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Abstract

This paper analyzes the effect of a training component of a labor intermediation policy (LIP) called
Boost to Employment (BE) on the probability of finding a formal job for vulnerable unemployed
workers in a developing country. To mitigate the selection problem I instrument for whether an
unemployed worker who participated in BE received the training component of the program with
a measure of leniency from their labor counselor. The labor counselor determined whether the job
seeker received only labor orientation or labor orientation plus the training component of the pro-
gram. I also test which courses are the ones that helped vulnerable job seekers to find formal jobs.
I find that those workers who received the training component increased the probability of work-
ing in the formal sector by 20 percentage points one year after the implementation of the program
compared to those workers who did not receive the training component. Moreover, I find that the
course that is driving results is giving information about the value of formality, which increased
the probability of job seekers being hired in the formal sector by 11 percentage points compared
to those who were not assigned to the the formal job benefits course.

(JEL: J08, J15 , J21).

Keywords: Training, judge fixed effects, formal job.

1Universidad de los Andes. Email: de.aristizabal411@uniandes.edu.co

1



1. Introduction

There is a close relationship between poverty and social and labor exclusion. In Latin American
countries one fifth of the 163 million young people neither study nor are employed in the labor
market. This means that nearly 30 million young people are excluded from the two key factors of
social inclusion: the education system and the labor market (CEPAL 2020). 80% of young people
that neither study nor are employed come from poor or vulnerable households (Abramo, Cecchini,
and Morales 2019). Active labor market policies (ALMPs) usually target people who have diffi-
culties in finding employment and they usually come from poor or vulnerable households. Within
these ALMPs there are formalization programs and information interventions to increase formal
employment in developing countries (Jessen and Kluve 2021; Torm and Oehme 2024). There are
also labor intermediation policies (LIPs) combined with classroom training2 or private/public on-
the-job training to help vulnerable job seekers to find formal jobs.

Do these training programs could help increasing formalization of vulnerable informal workers3?
The traditional role of labor intermediation policies (LIPs) is to connect people wishing to improve
their employment situation with vacancies in the productive sector by helping them with their job
search, and assisting firms with candidate selection. In developed countries, policies also include
linkages to training programs, unemployment insurance, and social programs (Mazza 2011). The
empirical evidence, which comes mainly from developed countries, shows that labor intermedi-
ation is a cost-effective intervention for connecting workers with employers and helps to reduce
unemployment duration (Card, Kluve, and Weber 2010; Simone Filgueira 2015). LIPs are also
cost-effective when compared with other active labor market policies (Kluve 2010). LIPs seem
to be more effective in periods and areas that generate more vacancies (Crépon et al. 2013; Lima,
Zamora, and Contreras 2013). This is also true, when they have a greater focus on making connec-
tions and assisting firms, and when they assign specialized personnel to work with these companies
and find vacancies (Behncke, Frölich, and Lechner 2010).

However, in developing countries, the results of impact evaluations show the weakness of some
labor supply ALMPs in fulfilling their purpose of job placement in formal jobs. This is especially
the case for the poorest and most vulnerable people (Farné 2016). One possible reason is the lack

2Classroom training refers to structured educational programs designed to enhance the skills and knowledge of
workers participating in active labor market policies (ALMPs). These training sessions typically occur in a formal
classroom setting and aim to equip individuals with both technical and soft skills necessary for improving their em-
ployability and facilitating their transition into the formal labor market.

3For vulnerable informal workers I mean workers with no experience in the formal sector because they do not have
access to the Unemployment Protection Mechanism that I discuss in section 2.1. By formal job I mean a job where
the worker makes financial contributions to the health system and a pension fund and can enjoy all the benefits of
formality.
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of knowledge among vulnerable workers about the benefits of formality. In addition, many in-
formal workers in developing countries do not know where to apply for a formal job. There is
little evidence showing that LIPs combined with a training component have any effect on formal
employment for vulnerable informal workers in developing countries. LIPs plus a course about
the benefits of formality could play an important role in developing countries and especially in
cities where there are large vacancies in the formal sector. Knowing about the benefits of formality
could increase job search intensity in informal workers and therefore could increase the probability
to find a formal job in the short run for these group of workers.

The few impact evaluations of LIPs conducted in Latin American countries have several method-
ological limitations. Among these limitations, studies mixed the effects of different interventions
(González-Velosa, Ripani, and Rosas Shady 2012). Evaluation of a LIP program as a whole limits
the possibilities of knowing the component or combination of components most effective. Know-
ing the most effective component or combination of components is useful for policy makers when
formulating LIPs. Likewise, it is not always indicated in research under what circumstances and
contexts programs are most effective and a cost-effectiveness analysis is rarely incorporated. The
self selection problem is usually another limitation when we want to evaluate the causal effects of
LIPs on the probability to find a job because job seekers self-select into programs based on their
preexisting job opportunities (Ashenfelter 1978; McKenzie 2017).

In this paper I analyze the effect of a training component of a LIP, called Boost to Employment
(BE), in Bogota (Colombia), in terms of how much it aids vulnerable informal workers in obtain-
ing a formal job. Boost to Employment program was created in 2022 to help people over the age
18, living in Bogota, with no access to any unemployment protection, to find a formal job. BE
offered two packages to eligible participants: basic and integral packages. The program’s operator
had labor counselors who determined whether the participant was entitled to the basic or the inte-
gral package. The objective of the program was to give training to the participants with a stronger
possibility (based on higher levels of education, experience and motivation) of being hired in the
formal sector. The basic package consisted of helping the participant to construct their curricu-
lum vitae (CV) and send it to formal job vacancies. The integral package consisted of the basic
package plus some training courses to help the participants improve their skills needed to be hired
in the formal sector. The assignment to a particular training course was determined by the labor
counselor. The program finished at the end of 2022. It is important to say that BE was a policy
targeting the supply of labor.

In order to identify the effect of the training component on the probability of finding a formal
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job, I use an empirical strategy called judge fixed effects design that has been used in numerous
applications where judges or other types of program administrators are given discretion on how
to respond to randomly assigned caseloads. For example, Kling 2006, Aizer and Doyle Jr 2015,
and Mueller-Smith 2015 use it to estimate the impact incarceration on labor market outcomes and
human capital accumulation in the United States; and Di Tella and Schargrodsky 2013 use it to
estimate the impact of electronic monitoring on criminal recidivism in Argentina. Recently, Hum-
lum, Munch, and Rasmussen 2023 use it to test whether an ALMP helps unemployed job seekers
find jobs in Denmark.

My empirical strategy exploits the variation in discretion among labor counselors in the assignment
of eligible job seekers to the training component of the program. This empirical design has also
been called leniency design because there are some judges, in this case, labor counselors, who are
relatively lenient in the assignment to the treatment. This empirical strategy helps me to identify
the local average treatment effect (LATE) of a training component of a LIP on the probability of
finding a formal job for a job seeker who were assigned to the training component of the program
compared to job seekers who already had a base of receiving help with their CVs and connecting
them to vacancies. This is the first paper that uses this identification strategy to evaluate a LIP in
a developing country where the informal economy is very large and where evidence does not yet
exist on whether training programs could help job seekers to find a formal job.

For my instrumental variable strategy to identify the causal effect of receiving the training com-
ponent on the probability of finding a formal job, the exclusion restriction and the monotonicity
condition must hold (Angrist and Imbens 1994). The exclusion restriction in this setting requires
both random assignment of labor counselors and that labor counselors impact the outcome of in-
terest only through the decision to assign a person to the training component of the program. The
monotonicity assumption requires that either a labor counselor is strict or that they aren’t, but they
can’t be both in different circumstances. For instance, a labor counselor may be lenient and send
people to the training component, except when the participant is a man in which case they switch
and become strict. I provide evidence for the identifying assumptions that validate my empirical
strategy.

I established two headline findings. First, in the extensive margin of the treatment, my results indi-
cate that job seekers who were assigned to the training component of BE increased the probability
of finding a formal job one year after the implementation of the program by 20 percentage points
compared to those who were not assigned to the training component. Second, taking a look on
which course is more important in helping informal workers finding a formal job, I find that partic-
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ipants who received the formal job benefits course have better results in terms of finding a formal
job, than participants who received any other course or that did not receive the training component
of BE. This result gives evidence that explaining to job-seekers the value of formality seemed to
have increased the job search intensity in the formal sector, which is then reflected in the increased
probability of finding a formal job. Nevertheless, since FBC is being compared against being as-
signed to any other courses or against not being assigned to any course at all, I cannot determine in
which of these two margins FBC is better (by margins, I mean (i) FBC vs. other courses, and (ii)
FBC vs. no course). It could be that FBC course is better than receiving nothing, but it may not
have much effect compared to other courses (or vice versa). However, this cannot be disaggregated
with the available methodology and data. In conclusion, I know that FBC has a positive effect, but
I do not know who it effectively benefits.

I make two contributions to the literature. First, to avoid the selection problem of training pro-
grams, I employ a novel identification strategy that has been applied in criminal justice using
variation in propensities of rotating judges. In particular, I exploit the variation in the leniency
among labor counselors as an instrument to approximate the probability that job seekers receive
the training component. This is to capture the effect of a training program on the probability of
finding a formal job in a developing country. Second, I contribute exploiting different components
of a LIP to evaluate which, and to what extent, courses of the training component help vulnerable
job-seekers find formal jobs in the short run.

The remainder of this paper is organized as follows. Section 2 introduces the context and the main
characteristics of Boost to Employment program. Section 3 shows the data I use in the analysis.
Section 4 discusses the empirical strategy and the identifying assumptions. Section 5 displays the
main results. Section 6 presents a short cost benefit analysis and section 7 concludes.

2. Institutional setting

2.1 Context

Colombia has both high unemployment rates and high informality rates. In fact, Colombia is one of
the countries with the highest unemployment rates in Latin America, around 10%, and nearly 60%
of employed workers have an informal job (DANE 2024). The situation in the capital of Colombia,
Bogota, is different to what happens at the national level, at least in terms of the informality rate.
In fact, Bogota has an unemployment rate around 10% and an informality rate near 33% (DANE
2024). These characteristics make Colombia and in particular Bogota, an ideal city to see how a
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labor intermediation policy with a training component affects the probability of finding a formal
job.

In Colombia there exists a program called Unemployment Protection Mechanism (UPM) that pro-
vides workers access to health, savings for pensions, monetary subsidy, and training courses to
help them find a new formal job. This is for cases where they lose their existing jobs or when a
person is working in the informal sector and they want to find a job in the formal sector. Training
courses are given to program participants through Family Compensation Funds (CCFs)4 and at the
same time job seekers are sent to job vacancies in the formal sector. However, not all workers
have access to the UPM. In order to have access to the UPM, unemployed workers must have con-
tributed to a CCF for a year, in the last three years before being unemployed. For this, they must
have been employed formally. Unemployed workers who do not have access to the UPM find it
very difficult to match with an employer in the formal economy and therefore they will end up in
two possibles states: unemployment or acquiring an informal job.

There is an important difference between unemployed workers who were previously working in
the formal sector and those unemployed workers who were working in the informal sector. The
first group is eligible for the UPM so they routinely have greater help for transitioning from unem-
ployment to a new formal job. However, the second group find it more difficult since they are not
eligible for the UPM and therefore they do not have the opportunity to receive training or upgrade
their skills to find a formal job.

2.2 The program: Boost to Employment

In 2022, the Secretary of Economic Development in Bogota (SEDB) started a program called
Boost to Employment. The Boost to Employment program was created to help people over the
age 18, living in Bogota, with no access to any unemployment protection, to find a formal job.
When a worker applied to the program, the program operator verified whether the person did not
have access to any unemployment protection benefit in which case the person was eligible for the
program. The program offered two packages to eligible participants: basic and integral packages.
The program’s operator had labor counselors who determined whether the participant was entitled
to the basic or the integral package. This decision was based on the level of education, experience
and motivation of the participant, which was determined in an interview with a labor counselor
that lasted one hour. The basic package consisted of helping the participant to construct their cur-

4CCFs are private, non-profit entities, created with the purpose to manage the Family allowances and provides
protection for unemployed people.
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riculum vitae (CV) and send it to formal job vacancies. The integral package consisted of the basic
package plus some training courses to help the participants improve their skills needed to be hired
in the formal sector. The assignment to a particular training course was determined by the labor
counselor. The objective of the program was to give training to the participants with a stronger
possibility (based on higher levels of education, experience and motivation) of being hired in the
formal sector.

Table 1. Training component courses of Boost to Employment

Courses Hours Participants

Successful interviews 4 3804
Formal job benefits* 8 2966
Excel 50 3281
Project management 40 217
Business management 40 424
Soft skills** 40 2070
Basic software tools 30 137
Food handling 10 156
Inventory management 40 220
Handling of dangerous substances 40 141
Good practices in manufacturing 40 129
Marketing 40 766
Data processing and analysis 40 1369
Programming 40 87
Customer service and sales 40 1569
People management techniques 40 257

Notes: This table provides the names of the courses given by the program operators in the training component.
Some courses were only offered by one operator, while others were offered by the three program operators. *The
formal job benefits course consisted in telling job seekers what are the benefits of being hired in the formal labor
market, such as job stability, better job amenities, paid vacations and all mandated benefits associated with formal
employment. **The soft skill course included time management, communication skills, teamwork and decision
making. This course tried to develop transversal skills needed in all types of jobs.

Table 1 lists the names of the courses, the duration in hours of every course and the participants
enrolled in each one. This information is taken from the program operators that I discuss in more
detail in section 3. There were a variety of courses ranging from successful interviews and soft
skills, to more technical courses such as excel and good practices in manufacturing. When a worker
visited an operator to participate in the program, they were assigned to a labor counselor who de-
termined whether the person would receive the basic or the integral package. If the job seeker was
assigned to the integral package, the labor counselor determined which courses the worker would
take. Some participants were assigned to more than one course by a labor counselor. The courses
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offered by the operator were short-term duration courses varying between 4 and 40 hours. For
example, the successful interviews course lasted 4 hours, the formal job benefits one was 8 hours,
while other courses such as soft skills or Excel had a duration of 40 hours. 50% of the courses were
virtual, had an average of 20 participants, and according to the operators there was high dropout,
nearly 50%. This was especially true for the courses that lasted more than 30 hours.

The operators of the Boost to Employment program were CCFs, which designed the courses of the
training component. 90% of participants who finished the courses they were assigned, rated the
courses as very good quality. Since I am interested in the effect of the training component of the
program on the probability of finding a formal job, in my setting people who received the training
component will be my treatment group while those who only received the basic package will be
my control group. I discuss more the empirical strategy I use in section 4.

3. Data

I have three sources of data. The first kind comes from the operator that implemented the Boost to
Employment program. It contained data from people who were assigned to the basic and integral
packages in 2022. Information on individual characteristics such as age, gender, and the neigh-
borhood where the person lives was included. The second type was from the Public Employment
Survey platform (SISE), which has education and experience information for all workers who use
said platform. However, I only have education level and years of experience for some participants
of the program, 50% of the sample. Finally, using administrative records I obtain information on
whether the person is formally employed or unemployed one year after the implementation of the
program. It is important to say that the Secretary of Economic Development in Bogota merged the
administrative records with the operator’s data.

I apply four sample restrictions to support my identification strategy. First, I use the sample of one
program operator, because it is the only one for which I have information on the labor counselor.
This operator served 10,000 job seekers. Second, I exclude observations that did not receive labor
orientation. This happened because there were budget restrictions: only 5,000 job seekers received
labor orientation. Figure A5 in the appendix shows the distribution of participants by labor coun-
selor. Third, to reliably estimate training tendencies by labor counselors, I require that each labor
counselor in the sample must have at least 20 assigned job seekers over the sample period. Fourth,
I exclude job seekers whose education level and years of labor experience I cannot identify from
the Public Employment Survey platform. I make this restriction because these two variables have
high explanatory power for whether the job seeker was assigned to the training component or not.
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Therefore, I need to control for these two variables in the regression analysis. The final sample for
my analysis is 3,200 job seekers.

The operator of the program had 80 labor counselors and on average a labor counselor served 80
job seekers. These labor counselors assigned the treatment based on three criteria: motivation,
labor experience and the education level of the person. The objective of the program was to give
training to the participants with a higher probability of being hired in the formal sector. One im-
portant point to the identification strategy is that eligible participants could not choose the labor
counselor. The operator assigned labor counselors to participants based on said counselors avail-
ability.

Table 2. Descriptive statistics of Boost to Employment program

Number of participants

No training Training Sample Difference

Panel A: Program operator

Operator A 1211 2022 3233

Panel B: Individual characteristics

Female 738 1378 2116
Male 473 644 1117
Average age 28,6 31,4 30,4 -2,82***
Average years of experience 4,42 5,43 5,05 -1,01***

Panel C: Education

Unfinished high school 62 73 135
45,93% 54,07% 100%

High school 545 757 1302
41,86% 58,14% 100%

Technical and technology 354 679 1033
34,27% 65,73% 100%

Bachelor degree 250 513 763
32,77% 67,23% 100%

Panel D: Formal job

Participants hired in a formal job 59,4% 67,6%

Note: This table shows the descriptive statistics of the Boost to Employment (BE) program developed by the
Secretary of Development in Bogota. No training means job seekers who were assigned to the basic package,
while training means job seekers who were assigned to the integral package. The basic package consisted of
helping the job seeker to construct their curriculum vitae (CV) and send it to formal job vacancies. The integral
package consisted of the basic package plus some training courses determined by the labor counselor.
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Table 2 shows the summary of statistics for participants in Boost to Employment for the program
operator, I call it operator A, after applying the sample restrictions described above. Panel A shows
the number of participants in the program. Panel B shows that on average, people who received
training were older than people who did not receive training, had more years of experience and
were mostly female. This is consistent with criteria that labor counselors used to assign to the
training component of the program. In fact, panel C shows that as the level of education increased,
the fraction of people who received training also increased. Finally, panel D shows the percentage
of participants from the basic and integral packages who were hired in the formal sector one year
after the implementation of the program. In particular, 59% of participants who received the basic
package and 67% of participants who were assigned to the integral package, had a formal job one
year after the implementation of the program. The summary of statistics of my sample are similar
to the summary of statistics when using the participants for all the three program operators which
is shown in table A1 in the appendix.

Operator A offered 7 courses: formal job benefits, soft skills, basic accounting, intermediate excel,
basic software tools, customer service and sales and business management. I group them into three
types of training courses according to their nature: formal job benefits (FBC), soft skills (SK) and
job specific (JS) courses. There are 5 job specific courses in total. Table A2 in appendix shows
summary statistics on the number and frequency of different courses that job seekers can take. On
average, each participant was assigned to 1.2 courses. 15% of participants was assigned only to
the FBC, 15% was assigned to the FBC and SK courses, 9% was assigned to the FBC and JS, and
20% was assigned to the three courses: FBC, SK and JS. Table A2 also shows the average hours
of coursework for each course or combination of courses.

The labor counselor determined how many courses the job seekers who were assigned to the train-
ing component of the program took. The FBC course consisted of telling job seekers what the
benefits were of being hired in the formal labor market. These benefits include job stability, bet-
ter job amenities, paid vacations and all mandated benefits associated with formal employment.
The SK course included time management, communication skills, teamwork and decision making.
This course attempted to develop transversal skills needed in all types of jobs. Finally, JS courses
attempted to develop skills, such as excel or customer service and sales, needed in particular jobs.
Figure 1 shows the distribution of people who were not assigned to take any course, 1,211 partici-
pants, those who were assigned only to one course, 592 participants, and those who were assigned
to take two or three courses of the training component, 782 and 648 respectively.
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Figure 1. Distribution of the courses taken by job seekers given by the program operator

Note: This figure reports the courses taken by job seekers who were assigned by the labor counselor. Some job
seekers were assigned to only one course, while others were assigned to more than one course.

4. Empirical strategy

I am interested in the relationship between receiving the training component of the program and
being hired in the formal labor market, which is represented in the following equation:

hiredi = λ0 + λ1trainingi + λ2Controlsi + εi (1)

where hiredi is an indicator for whether individual i was hired in the formal sector one year after
the implementation of the program, trainingi is an indicator of whether the job seeker i received
the training component, λ1, which is the parameter of interest, it states what the effect is of re-
ceiving training on the probability of being hired in the formal labor market, which I expect to
be positive. Controlsi are individual characteristics, such as age, gender, education level, labor
experience, and the locality where the job seeker lives, and εi is the error term.

I cannot estimate equation (1) using OLS estimates because there are unobserved factors that are
correlated with both receiving training and being hired in the formal sector, so OLS estimates,
which assume selection on observables only, would be biased (Dale and Krueger 2002). For ex-
ample, job seekers with more ability may decide to take training programs because they find it
easier to take those courses and at the same time they have a higher probability of being hired in
the formal economy because they are more productive. Similarly, it can also be the case that job
seekers with less ability decide not to take the training program because they find it hard to finish
and at the same time they have a lower probability of being hired in the formal sector because their
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productivity is not high enough (Ashenfelter 1978).

The literature on job training has used several methods to overcome this identification challenge.
A growing strand of the literature uses randomized controlled trials (RCTs) that have the potential
to address the identification challenges in ALMPs with training components (Baird, Engberg, and
Gutierrez 2022; Attanasio et al. 2017). However, the results from RCTs have many concerns be-
cause of external validity. IV methods are uncommon in the vast literature evaluating ALMPs, due
to data limitation and lack of exogenous variation determining selection into training.5 I follow the
judge IV literature, and in particular I exploit the variation in the leniency among labor counselors
as an instrument to approximate the probability that job seekers receive the training component of
the program. Using the leniency of labor counselors as instruments helps me to capture the causal
effect of training on the probability of finding a formal job. This is the case because the leniency of
labor counselors affects whether the participant receives the treatment or not and at the same time,
counselors are not directly affecting the probability of finding a formal job. In other words, labor
counselors are not an omitted variable. This approach has been commonly used for identifying
causal effects in criminal justice using variation in propensities of rotating judges (Kling 2006;
Mueller-Smith 2015), and recently it has also been used in the literature on ALMPs with training
components (Humlum, Munch, and Rasmussen 2023). I will use two estimators: Two-Stage least
squares (2SLS) and jacknife instrumental variables estimator (JIVE).

In my first approach to estimate the causal effect of being assigned to training on being hired in the
formal sector, I estimate a standard two-stage least squares (2SLS) using as instruments the labor
counselors. First stage will be:

trainingi = ω0 +
∑
j

πjlcounselorji + ω1Controlsi + ϵi (2)

Where lcounselorji are dummy variables that takes the value of one if individual i was assigned
to labor counselor j and 0 otherwise. In equation (2), the coefficients πj measure differences in the
probability of being assigned to the training by the counselor j, I called it the measure of leniency
(Stevenson 2018; Humlum, Munch, and Rasmussen 2023). And the second stage will be:

hiredi = β0 + β1training
∧

i + β2Controlsi + νi (3)

5McCall, Smith, and Wunsch 2016 identify only one published study using an IV approach: Frölich and Lechner
2010. Their instrument exploits variation in training propensities across regions in Switzerland. Cederlöf, Söderström,
and Vikström 2021 develop a caseworker instrument for the Swedish labor market to examine the characteristics of
effective caseworkers. They do not evaluate the impact of ALMP programs on the unemployed.
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In order for β1 to identify the causal effect of training on the probability of finding a formal job, in-
struments lcounselorij must satisfy the usual assumptions of relevance, independence, exclusion,
and monotonicity (Angrist and Imbens 1994). I discuss the four assumptions applied to the Boost
to Employment program in subsection 4.1.

However, even if we satisfy these assumptions, when there are many instruments, the consistency
of the estimation for the first stage coefficients becomes questionable because we may have a
problem with many weak instruments (Bekker 1994; Mikusheva and Sun 2024). In particular,
Angrist, Imbens and Krueger (1999) show that bias of 2SLS estimator is equal to

E(training
∧

iϵi) =
K

N
σϵν (4)

Where training
∧

i is the first-stage fitted values, K is the number of instruments, N is the number
of observations and σϵν is the covariance between ϵ and ν, which in general is not equal to zero.
Even though the bias vanishes in large samples as K/N → 0, it increases with the number of
instruments for a fixed sample and a fixed σϵν .6

The bias of the 2SLS estimator arises from the correlation between the OLS estimate of the optimal
instrument matrix lcounseloriπ̂ and the residual ϵi. Thus what is needed is an alternative estimator
of lcounseloriπ that does not suffer from such correlation. Angrist, Imbens and Krueger (1999)
and Blomquist and Dahlberg (1999), building on the work of Phillips and Hale (1977), suggest
using all observations except observation i to estimate the parameter matrix π and then using this
estimate along with lcounselori to compute the fitted value of the instrument for observation i

(Blomquist and Dahlberg 1999; Phillips and Hale 1977). This process is repeated for each i =

1,...,N . That is, let

π̂−i = (lcounselor⊺−ilcounselor−i)
−1lcounselor⊺−itraining−i (5)

Where lcounselor−i denotes the (N − 1)×K matrix consisting of all rows of lcounselor except
the ith row and similarly for training−i. The ith row of the optimal instrument matrix is estimated
by lcounseloriπ̂−i. Notice that

E(π̂⊺
−ilcounselor

⊺
i ϵi) = 0 (6)

6Moreover, this bias persists even if the instruments lcounselori are uncorrelated with ϵi (as valid instruments
must be) (Nagar 1959).
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because observations are assumed to be independent7. Therefore, the Jacknife Instrumental Vari-
ables estimator (JIVE) defined by

β̂JIV E = (training
∧⊺

training)−1training
∧⊺

hired (7)

where the ith row of training
∧

is defined as lcounseloriπ̂−i, does not suffer from the finite-sample
bias of 2SLS. Therefore, to avoid the finite sample bias of 2SLS, in a second step I use the JIVE.

4.1 Instrument diagnostics

In this section I provide evidence that the four fundamental assumptions behind the judge IV de-
sign seemed to be satisfied in my setting. First I test the relevance assumption. Table 3, presents
descriptive statistics of the labor counselors and the average number participants per labor coun-
selor, who were sent to the training component of the program, and the F-statistic of the first stage
regression with and without individual controls. Table 3 shows that the program operator had 80
labor counselors who served on average 64 participants. It also shows that an average 49% of peo-
ple served by a labor counselor were sent to the training component of the program, but there was
high variability among them, which is reflected in the different percentiles of the unconditional
leniency.8 Table 3 also reveals that the F-statistic of the first stage regression is above 10 with and
without individual controls, using the labor counselors as instruments for training. I also applied
the recently proposed approach by Angrist and Kolesár (2024) that suggests conditioning on the
sign of the estimated first stage between treatment and the jackknifed instrument. They showed
that conditioning on a right-signed estimated first stage reduces weak-instrument bias without dis-
torting inference.

Second, I test for the independence assumption. Job seekers who applied to the program could not
choose the labor counselor who determined whether the job seeker received the training component
of the program or not. In Table 4, I test the independence of the labor counselor instrument. The
table is based on the following logic: if job seekers cannot choose the labor counselor, I should not
be able to predict a labor counselor’s leniency based on the characteristics of job seekers (Humlum,

7Notice that

E(training
∧

iϵi) = E{(training⊺−ilcounselor−i(lcounselor
⊺
−ilcounselor−i)

−1lcounselor⊺i ϵi)|lcounselor}
= E{E(training⊺−iϵi|lcounselor)lcounselor−i(lcounselor

⊺
−ilcounselor−i)

−1lcounselori}
= 0

8Figure A1 in the appendix shows a histogram of the collapsed residuals by labor counselor for the regression of
training over control variables. Figure A1 shows that there is high variability in leniency among labor counselors.
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Table 3. Descriptive statistics of labor counselors and unconditional leniency

Labor
counselors

Average particip.
per counselor

Uncondit.
leniency (UL)

Percentiles of (UL)
F-stat w/o
controls

F-stat with
controls10 25 50 75 90

80 64 49.77% 0 12 63 74 82 19,19 13,68

Note: This table reports the average number of participants per labor counselor, the average unconditional le-
niency, different percentiles of the unconditional leniency and the F-statistic of first-stage without and with con-
trols. Controls include age, age squared, gender, level of education and previous experience measured in years.

Munch, and Rasmussen 2023; Stevenson 2018; Dahl, Kostøl, and Mogstad 2014).

The independence test yields two takeaways. First, the assignment of job seekers to training com-
ponent is highly endogenous (Column (1)), confirming the common finding that job seekers select
into training. Second, labor counselor training tendencies and job seekers’ characteristics are un-
correlated (Column (2)), with the exception of experience suggesting that job seekers with higher
experience were assigned to more lenient judges.9 However, this should not be a big problem be-
cause I can control for labor experience in my specification.

Third, the exclusion restriction requires that the labor counselor leniency affects job-seeker out-
come only through the assignment to the training component. An obvious threat to the exclusion
restriction is that a labor counselor serves multiple purposes: assigning the participant to the train-
ing component and giving job search advice. However, the labor counselor was only in charge
of helping the participant to build their CV and decide whether or not assign the job seeker to
the training component. The person in charge of sending the eligible job seeker to job vacancies
was different from the labor counselor. In addition, as I discussed previously, the education and
experience of the job seeker were variables that affected the assignment of receiving the training
component of the program, therefore, after I control for these two variables, the labor counselor’s
decision affects the outcome variable only through their decision to assign a person to the training
component of the program.

9column 2 of table 4 shows results from regressing covariates on the leave-one-out measure of judge leniency. The
leave-one-out is computed in the following way:

leniencyi =

∑
k ̸=i∈Ωj

trainingk

nj − 1
(8)

Where Ωj is the group of participants assigned to the labor counselor j and nj denotes the total number of job seekers
assigned to labor counselor j.

15



Table 4. Testing for Random Assignment of Job seekers to Labor Counselors

(1) (2)
Training Judge leniency

Male -0.0617*** -0.0132
(0.0202) (0.0119)

Age 0.0058*** 0.0010
(0.0012) (0.0007)

Experience 0.0016 0.0043***
(0.0024) (0.0012)

Education
Primary -0.0710 -0.0285

(0.0697) (0.0404)
Secondary -0.1133* -0.0652

(0.0671) (0.0435)
Technical 0.0545** 0.0147

(0.0254) (0.0148)
Technology 0.0709** 0.0237

(0.0352) (0.0196)
Bachelor degree 0.0877*** 0.0175

(0.0279) (0.0159)
Master -0.0301 0.0032

(0.0455) (0.0236)

Observations 3,233 3,233
R-squared 0.2119 0.1948
F-statistic 9.00 4.58
Neighborhood FE Yes Yes

Notes: This table implements a randomization test of the labor counselors’ instruments. There are 80 labor
counselors. Column (1) regresses the assignment to the training component on job seekers’ covariates. Column
(2) regresses the judge leniency on the job seekers’ covariates. The judge leniency is constructed by calculating
the leave-out mean for all cases a labor counselor has handled. Both regressions include neighborhood fixed
effects. Robust standard errors are in parentheses. *** p<0.01, ** p<0.05, * p<0.1

Fourth, the monotonicity assumption requires that the instrument weakly operates the same across
all participants in the program. This assumption implies that either a labor counselor is strict or
they are not, but they can’t be both in different circumstances. Yet humans are complex bundles
of thoughts and experiences, and biases may operate in non-transitive ways. For instance, a labor
counselor may be lenient and send people to training, except when the participant is a man, in
which case they switch and become strict. Given this concern, I use the test proposed by Frandsen,
Lefgren and Leslie (2023) to assess both exclusion and monotonicity based on relaxing the mono-
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tonicity assumption. This test requires that the average treatment effect among some individuals
who violate monotonicity be identical to the average treatment effect among some subset of indi-
viduals who satisfy it. This test is based on two observations: the average outcome, conditional on
labor counselor assignment, should fit a continuous function of labor counselor propensities, and
secondly, the slope of that continuous function should be bounded in magnitude by the width of
the outcome variable’s support (Frandsen, Lefgren, and Leslie 2023). Figure A4 shows that both
conditions are satisfied and therefore the identifying assumptions seemed to be satisfied.

5. Results

In this section I use the instruments proposed in the empirical strategy to estimate the effect of
receiving training on the probability to find a formal job for job seekers, using 2SLS and JIVE
estimators. I benchmark my results to OLS estimates that assume selection on observables only.

5.1 Estimation results

Table 5 shows the results for OLS estimates where the dependent variable is being hired one year
after the implementation of the program. Column (1) of table 5 shows that those who were as-
signed to the training component increased the probability of being hired in the formal sector by
7 percentage points. However this effect is only significant at 10% once I control for neighbor-
hood fixed effects, column (2).10 This estimation may underestimate the real effect of training on
employment because it may be the case that job seekers with worse job prospects are the individ-
uals who opt into training or are more likely to be assigned to training by counselors, revealing a
prospective version of the Ashenfelter dip (Ashenfelter 1978).

Table 6 shows the main results using the labor counselors as instruments for receiving training
compared to OLS estimates. Column (2) shows the results using 2SLS. The effect of receiving
training is three times the coefficient of OLS, suggesting that OLS was underestimating the real
impact of training on formal employment. Furthermore, using the jacknife instrumental variables
estimator (column (3) of table 6) the effect of training on the probability to find a formal job is 21
percentage points, 2 percentage points more than the results from 2SLS. To understand the mag-
nitude of these results, the job seekers who were assigned to the basic package and found a formal
job one year after the implementation of the program was 59%. Therefore, the probability of being

10I also include a quadratic term for the experience and age in the control variables because these variables seem to
have a quadratic component in the probability of being employed (see figure A2 and A3 in the appendix).
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Table 5. OLS estimates from operator A

Formal job
(1) (2)

Training 0.0777*** 0.0681*
(0.0177) (0.0362)

Observations 3,233 3,233
R-squared 0.0394 0.2239
Controls Yes Yes
Neighborhood FE No Yes

Notes: This table reports the results using OLS estimates. Individual controls include gender, age, age squared,
labor experience measures in years and labor experience squared. All Robust standard errors in parentheses. ***
p<0.01, ** p<0.05, * p<0.1

hired in the formal sector for those who received the training component compared to those who
did not, increased by 36%. These results are consistent with what other authors have found for the
case of Denmark using a similar empirical strategy (Humlum, Munch, and Rasmussen 2023). In
Colombia, using panel data, the probability of making a transition from an informal to a formal job
in one year, is around 28% for a sample with similar characteristics to the one I use in this anal-
ysis (Chaves Hernández 2016). This suggests, that not only the training helped job seekers find a
formal job, but the basic package also increased the probability of finding a formal job. However,
I cannot identify the effect of the basic package since everyone in my sample received help with
their CVs and were referred to formal vacancies.

Table 6. OLS, 2SLS and JIVE estimation

VARIABLES OLS 2SLS JIVE

Training 0.0681* 0.1937*** 0.2141**
(0.0362) (0.0654) (0.0882)

Observations 3,233 3,233 3,233
R-squared 0.2239 0.2611 0.2443
Controls Yes Yes Yes
Neighborhood FE Yes Yes Yes

Notes: This table reports the effect of assignment to training on formal employment one year after the implemen-
tation of the program using OLS, IV and JIVE estimators. Individual controls include gender, age, age squared,
labor experience measured in years and labor experience squared. All regressions include neighborhood fixed
effects. Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1
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Different mechanisms could explain why the training courses help job seekers find a formal job.
One possible reason is that job seekers now make more successful job applications because the
training provides new skills that make the job seeker better suited for the applied jobs. Another
possible mechanism is that the training component may provide job seekers with a network and
informal ties to the target sector, which could create new job opportunities (Katz et al. 2022). In
section 5.2 I provide evidence that suggests that the second mechanism seems to be driving my
results.

5.2 Types of courses

The results discussed so far provide evidence about the effect of receiving the training component
of the program on the probability of finding a formal job. I refer to this part of the treatment (being
assigned to it) as the “extensive margin” of the treatment. However, I am also interested in which
courses are most important in helping job seekers find a formal job (Humlum, Munch, and Ras-
mussen 2023).

I have multiple treatments in the training component, and participants could have been assigned to
one course or a combination of courses. Due to the limited number of observations assigned solely
to the soft skills or job-specific courses, I compared participants assigned to the FBC with those
assigned to any other course or not receiving the training component. Again, I use labor counselors
as instruments to estimate the 2SLS estimator. The parameter λ1 in equation 9 examines the effect
of FBC on the probability of finding a formal job.

hiredi = λ0 + λ1FBC i + λ2Controlsi + εi (9)

Table 7 shows the first-stage results using labor counselors as instruments. Counselors have a
strong influence on the assignment to the Formal Benefits course. The estimates are highly sig-
nificant and indicate that a participant assigned to a labor counselor that is 10 percentage points
more likely to send job seekers to the training component, is 4 percentage points more likely to be
assigned to the training component (see Table A3). Following Bhuller et al. (2020), I report the
Effectvie F-statistic of 18.42 for FBC, which is above the Montiel Pfluegger critical value of 11.97
for a worst case bias of 10%.
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Table 7. First stage results for FBC

VARIABLES FBC

Male -0.0540***
(0.0180)

Experience in years -0.0053
(0.0051)

Experience squared in years 0.0001
(0.0002)

Age 0.0210***
(0.0059)

Age squared -0.0002***
(0.0001)

Primary education -0.0803*
(0.0422)

Secondary education -0.0531
(0.0625)

High shcool -0.0112
(0.0585)

Technician 0.0168
(0.0225)

Technologist 0.0326
(0.0316)

Bachelor degree 0.0353
(0.0260)

Constant -0.0484
(0.1486)

Observations 3,233
R-squared 0.4616
F statistic 33.66
Effective F statistic 18.42
Labor counselor FE Yes
Neighborhood FE Yes

Notes: This table reports the first stage results of being assigned to the FBC using labor counselors as instruments.
Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1

The formal job benefits course consisted of telling job seekers what the benefits are of being hired
in the formal labor market. These include job stability, better job amenities, paid vacations and
all mandated benefits associated with formal employment. This result shows that explaining to
job-seekers the benefits of a formal job seemed to have increased the job search intensity in the
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formal sector, which is then reflected in the increased probability of finding a formal job (Lichter
2016). Table 8 shows that being assigned to the FBC increased the probability of finding a formal
job by 11 pp compared to those who received any other course different from the FBC or did not
receive the training component of the program, one year after BE implementation.

Table 8. 2SLS estimation for job-seekers assigned to FBC vs No training or receiving any other
course different than FBC

VARIABLES Formal job

FBC
∧

0.1164**
(0.0362)

Observations 3,233
R-squared 0.2149
Controls Yes
Neighborhood FE Yes

Notes: This table reports the effect of being assigned to the Formal Benefits Course (FBC) of Boost to Employ-
ment on formal employment one year after the implementation of the program using 2SLS estimator. Individual
controls include gender, age, age squared, labor experience measured in years and labor experience squared. All
regressions include neighborhood fixed effects. Robust standard errors in parentheses. *** p<0.01, ** p<0.05, *
p<0.1

In summary, my results suggest that the formal jobs benefits course (FBC) is driving the posi-
tive effect of the training component of Boost to Employment on the probability of being hired
in the formal sector one year after the implementation of the program. This is significant for
policy-makers who are interested in implementing ALMPs for increasing formal employment in
developing countries. It is important to acknowledge the limitations of my findings. Specifically,
since FBC is being compared to other courses or to no course at all, I cannot ascertain in which of
these two contexts FBC performs better (by contexts, I mean (i) FBC vs. other courses, and (ii)
FBC vs. no course). It is possible that the FBC course is more beneficial than receiving no in-
struction, but it may not have a significant impact when compared to other courses (or vice versa).
However, this distinction cannot be made with the current methodology and data. In summary, I
know that FBC has a positive effect, but I do not know who it benefits most effectively.

6. Costs and benefits

The costs Bogota’s Secretariat of Economic Development faced in the implementation of Boost
to Employment through the program operator were around 1.2 million dollars (2022 dollars). As
shown in table 1, operator A served 10,000 job seekers. According to the sample restrictions and
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administrative records, 64% of the job seekers, were working in a formal job one year after the
implementation of the program. This implies that the cost for each person who found a formal
job thanks to the program was around 175 dollars. Other active labor market policies that have
the same objective usually cost between 700 and 1,200 dollars per worker and have effects on
increasing the probability of being hired in the formal sector of around 5% (Levy Yeyati, Mon-
tané, and Sartorio 2019). This suggests that including information about the value of formality in
the training component of a labor intermediation policy is much cheaper than implementing other
ALMPs. In particular, the cost of providing classroom training is around 75% less and is more
than twice as effective in helping job seekers to find a formal job compared to other active labor
market programs.

My empirical results suggest that giving more information about the benefits of having a formal
job, along with connecting job seekers to the vacancies of formal firms is a cost effective policy
that helps vulnerable job seekers to find formal jobs. In this paper, I evaluate whether this kind of
policy has any impact on the probability to find a formal job in the short term. In the future I plan
to evaluate medium to long term effects.

7. Conclusions

This paper analyzes the effect of a training component of a labor intermediation policy (LIP) called
Boost to Employment (BE) on the probability of obtaining a formal job for vulnerable unemployed
job seekers in a developing country. It is hard to find causal effects of a training component of a
LIP on employability since we usually have a self selection problem. To avoid the selection prob-
lem I use a novel identification strategy that has been implemented in criminal justice employing
variation in propensities of rotating judges. In particular, I exploit the variation in the leniency
among labor counselors as an instrument to approximate the probability that job seekers receive
the training component of the program. I find large employment effects of assignment to classroom
training: job seekers assigned to the classroom training component are 36% more likely to find a
formal job compared to those who did not take the training component.

The formal job benefits course seems to be driving my results. In particular, being assigned to the
FBC increased the probability of finding a formal job by 11 pp compared to those who received
any other course different from the FBC or did not receive the training component of the program,
one year after BE implementation. These results provide evidence that explaining to job-seekers
the benefits of a formal job seems to have increased their job search intensity in the formal sector,
which is then reflected in the increased probability of finding a formal job. It is important to rec-
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ognize the limitations of my findings. Specifically, since FBC is being compared to other courses
or to no course at all, I cannot determine in which of these two scenarios FBC performs better (by
scenarios, I mean (i) FBC vs. other courses, and (ii) FBC vs. no course). It is possible that the
FBC course is more advantageous than receiving no instruction, but it may not have a significant
impact when compared to other courses (or vice versa). However, this distinction cannot be made
with the current methodology and data. In summary, I know that FBC has a positive effect, but I
do not know who benefits from it most effectively.

Interestingly, I find a stark difference between my IV estimates and OLS estimates that assume
selection on observables only. The latter approach is widely used in the literature and suggests
classroom training does not help job seekers to find a job. The differences between OLS and IV
highlight the importance of controlling for unobserved job-seeker characteristics.

Finally, making a simple cost-benefit analysis, my results suggest that including training compo-
nents in labor intermediation policies are less expensive (around 25% of the cost of other active
labor market programs) and they are twice as effective in helping unemployed workers to find a
formal job. The results from this evaluation indicate that it is important for classroom training
programs be closely tracked and rigorously evaluated.

This paper only evaluates the effect of a training component in a LIP on the probability of finding
a formal job in the short run, one year after the implementation of the program. It would be
interesting not only to see the short term effects of these kinds of programs but also to identify the
medium and long term effects of training component of LIPs in developing countries. This could
provide a better understanding of these kinds of programs in terms of how they can help to increase
formal employment in developing countries.
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Figue A3
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Table A1. Descriptive statistics of Boost to Employment program

Number of participants

Panel A: Compensation Fund No training Training Full sample

operator A 6863 3115 9978
operator B 6580 3813 10393
operator C 14343 2724 17067
Total 27786 9652 37438

Panel B: Individual characteristics No training Training Full sample Difference

Female 16486 6623 23109
Male 11300 3029 14329
Average age 28,6 30,2 29,02 -1,57***
Average years of experience 3,72 4,6 3,91 -0,87***

Panel C: Education No training Training Full sample

Unfinished high school 1371 192 1563
87,7% 12,3% 100%

High school 10633 2212 12845
82,8% 17,2% 100%

Technical and technology 5670 1973 7643
74,2% 25,8% 100%

Bachelor degree 2795 1460 4255
65,7% 34,3% 100%

Panel D: Formal job

Participants hired in a formal job 63,2% 59,1%

Note: This table shows the descriptive statistics of the Boost to Employment (BE) program developed by the
Secretary of Development in Bogota for the three operators that were in charge of the program. No training
means job seekers who were assigned to the basic package, while training means job seekers who were assigned
to the integral package. The basic package consisted of helping the job seeker to construct their curriculum vitae
(CV) and send it to formal job vacancies. The integral package consisted of the basic package plus some training
courses determined by the labor counselor.
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Table A2. Distribution of courses assigned to participants

Type of course Participants Avg. Hours % # Courses assigned %

No training 1211 0 37,46% 0 37,46%

FBC 468 8 14,48%
1 18,31%SK 99 40 3,06%

JS 25 40 0,77%

FBC + SK 473 48 14,63%
2 24,19%FBC + JS 294 48 9,09%

SK + JS 15 80 0,46%

FBC + SK + JS 648 88 20,04% 3 20,04%

Total 3233 100%

Note: This table shows the descriptive statistics of the courses assigned to participants: type of course, number of
participants by course and average hours intensity of courses.

Table A2. OLS estimates by operator

VARIABLE Formal job Formal job Formal job

Training -0.0238* -0.0812*** -0.0483***
(0.0133) (0.0148) (0.0127)

Observations 7,405 6,295 12,113
R-squared 0.1248 0.1551 0.1157
Individual controls Yes Yes Yes
Neighborhood FE Yes Yes Yes
Program operator A B C

Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

31



Table A3. First stage results

FBC

Leniency 0.4023***
(0.0377)

Observations 3,233
R-squared 0.2838
Neighborhood FE Yes

Note: This table shows the first-stage results of being assigned to the FBC with the leave-one-out measure of
judge leniency. The leave-one-out is computed in the following way:

leniencyi =

∑
k ̸=i∈Ωj

FBCk

nj − 1
(10)

Where Ωj is the group of participants assigned to the labor counselor j and nj denotes the total number of job
seekers assigned to labor counselor j.
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