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Abstract

This paper provides experimental evidence of the overall impact of an after-school program on students’
outcomes, and of the role of having different levels of violent peers in that context. Participants were
between 10-16 years old and enrolled in public schools in El Salvador. I find that the program reduced bad
behavior reports by 0.17 standard deviations, school absenteeism by 23%, and increased school grades by
0.11-0.13 standard deviations. Changes in highly violent students mainly drove the results. Regarding group
composition, results indicate that integrating students with different propensities for violence was better
than segregating them. Moreover, there is an interaction between the group composition and individual
baseline propensity for violence: the intervention can have unintended effects if highly violent students are
segregated and treated separately from their less violent peers. Finally, I find positive social spillover effects
for non-enrolled children exposed to treated students.
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1. Introduction

Violence and crime substantially reduce productivity, increase the economic costs of health and
justice services (Krug et al., 2002), generate welfare loss, and can be grave hindrances to economic
growth (Soares and Naritomi, 2010). Moreover, exposure to violence in childhood and adolescence
has a “snowball effect,” leading children and adolescents with early exposure to violence to be
involved in other types of violence later in life (Sousa et al., 2011; Damm and Dustmann, 2014).
Recent papers show that this exposure can occur at all children’s domains, such as at their house-
holds (Baker and Hoekstra, 2010), through their interaction with other peers at schools (Sousa et al.,
2011; Herrenkohl et al., 2008) or at their neighborhoods (Damm and Dustmann, 2014; Chetty et al.,
2016).

After-school programs (ASP) are examples of interventions that can keep children under formal
supervision to prevent victimization and delinquent behavior (Gottfredson et al., 2007; Mahoney
et al., 2001). These programs can also act as an alternative source of education and social develop-
ment (Taheri and Welsh, 2016; Durlak et al., 2010; Eccles and Templeton, 2002). They are often
implemented in schools located in vulnerable communities where children have a high risk of being
engaged in or exposed - as victims - to criminal activities. Most ASP has been implemented in
developed countries’ and more recently in developing countries.? Despite the increase in the num-
ber of programs implemented over the past years,® and the high incidence and economic costs of
the violence in the developing world,* the available non-experimental evidence of ASP’s impact on
social skills, crime, and violence is mixed and inconclusive (Taheri and Welsh, 2016).> Furthermore,
experimental papers on these programs are still scarce, and all of them use data from developed
countries (Goldschmidt et al., 2007; Hirsch et al., 2011; Biggart et al., 2014).6

IFor instance, in the US: Becoming a Man, Quantum Opportunity Program, Higher Achievement Program,
Citizen Schools, Pathways, Project NAFASI, After School Matters, Safe Haven, Challenging Horizons, and others.
Kremer et al. (2015) provide a more detailed review of ASP in the US

2For example Boys and Girls clubs in Mexico, VUELA in Colombia, Rainbow After-School Clubs in Uganda,
the Amani Girls Clubs in Liberia, and Glasswing Clubs in Central America - the intervention to be evaluated in
this paper.

3There has also been a corresponding growth in funding for these programs. For the 2017 fiscal year, the US
Congress appropriated approximately US$1.2 billion to be used for this purpose; a 2% of the total Department of
Education budget (U.S. Department of Education, 2017).

4For example, 43% of the total worldwide homicides occur among youth between 10-29 years old, and nearly
all of these deaths occur in low- and middle-income countries (WHO, 2016).

5This article reports on the results of a systematic review and meta-analysis of the effects of ASP on delin-
quency. They find mixed results from 17 well-known evaluations. Additional evidence are the papers of Bellei
(2009) and Berthelon et al. (2015) for Chile and Filmer and Schady (2008) for Cambodia. However, these stud-
ies are not impact assessments of ASP, but of other interventions oriented to maintain children under supervision.

6 Although there is evidence of interventions that end up reducing violence and crime in developing countries,
they differ from ASP. For instance, Chioda et al. (2016) find evidence of a reduction in crime due to the expansion
of Bolsa Familia, a conditional cash transfers program in Brasil. Additional evidence is from interventions in India
(Banerjee et al., 2007) and in Cambodia (Filmer and Schady, 2008).



Additionally, there is no evidence of how peer effects may function within an ASP setting. Many
papers have explored the effects of diversity and their mechanisms but in different contexts. For
example, some studies find that mixed groups are preferable when peer interactions can generate
differences in the learning experience (Lafortune et al., 2016), or when the exposure to good peers
improves the results of more disadvantaged children (Lavy et al., 2012; Rao, 2015; Griffith and
Rask, 2014; Oreopoulos et al., 2017). Additional studies found that the exposure of high violent
individuals to peers with different violence levels could reduce the probability of “criminal network
formation” (Billings et al., 2016; Di Tella and Schargrodsky, 2013; Bayer et al., 2009). However,
another set of papers find that actually aggregating individuals with similar peers can generate
better results, since that segregation allows teachers to match instruction to the particular group’s
needs (Duflo et al., 2011); or because individuals prefer to interact with peers with whom they
share particular characteristics (Carrell et al., 2013; Girard et al., 2015; Goethals, 2001).

This paper aims to fill these two gaps in the literature. First, it provides experimental evidence
designed to measure the effect of an ASP on participants’ violence and academic outcomes in a
developing country.” Second, creating an exogenous experimental variation in the propensity for

8 The empirical design

violence of students’ peers, this design also capture potential peer effects.
was inspired by Duflo et al. (2011) and Lafortune et al. (2016). I find that integrating students
with different levels of violence generates better effects on their misbehavior at school and attitudes
towards learning, than segregating them into less and most violent groups.

The field experiment was performed in public schools located in hostile communities in El
Salvador. The context of this country is relevant for two reasons. First, it is a lower-middle-income
country defined as a victim of an “epidemic of violence” since 2009 (WHO, 2011).° Second, its high
violence levels and homicides rates have significantly affected the educational system in the last
years. The country has faced a 13% reduction in its education enrollment rate (MINED, 2015),'0
with approximately 18% of students declaring that they dropped out school due to delinquency.!*

Also, only in the past 5 years, more children and adolescents have been victims of homicide than

"To my knowledge, this is the first experimental evaluation of an ASP’s impact implemented in a developing
and highly violent country.

8This study was registered in the AEA RCT Registry and the unique identifying number is: AEARCTR-
“AEARCTR-0001602”

9Between 2009-2012 the country’s average homicide rate was 69 murders per 100,000 inhabitants (PNUD,
2013). As a reference, the worldwide homicide rate is 6.2 per 100,000 inhabitants (PNUD, 2013). In 2015 El Sal-
vador was the third most dangerous country in Central America, ranking 7th and 53rd in the Latin-American and
world rankings respectively (GPI, 2016).

10In 2013 the primary and secondary net enrollment rates were 93.4% and 61.6% respectively, after a rele-
vant drop in 2015, when primary and secondary net enrollment rates reached only 86.2% and 37.9% respectively
(MINED, 2015).

HThis may be a lower bound because 28.6% of students abandoned school due to change of address, which
since 2010 has been highly correlated with gang threats according to testimonies elicited by local newspapers
(LPG, 2016)



in the last two decades (EPCD, 2014).12

The ASP analyzed in this paper consists of clubs implemented after school hours within school
facilities during the 2016 academic year (from April to mid-October). Students participated in
two sessions per week, which lasted 1.5 hours each. Every session included (i) a discussion oriented
towards fostering children’s social skills and conflict management and (ii) the implementation of the
club’s curricula, such as scientific experiments, artistic performances, and so forth. The intervention
was implemented by volunteers of Glasswing International, a local NGO working in Central America
and Mexico.

The study sample includes 1056 enrolled students between 10-16 years old.'? First, to measure
the overall impact of the ASP and to exploit the excess of demand for the program, I randomly
assigned these students to treatment or control groups. To study the effects of group composition,
treated students were randomly allocated to either a heterogeneous or homogeneous group accord-
ing to their initial propensity for violence. This variable is a proxy of a student’s vulnerability to
being engaged in violent acts, which was predicted using violence determinants and following the
estimation strategy described by Chandler et al. (2011). Then, within the homogeneous treatment,
students were separated into two subgroups considering their percentile in the distribution of vio-
lence, i.e., students whose predicted violence was higher (lower) than the median were assigned to
a club with peers with high (low) predicted propensity for violence. Randomization was done such
that group size, and club categories (leadership, art and culture, sports and science) were balanced
in both types of treatments.

Before the intervention, I collected self-reported data on personal and family information from
enrolled students. Follow-up self reported data included questions to measure the intervention’s
impact on students’ attitudes, violence and crime, exposure to risky spaces, and educational or
personal expectations. I combined this self-reported information with administrative records on
math, reading, and science grades, behavioral reports, and absenteeism data from enrolled and
non-enrolled students. This data was provided by schools before and after the intervention.*

I find that this less intensive intervention works in the context of a developing and highly violent

country and that its effects are similar (in magnitude and sign) to those of middle-intensive interven-

12From 2005-2013 approximately 6,300 youth were victims of homicide. In 2013, 458 adolescents were charged
for extortion - another gangs-related crime - and 321 for aggravated homicide (CSJ, 2014), which are crimes
mainly related to gangs (PNC, 2014))

13 As I will explain in detail later, there are actually two samples in this study. The first one are enrolled stu-
dents, those who decided to participate in the ASP and then were randomly assigned to treatment or control
groups (1056 students). The second sample of non-enrolled includes students that were not registered in the ASP
but are in the same schools and classrooms as treated children (1364 children).

141 also collected neurophysiological evidence from a random subsample of the enrolled students, particularly
measures of stress and emotional resilience. I used low-cost portable electroencephalograms within an in-field lab-
setting. These results are analyzed in a companion paper Dinarte and Egana (2017).



tions in the U.S. (Durlak et al., 2010; Cook et al., 2010). For example, my estimations indicate that
students assigned to treatment have better attitudes and behavior towards school and reduce their
school absenteeism by 23%. Moreover, I find a reduction in violence in both students’ and teachers’
reports. These effects are consistent with the expected results from the services delivered by an
ASP. Specifically, this intervention provides an innovative learning structure for students, affecting
their disposition towards school and learning. Additionally, the intervention promotes students’
social skills such as resilience and control over bad behavior. Finally, ASP provide protection from
unsafe neighborhoods or reduce the time children may spend with delinquent peers.

In line with evidence that emotional and behavioral skills promote and indirectly influence cog-
nitive development (Cook et al., 2011; Cunha and Heckman, 2008), I also find that the intervention
successfully increased participants’ academic achievement. On average, after seven months of in-
tervention, grades were 0.11-0.13 standard deviations higher for treated students. The intervention
also reduced the probability of failing any of the three core courses - a proxy of school repetition -
by 2.8 points.

A novel result is that the effects on academic outcomes and absenteeism are greater for the
most vulnerable students, which in this setting are those with a greater propensity for violence.
This result is consistent with the evidence that the probability of being engaged on criminal or
violent activities after school time for these students is higher. In that sense, keeping them under
supervision for a couple of hours and teaching life skills can generate this bigger effect.

I then turn to study peer effects in this context. First, the ASP also has indirect effects on
non-enrolled children. Exploiting the exogenous share of treated students within each classroom, I
find positive spillovers effects from the exposure of non-enrolled students to a higher proportion of
treated classmates, on both academic and violence outcomes. Thus, the direct results previously
described seem to be lower bounds of the total effect of the intervention. Further analysis of
these spillover effects provides two pieces of evidence. First, spillovers are mainly caused by treated
students from the same classroom of non-enrolled children. Second, the effects are greater if there is
an intermediate prorimity regarding misbehavior between treated and non-enrolled students within
classrooms.

For the second analysis of peer effects, I use the direct variation on peers’ propensity for violence
from the experiment design to compare students assigned to homogeneous or heterogeneous groups
of peers according to that propensity. Estimations indicate that, on average, the effects on attitudes
and behavior are greater when students are in more diverse groups than in segregated ones. The last
result supports the rainbow model of peer effects, whereby all individuals benefit from being exposed

to a more heterogeneous set of peers (Hoxby, 2000). These results are similar using alternative



specifications, such as linear-in-means peer effects or estimation models including variance of the
index in the assigned groups, as this is also randomly generated by my empirical methodology.

Finally, I study tracking effects for marginal students, who are defined as those just above-the-
median children assigned to the homogeneously high violent group within each stratum. Exploiting
the discontinuity around the median of the propensity for violence distribution function, and using
only the sample of children assigned to the homogeneous treatment, I find suggestive evidence that
the marginal student is negatively affected by being assigned to the most violent group on both
academic and bad behavior outcomes. This result contributes to the existing evidence related to
how segregation by initial violence may encourage the formation of networks of violence (Billings
et al., 2016; Di Tella and Schargrodsky, 2013; Bayer et al., 2009), affecting those individuals who
were supposed to be mainly benefited from the intervention.

Additional estimations indicate that there are different effects from group composition based on
a student’s propensity for violence. Specifically, being assigned to a more violence-diverse group,
compared to a segregated one, increases positive attitudes towards school for less violent students
and reduces the probability of having a bad behavior report for high violence children. These
results are consistent with how peer interactions can generate differences in the learning experience
(Lafortune et al., 2016). In this sense, students in heterogeneous groups have the opportunity to
either learn good behaviors from others or negative behavior they should not engage in, which is
only weakly available for students in the homogeneous group.

This paper is related to a wide literature that aims to measure ASP’s effects on academic
outcomes and violence (e.g. Gottfredson et al. (2004); Goldschmidt et al. (2007); Hirsch et al.
(2011); Taheri and Welsh (2016)). As mentioned before, even when this topic has been extensively
analyzed, it still has some gaps. First, the literature has focused on the effects of these interventions
in developed countries, mostly in the United States, a context that may have limited applicability
for education systems in low- and middle-income countries. Thus my contribution to this literature
is providing evidence of the effect of this intervention in a developing and highly violent country.

Second, most of the ASP literature measures heterogeneous effects only by initial academic
attainment, gender, or household income (Marshall et al., 1997; Durlak et al., 2010), without con-
sidering variables that may affect this kind of interventions, such as violence. In this sense, the
novelty of my results is that the ASP in this particular context, generates a differential impact
according to participants’ violence levels, impacting positively the most vulnerable children’s mis-
behavior and attitudes.

The paper is also related to a recent and novel literature that studies the effects of Cognitive



Behavioral Therapy (CBT)!® on youths’ and adults’ crime and violence patterns, such as the papers
of Heller et al. (2017) in Chicago and Blattman et al. (2015) in Liberia. Even when this ASP and
a CBT approach share some similarities in their structure, the ASP may be more effective in
the context of schools in El Salvador. First, a CBT intervention may generate greater results in
contexts where there are no gangs or other forms of organized crime, since it works better against
disorganized and impulsive violence (Blattman et al., 2015). Also, it may be tough to implement if
the target group consists on children and adolescents, or if enrollment is not mandatory.

The research design also allows me to provide causal evidence of tracking versus integration as
optimal strategies to allocate participants for an intervention. The novelty of my study is that it
overcomes the issues in the identification of peer effects pointed out by Angrist (2014). The greater
effects on academic and non-cognitive outcomes under integration versus tracking that I find are
consistent with a body of micro-level evidence, which explain that these effects are likely caused by
seizing the interaction between different individuals within groups (see Sacerdote et al. (2011) for
a summary of the recent literature on peer effects on student outcomes in educational settings).!®
Particularly, my results are mostly similar to those from Rao (2015), who finds an improvement on
some social preferences outcomes, such as generosity, prosocial behavior and equity, when wealthy
students are exposed to low income classmates in India. The novelty of my findings is that the expo-
sure to diversity impacts positively other relevant non-cognitive outcomes for developing countries,
such as violence, misbehavior and attitudes towards school and learning.

There is also a growing body of evidence that finds benefits from tracking. Theoretically, Lazear
(2001) shows that in the presence of different levels of classroom disruption, segregation by type
maximizes the total school output. Some empirical papers also find that school tracking can improve
academic results, with greater effects for low-performers (Duflo et al., 2011; Cortes and Goodman,
2014; Girard et al., 2015).17 In contrast to these papers, my results indicate that the training can
have unintended effects on academic and non-cognitive outcomes when it is targeted at only the

most violent students.

I5CBT is a therapeutic approach that can be used to treat harmful beliefs and behaviors, making people aware
of these patterns and trying to disrupt them through a learning by doing process (Blattman et al., 2015).

16Specifically, recent papers on random assignment of freshmen or students (Thiemann, 2013); on elite exam
schools (Abdulkadiroglu et al. (2014) and Dobbie and Fryer Jr (2014) in the United States and Lucas and Mbiti
(2014) in Kenya); and programs for gifted individuals (Bui et al., 2014) find surprisingly positive impacts of be-
ing exposed to a very different set of peers. Additional results are presented by Hoxby (2000); Zimmerman (2003);
Angrist and Lang (2004); Rao (2015); Griffith and Rask (2014); Lafortune et al. (2016); Chetty et al. (2016); Ore-
opoulos et al. (2017)

"Duflo et al. (2011) find that tracking benefits both lower- and higher-ability students in Kenya. Cortes and
Goodman (2014) analyzes the “double-dose” algebra policy in Chicago Public schools, which sorted students into
algebra classes by their math ability. They find that this policy improved short- and long-term academic perfor-
mance. Girard et al. (2015) study students’ social networks formation and find evidence of preferences for ho-
mophily along several dimensions.



The most plausible explanation for the differences between my results and those reported in the
tracking literature is the lack of specific incentives for instructors to adapt clubs’ curricula to their
groups’ needs. In fact, my results fits in the predictions of Duflo et al. (2011)’s model under the
special case in which instructors do not respond to group composition because the teacher’s effort
function is a constant or the cost of effort is zero below certain target level to which teachers orient
instruction. Under this assumption, tracking by violence worsens the outcomes for those above the
median of the original distribution of violence and increases the performance for those below the
median.

The remainder of the paper is organized as follows: Section 2 describes the intervention, data
collection, and the study design. Specifically, this section presents details of the propensity for
violence (IVV) estimation, descriptive statistics, and results of experimental design checks. Section
3 summarizes the specifications used to estimate the effects of the intervention on academic behavior,
violence outcomes, and peer effects in this context. These results are presented in Section 4. Section
5 discusses the results and provides evidence of the most plausible mechanisms, and finally, the
preliminary conclusions are presented in Section 6. All appendix figures and tables are at the end

of this paper.

2. Intervention, Data and Experimental Design

2.1 Intervention: Glasswing’s After-School Clubs (ASP)

The NGO Glasswing International implemented the ASP as part of its program Community Schools,
which, since 2013, has taken place in 95 schools in Central America through 560 clubs, benefiting
approximately 20,000 children between 8-15 years old.'® According to the NGO’s theory of change,
the intervention’s main objective is to successfully modify children’s violence and attitudes through
the learning of life skills, and therefore improve their academic performance (Glasswing Interna-
tional, 2012a).

The NGO offers four categories of clubs in the ASP by education level (ciclos): Leadership, Art
and Culture, Sports and Science.!” Each ciclo consists of three years of schooling: first ciclo is
from 1st to 3rd grades, the second from 4th to 6th grades, and the third from 7th to 9th grades.

18The NGO’s main activity is the provision of technical advice to private companies on social investment, and
formulating and executing strategic plans for social projects.

19Tn the Science category are the discovery clubs where students do scientific experiments. In the Art and Cul-
ture category are the Glee and Art clubs. The first group includes dancing and singing and the second includes
activities for developing children’s fine motor skills and creativity. Finally, Leadership clubs are for those who want
to develop social and leadership skills.



Considering this structure of the intervention, I designed the experiment by using the natural
education level organization as the stratification variable.

During the enrollment process, children interested in participating at the program fill out a regis-
tration form that collects their personal and family information and their application to participate
in a club. Then, they are assigned to a group considering their preferences, parent’s authorization
and the aggregated demand for the club category.?®

Clubs meet twice a week for approximately 1.5 hours each and take place just after school ends.?!
Each session is divided into two blocks: social skills development and club’s curriculum. The first
section is common to all participants. It includes topics such as conflict- and risk-management,
school violence reduction, and soft skills. Instructors discuss concrete methods to reduce partic-
ipants’ violent behavior using experiential learning or role-playing. For example, if the topic is
conflict management, the students participate in a role-play, where the instructor asks students to
provide alternatives to get a ball from a club-mate. Some of them suggest to forcibly retrieving it
either by hitting the ball or the club-mate. Then the tutor discusses more appropriate alternatives
like negotiation or simply asking for the ball. The second part of the session is particular to each
club category. For instance, in a Discovery club session, a topic could be volcanos, and it will include
both an experiment of a volcano eruption and a discussion about the results. The implementation
of the program was uniform across schools.

The ASP is organized by a school coordinator who verifies the participants’ attendance and
drop-out rates, manages club materials, and assigns volunteers as tutors. These instructors have no
formal training in social work or psychology and, unlike those from the program Becoming a Man
in Chicago, they do not necessarily have similar backgrounds as the participants.??

To my knowledge, there are only two impact assessments (qualitative and non-experimental)
reports on this ASP, showing improved primary life skills such as self-perception, self-esteem, and

social skills (Glasswing International, 2012b).?3

20The original clubs number is not definitive, it depends on the number of participants interested in each op-
tion. For instance, if 30 students have chosen Discovery Club as their first preference, the NGO would open two
clubs of 15 participants each. However, if only two students have ranked Glee as their most preferred club, there
won’t be a Glee club, and those two students are assigned to their second or third alternative. On average, and for
methodological reasons, club sizes are between 13-15 participants. As will be explained later, there is balance in all
club categories between both treatments.

21 According to Seppanen et al. (1993), the minimal lenght of implementation of ASP sessions, to be cost-
effective and generate impacts on violence and crime, should be between 2 to 8 hours per week.

22There are three categories of volunteers: community volunteers are tutors living in the community who stand
out for their leadership skills; corporate volunteers are part of a particular firm that has a social project with
Glasswing; and independent volunteers, who are usually college students, doing social work. The NGO assessed
these volunteers, and even when they did not follow a pure random allocation procedure, there is still balance in
the observable characteristics of the tutors such as gender, age, and category.

23To estimate the effect of the intervention, this study implemented focus groups to collect student information.
To sum up, authors find positive effects of the program on students’ optimism and team work. The students also



During 2016, the NGO implemented the program in 5 additional schools in El Salvador.?* They
were willing to evaluate the impact of the intervention through a randomized controlled trial and

find options to improve it. The timeline of the study is shown in Figure 1.

[Insert Figure 1 here]

2.2 Experimental Design

The experimental design allows me to measure the impact of the intervention directly and to study
if the group composition, according to a predicted violence level at baseline, generates differences
in the ASP’s impact.

It is important to highlight that there are two samples in this study. The first one, that I call
“enrolled” sample, consists of the 1056 students who applied to participate in the program, and
then were assigned to treatment and control. The second sample of “non-enrolled” consists of 1364
children which were not interested in taking part in the ASP. All the 2420 students were registered

in the 5 public schools previously mentioned during the 2016 academic year.

2.2.1 Propensity for Violence Index (IVV) estimation

To assign students of the enrolled sample to each group, it was necessary to measure their vulner-
ability to violence. However, at the registration phase, it was not possible to directly ask about
this for two reasons. First, the enrollment form asked for personal details and information, and we
could not guarantee that this information would be kept confidential during the study.?® Second,
asking specific question about being an active gang member or being related to these organizations,
which is highly correlated with crime and violence in El Salvador, may endanger both children and
instructors.

Instead, following Chandler et al. (2011), I estimated a predictive model of violence and crime

from existing data using a Two Sample Least Square strategy. First, using an existing anonymized

reported being more tolerant of others, a reduction in their interaction with bad peers, and an improvement in the
overall classroom environment. Particularly, some students find that clubs reinforce their academic experience in a
more fun way (Glasswing International, 2012b).

24Descriptive statistics of these schools are shown in the Appendix Table Al. On average, the female enrollment
rate from those schools is 48%, with an average grade repetition of 20%. Only 20% of schools have services of an
specialist in psychology. Finally, 80% of the schools are fully subsidized from the central government.

25For example, either the local authorities or gangs organizations may force me or the NGO to hand them the
information that completely identified each child.

10



database of youths’ violence and crime from El Salvador (FUSADES, 2015),%% I estimated the

likelihood of having committed a violent act V; as a function of a wide range of covariates:

Vi=ao+a1Dy +ef

where Dy is a vector of violence determinants of student f € in the FUSADES dataset. This
vector includes variables that indicate individuals’ vulnerability to violence, such as students’ char-
acteristics (e.g. age, gender, time spent alone at home, and education level); children’s household
variables (e.g. residence area, mother’s education, household composition); and school-level controls
(e.g. school location, and commuting time to school).2”

Descriptive statistics and comparison of means (p-values) between the two samples can be
found in table A2 in the Appendix. Similarly, estimated coefficients &; are shown in table A3
in the Appendix. All coefficients have the expected sign according to the literature of violence
determinants. For instance, boys are more likely to be violent than girls, adolescents are more violent
than children (Rodriguez-Planas, 2012), and lack of parental supervision increases the probability
of committing a violent act (Gottfredson et al., 2004)). Statistically significant determinants are
participant’s age, gender, living in urban area, lack of parental supervision, and commuting time.
Among all, lack of parental supervision is the most important determinant of propensity for violence
in this sample.

Similarly to the existing literature of violence and crime determinants for particular groups
(Klassen and O’connor, 1988; Webb et al., 2016),?® this model explains 12% of the total variance of
the measure of violence. Although this level may be considered low, Klassen and O’connor (1988)
and Chandler et al. (2011) find that this sort of crime and violence models estimated from existing
data have a high predictive power.2?

Then, exploiting the availability of these variables in the registration forms of enrolled students,

I predicted the measure of propeunsity for violence (IVV) for each child, using the vector of estimated

26This database was created using the El Salvador Youth Survey’s instrument. It consists of a sample of 8640
students in sixth and ninth grade, enrolled in public schools in El Salvador. This database includes many variables
measuring crime and violence and their determinants. The sample is similar to the sample of this study, except
for some variables such as student’s age and area of residence. These p-values in column (5) are similar to those
obtained from a chi-square Two Samples Homogeneity Test.

27Some relevant papers that find evidence that these variables are determinants of crime and violence are: for
gender, Bertrand and Pan (2013); Rodriguez-Planas (2012); for age, Rodriguez-Planas (2012); for area of residence,
Springer et al. (2006); for maternal education, Springer et al. (2006) and Gaviria and Raphael (2001); for time
spent at home, Gottfredson et al. (2004) and Aizer (2004); for commuting time to school, Springer et al. (2006);
Damm and Dustmann (2014); and for household composition, Gaviria and Raphael (2001).

28Gee Chaiken et al. (1994) for a detailed early literature review of these models and their characteristics.

29Klassen and O’connor (1988) uses a sample of adult males at risk for violent behavior admitted as inpatients
at a community mental health center. He finds that this model correctly classified 85% of the total sample.
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coefficients &;. There are two features of this measure that it is important to emphasize. First,
as the variables included in the estimation are related to vulnerability of students at different
domains -family, school and community-, this measure is a more accurate proxy of students’ overall
propensity for violence than the existing reports of students’ misbehavior from schools data. Second,
this predicted index can be interpreted as a measure of student’s propensity for violence, not as a

measure of effective violence.

2.2.2 Treatments

After estimating the IVV, enrolled children were randomly assigned to three groups within each
stratum: control (C, 25%), heterogeneous (HT, 25%), and homogeneous (HM, 50%) groups. Then,
students in homogeneous groups were ranked and assigned to subgroups according to their index:
all students with an IVV above the median at the HM-strata level were assigned to the High-IVV
group (HM-High, 25% of the full sample) and the rest were assigned to the Low-IVV (HM-Low,

25%) group. The randomization process is shown in Figure 2.

[Insert Figure 2 here]

It is important to point that as the assignment of enrolled students was done at the stratum
level, the share of treated children from each course within each education level -after controlling

by the share of enrolled children- was exogenous.

Treatments are described below:

1. Heterogeneous (HT): Registered and randomly selected students are assigned to take part in

a club with a heterogeneous peer composition of clubmates according to their IVV.

2. Homogenous-Low (HM-Low): Registered and randomly selected students are assigned to
participate in a club with low violence peers if their IVV is lower than the median of the HM

group within their respective strata.

3. Homogenous-High (HM-High): Registered and randomly selected students are assigned to
participate in a club with high violent peers if their IVV is greater than the median the HM

group within their respective strata.

4. Control: This group of students were not selected to participate in the clubs during the 2016

academic year.
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As opposed to Duflo et al. (2011) and similar to Lafortune et al. (2016), neither instructors nor
participants knew details of the assignment because I wanted to capture mostly the effects of the

interactions between participants instead other channels such as of curriculum adaptation.

2.3 Data

During the registration phase, after the first three months of the school year, students provided
personal and family information, as mentioned previously. I also collected math, reading, and
science grades; behavioral reports,?® and absenteeism data from both enrolled and non-enrolled
children. Schools provided these administrative records from before the intervention.

Follow-up data on non-cognitive outcomes were collected only from enrolled participants in
school facilities at the end of October 2016, after all clubs have completely implemented their

curricula.3!

Most surveys were self-administered, with assistance from staff trained in the survey
methodology.

The follow-up survey included questions to measure the intervention’s impact on general topics,
such as students’ attitudes, violence and crime, exposure to risky spaces, and educational or personal
expectations. Specifically, to measure attitudes towards school and approval of a friend’s criminal
behavior, I used items from the Communities That Care® Youth Survey. Delinquency and violence
measures were calculated using the Self-Reported Delinquency Scale (SRD). To quantify exposure
to violence or crime, I used the nationwide El Salvador Youth Survey (ESYS) developed by Webb
et al. (2016). It includes questions related to children’s and adolescents’ risk and protective factors
in three domains: family, school, and community. These instruments were previously validated in
at risk youth population in El Salvador by Webb et al. (2016). Finally, I included questions about
educational, migration, and labor expectations. The final implemented instrument is available upon
request.>?

In November 2016, at the end of the academic year, schools provided math, science, and reading
grades, behavior reports, and school absenteeism and drop out data, from both enrolled and non-

enrolled students.

30Tn El Salvador, behavior reports are reported by teachers each quarter. They are presented in the following
discrete scale: Excellent (E), Very Good (MB), Good (B) and Regular (R). It can be translated in a continuous
scale that is comparable to courses grades. In this paper, I used a reversed continuous scale to facilitate the inter-
pretation and comparability to the self-reported measures of violence and crime. More details on these reports are
in the Appendix 1.

31Students took the survey in classrooms especially set up for this purpose. Each survey took approximately
45-60 minutes. Schools’ teachers agreed to cover the material taught during that time with the participants.

327 also collected neurophysiological evidence from a random subsample of the enrolled students, particularly
measures of stress and emotional resilience. I used low-cost portable electroencephalograms within an in-field lab-
setting. These results are analyzed in a companion paper Dinarte and Egana (2017).
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As shown in Table A4 in the Appendix, the average matching rate of administrative data of
enrolled children was 94% at baseline, and 97% at follow up. All the matching rates were balanced
between treatments and C groups, except for the fraction of math grades at baseline between HM
and C group, significant at 10%; and in absenteeism between both tracking groups, also significant
at 10%. To account for this difference, I include in all specifications for the academic outcomes, the
imputed grade for the missing observations at baseline and a missing value indicator. Additionally,
the average matching rate of administrative data of non-enrolled students was 85% at baseline and
98% at follow up. Appendix 1 presents a detailed description of the outcome variables.

The attrition rate was defined as the absence of initially enrolled students during the implemen-
tation of the follow-up survey. On average, attrition was 8%, and for the HM and HT groups, it
was 9% and 6% respectively. There were no statistical differences between treatments and control
groups in overall attrition rates. Therefore, results are not driven by the absence of follow-up survey

data for any group.

2.4 Summary Statistics

Descriptive statistics of the full sample and each treatment and control groups are shown in Table 1.
Column 1 exhibits statistics for the total sample and columns 2-5 are for control (C), any treatment
(T), and each treatment (HT and HM) groups respectively. Columns 6-7 show statistics for the
two homogeneous subgroups.

Panel A presents the summary statistics of the violence determinants. Participants are on
average 12 years old, 49% are male, and 73% live in an urban area. Regarding family composition,
91% of the students live with at least one parent, and 9% live with a relative or a non-related
adult. On average, 62% of students’ mothers have an intermediate education level (between 7-12
years), and 31% have less than six years of schooling. Regarding risk exposure, only 5% of students
reported being alone at home when they are not at school. However, on average they have to travel
around 18 minutes to school. Additionally, 30% of students are enrolled in the afternoon shift,
increasing the probability of being without adult surveillance while their parents are at work.

Finally, the last row of Panel A shows that the average propensity for violence for any treatment
and C groups is 0.038, with a standard deviation of 0.029, ranging from 0.001 to 0.215. This average
propensity for violence is 14 times the mean probability that a given student will be vulnerable to
violence in Chicago (Chandler et al., 2011). Even when both estimations are not completely com-
parable, because I use fewer violence determinants than Chandler et al. (2011), this difference sheds
light on the tremendous propensity for violence of the children from this study. More descriptive

statistics of the predicted propensity for violence are presented in Appendix Table A5.
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Panel B shows academic scores and absenteeism for first quarter of the 2016 school year. In
a grade scale of 0-10, requiring a minimum grade of 5 to pass each course, enrolled students have
between 6.5 and 6.7 points, similar to the average grades at national level. The mean absenteeism
rate in the first quarter, before the intervention, was 5.4% (2.16 out 40 days).

Finally, Panel C summarizes the clubs’ characteristics: mean club size was 13 students, and
community tutors ran approximately 31% of these clubs. The average take up, defined as the share
of sessions attended by each student out from the total number, was 57%. Moreover, the share of
enrolled students on each club category is statistically similar between treatments, except between
HM-H and HM-L groups as may be expected. Finally, the mean fraction of treated students by

course was 42%, statistically similar between treatments.
[Insert Table 1 here]

I implemented two validity checks to provide evidence that the predicted IVV is a good proxy
for students’ misbehavior. First, I find that the correlation between the predicted IVV and teachers’
reports of students’ bad behavior at baseline is positive and statistically significant at 1%. Second,
similar to previous studies (Klassen and O’connor, 1988; Chandler et al., 2011), the measure has
a high predictive power of future misbehavior. Using data from students in the control group, I
find that the correlation between IVV and their bad behavior at the end of the academic year is

positive and statistically significant at 5%.33

2.5 Experimental design checks

This experimental design has to meet five requirements to generate an exogenous variation that
allows me to identify the causal impact of the intervention and group composition effects. First,
treatments and control groups must be balanced.?* In this vein, I find that differences between
T and C are not statistically significant, except for the share of mothers with basic education
and reading grades (HT vs. C), a category of household composition and reading grades (HM
vs. C), and the predicted IVV (HT vs. HM, greater for the HT group). Considering the large
number of hypothesis tested, these differences are acceptable. However, I account for the difference
in propensity for violence controlling for the percentile of the predicted IVV in all estimations.
Additionally, in specifications for the academic outcomes, I include the respective grades at baseline

to account for the differences in academic performance before the intervention.

33 An additional concern is that this index is explaining another factor like school performance. Thus, I esti-
mated the correlation between the predicted index and grades reported by teachers and found that it is not statis-
tically significant. Appendix Table A6 shows these results.

34 Appendix Table A7 shows adjusted p-values for multiple hypothesis testing of means of all variables exhibited
in Table 1, following Sankoh et al. (1997).
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A second condition is that the HM-High group’s IVV should be greater than that of the HM-
Low group’s IVV, also expressed in most of its determinants. This design meets this requirement.
For example, as we can see in columns (6) and (7) in Table 1, the HM-High group has a larger
proportion of male and older students than the HM-Low group. They are also more exposed to
violence because face greater travel time from home to school, most of them spend time home alone,
and enrolled in evening shifts.3?

As the assignment to HM and HT was defined over the predicted violence index, the third
requirement is that HT group must be more violence-diverse than any of the HM groups. Addi-
tionally, the average violence level of HT must be between the HM-Low and HM-High levels. This
design fulfills these conditions, as we can see from the results in the previously presented Table A5
in the Appendix. First, the standard deviation of the HT group’s IVV is greater than those of the
HM subgroups. Second, the average IVV of the HT group is between those of the HM-High and
HM-Low.

The fourth requirement is related to three desired characteristics of the IVV distribution func-
tions of HT, HM, and C groups, before treatment. The first one is that these distributions must be
similar at the baseline. Using the two-sample Kolmogorov-Smirnov test for equality of distribution
functions, the hypotheses are not rejected (p-values of 0.62 for the HT-HM comparison, 0.89 for the
HT-C comparison, and 0.68 for the HM-C comparison). The similarity among distributions can be
verified also in Figure 3. The second characteristic is that the distributions of the HT, HM-High,
and HM-Low must differ. As Figure 4 illustrates, there are differences in the distributions of the
three groups. Particularly, using the two-sample Kolmogorov-Smirnov test, I reject the hypothesis

of equality of each comparison of pairs of distribution functions at 1%.
[Insert Figures 3 and 4 here]

The last desired characteristic is that the distributions of HM-High and HM-Low groups should
not fully overlap in the full sample, in order to have some variability between both HM subgroups.
If T had not stratified, there would not be any overlap between both groups. However, as the
assignment was defined within strata, there is overlap in 67% of the sample, as shown in Figure
5. Therefore, there is still variation between IVV distribution functions of the HM subgroups at

baseline that I can exploit.

[Insert Figure 5 here]

35Most students in the HM-Low group have mothers with either basic or higher education. These results could
be explained as follows: if their mother has basic education, it is possible that she will stay at home with her chil-
dren as her potential income is low. Alternatively, if the mother has higher education, then she will probably have
more financial means to pay for some sort of childcare or other presence in the home.
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Finally, the fifth condition is that the there must be a sharp discontinuity at the fiftieth percentile
for the HM subsample, consistent with the discontinuous assignment at the median IVV within each
stratum. This design also fulfills this condition. Figure 6 shows the median of the predicted IVV of
student’s club mates as a function of her own IVV and the expected jump at the fiftieth percentile.
Moreover, when estimating a RD-robust regression using only this homogeneous subsample, I find
that students assigned to the HM-High group are enrolled with peers with a mean IVV 0.8 points

greater, statistically significant at 5%.36

[Insert Figure 6 here]

3. Empirical Framework

In this section, I describe the empirical strategy used to measure ASP’s effects on students’ behavior,
violence, and academic outcomes, and to assess the heterogeneity of the intervention by individual
violence levels. Additionally, I study group composition effects and how this heterogeneity interacts

with children’ initial propensity for violence.

3.1 Measuring the overall ASP’s impact
A. Intent-to-treat Effects of ASP Participation

To measure the I'TT effects of ASP on non-cognitive and academic outcomes, I use the random

variation from the experimental design and estimate the following equation:

Yij = 00 + 01135 + 02 X5 + 55 + €5 (1)

where y;; is the outcome of interest, measured at follow-up, of the student 4 in school and education
level j. T;; is a dummy indicating that the student was randomly offered participation in the ASP,
and S; are strata dummies. Xj; is a vector of control variables, including a second order polynomial
of student’s IVV percentile. For the academic outcomes regressions, I also included standardized
grades at baseline (including imputed values) and a missing baseline grades indicator as controls.

Due to the possible bias in the estimation of the IVV, standard errors are adjusted using a cluster

36T use a third order local polynomial in order following the specification of Duflo et al. (2011). For a first and
second polynomial order, the coefficient is 0.9, statistically significant at 1%. This coefficient and its statistical
significance are also stable using a conventional or bias-corrected RD Method.
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bootstrapped at course-school level (Treiman, 2009). In this result, §; captures the ITT of being
assigned to participate in an ASP compared to the control group.

An additional robustness check of the accuracy of the predicted IVV as a proxy for misbehavior,
I estimate specification (1), but instead of controlling by a second order polynomial of students’ IVV
percentile, I control by a second order polynomial of the student’s percentile at the bad behavior

at school distribution function.

B. Heterogeneity of the Intervention by Baseline Violence

To study heterogeneous treatment effects by initial level of predicted violence level, I include in
equation (1) an interaction between T;; and a binary indicator IVV _high;;. This dummy indicates
that a student’s IVV percentile at baseline is greater than the median at the group (C, HM, and
HT) and strata level. Specifically, I estimate:

Yij = 0o + 91Tij =+ GQTZ‘j X IVV,hZ'ghij + 63]VV,highij + 64Xij + Sj + €ij (2)

where 65 indicates the marginal impact of the intervention between treated students with high and
low levels of propensity for violence. The rest of variables are defined as in specification (1).

Then, exploiting the lack of correlation between IVV and baseline school grades, I also explore
heterogeneous effects by initial academic attainment on the outcomes of interest. This estimation
strategy is summarized in Appendix 2.

Finally, as previous studies have found (Durlak et al., 2010), it may be expected that this ASP
impacts differently to boys and girls. However, since the predicted IVV includes gender as a deter-
minant, the difference of the effects among boys and girls may be caused either by sex alone or by
the combination of all determinants included in the IVV estimation. To account for this, I use an
alternative specification to show that the differences I find in this section are driven mostly by stu-
dents’ propensity for violence. A detailed description of the equation and estimations is presented

in Appendix 3.

3.2 Peer Effects

In this subsection, I estimate three measures of peer effects. First, I test the effect of being exposed
to a share of treated participants on outcomes of students who were not interested in participating
in the ASP. Second, I describe the specifications used to measure average effects of being treated

in a particular composition of peers, exploiting the random variation generated directly from the
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experiment design. Finally, using the discontinuity in the median of the IVV distribution function
of the HM group, I can evaluate the effect of tracking on the marginal participant. A comparison
of the last two sets of group composition measures will clarify if the outcome is affected only by the
average peer characteristics of peers, or if there is an interaction between a student’s characteristics

and that of her peers.

A. Effects on non-enrolled children: Spillovers

Besides ASP direct effects, spillovers from treated students on their classmates can happen through
at least two ways: First, if treated children are less disruptive during classes, this can improve the
learning process for all. Second, the interaction between treated and non-enrolled students can
allow the last group to imitate or learn some skills from the first one. If any of these situations
occurs, estimations from the specification (1) may be lower-bounds of the ASP total impact due to
the presence of spillovers from the program.

Since the assignment to treatment was done at the ciclo-level, I can measure ASP’s spillover
effects on non-enrolled student m, exploiting that the share Sh,, of enrolled children allocated to
participate in the intervention - the share of treated students - at the course-level n was exogenous.

A possible concern is that non-enrolled participants may influence the enrollment decision, thus
indirectly affecting the share of classmates assigned to treatment. To address this matter, I include
E,, as control variable in the estimation, which is the share of all enrolled students - treated and
control groups - at the course-level n. Then, following Carrell et al. (2013), I estimate the following

equation:

where y,,, is the academic or misbehavior outcome of interest. X,,, is a vector of individual
controls, including grades at the baseline and a missing grades indicator.3”

Further analysis of the structure and characteristics of these spillover effects, such as optimal
combination of treated with high and low violence level, intensity of exposure and closeness within

classrooms effects are presented in Appendix 4.

37 As I show in Appendix Table A8, differences on academic outcomes and bad behavior reports at baseline be-
tween enrolled and non-enrolled students are not statistically different from zero. These evidence indicate that the
two groups were similar regarding academic performance and how they behave at school before the intervention,
strengthening the argument that the effects on non-enrolled children are more likely caused by spillover effects.
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B. Group composition average effect

Restricting the sample only to treated students and using the experimental variation of this study
design, I can directly test for differences in the ITT effects on the outcomes of students assigned
to groups with homogeneous peers versus those allocated to the ASP with heterogeneous peers by

initial propensity for violence, using the following specification:

yij = 00 + 01Homij + HQXZ'J' + Sj + €ij (4)

where y;;, S; and X;; are as defined before, and Hom,; is a dummy that indicates whether student
1 in school level j is assigned to an HM treatment. 6; can be interpreted as the effect on student
1 of receiving an offer to participate in an ASP with a composition of peers whose propensity for
violence is similar to hers, compared to the effect of the same offer but engaged with peers with a
more diverse composition of propensity for violence.

By design, the HM group is counstituted by two very different subgroups (HM-High and HM-
Low). In this sense, it is also interesting to explore if a particular HM subgroup is driving the results,
comparing each of them with the HT group. Since the assignment variable to those subgroups was
the median of the IVV distribution at each HM-stratum level, after controlling by the indicator
1VV _high;; and by the IVV median I VVj at the j level, I can compare directly the results of each

HM subgroup with the respective HT treatment, estimating the following specification:
Y;'j = 90 + 91HomHij + 92HomLZ-j + 93IVV,highij + IVTV} + 04X¢j + €ij (5)

where HomH;; and HomL;; are dummies indicating whether the student ¢ in strata j was assigned
to HM-High or HM-Low respectively.

Specification (5) allows to compare both treatments within a half of the IVV distribution. In
the upper half, 6, is an ITT estimator of assigning a child ¢ with higher propensity for violence to
a low violence-diverse group of peers, compared to allocating her to a high violence-diverse group
of peers. Also, for the lower half of the IVV distribution, 85 is an ITT estimator of assigning a
less violent children to a low violence-diverse group of peers compared to a heterogeneously violent
group.

I also study nonlinear heterogeneous effects of group composition at a finer level, interacting HM
and HT treatments with quartiles of the IVV distribution. Details and results of the estimation are
described in Appendix 5. Finally, following Duflo et al. (2011), I present an analysis of the average
group composition effects using linear-in-means and variance specifications. These equations and

their identification assumptions are described in Appendix 6.
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C. Effects of tracking on the marginal student

Results of equations (5) and (6) allow identification of the average effects of being treated in a
particular group composition. Moreover, with this experimental design I can explore the effect of
peer violence on the around-the-median children in a tracking setting, which I call the marginal
participants. This group includes a set of students just above the fifth percentile of the IVV
distribution. Even when this just above-the-median children are similar regarding propensity for
violence to those at- or below-the-median, I exploit their assignment to a group of high-IVV peers
and compare with the other allocated to a low-IVV set of peers.

Studying effects on the marginal student is interesting because having high-violent peers on
average also means that the student is the least-violent child in her group before the intervention,
and having less-violent peers implies that she is the most-violent child in her track. In this sense,
the marginal participants are the most different children within their group and therefore, they may
face the greater impact of tracking.

To identify this impact, I use a regression discontinuity design with the median of the IVV
distribution in each strata as the discontinuity, and restrict the sample to students in the HM
treatment. The assumption required for the validity of this strategy is that nothing else changes
discontinuously around the point of separation between the two groups, which holds true in this

design. I estimate the following equation:

}/ij =X+ AlHMHij + f(IVVZj) + )\2Sj + €5 (6)

where f(IVV,;) is a flexible second order polynomial of the percentile of the individual’s IVV within
each stratum, and HMH;; = 1 if the participant was in the HM-High group. In this case, \; is
a LATE estimator that indicates the effects of tracking for the marginal student on her cognitive
and non-cognitive outcomes. I also estimate this specification restricting the sample to the eight

students around the cut-off within each strata.

4. Results

In this section I present reduced form estimates of the ASP’s impact on students’ grades, violence,
bad behavior at school and positive attitudes towards school and learning. I also present hetero-
geneous effects of the ASP by students’ initial propensity for violence. In the second section, I

describe group composition effects of the ASP on the outcomes of interest. First, I show the results
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of spillovers on non-enrolled students. Then, I present the results of average group composition

effects and the impacts of tracking on marginal students.

4.1 Measuring the overall ASP’s impact
A. Intent-to-treat Effects of ASP Participation

Table 2 shows results of equation (1). I split them into the two principal sets of outcomes: positive
attitudes towards school, and violence and bad-behavior at school (Panel A) and academic outcomes
separated by intensive and extensive margins (Panel B).

First, I compare measures of students’ pro-learning attitudes from both their self-reports and
from administrative data. As shown in columns (1) - (4) in Panel A, ASP participants report
having better attitudes towards school by 0.17 standard deviations. They also spend 16% more
time (20.4 minutes approximately) each day doing their homework and 7.9% report that they pay
more attention during classes, compared to the control group. This improvement in attitudes is
also confirmed using administrative data: treated students are absent 1.6 days fewer than students
in the control group. This implies a reduction of 23% on school absenteeism. These effects shed
light that the ASP directly affects students’ positive attitudes towards school as the program may
allow them to be involved in learning in a different and potentially more interesting way, or to be
exposed to a new category of role models - their tutors - along with their teachers.

Then I estimate the ITT effect on misbehavior and violence-related outcomes, using measures
from students’ and teachers’ reports. As we can see in columns (5) - (9) in Panel A, after seven
months of intervention, students self-report having committed fewer delinquent actions and being
less violent compared to self-reports of students in the control group (in magnitudes of 0.19 and
0.14 standard deviations respectively). Similar effects are found using teachers’ reports. Students
randomly assigned to participate in the ASP reduced both their bad behavior at school by 0.17
standard deviations and their probability of having a misbehavior report by 6.4 percentage points.32
Although my two sets of measures are not completely comparable, results from both are consistent
with an increase in participants’ willingness to reduce their bad behavior and tendencies to violence.

Combining these two stands of results, the effects I find from the intervention are similar to those
previously found in the literature. For example, Durlak et al. (2010) find a reduction in criminal

behavior by 0.19-0.30 standard deviations in a meta analysis of ASP implemented in the U.S.

38Differences in number of observations in non-cognitive outcomes is because of variation in the response rate
for each outcome. I estimated these results using the smallest sample (836 observations), and there are not any
differences in the results.
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Similarly, Heller et al. (2017) find that the program Becoming a Man (BAM) for youth in Chicago
reduced violent-crime arrests, improved school engagement and increased graduation rates.

Despite that ASP activities are not directly related to academic outcomes, there is a positive
correlation between academic results and social skills. For example, as students acquire life skills
and learn better behaviors, they may be less disruptive during their classes, facilitating the learning
process. In this sense, it might be expected that their grades improve.

ITT results of the intervention on academic outcomes are presented in Panel B in Table 2
(columns 1 - 4). Grades have been standardized at the course-school level. At the end of the
academic year, the ASP has a positive effect on math and science grades, with a magnitude of 0.11
and 0.13 standard deviations respectively (intensive margin).

Using the data on grades, I can also assess the effect on the extensive margin, i.e. on the
probability of passing each course. Exploiting the fact that the minimum grade to pass a course
in El Salvador is 5, I create a dummy that indicates if the children’s score is above that value for
each course. I find that the intervention increases the probability of passing reading and science
courses and reduces the probability of failing any of the three courses - a proxy for grade repetition
- by 2.8 percentage points (Panel B column 8). This last effect is small in absolute terms, though
represents a reduction of 42% compared to the control group mean.3?

Since this is a low-intermediately intensive ASP, the effects on academic outcomes are in-between
high- and low-intensive programs. Durlak et al. (2010) find that, on average, ASP in the U.S. have
a positive impact of 0.12 standard deviations on school grades. However, Shulruf (2010) concludes
that extra curricular activities with a duration of three hours per session, five times per week -i.e.
high-intensive programs-, have an average effect of 0.30 standard deviations on math and science
grades. Moreover, Cook et al. (2015) find between 0.19 - 0.311 standard deviations for math scores

in an intervention that provides individualized academic instruction.

[Insert Table 2 here]

B. Heterogeneity of the Intervention by baseline Violence

Table 3 summarizes the estimated effects from specification (2) for attitudes towards school and
learning, violence, and bad behavior at school (Panel A), and academic outcomes (Panel B). Coef-

ficients in row [i] in each panel show the ASP’s effects on low-violence treated students compared

39 Alternatively, I estimate the effects of the ASP on the relevant outcomes controlling by a second order poly-
nomial of students’ bad behavior at school using teachers reports. The estimated effects using this alternative
specification are similar in magnitude and sign than those presented in Table 2. This result strengthens the ar-
gument that the predicted propensity for violence indeed measures students behavior. Results are presented in
Appendix Table A9
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to low-violence children in the control group, coefficients in row [ii] show the differences in effects
between high-violence treated students and similar children in the control group, and coefficients in
row [iii] point to the difference in effects between high- and low-violence treated students. Row [iv]
indicates p-values of the test for difference in effects between high- and low-violent treated students.

Estimations from the comparison between high-violent students in treatment and control groups
allow me to conclude that the ASP successfully modified attitudes, behaviors, and academic out-
comes of students with a greater propensity for violence, as shown in Panel A row [ii]. Additionally,
as we can see from row [iii] column (4), high-violence participants are two times less likely to be ab-
sent at school after the intervention than the low-violence treated students. There are no statistical
differences in the rest of attitudes towards learning between both groups of treated students.

Moreover, estimations of differences in violence and misbehavior show that both groups are
reducing these conducts by a similar magnitude, except in the intensive margin of bad behavior at
the school - reported by teachers - where the reduction is greater for low-violence students.

On academic outcomes, as we can see in panel B, results on the intensive margin of school
grades indicate that high-violent students are also driving these academic results. Row [iii] shows
that differences between high- and low-violence treated students’ grades are between 0.19 - 0.24
standard deviations. Although there are no statistically significant differences on the extensive
margin between both groups, a notable result from row [ii] column (9) in panel B is that the
total effect on the probability of failing at least one course (a proxy of course repetition) for high-
violence treated students is a reduction by 4.8 points, which accounts for approximately 70% of
average course repetition difference from the C group.

Further heterogeneous effects by initial level of violence are depicted in Appendix Figure Al.
The graph shows the estimations of a local polynomial fit of standardized end line score grades
by predicted IVV for T and C groups. There are statistical differences between both groups for
students in the 55th to 95th percentiles in the IVV distribution.

To sum up, the second novel result from this experiment is that the most vulnerable students
seem to be the main winners from the intervention, showing higher effects on both attitudes and
school grades compared to the outcomes of both highly violent students in the control group and

low violent treated students.

[Insert Table 3 here]
As I do not find statistically significant correlation between students’ school grades and their
propensity for violence at baseline, it indicates that more violent students from my sample are not

necessarily those with lower academic attainment. Taking advantage of this result and to contribute
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to the existing evidence of ASP’s heterogeneous effects by initial academic performance (Marshall
et al., 1997; Durlak et al., 2010), I also estimate differences in the effects by students’ school grades
at baseline. I find that the ASP is not only benefiting students with a greater propensity for violence,
but also those who have lower academic grades before the intervention. Particularly, low-performers
treated children at baseline face a greater effect on school absenteeism and on the extensive margin
of academic grades after the intervention, compared to initially high-performers treated children.

These results are available in Appendix Table A10.4°

4.2 Peer Effects

The second part of this paper provides evidence of peer effects in an ASP. I can draw three main
conclusions from it. First, the intervention has positive spillover effects on non-enrolled’s academic
and bad behavior outcomes. Second, mixing students by their initial propensity for violence gener-
ates better average effects than segregating them. Finally, tracking has detrimental effects for the

marginal and most vulnerable students.

A. Effects on non-enrolled children: Spillovers

Using the sample of non-enrolled children, I estimate specification (3) to measure how being exposed
to a higher share of treated classmates affects academic and behavioral outcomes of the non-enrolled
students. This model controls by the proportion of enrolled children and includes school fixed effects.
Since I rely only on administrative data of non-enrolled students, spillover results are limited to
school grades and behavior reports.

Table 4 shows the results of spillovers estimates. I find evidence that the interaction of students
with a higher share of ASP participants generates positive effects on their reading, math and science
grades, and reduces their bad behavior at school. Estimations indicate that adding 2 treated
students in a classroom of 26 (almost a 1 standard deviation increase in treated students) increases
academic achievement on up to 0.062 standard deviations, (for example, on math grades: 2/26 x
0.008 = 0.062), and reduces bad behavior reports by 0.084 standard deviations (2/26 x 0.011).%1

40 Appendix Table A1l also shows estimations of heterogeneous effects by gender. On non-cognitive outcomes, I
find greater effects on absenteeism for boys compared to girls (a reduction of 2.1 days). Additionally, the effects on
the extensive margin of school grades are greater for treated boys on math grades and score, compared to treated
girls. However, as explained before, in Appendix 3 Table A12 I provide evidence of how these heterogeneous effects
are mostly caused by differences in propensity for violence at baseline, ruling out the only-gender heterogeneous
effect.

41 After adding individual controls, estimated coefficients are similar in magnitude and statistical significance,
except for bad behavior reports which are no longer statistically significant due to the increase in the standard er-
rors. Despite this, the sign of the effect of is negative, indicating that a higher share of treated classmates reduces
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These results are similar to some evidence previously found in the literature. For example,
Carrel and Hoekstra (2010) use the share of classmates coming from troubled families (i.e. share of
children exposed to domestic violence) to measure its effect on grades and classroom misbehavior.
They find that making 5% of a class troubled students (1 standard deviation) significantly decreases
reading and math test scores by 0.69 percentile points, and increases misbehavior in the classroom
by 0.09 more infractions.

To sum up, the spillover results shown in Table 4 give rise to two findings. First, these positive
spillovers on non-enrolled students indicate that the ASP’s direct effects described previously are
the lower bounds of the total effect of the intervention in the context of these highly violent schools.
Second, combining the results of this paper with those from Carrel and Hoekstra (2010), I can con-
clude that it is possible to outweigh the negative effects of misbehaving children, by incorporating
students with positive behavior to their classrooms. This novel result contributes to the evidence

of optimal class design (Krueger, 2003; Lazear, 2001).

[Insert Table 4 here]

It is also noteworthy to study additional characteristics of these spillover effects. For example,
it may exist a combination of shares of high and low violence treated children that maximized
the aggregated effect. Additionally, the intensity of these spillovers may change due to the level
of exposure - in terms of time length - of non-enrolled children to treated participants.*?> Finally,
spillover effects may be different by misbehavior closeness of non-enrolled with treated students.
Since the ASP effects are different by initial propensity for violence of treated participants, there
may also exist heterogeneity in the spillover effects by initial non-enrolled students’ misbehavior at
school. I provide evidence addressing these additional questions in Appendix 4, and present the
implications of the results in the discussion section.

To sum up the results, first I test for differences in effects of the shares of treated students,
disaggregated by their initial propensity for violence (i.e. shares of treated students with high and
low propensity) on non-enrolled students’ outcomes. I find that even though the differences in the
effects are not statistically different from zero, due to an increase in the standard errors, estimations
indicate that spillover effects on academic outcomes may be driven by the share of treated students

with low level of violence. However, the reduction in misbehavior at school may be caused mainly

the effect on bad behavior reports, providing additional evidence of reduction in the formation of violence networks
or disruption during classes.

42For example, non-enrolled children usually spend more time with students of their own classroom compared
to treated students from other classrooms.
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by the share of treated students with high propensity for violence. These results are summarized
in table A13 in the Appendix.

Second, as I show in table A14, regarding intensity of exposure to treated students, I find
that spillovers on non-enrolled student’s academic outcomes are lead only by the share of treated
students from her own classroom. Nevertheless, a novel result here is that the effect on bad behavior
at school is caused by both the share of treated from their own classroom and from one course lower.

Finally, in terms of closeness on misbehavior of non-enrolled children with treated students, I
find that the effects are greater for students whose bad behavior at school is between 1 and two
standard deviations away from the mean of misbehavior of the share of treated students from her
classroom. Particularly, the effects of this medium closeness is greater on bad behavior reports.
Thus, this result highlights that only certain level of similarity to treated students can have positive

spillover effects. All the estimations are presented in table A15.

B. Group composition average effect

Table 5 shows estimations of group composition using specifications (4) and (5). First, from the
comparison between HT and HM groups drawn from the equation (4), I find that students assigned
to homogeneous groups show a reduction by 0.16 standard deviations on average positive attitudes
towards school, compared to students assigned to heterogeneous groups (column 1, Panel A, Table
5). They also increase their probability of having a bad behavior report at school by 5.5 percentage
points (column 9, Panel A, Table 5). Finally, I do not find statistical differences between both
treatments in the rest of non-cognitive and academic outcomes.

These results are consistent with the rainbow peer effects model (Hoxby and Weingarth, 2005),
which suggests that all students are best off when they deal with a diverse group of classmates.
Additionally, these results are suggestive evidence that treating students in violence-diverse groups
reduces the probability of creating networks of violent children (Billings et al., 2016).

Since two very different subgroups - regarding violence - constitute the HM group, this design
allows me to explore further differences in group composition comparing each HM subgroup with
the HT group using specification (5). These results are also reported in Table 5. First, perhaps
surprisingly, I find that HM-Low is driving the negative effect of group composition on attitudes
towards school and learning. Compared with the HT group, students in the HM-Low face a reduc-
tion in their positive attitudes by 0.22 standard deviations (Panel A, column (1)) and report paying
less attention in classes by 0.08 percentage points (Panel A, column (3)). This unexpected result
is related to Hoxby and Weingarth (2005) invidious comparison peer effects model, which applied

to this context implies that the exposure to only less violent - or well behave - students depresses
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the average performance of the group.

The second relevant result in this stand is that the probability of having bad behavior reports
is greater for high violence students when they are segregated by 0.09 percentage points, as shown
in Panel A, column (9). Thus, selecting and treating together only high violence students for these
programs can generate an unintended effect from the intervention. This result sheds light on that
solely teaching socio-emotional skills may be not enough to reduce misbehavior or violence of highly
violent students, but it seem to be also relevant that they also interact with - and probably learn
good behaviors from - low violence students.

So far, results indicate that integration is better along the IVV distribution on attitudes towards
school and learning and violence. Moreover, as shown in Panel B of Table 5, diversity regarding
violence generates better results on academic outcomes for students with a high propensity for
violence. The only instance where segregation seems to be better than integration is for students
who are less susceptible to violence on academic outcomes. As I argue in the discussion, this last
result can be driven mainly by the content of the clubs’ curricula. According to ASP structure, it
is plausible that more time was employed for the club’s curricula in less violent HM groups, and

therefore the reinforcement of “academic” content was greater here.

[Insert Table 5 here]

The pattern of results of heterogeneous effects of group composition at a finer level (quartiles)
of student’s initial propensity for violence suggests that students in both tails of the baseline IVV
distribution (quartiles 4 and 1) are the most sensible to group composition, and therefore are driving
the results on non-cognitive outcomes.

In appendix 5, I present details of the specifications and results. Main estimations are summa-
rized in table A16. Under integration, the reduction on misbehavior at school is greater for the most
violent students (Q4) and the effects on positive attitudes towards school and learning are greater
for the least violent students (Q1). Additionally, students in Q4 of the IVV distribution function are
better off on academic outcomes when they are treated in violence-diverse groups. This last result
is also confirmed using a more flexible estimation of differences in the group composition effect at
different levels of the initial IVV distribution, as we can see in Appendix Figure A2. The differences
are greater for students in the last tail of the IVV distribution (greater than 75th percentile).

Finally, since participants were randomly allocated to a group in the ASP, there is some variation
in the group composition which stem from the fact that being assigned to HM vs HT directly

affects the mean and variance of one’s peers. Following Lafortune et al. (2016), the identification
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assumption is that after controlling for strata fixed effects, the variance and mean IVV of peer
stems entirely from the random assignment. Details of the estimation and summary of results are
presented in appendix 6 and table A17.

These results reinforce the previous findings using direct variation of the experiment. First,
higher average clubmates’ IVV negatively affects some attitudes towards school and learning and
academic grades. Second, being exposed to a more violence diverse group of clubmates improves

most academic outcomes, positive attitudes towards school and time employed to do homework.

C. Effects of tracking on the marginal student

An additional piece of evidence that can be obtained from this experiment is the effect of tracking for
students in the middle of the distribution. To directly measure the effects of tracking, I can compare
the two homogeneous subgroups using specification (6). This equation allows me to identify if there
are differences of being assigned to a group of homogeneous peers with higher propensity towards
violence.

The estimations of the effects of tracking on marginal students are summarized in Table 6. First,
I control with a flexible second order polynomial of a student’s percentile in the IVV distribution
within the homogeneous group at each stratum. As shown in Panel A, I find that assigning a
marginal student to a group of peers with higher propensity for violence increases her self-report
of violent actions by 0.18 standard deviations. I do not find an effect on the rest of non-cognitive
outcomes due to the increase in standard errors. However, despite this absence of statistical signif-
icance, the signs of coefficients of these self-reported measures of attitudes are negative and those
of violence (self and teacher’s reports) and absenteeism are positive, highlighting the unintended
effects of the intervention for the marginal participants.

Effects of tracking on academic outcomes for marginal students are also negative. As we can
see in Panel B, being assigned to a high violence group has a detrimental effect on both extensive
and intensive margins on math grades (0.156 standard deviations and 0.074 percentage points
respectively) and increases the probability of failing any of the three courses by 0.048 points. As
before, there is an increase in standard errors, and some coefficients are not statistically significant,
but their signs suggest a negative effect.

Finally, following Duflo et al. (2011), I run specification (6) but restricting the sample to the
eight students around the IVV median within each stratum. Results are also reported in Table 6.
Reducing the sample allows me to focus on the most similar students before the intervention. The
downside is that it increases standard errors of the estimations, reducing statistical significance.

However, the results support previous conclusions, showing that tracking generates unintended
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effects on marginal students, worsening their attitudes towards school and learning and increasing
their bad behavior and violent actions.

In summary, the marginal student is negatively affected by being assigned to a more violent
group. This is consistent with the existing evidence of endogenous formation of groups of badly
behaved students when they are segregated. They seem to engage as a group member, following
the group social norm of violence and negative attitudes, and indirectly impacting their academic

performance.

[Insert Table 6 here]

5. Discussion

Despite the intensity and high costs of youth violence (WHO, 2015) and the recent increase in the
number of ASP implemented in low- and middle-income countries, there is little rigorous evidence
that measures the impact of these interventions on either academic or non-cognitive outcomes.

Most of the existing experimental evidence from youth interventions for developed countries
supports the argument that the involvement in programs oriented to reduce participants’ risky
conducts, generates positive effects on both academic performance and behaviors (Heller et al.,
2017; Blattman et al., 2015; Kremer et al., 2015; Durlak et al., 2010; Cook et al., 2015). A strand of
this literature has focused on measuring heterogeneous effects by gender, academic attainment, and
income. However, if interventions aim to reduce violent behaviors within schools and to enhance life
skills, this strategy does not help to explain differential impact by violence or whether the program
is indirectly affecting other children with whom the treated students interact.*?

Furthermore, it is also important to study how ASP’s group composition can improve the
results. The existing evidence on this matter is mixed** and mostly related to other contexts,
such as educational settings (Duflo et al., 2011), female labor training (Lafortune et al., 2016) and
first-year students at the United States Air Force Academy (Carrell et al., 2013).

43In many developing countries, violent children are more likely to drop out of school to enroll in an outside
option like the formal or informal job market, migration, or criminal organizations. This is certainly the case in El
Salvador where, despite the implementation of some macro measures to reduce crime and violence nationally, there
is no rigorous evidence of programs providing protection or surveillance to students who usually engage in criminal
organizations such as gangs (MINED, 2015).

4430ome papers find that participating in groups with more similar peers generates greater effects due to ho-
mophile preferences or curriculum adaptation (Girard et al., 2015; Goethals, 2001; Duflo et al., 2011). However,
most of the evidence finds that being involved in diverse groups generates greater impact due to positive peer ef-
fects (Zimmerman, 2003; Angrist and Lang, 2004; Lafortune et al., 2016; Griffith and Rask, 2014; Rao, 2015; Ore-
opoulos et al., 2017; Dobbie and Fryer Jr, 2014).
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To my knowledge, this paper provides the first experimental evaluation of the direct impact
and group composition effects of an ASP implemented in a developing and highly violent country.
My research experimentally manipulates the participation of 1056 students in an ASP implemented
in five public schools in El Salvador. I additionally manipulated whether students participated in
the ASP in homogeneous or heterogeneous groups according to their initial predicted propensity
for violence. My analysis focuses on studying whether the participation in the program generates
direct and indirect effects on academic, violence and behavioral outcomes, changes students’ efforts

at school, and if the group composition is relevant to affect these key results.

Overall effects of the ASP and related interventions

The first remarkable result is that this low-intensive ASP is effective in the context of a developing
and highly violent country. I find that the random assignment to the intervention successfully mod-
ified children’s attitudes towards school and learning, and their misbehavior at school.*> Addition-
ally, the magnitude of the effects of this low-intensive intervention on non-cognitive and academic
outcomes are between those found by Durlak et al. (2010) from average ASP, and those found by
Heller et al. (2017); Blattman et al. (2015); Cook et al. (2015) from high- and middle-intensive
programs implemented in the U.S.46

It is important to highlight that the frame and structure of some activities implemented during
the ASP are closer to those from a Cognitive Behavioral Therapy (CBT) intervention.*” For this
reason the results of the ASP are lower that those found in CBT studies, but in the same direction.
This recent literature on CBT includes studies of the therapy effects on youths’ and adults’ crime
and violence patterns, such as the studies of Heller et al. (2017) in Chicago and Blattman et al.
(2015) in Liberia. Overall, these papers find that CBT is a cost-effective approach to reduce criminal
behavior among high-risk young men in cities across diverse contexts. Particularly, effects on BAM
participants were a decrease on their arrests per students by 12% and on the number of violent

crime arrests by 20%. Additionally, they improved by 0.10-0.19 standard deviations on their school

45The existence of such impacts from the ASP is not surprising to the extent that the neuroscience literature
suggests that it is possible to affect non-cognitive skills during adolescence. Existing literature suggests that non-
cognitive investments during adolescence can have a positive impact on the development of non-cognitive skills,
such as behavior. In addition, studies suggests that these programs are more effective among students who are still
enrolled in secondary schools (Heckman and Kautz, 2012; Cunha et al., 2010).

46Specifically, Durlak et al. (2010) finds an increase by 0.12 and 0.14 standard deviations on school grades and
school bonding respectively in a meta-analysis of ASP in the U.S. Meanwhile, Cook et al. (2015) reports on a
school-based intervention that provides disadvantaged youth with intensive individualized academic instruction,
and find an increase of math grades by 0.19-0.31 standard deviations and on expected graduation rates by 46%.

47TFor example, similar to “The Fist” activity in the Becoming a Man program (BAM), the ASP included ses-
sions in which students were asked how they would retrieve a ball from a clubmate. Some of them automatically
reply that they would hit either the ball or the classmate. Then the tutor discuss with them additional ways of
getting the ball, such as negotiation or just asking for it.
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engagement index of enrollment, attendance and GPA, and where more likely to graduate from
school.

However, CBT may not have full applicability in a context like public schools in El Salvador, as
I briefly explained before. First, it may be more effective in a setting where there are no gangs or
other forms of organized crime, since it works better against disorganized and impulsive violence
(Blattman et al., 2015). Second, participation in gangs in Central America starts during childhood
or adolescence, around ten years of age (Rivera, 2013). Thus, the CBT structure may be unattrac-
tive at this age. In that sense, combining it with additional activities, such as experiments, artistic
performances, sports, and others, may be more attractive to guarantee children’s and adolescents’
enrollment. Thus, my results contribute to this strand of literature providing evidence of alterna-
tive or “mixed” interventions that can work in this highly violent contexts, with greater effects on

highly violent children and adolescents.

Heterogeneous effects: No children left behind!

An additional novel result is that participants with a greater propensity for violence are more likely
to increase their academic achievement and reduce their school absenteeism, compared to the less
violent group. These results are compatible with existing evidence that these interventions usually
have a greater effect for the most disadvantaged children (Marshall et al., 1997; Durlak et al., 2010).

Despite the greater improvement on those outcomes of highly violent students, I find that
although both treated groups reduced their bad behavior scores relative to the control group, the
reduction on misbehavior at school was actually greater for the less violent group of treated students
compared to the group of high violence.

Students’ violence trends might help to explain this second heterogeneous result. First, it is
possible that bad behavior is harder to modify, particularly for those used to acting in that way.
From a neurophysiological perspective, Lewis et al. (1979) find that more violent individuals may
have greater brain-damage, therefore reducing their tendency to violence can be harder. A second
interpretation is related to Akerlof and Kranton (2002)’s ideal student theory. They state that
teachers and coaches award or disapprove students according to a “school’s ideal student”. In
this sense, teachers may have already tagged students by their initial violence level and, despite
observing a reduction in their bad behavior, they report that this decrease is greater for those that
already been seen as the ideal low-violence student. In any case, the take-away conclusion from
heterogeneous effects estimations is that the intervention is benefiting both tails of the propensity

for violence distribution function, on different sets of outcomes.
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How being less violent makes me good at math?

Results of the paper also finds a positive effect on both the intensive and extensive margin of
students’ academic outcomes. This raises the question - how an intervention that only teaches life
skills indirectly affect grades? There can be at least three channels.

First, the ASP can can modify students’ classroom misconduct, reducing disruptions that affect
their own or classmates’ learning. For example, correlational evidence indicates that children who
participate in ASP tend to exhibit better behavior in school and therefore have higher academic
achievement (Scott-Little et al., 2002; Durlak et al., 2010). Moreover, Mahoney et al. (2010) and
Cassel et al. (2000) posit that extracurricular involvement helps to dissuade students from becoming
involved with delinquency and crime.

Second, a large body of theoretical and empirical evidence in economics and psychology (Borghans
et al., 2008; Cunha and Heckman, 2008; Dodge et al., 1990; Heckman et al., 2006; Moffitt et al.,
2011) shows that cognitive skills or school outcomes are defined by non-cognitive skills, such as
future orientation and attitudes towards school. Finally, since there are clubs with school content
in this setting, the intervention can be reinforcing academic curricula, thus improving directly stu-
dents’ grades. Nevertheless, as I will discuss later, this last channel operates conditionally on group

composition.

Learning versus protection mechanisms

There are at least two mechanisms through this ASP may have changed behavioral outcomes. First,
students may have learned social skills and conflict management directly from the clubs’ curricula,
through their interaction with other children, or from both. I call this the learning mechanism.
Second, children may have reduced their violent behaviors because ASP protects them during a
time when they might be left alone and exposed to external risks (Gottfredson et al., 2004; Jacob
and Lefgren, 2003; Newman et al., 2000). This will be the protection mechanism. Although this
experimental design does not allow me to perfectly disentangle between both mechanisms, I find
suggestive evidence that students are indeed learning social skills, and therefore the first mechanism
is more likely to be driving the effects.

First, I exploit the availability of baseline data on adult supervision after school hours to test
for differences between both mechanisms.*® The assumption is that treated students who reported
being without adult supervision after school receive both effects from the intervention, and that

the effects for students who are with an adult after school time are caused only by the learning

48 As only 5% of the sample reported being without adult supervision, I face power issues. Even though, signs of
the estimations provide suggestive evidence that allows me to disentangle both mechanisms.
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mechanism. Then, I included in specification (1) an interaction between the treatment variable and
a dummy of being alone after school hours.

Estimations are exhibited in Table A18 in the appendix. Row [i] presents the learning mechanism
effects alone, row [ii] includes both effects and row [iii] shows the protection effect alone. Estimated
coefficients indicate that most of the effects are mainly related to the learning mechanism, on
both cognitive and non-cognitive outcomes. An interesting result drawn from row [iii] is that only
protecting children may have an unintended effect compared to teaching them life skills. As we can
see in columns (6) and (7), the net effect of protection alone increases violence index and approval
of peer’s antisocial behavior. To sum up, these results shed light on that the main mechanism of
the intervention is social skills learning.*”

As an additional attempt to study the protection mechanism, I use students’ self-report of
exposure to crimes, either as victims or as witnesses, and their awareness of risk within their
communities or at home.?® The assumption here is that if the protection channel is operating,
they may perceive changes on their vulnerability to risky environments. I do not find statistically
significant effects on most of those outcomes, except an increase on children’s awareness of risk at
their communities, which can be also interpreted as an skill developed through the learning channel.

These results are available upon request.”?

Better together. Group composition effects

To my knowledge, this is the first paper that provides experimental evidence of group composition
regarding violence within an ASP setting. Using the direct source of variation yielded by this
experimental design, I find evidence that an average student is better off in a more diverse ASP
group than in a segregated one. Specifically, mixing is better for non-cognitive outcomes regardless
of the student’s initial violence level. However, regarding academic grades, mixing is still better for
the high-violence group, but segregation generates greater effects for the less violent children.
These results are consistent with a body of micro-level evidence, such as papers on random
assignment of freshmen or students (Thiemann, 2013); on elite exam schools (Abdulkadiroglu et al.,

2014; Dobbie and Fryer Jr, 2014; Lucas and Mbiti, 2014) and programs for gifted individuals (Bui

497 also find that effects are greater when I estimate them using only the sample of students who participated
in at least one session. These results are exhibit in table A19 in the appendix and shed light on how the effective
participation strengthens the impact from both mechanisms.

50These last estimations are only an approximation, and we should be cautious in their interpretation because
the question asked about crimes witnessed or experienced after school hours, which is usually from 12.30 - 2 pm.
However most crimes in El Salvador occur after 5 pm.

51To provide further evidence to disentangle these channels, I am trying to collect information on completion
of social skills curricula. The assumption here is that clubs that completed their curricula have both protection
and learning channels, and for those who only partially completed the curricula, it only has a protective effect but
differences in skills learning, at least from curricula.
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et al., 2014). Additional evidence on academic and labor contexts is presented by Hoxby (2000);
Zimmerman (2003); Angrist and Lang (2004); Rao (2015); Griffith and Rask (2014); Lafortune et al.
(2016); Chetty et al. (2016); Oreopoulos et al. (2017). Overall, these papers find positive impacts of
being exposed to a very different set of peers. They argue that the integration effects occur due to
the interaction between different individuals within groups, supporting the rainbow model of peer
effects (Hoxby and Weingarth, 2005).

Particularly, as I briefly explained before, my results are mostly related to those from Rao (2015),
who provides the first evidence of how changes on peers composition at school can shape a stu-
dent’s social preferences, through an improvement on her generosity, prosocial behavior and equity.
My paper contributes to these results providing additional experimental evidence that is partic-
ularly relevant for the developing world. I test how the exposure to diversity regarding violence
impacts positively additional non-cognitive outcomes, such as violence, approval of peers’ antisocial
behavior, misbehavior and attitudes towards school and learning. An additional outstanding char-
acteristic in Rao (2015) is that he uses well constructed measures of social preferences. In my paper,
I collected measures of non-cognitive outcomes from students’ self-reports and administrative data
provided by schools. These two sources of information allow me to contrast and validate the results.

Additional evidence that can be drawn from my experimental design are the tracking effects
for marginal individuals.’? Restricting the analysis to the homogeneous group, I find that students
with the same level of violence at baseline seem to be “contaminated” by the predominant level of
violence of the group to which they have been assigned.

In contrast to some theoretical and empirical pro-tracking papers (Lazear, 2001; Duflo et al.,
2011; Cortes and Goodman, 2014; Girard et al., 2015), my results indicate that the training can
have unintended effects on academic and non-cognitive outcomes when it is targeted at only the
most violent students. This result reinforces the main conclusion of the paper of the benefits of
diversity regarding violence, since it allows high violence students to be exposed to less violent

children and learn social skills and good behaviors from them.

Why does integration generate better results?

In this subsection, I provide suggestive evidence to understand how these group composition impacts
on average and marginal students may have operated. 1 start exploring peer effects in social

skills learning. Students in heterogeneous groups are benefiting from being exposed to both “good

52For example, an individual at the median in the violence distribution who is assigned to a high violence group
can be either contaminated by her peers and increase her violence level; or, according to the invidious comparison
model, she can become less violent because she does not want to be like her fellow group members (Hoxby and
Weingarth, 2005)
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behaviors” that they should follow and “misbehaviors” that they must avoid, as predicted by the
rainbow peer effects model (Hoxby and Weingarth, 2005). However, students in a homogeneous
group are losing the opportunity to learn from behaviors of the other tail of the violence distribution
function.

A second channel that could explain the results is that diversity is the social norm in the
scenarios -particularly at public schools- where students usually perform, making them feel more
comfortable as it is the setting with which they are familiar. In this sense, one can assume that
students in heterogeneous groups may have attended more sessions than those in homogeneous
groups. I test for differences in attendance to the ASP between each HM group compared to the
HT group and present the results in table A20 in the Appendix. Due to an increase in the standard
errors, I find a small but not significant reduction on clubs attendance by both HM groups. Despite
this lack of statistical significance, this result sheds light on preferences for diversity.

To provide further evidence to support the preference for diversity mechanism, I use data from
spillovers and find different effects regarding proximity to misbehavior between non-enrolled and
treated students. The results are higher for students whose bad behavior at school is in between 1
and two standard deviations from the average misconduct of treated students from her classroom.
Notably, the effects of this intermediate proximity are more significant on bad behavior reports.??

The last mechanism that may drive the group composition results is that tracking can strengthen
the possibility of creating violence networks, which has been previously analyzed in the literature
(Billings et al., 2016; Bayer et al., 2009). Implementing interventions while keeping high or low
violent students together can generate unintended effects on both groups, particularly for the most
violent children. These results also match those of Pekkarinen et al. (2009), who find benefits of

ending school tracking in Finland on the performance of students from lower ability backgrounds.

Explaining the puzzle from the less violent children’s outcomes

It is puzzling that the effects on academic outcomes for low-violence students are greater under
tracking even when mixing improves their attitudes towards school and learning. One explanation
is that the time dedicated on each part of the session was conditional on the group composition. For
instance, tutors in Low-HM clubs may have had to use less time on social skills training than on the
particular club’s curriculum, compared to the High-HM or HT groups. Thus, it may be expected

that Low-HM clubs with academic curricula are driving the improved academic results compared

53Further evidence to support the preference for diversity mechanism is the intensity of treatment by exposure.
The assumption here is that if children have preferences for diversity, then the effects of the intervention should
be lower when they are exposed to a higher share of clubmates who are also their classmates. I interact the treat-
ment with the share of clubmates that are also classmates and could not find differential effects on non-cognitive
outcomes. These results are presented in table A21 in the appendix.
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to the HT clubs. I test this channel by including in the specification (3) an interaction between
each HM treatment and a dummy for academic clubs on academic outcomes. I find that in the
comparison of Low-HM and HT groups, the effects on academic outcomes are driven by students

enrolled clubs focusing on academic topics. Results are shown in table A22 in the appendix.

6. Conclusions

This paper provides experimental evidence of direct effects and spillovers of an ASP on participants’
academic outcomes, behavior, and violence level. The intervention was implemented in schools
located in highly violent communities in a developing country, El Salvador. I contribute to the
literature by showing that even these low-intensive interventions have important effects on cognitive
and non-cognitive outcomes, particularly for the most vulnerable students, those with a higher initial
level of violence or with lower initial academic achievement. Then by exploiting three exogenous
variations yielded by the experimental design, I provide evidence that the ASP’s group composition
has differential impact on both types of outcomes. Specifically, students assigned to more diverse
groups regarding initial violence level have better results, while treating high violent students alone
generates unintended, adverse effects.

In the first part of the paper, I find positive ITT effects from the intervention on most of
the academic outcomes; treated participants have higher math and science grades and a greater
probability of passing reading, compared to the control group. Concerning non-cognitive results, I
test two groups of outcomes that could work as plausible mechanisms behind the effects on grades.
First, due to the intervention, students might have better attitudes towards school and learning and
therefore increase their grades. Second, participants might be less violent and have better behavior
in schools. I find that treated students have better attitudes towards school, report spending
more time on homework and are less likely to be absent by 1,6 days. Regarding violence, when
comparing between treated and control groups, the former self-reports a greater reduction in violent
and criminal activities and aversion to attitudes to antisocial behaviors. Comparing these results
with teachers’ behavior reports, I find similar results; treated students reduce their probability of
having reports of bad behavior.

The effects of group composition are assessed in the second part of the paper. First, by exploit-
ing the direct variation from the experimental design, I find that - regarding academic outcomes -
tracking benefits only low violence students and worsens these results for the high violence students
when both are compared to the heterogeneous group. Additionally, concerning behavior and vio-

lence, tracking generates adverse effects for low violence students and increases the probability of
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bad behavior reports for ex-ante high violent students. These results are confirmed using the exoge-
nous variation in the peer’s composition. I find that there are positive academic and non-cognitive
effects of being treated in more diverse groups concerning levels of violence than in less diverse ones.
Additionally, for those students with an initial violence level around the median, being assigned to
clubs with similarly high violent peers generates negative effects on both groups of outcomes.

These results have implications for public policy discussions on interventions oriented to improve
academic outcomes and reduce violence within schools. First, participating in an ASP, where
students learn about life skills and conflict management, has benefits both regarding academic and
non-cognitive outcomes, mainly benefiting the most vulnerable students. Additionally, increasing
adult supervision of students for some hours during the week reduces their exposure to risk and,
particularly for boys at this age, may reduce their probability of being recruited by gangs (Cruz,
2007; Aguilar and Carranza, 2008; Aguilar, 2006). Furthermore, this paper provides a first step
in understanding the relevance of group composition in an ASP, showing that within this context,
peer effects are an important mechanism that can improve the relevant outcomes, motivating special
attention to the implementation of these interventions in heterogeneous groups.

Since the intervention keeps students away from potential risk contexts for some hours and
under supervision, and since during this time they also learn some life skills, the positive effects
can be caused either because they are learning these skills in the program or because they are less
involved with bad peers outside of school. I provide suggestive evidence that the life skills learning
mechanism is driving the results. However, further rigorous research on these two channels is still
necessary and would have significant implications for the design of this programs.

Another question for further research is if these results will persist over time. Due to this NGO’s
donors, a requirement for financing the impact evaluation was that students in the control group
must be allowed to participate in the intervention the following year. This will make difficult to
measure the ASP’s long term effect.

Finally, in the literature of interventions aimed at reducing crime and violence, one important
aspect of these programs is the developing of new and more healthy social ties, fostering a sense
of belonging for participants that positive influences identity (Heller et al., 2017). In this aspect,
there is still lack of evidence of how this intervention can be improved if students participate in the

program within their closer network, exploiting their preferences for similar peers.
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TABLE 4. ASP SPILLOVERS. EFFECTS ON NON-ENROLLED STUDENTS.
(1) (2) 3) (4) (5)

Grades Behavior

Reading Math Science  Score relzf))rts
[i] Proportion of club participants within ~ 0.007**  0.008***  0.006** 0.007*** -0.011%*
student’s n classroom (coefficient) (0.003)  (0.003) (0.003)  (0.002) (0.006)
[ii] Spillover effect of adding 2/26 treated  0.054 0.062 0.046 0.054 -0.085
students (1 sd)
Observations 1357 1358 1357 1356 1194
Mean of non-enrolled 6.78 6.47 6.54 6.60 7.63
sd of non-enrolled 1.92 1.86 1.92 1.59 1.64

kKX X significant at 1%, 5% and 10 % respectively. Robust standard errors at course-school level are in parenthesis.
Outcome variables are standardized grades at school-grade level at follow-up. All regressions include as main control the
share of enrolled students from each course. Individual controls include imputed grades in the course at baseline and a
dummy indicating a missing value in the grade at baseline. Other individual controls are course and average course age.
Row [i] indicates the coefficients of specification (3). Row [ii] indicates the average effect of adding 2 treated students
in a classroom of 26 students (a standard deviation of treated students share) on non-enrolled academic grades and bad
behavior reports. Description of outcome variables is available in Appendix 1.
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Appendix
Appendix 1. Description of Outcome Variables.

Here is a discussion of the construction of the outcome variables used in the paper:

1. Positive attitudes towards school and learning is an index estimated using PCA with mean 0

and standard deviation 1.4. T used 5 items from the self-reported follow-up survey.

2. Time spent on homework was a self report from students. The question was: During the last
8 months, how much time did you spend to do your homework aside from the time you were

at school or in classes?

3. Pay attention in class was a self report from students. The question was: During the last 3

months, did you pay attention during classes?

4. Delinquent actions index is an standardized sum of self report crimes such as theft, mugging

someone, etc.

5. Violent actions index is the standardized sum of other violent acts such as fighting at school,

damage of municipal property, fight with siblings, etc.

6. Approval of peers’ antisocial behavior is a binary indicator that takes the value of 1 if students

approve some peer behavior such as alcohol and drugs consumption, fighting, etc.

7. Absenteeism is the number of days the student was not at school between April-October of

the 2016 academic year. Administrative data was provided by schools.

8. Drop-out is a binary indicator taking the value of 1 if the student has followed the formal
school process to abandon school. The Ministry of Education in El Salvador requires students
and their parents to show up to school and ask for student’s documents to declare that she is

no longer enrolled in that school.

9. Bad behavior reports. In El Salvador, these are reported by teachers each quarter. They
are presented on the following discrete scale: Excellent (E), Very Good (MB), Good (B), and
Regular (R). It can be translated in a continuous scale that is comparable to course grades. In
this paper, I used a reversed continuous scale to facilitate the interpretation and comparability

to the self-reported measures of violence and crime.
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Appendix 2. Heterogeneity of the ASP by baseline grades.

Since the intervention provides life skills training and promotes positive attitudes towards school
and learning, according to the NGO’s theory of change it may also improve children’s academic
attainment. As previous papers have shown (?), it is plausible that the ASP may be affecting
differently those students with low academic performance compared to the rest of their class.

The main concern in the estimation of heterogeneous effects by baseline academic performance
under this experiment design is that the differences can be caused mostly by children’s propensity
for violence than by their initial academic attainment. However, this is addressed since the predicted
IVV is not correlated with grades at the baseline (see Appendix Table AG).

Exploiting this lack of correlation in this data, I can assess the heterogeneous effects by initial
academic achievement. I include a dummy variable A;; that indicates whether the child was in the
bottom half of the baseline score! distribution in her course, and an interaction between it and the
treatment dummy. The resulting equation to identify potential differential effects of the treatment

is the following;:

Yij = 0o + 91Tij + 92Tij X Aij + 93Aij + 94X¢j + Sj + €5 (1)

the rest of variables are defined as before. Results are shown in Appendix table A10. As before,
Panel A shows violence and attitudes outcomes and Panel B shows academic performance results.
Row [i] in both panels shows the results for students with low academic performance before the
intervention and row [ii] shows the results for students with a score higher than the median within
her course.

I find that students with higher initial academic achievement reduce their absenteeism by 1.9
days more than students with high academic performance. There are no differences in the effects
on the rest of behavioral outcomes for either group. Regarding academic outcomes, results indicate
that the effects on the extensive margin are higher for those students in the bottom of the grade
distribution, including a reduction in the probability to failing any of the three main courses.

Combining these results with the heterogeneous effects results by initial IVV presented before,
I can conclude that the ASP is benefiting the most vulnerable children, which are those with either

higher propensity for violence or with lower academic performance.

[Insert Table A10 here]

IThis score is an average of the grades achieved by the student in her three main courses: math, reading and
science during the first quarter of the 2016 academic year, i.e. before the intervention.
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Appendix 3. Gender vs. propensity for violence heterogeneous effects.

Previous studies have found that after-school programs usually impact differently to boys and girls
(?). They regularly identify this difference by incorporating an interaction between gender and the
treatment dummy. However, in this study, it can not be done in that way since the estimation of
the IVV includes sex as a determinant. Thus, the difference in the effects among boys and girls may
be caused either by gender alone or by the combination of it and the rest of determinants included
in the IVV estimation.

Under this naive approach, I would estimate the following equation:

Yij = 0o + elTij + 92Tij X Gij + 93Gij + 94Xij + Sj + €5 (2)

where G; is a dummy that takes the value of 1 if the child is a boy. The coefficient of the interaction
term would indicate the difference in the effects of the ASP between boys and girls. Results of this
naive approach are presented in Appendix table A11. I find higher effects on absenteeism for boys
compared to girls (a reduction of 2.1 days of absenteeism). Additionally, the impact on the extensive
margin of school grades is more significant for treated boys on math and score, compared to treated

girls.
[Insert Table A1l here]

As we can see from the previous results, most of the differences by gender are found on the same
outcomes as the differences by initial propensity for violence. To verify which of the measures are

generating the differences, I use the following alternative specification:

Yij = 0o + 01 T;; + 02Ti5 < Gij + 03Ti; x IVVi; + 04 X5 + Sj + €5 (3)

where 65 indicates the difference of the ASP effects by gender (boys versus girls) and 63 shows the
difference of the impact by the propensity for violence (high versus low violent children). In the
control variables vector, I include gender, high-IVV dummies and a second order polynomial of
students’ percentile of initial IVV.

Appendix table A12 shows the results, separated in the two main panels. Rows [i] and [ii]
show the estimations of 5 and 03 respectively. Results reinforce the previous conclusion that the
heterogeneous effects on academic and non-cognitive outcomes reported in Table 3 are in fact driven
by students’ initial propensity for violence, except for absenteeism. Gender heterogeneous effects

are found only on attitudes towards school and learning outcomes.

[Insert Table A12 here]
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Appendix 4. Further analysis and evidence of spillover effects.

In this Appendix, I present further evidence of the characteristics of spillovers within the ASP. First,
in the primary analysis of the intervention impact, I find that students with a higher propensity
for violence benefit more from the program. However, the results of group composition effects
indicate that these gains of the high violent students are driven mainly because they are exposed
to a diversity of peers regarding violence. In this sense, treating both groups of students generates
the overall results.

To test if this also holds on the spillover estimations, I divide the share of treated students for

those with high and low propensity for violence. The estimation equation is as follows:

where ShH, and ShL, are the share of treated students with high and low IVV at the classroom
level, respectively and the rest of variables are defined as in specification (4).

Results are shown in appendix table A13. I find that even though the differences in the effects
after comparing shares of treated students with low and high level of violence are not statistically
different from zero, estimations indicate that spillover effects on academic outcomes may be driven
by the share of treated students with low level of violence. However, the reduction in misbehavior

at school is caused mainly by the share of treated students with high propensity for violence.

[Insert Table A13 here]

The second analysis I implemented was to test if the intensity of these spillovers may change due
to the level of exposure - in terms of time length - of non-enrolled children to treated participants.
To measure intensity of exposure, I exploit the fact that non-enrolled children usually spend more
time with students of their own classroom compared to treated students from other classrooms. To

study this between-classrooms closeness, I estimate the following equation:

Ymn = 70 + rYlShn + ’YQShn—l + 73Shn+1 + 74an + En + €mn (5)

where Sh,, is the share of treated children at student’s m classroom, and Sh,,_; and Sh,,; are the
share of treated students in the previous and next course, respectively. The rest of variables are
defined as in specification (4).

As we can see in appendix table Al4, spillovers on non-enrolled student’s academic outcomes

are lead only by the share of treated students from her own classroom. Nevertheless, a novel result
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here is that the effect on bad behavior at school is caused by both the percentage of treated from
their classroom and one course less. To understand better this last result is necessary a further
analysis on the social interactions within schools, using sociograms, for example. However, from the
results I can infer that most of the interaction seem to come from students of their same classroom

or less.

[Insert Table A14 here]

Finally, spillover effects may be different by misbehavior closeness of non-enrolled with treated
students within the same classroom. Since the ASP effects are modified by the initial propensity
for violence of treated participants, it may also exist heterogeneity in the spillover effects by non-
enrolled students’ misbehavior at school before the intervention.

Since I rely only on administrative data of non-enrolled students - i.e. I do not have an IVV
measure for them -, to test this within-classroom closeness I use bad behavior reports as school for
all children. Then I created dummies indicating if each non-enrolled student is less than i standard

deviations away from the average of her group. Finally I estimate the following specification:

Ymn = Yo T+ Vlshn + 'YQShn X Clyn + 73Shn X C2p + ’74X7rm + LB+ €mn (6)

where Ci,y,, are dummies indicating whether student m has a bad behavior level that is less than
¢ standard deviations from the average behavior of treated children at her classroom m, with
i € {1,2,42}. The rest of variables are defined as before.

Results are presented in appendix table A15. I find that the effects are more significant for
students whose lousy behavior at school is between 1 and two standard deviations away from the
mean of misbehavior of the share of treated students from her classroom. Notably, the effects of this
intermediate closeness are more significant on bad behavior reports. Thus, this result highlights

that only certain level of similarity to treated students can have positive spillover effects.

[Insert Table A15 here]
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Appendix 5. Group composition heterogeneous effects

I also explore nonlinear heterogeneous effects of group composition by initial propensity for violence
in a finer level. Thus, I interact HM and HT treatments with dummies of quartiles of the IVV

distribution, using the following specification:

4 4
}/ij = Qp +Oé1HTij +C¥2HMZ']' “+ a3 ZHTij X Qk‘ij —+ gy ZHMU X Qk” + 045Xij + Sj + €55 (7)

k=1 k=1
which is equivalent to:
4
Yij =ap+ alHTij + OéQHMij + asg Z HTij X Qsij
m=1
2 4
+0gq Z HomLZ-j X Qsij + ayyp Z HomHij X Qsij + Ck5Xij + Sj + €5
m=1 m=3

where @s;; = 1 if student ¢ is in quartile s € {1,2,3,4} of the IVV distribution function at the
stratum j level. The omitted category is Q1 and the interaction between it and the treatment
dummy. Results are shown in Appendix Table A16. At each panel, I present the total effect of
each treatment by quartile and then the p-values of the test of differences among the effects of each
treatment by quartile.

On outcomes related to attitudes towards school and learning, 1 find that least and most violent
students (Q1 and Q4 respectively) are more responsive to group composition. For example, Q1
students improve their positive attitudes and pay more attention during classes when are treated in
heterogeneous groups compared to students treated in homogeneous group from the same quartile.

Moreover, in terms of violence-related outcomes, students in Q4 face a reduction in the probabil-
ity of having a misbehavior report when they are treated in heterogeneous group compared to those
in heterogeneous groups. These results do not seem to be at expense of students in Q1, because
even though the reduction on misbehavior is greater when they are treated in homogeneous groups,
they actually reduce their bad behavior at school under both treatments. In the rest of outcomes,
differences between HT and HM treatments for students in similar quartiles are not statistically
different from zero.

On academic outcomes, the most violent students (Q4) are more sensitive to group composition.
According to the results, they have greater academic outcomes when treated in heterogeneous

groups. These results also seem not to be at the expense of low violent children. For example, I
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do not find statistical differences between the effects of assigning students of the rest of quartiles
to homogeneous or heterogeneous groups on academic outcomes, except on the extensive margin of
reading grades.

Similarly, I estimate a local polynomial fit of standardized end line score grades by predicted
violence index, and find that the children in the least violent quartile (Q1) and in the most violent
quartile (Q4) are more sensitive to their group composition as shown in Appendix Figure A2.

This pattern of results suggests that students driving most of the impact estimates are those in
both tails of the baseline IVV distribution, that is the students for whom the exposure to certain
level of violence from their peers is usually greater than the exposure than those located closer to
the middle of the violence distribution. One of these groups is constituted by the students expected

to benefit the most from the ASP.

[Insert Table A16 here]
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Appendix 6. Exploiting the random allocation of peers

Since participants were randomly allocated to a group in the ASP, there is some variation in the
group composition which stem from the fact that being assigned to HM vs HT directly affects the
mean and variance of one’s peers. As in 7, after controlling for a strata fixed effect, the variance
and mean IVV of peer stems entirely from the random assignment. Similar approaches have been
used by ??777. The estimating equation for the sample of students selected to participate in the
ASP is:

Yij =70+ 1T-ij + y2var(z—i;) + 7355 + 74 Xi5 + € (8)

where Z_;; and var(z_;;) are the club’s mean and variance to which student i was assigned,
excluding her personal IVV - this allows me to address the reflection problem. The rest of variables
are defined as before. With this specification I can directly provide evidence of how student’s 4
non-cognitives and/or her academic outcomes are affected by the average baseline or variance in
the violence of her peers.
Using this and restricting the sample to treated students, I find terms of non-cognitive outcomes.
Panel A shows that a higher average clubmates’ IVV reduces the self reported time spent doing
homework but being in a more diverse group increases both positive attitudes towards school and
learning and self reported time spent doing homework. In terms of violence, I do not find an effect
from either the mean or average of clubmates’ IVV.

I also find that on average, students exposed to a group of peers with higher mean of propensity
for violence reduce their math and reading scores, showing a negative peer effect of violence on
grades. However, being exposed to a more diverse group of clubmates increases math grades and

reduces the probability of grade repetition.

[Insert Table A17 here]
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Figure 2. Experimental Design.
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Figure 3. IVV Distribution Functions of Treatment and Control

Groups.
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Figure 4. IVV Distribution Functions of Treated Groups.
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Figure 5. IVV Cumulative Distribution Functions of Homogeneous
Sub-groups.
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Cumulative distribution function for high- and low-homogeneous treatment groups’ predicted
propensity for violence. Vertical yellow lines define the limits of overlap between both distribu-
tion functions. This overlap in the violence level occurs because assignment was at the strata level,
and the median level was different within each strata.
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Figure 6. Experimental Variation in IVV Peer Composition, prior to

treatment
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TABLE Al. DESCRIPTIVE STATISTICS OF PARTICIPANT SCHOOLS

School is located in urban area
Initial enrollment

Grade repetition

Older students than their classmates

Additional annual income per school

Subsidies and public programs

Female enrollment

First level of education
Second level of education
Third level of education

First level of education
Second level of education
Third level of education

First level of education
Second level of education
Third level of education

Cafeteria

Families’ voluntary contributions
Celebrations

Donations

Total

60 %

48 %
18%
20%
26 %

10%
28 %
22 %

8%
17%
40%

$ 2,880
$ 1,500

$ 580
$ 1,438
$ 6,398

80 %

Source: El Salvador Educational Census (2015)
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TABLE A3. IVV ESTIMATION RESULTS AND DETERMINANTS.
FUSADES (2015) SAMPLE

Violence
Student is male 0.258%**
(0.054)
Student’s age 0.092%**
(0.017)
Student lives in urban area 0.195%**
(0.066)
Student’s household composition
Student living only with one of his/her parents 0.033
(0.062)
Student living with other relative 0.042
(0.112)
Student living with other non-relative adult 0.723
(0.466)
Student living with no adults 0.362
(0.290)
Student’s mother level of education:
Intermediate education (7-12 years) 0.113*
(0.061)
University or higher (13 and +) 0.057
(0.079)
Student’s travel time from house to school (min.) 0.005**
(0.002)
Student is alone at home after school 0.3971%**
(0.070)
Student’s school year 0.067
(0.089)
Student enrolled on morning shift -0.002
(0.087)

FRkn < 0,01, **p < 0,05, *p < 0,1. Standard error in parentheses. Mother’s education ommited
category: mother has basic education (1-6th grades). Household composition ommited category:

children living with both parents.
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TABLE A5: DESCRIPTIVE STATISTICS OF THE IVV BY TREATMENT GROUP.

(1) (2) 3) (4) (5) (6) (7)
Full Control Any Treatments Tracking groups
Group Treatment
Sample (©) (T) Heterogen.  Homogen. Homog. Homog.
group (HT) group (HM) High (HM-H) Low (HM-L)

Mean 0.038 0.038 0.038 0.041 0.037 0.051 0.023
Std. Dev 0.029 0.029 0.029 0.035 0.026 0.028 0.014
Median 0.030 0.029 0.030 0.001 0.031 0.044 0.021
Min 0.001 0.003 0.001 0.001 0.002 0.009 0.002
Max 0.216 0.183 0.216 0.216 0.154 0.154 0.059
N 1056 258 798 263 535 267 268

The table provides summary statistics for the Vulnerability and Violence Index (IVV) predicted using FUSADES (2015)

dataset and variables available at during the clubs’ enrollment phase.
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TABLE A6. CORRELATION BETWEEN IVV AND
GRADES AT BASELINE

(1) (2) 3) (4) ()

Grades Behaviour
Reading  Math Science Score v
Panel A. Standardized and imputed grades
IAYAY -0.013 0.021 -0.021 -0.011 0.056%**
(0.017) (0.039) (0.020) (0.020) (0.021)
Constant 0.176* -0.048 0.179%* 0.143 0.304%**

(0.096)  (0.150)  (0.104)  (0.087)  (0.104)
Observations 1,056 1,056 1,056 1,056 1,056

Panel B. Standardized grades

VvV -0.015  -0.007  -0.021  -0.018  0.050%**
(0.019)  (0.028)  (0.018)  (0.021)  (0.020)
Constant 0.059 0.025 0.078 0.067 0.190*

(0.103) (0.104) (0.097) (0.090) (0.101)
Observations 1,034 984 1,007 970 1,000

Panel C. Non-standardized grades

VvV 0.029  -0.005  -0.031  -0.024  0.066%*
(0.031)  (0.042)  (0.026)  (0.027)  (0.026)
Constant G.7T2FFF  6.499FFF  GTA0RIE 6723k 7902k

(0.161)  (0.164)  (0.143)  (0.118)  (0.130)

Observations 1,034 984 1,007 970 1,000

FFE Rk ¥ gignificant at 1%, 5% and 10 % respectively. Robust standard errors at course-school level
are in parentheses. All regressions include as control ciclo-school fixed effect (stratification level).
Results are weighted by the probability to be selected within each strata. Panel A are standardized
grades including imputed values for missing observations, Panel B are standardized grades without
imputed values, and Panel C are non-standardized grades.
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TABLE A8. BALANCE BETWEEN ENROLLED AND
NON-ENROLLED STUDENTS

(1) (2) 3) (4) ()

Grades Behavior
Reading Math Science Score relz_o)rts
Enrolled students -0.106 -0.041 -0.051 -0.051 0.040
(0.101)  (0.147)  (0.163)  (0.111) (0.107)
Mean non-enrolled students 6.818***  6.563***  6.67T4F**  6.694%** T.544%**
(0.131)  (0.130)  (0.174)  (0.110) (0.088)
Observations 2,415 2,415 2,415 2,415 2,334

*% O ** * indicate that the estimation is significant at 1%, 5%, and 10 % respectively. Clustered standard errors
at the course-school level are in parentheses. Sample includes all students from the 5 schools. Enrolled students
variable is an indicator of student decision to participate in the ASP at baseline, i.e. if they and their parents
signed a consent. Outcomes are non-standardized grades and students behavior reports with imputed missing data
at baseline. Data was obtained from administrative schools’ records.
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TABLE A13. SPILLOVERS BY STUDENTS PROPENSITY FOR VIOLENCE

(1) (2) (3) (4) ()

Grades Bad behavior
Reading ~ Math  Science Score reports (-)
[i] Proportion of treated students with 0.004 0.007*  0.006 0.005 -0.014%*
high propensity for violence (0.004)  (0.004) (0.004)  (0.004) (0.005)
[i7] Proportion of treated students with 0.009***  0.008**  0.005*  0.008*** -0.010
low propensity for violence (0.003)  (0.003) (0.003)  (0.003) (0.008)
[i4d] p-value [i] = [ii] 0.219 0980  0.948  0.594 0.667
Observations 1357 1357 1357 1357 1194

HAE KX gignificant at 1 %, 5% and 10 % respectively. Robust standard errors at course-school level are in parenthesis.
Outcome variables are standarized grades at school-grade level at follow-up. All regressions include as main control the
share of enrolled students from each course. Individual controls include imputed grades in the course at baseline and a
dummy indicating a missing value in the grade at baseline. Row [i] indicates the effect of the share of treated students
with high propensity for violence withing each classroom. Similarly, row [ii] indicates the effect of the proportion of
treated students with lower propensity for violence. Row [iii] is the p-value of the hypothesis that the difference between
both coefficients is statistically different from 0.
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TABLE Al4. RELATIVE SPILLOVERS EFFECTS

[i] Proportion of treated students at
classroom m (own classroom)

[#3] Proportion of treated students at
classroom m — 1

[i4i] Proportion of treated students at
classroom m + 1

p-value [i] = [ii]
p-value [i] = [ii4]
p-value [ii] = [i4i]
Observations

(1)

(2)

(3)

(4)

()

Grades Bad behavior
Reading ~ Math Science Score reports (-)
0.007*%*  0.007*** 0.006** 0.007*** -0.009*
(0.003)  (0.003)  (0.003)  (0.003) (0.005)
-0.001 0.001 0.001 0.001 -0.005*
(0.001)  (0.001) (0.001)  (0.001) (0.002)
-0.001 0.000 -0.002 -0.001 0.005
(0.001)  (0.001)  (0.002)  (0.001) (0.003)
0.0349 0.0342  0.0785 0.0386 0.4485
0.0485 0.0254  0.0164  0.0253 0.0392
0.9835 0.8009 0.2131 0.5130 0.0352
1357 1.327 1.326 1.356 1135

HAE KX gignificant at 1%, 5% and 10 % respectively. Robust standard errors at course-school level are in parenthesis.
Outcome variables are standarized grades at school-grade level at follow-up. All regressions include as main control the
share of enrolled students from each course. Individual controls include imputed grades in the course at baseline and a
dummy indicating a missing value in the grade at baseline. Row [i] indicates the affect of the share of treated students
within own student’s classroom (m). Row [ii] indicates the effect of the proportion of treated students within one course
lower (m — 1) than student’s own classroom. And row [iii] is similar to the previous row but related to the share of
treated students one course greater (m + 1). p-values are related to the null hypothesis that the difference between each

pair of coefficients is different from 0.
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TABLE A15. RELATIVE SPILLOVERS HETEROGENEOUS EFFECTS

behavior report is within 1sd from treated
students

[i7] Spillovers on non-enrolled whose bad
behavior report is at most 2sd away from
treated students

[i4d] Spillovers on non-enrolled whose bad
behavior report is more than 3sd away
from treated students

p-value [i] = [if]
p-value [§] = [i74]
p-value [ii] = [¢41]
Observations

(1)

(2)

3)

(4)

(5)

Grades Bad behavior
Reading  Math Science Score reports (-)
(0.003)  (0.003)  (0.003)  (0.003) (0.005)
0.006**  0.007*** 0.008***  (0.006** -0.019%**
(0.002)  (0.002)  (0.002)  (0.002) (0.006)
0.001 0.008** -0.001 0.004 0.002
(0.004)  (0.004)  (0.005)  (0.004) (0.007)
0.867 0.858 0.417 0.979 0.076
0.036 0.623 0.168 0.366 0.121
0.286 0.700 0.127 0.578 0.018
1.357 1.327 1.326 1.356 1.135

HAk AKX significant at 1%, 5% and 10 % respectively. Robust standard errors at course-school level are in parenthesis. Outcome
variables are standardized grades at school-grade level at follow-up. All regressions include as main control the share of enrolled
students from each course. Individual controls include imputed grades in the course at baseline and a dummy indicating a missing
value in the grade at baseline. Row [i] shows spillover effect on outcomes for non-enrolled students with a 1 sd- bad behavior level away
from her treated classmates (at baseline). Row [ii] shows the spillover effect on those non-enrolled which were 2 sd - bad behavior level
away for the average of her treated classmates. And row [iii] exhibits the spillovers for non-enrolled students with a bad behavior level

at baseline that was three or more sd away from her treated classmates.

81



*([9A9] UOIYROYIPRIIS) J00[O POXY [OOYDIS-0[JID pue ‘Oul[dseq je 9peiS oY) Ul onfes Sulssiux
e SuryedIpul AwWwINp ‘oul[eseq je 9sInod dA1100dsal 9y} Ul SopeIS SO[qRLIBA [0IJU0D SB 9PN[OUI suolssaldal [[y T XIipuaddy Ul o[qe[leA® SI SO[RLIRA 9WIOJINO JO UOI}dLIOS9(] 'SOW02IN0 SAIIUS0D
-uou Uo $109JJ° 1IqIYXd ¢ [oURJ ‘SOWOIINO dlWdpeIR UO sy[nsal juesald y [ourd ‘ojdures pajeal) A[Uo SUISN PIIRUIIISS 9IR SUOISSEISDI [[Y ‘[9A9] [00YDS-9SIN0d e sasajuaied Ul SIOLIS pIRpPUR)S
podderjsjooq “Aparpoadsel o, 0T PUR %, G ‘Y T 3e jurdYIuSIs st dnois [013u0d oy} 03 peredwoo dnois [H 10 JNH © Ul pojeol) Sureq Jo 1) o[13aenb ur juspnjs ® 10§ 40040 0} 3RYY SORIIPUL 4 Ly ‘yuy

96870 7€6.L°0 6C7€°0 12070 LETE0 9C1T°0 090T°0 L69T°0 8L0T°0
7964°0 6769°0 064670 IPET0 Gc00°0 0€91°0 ¢818°0 17190 L8€0°0
L68¢°0 9C.L8°0 69€0°0 6968°0 00TT°0 LVE8°0 L08Z0 9T92°0 G6L7°0
7976°0 Tvc0'0 €Vve 0 ¢I10°0 00€0°0 0€€0°0 TL90°0 909¢°0 7¥7€0°0
€201 €01 €201 €c01 €c0T €201 €c01 €c0T €c0T
8¢0°0 ¥20°0- 600°0 T60°0- €90°0- %1820~ 8V1°0- 0T1€°0- 60T 0~
8T0°0- 8500 600°0 650°0- #x190°0 *xGE0°0 S01°0 7700 900°0
€00°0- 0S0°0 T00°0 *x840°0 9T0°0- %9€T°0 67170 k16170 2¢c0°0-
*x080°0- *190°0 %€80°0 #*xG80°0 #xx00T°0 €81°0 #xx66C°0 #xLEC'0 T€T°0
T10°0 €€0°0- LT0°0- Gaco'0- 920°0- 650°0- T90°0 ¥70°0- €90°0-
L20°0- *870°0 6200 700°0- #xx10T°0 61T°0 0Z1°0 0010 #xLV1°0
7200~ 970°0 ¢s0'0 *x920°0 9¢0°0 #*x6VT1°0 *x68C°0 *xx96C°0 cv0'0
080°0- 7100 €390°0 9¢0'0 %6500 950°0 7E€1°0 #x[ST°0 6T0°0-
98IN0d dUO 9100g 90UBIDG qyeN Surpesy] 21008 90ULIOG e Surpesy]
1se9 e 3ulreq Suissed jo Aj1iqeqoad sapear)
€CST°0 9910°0 0289°0 T¥786°0 0STT0 86ST°0 L200°0 0€0¥°0 <9100
6602°0 06,970 L6VC 0 0L9G°0 GER/Y0 T90S°0 cLEY0 8748°0 9284°0
€180°0 ovvrs o 78020 T9.2°0 88L€0 89650 L2690 €€66°0 GggLe o
0T00°0 avIg 0 1219°0 ¢1co’0 88TT°0 7C1e0 1S90 900T°0 cEVY0
0TO0T 0TO0T ¢96 966 916 €8 96 G€6 876
790°0- 0¢1°0- #xx L8170~ 6710 *617°0- *x£€9°C *xxE6T°0 6T0°0- *xx697°0
980°0- %6800~ 910°0- #xx19€°0" G91°0- Gc0'0- €90°0 %G79°0 TIT°0
*x09T°0- ¥C1'0- *xCC 10" *x89C°0" *8¥C 0~ L0T°T- 6L0°0 %*L8€°0 *86€°0
%060°0- 650°0- %6600~ L20°0 ¥90°0- 9LE°¢- 8L0°0 %4790 I8T°0
#xx1€1°0" #*xxE8€°0~ #xx691°0~ #xG41°0 CLT 0 9LL°0- G500 8920 ¥1°0
Gc0'0- #x GG 0™ 8100 #xG0€°0" ¥81°0- 0L9°0- ce0’0 #xx9LG°0 9100
T80°0- 8LT°0- #xx891°0- €C1°0- [4aniy ceL'T- 7900 *68€°0 ceT0
6€0°0 LT0°0 sk V0T0~ #xGGE 0 +xE8C°0- 809°¢C- #xLCT°0 0000 060°0
j10dox (-) Iotaeyaq (xopuy) (xopuy) (s&ep) SSeO Ul (soty) [00T2S SpIemo)}
Iotaeyeq peq syr0do [eroosIjUR suorjor Kouanburpa (g WISIO9YUASqYy  UOIJUdI)e S Iomawoy sopnjrye
Jjo Ay[iqeqolg Iotaeyeg  jo reaoaddy JUSTOTA Keq op 0} auwILJ, QAT}ISOJ

(6)

JOoIARYQE PUE SDOUS[OIA

(8)

(L) (9)

(¢)

Suruaes| pue [00YDS SpIemo} SOpNIY

)

(g) (c)

(1)

(¥) mo1] 1DIH
(€) mo1] gbIH
(g) mo1] ¢dIPwH
(1) mo1] yH19H

10
o)
€0
70

= 1Owoy 159} enfea-d
= zOwoy 9s9) anpea-d
= ¢Owoy 9593 onpea-d
= yOwoy 9s9) onpea-d

SuoIyeAIasq()

uo 109po 19H [e10L, (8)
uo 329y 9o 10T, (L)
uo 1091e 19H [e10L, (9)
uo 329y 1o [e10L, ()

I uo 10950 woy [e10], (¥)
g® uo 109ge WOy [e30], ()
€0 uo 109y WY 107, ()
70 o 1000 woy [esoy, (1)

SHINODLNO DINHAVOYV 49 TANVd

[(8) mox
[(1) mox
[(9) mox
[(g) mox

(y) moa
(g) mox
(g) mox
(1) moa

TOH = TOWOH 9599 anfea-d
Zz0O19H = gOwoY 3se9 onjea-d
¢OIoH = ¢Owoy 189} enfea-d
7O1H = FOwWOoY 359} onpea-d

SUOTYeAISSq ()

10 uo 129y 19H [e10L, (8)
g® uo 1090 19Y [etol, (L)
€0 uo 100p0 10H [e107, (9)
7O uo 100g0 10H 107, (S)

I uo 30950 woy [e10], (F)
20 uo 10950 woy [e10], (g)
€0 uo 109pe WoY 107, (2)
70 uo 1090 woy [eoT, (1)

SHINODLNO HALLINDOD-NON 'V TIANVd

‘AAI A9 NOILISOdINOD dNOYD 40 SLOHAAH SNOUNHADOYHHALHAH 9TV HTdV.L

82



‘ourEse( je anyea

Jursstur & 3UIRDIIPUI AWWNP B PUR dUI[esk] e awodno pajndul Surpuodsaliod oY) apnjoul os[e | ‘sjrodel I01ARYaq PeQ PUR WSI99IUSSR ‘SOUIOIINO DIWSPLIR I0] SUOIJRUIIISS U]
*(19A9] UOIROYIIRIIS) 109]J0 POX [0OYDS-O[O1D pUuR A AT S,4U9pnIs Jo [erwoui[od I9pI0 PUOISS © S[OIJUOD Se dPN[OUI SUOIssaI3ol [[y T XIpuoddy UT S[qe[IeAR ST S9[RLIRA 9UIODINO JO
uo1)dLIOS9(] "SOU02INO DAIIUSOD-UOU UO SIS HIYXD ¢ [oURd "SOWO0IINO DIWOPERIL U0 s)Nsal Jussald Y [9UeJ ‘[9A9] [00YDIS-9SIN0D Je sesoyjuared Ul s10110 prepue)s padderysjooq
"A[oa1109dso1 % 0T PU® % G ‘% 1 1@ Jueoyrudis st dnoi8 [ H © ul pejes1) Suteq 01 pareduioo dnoid (mof 1o y3iy) HIN © Ul pojesl) 3Uldq JO 1090 oY1 JRYI SOIBIIPUL 4 ‘yu ‘yux

TLL TLL 1L TLL TLL TLL 1L 1LL TLL SUOIYRAIDS )
(100°0) (£00°0) (z00°0) (200°0) (200°0) (L00°0) (900°0) (¥#00°0) (L00°0)
000°0- £G00°0 2000 +700°0 1000 0100 9000 +%xCT0°0 600°0 POURIIRA A AT SOYRWqNLD)
(00°0) (010°0) (110°0) (010°0) (900°0) (2z0'0) (0€0°0) (220°0) (120°0)
200°0 910°0- 600°0 +%€20°0- «T10°0- £6€0°0- ¥10°0- +4x6G0°0- ¥€0°0- uedlN AAT Seremqn()
9SIN0Y SUO 91004 90UAIOG RN Suipeay 9100g 90ULIDg RN Suipeay
1se9] Je JuIfe] Buissed jo AjI[iqeqoid sopean)

SHINODLNO DINJIAVOYV d TINVd

9L &) 0gL 4d) 169 €9 ik} L0L 91L SUOTYRAIDS( )
(900°0) (L10°0) (€00°0) (€10°0) (€10°0) (9%0°0) (900°0) (610°0) (¥10°0)
900°0- £00°0 100°0- £00°0 ¥10°0- 120°0- G000 +4£090°0 #+C€0°0 eoURLIBA A AT SOFRWIqN])
(910°0) (0%0°0) (010°0) (9€0°0) (6£0°0) (LTz0) (010°0) (£20°0) (9%0°0)
z10°0 ¥00°0- 600°0 900°0- Z10°0 9%0°0 910°0~ +%8LT°0" g10°0- wesIN AAT Serewqni)
ja0dax () Iotaeyaq (xopuy) (xopuy) (shep) Ssepo ur (smony) [00YDS SpIeMO}

Jo1Aete(q peq sprodax [emosnur suorjoe  Aouanbure(y WISI99IUASqYy  UOIJUa})e  IOMOWIOY] sopnirge

Jo AIqeqolg Jotaeyog  Jo [eaoxddy  JUS[OIA feg Oop 09 awILT, QATIISOJ

(6)

IOIARUQY pUR 9OUSD[OTA

(8) (L) (9) ()

Surures] pue [00YDIS SPIEMO) SOPNIIIY
SHANLILLV ANV HONHTOIA 'V TINVd

() (€) (2) (1)

(erduresqng pejeaq], A[uQ) NOLLISOdINOD dNOYD dSV A0 SLOAAAH "LTV ATIV.L

83



"oureseq o1} e anfea SUISSTW © SUIPedTPUT AWWNP & pUe dUI[@se( o1} je amodino pajnduwr Surpuodsarrod o) epnyout osfe [ syrodax
IOIARYD( PRC PUR WSIOIUISCR ‘SOUIOIINO DIWOPEIL I0] SUOIYRUISd Ul ‘A[[RUOINIPPY *([9A9] UOIYRIYIIRIIS) 109]J0 POXI [0OYDS-0[OID Pue ‘A A Suepnis jo rerwoudjod 1opio
PUuO009s © :S[0IJUOD SB OPN[OUl SUOISSISAI [[Y ‘SJUepNIs pajodjord pue pajos1old-uou UsemIdq 9OUSILYIP 911 "o'T ‘109]jo U01109901d 19U 977 SMOYS [I11] MOl puy (wsiueydsw
uorpo9j01d pue Surures] Yjoq '9°1) SINOY [00YDS IoyJe uolsiaIodns jynpe Jnoyim asoy) 1o ‘sjuepnis pojoejord-uou,, uo JSy 9Y) Jo S)NsoI smoys [11] moy “(109ye Surures| oY)
"9'T) sINOY [00Tds I99Je wolsiatadns jnpe yim Suteq Surprodal sjyuapnys WO 1090 97 S9)RIIPUI [I| MOY "SSUIOIINO JWIPERIR UO S$HNSAT Jussaid g [oueJ "SOUI0IINO dATITUS0D
-uou uo $309po sjuasaid Yy [ourd ‘sesoyjusred Ul dIe [9A] [OOYDS-9SINOD 9} e SIiolre prepue)s padderysjooq ‘A[oaroedsar 9 0T Pue %G ‘04T 1€ JUedYIUSIS 4 ‘uy ‘yesx

€001 €501 €501 €501 €301 €501 €501 €501 €301 SUOIYRAIOS( ()
(180°0) (z01°0) (101°0) (160°0) (101°0) (982°0) (sve0) (6L2°0) (egz0)
€20°0- 160°0- 0200 2200 GG0'0 ¥92°0 86Z°0 09€°0 TL0'0 199pj0 toryoetoxd JoN [222]
(180°0) (to1°0) (zo1°0) (260°0) (860°0) (082°0) (Tve°0) (zLz0) (gzz0)
670°0- €20°0- L2070 6£0°0 680°0 80€°0 9.€°0 «677°0 280°0 sjuopnys, pajoejold-uot,, uo Jo0hH [#7]
(600°0) (¢10°0) (€10°0) (210°0) (010°0) (6£0°0) (Lv0°0) (8€0°0) (1%0°0)
+4xLT0°0" £820°0 ++220°0 L1070 +4xV€0°0 ar0°0 ++STT°0 +x680°0 1100 sjuepnys, pe3osjod,, uo 30054 (1]
9SIN0d auo @.HOUW @OQQMUW Qudz mgﬂﬁdwm @HOO@ @UQQMQW ﬁ—ﬁmz wgﬂudom
1se9[ Je ulfe] Suissed jo Aji[iqeqoid sepein)
SHINODLNO DINAAVOYV 9 TANVd
010°T 010°T 9¢6 966 916 9¢8 296 GE6 876 SUOTYRAISS()
(901°0) (zez o) (¥£0°0) (1v1°0) (9g7°0) (¥0z'1) (z11°0) (9¥9°0) (gL£0)
020°0- P10 ##x0CT°0 *#xLTG0 €10°0 01¥°0 9z0°0 T80 L¥9°0- 10050 woryoejoxd JoN [222]
(660°0) (zoz'0) (s20°0) (ve10) (€0¥°0) (0TT°'1) (601°0) (709°0) (08¢°0)
280°0- Ge0'0- 010°0 +#x£9€°0 G810~ 0611~ €010 760 ¢6z 0- sjuepnys  pajosjord-uou,, uo 30ohy (¥
(€20°0) (L50°0) (9z0°0) (L¥0°0) (520°0) (162°0) (€z00) (801°0) (090°0)
***N@0.0: ***wbH.O| ***@OH.O- ***M®H.©| ***@@H.O: ***mow.H| ***NN0.0 ***MNM‘O ***Nmﬂ.o mpﬂ@@ﬂpm:@@aowaoﬁm: uo auwﬁm E
j10dax () IotARyeq (xopuy) (xopuy) (s&ep) SSe[D Ul (smory) [ooyDs spIemoy
I0TARTR( Peq sprodax [emosnue suorjor Aouanbure(g WISI99IUASCY  UOIJUa})e  {IOMOUWIOY sopnjrge
Jo AIqeqolg Iotaeyog  Jo Teaoxddy JUOTOT A Le g Op 0} ouILT, QATYISOJ
JoiARyeyg pue 9dUS[OIA 3uruies] pue [00YdS SpPJIemO]} SOpPNIIIY
SHANLILLV ANV IDONHATOIA :V TANVd
(6) (8) (L) (9) (g) (7) (g) (2) (1)

SINSINVHOHIN NOILLOHLOYd ANV ONINUVHT 8TV HTHV.L

84



*9WO02INO DBD I0J 9Yel dsU0dsal 9} Ul UOIJRLIBA JO 9SNBIA(] SI SSWO0IINO SAIUS0I-UOU JO SUOIPRAIISO JO
I9QUINU UT S9OUDILPI(] "UT[OSe] 91} JB oN[eA SUISSIW © SUIIRIIPUI AWINP © PUR SUT[sk] o1} Je dwodino pajndur Surpuodsalriod a1} opnout osye | sprodal 1o1avyaq peq pue
WISIO9)UISR ‘SOUI0DINO DTWOPRIR I0] SUOIJRMIIISS Ul ‘AT[RUOTYIPPY *([9AS] UOTIRIYIIRIIS) 1090 POXY [00YDIS-O[IId puR ‘A AT S,4Uapnjs jo [erwroud[od I9PIO PUOIDS © S[OIJUOD
Se 9pN[OUI SUOISSAIFAI [ 'SV oI JO UOISSes 9UO 1sea] e Papualje jey) o[dures 0} pPajdLI}sal o8 SUOIJRMIISH "SOUI0IINO JIWOPRIR UO S)NsaI Juasald ¢ [ourd 'SOUIOIINO
9AT)TUS00-U0U UO $109]0 squasald y [ourd ‘sesoyjuared Ul o1e [9A9] [OOUDIS-9SINOD 91} I8 SI0L1d prepue)s padderisjooq "A[9A1900dsal o 0T PUR %, G ‘04 T 18 JUedYTUSIS 4 ‘4 s

106 106 106 206 206 106 106 106 206 SUOIJRAIdSq ()
(600°0) (¢10°0) (¥10°0) (910°0) (800°0) (L£0°0) (L¥0°0) (170°0) (170°0)
*xxx1€0°0" *x620°0 *x7€0°0 ¢zo'0 *xxx370°0 *x920°0 *xx9VT°0 %7610 2€0°0 Jjuatuajeo.y %Q<
9SIN0D U0 2100g 90UBIOG UyeN Surpeoy] 9100g 90UBIDG UyeN Surpeoy]
15e9] Je 3uIfreq Suissed jo ALyiqeqoad sepean)
SHINOD.LNO DINHAVOV d TANVd
168 168 048 058 718 VL 198 0€8 a¥8 SUOIJRAIdSq ()
(¥20°0) (950°0) (920°0) (970°0) (120°0) (zgz0) (¥20°0) (260°0) (190°0)
*xx120°0 *xkxL8T°0 *xkx20T°0~ *kxL19T°0~ *xx603°0~ sk VLV T *xx790°0 +xx09€°0 *xVGT0 Jjuatuajeay %Q<
110do1 () IorARYRq (xopur) (xopur) (s&ep) SSe[o ul (smon) [0OYyos SpIemo}
IoraRYaq peq syrodax remosijue suorpoe  Aouenburp(g WSIO9UISqY  UOIJUd}e S[I0MOMOY sopnjiye
Jo AIqeqorq Iotaeyag  jo reaoxddy JUSOT A Aeq Op 09} oWIl], QAT)ISOJ

(6)

Joraeyag pue 9DUS[OIA

(8) (L) (9)

()

Surures] pue [00YDS SPIEMO} SOPNIIITY
SHANLILLVY ANV HONHTOIA 'V TANVd

2 (¢) (2) (1)

INSINVHOHIN ONINYHVHT - dSV HH.L 40 SLOHAAH TIVHHAO 61V dTAV.L

85



TABLE A20. ASP ATTENDANCE OF TREATED STUDENTS

(1) (2)

Sessions attended Days attended
Low Homog. group -0.258 -0.184
(1.502) (1.195)
High Homog. group -0.580 -1.653
(1.485) (1.191)
Observations 798 798

HHE*x O indicates that the club attendance from the HM (high or low) group com-
pared to being treated in a HT group is significant at 1%, 5% and 10 % respectively.
Bootstrapped standard errors at course-school level are in parenthesis. Two measures of
attendance are number of sessions and days. Regressions are estimated using only treated
group and models of specifications (5).
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Figure A1l. Non-linear ASP effects on endline score grades.

Standarized Score grades and IVV percentile after ASP
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Local polynomial fit of standardized endline score grades by percentiles of predicted IVV. There are
statistical differences between treated and control groups for students in the 55% to 95% violence
percentiles.
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Figure A2. Non-linear group composition effects on endline score
grades.

Standardized Score and IVV Percentile after ASP.
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Local polynomial fit of standardized end line score grades by predicted IVV. Children in the least
violent quartile (Q1) and in the most violent quartile (Q4) are more sensible to their group com-
position.
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