tiyedawfmllow
up extends from Septembefrthe program year to August two years pasigram, continuing

similarly for follow-ups up to six yeard.he disadvantage score was calculated using the 2000 Census.
The control means are the percentage of arrests for applicants who did not participate imt&YEP.
statistic is thekleibergenPaap rk Wald fstatisticfor the first stage.

*p<0.1, * p<0.05, ** p<0.01, *** p<0.001
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TableN®6. Instrumental Variable 2SLS Models Estimating SYEP Effects on Arrests in
Years Post Program for Latinx Youth (using Disadvantage Measure from 2000
Census)

(€3] &)

Panel A: Post Program 1 Yee b (s Cl b (se Cl

SYEP Participation -2.928 -8.284 2.429 -1.383 -5.723 2.957
(2.733 (2.219

Disadvantage -0.134 -1.311 1.043 0.333 -0.868 1.533
(0.600 (0.612

SYEP x Disadvantage 2512 -2.425 7.450 1.137 -2.815 5.089
(2.519 (2.019

Control Mean 4.049 4.049

Panel B: Post Program 2 Yee b (s Cl b (se Cl

SYEP Participation -4.589 -10.714 1.537 -2.544 -8.191 3.104
(3.1259 (2.88))

Disadvantage 0.078 -2.125 2.280 0.637 -1.508 2.783
(1.129 (1.095

SYEP x Disadvantage 3.880 -1.656 9.416 2.057 -3.049 7.163
(2.825 (2.605

Control Mean 6.480 6.480

Panel C: Post Program 3

Year b (se Cl b (se Cl

SYEP Participation -3.092 -9.032 2.848 -0.735 -7.021 5.551
(3.03) (3.207

Disadvantage 2264 -2.212 6.740 2.875 -1.485 7.235
(2.283 (2.225

SYEP x Disadvantage 2440 -2.820 7.700 0.329 -5.275 5.933
(2.689 (2.859

Control Mean 8.527 8.527

Panel D: Post Program 4

Year b (se Cl b (se Cl

SYEP Participation -2.368 -7.969 3.233 0.251 -5.543 6.046
(2.859 (2.957

Disadvantage 2991 -1.695 7.677 3.623 -0.838 8.084
(2.39) (2.279

SYEP x Disadvantage 1.964 -2.831 6.759 -0.383 -5.349 4.584
(2.449 (2.539
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Control Mean 10.151 10.151

Panel E: Post Program 5 Yee b (s Cl b (se Cl

SYEPParticipation 0.397 -4.825 5.619 3.177 -2.738 9.092
(2.669 (3.018

Disadvantage 4058 -1.395 9.511 4.683 -0.442 9.809
(2.782 (2.615

SYEP x Disadvantage -0.440 -4.863 3.983 -2.933 -7.966 2.101
(2.257 (2.568

Control Mean 11.489 11.489

Panel F: Post Program 6 Yea b (sé Cl b (sg Cl

SYEP Participation 1.374 -5.337 8.085 4.316 -3.090 11.723
(3.424 (3.779

Disadvantage 5809 -1.300 12.918 6.443 -0.250 13.136
(3.627 (3.415

SYEP x Disadvantage -0.907 -6.989 5.175 -3.555 -10.198  3.089
(3.103 (3.390

Control Mean 12.837 12.837

F-statistic (FS) 1.480 1.479

Number of Observations 33,035 33,034

Controls No Yes

Note The columns show the coefficients and 95% confidence intervals with the standard errors in
parenthesis. Column section (1) shows the model without control variables while Column section (2)
shows the model including controls. The eaerested outcome viable was transformed into

percentage (i.e., proportion of arrested times 100) for ease of interpretdgoaneyear follow-up

spans from September of the program year to August of the following year, while tiyedwimllow

up extends from Septembafrthe program year to August two years pasigram, continuing

similarly for follow-ups up to six yeard.he disadvantage score was calculated using the 2000 Census.
The control means are the percentage of arrests for applicants who did not participate imt&YEP.
statistic is thekleibergenPaap rk Wald fstatisticfor the first stage.

*p<0.1, * p<0.05, ** p<0.01, *** p<0.001
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TableN7. Instrumental Variable 2SLS Models Estimating SYEP Effects on Arrests in
Years Post Program for Whi¥uth (using Disadvantage Measure from 2000
Census)

() (@)

Panel A: Post Program 1 Year b (s€ Cl b (se Cl

SYEP Participation 0.286 -0.311 0.883 0.167 -0.310 0.644
(0.305) (0.244)

Disadvantage 0.654 -0.491 1.800 0.626  -0.356 1.607
(0.585) (0.501)

SYEP x Disadvantage -0.973 -2.361 0.416 -0.737 -1.819 0.346
(0.708) (0.552)

Control Mean 0.707 0.707

Panel B: Post Program 2 Year b (s€ Cl b (s Cl

SYEP Participation 0.492 -0.163 1.147 0.329 -0.185 0.842
(0.334) (0.262)

Disadvantage 0.683 -0.712  2.077 0.725 -0.445 1.896
(0.7112) (0.597)

SYEP x Disadvantage -1.393  -3.177 0.391 -1.091 -2.486 0.303
(0.910) (0.712)

Control Mean 1.287 1.287

Panel C: Post Program 3 Year b (s€ Cl b (s Cl

SYEP Participation 0.499 -0.264 1.261 0.310 -0.359 0.979
(0.389) (0.341)

Disadvantage 0.633 -0.948 2.215 0.722 -0.615 2.060
(0.807) (0.682)

SYEP x Disadvantage -1.581 -3.559 0.396 -1.240 -2.795 0.315
(1.009) (0.793)

Control Mean 1.795 1.795

Panel D: Post Program 4 Year b (s€ Cl b (se Cl

SYEP Participation 0.312 -0.449 1.072 0.108 -0.599 0.815
(0.388) (0.361)

Disadvantage 0.146 -1.357 1.648 0.282 -0.882 1.446
(0.767) (0.594)

SYEP x Disadvantage -0.951  -2.792 0.889 -0.583 -2.078 0.912
(0.939) (0.763)

Control Mean 2.321 2.321

Panel E: Post Program 5 Year b (s€ Cl b (se Cl

SYEP Participation 0.222 -0.555 0.999 0.003 -0.725 0.732
(0.396) (0.372)

Disadvantage 0.010 -1.553 1.574 0.195 -1.020 1.409
(0.798) (0.620)

SYEP x Disadvantage -1.016  -2.938 0.906 -0.619 -2.150 0.912
(0.981) (0.781)

Control Mean 2.774 2.774
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Panel F: Post Program 6 Year b (s€ Cl b (s Cl

SYEP Participation 0.154 -0.692 1.001 -0.067 -0.856 0.722
(0.432) (0.403)

Disadvantage 0.025 -1.695 1.745 0.238 -1.153 1.629
(0.877) (0.710)

SYEP x Disadvantage -1.092  -3.167 0.983 -0.693  -2.347 0.960
(1.059) (0.844)

Control Mean 2.974 2.974

F-statistic (FS) 1.798 1.802

Number of Observations 18,168 18,166

Controls No Yes

Note The columns show the coefficients and 95% confidence intervals with the standard errors in
parenthesis. Column section (1) shows the model without control variables while Column section (2)
shows the model including controls. The eaearested outcome able was transformed into

percentage (i.e., proportion of arrested times 100) for ease of interpretdgoaneyear follow-up

spans from September of the program year to August of the following year, while tyeawfollow

up extends from Septembafrthe program year to August two years pasigram, continuing

similarly for follow-ups up to six yeard.he disadvantage score was calculated using the 2000 Census.
The control means are the percentage of arrests for applicants who did not participate im&YEP.
statistic is thekleibergenPaap rk Wald fstatisticfor the first stage.

*p<0.1, * p<0.05, ** p<0.01, *** p<0.001
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Appendix O. Supplemental Analyse$ Alternative SQF Stop RateMeasure
(SQF Stops Rates of Individuals Aged 16 t&1)

Hypothesis 3.

TableOLl. Instrumental Variable 2SLS Models Estimating SYEP Effects on In

Program Arrests (using SQF Stops for Youth Age®1p

1) 2

b (s§ Cl b (se Cl

SYEP Participation -0.275 -1.268 0.719 -0.087 -1.115 0.942
(0.507 (0.525

SQF Stop Rate -0.056  -0.340 0.229 0.048 -0.116  0.212
(0.145 (0.089

SYEP x SQF Stop Rate 0.041 -0.229 0.311 -0.005 -0.284 0.274
(0.138 (0.142

Control Mean 0.788 0.788

F-statistic (FS) 1.688 1.882

Number of Observations 129098 128389

Controls No Yes

Note The columns show the coefficients and 95% confidence intervals with the standard errors in
parenthesis. Column section (1) shows the model without control variables while Column section (2)
shows the model including controls. The egerested outcome wable was transformed into

percentage (i.e., proportion of arrested times 100) for ease of interpretation. The SQF Stop Rates were
stop rates of individuals aged 16 to 21 years old in a ZCTA during the program period calculated per
1,000 residentsThe catrol means are the percentage of arrests for applicants who did not participate

in SYEP.The Fstatistic is th&KleibergenPaap rk Wald fstatisticfor the first stage.

*p<0.1, * p<0.05, ** p<0.01, *** p<0.001
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Hypothesis 4.
TableO2. Instrumental Variable 2SLS Models Estimating SYEP Effects on In
Program Arrests (with Disadvantage and SQF Stop for Youth Ag&d )16

1) 2

b (s Cl b (se Cl

SYEP Participation -16.151 -118.69 86.385 -3.813 -22.789 15.163
(52.32 (9.682

Disadvantage 15.114  -319.28 349.51 -6.066 -30.909 18.777
(170.9 (12.68

SYEP x Disadvantage 24227  -130.04 178.49 5.159 -24.362 34.681
(78.7) (15.09

SQF Stop Rate 3.047 -67.644  73.739 -1.451 -6.550 3.648
(36.07 (2.602

SYEP x SQF 5.334 -29.320  39.987 1.432 -4.564 7.428
(17.68 (3.059

Disadvantage x SQF -3.866 -92.240  84.508 1.769 -4.522 8.060
(45.09 (3.210

SYEP x Disadvantage x SQF -6.551 -49.084  35.982 -1.647 -9.167 5.872
(21.70 (3.839

Control Mean 0.788 0.788

F-statistic (FS) 0.004 0.018

Number of Observations 129098 128,389

Controls No Yes

Note The columns show the coefficients and 95% confidence intervals with the standard errors in
parenthesis. Column section (1) shows the model without control variables while Column section (2)
shows the model including controls. The eaerested outcome viable was transformed into

percentage (i.e., proportion of arrested times 100) for ease of interpretation. The disadvantage index
was calculated using the 2011 ACS. The SQF Stop Rates were stop rates of individuals aged 16 to 21
years old in a ZCTA durinthe program period calculated per 1,000 residditits.control means are

the percentage of arrests for applicants who did not participate in SYiER=statistic is the
KleibergenPaap rk Wald Fstatisticfor the first stage.

*p<0.1, * p<0.05, ** p<0.01, ** p<0.001
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Hypothesis 7.

TableO3. Instrumental Variable 2SLS Models Estimating SYEP Effects-on In
Program Arrests by Racial/Ethnic Groups (using SQF Stops for Youth Agetl)16

()

)

Panel A: Black b (s9 Cl b (s9 Cl

SYEP Participation 0.019 -0.970 1.009 0.340 -0.669 1.348
(0.509 (0.519

SQF Stop Rate 0.028 -0.182 0.238 0.079 -0.085 0.243
(0.109 (0.089

SYEP x SQF Stop Rate -0.028  -0.258 0.202 -0.094  -0.332 0.144
(0.117 (0.122

Control Mean 1.056 1.056

F-statistic (FS) 3.042 3.040

Number of Observations 60803 60801

Panel B: Latinx b (s9 Cl b (s8 Cl

SYEP Participation -1.955  -4.965 1.055 -2.129  -4.973 0.715
(1.539 (1.45)

SQF Stop Rate -0.149  -0.544 0.247 -0.154  -0.521 0.214
(0.202 (0.188

SYEP x SQF Stop Rate 0.442 -0.377 1.262 0.490 -0.287 1.267
(0.418 (0.399

Control Mean 0.782 0.782

F-statistic (FS) 1.851 1.855

Number of Observations 33035 33034

Panel C: White b (se Cl b (se Cl

SYEP Participation -1.156  -4.638 2.325 -0.919 -4.005 2.166
(1.779 (1.579

SQF Stop Rate -0.125  -1.213 0.964 -0.207 -1.216 0.802
(0.559 (0.515

SYEP x SQF Stop Rate 0.565 -1.013 2.142 -0.443  -0.948 1.833
(0.805 (0.709

Control Mean 0.127 0.127

F-statistic (FS) 0.223 0.190

Control No Yes

Number of Observations 18,168 18,166

Note The columns show the coefficients and 95% confidence intervals with the standard errors in
parenthesis. Column section (1) shows the model without control variables while Column section (2)
shows the model including controls. The egerested outcome vable was transformed into

percentage (i.e., proportion of arrested times 100) for ease of interpretation. The SQF Stop Rates were
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stop rates of individuals aged 16 to 21 years old in a ZCTA during the program period calculated per
1,000 residentsThe control means are the percentage of arrests for applicants who did not participate
in SYEP.The Fstatistic is theKleibergernPaap rk Wald Fstatisticfor the first stage.

*p<0.1, * p<0.05, ** p<0.01, *** p<0.001
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Appendix P. Supplemental Analyse$ Endogenous Models

Table P1. OLS Endogenous Models Estimating S¥&pactson InProgram Arrests

1) 2

Panel A: Disadvantage Index b/se Cl b/se Cl

SYEP Participation -0.204*  -0.385 -0.022 -0.019 -0.161  0.123
(0.091) (0.071)

Disadvantage 0.302***  0.170 0.435 0.157** 0.055 0.260
(0.066) (0.051)

SYEP x Disadvantage -0.077  -0.263 0.109 -0.130 -0.271  0.011
(0.093) (0.070)

Panel B: SQF Stop Rates b/se Cl b/se Cl

SYEP Participation -0.219* -0.418 -0.020 0.0016 -0.167  0.170
(0.099) (0.084)

SQF Stop Rate 0.024***  0.012 0.035 0.010* 0.0026 0.018
(0.006) (0.004)

SYEP x SQF -0.0032 -0.013 0.006 -0.010* -0.019 0.000
(0.005) (0.005)

Control Mean 0.788 0.788

Number of Observations 129,098 128,389

Controls No Yes

Note The columns show the coefficients and 95% confidence intervals with the standard errors in
parenthesis. Column section (1) shows the model without control variables while Column section (2)
shows the model including controls. The eaerested outcome viable was transformed into

percentage (i.e., proportion of arrested times 100) for ease of interpretation. The disadvantage index
was calculated using the 2011 AG%e SQF Stop Rates were stop rates in a ZCTA during the
program period calculated per 10€esidentsThe control means are the percentage of arrests for
applicants who did not participate in SYEP.

*p<0.1, * p<0.05, ** p<0.01, *** p<0.001
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Figure P1Predicted Prograrnmpactson In-Program Arrests by Neighborhood
Disadvantagérom Endogenous Model

Marginal Effects of SYEP on Arrest

Predicted SYEP Effect

-2

-0.905 -0.095 0.715 1526 2336
Disadvantage index (2011 ACS)

Note: This figuregraphs the estimatéchpactof the program on arrests across varying levels of
disadvantage, with accompanying 95% confidence intervals for the predietfitient
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Figure P2. Predicted Programpactson In-Program Arrests by SQF Stop Rates
from Endogenous Model

Marginal Effects of SYEP on Arrest

Predicted SYEP Effect

-2

1.250 11.799 22.348 32,897 43 445
SQF Stop Rate

Note: This figuregraphs the estimatédhpactof the program on arrests across varying levels of police
SQF stop rates (per 1,000), with accompanying 95% confidence intervals for the precitfietent
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Table P2. OLS Endogenous Models Estimating S¥&pactson In-Program Arrests
(with Disadvantage and SQF Stop Rates)

) (@)
b/se Cl b/se Cl

SYEP Participation -0.155 -0.417 0.107 0.050 -0.181 0.281
(0.13) (0.115

Disadvantage 0.419** 0.268 0.570 0.215* 0.065 0.365
(0.079 (0.075

SYEP x Disadvantage -0.076 -0.433 0.281 -0.109 -0.422 0.205
(0.178 (0.159

SQF Stop Rate 0.035** 0.017 0.053 0.015 -0.0010 0.031
(0.0089 (0.008

SYEP xSQF Stop Rate -0.0022  -0.027 0.023 -0.0080 -0.033 0.017
(0.012 (0.012

Disadvantage x SQF -0.019** -0.029 -0.008 -0.0083  -0.020 0.003
(0.005 (0.006

SYEP x Disadvantage x SQF -0.0008 -0.024 0.022 0.0009 -0.022 0.024
(0.01) (0.01)

Control Mean 0.788 0.788

Controls No Yes

Number of Observations 129,098 128,389

Note The columns show the coefficients and 95% confidence intervals with the standard errors in
parenthesis. Column section (1) shows the model without control variables while Column section (2)
shows the model including controls. The eaerested outcome viable was transformed into

percentage (i.e., proportion of arrested times 100) for ease of interpretation. The disadvantage index
was calculated using the 2011 AG%ie SQF Stop Rates were stop rates in a ZCTA during the
program period calculated per 10€sidentsThe control means are the percentage of arrests for
applicants who did not participate in SYEP.

*p<0.1, * p<0.05, ** p<0.01, *** p<0.001
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Figure P3. Predicted Programpactson In-Program Arrests by Neighborhood
Disadvantage for Separate Values of SQF Stop Rates from Endogenous Model

Note: This figuregraphs the estimatéchpactof the program on arrests across varying levels of
disadvantage, specifically for SQF stop rates at the mean and one standard deviation below and above
the mean. Accompanying 95% confidence intervals for the predioefticientsare also displayed.
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