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Introduction

In recent years, women’s underrepresentation at the occupational and educational level
in the science, technology, engineering and math (STEM) sector has gained attention from
academics and policy makers alike. In particular, the gender gap in computer science careers is the most salient of all STEM fields (Sax et al., 2017). In Argentina and Colombia,
where this study takes place, women represent 57 and 58 percent of all college graduates,
but they comprise only 15 and 9 percent of the graduates in the computer science field,
respectively (Argentina Ministry of Education, 2015; Colombia Ministry of TIC, 2017). To
put this figure in perspective, this gap in the United States is remarkably similar: women
represent 57 percent of college graduates but only 19 percent of computer science graduates (National Center for Education Statistics, 2019). This, in turn, translates into a low
share of female participation in technology occupations. Even though women represent
about 45 percent of the workforce in Argentina and Colombia, the share of female employees in technology occupations is 22 and 20 percent, respectively (International Labor
Organization, 2014).1
There are several reasons why this underrepresentation of women in technology is
concerning and needs attention. From an economy-wide point of view, this implies a potential misallocation of talent across sectors that could impede aggregate growth (Hsieh
et al., 2019). From an employer point of view, firms miss a diversified workforce, potentially impeding productivity gains (Sax et al., 2017). Finally, and most relevant for our
study, from the worker point of view, this implies that women are missing in occupations
that pay higher wages (Blau and Kahn, 2017) and that rank the best in terms of amenities (Goldin, 2014). The most salient amenities in the technology sector are related to job
flexibility: these jobs are better suited for flexible working hours, work-from-home, and
part-time arrangements. These are particularly relevant for women of childbearing age,
who are the focus of this study.
In the present paper we use a randomized control trial to analyze whether digital
training courses can have the potential to equip women with the necessary skills to access the tech sector. We evaluate the causal effects of a high-quality, intensive part-time
coding bootcamp on skill acquisition, employment and educational outcomes on a sam1

In the United States, the share of females in the labor force is 47 percent, versus 25 percent in Computer
Science related occupations (U.S. Bureau of Labor Statistics, 2019).
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ple of young female beneficiaries. To do so, we randomly offer applicants to an oversubscribed coding bootcamp in Buenos Aires, Argentina, and in Bogotá, Colombia, a spot
in the course together with a scholarship to cover most of its tuition costs.
The bootcamps were carefully designed considering the following dimensions. First,
the selection of well-established coding schools with a proven track record and experience
in providing high value-added bootcamps was key to create a high return course valued by
the market. Second, the scholarship that covered most of the tuition costs aimed to tackle
a participation constraint originated by the high costs of these courses. Third, the coding
schools in both locations worked closely with gender specialists to define strategies to
make bootcamps more gender inclusive, key in order to increase participation in a sample
of female beneficiaries. Last, the eligibility criteria were designed to attract a sample of
women with high motivation, willingness to complete the course, and high potential to
benefit from it.
Even though there is a relatively recent but extensive literature on the effects of vocational training programs,2 most of the interventions evaluated focus on a population of
low-income youth or unemployed individuals, with the main objective of the program being to increase employment. The evidence on how effective these programs are at achieving their main objective of increasing employment is mixed. There exist several successful
programs where training increases employment and do so for the long-term (Attanasio
et al., 2011, 2017; Barrera-Osorio et al., 2020; Kugler et al., 2020; Silliman and Virtanen,
2019), but there are others that either do not achieve an increase in employment or earnings (Hirshleifer et al., 2015; Card et al., 2011; Cho et al., 2013), or which impacts fade
away in the middle- or long-term (Acevedo et al., 2017; Alzúa et al., 2016). Our paper will
contribute to this literature by analyzing yet a new type of vocational training which, to
the best of our knowledge, has not been studied before. The most salient distinctive feature of the program evaluated in this paper is the population under study, which entailed
a population of young females with a high level of educational attainment and who are
already participating in the labor market at high rates.3 Its main objective consists of relaxing an important barrier of entry of these women into a tech employment, and it does
so by providing the skills sought by employers in the sector.
2

McKenzie (2017) provides an excellent review of the evidence.
As explained in Section 2 of the paper, the program targeted women broadly, with a minimum eligibility criteria of high school completed. Despite this, women who concluded the whole selection process
presented high levels of education and high levels of participation in the labor force.
3
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We randomly assign a spot in the course together with a scholarship to cover 65 percent
of the cost of a computer coding course in Argentina, 80 percent of the cost in Colombia.
Given a limitation on the sample sizes, we analyze the effects of the training on the pooled
sample of beneficiaries in both countries.4 We analyze the effects of the program on two
sets of primary outcomes of interest: skills, and employment in technology. We find strong
impacts of the program on skills, measured by an exam that resembles a coding test that
an employer would apply during an interview to a candidate for an entry-level coding
job. We also find positive and significant effects of the program on the probability of getting a job in technology. Importantly, we compare key characteristics of these jobs to the
other jobs in our sample (which we call non-technology jobs). We show that even though
technology jobs pay the same rate, they are more likely to offer flexible hours and workfrom-home arrangements (in line with Goldin (2014)), and they generate a higher job satisfaction when compared to non-technology jobs. We interpret this as a net improvement
in overall job quality.
The analysis in this paper focuses on the short-term impacts of the program, since our
follow-up data gathered information referring to February 2020, between 2 and 5 months
after program completion. Moreover, we also gather employment information referring to
May 2020. This provides us with a unique opportunity to measure whether the program
effects make beneficiaries more resilient to the onset of a COVID-19 labor market crisis.5
We hypothesize that the bootcamps could equip beneficiaries with an alternative source
of employment and earnings should they face an adverse employment situation –either
hours, pay cuts, or the loss of the job–. Compared to the control group, the treated group
could exploit, for instance, the value added of the bootcamp on their CVs to find a better
job, or take advantage of the possibility of self-employment in coding-related jobs, where
self-employment and freelance jobs are frequent. The evidence suggests so, especially for
the sub-sample of the self-employed.
4

We worked closely with the coding schools in Buenos Aires and Bogotá and carefully designed the
intervention so that it was as similar as possible between both countries. This included making the targeting
of the program similar, as well as the content and structure. Minor differences across locations were adopted
to adjust to the local context and/or constraints. The amount of the subsidy varies across locations to adapt
to the local context, local cost of full tuition, and local costs of living.
5
Employment data of February 2020 gathers information for a period before the COVID-19 crisis hit Argentina and Colombia. Both countries experienced the outbreak in COVID-19 cases long after the Northern
Hemisphere. The first measures of lockdowns in Buenos Aires occurred in March 20, 2020, while in Bogotá
it was in March 25, 2020. These lockdowns happened still when both cities had very few cases: by the time
this first lockdown took place in Argentina (Colombia), there were only 97 (92) infections, and 3 (1) deaths
nationwide. Still by May 2020, the COVID-19 outbreak was at its earliest in both countries.
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Besides analyzing the effect of the training course, we aimed to understand potential
ways to increase program participation. In particular, we focused on a potential barrier
of entry into the computer and technology sector that could be related to social norms
in an extensively male dominated field. Motivated by previous literature that finds that
women shy away from fields in which they experience minority status (Buser et al., 2014;
Reuben et al., 2017; Bostwick and Weinberg, 2018; Shan, 2020), we nested a complementary intervention within the treated group. We randomized half of the beneficiaries of
the scholarship into a paired treatment that consisted of providing them with the contact
information of another female classmate in the treatment group. The contact information
of this peer was provided together with the scholarship offer, and examples of how they
could take advantage of such partner were given to encourage their interaction. The theory that guided this intervention is that by receiving the encouragement to contact another
female peer, beneficiaries of the lottery could have perceived that the training course was
female-friendlier, and this might have had a positive impact on the decision to enroll. We
fail, however, to detect a significant effect of this component of the intervention. We believe
that the absence of this effect can be mostly due to two features. First, this treatment arm
might have been under powered. Second, the outreach campaign for the program made
a strong focus on gender inclusiveness and on the fact that this was a program targeted
to women. In that context, an additional encouragement to form a team with another female student might have had only a very small marginal value added to the attraction
campaign.
The rest of the paper proceeds as follows. In Section 2 we describe the program and the
experimental design. In Section 3, we describe the data and present randomization tests
to validate our experimental design. We present the results in Section 4, and conclusions
in Section 5.

2
2.1

Program Description and Experimental Design
Program Design

We worked closely with two well-known coding schools -Digital House in Buenos Aires
and Bogotá Institute of Technology in Bogotá- to design and implement two ready-towork coding bootcamps. While the budget of the program allowed for only 150 vacancies
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in each location, our sample calculations required a larger number of individuals in the
treatment group. This is why, as specified in the pre-analysis plan, we pooled samples in
both locations for our main analysis. This required that both the content as well as the
targeting of the bootcamps needed to be designed to be almost the same for both cities,
with small variations only to allow for adjustments to the local context.
The bootcamps were part-time high-quality rapid-skills courses that prepared students
to qualify for an entry-level coding job shortly after its completion. Courses entailed a
mandatory computational training component and an optional soft-skill and career development module. The mandatory computational training component entailed basic programming skills based on labor market demands, including JavaScript, Hypertext Markup
Language (HTML), Cascading Style Sheets (CSS), and other platforms. Students were also
required to complete various practical projects in a workshop setting. The optional softskills component entailed professional development workshops focusing on confidencebuilding, leadership, communication and presentation skills. Workshops on job market
strategies were also offered, covering topics like building a LinkedIn profile, resume development, job interviews, and teamwork. Personal mentoring sessions with a coach were
included in this optional component as well.
The program was carefully designed drawing on lessons learned from earlier pilots
in Colombia, Lebanon and Kenya (World Bank, 2018). The main lessons pointed towards
the importance of a strong attraction and outreach campaign to attract enough candidates
interested in participating in the bootcamps,6 the need for a solid understanding of participation constraints that women face, the quality and expertise of the bootcamps providers,
the relevance of the curriculum, and the identification of the target of participants who
can benefit from the intervention.
First, in order to lead to a high return, bootcamps needed to provide the right set of
skills valued by the market. In this regard, the selection of well-established coding schools
with a proven track record and experience in providing high value-added bootcamps was
key. Second, tuition costs to attend the bootcamps at these high-quality schools are high.
In Argentina (Colombia), the monthly tuition costs were equivalent to about 1.2 (0.7) times
the mean monthly labor earnings in our sample. The scholarship to cover most of the
6

The pilots implemented in Lebanon and Kenya counted with only 15 and 18 students respectively, making it unfeasible to implement any quantitative evaluation. The pilot in Colombia included a total number
of 281 enrollees, of which 120 were selected as beneficiaries, and 161 as non-beneficiaries. The impact evaluation for this pilot did not find significant results of the program on its main outcomes of interest. The
study cannot rule out that this could be due to a sample with an insufficient size (World Bank, 2018).
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tuition costs aimed to tackle this dimension.7
Third, bootcamps are male dominated environments. Historic enrollment data provided by the coding schools indicates that, on average, 80 percent of students are male.8
In order to address this issue, the coding schools in both locations worked closely with
gender specialists to define strategies to make bootcamps more gender inclusive. In order to increase female participation, this aspect was explicitly highlighted and publicized
in the attraction campaigns (explained in detail in section 2.2). Fourth, even conditional
on participation, previous pilots of bootcamps identified a prevalent problem of retention
for female participants (Hammond et al., 2018). For this, the eligibility criteria (explained
in section 2.2 as well) was designed to attract a sample of women with high motivation,
willingness to complete the course, and high potential to benefit from it.
Last, logistical issues aimed at increasing program participation were also considered
in the design. Participants could choose location, shift, and between two learning modes.
Each city counted with two locations of the learning center and three different class shifts
(morning, afternoon and evening). One learning mode included mostly face to face classes
that lasted at most 3 and a half hours a day, three times a week. The other one was a
"blended mode", a mix of face to face and online classes.9 The part-time design of the
bootcamp was key in order to allow participants to continue working or studying another
career, if needed.
In Buenos Aires, the bootcamp lasted 20 weeks (with a total of 210 hours of instruction).
Most classes started in early April and finished in late July 2019. The last class started in
mid-May 2019 and finished in mid-September 2019. In Bogotá, the bootcamp lasted 16
weeks (with a total of 170 hours of instruction). Most classes started in early August and
finished in late November 2019. The last class started in mid-September and finished midDecember 2019.10

7

Maffioli et al. (2020) show that even though most entrepreneurs have a positive willingness to pay for
training, demand falls sharply as price increases: 76 percent of the entrepreneurs attend training when it is
free, but only 43 percent attend when they are charged one-quarter of the cost, and only 11 percent when
charged the full cost. The paper also shows that charging a higher price increases attendance among those
who pay, suggesting a psychological effect where paying for training makes entrepreneurs value it more.
8
The previous pilots counted with a share of female students of 30 percent in Lebanon, 25 percent in
Kenya, and 28 percent in Colombia (World Bank, 2018).
9
Considering these different locations of the learning centers, shifts and modes, there were a total of 12
classes available for enrollment in Buenos Aires and 10 in Bogotá.
10
For a detailed timeline of implementation and research activities in each country, please see Figure A.3
in the Appendix.
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2.2

Outreach and Eligibility

With the objective of attracting a large number of applicants, considerable effort was put
into defining and monitoring strong advertising campaigns and clear application processes.
The first step in this attraction campaign consisted of publicizing the bootcamp through
social networks (Facebook, Instagram, Google, YouTube Ads, and LinkedIn) and local
news outlets. The campaign included concise banners and images accompanied by a link
to a landing page with more detailed information about the program and enrollment process. Information included the fact that there were only 150 vacancies (with their respective scholarship) available in each city and that, expecting over-subscription, the implementer was going to assign them randomly. In that same landing page, those interested
in participating in the program were able to begin the application process.
The application process and eligibility criteria included the following: (i) minimum of
high school diploma; (ii) completion of a questionnaire; (iii) pre-work assignment completion; and (iv) a final exam. The questionnaire included information on demographic
characteristics, education, and labor situation of the candidates, among other relevant information. This was used to gather baseline data. The pre-work consisted of a self-learning
module to ensure that all participants had the minimum level of computer knowledge required to benefit from a coding bootcamp. This was not coding-specific, since no previous
coding was required in this program. Participants had about 3 weeks to complete this. The
final exam was taken on-site in Colombia (written exam) and Argentina (oral exam with
interview format). This final exam had the intention of evaluating the minimum knowledge acquired through the pre-work. Participants who finished this application process
satisfactorily were deemed eligible to participate in the lottery to receive the scholarship.
Figure 1 shows the number of participants that initiated the application process and
those who finished it. A total of 803 (393 in Argentina and 410 in Colombia) applicants
constitute our sample of eligible candidates.

2.3

Experimental Design

The experimental design was identical in both countries, where we randomly assigned
applicants who enrolled in the coding bootcamps into different treatment arms. First,
separately by city, we randomly select half of the eligible population to receive a spot in the
7

course, together with a scholarship that covered 65% of the tuition costs in Buenos Aires,
80% in Bogotá.11 Second, nested within the treated group, half of the applicants randomly
received, in addition to the scholarship, the encouragement to contact another female peer
classmate before enrolling. The contact information of this peer was provided together
with the scholarship offer, and examples of how they could take advantage of such partner
were given. Participants in this paired treatment were encouraged to contact their peer
before enrollment. During the course of the bootcamp, they received two reminders about
the information of their peer and about how to take advantage of this interaction.12
The lottery was implemented in two stages to ensure enough enrollment. Enrollment
consisted of accepting the scholarship and paying the remaining 35% (20%) of the tuition
cost in Argentina (Colombia). The program committed to support 150 scholarships in
each country, and it was necessary for the statistical power of the study to achieve this
target. Since it was anticipated that some applicants would not enroll even after being
selected, the solution was to run a lottery in two rounds. In each country, a first round of
the lottery identified 150 participants as beneficiaries of the lottery, while the remaining
eligible participants were waitlisted. The 150 beneficiary applicants were given two weeks
to secure the payment of the reminding tuition cost. Enrollment for this first round was
74% (71%) of the 150 who received the offer in Argentina (Colombia). A second round of
the lottery communicated the final outcome -either won the lottery or not- to those in the
waiting list. Beneficiaries in this second round of the lottery were also given two weeks
to secure the payment of the reminding tuition cost. Appendix A.2 explains in detail how
this lottery was executed. We adjust our estimates to account for this method of random
assignment following De Chaisemartin and Behaghel (2020).
After completing the two rounds of the lottery in both countries, out of the eligible
sample of 803 participants, a total of 402 received the offer of the scholarship. Within this
group, 192 received the additional encouragement to contact another female peer classmate, while 210 received the scholarship only. The control group is composed by 401
applicants who did not receive neither the scholarship nor the encouragement to contact
a peer. Figure 2 summarizes the treatment arms in the experimental design.

11

For Argentina, the remaining 35% was AR$30,000, while for Colombia the remaining 20% was
CO$600,000. This amounts for about 2 times the mean monthly labor earnings for our sample in Argentina,
about half the mean monthly labor earnings for Colombia.
12
Appendix figures A.4 and A.5 provide the letters received by applicants in the scholarship-only and in
the paired treatment groups.

8

3

Data

3.1

Data Collection

A baseline questionnaire was collected before performing the random allocation of the
scholarship offer. This questionnaire included socio-demographic characteristics of the
applicants, educational attainment, questions related to coding skills and previous coding
knowledge, employment variables (status, industry where the applicant works, wages),
and social skills as measured by the Big Five Inventory by Soto and John (2017). We gathered the tax identification numbers of respondents, which may be used in the future to
analyze long term outcomes using administrative data. Given the scale of our experiment
and power calculations, we applied the baseline questionnaire to all 803 eligible candidates.
Originally, a first follow-up face-to-face data collection was planned to take place after
about one year of the program completion, with the objective of measuring short-term
impacts on skill acquisition and employment dynamics. This would have been during
September 2020 in Buenos Aires, December 2020 in Bogotá. However, these activities
needed to be re-adjusted given the outbreak of the COVID-19 pandemic. In order to still
capture the short-term impacts of the program, we designed and implemented an online
survey during May and June 2020. The objective of this online survey was threefold: first,
it was important to gather information about labor market outcomes of program participants right before the COVID-19 global crisis affected labor markets in both cities. For this,
the period of reference of all employment questions in the survey dated back to February
2020. Second, information on educational outcomes and skills was collected in order to
measure short-term impacts of the program on these indicators. Third, a specific module
related to COVID-19 was administered in order to assess whether bootcamps participants
were somehow in a better position than non-participants to tackle the crisis. This module
included a question on resilience to a crisis in the job market generated by the COVID-19
outbreak, as well as employment information relative to May 2020, when the questionnaire was administered. Given the challenging times during which this online questionnaire was collected and in order to maximize response rates, we designed an instrument
that aimed to last no more than 20 minutes to complete.13 Data Appendix A.1 provides
13

The average response time ended up being 22 minutes.
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further details on how we collected baseline and follow-up data.
We were able to re-interview 724 of the 803 individuals in the sample, achieving a
90.2% response rate. An attrition rate of 9.8% compares very favorably to the attrition
rates found in other vocational training studies14 or even in labor market administrative
surveys for developed countries.15 Response rate for the treatment group was 93.3%, while
for the control group was 87.0%. Although small in magnitude, Table 1 shows that this
difference across treatment groups is statistically significant. We deal with this differential
attrition in several ways. First, in Table 3 we show that the sample of non-attriters is extremely similar in pre-treatment observable characteristics to the whole sample. Moreover,
we show that pre-treatment covariates remain balanced between treatment groups for the
sample of non-attriters: all the differences between treatment and control groups show
roughly the same magnitudes and statistical significance when compared to the whole
sample. Second, we investigate whether any pre-treatment observable characteristic correlates with the probability that an individual attrits the sample. We estimate a linear
probability model in which we regress a dummy that takes the value of 1 if individual
attrits, 0 if she remains in sample on treatment status, randomization strata fixed effects,
and baseline characteristics.16 Figure 3 shows the point estimates and confidence intervals
for each variable in such regression. In this figure, we can observe that the only variable
that significantly predicts attrition is treatment assignment, with no systematic correlation
with any other pre-treatment characteristic.
Given that the differential response rate is small in magnitude, that it is not correlated
with pre-treatment characteristics, and that the non-attriters sample shows the same balance as the whole sample, our main estimates do not adjust for attrition. Reassuringly,
however, in section 4.7 we show that these estimates are robust to adjusting for differential attrition. We do so by implementing bounds by Behaghel et al. (2015).17

14

See Table 1 (pages 132 and 133) in McKenzie (2017) for the attrition rates in 15 other vocational training
studies in low and middle income countries.
15
The attrition rate for the U.S. Current Population Survey, for example, is about 20%.
16
Baseline characteristics include age, marital status, educational attainment, a dummy that indicates
whether the participant has taken a previous coding course, a dummy that indicates whether the participant specialized in a STEM career during her education, employment status, whether the individual was
employed in the formal sector, weekly hours employed, and labor earnings.
17
Since we foresaw this differential attrition, we developed a thorough field protocol that collected information on how many call and email attempts were made for each subject in the sample.
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3.2

Sample Descriptive Statistics

We begin by reporting basic pre-treatment descriptive statistics regarding demographics,
education, skills and labor market outcomes for our sample in Table 2.18 We do not distinguish between treatment and control groups in this section, but we show statistics for
our pooled sample and separately for the sample in Argentina and Colombia. We do this
to get a sense of how our sample compares across countries and, within country, to the
overall target populations in each location. Following a similar criterion of the program
targeting of beneficiaries, for the overall population in Argentina, we compute descriptive
statistics for women between 18 and 40 years old, living in Buenos Aires city and Greater
Buenos Aires Area. We get this data from the 2018 Permanent Household Survey (Encuesta Permanente de Hogares, INDEC). Equivalently, for Colombia we compute descriptive
statistics for women between 18 and 50 years old in Bogotá. We get data from the 2018
National Household Survey (Gran Encuesta Integrada de Hogares, DANE).
Several facts are worth describing from Table 2. Regarding demographics of our sample, the average age of eligible women in our sample is about 29 years old. Even though
only 19 percent of our sample are mothers, the mean age in our sample is remarkably similar to the mean age of mothers at first childbirth, which is 29.5 years old for Buenos Aires
(Direccion General de Estadistica y Censos, 2019), and 27 years old for Bogota (OECD,
2019). About 14 percent of women in our sample are married. The household income
distribution in our sample is somehow skewed towards upper deciles of the income distribution, with 44 percent of our individuals having a household income in deciles 4-7
and 38 percent in the upper 3 deciles. Age and marital status of eligible candidates are
extremely similar across bootcamps locations. Our sample in Argentina has a somewhat
smaller share of mothers relative to Colombia, and a household income distribution relatively skewed to the right.
To summarize education, we show the percentage of individuals who have a college degree in our sample. This is 61 percent, and is very similar between Argentina and Colombia. Last, employment variables show that 83 percent of our sample is employed at baseline, with 22 of them being self-employed, and about 60 percent of them being employed
in the formal sector.19 On average, individuals in our sample work about 27 hours a week,
and their wage and salary earnings are US$ 392 a month. While the employment figure
18
19

Data Appendix A.1 details how we construct each variable in our data.
Our self-employed and formal sector dummies assign zeros for those not employed.
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and weekly hours worked are similar between Argentina and Colombia, the sample in
Argentina shows a lower share of self-employed and a higher share of formal employment compared to Colombia. Wage earnings (in December 2018 dollars) are lower for
Argentina.
Last, when we compare our samples to their respective overall target population in
each country, we observe that our samples are somewhat positively selected into the program. In both countries we observe that the share of mothers is significantly lower relative to the population, with a share of college degree educated eligible candidates being
significantly higher. Employment variables also show a positive selection in terms of employment status, formality and earnings. We believe this positive selection was the result
of the selection process explained in section 2.2. It is important to note here that even
though the eligibility criteria were set broadly (high-school completed), the selection process (mostly the completion of the pre-work assignment) identified candidates with a high
willingness and motivation to participate in the bootcamp, which in turn resulted in a positively selected sample as described here. We will come back to this when we interpret our
results.

3.3

Randomization Checks

The randomization procedure made use of the information in this baseline. To ensure a
balanced sample, randomization was stratified (Duflo et al. (2007); Bruhn and McKenzie
(2009)). The stratification was done based on educational attainment (sample divided between those with less than college versus college or more), motherhood status (being a
mother or not), and previous employment in a job related to coding (sample divided between those who had such experience and those who had not). Repeating this by country,
this gives a total of 2 × 2 × 2 × 2 = 16 randomization blocks.
We present pre-treatment differences in demographic characteristics, education, skills
and labor market outcomes between the treatment and control groups in Table 3. The table
reports pre-treatment means of each variable for the treatment and the control groups in
columns 1 and 2 respectively. Column 3 reports the difference in each variable between
the treatment and control groups and its estimated robust standard errors. We control for
randomization strata fixed effects when we estimate these differences.
Overall, we notice that the two samples are remarkably balanced, indicating that the
randomization worked well. The only exception is a small imbalance in the wage earnings
12

between the treatment and control group, where the treatment group shows earnings that
are approximately 10 percent lower than the earnings of the control group. Even though
the difference is marginally statistically significant (p-value of 0.076), all our estimations
include this variable as covariate. Moreover, when we conduct a test of joint significance
of differences of all pre-treatment characteristics, we do not reject the null hypothesis that
all characteristics between treatment and control group are the same (F-test=0.68 with a
p-value of 0.835).
Given that Table 3 uses only data from our surveys, the set of variables we show there
is richer than the one described in Table 2, particularly for variables regarding education
and skills. A few additional things are worth mentioning about our sample characteristics
that were not described in section 3.2. We observe that about 30 percent of our sample has
specialized on a STEM degree20 during their education. The proportion of the sample
that holds a degree in Computer Science is significantly lower: only 5.5 percent. About a
third of our sample has taken a coding training course before the bootcamp. Importantly,
all these variables that measure skills as well as the Big 5 social skill index are perfectly
balanced between treatment and control groups in our sample.
As mentioned in section 3.1, we repeat the balance tests for the sample that responds
the follow-up online survey. Results are shown in columns 4-6 in Table 2. Three features
are worth mentioning. First, characteristics of the overall sample remain the same between
the whole sample and the sample of non-attriters. Second, as shown in Table 3, the sample of non-attriters continues to show balance between treatment and control groups.21
Last, the F-test of overall significance keeps a similar magnitude and statistical significance. Given this, our main estimates do not adjust for this attrition. Moreover, in Table
10 we show that our main estimates hold even after adjusting for differential attrition by
implementing the bounds by Behaghel et al. (2015).

20

STEM degrees are Biology, Biochemistry, Computer Science, Math, Physics, and any specialization of
Engineering.
21
Indeed, the only imbalance present in the whole sample disappears in the sample of follow-up nonattriters.
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4

Program Effects

4.1

ITT and LATE Estimations

In the main specifications of this paper, we report Intention to Treat (ITT) and Local Average Treatment Effect (LATE) estimates of the bootcamp on different outcomes of interest.
ITT estimates are obtained from the following regression:
yi = α + β IT T Ti + δXi + θSi + εi

(1)

where Ti is an indicator that takes the value of 1 if the individual i is randomly allocated
a spot in the bootcamp with a scholarship offer, 0 if not. Unless otherwise specified, regressions that control for pre-treatment characteristics include the following in vector Xi :
age, marital status, educational attainment, a dummy that indicates whether participant
has taken a previous coding course, a dummy that indicates whether participant specialized on a STEM career during her education, employment status, whether the individual
was employed in the formal sector, weekly hours worked, and wages and self-employment
labor earnings. A vector of 16 randomization strata fixed effects is included in Si , and εi
is an error term.
yi is the outcome of interest. We focus on two sets of primary outcomes. First, the primary outcomes referring to skills are the score in the coding exam, and an indicator that
takes the value of 1 if individual passes the exam (i.e., scores higher than 4) and 0 otherwise. The second set of primary outcomes of interest refers to access to the technology
sector. We analyze the impacts of the bootcamp on an indicator that takes the value of 1
if, at follow-up, the individual is "in the technology sector", 0 if not. We measure being
"in the technology sector" as being either working or employed at a job where the individual performs coding tasks22 or studying a computer science (or related) degree.23 We
then analyze these two outcomes separately. We analyze the impacts of the program on
getting a coding job, and on studying a computer science degree. Unless otherwise noted,
22

As explained in detail in Data Appendix A.1, when we asked this information in the interview, we
were explicit about what a coding task meant. We indicated that by "coding" we meant programming in
some computer language such as Ruby, Python, JavaScript, HTML, CCS, iOS, C ++, Laravel, or similar. We
explicitly indicated that the use of a computer for any other software such as Microsoft Excel, for example,
was not considered coding.
23
Computer Science degree includes Computer Science and different variations of Computer Engineering.
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throughout the paper we use a Linear Probability Model whenever we analyze binary
outcomes.24
The parameter of interest in equation (1) is β IT T . Under random assignment, this parameter represents the causal effect of the program, i.e., of the spot offer.
In order to identify the effect of the bootcamp, we estimate the LATE using equations
(2) and (3) below.
Bi = α + θTi + δXi + θSi + εi

(2)

yi = α + β LAT E B̂i + δXi + θSi + εi

(3)

In equation (2), Bi is an indicator variable that takes the value of 1 if the individual gets
the offer, enrolls and graduates from the course, 0 otherwise. B̂i in (3) is the fitted value
of Bi , and β LAT E estimates the local average treatment effect of the bootcamp.
Before proceeding with the analysis of the effects of the program, in the next section
we discuss program compliance.

4.2

Compliance

Out of the 402 spot offers, 283 individuals (70.4%) enrolled in the course. Enrollment in
the bootcamp implied paying the remaining 35% (20%) of the tuition cost in Argentina
(Colombia). Only 2 individuals from the control group enrolled in the course. Out of
the 285 enrolled, 85% (241 students) finished the course and graduated.25 According to
administrative data, most dropouts occurred during the first month of bootcamp.26
A few additional things are worth mentioning about compliance in our context. First,
for the LATE estimates we define compliance (our Bi indicator in equation (2)) as enrolling
and graduating from the course. Second, even though only 2 individuals from the control
group enrolled in our course, about a third of the control group enrolled in another coding bootcamp after our random treatment assignment. We keep our definition of program
compliance limited to the course offered in this particular intervention. According to our
24

Section 4.7 presents the robustness of our main ITT estimates when we use a conditional logit model
for binary outcomes.
25
This graduation rate compares very favorably relative to previous pilots and similar bootcamps (Hammond et al., 2018).
26
Of the 44 dropouts, 40 alleged personal reasons or incompatibility with work schedules. The remaining
4 did not provide a reason.
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follow-up data, most of these other coding bootcamps are free, limited and shorter alternatives compared to the course we evaluate here. Moreover, from a revealed preference
point of view, eligible candidates preferred our course to begin with, and enrolled in these
alternatives only after not being randomly selected to get the scholarship.
In order to analyze what drives program enrollment and completion, we estimate the
following equation within the sample of treated individuals:
yi = α + βTi + γP airedi + δXi + θSi + εi

(4)

where all variables have been defined previously except for P airedi , which is an indicator that takes the value of 1 if individual i in the treatment group is randomly assigned
a pair. In particular, when estimating equation (4) we are interested in the estimate of γ to
study whether the paired treatment encouragement design has any effect on enrollment
or completion.
Estimates from an OLS specification of equation (4) are presented in Table 4. Despite
showing positive point estimates, γ̂ in that table is imprecisely estimated, meaning that we
cannot conclude that the paired treatment encouragement has a positive effect on program
take-up or on graduation. The absence of this effect can be due to different factors. First,
it could be that this treatment arm was under powered.27 Second, regarding the absence
of an impact on enrollment, as explained in section 2, we have to bear in mind that the
outreach campaign for the program made a strong focus on gender inclusiveness and on
the fact that this was a program targeted to women only. In that context, an additional
encouragement to form a team with another female student might have had only a very
small marginal value added to the attraction campaign. Last, regarding the absence of
an impact on graduation, the courses ended up being formed by about 50 percent female
students, versus the historical 20 percent. In this context, an organic study group with
another female classmate must have been easier to form, even for the sample who received
the individual treatment.
Given this, in what remains of this paper, ITT and LATE estimates focus on the impacts
of the spot offer only.

27

Power calculations for these outcomes assumed an MDE of 0.2 standard deviations.
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4.3

Impacts on Skills

We first investigate whether the bootcamp actually provided participants with the skills
needed to get a job in technology. For this, we embedded a coding exam in the follow-up
survey. This test was designed together with the learning and professional development
team in both learning centers. The questions resembled questions that an applicant would
get in a job interview for an entry-level coding job. Indeed, the assessment was composed
of a pool of questions that alumni from the bootcamp in each location received in real job
interviews. The exam included 8 multiple choice questions, and respondents were given
4 minutes to answer those before the questionnaire advanced automatically to the next
section.28 Out of these 8 questions, 3 were "minimum coding knowledge" type of questions. The remaining 5 were harder questions where a screenshot of a coding script was
shown and the respondent needed to spot the error. Questions were shown in random
order to respondents. The maximum score in this exam was 10 points. Each of the three
basic questions were worth 1 point each, 3 of the five were worth 2 points each, and the
remaining 2 hardest questions were worth 0.5 points each. A score of 4 was considered a
pass. From an interviewer point of view, a score of 4 in a four-minute exam means that
the candidate showed -even under time pressure- the minimum knowledge by answering
at least the three basic questions and one additional hard question correctly. This passing
score of 4 considered a failed test one that only answered the three basic questions correctly. Answering two of the hard questions correctly was considered a pass even if the
respondent did not answer any other question. Appendix section A.3 shows examples of
the questions asked.
To get a first look at the exam scores, Figure 4 shows the score distributions by treatment
group. In this figure, we can observe a shift to the right in the exam score distribution of
the treated group, compared to the control group. In particular, relative to the control,
we observe a much higher share of individuals scoring 5 or more points in the treatment
group.
Panel A of Table 5 presents the estimates of the impacts of the program on skills.
Columns (1) and (2) in that table show the ITT estimates of the program effects. Columns
(3) and (4) show LATE estimates. The last column of the table shows the mean of the control group for comparison. Odd numbered columns only control for randomization strata
28

We applied this criterion in order to minimize survey fatigue.
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fixed effects, while even numbered ones show results from specifications that control for
pre-treatment covariates.
We investigate impacts on two outcomes: the score in the exam, and the probability of
passing it. Results show a strong positive effect of the program on skills. LATE estimates
show that the bootcamp increases the exam score by 1.5 points, which represents a 45
percent (0.6 standard deviations) increase relative to the control group. Importantly, the
bootcamp increases the probability of passing the exam by 20 percentage points, which
represents a 50 percent (0.4 standard deviations) increase relative to the control.
These strong positive results are important in our context for several reasons. First, and
as explained in section 4.2, about a third of the control group took a coding course other
than the one offered by this intervention. Given that we define compliance as participating
in our bootcamp only, this means our LATE estimates still compare our compliers in the
treated group against a control that still may have acquired some level of skills through
other alternative courses. However, and according to follow-up data, these other courses
were shorter, free and mostly online alternatives of the one evaluated in this study, and
the positive effects we observe on skills corroborate that the quality and careful design of
the intervention matter for observing the intended effects. We provide some evidence of
this superior quality of the bootcamp in the next subsection 4.3.1.
Second, even though our research design does not allow us to study whether these
courses work through a credentials signaling mechanism, a positive effect on skills is important to understand that even though this could be at play, the training provides important skills that go beyond whatever signaling effect that the course could have on the
beneficiaries’ CVs. This is particularly relevant for our next section, in which we show that
the program is also effective at making individuals transition to a job in technology.
4.3.1

Evidence of bootcamp quality

As described in sections 4.2 and 4.3, about a third of the control group (who did not get
the offer to participate in the bootcamp) ended up enrolling in alternative courses. Despite
that, according to follow-up data, these other courses were shorter, free and mostly online
alternatives. Information coming from the performance of individuals in the coding exam
provides a good opportunity to compare the quality of the bootcamp evaluated in this
study with these other alternatives.
To explore this, we compare the exam scores of the compliers in the treatment group
18

(those who enrolled and finished the bootcamp) with individuals in the control group
who took an alternative course. Figure 5 shows the distributions of such scores. When
we compare the scores, the treated group shows a score that is about one point higher (18
percent, 0.3 standard deviations) relative to the control group (p = 0.011). This can be
taken as a piece of evidence that may indicate that the bootcamp evaluated in this study
is of higher quality than the alternatives taken by some individuals in the control group.

4.4

Employment in Technology

Having shown that the program has strong positive effects on skills, the next step is to investigate whether beneficiaries actually use the program as a mean to help them transition
into the technology sector. In order to understand this, we analyze the program effects on
three outcomes of interest. First, a dummy variable that indicates whether, in February
2020 (5 months after the intervention ended in Argentina, 2 months in Colombia) the individual is working on a job that requires coding (we call this variable "In tech working").
Second, a dummy that indicates whether at follow-up the individual is acquiring formal
tertiary or university education on a computer science related field (we call this variable
"In tech studying"). Last, we create a dummy that subsumes the previous two by taking a
value of 1 if the individual is either working or studying in tech, 0 otherwise (we call this
variable "In tech (working or studying)").29 Data Appendix A.1 explains in detail how these
variables were measured and constructed. As described in section 3.1, the employment
outcomes that we analyze in this section and in section 4.5 use retrospective data collected
in May 2020 but referring to February 2020. This is to identify the bootcamp impacts on
the main employment outcomes before the COVID-19 outbreak affected labor markets in
Argentina and Colombia.30
Panel B of Table 5 presents the estimates of the impacts of the training on these outcomes. We observe that the program increases the probability of working at a technology
job by 9.2 percentage points, which represents a 38 percent (0.2 standard deviations) increase relative to the control group. While we do not observe an impact of the program
on the acquisition of formal tertiary or university computer science education, we do find
Being working or studying in tech are not mutually exclusive, and this why, as observed in Table 5, the
means of the first two dummies add up to a fraction slightly larger than the mean for the third one. We did
not pre-specify this third outcome.
30
Both countries experienced the outbreak of COVID-19 cases long after the Northern Hemisphere. The
first measures of lockdowns in Buenos Aires occurred on March 20, 2020, while in Bogotá it was on March
25, 2020. These lockdowns happened still when both cities had very few cases.
29
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that the bootcamp increases the probability of being in the tech sector -either working or
studying- by 12.7 percentage points, which represents a 48 percent (0.3 standard deviations) increase relative to the control group.
Since our results indicate that our main impacts come from the employment in technology outcome, we elaborate on these results further. A natural question to ask is: are
technology jobs better compared to other jobs in our sample? If so, in which way? In order
to understand this, we compare key characteristics of technology jobs to the other jobs in
our sample (we call them non-technology jobs). To do this, we perform this descriptive
analysis at the job-level, meaning that each observation in this analysis is a job instead of
an individual.31
Table 6 presents the results of this comparison analysis. The general takeaway of this
analysis indicates that even though technology jobs pay a similar rate, they show better
work arrangements and higher job satisfaction when compared to non-technology jobs.
In particular, job satisfaction in technology jobs is 12 percent higher compared to nontechnology jobs. This goes in line with the fact that they offer the possibility of working
from home and flexible hours at a higher rate: technology jobs are 24 percentage points
more likely (or 43 percent) to offer work-from home arrangements and flexible hours. Last,
we observe that the pay rate (in hourly amounts and total compensation) is similar across
job types, with yearly earnings and compensations being slightly higher in technology
jobs, with a difference that is not statistically significant.
These findings align with the ones highlighted by Goldin (2014) and are particularly
relevant to understand the importance of the intervention. In particular, given that the
study includes a sample of young women who are right at the childbearing age, the feature
of the possibility of working from home and flexible hours is of relevance when studying
whether they indeed are transitioning to a job that better suits their needs.

4.5

Mechanisms and Secondary Outcomes

In this section, we explore mechanisms that may be behind our positive results on employment in technology, as well as secondary outcomes.
A first natural mechanism by which program participants may be getting jobs in coding
was already discussed in section 4.3 and relates to an increase of a particular set of skills
31

83 percent of our sample of employed individuals works in one single job, 20 percent in two jobs, 7
percent in three jobs.
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that make them more employable. As discussed previously, program participants score
significantly higher in a test that resembles an interview for a coding job, and show a
significantly higher probability of passing that test.
Beyond this, we explore three additional mechanisms: type of job (as of part- or fulltime), job search behavior, and gender perceptions of the tech sector.32 Panel A of Table 7
shows the results of our main estimations on this set of outcomes. The first thing to observe
from these results is that the positive result observed on the probability of getting a tech
job is mostly driven by part-time jobs, with a weekly increase of about 3 hours worked in
this type of employment.
Second, we observe no impact of the program neither on job search variables (measured as number of job applications and number of job offers received between baseline
and follow-up) nor on individuals’ gender perceptions of the tech sector. The lack of results
in this set of outcomes may be indicative of the increase in skills being the main mechanism at play through which beneficiaries of the program increase their employment in a
tech job.
Last, we investigate program effects on secondary outcomes: (any) employment and
labor earnings. Regarding (any) employment, measured as whether the individual was
employed in February 2020, we consider this as a secondary outcome because of the nature of our intervention. As previously explained in section 3, our sample is a sample
of individuals who are already participating in the labor market at high rates (with an
employment rate of 85 percent), and whose main motivation to participate in the coding
bootcamp is to get a particular type of employment, as observed in the positive effect of
the program on the probability of getting a job in technology. Second, labor earnings are
considered a secondary outcome in this evaluation given its short-term nature. Panel B of
Table 7 shows the results of our main estimations on this set of secondary outcomes. Surprisingly, the program has a negative effect on employment: it decreases the probability of
being employed by 9.8 percentage points (or 12 percent relative to the control group). This
negative effect seems to be one of labor force participation rather than unemployment: we
do not observe an impact of the program on unemployment.
In order to further investigate this negative impact of the program on employment, we
perform three analyses. First, we estimate the impact of the program on the probability
of being in school, measured by an indicator variable that takes the value of one if the
32

Appendix A.1 details how this variable is constructed.
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individual declares, at the time of the interview, to be at school pursuing any tertiary or
university degree. We do not observe an impact of the program on this outcome.
Second, to shed some light on what the non-employed are doing, we focus the analysis on educational enrollment within this sub-sample. Table 8 presents this descriptive
analysis for two subs-samples: those who are non-employed at follow-up, and those who
transition from employment at baseline to non-employment at follow-up. Even though
the differences between treatment and control group are non-significant (we are using
a very small sub-sample), we do observe that, among those non-employed, the treated
group is more likely to be enrolled in a tertiary or university degree, with this difference
being considerable higher if we focus on computer science degrees.
Third, we perform a treatment effect heterogeneity analysis considering the level of
satisfaction the individual declared to have with her job at baseline. In this analysis, we
interact the treatment with an indicator variable that takes the value of 1 if the individual
declared to be unsatisfied with her job at baseline. Table 9 reports the findings of this analysis. We observe that, while the treatment dummy becomes insignificant, the interaction
term is negative and significant (p = 0.066). This means that the negative effect on employment is being mostly driven by those who were not satisfied with their jobs at baseline.
In other terms, it could be evidence indicating a withholding in labor force participation
among those unsatisfied with their jobs before participating in the bootcamp. Since these
are very short-term results, it will be important to see what happens to these individuals
in the longer-term follow-up.
Regarding the analysis of the effect of the program on labor earnings, we investigate
two outcomes. First, we simply estimate the effects on monthly labor earnings. We do
not see an impact of the bootcamp on this indicator. Second, we construct a yearly total
compensation variable. This is a measure that includes, in addition to labor earnings, a
monetized value of the health care and retirement plans, paid sick leave and paid time off,
retirement contribution, and yearly bonus, in case the job offers any of these. We do not
observe an impact of the bootcamp on total compensation either. This absence of impacts
on earnings is in line with findings from the literature that evaluates vocational training
programs (McKenzie, 2017).
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4.6

COVID-19

The results described in the previous sections refer to February 2020, which is before the
COVID-19 crisis hit Argentina and Colombia. Both countries experienced the outbreak in
COVID-19 cases long after the Northern Hemisphere. The first measures of lockdowns
in Buenos Aires occurred on March 20, 2020, while in Bogotá it was on March 25, 2020.
These lockdowns happened still when both cities had very few cases: by the time this first
lockdown took place in Argentina (Colombia), there were only 97 (92) infections, and 3
(1) deaths nationwide.33 Since our data collection activities took place during May and
June 2020, this gave us a unique opportunity to gather employment information of the
interviewees at the moment of the interview, in addition to the retrospective data dating
back to February. The objective of this was to compare the employment situation of our
sample before and at the onset of the COVID-19 outbreak.
The first outcome of interest related to the COVID-19 development refers to a question that aimed to measure how resourceful and well equipped the individuals felt when
having to navigate the job market during or after COVID-19 times. Precisely, interviewees
were asked the following question: "On a scale from 0 to 100: How well equipped do you
feel you are to navigate the current and future labor market in the midst of a COVID-19
crisis?" Panel C in Table 7 presents the ITT and LATE estimates of equations 1 and 3 on
this outcome. We observe that the bootcamp increases this score by about 6 points, which
represents a 10 percent increase (.25 standard deviations) relative to the control group.
Then, for those who were employed in February 2020, we compare their situation between February and May 2020. We hypothesize that the bootcamps could equip beneficiaries with an alternative source of employment and earnings should they face an adverse
employment situation –either hours, pay cuts, or the loss of the job–. Compared to the control group, the treated group could exploit, for instance, the value added of the bootcamp
on their CVs to find a better job, or take advantage of the possibility of self-employment in
coding-related jobs, where self-employment and freelance jobs are frequent. We explore
this in the next paragraphs.
Figures 6 and 7 present descriptive evidence of the May versus February comparison.
Figure 6 presents the case for wage earners, where we show the percentage (within the
respective treatment group) of those who got an hour or pay reduction, those who were
33

More information on the context of the COVID-19 situation during March 2020 in Argentina can be
found here (in Spanish). For Colombia, please see this (in Spanish too).
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laid off, and those who did not see their employment situation change. We do not observe
any relevant differences between treatment and control groups. We do observe, however,
that independently of the treatment group, about 9 percent of women got laid off by May,
and that about 8 percent got their hours or pay cut.
When we do the same analysis considering those who were self-employed (freelancers)
in February, we do observe a more marked difference between treatment and control
group, with the treatment group performing better. Figure 7 shows the proportion (again,
within the respective treatment group) of those who saw their employment situation improved (by working more hours and getting higher earnings), those who saw it worsened
(by either working less hours and/or getting lower earnings), and those who did not experience any change. We do observe that the treatment group shows better resilience and
employment status overall: they are 9 percentage points less likely to have seen their job
situation worsen. Breaking this percentage up, the treatment group is 5 percentage points
more likely to have seen their employment situation improve, and 4 percentage points
more likely to experience the same situation. Even though these differences are not statistically significant (out of the employed at follow-up, freelancers comprise only 23 percent,
so these differences are on a sample size of 129 individuals), they can be indicative of the
treatment providing more or better resources for those self-employed.
A caveat of this comparison analysis is that, still by May 2020, the COVID-19 outbreak
was at its earliest in both countries. In the next follow-up, we will observe the employment
situation of the sample after allowing for a longer period of time. We will then be able to
better explore whether the bootcamp helped participants cope and deal with any negative
circumstances related to a widespread downturn in the labor market.

4.7

Robustness and Additional Results

In this section we present the robustness of our main results to attrition, to adjustment
to multiple hypothesis testing, and we present results using a conditional logit model for
binary outcomes. Moreover, we compare our main results that use the pooled sample to
those obtained by splitting the sample by country.
Table 10 presents the robustness to attrition. We present our pre-specified bounds obtained by the method by Behaghel et al. (2015). We also compare these with the commonly
used Lee (2009) method. All our results are robust to attrition, as evidenced by both the
upper and lower bounds of our estimates remaining statistically significant. Moreover, we
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do observe that the method by Behaghel et al. (2015) yields narrower bounds compared to
Lee (2009). This highlights the importance of collecting contact information during fieldwork.
Table 11 presents the robustness of our primary outcomes to multiple hypothesis testing. We show the unadjusted p-values used in our baseline ITT and LATE estimations together with the Westfall-Young stepdown adjusted p-values for all our primary outcomes
(Westfall and Young, 1993). Even though we do observe, as expected, that significance of
our point estimates decreases in some cases, all our results are robust to the adjustment.
Table 12 presents the robustness of our main ITT estimates when we use a conditional
logit for cases where the outcome is binary.
Last, Table 13 presents the results of our main outcomes disaggregated by country.
Columns (1) and (3) present the ITT estimates for Argentina and Colombia, respectively.
Column (5) presents the estimates for the pooled sample shown previously in Table 5
for comparison. Even numbered columns show the mean and standard deviation of the
control groups. Two things are worth noting in Table 13. First, we do observe that point
estimates are remarkably similar between bootcamps locations. We see this as a result
of a careful design and targeting of the program. Since we pre-specified that our main
analysis would pool data from Argentina and Colombia together, we worked very closely
with both training sites to replicate the intervention as closely as possible. Second, the fact
that some point estimates lose significance when estimated separately by country proves
that, dealing with the limited sample size we were dealing with, pre-specifying the pooled
analysis was key in order to estimate precisely the effects of the program.

5

Concluding Remarks

We evaluate the causal effects of a high-quality, intensive, part-time, computer coding
training program for women on skill acquisition and employment outcomes on a sample
of participants in Buenos Aires, Argentina, and in Bogotá, Colombia. We offered spots
in an over-subscribed coding course to a random subset of applicants. Chosen applicants
received a scholarship that covered most of the tuition costs of the course.
The bootcamps were carefully designed considering the following dimensions. First,
the selection of well-established coding schools with a proven track record and experience
in providing high value-added bootcamps was key to create a high return course valued by
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the market. Second, the scholarship that covered most of the tuition costs aimed to tackle
a participation constraint originated by the high costs of these courses. Third, the coding
schools in both locations worked closely with gender specialists to define strategies to
make bootcamps more gender inclusive, key in order to increase participation in a sample
of female beneficiaries. Last, the eligibility criteria were designed to attract a sample of
women with high motivation, willingness to complete the course, and high potential to
benefit from it.
In this paper, we analyze the short-term effects of the program on two sets of primary
outcomes of interest: skills, and employment in a technology job. Follow-up data collected between 2 and 5 months after program completion indicates that the program has
a strong positive impact on skills, measured by an exam that resembles a coding test that
an employer would use during an interview to an applicant for an entry-level coding job.
We also find positive and significant effects of the program on the probability of getting
a job in technology. Importantly, when we compare technology jobs with the rest of the
jobs in our sample, we find that the former are 43 percent more likely to offer work-from
home arrangements and flexible hours, and generate a job satisfaction that is 12 percent
higher compared to non-technology jobs. These findings are in line with Goldin (2014).
Given that the pay rate in technology jobs is similar to other jobs (at least in this short-term
analysis), we interpret this increase in flexibility and job satisfaction as a net improvement
in overall job quality. This is not trivial, since there exists evidence in the labor literature
that documents that workers may take pay cuts when moving to a new job if that new job
offers better amenities or career perspectives (Bagger et al., 2014).
The previous results refer to February 2020, which was between 2 and 5 months after
program completion. Additionally, we also gathered employment information referred to
May 2020. This provided us with a unique opportunity to measure whether the program
effects make beneficiaries more or less resilient to the onset of the COVID-19 crisis. The
evidence suggests so, especially for the sub-sample of the self-employed.
From a short-term perspective, our results are encouraging. We interpret them as proof
that the program is effective at making its target population break a barrier of entry into
employment in tech in relatively little time. It does so by, first, designing a strong intervention that effectively tackles barriers that could prevent program participation. Then,
we show that it imparts a valuable set of skills that is sought by employers in the sector,
which ultimately translates into an increase in the probability of finding a job in technol-
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ogy. From an external validity point of view, it has to be acknowledged that participants
in this particular program consisted of a sample of women who are positively selected in
terms of income, educational and labor market outcomes relative to the overall population.
These results open a series of questions that will need future research. Are these positive impacts found sustained over time? How is the medium- and longer-term career
progression of beneficiaries? How do participants cope with adverse effects of a long exposure to a downturn in the labor market originated by COVID-19? How effective is this
type of intervention from a cost-benefit point of view? Would the impacts hold if implemented at scale? We plan to collect another round of data in a longer-term follow-up to
shed light on these open questions.
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Figure 1: Application Process and Sample Size

Figure 2: Treatment Arms and Sample Sizes
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Figure 3: Attrition - Estimates of a Linear Probability Model
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Tables

Treatment (0,1)
N
Strata and country FE
Pre-treatment controls

Response (0,1)
Mean
(1)
(2)
Control
0.062*** 0.063***
0.870
(0.021)
(0.021) [0.336]
803
3
3
7
3
-

Notes: This table reports the coefficient of a Linear Probability
Model in which the outcome variable is an indicator of whether
the person continues in the sample in the follow-up survey. Treatment (0,1) is an indicator variable that takes the value of 1 if the
individual is randomly selected to get a scholarship offer, 0 otherwise. Pre-treatment controls include age, marital status, educational attainment, a dummy that indicates whether participant has
taken a previous coding course, a dummy that indicates whether
participant specialized on a STEM career during her education,
employment status, whether the individual was employed in the
formal sector, weekly hours employed, and labor earnings. Robust
standard errors in parenthesis. Standard deviation of the mean in
brackets. *** denotes significance at 1%.

Table 1: Attrition.

36

Pooled
Sample
Demographics
Age (years)
Married (0,1)
Children (0,1)
HH Income strata 1 & 2 (0,1)
HH Income strata 5 & 6 (0,1)
Education
College+ (0,1)
Employment
Employed (0,1)
Self-employed (0,1)
Employed in formal sector (0,1)
Hours worked (weekly)
Wage earnings (Monthly US$)
N

Argentina
Sample Population

Colombia
Sample Population

29.46
(6.86)
0.141
0.194
0.183
0.377

29.81
(6.90)
0.132
0.168
0.209
0.506

33.44
(9.741)
0.224
0.508
0.251
0.330

29.10
(6.82)
0.148
0.220
0.159
0.254

33.22
(9.168)
0.209
0.498
0.567
0.102

0.614

0.608

0.216

0.620

0.224

0.831
0.220
0.593
26.71
(18.06)
492.5
(406.7)
803

0.845
0.176
0.644
26.83
(17.38)
464.2
(412.3)
393

0.570
0.101
0.337
19.05
(21.60)
155.4
(291.6)
–

0.817
0.263
0.544
26.59
(18.71)
519.7
(399.9)
410

0.656
0.199
0.424
30.76
(25.51)
195.6
(321.3)
–

Notes: The table reports means of the basic demographic characteristics, education and labor market outcomes for the pre-treatment period combining treatment and control groups. Standard deviation of the
mean of continuous variables in parenthesis. Information for the overall target population comes from the
2018 Permanent Household Survey (Encuesta Permanente de Hogares, INDEC) for Argentina and from the 2018
National Household Survey (Gran Encuesta Integrada de Hogares, DANE) for Bogota. We compute descriptive
statistics for women between 18 and 40 years old living in Buenos Aires City and Great Buenos Aires area for
Argentina, and in Bogotá for Colombia.

Table 2: Descriptive Statistics
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Variable
Demographics
Age (years)
Married (0,1)
Mother (0,1)
HH Income lower 3 dec. (0,1)
HH Income upper 3 dec. (0,1)
Education and Skills
Enrolled in school (0,1)
College + (0,1)
STEM degree (0,1)
Computer Science degree (0,1)
Previous Coding (0,1)
Big 5 Social Skills Index (1-25)
Gender attitudes
Gender perceptions of tech [0,18]
Employment
Employed (0,1)
Employed in formal sector (0,1)
Employed in tech (0,1)
Self-employed (0,1)
Self-employed in coding (0,1)
Hours worked (weekly)
Wage earnings (Monthly US$)
Self-Empl. earnings (Monthly US$)
Joint Significance
N

Treated
(1)

Whole Sample
Control Diff. (Std. Err.)
(2)
(3)

Respondents Follow-Up
Treated Control Diff. (Std. Err.)
(4)
(5)
(6)

29.28
0.137
0.184
0.177
0.383

29.61
0.145
0.204
0.189
0.371

-0.209 (0.424)
-0.000 (0.022)
0.000 (0.000)
-0.013 (0.027)
0.011 (0.033)

29.39
0.141
0.189
0.165
0.389

29.39
0.152
0.203
0.194
0.375

-0.005 (0.453)
-0.005 (0.023)
0.000 (0.000)
-0.030 (0.028)
0.011 (0.034)

0.174
0.619
0.274
0.055
0.366
18.96

0.152
0.608
0.297
0.057
0.404
19.07

0.021 (0.023)
0.000 (0.000)
-0.025 (0.030)
-0.0202 (0.016)
-0.037 (0.034)
-0.096 (0.219)

0.173
0.629
0.280
0.056
0.373
18.98

0.152
0.593
0.295
0.057
0.413
19.05

0.028 (0.023)
0.000 (0.000)
-0.022 (0.032)
-0.004 (0.017)
-0.039 (0.036)
-0.045 (0.233)

14.517

14.641

-0.107 (0.175)

14.547

14.628

-0.058 (0.187)

0.846
0.587
0.445
0.244
0.094
26.32
468.8
31.74

0.815
0.031 (0.024)
0.599
-0.013 (0.032)
0.451
0.000 (0.000)
0.200
0.047 (0.029)
0.072
0.024 (0.018)
27.09
-0.762 (1.178)
516.4
-47.58* (26.74)
29.23
2.068 (8.954)
F-test=0.68
p-val=0.835
401
803

0.848
0.587
0.451
0.245
0.096
26.42
468.5
31.62

0.802
0.040 (0.026)
0.567
0.010 (0.035)
0.436
0.000 (0.000)
0.203
0.038 (0.030)
0.074
0.018 (0.020)
26.30
-0.128 (1.255)
493.7
-32.41 (27.50)
31.76
-0.947 (9.739)
F-test=0.64
p-val=0.871
349
724

402

375

Notes: The table reports means in columns (1), (2), (4) and (5). Columns (3) and (6) report the difference in
each variable between the treatment and control groups, controlling for randomization strata fixed effects.
The last row reports the F-statistics and p-value of tests of differences of all of the variables.
* indicates significance at the 10 percent level.

Table 3: Randomization Checks
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Enrollment (0,1) Completion (0,1)
(1)
(2)
Scholarship (0,1) (β̂)
0.678***
0.619***
(0.032)
(0.034)
Paired (0,1) (γ̂)
0.055
0.028
(0.046)
(0.048)
Mean Control
0.005
0.005
[0.071]
[0.071]
N
803
Strata and country FE
3
3
Pre-treatment controls
3
3
Notes: Robust standard errors in parenthesis. Pre-treatment controls are the
same as in Table 1. Standard deviation of the mean of the control group in
brackets. *** denotes significance at 1%.

Table 4: Analysis of Program Enrollment and Completion.

β̂ IT T
(1)
Panel A - Skills
Score in test [0-10]
Passes Exam (0,1)
Panel B - Transition to tech
In tech - working (0,1)
In tech - studying (0,1)
In tech - working or studying (0,1)
Max. N
Strata and country FE
Pre-treatment controls

β̂ LAT E
(2)

(3)

(4)

Mean
Control

1.080*** 1.119*** 1.466*** 1.527***
(0.184)
(0.182)
(0.245)
(0.240)
0.139*** 0.147*** 0.189*** 0.200***
(0.037)
(0.036)
(0.050)
(0.048)

3.334
[2.411]
0.421
[0.494]

0.055*
(0.032)
0.006
(0.016)
0.080**
(0.034)

0.067**
(0.031)
0.006
(0.016)
0.093***
(0.033)

0.092**
(0.041)
0.008
(0.022)
0.127***
(0.044)

0.240
[0.428]
0.045
[0.207]
0.263
[0.441]

3
7

3
3

3
3

-

0.075*
(0.044)
0.008
(0.022)
0.108**
(0.046)
700
3
7

Notes: Robust standard errors in parenthesis. Pre-treatment controls are the same as in Table 1.
Standard deviation of the mean of the control group in brackets. ***, **, * denote significance at
1, 5 and 10% respectively.

Table 5: Impacts of the program - Primary Outcomes
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Variable
Coding Non-Coding
Job Satisfaction
Job Satisfaction (0-10)
7.722
6.913
Amenities
Health Care Plan (0,1)
0.662
0.624
Retirement Plan (0,1)
0.685
0.660
Paid Sick Leave (0,1)
0.606
0.579
Paid Time Off (0,1)
0.597
0.570
Year Bonus (0,1)
0.556
0.522
Work from Home / Flex Hours (0,1)
0.796
0.560
Earnings
Hourly Earnings (US$)
6.035
5.968
Yearly Earnings (US$)
7,802.7
7,377.6
Total Hourly Compensation (US$)
9.327
9.104
Total Yearly Compensation (US$)
12,659.8
11,935.4

Diff. (Std. Err.)

N

0.810*** (0.187)

639

0.037 (0.040)
0.025 (0.039)
0.027 (0.041)
0.027 (0.041)
0.033 (0.042)
0.236*** (0.039)

639
639
639
639
639
639

0.067 (0.443)
425.1 (462.7)
0.223 (0.700)
724.4 (820.6)

633
633
633
633

Notes: Standard errors of the differences in means in parenthesis. *** denotes significance at 1%.

Table 6: Jobs characteristics.
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β̂ IT T
Panel A - Mechanisms
In tech - working full-time job (0,1)
In tech - working part-time time job (0,1)
In tech - weekly hours worked
Job applications
Job offers
Gender perceptions of tech
Panel B - Secondary Outcomes
Employed (0,1)
Enrolled in school (0,1)
Unemployed (0,1)
Labor earnings (US$ monthly)
Labor total compensation (US$ year)
Panel C - COVID-19
COVID resilience [0,100]
Max. N
Strata and country FE
Pre-treatment controls

β̂ LAT E

(1)

(2)

(3)

(4)

0.033
(0.031)
0.034*
(0.018)
1.750
(1.196)
0.110
(0.689)
0.059
(0.064)
-0.236
(0.225)

0.048
(0.029)
(0.033)*
(0.017)
2.266**
(1.153)
-0.092
(0.689)
0.043
(0.065)
-0.194
(0.216)

0.045
(0.041)
0.046*
(0.024)
2.422
(1.634)
0.149
(0.924)
0.080
(0.086)
-0.320
(0.302)

0.065*
(0.039)
0.045*
(0.023)
3.136**
(1.559)
-0.126
(0.919)
0.059
(0.086)
-0.265
(0.288)

-0.071**
-0.072**
-0.096**
-0.098**
(0.030)
(0.029)
(0.041)
(0.039)
-0.035
-0.037
-0.047
-0.051
(0.028)
(0.029)
(0.038)
(0.038)
0.027
0.023
0.037
0.032
(0.023)
(0.023)
(0.032)
(0.031)
-33.113
-10.874
-45.150
-14.890
(37.549) (34.268) (50.659) (45.876)
-226.156 -231.307 -310.208 -318.216
(735.156) (678.998) (997.059) (912.727)
3.847**
(1.713)

4.350**
(1.706)

3
7

3
3

5.235**
(2.297)
700
3
7

Mean
Control
0.208
[0.407]
0.043
[0.204]
8.103
[16.344]
5.997
[9.564]
0.339
[0.781]
13.483
[3.027]
0.821
[0.384]
0.194
[0.396]
0.103
[0.304]
579.724
[536.821]
10,630.1
[10,450.8]

5.945***
(2.270)

60.821
[23.971]

3
3

-

Notes: Robust standard errors in parenthesis. Pre-treatment controls are the same as in Table 1.
Standard deviation of the mean of the control group in brackets.
***, ** and * denote significance at 1%, 5% and 10% respectively.

Table 7: Impacts of the program - Mechanisms and Secondary Outcomes
Variable
Treated Control
Sub-sample: Non-employed at follow-up
Enrolled in tertiary/university (0,1)
0.122
0.083
Enrolled in Comp. Sci. tertiary/university (0,1)
0.078
0.017
N
90
60
Sub-sample: Employed at baseline but
non-employed at follow-up
Enrolled in tertiary/university (0,1)
0.092
0.060
Enrolled in Comp. Sci. tertiary/university (0,1)
0.062
0.000
N
65
33

Diff. (Std. Err.)

Notes: Standard errors of the difference in means in parenthesis.

Table 8: Descriptive analysis of the non-employed
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0.039 (0.052)
0.061 (0.037)
150

0.032 (0.059)
0.062 (0.042)
98

Employed (0,1)
(1)
Treatment (0,1)
-0.064
(0.039)
Unsatisfied with job (0,1)
0.001
(0.040)
Treatment × Unsatisfied with job
-0.077*
(0.042)
Mean Control
0.821
[0.384]
N
803
Strata and country FE
3
Pre-treatment controls
3
Notes: Robust standard errors in parenthesis. Pre-treatment
controls are the same as in Table 1. Standard deviation of the
mean of the control group in brackets. *** denotes significance
at 1%.

Table 9: Analysis of Treatment Effect on (Any) Employment.

Score in test [0-8]
Passes Exam (0,1)
In tech -working or studying- (0,1)
In tech -working- (0,1)
Employed (0,1)
COVID Res. Score [0-100]

Behaghel Bounds
Lower
Upper
0.763*** 0.776***
(0.168)
(0.149)
0.136*** 0.138***
(0.040)
(0.039)
0.083** 0.086**
(0.036)
(0.039)
0.067*
0.069*
(0.035)
(0.039)
-0.073** -0.070**
(0.037)
(0.032)
4.332** 4.371**
(1.711)
(1.723)

Max. N

Lee Bounds
Mean
Lower
Upper Control
0.468*** 1.037***
2.549
(0.144)
(0.194)
[1.804]
0.106** 0.196***
0.421
(0.044)
(0.045)
[0.494]
0.037
0.121***
0.263
(0.032)
(0.035)
[0.441]
0.021
0.089**
0.240
(0.040)
(0.038)
[0.428]
-0.091*** -0.022
0.821
(0.029)
(0.039)
[0.384]
0.938
7.009*** 60.821
(2.167)
(2.140) [23.971]
717

Notes: Estimates for Lee (2009) bounds control for pre-treatment outcome, when available. Standard deviation of the mean of the control group in brackets. ***, ** and * denotes significance at 1%, 5%, and 10%
respectively.

Table 10: Robustness to attrition.
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β̂ IT T
(1)
Score in test [0-10]
1.119
(0.000)***
{0.000}***
Passes Exam (0,1)
0.147
(0.000)***
{0.001}***
In tech -working or studying- (0,1)
0.093
(0.005)***
{0.025}**
In tech -working- (0,1)
0.067
(0.031)**
{0.061}*
In tech -studying- (0,1)
0.006
(0.703)
{0.708}
COVID Res. Score [0-100]
4.350
(0.011)**
{0.032}**
Max. N

β̂ LAT E
(2)
1.527
(0.000)***
{0.000}***
0.200
(0.000)***
{0.002}***
0.127
(0.004)***
{0.028}**
0.092
(0.027)**
{0.060}*
0.008
(0.696)
{0.698}
5.945
(0.009)***
{0.038}**
717

Mean
Control
3.334
[2.411]
0.421
[0.494]
0.263
[0.441]
0.240
[0.428]
0.045
[0.207]
60.821
[23.971]

Notes: Non adjusted p-values in parenthesis. Westfall-Young stepdown adjusted pvalues in braces. Standard deviation of the mean of the control group in brackets. ***,
** and * denotes significance at 1%, 5%, and 10% respectively.

Table 11: Robustness to multiple hypothesis testing.

β̂ IT T
Mean
(1)
Control
Passes Exam (0,1)
0.400***
0.421
(0.101) [0.494]
In tech -working or studying- (0,1) 0.315***
0.263
(0.106) [0.441]
In tech -working- (0,1)
0.251**
0.240
(0.108) [0.428]
In tech -studying- (0,1)
0.127
0.045
(0.172) [0.207]
Max. N
717
Notes: Robust standard errors in parenthesis. Pre-treatment controls
are the same as in Table 1. Standard deviation of the mean of the
control group in brackets.
***, ** and * denote significance at 1%, 5% and 10% respectively.

Table 12: Conditional Logit Model.
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Argentina
ITT
Mean Control
(1)
(2)
Score in test [0-10]
1.090***
3.679
(0.271)
[2.521]
Passes Exam (0,1)
0.136**
0.494
(0.053)
[0.502]
In tech -working or studying- (0,1)
0.078
0.282
(0.050)
[0.451]
In tech -working- (0,1)
0.058
0.256
(0.048)
[0.438]
Employed (0,1)
-0.047
0.866
(0.039)
[0.342]
Covid Res. Score [0,100]
3.123
66.708
(2.459)
[23.339]
Max. N
340

Colombia
ITT
Mean Control
(3)
(4)
1.088***
3.034
(0.247)
[2.276]
0.153***
0.358
(0.051)
[0.481]
0.100**
0.246
(0.045)
[0.431]
0.068
0.225
(0.042)
[0.420]
-0.095**
0.780
(0.045)
[0.415]
5.018**
55.555
(2.398)
[23.356]
377

ITT
(5)
1.119***
(0.182)
0.147***
(0.036)
0.093***
(0.033)
0.067**
(0.031)
-0.072**
(0.029)
4.350**
(1.706)

Pooled
Mean Control
(6)
3.334
[2.411]
0.421
[0.494]
0.263
[0.441]
0.240
[0.428]
0.821
[0.384]
60.821
[23.971]
717

Notes: ITT estimates obtained from estimation of equation 1, controlling for pre-treatment covariates.
Robust standard errors in parenthesis. Standard deviation of the mean of the control group in brackets.
***, ** and * denotes significance at 1%, 5%, and 10% respectively.

Table 13: ITT estimates by country.
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A

Appendix

A.1

Data Appendix

A.1.1

Data Collection

The information used in this analysis was collected exclusively for the purpose of evaluating this program.
Program enrollment and graduation data was provided by the bootcamp providers
in each location. This information was closely monitored by a team of three field coordinators. This team of field coordinators gathered additional monitoring and qualitative
observational data from the implementation of the program. These were not used in this
study.
The baseline data was collected through an online survey administered by the training
schools in each location. All participants needed to fill the survey in order to become eligible for the lottery. The information in this baseline survey was checked for errors, and
participants who entered inconsistent data needed to correct it to become eligible. The
follow-up data was collected through another online survey. This survey was administered by email, and a gift card of an equivalent to US$ 15 was offered to all respondent
who entered consistent information. A week after the release of the survey, phone calls
and WhatsApp messages were sent to those who did not respond to the emails. A team
of six enumerators was hired through a firm with experience in online data collection34
to perform this task. The enumerators were provided a strict field protocol designed by
the authors with instructions on how to contact each participant.35 The field protocol was
designed with the objective of maximizing response rate. It included instructions on how
to contact the sample by evenly spacing contact attempts, and by exhausting different days
of the week (including weekends) and times of the day. Enumerators were also required to
log in all contact attempts in order to use this information to correct for potential attrition
using Behaghel et al. (2015). This contact tracing effort lasted four full weeks.

The firm hired was Reyes Filadoro Comunicación Estratégica, located in Buenos Aires, Argentina.
We appreciate the insights shared in this World Bank Blog post by Berk Ozler and Facundo Cuevas
regarding the design of field protocols to maximize response rates.
34

35
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A.1.2

Variable Construction

Below we explain briefly how we constructed the main variables for the analysis.
• STEM degree: indicator variable that takes the value of one if the individual has a
tertiary or college degree in any of the following fields: Biology, Biochemistry, Computer Science, Math, Physics or Engineering (including Computer Engineering). We
impute zeros for all individuals who do not report having any college or tertiary
degree.
• Computer Science degree: indicator variable that takes the value of one if the individual has a tertiary or college degree in any of the following fields: Computer
Science or Computer Engineering. We impute zeros for all individuals who do not
report having any college or tertiary degree.
• Previous coding: indicator variable that takes the value of one if the individual has
previously taken any coding bootcamp or training, zero otherwise.
• Big 5 Social Skill Index: we construct this index as detailed in Soto and John (2017).
• Gender perceptions of tech: constructed from six statements related to how confident
women felt about succeeding in the tech sector. Each statement received a 0 if individual declared "Not capable of achieving it", a 1 if individual declared "A little confident about likelihood of achieving it", 2 if they declared "With some confidence",
and 3 if they declared "Very confident about likelihood of achieving it". Minimum
overall score is 0, maximum is 18.
• Employed: indicator variable that takes the value of one if the individual reports to
have had a job during the month before the interview, or zero if the person reports
being unemployed or out of the labor force.
• Employed in formal sector: indicator variable which takes the value of one if the
worker was covered by health insurance, sick days, pensions, or paid time off, and
zero if the worker did not receive any of these benefits in the month before the interview. We impute zeros for all individuals who report being either unemployed or
out of the labor force during the month before the interview.
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• In tech - working: indicator variable which takes the value of one if the worker was
performing coding tasks in any of her jobs in the month before the interview. When
asking this question, we were explicit about what coding task means. We indicated
that by "coding" we mean programming in some computer language such as Ruby,
Python, JavaScript, HTML, CCS, iOS, C ++, Laravel, or similar. We explicitly indicated that the use of a computer for any other software such as Microsoft Excel, for
example, was not considered coding. We impute zeros for all individuals who report being either unemployed or out of the labor force during the month before the
interview.
• Self-employment: indicator variable that takes the value of one if the individual reports to have had a job during the month before the interview for which she was
self-employed. We impute zeros for all individuals who report being either unemployed or out of the labor force during the month before the interview.
• Self-employment in tech: indicator variable that takes the value of one if the individual reports to have had a job during the month before the interview for which she
was self-employed and at which she performed coding tasks (defined in the same
way as explained above). We impute zeros for all individuals who report being either unemployed or out of the labor force during the month before the interview.
• Hours worked: this is the summation of the total hours worked per week in each
job. 80% of the employed individuals in the sample report working only in one job,
16% report having two jobs, and 4% report having three jobs. We impute zeros for
all individuals who report being either unemployed or out of the labor force during
the month before the interview.
• Wage and self-employment earnings: Wage earnings is the total monthly wage earned
during the month before the interview for salaried workers. Self-employment earnings are the monthly earnings net of costs for the self-employed. We impute zero
earnings for all of those who reported being either unemployed or out of the labor
force during the month before the interview. Earnings are converted to dollars using
the exchange rate for Argentinian and Colombian pesos.
• Score in test: score in coding test administered at follow-up. Minimum: 0, maximum: 10.
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• Passes Exam: indicator variable that takes the value of 1 if individual scores 4 or
higher in coding test, 0 otherwise.
• In tech - studying: indicator variable that takes the value of one if the individual is
studying a computer science degree (as defined above).
• In tech - working or studying: indicator variable that takes the value of one if the individual is either employed in technology (as defined above) or in a computer science
degree (as defined above). We impute zeros for all individuals who report being
either unemployed, out of the labor force, or not pursuing any formal education degree.
• Job satisfaction: self-reported satisfaction with the job. Likert scale with minimum
of 0, maximum of 10.
• Health Care Plan: indicator variable that takes the value of one if the job offers health
care plan, 0 otherwise.
• Retirement Plan: indicator variable that takes the value of one if the job offers retirement plan, 0 otherwise.
• Paid Sick Leave: indicator variable that takes the value of one if the job offers paid
sick leave, 0 otherwise.
• Paid Time Off: indicator variable that takes the value of one if the job offers paid
time off, 0 otherwise.
• Year Bonus: indicator variable that takes the value of one if the job offers a yearly
bonus, 0 otherwise.
• Work from Home / Flex Hours: indicator variable that takes the value of one if the
job offers work-from-home with flexible hours arrangement, 0 otherwise.
• Total labor compensation: this is a yearly measure that adds to the wage and selfemployment earnings the monetized values of the following amenities of a job: health
care costs, paid sick days, paid time off, bonus, and retirement contribution. Health
care costs and retirement contributions are monetized as 9% (12.5%) and 27% (16%)
of the gross salary, respectively, for Argentina (Colombia). These figures are the minimum contributions mandated by the Ministry of Labor and Social Security in each
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country. Paid sick days are monetized assigning the earnings equivalent to 5 days of
worker’s labor daily earnings. Paid time of is monetized assigning the value of half
a worker’s monthly earning. Bonus is a full equivalent of a month’s earnings.
• Job applications: number of applications to jobs between baseline and follow-up.
• Job offers: number of job offers received between baseline and follow-up. We impute
zeros for all individuals who did not apply to jobs.

A.2

Lottery

The two-round randomization was executed as follows. First, within each randomization
strata, we allocate a uniformly distributed random number q in the space [0, 1] to each
eligible candidate. In the first round of the lottery, we select the 40% of observations in
each stratum that have the highest random number. In the second round, we identified the
remaining slots in each stratum and we sequentially take observations with the highest q
until we reach a total of treated individuals being 402. We adjust our estimates to account
for this random assignment following De Chaisemartin and Behaghel (2020).

A.3

Coding Exam

As explained in section 4.3 of this paper, there were broadly two types of questions in the
coding exam: easier and harder ones. Below we provide one example of each.

Figure A.1: Example - "Easy" question

A.4

Figures
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Figure A.2: Example - "Harder" question

Figure A.3: Timeline of Implementation and Research Activities
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Figure A.4: Letter received by treated individuals with scholarship only
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Figure A.5: Letter received by treated individuals with scholarship and pair encouragement
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