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Government-sponsored job programs have gained significant attention in recent years, 

particularly the Summer Youth Employment Programs (SYEPs), which connect young 

people to government-subsidized jobs during the summer months. Originally designed to 

improve youth employment, SYEPs have also been proposed as a policy to combat youth 

crime in the summer when youth typically face increased risks of crime, injury, and 

victimization (Sepúlveda & Hutton, 2019). Evidence supports this idea, indicating that 

participation in SYEPs is linked to lower rates of arrest, arraignment, conviction, and 

incarceration, with effects varying by youthôs race, age, gender, and prior justice system 

involvement (Gelber et al., 2016; Heller, 2014; Kessler et al., 2022; Modestino, 2019). 

Prior research suggests that neighborhood context may also condition the effects of SYEP 

participation on criminal justice outcomes, but this has not been systematically evaluated. 

This dissertation addresses this gap by examining whether neighborhood factors, such as 

disadvantage and police stop, question, and frisk (SQF) activity, shape SYEPôs effect on 



  

youth arrests. Analyzing data from 129,098 youth aged 16 to 21 to who applied to the 

New York City SYEP between 2006 to 2008, I find that effects of SYEP on short-term 

and long-term arrests were nuanced and may differ based on the applicantsô residential 

context and racial/ethnic identity. The dissertation contributes to the broader discourse on 

summer job programs and discusses critical considerations for policymakers. 
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Chapter 1. Introduction  

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 to keep young 

people engaged and off the streets. One such initiative is the Summer Youth Employment 

Program (SYEP), which was originally designed to engage youth in the labor market and 

to build up the skills and experience needed for a successful entry into the workforce. 

However, 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). Understanding the link between summer employment and 

arrests is important for creating effective interventions that promote youth development 

while curbing youth crime. By providing meaningful employment opportunities during 

the summer, SYEPs may not only facilitate a smoother transition to adulthood but also 

serve as a protective measure against the risks associated with summer idleness.  

Summer Youth Employment Program (SYEP) is a widely implemented program 

created to provide youth with productive and enriching activities when school is not in 

session. SYEP 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 year.1 During the study period of 2006 to 2008, the program placed NYC residents 

aged 14 to 21 in non-profit private sector jobs (mainly as camp counselors in summer 

 
1 New York City had its largest SYEP cohort in 2023 and 2024, linking summer employment to more than 

100,000 youths in the community (SYEP Annual Summary, 2023). 
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camps), for-profit private sector jobs, and jobs in government agencies (Gelber 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 organizers (also called ñprovidersò). Due to oversubscription of SYEP from young 

residents, administrators utilized a lottery system to determine participation in the 

program, and every applicant had an equal chance of being selected controlling for the 

year and provider.  

Although SYEPs were not initially founded to combat crime, NYC and other 

large cities have turned to these programs in their efforts to reduce youth violence in the 

summer. NYC Mayor pointed to the cityôs SYEP as one of the solutions to address youth 

violence and gun violence in the administrationôs Blueprint to End Gun Violence (City of 

New York Office of the Mayor, 2022). However, it is not immediately clear from 

traditional criminological theories whether SYEP might increase or decrease arrests. 

Recent policy discussions of SYEP on crime often reference four mechanisms that 

present contrasting expectations regarding the programôs impact on youth arrests: 1) 

SYEP alters the opportunity and time for criminal activities, 2) SYEP builds participantsô 

human capital, 3) SYEP provides income that makes crime less attractive, and 4) SYEP 

establishes positive peer influences. Proponents of SYEP emphasize its potential to 

reduce arrest by providing structured activities that limit unstructured socializing, as 

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

their peers, absent adult supervision (Osgood et al., 1996). Having a job during the 
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summer takes youth who would otherwise be with their peers ñoff the streetsò and limits 

the time they have for criminal activities (i.e., involvement, Hirschi, 1969). Youth in 

SYEP can also enhance participantsô human capital through the development of skills 

like conflict resolution and self-control, which are related to lower delinquency, and 

subsequently lower arrests (M. R. Gottfredson & Hirschi, 1990; Modestino, 2019). The 

fact of having a job and income can reduce strain for participants and increase the cost of 

offending to the point that crime is not as attractive anymore (Agnew, 1992; Becker, 

1968). In addition, SYEPs might reduce participantsô arrests through learning ñprosocialò 

attitudes from peers and adult mentors in the workplace (Valentine 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 work (Cohen & Felson, 1979). Moreover, the 

program might enable access to drugs or alcohol through providing earned income 

(Wright et al., 2001), and the varying quality of job placements may not always result in 

the intended positive outcomes (Staff et al., 2010). There may be additional, yet 

unexplored, mechanisms through which the program influences crime and arrests, 

underscoring the need for a comprehensive evaluation of these initiatives. 

To date, evaluations of SYEPs in different cities support the ñkeep kids out of 

troubleò idea of the program. They find that participants in SYEPs were arrested and 

incarcerated less than those who were not selected (e.g., Gelber et al., 2016;  Kessler et 

al., 2022). For example, the SYEP in Chicago (One Summer Chicago) significantly 

reduced violent-crime arrests during the program summer and a year after (J. M. V. Davis 
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& Heller, 2017; Heller, 2014), with participants experiencing a 43 percent lower 

likelihood of arrest for violent offenses compared to those who were not selected for the 

program. In Boston, SYEP reduced the number of arraignments for violent and property 

crimes both during the program summer and in the subsequent 17 months (Modestino, 

2019). Consistent with these findings, the NYC SYEP also reported a decreased 

likelihood of arrests and incarceration for participants (Gelber et al., 2016; Kessler et al., 

2022).  

Recent studies revealed that SYEPôs impact was not uniform across all 

participants. Specifically, the effect of the NYC SYEP in reducing criminal justice 

outcomes during the program was concentrated in participants who had already been 

arrested prior to the program summer (Kessler et al., 2022). Additionally, participants 

who were male or Latino were arrested and convicted less than their non-participating 

counterparts. Using machine learning techniques, Davis and Heller (2020) find that 

youths who were predicted to gain the most from Chicagoôs SYEP in terms of 

employment were those who were Hispanic, female, and younger. These prior works 

concentrated on participantôs individual-level characteristics (e.g., race/ethnicity, sex, 

etc.), and the dominant explanations of the program mechanism are focused at the micro 

level (see also Modestino, 2017, 2019). Yet, what remains unexplored is the geographical 

variation in SYEPôs treatment effectðhow neighborhood context impacts the program.  

Where someone resides can be an important factor in explaining whether there are 

different impacts of SYEP. Location can matter in several ways. First, disadvantage often 

clusters in specific neighborhoods within a city, particularly those with high minority 
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population, especially majority-Black communities. These neighborhood characteristics, 

like social and economic disadvantage, are documented to impact a myriad of 

developmental and behavioral outcomes for residents (e.g., 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 communities (i.e., collective 

efficacy, Bursik, 1988; Sampson et al., 1997). Weaker collective efficacy in a 

neighborhood can suggest that residents are less likely to supervise youthôs unstructured 

socializing (Osgood et al., 1996; Sampson et al., 2002). Further, concentrated 

disadvantage can influence the level of unstructured socializing for young residents and 

the amount of time spent in public or in their neighborhood (Maimon & Browning, 2010; 

Sampson, 2002; Wikström & Butterworth, 2006). Thus, while SYEP may offer a 

structured environment that mitigates youth exposure to crime, its effectiveness can be 

influenced by dynamics in neighborhoods with higher or lower disadvantage. It is 

possible that participants 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 for arrests to begin with (i.e., floor effect). It is also 

possible that participants in more disadvantaged places experience higher arrest risks due 

to commuting, raising their exposure to risky situations.  

Jobs and resources are also not uniformly dispersed in cities. Disadvantage often 

impacts the quantity, accessibility, and quality of resources that are available for youth in 

a community, including libraries, parks, schools, and job opportunities (Leventhal & 
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Brooks-Gunn, 2000; Sampson et al., 2002). These are important resources that influence 

youth development and human capital, which can have a lasting impact. Employment 

programs like SYEP can serve as a compensatory mechanism, providing vital resources 

and support that alleviate some of the disadvantages faced by youth in underserved 

neighborhoods where developmentally enriching opportunities would have otherwise 

been more difficult to obtain. In contrast, while SYEP can enhance participantsô 

social/human capital and enable better long-term outcomes, disparities in access to 

resources may favor youth from more affluent neighborhoods. This capacity formation 

idea suggests that these youth might be better positioned to leverage the program for both 

short-term and long-term 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 activity, and disadvantaged or high-crime 

neighborhoods tend to see higher police presence and more aggressive policing tactics 

(Kane, 2002; D. A. Smith, 1986; Terrill & Reisig, 2003). Youth living in these 

communities have a greater chance of police encounters (Chenane et al., 2020). Local 

police practices can exacerbate the risks associated with unstructured socializing. A part 

of law enforcement that may be related to the probability of arrest for NYC youth is the 

stop, question, and frisk (SQF) practice used 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 

individualsô likelihood of future offending (Chenane et al., 2020). Increased police 
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presence may lead to higher arrest rates among youth, and the arrest-reduction effect that 

SYEP might have by taking youth off the streets may differ depending on the levels of 

police attention across neighborhoods. Conversely, 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 neighborhood disadvantage and policing practices.  

Considering the nationôs history of segregation and racism, differential levels of 

disadvantage, local resources, and police activity in neighborhoods are highly organized 

across racial/ethnic lines. Children of color are much more likely to grow up in 

communities with higher levels of disadvantage than White children (Sanders et al., 

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

of life for people of color, particularly Black youth, who are often policed at higher rates 

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

SYEP may have different impacts based on the neighborhood context and applicantsô 

race/ethnicity, with potential short-term benefits for Black and Latinx youth in 

disadvantaged neighborhoods who 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 neighborhoods, potentially resulting in less pronounced 

long-term benefits. On the other hand, if participation in SYEP increases exposure to 

risks and police scrutiny, Black and Latinx youth may face a heightened likelihood of 

arrest due to the greater surveillance they face from law enforcement based on their race 



 

 

 

8 

 

(Jones, 2014; Raphling, 2019). Altogether, the dynamics of youth race/ethnicity, 

neighborhood disadvantage, and policing suggest that the impacts of location on SYEP 

outcomes might differ for youth of various racial/ethnic identities.  

This dissertation explored the geographical variation and contextual influences in 

the effect of SYEP on youth arrest outcomes in New York City. This project aimed to 

examine the following overarching questions: 

RQ1: Does SYEPôs effect on arrests vary by the neighborhoods where applicants reside? 

RQ2: How do SYEPôs short-term and long-term effects on arrests differ depending on the 

neighborhoods where applicants reside? 

RQ2-1: How do SYEPôs short-term and long-term effects vary by neighborhood 

disadvantage? 

RQ2-2: How do SYEPôs short-term and long-term effects vary by neighborhood 

police activity? 

RQ3: Does residential context (disadvantage and policing) influence program effects 

differently for participants of various racial/ethnic backgrounds?  

The dissertation used a sample of almost 130,000 applicants to the NYC SYEP 

from 2006 to 2008 who were between 16 to 21 years old. Provided by the New York City 

Department of Youth and Community Development (DYCD), I had data on applicantsô 

demographic and residential information, an indicator of whether the applicant was 

selected for SYEP, and whether they participated in the program. The SYEP data were 

matched with criminal justice records (i.e., arrests, arraignments, convictions) from the 

New York State Division of Criminal Justice Services (DCJS) to assess arrest outcomes 
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until 2015. To examine how residential context influences program effects, I merged the 

administrative data with three other datasets based on the applicantôs ZIP code: 1) the 

American Community Survey (ACS) for neighborhood-level demographic information, 

2) the open-source Stop, Question and Frisk (SQF) data released by the NYC Police 

Department (NYPD), and 3) historical tuberculosis (TB) prevalence rates in 1949 to 1951 

from the New York Tuberculosis and Health Association archival report. These three 

data sources, on top of the two administrative datasets, allowed me to examine how 

neighborhoods matter for the effect of SYEP on arrests. Neighborhood-level SQF stop 

rates were used as a proxy for the level of police activity in the area.  

I leveraged the random variation in the lottery process used by program 

administrators to select which applicant was able to participate in SYEP in that given 

year. This lottery created a natural experiment, which provided a unique avenue to 

estimate the programôs impact on arrest outcomes. To begin, I ran a random effects 

model to descriptively understand whether the effects of SYEP on arrest differed by the 

ZIP codes where applicants lived. Then, I employed an instrumental variables (IV) 

approach, using lottery results as an instrument for SYEP participation, to evaluate 

whether neighborhood disadvantage and police activity influenced the programôs effects 

on arrests. Specifically, I employed a two-stage least squares (2SLS) regressions to 

estimate the local average treatment effects (LATE) of the program for youth who 

participated in SYEP compared to those who did not participate because they were not 

selected.  
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Due to the potential endogeneity of neighborhood disadvantage and SQF stop 

rates in the models, I used historical tuberculosis (TB) prevalence rates from 1949 to 

1951 as a novel instrument for contemporary neighborhood disadvantage and an adjusted 

Bartik-style shift-share instrument for SQF activity (both of which are elaborated upon in 

the Methods section). The logic behind using TB rates as an instrument for neighborhood 

disadvantage is because TB rates capture a function of long-standing 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 Bartik-style instrument, inspired by Weisburd and colleagues (2016), 

aimed to isolate exogenous variation in SQF stop rates by leveraging citywide factors, 

such as shifts in policing 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 neighborhood-specific conditions, ensuring that the observed impacts on 

youth arrests were attributable to changes in SQF activities, not other local dynamics.  

Additionally, I performed robustness and sensitivity analyses to evaluate the 

results, including a supplemental quartile analysis to assess SYEP effects without using 

the instruments for neighborhood context. 

Exploring the variation in program effects by neighborhood context is important 

in discovering potential groups for whom SYEP may be effective or harmful. This 

investigation can identify target populations for future policy and provide insight into the 

potential mechanisms through which SYEP influence arrests. Understanding program 

heterogeneity and mechanisms can inform criminological theories on how youth interact 
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with social control institutions, such as employment and the criminal justice system. 

Furthermore, and most importantly, pinpointing the characteristics of neighborhoods 

where SYEP demonstrates the greatest efficacy can enable policymakers to direct limited 

resources strategically, maximizing potential benefits for individuals and communities. 

Evaluation of this substantial social program is essential for developing evidence-based 

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 SYEP from 2006 to 2008. It also discusses 

the expectations around SYEPôs potential to decrease and increase youth arrests, 

alongside previous evaluations of the programs. Chapter 3 shifts to contextual influences, 

exploring how social disorganization, opportunities, available resources, and police 

activity may play a role in how neighborhood disadvantage and policing can shape SYEP 

outcomes. I 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 hypotheses, data sources, and methods.  

Chapter 5 and Chapter 6 present the results of the analysis as well as robustness 

checks, sensitivity analyses, and supplemental analyses. The overall models indicated no 

significant differences in program effects between neighborhoods of high and low 

disadvantage or between those of high and low police activity. However, the estimated 

marginal effects and supplemental quartile analysis revealed more nuanced patterns. 
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Specifically, these analyses demonstrated that SYEP was associated with an increase in 

contemporaneous arrests for participants living in more advantaged and less-policed 

areas, while reducing arrests for those in more disadvantaged and medium-to-high 

policed neighborhoods. These patterns seemed to be concentrated in Black and Latinx 

youth. Long-term findings indicated no consistent differences in SYEP effects across 

disadvantage. However, participants in less disadvantaged areas appeared to face 

heightened arrest risks four to six years post-program, particularly among Black youth. In 

contrast, I observed that White youth in more advantaged neighborhoods experienced a 

sustained reduction in arrest rates, while the long-term impacts on Latinx youth were less 

clear. A discussion of the results is in Chapter 7, along with policy implications. Finally, 

Chapter 8 concludes the dissertation by summarizing key findings and their contribution 

to the field.  
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Chapter 2. Summer Youth Employment Programs (SYEP) 

Youth are most likely to work over the summer, yet trends in employment rates 

for teens and young adults have been bleak. As of July 2024, little more than half (54.5 

percent) of youth aged 16 to 24 were employed (U.S. Bureau of Labor Statistics, 2024b), 

a decline from 65 percent in July 2000. The trend is more discouraging when focusing on 

teenagers between 16 to 19 years old. In the summer of 1978, the employment rate for 

this group was 58 percent (DeSilver, 2022). By 2007, the rate has fallen to the mid-30s 

(Danziger & Ratner, 2010). Although teen summer employment rates have increased 

slightly in recent years, they remain near a 60-year low, with only 37 percent in 2024 

(DeSilver, 2022; U.S. Bureau of Labor, 2024a).  

Considering the importance of early employment in shaping future work and 

wage trajectory (Carr 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, 2022; U.S. 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 to their White peers (Baum & Ruhm, 2016; Grogger, 1992; Ihlanfeldt & 

Sjoquist, 1990). In addition, youth participation in the summer labor force increases with 

household income and levels of local teen employment rates (Fogg 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, harder (Danziger & Ratner, 2010; Dennett & Modestino, 

2013; Sum et al., 2014). The market now has a greater demand and preference for 

workers with technical skills or post-secondary training (Acemoglu & Autor, 2011; Autor 

et al., 2003). For example, more employers now require some form of basic work 

experience for jobs (Pew Research Center, 2016), which is hard for teens and young 

adults to acquire due to limited ability and time to accumulate education or work 

experience desirable by employers. Interviews with administrators and organizations that 

provide summer job programs to youth reveal that many employers are indeed reluctant 

to hire young people in their early teens (Valentine et al., 2017). 

The landscape of youth employment highlights that support for young people is 

needed. An avenue that can provide individuals with growth and engagement 

opportunities is summer youth employment programs (SYEP), 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 preparation workshops to support youthôs 

transition to adulthood (Fernandes-Alcantara, 2017; Sum et al., 2014). A summer job not 

only helps youth build work skills but also has the potential of keeping youth away from 

trouble during the summer months when delinquency and crime among young people are 

often high. Structured and subsidized summer work programs can improve youth 

outcomes, prevent crime, and potentially reduce inequality for disadvantaged groups 

(Heller, 2014; Modestino, 2017; Sepúlveda & Hutton, 2019). This chapter will provide an 

overview of summer work programs, the theory behind them, and the evidence for them. 
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I will detail the implementation of the NYC SYEP during 2006 to 2008, as it is the 

primary subject of this dissertation.   

Youth Employment, Summertime Experiences, and Crime 

Employment is one key milestone for young people transitioning into adulthood, 

accompanied by reaching emotional and economic independence (Furstenberg et al., 

2004). People often consider completing education, financial independence, and working 

full time as key events of reaching adulthood (T. W. Smith, 2003). Employment impacts 

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 work (Mortimer, 2010). Some high school students 

who work a moderate number of hours per week during the school year tend to have 

slightly better or similar school performance than those who do not work (DôAmico, 

1984; Lillydahl, 1990; Mihalic & Elliott, 1997; Mortimer & Johnson, 1998; Steel, 1991). 

On the other hand, working more than 20 hours a week can be harmful, potentially 

leading to decreased school engagement and increased substance use (Monahan et al., 

2011; Mortimer & Johnson, 1998; Staff et al., 2010). Despite the difficulty of isolating 

causal effects of employment on school success, the consensus is that low-intensity work 

during the schoolyear is typically not detrimental (Buscha et al., 2012; Lillydahl, 1990; 

Monahan et al., 2011; Rothstein, 2007). 

During the summer, when school is not in session, 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, summer jobs offer the 

benefits of work without the downside of interfering with school. These positions can 

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

school being out.2 Work can teach and help young people develop valuable skills, such as 

vocational skills, positive work habits, responsibility, time management, and conflict 

resolution (Duckworth et al., 2007; Lillydahl, 1990; Mortimer, 2003). These ñsoft skillsò 

gained in their summer workplace are important for youthôs social and professional 

development, and these skills can become important assets for life and future career 

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

While unstructured time have benefits for youth, 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; Sepúlveda & 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 

heightened (Block, 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 good nor bad (Sepúlveda & 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 activities (e.g., free play time alone or with others, family visits, watching TV, etc.) develop 

better cognitive control and regulation of goal-orienting behaviors (Barker et al., 2014). On the other hand, 

unstructured time can introduce risks of delinquency or other problem behaviors (Osgood et al., 1996). 
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Crime rates, including shootings, certain types of property crimes, and violence 

(e.g., aggravated assault), tend to be higher during the summer months compared to other 

times of the year, with patterns of simple assaults varying by age group (Dodge & 

Lentzner, 1980; Geoffroy & Amad, 2016; Lauritsen & White, 2014). For instance, teens 

aged 12 to 17 years old experience a large increase in simple assault incidents, peaking in 

the fall when school begins, whereas individuals aged 18 years and older have highest 

rates of simple assault victimization in the summer (Lauritsen & White, 2014). Beyond 

crime and victimization, summertime is in general a high-risk period for youth 

(Sepúlveda & Hutton, 2019). Adolescents are at higher risks of obesity, injuries, and 

injury deaths (Loder & Abrams, 2011; Mahoney, 2011; Parks et al., 2018). In response to 

the heightened risks over the summer, scholars suggest focusing on strategies that build 

healthy relationships with youth and offer safe and healthy summertime activities 

(Sepúlveda & 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, researchers find mixed relationship between 

work and crime for adults (e.g., Apel & Horney, 2017; Laub & Sampson, 2003; Nguyen 

et al., 2023). The work-crime relationship is even more nuanced for youths, likely 

because the 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 individual-level employment and 
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youth devianceðsome studies find that work is related to increased delinquency (e.g., 

Steinberg et al., 1993), others suggest it reduces delinquency (e.g., Apel et al., 2008), and 

others find impact of having a job on crime (e.g., Paternoster et al., 2003). These 

variations may arise from differences in samples, ages of youth, types of employment, 

timing of employment, and analytic methodologies.  

Early studies typically find that youth employment, particularly for those working 

more than 20 hours per week, tend to increase delinquency, substance use, and adolescent 

problem behaviors like aggression (Bachman 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., 1997). These 

studies, which mostly analyze survey data from the 1970s to early 1990s and focus on 

employment during the school year, often do not distinguish between formal work versus 

informal work (e.g., babysitting, mowing lawns). A main conclusion from the results 

suggests that intensive work (i.e., over 20 hours per week) is particularly negative for 

adolescents, such as higher rates of substance use (e.g., Mihalic & Elliott, 1997; 

Steinberg & Dornbusch, 1991). More recent research, however, demonstrates that many 

of the employment-delinquency findings may be attributed to preexisting differences 

between youth who work (intensively) and those who do not (Paternoster et al., 2003). 

Contrary to earlier findings, later studies utilizing more rigorous research designs 

and statistical techniques show that employment is related to decreased delinquency 

(Apel et al., 2008; Grogger, 1998). For instance, Wadsworth (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 with reduced criminal involvement. What differs from prior research is 

the age of the individuals investigated. Wadsworth studies youth already out of high 

school (ages 18 to 20) while the others mainly examined high school students. Using the 

same survey but a younger group of adolescents (ages 15 to 16), Apel and colleagues 

(2008) find that work intensity is related to decreased delinquency.  

Moreover, some research suggests that the relationship between jobs and crime 

may be spurious or conditional on other factors (Apel et al., 2007; D. C. Gottfredson, 

1985; Staff et al., 2010). The threat of selection bias is common when studying the 

employment-crime relationshipðyouth with jobs may have observable and unobservable 

differences that influences their likelihood to commit crime. For example, Paternoster 

and colleagues (2003) find crime-inducing results similar to those from early studies 

using traditional modeling strategies, but the deleterious relationship disappears after 

accounting for confounding factors such as individual and situational characteristics. To 

address selection bias, recent studies often employ more robust research design and 

statistical techniques, such as group-based trajectory modeling to control for youthôs 

histories of delinquency and substance use (Apel et al., 2007). Although not without 

limitations, these studies attempt to account for stable individual level characteristics to 

better isolate the impact of employment. 

Experimental studies of work programs for youth find mixed results on crime 

(e.g., Orr, 1996; Piliavin et al., 1986). It appears that some high intensity employment 

programs improve employment outcomes for disadvantaged youth (Kemple & Willner, 
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2008; Millenky et al., 2011; Roder & Elliott, 2011; Schochet et al., 2008).3 In terms of 

crime, studies indicate that large job programs, such as the Job Corps and JobSTART, 

have produced small but positive impacts on reducing youth arrests (Cave et al., 1993; 

Schochet et al., 2008). In contrast, research on the Job Training Partnership Act (JTPA) 

finds that the treatment group had higher arrest rates than the control group (Bloom et al., 

1997). Similarly, the National Supported Work Demonstration also showed limited 

success in reducing crime for teens and young adults (Nguyen 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. Oftentimes, the cost of 

implementing such programs is deemed too expensive to justify the investment (Heller et 

al., 2017).  

While the relationship between youth employment and crime remains debated, 

scholars find that early job opportunities are related to enhanced future labor market 

prospects, net worth, and financial wellbeing (Baum & Ruhm, 2016; Carr et al., 1996; 

Painter, 2010; Ruhm, 1995, 1997). For instance, using the Current Population Surveys 

and the American Community Surveys from 2000 to 2011, Sum and colleagues (2014) 

compare employment outcomes for teens (ages 16 to 19) and young adults (ages 20 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 is a 17-month jobs program with a 20- to 22-week 

residential component (Millenky et al., 2011). The Job Corps, 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 $16,500 per participant, 

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 the long-term (four to 

five years later) for teens. They also observe that higher educational attainment and 

school enrollment status were consistently linked to higher employment rates, with young 

adults holding a bachelorôs degree being over 30 percent more likely to be employed 

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

Summer Youth Jobs Programs 

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 boards. A survey of the 30 largest cities in the United 

States from 2014 to 2016 find that 27 offer some version of a summer jobs program 

(Heller & Kessler, 2017). Although program detail varies from 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 summer, with youth working around 15-35 hours a 

week.4 These positions are compensated with a flat-rate 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 years old) and provide a range of services, 

including career exploration workshops, assistance in locating unsubsidized jobs or 

 
4 I 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 ñSYEP.ò For example, Chicagoôs program is called One 

Summer Chicago Plus (OSC+).  
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internships, job-related training, and educational planning workshops (Fernandes-

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 non-profit or public sector roles. 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, 

including random assignment, first-come-first-served, merit-based, 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 

allocate program slots and how the lottery system can maximize net social welfare). 

There is little variation across cities in how jobs are assigned to participants after they are 

Once offered a spot in the program, participants 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 similar short-term and long-term goals (Gelber et al., 2016; Ross & 

Kazis, 2016; Valentine et al., 2017). Short-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 trouble or being harmed 

during the summer. Long-term objectives of the program are to improve youthôs future 

academic and employment prospects. Cities may choose to target specific goals 

depending on funding or other priorities.  

SYEPs are primarily supported through a combination of funding sources 

(government, foundations, and businesses), with most of the cost going to subsidizing 

participant wages. The typical cost ranges around $1,400 to $2,000 per participant 

(Fernandes-Alcantara, 2017). Funding has historically complicated program 

implementation. For example, NYC SYEP community organizers and administrators 

often faced uncertainty about funding and job availability until shortly before the 

programôs start due to the city budget agreements not being finalized until mid-June 

(Valentine et al., 2017).   

The federal government has made an effort to address youth unemployment, 

especially over the summer, by dedicating funding for youth summer employment and 

job trainings since 1964, with a portion targeting youths from low-income 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), summer 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 and year-round youth employment. 
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Currently, the 2014 Workforce Innovation and Opportunities Act (WIOA) made summer 

employment an optional activity under the Youth Activities funding,5 though recent 

federal funds for SYEPs have been smaller (Valentine et al., 2017). Aside from 

legislation, other federal efforts have come in the shape of specific initiatives, grants, and 

encouraging more coordination between federal programs to better serve youth in the 

summer.6  

The New York City Summer Youth Employment Program (SYEP) 

New York City (NYC) runs the nationôs largest summer youth employment 

program. The program has been operating continuously since its inception in 1963 and it 

has significantly expanded over the 60-plus 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 Mayor, 2022; Summer Youth Employment 

Program Annual Report, 2022, 2023).  

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 entry-level jobs with public and 

private employers for seven weeks in July and August, typically up to 25 hours per week, 

any day of the week (Sunday to Saturday). Overall, 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 pre-apprenticeship programs, internships and job shadowing, and on-the-jobs skills training. More 

details can be found in the Congressional Reporting Services report (Fernandes-Alcantara, 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. 
6 Some examples include the Summer Jobs and Beyond Grant from the Department of Labor and the 

Obama Administrationôs My Brotherôs Keeper program.  
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minimum wage, which ranged from $6.75 in 2006 to $7.15 in 2007 and 2008. In addition 

to work, they 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 program depends on tight coordination between 

three major agenciesðthe NYC Department of Youth and Community Development 

(DYCD), employers, and community-based organizations. First, the DYCD oversees and 

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

Second, employers host the jobs and supervise 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). Lastly, community-based organizations, often referred to 

as ñproviders,ò link DYCD, local employers, and youth together. They are 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 2006 to 2008. Providers are critical to the programôs success. They hold the task of 

recruiting youth and employers which could take months of planning prior to the 

programôs start date in July. Providers select applicants to participate via a lottery 

assignment and then place them in open positions based on the youthôs interest indicated 

in the initial application and the restrictions or requirements of jobs from the employers.7 

 
7 It should be noted that most youth may be placed 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 year (Valentine et al., 2017). Conversation 

with an SYEP provider clarified the job assignment process (for their organization specifically). Before the 

Covid-19 pandemic, providers hosted in-person job fairs where both youth and employers participated. 

Employers would present their criteria 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 post-pandemic. 
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Providers also monitor participants process in the program and run educational 

workshops on topics such as college education, career exploration, work readiness 

trainings, financial literacy, and personal health. 

All NYC youth within the age limit who provide appropriate documentation are 

eligible for SYEP.8 Starting 2004, youth could download their applications online. 

Applicants would typically choose a community provider closest to where they live and 

apply through that specific provider (Gelber et al., 2016).9 Each person can only apply to 

SYEP once per year. During the time of this study, applications opened in April and 

closed in mid-May.10 Applications could not be added or withdrawn past the submission 

deadline. Due to high 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 provider of 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 a certain time frame to 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 resident status, proof of residence (address), proof of family income, 

proof of Selective Service registration if the applicant is male and older than 18 years old (Gelber et al., 

2016).  
9 The SYEP provider I 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 application, and they are also able to enter their residential ZIP code 

to find the closest provider. During the study 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. 
10 The application timeline has been pushed earlier since then, now the application period is open from end 

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 pool.11 The lottery 

continues until all positions for the provider are filled. Youth who are not selected for 

SYEP are 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 not) again in a 

different year.   

During the focal period, around 75 percent of participants were placed in non-

profit private sector firms, 11 percent in for-profit private sector firms, and the remaining 

14 percent in government agencies (Gelber et al., 2016). Most of the jobs provided were 

in summer camps and daycare centers which served many low-income families during 

the summer (Valentine et al., 2017). The most frequent types of worksites in 2007 and 

2008 were day care/camps (31-32 percent), community/social service (15-16 percent), 

and government agency (11-12 percent). For more information on the industry where 

SYEP participants worked in 2007 and 2008 see Appendix Table A2.  

How Can SYEPs Impact 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 (Fernandes-Alcantara, 2017). Nonetheless, the positive crime-

 
11 A community provider stated that participants are typically contacted three times. If there is no response 

after the third attempt, the applicant is marked as ñnot interestedò and will not be placed back into the 

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 crime.12 For instance, Washington D.C. Mayor Muriel Bowser 

stated in a news conference, ñEverybody knows that keeping a person occupied is one 

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

them out of trouble and being surrounded by positive adultsò (Gonzalez, 2023).  

However, it is not immediately clear from theory whether 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 crime and arrests, others 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 change youthôs social networks. In general, these theories aim to explain how 

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

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

Expectations to Decrease Arrests 

Administrators and policymakers expect the SYEP to decrease crime and arrests 

among participants for several reasons. First, the predominant discussion centers around 

the idea that SYEPs alter the chances that youth will encounter risky situations. During 

the summer when school is not in session, a large portion of structured activity is lacking 

 
12 While the discourse is often centered on the programôs influence on ñcrime,ò almost all of the literature 

to date evaluates ñcrimeò using arrests or other administrative records as outcome (e.g., Davis & Heller, 

2020; Gelber et al., 2016; Modestino, 2019). No studies to my knowledge have attempted to estimate the 

effects of these summer jobs programs on self-reported crime.   
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for many young people. SYEPs 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., 2022). By decreasing exposure to 

what Osgood and colleagues (1996) call ñunstructured socializing,ò SYEP might help 

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 authority figureðan individual 

or entity ñwhose role in a situation carries a responsibility for attempting to exert social 

control in response to devianceòðsuch events are more conducive to delinquency 

(Osgood et al., 1996, p. 640).13 This view suggests that the motivation of delinquency is 

inherent in the situations that youth find themselves in rather than individual traits (Briar 

& Piliavin, 1965).  

The association between the amount of unstructured time adolescents spend with 

their peers without adult supervision and offending is observed in prior studies (M. L. 

Anderson & Hughes, 2009; Hoeben & Weerman, 2016; Osgood et al., 1996). For 

example, Haynie and Osgood (2005) find that adolescents who spend more time in 

unstructured socializing and have friends who engage in delinquency Are more likely to 

exhibit deviant behavior. Moreover, unstructured socializing is more likely to be related 

to delinquency when adolescents are spending time in public or semi-public locations, 

 
13 Osgood and colleaguesô (1996) idea of the ñauthority figureò is a generalization of Cohen and Felsonôs 

(1979) concept of the ñguardianò and Felsonôs (1986) later concept of the ñhandler.ò The effectiveness of 

the authority figure does not rely on the strength 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 

settings like their house (Hoeben & Weerman, 2014). The higher likelihood of police 

encounters in these public spaces further amplifies the risk of arrest. Therefore, if 

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 can also influence youth criminal behavior by 

strengthening the bonds (specifically involvement) to conventional activities, which are 

thought to act as external restraints to keep individuals away from crime (Hirschi, 1969; 

Reiss, 1951). Involvement in a job limits the time and energy that youth have outside of 

work, thereby reducing the physical opportunities for crime. As the saying goes ñidle 

hands are the devilôs workshop,ò participating in SYEP might reduce offending, and 

subsequently arrests, by restricting time that might otherwise be spent engaging in 

delinquency. For instance, justice-involved youth who participated in the Boston SYEP 

acknowledged that knowing they had to get up early for work kept them away from 

hanging out with other gang-involved peers during the week (Modestino, 2019).  

A second reason why SYEP may reduce participantsô arrest risks is that job 

programs build youthôs ñhuman capital,ò like developing soft skills for the labor market 

and self-regulation, which can ultimately reduce criminal behavior. Participants learn 

skills such as time management, the ability to work in teams, responsibility, 

communication, among others from SYEP (Valentine et al., 2017). Key among these is 

emotion regulation and impulse control (Modestino, 2019; Heller, 2014). Low self-

control is a well-documented predictor of offending and arrests, with those exhibiting low 
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self-control reporting more offending (Burt, 2020; M. R. Gottfredson & Hirschi, 1990; 

Grasmick et al., 1993; Mamayek et al., 2017; Moffitt et al., 2011). Additionally, 

individuals with low self-control 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, 1993). Therefore, developing 

emotion regulation and conflict resolution skills through having a job can significantly 

contribute to long-term crime reduction.  

Third, having a job and income through SYEP can reduce strain and the marginal 

benefit of crime. Employment increases the cost of crime, as getting caught or arrested 

would risk losing the job and the money that comes with it (Becker, 1968; Piliavin et al., 

1986). Individuals with legal work and earnings are less likely to turn to illegal work 

(e.g., drug selling) (Uggen & Thompson, 2003). Economic incentive plays an role in 

motivating the decision to offend, particularly for youth involved in the drug market 

(Dembo et al., 1993). Further, low wages and poor job prospects in the legal labor market 

can push individuals towards crime and illegal work (J. Fagan & Freeman, 1999). Hence, 

committing crimes becomes less appealing to youth who have stable earnings from 

SYEP, as they likely want to avoid jeopardizing their employment.  

Employment and income also ease the financial burden for some families, which 

reduces economic strain linked to criminal behavior (Agnew, 2006; Baron, 2004). 

Financial stress and a lack of success in the labor market or financial stress can lead 

individuals to crime in order to alleviate negative feelings (Agnew, 1992; Merton, 1938). 

Given that a large portion of youth served by SYEPs are from low-income families, 
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summer wages from the program can be especially meaningful. Interviews with NYC 

SYEP participants show that most of their earnings from SYEP went toward helping with 

household expenses, buying school supplies, and saving for college (Valentine et al., 

2017). 

Lastly, the literature consistently shows that individuals with friends who engage 

in deviance are more likely to be involved in greater delinquency (Akers, 1998; McGloin 

& Thomas, 2019; T. C. Pratt et al., 2010; Warr, 2002). Conversely, having friends who 

are less involved in delinquent activities can decrease a youthôs likelihood of offending, 

indicating that what matters is not only the exposure to delinquent peers but also the 

relative levels of delinquency between the dyad (McGloin, 2009). Employment can shape 

an individualôs social network, which in turn influences their future behavior and 

likelihood of engaging in criminal activities (Wright & Cullen, 2004). In the SYEP 

workplace, adult mentors or supervisors can act as positive role models for youth to learn 

values and skills that foster their development while preventing crime (Valentine et al., 

2017).14 This suggests that participating in SYEP may reduce involvement in crime 

through learning attitudes and reinforcements of law-abiding behaviors from peers and 

mentors in the program.   

The implementation of certain programs may reshape who participants interact 

with at work. In many cities, after youth apply to SYEP, selection into the program is 

based on chance, meaning that participants might not be able to work with their friends if 

 
14 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 effects of coworkers specifically (i.e., crime reduction).  
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their friends are not selected. The random nature of the selection process does not 

consider youthôs individual characteristics or preferences. As a result, participants get 

into SYEP without regard to their existing social circles. It seems like no cities have 

attempted to place youth into specific jobs randomly (Heller & Kessler, 2017). Both 

employers and participants sometimes have a say in the assignments, but there is no 

guarantee that youth will be assigned to their desired job. Even if both a participant and 

their friends are selected for SYEP, they may not end up in the same job.15 In addition, 

the pool of SYEP applicants is likely a more motivated and distinct group compared to 

the general youth population, especially for those who have had a prior criminal record. 

Therefore, working in SYEP can disrupt existing social networks, placing participants at 

risk of arrest among peers who might be more ñprosocialò in their summer workplace.  

Expectations to Increase Arrests 

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, SYEP may create 

new opportunities for crime by exposing youth to environments and suitable targets they 

would not have encountered otherwise. The need to travel for work may increase the 

opportunities for crime and arrest. During the school year, youth spend most of their time 

at school and home, and incidents 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 work. When asked about whether youth typically seek to work with their friends, 

the provider that I spoke to noted that while some do not prioritize working with friends, many young 

people in 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 

goals, which may not always match their friendsô priorities.  
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schools (Drawve et al., 2015; Weisburd et al., 2009). In the summer, however, work may 

become new places where crime-motivated youth and criminogenic opportunities 

converge (Cohen & Felson, 1979). Further, if SYEP participants are more likely to be 

outside due to commuting and work, they may face greater risks of encountering 

criminogenic situations and increased police contact compared to those who tend to stay 

indoors. 

While having a job and income might alleviate strain and reduce the appeal of 

crime, the role of earnings on behavior can also be complicated. A concern is that wages 

from SYEP might enable participants to purchase items such as drugs and alcohol 

(Heller, 2014). Davis and Heller (2020) find that among youth predicted to benefit more 

from the Chicago summer jobs program, there was a marginally significant increased risk 

of drug crimes compared to those who benefitted less (p=0.087). Additionally, having 

disposable income and the desire for money is associated with a heightened risk of 

delinquency and drug use (Wright et al., 2001). These suggest that while SYEP offers 

valuable opportunities, the program may also inadvertently facilitate access to illegal 

substances and contribute to increased arrest. 

It is also not clear whether involvement in conventional activities consistently 

reduce criminal behavior as hypothesized (Costello & 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 delinquency (Barnes et al., 2007; 

Wiatrowski & K. L. Anderson, 1987), but time spent with peers can be criminogenic 

(Barnes et al., 2007; Osgood & A. L. Anderson, 2004; Wong, 2005). Similarly, 
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employment can be conducive to delinquency or not depending on the job quality, 

intensity of hours, and the youthôs own characteristics (e.g., individual preferences for 

work) (e.g., Staff et al., 2010; Wadsworth, 2006). Factors like the number of working 

hours, the timing of the work (i.e., during summer), and the presence of supervision on 

the worksite could make SYEP different from other types of employment and activities in 

terms of its impact on criminal behavior. Yet, 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 individual-level offending and contact with the 

criminal justice system are two key aspects of crime outcomes. This dissertation 

specifically focused on the impact of the SYEP on arrests. While criminal behaviors can 

lead to arrests, many crimes remain undetected by law enforcement, and not all police 

encounters result in an arrest (Black & Reiss, 1970; Kirk, 2006). Arrest is the product of 

many factors, including involvement in criminal activities, disparities in arrest risks based 

on gender, race/ethnicity, and socioeconomic status, as well as broader macro-level 

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 outcomes. The role of macro-level factors in shaping youth arrest risks further 

underscores the importance of examining how neighborhood context influences the 

effectiveness of SYEP.  

Taken together, the idea of employment as an approach to combat crime and 

arrests is not new, like Cook and colleagues (2012) illustrate ñnothing stops a bullet like a 
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jobò (p.30). Indeed, theories suggest that SYEPs can reduce youth arrest through multiple 

mechanismsðby restricting the opportunity for delinquency and arrests, strengthening 

social bonds, building skills and traits that are inversely related to crime, increasing the 

cost of crime, reducing strain, or learning from ñprosocialò peers. Alternatively, job 

programs might increase offending and arrests by introducing criminogenic opportunities 

and provide income for illegal substances. There may be other unexplored ways in which 

the program impacts arrests. The next section discusses the empirical evidence of SYEP 

and whether the program has been successful in achieving its purpose. 

Evaluations of SYEPs 

Evidence on the effectiveness of SYEPs shows some promising results. Prior 

evaluations mostly focused on 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 rigorously evaluated. What we know about the efficacy of 

recent SYEPs are from quantitative studies in a handful of citiesðChicago, New York 

City, Boston, Philadelphia, and Cleveland.16 

 
16 Many cities publish reports on programmatic aspects of their SYEP without systematic assessment of 

outcomes. For instance, Prince Georgeôs County, MD releases annual summaries that highlight their 

Summer Youth Enrichment Program. Some other cities have studies that investigate program 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 youth pre- and post-program as 

well as several months after the program ended. Both studies conducted interviews and focus groups with 

participants and workplace supervisors to understand their perspectives of and experience in the program.  
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Educational Outcomes 

Despite the fact that SYEPsô explicit goals target youth readiness in the 

workforce, the program can build participantsô soft skills and noncognitive skills (e.g., 

responsibility, positive work habits, time management, self-confidence, etc.), which can 

foster academic success (Heckman, 2000; Leos-Urbel, 2014; Lillydahl, 1990; Mortimer, 

2003). Empirical evidence demonstrates that SYEPs can improve youth educational 

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 Cleveland show small 

improvements in high school attendance in the year after summer employment (Atwell et 

al., 2023; Leos-Urbel, 2014; Modestino, 2017; Modestino & Paulsen, 2023). For 

instance, attendance for NYC 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) find no impact on school 

attendance in the following school year for the NYC SYEP from 2006 to 2010. The 

difference in findings might be due to the samples used. Leos-Urbel (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 SYEP, for example, increased the likelihood of attempting any state 

examination, the number of state exams attempted, and the number of exams passed 

during the school year post-program (Leos-Urbel, 2014; Schwartz et al., 2015). In 

Boston, participants in the SYEP had slightly higher overall GPAs in the year after 

program summer than students who did not attend the program (Modestino & Paulsen, 

2023). The Boston SYEP also reduced the likelihood of students failing a course in the 

school year after participation by around 15 percent (Modestino, 2017). These findings 

suggest that engaging in summer employment may reduce ñsummer learning lossòða 

phenomenon where students lose a significant amount of what they learned over summer 

breakðwhich is most detrimental for those from disadvantaged backgrounds (Alexander 

et al., 2007; Cooper et al., 1996).  

Besides high school attendance and performance, results are mixed for high 

school graduation and college outcomes. In Boston and Cleveland, SYEPs in Boston and 

Cleveland are linked to increased rate of graduating high school, increased on-time 

graduation (within four years), and decreased dropout (Atwell et al., 2023; Modestino & 

Paulsen, 2023). In Boston, program participation is related to more students graduating 

from high school compared to the control group, and this was positively associated with 

improvements in participantsô reported college aspiration, work habits, and soft skills 

(Modestino & Paulsen, 2023). However, when researchers examine the program in NYC, 

Philadelphia, and Chicago, they find no significant impact on the on-time high school 

graduation rates or retention (Heller, 2021; Valentine et al., 2017). Additionally, there is 
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currently no evidence to support that SYEPs improve college enrollment, matriculation, 

or degree completion across cities (Atwell et al., 2023; Heller et al., 2017; Valentine et 

al., 2017). In short, the evidence suggests that SYEPs are beneficial for certain short-term 

academic outcomes, but their long-term impact on education is limited. 

Employment 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 career interests and acquire good work habits and skills, and 3) to provide 

supplemental income to youthôs families (e.g., Summer Youth Employment Program 

Annual Summary, 2019). Likewise, cities like Boston and Chicago also share these goals. 

From prior research on the benefits of early work experience (Sum et al., 2014), it is 

reasonable for policymakers to expect SYEP to positively affect participantsô future job 

outcomes.  

Evaluations of SYEPs often use administrative data, such as Internal Revenue 

Service (IRS) data, state Department of Labor datasets, or state unemployment insurance 

(UI) program databases, to examine employment impacts (Gelber et al., 2016; Valentine 

et al., 2017; Modestino, 2017). While administrative data are advantageous in providing 

relatively cheaper solutions to study the effect of social programs on employment 

compared to surveys, they only capture ñon-the-booksò jobs and exclude other informal 

employment opportunities or earnings 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 summer. For instance, youth who 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 summer (Valentine et al., 2017). This finding is consistent with 

an earlier evaluation of the program from 2005 to 2008 (Gelber et al., 2016). These 

findings are observed in other cities as well. Participants in the Boston SYEP were more 

likely to be employed than non-participants during the program summer (Modestino, 

2017; Modestino & Paulsen, 2019) The Chicago programs in 2012 and 2013 is related to 

higher employment rate and earnings during the program summer by an average of $600 

to $800 (J. M. V. Davis & Heller, 2020). For the purposes of increasing youth 

employment and providing income to their families during the summer, SYEPs are 

effective in achieving these main short-term goals. 

However, the long-term employment results are less consistent and less 

promising. The NYC SYEP from 2005 to 2008 had no significant effects on the 

likelihood of being employed in the years after participation (Gelber et al., 2016). More 

surprisingly, the program even decreased earnings for participants by around $100 per 

year up to three years post-summer, but the earnings between participants and those not 

selected were indistinguishable afterwards. A later study covering 2006 to 2010 
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confirmed that the program is associated with decreased earnings in the first two years 

following SYEP, with no impact afterwards in a nine-year follow-up (Valentine et al., 

2017). Despite this, some later studies observe small positive impacts of the NYC SYEP 

on future chances of being employed up to two years after SYEP participation (Heller & 

Kessler, 2022; Valentine et al., 2017). In contrast, studies on the Boston and Chicago 

summer jobs programs report no impact on employment and wages overall in the year 

post-summer (Modestino, 2017; Heller et al., 2017). 

Researchers suggest that the negative findings on earnings may be due to non-

selected youth 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, yet neither hypothesis have been formally tested. Recently, 

scholars are attempting to explore program components that can improve youth labor 

market outcomes. For instance, Heller and Kessler (2021) 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 who did not get 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.  

Criminal Justice Outcomes  

SYEP participation has been linked to reduced involvement in the criminal justice 

system across many jurisdictions. Heller (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 that One Summer Chicago (OSC) in 2012 significantly reduced the likelihood 

of arrest for violent crime by 43 percent during the 16-month following the program. A 

closer look revealed that the estimated impact on violent crime arrests started to be 

significant three months after the program ended and continues to trend downwards 

(larger reduction). Yet, the reduction was not distinguishable from zero two years after 

(Heller et al., 2017). In 2015, the program grew to around three times the size than in 

previous years. The expanded program is related to a decrease in the number of drug 

crime arrests for participants in the year after the program summer and the number of 

property crime arrests in the three-year follow-up (Heller, 2021). 

Gelber and colleagues (2016) link the NYC SYEP information to state criminal 

justice records, and they find that participants from 2005 to 2008 had a 9.9 percent lower 

adult incarceration rate by 2013. A later study finds significant contemporaneous 

reductions in crimeðNYC SYEP participation reduced the likelihood of any arrest by 17 

percent, felony arrests by 23 percent, and the number of arrests by 14 percent compared 

to non-participants (Kessler et al., 2022). The program is also successful in reducing the 

likelihood of conviction, felony convictions, and the number of convictions in the 

summer. Consistent with Hellerôs (2014) finding, the estimated treatment effect for 

felony crime arrests is negative during the program and continues to decrease over time. 

However, there was no evidence that the program influenced long-term criminal justice 

outcomes up to five years after (Kessler et al., 2022).   

In Boston, the results paint a similar picture. SYEP in the city is associated with 

decreased violent crime arraignments and property crime arraignments for participants 
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during the program and 17 months after (Modestino, 2017). The benefit for violent crime 

arraignments starts four months after the program ended (Modestino, 2019), aligning 

with the pattern observed in Chicago (Heller, 2014). The findings for property crime 

arraignments are consistent with Kessler and colleaguesô (2022) findings, negative during 

the summer and more pronounced afterwards (Modestino, 2019). Survey results of self-

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 crime-reduction benefits of SYEP. In Philadelphia, the 

program is linked to a decrease in the total number of arrests and juvenile incarceration 

rate for participants in the year following participation (Heller, 2021). In Cleveland, 

participants who completed SYEP had fewer delinquency court filings against them two 

years after, and they were also less likely to be in jail compared to those who did not 

finish the program (Atwell et al., 2023). While other evaluations leverage components of 

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 of Cleveland SYEP completion.  

Although evidence varies slightly on the period (i.e., during the program or after 

the summer ends) and the type of crime most influenced by SYEP, findings consistently 

point to some crime-reduction benefits across cities. The variations in SYEPs, like the 

delivery, program staff, and jobs provided, are not central for generating program effects 

(Heller, 2021). Currently, little is known about the causal mechanisms that drive SYEPsô 

crime findings. Combined with the findings on education and employment outcomes, 
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Lehman (2021) suggests that SYEPs may have an ñincapacitationò effect on property 

crime but notes that the evidence is mixed. The programs likely operate through channels 

beyond taking youth away from crime and immediate compensation (Lehman, 2021). 

Altogether, SYEPs can reduce crime in the short-term, but the underlying reasons for the 

reduction remain unclear. 

Other Outcomes 

The impact of SYEP can extend beyond its primary goals. Survey results from the 

Boston SYEP suggest that the program improved participantsô community engagement, 

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, 

SYEP is related to a lower likelihood of young participants receiving child protection 

services from the city (Heller, 2021).  

To date, only one study has linked data on SYEP participation to mortality 

records. Gelber and colleagues (2016) find that the mortality rate in NYC SYEP 

participants was 0.073 percentage points lower, representing an 18 percent reduction in 

death compared to the group who were not selected for the program. This is an equivalent 

of 83 fewer deaths over nine years, with a majority of these deaths driven by external 

causes like homicides, accidents, and suicides. The authors attribute this decline to SYEP 

potentially keeping youth out of risky situations during the summer, thereby altering their 

life trajectory and reducing mortality risk after the program. Additionally, cost-benefit 

analysis suggests that, while the programôs impacts on employment may not offset its 
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cost, the reduction in mortality alone represents a benefit of $747 million (in 2013 

dollars), enough to justify the program cost (Gelber et al., 2016).   

Summary of SYEP Evaluations 

Overall, the evidence on SYEPôs ability to alter educational outcomes is mixed 

(e.g., Leos-Urbel, 2014; Heller et al., 2017). While the programs show temporary 

improvements in participantsô employment rates and earnings during the summer (e.g., 

Gelber et al., 2016; Valentine et al., 2017), the long-term findings on employment rates 

and earnings seem less promising (e.g, Modestino, 2017). The programs, however, do 

appear effective in reducing participantsô involvement in the criminal justice system (e.g., 

Heller, 2014; Kessler et al., 2022).  

In terms of methods, studying youth employment or job programs often faces 

selection bias, as participants in job programs differ from non-participants in both 

observable and unobservable ways. Many evaluations of SYEPs in the past decade use 

natural experiments, leveraging a lottery system already present in how programs allocate 

their slots to assess causal effects on various program outcomes (e.g., Gelber et al., 2016; 

Heller, 2014; Kessler et al., 2022; Modestino, 2019). This lottery system provides a 

unique avenue for researchers to examine the impact of SYEP. In addition, depending on 

the specific program features, some studies utilize quasi-experimental or qualitative 

methods to understand the impact of SYEP (Atwell et al., 2023; Lansing et al., 2018). 

The downside to many quantitative methods is that they are not a test of mechanism, so 

they cannot answer questions like why is SYEP effective and which part of the SYEP 
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programming is effective? To understand these mechanisms, evaluations sometimes 

explore how the programôs effects vary across different groups of participants.17 

Heterogeneity in SYEP Effects  

Not all studies are able to examine heterogenous program effects due to reduced 

statistical power when analyzing subgroups based on variables of interest. The 

evaluations that do examine heterogeneity illuminate variations in program outcomes 

based on factors such as participantôs age, gender, race/ethnicity, risk level, and the 

intersections of these demographic characteristics.   

For employment and earnings, younger participants (18 years or younger) tend to 

benefit more from SYEP, while the program impact is more mixed for older youth (19 

years or older). The NYC SYEP was successful in providing short-term boosts to 

employment outcomes for young participants during the summer. For youth who were 

younger and applied during the time when unemployment in NYC was higher, the 

program is associated with increased earnings in the two years after summer (Valentine et 

al., 2017). However, this positive long-term pattern was not observed when looking at all 

participants. Earnings were lower for participants overall in the immediate years 

following the program, a trend mostly driven by older youth and those who have work 

experience before joining SYEP (Gelber et al., 2016). Looking at criminal justice 

outcomes, age plays a role in the programôs short-term and long-term impact. Kessler and 

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

 
17 A previous evaluation involves separate focus groups of 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 because of SYEP 

participation (Valentine et al., 2017).  
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convictions for all youth, with younger participants benefiting more from this crime-

reduction impact. Although the program is linked to lower incarceration rates for all 

participants for around six years post-program, older youth experienced the largest 

decrease in incarceration (Gelber et al., 2016).  

SYEP also influenced youth outcomes differently depending on the participantsô 

gender and race/ethnicity. Generally, male participants gained more from the program 

compared to females. For example, male participants of the Boston SYEP saw a greater 

increase in school attendance (Modestino, 2017). In the NYC SYEP, male participants 

experienced greater reductions in arrests and convictions during the program as well as 

long-term incarceration (Gelber et al., 2016; Kessler et al., 2022). Additionally in NYC, 

Latinx youth experienced large reductions in arrests and convictions in the summer, 

particularly among Latinx youth with no prior criminal justice involvement. The 

estimated impact on crime for Black youth were directionally negative but not 

statistically significant. Non-Latinx and non-Black youth (e.g., White, Asian, etc.) 

experienced greater misdemeanor arrests and a higher number of arrests in the summer 

from participation in SYEP. This surprising finding led the authors to suggest that ñfuture 

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 law enforcement, or by other factorsò (p.725). The observed racial effects may 

be linked to the residential contexts of different racial groups, a topic that will be 

explored in more detail in the next chapter. Similarly, a Boston study found that SYEP 
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notably improved school attendance in the year following the program, especially among 

educationally at-risk students (Modestino & Paulsen, 2023) 

SYEPs appear to be more helpful for participants who are ñat-risk,ò or in other 

words, youth who begin with more unfavorable circumstances in the studied outcomes of 

interest. In the fall and spring semester after SYEP participation, overall school 

attendance increased by one to two percent for all participants (Leos-Urbel, 2014). 

However, students at greater educational risk, such as those aged 16 years or older with 

low school attendance before the program, experienced larger increases in attendance (by 

three to four percent) and a greater likelihood of attempting and passing statewide high 

school examinations. Similarly, the Boston SYEP successfully improved overall 

participantsô school attendance in the year following the program, especially for 

educationally at-risk students (Modestino & Paulsen, 2023). In terms of criminal justice 

outcomes, ñat-riskò youthðthose with prior arrestsðexperienced the most reduction in 

arrest and conviction during the program, while those without previous system 

involvement (i.e., not at-risk) showed no significant effects (Kessler et al., 2022). These 

findings imply that while SYEP is beneficial for many youth, it might be especially 

impactful for those who are the most in need, indicating a potential floor effect.   

Furthermore, examining intersections of youth characteristics and experiences 

reveals nuanced patterns that are often hidden in aggregate data. Among at-risk 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 

(Kessler et al., 2022). Youthôs social statuses and identities (e.g., gender, race, class, etc.) 
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can overlap and create unique experiences based on their position in the social structure 

(Andersen & Collins, 2010). Looking at program impact heterogeneity at the intersection 

supports the potential of SYEP floor effectsðthat individuals who are most in need 

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

the most improvements in employment rates and earnings (Modestino, 2017), likely 

reflecting the difficulties and discrimination that Black males often face in the labor 

market. Black and Hispanic males experienced the largest gains in social skills and job 

readiness skills, alongside the largest reduction in arraignments (Modestino, 2017, 2019). 

Black and Hispanic females exhibited the largest increase in college aspirations 

compared to other groups (Modestino & Paulsen, 2023). In addition, using machine 

learning techniques, Davis and Heller (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 unemployment rates. However, this subgroup with 

better predicted employment outcome, also experienced an increase in nonviolent crime 

arrests (J. M. V. Davis & Heller, 2017).  

These findings discussed above brings to the foreground the importance of 

exploring heterogeneity in program effects. Examining whether and how SYEP impacts 

crime in different subgroups can uncover patterns that might be masked when looking at 

the full sample, showing that a program can be effective, not as a whole, but for certain 

groups of individuals. Identifying the individual or programming factors that influence 

the effectiveness of SYEP helps narrow down the target population, potentially 
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illuminating subgroups not initially considered to be a main target by practitioners. For 

instance, the participants that experienced the greatest benefit on employment (i.e., more 

engaged in school, less likely to have a criminal record) from Davis and Hellerôs (2020) 

study were not the typical demographic that is often targeted by employment programs. 

Depending on the outcomes of interest for evaluators, the subgroups that respond best to 

SYEP may be different. Knowing who responds best to the program and what 

programming components are most effective can help direct limited funds to the people 

and programs that matterðgiven that we live in a resource ñlimitedò world. Additionally, 

examining treatment heterogeneity can help clarify the mechanisms underlying the 

SYEP-arrest relationship 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 on who benefits the most from SYEP and why, further 

highlighting the need for more investigations into program outcome variability.  

Chapter Summary 

Employment is an important part of an individualôs life, especially for youth 

transitioning into adulthood. Early work experiences have many benefits, but they also 

carry some risks. Supportive jobs that provide a structure for learning and do not interfere 

with school are generally beneficial to youth, whereas intensive work hours (i.e., more 

than 20 hours per week) during the school year can have negative consequences (e.g., 

Apel et al., 2008; Carr et al., 1996; Staff et al., 2010; Staff & Uggen, 2003). Summertime, 

when schools are out, can present opportunities for development and risks for problem 
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behaviors (Sepúlveda & Hutton, 2019). Therefore, creating ways to foster growth for 

youth in the summer is a prime concern.    

Summer youth employment program (SYEP) has been a popular job initiative to 

keep young people engaged over the summer with the goals of providing work 

experience, improving future employment prospects, and potentially reducing youth 

offending. Leaders and city administrators often cite ways in which SYEP can combat 

crime. However, theories about its impact on arrests are mixed. Some theories suggest 

that SYEP can reduce arrests by offering a structured and supervised workplace, which 

decreases unstructured socializing and keeps youth away from trouble, ultimately leading 

to less arrests (Osgood et al., 1996). Additionally, SYEP is theorized to strengthen 

participantsô involvement to conventional institutions, build their human capital and life 

skills, and change their peer networks, all of which can discourage criminal behaviors 

and lower arrest risks (Agnew, 2006; Becker, 1968; Gottfredson & Hirschi, 1990; 

Hirschi, 1969; Warr, 2002). Conversely, some theories propose that the SYEP might 

increase youth arrests. This could occur if the program inadvertently exposes youth to 

potentially risky situations or if the necessity of commuting to work increases their 

exposure to arrests when they would have otherwise stayed at home. There are also 

concerns that the income earned through SYEP could be used for drugs and alcohol, 

which might raise the likelihood of arrests.  

Evidence shows that SYEP delivered on some, but not all, of its goals and 

intended outcomes. The programs are successful in boosting certain academic outcomes 

(e.g., attendance) but not others (e.g., college enrollment) (Leos-Urbel, 2014; Modestino 
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& Paulsen, 2023; Valentine et al., 2017). They are also associated with improving 

contemporaneous employment and earnings for participants, but these benefits do not 

always extend over the long term (Gelber et al., 2016; Modestino, 2017). Notably, these 

low-intensity programs have the potential to reduce certain types of crime (Heller, 2014; 

Kessler et al., 2022), unlike other highly intensive and expensive job training programs 

(Nguyen et al., 2023). In addition, SYEP impacts vary across different youth, depending 

on factors such as age, gender, race/ethnicity, and risk level, indicating that the program 

is possibly more effective for those in greater need. 

Efforts to test heterogeneity have focused on individual-level characteristics (e.g., 

race/ethnicity, etc.), with little focus on the contextual influence of participantsô 

residential neighborhoods. Scholars have alluded to the importance of neighborhood 

context on youth programming outcomes. For example, Kessler and colleagues (2022) 

suggest that SYEP participation may shape youthôs exposure to the police, proposing that 

ñit is possible that while SYEP participants work they are spending less time in more-

heavily policed neighborhoods, or that participants in SYEP keeps youth óoff the streetô 

and, therefore, less exposed to patrol officers and the associated possibility of being 

arrestedò (p.19-20). There has been little systematic evidence that addresses the question 

of contextual influence raised by prior studies. Thus, this dissertation aims to investigate 

how program effects differ by neighborhood context. I evaluated the NYC SYEP from 

2006 to 2008, and in the next chapter, I explore the ways in which youthôs residential 

context can influence the programôs effectiveness.   
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Chapter 3. Contextual Influences of the Neighborhood  

The notion that the 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 outcomes (Chyn & Katz, 

2021; Leventhal & Brooks-Gunn, 2000; Sampson et al., 2002; Sharkey & Faber, 2014). 

Even accounting for individual-level attributes, neighborhood characteristics still 

influence residentsô mental and physical health, education, cognitive ability, earnings, 

exposure to violence, delinquency and offending, and a range of other outcomes (e.g., 

Chetty et al., 2016; Clampet Lundquist & Massey, 2008; Elliott et al., 1996; Gibson et 

al., 2009; Katz et al., 2001; Sampson et al., 2008). Various mechanisms have been 

proposed in the effort to explain contextual influences on individual development. I will 

use Bronfenbrennerôs bioecological theory as the general framework to understand how 

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

Bronfenbrennerôs Bioecology of Human Development 

Bronfenbrennerôs bioecology of human development lays out an organizing 

framework for understanding the dynamic relationship between individual development 

and the broader context. According to this theory, human development is the product of 

the interactions between individuals and their environments. The original framework 

proposes that a personôs ñenduring environmentò consists of two broad layers 

(Bronfenbrenner, 1974).18 First, the upper layer consists of the immediate settings a 

 
18 The evolution of Bronfenbrennerôs theory from its inception until the death of Bronfenbrenner in 2005 

can be categorized in three phases (Rosa & Tudge, 2013). The framework discussed above utilizes the first 

phase of his theory which set forth the ecological theory 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 immediate 

setting is later defined as the microsystem of an individualôs ecological environment. The 

interrelations among these microsystems and the joint impact that these settings have are 

considered the individualôs mesosystem.  

The second layer is the supporting (or surrounding) layer where the upper layer is 

embedded. It includes formal and informal social structures plus geographic and physical 

spaces that ñlimit and shape what can and does occur in the immediate settingò 

(Bronfenbrenner, 1974, p.3). In this layer, the exosystem captures all the context that a 

person is in, including the immediate settings that directly involve the individual and the 

settings which a person is not directly a part of but still indirectly influence them.19 The 

broadest ecological environment is the macrosystem which encompasses overarching 

structures, like institutional norms and culture, that affect lower ecological settings.  

In this framework, a typical youthôs mesosystem in the summer is the collection 

of major settings that they are directly involved in. This can include people and activities 

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

 
famous four ecological environments ï microsystem, 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 three, the most mature form of the theory, defined 

ñproximal processò as the center of human development. Proximal processes, along with person 

characteristics, context, and time, were proposed to be the four elements that influence human 

development. The framework that captures these elements is coined the ñProcess-Person-Context-Timeò 

model, with ñprocessò being the most important part of the phase three theory (Bronfenbrenner, 2001).  
19 A common example of a setting that does not directly involve a person in the exosystem is a parentôs 

workplace. A child does not directly interact with the social and physical features in their parentôs work 

environment, but what happens at work can have indirect 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 outcomes, the supporting layer of youthôs residential 

neighborhood is an important context to study. This layer shapes how youth spend their 

time and with whom they interact in these summer activities. The remainder of this 

chapter will explore the ways in which neighborhood context as part of the supporting 

layer can influence youthôs immediate settings and behaviors.20   

Social Disorganization and Opportunity  

Place has played an important role in the study of crimeðfrom Guerryôs (1833) 

and Queteletôs (1842) observations of crime concentration in France in the 1800s to Shaw 

and McKayôs (1942) seminal work in social disorganization. Scholars have long noted 

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). Despite population turnover, these patterns 

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

 
20 Contrary to later and common usage of Bronfenbrennerôs bioecological theory, the theory is more than 

ñcontext influences development.ò Since its inception, Bronfenbrenner has made it clear that both the 

person and the environment affect one another, and that both shape developmental outcomes. As best 

described by Bronfenbrenner in the early formulation of the theory: ñThe ecology of human development is 

the scientific study of the progressive, mutual accommodation, throughout the life span, between a growing 

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 which the settings are embeddedò (Bronfenbrenner, 1977, p.514). From the 

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 project investigates 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 

disorganization, which posits that while 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 

population heterogeneity, can attenuate residentsô ability to collaborate and regulate their 

shared spaces (i.e., social disorganization), which in turn can lead to crime and 

delinquency (Shaw & McKay, 1942). The systemic perspective later emphasized that 

structural characteristics disrupt the formation of cohesive networks between residents, 

which makes it difficult to stop crime in their neighborhoods (Kornhauser, 1978; 

Sampson & Groves, 1989). According to this view, it is social disorganization, not the 

individual behaviors or structural disadvantage, that directly contributes to crime. For 

example, residential stability is associated with stronger local ties and lower crime rates 

in a neighborhood (Bellair, 1997; Sampson & Groves, 1989). However, other studies find 

that dense social networks do not always lead to less crime (Browning et al., 2004; 

Wilson, 1996). Sampson and colleagues (1997) later added to the social disorganization 

perspective that strong ties between residents alone are not sufficient to establish social 

control. What is missing is ñcollective efficacy,ò which refers to the willingness and 

capacity of residents to act together towards a common goal (i.e., a crime-free 

neighborhood). High levels of structural disadvantage disrupt not only the social ties 

between residents but also the collective efficacy needed to exert control over public 

behavior. Communities characterized by disadvantage find difficulty in forming strong 
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collective efficacy, leading to a greater likelihood of crime in these places. Indeed, 

empirical evidence supports the notion that collective efficacy is weakened in 

neighborhoods of high structural disadvantage and that these neighborhoods with low 

collective efficacy have higher crime rates (Morenoff et al., 2001; Sampson et al., 1997). 

Collective efficacy is negatively associated with violent victimization, homicides, and 

juvenile delinquency (Morenoff 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 within the broader community context. As 

Sampson (2002) illustrated, some ways in which collective efficacy contributes to the 

control of public spaces enabling residents to monitor children's play, intervene to 

prevent issues like truancy and loitering, and address disturbances in public areas. Low 

collective efficacy suggests that neighbors are less willing to intervene and supervise the 

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 characteristics of an individualôs surrounding have the 

potential to shape the emergence and consequences of youthôs unstructured socializing. 

Maimon and Browning (2010) find that neighborhoods with concentrated disadvantage 

exhibit lower levels of unstructured socializing among youth, but the relationship 

disappeared when controlling for collective efficacy. In contrast, places with high 

collective efficacy tend to have greater levels of unstructured socializing with peers. This 
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finding suggests that residents living in highly disadvantaged environments with low 

collective efficacy may be less inclined to let their children engage in unsupervised 

public activities (Furstenberg et al., 1999). Moreover, 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, 2010).  

In line with social disorganization and opportunity perspectives, SYEP can 

provide a supervised and structured environment where youth can productively 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 neighborhoods are often exposed to more 

criminogenic situations (Wikström & Butterworth, 2006). In such areas of high 

disadvantage and low collective efficacy, residents are less likely to intervene in the 

unstructured socializing of local youth. Therefore, SYEP may be more beneficial for 

participants living in disadvantaged neighborhoods over the summer, as it 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 and in their own residential area. For some young people, remaining at home is 

seen as a proactive way to evade trouble and avoid police surveillance (Fader, 2023). 

Recent research indicates that adolescents in Columbus, OH spend most of their waking 
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hours at home, followed by being in other neighborhoods, with the least amount of time 

in their own residential area (Browning et al., 2021). Adolescents who are living in 

economically disadvantaged areas tend 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 those from disadvantaged neighborhoods, because 

they might spend much time indoors or may frequent different neighborhoods. Even 

worse, program participation might inadvertently increase exposure to criminogenic 

opportunities by requiring participants to travel away from home for work. In this case, 

SYEP could potentially raise the risk of arrest for participants in disadvantaged 

neighborhoods because the program introduced the potential for more opportunities for 

crime.  

Jobs and Resources   

Resources are unevenly distributed across a city, and neighborhood structural 

characteristics can exert influence on youth outcomes indirectly through critical resources 

that are important for development (Jencks & Mayer, 1990). Leventhal and Brooks-Gunn 

(2000) define these institutional resources for youth as including ñthe availability, 

accessibility, affordability, and quality of learning, social, and recreational activities, 

childcare, schools, medical facilities, and employment opportunitiesò (p.322). Sampson 

and colleagues (2002) paint a broader picture, describing institutional resources as ñthe 

quality, quantity, and diversity of institutions in the community that address the needs of 

youthò (p.458).  
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The location of youthôs residence can tangibly affect the range and accessibility of 

productive activities throughout the year and over the summer. Impoverished 

neighborhoods often lack essential institutional resources, such as libraries, recreational 

facilities, and parks where youth can engage in safe and constructive activities (Briggs, 

2005; Furstenberg & Hughes, 1997; Jencks & Mayer, 1990; Small & McDermott, 2006; 

Small & Newman, 2001; Wilson, 1987).21 Recreation areas and youth organizations has 

been linked to a reduction in crime rates in disadvantaged areas (Gardner & Brooks-

Gunn, 2009; Guest, 2000; Kubrin & Stewart, 2006; Peterson et al., 2000). Youth 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 in more affluent communities. The limited opportunity for 

organized activity is also associated with delinquency and other problem behavior (Elliott 

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

 Availability for employment in a community is impactful for youth in 

disadvantage. While 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 use in general (Bachman & Schulenberg, 1993; Mortimer et 

al., 1996; Steinberg et al., 1993; Steinberg & Dornbusch, 1991), some studies show that 

employment programs targeting youth from low-income backgrounds can encourage 

better school engagement and reduce delinquent behaviors. These benefits potentially 

arise from the provision of income or adult supervision (Leventhal, Graber, & Brooks-

 
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, 2001; Newman, 1999; Sullivan, 1989). Thus, these findings suggest that job 

opportunities can have differential influence on youth outcomes depending on the 

neighborhood context (Leventhal & Brooks-Gunn, 2000). 

SYEP may act as a compensatory mechanism, providing additional resources and 

support to mitigate the disadvantages faced by youth in underserved neighborhoods. 

SYEP offers participants income and work that would otherwise be harder to find for 

youth living in disadvantaged communities. This income can support participants and 

alleviate the economic strain linked to crime (Agnew, 2006), making the program 

particularly beneficial for 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. 

The resource mechanism also suggests SYEPôs impact may extend beyond the short 

term. The job experience, financial workshops, and other trainings can build participantsô 

social and human capital (i.e., capacity formation), potentially leading to lasting benefits 

(Modestino, 2019). Thus, SYEP may have greater long-term effects for young people in 

disadvantaged communities by providing job opportunities and training that are often less 

available compared to more affluent neighborhoods. 

Continuing the capacity formation perspective, what 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 community colleges (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 (SNAP). A common concern is that weak social network and ties 

may hinder the ability for information about these services to reach residents even if 

resources do exist in disadvantaged communities (Wilson, 1987). Therefore, SYEP might 

be particularly effective in disadvantaged neighborhoods by raising awareness and 

connecting youth to these critical resources to the extent that these services contribute 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 take better advantage of SYEP due to 

their access to a wider range of resources that can enhance their employment experience 

(Leventhal & Brooks-Gunn, 2000; Peterson & Krivo, 2009; Wen et al., 2003). They often 

have more reliable transportation, better technology, and higher-quality educational 

resources, which can facilitate easier participation and more effective performance in 

their jobs. These youth typically have access to better invested career and academic 

counseling as well, which can help them leverage their SYEP experience to secure future 

employment or higher educationðboth of which are associated with lower arrests. 

Moreover, youth in less disadvantaged neighborhoods may be able to focus more on 

learning and growth because they face fewer financial barriers to program participation, 
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such as expenses for transportation, work attire, and other employment-related costs. The 

advantages may foster more meaningful engagement in the program and potentially lead 

to even lower arrests for these youth. 

Police Activity   

On top of neighborhood disadvantage, local law enforcement can significantly 

shape the consequences of youth activity and unstructured socializing. Historically, 

police activity has been concentrated in certain urban neighborhoods, with a longstanding 

pattern of targeting Black communities and communities of color (Hinton & 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 policing strategies, driven by the zero 

tolerance and broken windows, channeled greater police presence, surveillance, and 

arrests in minority and low-income communities (J. A. Fagan et al., 2010; Howell, 2015). 

As a result, disadvantaged neighborhoods tend to experience greater police activity and 

more aggressive policing tactics (Kane, 2002; Klinger, 1997; D. A. Smith, 1986; Terrill 

& Reisig, 2003). It is no surprise, then, that where youth live can determine the likelihood 

of police encounters due to these differential law enforcement patterns across 

neighborhoods.  

Both police behavior and youth behavior are influenced by the broader context in 

which they are embedded (Sharkey & Faber, 2014; Slovak, 1986; D. A. Smith, 1986). 

Research reveals that police are more aggressive and punitive in low-income and high-
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crime neighborhoods (Bayley & Mendelsohn, 1969; Black, 1976). For instance, Terrill 

and Reisig (2003) show that officers use greater levels of force when encountering people 

in areas characterized by disadvantage and crime.  

Young people in disadvantaged neighborhoods are also more likely to get stopped 

and arrested by the police (E. Davis & Langton, 2018). Those living in areas with high 

levels of legal cynicism and residential dissatisfaction with the police often experience 

even more frequent police contact (Chenane et al., 2020; Zimmerman & Messner, 2011). 

Frequent police contacts not only increase an individualôs likelihood of arrest but are also 

associated with higher rates of future offending and violence (Chenane et al., 2020). 

Further, Chenane and colleagues (2020) find that the impact of police contact can vary 

based on the neighborhoodôs conditionsðpolice contact has a more negative impact on 

youth in communities with higher levels of satisfaction with law enforcement, while 

arrests are more detrimental for youth living in neighborhoods of high legal cynicism. 

The first part suggests that police contact may be worse for youth in ñbetterò 

environments where a negative encounter is more salient when they are not used to 

experiencing risk factors in their daily life (Chenane et al., 2020). 

Increased local law enforcement activity can influence the consequences of 

unstructured socializing. Youth who socialize with their friends in public areas may be 

more exposed to officers in areas of greater police presence. Hence, unstructured 

socializing is more likely to end in arrest because of the higher chances of police contact.  

At the same time, visible police presence may signal disorder and crime in a 

neighborhood (Sampson, 2013), which may lead to adolescents spending less time 
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outside due to greater parental restrictions (Furstenberg et al., 1999). If so, SYEP might 

increase the likelihood of police encounters by bringing participants out of their home for 

work.  

During the study period, youth in NYC also face a particular form of police 

contact known as stop, question, and frisk (SQF).22 This controversial tactic allowed the 

NYC Police Department (NYPD) officers during the period of the data. to stop and 

question pedestrians under ñreasonable suspicionò of danger and, in certain 

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 administration (2002-2013), SQF was heavily used by 

NYPD officers. Between 2006 to 2008, NYPD officers made around 500,000 stops, on 

average, per year, peaking at nearly 686,000 stops at the height of SQF policy in 2011. 

However, the federal court ruling in Floyd v. City of New York in 2013 deemed the 

NYPDôs practice of SQF practice unconstitutional and that they the 4th Amendment right 

which prohibited unreasonable 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 

proportions of poor, minority residents. Of the ten police precincts with the highest stop 

rates, nine are in neighborhoods with more than 80 percent residents of color, and six are 

in neighborhoods where more than 90 percent are residents of color (New York Civil 

Liberties Union, 2023). Almost all ten police precincts with the highest stop rates also 

 
22 Stop, question, and frisk is a tactic that NYPD officers still use currently. Though, officersô current use 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 

research pointing to greater surveillance and policing in disadvantaged minority 

communities (Hinton & Cook, 2021), SQF activity reflects this pattern. The differential 

SQF activity across areas and its impact on youth outcomes contribute to the potential for 

geographic differences in 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 productive, structured activities. This could make 

the program more effective in places with higher police activities. However, if 

individuals not in SYEP generally stay indoors during the summer, or if participants 

would have remained indoors had they not been selected, then the need to travel to work 

could increase their exposure to police encounter due to the additional time spent 

outdoors. In such cases, SYEP might increase arrests in neighborhoods with higher police 

activities.  

The Racialized Nature of Neighborhood Context 

Historical and systemic oppression in this country have led to a significant 

overlap between spatial patterns of neighborhood disadvantage, policing practices, and 

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

color to certain inner-city neighborhoods, fueling the concentration of poverty in these 

areas (Massey & Denton, 1993). These policies, rooted in racism, also prevented Black 

people the opportunity and ability to accumulate capital, creating large inequalities across 
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multiple social and economic domains. This 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, 2016). The most disadvantaged 

communities are predominantly minority, especially Black, with almost no majority-

White neighborhoods suffering similar levels of disadvantage as Black neighborhoods 

(Peterson & Krivo, 2005; Wilson, 1987). Notably, Black and White residents typically 

occupy neighborhoods at opposite ends of the disadvantage spectrum, with minimal 

overlap in the middle (McNulty, 2001). 

These ñseparate and unequalò neighborhoods often face limited educational and 

employment opportunities, more aggressive policing, higher crime rates, and 

disinvestment of public and private institutions (Erickson & Highsmith, 2018; Faber & 

Drummond, 2024; Kwate et al., 2013; Wilson, 1987). Residents of these areas, 

overrepresented by people of color, are exposed to greater levels of crime and violence 

(Aizer, 2008; Stein et al., 2003). White segregation exacerbates these issues in minority 

neighborhoods, as the departure of White residents often leads to the loss of resources 

and investments, resulting in a concentration of advantages in predominantly White 

neighborhoods (Krivo et al., 2009; Massey & Denton, 1993). The negative impact of the 

racial structure extends far beyond crime and criminal justice, affecting health, education, 

employment, and general wellbeing (Williams & Collins, 2001). For example, residing in 

disadvantaged neighborhoods increases an individualôs risk of heart disease even after 

accounting for education, income, and other biological and behavioral risk factors (Diez 
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et al., 2001). Overall, inequities across the board are interrelated and reinforce one 

another. 

New York City is 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, 2011). Like other major cities, the racial/ethnic 

makeup of NYC neighborhoods correlates strongly with socioeconomic status. On 

average, majority-White areas have the highest average income, proportion of college 

educated residents, and highest homeownership rates (Furman Center, 2011). In contrast, 

neighborhoods with a mix of racial/ethnic minorities (i.e., those where the share 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 

college-educated residents (Furman Center, 2011). Although the racial/ethnic 

composition and population in neighborhoods have changed over the years, the 

concentration of poverty and disadvantage has persisted (Furman Center, 2011).23  

The consequence of residential segregation spans all aspects of life for people of 

color. As Peterson and Krivo (2010) points out, ñrace itself is a core organizing construct 

that operates to generate the patterns, sources, and consequences of crime and criminal 

justice.ò Residential segregation reinforces marginalization and inequality, with policing 

as part of the system. A discussion on neighborhood context, especially disadvantage and 

policing, cannot be separated from a framework of race. Thus, neighborhood mechanisms 

 
23 Even though the city remains racially segregated, there has been evidence of Black-White desegregation 

in the past couple decades (Alba & Romalewski, 2012; Furman Center, 2011). In contrast, the Asian and 

Hispanic population has grown and has become more concentrated. (Furman Center, 2011) 
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discussed earlier in this chapterðsocial disorganization, jobs and resources, and 

policingðshould be examined through the lens of racial structure. It is also important to 

recognize that a youthôs own race/ethnicity can shape their experience within this 

racialize contextðthe dissertation specifically focuses on this aspect. 

First, structural conditions in a neighborhood, like poverty and residential 

instability, hinder residentsô collective efficacy to control crime. Racial disparities in 

crime often arise not from inherent differences among racial groups, but from the unequal 

distribution of disadvantage and its correlates (i.e., racial invariance thesis) (Sampson et 

al., 2018; Sampson & Wilson, 1995). Higher rates of violence in Black communities can 

be attributed to living in areas characterized by a higher concentration of structural 

features predictive of crime. This suggests that the relationship between concentrated 

disadvantage and crime rates is relevant across different racial groups, highlighting that 

disparities in crime and arrests are closely tied to the social and economic context in 

which these groups reside (Sampson et al., 2018). Overall, there is some empirical 

support for this hypothesis (Krivo & Peterson, 1996; McNulty, 2001; Shihadeh & Shrum, 

2004).  

Second, segregation often creates neighborhoods with fewer or lower quality 

resources such as schools, employment, reliable transportation, grocery stores, health 

centers, safe housing, and parks and recreational facilities (Allard, 2009; Wolch et al., 

2005). Race and poverty work in tandem, driving disinvestment in neighborhoods and 

reinforcing inequities. For example, Small and McDermott (2006) find that while the 

neighborhood poverty rate is positively associated with number of commercial 
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establishments (e.g., grocery stores, restaurants, etc.), this number declines as the share of 

Black residents increases. Neighborhood racial composition also conditions government 

funding for local organizations (Garrow, 2014). Specifically, the poverty rate in an 

organizationôs location is associated with greater government funding, but this 

relationship is reversed in areas of high proportions of Black residents. Notably, there is a 

stark difference in the availability of job opportunities between neighborhoods. Low-

income and urban Black and Hispanic communities often have fewer suitable jobs 

available near their residenceða phenomenon scholars call ñspatial mismatch,ò with 

little overlap between the location of jobs and areas where low-income and minority 

households reside (Andersson et al., 2014; Kain, 1964, 1968). Hence, Black and Hispanic 

people have a more difficult and expensive time finding and accessing employment 

(Squires & Kubrin, 2005). For youth of 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 disproportionately present in areas of high disadvantage and 

minority communities (Chambliss, 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 how neighborhoods shape police 

interactions with youth. Research suggests that while the circumstances and residential 

context matter in how White youth are treated by the police, Black youth are consistently 

treated poorly, with more frequent stops and aggressive confrontations regardless of their 

residential location (Brunson, 2007; Brunson & Weitzer, 2009; Raphling et al., 2019). 
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This is further exemplified by Black youth living in urban disadvantaged neighborhoods, 

who characterized their encounters with the police as ñregular routines,ò highlighting the 

frequency of such interactions (Jones, 2014).  

The stop, question and frisk tactic in NYC has faced criticism for 

disproportionately targeting people of color. Black and Latino residents are consistently 

being stopped at high rates, consisting about 80 percent of all stops made between 2006 

to 2008 (NYCLU, 2023). Black New Yorkers were being stopped at eight times the rate 

for White people, and Latino individuals were stopped 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 White individuals (Scrivener et al., 2020). Young people were 

also disproportionately stopped at higher rates compared to other age groups, with almost 

half of stops including people between 15 to 24 years old, despite making up only 15 

percent of the population in NYC (NYCLU, 2023). Young people of color were stopped 

and frisked at the highest rate of all demographic groups, and they had the highest rate of 

force being used against them (NYCLU, 2023; Scrivener et al., 2020). Despite a drop in 

the total number of stops since 2013, the racial and age disparities in stops persist 

(Scrivener et al., 2020). 

Altogether, youthôs individual race/ethnicity and their neighborhood structural 

characteristics may condition how the summer jobs program affects criminal justice 

outcomes. 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 group. Kessler and 
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colleagues (2022), who find racial/ethnic differences in SYEP effect on arrests, suggest 

that the context of where youth live and how it interacts with their own race can bring 

more nuance to the varying impacts of SYEP on arrests. According to the racial 

invariance perspective (Sampson & Wilson, 1995), disadvantage may impact SYEPôs 

effect on arrests similarly for all racial groups by either limiting or increasing youthôs 

exposure to criminal opportunities and the police. If SYEP reduces arrests by providing 

job opportunities that would otherwise be lacking, Black and Latinx youth in 

disadvantaged neighborhoods might benefit more compared to their peers in more 

advantaged neighborhoods. This is particularly relevant given their higher barriers to the 

labor market (Hossain & Bloom, 2015; Squires & Kubrin, 2015). In contrast, White 

youth in similar conditions might experience minimal short-term benefits 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 mitigates their 

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 activity, Black youth generally experience a higher likelihood 

of arrest regardless of their neighborhood (Brunson, 2007; Raphling et al., 2019), and 

both Black and Latinx youth are at greater risks (Huizinga & Elliott, 1987). Therefore, 

Black and Latinx youth living in heavily policed areas might experience a larger 

reduction in arrests due to SYEP participation if the program offers a safe, structured, and 
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supervised environment away from violence and heightened police presence compared to 

other Black and Latinx youth living in less policed neighborhoods. However, this 

relationship could be reversed if youth in heavily policed neighborhoods tend to stay 

indoors (Ferstenberg et al., 1999). Then, commuting to work increases their exposure to 

the police and the risks of being stopped is higher for Black or Latinx individuals in 

highly policed areas. In line with the expectations for White youth explored earlier, 

White youth in heavily policed neighborhoods might experience slightly lower or higher 

arrest risks compared to their counterparts in less policed places, depending on whether 

SYEP mitigates or increases police exposure to participant.  

The long-term effects of SYEP on criminal justice outcomes may also vary by 

race/ethnicity. In the long run, a two-month summer program may not be enough to have 

a meaningful impact on participants, particularly for Black and Latinx youth who live in 

disadvantaged areas and experience substantial structural barriers to success. Thus, the 

effect of SYEP on crime might be shorter lasting for minority youth in impoverished 

places compared to those in more affluent areas, as participants return to their 

environments of disadvantage after the program ends and face the same obstacles and 

discrimination that limit the long-term effectiveness of the program. White youth from 

more advantaged backgrounds might be better situated to take advantage and benefit 

from the program compared to those in more disadvantaged neighborhoods, leading to 

more sustained benefits from the program due to their relatively better initial conditions 

and access to opportunities. Therefore, 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  

In sum, young peopleôs daily lives are directly influenced by their immediate 

settings and by the broader supporting layer of the environment (Bronfenbrenner, 1974). 

Participation in SYEP as the immediate setting can shape youth behavior, yet the 

supporting layer of where youth live can also influence program outcomes. This chapter 

laid out how residential context can be important in explaining the variations in SYEPôs 

effect on arrest. Specifically, residential neighborhoods may matter through access to 

opportunities for crime, distribution of available resources, and proximity to law 

enforcement.  

Markers of disadvantageðsuch as poverty, single-parent households, and welfare 

receiptðtend to cluster spatially. Residents in areas with high disadvantage have a harder 

time forming mutual trust and preventing social and physical disorders in their public 

spaces (i.e., collective efficacy), which can result in higher crime rates (Sampson et al., 

1997). Weakened collective efficacy in these neighborhoods suggests that residents are 

less likely to monitor or intervene in local youth activities, creating more opportunities 

conducive to crime. In addition, police activity tends to be higher and more aggressive in 

disadvantaged communities, increasing police encounters and the chances that youth 

unstructured socializing will end up in arrests (E. Davis & Langton, 2018; Fagan et al., 

2010; Howell, 2015; Kane, 2002). Lastly, the availability of resources and job 
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opportunity in a place can shape youth routine activity and their ability to develop human 

capital (Gardner & Brooks-Gunn, 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 policies and police practices has led to a pattern where areas with high 

disadvantage are predominantly occupied by people of color, especially Black individuals 

(Hinton, 2016; Hinton & Cook, 2021). Black and Latinx individuals also face 

discrimination and disparities in access to resources, the job market, police interactions, 

and arrest rates (Andersson et al., 2014; Brunson, 2007; Small & McDermott, 2006). 

Therefore, neighborhood context can influence the effectiveness of SYEP, potentially 

varying by disadvantage and police activity depending on participantsô race or ethnicity. 

This dissertation systematically examined whether and how SYEP effects spatially vary.    
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Chapter 4. Current Study, Data, and Methods 

Current Study 

In the past two decades, researchers have been assessing 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 program is not the same across participants 

(Heller, 2014; Gelber et al., 2016; Kessler et al., 2022). However, prior research mostly 

focused on heterogeneous program effects by participantsô demographic or individual 

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 youth criminal 

justice outcomes.  

My first research question asked whether 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, I expected to find variation in SYEP effect by 

youthôs residence location. Therefore, before looking into the context of neighborhoods, I 

first tested the following hypothesis to establish the presence of geographic differences: 

H1: The effect of SYEP on arrests varies by the ZIP code 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 of the second research question is to examine if  disadvantage and 
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police activity influence the contemporaneous effect of SYEP for program participants, 

and the other part of the second research question explores long-term program effects. 

For the purpose of this analysis, neighborhoods were defined as the ZIP code (or ZIP 

Code Tabulation Area, ZCTA) where youth were living at the time of SYEP 

application.24  

Social disorganization and opportunity perspectives suggest that neighborhoods 

with high disadvantage typically exhibit low collective efficacy and can present more 

criminogenic opportunities for youth due to unstructured socializing (Sampson, 2002; 

Wikström & Butterworth, 2006). Disadvantaged neighborhoods tend to have fewer 

resources and opportunities for young people to safely spend their time as well (e.g., 

recreational facilities, job opportunities, etc.) (Jencks & Mayer 1990). SYEP allows 

youth to be engaged in developmentally productive activities over the summer in a 

supervised and structured workplace. Therefore, participants may have fewer chances to 

be in situations conducive to crime, leading to lower arrests during the program. In 

disadvantaged neighborhoods, where there are fewer alternative job opportunities 

compared to advantaged neighborhoods, the income and work offered by the program 

can also support participants more by reducing economic strain or increasing the 

marginal cost of crime (Agnew, 2006; Becker, 1968). Conversely, if youth in 

disadvantage neighborhoods would have otherwise spent more time at home (Browning 

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

 
24 ZIP 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 increases their likelihood of 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 in more advantaged neighborhoods. 

In addition to disadvantage, police presence in a neighborhood shapes local arrest 

patterns and the likelihood of police encounters (D.A. Smith, 1986; Terrill & Reisig, 

2003). In places with high law enforcement activity, the probability of police contact 

increases, making the outcome of unstructured socializing more consequential. Hence, in 

highly policed neighborhoods, being at work through SYEP participation may reduce the 

likelihood of youth interacting with police, leading to a greater reduction in arrests during 

the summer. This 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 youth living in heavily policed neighborhoods remain indoors during the 

summer was a way to avoid deviance 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 can interact to influence SYEP outcomes. Youth 

living in communities characterized by both high disadvantage and high police activity 

are exposed to the greatest risk of criminal justice contact. SYEP might have a more 

pronounced impact on these individuals, either significantly reducing or potentially 

increasing arrests. The effect depends on the interplay between these two contextual 

factors and the mechanisms discussed aboveðthe protective role of SYEP in mitigating 

risks and 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. 

SYEP may have lasting effects on criminal justice outcomes beyond the 

programôs duration (e.g., Heller et al., 2014; Modestino, 2019). By providing 

employment and training, SYEP helps participants build human capital and learn 

important values and skills, such as responsibility, self-regulation, and conflict-

resolution, which may contribute to reducing criminal justice contact (Modestino, 2019; 

Valentine et al., 2017). Two potential outcomes arise. One, according to the resource 

compensatory perspective, SYEP might be more effective in reducing arrests in the years 

immediately following the program for youth living in disadvantaged areas where such 

opportunities are typically less accessible (Jencks & Mayer, 1990; Leventhal & Brooks-

Gunn, 2000). However, the effectiveness of these benefits may diminish quickly because 

participants return to environments with limited resources and opportunities after the 
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program concludes. Thus, I expect that youth in more disadvantaged places will 

experience a greater decrease in arrests shortly after the program ends, but this effect will 

likely wane over time. On a different note, based on the capacity formation idea, youth in 

more advantaged communities might experience greater long-term benefits from SYEP 

because they are better positioned to capitalize on the program. Access to better resources 

enhances job performance and prospects, which can enable participants from these areas 

to sustain program benefits longer. As a result, participants from more advantaged areas 

may have lower arrest rates over time compared to their counterparts in disadvantaged 

neighborhoods. 

H5-1: The SYEP will lead to a larger decrease in arrests for applicants living in 

more disadvantaged neighborhoods compared to more advantaged neighborhoods in the 

immediate years following the program, but this effect is 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.  

The third research question asked whether the program effects differ based on the 

intersection of neighborhood characteristics and youthôs racial/ethnic identity. Given the 

historical context of race, discrimination, housing pattern, and policing, youth of color 

may experience different program outcomes depending on where they live (i.e., the level 

of disadvantage and police activity in their neighborhoods). Black and Latinx youth often 

experience greater difficulty in obtaining a job, higher rates of police encounters, and 
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increased likelihood of arrests (Scrivener et al., 2020; Hossain & Bloom, 2015; Rosenfeld 

& Fornango, 2017). Living in disadvantaged neighborhoods and places with high police 

activity may further exacerbate these issues. For instance, police interactions are such a 

common experience for Black youth in these neighborhoods that they are described as 

ñregular routinesò (Jones, 2014). If SYEP reduces arrests by offering job opportunities 

and taking youth ñoff the streets,ò participating in SYEP may be particularly beneficial 

for Black and Latinx youth in disadvantaged and heavily policed neighborhoods 

compared to their peers in more advantaged, less-policed areas. However, if commuting 

for SYEP increases exposure to criminogenic risks and police scrutiny, Black and Latinx 

youth in these neighborhoods may face higher arrest rates during the program, reflecting 

the interplay between individual race and neighborhood dynamics (Raphling et al., 2019).  

Alternatively, although White youth generally experience less job market 

discrimination and have lower baseline arrest rates (Austin, 2023), their experiences may 

differ based on neighborhood conditions. Specifically, White youth living in 

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

residing in more affluent, less-policed neighborhoods (Sampson & Wilson, 1995). While 

the SYEP may still have an impact on White youth, the effect may be smaller. I anticipate 

that White youth in more disadvantaged and heavily policed places will experience lower 

arrest rates if the program keeps them away from risks, whereas those in similar contexts 

might be more vulnerable to arrests if travelling for work exposes 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 in more advantaged 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 in more advantaged neighborhoods. 

H6-3: The SYEP will lead to either a larger increase or a larger decrease in in-

program arrests for White applicants living in more disadvantaged neighborhoods 

compared to those in more advantaged 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 for White applicants living in more heavily policed neighborhoods 

compared to those in neighborhoods with less police activity. 

The long-term effects of SYEP may also vary by race, presenting several potential 

outcomes. If SYEP positively alters participantsô trajectories by offering resources, 

teaching skills, and removing individuals away from risky situations, its impact on 

reducing arrests could persist beyond the programôs duration, at least in the short term 
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(i.e., compensatory idea). For Black and Latinx youth, particularly those from 

disadvantaged neighborhoods, SYEP may offer more substantial benefits by providing 

access to otherwise scarce job opportunities and resources that can build skills and human 

capital, potentially leading to lower arrest rates immediately after the program summer. 

However, the programôs long-term effectiveness might be limited by the cumulative 

effects of disadvantage and discrimination experienced by these groups, which could 

result in diminished impacts of SYEPôs benefits over time. Therefore, Black and Latinx 

youth in disadvantaged neighborhoods might experience a greater reduction in arrests 

shortly after the program summer compared to their counterparts in more advantaged 

neighborhoods, though this effect is likely to diminish over time.  

In contrast, for White youth, the benefits of SYEP in reducing arrests may be 

more enduring in advantaged neighborhoods, as they are better equipped to leverage the 

program (i.e., capacity formation idea). White youth from more affluent areas typically 

have access to better resources and opportunities, along with fewer barriers and less 

discrimination in the job market. These advantages may allow White participants from 

these areas to sustain the benefits of SYEP longer. Consequently, White youth in more 

advantaged neighborhoods may maintain lower arrest rates over time compared to their 

White peers in disadvantaged neighborhoods.   

H8-1: The SYEP will lead to a larger decrease in arrests in the years immediately 

after the program for Black applicants living in more disadvantaged neighborhoods 

compared to those in more advantaged neighborhoods, and this effect will diminish over 

time.  
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H8-2: The SYEP will lead to a larger decrease in arrests in the years immediately 

after the program for Latinx applicants living in more disadvantaged neighborhoods 

compared to those in more advantaged neighborhoods, and this effect will diminish over 

time.  

H8-3: The SYEP will lead to a larger decrease in arrests in the years after the 

program for White applicants living in more advantaged neighborhoods compared to 

those in more disadvantaged neighborhoods. 

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

beginning with a description of the data.  

Data 

SYEP Administrative Data 

Administrative data on SYEP applicant information came from the NYC 

Department of Youth and Community Development (DYCD), the agency that 

administers the program. The data included information on first-time SYEP applicants 

from 2005 to 2008,25 including personal identifiers (e.g., name, birthdate, social security 

number, etc.), the SYEP provider the individual applied to, whether they won the lottery, 

whether they enrolled in the program, and other demographic variables such as race, age, 

and citizenship status. There was a total of 57 providers that youth could apply to during 

the study period of 2006 to 2008.  

 
25 The 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 had applied in 2004 and reapplied in 2005 will appear in the dataset with 

the 2005 information. While for another person who had applied in both 2005 and 2006 (regardless of their 

lottery results), I only have their 2005 information.  
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The data also included the ZIP code of applicantsô residential address. ZIP code 

was used to link information on youthôs ecological surroundings, such as police activity 

and neighborhood characteristics. Due to confidentiality, the New York State Division of 

Criminal Justice Services (DCJS) suppressed ZIP code information provided by DYCD if 

there were at less than 500 applicants living in a ZIP code in the data, resulting in 12,075 

applicants missing ZIP codes (4.09 percent). ZIP code was the only location indicator in 

the data that offered sufficient granularity for analysis. While borough-level information 

is also available, it is too broad to effectively capture the context of youthôs residential 

neighborhoods. I analyzed the 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 Data 

Criminal justice records were provided from the New York State Division of 

Criminal Justice Services (DCJS). The dataset contained all arrest records until March in 

2015 for individuals aged 16 years and older.26 This means that applicants in the 2006 

SYEP have an almost nine-year follow-up period after the program ended and 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 

 
26 In New York State, not all arrests and convictions are included in an individual's criminal historyðonly 

those associated with fingerprintable charges are recorded. Violations, infractions, and many local 

misdemeanors, or misdemeanors related to non-Penal Law offenses, are not fingerprintable and therefore 

do not appear in the criminal history system, unless accompanied by a fingerprintable charge. 

Consequently, the available data encompassed all arrest records but did not account for every arrest. 
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younger than that were sealed.27 These data included deidentified demographic 

information (e.g., race, sex, etc.), 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 records by 

DCJS using applicantsô identifying characteristics (name, date of birth, social security 

number). The matching was performed by DCJS using a four-tier matching procedure 

(Kessler et al., 2022).28 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 the fully  deidentified dataset after matching SYEP 

applications to criminal justice records.  

The American Community Survey (ACS) 

Neighborhood structural characteristics were from the five-year estimates of the 

2011 American Community Survey (ACS) which included information from 2007 to 

2011. Even though the 2011 ACS did not cover the first year of this evaluation, it is 

suitable for this project for two main reasons. First, the ACS had the most comprehensive 

information at the ZIP code tabulation area (ZCTA) level.29 Second, the Census Bureau 

 
27 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 procedure (see Kessler et al., 2022 for detailed description 

of the matching method and Tahamont et al., 2021 for a discussion on the consequence of linking error and 

biases). The matched data shared were deidentified by DCJS. 
29 ZIP 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 five-year estimates of the ACS at the ZCTA level until 2011, so the 2011 

ACS provided the most contemporaneous information on the NYC neighborhoods for the 

study period, including information needed to measure neighborhood disadvantage.  

New York City Stop, Question, and Frisk (SQF) Data  

Since 2003, the New York City Police Department (NYPD) has been releasing 

annual, de-identified records of stop, question, and frisk (SQF) activity to the public. I 

used SQF records from 2006 to 2008. These datasets comprised information of the nature 

and outcomes of every stop that an NYPD officer conducted during the year, including 

the precinct where the stop occurred, the time and date, whether the stop was indoors or 

outdoors, type of crime suspected, personôs demographics, whether the person was 

searched, frisked, arrested, and whether weapons or contrabands were recovered. The 

location of stop was also provided, and the x, y coordinates were available for records 

after 2006. Because applicantsô residential information from the DYCD was at the ZIP 

code level, I aggregated the SQF data to match that unit (details on this process are 

discussed below).  

Analytic Sample 

The sample was already restricted to youth who were applying to SYEP for the 

first time during 2006 to 2008; more specifically, the 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 Bureau produced 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 codes. https://www.census.gov/programs-

surveys/geography/guidance/geo-areas/zctas.html   

https://www.census.gov/programs-surveys/geography/guidance/geo-areas/zctas.html
https://www.census.gov/programs-surveys/geography/guidance/geo-areas/zctas.html
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the dataset.30 For the final analytic sample, I included applicants who 1) were 16 years or 

older at the start of the program (55.40 percent) and 2) are not missing ZIP code 

information (95.91 percent of those who were 16 or older).31 First, 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 lived.  

The sample restriction criteria yielded a final sample of 129,098 individuals.32 

The applicants in the analytic sample lived in 117 different NYC ZIP codes. Appendix 

Table A4 demonstrates differences in demographic characteristics between the analytic 

sample and applicants excluded from the sample. In general, the individuals excluded 

from this analysis were on 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 

were younger and were less likely to have an arrest record. Looking at youth who did not 

have missing values in their ZIP code information, those excluded live in neighborhoods 

that were on average more disadvantaged and with higher stop rates (per 1,000). The 

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

 
30 There were 295,006 first-time applicants for SYEP during 2005 to 2008 in the dataset from 

DYCD/DCJS. 
31 The full data provided from DYCD/DCJS had information on applicants from 2005 to 2008. I only 

analyzed the program from 2006 to 2008 due to major data limitation in SQF data. Prior to 2006, the SQF 

data from the NYPD did not have x, y coordinate information for the location where the stops occurred. 

They only provided street and intersection address of the stop location, but this street address field was 

largely missing (91.2 percent). Consequently, this severely constrained the 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 data, this sample size was smaller than that of Kessler et al (2022) due to one 

less year of program applicants and missing values on applicantsô ZIP code information.  
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Measurement 

Dependent Variables 

Arrest during and after the program. In-program arrest was an indicator (1= 

arrested) for whether youth were arrested during the time of SYEP (i.e., July to August of 

application year). I also created indicators for whether youth were arrested up to six years 

after the program ended, specifically at one-year, two-year, three-year, four-year, five-

year, and six-year intervals. The first-year post-program period ran from September of 

the application year to August in the following year, while two-year period extended 

from September of the program year to August two years later, and so on. Given that the 

data included criminal justice records up to March 2015, the longest follow-up window 

consistently observed for all applicants was six years. These post-program arrest 

variables captured whether an individual was arrested at all during the follow-up period 

(e.g., the two-year follow up indicator was 1= arrested in the two years after SYEP 

ending). Long-term measures of various durations were used because the programôs 

effects are anticipated to accumulate or taper over time, and there is no evidence to 

suggest that SYEP would affect arrests exclusively during a specific year after its 

conclusion.  

Independent Variables  

InstrumentðWinning the lottery. The data included a binary indicator for whether 

the applicant was selected to participate in the SYEP program in that given provider and 

year (where 1= win, 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 provider-year conditional on application. During 

the entire study period, 53.3 percent of applicants won the lottery. Appendix Table A1 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 enrolled. The table also compares the 

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 estimate the impact of 

program participation on arrests. 

Participation in program. The 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 SYEP ended up participating (75.8 percent for all three 

years), thus winning the lottery was a good predictor of SYEP participation.  

Neighborhood Characteristics 

Concentrated Disadvantage. Consistent with recent literature on neighborhood 

disadvantage (e.g., Krivo et al., 2018; Lyons et al., 2013, 2023), I measured disadvantage 

using the mean of the standardized scores (z-scores) of six variablesðpercent of the 

employed population with secondary sector low-wage jobs,33 jobless rate for the working 

age population (age 16 to 64),34 percent of the employed population with management, 

professional and related occupations (reverse-coded), percent of female-headed 

households, percent of the population age 25 and over who had at 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) material moving.  
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 rate. This index was designed to capture the 

broader concept of neighborhood concentrated disadvantage.35 A higher score on this 

index indicates, on average, greater structural disadvantage in the neighborhood. The 

disadvantage index was calculated at the ZCTA level.  

InstrumentðHistorical Tuberculosis (TB) Prevalence Rate (1949-1951). 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 I accessed through the New 

York City Municipal Archives and Library. It detailed the average TB prevalence rates 

and death rates (per 100,000 population) in each health area from 1949 to 1951.36 The 

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 cases that had resumed activity. The 

rate was calculated by the authors using the 1950 Census. 

I digitized the TB records and the map of the 1940 health areas. I estimated the 

TB prevalence rate at the ZCTA level by weighting the areas of overlap between ZCTA 

boundaries in the study period and health area boundaries from the 1940 revision. This 

process was carried out using ArcGIS, with further details provided in Appendix B.  

 
35 By consolidating various aspects of disadvantage into a single measure, the index can help address 

multicollinearity issues caused by the high correlation among individual factors (see Appendix Table C3). 

It also simplifies the interpretation of results, allowing me to analyze changes in program effects based on 

the disadvantage index. However, the intervals of an index 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 Association, 1956).  
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Police Presence. Police presence in the neighborhood was measured using the 

SQF stop rate per 1,000 residents. In-program 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 2011 ACS.37 This 

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.  

InstrumentðBartik-Style SQF IV. I used a modified Bartik-style instrument, 

consistent with Weisburd and colleagues (2016), to study SQF activity. The instrument 

was created using: 

ὄὥὶὸὭὯ
ὛὗὊ ὛὗὊ

ὛὗὊ
 

( 1 ) 

where ὛὗὊ  is the number of stops in the city, excluding the borough that ZCTA Ὦ is in, ὸ 

refers to the period of SYEP (July and August of program year), and ὸ ρ is the 

immediate two months prior to SYEP start. The Bartik instrument can 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 duration. This approach uses 

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

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

 
37 In 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. 



 

 

 

93 

 

capture changes in policing practices or other broader factors that are not directly 

influenced by local crime rates or the conditions within individual ZCTAs. 

Controls  

Demographic Characteristics. The applicantôs demographic information was used 

to test for balance and were included in the analyses as control variables. Sex was coded 

as 1=male and 0=female. Race/ethnicity was recorded on a single dimension in the data 

as non-Hispanic White, non-Hispanic Black, Hispanic/Latino, and other race.38 Age was 

calculated based on the applicantôs age at the start of SYEP (i.e., July in the year they 

applied). U.S. Citizenship was an indicator of whether the applicant has citizenship. 

Family members recorded the size of the applicantôs family at the time of application.  

Analytic Plan 

The SYEP program allocation acted like a natural experimentðrandom 

assignment to treatment condition outside the hands of a researcher. Random assignment 

of the program allowed me 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 characteristics were averaged out across the 

two groups, leaving the only difference between them the assignment of the SYEP. Thus, 

any differences 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, I will refer to youth who are non-Hispanic White as White and 

youth who identify as non-Hispanic Black as Black. More granular racial/ethnic categories were also 

available in the data, including American Indian, Asian (non-Hispanic), and Pacific Islander. Because of 

the size of these groups, I 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, I ran a t-test of difference in means between the treatment and 

control group for each of the pre-randomization covariates. If the tests reveal significant 

differences in various characteristics between the treatment and control groups, it would 

raise concerns about the fidelity of randomization. It is also important to note that a 

balance test cannot confirm that proper randomization occurred; it merely provides 

evidence suggesting that randomization might not have been conducted correctly. 

My first hypothesis investigated whether there was geographic variation in the 

effect of SYEP. I employed the following model of arrest outcomes on being selected to 

participate in SYEP (winning the lottery) using Ordinary Least Squares (OLS) regression. 

The OLS model assessed whether program effects vary by the youthôs residential ZIP 

code.      

ὃὶὶὩίὸ ‍ ‍ὡὭὲ ‍ὤὍὖ ‍ ὡὭὲ ὤὍὖ ╧♫ Ὡ  

( 2 ) 

ὃὶὶὩίὸ  was whether youth Ὥ of SYEP in program year Ὦ had been arrested in time ὸ 

(i.e., in-program, and one to six years after program ends), ‍ was the constant, and 

ὡὭὲ  was the binary indicator of lottery outcome (1=winner). ὤὍὖ  was a matrix of 

dummies that indicated the ZIP code where youth Ὥ lived, and ὡὭὲ ὤὍὖ  was the 

products of lottery outcome and the ZIP code indicators. ╧ was a matrix of covariates, 

including the provider-year of the lottery, represented by an interaction between the 

application year and provider, because the randomization happened at this level. Ὡ  

denoted the error term. ‍ was the intent-to-treat (ITT), or average treatment effect 
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(ATE), of the SYEP on arrest outcomes. Because the purpose was to assess whether there 

was variation based on the youthôs residential location, I conducted a post-estimation F-

test to determine if any of the estimated program effects for the ZIP codes differed from 

each other. The test was intended to examine descriptively whether there was geographic 

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

greater or smaller effects. Therefore, I did not interpret the individual coefficients from 

this analysis.  

To estimate the treatment effects of SYEP on arrest outcomes for the remaining 

hypotheses, I employed an instrumental variables (IV) approach, consistent with prior 

research (Gelber et al., 2016; Kessler et al., 2022). Since not all youth selected for SYEP 

participated, the average treatment effect (ATE) may underestimate the actual impact of 

the program. Additionally, youth who ended up participating may have observable and 

unobservable differences compared to nonparticipants that can influence the programôs 

impact on arrests. An instrumental variable method addresses this by accounting for 

actual program participation and estimating the local average treatment effect (LATE) of 

SYEP. Using lottery assignment as the instrument and participation in the program as the 

first stage outcome, this approach allowed me to calculate the effect of participating in 

SYEP compared to those who did not participate because they were not selected, 

specifically focusing on the LATE for the compliersðyouth who participated in SYEP 

only because they were selected and would not have participated otherwise.  

 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., 
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independence assumption) and only influenced the arrest outcome through the 

endogenous treatment variable, program participation (i.e., exclusion restriction; Angrist 

& Pischke, 2009; Wooldridge, 2010). In other words, the lottery was a random process 

and was only related to youthôs arrest outcome through their participation status in SYEP. 

The instrumental variables approach also assumed monotonicity, such that being selected 

in the lottery only increases the likelihood of participation, not decreasing it (i.e., 

assuming there are no defiers39).  

In general, I estimated the effect of participating in SYEP on arrest outcomes: 

ὃὶὶὩίὸ“ “ὖὥὶὸὭὧὭὴὥὸὩ╧░▒Ⱬ ό  

( 3 ) 

Similar to the model estimating treatment effects in the first hypothesis, ὃὶὶὩίὸ was a 

binary indicator of arrest in time ὸ (i.e., in-program and one to six years post-program) 

for individual Ὥ who participated in the lottery in year Ὦ. ὖὥὶὸὭὧὭὴὥὸὩ was whether an 

individual enrolled in SYEP (1= participated). ╧░▒ was a matrix of control variables 

including the provider-year of the lottery. ό  was the residual. The standard errors were 

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

 
39 Because there was noncompliance in assignment to the program and receiving the program, individuals 

could be categorized into groups based on their potential and actual assignment and treatment status ï 

compliers, always-takers, never-takers, and defiers. The monotonicity assumption of IV estimation assumes 

that there were no defiers ï youth who always did the opposite of what their assignment is. For instance, 

youth who would only participate in SYEP if they were not selected for it, and vice versa. Always-takers 

were youth who would always participate in SYEP regardless of whether they were chosen by the lottery or 

not, while the never-takers are the oppositeðyouth who would not enroll in SYEP regardless of whether 

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

distinguished, same with the compliers and never-takers.  
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to arrest outcomes, I used the results of the lottery as an instrument in the following first 

stage model: 

ὖὥὶὸὭὧὭὴὥὸὩ— —ὡὭὲ ╧░▒Ᵽ ’  

( 4 ) 

ὡὭὲ was an indicator of winning the lottery (being selected for the program, 1= win), 

╧░▒ was a matrix of the same control variables in Equation (2), and ’  was the residual. I 

employed two stage least square (2SLS) regression in Stata to estimate  “, the overall 

LATE of SYEP on arrests.  

Hypotheses 2 to 8 explored the context of participantsô neighborhoods. 

Specifically, the second and third hypotheses tested whether the SYEP was more 

effective for participants living in more disadvantaged and heavily policed ZCTAs. 

However, neighborhood structure and characteristics, such as levels of disadvantage and 

policing, were not randomly assigned to youth and were endogenous to the model. This 

endogeneity arises because neighborhood factors can be shaped by unobserved variables 

that may also influence arrest outcomes. To address this issue and isolate exogenous 

variation, I utilized two additional instruments: 1) the average historical tuberculosis (TB) 

prevalence rate from 1949 to 1951 in NYC neighborhoods for the disadvantage index, 

and 2) a Bartik-style shift-share instrument to account for variation in the police SQF 

activity.  

As discussed previously, in an 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 regressor (in this case, neighborhood 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 

confounders, such as factors affecting both neighborhood characteristics and individual 

arrest risk. A key assumption of the IV approach is exclusion restriction, which requires 

the instrument be uncorrelated with the outcome except through its influence on the 

endogenous variable (Angrist & Pischke, 2009; Wooldridge, 2010). This 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 assumption (Angrist & Pischke, 

2009; Wooldridge, 2010). I argue that the two neighborhood-level instruments may be 

valid and appropriate for this analysis for several reasons. 

The first instrument, historical TB prevalence rate in a neighborhood, could serve 

as a valid instrument for the neighborhood disadvantage during the program period as it 

reflected long-standing health and socioeconomic conditions of an area. Higher TB rates 

are often related to persistent poverty, crowded living conditions, inadequate healthcare, 

and larger socioeconomic challenges (Lönnroth et al., 2009), even though TB was 

historically a common issue across socioeconomic groups (New York Tuberculosis and 

Health Association, 1956).40 The instrument satisfies the relevance assumption because 

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

 
40 When 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 greater proportion of population unemployed.  
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disadvantage today.41  The TB rate from more than five decades prior to the study period 

was unlikely to directly affect contemporary youth behavior or arrest outcomes, but 

rather influence disadvantage through the historical impact on neighborhood conditions. 

Importantly, historical TB rates should not directly influence arrests unless mediated 

through their effect on present-day disadvantage. For 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 arrests. Thus, historical TB prevalence rate meets both relevance and exogeneity 

assumptions for a valid instrument.  

A potential concern is that historical TB rates could have long-term social or 

health effects that influence youth behavior in ways not captured by the disadvantage 

index. However, by using TB data from 1949-1951, the instrument captured structural 

conditions that persist into the present, rather than contemporary health or behavioral 

factors related to arrests. This should minimize the risk of the TB instrument being 

correlated with current factors influencing youth behavior and arrest outcomes. If the 

assumptions hold, the historical TB rate would be a valid instrument for capturing 

exogenous variation in neighborhood disadvantage. 

 
41 Using neighborhood data for all ZIP codes in NYC with a population greater than 1,000 and no missing 

data, the correlation between historical TB prevalence rates and the neighborhood disadvantage index 

(calculated from the 2011 ACS) was 0.18 (p=0.02). While this correlation is statistically significant, it is 

relatively small. In many IV applications, there is often a trade-off between 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 endogenous variable, 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 

captured a meaningful portion of the variation in the endogenous variable.     
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The second instrument, a Bartik-style shift-share instrument, isolates exogenous 

variation in SQF activity. The instrument was inspired by Weisburd and colleaguesô 

(2016) approach to study police SQF activity. This application is built on Bartik's (1991) 

methodology, which uses nationwide labor trends to capture exogenous changes in 

regional labor demand. Weisburd and colleagues (2016) apply this concept by using 

borough-level SQF trends to identify exogenous SQF shocks at the street segment level. 

Similar to Weisburd and colleague (2016), I created a simplified Bartik-style instrument 

that identified exogenous SQF shocks at the ZCTA level.  

The Bartik-style instrument satisfies the relevance assumption by capturing 

variation in SQF activity driven by exogenous factors such as changes in city-level 

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 crime trends were not 

directly correlated with neighborhood-specific factors that influence youth arrests, like 

local community dynamics.  

For the Bartik-style instrument to be valid, it must be uncorrelated with 

unobserved factors influencing youth arrests. The Bartik-style instrument meets this 

assumption by relying on broader, exogenous factors (e.g., city-level 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 trends would not 
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directly influence arrests unless mediated through increased police activity. By isolating 

this exogenous variation in policing, the Bartik-style instrument ensured that the observed 

effect on arrests was due to changes in policing practices, not confounded by local 

factors.  

While there are reasons to suggest that both measuresðhistorical TB prevalence 

and the Bartik-style SQF instrumentðare appropriate instruments for this dissertation 

analysis, there are potential 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. To minimize this risk, I used data from a period 

(1949-1951) far removed from the study period, ensuring little overlap with 

contemporary youth behavior or policing. The concern for the Bartik-style SQF 

instrument is that citywide factors influencing SQF activityðsuch as crime trends or 

shifts in policing prioritiesðcould correlate with unobserved factors affecting arrests. 

However, by focusing on city-level changes in policing, I attempted to minimize the risk 

of the Bartik-style instrument being correlated with neighborhood-level dynamics. 

The two neighborhood-level instruments employed were designed to address the 

endogeneity of the variables in the model. The historical TB measure provided 

exogenous variation in neighborhood disadvantage, independent of contemporary 

policing practices and arrest outcomes. Meanwhile, the Bartik-style instrument captured 

exogenous shifts in police activity, independent of individual behavior or local 

conditions. Violations of the relevance assumption could lead to weak instrument bias, 

resulting in biased and inefficient estimates (Angrist & Pischke, 2009; Wooldridge, 
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2010). Similarly, violations of the exclusion restrictionðwhere instruments are 

correlated with unobserved factors or directly influence the arrest outcomeðcould 

produce biased and inconsistent estimates. To mitigate these risks, I conducted robustness 

checks and utilized other diagnostic tests to assess the validity of the instruments (see 

Chapter 6. Robustness, Sensitivity, and Supplemental Results). Creation of the Bartik-

style IV as well as the historical TB prevalence rates are detailed in the measures section 

above. 

To assess how program effects were different by neighborhood disadvantage and 

policing patterns, I added in interaction terms to the 2SLS models in Equations (3) and 

(4):  

ὃὶὶὩίὸ‍ ‍ὖὥὶὸὭὧὭὴὥὸὩ‍ὅέὲὸὩὼὸ

‍ ὖὥὶὸὭὧὭὴὥὸὩὅέὲὸὩὼὸ ╧░▒♫ ‭  

( 5 ) 

The ὅέὲὸὩὼὸ  refered to the disadvantage index score (in Hypothesis 2) or the SQF stop 

rate (in Hypothesis 3) for youth Ὥôs neighborhood. ‍ was the coefficient for the 

interaction term. The interaction term was instrumented with the product of winning the 

lottery and the historical TB prevalence rate or the Bartik-style IV: 

ὖὥὶὸὭὧὭὴὥὸὩὅέὲὸὩὼὸ

‎ ‎ ὡὭὲ ὅέὲὸὩὼὸὍͅὠ ╧░▒♬ Ὡ  

( 6 ) 
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I calculated the estimated LATE for various values across the disadvantage index and 

SQF stop rate levels to interpret whether SYEPôs influence differed by local disadvantage 

and police activity.  

Hypothesis 4 investigated whether disadvantage and police activity combined 

would influence SYEPôs effect on arrests. I used a three-way interaction to test how the 

levels of neighborhood disadvantage and SQF stop rate together impact SYEP outcomes: 

ὃὶὶὩίὸ‍ ‍ὖὥὶὸὭὧὭὴὥὸὩ‍ὈὭίὥὨὺ ‍ὛὗὊ

‍ ὖὥὶὸὭὧὭὴὥὸὩὈὭίὥὨὺ ὛὗὊ ╧░▒♫ ‭  

( 7 ) 

Equation (7) also included the pairwise interaction terms of ὖὥὶὸὭὧὭὴὥὸὩ, ὈὭίὥὨὺ , 

and ὛὗὊ . The three-way interaction term was instrumented by ὡὭὲ Ὕὄ

ὄὥὶὸὭὯ. I used the post-estimation command margins to estimate the LATE of SYEP 

at different levels of neighborhood disadvantage and stop rates.  

The fifth hypothesis inspected how neighborhood disadvantage could impact 

long-term effects of SYEP on arrests. I used 2SLS to estimate the models in Equations 

(5) and (6) with one-year to six-year post-program arrest outcomes as the dependent 

variables.     

To test Hypotheses 6 and 7 regarding whether youthôs racial identity could play a 

role in how neighborhood characteristics influence SYEP effects, I ran the models in 

Equations (5) and (6) separately for youth who are Black, Latinx, and White.42 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 effects varied by neighborhood context for each 

racial/ethnic group, without comparing across the racial/ethnic categories. I 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 program could still be effective in the 

long run for youth who are Black, Latinx, or White and living in ZCTAs with high 

disadvantage. I estimated the 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 the two-stage least squares (2SLS) 

estimation used in the models, 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 as using lottery outcomes as an instrument estimates the LATE 

specific to lottery-induced participation, the LATEs for neighborhood disadvantage and 

SQF stop rates in the study reflect the impact of the endogenous variables influenced by 

the instrumentðnamely, 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, I first ran the 

endogenous models using OLS regression for each hypothesis, clustering standard errors 

at both the provider and ZIP code levels. These models were specified without 
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instruments such as lottery outcomes, TB prevalence, or Bartik-style 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 long-term 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 long-term 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 ñexogenousò impact through the 2SLS models with instrumental variables 

described above. These 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 disadvantage and SQF 

activity on both program participation and arrest outcomes. Moreover, the estimated 

SYEP impacts from the endogenous models are not restricted to compliers, unlike the 

2SLS analyses.   

Robustness and Sensitivity Analyses 

I conducted a series of supplemental analyses, including sensitivity tests to assess 

the results and assumptions of the models as well as robustness checks to test the model 

specification and analytic decisions. First, I estimated the ñreduced formò using Ordinary 

Least Square (OLS) regression. The reduced form regression estimated the intent-to-treat 

(ITT) of the SYEP program on arrest outcomes. Estimates from this analysis 

demonstrated the average treatment effect of being selected into SYEP on arrests, 
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regardless of whether youth ended up participating in SYEP or not. For some 

policymakers, because SYEP participation cannot be forced upon youth, it might be more 

informative to know the average impact of offering SYEP. I estimated the ITT with the 

following linear probability models:  

ὃὶὶὩίὸ ‍ ‍ὡὭὲ ‍ ὡὭὲ ὅέὲὸὩὼὸͅὍὠ ‍ὅέὲὸὩὼὸͅὍὠ ╧░▒♫

ό  

( 8 ) 

ὃὶὶὩίὸ‍ ‍ὡὭὲ ‍Ὕὄ ‍ὄὥὶὸὭὯὍὠ

‍ ὡὭὲ Ὕὄ ὄὥὶὸὭὯὍὠ╧░▒♫ ό  

( 9 ) 

Equation (8) was used to estimate the ITT for Hypotheses 2, 3, 5, 6, 7 and 8, and 

Equation (9) was used for Hypothesis 4. ὃὶὶὩίὸ  in the models was the arrest outcomes 

for individual Ὥ of application year Ὦ in time ὸ (i.e., in-program and one- to six-year 

follow up), ‍ was the constant, ὡὭὲ was whether the youth was selected for the 

program (1= winner). ὅέὲὸὩὼὸͅὍὠ was the historical TB prevalence rate or Bartik-style 

SQF IV, as instruments for disadvantage index or SQF stop rate, of the ZCTA where 

youth Ὥ lived. ╧ was a matrix of control variables including the provider-year indicator 

and ό  is the residual. Equation (9) also included the pairwise interactions of three 

variables in the three-way interactions. All  the models had standard errors clustered at the 

provider and ZIP code level. I used the post-estimation 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, I carried out a supplemental analysis by estimating the LATE of SYEP 

on arrest for each quartile of neighborhood disadvantage and SQF rates separately and 

using the 2SLS models in Equations (3) and (4). This 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 detecting a program 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 neighborhood context without including the neighborhood 

instruments in the model. This 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 neighborhood and interaction instruments. Although this method provided 

insights into the effects of SYEP within specific quartiles, the downside was that it would 

be difficult to compare between different quartiles of disadvantage and SQF rates. This 

contrasted with the 2SLS models with interaction terms used in the main analysis, which 

enabled such comparisons. 

Third, to improve the predictive power of TB prevalence rates as an instrument of 

neighborhood disadvantage, I employed two categorical representations of the TB 

instrumentðquartiles 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 disadvantage (see for example, Tahamont, 2013). Consequently, I ran the models 

using both of these alternative TB measures. 

Fourth, I also ran the models using alternative measurements for arrest outcome, 

neighborhood disadvantage, and police activity. It is likely that SYEP can reduce the 

number of times youth were arrested on top of the likelihood of ever getting arrested. 

Therefore, I created arrest counts for the same time periods as the main analysis aboveð

in-program and up to six years post program. The number of arrests was zero for youth 

who have never been arrested in the respective timeframe. The arrest frequency measures 

were cumulative, encompassing 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 youthôs future outcomes by either creating compounded advantages or reinforcing 

disadvantages (Kurlychek & Johnson, 2019). I used a cumulative measure because there 

was no reason to believe that SYEP would have specific effects limited to a single year 

after the program ended; rather, the programôs impact is expected to accumulate over 

time.  

Another way that prior research has measured concentrated disadvantage is by 

looking at neighborhood measures of percent poverty, receipt of public assistance, 

percent unemployment, percent female-headed households, and the density of children 

under 18 years old (Sampson et al., 1997, 2008). Consistent with these studies, principal 
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component analysis (PCA) was used to predict the disadvantage score from the above 

inputs. I used this alternative measure to capture disadvantage in the robustness analysis. 

On top of the alternative disadvantage measure from PCA, I also used the 2000 

Census to represent characteristics of youthôs neighborhoods at a time prior to the study 

period. I obtained neighborhood-level information from the 2000 Census through the 

NYC Department of City Planning.43 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 

code-level 2000 Census information from the NYC Department of City Planning did not 

have measures on occupation (secondary sector jobs and manager or professional 

positions), joblessness, and percent female-headed households. I ran the main analyses 

with an adjusted measure of disadvantage index, created from the mean z-scores of the 

two variables available from the 2000 Census: percent 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 activity in the robustness check, I measured rates for SQF stops 

conducted on youth aged 16 to 21 for each ZCTA during the two months of SYEP. This 

measure was derived in a similar fashion to the SQF stop rates (per 1,000) in the main 

analysis and focused specifically on police stops targeting individuals within the SYEP 

age group.    

 
43 https://www.nyc.gov/site/planning/planning-level/nyc-population/socio-tables-2000.page  

https://www.nyc.gov/site/planning/planning-level/nyc-population/socio-tables-2000.page
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Chapter 5. Results 

Table 1 shows basic descriptive statistics for the full analytic sample. The pool of 

SYEP applicants in the sample were on average 17 years old, which fell on the younger 

end of the distribution even after restricting 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 applicants were mostly Black or Latinx (47.4% and 25.7%), and the sample 

had slightly more female (55.3%) than male (44.7%) applicants. These characteristics are 

consistent with the age, sex, and racial makeup of SYEP participants over the years 

(SYEP Annual Summary, 2007, 2008, 2015, 2018, 2019, 2023).  

A little over three percent of applicants had been arrested prior to the start of their 

SYEP summer and about 1.7 percent had been convicted. During the two months of 

SYEP, less than one percent of applicants were arrested, with those who were typically 

facing one arrest (average of 1.14 arrests). Arrest rates increased each year after the 

program ended. By the year after SYEP, under four percent of applicants had an arrest 

record, rising to over ten percent by the sixth year. On average, those arrested in the year 

after the program had 1.8 arrests, and over the entire six-year period, applicants 

accumulated an average of three arrests. While a handful of individuals were arrested 

multiple times, most had only one arrest during this time.   

Around 43 percent of youth were from Brooklyn, the most populated borough in 

NYC, followed by the Bronx (23.4%). On average, SYEP applicants were living in 

neighborhoods with higher disadvantage compared to the mean level of disadvantage in 
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the city. Their neighborhoods also experienced an average stop rate of 11.37 per 1,000 

residents during the youthôs application summer. The stop rate for the whole NYC during 

the two summer months in 2006 to 2008 was over 9 stops per 1,000 residents, suggesting 

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

city. Youth who applied to SYEP also lived in 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 Tables A5 and A6). However, there are notable 

differences. Black applicants were much more likely to have prior arrests (4.4%) and 

convictions (2.4%) compared to Latinx 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 group, a pattern consistent with prior research (National Academies of 

Sciences, Engineering, and Medicine, 2022). Additionally, Black and Latinx applicants 

typically came from neighborhoods with higher disadvantage and more frequent SQF 

stops. Specifically, the average area that Black and Latinx applicants were from 

experienced 13.8 and 11.5 stops per 1,000 residents during the program summer, which 

was nearly double the stop rates for youth who were White (5.9 stops).   
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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 [In-Program]i 11.37 8.53 1.25 43.45 

   Proportion Whiteii  0.217 0.229 0.007 0.868 

   Proportion Blackii 0.348 0.282 0 0.916 

   Proportion Hispanic 0.325 0.224 0.041 0.779 

   Proportion Other Raceii 0.007 0.015 0 0.223 

   TB Prevalence Rateiii  1062.32 1310.90 20.95 8453.71 

   TB Death Rateiii  78.80 107.63 0.01 727.45 

Ever Arrested Outcomes (Cumulative)    
   In-Program 0.007 - 0 1 

   1 Year Post-Program 0.036 - 0 1 

   2 Year Post-Program 0.056 - 0 1 

   3 Year Post-Program 0.075 - 0 1 

   4 Year Post-Program 0.090 - 0 1 

   5 Year Post-Program 0.102 - 0 1 

   6 Year Post-Program 0.114 - 0 1 

Number of Arrests | Arrested (Cumulative)   
   In-Program 1.143 0.482 1 8 

   1 Year Post-Program 1.778 1.299 1 12 

   2 Year Post-Program 2.205 1.851 1 15 

   3 Year Post-Program 2.493 2.348 1 20 

   4 Year Post-Program 2.718 2.839 1 48 

   5 Year Post-Program 2.911 3.293 1 73 

   6 Year Post-Program 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 non-binary indicators), minimum value, and maximum value of each variable.  
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i The SQF Stop Rates are stop rates for each ZCTA during the program period calculated per 1,000 

residents.  
ii These are from the 2011 ACS data for proportion of the population in a ZCTA who are non-Hispanic 

White, non-Hispanic-Black, and non-Hispanic individuals who identify as other race (Asian, American 

Indian or Alaskan Native, Native Hawaiian or Pacific Islander, and other race). 
iii  The historical tuberculosis prevalence and death rates are calculated per 100,000 population at the time. 

These data are from 1949-1951.  

 

Figures 1 and 2 show the distribution of ZCTAs where SYEP applicants lived. 

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 because there were 

truly no applications or, more probably, because there were too few applicants (under 

500) in the DYCD data, which were suppressed by DCJS for confidentiality reasons.44 In 

Figure 1, the darker colors indicate areas with higher scores on disadvantage (quintiles). 

Many of the SYEP applicants were living 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 

higher stop rates in the city (‎ πȢσσς). Areas like Mott Haven in south Bronx, East 

Harlem in northeast Manhattan, and Bedford-Stuyvesant, Ocean Hill, and East New York 

in Brooklyn had both high disadvantage and SQF activity, whereas much of Staten Island 

and the east of Queens like Little Neck enjoyed lower disadvantage levels and SQF rates 

than the rest of the city. Though there is correspondence between stops and disadvantage, 

it is not perfect. Specifically, the figures also show that there were areas with higher 

 
44 Email correspondence with the New York State Division of Criminal Justice Services (DCJS) confirmed 

that most of the applicants with missing ZIP code information in the DYCD data are because they lived in 

ZIP codes with too few other applicants.  
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disadvantage and lower SQF stop rates like East Elmhurst in Queens and Borough Park 

and Sunset Park in Brooklyn, and vice versa such as Dumbo in Brooklyn and Midtown 

and Hellôs Kitchen in Manhattan.45  

 

 

Figure 1. Map of Disadvantage Index & ZCTA Residence for SYEP Applicantsô 2006-

2008  

 
45 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 may be other 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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Notes. The map shows the disadvantage index each ZCTA, with darker colors (quintiles) indicating higher 

levels of disadvantage. The size of the circular symbols represents the number of applicants residing in 

each ZCTA. Areas with no color are ZCTAs with populations under 1,000, primarily consisting of non-

residential areas such as commercial buildings or airports. 

 

 

Figure 2. Map of In-Program SQF Stop Rates (per 1,000) & ZCTA Residence for SYEP 

Applicants 2006-2008 
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Notes. The map shows the average SQF in-program stop rate (per 1,000) in each ZCTA, with darker colors 

(quintiles) indicating higher stop rates recorded in that area. The size of the circular symbols represents the 

number of applicants residing in each ZCTA. Areas with no color are ZCTAs with populations under 

1,000, primarily consisting of non-residential areas such as commercial buildings or airports. 

 

 

Youth who applied to SYEP were more likely to come from neighborhoods 

predominantly composed of non-White 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 and observations 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 non-White residents (National Academies of Sciences, Engineering, and 

Medicine, 2023). The correlation coefficients are ‎ πȢψπ between the percentage of 

White population and the areaôs disadvantage index, and ‎ πȢστ between the 

percentage of White population and SQF stop rates (see Appendix Table D1). 

 

 

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

Applicants 2006-2008 
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Notes. The map shows the racial composition of each ZCTA from the 2011 ACS, with darker colors 

(quintiles) indicating higher percentage of a racial/ethnic group in the population. Black refers to non-

Hispanic Black population, White refers to the non-Hispanic White population, and other race refers to the 

non-Hispanic other race population. The size of the circular symbols represents the number of applicants 

residing in each ZCTA. Areas with no color are ZCTAs with populations under 1,000, primarily consisting 

of non-residential areas such as commercial buildings or airports. 

 

 

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 one-, three-, and five-year post-program periods by ZIP code. The 

data revealed a pattern of clustering in the percentage of arrests across different ZIP 

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 risk of arrest for youth living in these areas. 

In the subsequent sections, I explored whether the effects of SYEP also varied based on 

youthôs residential locations. 
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The balance tests are reported in Table 2. There is no evidence to indicate that the 

SYEP-selected group was significantly 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 groups were indeed similar on average in unobservable characteristics. 

Nevertheless, the result of the balance tests does not suggest that the lottery was 

conducted inadequately. Balance tests by race, neighborhood disadvantage quartiles, and 

SQF stop rate quartiles also demonstrate that the treatment and control groups are 

balanced on pre-program measures (Appendix F and 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 Prior Arrest 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 [In-Program]i 11.925 8.714  10.879 8.327  0.808 

   Proportion Whiteii 0.190 0.214  0.241 0.239  0.677 

   Proportion Blackii 0.369 0.279  0.331 0.283  0.159 

   Proportion Hispanic 0.339 0.227  0.313 0.222  0.343 

   Proportion Other Raceii 0.007 0.015  0.007 0.015  0.184 

   TB Prevalence Rateiii  1137.48 1367.21  996.57 1255.90  0.149 

   TB Death Rateiii  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 standard deviation for the treatment and control groups, as 

well as the p-value of the difference in means between the two groups. The p-value was obtained via a 

regression of the covariates on being selected for SYEP for each provider-year. In other words, the p-value 

reflects the difference in the means within each provider-year since randomization occurred at the level of 

the provider-year. The mean values shown in the table represent the overall average in the analytic sample.     
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i The SQF Stop Rates are police stop rates in a ZCTA during the program period (July and August) 

calculated per 1,000 residents.  
ii These are from the 2011 ACS data for proportion of the population in a ZCTA who is non-Hispanic 

White, non-Hispanic-Black, and non-Hispanic individuals who identify as other race (Asian, American 

Indian or Alaskan Native, Native Hawaiian or Pacific Islander, and other race). 
iii  The historical tuberculosis prevalence and death rates are calculated per 100,000 population at the time. 

These data were from 1949-1951.  

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

 

Hypothesis 1  

 The first hypothesis examined whether there was a difference in how SYEP 

influence youth arrest across applicantsô ZIP codes. From the regression of arrest on 

winning the lottery (i.e., being selected for SYEP), a joint F-test of the estimated average 

treatment effect for each ZIP code (F=114.0, p<0.0001) suggests that SYEPôs effects on 

arrest were different in at least one of the ZIP codes compared to the others (Appendix 

Tables H1 and H2). Figure 4 graphs the estimated program effects on in-program arrests 

by neighborhoods. It reveals that in many of the neighborhoods, SYEP appeared to have 

no detectable effects on arrests, with estimates clustering around zero and no indication 

of increased or decreased arrests. At the same time, the figure also suggests that certain 

areas in the city might benefit from SYEP, while other areas might experience an 

increase in arrest rates associated with the program. Comparing Figure 4 to the 

distribution of disadvantage in Figure 1, areas with high levels of disadvantage seems to 

show either a reduction in arrests or zero effect from the program (e.g., the north of 

Staten Island and some parts in south Bronx). In contrast, some other areas with low to 

medium levels of 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 Manhattan). A visual comparison of Figure 4 with the map of SQF stop rates in Figure 
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2 indicates that the distribution of SQF activity and predicted program effects is slightly 

more ambiguous. While many ZCTAs with high SQF activity also show reductions in 

arrests or zero effect (e.g., East Harlem in Manhattan and Long Island City in Queens), 

there are instances where neighborhoods with higher and lower SQF saw an increase in 

arrests (e.g., Central Harlem in Manhattan and Pelham Bay in Bronx). This preliminary 

exploration indicates that neighborhood context might play a role in shaping the 

programôs impact, and there are variations as illustrated in Figure 4. This suggests that a 

more targeted investigation is needed into how disadvantage and SQF specifically 

influence program outcomes.    

 

Figure 4. Map of Estimated Program Effects (ITT) by ZCTAs 
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Notes. The map shows the estimated intent-to-treat (ITT) effects of SYEP on arrest for each ZCTA. Darker 

blue colors indicate a higher increase in arrests from the program. Darker orange colors indicate a greater 

reduction in arrests from the program. Areas with no color (shaded in 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.  

 

 

Hypothesis 2 and 3  

I first used ordinary least squares (OLS) regressions to estimate the endogenous 

treatment effects, specifically assessing how neighborhood disadvantage and SQF stop 

rates might moderate the programôs impact on arrests during the summer. These 

endogenous models did not include instruments for program participation, disadvantage, 
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or SQF activity, offering a picture of SYEPôs potential influence under these varying 

neighborhood conditions (see Appendix P for tables and figures). The interaction term 

between program participation and neighborhood disadvantage was not significant at the 

0.05 level (p<0.10, Table P1), but the estimated marginal impact of SYEP participation 

was significant in reducing the likelihood of in-program arrests for youth in more 

disadvantaged areas (Figures P1). For local policing activity, the interaction between 

SYEP and SQF stop rates was statistically significant and negative (Table P1), suggesting 

that SYEP participants had a lower likelihood of arrests compared to nonparticipants and 

the difference widened as neighborhood SQF stop rates increased (Figure P2). Results 

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 neighborhood disadvantage and 

SQF activity on both program participation and arrest outcomes. 

To address the issue of endogeneity, I applied an instrumental variables (IV) two-

stage least squares (2SLS) method to estimate the impact of SYEP on arrests by 

comparing participants and non-participants. Table 3 presents the results from the models 

assessing the differential impact of SYEP on the likelihood of in-program arrests, 

considering neighborhood disadvantage (Panel A) and SQF stop rates (Panel B). Overall, 

the trends from the 2SLS models were largely consistent with the endogenous models, 

though the endogenous models were more likely to suggest statistically significant 

program impacts. Prior to reporting the 2SLS reports in detail, it is important to note that 

unlike the endogenous models, the 2SLS models estimated 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 disadvantage, I do not observe a statistically significant 

interaction term, in other words, there were no significant differences in SYEP effects on 

whether youth were arrested during the SYEP period across the disadvantage index. 

Figure 5 illustrates the marginal effects of program participation by levels of 

neighborhood disadvantage. The trend is directionally negative, such that the 

contemporaneous arrest-reduction impact seemed to get larger as neighborhood 

disadvantage increase. However, this trend was not significant, and the effects of the 

program on arrests were not statistically significant across any level of disadvantage. 

Confidence intervals suggest that despite the program having null effects on reducing 

youthôs in-program arrests, it also did not increase them by much in some areas. For 

instance, for youth living in neighborhoods of slightly-above-average level disadvantage 

(disadvantage=0.715),46 the program at most increased oneôs chance of arrest by 0.02 

percentage points with a 95 percent confidence. This suggests that in those areas, the 

confidence interval could rule out an effect of 2.1 percent increase in arrest compared to 

nonparticipants.  

It remains inconclusive whether the program also does not increase arrests 

probability for youth living in more advantaged or more disadvantaged neighborhoods 

 
46 This value was around the average disadvantage level in neighborhoods where applicants in the sample 

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 larger, likely due to smaller sample size at each of these levels. A 

noteworthy aspect of the 2SLS results that warrants caution is the F-statistic from the first 

stage, which suggests that the overall instruments employed may be weak. The first-stage 

model assessed the relationship between the instruments (i.e., lottery results, historical 

tuberculosis prevalence rate, and their interaction) and the endogenous variables, which 

included program participation, neighborhood disadvantage, and their interaction. The 

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 participation. The overall F-statistic of 0.356 for the first-

stage regression implies that historical TB prevalence rate likely did not serve as a 

relevant instrument for neighborhood disadvantage, and the robust test statistic from 

Lewis and Mertens (2022) also points to a weak instrument. The use of weak instruments 

can lead to biased and inefficient estimates (Andrews et al., 2019; Angrist & Pischke, 

2009; Stock & Yogo, 2005), further suggesting that the results from the 2SLS should be 

interpreted with caution.47 The issue of weak instruments is further explored in the 

supplemental analyses discussed in a subsequent section.  

 
47 Diagnosing weak instruments typically involves analyzing the first-stage F-statistics, with values below 

conventional thresholds indicating potential concerns regarding instrument strength. The literature 

commonly identifies a threshold of F-statistics greater than 10. However, alternative thresholds exist based 

on the permissible level of bias (Stock & Yogo, 2005). It is recommended to utilize the effective first-stage 

F-statistics proposed by Montiel Olea and Pflueger (2013) for detecting weak instruments, as these are 

robust to nonhomoskedastic errors. It is important to note that this effective F-statistic is still under 

development for situations involving multiple endogenous regressors (Andrews et al., 2018). As the next 

best alternative, for the dissertation, I employed the Kleibergen-Paap rk Wald F-statistic, which does not 

assume homoskedasticity (Kleibergen & Paap, 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. I reported the Lewis and Mertens robust test statistic for the first stage in the results 
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Table 3. Instrumental Variable 2SLS Models Estimating SYEP Effects on In-Program 

Arrests  

  (1)   (2) 

Panel A: Disadvantage Index b (se) CI   b (se) CI 

SYEP Participation 0.035 -0.709 0.780  0.213 -0.659 1.085 

 (0.380)    (0.445)   

Disadvantage 1.215+ -0.219 2.649  1.096 -0.585 2.777 

 (0.731)    (0.858)   

SYEP x Disadvantage -0.220 -1.246 0.806  -0.442 -1.657 0.773 

 (0.524)    (0.620)   

F-statistic (FS) 0.343   0.356 

L&M Test Statistic (FS) 2.573  2.671 

        

Panel B: SQF Stop Rates b (se) CI   b (se) CI 

SYEP Participation -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 

 (0.031)    (0.025)   

SYEP x SQF 0.013 -0.060 0.086  0.0013 -0.080 0.083 

 (0.037)    (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 ever-arrested outcome variable 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 in a ZCTA during the program period calculated per 

1,000 residents. The control means are the percentage of 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 authors. Overall, 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 to be robust to weak instruments. Unfortunately, to my 

knowledge, there are currently no robust and established methodology in the field for correcting IV 

estimates or making inference robust in the presence of weak instruments when multiple endogenous 

regressors are involved. 
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SYEP. The F-statistic is the Kleibergen-Paap rk Wald F-statistic for the first stage. For the neighborhood 

disadvantage, the critical values calculated using Lewis and Mertensôs (2022) method are 312.14 for the 

model without control variables and 297.56 for the model with controls. For SQF stop rates, the critical 

values are calculated to be 308.56 for the model without controls and 250.25 for 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 on In-Program Arrests by Neighborhood 

Disadvantage   

 
Note: This figure graphs 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 activity, the 2SLS analysis 

did not indicate significant differences in the programôs effect on youthôs in-program 

arrests across the levels of SQF stops rates (Table 3 Panel B). Figure 6 presents the 

marginal effects of program participation in relation to neighborhood SQF rates. SYEPôs 

influence on arrest rates is not statistically significant at any level of SQF rates. The slope 

is flat, showing that the estimated program effects were zero for areas of high and 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 SYEP reduced in-

program arrests, it also did not significantly increase them. The program did not appear to 

elevate arrest probabilities for youth living in neighborhoods with slightly-above-average 
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SQF stop rates (SQF stop rates=11.8), the potential increase in arrest probability 

associated with SYEP participation was at most 0.0005 percentage points. This suggests 

that the confidence interval could rule out a 33.5 percent reduction in the possibility of 

arrests and a 0.07 percent increase.  

In areas of higher SQF stop rates, large variation limits the ability to precisely 

estimate the programôs effect. The F-statistics of 2.002 for the first stage and the Lewis 

and Mertensôs test statistic of 8.864 imply that the instruments used for in the 2SLS 

model for SQF stop rates were likely weak overall, suggesting that the results should be 

approached with caution.  

 

Figure 6. Predicted Program Effects on In-Program Arrests by SQF Stop Rates  

 

 
Note: This figure graphs 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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Hypothesis 4  

Disadvantage and policing are interconnected neighborhood factors that may 

jointly influence SYEP outcomes. The fourth hypothesis examined their combined 

impact through a three-way interaction of program participation, disadvantage, and SQF 

stop rates. Findings from the endogenous OLS models suggest that youth in 

neighborhoods with both higher disadvantage and higher stop rates experienced a 

reduction in summer arrests (Table P2 and Figure P3). For instance, the endogenous 

model estimated that SYEP participants in the high disadvantage (i.e., disadvantage 

index=2.336) and high stop rate (i.e., SQF one standard deviation above the mean) 

neighborhoods were 0.08 to 0.75 percentage points (or 9.7 to 95.3 percent) less likely to 

be arrested during the program compared to nonparticipants (Figure P3).     

Results from the 2SLS models that included instrumental variables of SYEP 

lottery, historical tuberculosis (TB) prevalence rates, and the Bartik-style instrument are 

presented in Table 4. I do not observe that the SYEPôs impact on in-program arrests 

differed significantly by neighborhood disadvantage and police stop activity, as evident 

in the non-significant interaction terms. Predicted 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 increased. The effects are more 
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precisely estimated in areas around the mean level of SQF activity (stop rate=11.37).48 

Similar to the previous findings, the first-stage F-statistic (F=0.004) and the Lewis and 

Mertens test statistic imply that the conclusions should be interpreted carefully. 

 

  

 
48 It is important to note that this represents the average level of SQF activity in neighborhoods where 

SYEP applicants in the sample resided (stop rate=11.37). In comparison, the citywide average SQF stop 

rate during the program was approximately 9.3 per 1,000 residents (SD=7.9).  
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Table 4. Instrumental Variable 2SLS Models Estimating SYEP Effects on In-Program 

Arrests (with Disadvantage and SQF Stop Rates) 

  (1)   (2) 

  b (se) CI   b (se) CI 

SYEP Participation 5.884 -98.205 109.972  6.112 -74.501 86.725 

 (53.107)    (41.130)   

Disadvantage -35.013 -487.093 417.067  -0.035 -54.095 54.026 

 (230.66)    (27.582)   

SYEP x Disadvantage  -10.711 -188.972 167.550  -10.910 -150.112 128.293 

 (90.951)    (71.023)   

SQF Stop Rate -1.971 -27.600 23.657  -0.017 -3.114 3.080 

 (13.076)    (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 SQF 0.830 -12.627 14.287  0.772 -9.979 11.523 

 (6.866)    (5.485)   

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 ever-arrested outcome variable 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 in a ZCTA during the program period calculated per 

1,000 residents. The control means are the percentage of arrests for applicants who did not participate in 

SYEP. The F-statistic is the Kleibergen-Paap rk Wald F-statistic for the first stage. The critical values 

calculated using Lewis and Mertensôs (2022) method are 822.23 for the model without control variables 

and 751.72 for 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 on In-Program Arrests by Neighborhood 

Disadvantage for Separate Values of SQF Stop Rates  

 
Note: This figure graphs the estimated local average treatment effect (LATE) of 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 predicted LATE are 

also displayed.  

 

Hypothesis 5  

SYEP might positively impact long-term criminal justice outcomes by helping 

disadvantaged youth develop important skills like responsibility and conflict resolution. 

These skills may reduce offending, which may ultimately reduce arrests, but the benefits 

may diminish as participants in disadvantaged areas return to their resource-limited 

neighborhoods after the program ends. Though, for youth in advantaged neighborhoods, 

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

reduction in arrests. The long-term results for endogenous models are presented in Table 
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P3 and Figure P4. The arrest outcomes for each follow-up period were inclusive, such 

that the arrest outcome for year six indicates whether youth were arrested at any point 

during the six years following the program. The interaction terms between SYEP 

participation and neighborhood disadvantage were not significant across most years, 

except for three years post-program (Table P3). Plotting the programôs impact by levels 

of neighborhood disadvantage reveals a general negative trend, indicating that SYEP 

participation was associated with lower arrest rates as neighborhood disadvantage 

increased. However, the marginal effects were generally not statistically significant 

(Figure P4).   

Table 5 shows the 2SLS model results of the program when examining the years 

after program summer, using instrumental variables. There is minimal evidence 

indicating significant interaction effects of SYEP participation and neighborhood 

disadvantage on the likelihood of arrest for any length of time after the program ended, 

consistent with the endogenous models. Figure 8 confirms that the program did not affect 

the likelihood of arrests differently by varying levels of neighborhood disadvantage after 

the program summer, except for a marginally significant increase in arrest rates in places 

around 0.7 on the disadvantage index. Unlike the endogenous findings, there does not 

appear to be a consistent directional trend in the slopes across years. In other words, the 

program did not exhibit a systematic pattern of either increasing or decreasing arrest rates 

across different levels of neighborhood disadvantage over time. However, the 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 

  (1)   (2) 

Panel A: Post Program 1 Year  b (se) CI   b (se) CI 

SYEP Participation -0.342 -2.654 1.970  0.227 -1.897 2.351 

 (1.180)    (1.084)   

Disadvantage 4.442* 0.328 8.557  3.405+ -0.542 7.352 

 (2.099)    (2.014)   

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 (se) CI   b (se) CI 

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 (se) CI   b (se) CI 

SYEP Participation -0.811 -4.938 3.315  0.168 -3.127 3.463 

 (2.105)    (1.681)   

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 4.513 

 (2.989)    (2.411)   

Control Mean 8.278   8.278 

        

Panel D: Post Program 4 Year  b (se) CI   b (se) CI 

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 

 (2.711)    (2.077)   

Control Mean 9.831   9.831 
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Panel E: Post Program 5 Year  b (se) CI   b (se) CI 

SYEP Participation -0.311 -4.060 3.439  0.707 -1.947 3.360 

 (1.913)    (1.354)   

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 

 (2.704)    (1.875)   

Control Mean 11.170   11.170 

        

Panel F: Post Program 6 Year  b (se) CI   b (se) CI 

SYEP Participation -0.680 -5.451 4.091  0.391 -2.929 3.711 

 (2.434)    (1.694)   

Disadvantage 13.414+ -0.699 27.527  11.739 -3.001 26.479 

 (7.201)    (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) 2.573  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 without control variables while Column section (2) shows 

the model including controls. The ever-arrested outcome variable was transformed into percentage (i.e., 

proportion of arrested times 100) for ease of interpretation. The one-year follow-up spans from September 

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

of the program year to August two years post-program, continuing similarly for follow-ups up to six years.  

The disadvantage index was calculated using the 2011 ACS. The control means are the percentage of 

arrests for applicants who did not participate in SYEP. The F-statistic is the Kleibergen-Paap rk Wald F-

statistic for the first stage. The critical values calculated using Lewis and Mertensôs (2022) method are 

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 Post-Program by Neighborhood 

Disadvantage  

 
 

 
 

 
Note: This figure graphs 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 one-year follow-up spans from September of the program year to August of the following year, 

while the two-year follow-up extends from September of the program year to August two years post-

program, continuing similarly for follow-ups up to six years.   
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Hypotheses 6 and 7  

How neighborhood disadvantage and SQF stop rates matter for SYEPôs effect on 

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 significant at any 

level (Figures P5 and P6).  

For the 2SLS models with instrumental variables, Table 6 reveals that the 

interaction term of program participation and neighborhood disadvantage was not 

significant for each racial/ethnic category. The marginal effects plot in Figure 9 supports 

this finding, with confidence intervals of the estimated effects consistently including zero 

across levels of disadvantage. Nevertheless, the overall trend for each group seem to 

suggest that disadvantage might impact program outcomes differently, consistent with the 

endogenous results. For Black and White youth, the downward slope appears to indicate 

that SYEP participation was related to a greater reduction in arrests in more 
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disadvantaged places, while in relatively more advantaged places (where the 

disadvantage index is below zero), the program might increase arrest risks. In contrast, 

the marginal effects for Latinx youth were consistently estimated around zero across 

disadvantage levels.  
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Table 6. Instrumental Variable 2SLS Models Estimating SYEP Effects on In-Program 

Arrests by Racial/Ethnic Groups (Neighborhood Disadvantage) 

  (1)   (2) 

Panel A: Black b (se) CI   b (se) CI 

SYEP Participation 0.632 -0.574 1.837  0.657 -0.364 1.678 

 (0.615)    (0.521)   

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  4.217 

        

Number of Observations 60,803   60,801 

        

Panel B: Latinx b (se) CI   b (se) CI 

SYEP Participation -6.167 -51.589 39.254  -1.668 -31.955 28.619 

 (23.175)    (15.453)   

Disadvantage 0.407 -30.034 30.849  2.005 -37.944 41.953 

 (15.532)    (20.382)   

SYEP x Disadvantage  6.018 -41.068 53.104  1.359 -30.294 33.013 

 (24.024)    (16.150)   

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) CI   b (se) CI 

SYEP Participation 0.519 -0.110 1.149  0.426 -0.122 0.973 

 (0.321)    (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 

 (1.611)    (1.402)   

Control Mean 0.127  0.127 

F-statistic (FS) 0.861  0.863 

L&M Test Statistic (FS) 2.117  2.121 

        

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 ever-arrested outcome variable 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 control means are the percentage of arrests for applicants who did not participate in 

SYEP. The F-statistic is the Kleibergen-Paap rk Wald F-statistic for the first stage. For the sample of Black 

youth, the critical values calculated using Lewis and Mertensôs (2022) method are 363.00 for the model 

without control variables and 363.28 for the model with controls. For Latinx youth, the critical values are 

310.03 for the model without control variables and 309.26 for the model with controls. For White youth, 

the critical values are 221.96 for the model without control variables and 209.61 for the model with control 

variables.  
+ p<0.1, * p<0.05, ** p<0.01, *** p<0.001 

 

 

Figure 9. Predicted Program Effects on In-Program Arrests by Neighborhood 

Disadvantage for Each Race  

[Black Youth]       [Latinx Youth] 

 
[White Youth] 

 
Note: This figure graphs 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.  

 

  



 

 

 

143 

 

 

In terms of neighborhood police activity, the interactions between SYEP 

participation and SQF stop rates were not statistically significant for any racial/ethnic 

group (Table 7). However, like the disadvantage findings, the estimated slopes in the 

marginal effects plot reveals varied patterns by race/ethnicity (Figure 10). For Black 

youth, the trend is downwards but mostly flat, indicating that the program effects on 

arrests are approximately 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 neighborhoods faced an increased risk. Specifically, the program appeared to 

decrease the likelihood of in-program arrest by 0.027 to 0.62 percentage points in 

neighborhoods with slightly above-average SQF activity, which translates to a reduction 

of around 3.5 to 79 percent compared to other Latinx youth who were not in SYEP. In 

contrast, White youth show a trend where program participation was associated with a 

larger increase in arrests with increasing SQF activity, although large confidence 

intervals at the upper end of the disadvantage distribution made it difficult to precisely 

estimate program impacts at these levels. The first-stage F statistics and the Lewis and 

Mertens (2022) test statistics show that the instruments used in the models by 

race/ethnicity were likely weak overall. Although the first-stage F statistic for Black 

youth is higher (F=4.138), it still falls below the conventional threshold of 10. A 

supplemental quartile analysis, presented in a subsequent section, attempts to further 

address this issue. 
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Table 7. Instrumental Variable 2SLS Models Estimating SYEP Effects on In-Program 

Arrests by Racial/Ethnic Groups (SQF Stop Rates) 

  (1)   (2) 

Panel A: Black b (se) CI   b (se) CI 

SYEP Participation -0.082 -1.108 0.944  0.059 -1.081 1.199 

 (0.524)    (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 

 (0.037)    (0.041)   

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 (se) CI   b (se) CI 

SYEP Participation -1.253 -3.165 0.658  -1.175 -2.941 0.591 

 (0.975)    (0.901)   

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

 (0.046)    (0.042)   

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

 (0.082)    (0.076)   

Control Mean 0.782  0.782 

F-statistics (FS) 1.900  1.907 

L&M Test Statistic (FS) 7.455  7.490 

        

Number of Observations 33,035   33,034 

        

Panel C: White b (se) CI   b (se) CI 

SYEP Participation -8.510 -233.2 216.2  -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 SQF Stop Rate 1.432 -36.19 39.06  0.631 -6.510 7.772 

 (19.196)    (3.644)   

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: 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 ever-arrested outcome variable was transformed into percentage (i.e., 

proportion of arrested times 100) for ease of interpretation. The SQF Stop Rates were stop rates in a ZCTA 

during the program period calculated per 1,000 residents. The control means are the percentage of arrests 

for applicants who did not participate in SYEP. The F-statistic is the Kleibergen-Paap rk Wald F-statistic 

for the first stage. For the sample of Black youth, the critical values calculated using Lewis and Mertensôs 

(2022) method are 332.21 for the model without control variables and 332.31 for the model with controls. 

For Latinx youth, the critical values are 273.71 for the model without control variables and 273.92 for the 

model with controls. For White youth, the critical values are 153.04 for the model without control variables 

and 156.69 for the model with controls. 
+ p<0.1, * p<0.05, ** p<0.01, *** p<0.001 

 

 

 

Figure 10. Predicted Program Effects on In-Program Arrests by Neighborhood SQF Stop 

Rates for Each Race  

[Black Youth]       [Latinx Youth] 

 
[White Youth] 

 
Note: This figure graphs 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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Hypothesis 8  

When examining the intersection of race/ethnicity and neighborhood 

disadvantage, I anticipated that disadvantage would influence the long-term effects of 

SYEP differently by youthôs race/ethnicity. In the endogenous models, the interaction 

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 disadvantage revealed no clear pattern for Black youth (Figure 

P7). For Latinx youth, there was a downward trend in long-term program outcomes, with 

SYEP estimated to reduce arrests three and four years post-program for participants in 

disadvantaged areas (Figure P8). Recall that the arrest outcomes were cumulative across 

each year, meaning that the three-year outcome reflected whether youth were arrested in 

the first, second, and third year after SYEPôs conclusion. For White youth, the models did 

not show a consistent long-term trend, but suggested that participants in some advantaged 

areas experienced a reduction in arrests starting two years post-program, lasting up to six 

years (Figure P9). However, as noted earlier, these results should be interpreted with 

caution due to potential selection bias and other endogeneity concerns. 

Using instrumental variables, the 2SLS results by youthôs race for up to six years 

after SYEPôs conclusion reveal more nuanced patterns than those observed in the overall 

sample (see Tables 8, 9 and 10). For Black youth, the interactions between SYEP 

participation and the neighborhood disadvantage index were not statistically significant in 

the post-program years (Table 8). The marginal effects of the program, as displayed 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 

disadvantage, except for Black youth in areas of slightly above-average disadvantage for 

the four-year follow up. The findings overall suggest that Black youth in highly 

disadvantaged areas initially might experience greater reductions in arrests due to SYEP, 

while those in more advantaged areas initially saw an increase in arrests. However, this 

variation in the programôs estimated effects across disadvantage diminished as the years 

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 

  (1)   (2) 

Panel A: Post Program 1 Year  b (se) CI   b (se) CI 

SYEP Participation 1.460 -1.714 4.634  1.504 -1.134 4.142 

 (1.619)    (1.346)   

Disadvantage 5.855+ -0.034 11.744  3.858* 0.560 7.156 

 (3.005)    (1.683)   

SYEP x Disadvantage  -1.881 -5.969 2.207  -1.789 -5.197 1.620 

 (2.086)    (1.739)   

Control Mean 5.174   5.174 

        

Panel B: Post Program 2 Year  b (se) CI   b (se) CI 

SYEP Participation 1.242 -2.518 5.002  1.252 -1.225 3.729 

 (1.918)    (1.264)   

Disadvantage 8.628* 0.134 17.122  6.128* 0.980 11.275 

 (4.334)    (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 (se) CI   b (se) CI 

SYEP Participation 1.427 -3.323 6.177  1.393 -2.310 5.096 

 (2.423)    (1.889)   

Disadvantage 10.323* 0.350 20.295  7.541* 1.266 13.815 

 (5.088)    (3.201)   

SYEP x Disadvantage  -1.896 -8.239 4.447  -1.639 -6.645 3.368 

 (3.236)    (2.554)   

Control Mean 10.520   10.520 

        

Panel D: Post Program 4 Year  b (se) CI   b (se) CI 

SYEP Participation 1.775 -2.836 6.385  1.704 -2.122 5.530 

 (2.353)    (1.952)   

Disadvantage 12.029* 1.251 22.807  9.146* 2.029 16.263 

 (5.499)    (3.631)   

SYEP x Disadvantage  -1.734 -7.712 4.243  -1.421 -6.545 3.704 

 (3.050)    (2.615)   

Control Mean 12.470   12.470 
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Panel E: Post Program 5 Year  b (se) CI   b (se) CI 

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 

 (3.151)    (2.270)   

Control Mean 14.147   14.147 

        

Panel F: Post Program 6 Year  b (se) CI   b (se) CI 

SYEP Participation 0.644 -3.734 5.022  0.498 -2.535 3.532 

 2.234    (1.548)   

Disadvantage 13.503* 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 

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 ever-arrested outcome variable was transformed into percentage (i.e., 

proportion of arrested times 100) for ease of interpretation. The one-year follow-up spans from September 

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

of the program year to August two years post-program, continuing similarly for follow-ups up to six years.  

The disadvantage index was calculated using the 2011 ACS. The control means are the percentage of 

arrests for applicants who did not participate in SYEP. The F-statistic is the Kleibergen-Paap rk Wald F-

statistic for the first stage. The critical values calculated using Lewis and Mertensôs (2022) method are 

363.00 for the model without control variables and 363.28 for 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 Post-Program by Neighborhood 

Disadvantage for Black Youth 

 
 

 
 

 
Note: This figure graphs 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 one-year follow-up spans from September of the program year to August of the following year, 

while the two-year follow-up extends from September of the program year to August two years post-

program, continuing similarly for follow-ups up to six years.   
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 For Latinx youth, the interactions between SYEP participation and neighborhood 

disadvantage in the 2SLS models did 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 raise arrest rates as neighborhood disadvantage increased in the first 

two years post-program. However, this relationship reversed in the subsequent four-, 

five-, and six-year period, though these slopes were not statistically significant. The 

findings should be interpreted with caution due to the large standard errors and 

confidence intervals, which made drawing 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 

  (1)   (2) 

Panel A: Post Program 1 Year  b (se) CI   b (se) CI 

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 

 (21.468)    (41.334)   

SYEP x Disadvantage  33.352 -272.60 339.30  12.671 -101.22 126.56 

 (156.10)    (58.109)   

Control Mean 4.049   4.049 

        

Panel B: Post Program 2 Year  b (se) CI   b (se) CI 

SYEP Participation -48.335 -472.88 376.21  -22.327 -207.53 162.88 

 (216.61)    (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)    (97.582)   

Control Mean 6.480   6.480 

        

Panel C: Post Program 3 Year  b (se) CI   b (se) CI 

SYEP Participation -16.514 -124.23 91.204  13.524 -328.68 355.73 

 (54.960)    (174.60)   

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 Year  b (se) CI   b (se) CI 

SYEP Participation -5.745 -227.14 215.65  27.441 -491.47 546.35 

 (112.96)    (264.76)   

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 

 (119.98)    (277.39)   

Control Mean 10.151   10.151 
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Panel E: Post Program 5 Year  b (se) CI   b (se) CI 

SYEP Participation 31.211 -589.71 652.13  66.523 -885.61 1018.66 

 (316.80)    (485.79)   

Disadvantage 74.047 -848.85 996.95  80.614 -863.03 1024.25 

 (470.88)    (481.46)   

SYEP x Disadvantage  -33.041 -684.42 618.34  -69.555 -1064.00 924.89 

 (332.34)    (507.38)   

Control Mean 11.489   11.489 

        

Panel F: Post Program 6 Year  b (se) CI   b (se) CI 

SYEP Participation 48.645 -873.52 970.81  85.915 -1179.35 1351.18 

 (470.50)    (645.56)   

Disadvantage 105.76 -1221.94 1433.5  111.05 -1203.71 1425.81 

 (677.41)    (670.81)   

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 ever-arrested outcome variable was transformed into percentage (i.e., 

proportion of arrested times 100) for ease of interpretation. The one-year follow-up spans from September 

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

of the program year to August two years post-program, continuing similarly for follow-ups up to six years.  

The disadvantage index was calculated using the 2011 ACS. The control means are the percentage of 

arrests for applicants who did not participate in SYEP. The F-statistic is the Kleibergen-Paap rk Wald F-

statistic for the first stage. The critical values calculated using Lewis and Mertensôs (2022) method are 

310.03 for the model without control variables and 309.26 for 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 Post-Program by Neighborhood 

Disadvantage for Latinx Youth 

 
 

 
 

 
Note: This figure graphs 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 one-year follow-up spans from September of the program year to August of the following year, 

while the two-year follow-up extends from September of the program year to August two years post-

program, continuing similarly for follow-ups up to six years.   
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In the 2SLS models using instrumental variables, SYEP participation did not 

appear to significantly vary by neighborhood disadvantage over the years for White youth 

(Table 10). As illustrated in Figure 13, for White youth residing in more advantaged 

neighborhoods, SYEP participation was associated with a rise in the probability of arrest 

within the first two and three years after the program ended, and these results were 

marginally significant. Conversely, for White youth living in neighborhoods with greater 

disadvantage, the likelihood of arrest appeared to decrease, but these estimates did not 

reach conventional levels of statistical significance.  

Overall, the long-term results by race/ethnicity uncovered more nuanced patterns 

compared to the findings from the full sample. A prior study discovered that the NYC 

SYEP increased arrests and convictions for at-risk youth (i.e., those with a prior arrest) 

within five years after the program, although these were not statistically significant at the 

conventional level (Kessler et al., 2022). In the data for this dissertation, Black and 

Latinx youth were much more likely to have an arrest record prior to the start of SYEP 

(with 4.4% and 3.2% arrest rates respectively) compared to only 0.3 percent for White 

youth (see Appendix Tables A5 and A6). The findings from the 2SLS analysis show that 

in the initial years after program participation, increase in arrests were possible among 

Black youth residing in more advantaged areas and Latinx youth in more disadvantage. 

These results suggest that neighborhood context can influence how SYEP impacts long-

term outcomes.  

Lastly, the results from the primary analysis remained unchanged when 

neighborhood racial composition was included as control variables in the above models. 
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The interaction terms between SYEP participation and neighborhood contextð

disadvantage and SQF stop ratesðwere 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 racialized 

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

Years Post Program for White Youth  

  (1)   (2) 

Panel A: Post Program 1 Year  b (se) CI   b (se) CI 

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) CI   b (se) CI 

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 (se) CI   b (se) CI 

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) CI   b (se) CI 

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) CI   b (se) CI 

SYEP Participation 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)   
Control Mean 2.774   2.774 
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Panel F: Post Program 6 Year  b (se) CI   b (se) CI 

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 ever-arrested outcome variable was transformed into percentage (i.e., 

proportion of arrested times 100) for ease of interpretation. The one-year follow-up spans from September 

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

of the program year to August two years post-program, continuing similarly for follow-ups up to six years.  

The disadvantage index was calculated using the 2011 ACS. The control means are the percentage of 

arrests for applicants who did not participate in SYEP. The F-statistic is the Kleibergen-Paap rk Wald F-

statistic for the first stage. The critical values calculated using Lewis and Mertensôs (2022) method are 

221.96 for the model without control variables and 209.61 for 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 Post-Program by Neighborhood 

Disadvantage for White Youth  

 
 

 
 

 
Note: This figure graphs 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 one-year follow-up spans from September of the program year to August of the following year, 

while the two-year follow-up extends from September of the program year to August two years post-

program, continuing similarly for follow-ups up to six years.   
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Chapter 6. Robustness, Sensitivity, and Supplemental Results 

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

results and assumptions of the models, as well as robustness checks to evaluate model 

specification and analytic decisions. This chapter reports the findings from these 

supplemental analyses and compares them with the main two-stage least squares (2SLS) 

results.  

Reduced Form OLS Models  

I used ordinary least squares (OLS) regression to estimate the ñreduced form,ò 

which only included the instruments (i.e., winning the lottery, historical tuberculosis 

rates, and Bartik shift-share measure) in the models. The reduced form measured the 

intent-to-treat (ITT) effect of the SYEP program on arrest outcomes. This captured the 

overall treatment effect of being selected for SYEP (i.e., winning the lottery), regardless 

of actual participation status, providing insights into the impact of offering the program. 

These models estimated the program effects directly, excluding endogenous variables 

such as program participation, neighborhood disadvantage, and SQF rates. The reduced 

form results did not differ significantly from the main analyses (see Appendix I).  

Overall, the findings suggested that the effects of being selected into SYEP on 

arrests did not significantly differ based on neighborhood historical tuberculosis (TB) 

rates or Bartik measures.49 The plotted treatment effects by levels of historical TB 

 
49 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 the other boroughs 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 marginal effects were not significant at 

any prevalence level. The reduced form by race/ethnicity were consistent 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 arrests). The reduced form of police activity by race/ethnicity also 

did not vary much from the main analysis, except for a non-significant negative 

interaction for Latinx youth during the program. Looking at the intersection of TB 

prevalence and citywide changes to SQF (i.e., Bartik measure), winning a spot in SYEP 

appeared to significantly reduce arrest rates for areas with high prevalence of TB 

regardless of the values of the Bartik IV. Lastly, the long-term results indicated that being 

offered SYEP did not significantly influence arrests across neighborhood historical TB 

rates, and the long-term results by race/ethnicity aligned with the main analysis.  

The reduced form can help reduce bias from weak instruments. However, these 

models were also limited by the potentially weak instruments by only 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 IV). The 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. 

Supplemental Analysis by Neighborhood Quartiles  

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, I estimated the local average treatment effect (LATE) of SYEP for each quartile 

of neighborhood disadvantage and SQF rates separately. This method allowed for an 

examination of SYEPôs effect within specific quartiles, but it could not facilitate 

comparisons across quartiles (levels of disadvantage or SQF rates), unlike the 2SLS 

models with interaction terms used in the main analysis. In other words, this quartile 

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, I was able to increase statistical 

power and avoid the use of instruments in the quartile analysis. 

Each ZCTA was classified according to its quartile position based on the 

disadvantage index or SQF stop rates. The quartiles were defined using data from all 176 

ZCTAs in the city with a population over 1,000. The first quartile (least disadvantaged) 

included neighborhoods with disadvantage scores ranging from -1.73 to -0.63, the second 

quartile was from -0.63 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 average SQF stop 

rates during the program summer, the first quartile (least policed) included places with 

stop rates from 0 to 4.09, the second quartile was from 4.09 to 7.19 (median), the third 

quartile was from 7.19 to 11.01, and the fourth quartile (heavily policed) was from 11.01 

to 39.52. Figure D4 and Table D2 in the Appendix demonstrate where the quartiles fall 

within the distributions of disadvantage and police stop rates. There was considerable 

variation within the fourth quartile, encompassing areas with higher levels of 
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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 were Black, and 17 percent were Latinx. Additionally, the likelihood of prior 

criminal justice 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 two 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 

quartile of stop rates had 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 neighborhoods within 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 quartile-based analysis revealed a nuanced pattern. In comparison to the 

2SLS models with interactions between SYEP participation and neighborhood 
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disadvantage in the main analysis (Table 3 Panel A and Figure 5), the separate estimation 

by quartiles showed a similar negative pattern. Notably, youth in the first two quartiles of 

disadvantaged neighborhoods (relatively more advantaged) experienced a marginally 

significant increase in arrest rates from SYEP participation (Figure 14 and Table L1 

Panel A). The impact of SYEP on in-program arrests was statistically significant for 

participants residing in neighborhoods within the fourth quartile of disadvantage (i.e., 

those most disadvantaged compared to other parts of the city). For these neighborhoods, 

SYEP was estimated to reduce the likelihood of arrests by 0.14 to 0.50 percentage points, 

which translates to a 15 to 53 percent decrease relative to the baseline arrest rates in the 

control group. The range overlaps with the 43 percent reduction in violent crime arrests 

reported by Heller (2014), though my estimates included all types of arrests. For context, 

applicants from the Chicago program were at high-risk of arrests and from highly 

disadvantaged neighborhoods. These neighborhoods are comparable to the fourth quartile 

of disadvantage in NYC based on poverty rates and median household income. For 

instance, the average median household income for NYCôs disadvantaged neighborhoods 

was $34,035, while the average median income in neighborhoods from the Chicago 

sample was around $34,000-$36,000.50  

The first stage models in the supplemental analysis examined the relationship 

between lottery selection and program participation. The F-statistics for each quartile 

model were substantialðF-statistic of 1876.2 for the first and second quartiles of 

disadvantage, F-statistic of 2157.2 for the third quartile, and F-statistic of 2861.9 for the 

 
50 Data for NYC neighborhood median income were from the 2011 ACS; data for the Chicago 

neighborhood median income in Hellerôs (2014) study were from the 2010 ACS.  
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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 estimated confidence 

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 in-program arrests among participants residing in high disadvantaged 

neighborhoods compared to neighborhoods with below-median disadvantage.  

 

Figure 14. Predicted Program Effects on In-Program Arrests by Quartiles of 

Neighborhood Disadvantage  

 
Note: This figure shows the estimated local average treatment effect (LATE) for program participation on 

the outcome of in-program arrest for each quartile of neighborhood disadvantage, with accompanying 95% 

confidence intervals. The quartiles 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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For SQF stop rates, contrary to the main findings that there was no difference in 

program effects by stop rates (Table 3 Panel B and Figure 6), youth in neighborhoods 

with below-median SQF activity appeared to experience increased chances of arrests by 

0.04 to 0.42 percentage points from SYEP (Figure 15 and Table L1 Panel B), reflecting 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 

experienced a reduction in arrests from participating in SYEP by 0.09 to 0.47 percentage 

point, which was a 10.7 to 53.7 percent decrease compared to the control group. The 

effect in the highest SQF quartile was negative yet not statistically significant from zero, 

and the confidence interval indicated that SYEP likely did not lead to a large increase in 

arrests in these highly policed neighborhoods.  

The first-stage F statistics for each quartile were large (F=1309.5 for the first and 

second quartile for SQF stop rates, F=2362.8 for the third quartile, and F=3066.4 for the 

fourth quartile), suggesting that lottery outcome was likely a relevant instrument for 

program participation, consistent with earlier findings. Additionally, the confidence 

interval for neighborhoods below the median SQF stop rates did not overlap with those 

for the neighborhoods above the median. This implies that participants residing in areas 

with above-median stop rate may have faced lower arrest risks during the summer 

compared to those in neighborhoods with below-median stop rate (with 95% confidence).  
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Figure 15. Predicted Program Effects on In-Program Arrests by Quartiles of SQF Stop 

Rates  

 
Note: This figure shows the estimated local average treatment effects (LATE) for program participation on 

the outcome of in-program arrest for each quartile of neighborhood SQF stop rates, with accompanying 

95% confidence intervals. The quartiles are defined using ZCTAs in the whole city (with population over 

1,000) for SQF rates during 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 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.  

 

The main 2SLS model with three-way 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 demonstrated that SYEP 

reduced arrests by 0.05 to 0.65 percentage points in neighborhoods situated within the 

highest quartiles of both disadvantage and SQF rates. This represented a reduction of 5 to 

61 percent in arrests compared to control youth in these areas (Figure 16 and Table L2). 

In neighborhoods that were not in the highest disadvantage and SQF activity quartiles, I 

do not observe significant program effects on arrest during the program. In addition, the 
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first-stage F-statistic was 2162.1 for neighborhoods in the highest quartiles of both 

disadvantage and SQF stop rate and 2993.9 for neighborhoods that were not in the 

highest quartile of both measures.  

It might appear that relatively few youth resided in areas with high disadvantage 

and high SQF stop rates. However, the data revealed that approximately a quarter of 

applicants in the analytic sample came from these neighborhoods (N= 32,794). 

Neighborhoods with high disadvantage and high policing accounted for only 11.4 percent 

of NYC ZCTAs. This suggests that the crime-reduction effect found in these places can 

have an impact on a substantial portion of SYEP youth.  

 

Figure 16. Predicted Program Effects on In-Program Arrests by Quartile Categories of 

Neighborhood Disadvantage and SQF Stop Rates 

 
Note. This figure shows the estimated local average treatment effects (LATE) for program participation on 

the outcome of in-program arrest for neighborhoods in the fourth quartile of disadvantage and the fourth 

quartile of SQF stop rates combined compared to neighborhoods not in either. The accompanying 95% 

confidence intervals are also illustrated.  
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Examining effects up to six years after the program ended, the quartile models did 

not consistently show variations in long-term effects by disadvantage categories (Figure 

17 and Table L3). For those in the highest quartile, the estimated program effects were 

indistinguishable from zero in any period after the programôs conclusion. Interestingly, 

since the three-year follow-up onward, arrests seemed to increase for SYEP participants 

in neighborhoods falling in the third quartile of disadvantage. The program was estimated 

to increase arrests by around 0.09 percentage points or up to 1.58 percentage points from 

year three to year six follow-up after the program ended. In areas with below-median 

disadvantage (i.e., more advantaged neighborhoods), SYEP participation was consistently 

associated with an increase in arrests, albeit not statistically significant. This pattern was 

less evident when evaluating the effects on arrests over time using the 2SLS models 

(Table 5 and Figure 8). In neighborhoods with disadvantage index below 0.715 (just 

above the third quartile cutoff), the estimated effects were non-significant but positive 

when examining four years to six years post-program, indicating an increase in arrests. 

The significant increase in arrests observed from program participation in the third 

quartile, contrasted with the non-significant results in the main analysis, may be due to 

several reasons: first, differences in statistical power; second, the quartile models 

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 Arrest Post-Program by Quartiles of 

Neighborhood Disadvantage  

 

 

 
Note: These figures show the estimated local average treatment effects (LATE) of program participation on 

post-program arrests for each quartile of neighborhood disadvantage. The one-year follow-up spans from 

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

September of the program year to August two years post-program, 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 

approximately -0.631, the median is approximately 0.078, and the third quartile is 0.557. 
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Breaking down the short-term models by race and ethnicity revealed additional 

insights. For Black youth, there was a discernible downward trend in the estimated 

effects of SYEP during the summer (Figure 18 and Table L4). This trend suggests that 

SYEP reduced 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 effects for Black 

youth were marginally 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 appeared to increase the risk of arrests by 

0.003 to 0.64 percentage points, and a 0.4 to 75.8 percent increase in arrest risk compared 

to control group living in the third disadvantage quartile. In the highest quartile, SYEP 

was estimated to reduce arrests by 0.18 to 0.63 percentage points (14.8 to 51.4 percent 

reduction). Latinx youth also exhibited a pattern of decreased arrests in higher 

disadvantage quartiles, with a 0.03 to 0.64 percentage point reduction in the highest 

quartile, reflecting a 4.2 to 84.8 percent decrease than Latinx non-participants in the same 

neighborhoods.  

These findings are consistent with prior research indicating that Black and Latinx 

youth tend to benefit more from SYEP in terms of reducing criminal justice outcomes 

during the program (Gelber et al., 2016; Kessler et al., 2022; Modestino, 2017). For 

example, building on Kessler and colleaguesô (2022) findings of a reduction in in-

program arrests among Latinx participants in the 2005-2008 NYC SYEP, the findings in 

this dissertation further demonstrated that this effect may be particularly concentrated 
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among Latinx youth in the highest quartile of disadvantage. Like the main results, the 

quartile models did not show that SYEP significantly increased or decreased in-program 

arrests for White youth in the different disadvantage categories. 

The first-stage F-statistics 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 on In-Program Arrests by Quartiles of 

Neighborhood Disadvantage for Each Race 

[Black Youth]       [Latinx Youth] 

 
[White Youth]  

 
Note: These figures show the estimated local average treatment effect (LATE) of program participation on 

in-program arrests for each quartile of neighborhood disadvantage by applicantsô race/ethnicity. 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 approximately -0.631, 

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 (Figure 19 and Table L5), Black youth 

in neighborhoods with below-median SQF activity experienced an increased risk of arrest 

by 0.006 to 0.94 percentage points, reflecting a one to 145.4 percent rise in arrests 

compared to Black non-participants in the same area. Yet, the impact of SYEP on arrest 

rates was not statistically different from zero for Black youth in neighborhoods with 

above-median SQF stop rates, although the point estimates were directionally negative. 

For Latinx youth, participants residing in neighborhoods within the third quartile of SQF 

rates experienced a 0.28 to 0.91 percentage point decrease in arrests, which corresponded 

to a 37 to 119 percent reduction compared to non-participants. For White youth, program 

participation was not significantly associated with an increase or decrease in arrests for 

youth living in any quartile of SQF activity. Lastly, similar to the disadvantage findings, 

the first-stage F statistics for each quartile of SQF stop rates and race/ethnicity were all 

large.  
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Figure 19. Predicted Program Effects on In-Program Arrests by Quartiles of 

Neighborhood SQF Stop Rates for Each Race 

[Black Youth]       [Latinx Youth] 

 
[White Youth] 

 
Note: These figures show the estimated local average treatment effects (LATE) of program participation on 

in-program arrests for each quartile of neighborhood SQF stop rates by applicantsô race/ethnicity. The 

accompanying 95% confidence intervals are also illustrated. The quartiles are defined using ZCTAs in the 

whole city (with population over 1,000) for SQF rates during 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 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 long-term effects of SYEP by quartiles of disadvantage for each 

racial/ethnic group revealed that for Black youth, the program appeared to increase the 

likelihood of arrests in neighborhoods with below-median disadvantage (relatively more 

advantaged places) in the sample (Figure 20 and Table L6). This pattern became less 

pronounced over time, aligning with the pattern in the main analysis (Figure 11). More 
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specifically, Black youth who resided in neighborhoods situated in the first and second 

quartiles of disadvantage experienced an increase in arrests in the initial four years after 

the program. Starting in the fourth year, Black youth in the third quartile of disadvantage 

also saw a statistically significant increase in arrests.  

 

Figure 20. Estimated Program Effects by Quartiles of Neighborhood Disadvantage for 

Black Youth 
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Note: These figures show the estimated local average treatment effects (LATE) of program participation on 

post-program arrests for each quartile of neighborhood disadvantage for Black youth. The one-year follow-

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

up extends from September of the program year to August two years post-program, 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 approximately -0.631, the median is approximately 0.078, and the third quartile is 0.557. 
 

For Latinx youth, no significant effects on arrests were observed across different 

categories of neighborhood disadvantage (Figure 21 and Table L7), consistent with the 

main findings (Figure 12).  

 

Figure 21. Estimated Program Effects by Quartiles of Neighborhood Disadvantage for 

Latinx Youth 
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Note: These figures show the estimated local average treatment effects (LATE) of program participation on 

post-program arrests for each quartile of neighborhood disadvantage for Latinx youth. The one-year 

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

follow-up extends from September of the program year to August two years post-program, 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 approximately -0.631, the median is approximately 0.078, and the third quartile is 

0.557. 
 

In the main analysis, I found that White youth residing in more advantaged 

neighborhoods faced increased likelihood of arrest in the initial years following SYEP 

participation (Figure 13). Additionally, the impact of disadvantage on SYEPôs effects on 

arrest displayed a downward trend, suggesting a larger decrease in arrests as disadvantage 

increased. However, the quartile-based analysis for White youth did not replicate these 

findings (Figure 22 and Table L8). Notably, I did not observe an increase in arrests 

during the first few years post-program for White youth living in the first two quartiles of 

disadvantage (relatively more advantaged areas). Instead, youth in these areas appeared 

to experience a reduction in arrests over a longer follow-up 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 
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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  
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Note: These figures show the estimated local average treatment effects (LATE) of program participation on 

post-program arrests for each quartile of neighborhood disadvantage for White youth. The one-year follow-

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

up extends from September of the program year to August two years post-program, 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 approximately -0.631, the median is approximately 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 binned, I recategorized 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 second category included neighborhoods with a 

disadvantage index between the mean and one standard deviation above the mean, and 

the third category included neighborhoods with a disadvantage index greater than one 

standard deviation above the mean. This same 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 

quartiles. The second category (medium disadvantage) encompassed a broader range of 

neighborhoods, while the third category (high disadvantage) included neighborhoods 

higher disadvantage levels than those in the fourth quartile.51 For SQF stop rates, the first 

category (low stop rate) on average captured neighborhoods with a broader 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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quartile. The third category (high stop rate) included neighborhoods with much higher 

SQF stop rates than those in the fourth quartile.52  

Overall, findings from the supplemental analysis of neighborhood categories by 

standard deviation (see Appendix Q) were largely consistent with the quartile analysis, 

with only minor divergences. SYEP participants residing in the highest category of 

disadvantaged neighborhoods (i.e., those more than one standard deviation above the 

mean disadvantage index) experienced lower arrest risks than nonparticipants (Table Q1 

and Figure Q1). Additionally, participants living in neighborhoods that were both in the 

highest category of disadvantage and the highest category of SQF stop rates were less 

likely to be arrested compared to nonparticipants (Table Q2 and Figure Q3), a finding 

consistent with the quartile analysis.  

The primary differences between the standard deviation categories and the 

quartile analysis were related to statistical significance rather than substantive differences 

in patterns. For instance, the program did not significantly increase arrests in 

neighborhoods in the first (lowest) category of SQF stop rates, despite a positive 

estimated coefficient. Similarly, I did not find that the program reduced arrest risks in 

neighborhoods within the medium SQF stop rate category, even though the estimated 

coefficient was negative (Table Q1 and Figure Q2). These discrepancies likely arose 

from the two categorization methods capturing slightly different subsets of 

neighborhoods on the disadvantage or police-activity spectrum.  

 
52 The 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 long-term outcome findings and the by-race findings from the standard 

deviation categories followed patterns similar to those observed in the quartile analysis, 

with minor differences in statistical significance. For example, Black participants residing 

in the highest category of disadvantaged neighborhoods still benefitted from the program, 

as evidenced by a lower likelihood of arrests during the summer compared to 

nonparticipants, consistent with the quartile analysis (Table Q4 and Figure Q5). In 

contrast, Latinx participants in the highest category of disadvantaged neighborhoods were 

only marginally significantly less likely to be arrested compared to nonparticipants, 

whereas participants were significantly less likely to be arrested in the quartile analysis 

(Table Q4 and Figure Q5). These differences likely reflect variation within the 

neighborhoods, which warrants further study.  

In summary, the supplemental analysis of neighborhood quartiles and categories 

by standard deviation provided valuable insights but diverged from the main analysis in 

several ways noted above. It is worth highlighting again that a significant proportion of 

SYEP applicants came from neighborhoods with greater disadvantage than the city 

median. Over half of applicants in the analytic sample were from neighborhoods that fell 

within the fourth quartile of disadvantage (e.g., the most disadvantaged) compared to the 

city as a whole, and about one-third from the fourth quartile of SQF stop rates. Thus, the 

concentrated effects observed in the fourth quartiles of disadvantage or SQF stop rates 

could, in reality, impact many SYEP applicants. 

There was considerable variation among neighborhoods in the highest quartile. 

For instance, the disadvantage index in this quartile ranged from 0.567 to 2.336, and the 
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SQF stop rates (per 1,000) varied from around 11 stops to 50 stops. This variability likely 

contributed 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 

ñtail-endò areas was relatively small. While the main analysis with interaction terms 

utilized the full range of disadvantage and SQF values, the quartile analysis aggregated 

neighborhoods into broader categories. This approach enhanced the power 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. 

Alternative Tuberculosis (TB) Instrument Measures 

 As an alternative approach to measuring the TB instruments, I 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 to predict 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 variable across all continuous values. Appendix R presents the results of 

using both quartiles of TB prevalence rate (in Column section 1) and groups based on 

standard deviations from the mean (in Column section 2) as instruments.53  

 
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 included neighborhoods 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 but much smaller 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 participation reduced arrests in higher-

disadvantage neighborhoods during the summer (Figure R2). As expected, the first-stage 

F-statistics revealed that the categorical TB measures substantially improved the 

instruments' predictive power, with F-statistics 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 statistics still fell 

below the critical values.  

Alternative Measures  

First, I 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 H). 

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 analysisðthere was statistically significant variation in the effects of offering 

SYEP across locations (Appendix Tables H1 and H2). The slope for program effects over 

levels of disadvantage index was negative but not statistically significant (Appendix 
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Table H3 Panel A). The confidence intervals ruled out a 9 percent increase and a 25 

percent decrease in the number of arrests for youth residing in neighborhoods with 

above-average levels of disadvantage (which was also higher than the third quartile of 

disadvantage).  

Similarly, the interaction between SYEP participation and SQF stop rates did not 

yield significant results when the outcome was the number of arrests (Appendix Table H3 

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 experienced a reduction in arrests ranging from 26.9 percent 

to an increase of 7.5 percent during the program. Due to imprecise estimates, it was 

challenging to draw conclusions for youth in the most disadvantaged neighborhoods or 

those experiencing the highest SQF activity. The combined model of disadvantage and 

SQF activity also showed no significant interaction effects on number of arrest 

(Appendix Table H4), aligning with the main findings. 

Additionally, there were no significant differences in arrest frequency based on 

participantsô race/ethnicity when considering neighborhood disadvantage and SQF stop 

rates, specifically, the interactions terms were not statistically significant (Appendix 

Tables H6 and H7). 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 levelsðBlack youth in more advantaged and less 

policed areas experienced non-significant increase in arrest frequency and those in more 

disadvantaged and higher policed places had non-significant decrease in number of 
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arrests. The 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, 

indicating a 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 saw a non-significant increase in 

arrest frequency while those in more disadvantaged places experienced a non-significant 

decrease, yet the slope and program effects were not significant. The pattern 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 effects were more generally upwards in the first three years but 

shift direction in years five and six, showing that the number of arrests were initially 

lower for participants in more advantaged neighborhoods and higher in more 

disadvantaged neighborhoods (appendix Table H5). However, the relationship was 

reversed as the follow-up period extended. Standard errors remained large at both ends of 

the disadvantage distribution. For Black and Latinx youth, long-term results using arrest 

frequency as the outcome were consistent with the main analysis (Appendix Tables H8 

and H9). 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 periods. For White youth, while the program appeared to increase the 
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likelihood of arrests in more advantaged areas over the years (as suggested in the main 

analysis), it did not influence the number of arrests (Appendix Table H10), even though 

the patterns were also downward. 

Second, I analyzed neighborhood disadvantage using two alternative measures. 

For the first alternative, I applied principal component analysis (PCA) on indicators such 

as poverty rate, public assistance receipt, unemployment rate, percentage of female-

headed households, and density of children under 18 (Sampson et al., 1997, 2008). This 

PCA-derived variable showed a high correlation with the main disadvantage index (see 

Appendix C for a comparison of disadvantage measures). Results using the PCA 

disadvantage score did not change the conclusion of the main analysis (Appendix M).   

For the second alternative measure, I utilized the 2000 Census data to capture 

neighborhood characteristics prior to the study period (see Appendix C for details of the 

measure). These data were used 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 coded). Again, the findings from this measure did not diverge 

from the conclusions in the main results (Appendix N). 

Lastly, in the robustness check, I used an alternative measure for police activity 

by examining in-program 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 SYEP age 

group. The results for this age-specific stop rate measure were also consistent with the 

main findings (Appendix O). 
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Table 11 summarizes the hypotheses and the findings from the main analysis, 

supplemental analysis, and the sensitivity and robustness checks.  
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Table 11. Summary of Hypotheses and Results 

 Supplemental Analyses 

  Alternative Measures 

Hypotheses 

Main 

Analysis 

Endogenous 

Models 

Reduced 

Form  Quartile  

Number of 

Arrest 

Divadv 

[PCA & 

2000] 

SQF 

[16-21] 

Short-Term (In-Program) 

H1: The effect of SYEP on arrests 

varies by the ZIP code where 

applicants reside.  

 

O    O   

H2: 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 in more advantaged 

neighborhoods. 

 

X 

 

(downward 

trend) 

O 

 

(p<0.1, 

downward 

trend) 

 

X 

 

(downward 

trend) 

O* 

 

(Q4 reduced 

arrest) 

X 

 

(downward 

trend) 

X 

 

(downward 

trend) 

 

H3: 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. 

 

X O 

 

(p<0.05, 

downward 

trend) 

X O* 

 

(Q1&2 increased 

arrest, Q3 

reduced) 

X  X 

H4: 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. 

 

X X 

 

(downward 

trend) 

X O* 

 

(Q4xQ4 reduced 

arrest) 

X X X 

H6-1: SYEP will lead to either a larger 

increase or a larger decrease in in-

program arrests for Black applicants 

living in more disadvantaged 

X 

 

(downward 

trend) 

X 

 

(downward 

trend) 

X 

 

(downward 

trend) 

O* 

 

(Q4 reduced 

arrest) 

X 

 

(downward 

trend) 

X 

 

(downward 

trend) 
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neighborhoods compared to those in 

more advantaged neighborhoods. 

 

H6-2: 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 in 

more advantaged neighborhoods. 

 

X 

 

(slight 

upward 

trend) 

X 

 

(slight upward 

trend) 

X 

 

(slight 

upward trend) 

O* 

 

(Q4 reduced 

arrest) 

X X  

H6-3: SYEP will lead to either a larger 

increase or a larger decrease in in-

program arrests for White applicants 

living in more disadvantaged 

neighborhoods compared to those in 

more advantaged neighborhoods. 

 

X 

 

(downward 

trend) 

X 

 

(downward 

trend) 

X 

 

(downward 

trend) 

X X 

 

(downward 

trend) 

X 

 

(downward 

trend) 

 

H7-1: 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. 

 

X 

 

(downward 

trend) 

X 

 

(downward 

trend) 

X 

 

(downward 

trend) 

O* 

 

(Q1 increased 

arrest) 

  X 

 

(downward 

trend) 

H7-2: 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. 

 

X 

 

(upward 

trend) 

X 

 

(flat trend) 

X 

 

(upward 

trend) 

X 

 

(Q3 reduced 

arrest) 

  X 

 

(upward 

trend) 

H7-3: SYEP will lead to either a larger 

increase or a larger decrease in in-

program arrests for White applicants 

living in more heavily policed 

neighborhoods compared to those in 

neighborhoods with less police activity. 

X 

 

(upward 

trend) 

X 

 

(downward 

trend) 

X 

 

(upward 

trend) 

X   X 

 

(upward 

trend) 
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Long-Term (Up to 6 Years Follow-Up Period) 

H5-1: SYEP will lead to a larger 

decrease in arrests for applicants living 

in more disadvantaged neighborhoods 

compared to more advantaged 

neighborhoods in the immediate years 

following the program, but this effect is 

expected to diminish over the long 

term. 

 

X 

 

(no clear 

trend) 

X 

 

(no clear trend) 

X 

 

(slight 

upward trend) 

X 

 

(no clear trend) 

X 

 

X 

 

 

H5-2: 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. 

 

X 

 

(no clear 

trend) 

X 

 

(no clear trend) 

X 

 

(slight 

upward trend) 

 

X 

 

(no clear trend) 

   

H8-1: SYEP will lead to a larger 

decrease in arrests in the years 

immediately after the program for 

Black applicants living in more 

disadvantaged neighborhoods 

compared to those in more advantaged 

neighborhoods, and this effect will 

diminish over time. 

 

X 

 

(downward 

trend that 

flattened) 

X 

 

(no clear trend) 

X 

 

(downward 

trend that 

flattened) 

X 

 

(Q1&2 increased 

arrests initially, 

then Q3 

increased) 

X 

 

(downward 

trend that 

flattened) 

X 

 

(downward 

trend that 

flattened) 

 

H8-2: SYEP will lead to a larger 

decrease in arrests in the years 

immediately after the program for 

Latinx applicants living in more 

disadvantaged neighborhoods 

compared to those in more advantaged 

neighborhoods, and this effect will 

diminish over time. 

 

X 

 

(slight 

upward to 

slight 

downward) 

X 

 

(downward 

trend that 

flattened) 

X 

 

(slight 

upward to 

slight 

downward) 

X X X  
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H8-3: SYEP will lead to a larger 

decrease in arrests in the years after the 

program for White applicants living in 

more advantaged neighborhoods 

compared to those in more 

disadvantaged neighborhoods. 

 

X 

 

(downward 

trend) 

X 

 

(slight upward 

trend) 

X 

 

(downward 

trend) 

O* 

 

(Q1&2 reduced 

arrest later) 

X X  

Note: This table shows a list of the hypotheses proposed in the dissertation and the findings from the main analysis, the endogenous models, the quartile analysis, 

and the analyses using alternative measures (number of arrests as outcome, disadvantage score from principal component analysis, disadvantage index from the 

2000 Census, and SQF stop rates of individuals aged 16 to 21).  

O represents that the alternative hypothesis was accepted.  

X represents that the results failed 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 neighborhood disadvantage and SQF stop rates. 
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Chapter 7. Discussion 

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). 

These programs often exhibit varying levels of impact depending on youthôs 

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 programs on youth arrests. Yet, research shows significant variation across 

neighborhoods regarding disadvantage, share of resources, and police presenceðall of 

which can substantially influence youth outcomes (Jencks & Mayer, 1990; Leventhal & 

Brooks-Gunn, 2000; Massey & Denton, 1993). This dissertation aimed to address this 

gap by investigating whether neighborhood context, characterized by disadvantage and 

police activity, moderated the effects of SYEP on arrests. 

I analyzed data from youth aged 16 years to 21 years old who applied to the NYC 

SYEP from 2006 to 2008. Leveraging a lottery system that determined program 

participation, the preliminary analysis revealed that the average treatment effects (ATE) 

of SYEP varied by applicantsô residential ZIP codes (Appendix Tables G1 and G2). 

Mapping these estimated effects showed that youth in some ZIP codes experienced an 

increase in arrests, while others saw a reduction (Figure 4). Visually comparing this map 

with neighborhood disadvantage and stop, question, and frisk (SQF) stop rates suggested 
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a potential relationship between these contextual factors and the heterogeneity of 

program effects. I further explored how neighborhood disadvantage and SQF stop rates 

influenced program outcomes using an instrumental variables (IV) two stage least square 

(2SLS) approach to estimate the local average treatment effects (LATE) of SYEP on 

arrests by comparing outcomes from participants to nonparticipants. The general low 

values of the first-stage F statistics and the Lewis and Mertens (2022) test statistics 

indicated that the instruments for disadvantage and SQF stop rates may be weak, 

potentially leading to biased and inefficient estimates (Angrist & Pischke, 2009). 

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 coefficients across groups. 

Potential Mechanisms 

Overall, the evidence showed that the NYC SYEP appeared to increase in-

program arrests in more advantaged and less policed neighborhoods, while reducing 

arrests in more disadvantaged and heavily policed areas. This suggests that participation 

in SYEP may either increase or decrease opportunities for youth to engage in risky 

behaviors and their arrest risks, depending on their neighborhood context.  

Specifically, the main 2SLS analysis indicated 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. The 

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 in the highest quartile of disadvantage was associated with a 

significant decrease in arrests. Regarding police activity, although the main 2SLS 

analysis did not find significant differences in SYEPôs effects on arrests across stop rates, 

it indicated that youth in areas with approximately 11 to 12 stops per 1,000 residents 

experienced reduced arrest risks from program participation. This finding was consistent 

in the third quartile of SQF activity. In contrast, youth in neighborhoods with 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 with increased 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 Figure A1). One SYEP provider shared that 

most of the worksites they offer are near where their office is located. 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 

provider for work. Since most participants apply to providers closest to their home,54 it is 

 
54 The SYEP provider I 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 application, and they are also able to enter their residential ZIP code 

to find the closest provider. During the study 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 and less-policed 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 center-west 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 A1). 

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 

disproportionately higher likelihood of being stopped by the police (Puzzanchera, 2021; 

Puzzanchera & Hockenberry, 2013). Consequently, Black youth in more advantaged and 

less-policed neighborhoods may encounter increased police exposure when traveling to 

areas with higher disadvantage and SQF rates, elevating their arrest risks. In addition, 

advantaged and less-policed neighborhoods in NYC tend to be largely White (NYU 

Furman Center, 2011; see Figures 1 to 3 for empirical evidence). In predominantly White 

spaces, Black individuals frequently face heightened scrutiny solely due to their race, 

which can manifest in increased police interactions (E. Anderson, 2022).  

On the other hand, in more disadvantaged neighborhoods, SYEP may achieve 

what administrators and policymakers expect it toðreducing arrests by keeping youth 

away from risky situations and police encounters. Disadvantaged areas typically have 

higher crime rates and greater opportunities for crime (Krivo 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 efficacy) (Sampson, 2002). Additionally, heightened 

police presence increases the likelihood of encounters, further raising the risk of arrest for 

youth in these neighborhoods. Because participants of SYEP are kept busy at work, the 

program may have reduced their time for criminal activities and interaction with law 

enforcement. This was further confirmed when combining neighborhood disadvantage 

and police activity. While the main 2SLS 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 rates and those outside these quartiles, participants in 

both high-disadvantage and high-SQF-activity areas experienced a decrease in arrests 

compared to nonparticipants. This suggests that the combined criminogenic risk 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 may have also alleviated economic strain for youth in the 

highest quartile 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 supportive community programs, which can 

hinder youth development (Edmiston, 2019; Jencks & Mayer, 1990; Small & 

McDermott, 2006). Given that SYEP participants are more likely to work and earn more 

than those in the control group during the summer (Gelber 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 evaluations indicate that many SYEP participants use their income from 

the program on household essentials and school supplies (Valentine et al., 2017). As 

previously noted, the average median household income in neighborhoods classified in 

the fourth quartile of disadvantage was around $34,035, according to the 2011 ACS.55 

Therefore, the earnings from SYEP during the summer may be quite substantial for these 

participantsô families. If youth worked the maximum number of hours for the full 

duration of the program, they would have earned approximately $1,181 in 2006 and 

$1,251 in 2007 and 2008. These earnings from SYEP represent about a quarter of the 

income generated by the average household in their neighborhoods during the that period, 

underscoring the economic impact of SYEP on participantsô families. However, this 

analysis could not distinguish whether the observed reductions in arrests in disadvantaged 

neighborhoods were primarily attributable to decreased exposure to criminogenic 

opportunities, to the provision of income to economically disadvantaged families, or to 

other mechanisms. Similarly, 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 areas. For SQF activity, Latinx youth living in 

 
55 The median family income for youth in the year prior to SYEP application was $39,526 between 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 participation. SYEP 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 and the police are more 

prevalent (Lautenschlager & Omori, 2018; Sheats et al., 2018), both of which increases 

their likelihood of facing arrests. Black and Latinx youth are also more likely to be 

stopped and treated more harshly by the police (Brunson & Weitzer, 2009; Raphling 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 crime and arrests. This suggests that SYEP played a role 

in reducing the exposure to risky situations that can lead to arrests for youth in 

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 environments may 

have significantly influenced their experience with the program.  

The long-term 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 

applicantsô race and ethnicity revealed distinct trends. Black participants in the third 

quartile of disadvantage showed increased arrest risks three to six years post-program. 

Additionally, Black participants in more advantaged areas initially faced heightened 
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arrest risks, which diminished after four years. Combined with the short-term findings 

indicating that the program was associated with an increase in arrests for Black youth in 

more advantaged and less disadvantaged areas (the first three quartiles of disadvantage), 

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 compounding 

effects of adverse social and economic conditions, where initial disadvantages can result 

in further marginalization and additional barriers over time (Sampson & Laub, 1997). As 

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 justice system due to 

factors such as discriminatory policing practices, socioeconomic disparities, and a lack of 

access to supportive resources that can mitigate these risks (Black & Reiss, 1970; 

Kutateladze et al., 2014).  

In contrast, White youth in more advantaged neighborhoods (first and second 

quartiles) experienced long-term reductions in arrest rates following program 

participation. The ability of White youth in these areas to sustain the arrest-reduction 

benefits of SYEP may be attributed to their better positioning to capitalize on the 

programôs offerings. This is consistent with the idea of capital formation, which suggests 

that the resources and networks available in a community can enhance program outcomes 

(Leventhal & Brooks-Gunn, 2000; Wen et al., 2003). Compared 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 capital, educational and job 

opportunities, and robust community support, all of which can amplify the positive 

effects of employment programs like SYEP (Assari, 2018; Darling-Hammond, 2013; 

McDonald et al., 2009; S. S. Smith, 2000). 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 in these environments, which could be why I did not observe that the 

arrest-reduction effects found during the summer of the program persisted into the 

subsequent years for youth in these areas. 

It may seem perplexing that the program was associated with lasting reductions in 

arrests for White youth in advantaged areas over time, yet not during the program 

summer itself. This discrepancy might be attributed to a ñfloor effectò during the 

summer, where low prevalence of arrests for White youth in more advantaged 

neighborhoods limited the ability to observe significant changes. For instance, the 

baseline in-program arrest rate for the control group of White youth in advantaged areas 

was approximately 0.1 percent (compared to the 1.2 percent in-program 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 was truly effective in reducing arrests for White youth in advantaged 

neighborhoods during the summer, it would be challenging to detect a notable 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 to capitalize on the programôs benefits as well as 

the statistically larger cumulative baseline arrest rates.   

In summary, the precise mechanisms through which SYEPs influence criminal 

justice outcomes remain somewhat ambiguous, though several potential explanations 

have emerged to be more possible. This research added more nuance to the existing 

literature by examining the short- and long-term impact of SYEP across different levels 

of neighborhood disadvantage and police activity and by disaggregating the effects by 

race/ethnicity. The results suggested that the mechanisms operated differently depending 

on the neighborhood youth reside in.  

However, it is important to approach these findings with caution, as the overall 

main results did not reach conventional levels of statistical significance, except for some 

marginal effect estimates and in the supplemental quartile analysis. The main analysis 

may suffer from bias and inefficiency, as indicated by large standard errors and 

confidence intervals, arising from potentially weak instruments. In contrast, the quartile 

analysis (and the analysis using groups by standard deviation categories) included only 

the lottery result as an instrument, which was strong and relevant for program 

participation, thereby reducing the risk of bias. Consequently, the results from the 

quartile analysis are likely to be more reliable. For these reasons, the discussion, 

interpretation, and policy implications primarily rely on the findings from the 

supplemental quartile analysis, with sporadic reference to the main 2SLS analysis.  
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Policy Implications  

The findings have implications for the design and implementation of SYEPs. To 

ensure that the program is equitable for all New York City youth, SYEP administrators 

might consider several strategies: 1) targeting youth in disadvantage, especially Black 

and Latinx youth and 2) enhancing collaboration with worksites in more advantaged and 

less-policed areas as well as worksites across the city.  

Program administrators can expand recruitment efforts in disadvantaged and 

heavily policed areas. The analysis indicated that SYEP appeared to reduce in-program 

arrests for youth living in highly disadvantaged neighborhoods and places with medium-

to-high SQF activity, particularly for Black and Latinx youth. Thus, targeting these 

demographics and areas could yield benefits. Recruitment appears to largely fall on the 

SYEP providers. One provider shared that they try to reach as many youth as possible 

and do not intentionally target certain groups of youth in their promotional efforts. It is 

possible that due to most providers located in areas with higher disadvantage and 

policing, recruitment is already more clustered in these places. In recent years, the city 

has developed other specialized summer jobs programs tailored to the diverse needs of 

youth from various backgrounds. These major changes to SYEP are listed later.  

However, it is important to keep in mind that there has not been an investigation 

into how peer dynamic plays a role in influencing SYEP outcomes. If the program 

primarily operates through disrupting or disengaging participantsô delinquent peer 

networksðsince not all individuals from a friend group may be selected or placed at the 

same worksiteðthen targeting youth from specific disadvantaged or heavily policed 
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areas could enhance the programôs efficiency and outcomes. On the other hand, if 

reductions in arrest were driven by interactions with peers from more advantaged areas, 

then the diverse composition of participantsô socioeconomic backgrounds becomes 

important, and focusing solely on youth from disadvantaged and heavily policed areas 

might alter the program outcomes. Literature supports the notion that youth behavior is 

shaped by peer interactions, whether they promote prosocial or risky behaviors (Van 

Hoorn et al., 2016). Additionally, research in schools suggests that students exposed to 

peers from diverse backgrounds tend to achieve better outcomes, including higher test 

scores and grades (Mickelson, 2018; Orfield et al., 2014; Reardon, 2016). Further 

research investigating the 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 results from the quartile analysis revealed that youth living in places that 

were more advantaged and have lower stop rates experienced an increase in arrests 

during the program, with this pattern most concentrated in Black youth. One possible 

explanation for this finding is that youth from these neighborhoods are commuting to 

areas with greater disadvantage or higher policing for work, as worksites may be 

concentrated near the providesô locations (which are often situated in these high-

disadvantaged areas). To address this, establishing partnerships with community 

organizations in more advantaged and less policed areas of the city could be beneficial, as 

could efforts by existing providers to expand their employer network throughout the city. 

Providers can also take into consideration youthôs home location when assigning work in 
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addition to their preferences. By adding worksites in more advantaged areas closer to 

participantsô residence, the program could increase job options that align with youthôs 

skills and preferences while mitigating the risks associated with commuting to 

neighborhoods marked by higher disadvantage and increased police presence. Though, it 

is crucial to ensure that the types and quality of jobs available across advantaged and 

disadvantaged neighborhoods are comparable. Equity 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. Furthermore, if youth from 

disadvantaged neighborhoods express interest in positions outside their local areas, they 

should not be precluded from being matched with these opportunities. It is currently 

unclear from the evidence the impact of the program on youth traveling from a more 

disadvantaged areas to a more advantaged one, nor does it address the implications for 

youth traveling from highly policed areas to those with lesser police presence.     

It is also essential to consider the broader goals and outcomes of the program. 

Addressing crime and arrests is important, but SYEP has multifaceted objectives, 

including improving future employment, promoting academic success, fostering the 

development of work and life skills, and enhancing overall health and wellbeing. While 

the quartile findings suggested that SYEP might serve as a valuable tool for reducing 

youth arrests and supporting disadvantaged communities, careful consideration is needed 

to optimize its design and implementation so that the program can improve criminal 

justice outcomes without jeopardizing other vital objectives. Theories and prior research 

indicate that the quality of work matters for program outcomes (Staff et al., 2010). 
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Therefore, the Department of Youth and Community Development (DYCD) and 

providers should ensure that, in addition to the 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 

satisfaction (Heller & Kessler, 2021). Moreover, it is possible that by reducing criminal 

justice risks, the program can indirectly influence academic, employment, and mortality 

outcomes. For instance, avoiding arrests may have allowed participants to stay in school, 

achieve better grades, and reduce their risks of mortality later in life (Leos-Urbel, 2014; 

Modestino & Paulsen, 2023; Schwartz et al., 2015). However, the SYEPôs impact on 

criminal justice outcomes as a mediating factor for other outcomes 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 the programôs provision of low-cost labor, allowing them to provide affordable 

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 private-sector jobs increases, SYEP offers local 

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 researchers to consider not only the programôs 

impact on participating youth but also its overall contribution to the city and its residents. 

Additionally, acknowledging these community benefits can help garner greater support 

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 

policingðpolicymakers in general should prioritize comprehensive interventions that 

extend beyond the SYEP itself. While program administrators can refine the 

implementation and targeting of SYEP to enhance its effectiveness, it is equally 

important to tackle the broader systemic challenges faced by youth in disadvantaged and 

heavily policed neighborhoods. These challenges include significant disparities in labor 

market opportunities, educational resources, and other social support systems (Jencks & 

Mayer, 1990; Leventhal & Brooks-Gunn, 2000). The quartile results implied that 

program participation inadvertently increased arrests for youth in advantaged and low-

policed neighborhood, suggesting that SYEP is not a blanket solution for youth crime. 

The dynamics of disadvantage and police activity in one neighborhood can impact not 

only its residents but also youth who must travel to those neighborhoods for employment. 

Black and Latinx youth are particularly vulnerable, as they already face higher rates of 

police encounters (Lautenschlager & Omori, 2018; Puzzanchera, 2021).  

Investing in disadvantaged neighborhoods could also build the capacity of youth 

to better leverage the benefits of SYEP, fostering longer-lasting impacts similar to those 

observed among White youth in more advantaged areas, who enjoyed arrest-reduction 
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benefits after the program ended. Some strategic investments could include investing in 

school resources to provide more robust academic and career counseling so youth can 

translate and transfer the skills they acquired during SYEP into meaningful future 

employment or education opportunities. Efforts can also be put into enhancing the role of 

the program as a ñresource brokeròðorganizations that can connect SYEP youth to 

opportunities and other social programs from businesses, community nonprofits, and 

government agencies (Small, 2006).56 By addressing these foundational issues, 

policymakers can create more equitable 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 expansion.57 Funding and the number of youth served annually have grown 

substantially since 2008.58 Despite the increased number of youth served in the program, 

the demand for SYEP still exceeds the supply, reflecting its popularity among 

 
56 Discussions 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 programs through participating, and vice 

versa.  
57 In 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 from 7 weeks (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 during the mandatory orientation, while youth who are 14-15 years 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. 
58 In 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 about fluctuating yearly budgets. 
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policymakers and NYC residents alike. Responding to the demand, the Department of 

Youth and Community Development (DYCD), the city agency that oversees SYEP, has 

also diversified its offerings of summer employment programs.  

For instance, the department introduced a specialized job program targeting 

certain vulnerable youth (called Emerging Leaders), including youth residing in certain 

public housing developments (NYC Housing Authority), justice-involved youth, youth in 

foster care, runaway or homeless youth, youth with disabilities, and youth that receives 

preventative service from the NYC Administration for Childrenôs Services. DYCD also 

partners with some NYC public high schools to combine education and employment 

programming (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 SYEPðthe focus of this dissertationðhas 

also changed so that the services can be more tailored to younger (14- to 15-year-olds) or 

older SYEP participants. Overall, while the community based SYEP remains the largest 

summer jobs program for general young New Yorkers, there are now more options 

available 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 in 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 

DYCDôs new summer jobs programs. While this dissertation shows that the ñcommunity 

basedò SYEP effectively reduced arrests in the highest quartile of disadvantaged 

neighborhoods, these findings should not be assumed to apply to the new specialized 

programs. DYCD and other city policymakers seem to be interested in creating more 

summer jobs opportunities and investing in these new targeted programs. We should be 

cautious about extrapolating results from the community based SYEP to 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 City, since it is distinct from other large U.S. cities in several ways. 

The city is characterized by its high population density, diverse demographic 

composition, broad public initiatives, and having the largest local 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, NYC has some of 

the highest rates of stop-and-frisk 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 policing.59 Additionally, the socio-economic disparities and 

neighborhood dynamics in NYC may not be directly comparable to those in other 

metropolitan areas.  

The NYC SYEP also differs significantly from similar job programs in other 

cities in several ways. As the largest program in the nation, NYCôs SYEP now serves 

over 100,000 participants annually with substantial funding and resources, which 

influences its unique structure and implementation. Consequently, findings from this 

study may not directly apply to SYEPs in other cities, where program size, resources, and 

operations can vary. Understanding how neighborhood contexts influence the impact of 

SYEPs on youth arrests in other cities remains an area for further exploration. 

Additionally, as previously described, the 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 to participants. 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 minimizing their 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 resided in 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 characteristics and motivations similar to those of the SYEP applicants. 

Overall, the extent to which these results can be generalized to other contexts depends 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 the 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 conjunction with the recent modifications to SYEP, future research 

should investigate how changes to police activity post-2013 influenced the programôs 

effect on criminal justice outcomes.  

While this study empirically separated disadvantage and policing in the analysis, 

it is important to recognize that these factors are conceptually intertwined. Disadvantage 

and policing often reinforce each other at the macro level (Hinton, 2016), creating 

complex and overlapping influences on youth behavior. Although the analysis in this 

dissertation aimed to isolate these effects, the conceptual linkage between disadvantage 

and policing remains a critical consideration. Furthermore, disadvantage was measured in 
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terms of the absolute structural deprivation of a neighborhood, rather than its relative 

deprivation compared to other surrounding neighborhoods. I did not explore how 

individualsô relative disadvantageðspecifically, their personal poverty in relation to the 

level of disadvantage in their residential areaðmight impact their experiences. 

Examining individual-level relative disadvantage and neighborhood-level disadvantage 

may provide further insights into mechanisms such as strain, where youth might have 

feelings of frustration or tension when resources are unevenly distributed within a 

community (Agnew, 1999, 2006; Hipp, 2007).  

On a similar note, racism and youthôs racial experiences also do not operate 

independently from disadvantage and policing (Hinton, 2016; Hinton & Cook, 2021; 

Peterson & Krivo, 2010). Subsequent studies should explore both the absolute and 

relative inequalities experienced within and across racial groups. Due to modeling 

limitations, I was not able to directly compare the programôs impact across different 

racial groups in neighborhoods with varying levels of disadvantage and policing. Instead, 

this dissertation focused on estimating program effects separately for youth within each 

racial category. While the results suggested that the impact of SYEP participation was 

more pronounced for certain racial groups living in specific neighborhoods, it could not 

assess the magnitude of differences in program effects across racial groups. Future 

research could address this gap by focusing on whether the SYEP helps to reduce the 

disparities in arrest rates between youth of different racial backgrounds, particularly in 

neighborhoods with varying 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 neighborhoods, and I only used neighborhood racial composition as control 

variables. However, focusing specifically on how the racial composition of 

neighborhoods can impact programôs effect on arrest rates can be equally as interesting 

and can shed light on potential relationship between individual race, neighborhood racial 

composition, and arrests. 

The influence of disadvantage and policing on arrests and SYEP experience may 

not be linear, even though the main analysis treated these neighborhood factors as 

continuous and linear moderators of SYEP effects. On the one hand, the negative impact 

of disadvantage may be additive or compounded at higher levels of deprivation, with 

each additional disadvantage having more severe consequences as the level of 

deprivation increases (Blau & Duncan, 1967; Kurlychek & Johnson, 2019; Merton, 1968; 

Sampson & Laub, 1997). On the other hand, certain 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, nonlinearity 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 threshold effects on SYEPôs effectiveness in reducing 

arrests. 

A significant limitation of the main analysis was the potential weakness of the 

instruments used for neighborhood context measures, specifically historical tuberculosis 

(TB) prevalence rates and Bartik shift-share measure. Two of the key assumptions 

necessary for valid instrumental variables (IV) methods are instrument exogeneity and 

relevance, the latter pertains to the strength of the correlation between the instrument and 

the endogenous variable (Angrist & Pischke, 2009). In a quasi-experimental setting, there 

is often a trade-off between these two assumptions. For example, while using TB 

prevalence rates from over 70 years ago may enhance the exogeneity assumption, it likely 

diminished the relevance of the instrument. I attempted to improve the predictive power 

of the TB instrument by using categorical measures, but with limited success. The use of 

historical TB rates as an instrument for present-day neighborhood disadvantage is novel 

and a contribution of this dissertation. Future research could benefit from exploring 

historical TB rates from alternative years or other health measures as instruments for 

neighborhood disadvantage.  

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 used. As a straightforward example, the LATE of the program estimates the 

effect of SYEP participation for youth who were induced into the program because they 



 

 

 

215 

 

were selected by the lottery compared to those who did not participate because they did 

not win the lottery. Similarly, when incorporating neighborhood-level 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 rates corresponds to the effect 

for the compliers of neighborhoods that were influenced by some city-wide shock to 

police activity, as identified by the Bartik-style shift-share instrument. Given these 

variations in the sets of compliers, the findings of this dissertation should be interpreted 

with caution.  

Future research could explore alternative methods for grouping neighborhoods 

based on disadvantage and SQF stop rates. In the supplemental analysis, neighborhoods 

were categorized into quartiles, and the results from these models indicated that SYEP 

participation was associated with both reductions and increases in arrests for youth in 

specific neighborhoods. While grouping neighborhoods by standard deviations from the 

mean produced similar trends to the quartile-based approach, some minor differences 

were observed. These findings suggest that there is variation and more nuance in SYEP 

effects on arrests across neighborhoods with different levels of disadvantage and police 

activity. Therefore, future scholars should investigate additional categorization methods 

and develop strategies to ensure that neighborhoods within each group are both similar 

and comparable. Furthermore, future research should 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 SYEPôs impact on youth outcomes. However, it is important to recognize that 

the arrest measure reflected two mechanismsðindividual 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 participantôs involvement in SYEP. While this dissertation 

aimed to examine the relationship between the program and arrests, the arrest measure 

could not fully disentangle the effects of individual behavior from police decision-

making. The current data did not allow for a clear separation of these influences. Future 

research can benefit from exploring both self-reported crime data and official arrest 

records to better understand these dynamics, though gathering self-reported data would 

be challenging, as it would require surveying both SYEP participants and applicants who 

were not selected for the program. 

Relatedly, I was unable to account for youth behavior outside the program, 

particularly concerning the activities of nonparticipants (i.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 earn higher wages during the summer (Gelber et al., 2016; Valentine et al., 

2017). However, it remains unclear what alternative activities nonparticipants engage in 

and how these activities may vary by neighborhood. Research on adolescent time use 

during the summer suggests that youth typically engage in a range of activities, including 

leisure pursuits, academic enrichment, volunteering and unpaid care work, and paid work 
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(Sepúlveda & Hutton, 2019). For instance, the average adolescents from 2003 to 2007 

spent just under four hours a day on their screens (e.g., watching TV, gaming, etc.), 

nearly two hours per day socializing with peers, and over one hour on paid work 

(Livingston & Barroso, 2019). Furthermore, youth from disadvantaged neighborhoods 

often have less ability and access to structured summer programs and resources (America 

After 3PM, 2021; Sepúlveda & Hutton, 2019), potentially leading to differences in how 

their time is utilized compared to youth in more advantage places. Future research can 

examine deeper into the time-use patterns of SYEP applicants to better contextualize the 

summertime experiences of nonparticipants and even participantsô activities outside of 

the program. Additionally, recent trends suggest that the average youth today appear to 

spend more time on schooling and less time socializing (Livingston & Barroso, 2019). 

Investigating how these shifts in time-use patterns impact program outcomes, and 

whether these changes are consistent across different neighborhoods, could provide 

valuable insights for program design and mechanisms.  

In addition, I lacked data on worksite locations and whether youth moved since 

their SYEP application. Future research should gather more information on youth activity 

during the summer as well as the locations of their worksites. Analyzing worksite 

locations can help estimate commute routes, allowing a more granular assessment of how 

characteristics of the residential, commuting, and destination neighborhoods influence 

SYEP outcomes. Estimations of the long-term impacts of the program will also benefit 

from having information on youthôs residence each year to account for relocations.  
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This analysis defined neighborhoods as the ZIP Code Tabulation Areas (ZCTAs) 

based on the residential locations of SYEP applicants. The choice is driven by the fact 

that ZIP codes were the most granular unit of location in the SYEP dataset. While census 

tracts may offer a more granular picture of youthôs residential environment due to their 

smaller size, some scholars contend that the appropriate spatial unit should align with the 

specific research question at hand (Hipp & Williams, 2020; Sampson, 2013). For 

instance, studies examining individual behaviors or outcomes within the context of 

neighborhoods often utilize varied units of analysis, such as census tracts, ZIP codes 

(ZCTAs), or even smaller geographic units like street blocks, depending on the focus of 

the inquiry (Chetty et al., 2016; Elliot et al., 1996; Simcha-Fagan & Schwartz, 1986; 

Wikström & Loeber, 2000). This flexibility acknowledges that different dimensions of 

neighborhood context may manifest differently across varying levels of geography.  

ZCTAs can be an appropriate unit of neighborhoods for this dissertation because 

they might better reflect the spaces which youth engaged within their communities. Due 

to NYCôs high residential density, census blocks tend to be smaller in areal size 

compared to those in other regions in the country. For example, the average census tract 

in the nation encompasses approximately two square miles, whereas the average census 

tract in NYC spans less than one-tenth of a square mile (Ellen, 2016). Hence, ZCTAs 

may effectively capture the neighborhood disadvantage and police activity that influences 

youthôs daily activities. Additionally, if a participantôs worksite is in the same ZCTA as 

their home, this unit may better reflect the areas where they spend significant time, which 

was more appropriate for the analysis. However, it is important to note that ZCTAs 
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limited the ability to capture more detailed and varied contextual factors present in 

smaller geographic areas surrounding youthôs residences.  

Lastly, this dissertation examined how applicantsô own racial and ethnic identities 

influenced program outcomes within the context of neighborhood disadvantage and 

policing. It is important to recognize that the broader racial/ethnic composition of 

neighborhoods can also uniquely shape applicantsô experiences with both policing and 

SYEP, in addition to the individual impacts of their own racial/ethnic identity. I included 

neighborhood racial composition as control variables in a separate analysis of the main 

models, and the conclusions remained unchanged (see the discussion at the end of the 

Results section for the main analysis). However, future research should explore this 

aspect deeper, looking into how the racial and ethnic makeup of youthôs residential areas, 

as a neighborhood context, influence program outcomes. Understanding the relationship 

between individual identity and neighborhood racial/ethnic dynamics can provide deeper 

insights into how systemic factors influence the effectiveness of youth employment 

programs.  
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Chapter 8. Conclusion 

Summer youth employment programs (SYEP) have gained traction among 

policymakers and administrators as effective initiatives to address youth employment and 

potentially combat youth crime during the summer months when school is out of session. 

Previous evaluations of these summer jobs programs demonstrate their effectiveness in 

achieving many of its short-term goals, such as boosting summer employment rates and 

earnings (Gelber et al., 2016; Valentine et al., 2017) as well as reducing criminal justice 

outcomes like arrests and arraignments (Heller et al., 2014; Kessler et al., 2022; 

Modestino, 2019). While existing literature suggests that the impact of SYEP can vary 

depending on participantsô individual characteristics, there is a growing 

acknowledgement of the role that broader neighborhood context may play in shaping 

program outcomes. However, there has not been a dedicated and systematic investigation 

into how neighborhood characteristicsðspecifically levels of disadvantage and police 

activityðinfluence the impact of the New York City (NYC) SYEP on youth arrests. This 

dissertation aimed to fill this gap by exploring the interplay between these neighborhood 

factors and their influence on program effectiveness. Additionally, I examined whether 

youthôs race and ethnicity matter, recognizing that racial/ethnic dynamics may further 

shape participantsô experiences with and outcomes for SYEP. 

The findings of the dissertation presented a nuanced picture regarding SYEPôs 

impact and provided insight into how the program mechanisms may operate differently 

across various neighborhood context. While 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 instruments. The quartile analysis, which potentially produced more reliable 

estimates, demonstrated 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 suggested that employment could 

serve as a protective factor in more risky neighborhoods, keeping youth engaged in 

structured activities during the summer months and steering them away from arrest. On 

the other hand, the results uncovered a trend where youth from more 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 these youth to greater 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 how long-term program effects 

varied by neighborhood disadvantage, the analysis by the applicantsô race and ethnicity 

showed distinct trends. Black youth in more advantaged areas experienced an increase in 

arrest risks in the immediate years after program participation, which may have resulted 

from the heightened surveillance and compounding influence of being arrested 

(Kurlychek & Johnson, 2019). In comparison, the program was associated with long-term 

reductions in arrests for White participants in advantaged neighborhoods, potentially due 

to them being better positioned to benefit from the program. These findings highlight the 

notion that geographic context plays a role in shaping experiences and youth short-term 

and long-term outcomes.  
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These results have some potential implications for the design and implementation 

of SYEPs and similar initiatives. First, program administrators can adopt targeted 

recruitment strategies that focus on youth in disadvantaged neighborhoods. The findings 

suggested that a concentrated effort to engage Black and Latinx youth in these 

neighborhoods, who are most likely to benefit from SYEP, could potentially yield 

positive impacts. Additionally, administrators should carefully consider the location of 

worksites when placing youth from more advantaged and less-policed areas. This 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 could mitigate 

risks associated with commuting and create a more equal distribution of job opportunities 

from the program. At the same time, it is essential to ensure job quality across both 

advantaged and disadvantaged neighborhoods, providing all participants with valuable 

and meaningful work experiences.  

Moreover, SYEP has the potential to generate broader 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 relationship may not only alleviate labor shortages but also contribute to 

the local economic landscape. Future research should investigate the community-level 

outcomes from SYEP, as understanding these benefits can help encourage more support 

and investments 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 indicated a need for comprehensive interventions that address the systemic 

challenges faced 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 racism (Hinton, 2016; Hinton 

& Cook, 2021; Peterson & Krivo, 2010). Social and economic investments in these 

communities are crucial to breaking to cycle. This 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, administrators can create environments conducive to the development 

of all youth. Strategic investments in these disadvantaged communities may foster 

longer-lasting impacts, akin to the positive outcomes observed among White youth from 

more advantaged areas.  

Given the evolution of NYC SYEP since the study period, ongoing evaluations 

are needed to examine whether the new programs that have been developed align with the 

diverse needs of the youth population and whether they achieve its intended objectives. 

Researchers should also investigate whether and how commuting patterns and peer 

dynamics impact SYEP efficacy. Additionally, future research should consider how the 

unique context in other cities influence their participantsô experience with their summer 

jobs programs. 

In summary, this dissertation contributes to the broader literature on youth 

employment programs by illuminating the nuanced interactions between neighborhood 
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disadvantage and policing when evaluating SYEP outcomes. While SYEP showed 

promise in reducing arrests for certain populations, it also exposed vulnerabilities for 

others. By adopting comprehensive and equitable approaches to program design and 

implementation, policymakers and administrators can better serve all youth, creating a 

working environment that mitigates arrest risks while promoting youth development and 

community well-being. The findings emphasized the critical role of environmental 

context in shaping youth outcomes and highlighted the 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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Appendices 

Appendix A. Additional Information on the New York City (NYC) Summer Youth 

Employment Program (SYEP) and the Analytic Sample  

 

Table A1. Number of All Y outh in the Analytic Sample Who Were Selected and 

Participated in SYEP by Program Years 

 (1)  (2) 

  Total Applicationsi   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 Youth Enrolled 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 received from youth per 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 proportion of participations out of all selected applications are also included when applicable. 

Numbers in (1) are for all applicants to SYEP, and numbers in (2) are for youth in the analytic sample (first 

time in dataset from 2005-2008, age 16 or over, and no missing on ZIP code).  
i 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 Industries Which SYEP Participants Worked In (2006-2008) 

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. This table shows a breakdown of the industries in which SYEP participants were employed worked. 

The data include for participants enrolled in SYEP, with 2,736 individuals (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 31.5 

Community/Social Service 965 16.0  1,020 15.6 

Government Agency 726 12.0  729 11.1 

Healthcare/Medical 638 10.5  646 9.9 

Educational Services 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 2.1 

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 of worksite type is from the SYEP Annual Report 2007 and 2008. This 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 in the data 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 -  0.0001*** 

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 Arresti 0.031 -  0.004 -  0.0001*** 

Ever Prior Convictioni 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 -  0.0001*** 

   Staten Island 0.040 -  0.044 -  0.0001*** 

Neighborhood Characteristicsii       
   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) i       
   In-Program 0.007 -  0.001 -  0.0001*** 

   1 Year Post-Program 0.036 -  0.015 -  0.0001*** 

   2 Year Post-Program 0.056 -  0.039 -  0.0001*** 

   3 Year Post-Program 0.075 -  0.062 -  0.0001*** 

   4 Year Post-Program 0.090 -  0.082 -  0.0001*** 

   5 Year Post-Program 0.102 -  0.099 -  0.003** 

   6 Year Post-Program 0.114 -  0.115 -  0.480 

Number of Arrests | Arrested (Cumulative) i      
   In-Program 1.143 0.482  1.131 0.414  0.775 

   1 Year Post-Program 1.778 1.299  1.527 0.991  0.0001*** 

   2 Year Post-Program 2.205 1.851  2.002 1.618  0.0001*** 

   3 Year Post-Program 2.493 2.348  2.460 2.312  0.3707688 

   4 Year Post-Program 2.718 2.839  2.829 2.839  0.005** 

   5 Year Post-Program 2.911 3.293  3.060 3.240  0.0004*** 

   6 Year Post-Program 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 the 2006-2008 SYEP who 

are over 16 years old and have ZIP code information. The excluded group is those who applied to the 2006-

2008 SYEP who are younger than 16 years old and/or missing on ZIP code information. The columns show 

the mean and standard deviation for the two groups, as well as the p-value of the difference in means 

between the two groups. The p-value 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 manager or professional occupations (reverse coded), 

percent female-headed 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 to SYEP. In-

program is defined as July and August of the program years, and each year post-program is defined as the 

number of years from September of program year to August. 
i Comparisons on criminal justice information (arrests) are performed on individuals who were at least 16 

years old.  
ii 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/Ethnicity (Black Youth, Latinx 

Youth, White Youth and Youth 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         
   Disadv Index  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 (Cumulative)        
   In-Program 0.010 -  0.007 -  0.001 - 

   1 Year Post-Program 0.050 -  0.038 -  0.008 - 

   2 Year Post-Program 0.078 -  0.060 -  0.014 - 

   3 Year Post-Program 0.103 -  0.080 -  0.019 - 

   4 Year Post-Program 0.124 -  0.097 -  0.023 - 

   5 Year Post-Program 0.141 -  0.111 -  0.028 - 

   6 Year Post-Program 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 Post-Program 1.788 1.293  1.793 1.333  1.620 1.226 

   2 Year Post-Program 2.223 1.850  2.216 1.870  1.996 1.810 

   3 Year Post-Program 2.512 2.351  2.516 2.380  2.238 2.211 

   4 Year Post-Program 2.751 2.888  2.729 2.800  2.366 2.527 

   5 Year Post-Program 2.958 3.381  2.907 3.194  2.477 2.754 

   6 Year Post-Program 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 analytic sample for Black, Latinx, and youth who are 

White or other race. The columns show the mean and standard deviation (for non-binary indicators) of 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 [In-Program] 5.859 4.516  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 

Ever Arrested Outcomes (Cumulative)     
   In-Program 0.001 -  0.002 - 

   1 Year Post-Program 0.004 -  0.013 - 

   2 Year Post-Program 0.007 -  0.022 - 

   3 Year Post-Program 0.010 -  0.029 - 

   4 Year Post-Program 0.013 -  0.035 - 

   5 Year Post-Program 0.015 -  0.041 - 

   6 Year Post-Program 0.016 -  0.046 - 

Number of Arrests | Arrested (Cumulative)     
   In-Program 1.083 0.289  1.033 0.183 

   1 Year Post-Program 1.757 1.479  1.573 1.127 

   2 Year Post-Program 1.885 1.779  2.036 1.823 

   3 Year Post-Program 2.142 2.271  2.274 2.190 

   4 Year Post-Program 2.201 2.574  2.431 2.507 

   5 Year Post-Program 2.236 2.667  2.574 2.785 

   6 Year Post-Program 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 sample for White youth and youth of other 

race. The columns show the mean and standard deviation (for non-binary indicators) of each variable. 
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Table A7. Demographic Characteristics of Youth by Quartiles of Neighborhood 

Disadvantage  
  Quartiles 1 & 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         
   Disadv Index  -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 Post-Program 0.025 -  0.028 -  0.043 - 

   2 Year Post-Program 0.041 -  0.045 -  0.068 - 

   3 Year Post-Program 0.054 -  0.060 -  0.089 - 

   4 Year Post-Program 0.066 -  0.072 -  0.107 - 

   5 Year Post-Program 0.076 -  0.083 -  0.122 - 

   6 Year Post-Program 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 Post-Program 1.714 1.185  1.774 1.318  1.789 1.307 

   2 Year Post-Program 2.067 1.782  2.187 1.830  2.235 1.870 

   3 Year Post-Program 2.361 2.273  2.426 2.276  2.543 2.387 

   4 Year Post-Program 2.547 2.868  2.629 2.702  2.784 2.889 

   5 Year Post-Program 2.744 3.324  2.836 3.129  2.971 3.354 

   6 Year Post-Program 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 analytic sample for each quartile of neighborhood 

disadvantage. The columns show the mean and standard deviation (for non-binary indicators) of 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 approximately -0.631, 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 Characteristics         
   Disadv Index [2011 ACS] 0.318 0.531  0.821 0.645  0.890 0.588 

   SQF Stop Rates  4.172 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 Post-Program 0.019 -  0.040 -  0.047 - 

   2 Year Post-Program 0.032 -  0.063 -  0.074 - 

   3 Year Post-Program 0.043 -  0.083 -  0.097 - 

   4 Year Post-Program 0.053 -  0.099 -  0.116 - 

   5 Year Post-Program 0.061 -  0.113 -  0.132 - 

   6 Year Post-Program 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 Post-Program 1.775 1.317  1.767 1.220  1.787 1.348 

   2 Year Post-Program 2.131 1.839  2.215 1.828  2.229 1.873 

   3 Year Post-Program 2.441 2.346  2.505 2.339  2.508 2.355 

   4 Year Post-Program 2.637 2.818  2.746 2.823  2.733 2.861 

   5 Year Post-Program 2.841 3.255  2.911 3.196  2.942 3.381 

   6 Year Post-Program 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 analytic sample for each quartile of neighborhood SQF 

stop rates. The columns show the mean and standard deviation (for non-binary indicators) of each variable. 

The quartiles are defined using ZCTAs in the whole city (with population over 1,000) for SQF rates during 

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 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. 
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Figure A1. Maps of SYEP Providers in the Five Boroughs (from the 2007 and 2008 Annual Summary) 
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Note: These figures show the 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 1949-1951 Measures  

 

The information was from the 1956 Report from the New York Tuberculosis and 

Health Association titled Socioeconomic Conditions and Tuberculosis Prevalence in New 

York City obtained from the New York City Municipal Archives and Library. The report 

includes the average prevalence rate and death rate for every 100,000 population from 

1949-1951. I 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 no pre-existing 

shapefiles of the 1940 health area boundaries were available. Consequently, I constructed 

the map of New York Cityôs historical health areas in ArcGIS, utilizing printed maps as a 

reference.60 

Because the neighborhood in this analysis was defined at the Zip Code Tabulation 

Area (ZCTA) units, I employed an estimation strategy using areal weights to calculate the 

TB rate at this level. The estimation was performed in ArcGIS Pro and Stata17.  

 

¶ Step 1: Using the ArcGIS Pro geoprocessing tool Calculate Geometry Attributes, 

I calculated the area of each health area.  

¶ Step 3: I created a new layer that represent each intersect and union of the health 

area and ZCTA polygon layers using the Union tool. I then calculated the area for 

each union polygon. Each union polygon shows with which health area and 

ZCTA it overlaps. 

¶ Step 4: I 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. 

¶ Step 5: I merged the TB rates dataset from 1949-1951 to the union dataset using 

health area code.  

¶ Step 6: I summed the weighted TB rates for each ZCTA using the equation 

below, where Ὤ  is the proportion of the union area Ὥ that overlaps ZCTA Ὧ over 

the area of health area Ὦ (Ὤ ), Ὕὄ is the TB rate in health area Ὦ. 

Ὕὄ ὶὥὸὩ Ὤ ϽὝὄ 

 

 

 

 

  

 
60 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://guides.libraries.indiana.edu/c.php?g=1381446&p=10215709. These maps of health areas in the five 

boroughs were used as reference to create the ArcGIS shapefiles.  

https://guides.libraries.indiana.edu/c.php?g=1381446&p=10215709
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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]. The main analysis used a disadvantage index calculated from 

the 2011 ACS. Consistent with how concentrated disadvantage is measured in the 

literature (Krivo et al., 2018; Lyons et al., 2013), the measure is the mean of the z-scores 

for percent of the employed population with secondary sector low-wage jobs, jobless rate 

for the working age population (age 16 to 64), percent of the employed population with 

management, professional and related occupations (reverse-coded), percent of female-

headed households, percent of the population age 25 and over who have at least a high 

school degree (reverse coded), and the poverty rate.  

 

Disadv PCA Score [2011 ACS] . 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 of percent poverty, receipt of public assistance, percent unemployment, percent 

female-headed households, and the density of children under 18 years old. This measure 

was used in the supplemental analysis to check the robustness of the main finding.  

 

Disadv Index [2000 Census]. As discussed in the main text, there is no ZCTA-level 

information provided by the 2000 Census, however, the NYC Department of City 

Planning has some 2000 Census information at the ZIP-code level. Unfortunately, these 

data do not have all the variables needed 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 and percent of the population over 25 years 

old with at least a high school degree (reverse 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 much relative to 

each other between the year 2000 and 2007 to 2011 in NYC neighborhoods. The high 

correlation across the three measures implies that, on average, a neighborhoodôs relative 

position of disadvantage did not change much in the two data periods, nor did it change 

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 

Measure 

Data 

Source 

Variables Included  Method 

Disadv Index  

[2011 ACS] 

2011 ACS ¶ Percent of employed population 

with secondary sector low-wage 

jobs 

¶ Jobless rate for working age 

population 

¶ Percent of employed population 

with management, professional 

and related occupations (reverse-

coded) 

¶ Percent female-headed 

households 

¶ Percent of population age 25 and 

over who have at least a high 

school degree (reverse coded) 

¶ Poverty rate 

Mean of 

standardized 

variables   

Disadv PCA 

Score  

[2011 ACS] 

2011 ACS ¶ Poverty rate  

¶ Percent receiving public 

assistance 

¶ Percent unemployed  

¶ Percent of female-headed 

households  

¶ Percent age 18 or younger 

Principal 

component 

analysis 

(PCA) 

Disadv Index  

[2000 Census] 

2000 

Census 
¶ Poverty rate 

¶ Percent of population over 25 

years old with at least a high 

school degree (reverse coded) 

Mean of 

standardized 

variables   

Note: This table shows the variables that were used to create the various disadvantage measures and the 

method used to create these measures. The 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] 0.93 1.00  

(3) Disadv Index [2000 Census] 0.90 0.82 1.00 

Note: The table shows the correlation of the disadvantage measures for a sample of 176 

ZCTAs in NYC (with population over 1,000).   
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Table C3. Correlation Matrix of Variables Used to Create the Disadvantage Measures 

Variables (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) 

Disadv Index [2011 ACS]            

(1) Percent low-wage jobs 1.00           

(2) Jobless rate  0.74 1.00          

(3) Percent professional occupations (RC) 0.85 0.74 1.00         

(4) Percent female-headed 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 0.55 0.73 0.74 1.00      

Disadv PCA Score [2011 ACS]            

(7) Percent age 18 or younger 0.70 0.77 0.74 0.76 0.65 0.58 1.00     

(8) Percent unemployed 0.62 0.48 0.45 0.65 0.46 0.57 0.40 1.00    

(9) Percent public assistance 0.66 0.70 0.70 0.72 0.61 0.53 0.99 0.37 1.00   

Disadv Index [2000 Census]            

(10) Poverty rate 0.74 0.72 0.53 0.72 0.71 0.97 0.54 0.59 0.49 1.00  

(11) Percent high school degree (RC) 0.88 0.77 0.76 0.75 0.83 0.86 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 over 1,000). These variables 

are what was used to create the disadvantage measures.    
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Figure C1. Scatterplot of Disadvantage Indices ï Disadv PCA Score [2011 ACS] vs. Main 

Disadv Index [2011 ACS] 

 
Note. This figure shows the scatterplot of the two disadvantage indices. The blue line indicates the y=x, points at 

which the scores from the two measures are the same. The disadvantage index created from the 2011 ACS was used 

in the main analysis.  

 

 

Figure C2. Scatterplot of Disadvantage Indices ï Disadv Index [2000 Census] vs. Main Disadv 

Index [2011 ACS] 

 
Note. This figure shows the scatterplot of the two disadvantage indices. The blue line indicates the y=x, points at 

which the scores from the two measures are the same. The disadvantage 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 stop rates (per 1,000) 

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) (3) (4) (5) (6) (7) (8) (9) 

(1) Disadv Index [2011 ACS] 1.00         

(2) SQF Stop Rate (In-Program) 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 (non-Hispanic) -0.80 -0.34 0.96 -0.70 -0.43 -0.57 1.00   

(8) Percent Black (non-Hispanic) 0.45 0.35 -0.77 0.99 -0.32 -0.04 -0.67 1.00  

(9) Percent Other Race (non-Hispanic) -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 over 1,000). The racial 

composition measures are from the 2011 ACS.   
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Figure D1. Scatterplot of Average SQF Stop Rate (in-program) vs. Disadv Index [2011 

ACS] 

 
Note. This figure shows the scatterplot of the police stop, question, and frisk (SQF) stop rates and the 

neighborhood disadvantage index. The 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 

measures is ‎ πȢρχω ὴ πȢπρψ. Figure D2 below shows their 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 10002 in the Lower 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 also an important district with 

many old-law tenement housing, and its poor sanitary and crowded living conditions 

provide opportunities for the disease to spread.61  

 

  

 
61 Old law tenements are tenement homes built before 1901. They were often low-rise, low-rent, multi-

family dwellings (Nigro, 2018). Even though there were tenement houses over the city, these were mainly 

concentrated in the lower part of Manhattan. As the 1956 TB Report states ñThey were designed to permit 

the most concentrated use of land with a minimum regard for tenant convenience and sanitationé the 

existence of running cold water or the availability of any sort of interior sanitary facilities were luxuries to 

many of the tenantsò (p.23).  
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Figure D2. Scatterplot of Neighborhood Disadvantage vs. Historical TB Prevalence Rate  

 
Note. This figure shows the scatterplot of the average historical tuberculosis (TB) prevalence rates (per 

100,000 population) from 1949-1951 and the neighborhood disadvantage index. The blue line indicates the 

y=x, points at which the scores from the two measures are the same. 
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Figure D3. Map of Neighborhood Tuberculosis Prevalence Rates (per 100,000) from 

1949-1951 

 
Notes. The map shows the average TB prevalence rate (per 100,000) from 1949 to 1951 in each ZCTA. 

Darker color in 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 2.336 

SQF Stop Rates (Average) 0 4.090 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 the minimum and maximum value of the disadvantage index and stop, question, and 

frisk (SQF) stop rates for a sample of 176 ZCTAs in NYC (with population over 1,000). The 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  

 
Note: This figure shows the box-and-whisker plots of neighborhood disadvantage and police stop, question, 

and frisk (SQF) stop rates for a sample 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 SYEP Applicantsô Arrest Rates In-Program, 1-Year Follow-Up, 3-

Year Follow-Up, and 5-Year Follow-Up 

  

  
 

  
Note: These maps show the distribution of percentage of arrest for the analytic sample (N=129,098) for 

each ZCTA. Darker colors of blue (quartiles) indicate higher arrest rates. Areas 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. The in-program arrest rates are from July and August of the program year; 

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

the three-year follow-up extends from September of the program year to August three years post-program, 

continuing similarly for the five-year follow-up period.



 

 

 

251 

 

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 0.36 -0.14 -0.10 0.00 -0.06 0.01 1.00       

(9) Ever Prior Arrest 0.23 -0.14 0.14 -0.01 -0.08 0.26 0.06 -0.09 1.00      

(10) Ever Prior Convicted 0.25 -0.10 0.11 -0.01 -0.06 0.20 0.05 -0.07 0.77 1.00     

Neighborhood Characteristics             

(11) Disadvantage -0.02 -0.27 0.08 0.21 -0.15 0.04 0.01 -0.07 0.08 0.07 1.00    

(12) SQF (in-prog) 0.00 -0.24 0.25 -0.02 -0.13 0.05 0.05 -0.09 0.09 0.07 0.32 1.00   

(13) TB Prevalence  0.02 -0.14 0.01 0.06 0.04 0.02 0.01 -0.07 0.05 0.04 0.15 0.44 1.00  

(14) Bartik IV -0.01 -0.03 0.06 -0.06 0.02 0.00 0.00 0.00 0.00 0.02 -0.10 -0.23 -0.36 1.00 

Ever Arrested (cumulative)              

(15) In-program 0.06 -0.07 0.07 0.00 -0.05 0.14 0.04 -0.05 0.33 0.26 0.04 0.05 0.03 0.00 

(16) 1 year post-program 0.08 -0.15 0.15 0.01 -0.10 0.31 0.06 -0.08 0.57 0.45 0.10 0.10 0.06 0.00 

(17) 2 year post-program 0.07 -0.18 0.17 0.01 -0.12 0.36 0.07 -0.10 0.58 0.45 0.12 0.12 0.07 0.00 

(18) 3 year post-program 0.06 -0.19 0.19 0.01 -0.13 0.38 0.08 -0.10 0.57 0.44 0.13 0.13 0.07 -0.01 

(19) 4 year post-program 0.05 -0.20 0.19 0.02 -0.13 0.40 0.08 -0.11 0.55 0.43 0.14 0.13 0.07 -0.01 

(20) 5 year post-program 0.05 -0.21 0.20 0.02 -0.14 0.40 0.08 -0.11 0.54 0.42 0.14 0.14 0.07 -0.01 

(21) 6 year post-program 0.04 -0.22 0.20 0.02 -0.14 0.41 0.09 -0.11 0.53 0.42 0.14 0.14 0.07 -0.01 

Number of Arrests (cumulative)              

(22) In-program 0.00 -0.03 -0.02 0.06 -0.06 0.02 0.01 0.00 0.04 0.02 -0.08 -0.03 0.01 -0.10 

(23) 1 year post-program -0.03 0.02 0.01 0.01 -0.04 0.04 0.00 -0.06 0.09 0.07 0.03 0.03 0.02 -0.05 

(24) 2 year post-program -0.01 -0.01 0.00 0.02 -0.02 0.07 0.00 -0.05 0.13 0.10 0.04 0.03 0.03 -0.02 

(25) 3 year post-program -0.03 0.00 0.01 0.01 -0.03 0.11 0.00 -0.05 0.15 0.11 0.04 0.01 0.03 -0.02 

(26) 4 year post-program -0.02 -0.01 0.03 -0.01 -0.04 0.12 -0.01 -0.06 0.16 0.12 0.03 0.02 0.04 -0.03 

(27) 5 year post-program 0.00 -0.02 0.04 -0.02 -0.04 0.14 0.00 -0.07 0.17 0.14 0.02 0.02 0.04 -0.03 

(28) 6 year post-program 0.02 -0.03 0.05 -0.02 -0.04 0.14 0.00 -0.06 0.18 0.15 0.02 0.02 0.03 -0.03 
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Variables (15) (16) (17) (18) (19) (20) (21) (22) (23) (24) (25) (26) (27) (28) 

Ever Arrested (cumulative)              

(15) In-program 1.00              

(16) 1 year post-program 0.45 1.00             

(17) 2 year post-program 0.38 0.83 1.00            

(18) 3 year post-program 0.34 0.75 0.91 1.00           

(19) 4 year post-program 0.32 0.71 0.86 0.95 1.00          

(20) 5 year post-program 0.31 0.68 0.82 0.91 0.96 1.00         

(21) 6 year post-program 0.30 0.67 0.80 0.88 0.94 0.97 1.00        

Number of Arrests (cumulative)              

(22) In-program        1.00       

(23) 1 year post-program 0.29       0.37 1.00      

(24) 2 year post-program 0.28 0.36      0.29 0.76 1.00     

(25) 3 year post-program 0.26 0.38 0.30     0.28 0.65 0.87 1.00    

(26) 4 year post-program 0.23 0.36 0.32 0.24    0.25 0.53 0.72 0.87 1.00   

(27) 5 year post-program 0.21 0.34 0.32 0.27 0.20   0.28 0.45 0.62 0.77 0.95 1.00  

(28) 6 year post-program 0.20 0.34 0.34 0.31 0.26 0.18  0.25 0.42 0.58 0.73 0.89 0.97 1.00 

Note. The table shows pairwise correlations of all the variables in the analysis. Stop, question, and frisk (SQF) in-program stop rates were calculated per 1,000 

population. Historical tuberculosis (TB) prevalence rates from 1949-1951 were documented per 100,000 population. Number of arrests are combined per year 

and conditional on those who have ever been arrested. The one-year follow-up spans from September of the program year to August of the following year, while 

the two-year follow-up extends from September of the program year to August two years post-program, continuing similarly for follow-ups up to six years.   
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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 Rates i  13.901 9.262  13.712 9.114  0.812 

   Proportion White ii 0.120 0.153  0.128 0.156  0.943 

   Proportion Black ii 0.517 0.254  0.507 0.262  0.101 

   Proportion Hispanic 0.296 0.213  0.293 0.209  0.074 

   Proportion Other Race ii 0.008 0.015  0.008 0.015  0.025* 

   TB Prevalence Rate iii  1091.82 1123.92  1014.67 1103.28  0.326 

   TB Death Rate iii  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 treatment groups for 

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 the p-value of the difference in means between the two groups. 

The p-value was obtained via a regression of the covariates on being selected for SYEP for each 

provider-year. In other words, the p-value reflects the difference in the means within each provider-

year since randomization occurred at the level of the provider-year. The mean values shown in the 

table represent the overall average in the analytic sample of Black youth.  
i The SQF Stop Rates are police stop rates in a ZCTA during the program period (July and August) 

calculated per 1,000 residents.  
ii These are from the 2011 ACS data for proportion of the population in a ZCTA who is non-Hispanic 

White, non-Hispanic-Black, and non-Hispanic individuals who identify as other race (Asian, American 

Indian or Alaskan Native, Native Hawaiian or Pacific Islander, and other race). 
iii  The historical tuberculosis prevalence and death rates are calculated per 100,000 population at the 

time. These data were from 1949-1951.  

* 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 Rates i  11.738 8.02  11.354 7.663  0.558 

   Proportion White ii 0.150 0.171  0.161 0.175  0.468 

   Proportion Black ii 0.255 0.187  0.238 0.188  0.286 

   Proportion Hispanic 0.509 0.198  0.503 0.201  0.936 

   Proportion Other Race ii 0.007 0.012  0.007 0.013  0.401 

   TB Prevalence Rate iii  1272.13 1365.13  1202.05 1368.64  0.323 

   TB Death Rate iii  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 treatment groups for 

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 the p-value of the difference in means between the two groups. 

The p-value was obtained via a regression of the covariates on being selected for SYEP for each 

provider-year. In other words, the p-value reflects the difference in the means within each provider-

year since randomization occurred at the level of the provider-year. The mean values shown in the 

table represent the overall average in the analytic sample of Latinx youth.  
i The SQF Stop Rates are police stop rates in a ZCTA during the program period (July and August) 

calculated per 1,000 residents.  
ii These are from the 2011 ACS data for proportion of the population in a ZCTA who is non-Hispanic 

White, non-Hispanic-Black, and non-Hispanic individuals who identify as other race (Asian, American 

Indian or Alaskan Native, Native Hawaiian or Pacific Islander, and other race). 
iii  The historical tuberculosis prevalence and death rates are calculated per 100,000 population at the 

time. These data were from 1949-1951.  

* p<0.05, ** p<0.01, *** p<0.001 
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Table F3. 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 

Neighborhood Characteristics      
   Disadv Index [2011 ACS] 0.177 0.421  0.240 0.375  0.349 

   SQF Stop Rates i  6.086 4.616  5.784 4.480  0.150 

   Proportion White ii 0.542 0.195  0.534 0.186  0.456 

   Proportion Black ii 0.136 0.202  0.153 0.224  0.054 

   Proportion Hispanic 0.168 0.118  0.153 0.099  0.208 

   Proportion Other Race ii 0.003 0.004  0.003 0.005  0.634 

   TB Prevalence Rate iii  573.14 663.68  591.76 615.36  0.773 

   TB Death Rate iii  40.77 56.57  41.72 53.86  0.913 

        
Number of Observations 4,520   13,648     

Note: This table shows the summary statistics and balance tests of the control and treatment groups for 

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 the p-value of the difference in means between the two groups. 

The p-value was obtained via a regression of the covariates on being selected for SYEP for each 

provider-year. In other words, the p-value reflects the difference in the means within each provider-

year since randomization occurred at the level of the provider-year. The mean values shown in the 

table represent the overall average in the analytic sample of White youth.  
i The SQF Stop Rates are police stop rates in a ZCTA during the program period (July and August) 

calculated per 1,000 residents.  
ii These are from the 2011 ACS data for proportion of the population in a ZCTA who is non-Hispanic 

White, non-Hispanic-Black, and non-Hispanic individuals who identify as other race (Asian, American 

Indian or Alaskan Native, Native Hawaiian or Pacific Islander, and other race). 
iii  The historical tuberculosis prevalence and death rates are calculated per 100,000 population at the 

time. These data were from 1949-1951.  

* p<0.05, ** p<0.01, *** p<0.001 
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Appendix G. Main Analysis (Ever Arrested)ðRandom Effects Results Full 

Model and Two-State Least Squares (2SLS) Results Full Model 

 

Table G1. Random Effects Model of SYEP Selection on In-Program Arrests by ZIP 

CodeðFull Model  

  (1)     (2) 

  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 -1.217**  (0.390)  10461 1.136 (0.800) 

10462 0.243 (0.591)  10462 -0.645 (0.543) 

10463 -1.145**  (0.398)  10463 0.903 (0.567) 

10465 -0.756 (0.519)  10465 0.783 (0.707) 

10466 -0.117 (0.456)  10466 -0.537 (0.499) 

10467 -0.979* (0.392)  10467 0.580 (0.459) 

10468 -0.754+ (0.422)  10468 0.342 (0.558) 

10469 -0.548 (0.413)  10469 0.147 (0.561) 

10472 0.055 (0.540)  10472 0.296 (0.682) 

10473 -0.172 (0.451)  10473 -0.601 (0.542) 

10474 -0.523 (0.661)  10474 1.275 (1.547) 

10475 0.122 (0.622)  10475 -0.308 (0.934) 

11101 1.283 (1.394)  11101 -0.834 (1.669) 

11102 0.536 (0.996)  11102 -0.173 (0.994) 

11106 -1.118* (0.432)  11106 1.306+ (0.686) 

11201 -0.058 (0.599)  11201 -0.344 (0.498) 

11203 -0.688 (0.461)  11203 0.413 (0.584) 

11204 -0.715+ (0.384)  11204 0.376 (0.440) 

11205 -0.180 (0.479)  11205 0.107 (0.694) 

11206 -0.018 (0.430)  11206 -0.051 (0.468) 

11207 -0.825* (0.407)  11207 0.492 (0.501) 

11208 -0.636 (0.424)  11208 0.379 (0.517) 

11209 -0.960* (0.401)  11209 0.234 (0.419) 

11210 -0.679 (0.423)  11210 0.477 (0.528) 

11211 -0.665 (0.412)  11211 0.561 (0.465) 

11212 -0.162 (0.465)  11212 -0.481 (0.645) 

11213 -0.438 (0.412)  11213 -0.206 (0.459) 

11214 -0.750+ (0.406)  11214 0.296 (0.446) 

11216 -0.306 (0.382)  11216 -0.075 (0.537) 

11217 -0.008 (0.753)  11217 -0.250 (0.874) 

11218 -0.620 (0.396)  11218 0.326 (0.452) 

11219 -0.568 (0.349)  11219 0.245 (0.414) 

11220 -0.643+ (0.371)  11220 0.177 (0.408) 

11221 -0.870+ (0.517)  11221 0.830+ (0.482) 

11223 -0.715 (0.452)  11223 0.379 (0.532) 

11224 -0.020 (0.412)  11224 -0.301 (0.491) 

11225 -0.733+ (0.391)  11225 0.410 (0.490) 

11226 -0.414 (0.421)  11226 0.563 (0.506) 

11228 -0.767+ (0.411)  11228 0.175 (0.396) 

11229 -0.892* (0.438)  11229 0.668 (0.555) 

11230 -0.542 (0.373)  11230 0.319 (0.438) 

11231 0.031 (0.653)  11231 -0.133 (0.851) 

11232 0.057 (0.439)  11232 -0.256 (0.377) 

11233 -0.525 (0.444)  11233 0.141 (0.508) 
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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 -0.929* (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 -1.087* (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 model examining the impacts of 

winning the lottery (i.e., being selected into SYEP) on in-program arrest. The model used ZIP code 

10002 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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Table G2. Estimated Program Effects on In-Program Arrests by ZIP Code (from 

Random Effects Model) 
  (1)     (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 0.561* (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 -1.766***  (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   129,098 

Note: The table shows the estimated marginal effects of SYEP for each ZIP code. This was estimated 

from the random effects OLS model examining the impacts of winning the lottery (i.e., being selected 

into SYEP) on in-program 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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Table G3. Instrumental Variables 2SLS Models Estimating SYEP Effects on In-

Program ArrestsðFull Model with Controls 

  (1)   (2)   (3) 

 Disadvantage  SQF  Disadvantage x SQF 

  b/se   b/se   b/se 

SYEP Participation 0.213  -0.120  6.112 

 (0.445)  (0.485)  (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 

     (2.117) 

SYEP x Disadvantage x SQF     0.772 

     (5.485) 

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)  (1.121) 

Male 0.536***   0.521***   0.484***  

 (0.061)  (0.061)  (0.116) 

US Citizen 0.110+  0.093  -0.039 

 (0.060)  (0.066)  (0.261) 

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**   2.426* 

 (0.916)  (0.910)  (1.089) 

Constant -0.104  0.219  -0.664 

 (0.513)  (0.462)  (17.958) 

      
Number of Observations 128,389   128,389   128,389 

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

parenthesis. Column (1) shows the full model of SYEP participation and its interaction with 

neighborhood disadvantage, Column (2) shows the full model of SYEP participation and its interaction 

with neighborhood SQF stop rates, and Column (3) shows the full model of the three-way interaction 

between SYEP partipation, neighborhood disadvantage, and SQF stop rates. The ever-arrested 

outcome variable was transformed into percentage (i.e., proportion of arrested times 100) for ease of 
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interpretation. The disadvantage index was calculated using the 2011 ACS. The SQF Stop Rates were 

stop rates conducted by the police in a ZCTA during the program period calculated per 1,000 residents. 

The year-provider variable was also included in the model.   
+ p<0.1, * p<0.05, ** p<0.01, *** p<0.001 
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Table G4. Instrumental Variable 2SLS Models Estimating SYEP Effects on Arrests in Years Post ProgramðFull Model with Controls 
  (1)   (2)   (3)   (4)   (5)   (6) 

 1 Year  2 Year  3 Year  4 Year  5 Year  6 Year 

  b (se)   b (se)   b (se)   b (se)   b (se)   b (se) 

SYEP Participation 0.227  -0.402  0.168  0.298  0.707  0.391 

 (1.084)  (1.569)  (1.681)  (1.480)  (1.354)  (1.694) 

Disadvantage 3.405+  5.333+  7.893  9.282+  10.565  11.739 

 (2.014)  (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)  (2.411)  (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)  (0.094)  (0.103) 

White 0.085  0.066  0.006  -0.182  -0.418  -0.513 

 (0.639)  (1.072)  (1.299)  (1.546)  (1.678)  (1.951) 

Black 1.213  1.956  2.684  3.456+  4.097+  4.675+ 

 (0.765)  (1.239)  (1.743)  (2.010)  (2.296)  (2.664) 

Latinx -0.193  -0.337  -0.507  -0.429  -0.334  -0.283 

 (1.141)  (1.916)  (2.645)  (3.057)  (3.502)  (4.028) 

Male 3.527***   5.713***   7.519***   9.039***   10.370***   11.648***  

 (0.365)  (0.569)  (0.722)  (0.838)  (0.932)  (1.032) 

US Citizen 0.791***   1.596***   2.264***   2.879***   3.493***   3.954***  

 (0.184)  (0.284)  (0.351)  (0.435)  (0.497)  (0.545) 

Family Members -0.042  -0.066  -0.121  -0.129  -0.152  -0.176 

 (0.076)  (0.094)  (0.110)  (0.120)  (0.130)  (0.142) 

Ever Prior Arrest 35.131***   41.942***   43.965***   44.971***   44.670***   43.591***  

 (1.224)  (1.400)  (1.469)  (1.533)  (1.536)  (1.538) 

Ever Prior Conviction 9.175***   11.415***   13.223***   12.908***   13.148***   13.374***  

 (1.190)  (1.407)  (1.367)  (1.399)  (1.432)  (1.486) 

Constant -0.197  0.080  0.901  2.440  3.612  4.446 

 (1.181)  (1.717)  (2.400)  (2.527)  (2.931)  (3.258) 

            
Number of Observations 128,389   128,389   128,389   128,389   128,389   128,389 

Note: The columns show the coefficients and 95% confidence intervals with the standard errors in parenthesis. Column (1) shows the full model for one-year 

follow-up, Column (2) shows the full model for two-year follow-up, and so on. The ever-arrested outcome variable was transformed into percentage (i.e., 

proportion of arrested times 100) for ease of interpretation. The one-year follow-up spans from September of the program year to August of the following year, 
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while the two-year follow-up extends from September of the program year to August two years post-program, continuing similarly for follow-ups up to six years. 

The disadvantage index was calculated using the 2011 ACS. The year-provider variable was also included in the models.   
+ p<0.1, * p<0.05, ** p<0.01, *** p<0.001 

 

 

 



 

 

 

265 

 

Table G5. Instrumental Variables 2SLS Models Estimating SYEP Effects on In-

Program Arrets by Racial/Ethnic Groups (Neighborhood Disadvantage)ðFull Model 

with Controls  

  (1)   (2)   (3) 

 Black  Latinx  White 

  b (se)   b (se)   b (se) 

SYEP Participation 0.657  -1.668  0.426 

 (0.521)  (15.453)  (0.279) 

Disadvantage 1.189*  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 the full model for Black youth, Column (2) shows the full model for 

Latinx youth, and Column (3) shows the full model for White youth. The ever-arrested outcome 

variable 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 year-provider variable 

was also included in the model.   
+ p<0.1, * p<0.05, ** p<0.01, *** p<0.001 
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Table G6. Instrumental Variables 2SLS Models Estimating SYEP Effects on In-

Program Arrets by Racial/Ethnic Groups (SQF Stop Rate)ðFull Model with Controls  

  (1)   (2)   (3) 

 Black  Latino  White 

  b (se)   b (se)   b (se) 

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 0.301*  -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 Prior Conviction 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 the full model for Black youth, Column (2) shows the full model for 

Latinx youth, and Column (3) shows the full model for White youth. The ever-arrested outcome 

variable was transformed into percentage (i.e., proportion of arrested times 100) for ease of 

interpretation. The SQF Stop Rates were stop rates conducted by the police in a ZCTA during the 

program period calculated per 1,000 residents. The year-provider variable was also included in the 

model.   
+ p<0.1, * p<0.05, ** p<0.01, *** p<0.001 
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Table G7. Instrumental Variables 2SLS Models Estimating SYEP Effects on Arrets in Years Post Program for Black YouthðFull 

Model with Controls  

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

 1 Year  2 Year  3 Year  4 Year  5 Year  6 Year 

  b (se)   b (se)   b (se)   b (se)   b (se)   b (se) 

SYEP Participation 1.504  1.252  1.393  1.704  0.556  0.498 

 (1.346)  (1.264)  (1.889)  (1.952)  (1.724)  (1.548) 

Disadvantage 3.858*  6.128*  7.541*  9.146*  10.164*  10.479* 

 (1.683)  (2.626)  (3.201)  (3.631)  (4.302)  (4.780) 

SYEP x Disadvantage  -1.789  -1.553  -1.639  -1.421  -0.018  -0.079 

 (1.739)  (1.689)  (2.554)  (2.615)  (2.270)  (1.847) 

Age -0.193**   -0.296***   -0.424***   -0.593***   -0.737***   -0.873***  

 (0.070)  (0.084)  (0.110)  (0.119)  (0.117)  (0.127) 

Male 4.671***   7.427***   9.720***   11.629***   13.337***   14.878***  

 (0.315)  (0.455)  (0.543)  (0.580)  (0.586)  (0.606) 

US Citizen 1.180**   2.060***   3.088***   3.726***   4.512***   5.218***  

 (0.370)  (0.533)  (0.591)  (0.646)  (0.723)  (0.744) 

Family Members 0.010  0.032  0.024  0.076  0.098  0.095 

 (0.102)  (0.120)  (0.129)  (0.131)  (0.134)  (0.136) 

Ever Prior Arrest 35.105***   41.921***   43.431***   43.680***   43.220***   41.499***  

 (1.707)  (1.740)  (1.674)  (1.672)  (1.749)  (1.800) 

Ever Prior Conviction 9.426***   11.075***   13.208***   12.992***   12.932***   13.747***  

 (1.106)  (1.558)  (1.460)  (1.338)  (1.373)  (1.346) 

Constant -0.423  -0.352  1.105  2.839  4.872  7.087+ 

 (1.767)  (2.449)  (2.980)  (3.147)  (3.622)  (3.961) 

            
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 (1) shows the full model for one-year 

follow-up, Column (2) shows the full model for two-year follow-up, and so on. The ever-arrested outcome variable was transformed into percentage (i.e., 

proportion of arrested times 100) for ease of interpretation. The one-year follow-up spans from September of the program year to August of the following year, 
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while the two-year follow-up extends from September of the program year to August two years post-program, continuing similarly for follow-ups up to six years. 

The disadvantage index was calculated using the 2011 ACS. The year-provider variable was also included in the models.   
+ p<0.1, * p<0.05, ** p<0.01, *** p<0.001 
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Table G8. Instrumental Variables 2SLS Models Estimating SYEP Effects on Arrets in Years Post Program for Latinx YouthðFull 

Model with Controls 

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

 1 Year  2 Year  3 Year  4 Year  5 Year  6 Year 

  b (se)   b (se)   b (se)   b (se)   b (se)   b (se) 

SYEP Participation -12.438  -22.327  13.524  27.441  66.523  85.915 

 (56.133)  (94.495)  (174.60)  (264.76)  (485.79)  (645.56) 

Disadvantage 6.145  11.737  50.147  62.945  80.614  111.05 

 (41.334)  (73.837)  (302.65)  (379.75)  (481.46)  (670.81) 

SYEP x Disadvantage  12.671  22.696  -14.812  -29.106  -69.555  -89.406 

 (58.109)  (97.582)  (183.26)  (277.39)  (507.38)  (674.56) 

Age -0.124  -0.126  -0.338  -0.536  -0.671  -0.821 

 (0.227)  (0.359)  (0.389)  (0.574)  (1.122)  (1.473) 

Male 4.113***   6.712***   9.036***   10.873***   12.504***   14.427***  

 (0.412)  (0.563)  (1.448)  (1.777)  (2.154)  (2.946) 

US Citizen 1.434  3.006  4.778  6.088  6.549  8.309 

 (4.768)  (8.812)  (15.131)  (16.942)  (15.253)  (22.510) 

Family Members -0.074  -0.077  -0.376  -0.413  -0.435  -0.697 

 (0.755)  (1.383)  (3.008)  (3.533)  (3.696)  (5.294) 

Ever Prior Arrest 34.354***   41.140***   44.490***   46.937***   46.574***   46.948***  

 (2.742)  (3.476)  (6.010)  (6.996)  (7.642)  (10.432) 

Ever Prior Conviction 10.285*  12.317*  12.805*  12.002+  12.927*  11.239 

 (4.100)  (5.342)  (5.965)  (6.190)  (5.408)  (6.969) 

Constant -5.086  -10.819  -43.903  -52.916  -67.792  -95.144 

 (41.17)  (74.41)  (287.62)  (359.05)  (449.91)  (627.81) 

            
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 (1) shows the full model for one-year 

follow-up, Column (2) shows the full model for two-year follow-up, and so on. The ever-arrested outcome variable was transformed into percentage (i.e., 

proportion of arrested times 100) for ease of interpretation. The one-year follow-up spans from September of the program year to August of the following year, 
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while the two-year follow-up extends from September of the program year to August two years post-program, continuing similarly for follow-ups up to six years. 

The disadvantage index was calculated using the 2011 ACS. The year-provider variable was also included in the models.   
+ p<0.1, * p<0.05, ** p<0.01, *** p<0.001 
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Table G9. Instrumental Variables 2SLS Models Estimating SYEP Effects on Arrets in Years Post Program for White YouthðFull 

Model with Controls 

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

 1 Year  2 Year  3 Year  4 Year  5 Year  6 Year 

  b (se)   b (se)   b (se)   b (se)   b (se)   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*  -0.521*  -0.544* 

 (0.067)  (0.105)  (0.132)  (0.176)  (0.205)  (0.216) 

Male 0.548*  1.111*  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*  -0.161*  -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+  11.952*  14.620*  17.482*  17.257* 

 (6.361)  (6.459)  (6.510)  (6.937)  (7.512)  (7.492) 

Ever Prior Conviction 21.963+  32.619**   39.772***   40.520***   40.857**   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 (1) shows the full model for one-year 

follow-up, Column (2) shows the full model for two-year follow-up, and so on. The ever-arrested outcome variable was transformed into percentage (i.e., 

proportion of arrested times 100) for ease of interpretation. The one-year follow-up spans from September of the program year to August of the following year, 
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while the two-year follow-up extends from September of the program year to August two years post-program, continuing similarly for follow-ups up to six years. 

The disadvantage index was calculated using the 2011 ACS. The year-provider 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 and Two-State Least Squares (2SLS) Results for 

the Outcome Number of Arrests  

 

Hypothesis 1. 

Table H1. Random Effects Model of SYEP Selection on Number of In-Program 

Arrests by ZIP CodeðFull 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 -0.0140* (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 -0.0105+ (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 0.0013 (0.0058)  10460 -0.0017 (0.0089) 

10461 -0.0172***  (0.0047)  10461 0.0125 (0.0093) 

10462 -0.0005 (0.0062)  10462 -0.0036 (0.0071) 

10463 -0.0150**  (0.0047)  10463 0.0094 (0.0068) 

10465 -0.0125* (0.0053)  10465 0.0136 (0.0086) 

10466 -0.0049 (0.0052)  10466 -0.0049 (0.0062) 

10467 -0.0135**  (0.0045)  10467 0.0062 (0.0059) 

10468 -0.0112* (0.0048)  10468 0.0038 (0.0067) 

10469 -0.0093+ (0.0048)  10469 0.0020 (0.0068) 

10472 -0.0039 (0.0057)  10472 0.0052 (0.0083) 

10473 -0.0063 (0.0051)  10473 0.0039 (0.0121) 

10474 -0.0093 (0.0073)  10474 0.0137 (0.0161) 

10475 -0.0003 (0.0060)  10475 -0.0023 (0.0101) 

11101 0.0110 (0.0141)  11101 -0.0080 (0.0168) 

11102 0.0037 (0.0101)  11102 -0.0016 (0.0106) 

11106 -0.0130* (0.0053)  11106 0.0135+ (0.0078) 

11201 -0.0032 (0.0063)  11201 -0.0027 (0.0062) 

11203 -0.0057 (0.0067)  11203 0.0026 (0.0084) 

11204 -0.0086+ (0.0047)  11204 0.0045 (0.0059) 

11205 -0.0043 (0.0054)  11205 0.0044 (0.0094) 

11206 -0.0028 (0.0051)  11206 0.0007 (0.0061) 

11207 -0.0093 (0.0057)  11207 0.0046 (0.0067) 

11208 -0.0086+ (0.0050)  11208 0.0041 (0.0063) 

11209 -0.0117* (0.0049)  11209 0.0026 (0.0056) 

11210 -0.0083+ (0.0049)  11210 0.0056 (0.0065) 

11211 -0.0027 (0.0079)  11211 0.0007 (0.0080) 

11212 -0.0036 (0.0052)  11212 -0.0050 (0.0073) 

11213 -0.0047 (0.0053)  11213 -0.0035 (0.0064) 

11214 -0.0091+ (0.0049)  11214 0.0035 (0.0060) 

11216 -0.0055 (0.0045)  11216 -0.0006 (0.0063) 

11217 -0.0028 (0.0080)  11217 -0.0016 (0.0096) 

11218 -0.0076 (0.0047)  11218 0.0041 (0.0059) 

11219 -0.0069 (0.0043)  11219 0.0032 (0.0055) 

11220 -0.0083+ (0.0046)  11220 0.0022 (0.0055) 

11221 -0.0102+ (0.0059)  11221 0.0076 (0.0061) 

11223 -0.0089 (0.0054)  11223 0.0047 (0.0067) 

11224 0.0027 (0.0052)  11224 -0.0058 (0.0071) 

11225 -0.0093+ (0.0047)  11225 0.0042 (0.0061) 

11226 -0.0044 (0.0051)  11226 0.0045 (0.0061) 

11228 -0.0093+ (0.0050)  11228 0.0021 (0.0053) 

11229 -0.0106* (0.0052)  11229 0.0107 (0.0086) 

11230 -0.0051 (0.0050)  11230 0.0024 (0.0062) 

11231 -0.0021 (0.0071)  11231 -0.0008 (0.0093) 

11232 -0.0015 (0.0050)  11232 -0.0020 (0.0051) 
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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 -0.0101+ (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 -0.0111* (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 -0.0120* (0.0048)  11412 0.0030 (0.0077) 

11413 -0.0174***  (0.0049)  11413 0.0132* (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 -0.0131+ (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 model examining the impacts of 

winning the lottery (i.e., being selected into SYEP) on in-program number of arrest. The model used 

ZIP code 10002 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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Table H2. Estimated Program Effects on Number of In-Program Arrests by ZIP Code 

(from Random Effects Model) 
  (1)     (2) 

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 0.0211***  (0.0051)  11230 -0.0007 (0.0030) 

10303 -0.0036 (0.0060)  11231 -0.0039 (0.0071) 

10304 -0.0266**  (0.0091)  11232 -0.0051**  (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 0.0101**  (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 of Observations   129,098 

Note: The table shows the estimated marginal effects of SYEP for each ZIP code. This was estimated 

from the random effects OLS model examining the impacts of winning the lottery (i.e., being selected 

into SYEP) on in-program number of 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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Hypothesis 2 and 3.  

Table H3. Instrumental Variable 2SLS Models Estimating SYEP Effects on Number 

of In-Program Arrests 

  (1)   (2) 

Panel A: Disadvantage Index b (se) CI   b (se) CI 

SYEP Participation 0.0012 -0.0112 0.0136  0.0033 -0.0104 0.0170 

 (0.0063)    (0.0070)   

Disadvantage 0.0152 -0.0054 0.0358  0.0140 -0.0099 0.0379 

 (0.0105)    (0.0122)   

SYEP x Disadvantage -0.0032 -0.0209 0.0145  -0.0058 -0.0252 0.0136 

 (0.0090)    (0.0099)   

F-statistic (FS) 0.343   0.356 

        

Panel B: SQF Stop Rates b (se) CI   b (se) CI 

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)    (0.00031)   

SYEP x SQF Stop Rate 0.00011 -0.0009 0.0011  -0.00003 -0.0011 0.0010 

 (0.0005)    (0.0006)   

Control Mean 0.009 [0.111]  0.009 [0.111] 

F-statistic (FS) 2.013  2.002 

        

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 disadvantage index was calculated using the 2011 ACS. The 

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 in brackets. The F-statistic is the Kleibergen-Paap rk Wald F-statistic for the first 

stage.  
+ p<0.1, * p<0.05, ** p<0.01, *** p<0.001 
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Hypothesis 4.  

Table H4. Instrumental Variable 2SLS Models Estimating SYEP Effects on In-

Program Number of Arrests (with Disadvantage and SQF Stop Rates) 

  (1)   (2) 

  b (se) CI   b (se) CI 

SYEP Participation 0.060 -0.948 1.067  0.065 -0.766 0.897 

 (0.514)    (0.424)   

Disadvantage -0.309 -4.317 3.700  0.026 -0.418 0.469 

 (2.045)    (0.226)   

SYEP x Disadvantage  -0.107 -1.836 1.622  -0.115 -1.554 1.324 

 (0.882)    (0.734)   

SQF Stop Rate -0.017 -0.244 0.210  0.001 -0.024 0.027 

 (0.116)    (0.013)   

SYEP x SQF Stop Rate -0.006 -0.101 0.089  -0.006 -0.086 0.074 

 (0.048)    (0.041)   

Disadvantage x SQF 0.025 -0.294 0.344  -0.002 -0.036 0.032 

 (0.163)    (0.017)   

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  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 disadvantage index was calculated using the 2011 ACS. The 

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 in brackets. The F-statistic is the Kleibergen-Paap rk Wald F-statistic for the first 

stage.  
+ p<0.1, * p<0.05, ** p<0.01, *** p<0.001 
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Hypothesis 5.  

Table H5. Instrumental Variable 2SLS Models Estimating SYEP Effects on Number 

of Arrests in Years Post Program 

  (1)   (2) 

Panel A: Post Program 1 Year  b (se) CI   b (se) CI 

SYEP Participation -0.0502 -0.1221 0.0218  -0.0387 -0.1040 0.0265 

 (0.0367)    (0.0333)   

Disadvantage 0.0667* 0.0069 0.1264  0.0548 -0.0131 0.1226 

 (0.0305)    (0.0346)   

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 Year  b (se) CI   b (se) CI 

SYEP Participation -0.0702 -0.1769 0.0366  -0.0485 -0.1358 0.0388 

 (0.0545)    (0.0445)   

Disadvantage 0.1509+ -0.0117 0.3134  0.1318 -0.0365 0.3000 

 (0.0829)    (0.0858)   

SYEP x Disadvantage  0.0960 -0.0468 0.2388  0.0685 -0.0519 0.1889 

 (0.0729)    (0.0614)   

Control Mean 0.141 [0.714]   0.141 [0.714] 

        

Panel C: Post Program 3 Year  b (se) CI   b (se) CI 

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 

 (0.1474)    (0.1561)   

SYEP x Disadvantage  0.0866 -0.0893 0.2626  0.0459 -0.1001 0.1919 

 (0.0898)    (0.0745)   

Control Mean 0.210 [0.974]   0.210 [0.974] 

        

Panel D: Post Program 4 Year  b (se) CI   b (se) CI 

SYEP Participation -0.0275 -0.1731 0.1180  0.0130 -0.1153 0.1412 

 (0.0743)    (0.0654)   

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 

 (0.1014)    (0.0928)   

Control Mean 0.273 [1.216]   0.273 [1.216] 
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Panel E: Post Program 5 Year  b (se) CI   b (se) CI 

SYEP Participation -0.0145 -0.1722 0.1432  0.0338 -0.1131 0.1808 

 (0.0804)    (0.0750)   

Disadvantage 0.4437+ -0.0590 0.9465  0.4019 -0.1451 0.9489 

 (0.2565)    (0.2791)   

SYEP x Disadvantage  0.0275 -0.1892 0.2442  -0.0348 -0.2431 0.1735 

 (0.1106)    (0.1063)   

Control Mean 0.333 [1.446]   0.333 [1.446] 

        

Panel F: Post Program 6 Year  b (se) CI   b (se) CI 

SYEP Participation -0.0021 -0.1990 0.1949  0.0535 -0.1330 0.2400 

 (0.1005)    (0.0952)   

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 

 (0.1400)    (0.1363)   

F-statistic (FS) 0.343  0.356 

Control Mean 0.390 [1.651]  0.390 [1.651] 

        

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 without control variables while Column section (2) 

shows the model including controls. The one-year follow-up spans from September of the program 

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

program year to August two years post-program, continuing similarly for follow-ups up to six years. 

The disadvantage index was calculated using the 2011 ACS. The control means are the number of 

arrests for applicants who did not participate in SYEP, with the standard deviations in brackets. The F-

statistic is the Kleibergen-Paap rk Wald F-statistic for the first stage.  
+ p<0.1, * p<0.05, ** p<0.01, *** p<0.001 
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Hypothesis 6.  

Table H6. Instrumental Variable 2SLS Models Estimating SYEP Effects on In-

Program Number of Arrests by Racial/Ethnic Groups (Neighborhood Disadvantage) 

  (1)   (2) 

Panel A: Black b (se) CI   b (se) CI 

SYEP Participation 0.0035 -0.0144 0.0213  0.0038 -0.0120 0.0197 

 (0.0091)    (0.0081)   

Disadvantage 0.0199+ -0.0026 0.0424  0.0135+ -0.0006 0.0277 

 (0.0115)    (0.0072)   

SYEP x Disadvantage  -0.0062 -0.0300 0.0176  -0.0062 -0.0275 0.0151 

 (0.0121)    (0.0108)   

Control Mean 0.012 [0.124]  0.012 [0.124] 

F-statistic (FS) 0.965  0.965 

        

Number of Observations 60803   60801 

        

Panel B: Latinx b (se) CI   b (se) CI 

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)    (0.524)   

SYEP x Disadvantage  -0.067 -1.261 1.127  -0.124 -1.876 1.628 

 (0.609)    (0.894)   

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) CI   b (se) CI 

SYEP Participation 0.006+ -0.0006 0.012  0.005+ -0.0007 0.010 

 (0.003)    (0.003)   

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 index was calculated using the 2011 ACS. The 

control means are the number of arrests for applicants who did not participate in SYEP, with the 
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standard deviations in brackets. The F-statistic is the Kleibergen-Paap rk Wald F-statistic for the first 

stage.  
+ p<0.1, * p<0.05, ** p<0.01, *** p<0.001 
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Hypothesis 7.  

Table H7. 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 (se) CI   b (se) CI 

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 (se) CI   b (se) CI 

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 (se) CI   b (se) CI 

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 controls. The 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 
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applicants who did not participate in SYEP, with the standard deviations in brackets. The F-statistic is 

the Kleibergen-Paap rk Wald F-statistic for the first stage.  
+ p<0.1, * p<0.05, ** p<0.01, *** p<0.001 

  



 

 

 

286 

 

Hypothesis 8.  

Table H8. Instrumental Variable 2SLS Models Estimating SYEP Effects on Number 

of Arrests in Years Post Program for Black Youth 

  (1)   (2) 

Panel A: Post Program 1 Year  b (se) CI   b (se) CI 

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 

 (0.051)    (0.046)   

Control Mean 0.093 [0.493]   0.093 [0.493] 

        

Panel B: Post Program 2 Year  b (se) CI   b (se) CI 

SYEP Participation -0.029 -0.163 0.105  -0.026 -0.114 0.061 

 (0.068)    (0.044)   

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 

 (0.091)    (0.057)   

Control Mean 0.181 [0.804]   0.181 [0.804] 

        

Panel C: Post Program 3 Year  b (se) CI   b (se) CI 

SYEP Participation 0.002 -0.190 0.194  0.005 -0.115 0.125 

 (0.098)    (0.061)   

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 

 (0.131)    (0.080)   

Control Mean 0.268 [1.092]   0.268 [1.092] 

        

Panel D: Post Program 4 Year  b (se) CI   b (se) CI 

SYEP Participation 0.063 -0.180 0.305  0.065 -0.090 0.220 

 (0.124)    (0.079)   

Disadvantage 0.459+ -0.036 0.955  0.335* 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)    (0.104)   

Control Mean 0.350 [1.375]   0.350 [1.375] 
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Panel E: Post Program 5 Year  b (se) CI   b (se) CI 

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 

 (0.331)    (0.229)   

SYEP x Disadvantage  -0.100 -0.488 0.288  -0.090 -0.317 0.137 

 (0.198)    (0.116)   

Control Mean 0.428 [1.641]   0.428 [1.641] 

        

Panel F: Post Program 6 Year  b (se) CI   b (se) CI 

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 

 (0.241)    (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: 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 one-year follow-up spans from September of the program 

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

program year to August two years post-program, continuing similarly for follow-ups up to six years. 

The disadvantage index was calculated using the 2011 ACS. The control means are the number of 

arrests for applicants who did not participate in SYEP, with the standard deviations in brackets. The F-

statistic is the Kleibergen-Paap rk Wald F-statistic for the first stage.  
+ p<0.1, * p<0.05, ** p<0.01, *** p<0.001 
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Table H9. Instrumental Variable 2SLS Models Estimating SYEP Effects on Number 

of Arrests in Years Post Program for Latinx Youth 

  (1)   (2) 

Panel A: Post Program 1 Year  b (se) CI   b (se) CI 

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 (se) CI   b (se) CI 

SYEP Participation -1.009 -9.644 7.626  -0.261 -2.132 1.609 

 (4.406)    (0.954)   

Disadvantage -0.016 -1.578 1.546  0.249 -3.221 3.718 

 (0.797)    (1.770)   

SYEP x Disadvantage  1.034 -7.904 9.973  0.260 -1.667 2.187 

 (4.561)    (0.983)   

Control Mean 0.143 [0.715]   0.143 [0.715] 

        

Panel C: Post Program 3 Year  b (se) CI   b (se) CI 

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 

 (3.688)    (5.254)   

SYEP x Disadvantage  0.941 -4.510 6.392  -0.163 -6.626 6.300 

 (2.781)    (3.298)   

Control Mean 0.216 [0.990]   0.216 [0.990] 

        

Panel D: Post Program 4 Year  b (se) CI   b (se) CI 

SYEP Participation -1.035 -6.918 4.847  0.314 -8.251 8.880 

 (3.001)    (4.370)   

Disadvantage 0.569 -8.275 9.413  1.035 -11.791 13.860 

 (4.512)    (6.544)   

SYEP x Disadvantage  1.053 -4.957 7.063  -0.346 -9.319 8.627 

 (3.066)    (4.578)   

Control Mean 0.281 [1.225]   0.281 [1.225] 
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Panel E: Post Program 5 Year  b (se) CI   b (se) CI 

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 

 (4.611)    (7.000)   

SYEP x Disadvantage  1.347 -6.908 9.603  -0.315 -9.803 9.172 

 (4.212)    (4.841)   

Control Mean 0.340 [1.443]   0.340 [1.443] 

        

Panel F: Post Program 6 Year  b (se) CI   b (se) CI 

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 

 (6.501)    (9.105)   

SYEP x Disadvantage  1.401 -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 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 one-year follow-up spans from September of the program 

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

program year to August two years post-program, continuing similarly for follow-ups up to six years. 

The disadvantage index was calculated using the 2011 ACS. The control means are the number of 

arrests for applicants who did not participate in SYEP, with the standard deviations in brackets. The F-

statistic is the Kleibergen-Paap rk Wald F-statistic for the first stage.  
+ p<0.1, * p<0.05, ** p<0.01, *** p<0.001 
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Table H10. Instrumental Variable 2SLS Models Estimating SYEP Effects on Number 

of Arrests in Years Post Program for White Youth  

  (1)   (2) 

Panel A: Post Program 1 Year  b (se) CI   b (se) CI 

SYEP Participation 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 (se) CI   b (se) CI 

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 (se) CI   b (se) CI 

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) CI   b (se) CI 

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 (se) CI   b (se) CI 

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 (se) CI   b (se) CI 

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 controls. The one-year follow-up spans from September of the program 

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

program year to August two years post-program, continuing similarly for follow-ups up to six years. 

The disadvantage index was calculated using the 2011 ACS. The control means are the number of 

arrests for applicants who did not participate in SYEP, with the standard deviations in brackets. The F-

statistic is the Kleibergen-Paap rk Wald F-statistic for the first stage.  
+ p<0.1, * p<0.05, ** p<0.01, *** p<0.001 
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Appendix I . Supplemental Analyses ï Reduced Form Estimates  

 

The reduced form models estimate the intent-to-treat (ITT). 

 

Hypotheses 2 and 3.  

Table I1. OLS Models Estimating SYEP Effects on In-Program Arrests 

  (1)   (2) 

Panel A: 

Disadvantage  b (se) CI   b (se) CI 

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 

 (0.00003)    (0.00003)   

SYEP x TB  -0.000006 -0.000062 0.000050  -0.000016 -0.00007 0.000042 

 (0.00003)    (0.00003)   

        

Panel B: SQF  b (se) CI   b (se) CI 

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) prevalence rate is the instrument for 

neighborhood disadvantage, and it was recorded per 100,000 population from 1949-1951. The 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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Hypothesis 4. 

Table I2. OLS Models Estimating SYEP Effects on In-Program Arrests (with 

Disadvantage and SQF Stop Rates) 

  (1)   (2) 

  b (se) CI   b (se) CI 

SYEP Win -0.038 -0.251 0.175  0.087 -0.166 0.340 

 (0.106)    (0.126)   
TB Prevalence 0.00035*** 0.00017 0.00054  0.00037*** 0.00018 0.00057 

 (0.00009)    (0.00010)   
SYEP x TB Prevalence -0.00016 -0.00038 0.00005  -0.00029* -0.0005 -0.00006 

 (0.00011)    (0.0001)   
SQF Bartik IV -2.409 -8.435 3.618  -3.070 -8.728 2.588 

 (3.008)    (2.824)   
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 

 (0.0012)    (0.0013)   
SYEP x TB x Bartik IV -0.0021 -0.0052 0.0010  -0.0037* -0.0070 -0.0003 

 (0.0016)    (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) prevalence rate is the instrument for 

neighborhood disadvantage, and it was recorded per 100,000 population from 1949-1951. The 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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Hypothesis 5.  

Table I3. OLS Models Estimating SYEP Effects on Arrests in Years Post Program 

  (1)   (2) 

Panel A: Arrest 1 Year  b (se) CI   b (se) CI 

SYEP Win -0.053 -0.356 0.250  0.004 -0.261 0.270 

 (0.151)    (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 (se) CI   b (se) CI 

SYEP Win -0.110 -0.420 0.200  -0.042 -0.311 0.228 

 (0.155)    (0.134)   

TB Prevalence 0.00027+ -0.00003 0.00057  0.00020+ -0.00004 0.00045 

 (0.00015)    (0.0001)   

SYEP x TB Prevalence 0.000074 -0.00006 0.000206  0.000041 -0.00010 0.000183 

 (0.00007)    (0.00007)   

        

Panel C: Arrest 3 Year  b (se) CI   b (se) CI 

SYEP Win -0.079 -0.487 0.328  -0.006 -0.355 0.343 

 (0.203)    (0.174)   

TB Prevalence 0.00039+ -0.00005 0.00083  0.00031+ -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) CI   b (se) CI 

SYEP Win 0.123 -0.289 0.536  0.189 -0.173 0.550 

 (0.206)    (0.180)   

TB Prevalence 0.00046+ -0.00002 0.00094  0.00037+ -0.00002 0.00077 

 (0.0002)    (0.0002)   

SYEP x TB Prevalence 0.00008 -0.00013 0.00029  0.00004 -0.00015 0.00024 

 (0.0001)    (0.0001)   

        

Panel E: Arrest 5 Year  b (se) CI   b (se) CI 

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 

 (0.0001)    (0.0001)   

        

Panel F: Arrest 6 Year  b (se) CI   b (se) CI 

SYEP Win 0.125 -0.273 0.523  0.181 -0.148 0.509 

 (0.199)    (0.164)   

TB Prevalence 0.00058+ -0.00006 0.00122  0.00049+ -0.00004 0.00101 

 (0.0003)    (0.0003)   

SYEP x TB Prevalence 0.00009 -0.00019 0.00036  0.00005 -0.00017 0.00028 

 (0.0001)    (0.0001)   

        

Control 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 one-year follow-up spans from September of the program 

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

program year to August two years post-program, continuing similarly for follow-ups up to six years. 

Tuberculosis (TB) prevalence rate is the instrument for neighborhood disadvantage, and it was 

recorded per 100,000 population from 1949-1951.  
+ p<0.1, * p<0.05, ** p<0.01, *** p<0.001 
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Hypothesis 6.  

Table I4. OLS Models Estimating SYEP Effects on In-Program Arrests by 

Racial/Ethnic Groups (Neighborhood Disadvantage) 

  (1)   (2) 

Panel A: Black b (se) CI   b (se) CI 

SYEP Win 0.009 -0.226 0.244  0.026 -0.177 0.229 

 (0.117)    (0.101)   

TB Prevalence 0.00018+ 0.00005 0.00031  0.00011+ -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 (se) CI   b (se) CI 

SYEP Win -0.279+ -0.563 0.004  -0.239+ -0.487 0.010 

 (0.142    (0.124)   

TB Prevalence -0.00003 -0.00023 0.00016  0.000004 -0.00017 0.00018 

 (0.0001)    (0.00009)   

SYEP x TB Prevalence 0.00006 -0.00017 0.00029  0.000026 -0.00015 0.00021 

 (0.0001)    (0.00009)   

        

Number of Observations 33,035   33,034 

        

Panel C: White b (se) CI   b (se) CI 

SYEP Win 0.205 -0.051 0.461  0.178 -0.048 0.403 

 (0.128)    (0.113)   

TB Prevalence 0.00016 -0.0001 0.0004  0.00014 -0.00009 0.00038 

 (0.00013)    (0.00012)   

SYEP x TB Prevalence -0.00026 -0.0007 0.0001  -0.00024 -0.0006 0.00013 

 (0.00020)    (0.00018)   

        

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) prevalence rate is the instrument for 

neighborhood disadvantage, and it was recorded per 100,000 population from 1949-1951.  
+ p<0.1, * p<0.05, ** p<0.01, *** p<0.001 
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Hypothesis 7.  

Table I5. OLS Models Estimating SYEP Effects on In-Program Arrests by 

Racial/Ethnic Groups (SQF Stop Rates) 

  (1)   (2) 

Panel A: Black b (se) CI   b (se) CI 

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 

 (4.681)    (4.616)   

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 (se) CI   b (se) CI 

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 

 (7.094)    (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 (se) CI   b (se) CI 

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 IV is the instrument for SQF Stop Rates.  
+ p<0.1, * p<0.05, ** p<0.01, *** p<0.001 
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Hypothesis 8. 

Table I6. OLS Models Estimating SYEP Effects on Arrests in Years Post Program for 

Black Youth 

 (1)   (2) 

Panel A: Arrest 1 Year  b (se) CI   b (se) CI 

SYEP Win 0.188 -0.380 0.756  0.239 -0.231 0.709 

 (0.283)    (0.235)   

TB Prevalence 0.0006*** 0.0004 0.0009  0.00035+ -0.00007 0.0008 

 (0.00012)    (0.00021)   

SYEP x TB Prevalence -0.00014 -0.0005 0.0002  -0.00012 -0.00076 0.0005 

 (0.00017)    (0.00032)   

        

Panel B: Arrest 2 Year  b (se) CI   b (se) CI 

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)    (0.00017)   

        

Panel C: Arrest 3 Year  b (se) CI   b (se) CI 

SYEP Win 0.211 -0.558 0.979  0.265 -0.315 0.845 

 (0.384)    (0.289)   

TB Prevalence 0.0009***  0.0004 0.0014  0.00051* 0.00006 0.00096 

 (0.00024)    (0.00022)   

SYEP x TB Prevalence -0.00019 -0.0008 0.0004  -0.00014 -0.00064 0.00035 

 (0.00030)    (0.00025)   

        

Panel D: Arrest 4 Year  b (se) CI   b (se) CI 

SYEP Win 0.537 -0.293 1.366  0.586+ -0.020 1.192 

 (0.414)    (0.303)   

TB Prevalence 0.0011***  0.0006 0.0016  0.00070** 0.0002 0.0012 

 (0.0003)    (0.00025)   

SYEP x TB Prevalence -0.00018 -0.0008 0.0004  -0.00012 -0.0007 0.0004 

 (0.0003)    (0.00026)   

        

Panel E: Arrest 5 Year  b (se) CI   b (se) CI 

SYEP Win 0.341 -0.423 1.105  0.390 -0.158 0.938 

 (0.381)    (0.274)   

TB Prevalence 0.0012*** 0.0008 0.0017  0.0008*** 0.00039 0.0013 

 (0.0002)    (0.00021)   

SYEP x TB Prevalence -0.00006 -0.0006 0.0005  4.86E-06 -0.00041 0.0004 

 (0.0003)    (0.00021)   
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Panel F: Arrest 6 Year  b (se) CI   b (se) CI 

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  0.0009***  0.0004 0.0013 

 (0.00023)    (0.00022)   

SYEP x TB Prevalence -0.00011 -0.0006 0.0004  -0.00004 -0.0004 0.0003 

 (0.00024)    (0.00018)   

        

Control No  Yes 

Number of Observations 60,803   60,801 

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 one-year follow-up spans from September of the program 

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

program year to August two years post-program, continuing similarly for follow-ups up to six years. 

Tuberculosis (TB) prevalence rate was the instrument for neighborhood disadvantage, and it was 

recorded per 100,000 population from 1949-1951.  
+ p<0.1, * p<0.05, ** p<0.01, *** p<0.001 
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Table I7. OLS Models Estimating SYEP Effects on Arrests in Years Post Program for 

Latinx Youth 

  (1)   (2) 

Panel A: Arrest 1 Year  b (se) CI   b (se) CI 

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 

 (0.0001)    (0.0001)   

SYEP x TB Prevalence 0.00025 -0.00021 0.00071  0.00010 -0.00026 0.00045 

 (0.0002)    (0.0002)   

        

Panel B: Arrest 2 Year  b (se) CI   b (se) CI 

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 

 (0.0002)    (0.0002)   

SYEP x TB Prevalence 0.00036+ -0.00004 0.00077  0.00016 -0.00026 0.00058 

 (0.0002)    (0.0002)   

        

Panel C: Arrest 3 Year  b (se) CI   b (se) CI 

SYEP Win -0.454 -1.356 0.449  -0.197 -1.166 0.773 

 (0.450)    (0.484)   

TB Prevalence 0.00020 -0.00037 0.00078  0.00042 -0.00019 0.00102 

 (0.0003)    (0.0003)   

SYEP x TB Prevalence 0.00020 -0.00026 0.00066  -0.00003 -0.00057 0.00052 

 (0.0002)    (0.0003)   

        

Panel D: Arrest 4 Year  b (se) CI   b (se) CI 

SYEP Win -0.280 -1.267 0.707  0.001 -1.054 1.057 

 (0.492)    (0.527)   

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 

 (0.0002)    (0.0003)   

        

Panel E: Arrest 5 Year  b (se) CI   b (se) CI 

SYEP Win 0.105 -0.941 1.151  0.398 -0.686 1.482 

 (0.522)    (0.541)   

TB Prevalence 0.00038 -0.00027 0.00102  0.00061+ -0.00005 0.00127 

 (0.0003)    (0.0003)   

SYEP x TB Prevalence -0.00008 -0.00055 0.00040  -0.00034 -0.00087 0.00019 

 (0.0002)    (0.0003)   
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Panel F: Arrest 6 Year  b (se) CI   b (se) CI 

SYEP Win 0.404 -0.635 1.442  0.702 -0.373 1.778 

 (0.518)    (0.537)   

TB Prevalence 0.00051 -0.00023 0.00125  0.00075* 0.000002 0.00149 

 (0.00037)    (0.00037)   

SYEP x TB Prevalence -0.00007 -0.00069 0.00056  -0.00034 -0.00102 0.00033 

 (0.00031)    (0.00034)   

        

Control No  Yes 

Number of Observations 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 controls. The one-year follow-up spans from September of the program 

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

program year to August two years post-program, continuing similarly for follow-ups up to six years. 

Tuberculosis (TB) prevalence rate was the instrument for neighborhood disadvantage, and it was 

recorded per 100,000 population from 1949-1951.  
+ p<0.1, * p<0.05, ** p<0.01, *** p<0.001 
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Table I8. OLS Models Estimating SYEP Effects on Arrests in Years Post Program for 

White Youth  

  (1)   (2) 

Panel A: Arrest 1 Year  b (se) CI   b (se) CI 

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 TB Prevalence -0.00036 -0.0010 0.0003  -0.00028 -0.0007 0.0002 

  (0.00031)       (0.00023)     

        

Panel B: Arrest 2 Year  b (se) CI   b (se) CI 

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 (se) CI   b (se) CI 

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) CI   b (se) CI 

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 TB Prevalence -0.00033 -0.0010 0.0004  -0.00020 -0.0011 0.0007 

  (0.00034)       (0.00043)     

        

Panel E: Arrest 5 Year  b (se) CI   b (se) CI 

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 (se) CI   b (se) CI 

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 controls. The one-year follow-up spans from September of the program 

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

program year to August two years post-program, continuing similarly for follow-ups up to six years. 

Tuberculosis (TB) prevalence rate was the instrument for neighborhood disadvantage, and it was 

recorded per 100,000 population from 1949-1951.  
+ 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   

 

Table J1. 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 Rates i  6.217 4.155  5.892 3.825  0.351 

   Proportion White ii 0.472 0.204  0.480 0.206  0.960 

   Proportion Black ii 0.235 0.254  0.231 0.259  0.390 

   Proportion Hispanic 0.164 0.113  0.156 0.109  0.046* 

   Proportion Other Race ii 0.004 0.003  0.004 0.003  0.010* 

   TB Prevalence Rate iii  711.78 786.50  589.80 705.36  0.211 

   TB Death Rate iii  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 treatment groups for 

youth living in the first two quartiles of neighborhood disadvantage. The quartiles are defined using 

ZCTAs in the whole city (with population over 1,000). The first quartile of disadvantage index is 

approximately -0.631, and the median is approximately 0.078. The 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 well as the p-value of 

the difference in means between the two groups. The p-value was obtained via a regression of the 

covariates on being selected for SYEP accounting for the program-year.  
i The SQF Stop Rates are police stop rates in a ZCTA during the program period (July and August) 

calculated per 1,000 residents.  
ii These are from the 2011 ACS data for proportion of the population in a ZCTA who is non-Hispanic 

White, non-Hispanic-Black, and non-Hispanic individuals who identify as other race (Asian, American 

Indian or Alaskan Native, Native Hawaiian or Pacific Islander, and other race). 
iii  The historical tuberculosis prevalence and death rates are calculated per 100,000 population at the 

time. These data were from 1949-1951.  

* p<0.05, ** p<0.01, *** p<0.001 
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Table J2. 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        
   Disadv Index [2011 ACS] 0.294 0.135  0.268 0.136  0.929 

   SQF Stop Rates i  9.823 7.428  9.145 7.221  0.618 

   Proportion White ii 0.243 0.215  0.307 0.241  0.643 

   Proportion Black ii 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 ii 0.011 0.027  0.009 0.024  0.173 

   TB Prevalence Rate iii  1167.43 1970.27  988.93 1727.19  0.283 

   TB Death Rate iii  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 treatment groups for 

youth living in the third quartile of neighborhood disadvantage. The quartiles are defined using ZCTAs 

in the whole city (with population over 1,000). The median of disadvantage index is approximately 

0.078, and the third quartile is 0.557. 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 the p-value of the difference in 

means between the two groups. The p-value was obtained via a regression of the covariates on being 

selected for SYEP accounting for the program-year.  
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i The SQF Stop Rates are police stop rates in a ZCTA during the program period (July and August) 

calculated per 1,000 residents.  
ii These are from the 2011 ACS data for proportion of the population in a ZCTA who is non-Hispanic 

White, non-Hispanic-Black, and non-Hispanic individuals who identify as other race (Asian, American 

Indian or Alaskan Native, Native Hawaiian or Pacific Islander, and other race). 
iii  The historical tuberculosis prevalence and death rates are calculated per 100,000 population at the 

time. These data were from 1949-1951.  

* p<0.05, ** p<0.01, *** p<0.001 
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Table J3. Balance Table of Covariates for Youth Living in the Fourth Quartile 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 Rates i 14.464 9.208  13.557 8.995  0.942 

   Proportion White ii 0.092 0.126  0.124 0.164  0.963 

   Proportion Black ii 0.389 0.234  0.367 0.241  0.609 

   Proportion Hispanic 0.456 0.214  0.436 0.223  0.347 

   Proportion Other Race ii 0.006 0.005  0.006 0.005  0.466 

   TB Prevalence Rate iii  1224.52 1008.91  1120.67 914.73  0.198 

   TB Death Rate iii  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 treatment groups for 

youth living in the fourth quartile of neighborhood disadvantage. The quartiles are defined using 

ZCTAs in the whole city (with population over 1,000). This includes neighborhoods with 

neighborhood disadvantage index higher than the third quartile, which is approximately 0.557. 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 the p-value of the difference in means between the two groups. The p-value 
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was obtained via a regression of the covariates on being selected for SYEP accounting for the 

program-year.  
i The SQF Stop Rates are police stop rates in a ZCTA during the program period (July and August) 

calculated per 1,000 residents.  
ii These are from the 2011 ACS data for proportion of the population in a ZCTA who is non-Hispanic 

White, non-Hispanic-Black, and non-Hispanic individuals who identify as other race (Asian, American 

Indian or Alaskan Native, Native Hawaiian or Pacific Islander, and other race). 
iii  The historical tuberculosis prevalence and death rates are calculated per 100,000 population at the 

time. These data were from 1949-1951.  

* p<0.05, ** p<0.01, *** p<0.001 
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Appendix K. Balance Tables of Covariates by Quartiles of Stop, Question, and 

Frisk (SQF) Rates  

 

Table K1. 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 i  4.266 1.219  4.105 1.242  0.830 

   Proportion White ii 0.348 0.254  0.412 0.252  0.651 

   Proportion Black ii 0.236 0.265  0.197 0.252  0.438 

   Proportion Hispanic 0.253 0.194  0.217 0.176  0.805 

   Proportion Other Race ii 0.007 0.020  0.006 0.019  0.074 

   TB Prevalence Rate iii  523.25 382.27  496.74 329.04  0.752 

   TB Death Rate iii  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 treatment groups for 

youth living in the first two quartiles of neighborhood SQF stop rates. The quartiles are defined using 

ZCTAs in the whole city (with population over 1,000) for SQF rates during the program. The first 

quartile of SQF stop rate in 2006 is approximately 4.041, and the median is approximately 6.449. The 

first quartile of SQF stop rate in 2007 is 3.966, and the median is approximately 6.062. Lastly, the first 
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quartile of SQF stop rate in 2008 is approximately 4.176, and the median is approximately 6.524. 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 the p-value of the difference in means between the two groups. The p-value 

was obtained via a regression of the covariates on being selected for SYEP accounting for the 

program-year.  
i The SQF Stop Rates are police stop rates in a ZCTA during the program period (July and August) 

calculated per 1,000 residents.  
ii These are from the 2011 ACS data for proportion of the population in a ZCTA who is non-Hispanic 

White, non-Hispanic-Black, and non-Hispanic individuals who identify as other race (Asian, American 

Indian or Alaskan Native, Native Hawaiian or Pacific Islander, and other race). 
iii  The historical tuberculosis prevalence and death rates are calculated per 100,000 population at the 

time. These data were from 1949-1951.  

* p<0.05, ** p<0.01, *** p<0.001 
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Table K2. Balance Table of Covariates for Youth Living 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 Ratesi 8.944 1.546  8.975 1.589  0.838 

   Proportion White ii 0.110 0.144  0.125 0.147  0.063 

   Proportion Black ii 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 ii 0.009 0.018  0.008 0.017  0.574 

   TB Prevalence Rate iii  1013.80 1363.78  899.82 1170.49  0.049* 

   TB Death Rate iii  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 treatment groups for 

youth living in the third quartile of neighborhood SQF stop rates. The quartiles are defined using 

ZCTAs in the whole city (with population over 1,000) for SQF rates during the program. The median 

of SQF stop rate in 2006 is approximately 6.449 and the third quartile is 12.253. The median of SQF 

stop rate in 2007 is approximately 6.062 and the third quartile is 10.651. Lastly, the median of SQF 

stop rate in 2008 is approximately 6.524 the third quartile is 11.958. 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 the p-
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value of the difference in means between the two groups. The p-value was obtained via a regression of 

the covariates on being selected for SYEP accounting for the program-year.  
i The SQF Stop Rates are police stop rates in a ZCTA during the program period (July and August) 

calculated per 1,000 residents.  
ii These are from the 2011 ACS data for proportion of the population in a ZCTA who is non-Hispanic 

White, non-Hispanic-Black, and non-Hispanic individuals who identify as other race (Asian, American 

Indian or Alaskan Native, Native Hawaiian or Pacific Islander, and other race). 
iii  The historical tuberculosis prevalence and death rates are calculated per 100,000 population at the 

time. These data were from 1949-1951.  

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

 

 

 

  



 

 

 

314 

 

Table K3. 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 Rates i 20.649 8.242  20.197 8.048  0.607 

   Proportion White ii 0.131 0.152  0.155 0.172  0.769 

   Proportion Black ii 0.466 0.243  0.438 0.250  0.287 

   Proportion Hispanic 0.337 0.198  0.336 0.195  0.330 

   Proportion Other Race ii 0.006 0.005  0.006 0.005  0.580 

   TB Prevalence Rate iii  1738.38 1608.68  1644.19 1644.04  0.747 

   TB Death Rate iii  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 treatment groups for 

youth living in the fourth quartile of neighborhood SQF stop rates. The quartiles are defined using 

ZCTAs in the whole city (with population over 1,000) for SQF rates during the program. This includes 

neighborhoods with SQF stop rates higher than the third quartile, which is approximately 12.253 in 

2006, 10.651 in 2007, and 11.958 in 2008. 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 the p-value of the difference in 
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means between the two groups. The p-value was obtained via a regression of the covariates on being 

selected for SYEP accounting for the program-year.  
i The SQF Stop Rates are police stop rates in a ZCTA during the program period (July and August) 

calculated per 1,000 residents.  
ii These are from the 2011 ACS data for proportion of the population in a ZCTA who is non-Hispanic 

White, non-Hispanic-Black, and non-Hispanic individuals who identify as other race (Asian, American 

Indian or Alaskan Native, Native Hawaiian or Pacific Islander, and other race). 
iii  The historical tuberculosis prevalence and death rates are calculated per 100,000 population at the 

time. These data were from 1949-1951.  

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

 

 

 

 



 

 

 

316 

 

Appendix L . Supplemental Analyses ï Two-Stage Least Squares (2SLS) by Quartiles of Neighborhood Disadvantage and Stop, 

Question, and Frisk (SQF) Stop Rates 

 

Table L1. Instrumental Variable 2SLS Models Estimating SYEP Effects on In-Program Arrests by Quartiles of Neighborhood 

Disadvantage and SQF Stop Rates 

  (1)   (2)   (3) 

 Quartile 1 & 2 (Low)  Quartile 3 (Medium)  Quartile 4 (High) 

Panel A: Disadvantage Index b (se) CI   b (se) CI   b (se) CI 

SYEP Participation 0.332+ -0.019 0.684  0.101 -0.095 0.298  -0.323***  -0.502 -0.144 

 (0.179)    (0.100)    (0.091)   

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 (se) CI   b (se) CI   b (se) CI 

SYEP Participation 0.229* 0.041 0.417  -0.279**  -0.465 -0.092  -0.244+ -0.514 0.027 

 (0.096)    (0.095)    (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 section (1) shows the model for the first 

two quartiles, Column section (2) shows the model for the third quartile, and Column section (3) shows the model for the fourth quartile. The ever-arrested 

outcome variable 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 in a ZCTA during the program period calculated per 1,000 residents. The quartiles 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. 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 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 11.958. The control means are the percentage of arrests for applicants who did 

not participate in SYEP. The F-statistic is the Kleibergen-Paap rk Wald F-statistic for the first stage.  
+ p<0.1, * p<0.05, ** p<0.01, *** p<0.001  
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Table L2. Instrumental Variable 2SLS Models Estimating SYEP Effects on In-Program Arrests by Highest Quartiles of Neighborhood 

Disadvantage and SQF Stop Rates 

  (1)   (2) 

 Not High Disadv & Not High SQF  High Disadv & High SQF 

  b (se) CI   b (se) CI 

SYEP Participation -0.017 -0.138 0.103  -0.350* -0.646 -0.053 

 (0.061)    (0.151)   

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 section (1) shows the model for youth 

living in neighborhoods in the first three quartiles of neighborhood disadvantage and SQF stop rates, while Column section (2) shows the model for youth in 

neighborhoods with the fourth quartile of disadvantage and stop rates. The ever-arrested outcome variable 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 in a ZCTA during 

the program period calculated per 1,000 residents. The quartiles are defined using ZCTAs in the whole city (with population over 1,000). The third quartile of 

disadvantage index is approximately 0.557. The third quartile of SQF stop rate is approximately 12.253 in 2006, 10.651 in 2007, and 11.958 in 2008. The control 

means are the percentage of arrests for applicants who did not participate in SYEP. The F-statistic is the Kleibergen-Paap rk Wald F-statistic for the first stage.  
+ p<0.1, * p<0.05, ** p<0.01, *** p<0.001  
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Table L3. Instrumental Variable 2SLS Models Estimating SYEP Effects on Arrests in Years Post Program by Quartiles of 

Neighborhood Disadvantage 
  (1)   (2)   (3) 

 Quartile 1 & 2 (Low)  Quartile 3 (Medium)  Quartile 4 (High) 

Panel A: Arrest 1 Year  b (se) CI   b (se) CI   b (se) CI 

SYEP Participation 0.680 -0.197 1.557  0.220 -0.217 0.657  -0.260 -0.660 0.140 

 (0.448)    (0.223)    (0.204)   
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 

 (0.341)    (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 

 (0.364)    (0.328)    (0.346)   
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 

 (0.356)    (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 section (1) shows the model for the first 

two quartiles, Column section (2) shows the model for the third quartile, and Column section (3) shows the model for the fourth quartile. The ever-arrested 

outcome variable 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 quartiles 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. The one-year follow-up spans from September of the program year to August of the 

following year, while the two-year follow-up extends from September of the program year to August two years post-program, continuing similarly for follow-ups 

up to six years. The control means are the percentage of arrests for applicants who did not participate in SYEP. The F-statistic is the Kleibergen-Paap rk Wald F-

statistic for the first stage.  
+ p<0.1, * p<0.05, ** p<0.01, *** p<0.001 
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Table L4. Instrumental Variable 2SLS Models Estimating SYEP Effects on In-Program Arrests by Quartiles of Neighborhood 

Disadvantage and by Racial/Ethnic Groups 

  (1)   (2)   (3) 

 Quartile 1 & 2 (Low)   Quartile 3 (Medium)   Quartile 4 (High) 

Panel A: Black b (se) CI   b (se) CI   b (se) CI 

SYEP Participation 0.585+ -0.068 1.239  0.320* 0.0034 0.636  -0.404***  -0.627 -0.181 

 (0.333)    (0.161)    (0.114)   

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 (se) CI   b (se) CI   b (se) CI 

SYEP Participation 0.277 -0.669 1.222  -0.583+ -1.239 0.073  -0.337* -0.641 -0.032 

 (0.482)    (0.335)    (0.155)   

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 (se) CI   b (se) CI   b (se) CI 

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 section (1) shows the model for the first 

two quartiles, Column section (2) shows the model for the third quartile, and Column section (3) shows the model for the fourth quartile. The ever-arrested 
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outcome variable 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 quartiles 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. The control means are the percentage of arrests for applicants who did not participate in 

SYEP. The F-statistic is the Kleibergen-Paap rk Wald F-statistic for the first stage.  
+ p<0.1, * p<0.05, ** p<0.01, *** p<0.001 
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Table L5. Instrumental Variable 2SLS Models Estimating SYEP Effects on In-Program Arrests by Quartiles of SQF Stop Rates and 

by Racial/Ethnic Groups 

  (1)   (2)   (3) 

 Quartile 1 & 2 (Low)   Quartile 3 (Medium)   Quartile 4 (High) 

Panel A: Black b (se) CI   b (se) CI   b (se) CI 

SYEP Participation 0.474* 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 (se) CI   b (se) CI   b (se) CI 

SYEP Participation 0.137 -0.328 0.603  -0.594***  -0.905 -0.282  -0.384 -0.987 0.220 

 (0.237)    (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 (se) CI   b (se) CI   b (se) CI 

SYEP Participation 0.114 -0.104 0.331  -0.236 -0.676 0.204  0.015 -0.267 0.296 

 (0.111)    (0.225)    (0.144)   
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 section (1) shows the model for the first 

two quartiles, Column section (2) shows the model for the third quartile, and Column section (3) shows the model for the fourth quartile. The ever-arrested 

outcome variable was transformed into percentage (i.e., proportion of arrested times 100) for ease of interpretation. The SQF Stop Rates were stop rates in a 
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ZCTA during the program period calculated per 1,000 residents. The quartiles 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 is 12.253. The first quartile of SQF stop rate 

in 2007 is 3.966, the median is approximately 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. The control means are the percentage of arrests for applicants who did not participate in SYEP. 

The F-statistic is the Kleibergen-Paap rk Wald F-statistic for the first stage.  
+ p<0.1, * p<0.05, ** p<0.01, *** p<0.001  



 

 

 

325 

 

Table L6. Instrumental Variable 2SLS Models Estimating SYEP Effects on Arrests in Years Post Program by Quartiles of 

Neighborhood Disadvantage for Black Youth 
  (1)   (2)   (3) 

 Quartile 1 & 2 (Low)  Quartile 3 (Medium)  Quartile 4 (High) 

Panel A: Arrest 1 Year  b (se) CI   b (se) CI   b (se) CI 

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 

 (0.505)    (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 

 (0.726)    (0.457)    (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 

 (1.006)    (0.439)    (0.465)   
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)    (0.397)    (0.557)   
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 section (1) shows the model for the first 

two quartiles, Column section (2) shows the model for the third quartile, and Column section (3) shows the model for the fourth quartile. The ever-arrested 

outcome variable 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 quartiles 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. The one-year follow-up spans from September of the program year to August of the 

following year, while the two-year follow-up extends from September of the program year to August two years post-program, continuing similarly for follow-ups 

up to six years. The control means are the percentage of arrests for applicants who did not participate in SYEP. The F-statistic is the Kleibergen-Paap rk Wald F-

statistic for the first stage.  
+ p<0.1, * p<0.05, ** p<0.01, *** p<0.001 
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Table L7. Instrumental Variable 2SLS Models Estimating SYEP Effects on Arrests in Years Post Program by Quartiles of 

Neighborhood Disadvantage for Latinx Youth 
  (1)   (2)   (3) 

 Quartile 1 & 2 (Low)  Quartile 3 (Medium)  Quartile 4 (High) 

Panel A: Arrest 1 Year  b (se) CI   b (se) CI   b (se) CI 

SYEP Participation 0.143 -1.652 1.937  0.477 -0.624 1.577  -0.307 -0.844 0.230 

 (0.916)    (0.561)    (0.274)   
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)    (0.794)    (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)    (0.795)    (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)    (0.795)    (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)    (0.677)   
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 

 (1.153)    (0.816)    (0.716)   
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 section (1) shows the model for the first 

two quartiles, Column section (2) shows the model for the third quartile, and Column section (3) shows the model for the fourth quartile. The ever-arrested 

outcome variable 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 quartiles 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. The one-year follow-up spans from September of the program year to August of the 

following year, while the two-year follow-up extends from September of the program year to August two years post-program, continuing similarly for follow-ups 

up to six years. The control means are the percentage of arrests for applicants who did not participate in SYEP. The F-statistic is the Kleibergen-Paap rk Wald F-

statistic for the first stage.  
+ p<0.1, * p<0.05, ** p<0.01, *** p<0.001 
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Table L8. Instrumental Variable 2SLS Models Estimating SYEP Effects on Arrests in 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) CI   b (se) CI   b (se) CI 

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 



 

 

 

330 

 

Control Yes   Yes   Yes 

Note: The columns show the coefficients and 95% confidence intervals with the standard errors in parenthesis. Column section (1) shows the model for the first 

two quartiles, Column section (2) shows the model for the third quartile, and Column section (3) shows the model for the fourth quartile. The ever-arrested 

outcome variable 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 quartiles 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. The one-year follow-up spans from September of the program year to August of the 

following year, while the two-year follow-up extends from September of the program year to August two years post-program, continuing similarly for follow-ups 

up to six years. The control means are the percentage of arrests for applicants who did not participate in SYEP. The F-statistic is the Kleibergen-Paap rk Wald F-

statistic for the first stage.  
+ p<0.1, * p<0.05, ** p<0.01, *** p<0.001 
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Appendix M. Supplemental Analyses ï Alternative Disadvantage Measure 

(Principal Component Analysis)  

 

Hypothesis 2. 

Table M1. Instrumental Variable 2SLS Models Estimating SYEP Effects on In-

Program Arrests (using Disadvantage Measure from PCA) 

  (1)   (2) 

  b (se) CI   b (se) CI 

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)    (13.131)   

SYEP x Disadvantage -0.619 -8.134 6.897  -0.906 -9.282 7.469 

 (3.835)    (4.273)   

Control Mean 0.788  0.788 

F-statistic (FS) 0.011  0.011 

        

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 ever-arrested outcome variable 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 ACS. The control means are the percentage of arrests for 

applicants who did not participate in SYEP. The F-statistic is the Kleibergen-Paap rk Wald F-statistic 

for the first stage.  
+ p<0.1, * p<0.05, ** p<0.01, *** p<0.001 
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Hypothesis 4. 

Table M2. Instrumental Variable 2SLS Models Estimating SYEP Effects on In-

Program Arrests (with Disadvantage Measure from PCA and SQF Stop Rates) 

  (1)   (2) 

  b (se) CI   b (se) CI 

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 

 (35.93)    (31.15)   

SYEP x Disadvantage  -3.245 -86.907 80.417  -6.699 -137.38 123.98 

 (42.69)    (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 

 (4.051)    (6.337)   

Disadvantage x SQF  0.377 -4.533 5.288  -0.083 -4.233 4.068 

 (2.505)    (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 ever-arrested outcome variable 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 ACS. The SQF Stop Rates were stop rates in a ZCTA during 

the program period calculated per 1,000 residents. The control means are the percentage of arrests for 

applicants who did not participate in SYEP. The F-statistic is the Kleibergen-Paap rk Wald F-statistic 

for the first stage.  
+ p<0.1, * p<0.05, ** p<0.01, *** p<0.001 
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Hypothesis 5. 

Table M3. Instrumental Variable 2SLS Models Estimating SYEP Effects on Arrests 

in Years Post Program (using Disadvantage Measure from PCA) 

  (1)   (2) 

Panel A: Post Program 1 Year  b (se) CI   b (se) CI 

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 

 (22.04)    (37.14)   

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 Year  b (se) CI   b (se) CI 

SYEP Participation -3.411 -28.21 21.385  -1.451 -21.449 18.547 

 (12.65)    (10.20)   

Disadvantage 9.911 -41.69 61.512  11.927 -95.483 119.34 

 (26.33)    (54.80)   

SYEP x Disadvantage  2.035 -13.35 17.418  0.869 -11.570 13.309 

 (7.849)    (6.347)   

Control Mean 6.302   6.302 

        

Panel C: Post Program 3 Year  b (se) CI   b (se) CI 

SYEP Participation -1.245 -18.93 16.443  1.052 -16.000 18.104 

 (9.025)    (8.700)   

Disadvantage 14.599 -69.99 99.189  17.896 -146.82 182.62 

 (43.16)    (84.04)   

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 Year  b (se) CI   b (se) CI 

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 -171.07 213.00 

 (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 Year  b (se) CI   b (se) CI 

SYEP Participation 0.547 -25.95 27.044  2.531 -20.458 25.521 

 (13.52)    (11.73)   

Disadvantage 19.650 -97.19 136.49  24.017 -197.71 245.74 

 (59.62)    (113.1)   

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 Year  b (se) CI   b (se) CI 

SYEP Participation -0.892 -21.55 19.765  1.077 -15.31 17.467 

 (10.54)    (8.362)   

Disadvantage 21.354 -103.0 145.69  26.554 -218.71 271.81 

 (63.44)    (125.1)   

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  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 ever-arrested outcome variable 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 ACS. The control means are the percentage of arrests for 

applicants who did not participate in SYEP. The F-statistic is the Kleibergen-Paap rk Wald F-statistic 

for the first stage.  
+ p<0.1, * p<0.05, ** p<0.01, *** p<0.001 
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Hypothesis 6. 

Table M4. 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 (se) CI   b (se) CI 

SYEP Participation 1.555 -2.406 5.516  1.589 -1.985 5.164 

 (2.021)    (1.824)   

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 

 (1.121)    (1.007)   

Control Mean 1.056  1.056 

F-statistic (FS) 0.179  0.179 

        

Number of Observations 60,803   60,801 

        

Panel B: Latinx b (se) CI   b (se) CI 

SYEP Participation 2.618 -26.047 31.283  0.788 -15.674 17.249 

 (14.63)    (8.399)   

Disadvantage -0.004 -3.293 3.286  -0.330 -2.959 2.299 

 (1.678)    (1.341)   

SYEP x Disadvantage  -1.506 -16.088 13.077  -0.567 -8.947 7.813 

 (7.440)    (4.276)   

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) CI   b (se) CI 

SYEP Participation 0.784 -0.540 2.108  0.640 -0.477 1.757 

 (0.675)    (0.570)   

Disadvantage 0.865 -0.929 2.660  0.796 -0.822 2.414 

 (0.916)    (0.826)   

SYEP x Disadvantage  -1.095 -3.240 1.050  -0.902 -2.727 0.922 

 (1.094)    (0.931)   

Control Mean 0.127  0.127 

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 ever-arrested outcome variable 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 ACS. The control means are the percentage of arrests for 

applicants who did not participate in SYEP. The F-statistic is the Kleibergen-Paap rk Wald F-statistic 

for the first stage.  
+ p<0.1, * p<0.05, ** p<0.01, *** p<0.001 
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Hypothesis 8.  

Table M5. Instrumental Variable 2SLS Models Estimating SYEP Effects on Arrests 

in Years Post Program for Black Youth (using Disadvantage Measure from PCA) 

  (1)   (2) 

Panel A: Post Program 1 Year  b (se) CI   b (se) CI 

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 

 (7.164)    (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 (se) CI   b (se) CI 

SYEP Participation 2.774 -6.458 12.005  2.688 -3.119 8.494 

 (4.710)    (2.963)   

Disadvantage 8.350 -12.089 28.788  5.911 -7.721 19.544 

 (10.43)    (6.956)   

SYEP x Disadvantage  -1.595 -6.745 3.555  -1.457 -4.705 1.790 

 (2.628)    (1.657)   

Control Mean 8.029   8.029 

        

Panel C: Post Program 3 Year  b (se) CI   b (se) CI 

SYEP Participation 3.089 -8.106 14.283  2.891 -5.407 11.188 

 (5.712)    (4.234)   

Disadvantage 9.987 -14.179 34.153  7.270 -9.361 23.900 

 (12.33)    (8.485)   

SYEP x Disadvantage  -1.744 -7.981 4.494  -1.533 -6.137 3.070 

 (3.182)    (2.349)   

Control Mean 10.520   10.520 

        

Panel D: Post Program 4 Year  b (se) CI   b (se) CI 

SYEP Participation 3.242 -6.648 13.132  2.961 -4.610 10.532 

 (5.046)    (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 (se) CI   b (se) CI 

SYEP Participation 0.769 -9.308 10.845  0.414 -6.822 7.649 

 (5.141)    (3.692)   

Disadvantage 12.684 -17.943 43.312  9.762 -12.870 32.394 

 (15.63)    (11.55)   

SYEP x Disadvantage  -0.280 -5.647 5.086  0.024 -3.743 3.790 

 (2.738)    (1.922)   

Control Mean 14.147   14.147 

        

Panel F: Post Program 6 Year  b (se) CI   b (se) CI 

SYEP Participation 0.869 -8.181 9.919  0.411 -5.568 6.391 

 (4.617)    (3.051)   

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 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 ever-arrested outcome variable was transformed into 

percentage (i.e., proportion of arrested times 100) for ease of interpretation. The one-year follow-up 

spans from September of the program year to August of the following year, while the two-year follow-

up extends from September of the program year to August two years post-program, continuing 

similarly for follow-ups up to six years. The 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 F-statistic is the Kleibergen-Paap rk Wald F-statistic for the first stage.  
+ p<0.1, * p<0.05, ** p<0.01, *** p<0.001 
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Table M6. Instrumental Variable 2SLS Models Estimating SYEP Effects on Arrests 

in Years Post Program for Latinx Youth (using Disadvantage Measure from PCA) 

  (1)   (2) 

Panel A: Post Program 1 Year  b (se) CI   b (se) CI 

SYEP Participation 15.71 -87.90 119.3  7.422 -41.51 56.36 

 (52.86)    (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 44.55  -3.829 -28.75 21.09 

 (26.85)    (12.71)   

Control Mean 4.049   4.049 

        

Panel B: Post Program 2 Year  b (se) CI   b (se) CI 

SYEP Participation 24.40 -127.6 176.4  13.421 -66.79 93.63 

 (77.57)    (40.93)   

Disadvantage -0.256 -12.34 11.83  -1.937 -18.84 14.97 

 (6.167)    (8.626)   

SYEP x Disadvantage  -12.57 -89.68 64.54  -6.944 -47.66 33.77 

 (39.34)    (20.77)   

Control Mean 6.480   6.480 

        

Panel C: Post Program 3 Year  b (se) CI   b (se) CI 

SYEP Participation 16.737 -91.07 124.54  4.161 -31.66 39.99 

 (55.00)    (18.28)   

Disadvantage -6.356 -49.20 36.49  -8.258 -60.94 44.42 

 (21.86)    (26.88)   

SYEP x Disadvantage  -8.622 -62.92 45.68  -2.182 -20.29 15.93 

 (27.71)    (9.239)   

Control Mean 8.527   8.527 

        

Panel D: Post Program 4 Year  b (se) CI   b (se) CI 

SYEP Participation 14.440 -79.26 108.14  0.442 -26.12 27.00 

 (47.81)    (13.55)   

Disadvantage -8.383 -61.82 45.05  -10.364 -74.32 53.59 

 (27.26)    (32.63)   

SYEP x Disadvantage  -7.319 -54.35 39.72  -0.153 -13.98 13.67 

 (24.00)    (7.054)   

Control Mean 10.151   10.151 
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Panel E: Post Program 5 Year  b (se) CI   b (se) CI 

SYEP Participation 0.055 -24.27 24.38  -14.862 -112.17 82.45 

 (12.41)    (49.65)   

Disadvantage -11.343 -79.79 57.11  -13.268 -92.09 65.55 

 (34.92)    (40.21)   

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 Year  b (se) CI   b (se) CI 

SYEP Participation -1.183 -38.16 35.80  -16.902 -130.55 96.75 

 (18.87)    (57.99)   

Disadvantage -16.235 -111.30 78.83  -18.278 -124.76 88.20 

 (48.50)    (54.33)   

SYEP x Disadvantage  1.050 -18.09 20.19  9.087 -49.66 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 ever-arrested outcome variable was transformed into 

percentage (i.e., proportion of arrested times 100) for ease of interpretation. The one-year follow-up 

spans from September of the program year to August of the following year, while the two-year follow-

up extends from September of the program year to August two years post-program, continuing 

similarly for follow-ups up to six years. The 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 F-statistic is the Kleibergen-Paap rk Wald F-statistic for the first stage.  
+ p<0.1, * p<0.05, ** p<0.01, *** p<0.001 
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Table M7. Instrumental Variable 2SLS Models Estimating SYEP Effects on Arrests 

in Years Post Program for White Youth (using Disadvantage Measure from PCA) 

  (1)   (2) 

Panel A: Post Program 1 Year  b (se) CI   b (se) CI 

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 (se) CI   b (se) CI 

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)    (1.390)   
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 (se) CI   b (se) CI 

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 (se) CI   b (se) CI 

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 (se) CI   b (se) CI 

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 (se) CI   b (se) CI 

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 ever-arrested outcome variable was transformed into 

percentage (i.e., proportion of arrested times 100) for ease of interpretation. The one-year follow-up 

spans from September of the program year to August of the following year, while the two-year follow-

up extends from September of the program year to August two years post-program, continuing 

similarly for follow-ups up to six years. The 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 F-statistic is the Kleibergen-Paap rk Wald F-statistic for the first stage.  
+ p<0.1, * p<0.05, ** p<0.01, *** p<0.001 
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Appendix N. Supplemental Analyses ï Alternative Disadvantage Measure (2000 

Census)  

 

Hypothesis 2.  

Table N1. Instrumental Variable 2SLS Models Estimating SYEP Effects on In-

Program Arrests (using Disadvantage Measure from 2000 Census) 

  (1)   (2) 

  b (se) CI   b (se) CI 

SYEP Participation -0.079 -0.306 0.147  -0.016 -0.252 0.220 

 (0.116)    (0.120)   

Disadvantage 0.345**  0.118 0.572  0.263**  0.089 0.437 

 (0.116)    (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 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 ever-arrested outcome variable 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 control means are the percentage of arrests for applicants 

who did not participate in SYEP. The F-statistic is the Kleibergen-Paap rk Wald F-statistic for the first 

stage.  
+ p<0.1, * p<0.05, ** p<0.01, *** p<0.001 
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Hypothesis 4.  

Table N2. Instrumental Variable 2SLS Models Estimating SYEP Effects on In-

Program Arrests (with Disadvantage from 2000 Census and SQF Stop Rates) 

  (1)   (2) 

  b (se) CI   b (se) CI 

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)    (25.95)   

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)    (2.797)   

SYEP x SQF Stop Rate 49.52 -12854 12953  -1.776 -21.696 18.145 

 (6583.3)    (10.16)   

Disadvantage x SQF  -95.46 -23154 22963  0.060 -4.839 4.959 

 (11765)    (2.500)   

SYEP x Disadvantage x SQF -42.10 -11058 10974  1.632 -16.227 19.491 

 (5620.6)    (9.112)   

Control Mean 0.788  0.788 

F-statistic (FS) 0.0001  0.006 

        

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 ever-arrested outcome variable 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 per 1,000 residents. The control means are the percentage of arrests for 

applicants who did not participate in SYEP. The F-statistic is the Kleibergen-Paap rk Wald F-statistic 

for the first stage.  
+ p<0.1, * p<0.05, ** p<0.01, *** p<0.001 
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Hypothesis 5.  

Table N3. Instrumental Variable 2SLS Models Estimating SYEP Effects on Arrests in 

Years Post Program (using Disadvantage Measure from 2000 Census) 

  (1)   (2) 

Panel A: Post Program 1 Year  b (se) CI   b (se) CI 

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 Year  b/se CI   b/se CI 

SYEP Participation -0.407 -1.274 0.460  -0.133 -0.940 0.674 

 (0.442)    (0.412)   

Disadvantage 1.900 -0.374 4.174  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 Year  b/se CI   b/se CI 

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)    (0.887)   

SYEP x Disadvantage  0.322 -1.150 1.795  -0.044 -1.368 1.281 

 (0.751)    (0.676)   

Control Mean 8.278   8.278 

        

Panel D: Post Program 4 Year  b/se CI   b/se CI 

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  2.162* 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 Year  b/se CI   b/se CI 

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  2.472* 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 Year  b/se CI   b/se CI 

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  2.737* 0.234 5.240 

 (2.311)    (1.277)   

SYEP x Disadvantage  0.421 -1.268 2.111  0.007 -1.333 1.348 

 (0.862)    (0.684)   

Control Mean 12.455  12.455 

F-statistic (FS) 2.469  2.462 

        

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 without control variables while Column section (2) 

shows the model including controls. The ever-arrested outcome variable was transformed into 

percentage (i.e., proportion of arrested times 100) for ease of interpretation. The one-year follow-up 

spans from September of the program year to August of the following year, while the two-year follow-

up extends from September of the program year to August two years post-program, continuing 

similarly for follow-ups up to six years. The disadvantage score was calculated using the 2000 Census. 

The control means are the percentage of arrests for applicants who did not participate in SYEP. The F-

statistic is the Kleibergen-Paap rk Wald F-statistic for the first stage.  
+ p<0.1, * p<0.05, ** p<0.01, *** p<0.001 
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Hypothesis 6.  

Table N4. Instrumental Variable 2SLS Models Estimating SYEP Effects on In-

Program Arrests by Racial/Ethnic Groups (using Disadvantage from 2000 Census) 

  (1)   (2) 

Panel A: Black b (se) CI   b (se) CI 

SYEP Participation 0.143 -0.301 0.587  0.167 -0.208 0.543 

 (0.227)    (0.192)   

Disadvantage 0.603**  0.168 1.037  0.415**  0.147 0.682 

 (0.222)    (0.137)   

SYEP x Disadvantage  -0.348 -0.866 0.169  -0.339 -0.782 0.104 

 (0.264)    (0.226)   

Control Mean 1.056  1.056 

F-statistic (FS) 3.483  3.482 

        

Number of Observations 60,803   60,801 

        

Panel B: Latinx b (se) CI   b (se) CI 

SYEP Participation -0.854 -3.333 1.625  -0.513 -2.543 1.516 

 (1.265)    (1.035)   

Disadvantage -0.0004 -1.283 1.282  0.112 -1.097 1.322 

 (0.654)    (0.617)   

SYEP x Disadvantage  0.466 -1.828 2.759  0.161 -1.717 2.038 

 (1.170)    (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 (se) CI   b (se) CI 

SYEP Participation 0.233* 0.032 0.434  0.187* 0.0009 0.373 

 (0.103)    (0.095)   

Disadvantage 0.476 -0.257 1.208  0.435 -0.224 1.093 

 (0.374)    (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 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 ever-arrested outcome variable 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 the 2000 Census. The control means are the percentage of arrests for applicants 

who did not participate in SYEP. The F-statistic is the Kleibergen-Paap rk Wald F-statistic for the first 

stage.  
+ p<0.1, * p<0.05, ** p<0.01, *** p<0.001 
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Hypothesis 8.  

Table N5. Instrumental Variable 2SLS Models Estimating SYEP Effects on Arrests in 

Years Post Program for Black Youth (using Disadvantage Measure from 2000 

Census) 

  (1)   (2) 

Panel A: Post Program 1 Year  b (se) CI   b (se) CI 

SYEP Participation 0.532 -0.607 1.671  0.608 -0.322 1.537 

 (0.581)    (0.474)   

Disadvantage 2.037**  0.805 3.270  1.345***  0.735 1.954 

 (0.629)    (0.311)   

SYEP x Disadvantage  -0.705 -2.045 0.635  -0.648 -1.764 0.467 

 (0.684)    (0.569)   

Control Mean 5.174   5.174 

        

Panel B: Post Program 2 Year  b (se) CI   b (se) CI 

SYEP Participation 0.413 -0.909 1.735  0.494 -0.395 1.382 

 (0.674)    (0.453)   

Disadvantage 3.001**  1.185 4.816  2.134***  1.165 3.103 

 (0.926)    (0.494)   

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 Year  b (se) CI   b (se) CI 

SYEP Participation 0.524 -1.098 2.146  0.600 -0.642 1.843 

 (0.828)    (0.634)   

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 

 (1.135)    (0.911)   

Control Mean 10.520   10.520 

        

Panel D: Post Program 4 Year  b (se) CI   b (se) CI 

SYEP Participation 0.968 -0.713 2.649  1.036 -0.266 2.337 

 (0.858)    (0.664)   

Disadvantage 4.182***  2.083 6.281  3.184***  2.022 4.346 

 (1.071)    (0.593)   

SYEP x Disadvantage  -0.730 -2.869 1.409  -0.586 -2.446 1.274 

 (1.091)    (0.949)   

Control Mean 12.470   12.470 



 

 

 

350 

 

        

Panel E: Post Program 5 Year  b (se) CI   b (se) CI 

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)    (0.741)   

SYEP x Disadvantage  -0.288 -2.477 1.901  -0.125 -1.700 1.449 

 (1.117)    (0.803)   

Control Mean 14.147   14.147 

        

Panel F: Post Program 6 Year  b (se) CI   b (se) CI 

SYEP Participation 0.482 -1.255 2.219  0.533 -0.719 1.785 

 (0.886)    (0.639)   

Disadvantage 4.692***  1.909 7.475  3.646***  1.816 5.476 

 (1.420)    (0.934)   

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 ever-arrested outcome variable was transformed into 

percentage (i.e., proportion of arrested times 100) for ease of interpretation. The one-year follow-up 

spans from September of the program year to August of the following year, while the two-year follow-

up extends from September of the program year to August two years post-program, continuing 

similarly for follow-ups up to six years. The disadvantage score was calculated using the 2000 Census. 

The control means are the percentage of arrests for applicants who did not participate in SYEP. The F-

statistic is the Kleibergen-Paap rk Wald F-statistic for the first stage.  
+ p<0.1, * p<0.05, ** p<0.01, *** p<0.001 
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Table N6. Instrumental Variable 2SLS Models Estimating SYEP Effects on Arrests in 

Years Post Program for Latinx Youth (using Disadvantage Measure from 2000 

Census) 

  (1)   (2) 

Panel A: Post Program 1 Year  b (se) CI   b (se) CI 

SYEP Participation -2.928 -8.284 2.429  -1.383 -5.723 2.957 

 (2.733)    (2.214)   

Disadvantage -0.134 -1.311 1.043  0.333 -0.868 1.533 

 (0.600)    (0.612)   

SYEP x Disadvantage  2.512 -2.425 7.450  1.137 -2.815 5.089 

 (2.519)    (2.016)   

Control Mean 4.049   4.049 

        

Panel B: Post Program 2 Year  b (se) CI   b (se) CI 

SYEP Participation -4.589 -10.714 1.537  -2.544 -8.191 3.104 

 (3.125)    (2.881)   

Disadvantage 0.078 -2.125 2.280  0.637 -1.508 2.783 

 (1.124)    (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) CI   b (se) CI 

SYEP Participation -3.092 -9.032 2.848  -0.735 -7.021 5.551 

 (3.031)    (3.207)   

Disadvantage 2.264 -2.212 6.740  2.875 -1.485 7.235 

 (2.283)    (2.225)   

SYEP x Disadvantage  2.440 -2.820 7.700  0.329 -5.275 5.933 

 (2.684)    (2.859)   

Control Mean 8.527   8.527 

        
Panel D: Post Program 4 

Year  b (se) CI   b (se) CI 

SYEP Participation -2.368 -7.969 3.233  0.251 -5.543 6.046 

 (2.858)    (2.957)   

Disadvantage 2.991 -1.695 7.677  3.623 -0.838 8.084 

 (2.391)    (2.276)   

SYEP x Disadvantage  1.964 -2.831 6.759  -0.383 -5.349 4.584 

 (2.446)    (2.534)   
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Control Mean 10.151   10.151 

        

Panel E: Post Program 5 Year  b (se) CI   b (se) CI 

SYEP Participation 0.397 -4.825 5.619  3.177 -2.738 9.092 

 (2.664)    (3.018)   

Disadvantage 4.058 -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 Year  b (se) CI   b (se) CI 

SYEP Participation 1.374 -5.337 8.085  4.316 -3.090 11.723 

 (3.424)    (3.779)   

Disadvantage 5.809 -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 ever-arrested outcome variable was transformed into 

percentage (i.e., proportion of arrested times 100) for ease of interpretation. The one-year follow-up 

spans from September of the program year to August of the following year, while the two-year follow-

up extends from September of the program year to August two years post-program, continuing 

similarly for follow-ups up to six years. The disadvantage score was calculated using the 2000 Census. 

The control means are the percentage of arrests for applicants who did not participate in SYEP. The F-

statistic is the Kleibergen-Paap rk Wald F-statistic for the first stage.  
+ p<0.1, * p<0.05, ** p<0.01, *** p<0.001 
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Table N7. Instrumental Variable 2SLS Models Estimating SYEP Effects on Arrests in 

Years Post Program for White Youth (using Disadvantage Measure from 2000 

Census) 
  (1)   (2) 

Panel A: Post Program 1 Year  b (se) CI   b (se) CI 

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 (se) CI   b (se) CI 

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 

 (0.711)    (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 (se) CI   b (se) CI 

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 (se) CI   b (se) CI 

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 (se) CI   b (se) CI 

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 (se) CI   b (se) CI 

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 ever-arrested outcome variable was transformed into 

percentage (i.e., proportion of arrested times 100) for ease of interpretation. The one-year follow-up 

spans from September of the program year to August of the following year, while the two-year follow-

up extends from September of the program year to August two years post-program, continuing 

similarly for follow-ups up to six years. The disadvantage score was calculated using the 2000 Census. 

The control means are the percentage of arrests for applicants who did not participate in SYEP. The F-

statistic is the Kleibergen-Paap rk Wald F-statistic for the first stage.  
+ p<0.1, * p<0.05, ** p<0.01, *** p<0.001 
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Appendix O. Supplemental Analyses ï Alternative SQF Stop Rate Measure 

(SQF Stops Rates of Individuals Aged 16 to 21)  

 

Hypothesis 3.  

Table O1. Instrumental Variable 2SLS Models Estimating SYEP Effects on In-

Program Arrests (using SQF Stops for Youth Aged 16-21) 

  (1)   (2) 

  b (se) CI   b (se) CI 

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)    (0.084)   

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 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 ever-arrested outcome variable 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 residents. The control means are the percentage of arrests for applicants who did not participate 

in SYEP. The F-statistic is the Kleibergen-Paap rk Wald F-statistic for the first stage.  
+ p<0.1, * p<0.05, ** p<0.01, *** p<0.001 
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Hypothesis 4.  

Table O2. Instrumental Variable 2SLS Models Estimating SYEP Effects on In-

Program Arrests (with Disadvantage and SQF Stop for Youth Aged 16-21) 

  (1)   (2) 

  b (se) CI   b (se) CI 

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 

 (170.6)    (12.68)   

SYEP x Disadvantage  24.227 -130.04 178.49  5.159 -24.362 34.681 

 (78.71)    (15.06)   

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)    (3.837)   

Control Mean 0.788  0.788 

F-statistic (FS) 0.004  0.018 

        

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 ever-arrested outcome variable 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 during the program period calculated per 1,000 residents. The control means are 

the percentage of arrests for applicants who did not participate in SYEP. The F-statistic is the 

Kleibergen-Paap rk Wald F-statistic for the first stage.  
+ p<0.1, * p<0.05, ** p<0.01, *** p<0.001 
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Hypothesis 7.  

Table O3. Instrumental Variable 2SLS Models Estimating SYEP Effects on In-

Program Arrests by Racial/Ethnic Groups (using SQF Stops for Youth Aged 16-21) 

  (1)   (2) 

Panel A: Black b (se) CI   b (se) CI 

SYEP Participation 0.019 -0.970 1.009  0.340 -0.669 1.348 

 (0.505)    (0.515)   

SQF Stop Rate 0.028 -0.182 0.238  0.079 -0.085 0.243 

 (0.107)    (0.084)   

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 (se) CI   b (se) CI 

SYEP Participation -1.955 -4.965 1.055  -2.129 -4.973 0.715 

 (1.536)    (1.451)   

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)    (0.396)   

Control Mean 0.782  0.782 

F-statistic (FS) 1.851  1.855 

        

Number of Observations 33035   33034 

        

Panel C: White b (se) CI   b (se) CI 

SYEP Participation -1.156 -4.638 2.325  -0.919 -4.005 2.166 

 (1.776)    (1.574)   

SQF Stop Rate -0.125 -1.213 0.964  -0.207 -1.216 0.802 

 (0.555)    (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 ever-arrested outcome variable 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 residents. The control means are the percentage of arrests for applicants who did not participate 

in SYEP. The F-statistic is the Kleibergen-Paap rk Wald F-statistic for the first stage.  
+ p<0.1, * p<0.05, ** p<0.01, *** p<0.001 
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Appendix P. Supplemental Analyses ï Endogenous Models  

 

Table P1. OLS Endogenous Models Estimating SYEP Impacts on In-Program Arrests 

  (1)   (2) 

Panel A: Disadvantage Index b/se CI   b/se CI 

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 CI   b/se CI 

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 ever-arrested outcome variable 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 in a ZCTA during the 

program period calculated per 1,000 residents. The 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 P1. Predicted Program Impacts on In-Program Arrests by Neighborhood 

Disadvantage from Endogenous Model  

 
Note: This figure graphs the estimated impact of the program on arrests across varying levels of 

disadvantage, with accompanying 95% confidence intervals for the predicted coefficient.  
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Figure P2. Predicted Program Impacts on In-Program Arrests by SQF Stop Rates 

from Endogenous Model 

 
Note: This figure graphs the estimated impact of the program on arrests across varying levels of police 

SQF stop rates (per 1,000), with accompanying 95% confidence intervals for the predicted coefficient.  

  



 

 

 

362 

 

Table P2. OLS Endogenous Models Estimating SYEP Impacts on In-Program Arrests 

(with Disadvantage and SQF Stop Rates) 

  (1)   (2) 

  b/se CI   b/se CI 

SYEP Participation -0.155 -0.417 0.107  0.050 -0.181 0.281 

 (0.131)    (0.115)   

Disadvantage 0.419***  0.268 0.570  0.215**  0.065 0.365 

 (0.076)    (0.075)   

SYEP x Disadvantage  -0.076 -0.433 0.281  -0.109 -0.422 0.205 

 (0.178)    (0.156)   

SQF Stop Rate 0.035***  0.017 0.053  0.015+ -0.0010 0.031 

 (0.0089)    (0.008)   

SYEP x SQF 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 

 (0.011)    (0.011)   

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 ever-arrested outcome variable 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 in a ZCTA during the 

program period calculated per 1,000 residents. The 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 Program Impacts on In-Program Arrests by Neighborhood 

Disadvantage for Separate Values of SQF Stop Rates from Endogenous Model 

 
Note: This figure graphs the estimated impact of 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 predicted coefficients are also displayed.  

 

 

 

  










































































































































