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Abstract

This paper studies how exposure to organized crime affects teenagers’ educational choices and how public
policy responds in such contexts. We focus on the 2008 extradition of Medellin’s top gang leader, after which
a gang war erupted and created neighborhood-level variation in criminal activity. Using rich administrative
data from Medellin, Colombia, we find that dropout rates among boys increased in affected neighborhoods,
while girls were unaffected, consistent with heightened gang recruitment rather than general violence. We then
examine how Conditional Cash Transfer (CCT) programs shaped educational outcomes and find that they
effectively reduced dropout rates, with stable impacts even amid increased gang activity. To further understand
criminal involvement and evaluate policy responses, we develop and estimate a dynamic discrete choice model
of schooling, crime, and labor market decisions from middle school through early adulthood. Leveraging
design-based results, we identify shifts in the criminal payoff and assess the effectiveness of CCTs in offsetting
dropout. The model evaluates three policy interventions: (i) expanding CCT coverage, (ii) increasing law en-
forcement, and (iii) combining both. Expanding subsidies reduces teenage crime and arrests during school
years and raises higher-education enrollment, though with limited post-school effects. Stronger law enforce-
ment curbs post-school crime but raises arrests among teenagers. Combining both policies yields the largest
crime reduction but smaller educational gains than CCTs alone. A back-of-the-envelope cost-benefit analy-
sis shows that while the combined policy delivers the highest net benefits, expanding CCT coverage achieves

nearly comparable gains at lower implementation costs and with clearer fiscal implications.

“Franco: . Posso: . Franco is grateful to her committee members Chao
Fu, Jesse Gregory, and Chris Taber. We also thank Jeff Smith, Naoki Aizawa, and Laura Schechter for their useful feedback.
This research has benefited from comments from seminar participants at the public workshop at UW-Madison. We also
thank the Central Bank of Colombia for allowing us to use the data to conduct this research. The opinions expressed in this
document belong to its authors and do not reflect the views of the Central Bank of Colombia or its Board of Directors.


https://www.dropbox.com/scl/fi/14gcf84jxg2chmm4kn7hm/JMP_AndreaF_101125.pdf?rlkey=6j3aj49z6e9slqcjk509vcwx0&st=4p1vj5ar&dl=0
mailto:francohernan@wisc.edu
mailto:cpossosu@banrep.gov.co

1 Introduction

Crime participation often begins in early adolescence and is concentrated among boys from disadvan-
taged backgrounds living in high-poverty neighborhoods (Merlo and Wolpin, 20155 Lochner, 2004; Lochner
and Moretti, 2004; Deming, 2011). As a consequence, these individuals accumulate less human capital
and face more difficult school-to-work transitions (Imai and Krishna, 2004; Fu et al., 2022; Salazar, 2023;
Sviatschi, 20225 Leon, 20125 Foureaux Koppensteiner and Menezes, 2021). Moreover, social interactions
within neighborhoods, particularly exposure to criminal peers, schoolmates, and educators, play a central
role in shaping criminal trajectories (Damm and Dustmann, 2014; Bayer et al., 2009; Billings et al., 2014;
Roseetal.,,2022). This paper examines how exposure to organized crime influences teenagers’ educational
decisions and evaluates the capacity of social programs to mitigate these effects. Combining a dynamic
structural model of schooling and crime decisions with design-based evidence, we provide new insights
into the mechanisms through which gang recruitment increases school dropout and use counterfactual
simulations to assess the effectiveness of alternative policy responses.

Our analysis focuses on Medellin, Colombia, where an unexpected shock in the balance of criminal
power created quasi-experimental variation in exposure to gang recruitment across neighborhoods. The
empirical setting exploits the 2008 extradition of Diego Fernando Murillo, known as “Don Berna,” the
leader of the city’s dominant mafia organization. Don Berna had consolidated control over Medellin’s
criminal networks, sustaining a fragile equilibrium that limited open violence (Duncan, 2014). His sud-
den removal triggered a violent reorganization of gangs and a struggle for territorial control throughout
the city. The timing and nature of this event were unanticipated by residents, generating plausibly exoge-
nous increases in exposure to organized crime in some neighborhoods but not others.

We link this shock to rich administrative records that allow us to track a wide range of outcomes:
secondary school enrollment and dropout for the universe of public-school students, tertiary education
enrollment, detailed crime and arrest records from law enforcement, and eligibility and participation in
Colombia’s national Conditional Cash Transfer (CCT) program.

We begin by analyzing the consequences of the criminal shock on schooling. The extradition of Don

Berna intensified competition among gangs and created a sudden surge in demand for adolescent recruits,



raising the opportunity cost of staying in school. We exploit quasi-experimental variation generated by the
extradition shock, interacting it with pre-2008 gang presence to construct a shift-share exposure measure.
Following Goldsmith-Pinkham et al. (2020); Borusyak et al. (2022), this specification is equivalent to a
Difference-in-Differences design in which the common shock provides the exogenous source of variation
and gang presence determines treatment intensity.

The results show that the shock increased neighborhood criminal activity and reduced law enforce-
ment effectiveness. Consistent with targeted recruitment, dropout rates rose sharply among boys aged
13-15, with no comparable effect on girls, who serve as a natural counterfactual group. This divergence
suggests that the mechanism operates through increased recruitment incentives rather than general expo-
sure to violence. Dynamic specifications confirm the absence of differential pre-trends and reveal sharp
increases in dropout immediately after the shock, concentrated in younger cohorts. The effects persist be-
yond high school, boys exposed to the extradition are less likely to enroll in tertiary education, suggesting
long-term losses in human capital accumulation. Robustness checks, including synthetic DiD estimators
and placebo shocks, support the validity of the identification strategy.

We then turn to the role of Conditional Cash Transfer (CCT) programs, which may mitigate the
rise in dropout by increasing the relative returns to schooling during periods of heightened criminal de-
mand. We estimate specifications with individual fixed eftects and detailed controls for eligibility and
continuous vulnerability scores, ensuring that identification relies on within-student changes in partic-
ipation rather than differences in household vulnerability. Across cohorts, CCT participation reduces
high school dropout by 12-16 percentage points, representing 25-40 percent of the average dropout rate.
The effects are stable across neighborhoods regardless of pre-shock gang presence. To strengthen infer-
ence, we implement complementary approaches, a synthetic DiD that enforces parallel pre-trends and
an instrumental variables strategy exploiting the eligibility threshold within a Regression Discontinuity
framework. The IV estimates are larger in magnitude, consistent with higher returns among marginal
households near the eligibility cutoff. Taken together, these findings show that CCTs sustained school
enrollment even under conditions of intense gang recruitment, offsetting the increased opportunity cost
of education created by the criminal shock.

While the design-based results credibly establish that crime shocks increase dropout and that CCTs



mitigate some of these effects, the structural model complements this analysis by providing a deeper un-
derstanding of the behavioral mechanisms and enabling policy evaluation beyond the scope of reduced-
form methods. The model formalizes teenagers’ forward-looking decisions regarding schooling and crim-
inal participation in the presence of gangs (Imai and Krishna, 2004; Fu et al., 2022). By estimating the
value adolescents place on future outcomes, the model allows us to characterize the adulthood transi-
tion, the long-term decisions that depend on cumulative outcomes from the school stage.” Linking early
choices to later outcomes is essential for quantifying how middle-school decisions, such as dropping out
or being arrested, affect higher education, formal and informal employment, and adult criminal partici-
pation.

We develop and estimate a dynamic model of schooling, crime, and labor market choices from mid-
dle school through early adulthood. Following Fu et al. (2022), we incorporate two core sources of het-
erogeneity: (1) differences in endowments, reflecting family background and elementary school qual-
ity, and (2) stochastic shocks that influence choices and, through dynamic linkages, have long-term ef-
fects on individual trajectories. We extend this framework along two dimensions. First, we introduce
neighborhood-level variation in gang presence, which captures how changes in organized crime recruit-
ment shape teenagers’ paths. Second, we incorporate CCT participation into the utility from schooling,
allowing us to evaluate social programs in the presence of crime. We also extend the adulthood stage
to include four labor market options—higher education, formal employment, informal employment,
and crime—enabling a richer characterization of life-cycle choices. The model is estimated using indirect
inference to recover parameters governing preferences, grade progression, and unobserved heterogene-
ity. Using the design-based results, we estimate changes in criminal payoffs and the impact of CCTs on
schooling incentives.

We use the model to investigate the importance of two key factors shaping teenagers’ decisions in
the presence of gangs: family background and policy support. We compare the outcomes of individuals
across three environments, neighborhoods with and without gang presence, and counterfactual scenarios
without CCTs. We find that both CCT programs and family endowments are crucial determinants of

educational outcomes. CCTs are particularly effective in neighborhoods with gangs, where they help

"Most economics papers on crime build on the framework of Becker (1968), in which individuals make rational decisions
about engaging in criminal activity.



offset the elevated risks and opportunity costs associated with recruitment.

Finally, we conduct a series of counterfactual policy simulations targeting disadvantaged teenagers,
who are most likely to be drawn into criminal activity. We simulate the effects of scaling up CCT generos-
ity, intensifying law enforcement, and combining both strategies. The results reveal that expanding CCTs
substantially reduces dropout in gang affected neighborhoods and increases higher education enrollment.
While stricter enforcement modestly affects educational outcomes, it reduces criminal participation by
increasing the expected cost of arrest. Combined strategies generate the largest long-run reductions in
crime among both teenagers and adults, though the gains in human capital are smaller than those from
CCT expansion alone, as higher arrest rates discourage schooling. These counterfactual yield important
policy insights: while enforcement may be politically salient, social transfers appear to be a more eftective
instrument for sustaining education in violent contexts.

Back-of-the-envelope cost-benefit calculations suggest that both CCT expansion and enhanced law
enforcement generate positive net benefits, with the combined approach delivering the highest returns,
though very similar to CCT expansion alone. These findings underscore the potential of social programs
to mitigate the long-term consequences of early-life exposure to criminal environments and to prevent
the emergence of poverty traps. CCT programs are more cost-effective than law enforcement alone, yet
the combination can create complementarities that enhance overall effectiveness.

This paper contributes to several strands of the literature. First, we add to research linking human
capital formation, labor market outcomes, and crime (Lochner and Moretti, 2004; Lochner, 2004; Fella
and Gallipoli, 2014; Imai and Krishna, 2004; Fu et al., 2022; Freeman, 1996; Foureaux Koppensteiner and
Menezes, 2021; Sviatschi, 2022; Sickles and Williams, 2008; Salazar, 2023; Mancino, 20225 Deming, 2011).
We make two contributions to this body of work. First, we provide new causal evidence on how organized
crime affects educational outcomes by exploiting neighborhood-level variation in gang presence. Second,
by combining design-based and structural approaches, we go beyond reduced-form estimates to evaluate
counterfactual policies and quantify how targeted interventions can mitigate the adverse effects of crime
on schooling and long-term outcomes.

Second, we contribute to the literature on social programs and the intergenerational transmission

of poverty (Angrist et al., 2002; Attanasio et al., 2010, 2015, 2025; Todd and Wolpin, 2023, 2006; Djeb-



bari and Smith, 2008). We examine the interaction between CCT programs and exposure to organized
crime, showing that school subsidies can offset the educational costs of gang recruitment. This finding
underscores the potential of social policy to prevent the long-term consequences of early-life exposure
to criminal environments and the formation of poverty traps. Through counterfactual simulations, we
turther illustrate how the effectiveness of social programs depends on local criminal dynamics.

Relatedly, this paper adds to the literature on the importance of place and neighborhood conditions
for long-term outcomes (Chetty et al., 2016; Chetty and Hendren, 2018; Kling et al., 2005; Damm and
Dustmann, 2014; Bayer et al,, 2009; Billings et al., 20145 Rose et al., 2022) and to work on early-life and
adolescent shocks (Currie and Almond, 2011; Heckman, 2006; Heckman et al., 2013). We show that ex-
posure to organized crime during adolescence shapes teenagers” educational trajectories and long-term
outcomes, with persistent effects on higher-education enrollment and formal employment probabilities.

Finally, we contribute to the structural labor and human capital literature by developing and estimat-
ing a dynamic discrete choice model linking schooling, crime, and labor market decisions from middle
school through early adulthood. Building on the forward-looking behavior framework (Imai and K-
ishna, 2004; Fu et al., 2022; Salazar, 2023; Merlo and Wolpin, 2015; Mancino et al., 2016), we incorporate
heterogeneity in neighborhood criminal environments and explicitly model human capital depreciation
following criminal involvement, capturing the lasting labor market penalty of prior arrests. The model ex-
tends existing frameworks by allowing a richer adulthood transition with four possible choices—higher
education, formal employment, informal employment, and crime—oftering a comprehensive view of
how early-life shocks and adolescent decisions jointly shape long-term trajectories.

The remainder of the paper is organized as follows. Section 2 provides background on organized crime
in Medellin. Section 3 describes the data sources and descriptive statistics. Section 4 presents the design-
based empirical strategy and results. Section s introduces the model, estimation strategy, and results.

Section 6 discusses counterfactual policy simulations and cost-benefit analysis. Section 7 concludes.



2 Background and Data

2.1 Background

In this section, we provide background information about the city of Medellin, Colombia, and the con-
text of organized crime. We first describe the criminal shock, explaining how organized crime operated in
the city. We then introduce the Conditional Cash Transfer (CCT) program implemented in Colombia,

which we use to analyze how public policy can mitigate the effects of criminal shocks on teenagers.

211 Organized Crime in Medellin

Medellin is Colombia’s second-largest city, with a population of approximately 2.6 million. The city is
divided into 21 districts (comunas) and 256 neighborhoods. Figure 1 depicts the distribution of household
income and teenage criminal activity across the city in 2008. Panel (a) shows that the wealthiest districts
are located in the southeast, where teenage arrest rates are relatively low (Panel (b)). In contrast, the
downtown and northeastern districts exhibit higher crime rates. These areas are characterized by lower
income levels and have historically been associated with drug cartels since the 1980s and 1990s, continuing
to experience a strong gang presence today.

Organized crime began to emerge in Medellin in the late 1970s and early 1980s, primarily driven by
the rise of drug cartels. During that period, the city gained a reputation as one of the most violent in the
world. Violence peaked in the early 1990s during the war with the Medellin Cartel.

Pablo Escobar created La Oficina in the 1980s as the first “oficina de cobro” (criminal debt-collection
agency). He used it to enforce payments from drug traffickers and other criminals, often through vi-
olent means. Those who fell behind on payments risked threats, beatings, or assassination by Escobar’s
“sicarios” (hitmen). After Escobar’s death in 1993, Diego Fernando Murillo, known as “Don Berna,” took
control of La Oficina, which rose from the ashes of the Medellin Cartel.

Don Berna inherited Escobar’s drug trafficking empire and established a system of criminal gover-

nance over Medellin’s street gangs, known as “combos”. He demanded a share of their earnings in exchange

*In recent years, the homicide rate has declined substantially, falling from 87 homicides per 100,000 inhabitants in 2010
to approximately 32 in 2015 (Figure 2). For comparison, in 2015, the homicide rates in Baltimore and St. Louis were 55 and 59
per 100,000 inhabitants, respectively.



Figure 1: Distribution of Income and Criminal Activity by District, 2008
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for allowing them to extort, steal, and sell drugs. Through this centralized control, Don Berna reduced
inter-gang violence, leading to a sharp decline in homicides. This period of relative peace became known
as “Donbernabilidad,” a cynical play on the Spanish word for “governability” (Martin, 2012).

In 2008, Don Berna was extradited to the United States, creating a power vacuum that triggered a
violent struggle for control among Medellin’s gangs. Within La Oficina, two factions emerged—one led
by Maximiliano Bonilla (“Valenciano”) and the other by Erick Vargas (“Sebastidn”). Between 2008 and
2011, these groups fought for territorial dominance, sparking widespread violence across neighborhoods.
The intensity of the conflict varied geographically, depending on the presence of gangs affiliated with each

faction. Figure > shows how the city’s homicide rate nearly doubled following the onset of this gang war.



Figure 2: Homicide Rate in Medellin
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Notes. The figure shows the homicide rate (per 100,000 inhabitants) in
Medellin from 2002 to 2015. The vertical dashed line indicates the year of

Don Berna’s extradition (2008).

We interpret the 2008 conflict as a demand shock to the criminal sector. Similar to other labor mar-
kets, an external shock can shift the demand curve for labor, in this case, for criminal labor. The gang
economy in Medellin relies heavily on teenagers and young adults, who represent the majority of gang
members. This framework allows us to view the conflict as an exogenous increase in the demand for
teenage criminal labor. Because illegal labor markets are generally unobservable, we analyze the conse-
quences of this demand shock through changes in schooling behavior. Specifically, we model schooling
and crime as substitutes in teenagers’ time allocation: when the returns to crime rise, the opportunity cost
of schooling increases, leading to higher dropout rates. Figure ; illustrates this mechanism conceptually,
a rightward shift in criminal labor demand increases participation in crime and reduces schooling time.

Figure 1 presents the change in homicide rates per 10,000 inhabitants (Panel (a)) and the change in
male dropout rates (Panel (b)) before and after 2008, by neighborhood. The dots in each map indicate
gang presence. The maps show that the intensity of violence varied across neighborhoods, with the high-
est increases in areas where gangs were active. Furthermore, there is a clear spatial correlation between
increases in violence and school dropout rates, consistent with the demand-shock mechanism illustrated
in Figure ;. We detail the empirical identification of the causal effect of the criminal shock on dropout

rates in Section 4, and later use this information to construct the structural model in Section



Figure 3: Criminal Labor Market and Time Allocation
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Notes. The left panel illustrates a simplified labor market for gang members, where the demand curve shifts
rightward due to increased gang competition after Don Berna’s extradition. The right panel shows how this
shiftleads to higher criminal labor participation (I.) and reduced schooling time, as indicated by the movement

along the time allocation line.

To identify neighborhoods aftected by the 2008 Don Berna extradition, we use historical records from
Medellin’s Security Department and complement them with archives from £/ Colombiano, the city’s
largest newspaper. We classify a neighborhood as treated if, prior to the extradition, it was controlled by

gangs affiliated with either Sebastidn or Valenciano.

2.2 Conditional Cash Transfer Program

Familias en Accion is a Conditional Cash Transfer (CCT) program launched in Colombia in 2002. Ini-
tially targeted to low-income households in rural areas, the program was expanded to urban areas in 2007,
focusing on the poorest 20% of households. It provides subsidies to families with children, conditional
on school attendance and health checkups, aiming to improve health and nutrition among children un-
der seven and to foster human capital accumulation among those aged 7-17 (Attanasio et al., 2010, 2025,
2015). In this paper, we focus on the school-attendance component of the program to study how the
CCT policy interacts with criminal shocks. Conceptually, the CCT increases the opportunity cost of
engaging in crime by making schooling more financially attractive.

Eligibility for Familias en Accidn is determined using a proxy for vulnerability based on the Sistema

de Identificacion de Potenciales Beneficiarios de Programas Sociales (SISBEN), which is constructed from
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Figure 4: Changes in Homicide and Dropout Rates Before and After 2008
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the same periods. The dots indicate neighborhoods with gang presence before 2008.

household characteristics such as demographics, income, economic activity, assets, sanitation, and hous-
ing quality. During the 2007 urban expansion, the government used the SISBEN Il index (introduced in
2005), which assigns each household a score between o and 100 according to socioeconomic conditions.
Households scoring 11 or below (extreme poverty) with children aged 7-17 enrolled in school were eligible
for the program.” The subsidy amount varied by grade level: COP 15,000 (USD 4) per month for primary
school, COP 25,000 (USD 6.4) for lower secondary, COP 35,000 (USD 9) for most high school grades,
and COP 40,000 (USD 10.2) for the final grade of high school. By 2009, Familias en Accion covered
about 40% of eligible households, and in our sample approximately 8% of children were enrolled in the

program.

*Households displaced by the Colombian civil conflict or belonging to minority groups were also eligible.
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3 Data and Descriptive Statistics

3.1 Data Sources and Linkage

This paper combines multiple administrative datasets at the individual, household, and neighborhood
levels, allowing us to follow students, families, and local conditions in Medellin over time. The result-
ing panel links students’ educational trajectories to their household background, neighborhood expo-
sure to organized crime, and subsequent educational and labor-market outcomes. The linkage is possible
through Colombia’s unique national identification number (cédula de ciudadania), complemented by
names and dates of birth.

Education Records. Student-level records come from the Secretaria de Educacion de Medellin, cov-
ering the universe of students enrolled in public middle and high schools between 2004 and 2015. These
administrative data track enrollment, grade progression, and dropout decisions annually and include each
student’s residential address and school identifier. School-level characteristics—such as total enrollment,
school type, and location—are obtained from DANE’s annual School Census. This comprehensive set
of school and student records forms the core of our empirical analysis and serves as the foundation for
linking with the additional administrative datasets described below.

Conditional Cash Transfer (CCT) Program. Participation in Familias en Accion, Colombia’s
national Conditional Cash Transfer (CCT) program, is measured using administrative data from the
Departamento Nacional de Planeacion. Medellin was the first large urban area to implement the pro-
gram in 2007, providing a valuable setting to study how social policy interacts with localized violence.
Eligibility for Familias en Accidn is determined using a proxy for vulnerability based on the Sistema de
Identificacion de Potenciales Beneficiarios de Programas Sociales (SISBEN). We use data from SISBEN II
(2005), which assigns each household a score between o and 100 according to socioeconomic and living
conditions. Households with scores of 11 or below (extreme poverty) and with children aged 7-17 enrolled
in school were eligible for the program.” These data allow us to identify both program participation and

the underlying eligibility cutoff, providing rich demographic information at the household level.

+Households displaced by the armed conflict or belonging to recognized minority groups were also eligible. The program
also includes a health and nutrition component for children under seven, which we do not analyze here.
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Crime and Delinquency Data. We obtain detailed arrest records for teenagers and young adults
from the Seccional de Investigacion Criminal of the Metropolitan Police of Medellin. These administra-
tive files represent a near-census of arrests between 2004 and 2015 and include information on offense
type, date, and location. This dataset allows us to track criminal involvement for all individuals in our
sample. We complement it with homicide data from Colombia’s Vital Statistics and with official crime
reports from the Secretaria de Seguridad de Medellin. Together, these sources provide comprehensive
coverage of violent and non-violent crimes, enabling the construction of neighborhood-year indicators
of homicide rates, total criminal activity, and arrest probabilities—defined as the ratio of arrests to re-
ported crimes. Information on the presence and affiliation of gangs is drawn from the Secretaria de Se-
guridad and historical intelligence reports, cross-checked with local newspaper archives. These sources
allow precise identification of neighborhoods under gang control before the 2008 Don Berna extradition.

Postsecondary Outcomes. To examine longer-term outcomes, we link students to three additional

administrative systems:

* The Ministry of Education’s Higher Education Database (SNIES) records enrollment in all accred-

ited tertiary institutions, allowing us to track students’ transitions into higher education.

* The Planilla Integrada de Liguidacion de Aportes (PILA) provides universe-level information on
formal employment, wages, and firm characteristics for all registered workers contributing to social

security. These data allow us to follow formal labor-market trajectories.

* Informal employment is identified through self-reported data in SISBEN III among individuals
not appearing in PILA.

Linkage and Sample Construction. We construct a longitudinal dataset that tracks students from
middle school through early adulthood by linking administrative records via the unique national identifi-
cation number, cross-verified with names and dates of birth. The main analysis focuses on boys attending
public schools who entered sixth grade in either 2005 or 2006, which allows us to observe their full sec-
ondary school trajectories. These cohorts were directly exposed to the 2008 Don Berna extradition, when
they were approximately 13-15 years old.

Labor-market outcomes are available for students who began high school in 2004 or 2005, enabling us

3



to observe their early employment histories between 2009 and 2012. These transitions are used to estimate
the model’s terminal value and identify parameters associated with each choice-specific payoft. However,
these data do not allow for causal identification of the criminal shock’s effect on labor outcomes within
the reduced-form design.

Exposure to the 2008 criminal shock is measured at the neighborhood level, based on the pre-existing
presence of gang organizations. Neighborhoods that were under the control of a single gang before 2008
are classified as gang-dominated, while the remaining neighborhoods serve as controls. This classification
is fixed over time and exogenous to post-shock outcomes.

The merged dataset includes approximately 240 public schools and 54,756 students. Prior to 2008,
the average annual dropout rate was about 4 percent. Following the Don Berna extradition, homicide
rates nearly doubled citywide. By 2009, the Familias en Accion program covered roughly 40 percent of
eligible households, providing variation to examine how conditional cash transfers mitigated the edu-
cational consequences of the criminal shock. In our sample, approximately 8 percent of children were
enrolled in the program. The combination of universe-level microdata, detailed geographic identifiers,
and credible temporal variation provides a unique setting to analyze how organized-crime shocks affect

human capital accumulation and how social policy can buffer these effects.

3.2 Descriptive Statistics

Table 1, presents descriptive statistics for two cohorts of students (2005 and 2006), disaggregated by neigh-
borhood type, those with and without gang presence. The table is organized into three panels: dropout
probabilities, student characteristics, and boys’ high-school outcomes.

Panel A shows the probabilities of dropout for boys and girls. We measure these variables at the year-
student level during middle and high school. For both cohort 2005 and 2006, girls have a lower dropout
rate compared to boys. In the cohort 2005, boys have an average dropout probability of 16% and girls have
a probability of 12.5%. In cohort 2006, boys have a dropout probability of 17.5% and girls have a probability
of 14.1%. Across both cohorts, dropout rates are higher in neighborhoods with gangs compared to those
without. For example, in the 2005 (2006) cohort, boys in gang neighborhoods have a dropout probability

0f 16.4% (18.1%), compared to 15.5% (16.8%) in non-gang neighborhoods.
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Panel B summarizes key student characteristics. Students with parents who have higher education is
10% in gang neighborhoods and 14.3% in non-gang areas in 2005 cohort ( 10.0% vs. 14.8% in 2006). Nearly
77% of students in the 2005 cohort coming from low SES backgrounds, compared to 67% in non-gang
areas (79% vs. 67% in 2006). Around one third of the students attendance to high-quality schools, and
the share of students in private-voucher schools is 9.2% in gang neighborhoods and 8.4% in non-gang
areas (9.3% vs. 11.1% in 2006).

Panel C focuses on boys’ high-school outcomes. High-school graduation rates are lower in gang
neighborhoods for both cohorts, 61.3% (54.5%) in neighborhood without gangs and 58.8% (51.4%) in gang
areas, in the 2005 (2006) cohort. College enrollment is also reduced 16.2% (14.3%) in gangs areas and 20.8%
(19.1%) in non-gang areas in the cohort 2005 (2006). The proportion of boys ever arrested in school is

around 1.7% in both cohorts.

4 Design-Based Strategy

In this section, we present our design-based empirical strategy to identify the impact of criminal shocks
on teenagers’ schooling decisions. Our objective is to estimate how an increase in criminal labor demand
affects school dropout, and to assess whether Conditional Cash Transfer (CCT) programs continue to
support school enrollment in the presence of such shocks, attenuating the impact of sudden increases in
criminal activity on educational choices, or whether their effectiveness diminishes when extreme condi-

tions raise the opportunity cost of schooling.

4.1 Identifying the Effect of Criminal Labor Demand

To identify the causal effect of changes in criminal activities on teenagers’ decisions, we exploit the ex-
tradition of Don Berna, Medellin’s top gang leader in 2008. This unexpected event triggered a violent
struggle for territorial control, generating a sudden positive shock to the demand for criminal labor. In
this framework, schooling and crime are substitutes in the allocation of teenagers’ time: as the expected
returns to crime rise, the opportunity cost of remaining in school increases, leading to higher dropout.

While we cannot directly observe criminal wages, schooling decisions provide a revealed alternative mar-

15



Table 1: Descriptive Statistics

Cohort 2005 Cohort 2006

No gangs Gangs No gangs Gangs

Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. Mean Std. Dev.

Panel A. Dropout Probability

Dropout Probability Boys 0.155 0.362 0.164 0.371 0.168 0.374 0.181 0.385
Dropout Probability Girls 0.120 0.325 0.128 0.334 0.135 0.342 0.146 0.353
Observations 56915 75710 61785 79370

Panel B. Student Characteristics

Parents with Higher Education  0.143 0.350 0.103 0.304 0.148 0.356 0.100 0.300
Low SES Households 0.665 0.472 0.768 0.422. 0.669 0.470 0.789 0.408
High-Quality School 0.341 0.474 0.322 0.467 0.333 0.471 0.298 0.457
Private-Voucher 0.084 0.277 0.092 0.290 0.093 0.290 0.111 0.314
Percent of Male (%) 48.4 47.8 48.0 47.3
Observations 11383 15142 12357 15874

Panel C. Boys’ High-School Outcomes

High-School Graduation 0.613 0.487 0.588 0.492 0.545 0.498 0.514 0.500
College Enrollment 0.208 0.406 0.162 0.368 0.191 0.393 0.143 0.351
Ever Arrested in School 0.016 0.125 0.017 0.130 0.020 0.141 0.014 0.117
Observations 5505 7240 5930 7501

Notes. Panel A shows the probabilities of dropout for boy and gitls, at the year-student level during middle and high
school. Panel B shows students characteristics at the student level sample includes both girls and boys. Panel C shows
average outcomes at the end of high school for boys only.

gin of adjustment, since teenagers allocate their time between education and participation in the criminal
sector.

Our empirical design builds on the intuition of shift-share strategies (Borusyak et al. (2022), BH]J here-
after). The Don Berna extradition represents a common shock to the criminal sector; while pre-existing
gang presence provides exposure shares that determine the intensity of local treatment. Neighborhoods
with gangs before 2008 were more exposed to the shock because those gangs faced sudden territorial dis-
putes, creating an exogenous surge in demand for adolescent recruits.

We construct exposure as a binary share equal to one for neighborhoods with documented gang pres-

ence before 2008 and zero otherwise. Identification does not require gang exposure to be exogenous (BHJ

16



2022). Instead, what is crucial is that the shock itself is quasi-random: the timing of the extradition was
an unforeseen policy event, orthogonal to local dropout trends. This shift-share framework converges
to a standard Difference-in-Differences representation, as shown by BHJ (2022), who show that shift-
share instruments can be equivalently expressed as a DiD design with shock-level variation providing the

quasi-experimental source of identification. We implement this logic in a two-way fixed effects approach:

)/ilt = ﬁ(Gangsl X DBEt) + XiltOé -+ (915 + 91 —+ €1t (I)

where Yj;; is an indicator for dropout of student ¢ in neighborhood [ at time . Gangs; indicates
pre-shock gang presence, and D B E is a binary variable equal to one in the period after the Don Berna
extradition. X is a vector individual and household controls. 6; and 0; are time and neighborhood fixed
effects, respectively. Fixed Effects capture permanent neighborhood differences and common year shocks.

In the shift-share framework, identification relies on the exogeneity of the shock rather than the ex-
ogeneity of exposure. Nevertheless, including rich controls can improve the credibility and precision of
the estimates. In our setting, gang presence before 2008 may be correlated with student and household
characteristics thatalso predict dropout. We therefore include controls for parental education, age, house-
hold socioeconomic status, school quality, and whether the school is public or private-voucher. These
variables capture key dimensions of heterogeneity in educational outcomes, ensuring that our estimates
reflect the additional effect of the criminal shock rather than baseline differences across neighborhoods
and schools.

The coeflicient of interest, 3, captures the average effect of the criminal demand shock on dropout.
Identification relies on a parallel trends assumption: absent the extradition, dropout trends in neigh-
borhoods with and without gangs would have evolved similarly. This assumption is plausible because
(i) gang presence was measured prior to 2008 and hence predetermined, and (ii) the extradition was an
unexpected, externally imposed policy event.

While our primary focus is on boys, who are the main target of gang recruitment in Medellin, analyz-
ing girls provides a useful counterfactual. If the increase in dropout following the Don Berna extradition
reflects generalized violence, we would expect similar effects for both genders. By contrast, if effects are

concentrated among boys, this points to recruitment into gangs as the operative mechanism rather than
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a broad deterioration of local security conditions.” Evidence from Colombia and other conflict settings
suggests that boys are disproportionately drawn into armed groups, while girls often experience violence
in different, non-recruitment forms. Therefore, contrasting boys and gitls allows us to sharpen identifi-

cation of the mechanism through which criminal demand shocks affect schooling decisions.

4.1.1  Results at neighborhood level

We start by showing the effect of the shock at the neighborhood level. We estimate equation 1 using
neighborhood-level data, where the outcome variables are the homicide rate per 10,000 people, the aggre-
gate criminal rate per 1,000 people, and the arrest probabilities. The homicide rate captures the intensity
of violent conflicts between gangs following the extradition. The aggregate criminal rate reflects overall
criminal activity in the neighborhood, while arrest probabilities indicate law enforcement effectiveness.
The results are shown in Table >. Column (1) shows that the homicide rate increased by 16.6 per 10,000
inhabitants relative to the pre-event mean in control neighborhoods. Column (2) indicates that the ag-
gregate crime rate rose by 1.8 crimes per 1,000 inhabitants in treated neighborhoods compared to con-
trols. Finally, Column (3) shows that the probability of arrest decreased by 9 percentage points in treated
neighborhoods. Taken together, these results suggest that the extradition intensified gang conflicts, fuel-
ing higher violence and criminal activity, while simultaneously weakening law enforcement effectiveness,

as reflected in the decline in arrest probabilities.

4.1.2  Gang’s recruitment effect on dropout

We next estimate how the criminal shock affected school dropout, exploiting heterogeneity both across
gender and cohorts.To do so, we estimate equation (1) at the individual level, with the dependent vari-
able indicating whether student ¢ in neighborhood [ dropped out in year ¢. The contrast between boys
and girls is central to our interpretation. Boys were the primary target of gang recruitment, while girls
were mainly exposed through generalized violence and community-level insecurity. If dropout rates rise

for both genders, the mechanism is likely generalized violence. By contrast, if effects are concentrated

SDell and Querubin (2018) use a similar logic in the context of U.S. military operations in Vietnam. They show that
boys and men were disproportionately affected through recruitment and militarization, while outcomes for girls serve as a
counterfactual capturing generalized exposure to violence rather than targeted recruitment.

18



Table 2: Neighborhoods Eftects

Homicide Rate Criminal Rate  Arrest Probabilities

Gangs; X DBE; 16.61* L76** -0.09™**
(10.05) (0.77) (0.03)

Observations 1968 1968 1968

Mean Dep. Var. 23.12 16.49 0.26

Notes. All regressions includes time and neighborhood fixed effects. Control variables
includes: share of men in the neighborhood, average SES in the neighborhood, propor-
tion of formal worker, and education level at the neighborhood level. *** p < 0.01, **
p<0.05*p<0.1

among boys, this points to targeted recruitment as the key channel. In this sense, girls provide a natural
counterfactual group to rule out explanations based solely on a general deterioration of neighborhood
safety.

In addition, we explore heterogeneity across student cohorts, since the timing of exposure relative to
the schooling cycle is critical. Recruitment is most intense during the middle school years, when adoles-
cents are more likely to be convicted to engage in gangs. We therefore compare cohorts who were 13-14
years old (8th grade) and 14-15 years old (9th grade) at the time of the extradition. These groups were at
the peak ages for recruitment, and thus most likely to show effects if the mechanism operates through
increased demand for adolescent gang members.

Table ; presents the overall estimates for boys and girls and the two cohorts. Consistent with the
recruitment hypothesis, we find large and statistically significant effects on boys’ dropout rates, whereas
the estimates for girls are small and statistically indistinguishable from zero. Importantly, a formal test
rejects the equality of coefficients across genders, reinforcing that the shock had markedly different effects
on boys and girls. This divergence provides strong evidence that the main mechanism linking the shock to
educational outcomes is targeted gang recruitment, rather than a broader deterioration of local security
conditions.

To further explore the timing of exposure, we estimate a dynamic version of equation 1, restricting

the sample to boys. Specifically, we replace the post-shock indicator with a set of leads and lags relative to
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Table 3: Difference between Girls and Boys Dropout Effects

Cohort 2006 Cohort 2005

ATT boys 0.024 0.024
(0.006) (0.007)
ATT girls -0.001 -0.006
(0.006) (0.007)
Dif ference 0.025 0.030
p — value (0.000) (0.000)
N 141,155 132,625

Notes. All regressions include time and neighborhood fixed ef-
fects. Control variables includes: parental education, age, house-
hold SES, school quality and whether the school is public or

private-voucher. Cluster standard errors by neighborhood in

parentheses.
the year of the extradition, normalizing ¢ = —1 as the reference period:
Y = Z Br(Gang x 1{t =71}) + Xpya+ 0, + 0, + e (2)
T#—1

Figure 5 plots the coefficients 3, with 95% confidence intervals for the 2005 and 2006 cohorts. The
estimates show no evidence of differential trends in dropout before the shock, pattern consistent with our
identification assumptions. After the extradition, dropout among boys rises sharply, with effects concen-
trated in the younger cohorts. For the 2005 cohort (ages 14-15), dropouts increase by nearly 2 percentage
points in the years following the shock. The effects are even larger for the 2006 cohort (ages 13-14), where
dropouts rise by more than 3 percentage points within two years of exposure.

To assess whether the effects of the shock persisted beyond high school, we extend the analysis to
transitions into higher education. We define a "dropout from the education system"” as the probability
of not enrolling in any postsecondary institution after completing high school. Figure ¢ shows the dy-
namic effects for the 2005 and 2006 cohorts of boys, using the same specification as before but adding
an additional period that captures the (no) transition to higher education. The estimates show that the
dropout rate from the education system increased by about 4 percentage points in cohort 2006 and 2.3

percentage points in cohort 2005. These findings indicate that the shock’s impact on schooling decisions
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Figure 5: Event Study Dropout Rate
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Notes. Figure shows the estimated coefficients /3, from equation > with 95% confidence intervals. Cohort

2005 includes students who started 6th grade in 2005, while cohort 2006 includes those who started in 2006.

persisted beyond secondary education, consistent with a long-term reduction in human capital accumu-
lation. In particular, the results suggest that the extradition shock not only increased the likelihood of
leaving school during adolescence but also lowered enrollment in higher education institutions, with po-

tential implications for future earnings and labor market trajectories.

Figure 6: Event Study Dropout Rate from the Education System
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Notes. Figure shows the estimated coefficients 3, from equation 2 with 95% confidence intervals. HE indi-

cates the (no) transition to higher education after high school completion.

To assess the robustness of our findings and provide further support for our identification strategy,

we conducted two complementary exercises. First, we implemented a synthetic difference-in-differences
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approach (Arkhangelsky etal., 2021). This method constructs a weighted synthetic control for the treated
cohort such that pre-treatment trends are forced to align, thereby relaxing the standard parallel-trends
assumption and providing a more credible counterfactual. Appendix Figure 10 present the results for the
2005 and 2006 cohorts, showing that the synthetic control closely tracks the pre-treatment dynamics.
Second, we conducted a placebo exercise in which we re-defined the timing of the treatment to 2006 and
re-estimated our main specification (Table 3) for boys. Appendix table 1o reports the results, the estimated
placebo coefficients are small and statistically indistinguishable from zero, suggesting that our findings are

not driven by spurious shocks or difterential pre-trends.

4.2 Do CCTs Sustain Enrollment When Criminal Labor Demand Rises?

Conditional Cash Transfer (CCT) programs have been widely documented as effective instruments to
promote school attendance and human capital accumulation (Attanasio et al.,, 2010, 2025; Todd and
Wolpin, 20065 Djebbari and Smith, 2008). Their role is particularly salient under conditions of extreme
shocks. Following the framework of social insurance (Fiszbein and Schady, 2009), CCTs may attenuate
the adverse effects of shocks by raising the relative return to schooling and offsetting sudden increases
in the opportunity cost of education. In this setting, the critical question is whether CCTs continued
to mitigate dropout during the surge in criminal recruitment following the Don Berna extradition, or
whether their effectiveness diminished under these conditions.

To examine this, we estimate the following specification:

Y} = Z SL(OCT; x 1{t = 7}) + v Eleg; - Post, + 5 Sisben; - Post, + 0; + 0, + i,
o (3)
for | € {Gangs, No Gangs}

where Y/, is an indicator for dropout of student i and year t, and C'CT; denotes participation in the
program. The specification includes individual fixed effects (6;) which absorb all time-invariant differ-
ences across students, and year fixed effects (¢;) which capture common shocks. We also include an indi-

cator for eligibility (£leg;), defined as having a SISBEN score < 11, as well as the continuous SISBEN
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score (Stsben;), interacted with Post,, to flexibly capture continuous variation in household vulnerabil-
ity. While identification with only individual and year fixed effects would rely on within-student changes
in program exposure, including eligibility and SISBEN score is crucial in our context. Because program
access is explicitly tied to the SISBEN threshold (< 11), and because SISBEN captures time-varying
household vulnerability, omitting these variables risks conflating the program’s effect with underlying
poverty dynamics. By conditioning on both eligibility and the continuous SISBEN score, we ensure that
identification comes from within-student changes in participation around the eligibility rule, rather than
from systematic differences in dropout risks across households. In the similar fashion as equation (3), we
implement a synthetic DiD approach (Arkhangelsky et al., 2021) to impose parallel pre-trends (Appendix
Figure 11). In all exercises, the estimated effects remain large and statistically significant.

The event-time coefficients 0, in equation (3) capture dynamic eftects relative to the year prior to
program introduction. We estimate this specification separately for neighborhoods with and without
pre-shock gang presence to compare the program’s effectiveness in attenuating the criminal shock in gang
and non-gang neighborhoods. Figure 7 presents the results. Across both the 2005 and 2006 cohorts of
boys, CCT participation substantially reduces dropout rates. The estimated effects range between 12 and
16 percentage points, between 25 and 40 percent of the average dropout rate. Importantly, the estimated
impacts are very similar across gang and non-gang neighborhoods in all years, including 2008 (period
t = 1 in figure 7), the year of the extradition of Don Berna, suggesting that the effectiveness of the
program did not diminish in the presence of increased demand for adolescent recruits.

Our identification assumption may fail if CCT participation is correlated with unobservables, time
varying household characteristics that also affects dropouts. To address this concern, we complement our
baseline estimates with an instrumental variables (IV) approach that exploits the program’s assignment
rule. Specifically, we implement a Regression Discontinuity Design (RDD), where we use program el-
igibility (the SISBEN threshold of 11) as an instrument for program participation into the program to
correct for potential endogneity in take-up. We estimate this IV specification controlling by SISBEN
score polynimials and on three symmetric score windows around the threshold: [o, 22], [3,19] and [6,16].

The IV parameters identify a local average treatment effect (LATE) for compliers at the SISBEN
threshold within each badwidth. Identification requires that elegibility strongly predicts CCT take-up,
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Figure 7: CCT Effects on Dropout Rate by Gang Presence
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Notes. Confidence Intervals at 95%. Line at 0 indicates the year of CCT introduction, line at 1 label as DBE,

indicates the year of the Don Berna Extradition.

which in our data is around 52% and highly statistically significant, and the elegibility affects dropout only
through program participation.” The estimates, table 4, confirm that CCT participation significantly re-
duces dropouts, with effects ranging from 12 to 55 percentage points across cohorts and bandwidths. The
results are also larger in magnitude than the above estimation, which is consistent with the IV captur-
ing the impact on marginal households near the eligibility cutoff, that is, students at the dropout mar-
gin, who experience larger gains from program participation. These findings reinforce our main results,
demonstrating that CCTs effectively sustain school enrollment even in the face of increased criminal labor

demand that elevates opportunity costs of education.

4.3 From the Design-Based to the Structural Model

We find that the extradition of Don Berna had a significant effect on school dropout rates and that Con-
ditional Cash Transfer (CCT) programs offer an effective mechanism to mitigate the impact of this shock
on children’s involvement in crime. While the design-based results credibly establish that crime shocks
increase dropout and that CCTs alleviate part of this effect, the structural model serves as a necessary

complement by providing a deeper understanding of the underlying behavioral mechanisms and en-

®The exclusion restriction is supported by the institutional rollout of the program. Medellin was one of the first cities
included in the national expansion of CC'Ts, and households were not aware in advance that the program would be introduced.
Atthe time, the SISBEN cutoff of 11 was used exclusively to determine eligibility for the transfer and was not tied to other social
programs or benefits.
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Table 4: Local Average Treatment Effect of CCT on Dropout (RDD/2SLS)

Cohort 2005 Cohort 2006

Window [0,22] Window [3,19] Window [6,16] Window [0,22] Window [3,19] Window [6,16]

Panel A. First stage: CCT on Eligibility

Below cutoff 0.508 0.531 0.695 0.502 0.515 0.630
(0.031) (0.035) (0.077) (0.030) (0.035) (0.078)
Observations 33305 29375 20455 36345 32000 22635

Panel B. Reduced form: Dropout on Eligibility

Below cutoff -0.106 -0.134 -0.244 -0.056 -0.118 -0.345
(0.033) (0.043) (0.081) (0.032) (0.042) (0.079)
Observations 33305 29375 20455 36345 32000 22635

Panel C. 2SLS: Dropout on CCT

Effect of CCT -0.209 -0.253 -0.350 -0.112 -0.229 -0.548
(0.064) (0.080) (o.115) (0.063) (0.081) (0.132)
Observations 33305 29375 20455 36345 32000 22635

Notes. All regressions include time and student fixed effects. Panel A presents the first stage estimates. Panel B presents the
reduced form estimates, using the elegibility directly into the dropout equation. Panel C presents the RDD/2SLS estimates,
which identify the causal effect of CCT on dropout rates. Cluster standard errors by student in parentheses.

abling counterfactual policy analysis that the design-based approach alone cannot offer. The structural
model provides a formal framework to analyze and estimate teenagers’ forward-looking decisions regard-
ing school enrollment and participation in criminal activities over time in the presence of gangs.

By modeling forward-looking behavior, we are able to estimate how teenagers value future outcomes
and formally specify the adulthood transition—the final, long-term decision stage that depends on the
cumulative outcomes of earlier schooling periods. Linking early choices to later outcomes is essential
to quantify how middle- and high-school decisions shape long-term trajectories such as pursuing higher
education, entering formal or informal employment, or continuing in crime as adults. Finally, a key ad-
vantage of the structural model is that it allows us to conduct counterfactual policy simulations that

extend beyond the scope of design-based estimates.

25



s Model

In this section, we describe a dynamic discrete choice model of teenagers’ decisions to either enroll in
school or participate in crime. The model is structured in two stages: the first covers the school years, and
the second captures the transition to adulthood. It begins in middle school and spans the period leading
up to the first transition into either the labor market or higher education. We build the model following
the structure of Fu et al. (2022).

Our objective is also to estimate the value associated with gang presence in a neighborhood and how it
affects school enrollment and criminal participation. Additionally, we model the effect of school subsidies

by including them directly in the utility of schooling.

5. Primitives

There are L neighborhoods. Each neighborhood, [, has difterent average household income, crime rates,
arrest probability, and presence of gangs.

Endowment. A teenager, %, is endowed with a vector of family background X, neighborhood [;,
school characteristics k; and discrete type 1;. One knows his type but it is unobserved for the researcher.
We model this as a logistic function, which depend on one’s endowment, and neighborhood character-
istics:

Pr(nilxﬁkaXli) = \I](Xi7in7Xli) (4)

Choices. In the school stage, expect when one is in jail which unable them to make choices, a teenager
decides whether or not to enroll in school (s;;) and whether or not participate in crime activities (c;;):
(s,¢) € {(0,0),(1,0),(0,1),(1,1)}. These choices represent: attending school only (1,0), engaging
in crime only (0, 1), or doing both simultaneously (1, 1) or doing neither of them (0, 0).

In the adulthood transition, which is the final period and the teenager is done with high school, ei-
ther graduated or dropped out. Individual choices between attend to college, work in the formal sector,
informal sector, or crime. This extension is important since it will allow us to analyze how early decisions
affect the labor market path of young adults. We estimate the model using indirect inference to recover

the parameters governing the distribution of preferences, grade progression, and unobservable types. Us-
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ing the design-based estimates we can estimate changes in the criminal payoft and the impact of CCTs on

schooling incentives.

s.L.1 Grade Progression and Human Capital Accumulation

If one decides to go to school, he will progress to the following grade with probability:

exp(o
P(Qit—i—l = 1‘Xi>77i>XkaSit) = HT(]?EQ;) (s)
g

The probability of approval depends on one’s endowment, school characteristics, and current ap-
proved grade level S;;. If one does not go to school, he will not progress to the next grade, i.e., git+1 = 0.
At the end of the school stage, one will have reached a human capital level G;7, which depends on the

maximum grade reached and whether or not he was arrested during the school years.:

(1—=6)Sir—1 ifJip—y >1
Gir = (6)

SiT—1 if ir—1 =0

where S;p_ represents cumulative schooling at the end of high school and ¢ captures the human
capital depreciation due to arrest.

If one decides to participate in crime, he faces a probability of being arrested, p;,, which change by
neighborhoods. For identification reason we need to assumed that everyone in the neighborhood face the
same probability of being arrested. We calculate it using neighborhood-level crime and arrest data, as the
ratio of the aggregate arrests over crimes in that neighborhood. We assume that the sentencing length 7
is drawn from an order probit distribution that depends on the age and criminal record of the teenager.

During the time in jail, one can not make choices.

s.2 Teenager’s Problem

The teenager’s problem at school stage ¢ < ", unless he is in jail which unable them to make choices, is:
Vi(Qi) = maz ey {Vi ()}
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Where Vt(s’c) are the specific-choice value functions. We define the school stage value functions first,

and then the adulthood transition value functions, which are the terminal values at time 7.

s.2.x  School Stage Value Functions

o (sit, cir) = (0,0):
Vt(o’o)(ﬂit) = 61(1?’0) + BEVit1(Qir41) 7)

1. P . 0,0) . . . .
where the mean utility of being inactive is normalized to zero, egt ) is the choice specific shock, and 3 is

the discount factor. The expectation is taken over the distribution of €;;1.
o (st i) = (1,0):

V}(l’o)(ﬂz‘t) :US(sz Ny Xk Subsidy;y, dz(tl’l), Git, Jit—l) - Cb(l - Sit—l) + 653’0)

- (8)
+ 5 Z Pr(gi=1 = q|Xi, Xi, ) EVig1(Qit41)

q=0

Where U* is the flow utility of attending school, which depends on one’s endowment X;, type 77;, and
school characteristics X ;. We include the subsidy to capture the additional benefits of school attendance
for the teens with the subsidy. Criminal participation affects the utility through the cost of engaging on
both activities. To capture some possible stigma effects, we allow the utility of depend on whether or not
the teen is repeating a grade (1 — ¢;¢), and on his criminal records J;; 1. ¢ captures the cost of re-enrolling

in school if not enrolled in the previous period.

o (8i,cit) = (0,1):

Vt(o’l)(Qil) =" + ac1Gangs;, + ac2(Gangs;, x DBE,) + o3 DBE, + el(.?’l)

+ (1= pi)[UT(X;, X3,) + BE Vi1 (Qiry1)] (9)

+ pi; ET[Ujail(Jit—l) + 6T+1E€%+T+1<Qit+T+l)]

Each teenager receives a type-specific utility for criminal participation (y;,). To capture the change

in the utility of participating in crime after the Don Berna extradition, we include the interaction term
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between gang presence and the time after the extradition (D B E}), in the reduced-form way. If one is not
arrested, with neighborhood-specific probability (1 — p,), he will get additional reward U/™*¢(X;, X.),
and proceeds to the next period without criminal records. With probability p;;, he is arrested and serves
a jail time (7 > 0) draw from a distribution that depends on his age and criminal record. The utility
of being arrested is U7*"(.J;;_1 ), which depends on his criminal history. while in jail, one cannot make
choices. After serving his time, he will return at time £ + 7 + 1 when he is out of jail and proceeds with
an updated criminal record.

We model the utility of not being arrested as a function of neighborhoods crime rate (CrimeRate;, ),
individual age, neighborhood average income (middle income, MidInc;,; and high income HighlInc;,)

and their own family income (low income Family Lowy), as follows:

Ulre(X;, X;,) = ae4CrimeRate;, + a.sage;
+ MidIncy, (o + o7 FamilyLow;) (10)

+ HighlInc,(oes + aegFamily Low;)

If one is arrested, the utility of being in jail depends on his criminal history, as follows:
U7 (Ji—1) = pa + p2(Ji—1 = 0) (1)

where fi; is the mean disutility of being arrested, and p» captures the additional cost of being in

arrested for the first time.
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o (si, i) = (1,1):

Vt(l’l)(Qit) = US(Xi, iy Xk, Subsidyy, dz(tl’l)>gz’t7 Jitq) - ¢(1 - Sitfl)

+ Y, + ac1Gangs;, + aco(Gangs;, x DBE,) + a.3sDBE; + €
1

+ (1= p) U7X, X3,) + Z Pr(gi=1 = q|Xi, Xk, 0:) BEVi1 (Qir41)]

q=0
+ plET[Ujail(Jit—l) + /8T+1Ee%+7+1(9it+7+1)]
(12)

When engaging in both activities, ones enjoys the flow utility from both (lines 1 and 2 of (15)). If not
arrested, one will get the additional reward from crime and proceed to the next period with the possibility

of grade progression (line 3 of (15)). The last line describe the utility if arrested.

5.2.2 Adulthood Transition Value Functions

At time T', the choice set in the adulthood transition depends on the completion of high school. If one
graduated from high school, he can pursue higher education or enter the labor market. While for those

who did not graduate, higher education is not an option. The terminal value of each choice is:

Vet (Qur) = USRS 5 Q) (13)

Where U he-cwfwi) jg the choice-specific utility of each option. We define each of them below.
Higher education ((he;r, ¢, w fir, wi;r) = (1,0,0,0)):

UZ-(%’O’O’O) = (X, i, X, Jir—1) + ef!‘p’o’o’o) (14)

The utility of attending to college is a function of the individual background and type 7, the high

school characteristics and his criminal record.

Work formal ((he;r, cir, w fir, wi;r) = (0,0,1,0)):
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U'(O,O,l,o) — ln(wy) — fwf(Xla i, Xk"i) GiT) JiT—l7 S’iT—l) -+ 6(%0?170) (IS)

K3 3

The utility of working in the formal sector is the wage of the job, which is a function of the individual
background characteristics X;, type 7;, high school characteristics X}, ,human capital G, and criminal

record. We also include a premium for graduation of high-school (S;7—1 = 11).
Work informal ((heiT7 CiT, IUfiT, leT) = (O, O, 07 1)):

U = ln(w%) = fwi(Xz', Niy Xkis Giry Jir—1, Sir—1) + 65%0’0’1) (16)

)

Similar than the formal sector, the utility of working in the informal sector is the wage of the job,
which is a function of the individual background characteristics X, type 7, school characteristics Xy,

human capital G, and the criminal record J7_1.

5.3 Estimation and Identification

We pre-set the annual discount factor 3 = 0.9". We assume all teenagers in the same neighborhood face
the same arrest probability, we calculate it using neighborhood-level crime and arrest data, as the ratio of
the aggregate arrests over crimes in that neighborhood. We assume that the sentencing length 7 is drawn
from an order probit distribution that depends on the age and criminal record of the teenager.

We estimate all other model parameters using indirect inference, which allows us to match the model’s

predictions to the observed data patterns.

O = {aschoola Acrime; Y, Apg, TPy, 57 Acollege7 Acm’me; )\formala Az'nformal; )\wz} (17)

The vector © contains all the parameters to be estimated, which include the parameters governing
preferences (utility of school (0tscpo001), utility of crime (Qt¢rime)), the type-specific criminal tastes (), the

distribution of the unobserved types (7 p,,), and grade progression (a py), the human capital depreciation

7We follow Fu et al. (2022) for these decision, Imai and Krishna (2004) estimated an monthly discount factor of 0.99,
which is equvalent to 0.89 annually.
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due to arrest (6), and the parameters of the choice-specific payoffs in the adulthood transition: college
(Aeotege)s crime (Aepime), ormal work (A ormar) and informal work (A forma)-

The estimation is done in two steps. In the first step, we use the actual data to calculate auxiliary
models that will be used to estimate the parameters of the model (O). In the second step, to solve the
model for each neighborhood separately, in that way we can reduce the state space and solve the problem
using Rust (1987) approach. Then we simulate all neighborhoods together, creating N * P(n; = 1)
copies with type 1and N * (1 — P(n; = 1)) copies with type 2 for each individual. Finally, we calculate
the moments and auxiliary models, and simulate until converges. The estimation is done by minimizing

the distance between the simulated data and the actual data. The parameter estimator is the solution of:

A — —

O = argmine |(B(©) — B)W(B(©) — B) (18)

Where B(6) denote the corresponding auxiliary model parameters obtained from the model, B de-
note our chosen set of auxiliary model parameters computed from actual data, and W is a weighting

matrix.

Identification

The model is identified through a set of auxiliary models, each informative about key structural param-
eters. Below, I outline the main parameters we aim to identify and the auxiliary models used in the esti-
mation.

To identify the unobserved types, we leverage the dynamic structure of the model. Specifically, we
exploit the fact that children with similar observable characteristics often make different choices over
time. To capture this, we estimate conditional probabilities of persistent choices across periods, dropout
and graduation rate distributions, arrest rates, and the mean of log wages in the labor market.

The change in the criminal payoft is identified through the change in dropout rates following the
Don Berna extradition. We apply a difference-in-differences estimator to isolate the impact of the criminal
shock on dropout behavior. This change provides key variation for identifying the model, and we use the
auxiliary model to back out the parameters driving the observed shifts in choices.

The dropout decision depends on the subsidy, criminal payoft, and the characteristics of the teenager
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and their school. To identify parameters associated with the utility of being in school, we estimate a
dropout regression using the subsidy and background characteristics. We also estimate neighborhood-
level transition rates to capture persistence in school and crime choices over time. Furthermore, we use
the proportions of kids enrolled in school and arrested at each period to help identify dynamic choice
probabilities.

To identify the number of youth choosing crime, we rely on the model-implied conditional choice
probabilities and observed neighborhood-level arrest rates. Under the assumption thatall kids in the same
neighborhood face the same arrest probability, we can recover the probability of choosing crime as the
ratio of observed arrests to the probability of arrest conditional on choosing crime.

To capture the depreciation of human capital due to arrest, we examine variation in log wages among
individuals with similar education levels but different arrest records. We also estimate a Mincer-type earn-
ings equation to quantify the return to education and the penalty associated with a arrest record. These

results are used in an auxiliary model to inform the reward structure for work choices in the model.

5.4 Results

5.4.1 Parameter Estimates

Table 5 presents the estimated parameters for both school and crime utility functions, and the human
capital depreciation parameter. Panel A shows the parameters for the utility of schooling. Low-income
are students in the lower income bracket, while high educated parents are those with any higher education.
Age is the age of the kids at the beginning of the model. High-quality schools are those in the top 25%
of the quality distribution, while private(voucher) represents kids in private school payed by the voucher
system. Grade repetition represents the cost that student has by repeating a grade, and re-enrollment
captures the cost of come back to school for students who were not enrolled in the previous period.
Arrest history indicates whether the student has been previously arrested. Grade level is the current grade
of the student, and subsidy indicates whether the student receives a CCT subsidy. The interaction term
e = 1, c = 1 captures the additional cost of engaging in both activities simultaneously.

For the utility of crime, Panel B shows the parameters. The first four parameter represents the reduced-

form of the criminal shock affter Don Berna extradition. The intercept captures the baseline utility of
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Table 5: Estimated Parameters: Utility of School and Crime

A. Utility of School B. Utility of Crime

Parameter Coefficient SE Parameter Coefficient SE
Qus1 : intercept 47733 0.0008 Quel: intercept 0.04533 0.0008
as2 : low income -1.2831 0.0004 Quea: gangs 1.0150 0.0005
53 : high edu parents 0.0937 0.0005 ac3: DBE 1.7766 0.0005
Qagq tageatt =0 1.8183 0.0005 Qcq: gangsX DBE 9.4665 0.0007
as5 - high quality school 0.5327 0.0005 Quesicrime rate L1I4S 0.0000
Qg6 : private(voucher) -2.8765 0.0005 ac6: MidInc 1.9689 0.0006
ast : Type=2 4.2200 0.0001 ae7: Highlne -1.5668 0.0004
ousg : grade repetition -2.1691 0.0003 aeg:ageatt = 0 -1.1109 0.0003
Qg9 : re-enroll -3.2991 0.0003 a9 : MidInc X low income 0.8167 0.0004
aus10 : Arrest history -1.9926 0.0004 ac10 : HighInc X low income 151748 0.0010
as11 : Grade level 1.6485 0.0010 Y1 6.7214 0.0005
as12 : Subsidy 43549 0.0010 Y2 13594 0.0000
as13:e=1,c=1 -19.9804 0.0000

Human Capital: 1) 0.21 0.0234

Notes. Table presents the estimated parameters for the utility of school (Panel A) and utility of
crime (Panel B), and the human capital depreciation parameter. SE are in the second column.

engaging in crime. Gangs represent the presence of gangs in the neighborhood, DBE is a dummy for the
period after the Don Berna extradition, and the interaction term between gangs and DBE captures the
change in the utility of crime after the extradition in neighborhoods with gang presence. Crime rate is the
overall crime rate in the neighborhood. MidInc and HighlInc are dummies for middle- and high-income
neighborhoods, respectively. Ageat? = 0 is the age of the teenager at the beginning of the model. The in-
teraction terms between neighborhood income and family low income capture how family income affects
the utility of crime depending on neighborhood income. Finally, v; and +y, are type-specific parameters
capturing unobserved heterogeneity in criminal tastes. Overall, the estimates show that type 1 individuals
have a much higher intrinsic utility for crime than type 2 individuals, and type 2 enjoys school better.

The human capital depreciation parameter (6 = 0.21) indicates that arrest and incarceration lead to
a substantial 21% reduction in accumulated human capital, highlighting the long-term costs of criminal
involvement during the school years.

Table ¢ present the estimated parameters, for type probabilities, grade progression probabilities, the
terminal value functions are in the appendix. We include additional individual characteristics to explain
the probability types, such as being an only child, number of siblings, single parent, or living with adults
who are not their parents. We also complemented the school characteristics, with morning shift, school in

Colombia can be either morning or afternoon shift,and only male school. Neighborhood characteristics
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include crime rate and gang presence. For the grade progression we use a smaller set of individual and

school characteristics and the individual type.

Table 6: Estimated Parameters: Type Probability and Grade Progression Probability

A. Type Probability B. Grade Progression Probability

Param Est. SE Param Est. SE
71: intercept 113305 0.0006  aj:intercept 0.0203  0.0005
7r2: low income 19772 0.0006  a2:lowincome 0.7156 0.0003
m3: high edu parents -0.0141 0.0001  ag3: high edu parents  -0.9481  0.0002
mq:ageatt =0 -0.6399  0.0009 ag4:ageatt =0 0.3543 0.0005
75: only child -0.1420  0.0006  as: high quality 0.4390  0.0005
mg: one sibling -0.3906  0.0004  ag: private(voucher)  0.4674  0.0002
77: more than onessibling  -0.6484  ©0.0004  ar7:type2 0.1958 0.0000
mg: single parent 2.4701 o.0010  ag: Grade level -0.0431 0.00I15
T9: non parents 4.3025 0.0006  Og LIGI 0.0005
m10: high quality 0.5736 0.0009

711: private(voucher) 0.0643  0.0007

7r12: morning school -0.1379  0.0008

713: only male school -0.3846  0.0009

T14: neighborhood crime 0.0450 0.0004

T15: gangs -0.8832 0.0001

Notes. Table presents the estimated parameters for the type probability (Panel A)
and grade progression probability (Panel B).

5.4.2 Model Fit

Figure ¢ plots the simulated and observed moments we use to estimate the model. Moments include
average choice per period, dropout rate, arrest rate, and graduation rate. As well as distribution of choice
and grade attainment at the end of high school by individual characteristics. We also include terminal
choice probabilities, and the design based estimates, among others.

The model makes a fair job fitting the data, capturing the main patterns in the data. However, there

is still room for improvement.

6 Counterfactual Analysis

We use the model to assess the role of subsidies and endowment characteristics in shaping high school
outcomes across neighborhoods. We then conduct three policy simulations targeting the most disadvan-

taged students in different types of neighborhoods.
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Figure 8: Model Fit

Notes. Figure presents the model fit. The x-axis presents the actual data
moments, while the y-axis presents the simulated moments from the es-

timated model. The 4s5-degree line is included for reference.

6.1 Value of Subsidy and Endowment Characteristics

To evaluate the importance of subsidies and endowment characteristics, we classify students into three
socioeconomic groups: disadvantaged, middle, and advantaged. The classification is based on family
background. Disadvantaged students are those with low income and low parental education; middle
students have either low income and high parental education or high income and low parental education;
and advantaged students have both high income and high parental education.

We begin by simulating a counterfactual scenario in which subsidies do not exist and compare high
school outcomes across the three groups. To assess the role of endowment characteristics, we simulate a
scenario in which all students are assigned the same endowment characteristics as the advantaged group,
again comparing outcomes across the three groups.

Table 7 presents results for both counterfactuals. The top panel reports baseline outcomes, while
the bottom panel shows percentage changes relative to the baseline. Initial endowment characteristics
play an important role in improving high school graduation rates and reducing arrests during school

years, particularly among disadvantaged students. If all students had the endowment characteristics of
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the advantaged group, the graduation rate would increase by 20.1% for disadvantaged students and by
16.4% for middle students, while the arrest rate would decrease by 26.7% and 18.2%, respectively.

Subsidies also have a meaningful effect on improving high school outcomes, especially for disadvan-
taged students. In the absence of subsidies, the graduation rate would fall by 3.5% for disadvantaged stu-
dents and by 0.6% for middle students, while the arrest rate would rise by 6.7% for disadvantaged students
and remain unchanged for middle students.

Focusing on gang-dominated neighborhoods, the effects of both subsidies and endowment character-
istics are even more pronounced, particularly for students in the middle group. Eliminating the subsidy
in all gang neighborhoods would reduce graduation rates by 7.6% for disadvantaged students and 1.8% for
middle students. Although these changes are larger for the disadvantaged group, the decline for middle-
group students in gang neighborhoods is almost three times greater than the overall decline for the same
group (-0.6%).

If all students in gang neighborhoods had the endowment characteristics of the advantaged group,
the graduation rate would rise by 34% for disadvantaged students and 31% for middle students. These
effects are also relatively larger for the middle group compared to the overall change in the same group
(20.1% and 16.4%, respectively). The subsidy plays a particularly important role in reducing arrests among
disadvantaged students: without the subsidy, the arrest rate would increase by 8.7% for disadvantaged stu-
dents and remain unchanged for middle students. If all students in gang neighborhoods had advantaged
endowment characteristics, the arrest rate would decrease by 21% for disadvantaged students and 18% for

middle students.

6.2 Policy Interventions

In this section, we conduct three counterfactual policy interventions to evaluate their effects on arrest
rates and crime participation during school years, as well as on long-term adulthood outcomes. The three

policy scenarios are defined as follows:

1. Expanded CCT (CFr): Every student in the disadvantaged group receives conditional cash trans-

fer payments.
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Table 7: High School Outcomes by Subsidy and Endowment Group

Baseline Grad, no arrest (%) Ever Arrest (%)
All Neighborhood
Disadvantaged 53.6 Ls
Middle 59.5 LI
Advantaged 61.6 0.8
Gangs Neighborhood
Disadvantaged 32.9 2.3
Middle 32.5 2.2
Advantaged 33.9 L9
No Subsidy Advantaged Endowment

Grad, no arrest (%)  Ever Arrest (%) Grad, no arrest (%)  Ever Arrest (%)

New  Change New Change New  Change  New Change

All Neighborhood
Disadvantaged 57 -3.5 L6 6.7 64.4 20.1 LI -26.7
Middle 59.2 -0.6 LI 0.0 69.4 16.4 0.9 -18.2
Gangs Neighborhood
Disadvantaged  30.4 -7.6 2.5 8.7 44.1 34.0 1.8 217
Middle 3L.9 -1.8 2.2 0.0 42.5 30.8 L8 -18.2

Notes. The top panel presents baseline outcomes: percent of students who graduated from high school and
were never arrested, and percent who were ever arrested, for three endowment categories. The bottom panel
reports simulated outcomes under two scenarios: (1) no subsidy, and (2) all students have advantaged endow-
ment. “New” columns report the simulated rate under each scenario; “Change” columns report the percentage
change relative to the baseline scenario.

2. Enhanced Law Enforcement (CF2): The probability of arrest (p;) increases following the crim-

inal shock.

3. Combined Policy (CF3): Implementation of both the expanded CCT and enhanced law enforce-

ment policies.

Since our focus is on disadvantaged students, we present results only for this group. Expanding the
subsidy to all disadvantaged students increases graduation rates by 33% relative to the baseline and reduces
the share of teenagers ever arrested during school years by 41%. In contrast, enhanced law enforcement
produces the opposite pattern: graduation rates fall by 9.6%, while arrests rise by 61.2% relative to the

baseline. The combined policy increases graduation rates by 27.9% and reduces arrests by 9.8%, though
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its effect is smaller than that of the expanded CCT policy alone. Overall, the expanded CCT intervention
yields the most favorable impacts on high school outcomes, while enhanced law enforcement generates
adverse educational effects. The combined policy delivers intermediate results.

Table ¢ reports the distribution of choices during the adulthood transition for each policy scenario
and the baseline, separately for neighborhoods with and without gang presence. This comparison allows
us to assess whether different policy interventions aftect students differently depending on their environ-
ment. Figure o presents the percentage change relative to the baseline for each outcome and counterfac-
tual scenario.

The results show that the expanded CCT policy (CFr) substantially increases college attendance
among disadvantaged students—from 19.7% in the baseline to 28.5% in gang neighborhoods, and from
42.4% to 44.1% in non-gang neighborhoods. This policy also reduces crime participation by s%. The in-
crease in college attendance is more modest in non-gang neighborhoods, but the reduction in criminal
involvement is larger (7.3%).

Enhanced law enforcement (CF2) decreases college attendance in gang neighborhoods by 19.4%. How-
ever, it produces large reductions in crime participation—48.4% in neighborhoods with gangs and 23.3%
in those without. The combined policy (CF3) generates effects similar to the expanded CCT policy, with
increased college attendance, though the magnitude is slightly smaller than under CFr alone. CF3 is the
most effective intervention at reducing crime participation, with declines of 52.2% and 30% in gang and
non-gang neighborhoods, respectively.

Formal employment decreases under the CCT expansion (CFr) in both types of neighborhoods but
increases under enhanced law enforcement (CF2). Informal employment declines under all interventions
in gang neighborhoods but rises in non-gang neighborhoods under CFr and CF3.

Expanding the CCT program to all disadvantaged students appears to be the most effective policy for
improving long-term educational outcomes and reducing criminal participation, particularly in neigh-
borhoods with gang presence. Enhanced law enforcement, while successful in lowering crime rates, has
detrimental effects on educational attainment—especially in gang-affected areas. The combined policy
offers a more balanced approach, improving both education and crime outcomes, though its effects are

less pronounced than those of the CCT expansion alone.
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The total cost of expanding the CCT program to all disadvantaged students is approximately USD
8.8 million (COP 30 billion) for their entire high school period (six years). However, the expected gain
in lifetime earnings for these students is about USD 9o million over forty years, more than offsetting the

fiscal cost of the subsidy.

Table 8: Adulthood Transitions Outcomes by Gangs Presence

Gang No Gangs
BL CFr CFa CF3 BL CF CF2 CFs

College 197 285 159 26.0 42.4 440 413 431
Crime 4.7 4.4 24 22 6.0 56 4.6 4.2
Formal 397 351 411 350 27.9 2601 292 27.4
Informal 55 48 42 30 62 72 6.6 7.1

Notes. Each column shows the percentage of individuals in each outcome cate-
gory (College, Crime, Formal, Informal) we omitted being inactive in all other
activities, but it can be calculated as a 100 minus the sum of the other cate-
gories. Baseline=BL, CF1= Expanded CCT, CF2= Law Enforcement, and CF3=
CF1+CFa. These results are for disadvantaged students only.

6.3 Cost-Benefit Analysis

We conduct a back-of-the-envelope calculation for a cost-benefit analysis comparing the baseline scenario
with each of the three policy interventions. The analysis incorporates multiple cost and benefit categories
over a 4o-year time horizon, including:

Benefits:

* Increased lifetime earnings, we calculate the present value of earnings over a 40-year horizon, using

the discount rate of 3.6% and a growth rate of 3%, from World Bank indicators.

* Increased government revenue through VAT collection. We use a 13.3% rate, which was the VAT
rate in Colombia during the period of analysis, and assume that all earnings are consumed in goods

and services subject to VAT.

$We do not include income tax revenue because most individuals in our sample earn below the taxable income threshold
in Colombia.
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Figure 9: CCT Effects on Dropout Rate by Gang Presence
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Notes. Figure presents the percentage change in adulthood outcomes relative to the baseline for each counterfactual sce-

nario, separately for neighborhoods with and without gang presence. CF1= Expanded CCT, CF2= Law Enforcement, and

CF3= CF1+CF2. These results are for disadvantaged students only.

Costs:

* Direct program costs for conditional cash transfers, we calculate it as the cost of the subsidy for the

6 years of high school multiplied by the number of students in the disadvantaged group.

* Cost of crime to the public sector, we use estimates from the Inter-American Development Bank

report on crime costs in Latin America and the Caribbean, which estimates that crime costs the

public sector 3.5% of GDP in Colombia, given the crime rate in the country and 1.3% of the GDP

associated with arrest costs and policing which we use as estimate of additional costs of increas-

ing law enforcement.” We use these estimates to calculate the cost of crime under each scenario,

adjusting for changes in arrest rates and crime participation predicted by the model.

* Criminal earnings (externality effects), we estimate the present value of earnings for individuals

engaged in crime, using the same discount and growth rates as for legal earnings. This captures the

potential earning from criminal activity, which we can considered a cost to society.

Table o presents the complete cost-benefit analysis results.

oThis includes direct cost of crime to the private and public sectors and justice system costs (Perez-Vincent et al., 202.4).
°We estimate the criminal earning using the average criminal earnings from the survey of prisoners in Colombia (Blattman

etal., 2019, 2025), which they report to be around the median wage of the city.
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Table 9: Cost-Benefit Analysis Results (Millions USD)

Baseline CF1 CF2 CFKF3

Total Present Value of Earnings (40 yrs) 271 R8LI 11757 1235.7
VAT Revenue (assuming 100% consumption) 163.1 170.6 15601  164.2
Subsidy Cost 0.9 8.8 0.9 8.8
Cost of Crime 375.8 359.2  240.4  226.5
Cost of Additional Policing - - 83.9 79.0
Criminal Earnings (externalities) 12.7 12.1 8.1 7.6
Net Earnings After Taxes 1065.2  1m2.5 1018.6 1070.5
Government Net Benefit 213.6 -197.3 -169.0  -I150.I
Net Social Benefit 837.7 903.0 8414  913.7

Notes. Table presents the cost-benefit analysis results for the baseline and three counterfactual
scenarios: CF1= Expanded CCT, CF2= Law Enforcement, and CF3= CF1+CF2. All values are
in millions of USD. The analysis includes total present value of earnings over a 40-year horizon,
VAT revenue, subsidy costs, cost of crime, cost of additional policing, and criminal earnings
(externalities). The net earnings after taxes, government net benefit, and net social benefit are
total benefits minus total costs.

The results demonstrate that all three policy interventions generate positive net social benefits com-
pared to the baseline scenario. The combined policy (CF3) achieves the highest net social benefit of $913.7
million, but it is relatively similar to the expanded CCT program (CF1) $903 million. The reduction in
crime in the long-run plus the increase in college enrollment because of the subsidy makes CF3 most ef-
fective than CF2, which reduces the crime but since there are not effect in human capital accumulation

these benefits are not realized.

=  Conclusion

This paper examines how neighborhood-level criminal shocks influence teenagers’ educational decisions
and long-term outcomes. Using rich administrative data from Medellin, Colombia, we analyze the im-
pact of the 2008 extradition of Don Berna, the city’s top gang leader, which triggered a gang war and
generated a sharp increase in criminal labor demand. Our findings show that this shock had substantial
effects on teenagers’ schooling decisions, particularly among boys aged 12 to 15, who were most vulnerable

to gang recruitment.
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Dropout rates among boys in the most affected cohorts increased significantly in neighborhoods with
gang presence, while no comparable effects were observed for girls. This pattern suggests that the primary
mechanism was gang recruitment rather than general violence. Moreover, the effects persisted beyond
high school, as affected boys were less likely to enroll in higher education, underscoring the long-term
impact of criminal shocks on human capital accumulation.

We also evaluate the role of Colombia’s Conditional Cash Transfer (CCT) program, Familias en Ac-
cién, in mitigating these effects. The program eftectively reduced dropout rates overall and remained
robustly effective in neighborhoods with gang presence, even as recruitment intensity increased.

To deepen our understanding of these mechanisms, we develop and estimate a dynamic structural
model of teenagers’ schooling, crime, and labor market choices from middle school through early adult-
hood. The model incorporates neighborhood-specific criminal payofts, heterogeneity in endowments,
and preferences for criminal activities, allowing us to simulate counterfactual policy scenarios. We con-
sider three interventions: expanding the CCT program to all disadvantaged students, enhancing law en-
forcement to increase arrest probabilities, and a combined policy implementing both measures.

Expanding the CCT program to all disadvantaged students emerges as the most effective policy for
improving long-term educational outcomes and reducing youth crime, particularly in gang-affected neigh-
borhoods. Strengthening law enforcement also reduces criminal participation but has adverse effects
on educational attainment, especially during adolescence. A combined policy achieves a balanced out-
come—reducing crime while preserving educational gains, though not as strongly as the CCT expansion
alone. Expanding CCT coverage for all disadvantaged students would cost approximately 8.8 million
USD (COP 30 billion) over six years of high school but would yield lifetime earnings gains of around 9o
million USD, far exceeding the program’s costs.

Overall, this study contributes to the literature on the intersection of human capital formation and
crime by providing causal evidence on how shocks to the criminal sector influence educational decisions.
It also underscores the value of integrating design-based and structural approaches to uncover the mech-
anisms behind these effects and to evaluate the effectiveness of policy interventions aimed at breaking the

cycle between poverty, crime, and limited educational opportunity.
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Appendices
1 Additional Figures and Tables Robustness Checks

Table 10: Placebo Tests

Cohort 2005  Cohort 2004

ATT}oy (Placebo) 0.004 0.0I0
(0.008) (0.009)
Observations 132,625 135,440

Notes. Placebo test is conducted by assigning the shock one year
earlier than the actual event, in 2007 instead of 2008. Regressions
include neighborhood and year fixed effects. Control variables
inlcude: family income, parents education, age, school quality
and public school indicator. We estimate the same specification
as in Table ??, but for cohorts 2005 and 2004. We do not use
cohort 2004 in our main estimitation, but it serves as a placebo to
examine additional to the sample cohort a different cohort which
did not get the shock during most sensitives year of recruitment.

Standard errors are clustered at the neighborhood level.

49



Figure 10: Synthetic Difference-in-Difterences: Dropout Rates and Criminal Shock

Cohort 2005 Cohort 2006
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Notes. Figure presents the synthetic difference-in-differences estimates for dropout rates for cohorts 2005 and 2006. The
estimates are obtained by comparing the treated group (gang-affiliated youth) with a synthetic control group constructed

from non-treated youth. The vertical line indicates the timing of the criminal shock.

Figure 11: Synthetic Difference-in-Differences: Dropout Rates and CCT program
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Notes.  Figure presents the synthetic difference-in-differences estimates for
dropout rates by CCT program participation for cohort 200s. The estimates are
obtained by comparing the treated group (CCT participants) with a synthetic
control group constructed from non-participants. The vertical line at zero in-
dicates the timing of CCT, and the subsequent lines represent the Don Berna

extradition.
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.2 Estimated Parameters - Terminal Value Functions

Table 1: Estimated Parameters: Terminal Value Functions College

Param Est. SE

Ahel 4.7182 0.0008
Ahe2 -2.2322  0.0008
Ahe3 1.4895 0.0007
Ahed 1.7808 0.0007
Ahes 15082 0.0008
Ahe6 0.6619 0.0008
Ahe? 2.1475 0.0001
Ahes 0.2985 0.0006
Ahe9 -0.0478  0.0005

Table 12: Estimated Parameters: Terminal Value Functions Crime

Param Est. SE

Acl -1.6472  0.0007
Ae2 -1.1218 0.0007
Ae3 1.4513 0.0008
Aed -1.6398  0.0007
Aes 1.9321 0.0002
Ac6 4.9567  0.0009
Act 7.4549  0.0000
Acs 11.9185 0.0005
Ac9 2.8726  0.0004

Table 13: Estimated Parameters: Terminal Value Functions Formal Work

Param Est. SE

Awfl 07032 0.0008
Aw 2 -0.6274  0.0008
Awf3 ~ -0.5096  0.0007

Awfa 0.3207 0.0007
Awfs -0.0781  0.0008
Awfe -0.8271 0.0008
Awfr 1.3833 0.0001
Awfs -0.1349  0.0006

Awf9 0.0365 0.0005
Awf10 0.6150 0.0005
Awf1l  -0.4788  0.0005

SI



Table 14: Estimated Parameters: Terminal Value Functions Informal Work

Param Est. SE

Awil -0.7816  0.0008
Awi2 0.0006  0.0008
Awi3 0.7295  0.0007
Awia -0.3393  0.0007
Awis 0.1811 0.0008
Awib 0.1439 0.0008
Awi7 1.2988 0.0001
Awis -0.1121 0.0006
Awi9 0.1887 0.0005
Awil0  -0.5099  0.0005

Awill -0.0645  0.0005
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