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1 Introduction

Governments worldwide have been devising policies to tackle persistent unemployment and improve
the skills of more vulnerable workers. One key initiative is promoting vocational training programmes,
which aim to enhance worker-firm matching and ease the transition from education to work. Since public
funds present high opportunity costs and returns to policies vary considerably (Hendren and Sprung-
Keyser 2020), a growing literature has been assessing the effects of government-sponsored active labour
market policies (Card et al. 2010, 2018). An important aspect is that the returns to a specific policy
are subject to aggregate shocks and may depend on the economic cycle (Rosenzweig and Udry 2020).
Lower-skilled and more vulnerable workers—the target population of most labour market policies—
are usually hit hardest during recessions. Evaluating the returns to job training programmes during
economic downturns is then crucial to those workers.

In this paper, we study the effects of a ‘high-dosage’ vocational training programme in one of Brazil’s
poorest states, where the labour market is characterized by high informality, low educational attainment,
and high unemployment. The programme, called PROSUB (‘Programa Subsequente” in Portuguese),
offers training for disadvantaged individuals with a secondary degree from state-sponsored schools. The
main goal is to help students overcome barriers to enter the formal labour market.

Four features of the programme stand out: (i) target population, (ii) length and content of the pro-
gramme, (iii) government participation, and (iv) size of the programme. Unlike many vocational train-
ing programmes worldwide, all high-school graduates from public schools can apply for PROSUB,
regardless of age or job market experience. Importantly, the programme offers a mix of classroom
training and internship for 24 months. More specifically, the intensive programme offers an 18-month
classroom training (6 months for general subjects such as math and Portuguese plus a 12-month pe-
riod for occupation-specific subjects) coupled with a 6-month on-the-job training.1 Additionally, while
government-run training centers are integral to PROSUB, many vocational programmes in developing
countries evaluated by the literature were provided (entirely or partly) by private institutions.2 Lastly,
the programme offers approximately 8,000 slots annually in a large variety of courses at dozens of
government-run training institutes spatially distributed throughout the state territory.

The programme is oversubscribed and selects students via admission lotteries. Because of the pro-
gramme’s large size, our sample of lottery winners and non-winners is larger than previously found in
the literature: approximately 200,000 applicants and more than 15,000 lottery winners. We leverage
randomized admission lotteries to assess the effects of the vocational training programme. We start
by estimating the impact of the programme on its primary goal: formal employment. We also assess
the effects of the programme beyond labour market returns by checking whether the post-secondary
training programme is used as a stepping-stone for other objectives. As explained in detail in the insti-
tutional background (see Section 2), PROSUB students faced a severe recession at different moments
after their graduation. We analyze a cohort that has graduated one year before the start of the recession,
and another cohort whose students graduated at a recession.3 As a result, our cohorts of recently trained
workers carried out job search efforts during different points of the business cycle.

1 A high-dosage course comes at a cost (e.g. lower compliance with lottery results and higher dropout rates), as the opportunity
cost for completing the degree is higher than that of short-duration vocational training programmes typically studied in the
literature.

2 PROSUB is tuition free, but there is no financial assistance to cover living costs.

3 Brazil experienced a large recession between April 2014 and December 2016 when per capita gross domestic product fell by
9 percent. Bahia state experienced also a similar severe recession.
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Our analysis innovates in at least three aspects by showing when, for whom, and how the large pro-
gramme works. First, we assess short- and medium-run effects of different PROSUB cohorts using
nationwide (matched employee-employer) administrative data with pre- and post-programme labour
market outcomes. We estimate a Local Average Treatment Effect (LATE) using the lottery as an in-
strumental variable for programme enrollment.4 We show that the high-dosage training programme
generates a positive effect on labour market participation for female students who graduated before the
recession. For those workers, we document a persistent and positive effect of 4–5 percentage points
(on a baseline employment of 31 percent) during four to six years after the lottery. We also find an
increase of 13 per cent in the intensive margin as measured by the number of months working in for-
mal employment. The effects concentrate on employment outcomes, with no distinguishable impact on
earnings. When assessing the impacts on cohorts that have graduated during different points of the busi-
ness cycle, we show that female students fare better than their male counterparts—regardless of when
they have graduated. In particular, male workers are especially negatively affected when graduating at a
recession.

Second, the programme’s characteristics and the large sample enable us to perform additional hetero-
geneity analyses to understand why female students perform better. We check how returns vary by
students’ experience, type of course, and characteristics of the local labour markets. We compare stu-
dents with and without previous labour market experience within the same programme—most of the
literature we relate can only perform such comparison between policies. Previous labour market expe-
rience does not seem to interfere with female students, but experience matters to explain the results of
male students (as less experience male students fare worse). Moreover, we verify if returns to different
fields vary by separating the courses into two areas: (i) agriculture and manufacturing and (ii) services.
Consistently with the role of services influencing female labour force participation (Ngai and Petrongolo
2017; Buera et al. 2019), courses in services drive the positive results of female students who graduated
before the recession. Female students who graduated at the recession in service-related courses pre-
sented a negative effect, but were relatively less affected than their male counterparts.5 To shed light
on the role of local economic growth, we compare the impacts of courses located in municipalities with
above- and below-median GDP growth. With this exercise, we analyze the role of economic growth and
depressed local labour markets within jobseekers of the same cohort. Our results suggest that female
workers enrolled in courses in faster-growing local labour markets (municipalities with above-median
GDP growth) are those who have benefited the most. Male workers in courses located in municipalities
with below-median GDP growth are those more negatively affected.

Finally, we measure the programme’s impacts on entrepreneurship and university admission. This is
important because assessing the impacts only on employment may understate training programmes’
benefits (Kugler et al. 2020). The effects on entrepreneurship and higher education outcomes are con-
ceptually ambiguous. PROSUB students acquire basic skills (see details in Section 2) that might be
useful to run a small business or to enter a university. By contrast, the programme’s positive impact
on student’s labour outcomes may refrain them from engaging in entrepreneurship activities or attempts
to enter a university. Results do not point out any impact on either entrepreneurship or admission at a
selective university. Taken together, the results suggest that the programme achieves its goal (for a sub-
group of students) by promoting access to the formal labour markets and does not interfere with other
outcomes.

4 Unlike other settings studied in the literature, compliance with PROSUB lotteries is low: approximately 40 per cent of lottery
winners enroll in a course. See Section 2.

5 Descriptive evidence indicates that female students who graduated before the recession sorted into service-related courses
and courses associated with a female gender bias in labour demand.
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This paper relates to the growing number of studies that generate experimental and lottery-based evi-
dence of vocational training programmes. Most of the papers find positive returns of vocational training
for women in developing countries, such as Attanasio et al. (2011) and Attanasio et al. (2017) for Colom-
bia; Acevedo et al. (2017) for the Dominican Republic; Maitra and Mani (2017) for India; Field et al.
(2019) for Mongolia; and Camargo et al. (2021) for another programme in Brazil. In a recent study com-
paring standard training courses and on-the-job training, Alfonsi et al. (2020) find an improvement in
employment rates of youth in Uganda but with different dynamics over time—returns to training courses
emerge slowly but were long-lasting. A few papers found no impact on labour market outcomes (e.g.
Hirshleifer et al. (2016) in Turkey).6

Our contribution to this literature is threefold. First, we study long-term effects of an intensive pro-
gramme. The other papers that study long-term impacts focused on relatively shorter-duration pro-
grammes (e.g. Attanasio et al. 2017 and Barrera-Osorio et al. 2020), while papers studying longer-
duration programmes (e.g. Field et al. 2019) do not study long-term effects. Second, this branch has
largely overlooked whether and to what extent training is used as a stepping-stone for entrepreneurship
or university admission.7 We also add by exploiting our larger sample size to perform heterogeneity
analyses (not yet done) to understand why female and male students perform differently.8

We also connect to the literature on the returns of education and training during different points in the
business cycle (Oreopoulos et al. 2012; Card et al. 2018; von Wachter 2020). We contribute by examin-
ing the relative efficacy of vocational training for cohorts facing distinct initial labour market conditions,
so our work is closely related to Field et al. (2019). Besides, we add by showing that students who
present a greater ‘lock-in’ effect—i.e. a reduction in employment during the courses—are those who
also show persistent adverse effects on employment when graduating at times of lower economic growth.
More specifically, in our setting, male students present strong lock-in effects, which translates into a per-
sistent negative employment effect for those male students who graduate at a recession (between cohort
analysis) or below-median growth localities (within cohort analysis).

Our work also relates to the strand studying the role of for-profit and nonprofit post-secondary educa-
tional institutions. Cellini and Turner (2019) point out that students of for-profit colleges do worse in
the labour market. In the experimental and lottery-based literature we have reviewed, non-governmental
institutions (either private or nonprofit entities) were training providers, and in some cases (e.g. In-
dia), only private companies participate. Therefore, we contribute by studying a setting with only
government-sponsored educational institutions. One concern would be that the public sector could be
‘gaming’ by hiring recent graduates from the programme but we show that hiring comes from private
sector firms.

This article proceeds as follows. Section 2 provides background on the vocational training programme.
We describe the data in Section 3. Section 4 details the empirical strategy. Section 5 presents the results.
Section 6 concludes.

6 Card et al. (2011) find no impact in the Dominican Republic, but Acevedo et al. (2017) find an effect studying the same
programme in different years. Attanasio et al. (2017) find that long-term returns of the programme in Colombia are similar for
males and females. Barrera-Osorio et al. (2020) find positive impacts for both men and women also in Colombia. In Argentina,
Alzúa et al. (2016) find stronger results for men, but only in the short run.

7 A notable exception is Kugler et al. (2020), which study the impact on higher education enrollments.

8 We also connect to the vast non-experimental literature. Chakravarty et al. (2019) find positive impacts of vocational training
in Nepal on non-farm employment. Studying other programmes in Brazil, O’Connell and Mation (2021) find that an employer-
informed vocational training programme has a larger short-term effect on employment than a traditional programme.
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2 Background

Bahia—a large-sized state with about 15 million inhabitants and whose territory is about the size of
France—is one of the poorest states in Brazil.9 Bahia’s labour market has a large share of informal
jobs, less-educated workers, and high unemployment rates. According to the 2010 Population Census,
informal jobs represented half of the total employment, and half of the workers had at most eight years
of educational attainment.10 In 2019, Bahia had the second-highest unemployment rate in Brazil—17
per cent against the national rate of 11 per cent.

To tackle undesirable labour market outcomes, Bahia’s state government has been sponsoring post-
secondary training programmes for disadvantaged individuals. One chief initiative is PROSUB (‘Pro-
grama Subsequente’ in Portuguese), a vocational training programme that public school students are
eligible for after finishing the high school degree (i.e. completing 11 years of schooling).11 Recent high
school graduates and older students can apply for PROSUB, regardless of employment history. This is
strikingly different from many vocational training programmes that usually focus on youth unemploy-
ment participants and do not offer slots for displaced adults to find new careers. Vocational training for
younger workers is extensively available worldwide—for instance, according to OECD (2020), 22 per
cent of 15-19 year-olds are enrolled in vocational education on average across OECD countries.

PROSUB offers tuition-free vocational training to help students from secondary public schools over-
come barriers to enter the formal labour market. The programme is tuition free, but students do not
receive any scholarship to fund living expenses. PROSUB teachers have college degree (97 per cent)
and prior experience working outside the programme (87 per cent)—see Table A1 in Appendix for
more details on the teachers’ characteristics. The programme relies on a decentralized structure with
81 government-run centers (vocational training institutes) spatially distributed throughout 50 municipal-
ities across the Bahia state territory.12 Figure 1a shows the location of the state of Bahia. Figure 1b
displays the location of PROSUB’s training centers and the size of the informal sector in the munici-
palities where those centers are located. Informality is high but heterogeneous across Bahia territory, so
there are centers in places with higher and relatively lower labour informality.

The programme offers approximately 8,000 annual slots in 50 types of post-secondary courses in areas
ranging from health (e.g., nursing, nutrition) and non-health services (tourism, accounting, and man-
agement) to agriculture and manufacturing. Table A2 in Appendix shows the list of courses offered.
As discussed in more detail shortly, the programme is oversubscribed and some courses have very high
demand (e.g. more than 3,000 applicants for 15 seats). In 2011, the programme was reformulated to
be a high-dosage programme. Since then, each course offers an intensive programme of an 18-month
classroom training coupled with a 6-month on-the-job training, totaling 1,600 hours over four semesters.
In-class training consists of both (i) 6 months studying general subjects (e.g., math, Portuguese, manage-
ment, and ethics) and (ii) 12 months dedicated to occupation-specific skills training (subjects focused
on the specific chosen field). The on-the-job training component is an internship period at a formal
firm located in Bahia. After completing the 24-month training period, students receive a certificate as
technicians in the chosen field of study.13

9 Brazil is a three-tiered federation with 26 states, a federal district, and 5,571 municipalities. Bahia state has 417 municipalities.

10 In 2010, the share of informal workers—defined as those not contributing to social security—was 35.4 per cent in Brazil and
49.4 per cent in Bahia.

11 In Portuguese, PROSUB is also known as ‘Educação Profissional Subsequente ao Ensino Médio’.

12 Bahia has the second largest number of training centers in Brazil (Governo do Estado da Bahia 2020).

13 Notice that PROSUB’s course length is closer to a career technical degree in the United States than the typical vocational
training programme found in the literature.
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Figure 1: Bahia state and training centers

(a) Bahia state (gray) in Brazil (b) Distribution of PROSUB centers across Bahia’s territory

Note: Figure 1a shows the location of Bahia in Brazil. Figure 1b shows the distribution of PROSUB’s training centers across
Bahia’s territory, where each dot represents a training center, and the borders represent the municipalities of Bahia state.
Labour informality share—defined as workers not contributing to social security divided by total employment—is in gray scale,
according to 2010 Population Census.

Source: authors’ elaboration based on information provided by Bahia’s Educational Department. Maps produced in R with the

geobr package (Pereira, Gonçalves, et al. 2019).

The overall goal of PROSUB points us to investigate the effects on labour market outcomes. However,
the course provides nonspecific training (one semester of ‘general’ subjects), which may be important
for encouraging entrepreneurship and are core subjects in university exam admissions, so we also study
the impacts on those additional outcomes.

Admission process. Application is free—likewise the programme’s tuition—and can be submitted via
the education department’s website. Each candidate can apply only for one course in one center per
calendar year—this is enforced by having applicants declare their unique taxpayer identification number
(CPF, ‘Cadastro de Pessoas Físicas’) at the time of application. The programme thus excludes the
possibility of multiple applications by one person in a given calendar year.

The programme selects students via admission lotteries when courses are oversubscribed. Ordinance n.
9,383/2011 established the rules governing the lotteries. During registration, applicants know they are
applying for slots to be distributed by lotteries. The lotteries are widely publicized through social media,
radio, and television. See Figure A1 in Appendix for examples of marketing of the lotteries. As potential
students apply for one course at one center, the education department runs one separate lottery for each
course–center. As a result, a set of students applying for course ‘A’ at center ‘B’ would participate in one
lottery. The education department’s website states when, where, and how the lotteries happen.14

The programme’s selection creates randomized wait lists due to capacity constraints. Applicants are
ordered randomly, and slot offers are made following that order until all seats are filled. Conceptually,

14 The entire process is audited by members of the different supervising institutions and followed by applicants, their family
members, teachers, and the local community.
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applicants can be partitioned into three groups: (i) ‘initial offer’ group (those who were ranked up to the
number of slots), (ii) ‘replacement’ group (individuals randomly ranked above the number of seats but
who eventually get a slot offer), and (iii) ‘never offer’ group (randomly ranked at lower positions and
never offered a seat).

Table 1: Sample description—applicants of the PROSUB lotteries

Cohort 1: 190 wait lists Cohort 2: 283 wait lists

Total Male Female Total Male Female

# of applicants 106,495 36,489 70,006 97,017 34,975 62,042

% IO (initial-offer) lottery winners 5.98 5.43 6.26 8.79 8.30 9.06

% IO winners who enroll in a course (compliance rate) 42.72 40.65 43.66 44.83 40.37 47.13

% students who finish the course (degree completion) 29.72 24.52 31.81 35.18 27.63 38.92

Note: this table describes the sample of applicants of PROSUB lotteries. Lotteries of cohort 1 took place in Dec-2011 (and
courses started Mar-2012) and those of cohort 2 took place in Feb-2013 (courses started Apr-2013). Initial-offer (IO) winners
are those individuals randomly ranked up to the number of slots. The third row of the table shows the percentage of IO winners
who complied with the result of the lottery and enrolled at one PROSUB course. The fourth row shows (conditional on
enrollment) the percentage of the PROSUB students who finished the course.

Source: authors’ elaboration based on Bahia’s Educational Department administrative dataset.

We work with the lotteries that happened on December 13, 2011 (cohort 1) and on February 05, 2013
(cohort 2)—the first and second rounds of lotteries after the programme’s reformulation to be considered
high dosage.15 The lotteries of cohort 1 consist of 190 randomized wait lists, which correspond to the
number of oversubscribed courses at different centers.16 These wait lists include 106,495 individuals,
6,367 of whom are in the initial offer group. For the lotteries of cohort 2, there are 283 wait list, 97,017
applicants and 8,524 initial-offer winners. Table 1 reports that around 65 per cent of applicants are
women.

Table 1 also shows that between 43 and 45 per cent of initial-offer winners complied with the result of the
lottery by enrolling at a PROSUB course. The compliance with lottery results was higher among female
lottery winners. The average compliance rate among initial-offer individuals is relatively low compared
to that in other papers focusing on low- and middle-income countries (e.g. Attanasio et al. 2011). Figure
2 points out that the compliance rate varied considerably among the lotteries in our sample. Table 1
shows that degree completion for the students who have enrolled at some course is around 30–35 per
cent. Part of the low degree completion rate may be explained by the high opportunity cost associated
with a 2-year training course. Degree completion (conditional on enrollment) is also lower than that
found in other papers focusing on low- and middle-income countries.

15 From 2014, PROSUB cohorts were exposed to an additional programme: an employment service programme. See Da Mata
et al. (2020) for an assessment of the employment service programme.

16 The wait lists are mutually exclusive since one person cannot perform multiple applications.
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Figure 2: Compliance rate among lotteries

(a) Cohort 1: 190 wait lists (b) Cohort 2: 283 wait lists

Note: Figure 2a shows the compliance rate among initial-offer (IO) winners in each of the 190 lotteries of cohort 1’s sample.
Figure 2b shows the compliance rate for the cohort 2’s 283 lotteries. The compliance rate is defined as the proportion of IO
winners who complied with the lottery result by enrolling at a PROSUB course.

Source: authors’ elaboration based on Bahias’s Educational Department administrative dataset.

Figure 3: GDP growth and PROSUB cohorts

(a) Cohort 1: Start in Mar-2012 and completion in Dec-2013 (b) Cohort 2: Start in Mar-2013 and completion in Dec-2014

Note: the figures show the evolution of quarterly gross domestic product (GDP) for Brazil (solid line) and for Bahia state
(dashed line) between 2011 and 2017. Figure 3a shows the window between cohort 1’s course start (March 2012) and course
completion (December 2013). Figure 3b displays cohort 2’s course start (March 2013) and course completion (December
2014).

Source: authors’ elaboration based on Bahia’s Educational Department administrative dataset.
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The cohorts of PROSUB students started their job search efforts amidst different points of the business
cycle. Given the 24-month course, cohort 1 completed their degrees in December 2013, while cohort 2
finished in December 2014.17 Brazil faced a severe recession between 2014 and 2016, when per capita
gross domestic product fell approximately 9 percent and unemployment increased to 12 per cent (up
from 7.2 per cent) according to Brazil’s Bureau of Statistics (see CODACE 2017). Figure 3 shows that
Bahia state also experienced a severe recession, but Bahia has reached a trough around three quarter
after Brazil’s GDP trough. Panel (a) of Figure 3 indicates that cohort 1’s graduation took place one year
before recession officially started in Bahia. Panel (b) of Figure 3 shows that cohort 2 graduated at the
start of the recession period. We use the fact that cohorts graduate before and during a recession when
interpreting the impacts of PROSUB.

Table 2 presents selected characteristics of our sample of wait lists. The median number of seats is 30.
The median number of applicants per seat is approximately 8 (cohort 1) and 5 (cohort 2). There are
some lotteries with very high demand: more than 100 applicants per seat. IO winners’ non-compliance
rate is approximately 56 per cent. According to the programme’s implementers, initial-offer results were
widely publicized and people knew whether they were selected.

Table 2: Sample description—wait list characteristics

Median Mean St. Dev. Min. Max.

Panel (a): cohort 1, 190 wait lists
# of applicants 246 577.8 919.4 12 6310
# of seats 30 34.7 16.9 2 120
Applicants/seats 8.37 16.2 20.2 1 118.1
% declining offers in initial offers 56.7 57.9 17.0 20 100

Panel (b): cohort 2, 283 wait lists
# of applicants 190 443.9 789.7 9 5759
# of seats 30 37.8 15.3 9 120
Applicants/seats 5.37 11.6 19.1 1 155.9
% declining offers in initial offers 55.6 54.6 16.3 10 90

Note: this table describes the characteristics of PROSUB’s wait lists. Panel (a): descriptive statistics for the wait lists of
PROSUB’s cohort 1. Panel (b): descriptive statistics for the wait lists of PROSUB’s cohort 2. The ‘% declining offers in initial
offers’ is defined as the proportion of initial-offer winners who declined (did not complied) with the lottery result by not enrolling
at a PROSUB course.

Source: authors’ elaboration based on Bahia’s Educational Department administrative dataset.

3 Data and summary statistics

3.1 Data

In this paper, we use four administrative registries to create the relevant outcome variables. The four
registries were linked by using a unique identifier.18 The registries allow us to follow the individuals of
our large sample over time, thus minimizing concerns about attrition.

17 The lotteries in December 2011 allocated 95.4 per cent of the students to start their courses early in 2012 (while 4.6 per cent
began their studies during the second semester of 2012).

18 The unique identifier is the CPF (‘Cadastro de Pessoas Físicas’), a nine-digit individual taxpayer identification number. In
our data, all PROSUB applicants have a valid CPF number. More precisely, three registries were matched using the nine-digit
CPF. One registry (CNPJ [National Register of Legal Entities] public dataset) provides only six digits of each CPF, so we
proceeded as follows. Approximately 90 per cent of individuals were uniquely matched using the six-digit CPF. For those
individuals in which the six digits generated multiple matching, we identify the PROSUB applicant by checking the first name,
the last name, and then the full name, accounting for minor misspellings. The final dataset is de-identified.
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RAIS. The labour market outcomes stem from RAIS (‘Relação Anual de Informações Sociais’), a
matched employee-employer dataset from Brazil’s Ministry of Economy. The RAIS dataset has in-
formation on each formal worker at each plant in Brazil, as all establishments in Brazil are legally
required to submit information to RAIS. We use yearly information for the period 2008–2018. We con-
struct variables related to the extensive and intensive margins of formal employment. For the extensive
margin, we create a employment dummy which equals one if the individual is formally employed at
at least one month each year and zero otherwise. For the intensive margin, we calculate the number
of months that each applicant spent on formal jobs. We also collect information on average earnings
for each year.19 Notice that RAIS has information (including socioeconomic characteristics) only for
workers in the formal labour sector.

PROSUB registry. We merge the labour market dataset with PROSUB’s registry to built a panel
database for all lottery applicants. The longitudinal data track the complete history of lottery applicants
in the formal labour market and identify changes in employment status and earnings. The PROSUB
dataset allows us to identify individuals who are applicants, lottery winners (initial-offer winners), those
who have enrolled in training courses, and those who have completed the entire training course. Even
though the registry provides data on enrollment, it does not show if a person in the replacement group
has been offered a seat. Many individuals of the replacement group were never contacted because they
provided the wrong contact details.20 Therefore, we work in this paper with initial-offer winners, and
do not work with ever-offer winners due to data constraints (de Chaisemartin and Behagel 2020). The
registry also gives us a set of baseline characteristics for each applicant. Most characteristics stem
from the (short) application form used by the programme to contact trace winners (email and telephone
number, for instance). We show later how we use the application form’s information for the lotteries’
balancing exercise.

CNPJ public dataset. We obtain the entrepreneurship outcome from the publicly available CNPJ (Na-
tional Register of Legal Entities) registry. The CNPJ dataset—administered by Brazil’s Internal Revenue
Service—has establishment-level information on the date of opening, sector of economic activity, type
of tax regime, list of owners, among other characteristics. We selected all establishments categorized as
micro, small, and medium enterprises and determined those owned by the applicants of the PROSUB
lottery.21 We then selected the subgroup of establishments whose date of opening is after the lottery
date. We set the entrepreneurship dummy variable to equal one for those applicants who are owners of
establishments opening from January 2012 on.

UFBA university admission. We use the Federal University of Bahia (UFBA) dataset to check whether
PROSUB applicants were eventually admitted into that university. UFBA is one of Brazil’s largest
universities and the most highly demanded one in the state of Bahia. Like all public universities in Brazil,
UFBA is tuition free. University admission depends on the applicant’s performance on an entrance
exam.22 We track each student admitted into UFBA and set a university admission dummy to equal one
for those admitted who were applicants of the PROSUB lottery.

19 For few individuals who have two or more jobs, we considered only the job with higher earnings.

20 Differently from initial-offer results, subsequent offers were not widely publicized. According to the programme’s imple-
menters, it was logistically more challenging to publicize and contact people in the replacement group (as some people put
wrong phone numbers).

21 More precisely, we selected establishments that belong to the SIMPLES (‘Simples Nacional’) and MEI (‘Microempreendedor
Individual’) special tax regimes, whose goal is to encourage enterprises to operate in the formal economy by reducing formality
costs (e.g. red tape and taxes).

22 The admission exam has questions on math, Portuguese, physics, chemistry, geography, history, among other subjects. In
2016, the exam had roughly 200,000 participants for 8,875 slots.
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3.2 Summary statistics and balancing

Our sample is composed of the 106,495 applicants in cohort 1 and 97,017 applicants in cohort 2. Table
3 reports information for PROSUB’s cohorts 1 and 2. Column (I) of Table 3 shows the baseline char-
acteristics of the applicants. One year before the lottery, approximately 38 per cent of applicants had a
formal job in RAIS.

Balancing. We estimate the following specification:

yi = α+ρZis + γs + εi , (1)

where yi is a baseline characteristic of individual i, and Zis is the initial-offer dummy, which equals one
for initial-offer lottery winners of center-course s and zero otherwise (i.e. zero for the replacement group
and the never offer group). We include the lottery fixed effects γs (center-by-course fixed effects), and
εi is the idiosyncratic error term.

Table 3 shows the balancing between initial-offer winners and other participants. Data for balancing
come from RAIS and PROSUB registries. From RAIS, we use average monthly earnings, the dummy for
the extensive margin of formal employment, and the measure of the intensive margin (number of months)
in the pre-lottery year. In addition, we create two ‘previous labour market experience’ dummies: the first
equals one for those who have worked at least one month before the PROSUB lottery, and the second
equals one for those with at least 36 months of formal employment experience. PROSUB’s application
form provides information on sex (the only socioeconomic variable) and contact information (email and
address). The contact information data are used as ‘placebo’ checks as follows. We create an email
dummy that equals one if the applicant uses a hotmail account (the most used by applicants) and zero
otherwise. We also generate two ‘address’ dummies: the first equals one if the person’s address suffix is
‘street’; the second dummy equals one if the address suffix is ‘road.’ Table 3 shows that lotteries created
comparable groups. To expand on socioeconomic characteristics, we use RAIS data on age, educational
attainment, race, and gender for the subgroup of applicants who had a formal job in the pre-lottery year.
Consistent with the randomized design, Table A4 in Appendix displays that the winners and non-winners
of this subgroup are comparable in socioeconomic characteristics.
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Table 3: Lottery balancing

Difference
All applicants Non-winners IO winners and p-value

non-winners
(I) (II) (III) (IV)

Panel (a): cohort 1, 190 wait lists

% Formal employment in 2010 0.378 0.383 0.007 0.255
(0.001) (0.002) (0.006)

Earnings in 2010 328.060 333.500 6.099 0.429
(1.780) (1.847) (7.710)

# months in formal employment in 2010 3.581 3.626 0.096 0.160
(0.016) (0.016) (0.069)

Female dummy 0.657 0.655 -0.002 0.781
(0.001) (0.002) (0.006)

Labour experience dummy: > 1 month 0.531 0.537 -0.001 0.921
(0.002) (0.002) (0.006)

Labour experience dummy: at least 36 months 0.099 0.100 0.001 0.893
(0.001) (0.001) (0.004)

Address dummy: street 0.751 0.751 0.001 0.896
(0.001) (0.001) (0.006)

Address dummy: road 0.084 0.083 0.000 0.932
(0.001) (0.001) (0.004)

Email dummy: hotmail.com 0.729 0.728 0.003 0.624
(0.001) (0.001) (0.006)

Number of observations 106,494 100,127 106,494 .

Panel (b): cohort 2, 283 wait lists

% formal employment in 2011 0.384 0.392 0.002 0.772
(0.002) (0.002) (0.006)

Earnings in 2011 361.171 369.440 8.708 0.315
(2.168) (2.285) (8.661)

# months in formal employment in 2011 3.617 3.685 0.041 0.531
(0.016) (0.017) (0.066)

Female dummy 0.639 0.638 -0.004 0.483
(0.002) (0.002) (0.006)

Labour experience dummy: > 1 month 0.491 0.501 0.001 0.912
(0.002) (0.002) (0.006)

Labour experience dummy: at least 36 months 0.097 0.098 -0.001 0.722
(0.001) (0.001) (0.004)

Address dummy: street 0.753 0.752 -0.000 0.962
(0.001) (0.001) (0.006)

Address dummy: road 0.087 0.087 -0.001 0.849
(0.001) (0.001) (0.004)

Email dummy: hotmail.com 0.706 0.706 0.005 0.441
(0.001) (0.002) (0.006)

Number of observations 97,017 88,493 97,017 .

Note: Panel (a): balancing tests for 106,495 applicants, 6,367 of whom are in the initial-offer (IO) lottery winner group. Panel
(b): balancing tests for 97,017 applicants, 8,524 of whom are initial-offer (IO) lottery winners. Data are provided at the
individual level. Column (i) shows the mean and standard deviation (in parentheses) of baseline characteristics for all the
applicants. Column (ii) presents the mean and standard deviation (in parentheses) of baseline characteristics of non-winners
applicants (replacement group plus never-offer group). Column (iii) reports the coefficients estimated from Equation (1) and the
last column the corresponding p-value. *** p<0.01, ** p<0.05, * p<0.1.

Source: author’s calculations based on data explained in Section 3.
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4 Empirical strategy

We focus our analysis on investigating the effects of enrolling at PROSUB. Recall that Zis is the initial-
offer dummy, which equals one for applicant i getting an initial offer at the time of the lottery for center-
course s. Let Dis be the enrollment dummy (‘immediate enrollment’), which equals one if individual i
enrolled at center-course s. We assume the following cross-sectional specification:

Yi = βDis +X ′
iψ+γs +υi , (2)

where Yi is the outcome variable for individual i and γs represents lottery fixed effect or strata fixed
effect, a set of dummy variables indicating our strata s (center-by-course fixed effects). We use γs for
comparison of winners and non-winners within the same lottery. Xi is the vector of baseline character-
istics (included to improve the precision of the estimates) and υi stands for the error term. To obtain
year-by-year effects, we estimate Equation (2) separately for each of the following years: the two years
corresponding to the course period and the four years after finishing the course. If the programme has
positive impacts, the post-course coefficients should be positive and statistically significant.

We instrument for immediate enrollment Dis by using the random variation results of the lottery. More
precisely, the first-stage equation is as follows:

Dis = η1Zis +X ′
i η2 +µs + ei , (3)

where the instrument is the initial-offer dummy Zis. The balancing analysis provides support for the
identifying assumption (exclusion restriction). The parameter η1 in Equation (3) will show the compli-
ance rate. Noncompliance occurs in the initial-offer and replacement groups (as some individuals do
not enroll after being offered a seat), and also in the never-offer group. A subgroup of individuals of the
never-offer group reapplied for PROSUB lotteries in later years (lotteries continue to take place from
2012 on), and some were lottery winners. Therefore, we aim to recover a Local Average Treatment
Effect (LATE). We perform the analysis of the individuals in cohort 1 separately from those of cohort 2.
For the estimation of the cohort 2, we use the first lottery results as the instrumental variable for course
enrollment. Table A5 in Appendix presents the first-stage results.

In the robustness exercise, we perform the analysis without the vector of baseline characteristics. In
addition, we estimate an ANCOVA version of Equation (2) by adding pre-treatment values of the out-
comes variable. We also estimate the model clustering standard errors at the lottery level—as aggregate
shocks may affect the outcomes (Deeb and de Chaisemartin 2020). To perform heterogeneity analysis,
we explore the characteristics of the lotteries’ stratification (course type and location of each center) as
well as individual characteristics (sex and labour market experience).

To further understand the results of the policy, we estimate a variation of Equation (2) substituting the
immediate enrollment dummy for a dummy for degree completion D

′
is, which equals one if the individual

finished the course after being selected by the PROSUB lotteries. For this latter exercise, the exclusion
restriction weakens (compared to that of the immediate enrollment) as it requires that the lottery results
do not affect outcomes directly, but only through degree completion.

Finally, to obtain an average effect of the programme, we estimate the following pooled specifica-
tion:
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Yit = τDis +X ′
i θ+δs +λt + it , (4)

where Yit is the outcome variable for individual i, t years after the lottery date. λt is the time fixed
effects, δs represents lottery fixed effect, and Xi is the vector of baseline characteristics. Standard errors
are clustered at the individual level. We again instrument for immediate enrollment Dis by using the
initial-offer dummy Zis. In the pooled specification, we estimate the impact of the programme for the
four-year period after finishing the course.

5 Results

We divide the results into three parts. Firstly, we present the baseline results on labour market outcomes.
Secondly, we perform heterogeneity analyses. Finally, we finish with further analyses, including the
results on entrepreneurship and university admission.

5.1 Baseline results

We start by studying the effects of the programme on labour market participation. Figure 4 and Table
A6 in Appendix present the baseline results. Panel (a) of Figure 4 shows the (yearly) instrumental
variable estimates for cohort 1. During the 2-year course, there is no statistically significant difference
in labour market participation. By contrast, after the course, we find an increasing effect on employment
probability. Six years after the lottery, we find a statistically significant and positive effect of about 4
percentage points. When we pooled all years after the course (years 3 to 6 after the lottery), we find
a positive effect of 2 percentage points (though not statistically significant)—see Column (I) of Table
A6.

Panel (c) of Figure 4 reports the same set of regressions but splitting cohort 1’s sample into female and
male participants. For female winners, we find (i) no impact when still under PROSUB training and
(ii) an increasing and persistent positive effect of 3–4 percentage points in employment during three to
six years after the lottery (i.e. the positive impact starts two years after completing the course). While
results for female participants appear immediately after finishing PROSUB, positive effects (though
imprecisely estimated) for male participants only appear later on, about four years after finishing the
course.

Acevedo et al. (2017) show that women in vocational training acquire more skills, and men create higher
expectations about future earnings. One implication is that men may turn down more easily job offers
that they otherwise might have accepted. This is in line with the different results we find for female and
male participants. In addition, male winners present a very strong negative effect on employment during
the course years—a 6 percentage points decrease in employment probability during the first year after
the lottery. This is consistent with a lock-in effect as students are likely to suspend job search efforts
when still in the training programme (Card et al. (2018)).

Results point out thus positive effects for female participants. Approximately 31 per cent of the women
in the control group were employed in 2010 (pre-lottery values). Our LATE estimates show an increase
in female employment of about 4 percentage points, representing an impact of approximately 13 per
cent on employment likelihood.

The results are consistent with the literature providing experimental and lottery-based evidence on the
effects of vocational training. Similarly to this literature branch, Table A6 suggests that medium- and
longer-term effects for male participants are zero. In addition, our results for women are comparable
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or stronger than the strand of the literature providing experimental and lottery-based evidence on the
impacts of vocational training (e.g. Attanasio et al. 2011; Chakravarty et al. 2019; Alzúa et al. 2016;
Field et al. 2019; Acevedo et al. 2017).

Figure 4: Baseline estimates—effects on labour market participation

(a) Cohort 1: all applicants (b) Cohort 2: all applicants

(c) Cohort 1: female vs male applicants (d) Cohort 2: female vs male applicants

Note: the figure displays the baseline results for up to six years after the PROSUB lotteries. The horizontal axis shows the
number of years after the PROSUB lotteries. PROSUB courses last two years. The dependent variable is an employment
dummy. The gray area displays the recession period (see Section 2 for detail). Each estimate corresponds to a LATE effect—to
the estimated coefficient of Equation (2)—where the enrollment dummy is instrumented by using the random variation results
of the lottery. Panels (a) and (c) are for the cohort 1 applicants: the years 2012 and 2013 are the course years, while the
after-course years are from 2014 to 2017. Panels (b) and (d) are for the applicants of cohort 2: courses years are 2013 and
2014, while the after-course years are from 2015 to 2018.

Source: author’s calculations based on data explained in Section 3.
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The results for cohort 2—reported in Panel (b) of Figure 4 and Column (V) of Table A6—have a different
pattern. Cohort 2 presents a stronger negative lock-in effect when it comes to employment during the
course years. Besides, the negative effect persists until six years after the lottery. Panel (d) of Figure
4 points out that these negative effects are mostly driven by male winners. The negative effect on
employment for female winners is transitory (reaching zero effect in the medium-run), while the negative
effects for male winners are persistent (of about 6 percentage points on a baseline formal employment
of 51 percent).

We show in Table A7 in Appendix that the results are highly robust when we re-run the regressions with
an ANCOVA specification. Results are also highly stable to excluding controls (see Appendix Table A8)
and to clustering the standard errors at the lottery (strata) level (see Appendix Table A9).

Figure 5: Estimates—intensive margin of formal employment

(a) Cohort 1: all applicants (b) Cohort 2: all applicants

(c) Cohort 1: female vs male applicants (d) Cohort 2: female vs male applicants

Note: the figure displays the results of the employment’s intensive margin for up to six years after the PROSUB lotteries. The
horizontal axis shows the number of years after the PROSUB lotteries. PROSUB courses last two years. The dependent
variable is the number of months in formal jobs. The gray area displays the recession period (see Section 2 for detail). Each
estimate corresponds to a LATE effect—to the estimated coefficient of Equation (2)—where the enrollment dummy is
instrumented by using the random variation results of the lottery. Panels (a) and (c) are for the cohort 1 applicants: the years
2012 and 2013 are the course years, while the after-course years are from 2014 to 2017. Panels (b) and (d) are for the
applicants of cohort 2: course years are 2013 and 2014, while the after-course years are from 2015 to 2018.

Source: author’s calculations based on data explained in Section 3.
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To complement the analysis of labour market participation, we evaluate the effects on the intensive
margin as measured by the number of months working in formal jobs. Figure 5 and Appendix Table
A10 display the results. Consistently, there is a positive effect for women in the first cohort of about
13 per cent, and a negative effect on formal employment of about the same magnitude for males in the
second cohort. We also observe lock-in effects for male participants.

In addition to looking directly at employment outcomes, we examine the impacts on earnings. Table
A11 shows that the programme has no effects on earnings. Since the programme does not seem to
impact total earnings, we focus the remaining of the analysis on understanding the potential drivers of
the results of labour market participation.

Taken together, three patterns emerge from the baseline results. First, female winners fare better than
their male counterparts after the course (regardless of the cohort we analyze). Second, male winners
present a strong lock-in effect. Third, the results suggest persistent benefits for women in the first cohort,
and persistent losses for men from the second cohort. The differential impact when one compares distinct
PROSUB cohorts suggests a role for economic cycle—recall that only the second cohort graduated
amidst a recession (see Section 2). To further understand the role of economic growth in driving the
results, we perform below a within-cohort analysis by verifying the impacts of differential local labour
market growth.

5.2 Heterogeneous effects

This subsection presents further heterogeneous analysis for labour market participation to understand
what characteristics are associated with the positive effect on cohort 1’s female workers and the negative
effects on cohort 2’s male workers. In the interest of space, we only report tables of the exercises for
female workers and present the tables for male workers in the appendix.

Experience. We initially ask whether results differ by workers’ labour market experience. Since expe-
rience may be an important driver of labour market outcomes, we explore the fact that PROSUB offers
seats for individuals regardless of age or experience. We compare then students who differ in their pre-
vious labour market experience within the same programme (differently from other studies that perform
such comparison between policies). We consider students with previous experience those who have
worked at least 36 months before the PROSUB lottery.23

Columns (I) and (II) of Table 4 presents the results for cohorts 1’s women (with and without previous
experience, respectively). Female workers who have previous experience (i) start with a greater lock-in
effect and (ii) are able to access the formal labour market more quickly after finishing the course, but the
positive effects wane over time (are similar five years after the lottery and smaller in the sixth year). As
a consequence, the findings suggest that displaced older female adults do not seem to fare worse.

23 The same dummy variable was used in the balancing analysis of Section 3.
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Table 4: Effects on employment—experience (women)

Cohort 1 Cohort 2

(I) (II) (III) (IV)
Experience No experience Experience No experience

During course

Year 1 -0.0532 -0.00220 -0.0690** -0.0170
(0.0362) (0.0205) (0.0343) (0.0205)

Year 2 0.0167 -0.0463** -0.0828** -0.0220
(0.0366) (0.0234) (0.0343) (0.0225)

After course

Year 3 0.0542 0.00488 -0.0403 -0.0205
(0.0367) (0.0254) (0.0346) (0.0233)

Year 4 0.0630* 0.000624 -0.0366 -0.0117
(0.0370) (0.0257) (0.0355) (0.0230)

Year 5 0.0360 0.0300 -0.0190 0.000662
(0.0377) (0.0257) (0.0353) (0.0240)

Year 6 0.0269 0.0438* 0.0145 -0.00189
(0.0377) (0.0265) (0.0354) (0.0245)

Pooled years

Years 3 to 6 0.0450 0.0198 -0.0204 -0.00837
(0.0297) (0.0209) (0.0285) (0.0192)

Control: gender No No No No
# applicants 31,576 38,428 25,446 36,591

Note: the table presents the results from year 1 to year 6 after the PROSUB lotteries. PROSUB courses last two years. Each
cell corresponds to a LATE effect where the enrollment dummy is instrumented by using the random variation results of the
lottery. In rows from ‘year 1’ to ‘year 6’, each cell corresponds to the estimated coefficient of Equation (2). In row ‘years 3 to 6’
(pooled years), each cell corresponds to the estimated coefficient of Equation (4). The dependent variable is an employment
dummy. Columns (I)–(II) are for the cohort 1 applicants: the years 2012 and 2013 are the course years, while the after-course
years are from 2014 to 2017. Columns (III)–(IV) are for the applicants of cohort 2: course years are 2013 and 2014, while the
after-course years are from 2015 to 2018. Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1.

Source: author’s calculations based on data explained in Section 3.

Table 4 also displays in Columns (III) and (IV) the results for women of cohort 2. Female students with
experience also present a greater lock-in effect. Those students present a more negative impact during
the first years after the course, but are able to revert the negative impacts by Year 6 after the lottery. By
and large, Table 4 indicates that experience does not seem to be a key driver of employment for female
workers when we compare different cohorts.

We inspect then if the previous experience is relevant for explaining the impacts for male students. Ap-
pendix Table A12 documents that the group of less experienced workers of both cohorts has a relatively
higher negative impact on employment. To summarize the implications from Tables 4 and A12, while
previous labour market experience does not seem to affect the results of female workers, experience
matters to explain the results of male workers (as less experienced male workers fare worse).
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Table 5: Heterogeneous effects—type of course (women)

Cohort 1 Cohort 2

(I) (II) (III) (IV)
Agriculture &
manufactur. Services

Agriculture &
manufactur. Services

During course

Year 1 -0.0421 0.00784 -0.0420 -0.0160
(0.0650) (0.0227) (0.0287) (0.0272)

Year 2 -0.0292 0.00612 -0.0545* -0.0268
(0.0690) (0.0233) (0.0297) (0.0277)

After course

Year 3 0.0636 0.0406* -0.0281 -0.0187
(0.0720) (0.0237) (0.0301) (0.0280)

Year 4 -0.00445 0.0467** -0.0193 -0.0159
(0.0717) (0.0238) (0.0300) (0.0277)

Year 5 0.0185 0.0510** 0.00676 -0.0130
(0.0709) (0.0236) (0.0304) (0.0282)

Year 6 0.0271 0.0546** 0.0134 -0.00188
(0.0718) (0.0239) (0.0310) (0.0283)

Pooled years

Years 3 to 6 0.0262 0.0482** -0.00681 -0.0124
(0.0593) (0.0196) (0.0252) (0.0232)

Control: gender No No No No
# applicants 8,441 61,525 28,264 33,069

Note: the table presents the results from year 1 to year 6 after the PROSUB lotteries. PROSUB courses last two years. Each
cell corresponds to a LATE effect where the enrollment dummy is instrumented by using the random variation results of the
lottery. In rows from ‘year 1’ to ‘year 6’, each cell corresponds to the estimated coefficient of Equation (2). In row ‘years 3 to 6’
(pooled years), each cell corresponds to the estimated coefficient of Equation (4). The dependent variable is an employment
dummy. Columns (I)–(II) are for the cohort 1 applicants: the years 2012 and 2013 are the course years, while the after-course
years are from 2014 to 2017. Columns (III)–(IV) are for the applicants of cohort 2: course years are 2013 and 2014, while the
after-course years are from 2015 to 2018. Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1.

Source: author’s calculations based on data explained in Section 3.

Type of course. We now split the lotteries into two areas: (i) agriculture and manufacturing, and (ii)
services. The related literature points out vocational training favors women in different countries, but
less emphasis is given to the type of courses offered by the distinct programmes. An advantage of our
setting is the wide range of courses offered by PROSUB. Male and female workers tend to segregate into
different industries and occupations, and gender bias in labour demand is one important factor (Olivetti
and Petrongolo (2014)). As a result, gender bias in labour demand can disproportionally favor men or
women and can play a role in explaining labour market performance.

Table 5 shows what type of courses seems to influence the results on female employment. Columns
(I)–(II) present the results for cohort 1. Female students in services’ courses have a large positive and
persistent impact after the lotteries (see Column (II)). Column (I) of Table 5 shows that students in
courses in agriculture and manufacturing have lower short and medium-run impacts in terms of em-
ployment (and statistically non-significant). Notice that in Bahia, services correspond to approximately
two-thirds of the GDP. The results are consistent with Ngai and Petrongolo (2017), which highlights the
role of services in explaining women’s labour force participation.
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In Columns (III)–(IV), we show the results for cohort 2’s female winners. None of the course ar-
eas presents a statistically significant effect, consistent with the overall zero impact on employment
for cohort 2’s female winners. Even though services present a negative effect, it is not precisely esti-
mated.

Table A13 in Appendix reports the results for male winners. For the cohort 1, Columns (I)-(II) show that
no area presents a statistically significant result. The coefficients are somewhat large, but not precisely
estimated. Columns (III)-(IV) show the results for cohort 2 and suggested that the negative effects are
driven by services. For the cohort 2, the negative impact for male students in services (Column (IV) of
Table A13) is larger than that for female students in service-related courses (Column (IV) of Table 5).
Coefficients for agriculture and manufacturing are large but imprecisely estimated.

Collectively, the analysis by course points out that services drive the positive results of female workers
(in cohort 1). The adverse effects on male winners of cohort 2 seem to be accompanied by negative
effects of all sectors (though only services are statistically significant).

Faster-growing local labour markets. To gain additional insights, we check whether results are guided
by local labour markets’ economic growth. The idea to explore heterogeneity in local growth is to
understand further the role of economic growth (of regional labour markets) in explaining the results.
Notice that labour markets may play an important role because the programme is spread throughout a
large territory and growth is spatially uneven. For each cohort, we separate lotteries in municipalities
with above and below median GDP growth between 2012 and 2017. Students in locations with below-
median local growth suffer from continuing exposure to adverse labour market conditions during and
after the course.
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Table 6: Heterogeneous effects—local economic growth (women)

Cohort 1 Cohort 2

(I) (II) (III) (IV)
Above median:

GDP growth
Below median:

GDP growth
Above median:

GDP growth
Below median:

GDP growth

During course

Year 1 0.00822 -0.00206 -0.0112 -0.0528
(0.0277) (0.0335) (0.0241) (0.0337)

Year 2 -0.00644 0.0133 -0.0303 -0.0529
(0.0284) (0.0345) (0.0248) (0.0347)

After course

Year 3 0.0375 0.0530 -0.0181 -0.0303
(0.0290) (0.0353) (0.0252) (0.0347)

Year 4 0.0618** 0.0211 -0.0198 -0.0138
(0.0292) (0.0351) (0.0248) (0.0347)

Year 5 0.0451 0.0500 -0.00784 0.00164
(0.0289) (0.0349) (0.0254) (0.0350)

Year 6 0.0563* 0.0480 -0.000311 0.0131
(0.0293) (0.0354) (0.0259) (0.0352)

Pooled years

Years 3 to 6 0.0502** 0.0430 -0.0115 -0.00734
(0.0242) (0.0290) (0.0210) (0.0290)

Control: gender No No No No
# applicants 21,734 48,272 21,766 40,276

Note: the table presents the results from year 1 to year 6 after the PROSUB lotteries. PROSUB courses last two years. Each
cell corresponds to a LATE effect where the enrollment dummy is instrumented by using the random variation results of the
lottery. In rows from ‘year 1’ to ‘year 6’, each cell corresponds to the estimated coefficient of Equation (2). In row ‘years 3 to 6’
(pooled years), each cell corresponds to the estimated coefficient of Equation (4). The dependent variable is an employment
dummy. Columns (I)–(II) are for the cohort 1 applicants: the years 2012 and 2013 are the course years, while the after-course
years are from 2014 to 2017. Columns (III)–(IV) are for the applicants of cohort 2: course years are 2013 and 2014, while the
after-course years are from 2015 to 2018. Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1.

Source: author’s calculations based on data explained in Section 3.

Table 6 provides evidence that local labour market conditions are important for career development:
courses in faster-growing localities are associated with large and positive employment effects. More
specifically, Column (I) indicates that female students (of cohort 1) in courses at high-growth munic-
ipalities present large employment gains. We detect no statistically significant effects for courses in
lower-growth municipalities but coefficients are large. In addition, we find no significant difference
in employment for female winners of cohort 2 in either above median or below median localities (see
Columns (III) and (IV)).

We also tested how local growth affects male winners. Table A14 in Appendix indicates that the negative
effects for male winners take place in localities with below-median GDP growth. The negative impacts
are stronger for winners in cohort 2.

The effects of local labour market conditions differ then by gender. The analysis indicates that the posi-
tive results of female workers in cohort 1 are associated with courses in municipalities with higher GDP
growth. Male winners of cohort 2 were negatively affected, especially in courses located in municipali-
ties with lower GDP growth.
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5.3 Further analysis

Public employment. We now investigate whether results are driven by employment in the public
sector. One concern would be that the public sector could be ‘gaming’ by hiring recent graduates from
the programme. If this is the case, the observed differential increase in employment may be ‘artificially’
created by government hiring. We would need then to assess the net-of-government labour market
impact. We are able to identify whether a person is employed in the private sector or the public sector by
using the Classification of Economic Activities (CNAE) code or the legal nature of companies in RAIS
dataset.

Table A15 in Appendix performs a similar exercise as the baseline analysis, but with a different depen-
dent variable (a public employment dummy, which equals one if working in a entity related to the public
sector). Results indicate that the bulk of the effects comes from private firms hiring, not from the public
sector entities. The results indicate then that, although the programme is funded by the public sector,
private firms are guiding the results.

Course completion. We aim to provide further evidence by substituting the immediate enrollment
dummy for a dummy for degree completion in Equation (2). In Table A16 in Appendix, we re-run the
regressions with the dummy for degree completion instrumented by using the initial-offer dummy. The
results present similar patterns to the baseline analysis: positive effect on cohort 1’s female workers
and the negative effects on cohort 2’s male workers. However, the magnitude is greater. For instance,
completing the course increases the probability employment for women of cohort 1 by 13–15 percentage
points, which means a 42–48 per cent increase in employment.

Channels. To provide suggestive evidence on the mechanisms underlying our findings, we perform
three additional analyses using the dataset at the lottery level. We check whether preferences over spe-
cific characteristics of the courses (sector and ‘attractiveness’) differ by gender. We assess if women sort
into services-related courses, courses associated with a female gender bias in labour demand, and courses
with higher demand per seat, which may be a proxy for potential employment opportunities.

First, we look at descriptive evidence on whether preferences for course areas differ by gender. Recall
that around 65 per cent of applicants are women. Figure 6 displays the distribution of the proportion
of female applicants by lottery, dividing into two areas: lotteries of service-related courses and lotteries
of agriculture- and manufacturing-related courses. For cohort 1 (Figure 6a), the proportion of female
applicants is greater in service-related courses. On average, service courses have 76 per cent of female
applicants, while other courses have 50 per cent. For cohort 2 (Figure 6b), the proportion of female
applicants is similar among different areas. For cohort 1, the descriptive evidence thus suggests that
women sort into services (the course which leads the positive results) since application. In cohort 2,
men sort relatively more into services, the course in which they are made particularly worse off.

Second, we check for another piece of evidence on preferences for different course areas: whether
female students sort into courses associated with gender bias in labour demand. Males and females tend
to segregate into different industries and occupations, and gender bias in labour demand is one important
factor (Olivetti and Petrongolo 2014). As a result, course choices coupled with gender bias in labour
demand can disproportionally favor female workers and can play a role in explaining our results. We
match courses to occupations to create the ‘share of female workers in each occupation’ from Brazil’s
2010 Population Census. To assess the correlation, we run a cross-section OLS with the measure of
gender bias in labour demand (share of female workers in a given occupation) as the dependent variable,
and the proportion of female applicants in courses associated with that occupation as the explanatory
variable. Appendix Table A17 shows the results. For cohort 1 (Columns (I)–(II)), we find that there is a
positive and statistically significant correlation between the measure of gender bias in labour demand and
the proportion of women applicants. This evidence is consistent with (Olivetti and Petrongolo 2014) that
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gender bias in labour demand is one important factor explaining differential labour market performance.
For cohort 2 (Columns (III)–(IV)), we do not find any correlation.

Finally, we inspect which type of lottery is driving the positive impacts for females. There is a con-
siderable variance when it comes to the number of applicants per seat among lotteries. The number
of applicants per seat can be considered a measure of the ‘attractiveness’ of a given course. One pos-
sible hypothesis is that applicants in lotteries with more demand might perceive, among other factors,
the courses as providing better potential employment opportunities. We run a cross-section OLS with
applicants per seat as the dependent variable, and the proportion of women applicants as the explana-
tory variable. We do not find an association that the proportion of women applicants is greater in more
attractive courses.

Figure 6: Distribution of the proportion of female applicants by the type of course

(a) Cohort 1 (b) Cohort 2

Note: this figure presents the distribution of the proportion of female applicants by lottery, dividing the lotteries into two areas:
lotteries of service-related courses and lotteries of agriculture- and manufacturing-related courses.

Source: author’s calculations based on data explained in Section 3.

An additional channel that might be operating is related to job search efforts. Take the case of the
negative lock-in effects we find for male students, which suggest that those students seem to be giving up
significant labour market experience during the training. The negative lock-in translates into a persistent
negative effect on employment for those students who face lower economic growth in both between and
within cohort analyses. Comparing different cohorts, our results indicate that male students of the cohort
directly affected by the recession present a negative effect on labour market participation (Column (VII)
of Appendix Table A6) and a reduction in the number of months in formal employment (Column (VII)
of Appendix Table A10). Comparing students of the same cohort, our findings show that the lock-in
effect translates into a persistent negative employment effect for those living in below-median growth
localities (Columns (II) and (IV) of Appendix Table A14).

We hypothesize that workers search less intensely and receive fewer new job opportunities in situa-
tions of lower economic growth (as in Oreopoulos et al. 2012). This is also consistent with findings
from Acevedo et al. (2017) that men create higher expectations about future earnings—and thus we
hypothesize that they may be quitting jobs more often during training and searching longer after train-
ing. Therefore, changing job search efforts and expectations can reconcile the adverse effects we find
for a subgroup of male students. Further research is need to assess the role of job search and expecta-
tions.

Additional outcomes. We turn to investigating whether the programme is used as stepping stones for
other objectives. More specifically, we check if the programme generates measurable positive results
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on entrepreneurship and university admission. Assessing outcomes beyond employment and earning is
relevant to check the programme’s overall returns. We estimate a cross-section version of Equation (2)
using two dependent variables. The first dependent variable is a university dummy, which equals one for
those entering the a more selective university during or after the vocational training course. The second
dependent variable is an entrepreneurship dummy, which equals one if a PROSUB student became an
owner of any establishment during or after the vocational training.

Table 7: Effects on additional outcomes

University Entrepreneurship

(I) (II) (III) (IV) (V) (VI)
All Female Male All Female Male

Panel (A): Cohort 1

Year 6 0.00161 0.00253 -0.000968 0.00511 0.0114 -0.00847
(0.00171) (0.00208) (0.00292) (0.00741) (0.00782) (0.0167)

Control: gender Yes No No Yes No No
# Applicants 106,490 70,003 36,487 106,490 70,003 36,487

Panel (B): Cohort 2

Year 6 -0.000777 -0.000858 -0.000552 -0.00458 0.000917 -0.0163
(0.000760) (0.000826) (0.00167) (0.00666) (0.00662) (0.0158)

Control: gender Yes No No Yes No No
# Applicants 97,017 62,042 34,972 97,017 62,042 34,972

Note: each cell of this table presents the results for the coefficient β estimated from Equation (2) for the ‘year 6’ after the lottery
for each cohort. PROSUB courses last two years. The dependent variable in Columns (I)–(III) is a university admission dummy,
while in Columns (IV)–(VI) it is an entrepreneurship dummy. Panel (A) is for the cohort 1 applicants, while Panel (B) is for the
applicants of cohort 2. Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1.

Source: author’s calculations based on data explained in Section 3.

Table 7 reports the results of cohort 1 (Panel (A)) and cohort 2 (Panel (B)). Columns (I)–(III) suggest
that there was no effect on the probability on university admission for either female or male groups.
Therefore, the programme seems not to be associated with further educational investments. Besides,
Columns (IV)–(VI) of Table 7 displays a very small and non-significant effect on the probability of
becoming entrepreneurs. The results suggest then that the programme has no impact on either en-
trepreneurship.

Cost-benefit analysis. We perform back-of-the-envelope calculations to inform on the cost-effectiveness
of the programme. Our estimates guide the programme’s benefits, and we compare them with the pro-
gramme’s costs. To evaluate the costs, we calculate the total labour costs of PROSUB’s teachers using
the information from Appendix Table A1, which stem from RAIS dataset in 2018—the only year in
which we obtained teachers’ information. Yearly labour costs are approximately BRL103 million. No-
tice that these labour costs correspond to teachers who (i) allocate their time for two PROSUB cohorts
simultaneously in a given year and (ii) share their teaching load with another programme (according to
the programme’s implementers), so we will assume that PROSUB’s labour cost is BRL25 million. To
compare with benefits, we deflate labour costs to 2010 values (approximately BRL15 million).

To obtain the programme’s fiscal externalities, we simulate the revenue stream of payroll taxes over 30
years for each worker who benefited from PROSUB. We suppose that the real wage is the same over
time—baseline monthly earning in 2010 was BRL328. Payroll taxes on top of earnings correspond to
68,17 or 96,75 per cent of formal worker’s earnings depending on the labour contract regime (monthly
salary or hourly wage, respectively). To calculate the benefits, we will assume that the payroll tax
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corresponds to 96,75 per cent of earnings for each worker.24 Therefore, each worker generates yearly
tax revenue of BRL3,808 or a 30-year present-value revenue stream of BRL86,993 (supposing a discount
rate of 2 per cent).

We ask how many formal jobs the programme would need to generate such that fiscal revenues would
break even the programme’s costs. Comparing the programme’s labour costs and the present-value
stream of tax revenue, each cohort would need to generate additional employment of 170 students.
When using the number of seats, compliance rate, and our coefficient estimates for the 2012 cohort, the
programme generated differential employment for 118 students—i.e. approximately two-thirds of the
number to break-even benefits and costs. The second cohort did not present any positive impact on labour
market participation in the time frame we analyze. Therefore, the simple calculations—along with the
main results of this paper—suggest that the programme did not seem to generate net benefits.

6 Concluding remarks

This paper leverages admission lotteries to study the effect of a large-sized job training programme
in Brazil on individual labour market outcomes. The state-sponsored programme is an intensive 24-
month period combining in-class and on-the-job training attributes. We use a broad set of administrative
registries to compare the employment of lottery winners and non-winners over time. When assessing the
impacts on cohorts that have graduated during different points of the business cycle, we find that female
students fare better than their male counterparts. We also find large and persistent positive effects of
the programme for female students who finished the course before a recession period. In addition,
results suggest that female students in service-related courses and faster-growing local labour markets
benefited the most from the programme. Male students of the cohort directly affected by the recession
present a negative effect. Inexperienced male students in service sectors and areas with slower growth
are particularly negatively affected. We do not find evidence of ‘gaming’ by the public sector by hiring
students: the positive effects we found are driven by hiring from private firms. Besides, we do not
find evidence that the programme is used as a stepping-stone for traditional academic programmes or
entrepreneurial activities.

Promoting access to quality education and decent jobs are two of the United Nations’ sustainable devel-
opment goals. High unemployment is a major social problem because—on top of its effects on poverty
and inequality—it also impacts other important dimensions such as health and well-being. This paper
aims to contribute by providing evidence on a type of programme that countries worldwide promote to
tackle persistent unemployment and improve the skills of more vulnerable workers. For instance, ac-
cording to OECD (2020), 22 per cent of 15-19 year-olds are enrolled in vocational education on average
across OECD countries. Training can be particularly crucial during economic downturns as shocks may
bring about shifts in skill needs and require training to combat unemployment.
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Appendix: Figures and tables

Figure A1: PROSUB lotteries
(a) (b)

Note: the pictures show examples of advertisement of PROSUB lotteries.

Source: reproduced from Bahia’s Educational Department public advertisements.

Figure A2: Take-up rate among lottery winners and wait list

Note: this figure presents the relationship between compliance rate of initial-offer (IO) winners and that of people of the
replacement group (who were received subsequent offers). Each dot represents a PROSUB lottery and the 45-degree line
represents lotteries with equal take-up between IO and replacement groups.

Source: author’s calculations based on data explained in Section 3.
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Table A1: PROSUB: teachers’ characteristics

PROSUB teachers in 2018
# of teachers 2,461
% found in RAIS registry 99.87%

Educational attainment
High school + vocational training 2.59%
Tertiary degree 96.71%
Master’s and Ph.D. 0.70%

Working experience
Experience working outside the Education Department 86.64%
Experience in education 19.65%
Experience in sectors compatible with PROSUB courses 29.37%

Years of experience working in the Education Department
0-2 years 41.01%
2-5 years 15.45%
5-10 years 3.7%
>10 years 39.83%

Earnings in BRL
Mean BRL3847.861
Max. BRL15895.41
Min. BRL974.65

Note: this table uses RAIS data to present selected characteristics of PROSUB’s teachers.

Source: authors’ calculations based on RAIS data. See Section 3.1 for more details on RAIS.
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Table A2: PROSUB courses

Course 2012 (%) 2013 (%) Course 2012 (%) 2013 (%)

Management 7.69 9.70 Nursing 20.25 14.86
Social service 0.07 - Health management 0.8 0.89
Agriculture 0.06 0.07 Tourism 1.11 0.76
Land surveyor 0.15 - Hospitality 0.06 0.09
Agroecology 0.16 0.26 TI 4.05 2.98
Agro-industry 1.07 0.43 Music 1.30 0.43
Agro-business 0.27 0.18 Oil and Gas - 0.73
Agriculture and livestock 0.67 0.81 Logistic 5.1 8.93
Clinical analysis 7.94 5.47 Maintenance and support 1.11 -
Chemical analysis 0.56 0.45 Mechanics 0.26 0.60
Leather articles 0.03 0.15 Automobiles mechanics 1.68 0.38
Bio-fuel 0.21 0.15 Electro-mechanics for autos 0.81 1.19
Biotechnology 0.35 - Environment 1.26 1.31
Sales strategy 0.42 0.50 Mining 0.41 -
Visual communication 0.62 0.06 Nutrition 6.38 4.98
Conservation and environment 0.17 - Petrochemical 1.36 2.88
Accounting 3.13 1.59 Fashion design 0.67 0.03
Cooperatives 0.18 - Gaming programme 0.13 -
Cooking 0.25 1.15 Chemistry 0.57 0.69
Design in construction 1.33 0.90 Computer networking 0.6 3.73
Furniture design 0.04 - Dentistry 2.28 3.16
Musical documentation 0.08 0.06 School Secretariat 0.4 0.36
Building 5.83 6.53 Work safety 11.17 11.05
Electronics 0.94 1 Sales strategy 0.12 0.25
Electrical-mechanics 5.49 5.15 Zootechnics 0.03 0.05
Electrical 0.51 1.86

Note: this table presents the list of PROSUB courses and the corresponding share of candidates in the lotteries.

Source: author’s calculations based on data explained in Section 3.
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Table A3: Characteristics of the labour market from the state of Bahia, Brazil

Variable
2000 2010

Total Share (%) Total Share (%)

Population 13,066,910 14,016,906

Urban 8,761,604 67.05 10,102,476 72.07
Rural 4,305,306 32.95 3,914,430 27.93

labour Force 5,613,079 6,555,397

Male 3,400,931 60.59 3,727,909 56.87
Female 2,212,149 39.41 2,827,488 43.13
Employment 4,581,594 81.62 5,841,078 89.10
Formal 1,368,694 29.87 2,151,256 36.83
Informal 1,399,687 30.55 1,602,574 27.44
Self-Employment 1,143,388 24.96 1,321,367 22.62
Employer 96,703 2.11 80,841 1.38
Unpaid family worker 266,325 5.81 141,017 2.41
Production for own consumption 306,796 6.70 544,022 9.31
Social Security contribution 1,645,080 41.04 2,567,603 50.64
Unemployment 1,031,485 18.38 714,319 10.90

Average monthly earnings 385.4 901.85

Education

Incomplete Elementary School 3,037,334 66.29 2,838,544 48.6
Incomplete High School 485,858 10.60 871,357 14.92
Incomplete College 831,316 18.14 1,666,820 28.54
College (at least) 154,649 3.38 440,262 7.54
Unspecified 72,435 1.58 24,095 0.41

Sectoral employment

Agriculture, fishing and other related activities 1,455,593 31.77 1,516,614 25.96
Extractive industry 21,410 0.47 29,643 0.51
Manufacturing industry 320,315 6.99 384,587 6.58
Electricity, gas and water 21,855 0.48 10,995 0.19
Water, sanitation and other related activities - - 44,142 0.76
Construction 305,146 6.66 443,328 7.59
Commerce 689,487 15.05 929,695 15.92
Transport, storage and communication 188,650 4.12 215,780 3.69
Information and communication - - 202,901 3.47
Food and accommodation 221,720 4.84 36,865 0.63
Financial services 33,083 0.72 45,019 0.77
Real estate activities 183,831 4.01 19,133 0.33
Professional, scientific and technical activities - - 96,319 1.65
Administrative and complementary services - - 141,431 2.42
Public administration, defense and social security 226,920 4.95 305,206 5.23
Education 288,023 6.29 341,006 5.84
Health and social services 106,746 2.33 186,463 3.19
Other collective, social and personal services 151,676 3.31 41,312 0.71
Other services - - 137,806 2.36
Household services 322,482 7.04 408,078 6.99
International organizations 18 0.00 22 0.00
Unspecified 44,639 0.97 304,735 5.22

Table continued on next page
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Table A3 continued from previous page

Variable
2000 2010

Total Share (%) Total Share (%)

Occupational employment

Directors and managers 150,874 3.29 178,032 3.05
Professional science and arts 168,185 3.67 471,126 8.07
Mid-level technicians 344,068 7.51 309,064 5.29
Administrative Service Workers 278,880 6.09 309,530 5.3
Service, commerce and market workers 1,279,010 27.92 916,123 15.68
Agricultural, forestry, hunting and fishing workers 1,392,144 30.39 953,459 16.32
Workers of production of industrial goods and services 789,121 17.22 561,205 9.61
Repair and maintenance workers 81,221 1.77 352,074 6.03
Elementary Occupations - - 1,385,623 23.72
Members of the armed forces, police and military firemen 27,347 0.60 19,761 0.34
Unspecified 70,744 1.54 385,080 6.59

Source: authors’ elaboration based on Brazil Census, 2000 and 2010 (IBGE).

Table A4: Lottery balancing—RAIS data

Diff. between
All applicants Non-winners IO winners and p-value

non-winners
(I) (II) (III) (IV)

Panel (a): cohort 1, 190 wait lists

Age 28.709 28.710 0.143 0.423
(0.036) (0.037) (0.178)

% with high school 0.784 0.785 -0.000 0.986
(0.002) (0.002) (0.010)

Black and Indigenous dummy 0.675 0.680 0.008 0.480
(0.002) (0.002) (0.011)

Female dummy 0.539 0.537 -0.011 0.295
(0.002) (0.003) (0.011)

Number of observations 40,288 38,392 40,288 .

Panel (b): cohort 2, 283 wait lists

Age 28.928 28.910 0.030 0.861
(0.040) (0.041) (0.173)

% with high school 0.784 0.785 -0.001 0.902
(0.002) (0.002) (0.009)

Black and Indigenous dummy 0.679 0.687 -0.007 0.499
(0.002) (0.002) (0.010)

Gender 0.523 0.523 0.004 0.654
(0.003) (0.003) (0.010)

Number of observations 37,303 34,716 37,303 .

Note: this table uses RAIS data for the subgroup of PROSUB applicants who had a formal employment at any point in the
pre-lottery year. Panel (a): balancing tests for 40,288 applicants, 1,896 of whom are in the initial-offer (IO) lottery winner group.
Panel (b): balancing tests for 37,303 applicants, 2,587 of whom are initial-offer (IO) lottery winners. Data are provided at the
individual level. Column (I) shows the mean and standard deviation (in parentheses) of baseline characteristics for all the
applicants. Column (II) presents the mean and standard deviation (in parentheses) of baseline characteristics of non-winners
applicants (replacement group plus never-offer group). Column (III) reports the coefficients estimated from Equation (1) and
the last column the corresponding p-value. *** p<0.01, ** p<0.05, * p<0.1

Source: authors’ calculations based on RAIS data. See Section 3.1 for more details on RAIS.
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Table A5: First-stage results

Cohort 1 Cohort 2

Enrollment
dummy

Degree
completion

dummy
Enrollment

dummy

Degree
completion

dummy

Initial-offer dummy 0.3533*** 0.1116*** 0.3537*** 0.1290***
(0.0066) (0.0044) (0.0056) (0.0040)

Observations 106,495 106,495 97,017 97,017
F-statistics 1,459 324 1,980 517
Strata fixed effects Yes Yes Yes Yes
Control: gender Yes Yes Yes Yes

Note: the table presents the first-stage results. The initial-offer dummy equals one for the applicant getting an initial offer at the
time of the lottery. The enrollment dummy equals one if the individual enrolled at a PROSUB course (after being selected by
the PROSUB lotteries). The degree completion equals one if the individual finished the course after being selected by the
PROSUB lotteries. Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1

Source: author’s calculations based on data explained in Section 3.
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Table A6: Baseline estimates—effects on employment

Cohort 1 Cohort 2

(I) (II) (III) (IV) (V) (VI) (VII) (VIII)
All Female Male p-value All Female Male p-value

During course

Year 1 -0.0182 0.00344 -0.0606* 0.123 -0.0484*** -0.0277 -0.0981*** 0.086
(0.0185) (0.0215) (0.0355) (0.0176) (0.0198) (0.0359)

Year 2 -0.00770 0.00275 -0.0283 0.461 -0.0514*** -0.0392* -0.0779** 0.347
(0.0189) (0.0221) (0.0358) (0.0178) (0.0203) (0.0357)

After course

Year 3 0.00422 0.0447** -0.0856** 0.002 -0.0374** -0.0229 -0.0712** 0.245
(0.0192) (0.0226) (0.0361) (0.0180) (0.0205) (0.0361)

Year 4 0.0155 0.0429* -0.0437 0.041 -0.0259 -0.0174 -0.0438 0.526
(0.0192) (0.0226) (0.0360) (0.0180) (0.0203) (0.0362)

Year 5 0.0189 0.0474** -0.0436 0.032 -0.0201 -0.00409 -0.0573 0.202
(0.0191) (0.0224) (0.0362) (0.0181) (0.0207) (0.0362)

Year 6 0.0434** 0.0525** 0.0231 0.488 -0.0141 0.00499 -0.0613* 0.113
(0.0192) (0.0227) (0.0358) (0.0182) (0.0209) (0.0362)

Pooled years

Years 3 to 6 0.0205 0.0469** -0.0375 0.014 -0.0244 -0.00987 -0.0584** 0.153
(0.0157) (0.0187) (0.0288) (0.0149) (0.0171) (0.0293)

Control: gender Yes No No - Yes No No -
# applicants 106,495 70,006 36,489 - 97,017 62,042 34,972 -

Note: the table presents the results from Year 1 to Year 6 after the PROSUB lotteries. PROSUB courses last two years. Each
cell corresponds to a LATE effect where the enrollment dummy is instrumented by using the random variation results of the
lottery. In rows from ‘Year 1’ to ‘Year 6’, each cell corresponds to the estimated coefficient of Equation (2). In row ‘Years 3 to 6’
(Pooled Years), each cell corresponds to the estimated coefficient of Equation (4). The dependent variable is an employment
dummy. Columns (I)–(IV) are for the ‘Cohort 1’ applicants: the years 2012 and 2013 are the course years, while the
after-course years are from 2014 to 2017. Column (IV) shows the p-value of the difference in the coefficients of female and
male regressions (in Columns (II) and (III)). Columns (V)–(VIII) are for the applicants of ‘Cohort 2’: course years are 2013 and
2014, while the after-course years are from 2015 to 2018. Column (VIII) shows the p-value of the difference in the coefficients
between female and male regressions (in Columns (VI) and (VII)). Robust standard errors in parentheses. *** p<0.01, **
p<0.05, * p<0.1.

Source: author’s calculations based on data explained in Section 3.
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Table A7: Effects on employment—ANCOVA specification

Cohort 1 Cohort 2

(I) (II) (III) (IV) (V) (VI)
All Female Male All Female Male

During course

Year 1 -0.0179 -0.00269 -0.0495 -0.0472*** -0.0273 -0.0959***
(0.0170) (0.0197) (0.0330) (0.0164) (0.0184) (0.0337)

Year 2 -0.00746 -0.00240 -0.0193 -0.0503*** -0.0389** -0.0760**
(0.0177) (0.0206) (0.0336) (0.0169) (0.0193) (0.0339)

After course

Year 3 0.00445 0.0402* -0.0771** -0.0365** -0.0226 -0.0696**
(0.0182) (0.0215) (0.0344) (0.0173) (0.0197) (0.0345)

Year 4 0.0158 0.0386* -0.0355 -0.0250 -0.0171 -0.0421
(0.0184) (0.0216) (0.0344) (0.0173) (0.0196) (0.0349)

Year 5 0.0191 0.0433** -0.0360 -0.0192 -0.00381 -0.0558
(0.0184) (0.0215) (0.0350) (0.0175) (0.0200) (0.0351)

Year 6 0.0436** 0.0487** 0.0306 -0.0133 0.00524 -0.0598*
(0.0187) (0.0221) (0.0347) (0.0178) (0.0203) (0.0353)

Pooled years

Years 3 to 6 0.0207 0.0427** -0.0295 -0.0235* -0.00959 -0.0568**
(0.0148) (0.0176) (0.0270) (0.0141) (0.0162) (0.0278)

Control: gender Yes No No Yes No No
# applicants 106,495 70,006 36,489 97,017 62,042 34,972

Note: each cell corresponds to a LATE effect where the enrollment dummy is instrumented by using the random variation
results of the lottery. In rows from ‘Year 1’ to ‘Year 6’, each cell corresponds to the estimated coefficient of Equation (2). In row
‘Years 3 to 6’ (pooled years), each cell corresponds to the estimated coefficient of Equation (4). The dependent variable is an
employment dummy. The regressions include pre-treatment values of labour market participation. Columns (I)–(III) are for the
‘Cohort 1’ applicants: the years 2012 and 2013 are the course years, while the after-course years are from 2014 to 2017.
Columns (IV)–(VI) are for the applicants of ‘Cohort 2’: course years are 2013 and 2014, while the after-course years are from
2015 to 2018. Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1.

Source: author’s calculations based on data explained in Section 3.
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Table A8: Effects on employment—robustness without controls

Cohort 1 Cohort 2

(I) (II)
All All

During course

Year 1 -0.0165 -0.0501***
(0.0186) (0.0177)

Year 2 -0.00608 -0.0531***
(0.0190) (0.0180)

After course

Year 3 0.00597 -0.0391**
(0.0193) (0.0182)

Year 4 0.0173 -0.0274
(0.0193) (0.0181)

Year 5 0.0206 -0.0217
(0.0192) (0.0183)

Year 6 0.0451** -0.0157
(0.0193) (0.0184)

Pooled years

Years 3 to 6 0.0222 -0.0260*
(0.0158) (0.0151)

Control: gender No No
# applicants 106,495 97,017

Note: each cell corresponds to a LATE effect where the enrollment dummy is instrumented by using the random variation
results of the lottery. In rows from ‘Year 1’ to ‘Year 6’, each cell corresponds to the estimated coefficient of Equation (2). In row
‘Years 3 to 6’ (pooled years), each cell corresponds to the estimated coefficient of Equation (4). The dependent variable is an
employment dummy. The regressions do not include any control. Columns (I)–(III) are for the ‘Cohort 1’ applicants: the years
2012 and 2013 are the course years, while the after-course years are from 2014 to 2017. Columns (IV)–(VI) are for the
applicants of ‘Cohort 2’: course years are 2013 and 2014, while the after-course years are from 2015 to 2018. Robust standard
errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1.

Source: author’s calculations based on data explained in Section 3.
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Table A9: Effects on employment—clustering at the lottery level

Cohort 1 Cohort 2

(I) (II) (III) (IV) (V) (VI)
All Female Male All Female Male

During course

Year 1 -0.0182 0.00344 -0.0606* -0.0484*** -0.0277 -0.0981***
(0.0176) (0.0221) (0.0368) (0.0176) (0.0213) (0.0349)

Year 2 -0.00770 0.00275 -0.0283 -0.0514*** -0.0392* -0.0779**
(0.0184) (0.0211) (0.0386) (0.0185) (0.0205) (0.0354)

After course

Year 3 0.00422 0.0447** -0.0856** -0.0370* -0.0230 -0.0701*
(0.0189) (0.0222) (0.0377) (0.0192) (0.0211) (0.0419)

Year 4 0.0155 0.0429** -0.0437 -0.0259 -0.0174 -0.0437
(0.0190) (0.0214) (0.0391) (0.0202) (0.0219) (0.0406)

Year 5 0.0189 0.0474** -0.0436 -0.0203 -0.00403 -0.0584
(0.0201) (0.0239) (0.0392) (0.0189) (0.0221) (0.0375)

Year 6 0.0434** 0.0525** 0.0231 -0.0141 0.00499 -0.0613
(0.0201) (0.0241) (0.0355) (0.0197) (0.0220) (0.0427)

Pooled years

Years 3 to 6 0.0205 0.0469** -0.0375 -0.0243 -0.00985 -0.0584*
(0.0161) (0.0190) (0.0317) (0.0164) (0.0184) (0.0338)

Control: gender Yes No No Yes No No
# applicants 106,495 70,006 36,489 97,017 62,042 34,972

Note: each cell corresponds to a LATE effect where the enrollment dummy is instrumented by using the random variation
results of the lottery. In rows from ‘Year 1’ to ‘Year 6’, each cell corresponds to the estimated coefficient of Equation (2). In row
‘Years 3 to 6’ (pooled years), each cell corresponds to the estimated coefficient of Equation (4). The dependent variable is an
employment dummy. Columns (I)–(III) are for the ‘Cohort 1’ applicants: the years 2012 and 2013 are the course years, while
the after-course years are from 2014 to 2017. Columns (IV)–(VI) are for the applicants of ‘Cohort 2’: course years are 2013
and 2014, while the after-course years are from 2015 to 2018. Robust standard errors (in parentheses) are clustered at the
lottery level. *** p<0.01, ** p<0.05, * p<0.1.

Source: author’s calculations based on data explained in Section 3.
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Table A10: Effects on the intensive margin—number of months in formal jobs

Cohort 1 Cohort 2

(I) (II) (III) (IV) (V) (VI) (VII) (VIII)
All Female Male p-value All Female Male p-value

During course

Year 1 -0.174 0.0882 -0.700* 0.0787 -0.247 -0.186 -0.378 0.662
(0.195) (0.224) (0.389) (0.185) (0.204) (0.389)

Year 2 0.133 0.244 -0.0483 0.529 -0.479** -0.304 -0.880** 0.203
(0.207) (0.241) (0.398) (0.193) (0.216) (0.398)

After course

Year 3 -0.0213 0.273 -0.659 0.0481 -0.453** -0.275 -0.839** 0.223
(0.209) (0.243) (0.404) (0.199) (0.224) (0.405)

Year 4 0.0519 0.318 -0.513 0.0830 -0.273 -0.232 -0.347 0.807
(0.214) (0.251) (0.408) (0.202) (0.227) (0.412)

Year 5 0.268 0.622** -0.513 0.0192 -0.221 -0.140 -0.402 0.579
(0.217) (0.254) (0.413) (0.204) (0.230) (0.414)

Year 6 0.511** 0.734*** 0.0294 0.145 -0.221 0.0634 -0.901** 0.0413
(0.218) (0.256) (0.410) (0.205) (0.234) (0.411)

Pooled years

Years 3 to 6 0.203 0.487** -0.414 0.0226 -0.292* -0.146 -0.622* 0.221
(0.178) (0.209) (0.335) (0.169) (0.192) (0.339)

Control: gender Yes No No - Yes No No -
# applicants 106,495 70,006 36,489 - 97,017 62,042 34,972 -

Note: the table presents the results from Year 1 to Year 6 after the PROSUB lotteries. PROSUB courses last two years. Each
cell corresponds to a LATE effect where the enrollment dummy is instrumented by using the random variation results of the
lottery. In rows from ‘Year 1’ to ‘Year 6’, each cell corresponds to the estimated coefficient of Equation (2). In row ‘Years 3 to 6’
(pooled years), each cell corresponds to the estimated coefficient of Equation (4). The dependent variable is the number of
months in formal jobs. Columns (I)–(IV) are for the ‘Cohort 1’ applicants: the years 2012 and 2013 are the course years, while
the after-course years are from 2014 to 2017. Column (IV) shows the p-value of the difference in the coefficients of female and
male regressions (in Columns (II) and (III)). Columns (V)–(VIII) are for the applicants of ‘Cohort 2’: course years are 2013 and
2014, while the after-course years are from 2015 to 2018. Column (VIII) shows the p-value of the difference in the coefficients
between female and male regressions (in Columns (VI) and (VII)). Robust standard errors in parentheses. *** p<0.01, **
p<0.05, * p<0.1.

Source: author’s calculations based on data explained in Section 3.
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Table A11: Effects on earnings

Cohort 1 Cohort 2

(I) (II) (III) (IV)
Total earnings Positive earnings Total earnings Positive earnings

During course

Year 1 -19.39 10.50 -62.53** -26.70
(25.22) (36.21) (25.21) (35.76)

Year 2 -56.08** -33.97 -64.66** -7.395
(26.91) (35.51) (28.97) (41.13)

After course

Year 3 -13.20 -14.61 -76.27** -54.51
(32.94) (42.37) (35.02) (48.67)

Year 4 -27.98 -30.88 -9.039 68.32
(34.57) (42.64) (38.31) (53.36)

Year 5 34.72 -11.65 4.342 109.6*
(37.98) (46.48) (40.43) (56.39)

Year 6 17.26 -38.27 17.26 99.15*
(42.92) (55.08) (41.75) (55.30)

Pooled years

Years 3 to 6 2.698 -23.58 -15.93 53.66
(31.85) (38.82) (33.55) (45.19)

Control: gender Yes Yes Yes Yes
# applicants 106,495 64,699 97,017 56,596

Note: each cell corresponds to a LATE effect where the enrollment dummy is instrumented by using the random variation
results of the lottery. In rows from ‘Year 1’ to ‘Year 6’, each cell corresponds to the estimated coefficient of Equation (2). In row
‘Years 3 to 6’ (pooled years), each cell corresponds to the estimated coefficient of Equation (4). The dependent variable in
Columns (I) and (III) is total earnings, while in Columns (II) and (IV) is total earnings for those who are employed. Earnings are
measured in BRL. Columns (I)–(II) are for the ‘Cohort 1’ applicants: the years 2012 and 2013 are the course years, while the
after-course years are from 2014 to 2017. Columns (III)–(IV) are for the applicants of ‘Cohort 2’: course years are 2013 and
2014, while the after-course years are from 2015 to 2018. Robust standard errors in parentheses. *** p<0.01, ** p<0.05, *
p<0.1.

Source: author’s calculations based on data explained in Section 3.
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Table A12: Effects on employment—experience (male)

Cohort 1 Cohort 2

(I) (II) (III) (IV)
Experience No experience Experience No experience

During course

Year 1 -0.0571 -0.0497 -0.0500 -0.136***
(0.0393) (0.0548) (0.0426) (0.0523)

Year 2 -0.0168 -0.0605 0.0325 -0.205***
(0.0393) (0.0616) (0.0414) (0.0563)

After course

Year 3 -0.0374 -0.164** -0.0193 -0.143**
(0.0397) (0.0642) (0.0432) (0.0568)

Year 4 -0.0163 -0.0814 -0.0358 -0.0553
(0.0403) (0.0649) (0.0447) (0.0564)

Year 5 -0.0128 -0.0774 -0.0582 -0.0651
(0.0412) (0.0640) (0.0439) (0.0577)

Year 6 0.0162 0.0551 -0.0793* -0.0313
(0.0405) (0.0654) (0.0444) (0.0581)

Pooled years

Years 3 to 6 -0.0126 -0.0669 -0.0482 -0.0738
(0.0308) (0.0511) (0.0351) (0.0451)

Control: gender No No No No
# applicants 24,941 11,544 22,135 12,818

Note: each cell corresponds to a LATE effect where the enrollment dummy is instrumented by using the random variation
results of the lottery. In rows from ‘Year 1’ to ‘Year 6’, each cell corresponds to the estimated coefficient of Equation (2). In row
‘Years 3 to 6’ (pooled years), each cell corresponds to the estimated coefficient of Equation (4). The dependent variable is an
employment dummy. Columns (I)–(II) are for the ‘Cohort 1’ applicants: the years 2012 and 2013 are the course years, while the
after-course years are from 2014 to 2017. Columns (III)–(IV) are for the applicants of ‘Cohort 2’: course years are 2013 and
2014, while the after-course years are from 2015 to 2018. Students with previous experience have worked at least three years
before the PROSUB lottery. Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1.

Source: author’s calculations based on data explained in Section 3.
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Table A13: Heterogeneous effects—type of course (male)

Cohort 1 Cohort 2

Agriculture &
manufactur. Services

Agriculture &
manufactur. Services

During course

Year 1 -0.135** -0.0187 -0.0976* -0.0985*
(0.0579) (0.0449) (0.0508) (0.0509)

Year 2 -0.0706 -0.00401 -0.101** -0.0562
(0.0572) (0.0457) (0.0504) (0.0504)

After course

Year 3 -0.194*** -0.0223 -0.0257 -0.114**
(0.0588) (0.0456) (0.0508) (0.0513)

Year 4 -0.0830 -0.0195 0.0305 -0.113**
(0.0578) (0.0459) (0.0508) (0.0518)

Year 5 -0.0209 -0.0562 0.00749 -0.118**
(0.0576) (0.0464) (0.0509) (0.0515)

Year 6 0.0544 0.00725 -0.0167 -0.103**
(0.0576) (0.0456) (0.0511) (0.0513)

Pooled years

Years 3 to 6 -0.0608 -0.0227 -0.00112 -0.112***
(0.0466) (0.0364) (0.0409) (0.0421)

Control: gender No No No No
# applicants 16,075 20,368 11,564 22,032

Note: each cell corresponds to a LATE effect where the enrollment dummy is instrumented by using the random variation
results of the lottery. In rows from ‘Year 1’ to ‘Year 6’, each cell corresponds to the estimated coefficient of Equation (2). In row
‘Years 3 to 6’ (pooled years), each cell corresponds to the estimated coefficient of Equation (4). The dependent variable is an
employment dummy. Columns (I)–(III) are for the ‘Cohort 1’ applicants: the years 2012 and 2013 are the course years, while
the after-course years are from 2014 to 2017. Columns (IV)–(VI) are for the applicants of ‘Cohort 2’: course years are 2013
and 2014, while the after-course years are from 2015 to 2018. Robust standard errors (in parentheses) are clustered at the
lottery level. *** p<0.01, ** p<0.05, * p<0.1.

Source: author’s calculations based on data explained in Section 3.
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Table A14: Heterogeneous effects—local economic growth (male)

Cohort 1 Cohort 2

(I) (II) (III) (IV)
Above median:

GDP growth
Below median:

GDP growth
Above median:

GDP growth
Below median:

GDP growth

During course

Year 1 -0.0818* -0.0321 -0.120** -0.0737
(0.0448) (0.0577) (0.0481) (0.0539)

Year 2 0.00754 -0.0761 -0.0612 -0.0960*
(0.0445) (0.0591) (0.0478) (0.0534)

After course

Year 3 -0.0763* -0.0981* -0.0382 -0.107**
(0.0449) (0.0593) (0.0482) (0.0541)

Year 4 0.00743 -0.112* 0.0252 -0.119**
(0.0442) (0.0597) (0.0483) (0.0545)

Year 5 0.0114 -0.117* 0.00724 -0.128**
(0.0446) (0.0598) (0.0483) (0.0543)

Year 6 0.0489 -0.0114 0.0386 -0.170***
(0.0443) (0.0590) (0.0481) (0.0549)

Pooled years

Years 3 to 6 -0.00214 -0.0847* 0.00823 -0.131***
(0.0359) (0.0470) (0.0391) (0.0441)

Control: gender No No No No
# applicants 10,548 25,941 11,271 23,701

Note: each cell corresponds to a LATE effect where the enrollment dummy is instrumented by using the random variation
results of the lottery. In rows from ‘Year 1’ to ‘Year 6’, each cell corresponds to the estimated coefficient of Equation (2). In row
‘Years 3 to 6’ (pooled years), each cell corresponds to the estimated coefficient of Equation (4). The dependent variable is an
employment dummy. Columns (I)–(II) are for the ‘Cohort 1’ applicants: the years 2012 and 2013 are the course years, while the
after-course years are from 2014 to 2017. Columns (III)–(IV) are for the applicants of ‘Cohort 2’: course years are 2013 and
2014, while the after-course years are from 2015 to 2018. Robust standard errors (in parentheses) are clustered at the lottery
level. *** p<0.01, ** p<0.05, * p<0.1.

Source: author’s calculations based on data explained in Section 3.
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Table A15: Employment in the public sector

Cohort 1 Cohort 2

(I) (II) (III) (IV) (V) (VI)
All Female Male All Female Male

During course

Year 1 -0.00237 -0.00219 0.000486 0.000982 0.0125 -0.0193
(0.0103) (0.0116) (0.0208) (0.00981) (0.0113) (0.0193)

Year 2 0.00806 0.00265 0.0233 -0.00154 0.0110 -0.0222
(0.0110) (0.0126) (0.0216) (0.0101) (0.0115) (0.0204)

After course

Year 3 0.00903 0.00161 0.0290 -0.00228 0.0107 -0.0270
(0.0113) (0.0128) (0.0228) (0.0102) (0.0116) (0.0205)

Year 4 0.0162 0.00998 0.0308 0.00145 0.0103 -0.0131
(0.0115) (0.0131) (0.0232) (0.00980) (0.0111) (0.0198)

Year 5 0.0139 0.0114 0.0218 -0.000218 0.00745 -0.00776
(0.0112) (0.0128) (0.0223) (0.0109) (0.0123) (0.0218)

Year 6 0.0110 0.00377 0.0292 0.00415 0.00694 0.00591
(0.0122) (0.0139) (0.0243) (0.0113) (0.0127) (0.0227)

Pooled years

Years 3 to 6 0.0125 0.00669 0.0277 0.000777 0.00886 -0.0105
(0.0104) (0.0118) (0.0210) (0.00952) (0.0107) (0.0192)

Control: gender Yes No No Yes No No
# applicants 106,495 70,006 36,489 97,017 62,042 34,972

Note: each cell corresponds to a LATE effect where the enrollment dummy is instrumented by using the random variation
results of the lottery. In rows from ‘Year 1’ to ‘Year 6’, each cell corresponds to the estimated coefficient of Equation (2). In row
‘Years 3 to 6’ (pooled years), each cell corresponds to the estimated coefficient of Equation (4). The dependent variable is an
employment dummy in any entity related to the public sector. Columns (I)–(III) are for the ‘Cohort 1’ applicants: the years 2012
and 2013 are the course years, while the after-course years are from 2014 to 2017. Columns (IV)–(VI) are for the applicants of
‘Cohort 2’: course years are 2013 and 2014, while the after-course years are from 2015 to 2018. Robust standard errors (in
parentheses) are clustered at the lottery level. *** p<0.01, ** p<0.05, * p<0.1.

Source: author’s calculations based on data explained in Section 3.
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Table A16: Effects on employment—course completion

Cohort 1 Cohort 2

(I) (II) (III) (IV) (V) (VI)
All Female Male All Female Male

During course

Year 1 -0.0577 0.0103 -0.224* -0.136*** -0.0703 -0.361***
(0.0584) (0.0641) (0.132) (0.0492) (0.0501) (0.134)

Year 2 -0.0244 0.00820 -0.105 -0.144*** -0.0997* -0.286**
(0.0597) (0.0659) (0.133) (0.0499) (0.0514) (0.133)

After course

Year 3 0.0134 0.133** -0.317** -0.105** -0.0583 -0.262*
(0.0606) (0.0677) (0.135) (0.0505) (0.0521) (0.134)

Year 4 0.0492 0.128* -0.162 -0.0724 -0.0443 -0.161
(0.0607) (0.0676) (0.133) (0.0503) (0.0517) (0.134)

Year 5 0.0600 0.141** -0.162 -0.0562 -0.0104 -0.211
(0.0605) (0.0670) (0.135) (0.0509) (0.0525) (0.134)

Year 6 0.137** 0.156** 0.0855 -0.0394 0.0127 -0.225*
(0.0609) (0.0679) (0.132) (0.0511) (0.0531) (0.135)

Pooled years

Years 3 to 6 0.0650 0.140** -0.139 -0.0682 -0.0251 -0.215**
(0.0497) (0.0560) (0.107) (0.0418) (0.0434) (0.109)

Control: gender Yes No No Yes No No
# applicants 106,495 70,006 36,489 97,017 62,042 34,972

Note: each cell corresponds to a LATE effect where the course completion dummy is instrumented by using the random
variation results of the lottery. In rows from ‘Year 1’ to ‘Year 6’, each cell corresponds to the estimated coefficient of Equation
(2). In row ‘Years 3 to 6’ (pooled years), each cell corresponds to the estimated coefficient of Equation (4). The dependent
variable is an employment dummy. Columns (I)–(III) are for the ‘Cohort 1’ applicants: the years 2012 and 2013 are the course
years, while the after-course years are from 2014 to 2017. Columns (IV)–(VI) are for the applicants of ‘Cohort 2’: course years
are 2013 and 2014, while the after-course years are from 2015 to 2018. Robust standard errors (in parentheses) are clustered
at the lottery level. *** p<0.01, ** p<0.05, * p<0.1.

Source: author’s calculations based on data explained in Section 3.
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Table A17: Channels—correlation with gender bias labour demand and courses’ attractiveness

Gender bias labour demand analysis Course attractiveness analysis

Cohort 1 Cohort 2 Cohort 1 Cohort 2

Share of Share of Share of Share of Applicants Applicants Applicants Applicants
female workers female workers female workers female workers per seat per seat per seat per seat

(I) (II) (III) (IV) (V) (VI) (VII) (VIII)

Share of female applicants 0.0043*** 0.0051*** 0.0022 0.0008 -14.0653 -0.3195 -2.8115 -1.7446
(0.0011) (0.0014) (0.0018) (0.0021) (9.4548) (9.7377) (7.3167) (8.3074)

Observations 190 190 283 283 190 190 283 283
Controls No Yes No Yes No Yes No Yes

Note: the table presents the results of a cross-section OLS with the share of females workers in a given occupation as the dependent variable (columns (I) to (IV)) and the proportion of female
applicants in lotteries associated with that occupation as the explanatory variable. The dependent variable in columns (V) to (VIII) is the number of applicants per seat in each lottery. Regressions
are at the lottery level. There are 190 lotteries for cohort 1 and 283 lotteries for cohort 2. The odd-numbered columns present results without controls, while the even-numbered columns present
results controlling for the municipalities where each course is located. Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1.

Source: author’s calculations based on data explained in Section 3.
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