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SÃO PAULO

2017



AGRADECIMENTOS
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ABSTRACT

Vocational education has been increasingly perceived as an alternative solution to tackle youth un-
employment, specially those not college bound. Empirical evidence, however, is widely divergent
when it comes to the effectiveness of vocational programs all over the world. Additionally, potential
non-pecuniary impacts, as fertility, were barely explored so far. In this context, the current thesis
aggregate important and novel evidence regarding three different vocational education modalities
in Brazil. It also encompass, a variety of dimensions, ranging from labor market and schooling
indicators to fertility and family formation outcomes. The first paper provides an evaluation of
the apprenticeship’s policy in Brazil. The program, formally created in 2000, intends to smooth
the school-to-work transition of youngsters. Using a longitudinal database (RAIS), we explore the
staggered pattern of the program’s placement across the municipalities and over time, as a source
of variation in the apprenticeship exposure by municipality level. Therefore, we apply the syn-
thetic control method to estimate the effect of the program’s exposure on a range of labor market,
schooling and fertility outcomes. Overall, the results suggest that, despite the program increased the
employability at 17 years old, it does not further reflect on superior wages neither in medium, nor
in long terms. On the other hand, we have suggestive evidence that there exists a positive impact
on medium term employability. Finally, we find no evidence regarding fertility neither schooling
outcomes. The second paper, in turn, provides evidence of the impact of a vocational education
program on family formation and fertility outcomes of youngsters. We take advantage of experi-
mental data from Santa Catarina, Brazil, where oversubscribed courses, sponsored by PRONATEC,
randomly assigned scholarships to individuals enrolled in classes that presented a number of regis-
tered candidates higher than its available vacancies. Therefore, applying intention-to-treat and local
average treatment effects, we estimate the effect of having attended a secondary-level vocational
course, on fertility and family formation outcomes for both men and women up to 35 years old. The
results show that there is no effect for both men and women, regarding marriage or the probability
to become head of family. However, the treated men present a higher probability of becoming par-
ents than their counterfactual, specially from the subsequent modality. On the other hand, despite
of negative point estimates, the women subsamples evidence no mean difference between treated
and control groups. Finally, the third paper has the objective of assessing the effect of a short-term
vocational education credential on the chances of a young high school graduated women being in-
vited to a formal job interview. We resort to the correspondence test, a field experiment that creates
pairs of fictitious resumes in which the only difference is an additional education credential in one
of them. Therefore, they are sent to actual job vacancies, exploring the behaviour of the employers
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in real labor market environment. The result evidences that, there exists a modest positive effect
(3 percentage points with a p-value at 11% ) of the short-term vocational course credential on the
chances of being invited to a job interview.

Keywords: Vocational Education; Youth; Apprenticeship; Fertility; Synthetic control; PRONATEC;
Experiment; Correspondence Test.
JEL Classification: J130; I250; I280;



RESUMO

O ensino profissionalizante vem sendo cada vez mais apontado como uma solução alternativa no
combate ao desemprego juvenil, especialmente àqueles que saem da escola direto para o mercado
de trabalho. As evidências empı́rica, no entanto, são amplamente divergentes quando à eficácia de
programas de ensino profissionalizante em todo o mundo. Além disso, os potenciais impactos não
pecuniários, como fecundidade, foram raramente explorados. Neste contexto, a presente tese agrega
importantes evidências ao explorar três diferentes modalidades de educação profissionalizante no
Brasil. Explora-se uma variedade de potenciais resultados, que vai desde indicadores de mercado
de trabalho e de escolaridade, até fecundidade e formação de famı́lia. O primeiro artigo traz uma
avaliação da polı́tica do Jovem Aprendiz no Brasil. O programa, formalmente criado no ano de
2000, tem como objetivo suavizar a transição da escola para o mercado de trabalho dos jovens.
Com base no banco de dados longitudinal da RAIS, exploramos a adesão desigual do programa
por entre os municı́pios e ao longo do tempo, como fonte de variação à exposição ao programa
a nı́vel municipal. Desta forma, aplica-se o método de controle sintético para estimar o efeito do
programa sobre resultados no mercado de trabalho, escolaridade e fertilidade. Em geral, os resul-
tados sugerem que, apesar de o programa aumentar a empregabilidade aos 17 anos, não há efeito
sob os salários nem no médio nem no longo prazo. Por outro lado, temos evidências sugestivas de
que existe um impacto positivo na empregabilidade a médio prazo. Finalmente, não encontramos
impacto sobre fecundidade nem sobre variáveis relacionadas à escolaridade, como taxa de aban-
dono ou reprovação. O segundo artigo, por sua vez, busca estimar o impacto de um programa de
educação profissional sobre a formação familiar e indicadores de fecundidade dos jovens. Apro-
veitamos os dados experimentais de Santa Catarina, Brasil, onde cursos com excesso de demanda,
financiados pelo PRONATEC, tiveram as suas vagas sorteadas. Desta forma, por meio de intention

to treat e local average tratmente effect, estimamos o efeito de ter frequentado um curso técnico
de nı́vel secundário, com relação a uma variedade de indicadores de fertilidade e formação fami-
liar para homens e mulheres com até 35 anos de idade. Os resultados mostram que não há efeito
para homens e nem para mulheres com relação à decisão de casar ou tornar-se chefe de famı́lia.
No entanto, os homens tratados apresentaram uma maior probabilidade de ter filhos, especialmente
àqueles na modalidade subseqüente. Por outro lado, apesar das estimativas pontuais negativas, as
subamostras femininas não evidenciaram qualquer diferença de média entre os grupos de tratados
e controle. Finalmente, o terceiro artigo tem o objetivo de avaliar o efeito de um credencial de
educação profissionalizante de curto prazo sobre as chances de uma mulher, jovem, com ensino
médio completo, ser convidada para uma entrevista de trabalho formal. Recorremos ao teste de
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correspondência, um experimento de campo que cria pares de currı́culos fictı́cios em que a única
diferença é um credencial de educação profissionalizante no currı́culo tratado. Os currı́culos são
enviados para vagas de emprego reais, de forma que explora-se o comportamento dos emprega-
dores no ambiente real do mercado de trabalho. O resultado mostra que existe um efeito positivo
modesto (3 pontos percentuais com um p-value a 11%) do curso profissionalizante de curto prazo
sobre as chances de ser convidada para uma entrevista de emprego.

Keywords: Educação Profissionalizante; Juventude; Jovem Aprendiz; Fecundidade; Controle
Sintético; PRONATEC; Experimento; Correspondence Test; Brasil.
Classificação JEL: J130; I250; I280;
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Paper I

Youth labor market interventions: Evidence
from Brazilian apprenticeship policy



ABSTRACT

This paper provides an evaluation of the apprenticeship’s policy in Brazil. The program, formally
created in 2000, intends to smooth the school-to-work transition of youngsters through work ex-
perience and vocational classes. Using a longitudinal database (RAIS), we explore the staggered
pattern of the program’s placement across the municipalities and over time, as a source of varia-
tion in the apprenticeship exposure by municipality level. Therefore, we apply the synthetic control
method to estimate the effect of the program’s exposure on a range of labor market, schooling and
fertility outcomes. Overall, the results suggest that, despite the program increase the employability
at 17 years old, it does not further reflect on superior wages in medium and long terms. On the other
hand, we have suggestive evidence that there exists a positive impact on the probability of being
formal employed in the medium term. Finally, we find no evidence regarding neither fertility nor
schooling outcomes.
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1 Introduction

The youth transition from general education to work has been agenda of heated debates both
in academia and in public policy. In fact, over the last decade, youth unemployment rate is twice
the overall average unemployment rate in the world (World Bank)1 . The lack of work experience
and work abilities, the mismatch between the curriculum supplied in high school and firms’ expec-
tations, the difficulties to signal their productivity to employers, (Spence (1973)) along with labor
market rigidities, such as employment protection, are examples of structural factors that plague the
integration of young people in the labor world. As a result, young workers face inferior wages,
higher turnover rates and informality (Bertrand et al. (2013)), as well as more recurrent unem-
ployment spells than the adults (Calero et al. (2016)). Furthermore, youth unemployment has been
associated with personal and social costs, such as increase in crime rates, use of drugs (see Bell and
Blanchflower (2011) and reduced well-being and self-esteem (Goldsmith et al. (1997)).

Particularly, for those young people from low-income families, the decision of remaining at
school by the age of 17 is critical, since the opportunity cost of going to further education is gen-
erally too high, resulting on an imbalanced trade-off between working and continuing to higher
educational levels. In fact, many countries have provided a variety of school-to-work programs as
alternative educational paths for the young people in order to circumvent their disadvantage con-
texts in terms of low skills, lack of motivation and credit constraints (Verick (2009)).

Evidences worldwide suggest that the so-called active labor market programs (ALMP) targeted
at the youth, in particular, seem to face large challenges to pursue their main objective: successfully
affect the labor market trajectory of their beneficiaries. The impacts, though, may vary greatly
according to the time horizon, regional context and age group of analysis (Bertrand et al. (2013)).
In this context, institutional settings and public policies have the potential of exerting an important
role to facilitate youth school-to-work transition – specially the socioeconomic disadvantaged ones.
The challenge remains on better understanding the effectiveness of those programs and how to “best
equip” this specific population.

In Brazil, the absence of work experience combined with low human capital, is particularly
worrisome. The country’s schooling average among those aging 18-29 years old is 10 years - and
8.3 years among the lowest quartile income (PNAD2, 2014), which means even less than the min-

1http://data.worldbank.org/indicator/SL.UEM.TOTL.ZS
2Pesquisa Nacional por Amostra de Domicı́lio
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imum required to conclude high school (that corresponds to 12 years of schooling in Brazil). In
other words, it indicates a significant proportion of youngsters entering the (informal) labor mar-
ket right after (incomplete) high school, probably with low levels or no labor experience at all. As
pointed out by Corseuil et al. (2012), such dynamics usually render a “bad equilibrium”, featured
by great school dropout rates and low formal employability.

In this context, the current paper aims at evaluating a large-scale apprenticeship policy in the
country. In particular, the impact of the program is estimated to a range of outcomes related to
labor, schooling and fertility of youth, both in short and medium terms.

The act no 10,097/2000, subsequently amended by decree no. 5,598 of December/2005, which
regards to the Brazilian apprenticeship policy (AP henceforth), requires every medium or large
size firm to hire individuals aging 14 to 23 years old as apprentices at a proportion equivalent to
5% to 15% of their workforce. The law also demand the youth to attend practical and theoretical
lessons under tutoring both within firms and well-established vocational education schools. On the
other hand, the policy consents payroll subsidies to the firms that adhere to it. Its main objective
relies on elevating the competitiveness and employability of the youth on formal labor market. Such
initiative aims to leverage the youth’s employability, particularly in the school-to-work transition.
It is important to highlight that the apprenticeship policies which typically take place in many
European countries as an “alternative route to college” (Ryan (2012)), is considerably different of
the Brazilian apprenticeship fundamentals. The approach in Brazil is featured by a developmental
approach, as a mix of social intervention and labor market policy.

Critical to our empirical strategy, the firms have adopted the apprenticeship policy at an un-
evenly pattern across the municipalities, i.e., their adherence to the AP has been guided by other
factors beyond the legislation itself. We will take advantage of such non-binding attachment to AP
as a source of variation in the apprenticeship exposure in order to estimate its impact. Since the AP
was not randomly assigned, the key challenge is identifying a reliable control group, once socioeco-
nomic, political and demographic factors probably have driven the adoption of the program across
the municipalities, over time. Therefore, we resort to the synthetic control method (SC hereafter)
in an attempting to overcome such econometric difficulties.

From a conceptual perspective, it is expected that the opportunity of being part of an apprentice-
ship program and been trained both in conceptual terms through vocational classes and in practical
activities, by means of real workplace experience, turn the beneficiary more competitive and able
to remain attached to the formal labor market (Lerman (2013))3. Moreover, as long as most appren-
tices also attend regular school, the program may interfere to some extent on schooling outcomes,
as dropout or high school completion rates (Bishop and Mane (2004)).

3See potential mechanisms on literature review.
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Finally, we also examine other relevant dimension when it comes to policy interventions di-
rected to youth, the pregnancy rate. In Brazil, the number of live births among the age group of
15 to 19 years old declined 23% from 1999 to 2015, and the main reasons pointed out in literature
for such a world trend, regards education and the increasing female participation in labor market
(Goldin (2006)).

Along these lines, the current paper contributes to the youth labor intervention’s literature ag-
gregating novel evidence of an apprenticeship policy in Brazil. Given the difficulties associated
with identification and available data, the seventeen-years-old-apprenticeship-act in Brazil remains
barely evaluated. For the best of our knowledge, there is only one study aimed at assessing the ap-
prenticeship impact in Brazil: Corseuil et al. (2012). However, as we will argue, their identification
strategy lies on fragile assumptions, casting doubt about the validity of the results. Furthermore,
studies focused on the apprenticeship modality are predominantly conceptual and descriptive and
the evidence is mixed and inconclusive, mainly regarding developing countries.

Alongside this introduction, the current paper is divided by a brief literature review in Section II;
Section III detail the normative features of the apprenticeship program; followed by data descriptive
statistics and empirical strategy in Section IV; Section V brings our main results with robustness
exercises; and finally, in Section VI we conclude.
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2 Literature Review

As documented by Ryan (2001) and Card et al. (2011), it does not exist a well-established “cake
recipe” on how to best prepare the youngsters with the competences required in the workplace. In
fact, empirical evidence concerning the effectiveness of youth labor market interventions is widely
divergent.

The active labor market policies are the most well-known set of government interventions aimed
to tackle youth unemployment – especially of those not college-bound. The primary objective of
such programs lies in fast labor market integration, wage subsidies, job search assistance, appren-
ticeship and vocational training for both unemployed and less educated youngsters. There exist
several studies dedicated to better understanding the effectiveness of such programs – and a more
recent increasing number of evidences in developing countries. Card et al. (2011), for instance,
produced a meta-analysis of ALMP’s microeconometric evaluations. Their study compiled results
from 97 ALMP estimations from 1995 to 2007. The authors found that programs initially presenting
non-significant short run effects conferred positive effects 2 to 3 years after their implementation.
Additionally, their literature review suggests that ALMP directed to the most disadvantaged youth
tend to be particularly less efficient. Such evidence is in line with Heckman (2008) argumenta-
tion: programs and policies aimed at compensate the lack of earlier skills formation of the most
vulnerable youth, tend to be less successful.

Attanasio et al. (2011), throughout a Colombian randomized training program in 2007, showed
that, disadvantaged youth had their employability and earnings increased – with stronger effect on
women. Card et al. (2011), in turn, also by means of a field experiment in Dominican Republic,
estimated that job training directed to low income youth (ages 18 to 29), not enrolled in regular
schooling, had a modest positive effect on wages (marginally significant at t=1.5). As a result, the
program suffered a set of efforts to approximate the training classes with the private sector and to
expand non cognitive abilities lessons. Ibarrarán et al. (2015) evaluated such redesign six years later.
They found negligible impact on general employment rate and a positive impact on employment
with health insurance (proxy for formality) for both men and women. Also, the authors verified a
reduction on pregnancy rate along with higher expectations about the future and positive impacts
on self esteem and leadership socioemotional scores1 .

1Social and Personal Competencies Scale, CPS. “The CPS is a non-cognitive test that measures the effectiveness of
the life skills module of the program in developing positive attitudes and values” (Ibarrarán et al. (2015)
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Alzúa et al. (2015), encountered contrasting results for a similar program in Argentina. Low-
income youth candidates were randomly assigned to vocational training along with an internship in
private firms. The authors showed a considerable gain of 32% over rates of formal employment for
the treated men when compared with the control group. Such impact persists on the medium run
(36 months later) – but only for men.

Particularly regarding apprenticeship policies, this modality is quite common in several coun-
tries —differing in the duration spell and in workplace activities (Lerman (2013)). However, the
apprenticeship has a typical definition worldwide2: “an employer-sponsored programs which in-

tegrates part-time schooling with part-time training and work experience on employer’s premise”

(Ryan (2001)). At least conceptually, apprentices receive mandatory qualification courses along
with practical lessons within the workplace.

One can find at least, two main theoretical arguments in the related literature, through which
apprenticeship experience may exert beneficial effects on youth labor trajectories: (i) signaling ar-
gument, which the apprentices hold a prior credential of experience that may indicate her produc-
tivity and also unobservable features, as effort and self-discipline to the recruiters (Spence (1973);
Bonnal et al. (2002)); (ii) human capital channel, once the program allows (at least theoretically)
a higher productivity to youth through work skills provision – either specific or technologically
general3.

Complementary, Ryan (1998) highlights another important dimension: work-based skill forma-
tion may influence the student’s motivation to work and even to continue studying if compared to
those only attending general schooling . The rationale is straightforward: the first scenario confront
with real “problem solving” within workplace lessons. Furthermore, soft skills, such as “attention
to detail” and “respect for peers” are prone to be better learned in a work environment. Horn (2013)
and Lerman (2013), in turn, draw attention for the most immediate channel: the firms may use the
apprenticeship as a screening tool and hire their own apprentices as regular employees as long as
they have learned about the apprentice’s non-observable characteristics, minimizing the risk of a
non-successful hiring.

From the empirical perspective, apprenticeship programs have been massively studied in de-
veloped economies (Kluve (2014); Ryan (2001); Horn (2013); Neumark and Rothstein (2005))
since this modality represents a well-known secondary level alternative in many developed coun-
tries (such as in Austria, German, Switzerland, Czech Republic). The evidences in general, suggest
a positive effect of the apprenticeship modality on better succeeding labor market outcomes of

2Which does not mean that such definition is a consensus
3Detailed discussion about the potential consequences on labor trajectory of particular or general skills, see Ace-

moglu and Autor (2011)
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youth, mainly regarding higher employability rates (Bertrand et al. (2013); Lerman (2013)).

Most of those studies, however, rely on non or (quasi)experimental evidence, being difficult
to determine causal links. Parey (2016), for instance, investigated an exogenous variation in the
apprenticeships’ availability in German as an instrument of the educational choice. He found that
the apprenticeship training improved significantly the employability of the beneficiaries. However,
such effect was only sustainable at the beginning of the career, fading out over time. Fersterer et al.
(2008), in turn, uses failed firms as instrumental variable of the apprentice’s length in the firm.
The authors explore the time variability of the youth in the job training due to the failure of firms
between 1975 to 1998 in Austria. They found that one additional year of apprenticeship increases
in 2.7% beneficiaries’ wage.

Moreover, the vast majority of the evidences stem from developed countries. It remains, there-
fore, vast room for documentation regarding apprenticeship interventions in developing socioeco-
nomic contexts. To the best of our knowledge, the only published studies focused in developing
countries, rely on Haan and Serriere (2002) in five Africa countries ; Banarjee et. al (forthcoming)4

– currently evaluating an apprenticeship program in India and Corseuil et al. (2012), regarding the
apprenticeship act in Brazil. Haan and Serriere (2002) show that in five African countries5 (where
apprenticeship constitutes 90% of all training programs) the apprenticeship intervention failed to
train the youth appropriately. The authors documented that both tutoring and apprentices held a low
level of general education, undermining the potential impact of the program. Also, every teacher
is paid for each apprentice. As a result, the authors highlight for the fact that the teachers have
incentives to retain the beneficiaries in class for as long as possible.

Further, there are also relevant criticisms about apprenticeship training: Hanushek et al. (2017)
argue that the modality limits mobility and adaptability throughout youth’s professional trajec-
tory; Bertrand et al. (2013) points out problems with initial mismatch and as a consequence, the
dropping out rates from the firm (in France, 20% of the apprentices drop out on average). Also,
according with the same authors, “the impact of apprenticeships on labor market prospects are not

well known, and policymakers may take for granted that they improve the labor market trajectory

of young people”. For instance, the young individuals, particularly those from poor families, may
do not know how to behave in workplace (since they probably have few work experience) and do
not attend the employer’s expectations, rendering short job tenure and discouraging firms to further
hire disadvantage youngsters. Eymann and Schweri (2015) in turn, claim that from horizontal mis-
match perspective, specific skill formation may operate through inefficient allocation in long term

4https://www.povertyactionlab.org/es/evaluation/evaluation-indian-national-employability-through-
apprenticeship-program

5Benin,Cameroon,Ghana,Niger and Senegal. Also, there is an “in progress” randomized one-year apprenticeship
program in Ghana: http://www.poverty-action.org/study/returns-apprenticeship-training-ghana.
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– specially with a constantly technological changing scenario.

The central debate, however, is concentrated on the latter issue: specific versus general educa-
tional formation Acemoglu (2011), Hanushek et al. (2017)). The argument is clear: most of the skill
acquired in training might not be as generally applicable as theoretical classes (Acemoglu (2011)).
Nevertheless, as long as theoretical classes is also required in apprenticeship scheme, in an extreme
case, if an apprentice learns a specific machine or an exclusive activity in the job, he/she still has
acquired a conceptual vocational education, minimizing the problem of obsolete-job-specific skills.

Regarding the Brazilian apprenticeship program, Corseuil et al. (2012) use the discontinuous
age eligibility of the program and develop a partially-fuzzy regression discontinuity design at in-
dividual level. They found a positive and significant effect on employability (5 percentage points
(p.p.) higher in parametric IV estimation) and on wages (1.3 p.p.) three years later since the individ-
ual was firstly hired as apprentice. Their identification strategy, however, may be problematic. The
counterfactual group is compounded by youngsters with 18 years old registered in RAIS database
as “temporary workers”, which means individuals hired for a fixed term. The main difficulty here
stems from the fact that the comparability between the two groups needs strong hypothesis since
the allocation is not random, i.e., the underlining assumption is that temporary workers are similar
to the apprentice’s in terms of non-observable abilities around the age cut off. Further, the category
of work required for each type of contract may be quite different, leading the intended comparison
even more difficult.
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3 The apprenticeship policy in Brazil

Until the year 2000, apprenticeship contracts in Brazil had an insignificant scale. With the
apprenticeship act (10.097/ 2000), such scenario had an unprecedented change. According to this
act, every medium and large firm, public or private in Brazil, must employ apprentices at a quota
equivalent to 5% to 15% of their total workforce.

In addition, the establishment must enroll the apprentice in a vocational education entity accred-
ited for technical training1 . Still, the law guarantees a formal employment contract for a maximum
of two years, initially directed to individuals aging 14 to 17 years old, still attending school or al-
ready graduated. The act 10.097/ 2000 was amended in 2005 (decree no. 5,598 of December/2005),
when it was expanded the maximum eligible age to 24 incomplete years old. The apprentice law
also guarantees the minimum wage hour to the beneficiary – including the hours directed to the
theoretical lessons.

The apprentice should accumulate six hours of practical activities along with vocational classes
per day, extending to eight hours for the youth already graduated on elementary educational level.
Besides, the theoretical course should be responsible for 30% to 50% of the two-year apprenticeship
span, which corresponds to a minimum of 400 class-hours. The responsible vocational education
entity should be, primarily, from the S system2. In the absence of vacancies or courses offered
by the S system, alternative vocational schools, properly credited by the Ministry of Labor and
Employment, may provide the course.

Regarding the definition of the apprentices’ functions, it should be considered the Brazilian Oc-
cupations Classification (CBO). More specifically, according with the act no 10.097/00, the appren-
tices should be hired for “functions that require professional formation”, except those demanding
head level, secondary technical level or temporarily positions. At the end of the apprentice contract,
the individual receive a certificate of professional qualification3 .

The firm’s counterpart relies on a payroll subsidy throughout a reduced rate of the apprentices’

1The employer can recruit an apprentice already enrolled in a vocational course. If this is not the case, the firm is
responsible for the youth’s enrollment in a professional course

2S system corresponds to a group of nine nonprofit organisms, each one specialized in one economic area, as
commercial service, industry or transports. They provide a range of free-of-charge social activities sponsored by public
funds collected via taxes over firm’s payrolls.

3Not all apprentices complete their apprenticeship. However, the dropout rate is unknown in Brazil (at least, not
disclosed). In France, for instance, 20% of the apprentices do not finish it (Bertrand et al. (2013))
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fund for time of service - FGTS (Fundo de Garantia por Tempo de Serviço)4 . Instead of the average
8% tax rate collected for the fund, the establishment is obligated to pay only a 2% rate payment per
apprentice. In addition, firing costs are absent during the contract’s validity.

Regarding the federal government inspection in order to fulfill the required minimum quota of
apprentices, it is under responsibility of the Regional Superintendencies of Labor and Employment
to supervise the fulfillment of each company apprentices’ quota. The supervised firms which offend
the apprentices’ quota law requirements are subjected to a fine equal to one regional minimum
wage, applied as many times as the quantity of minors employed in disagreement with the law.

Exempting the small ones, which the law is not mandatory, the reasons why a firm does not
obey the law are not clear. According with Corseuil et al. (2012), firms allege lack of appropriate
vocational education institutions in their municipalities. Another probable reason is absence of
supervision. Actually, there is none disclosed information about the control and monitoring of the
apprentice’s law conformity.

4“Guarantee fund for employees”, regulated by Law Lei no 8.036/90. This is a set of funds raised from the private
sector (companies in general) and managed by the Federal Bank with the main purpose of support workers in some
cases of employment relationship termination.
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4 Data

We use a longitudinal survey - RAIS (Relatório Anual de Informações Sociais) – that compiles
a range of employer-employee information of all registered formal establishments in Brazil. Under
supervision of the Ministry of Labor and Employment, each formal company in the country is ob-
ligated to properly fill the RAIS’s database annually. More specifically, RAIS collects, since 1975,
information regarding every individual who has been hired by each formal registered firm in the
country1, as well as detailed records about the firms themselves. In fact, each declared observation
corresponds to an employment contract. It means that, if an individual is an employee of more than
one formal firm, or if she/he was dismissed from one company and admitted by another within the
same year, such person would have more than one observation in the database.

RAIS also comprises worker’s personal characteristics as well as details regarding the registered
employment, such as occupation, wages, tenure, work hours and type of contract. Through the type
of contract, we identify the key information we need: if the individual was hired as an apprentice.
As already commented, the program’s placement occurred unevenly across the municipalities and
over the years. Therefore, it is possible to identify, for each municipality, how many apprentice’s
contracts were signed.

Beyond the outcomes of employability and salary, we will also explore schooling variables and
fertility indicators by municipality level. Therefore, we resorted to other two important databases,
Censo Escolar (School Census) and DATASUS. The former is an annual database under the re-
sponsibility of Ministry of Education. It collects, by school, a range of important educational vari-
ables, such as enrollments, drop out and flunk rates. DATASUS, in turn, is a data repository which
comprises the most varied number of demographic-health related variables. We will use two infor-
mation from DATASUS: the estimated resident population and the annual number of children born
by municipality and age group.

In this context, we construct a municipal panel data, from 1999 to 2015, for the whole country.
We aggregate the observations by municipality level taking into account solely the individuals aging
14 to 30 years old – which is our age group of interest. Table 2 shows the sum of apprenticeship’s
contracts in the country. It is also reported the corresponding proportion of apprentice’s contracts
relative to the full amount of formal contracts of individuals aging 14 to 30 years old, for each year

1According to the MTE (Ministry of Labor and Employment), RAIS covers around 90% of all tax-paying estab-
lishments in the country (Nunes and Matos)
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under analysis.

Table I.1: Number of municipalities, apprentices’ contracts and the proportion of apprentice’s contracts of the total
(14-30 y.o.) over all covered years

1999 2000 2001 2002 2003 2004 2005 2006 2007
No of municipalities 5,507 5,528 5,562 5,562 5,562 5,565 5,566 5,566 5,566

No apprenticeship 11,987 11,611 11,223 19,986 41,958 68,149 101,282 140,635 185,685
contracts

% of total contracts
(14-30 y.o.) at RAIS 0.08% 0.08% 0.07% 0.12% 0.24% 0.37% 0.52% 0.68% 0.85%

2008 2009 2010 2011 2012 2013 2014 2015 TOTAL
No of municipalities 5,566 5,567 5,565 5,565 5,565 5,570 5,569 5,569 94,520

No apprenticeship 229,303 259,560 327,389 453,533 549,740 632,912 721,033 756,981 4,522,967
contracts

% of total contracts
(14-30 y.o.) at RAIS 0.98% 1.09% 1.19% 1.46% 1.74% 2.00% 2.31% 2.71% 1.16%
Source:RAIS

Our panel encompassed almost all Brazilian municipalities in most of the considered years.
Turning to the number of apprentice’s contracts, we can observe an expressive increase over the
years, with, approximately, 12,000 apprentice’s contracts in 1999 and 756 thousand, 16 years later.
We should draw attention to the fact that such number does not necessarily equal to the number
of apprentices. As already said before, the number of contracts may also reflect either the same
individual was contracted by two different firms within one year or an individual who had already
been hired in the prior year as apprentice as well2. Note that, in 1999 there already existed young-
sters hired as apprentices, (the very first apprenticeship decree came from 1918)3 . Interestingly,
such amount practically remained in the following two years, despite the obligatoriness imposed to
medium and large firms by the Apprentice’s Law in 2000.

2which we assume as an uncommon event, since the apprenticeship’s contract has a regular length of two years.
Nevertheless, there is no available information about drop out rates.

3The apprenticeship was originated by Decree no. 13,064, dated June 12, 1918. On July 16, 1942, learn-
ing, especially in the industry, as a kind of employment contract in private companies, was inaugurated with
Decree-Law no. 4,481. It is understood that Law 10,097 of December 19, 2000 (the Apprentice’s Law, as
it was known), was born to revive the principles and rules established in Decree-Law No. 4.48. source:
http://www.guiatrabalhista.com.br/tematicas/art429.htm
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Indeed, such evidence is expected, since the firms need time to adapt to the law – for instance,
to make an agreement with the vocational schools. From 2001 to 2002, the number of apprentices
almost doubled, and in 2003 this number was four times greater. Regarding the corresponding
proportion of apprenticeship contracts relative to the total amount of contracts of any sort (restricted
to individuals between 14 and 30 years old), we see a low share of apprentices, ranging from 0.08%
in 1999 to 2.7% in 2015, increasing monotonically over the years.

In order to recognize the share of apprentices per age group, Figure 1 depicts the accumulative
distribution of apprentices contracts by age, in three periods: 1999-2004; 2005-2009 and 2010-
2015. As expected, the program is virtually binded to age eligibility and it is concentrated predom-
inantly between 16 and 17 years old. The amount of apprentices older than 19 years old are near
to zero at the 1999-2004 period and 5%, on average, at the 2005-2009. This evidence is expected,
given the age cut off eligibility at 18 (incomplete) years old until 2006, when was extended to 24
(incomplete) years old. Actually, in accordance with the 11th article of the apprentice’s amendment
in 2005, the firm should prioritize the youth aging 14 to 18 years old.

Note that the accumulated distribution across the ages becomes smoother over the analyzed
periods, indicating that firms started to hire older youngsters from 2005 onward, but at a very low
rate. For instance, when it comes to individuals older than 22 years old, the share is approximately
3% of the total amount of apprentices in the treated municipalities from 2010 until 2015.
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Figure 1: Accumulated distribution of apprentice’s contracts in the treated municipalities by age (14 y.o. to 25 y.o.)
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5 Identification Strategy

The interest to become an apprentice is an endogenous decision, bringing to the data the clas-
sical problem of selection on unobservables. As a result, attempts to calculate the policy’s effect
based on an individual level are prone to be biased in the absence of a reliable instrument. For such
reason, our identification strategy will rely on municipality level as we explore the staggered pat-
tern of the program’s adoption across municipalities and over the years. In other words, since the
Apprentice’s Law (2000), firms started contracting young people as apprentices through unknown
processes across the municipalities. Therefore, the resulted variation on apprenticeship availability
at municipality level provides an appropriate scenario to identify different degrees of exposure to
the program. Relevant papers as Card and Krueger (1992), Duflo (2000), Rocha and Soares (2010)
and Miller (2010) also resorted to similar identification strategy to estimate causal effects of gov-
ernmental policies.

Our first step relies on constructing an “exposed” group of municipalities, which is a function
of the degree of the program’s adherence. More specifically, we state an ad-hoc threshold (τ ) of
the program’s availability in order to classify the municipalities according to their relative number
of apprentices. The threshold τ relies on the proportion of apprentices’ contracts relative to the 17
years old resident population of the municipality1:

τ ≡ #apprentices′contracts

#17y.o.resident population

We then define τ ≡ cmy, which represents the degree of intensity of the program in municipality
m, in year t.

Table I.2: Degree of exposure to the apprenticeship program

High exposure τ ≥ cmy = 10%
Medium exposure 0 ' cmy < τ < cmy = 10%

Low exposure τ = cmy ' 0

Therefore, the municipalities are assigned as “high exposure”, “medium exposure” and “low
exposure” according to our ad-hoc threshold rule of 10% of the program’s exposure. Table 1A in

1The choice of 17 y.o. residents is simply due to the preponderance of apprentices with such age. It represents our
main eligible population per municipality. Also, the proportion of individuals with 17 y.o. related to the total population
is similar across the municipalities, as will be showed in Table 5
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Figure 2: Evolution of municipalities reaching cmy ≥ 10% of apprentices

annex, displays the number of municipalities classified as medium sized over the panel. We shall
exclude those municipalities from analysis, as detailed in the methodology. Figure 2 illustrates the
evolution of the program according to our exposure function or threshold τ . The first data series - in
left axis - regards the municipalities with up to 1% of exposure along the covered period; the second
one - in right axis - corresponds to the municipalities exposed with, at least, 10% of apprentices.
Observe that, there has been a sustained increase of the program’s adherence over the years. This
might be due to the increasing effort of the federal government to oversight the law enforcement, or
further, to support the firms with proper conditions to the vocational education classes effectiveness.

It is important to say that the municipalities in the left axis reached a cmy = 10% smoothly, i.e.,
the offer of vacancies directed to apprentices were gradually increasing over time. Despite they have
reached 10% of exposure, not all can be considered as treated so far. At this point, we take advantage
of a discontinuity in the program’s exposure in order to identify our treated municipalities. More
specifically, suppose that a municipality m has reported since 1999, zero apprentices’ contracts.
Our discontinuity stems from a sudden change in such a proportion, from zero in a certain year to
10% in the following one. Thus, such jump in the relative number of apprentices is what we will
call a “shock” of the apprenticeship program. Therefore, from the year of the shock onward, the
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municipality m, is assigned as treated.

Once we identify this jump, we may apprehend some exogenous component on the program’s
placement, as for example, an unforeseen audit operation in the municipality. Therefore, by hy-
pothesis, we may avoid more severe endogeneity that probably exists in localities that have been
adhering to AP in a continuous process. On the other hand, the choice of the threshold at 10%
is an ad-hoc decision. We tested for results sensibility (employability at 20 y.o.) changing to 5%
and 25% as well (upon request). The former renders a lower coverage of the program, decreasing
the statistical power. Also, it is not appealing to evaluate at such low exposure scale; on the other
hand, we would lose a large number of (potential) treated municipalities if we consider the 25%
threshold, remaining only 36 treated units.

The (potential) control group, in turn, is composed by municipalities assigned with cmy ' 0,
i.e., municipalities that have never had experienced a significant number of apprentices at any time
over the entire period under analysis. This is necessary to avoid any contamination on the synthetic
outcome. We call it “potential” because they will compound the so-called “donors pool” in our
synthetic control procedure which, in turn, will determine the actual synthetic control group for
each treated municipality, as better explained in the following section.

We identified 182 municipalities that presented a jump from virtually zero apprentices to 10%.
Table 2A, in annex, brings the name and corresponding federal state of those treated municipalities.
Table 3 brings the number of treated and potential control municipalities per year along with the
corresponding average share of apprentices relative to the population aging 17 years old (cmy).

As Table 3 reveals, the treated groups hold an average proportion of apprentices’ contracts
greater than 10% over the covered years. This same measure is close to zero for the potential
control municipalities. Note that, despite the ascendant amount of exposed municipalities as shown
in Figure 2, the number of treated municipalities is much lower. The main reason is that most
localities start to adopt the program gradually, and not as sudden as our identification criteria.

For methodological reasons later explained, the first year of shock we will consider is 2004,
and the last is 2012. Therefore, we hold 9 treatment groups each one corresponding to a respective
year of shock, as displayed in Table 4. We see that, once the treated municipalities underwent the
discontinuity, the proportion of apprentices present an increasing trend in the upcoming years.

Despite the discontinuity, the timing of the policy implementation is probably not random.
Such feature, common in non-experimental data, may cast endogeneity problems as long as the
timing of adoption is correlated with pre-existing labor market conditions. These conditions may
be either fixed or dynamic characteristics. If the former is true, differences-in-differences estimation
would wipe out this problem. On the other hand, if labor market conditions, or even institutional
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Table I.3: Number of treated and potential control municipalities by year

2000 2001 2002 2003 2004 2005 2006 2007
Treated Municipalities 6 5 3 5 8 7 4 15
Average proportion of
apprentices’ contracts 14.72% 19.14% 18.10% 12.90% 16.38% 14.43% 13.06% 21.75%

Potential Control
Municipalities 5,403 5,237 5,133 5,087 4,873 4,723 4,684 4,414

Average proportion of
apprentices’ contracts 0.02% 0.02% 0.03% 0.03% 0.03% 0.03% 0.03% 0.04%

2008 2009 2010 2011 2012 2013 2014 2015
Treated Municipalities 10 8 12 28 26 18 9 12
Average proportion of
apprentices’ contracts 20.88% 16.21% 22.45% 33.00% 22.94% 22.09% 15.32% 21.22%

Potential Control
Municipalities 4,227 4,185 3,941 3,715 3,514 3,322 3,187 3,031

Average proportion of
apprentices’ contracts 0.04% 0.04% 0.03% 0.04% 0.03% 0.03% 0.04% 0.04%
Source:RAIS

Table I.4: Evolution of the proportion of apprentices’ contracts by treated group

Group 1 Group 2 Group 3 Group 4 Group 5 Group 6 Group 7 Group 8 Group 9
year of year of year of year of year of year of year of year of year of

Year shock 2004 shock 2005 shock 2006 shock 2007 shock 2008 shock 2009 shock 2010 shock 2011 shock 2012
1999 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
2000 0.000 0.001 0.000 0.002 0.000 0.000 0.000 0.000 0.000
2001 0.000 0.001 0.000 0.001 0.000 0.000 0.000 0.000 0.000
2002 0.001 0.001 0.000 0.002 0.000 0.000 0.000 0.000 0.000
2003 0.002 0.002 0.000 0.001 0.000 0.001 0.000 0.000 0.000
2004 0.164 0.003 0.000 0.001 0.001 0.001 0.000 0.000 0.000
2005 0.335 0.144 0.000 0.001 0.000 0.000 0.000 0.000 0.001
2006 2.680 0.206 0.131 0.002 0.001 0.001 0.001 0.000 0.001
2007 0.593 0.275 0.207 0.218 0.002 0.001 0.002 0.000 0.000
2008 0.460 0.208 0.220 0.243 0.209 0.001 0.001 0.001 0.001
2009 0.384 0.212 0.282 0.242 0.238 0.162 0.002 0.000 0.001
2010 0.319 0.175 0.247 0.180 0.288 0.294 0.215 0.001 0.001
2011 0.376 0.229 0.175 0.127 0.376 0.352 0.232 0.330 0.001
2012 0.409 0.313 0.377 0.170 0.342 0.292 0.231 0.301 0.229
2013 0.292 0.278 0.488 0.288 0.457 0.384 0.230 0.283 0.188
2014 0.386 0.287 0.553 0.353 0.534 0.281 0.274 0.216 0.201
2015 0.377 0.296 0.353 0.354 0.480 0.303 0.285 0.241 0.200

n 8 7 4 15 10 8 12 28 26
Source:RAIS
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settings, are dynamically linked with both the program’s adherence and the outcomes’ evolution,
synthetic control estimation is recommended (Athey and Imbens (2017); Abadie et al. (2015);
Abadie et al. (2010)). Therefore, the underlining assumption we rely on is that our treated units
are randomly chosen conditional to the potential control group, on observable, and also, on non-
observable variables apprehended by the pre-treatment predictor’s trajectory.
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6 Synthetic control approach

Firstly proposed by Abadie and Gardeazabal (2003) and Abadie et al. (2010), the synthetic con-
trol approach (SC hereafter) reveals itself as an alternative for programs’ evaluation as it extends the
traditional differences-in-differences approach to allow non-observable variables to vary over time,
relaxing the parallel trends’ hypothesis. The key idea of SC relies on constructing a counterfactual
outcome derived from a weighted average of the potential control units. More precisely, the control
group is chosen in order to present a similar trajectory to the treated unit related to pre-intervention
outcomes. As a result, we interpret the behavior of the “synthetic outcome” as what we would have
observed in program’s absence. Therefore, conditional to a good pre-treatment fit, any systematic
divergence in post-program’s period is understood as a causal impact of the intervention.

The method has been increasingly used in most varied policy evaluations’ settings, such as nat-
ural disasters (Cavallo et al. (2013)); health (Kreif et al. (2015)), minimum wage policies (Dube
and Zipperer (2015)) and spillover effects of hydroelectric dams (Severnini (2014). Also, for im-
portant scholars, it already represents an outstanding econometric tool. According with and Athey
and Imbens (2017), the SC approach is “the most important innovation in the evaluation litera-

ture in the last fifteen years”. Nevertheless, SC method is still been scrutinized and recent papers
have attempted to improve its performance (Xu (2015), Powell (2016), Ferman et al. (2016)) while
others have drawn attention to some weaknesses Ferman and Pinto (2016)).

Specifically, the SC method was primarily designed for comparative case studies where only
one (or very few) unit is subjected to treatment. Therefore, until very recently, most studies using
the SC approach were, typically, case studies analysis (e.g. Abadie et al. (2010), Abadie et al.
(2015)). In response of its increasing utilization, some authors have extended the SC method to
multiple units policy evaluations along with an adaptation of the corresponding inference procedure
(Acemoglu et al. (2016); Dube and Zipperer (2015); Xu (2015); Powell (2016); Kreif et al. (2015)).
As long as our data setting inserts itself in the latter scenario, we resort to such recent adaptation in
order to evaluate the apprenticeship program.

Following Galiani and Quistorff (2016), let suppose a balanced panel of J + 1 units, where
j = 1, ..., J + 1, over t = 1, ..., T periods. T0 is the number of pre-intervention periods and, also,
the year of the intervention’s shock, with 1 ≤ T0 ≤ T . Without losing generality, let take j = 1

as the only exposed unit to the program. As a result, the J remaining units compound the potential
control group, or the so-called “donors pool”. Also, let assume (without loss of generality) that the
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affected region is “uninterruptedly exposed” to the program after the initial shock (Abadie et al.
(2010)).

Let the outcome of interest of the treated unit, Yjt, be the sum of the treatment effect, αjtDjt,
and its counterfactual Y N

jt according to the following factor model:

Yjt = αjtDjt + Y N
ij = αjtDjt + (δt + θtZj + λtµj + εjt) (1)

Where δt is “an unknown common factor with constant factor loadings across units”, Z is a
(r × 1) vector of covariates not affected by the treatment and θt is its corresponding vector of
parameters; µj is a (F×1) vector of factor loadings, which λt is its corresponding (1×F ) vector of
unknown factors. Finally, εjt is the “transitory shocks” at the unit level, with zero mean. The factor
model generalizes the fixed effects model since it allows time-varying unobserved heterogeneity
(Galiani and Quistorff (2016)).

The unknown Y N
jt , in turn, is constructed as a weighted average of units from the donors pool:∑

j≥2wjYjt. Hence, the treatment effect (αjt) is estimated as follows:

α̂1t = Yjt −
∑
j≥2

wjYjt (2)

We assume that, prior to T0, the program exerts no effect on the outcome. Thus, for t ∈ 1, ...T0 and
for all J + 1 units, we should have Yjt = Y N

jt .

Let still consider only a single treated unit j = 1, where the remaining {2, ...J + 1} are the
potential control units. Yj is the vector of outcomes of unit j, whereas Y0 is the (T × J) matrix of
the donor’s outcomes. Consider, as well, a (J × 1) vector of observed weights W = (w2, ...wJ+1)

′,
such that

∑J+1
j=2 wj = 1 and wj ≥ 0 ∀j ∈ {2, ...J + 1}. Also, let the vector Z1 represent a set

(k × 1) of predictor variables of the treated unit, whereas Z0 corresponds to the analogous matrix
(k×J) of the donors pool. The core of SC method, then, consists on choosing a W that minimizes
the following distance:

‖Z1 − Z0W‖V =
√

(Z1 − Z0W )′V (Z1 − Z0W )

Where V is a (kXk) positive semidefinite matrix that assigns the relative significance of each
predictor variable. More specifically, it is programmed to minimize the root mean squared error
(RMSPE) of the pre-treatment outcomes between the treated unit and its respective synthetic
control. For a more detailed demonstration and underlining assumptions, see Ferman and Pinto
(2016), Galiani and Quistorff (2016) and Abadie et al. (2010).
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6.1 Estimation

We have an initial group of 182 treated municipalities over 16 years. SC method, in turn, need
a “sufficiently large” number of pre-periods. Indeed, the “credibility” of the SC estimation is based
on how appropriately the predictors of the synthetic group mimics the treated ones. Thus, when the
pre-period is small, the fit may be poor, casting doubt about the consistency of the results (Abadie
et al. (2015)). The literature, however, is not clear when it comes to establish a reasonable minimum
number of pre-periods.

In this context, as long as there does not exist any explicit rule in terms of pre-period’s minimum
length, we will take into account, in most outcomes, the treated municipalities that had, at least, 7
pre-period years1. Ferman and Pinto (2016) argue that the pre-treatment quality mainly depends on
the size of T0 relative to the goodness of the factor model’s fit.

Moreover, following Athey and Imbens (2017) and Ferman and Pinto (2016), our predictors’
variables (Z) correspond to all pre-treatment outcome lags2. Let denote each treatment group as the
vector gtc = (1, ..., Gtc) from each year’s shock tc ∈ 1...n. The remaining J tc −Gtc municipalities
compound the donor pool.

We solve the optimization problem for each treated unit:

∀gtc = argmin
w∈W

{
1

T0

T0∑
t=1

[ygt −
∑
∀j 6=g

wj
gyjt]

2

}

Where, for each gt,
W = wj

g ≥ 0;
∑
j 6=g

wj
gyjt = 1

In order to calculate the average treatment effect, we need take a few steps back. The first one
regards the post intervention timing. Specifically, for the majority of our outcomes, we analyze the
AP impact at least two years after the shock. As a consequence, we would better define our post-
treatment period as t ∈ {T0 + y1...T} where y1 is the first year subjected to a potential impact. The
second, regards the donors pool. Following Abadie et al. (2015), we should exclude from the poten-
tial control group the municipalities designated as “medium exposure”, once they are also affected
by the AP. Also, as our potential control group is (inappropriately) large and presenting a great
demographic and socioeconomic heterogeneity, we restrict it both according with the state and the

1This is the reason why we consider the treated municipalities only from 2004 (or “treated group 1”, as shown in
Table 4)

2As pointed out by Athey and Imbens (2017), the pre-treatment adjustment is “typically driven by matching up the
lagged outcomes rather than matching the covariates”
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population sizes of the corresponding treated unit (we classify the population into quartiles)3. The
third step, instead of a simple average treatment effect, we estimate a weighted average treatment
effect by the proportion of individuals aging 17 years old4.

Thus, we first average over the treatment effect for every t in post-program period, rendering a
weighted average treatment effect for each treated group (gt):

ᾱt
g =

1

Gt

G∑
g=1

ωt
gα̂

t
g

where ωt
g = {ωT0+y

1 , ...ωT
N} is the vector of weights per municipality for each post-intervention

year.

Second, we compute the average treatment effect across all treated municipalities for each
“lead” in synthetic control’s jargon. It simply represents the number of periods that the munici-
pality has been subjected to the program’s intervention since the initial shock: 1, 2, ..., T − T0.

¯̄αg =
1

G

G∑
g=1

ωt
g(α̂gT0+1

, ..., α̂g,T )

6.2 Inference

Unlike the conventional inference procedure, the SC method relies on permutation tests (or
randomization inference) in order to infer statistical significance to its results. It is possible to
calculate the exact distribution of the placebo effects by means of estimating a synthetic control for
every potential control unit in the donors pool. More precisely, it informs if the actual treatment
effect presents an abnormal value relative to the placebo effects’ distribution. On the other hand, if
the real effect fell in the middle of the distribution, it suggests an absence of intervention’s impact.
Therefore, the proportion of artificial effects equal or greater than the actual effect corresponds to
the traditional p-value5.

Every treated unit has the corresponding set of placebo effects6 : α̂PL
t . For a given year, we es-

3The only exception was the state of SP, which presented only few potential control units as we subdivided by
population’s quartile, since most of presented medium exposures were excluded.

4Other papers comprising multiple treatment units also resorted to weighted averages, as Kreif et al. (2015); Ace-
moglu et al. (2016); Dube and Zipperer (2015)

5In absence of randomization (which is normally the case in SC settings), Abadie et al. (2015) posits that “the
p-value still has an interpretation as the probability of obtaining an estimate at least as large as the one obtained for
the unit representing the case of interest when the intervention is reassigned at random in the data set”

6The placebo effects are automatically estimated concomitantly with the actual effect through a Stata’s command
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timate an array of placebo effects for every treated municipality, by means of reassigning the treat-
ment indicator to municipalities from the donors pool, the so-called “in-space placebo”. Therefore,
we randomly set 2,000 different placebo-groups the same size as the treated ones to estimate the
average artificial impact in order to construct a distribution of placebo average effects as proposed
by Galiani and Quistorff (2016) and Cavallo et al. (2013):

More formally, we have a two-sided p-value for each treatment group g and every post-treatment
periods t 7:

p− value = Pr(|ᾱt
PL| ≥ |ᾱ|tg)

=

∑NPL

i=1 1(|ᾱt
PL(i)| ≥ |ᾱt|

NPL

Where we indexed each placebo group as i ∈ {1...M} where M = 2000. We, further, syn-
thesize the estimated effects, aggregating the results of all treated municipalities for each post-
treatment period (or so-called “lead”) and computing a corresponding p-value as well.

There is an important last step towards a more reliable inference. The quality of the predic-
tors’ adjustment over the pre-periods’ path (or, the root mean squared prediction error (RMSPE)).
We can observe the proportion of control units that measure at least as high as the corresponding
treated unit. As Galiani and Quistorff (2016) draws attention, the placebo effect is under the risk of
being overestimated if its pre-period match is poor. As a result, “conservative” p-values may arise8.
Therefore, following Acemoglu et al. (2016), we exclude from the synthetic control group, those
units that presented

√
3 times the RMSPE of the corresponding treated unit.

On the other side, the treated units themselves may have sub-optimal pre-treatment fit. In fact,
some municipalities presented an individual pre-treatment trajectory quite biased, and most pre-
senting higher predictors’ rates in favor of the the treated ones. As long as we average them out,
such biased units are smoothed out. But, still, may be problematic. Thus, we rerun the permutation
test only taking into account both treated and control municipalities that hold a RMSPE less or
equal than the RMSPE average (considering treated and controls altogether)9. Through such pro-
cedure, we double check if the standard results are in fact driven by the intervention and avoid
possible over-rejection.

proposed by Galiani and Quistorff (2016): synth runner.
7We follow Galiani and Quistorff (2016) notation
8In order to circumvent such possible drawback, Abadie et al. (2010) dropped out states from the donors pool that

had a RMSPE more than 20 times the treated one (California). Acemoglu et al. (2016), in turn, eliminated control firms
that presented more than

√
3 times the actual average RMSPE of the treatment group.

9Such procedure tends to be conservative, since we consider both treated and donors pool units altogether and this
pulls the average down. Further, it may happen that, if one specific unit presents a RMSPE close to zero (the ideal case)
it also would drop the RMSPE average.
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6.3 Results

We start examining a descriptive statistics regarding socioeconomic and demographic variables
of our treated municipalities along with the respective synthetic control. The following subsections
bring the main results, respectively, for labor market, schooling and fertility outcomes. In the last
subsection, we proceed with some exercises of robustness checks.

6.3.1 Descriptive analysis

As long as our analysis embedded a range of outcomes, this implies that, for each different
outcome, we hold a different set of synthetic control units. Thus, we consider, for the sake of
illustration, the synthetic control group referent to the employability at 20 years old estimations.
To report the statistics, we pool the municipalities together into triennials (2004-2006, 2007-2009
and 2010-2012) according with the year of shock. The computed averages correspond to the pre-
treatment period. They are reported in Table 3A in annex.

Overall, one can observe a likeness, between the treated and their respective synthetic control
units, for the three triennials groups for most part of the variables. The same can be noted if we
consider the donors pool as a whole. The first variable regards the proportion of individuals aging
17 years old in the municipality relative to the total resident population.

As can be noted, the proportion is fairly the same between treated and synthetic municipalities.
Looking the education variables, the data reveals a quite similar rate of workers at RAIS (between
14 and 30 years old) holding incomplete elementary school, as well as the share of workers grad-
uated in college (with 1 percentage point higher in favor for the synthetic group). Still, according
to the demographic census of 2010, the treated municipalities presented a slightly lower share of
individuals with incomplete elementary school (except in the third triennial).

The GDP per capita, in turn, presents a striking difference between the treated and the synthetic
groups. Probably, this evidence is directly related to the share of large firms in the treated munic-
ipalities. As long as only large and medium firms are contract obligated to a minimum number
of apprentices, it is expected that our treated municipalities present a higher share of larger firms,
which, consecutively, reflects on the average GDP per capita of the treated groups. In fact, there
clearly exists greater shares both of large firms as well as industries’ in the treated municipalities.
Such a heterogeneity may be problematic for us if correlated with both the program placement and
our outcomes’ dynamics in post-treatment period. On the other side, both groups present similar
shares of firms in the service sector, which is responsible for the allocation of approximately 70%
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of the apprentices10.

6.3.2 Labor market outcomes

The immediate outcome for youngsters, when it comes to job market interventions’ evaluation,
regards the marketplace employability. Hence, we examine the AP from two perspectives of em-
ployability. The first one corresponds to the short term impact of the AP and it can appointed as the
“first stage” of the program. It regards the likelihood of 17 years old individuals being employed
by the formal sector. The second concerns medium term employability. It indicates if the exposed
youth present a higher chance of being employed some years after the AP’s exposure. Particularly,
we explore three medium/long term employability outcomes: employability at 20 and 21 years old
(which means respectively, three and four years after being exposed to the program, at 17 years
old); and at 25 years old, corresponding to a long term effect of the AP.

We also investigate the earnings, conditional on being formally employed11. Such information
is somewhat problematic due to selection issues. Our counterfactual average wage is restricted to
individuals of the same age, employed by the formal sector, regardless the apprenticeship program.
Thus, the synthetic average wage probably has a bias in the sense that it reflects the wage of youth
with higher ability to be formally employed. Thus, if those individuals hold higher earnings than
their out-of-formal-jobs counterparts, we may underestimate the AP’s effect on wage.

Overall, table 5 shows that the probability of being a formal employee at the age of 17 in
the treated municipalities is, on average, 8 percentage points higher (in the adjusted inference) and
statistically significant at 1% in most post-treatment periods, for both regular and adjusted averages.
This evidence is expected by construction, since our treatment identification criteria relies on the
proportion of individuals contracted as apprentices and the main age group among the apprentices,
being 17 years old. Once we have evidence of the first stage of the program, this encourages for
further investigation. Does employability remain superior in these treated municipalities through
the upcoming years among those exposed cohorts?

The answer is a cautiously yes. When it comes to the employability at 20 y.o., the first post-
treatment period (or first lead) corresponds to those primarily exposed at 18 year old, i.e., we
observe their employability two years later, at 20 years old. Following the same rationale, the
second lead regards the youngsters firstly exposed at 17 (three years later) and 18 y.o.; lead 3, in
turn, encompasses the employability of those exposed at 16 , 17 and 18 y.o., and so on and so

10This information is based on Corseuil et al. (2012), referent to 2001, 2002 and 2003. We also verified this same
proportion, from 2005 to 2014, for the state of São Paulo (which holds the most treated municipalities)

11The wage’s indicator we exploit here corresponds to the December’s salary.
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Table I.5: Apprenticeship effect on labor market outcomes

Average effect by post-treatment period (lead)
1st year 2nd year 3rd year 4th year 5th year 6th year 7th year 8th year

Employability at 17 years old
Average effect

0.115 0.146 0.189 0.149 0.189 0.175 0.176 0.179
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Adjusted Average effect
0.056 0.076 0.157 0.073 0.064 0.069 0.080 0.076

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Employability at 20 years old

Average effect
0.035 0.037 0.040 0.041 0.051 0.050 0.046 0.051

(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Adjusted Average effect

0.001 0.006 0.015 0.019 0.028 0.034 0.038 0.060
(0.520) (0.190) (0.010) (0.020) (0.000) (0.010) (0.000) (0.000)

Note:p-values in parentheses
The number of municipalities taken into account in regular and adjusted averages, for each lead, are reported in table
5A in annex.
There are few municipalities presenting missing information regarding employability at 17 y.o., those units are required
to be dropped from the SC estimation.

forth12. Since the main eligible youngsters correspond to those between 15 to 18 years old (both
empirically and formally, through an explicit emphasis in the apprenticeship’s law) we shall focus
the results mainly on this public.

Thus, the employability at 20 years old presents, in a general manner, positive and statistically
significant coefficients in most post-treatment periods. More specifically, the youngsters from the
treated municipalities presented, on average, a higher probability of 2.5 percentage points (in the
adjusted estimation) of being formally employed than in the synthetic control units. Note that, the
magnitude of the estimated coefficients tends to increase in the last post-treatment periods.

The adjusted estimations, separately by each treated group, are reported in Table 7A, in an-
nex. As we can see, the number of statistically significant coefficients varies according to treated
group13. More precisely, 33% of the coefficients present a p-value lower than 10%. The treated
groups that evidence the most consistent positive and significant results are 2004, 2007 and 2008.
Also, observe that the municipalities that adhered later on in the program (for example, from 2009
onwards) presented a quite similar employability to the synthetic control group.

1219 years old group is responsible for a share of 10% relatively to all apprentices by municipality only after 2010.
Thus, despite the 2005 Decree, which allows individuals until 24 incomplete years old to be hired as apprentices,
empirically, those older age groups were barely hired as apprentices until 2010. Hence, for the sake of analysis, we
shall consider youth at 19 years old only exposed from 2010 on. Still, those aging 20 years old or older, represent,
altogether, a proportion of 3% relative to the total amount of apprentices per municipality, from 2010 onward. Thence,
we assume that those specific age groups do not affect significantly the mean of the treated municipalities regarding
employability and wage at 20 years old.

13The number of statistically significant coefficients drops from 68% to 33% as we adjust the inference only to
municipalities holding a RMPSE lower than the computed RMPSE average.
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Table I.6: Apprenticeship effect on labor market outcomes

Average effect by post-treatment period (lead)
1st year 2nd year 3rd year 4th year 5th year 6th year 7th year 8th year

Employability at 21 years old
Average effect

0.039 0.034 0.040 0.035 0.044 0.048 0.059 0.055
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Adjusted Average effect
-0.008 0.003 0.010 0.016 0.025 0.028 0.043 0.045
(0.990) (0.450) (0.130) (0.130) (0.070) (0.110) (0.030) (0.060)

Employability at 25 years old
Average effect

0.023 0.031 0.030 0.038 0.030 0.021 0.016 -
(0.000) (0.000) (0.000) (0.000) (0.000) (0.070) (0.370) -

Adjusted Average effect
0.005 0.010 0.019 0.039 0.027 0.035 0.031 -

(0.200) (0.120) (0.050) (0.000) (0.030) (0.030) (0.110) -
Note:p-values in parentheses
The number of municipalities taken into account in regular and adjusted averages, for each lead, are reported in table
5A in annex

Finally, we illustrate the aggregated effects by each treated group in Figure 3 in annex. The
dashed line indicates the first year subject to any impact. As it can be seen, the pre-treatment period
effect is, in most cases, close to zero, and a positive trend arises after the year of the shock; the
exceptions are the four last groups, respectively, from 2009 until 2012.

The same pattern is evidenced when we take into account the employability at 21 years old.
Most post-treatment periods present positive and significant impact. As we look separately by
treatment group, table 8A evidences that most treated groups present positive and significant point
estimates, excepting group 2, 7 and 8. Overall, 58% of the computed p-values are below 10% in
the adjusted model. Finally, testing the employability of youth in their 25’s, it importantly indicates
long term effects14. Specifically, it represents an effect 8 years later for youth firstly exposed at 17
years old. As displayed in Table 6, it also seems to exist a long-term positive impact, ranging from
a higher probability of 1.9 p.p in the third post-treatment year to 3.5 p.p in the sixtieth one. Table
9A in annex, though, evidences a less optimistic panorama: only 23% of the adjusted coefficients
presented a p-value less or equal to 10%.

Despite the results suggesting, so far, a positive effect of the AP on employability for some
treated groups, we do not have data to disentangle possible channels underlining such an impact.
The literature highlights two main links regarding apprenticeship-type interventions on formal jobs’
attachment: first, firms may use the apprenticeship as a screening mechanism and end up contract-
ing its own apprentice as a regular worker after the program’s period (Horn (2013), Brunetti et al.
(2017); Ryan (2001)). Second, throughout signaling effect. If the employer has had a positive ex-

14The set of treated municipalities is different from the other employability outcomes. We consider, for this case, the
municipalities from 2001 to 2007, since from 2008 on, the first possible year to infer any impact would be 2015, our
last year in the panel.
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perience with its own apprentices, being an ex-apprentice in another firm may be a good signal
for marketplacing, elevating the chances of being contracted in another firm as well (Altonji and
Pierret (2001)); further, in-the-job experience credentials may sign soft abilities acquired during the
training, or even innate characteristics, such as effort and commitment (Ryan (2001), 2001). Other
scholars (Kuijpers et al. (2011)) also argue about the possibility of a positive effect stemmed from
a sort of ‘network’ or ‘counselling’, potentially available during the apprenticeship period: both the
vocational classes and workplace may allow the apprentice to “engage in a dialogue with mentors,

teachers or colleges about their careers”.

Horn (2013), for instance, tried to disentangle screening from signaling effects, regarding the
apprenticeship program in Hungary. The author compared the apprentices who stayed in firm with
the ones who entered in another company after apprenticeship completion. The results point out for
a greater chance of the “stayers” to get long term contracts if compared with the “movers”. Brunetti
et al. (2017), in turn, show that a workplace-training program in Italy (with duration ranging from
two months to one year) boosted the employability of youth beneficiaries only in the very short run,
disappearing over time.

Moreover, the observed superior attachment to formal jobs may be a result of either a higher
tenure or a higher job arrival rates. Little is known in literature about such channels regarding
ex-apprentices. Corseuil et al. (2012) found that apprentices in Brazil, between 2001 to 2003, pre-
sented a lower tenure than other temporary workers on the 3 following years after the program’s
termination. A third potential reason relies on a greater formal job opportunity in the treated munic-
ipalities, along the post-treatment span relative to their synthetic group. Here is where a potential
drawback of our identification lies: as long as the treated municipalities hold larger firms, we may
be apprehending a non-observable expansion correlated both with the apprenticeship’s shock along
with the these firms’ enlargement.

From the earnings’ perspective, if firm-specific skills acquired during the apprenticeship were
in fact relevant to the youth’s human capital formation, we should expect higher earnings relative to
a counterfactual worker. Looking the wage results at 20 years old, a different picture arises. Overall,
the adjusted average effect by each post-treatment period presents point estimates not statistically
significant. There are even some leads presenting negative signals. Only lead 1 presents a positive
and significant impact. Again, lead 1 means the youngsters exposed for the first time only with
18 years old (the ones aging 17 y.o. are taken into account only from lead 2 onward). Table 10A
reinforce this evidence: for each treatment group, few coefficients are statistically significant (only
10% of the p-values are bellow 10%).

The same is perceived for wages at 21 and 25 years old. Only the 7th year post-treatment pre-
dicted a higher salary for those at 21 years old in the treated municipalities, whilst 25 years old wage
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Table I.7: Apprenticeship effect on labor market outcomes

Average effect by post-treatment period (lead)
1st year 2nd year 3rd year 4th year 5th year 6th year 7th year 8th year

Wage at 20 years old
Average effect

0.092 0.081 0.044 0.041 0.071 0.091 0.046 0.015
(0.000) (0.000) (0.010) (0.160) (0.080) (0.120) (0.100) (0.370)

Adjusted Average effect
0.080 0.001 0.019 -0.028 -0.008 0.013 -0.125 -0.074

(0.030) (0.710) (0.330) (0.810) (0.660) (0.620) (0.950) (0.710)
Wage at 21 years old

Average effect
0.034 0.105 0.072 0.123 0.108 0.081 0.166 0.051

(0.070) (0.050) (0.030) (0.000) (0.140) (0.010) (0.110)
Adjusted Average effect

-0.044 0.028 -0.051 0.065 -0.008 -0.026 0.131 0.023
(0.980) (0.150) (0.970) (0.350) (0.440) (0.610) (0.060) (0.390)

Wage at 25 years old
Average effect

0.056 0.018 0.051 -0.022 -0.008 -0.049 -0.031 -
(0.040) (0.100) (0.030) (0.210) (0.190) (0.350) (0.380) -

Adjusted Average effect
0.014 -0.033 0.030 -0.059 -0.044 -0.049 -0.031 -

(0.330) (0.540) (0.100) (0.500) (0.390) (0.310) (0.420) -
Note:p-values in parentheses
The number of municipalities taken into account in regular and adjusted averages, for each lead, are reported in table
5A in annex

presents negative coefficients for most leads. Complementarily, the estimations by treatment group
evidence that only 17% and 6% of the point estimates are statistically significant, respectively, for
wages at 21 and 25 years old.

Acemoglu (2011) discuss that productivity increase due to firm-specific skills not necessary
means a higher wage. The underlining rationale is that, in an extreme case, if the skill is too narrow
and specific for the “trainer” firm, such particular skill may not translate into higher productivity
in another firm. Nevertheless, apprentices also acquire a theoretical vocational course, which, the-
oretically, would address, at least, part of the difficulty exposed by the author. Still, quantitative
rigorous evidence in literature is rather inconclusive when it comes to apprenticeship and wage
returns. Parey (2016), for instance, explored variation in apprenticeship availability and found a
positive, but not significant, effect of the program on prior-exposed-youth’s wages in Germany.
Fersterer et al. (2008), on the other hand, encountered a positive and significant effect of 2.7%
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in Austria. Moreover, we may incur in the classical Heckman selection bias: we only observe the
salary of those employed in the formal sector, thus, we may be overestimating the wage of our
counterfactual.

6.4 Schooling outcomes

The apprenticeship program in Brazil permits youngsters still attending general school to be-
come apprentices. It requires, however, that an individual who still did not conclude either elemen-
tary or secondary schools should attend regular classes in order to maintain his/hers apprentice’s
contract15. Still, in case the student presents recurring and unjustified absences to regular classes,
which may imply in the loss of the school year, the company must dismiss the apprentice. As long
as most apprentices in Brazil are aged between 15 and 18 years old, most of them start in a firm
still attending school.

In this context, the AP in Brazil may potentially influence the schooling outcomes of the ap-
prentices who still are in school age. On one hand, the attendance requirements along with an
“occupational-oriented” practice, may positively influence their performance in school, such as
higher retention and graduation rates (Bishop and Mane (2004))16. On the other hand, the reduced
time due to both workplace and vocational classes demanded by the program, may be trouble-
some for apprentice’s academic outcomes (Polidano and Tabasso (2014). More specifically, the
adolescents may have less time to study the school subjects. Still, the burden of many (new) re-
sponsibilities may lead to dispersion and further school impairment.

Moreover, the immediate schooling outcome regards enrollment in vocational schools. As long
as it is mandatory to attend a vocational course during the AP, we would expect, at first, that, on
average, the treated municipalities presented a higher enrollment rate in such type of education.
Conversely, it is also possible that “potential apprentices” from municipalities without AP attach
in a vocational course anyway. Parey (2016) found that individuals in Germany, at the margin,
substituted apprenticeship training for “full-time vocational classes”17.

In light of this, we investigate a range of schooling variables. This is the first paper in Brazil
to explore such dimension regarding the apprenticeship program in the country. More specifically,
we shall analyze five outcomes: (i) Proportion of enrollments in vocational education relative to

15Except on those localities where there is no high school offer.
16There are some anecdotal cases reporting better performances of apprentices in high school, as for example, the

one reported in http://www.buscajovem.org.br/noticias/aprendiz-ganha-destaque-por-desempenho-escolar.
17It is important to point out that one possible reason why there is no AP in a determined municipality is the lack

of vocational courses, mainly at the beginning of the program. Thus, probably, there are control municipalities without
course offer.
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Table I.8: Apprenticeship effect on schooling outcomes

Average effect by post-treatment period (lead)
1st year 2nd year 3rd year 4th year 5th year 6th year 7th year 8th year

Proportion of enrollments of enrollments in vocational education
relative to resident population aging 15 to 19 years old

Average effect
0.030 0.050 0.035 0.024 0.065 0.047 0.062 0.086

(0.020) (0.030) (0.020) (0.020) (0.020) (0.010) (0.010) (0.020)
6 6 6 6 6 6 6 6

Proportion of enrollments at 3rd year of high school
relative to resident population aging 15 to 19 years old

Average effect
0.013 0.007 -0.007 0.000 0.015 0.002 0.003 -0.039

(0.010) (0.160) (0.730) (0.370) (0.100) (0.330) (0.410) (0.890)
Adjusted Average effect

-0.013 -0.007 -0.019 -0.032 -0.010 -0.024 -0.016 -0.052
(0.970) (0.780) (0.930) (0.970) (0.660) (0.760) (0.670) (0.930)

Proportion of enrollments at high school (total) relative
to resident population aging 15 to 19 years old

Average effect
0.005 0.003 0.003 0.000 -0.001 0.005 0.004 0.009

(0.010) (0.050) (0.070) (0.240) (0.350) (0.070) (0.220) (0.100)
Adjusted Average effect

0.000 0.004 0.001 -0.001 0.000 0.011 0.016 0.014
(0.520) (0.110) (0.270) (0.340) (0.320) (0.020) (0.040) (0.040)
Note:p-values in parentheses
The number of municipalities taken into account in regular and adjusted averages, for each lead, are reported in table
5A in annex

resident population aging 15 to 19 years old (ii) Proportion of enrollment in high school relative
to resident population aging 15 to 19 years old, (iii) Proportion of enrollment in 3rd year of high
school relative to resident population aging 15 to 19 years old; (iv) Drop out rate (v) Flunk rate.
As already showed in Table 1, all data stemmed from the schooling census (Censo Escolar). We
aggregate information at municipality level from 1999 to 201518.

Table 8 first evidences that, as expected, the enrollment rate in vocational education courses is
superior in the treated municipalities. For all post-treatment periods, the point estimates are statis-
tically significant. Note, though, that we only have 6 treated municipalities for this outcome19. One

18Flunk and drop out rates in 2006 are missing due to administrative issues related to the Ministry of Education
19Enrollment in vocational course encompass, from 1999 to 2007, all type of professional education, whereas from

2007 onward, it is related specifically to secondary-level vocational courses, as concomitant and subsequent to high
school.



Synthetic control approach 48

Table I.9: Apprenticeship effect on schooling outcomes

Average effect by post-treatment period (lead)
1st year 2nd year 3rd year 4th year 5th year 6th year 7th year 8th year

Drop out rate
Average effect

0.001 0.001 0.001 0.001 -0.001 0.001 0.002 -0.001
(0.490) (0.600) (0.420) (0.440) (0.980) (0.760) (0.110) (0.900)

Adjusted Average effect
0.000 0.001 0.001 0.001 0.002 0.001 0.002 0.000

(0.750) (0.690) (0.630) (0.350) (0.190) (0.520) (0.330) (0.620)
Flunk rate

Average effect
0.000 -0.001 -0.001 -0.001 -0.002 -0.002 -0.004 -0.004

(0.240) (0.260) (0.330) (0.240) (0.590) (0.510) (0.600) (0.780)
Adjusted Average effect

-0.001 -0.003 -0.001 -0.002 -0.004 -0.002 -0.003 -0.004
(0.780) (0.740) (0.310) (0.710) (0.770) (0.520) (0.530) (0.730)
Note:p-values in parentheses
The number of municipalities taken into account in regular and adjusted averages, for each lead, are reported in table
5A in annex

reason is that, before 2007, not every municipality fulfilled this information, thus, if a certain mu-
nicipality does not have information for the whole panel, the synthetic control model does not run;
second, many municipalities hold zero enrollment rate for many years, thus, we are not allowed, as
well, to compute the synthetic control estimators. As a result, we only encompassed 6 municipali-
ties with completed evidence over the covered period and a reasonable number of potential control
units for placebo inference.

Despite the small sample preventing us to be conclusive, given the obligatoriness of the AP, the
results suggest a sort of “first stage” of the program in the treated municipalities, in the same line
as employability at 17 years old.

Regarding the rate of enrollment in high school restricting only to the 3rd year, which can be
interpreted as a proxy for school completion, we observe no impact. In general, there are slightly
adjusted and not adjusted coefficients, most statistically insignificant. The enrollment rate includ-
ing the three secondary years, in turn, presents some positive evidence, despite the small point
estimates. If we look the regular average effect, most post-program periods have p-values< 10%,
with the exception of the fourth, fifth and seventh leads. The adjusted average effect, in the same
line, presents a higher coefficient, around 1.4 percentage points, for the treated municipalities in
the last three post-program periods.
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Bishop and Mane (2004) reported descriptive evidence, using cross-country comparison, that
regions with higher participation in vocational education, concomitantly to school, had greater
rates of school completion. Polidano and Tabasso (2014), in turn, using propensity score matching,
show that being part of vocational education concomitantly to general school elevates the chances
of secondary level graduation by 14 percentage points in Australia. The author draws attention to
the fact that this impact if even more prominent if the vocational education holds workplace training
modules.

Lastly, we turn to the drop out and flunk rates (the three high school years average). According
to the results, being exposed to the AP does not seem to affect neither drop out nor flunk rates
in high school. As table 9 shows, despite that most average effects are negative, they are small in
magnitude and not statistically significant. Hypothetically, we would expect, from one side, that
attending the program would help to retain those who are about to drop out, given the program’s
requirements and potential youth’s self-motivation. However, as already said, there, possibly, exists
a counteract mechanism that stems from timing constraint and responsibility overload. We do not
have data to disentangle those potential effects; hence, we cannot conclude, if, in fact, the program
does not exert any significant impact on these specific rates or if underlining offsetting effects would
cancel one another, and we do not apprehend that.

6.4.1 Fertility Outcomes

In order to perceive another important dimension regarding youth’s decisions, we estimate the
effect of the AP on fertility behaviour in adolescence (15-19) and in early adulthood (20-24). Non-
pecuniary returns of youth labor market interventions have been receiving increasing attention in
literature (Oreopoulos and Salvanes (2011). Critical aspects related to health, risky behaviour, non-
cognitive abilities and parenting are shown to be significantly affected by general schooling (Ore-
opoulos and Salvanes (2011), Black et al. (2008), Duflo et al. (2015) and also, by youth labor market
interventions (Jensen (2012), Ibarrarán et al. (2015); Bandiera et al. (2015)). Risky behaviour as
early pregnancy, for example, crucially affects the youth for their entire life course. In this context,
we take advantage of a panel data in Brazil that compiles the number of live births by female’s age
group for each municipality in the country20.

Our two indicators represent the proportion of live births relative to the resident population of
same age. A shortcoming here relies on the fact that we cannot distinguish the treated municipali-
ties compounded most by women apprentices. As long as our information is aggregated by munic-
ipality level, we did not distinguish the AP exposure by gender. However, the share of women as

20DATASUS - MS/SVS/DASIS - Sistema de Informações sobre Nascidos Vivos – SINASC.
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apprentices is 46% on average21.

Theoretically, there are two main channels that the AP might negatively influence fertility rates
of the exposed youth. First, the classical human capital theory (Becker (1981)) would predict that
skills acquired by vocational education and in the workplace would elevate the earnings in market-
place, which in turn, would increase the opportunity cost of childbearing – the so-called substitution
effect. On the opposite direction, the income effect would become a child more affordable, elevat-
ing the probability of childbirth – which, in our case, is more suitable to the 20-24 years old group.
Additionally, a third channel regards the incarceration effect (Black et al. (2008)). More specifi-
cally, it is related to time incompatibility between studying and raising a child, since both are time
demanding.

According to the estimated results so far, it seems that the AP may positively affect the employ-
ability of the exposed youth, however, it does not come with higher salaries. Therefore, the most
plausible mechanism through which AP may affect fertility behaviour, in our context, would be via
incarceration effect.

Table I.10: Apprenticeship effect on fertility outcomes

1st year 2nd year 3rd year 4th year 5th year 6th year 7th year 8th year
Fertility between 15 to 19 years old

Average effect
0.000 0.002 0.001 0.001 -0.001 -0.001 0.000 -0.001

(0.340) (0.000) (0.080) (0.340) (0.980) (0.870) (0.810) (0.860)
Adjusted Average effect

0.000 0.000 0.001 -0.002 -0.001 0.000 -0.001 0.001
(0.640) (0.580) (0.340) (0.950) (0.880) (0.610) (0.910) (0.330)

Fertility between 20 to 24 years old
Average effect

-0.001 0.000 0.000 -0.001 -0.001 -0.001 0.000 0.000
(0.800) (0.690) (0.790) (0.920) (0.890) (0.880) (0.620) (0.510)

Adjusted Average effect
0.000 0.000 -0.001 -0.001 -0.001 -0.001 0.000 0.001

(0.650) (0.750) (0.760) (0.820) (0.720) (0.820) (0.530) (0.290)
Note:p-values in parentheses
The number of municipalities taken into account in regular and adjusted averages, for each lead, are reported in table
5A in annex

Nevertheless, Table 10 reveals that the youth from the treated municipalities do not have a
statistically different probability of childbirth since they were exposed to the program22. Indeed,
the coefficients are close to zero for all post-treatment periods for both total and adjusted averages.

21Information referent to São Paulo
22We assume that premature or prenatal mortality is independent from the treatment groups.
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However, we cannot conclude whether is a matter of lacking power, since less than half of the
apprentices are women, or, in fact, the intervention was not relevant to change girls’ (or boys’)
fertility behaviour.

6.4.2 Robustness Check

Unobserved factors that may potentially cast doubt on our results rely on confounding variables
correlated both with the timing of AP’s shock and with the trajectory of our outcome of interest
in post-program period. One possibility to test it, consists on shuffling the year of shock to some
earlier year. As Abadie et al. (2015) discusses, if a similar or superior effect is found along these
“fake” periods, it suggests that the SC do not predict satisfactorily the actual estimated effect.

In this context, we reassigned the first year subject to impact to an earlier year (t ≤ T0) - the so-
called in-time placebo test. As long as we hold many outcomes, we explore four variations, fixing
the length on three years between the fake and the corresponding actual year, for two important
outcomes. Also, the criteria to choose the fake years were based on the groups of municipalities
that presented consistent positive and significant results over the post period. Let yactual1 be the first
post-treatment year and yfake1 be the false first post-treatment year.

1. Employability at 17 y.o.: yfake1 = 2005; yactual1 = 2008

2. Employability at 17 y.o.: yfake1 = 2004; yactual1 = 2007

3. Employability at 20 y.o.: yfake1 = 2006; yactual1 = 2009

4. Employability at 20 y.o.: yfake1 = 2006; yactual1 = 2010

The second test relies on estimating an (conceptually) unaffected outcome pretending it is an
affected one. Exploring a pseudo-outcome is recommended by Athey and Imbens (2017) and is
intended to verify the sensitivity of the post-treatment’s dynamics regarding counfoundness. There-
fore, we estimate the employability at 29 and 30 years old, which has never been exposed to the
program23. More precisely, for all treated groups, we rerun the same model applied to employability
at 20 years old.

We start with the in-time tests, reported in Table 22A in annex. If any effect on employability
at 17 years old do not arise during a untreated period, it is an indicative that we well identified our
treated municipalities. In fact, we can see effects not statistical significant precisely over the fake

23Actually, strictly speaking, we have some youngsters exposed until 23 years old. So, for those aging 29 y.o. in
2014, they would be exposed in 2008, but at a rather low rate.
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years. Note that the estimations only start to have significance after 2007, and 2008 respectively,
when the shock actually happened. Only for the sake of illustration, figures 4 and 5 in annex, display
these results. Again, we can observe that the treated municipalities only notably deviate from the
zero axis in the actual year of shock, respectively 2007 and 2008.

Turning to employability at 20 y.o., we can see, again, that the years not supposed to be affected,
in fact do not present any significant coefficient. The effects only start to present low p-values in
the years actually subjected to the interference.

Even though those first tests seem favorable to our results, it is still possible that some confound-
ing effect arises contemporaneously to the apprenticeship program. Therefore, we also estimate the
effects on employability at 29 and 30 years old keeping the actual timing. Tables 20A and 21A
bring the results for each treated group.

At a first sight, we can note that most coefficients present a similar magnitude as the actual out-
comes (employability at 20 y.o., for example). More specifically, employability at 29 y.o. reported
12% of p-values equal or lower than 10%, as long as employability at 30 years old evidences 26%
of significant point estimates, which corresponds to the same proportion as employability at 25
years old.

Some scenarios can be drawn at this point. First of all, since we estimate 57 mean differences,
it is “statistically” expected that low p-values eventually arise. Second, what we may be capturing
is, in fact, confounders factors overestimating the true employability. As observed in Table 3A of
summary statistics, our treated municipalities present a greater share of large firms. This is intuitive,
since, along with the medium ones, they are obligated to hire apprentices. Hence, it is possible that
an economic expansion of those firms could have been identified instead, which would end up
reflecting on apprentices’ contracts as well. If this is true, our results regarding employability, are
probably biased.

Recall that employability at 20 and 21 y.o. presented, respectively, 33% and 58% of positive
and significant estimations. Given the difference in the proportion of significant coefficients, partic-
ularly between 20 and 21 years old and 29 and 30 years old, we can work with a second scenario:
the possibility of a composition of a positive effect along with a confounder component. We cannot
conclude, though, in what extent the magnitude of the coefficients and the corresponding statistical
significance are due, purely, to the AP’s effect.
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7 Discussion

“Quality apprenticeships based on robust social dialogue and public-private partnerships help

young people overcome the work-inexperience trap that blocks their transition from education

to employment”. Such statement from the International Labour Organization report (Steedman
(2012)) was entirely based on evidences from developed countries. Nevertheless, the actual effec-
tiveness of apprenticeship programs in developing regions are quite sparse, mainly when it comes
to rigorous quantitative methods. In this context, the current paper proposed to estimate the impact
of a widespread apprenticeship policy in Brazil, regarding labor market, schooling, and fertility
outcomes. The available data set, along with the applied method, allowed us to investigate both
short and medium term effects of the policy. The municipal RAIS panel data from 1999 to 2015
was explored by means of the synthetic control method.

Overall, there is some evidence of a positive effect on medium term employability. For example,
youngsters exposed to the program with 17 years old in the treated municipalities hold a probabil-
ity 2.5 p.p higher of being employed at 21 years old. When it comes to a long term effect, which
means employability at 25 years old, the results are mixed, predominantly not statistically signif-
icant. Indeed, we should interpret those results with caution: the robustness check evidenced the
existence of unobserved factors that probably drive to a overestimation of the impact. As a result,
we are not able to make definitive conclusions about the impact of the apprenticeship program on
employability.
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On the other hand, the wage’s estimations suggest that this variable is unresponsive to the
program: most post-treatment periods report not significantly adjusted coefficients, regardless the
age group considered.

Still, among the schooling outcomes, only enrollment in vocational education seemed to be
affected by the program. Regarding fertility behaviour of adolescents and young adults, we did not
find any effect, however, we cannot conclude if it was, in fact, an absence of impact or due to lack
of statistical power.

Finally, this paper’s main findings indicate that, despite the AP considerably elevates the em-
ployability at 17 years old - the main targeted group - it does not impact on their future earnings.
However, there seems to have some positive effect on employability four years later, however we
cannot be totally confident about this result.

More scientific documentation is necessary regarding young labor market interventions in de-
veloping countries. Specifically, the apprenticeship modality has been conceptually noted as the
“dualist ideal”, since encompasses both theory and workplace experience. However, despite the fact
that, theoretically and pedagogically, this sort of program predicts a positive labor market prospect
to its beneficiaries, in practice the scenario can be other, mainly when it comes to a social policy
targeted to youth in socioeconomic disadvantage. Simple data about the apprenticeship’s efficacy
in Brazil (such as, for instance, the apprentices’ completion rate within firms) is lacking, casting
additional difficulty for policy guidance. As a result, we strongly suggest further investigation, for
both improvement of the policy and for a better exploitation of its functioning.
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9 Appendix

Table 1A: Proportion and number of municipalities
classified as medium exposure: 1% < τ ≤ 9%

Year Prop. of apprentices no of municip.
1999 0.025 176
2000 0.024 176
2001 0.011 347
2002 0.017 446
2003 0.026 491
2004 0.028 701
2005 0.035 854
2006 0.068 896
2007 0.057 1152
2008 0.063 1344
2009 0.070 1389
2010 0.078 1622
2011 0.101 1836
2012 0.116 2040
2013 0.128 2245
2014 0.138 2385
2015 0.136 2521

Table 2A: Name, federal state and respective year
of shock of the treated municipalities

Treated Municipality State Year of shock
Monte Sião MG 2004
Ibiraçu ES 2004
Águas de São Pedro SP 2004
Garça SP 2004
Gavião Peixoto SP 2004
Itapira SP 2004
Presidente Venceslau SP 2004
Santana de Parnaı́ba SP 2004

Venda Nova do Imigrante ES 2005

Continued on next page
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Table 2A – continued from previous page
Treated Municipality State Year of shock
Alumı́nio SP 2005
Aparecida SP 2005
Itatiba SP 2005
Macatuba SP 2005
Motuca SP 2005
Mondaı́ SC 2005

Duartina SP 2006
Jambeiro SP 2006
Meleiro SC 2006
Tupandi RS 2006

Araporã MG 2007
Delta MG 2007
Planura MG 2007
Igarapava SP 2007
Mococa SP 2007
Mogi Guaçu SP 2007
Nuporanga SP 2007
Santa Albertina SP 2007
Sebastianópolis do Sul SP 2007
Socorro SP 2007
Engenheiro Beltrão PR 2007
Perobal PR 2007
Fagundes Varela RS 2007
Sananduva RS 2007
Goiás GO 2007

Tupiratins TO 2008
Iconha ES 2008
Amparo SP 2008
Ituverava SP 2008
Ribeirão Grande SP 2008
Não-Me-Toque RS 2008
Santo Cristo RS 2008
Sarandi RS 2008

Continued on next page
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Table 2A – continued from previous page
Treated Municipality State Year of shock
Tapejara RS 2008
Alto Horizonte GO 2008

Jaguarari BA 2009
Frutal MG 2009
Bela Vista da Caroba PR 2009
Antônio Carlos SC 2009
Caibaté RS 2009
Cerro Largo RS 2009
Nova Candelária RS 2009
Paraı́ RS 2009

São Raimundo das Mangabeiras MA 2010
Ibicuı́ BA 2010
Itapetinga BA 2010
Potiraguá BA 2010
Cláudio MG 2010
Narandiba SP 2010
Araruna PR 2010
Paraı́so do Norte PR 2010
Hulha Negra RS 2010
Maratá RS 2010
Nova Hartz RS 2010
Vila Propı́cio GO 2010

Chupinguaia RO 2011
Santo André PB 2011
Nossa Senhora Aparecida SE 2011
Nossa Senhora das Dores SE 2011
Andorinha BA 2011
Itambé BA 2011
Itororó BA 2011
Maiquinique BA 2011
Queimadas BA 2011
Campo Florido MG 2011
Coimbra MG 2011

Continued on next page
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Table 2A – continued from previous page
Treated Municipality State Year of shock
Corinto MG 2011
Mateus Leme MG 2011
Apiaı́ SP 2011
Borá SP 2011
Santo Anastácio SP 2011
Boa Esperança do Iguaçu PR 2011
Cruzeiro do Iguaçu PR 2011
Manfrinópolis PR 2011
Cunha Porã SC 2011
Imigrante RS 2011
Picada Café RS 2011
Salvador das Missões RS 2011
Alto Taquari MT 2011
Nova Xavantina MT 2011
Pedra Preta MT 2011
São José do Rio Claro MT 2011
Perolândia GO 2011

Rio Maria PA 2012
Ferreira Gomes AP 2012
Alvorada TO 2012
Camutanga PE 2012
Firmino Alves BA 2012
Macarani BA 2012
Santa Juliana MG 2012
Virginópolis MG 2012
Ilha Comprida SP 2012
Mesópolis SP 2012
Piedade SP 2012
Potirendaba SP 2012
Santo Antônio de Posse SP 2012
Valparaı́so SP 2012
Pontal do Paraná PR 2012
São Carlos do Ivaı́ PR 2012

Continued on next page
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Table 2A – continued from previous page
Treated Municipality State Year of shock
Águas Mornas SC 2012
Luiz Alves SC 2012
São Cristovão do Sul SC 2012
São Ludgero SC 2012
Alto Alegre RS 2012
Nova Alvorada RS 2012
Presidente Lucena RS 2012
Angélica MS 2012
Alto Araguaia MT 2012
Barro Alto GO 2012
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Table 3A: Pre-treatment summary statistics of treated, synthetic and donors pool municipalities by year of shock (triennials)

Variables Treated SC PCG Treated SC PCG Treated SC PCG
PANEL A AP shock 2004 - 2006 AP shock 2007-2009 AP shock 2010 - 2012
Proportion of resident population 0.021 0.020 0.018 0.019 0.019 0.020 0.020 0.020 0.021
at 17 y.o. relative to the total
Proportion of resident population 0.080 0.077 0.077 0.078 0.078 0.076 0.080 0.078 0.077
at 25 y.o. relative to the total
Proportion of individuals with 0.249 0.229 0.242 0.294 0.271 0.290 0.286 0.291 0.350
incomplete elementary school at RAIS
Proportion of individuals 0.030 0.044 0.041 0.038 0.047 0.039 0.032 0.036 0.038
with complete college at RAIS 0.013
Proportion of individuals with 0.092 0.102 0.115 0.108 0.112 0.152 0.147 0.140 0.168
incomplete elementary school, CENSO 2010
Proportion of individuals with complete 0.812 0.791 0.772 0.780 0.779 0.697 0.695 0.711 0.645
elementary school at minimum,CENSO 2010
GDP per capita 16145.536 7502.991 7863.160 16746.028 9221.446 7499.916 12509.435 9485.879 6865.877
Inequality index (Gini, 2000) 0.539 0.513 0.524 0.532 0.517 0.544 0.531 0.540 0.557
Inequality index (Gini, 2010) 0.480 0.445 0.455 0.476 0.450 0.480 0.464 0.478 0.505
Proportion of agropecuary sector 0.138 0.311 0.303 0.127 0.306 0.228 0.164 0.262 0.189
Proportion of comercial sector 0.202 0.190 0.198 0.238 0.202 0.212 0.183 0.195 0.219
Proportion of construction sector 0.029 0.015 0.018 0.029 0.016 0.020 0.017 0.027 0.022
Proportion of industrial sector 0.329 0.201 0.187 0.338 0.203 0.196 0.361 0.245 0.168
Proportion of service sector 0.300 0.282 0.293 0.268 0.273 0.344 0.275 0.270 0.401
Proprotion of small firms 0.451 0.553 0.553 0.459 0.531 0.523 0.415 0.510 0.500
Proprotion of large firms 0.136 0.027 0.041 0.160 0.045 0.054 0.144 0.100 0.102
no of municipalities 19 640 1403 31 533 2244 64 253 5498

Note: Synthetic control referent to employability at 20 years old estimations;
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Table 4A: Number of treated municipalities by each outcome’s adjusted estimation

Group 1 Group 2 Group 3 Group 4 Group 5 Group 6 Group 7 Group 8 Group 9
(2004) (2005) (2006) (2007) (2008) (2009) (2010) (2011) (2012)

Employability at 17 years old 2 2 1 2 3 1 2 6 6
Employability at 20 years old 3 3 2 4 2 3 3 6 5
Employability at 21 years old 3 3 2 1 2 3 4 5 2
Employability at 25 years old – – 1 1 1 3 3 1 4

Wage at 20 years old 5 2 1 5 4 2 5 8 9
Wage at 21 years old 3 4 2 4 3 2 6 11 11
Wage at 25 years old – – 2 2 3 3 5 2 6

Enrollment Vocational Education – – 2 2 – – – 3
Enrollment 3rd high school – – 1 4 2 3 4 7 5

Enrollment high school – – 3 3 3 3 3 3 3
Drop out rate 5 4 – 7 3 – 4 8 5

Flunk rate 7 4 – 10 2 – 3 8 9
Fertility 15 19 6 6 3 1 4 5 3 6 7
Fertility 20 24 5 5 2 6 5 4 5 10 8

Note: Drop out and flunk rates had no observations for 2006 ans 2009;
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Table 5A: Number of treated municipalities included in each adjusted average, by post-treatment periods (lead)

Number of munic. 1st year 2nd year 3rd year 4th year 5th year 6th year 7th year 8th year

by adjusted average post treatment post treatment post treatment post treatment post treatment post treatment post treatment post treatment
Employability at 17 years old 25 25 25 19 13 11 10 7
Employability at 20 years old 26 26 26 26 20 17 14 12
Employability at 21 years old 25 25 25 23 18 14 11 9
Employability at 25 years old 14 14 14 10 9 6 3 2

Wage at 20 years old 41 41 41 32 24 19 17 13
Wage at 21 years old 46 46 46 35 24 18 16 13
Wage at 25 years old 23 23 23 17 15 10 7 4

Enrollment Vocational Education 7 7 7 4 4 4 4 2
Enrollment 3rd high school 26 26 26 21 14 10 7 5

Enrollment high school 21 21 21 18 15 12 9 6
Drop out rate 36 36 36 31 23 19 19 16

Flunk rate 43 43 43 34 26 23 23 21
Fertility 15 19 41 41 41 34 28 25 20 16
Fertility 20 24 50 50 50 42 32 27 23 18

Number of munic.
by regular average 92 92 92 64 52 44 34 19
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Table 6A: AP adjusted effect on employability at 17 y.o. by treatment group

Pos-treatment year
2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015

Treatment Groups
Group 1 (2004) 0.090 0.189 1.619 0.250 0.140 0.153 0.044 0.066 0.063 0.174 0.038 0.014

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.080) (0.040) (0.060) (0.000) (0.220) (0.300)
Group 2 (2005) 0.036 0.101 0.101 0.126 0.117 0.115 0.136 0.237 0.202 0.198 0.160

(0.090) (0.020) (0.030) (0.050) (0.050) (0.010) (0.030) (0.010) (0.010) (0.010) (0.000)
Group 3 (2006) 0.067 0.079 0.167 0.186 0.194 0.164 0.075 0.031 0.037 -0.007

(0.050) (0.070) (0.020) (0.020) (0.010) (0.040) (0.150) (0.330) (0.250) (0.560)
Group 4 (2007) 0.079 0.100 0.069 0.018 0.001 -0.015 0.001 0.022 0.020

(0.000) (0.000) (0.000) (0.190) (0.490) (0.720) (0.460) (0.200) (0.160)
Group 5 (2008) 0.065 0.109 0.065 0.114 0.088 0.119 0.144 0.078

(0.000) (0.000) (0.000) (0.000) (0.010) (0.000) (0.000) (0.010)
Group 6 (2009) 0.049 0.088 0.155 0.193 0.130 0.085 0.141

(0.030) (0.000) (0.000) (0.000) (0.000) (0.000) (0.020)
Group 7 (2010) 0.033 0.064 0.058 0.072 0.021 0.037

(0.080) (0.020) (0.020) (0.020) (0.160) (0.080)
Group 8 (2011) 0.046 0.036 0.041 0.028 0.035

(0.000) (0.000) (0.030) (0.010)
Group 9 (2012) 0.103 0.074 0.075 0.089

(0.000) (0.000) (0.000)
Note:p-values in parentheses
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Table 7A: AP adjusted effect on employability at 20 y.o. by treatment group

Pos-treatment year
2006 2007 2008 2009 2010 2011 2012 2013 2014 2015

Treatment Groups
Group 1 (2004) -0.012 -0.019 -0.040 -0.013 0.020 0.070 0.056 0.076 0.088 0.093

(0.740) (0.920) (0.970) (0.850) (0.210) (0.010) (0.020) (0.010) (0.000) (0.000)
Group 2 (2005) 0.020 -0.016 -0.013 -0.007 0.006 0.010 0.023 0.025 0.020

(0.040) (0.960) (0.960) (0.890) (0.660) (0.490) (0.280) (0.230) (0.300)
Group 3 (2006) -0.008 0.010 0.023 0.041 0.039 0.016 0.038 0.007

(0.760) (0.360) (0.170) (0.090) (0.160) (0.420) (0.190) (0.600)
Group 4 (2007) 0.010 0.021 0.029 0.038 0.035 0.030 0.019

(0.090) (0.020) (0.010) (0.000) (0.010) (0.030) (0.140)
Group 5 (2008) 0.029 0.039 0.037 0.036 0.028 0.022

(0.000) (0.000) (0.000) (0.010) (0.090) (0.140)
Group 6 (2009) 0.009 0.001 0.000 0.003 0.001

(0.110) (0.310) (0.500) (0.320) (0.450)
Group 7 (2010) 0.003 -0.016 -0.012 -0.006 -0.025

(0.270) (0.970) (0.930) (0.800) (0.980)
Group 8 (2011) 0.011 -0.008 0.000 0.001

(0.040) (0.930) (0.610) (0.520)
Group 9 (2012) 0.000 -0.001 0.005

(0.450) (0.670) (0.260)

Note: p-values in parentheses

Table 8A: AP adjusted effect on employability at 21 y.o. by treatment group

2007 2008 2009 2010 2011 2012 2013 2014 2015
Treatment Groups

Group 1 (2004) 0.082 0.026 0.070 0.049 0.055 0.082 0.069 0.089 0.063
(0.020) (0.090) (0.020) (0.080) (0.070) (0.020) (0.020) (0.000) (0.000)

Group 2 (2005) -0.012 -0.009 0.001 0.013 0.024 0.022 0.023 0.027
(0.860) (0.920) (0.670) (0.480) (0.230) (0.230) (0.250) (0.170)

Group 3 (2006) 0.022 0.074 0.077 0.109 0.105 0.091 0.065
(0.060) (0.010) (0.010) (0.000) (0.000) (0.000) (0.020)

Group 4 (2007) 0.017 0.029 0.024 0.020 0.014 0.025
(0.040) (0.010) (0.030) (0.060) (0.170) (0.030)

Group 5 (2008) 0.030 0.030 0.019 0.029 0.017
(0.060) (0.060) (0.150) (0.080) (0.270)

Group 6 (2009) 0.031 0.046 0.009 0.023
(0.000) (0.000) (0.150) (0.030)

Group 7 (2010) -0.021 -0.011 -0.012 -0.014
(0.990) (0.950) (0.940) (0.970)

Group 8 (2011) -0.006 -0.003 0.002
(0.920) (0.830) (0.430)

Group 9 (2012) 0.009 0.006
(0.040) (0.220)

Note: p-values in parentheses
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Table 9A: AP adjusted effect on employability at 25 y.o. by treatment group

Post period
2008 2009 2010 2011 2012 2013 2014 2015

Treatment Groups
Group 1A (2001) -0.005 -0.002 0.037 0.053 0.005 0.027 0.037 0.031

(0.770) (0.680) (0.070) (0.060) (0.620) (0.240) (0.180) (0.200)
Group 2A (2002) 0.015 0.013 0.037 0.024 0.031 0.026 0.016

(0.090) (0.240) (0.170) (0.280) (0.210) (0.260) (0.400)
Group 3A (2003) -0.011 0.006 0.027 0.030 0.028 0.023

(0.760) (0.500) (0.160) (0.190) (0.160) (0.160)
Group 1 (2004) 0.018 0.030 0.031 0.044 0.032

(0.070) (0.020) (0.040) (0.010) (0.050)
Group 2 (2005) 0.007 0.010 0.007 0.031

(0.350) (0.330) (0.470) (0.040)
Group 3 (2006) -0.005 -0.008 -0.011

(0.690) (0.800) (0.870)
Group 4 (2007) 0.003 0.007

(0.420) (0.360)
Note: p-values in parentheses

Table 10A: AP adjusted effect on wage at 20 y.o. by treatment group

2006 2007 2008 2009 2010 2011 2012 2013 2014 2015
Treatment Groups

Group 1 (2004) 0.150 0.170 0.250 0.660 0.730 0.590 0.430 0.280 0.390 0.370
(0.150) (0.170) (0.250) (0.660) (0.730) (0.590) (0.430) (0.280) (0.390) (0.370)

Group 2 (2005) 0.166 0.028 0.064 -0.029 0.086 0.012 0.085 0.038 0.092
(0.010) (0.360) (0.220) (0.810) (0.410) (0.480) (0.110) (0.470) (0.100)

Group 3 (2006) 0.186 0.149 0.082 0.316 0.144 0.159 0.065 -0.118
(0.020) (0.060) (0.330) (0.010) (0.180) (0.170) (0.370) (0.760)

Group 4 (2007) 0.079 0.147 0.151 0.096 0.070 0.121 0.021
(0.290) (0.150) (0.050) (0.130) (0.220) (0.060) (0.260)

Group 5 (2008) 0.102 0.199 0.036 0.047 0.025 0.054
(0.540) (0.270) (0.460) (0.510) (0.520) (0.150)

Group 6 (2009) 0.166 -0.024 -0.049 0.116 0.200
.02 (0.600) (0.720) .12 (0.000)

Group 7 (2010) 0.258 0.045 -0.061 -0.082 0.032
(0.030) (0.330) (0.820) (0.850) (0.250)

Group 8 (2011) 0.045 0.031 0.114 0.037
(0.160) (0.310) (0.060) (0.350)

Group 9 (2012) 0.023 0.030 0.071
(0.400) (0.280) (0.020)

Note: p-values in parentheses
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Figure 3: Apprenticeship effect on employability at 20 y.o. for each treatment group
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Table 11A: AP adjusted effect on wage at 21 y.o. by treatment group

Post period
2007 2008 2009 2010 2011 2012 2013 2014 2015

Treatment Groups
Group 1 (2004) 0.101 0.066 0.149 0.141 0.105 0.079 0.125 0.162 -0.002

(0.120) (0.280) (0.140) (0.500) (0.180) (0.330) (0.120) (0.200) (0.390)
Group 2 (2005) -0.037 0.001 -0.197 -0.113 0.054 0.058 0.146 0.084

(0.800) (0.650) (0.960) (0.690) (0.370) (0.270) (0.300) (0.170)
Group 3 (2006) -0.023 -0.166 -0.054 -0.106 -0.264 -0.139 -0.132

(0.630) (0.810) (0.540) (0.650) (0.930) (0.890) (0.760)
Group 4 (2007) -0.034 0.167 -0.013 0.059 -0.023 0.045

(0.680) (0.060) (0.560) (0.320) (0.540) (0.320)
Group 5 (2008) -0.116 0.057 0.009 0.068 0.065

(0.680) (0.350) (0.460) (0.380) (0.240)
Group 6 (2009) 0.065 0.132 0.279 0.524

(0.420) (0.250) (0.040) (0.000)
Group 7 (2010) -0.192 -0.080 -0.260 -0.081

(0.950) (0.620) (0.980) (0.740)
Group 8 (2011) 0.034 0.003 0.003

(0.370) (0.570) (0.550)
Group 9 (2012) -0.013 0.076

(0.560) (0.130)
Note: p-values in parentheses

Table 12A: AP adjusted effect on wage at 25 y.o. by treatment group

Post period
2008 2009 2010 2011 2012 2013 2014 2015

Treatment Groups
Group 1A (2001) 0.220 0.107 0.142 0.002 0.138 -0.198 -0.128 0.046

(0.050) (0.300) (0.410) (0.360) (0.100) (0.700) (0.660) (0.260)
Group 2A (2002) 0.141 0.160 -0.006 0.035 0.014 0.194 0.058

(0.160) (0.370) (0.350) (0.170) (0.260) (0.050) (0.220)
Group 3A (2003) 0.022 -0.133 0.020 0.007 0.038 -0.032

(0.740) (0.640) (0.070) (0.140) (0.210) (0.300)
Group 1 (2004) 0.024 0.040 0.024 0.014 -0.070

(0.370) (0.160) (0.280) (0.360) (0.600)
Group 2 (2005) 0.033 0.004 0.140 -0.073

(0.100) (0.250) (0.050) (0.590)
Group 3 (2006) -0.018 -0.138 -0.026

(0.420) (0.780) (0.540)
Group 4 (2007) -0.080 -0.098

(0.770) (0.880)
Note: p-values in parentheses
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Table 13A: AP adjusted effect on the probability of enrollment in vocational education by treatment group

Post period
2007 2008 2009 2010 2011 2012 2013 2014 2015

Treatment Groups
Group 4 (2007) 0.013 0.034 0.028 -0.007 0.033 0.013 0.030 0.049 0.044

(0.050) (0.020) (0.040) (0.940) (0.020) (0.060) (0.040) (0.010) (0.010)
Group 5 (2008) 0.090 0.139 0.084 0.090 0.117 0.105 0.113 0.147

(0.000) (0.000) (0.000) (0.010) (0.000) (0.000) (0.000) (0.000)
Group 9 (2012) -0.001 -0.010 0.000 0.011

(0.890) (0.950) (0.030) (0.020)
Note: p-values in parentheses

Table 14A: AP adjusted effect on the probability of enrollment in high school by treatment group

Post period
2006 2007 2008 2009 2010 2011 2012 2013 2014 2015

Treatment Groups
Group 3 (2006) -0.020 -0.069 -0.125 -0.118 -0.143 -0.072 -0.010 -0.065 -0.038 -0.035

(0.690) (0.920) (0.980) (0.960) (0.980) (0.910) (0.680) (0.840) (0.720) (0.700)
Group 4 (2007) 0.030 0.044 0.022 -0.036 -0.053 -0.056 -0.059 -0.084 -0.119

(0.350) (0.310) (0.430) (0.790) (0.850) (0.790) (0.810) (0.920) (0.960)
Group 5 (2008) -0.003 -0.008 -0.040 -0.044 -0.035 -0.001 -0.007 -0.047

(0.500) (0.570) (0.770) (0.800) (0.730) (0.440) (0.520) (0.810)
Group 6 (2009) -0.090 -0.080 -0.072 -0.050 -0.013 -0.015 0.025

(0.990) (0.960) (0.920) (0.810) (0.530) (0.530) (0.290)
Group 7 (2010) -0.024 -0.018 0.002 -0.005 0.003 -0.013

(0.770) (0.690) (0.380) (0.430) (0.320) (0.510)
Group 8 (2011) 0.008 0.020 0.052 0.034 0.064

(0.390) (0.180) (0.030) (0.100) (0.010)
Group 9 (2012) -0.015 -0.007 -0.052 -0.085

(0.740) (0.540) (0.940) (0.980)
Note: p-values in parentheses

Table 15A: AP adjusted effect on the probability of enrollment in the 3rd year of high school by treatment group

Post period
2006 2007 2008 2009 2010 2011 2012 2013 2014 2015

Treatment Groups
Group 3 (2006) -0.013 -0.036 -0.035 -0.023 -0.003 -0.069 0.000 -0.040 -0.026 -0.028

(0.710) (0.870) (0.890) (0.820) (0.550) (0.990) (0.520) (0.870) (0.760) (0.840)
Group 4 (2007) -0.017 0.033 0.024 -0.010 -0.002 -0.012 -0.011 0.007 -0.002

(0.880) (0.020) (0.110) (0.630) (0.440) (0.650) (0.620) (0.170) (0.380)
Group 5 (2008) 0.048 0.028 0.017 0.000 0.009 0.020 0.031 0.022

(0.000) (0.070) (0.150) (0.350) (0.230) (0.110) (0.040) (0.110)
Group 6 (2009) 0.000 0.011 0.005 0.022 0.013 0.025 0.013

(0.660) (0.200) (0.450) (0.050) (0.140) (0.040) (0.130)
Group 7 (2010) 0.001 -0.004 -0.002 -0.005 -0.002 0.012

(0.380) (0.530) (0.420) (0.530) (0.390) (0.060)
Group 8 (2011) 0.003 0.011 0.005 0.007 0.006

(0.230) (0.020) (0.150) (0.140) (0.170)
Group 9 (2012) -0.012 -0.014 -0.008 -0.010

(0.950) (0.960) (0.800) (0.760)
Note: p-values in parentheses
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Table 16A: AP adjusted effect on drop out rate by treatment group

Post Treatment
2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015

Treatment Groups
Group 1 (2004) 0.003 0.004 0.003 0.003 0.011 0.004 0.005 0.005 0.007 0.004 0.000 0.002

(0.210) (0.580) (0.360) (0.390) (0.020) (0.360) (0.160) (0.140) (0.090) (0.150) (0.370) (0.230)
Group 2 (2005) 0.000 0.000 -0.001 0.000 -0.001 -0.001 -0.001 -0.001 -0.001 -0.006 0.000

(0.810) (0.670) (0.710) (0.730) (0.850) (0.710) (0.640) (0.750) (0.770) (0.970) (0.620)
Group 4 (2007) 0.000 0.001 0.001 0.005 0.000 0.002 0.001 -0.002 0.000

(0.440) (0.390) (0.550) (0.030) (0.400) (0.290) (0.420) (0.850) (0.420)
Group 5 (2008) 0.000 -0.002 0.000 0.000 0.001 0.001 0.001 0.000

(0.550) (0.580) (0.470) (0.410) (0.230) (0.300) (0.280) (0.350)
Group 7 (2010) 0.000 0.000 0.000 0.000 -0.001 -0.001

(0.350) (0.400) (0.440) (0.680) (0.560) (0.730)
Group 8 (2011) -0.001 0.000 -0.001 -0.001 -0.001

(0.620) (0.350) (0.780) (0.660) (0.510)
Group 9 (2012) 0.000 -0.002 0.001 0.001

(0.450) (0.980) (0.060) (0.140)
Note: p-values in parentheses

Table 17A: AP adjusted effect on flunk rate by treatment group

Post Treatment
2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015

Treatment Groups
Group 1 (2004) -0.003 -0.005 0.000 0.001 -0.004 -0.003 -0.007 -0.009 -0.004 -0.007 0.000 -0.001

(0.780) (0.450) (0.200) (0.130) (0.180) (0.280) (0.850) (0.780) (0.740) (0.930) (0.140) (0.390)
Group 2 (2005) -0.002 -0.003 -0.003 -0.010 -0.010 -0.004 -0.006 -0.005 -0.006 -0.004 -0.002

(0.310) (0.340) (0.320) (0.640) (0.640) (0.580) (0.470) (0.700) (0.630) (0.460) (0.460)
Group 4 (2007) 0.000 -0.003 -0.004 0.000 -0.005 -0.002 -0.003 -0.002 -0.002

(0.490) (0.660) (0.640) (0.320) (0.930) (0.800) (0.550) (0.630) (0.820)
Group 5 (2008) -0.007 -0.004 -0.004 -0.002 -0.003 -0.004 -0.004 -0.005

(0.910) (0.660) (0.650) (0.500) (0.740) (0.640) (0.600) (0.750)
Group 7 (2010) 0.003 -0.001 0.000 -0.001 0.002 -0.002

(0.010) (0.900) (0.340) (0.850) (0.110) (0.900)
Group 8 (2011) -0.001 -0.002 0.001 0.000 0.003

(0.760) (0.970) (0.200) (0.380) (0.010)
Group 9 (2012) -0.003 -0.003 -0.003 -0.002

(0.970) (0.910) (0.940) (0.810)
Note: p-values in parentheses

Table 18A: AP adjusted effect on fertility rate betwenn 15 to 19 y.o. by treatment group

Post Treatment
2005 2006 2007 2008 2009 2010 2011 2012 2013 2014

Treatment Groups
Group 1 (2004) -0.003 -0.001 -0.003 -0.001 -0.004 0.000 -0.004 0.003 -0.003 -0.001

(0.830) (0.710) (0.810) (0.560) (0.980) (0.740) (0.980) (0.200) (0.930) (0.730)
Group 2 (2005) -0.003 -0.005 -0.001 -0.001 -0.003 -0.001 -0.003 -0.004 -0.001

(0.760) (0.920) (0.660) (0.820) (0.930) (0.740) (0.860) (0.960) (0.570)
Group 3 (2006) 0.006 0.003 -0.001 -0.004 0.000 -0.003 -0.001 -0.004

(0.050) (0.170) (0.700) (0.900) (0.600) (0.850) (0.660) (0.830)
Group 4 (2007) 0.003 0.004 0.002 0.004 0.001 0.000 0.003

(0.130) (0.080) (0.250) (0.010) (0.490) (0.530) (0.130)
Group 5 (2008) 0.000 -0.003 0.002 0.003 -0.002 -0.002

(0.570) (0.800) (0.290) (0.170) (0.680) (0.670)
Group 6 (2009) -0.007 -0.002 -0.004 -0.002 -0.001

(0.990) (0.860) (0.950) (0.800) (0.670)
Group 7 (2010) 0.002 0.000 0.002 -0.001

(0.160) (0.570) (0.220) (0.530)
Group 8 (2011) 0.001 0.004 0.004

(0.200) (0.000) (0.010)
Group 9 (2012) 0.000 0.004

(0.480) (0.000)
Note: p-values in parentheses
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Table 19A: AP adjusted effect on fertility rate between 20 to 24 y.o. by treatment group

Post Treatment
2005 2006 2007 2008 2009 2010 2011 2012 2013 2014

Treatment Groups
Group 1 (2004) -0.005 0.001 -0.002 -0.004 -0.004 -0.001 0.002 0.001 0.001 0.002

(0.870) (0.430) (0.870) (0.890) (0.890) (0.700) (0.400) (0.580) (0.360) (0.200)
Group 2 (2005) 0.000 0.002 0.003 0.000 -0.001 0.001 -0.004 0.000 -0.001

(0.420) (0.380) (0.350) (0.670) (0.710) (0.710) (0.890) (0.330) (0.440)
Group 3 (2006) -0.002 -0.004 -0.006 -0.008 -0.001 0.000 0.007 -0.005

(0.570) (0.800) (0.840) (0.950) (0.640) (0.500) (0.070) (0.830)
Group 4 (2007) 0.001 0.001 -0.001 0.001 0.000 -0.003 -0.001

(0.470) (0.510) (0.650) (0.500) (0.530) (0.810) (0.610)
Group 5 (2008) 0.001 -0.006 -0.001 -0.001 0.002 -0.003

(0.420) (0.830) (0.550) (0.640) (0.100) (0.600)
Group 6 (2009) -0.001 -0.001 0.000 0.000 -0.003

(0.600) (0.700) (0.530) (0.500) (0.780)
Group 7 (2010) -0.001 -0.002 0.000 0.000

(0.750) (0.740) (0.510) (0.520)
Group 8 (2011) 0.001 0.000 0.001

(0.310) (0.460) (0.470)
Group 9 (2012) -0.001 0.001

(0.680) (0.360)
Note: p-values in parentheses

Table 20A: Pseudo-outcome placebo test: AP adjusted effect on employability at 29 y.o. by treatment group

Post Treatment
2006 2007 2008 2009 2010 2011 2012 2013 2014 2015

Treatment Groups
Group 1 (2004) 0.014 -0.005 0.007 0.011 0.020 0.039 0.047 0.041 0.051 0.048

(0.100) (0.580) (0.350) (0.260) (0.220) (0.090) (0.040) (0.100) (0.040) (0.040)
Group 2 (2005) 0.023 -0.017 -0.009 0.003 -0.002 -0.016 -0.003 0.006 0.007

(0.010) (0.920) (0.810) (0.610) (0.630) (0.940) (0.790) (0.570) (0.530)
Group 3 (2006) 0.002 0.026 0.010 0.011 0.037 0.042 0.041 0.056

(0.570) (0.150) (0.460) (0.350) (0.190) (0.200) (0.210) (0.120)
Group 4 (2007) 0.001 0.015 0.006 -0.001 -0.016 -0.004 -0.013

(0.320) (0.050) (0.220) (0.530) (0.970) (0.650) (0.940)
Group 5 (2008) 0.008 0.007 0.015 0.014 0.012 0.018

(0.370) (0.210) (0.130) (0.240) (0.250) (0.160)
Group 6 (2009) -0.011 0.012 0.019 0.004 0.013

(0.830) (0.140) (0.120) (0.320) (0.170)
Group 7 (2010) 0.001 -0.004 0.001 0.037 0.008

(0.470) (0.690) (0.460) (0.000) (0.220)
Group 8 (2011) 0.000 -0.007 0.006 0.001

(0.460) (0.930) (0.200) (0.490)
Group 9 (2012) 0.002 -0.004 -0.004

(0.350) (0.690) (0.680)
Note: p-values in parentheses
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Table 21A: Pseudo-outcome placebo test: AP adjusted effect on employability at 30 y.o. by treatment group

Post Treatment
2006 2007 2008 2009 2010 2011 2012 2013 2014 2015

Treatment Groups
Group 1 (2004) 0.008 0.013 0.018 0.021 0.021 0.030 0.036 0.040 0.038 0.034

(0.310) (0.250) (0.230) (0.160) (0.250) (0.210) (0.190) (0.160) (0.210) (0.220)
Group 2 (2005) 0.011 0.007 0.022 0.034 0.038 0.059 0.059 0.059 0.056

(0.250) (0.400) (0.140) (0.100) (0.110) (0.070) (0.070) (0.100) (0.070)
Group 3 (2006) -0.018 -0.010 -0.001 0.032 0.030 0.046 0.036 0.039

(0.910) (0.760) (0.570) (0.130) (0.200) (0.100) (0.210) (0.180)
Group 4 (2007) 0.003 0.007 0.035 0.038 0.041 0.031 0.043

(0.340) (0.330) (0.030) (0.030) (0.030) (0.080) (0.020)
Group 5 (2008) -0.015 0.034 0.043 0.046 0.047 0.034

(0.440) (0.120) (0.080) (0.080) (0.140) (0.250)
Group 6 (2009) -0.004 -0.011 0.009 0.004 0.017

(0.530) (0.730) (0.190) (0.350) (0.090)
Group 7 (2010) -0.004 -0.013 0.006 0.008 0.006

(0.760) (0.960) (0.210) (0.140) (0.210)
Group 8 (2011) -0.001 -0.004 -0.003 -0.006

(0.490) (0.760) (0.760) (0.820)
Group 9 (2012) -0.058 -0.046 -0.004

(0.990) (0.990) (0.710)
Note: p-values in parentheses
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Table 22A: In-time placebo tests

Employability at 17 y.o. - Fake year (2005) and Actual year (2008)
2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015

-0.029 0.013 0.005 0.116 0.182 0.207 0.296 0.264 0.253 0.284 0.203
(0.950) (0.270) (0.470) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Employability at 17 y.o. - Fake year (2004) and Actual year (2007)
2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015
0.004 0.018 0.005 0.066 0.092 0.090 0.070 0.057 0.056 0.079 0.080 0.078

(0.370) (0.170) (0.550) (0.000) (0.000) (0.000) (0.000) (0.010) (0.010) (0.000) (0.000) (0.000)
Employability at 20 y.o. - Fake year (2006) and Actual year (2009)

2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015
0.000 0.006 0.008 0.020 0.026 0.053 0.054 0.054 0.047 0.052

(0.570) (0.430) (0.370) (0.130) (0.100) (0.000) (0.000) (0.010) (0.040) (0.010)
Employability at 20 y.o. - Fake year (2006) and Actual year (2010)

2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015
-.0057783 .0013433 .0206624 .0159984 .0435859 .0523721 .0495171 .0468481 .0451309 .0405708

(0.550) (0.520) (0.090) (0.190) (0.010) (0.030) (0.020) (0.050) (0.070) (0.100)
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Figure 4: In-time placebo effects: Employability at 17 y.o. and 2005 as fake year

Figure 5: In-time placebo effects: Employability at 17 y.o. and 2004 as fake year



Paper II

Vocational education and fertility decisions:
An experimental evidence from Brazil



ABSTRACT

This paper provides evidence of the impact of a vocational education program on family formation
and fertility outcomes of youngsters. We take advantage of experimental data from Santa Catarina,
Brazil, where oversubscribed courses, sponsored by PRONATEC, randomly assigned scholarships
to individuals enrolled in classes that presented a number of registered candidates higher than its
available vacancies. Therefore, applying intention-to-treat and local average treatment effects, we
estimate the effect of having attended a vocational course, on a range of fertility and family for-
mation outcomes for both men and women with 35 years old at maximum. The results show that
there is no effect for both men and women regarding marriage. However, the treated men present
a higher probability of becoming parents than their counterfactual, specially from the subsequent
modality. On the other hand, despite of negative point estimates, the women subsamples evidenced
no mean difference between treated and control groups.
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1 Introduction

The current paper aims at estimating the causal effect of a vocational education program on
family formation and fertility behaviour of youth through an experiment in the state of Santa Cata-
rina, Brazil. More specifically, we investigate the probability of family formation and childbearing
of young individuals that were randomly selected to attend a professional education program. We
also examine possible heterogeneities stemmed from distinct vocational education modalities: con-
comitant or subsequent to high school. Additionally, we further analyze potential mechanisms that
underlie the individual’s decision process in the light of labor market outcomes and further educa-
tional choices.

Over the last decades, the remarkable declining trend in fertility rates along with increased
educational levels, incited numerous scholars to enlighten the potential influence of the educational
evolution on fertility behaviour. In fact, advances on educational level as well as on labor market
opportunities have been empirically supported as imperative determinants of the fertility transition
worldwide (Becker and Lewis (1973); Schultz (2001); Mills et al. (2011); Duflo et al. (2015)).

The downward fertility trend has mostly been associated to female behaviour, while male fer-
tility has been assumed to hold a constant pattern until not long ago (Goldscheider and Kaufman
(1996)). More specifically, female oriented studies point out for an ‘adjournment evolution’ (Kohler
et al. (2002)) composed by an increasingly engagement of women in higher educational levels and
career aspirations (Goldin (2006)). Furthermore, contraceptive methods, employment and educa-
tional opportunities became increasingly reachable to women, inducing motherhood delay or even
voluntary childlessness (Mills et al. (2011); Goldin (2006)). On the other side, evidence regarding
fertility-behaviour of men at a general manner, and especially related with educational level, is still
scarce and divergent (Forste (2002)), particularly in economic studies.

The literature highlights at least three main channels linking increasing education and child-
bearing decisions. The most immediate one, the “incarceration effect” (Black et al. (2008)) regards
specially the female population and features the time incompatibility between studying and raising
a child, since both are time consuming. Still, further education may shift the women’s labor supply
preferences from intermittent and short jobs to a longer and engaged career (Goldin (2006)), which
in turn, requires more dedication of the women in detriment of household and family roles.

The second mechanism regards human capital theory. The substitution effect predicts that ad-
ditional education increases the expected earnings return in the labor market, which implies higher
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opportunity cost of childbearing (Becker (1960)). Further, as long as raising a child became more
expensive, those with higher educational level, ceteris paribus, increase the demand for quality to-
wards a decreased demand for quantity – the well-known trade-off posited by Becker and Lewis
(1973). From the income effect perspective, is expected, at first, that higher educational levels in-
crease the household’s income and raise financial resources to afford a child – implying a positive
relation with fertility. Galor and Weil (1996) model, for instance, point out that substitution ef-
fect is relatively higher for women, since they hold a greater participation in child rearing. On the
other hand, income effect operates mainly through men’s earnings, as they still are, on average, the
main providers of the household. The net effect of education on fertility is, then, unclear and may
vary accordingly to the men’s and women’s roles in household activities and their budget shares
(Trimarchi and Van Bavel (2015); Lam and Duryea (1999)).

When it comes to family formation decisions, there exists conceptual and empirical evidence of
a “close track” between education and marriage delay (Caucutt et al. (2002); Breierova and Duflo
(2004); Oppenheimer (1988); Mortimer et al. (2005)). The effect of education on marital postpone-
ment, further reflecting on fertility timing, operates primarily on a reducing exposure to potential
pregnancy (Bledsoe (1996). Becker’s model (1981) suggests that those who perceive advantages
from “household specialization” over investments for labor market placing, are the most likely to
marry. Also, as argued by Oppenheimer (1988), the timing of transition to marriage is significantly
tied to the transition to a stable job.

In addition, the mating market operates through individuals who are attracted by common fea-
tures and share similar values and ideals. Thus, by means of a positive assortative mating, higher
educated women (men) are prone to marry with higher educated men (women) and may influence
her (his) permanent income by means of her (his) husband’s (wife’s) income. As a result, if one
does not take into account the partner’s educational level, this may lead to omitted variable bias
on fertility estimations (Trimarchi and Van Bavel (2015)). Trimarchi and Van Bavel (2015), for
instance, found that in Europe, couples in which the man is higher educated (or both are equally
highly educated), tend to have superior fertility rates (both in timing and completed fertility) if
compared with couples in which the woman has a higher educational level.

Theory on dynamic models of household fertility decisions (e.g., Heckman and Willis (1976),
Wolpin (1984); Happel et al. (1984); Almlund (2013)) also aggregated important insights that goes
beyond static models that predicts completed fertility. It allows potential analysis of the timing and
spacing of fertility in response to economic incentives throughout adulthood phases. Moreover,
it incorporates features of others life-cycle decisions models, such as consumption, labor market
and formal education investments during life. Facing imperfect capital market, and in order to
smooth their consumption, couples tend to postpone childcare until the husband’s earning status
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is established and “relatively high” (Happel et al. (1984)). This prediction, in turn, has a close
relationship with his investment in human capital formation, since the husband’s expected earnings
is a relevant content on family’s decision – and not only the current earning level.

Almlund (2013) for instance, through a dynamic model of credit constraints and fertility timing,
discusses how individuals make life decisions in an environment where they cannot use their future
human capital as credit markets’ collateral. The author investigates how marriage and childbirth
decisions of men and women with high educational level are impacted by an environment of two
important constraints: credit and female fecundity. Her model predicts that human capital accumu-
lation elevates the value of time for the individual, and as long as credit is constrained, the couple
postpones the first childbirth. Additionally, the market “alleviate” the fecundity constraint through
an age gap between husband and wife that maximizes welfare within each marriage in equilibrium.

Despite the solid theoretical support, (Schultz (1985); Becker (1960); Becker and Lewis (1973)),
along with numerous empirical associations, it is necessary careful attention when it comes to esti-
mate and interpret the impact of education on fertility decisions as a causal relationship. The main
challenge relies on unobserved factors: family socioeconomic background, intrinsic ability and
preferences that may simultaneously influence schooling level and behavioural fertility outcomes
(Moffitt (2005); Tavares (2010)). Moreover, it may occur the reverse causality: entering mother-
hood, for example, may interrupt the school attendance of a young woman – which might cut short
her educational accomplishment (see Cohen et al. (2011)).

In this context, assessing the causal relationship between education and fertility has been a
challenging agenda. The more recent literature in economics strives to use experimental and quasi-
experimental settings. Duflo et al. (2015), for instance, throughout a randomized educational sub-
sidy intervention in Kenya, found that reducing the cost of education through free uniforms to boys
and girls in primary school leaded to a significant decrease in early marriage rate (by 2.6 percentage
point) and teenage pregnancy (by 2.7 percentage point) among girls, and a smaller, but still posi-
tive, effect on paternity (0.6 percentage points) among boys, three years later. Those results, though,
practically vanish for both boys and girls as the authors estimate the long-term impact (seven years
later), on “ever pregnant” indicator. Jensen (2012) reported complementary evidence from India.
The author evaluated three years of recruiting services randomly assigned on rural villages, which
had the main purpose of increasing employment awareness and access for young women. The re-
sults primarily indicate that treated women invested more in qualification courses, such as English
and computing, in order to increase their chances to be hired. As a result, the treated women de-
layed marriage and childbearing by approximately 5 to 6 percentage points over the three years of
intervention.

Most studies, though, exploit compulsory education laws as an instrument for exogenous vari-
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ance in primary or secondary educational attainment. At most, the results suggest a robust negative
relationship between education and women’s timing of fertility or completed fertility (Osili and
Long (2008) in Nigeria; Ferré (2009) in Kenya; Lavy and Zablotsky (2011) in Israel; Cygan-Rehm
and Maeder (2013) in Germany; Güneş (2013) in Turkey). McCrary and Royer (2011) findings,
on the other side, did not evidenced any effect of education on women’s fertility, but only on the
child’s “quality” (proxied through infant health outcomes). He also found a positive assortative
mating: higher educated women married older and more educated mates.

Evidence regarding educational level and men’s fertility behaviour, on the contrary, is scarce at
more quantitative-oriented literature1, mainly when it comes to causal evidence. Most are concen-
trated at demographic and sociological areas, which are predominantly descriptive (e.g. Trimarchi
and Van Bavel (2015); Buhr and Huinink (2014) and Huinink and Kohli (2014); Lappegård et al.
(2011)).

Additionally, empirical evidence attempting to estimate effects of vocational education on fam-
ily formation and fertility decisions are quite rare. To the best of our knowledge, there exist three
recent evaluations on it: Bandiera et al. (2015), who estimate the effect of a vocational training2,
found a two-year post course effect of 26% decrease in teen pregnancy and a fall of 58% in marital
status on teen pregnancy in Uganda; Hicks et al. (2011) working paper, which reports an ongoing
investigation of a vocational program in Kenya with no preliminary results so far; and Ibarraran
et al. (2014), who investigated a randomized professional educational program (corresponding to
courses of 225 hours) in Dominican Republic. The author found a negative effect of 2.2 percentage
points for women. Such result, though, was driven by girls aging 16-19 years old, whereas women
older than 24 years old presented a positive not significant signal.

The relevance of producing evidences of this sort relies on better understanding non-pecuniary
returns, such as fertility behaviour, of post-secondary skill-oriented interventions that might, in
turn, infer greatly on crucial aspects of the youth’s life course. Moreover, we evaluate a neglected
non-market dimension of a wide governmental-sponsored vocational education program in Brazil
that has been receiving increasing attention and voluminous public investment over the last years
(see Souza et al. 2015).

PRONATEC (Technical-Vocational Education National Program), launched in 2011 by the fed-
eral government, is currently the largest technical-vocational education program in Brazil. Its pri-

1Breierova and Duflo (2004), for example, evaluated an Indonesian program that enlarged elementary schooling
supply in the country from 1973 to 1978. Focusing on fertility outcomes for both men and women, the results suggest
that the effect of education is more relevant for women, which presented increased age at marriage and lowered early
fertility.

2The program aimed at providing courses with both hard vocational skills (as hair-dressing, tailoring, computing and
small trades operation) along with soft skills, including reproductive health, sexually transmitted infections, HIV/AIDS
awareness, family planning, rape, conflict resolution and leadership.
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mary purpose is to expand Brazil’s technical education supply and is particularly designed for
the low-income population. Its main initiative, the Students’ Training scholarship, funds vacan-
cies in secondary-level technical courses3 or short-term vocational courses for students who have
completed or still attend high school in public schools. The partners’ networks correspond to the
S-System4 and the technical-vocational education by private institutions already accredited by the
program.

Critical to our empirical strategy, PRONATEC randomly assigned scholarships to individuals
enrolled in classes that presented a number of registered candidates higher than its available va-
cancies. In this context, we collected data from four municipalities in the state of Santa Catarina,
Brazil, corresponding to four well-known technical educational schools that presented oversub-
scribed PRONATEC-sponsored courses.

Data regarding fertility were collected approximately three and half years after the program’s
registration period. Such time span was particularly interesting for research purposes: individuals
during this period had to cope with critical decisions, such as finding a job, continuing accumulating
human capital and whether or not moving to their own household, all jointly. The PRONATEC’s
lottery, therefore, confers a rare data setting to investigate the effect of an exogenous variation in
educational level on the timing of fertility and family formation decisions of young adults along
three critical years’ span.

Beyond this current introduction, this article is divided as follows: Section II brings a detailed
description about PRONATEC along with its experimental design; Section III provides the sample
description and balance checks; the empirical strategy is reported in Section IV; the main results and
robustness analysis are provided in Section V and finally, the last section brings a final discussion.

3Secondary-level technical courses in Brazil are characterized by courses of 1 to 2 years of duration.
4The ”S system” corresponds to a set of social educative organizations which receive public funds (via firm’s

payrolls) in order to provide professional training, social assistance, consulting, and technical assistance
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2 PRONATEC: Background and Experimental Design

2.1 Background

The PRONATEC (National Program of Access to Professional Education and Employment) is
a vocational education program sponsored by the Brazilian federal government. It was launched in
2011, in the midst of an emerging financing trend focused on vocational courses in the country1.
The program is designated to increase the access to professional skill formation in order to expand
labor market opportunities for the population – especially the less favourable and the youth public.
From 2011 to 2014, the average growth rate of enrolment in vocational courses2 was approximately
46% in the country, representing an annual average investment of R$ 1.52 billions distributed over
more 3,200 municipalities (Souza, et. al. 2015).

One of its main initiative, the “Students’ Training Scholarship”3, is a voucher-type scholarship
which finances graduated or students still attending public school to attend secondary-level voca-
tional education courses45. This initiative was responsible to an accumulated amount of 584,473
enrolments from 2011 to 2014 (Souza et al. 2015). The program works as the following procedure:
i. Interested professional education institutions propose to the federal government – through the
respective state’s secretary of education – an offering of a determinate number of vacancies due to
be financed by the program; ii. The responsible government entity (Ministry of Education) autho-
rizes, if applicable, the opening of those courses by those partner schools (which may be public or
private); iii. The school open an application process directed to the interest eligible public. In case
of excessive demand and oversubscription of a course, the vocational school may resort to lottery,
(which should be realized in partnership with the secretary of education) to assign the vacancies6.

1The Federal government’s spending on vocational education has risen from 0,04% of GDP in 2007 to around 0,2%
of GDP in 2013 (Souza et al, 2015:In https://publications.iadb.org/handle/11319/6996?locale-attribute=en&locale-
attribute=es&)

2This number refers to all PRONATEC’s initiatives, corresponding to 6 subprograms which include the Student
Training Scholarship. See Souza, 2015 to PRONATEC’s programs details.

3In Portuguese, “Bolsa Formação Estudante”.
4There exist two types of scholarships:Students’ Training Scholarship Bolsa formação estudante and Worker’s

scholarship (Bolsa formação trabalhador. The former provides a secondary technical diploma and requires at least
high school attendance; whereas the latter is intended primarily to a low-income public, not being necessary high
school diploma. Also, it provides only a professional certificate.

5This Scholarship covers, beyond the course per se, extra expenses, as transportation, food stamps and teaching
materials.

6The scholarship selection can vary from lottery, proficiency on schools’ tests, socioeconomic indicators or curricu-
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Vocational courses of secondary-level financed by the Student Training Scholarship, should
meet some curriculum criteria. The minimum workload for each technical course should range
from 800 to 1,200 hours additionally to the assigned professional internship workload - which
corresponds to a course lasting approximately two years. As said above, the student should have
graduated in public secondary school or being enrolled at least in the second year of high school.

Also, in order to obtain the secondary technical degree, it is required a minimum attendance
rate of 75% of the total vocational class’ workload and that the student must have completed the
general secondary education as well. In 2014, the “hour-value” stipulated for each student were
around R$ 10.00 by course (Secretariat of Professional and Technological Education report, 2013).

The main PRONATEC’s partner network corresponds to the S System, a group of nine non-
profit organisms, each one specialized in one economic area, as commercial service, industry or
transportation. They provide a range of free-of-charge social activities sponsored by public funds
collected via taxes over firm’s payrolls. Particularly, vocational education represents one of their
main services (Souza, et al. 2015). According with CNI (2014)7, approximately 43% of profes-
sional education in Brazil is under responsibility of the S System. The experiment exploited here
took place in the largest S System entities: four schools from the “industry’s national learning

service” (SENAI) and one school from “commerce’s national learning service” (SENAC).

2.2 Experimental design

We will exploit a randomized selection process that took place from 2012 to 2014 in four SENAI
institutions and in one SENAC entity, located in four municipalities in Santa Catarina federal state:
Chapecó, Itapiranga, Xanxerê and São Miguel do Oeste.

Overall, administrative data about candidates registered in the courses sponsored by the Stu-
dent Training Scholarship are not public available in Brazil. Data regarding the candidates’ name,
phone number and basic demographic information along with the selection process result are con-
fidentially restricted to the Secretary of Education. Thanks to a partnership with the Secretariat of
Education of Santa Catarina, we accessed such administrative information corresponding to the
four previously cited municipalities. Those entities provided to us the list of the candidates’ names,
telephone numbers, baseline characteristics (age, schooling at the time of registration in the course
of interest, gender, and race) and the randomized selection result.

Due to PRONATEC’s gratuity, oversubscribed courses occur. In particular, when the number

lum analysis, and is responsibility of the states (Schwartzman and Castro (2013)
7Confederação Nacional da Indústria 2014. Pesquisa CNI-IBOPE: Retratos da Sociedade Brasileira: Educação

Profissional. Brası́lia, Brazil.
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of applicants exceeds the number of available vacancies (each class holds 35 slots), the vocational
education institute (particularly SENAI entities), is allowed to perform a public random lottery in
order to select the candidates.

Particularly, the Secretariat of Education of Santa Catarina was responsible to the assignment
protocol. It randomly ranks every candidate of a specific course by a list in a crescent order, where
the top 35 individuals are invited (through phone call and/or e-mail), to enroll to the course of
interest. Given that, each course may have more than one opened class (including in different shifts,
depending on the number of candidates). Such procedure implies that, the randomization occurs
at the individual-level, stratified by classes. The first call round corresponds to the first pool of
individuals selected and invited to the program. As long as not everyone who were called accept to
attend the course, subsequent call rounds are a common procedure.

In this context, the total number of potential non-selected individuals by strata is a function of
the pool of candidates per course, as well as the number of dropouts in the first selection round. For
example, if there exist ten individuals in the waiting list but nine selected students from the first
selection call declined a slot – it remained only one individual not selected, because the other nine
who applied were invited in subsequent calls conforming the substitution procedure. The length of
the reserve lists varies greatly according to the course, and may ranges from only one individual to
more than one hundred8. As a result, the number of non-selected individuals is uneven both among
lottery strata (classes) as well as within strata (when compared to the number of selected students).
We only take into account those courses with more than 35 PRONATEC’s candidates.

The selection process does not assure that all selected candidates attend the course. As a result,
the rank works as a “reserve list” where subscribers up to the 36th position (the so-called “second
round”) are the next potentially individuals to be invited if some candidate(s) between the 1st and
35th positions decline to enroll in the course. Such procedure continues until the 35 vacancies
are filled. A “filled vacancy” means that the selected individual has enrolled in the course – not
necessarily has concluded it. As we hold administrative information about the individual’s rank’s
position and his enrollment status, as well as individual data containing the position of the last
ranked individual enrolled per course, we are able to identify the position of the last individual
invited to a specific course, and consequently, who were not ever offered a spot. As we will better
detailed in the empirical strategy section bellow, the individuals’ selection status will be indicated
by Wi, where Wi=1 indicates the selected ones and Wi=0 otherwise.

8Table x in annex reports the pool of candidates per class.
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3 Data collection and sample description

3.1 Data collection

The contemplated vocational schools in this study provided us an administrative list composed
of all individuals who applied for a technical course between 2012 and 2014, in order to compete
for a PRONATEC’s Student Training Scholarship. Thus, it was possible to identify and contact
individuals who applied to an oversubscribed course. Supported by a team of trained surveyors, we
conducted interviews from June to September of 2016.

Firstly, phone calls were made to the applicants in order to invite them to a face-to-face inter-
view at rooms reserved by the SENAI schools in Chapecó and Xanxerê1 . In the remaining two
municipalities the interviews were conducted by phone2 . The first approach was to convince the
applicants to answer the questionnaires in person, without any financial incentive – only inducing
them to understand the importance of their participation in order to evaluate the program to public
policies improvement purposes.

It were included in the questionnaire, beyond a range of socioeconomic and labor market vari-
ables, questions about fertility and household status of the individuals, from where we apprehend
our fertility and family formation indicators, as better detailed in section C3.

3.2 Attrition

The universe of interviewees totalizes 2,025 subscribers listed at the original administrative
records that we will call admdata(1). Of these, only 1,444 subjects held information about phone
number and sociodemographic characteristics.

We then assigned from the admdata(1), Ai = 1 to all individuals who attrited due missing
information, versus non-attrited, Ai = 0, and estimate a linear probability model against (Wi),
our indicator of selected/not selected individuals. Table 2A in annex, shows that individuals never

1In fact, the individual is comfortable choosing the best place to be interviewed. The interviewer, in this case, would
go to the place suggested by the individual being interviewed, such as the interviewee’s home or workplace. However,
the vast majority chose to go to SENAI.

2Due to time and financial constraints.
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invited to the program have a probability of 29.5 percentage points higher to present missing infor-
mation in admdata(1).

The reason for attrition[1] stemmed from the PRONATEC’s official system. It records informa-
tion of subscribed individuals from the first round - the first 35 vacancies - and an additional of 35
more vacancies referent to the second round. I.e., individuals that were randomly ranked from the
70th position onwards, not necessarily had their information recorded by the system. Hence, attri-
tion[1] is directly related to a regular procedure in the PRONATEC’s system, being not correlated
with unobservables characteristics of those subscribers.

The second cause of attrition, that we will call attrition[2] hereafter, regards two different
sources, i) nonexistent or out of service telephone numbers; ii) non-compliance: either the con-
tacted applicants declined to answer to the survey or did not show up to the interviews in person
as previously scheduled by the interviewers. In order to minimize the non-response rate, after sus-
tained attempts to convince the individuals to participate (approximately three phone calls attempts
to convince them to participate in person) they were suggested to answer the questionnaire by
phone.

The next exercise aims at estimating potential baseline predictors of attrition(2) considering the
administrative available sociodemographic characteristics of the universe of subscribers: age and
educational level at the registration moment; race (white = 1, non-white = 0) and gender Table 3A
in annex reports the results. The unique variable statistically significant was gender (male = 1). The
women were 4.5 percentage points (p.p.) less prone to be interviewed than the male population.
This would turn into a problem only if it occurred at an uneven way across selected and non-
selected groups, which is not the case. We also estimate the probability of attrition by selected, non
selected individuals, for different subsamples, as shown in Table 4A.

Regardless the attrition, we check the balance of the administrative sociodemographic variables
between selected and non-selected individuals for the entire population of subscribers from adm-

data(2). Table 5A reports the results. As we separate out the population by gender, two unbalances
arise: a higher probability of non-white women among the selected ones; and a greater age level
among the selected men. The latter difference practically disappears as we constrain the male pop-
ulation to individuals aging 35 years old at maximum (which is the sample restriction that we focus
on).

Finally, from the list of potential interviewees (1,444 applicants who held telephone number’s
information) we interviewed 48%,3 resulting in a final sample of 735 individuals.

3Beyond the administrative list provided by the vocational schools, we had access to Santa Catarina Secretary of
Education’s system, which register all students and ex-students of the state education network. In such site, it was
possible to locate phone numbers of a subgroup of candidates with unavailable contact in SENAI’s administrative
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3.3 Sample description

3.3.1 The lottery strata

So far, our effective sample of 237 women and 498 men still presents an undesirable feature:
it is unbalanced within strata. Overall, the whole sample is distributed across 29 oversubscribed
classes4 , which represent 29 randomization strata (S) over four municipalities, from 2012 to 2014.
Thus, a drawback relies on 16 strata containing only treated individuals, remaining actually, 13
strata holding individuals from both groups5.

As the number of PRONATEC’s vacancies is fixed per class, and the number of candidates
varies greatly per stratum, the likelihood of selection changes over strata. In addition, despite the
randomness within strata, the decision of an applicant to subscribe to a determined course is not
random. Therefore, it is imperative to include the set of strata dummies in regression in order to
estimate the treatment effect within lottery randomness (Duflo et al. (2007); Hoxby and Murarka
(2009). Still, according to Behaghel et al. (2017) and de Chaisemartin and Behaghel (2015),as
long as the share of selected units varies per stratum, pooling the strata together controlling only
for lottery fixed effect may be naı̈ve, since it may create again, imbalance in the proportion of
accepters between the selection groups.

To circumvent it, the authors suggest the inverse probability reweighting proposed by Rosen-
baum and Rubin (1983): individuals classified as Wi = 1 are weighted by a ratio of the share of
selected individuals in the population and in their own stratum: p1 =

√
P (Wi=1)

P (W1=1|S) . The same occurs

for the non-selected ones: p0 =
√

P (Wi=0)
P (W1=0|S) . de Chaisemartin and Behaghel (2015) highlights such

procedure as being a way to guarantee that the estimated effects “arise from the comparison of

lottery winners and losers within and not across strata”. Furthermore, the authors argue that solely
including the strata dummies do not confer to each stratum its real weight in the population under
analysis.

records. The Education System also had non-existent or invalid number of alumni (current and former). It is justified
that, although portability allows people to continue with the same telephone number, there is considerable turnover of
telephone numbers - especially if the person changes area codes. Through such procedure, we could get in touch with
another 93 applicants.

4As already explained, there exist courses with more than one class, on different shifts. The list of vocational courses
contemplated in our sample are in Table 1A, in annex.

5For practical purposes, the regressions automatically drop out all those strata with control empty cells, correspond-
ing to 284 treated subjects. However, for the sake of description analysis, we shall consider the whole sample.
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3.3.2 The sample

A quite common analysis on program evaluations relies on potential heterogeneous effects on
differing subpopulations (See discussion in Duflo et al. (2007) p.64). In light of this, and along
with the substantial life cycle differences by gender when it comes to investigate fertility, our main
analyses will estimate the program’s effect separated by male and female population. Moreover,
PRONATEC allows two potential eligible groups to compete for the Student Scholarship Training:
(i) Students still attending at least the second year of high school – the concomitant modality; (ii)
Individuals who already graduated secondary school – the subsequent modality.

Particularly, each subgroup presents specific schooling pathways, and by construction, different
age groups. Together with different educational contexts, each comes with different timings on
important decisions, as further education, labor market career and family formation. In this context,
we also investigate fertility decisions separately by concomitant and subsequent modalities.

Furthermore, it is straightly acknowledged the crucial role of age on childbearing decisions,
especially among women. If we consider the whole female sample, we would incur in a selected
group that is, on average, one year older then the non-selected. Also, through Kolmogorov-Smirnov
test, we tested the null hypothesis of no distributional age difference. At a p-value= 1%, we rejected
age’s distributional likeness between selected and non selected for both men and women. In this
context, we restrict our sample to individuals aging at maximum 35 years old. Two main reasons
oriented the choice of such age cutoff: first, it is enough to trim outliers, as women aging 50 to 57
years old, and still embedded approximately 90% of the whole sample; second, the age’s disparity
between the comparison groups drops dramatically: the male subsample evidence a mean differ-
ence of two months and half older for the selected men; while female subsample presents selected
women only four months older, as can be observed in Table 1 ahead.

Table 1 reports in Panel A, the distribution of subjects between selected and non-selected groups
regarding the overall sample younger than 35 years old; female and male subsamples and finally,
concomitant and subsequent modalities. Panel B brings the distribution of applicants by municipal-
ity6.

There exists a clear imbalance between our comparison groups. The selected subjects are re-
sponsible for 83.84% of the full sample – corresponding to 550 individuals. On the other hand, 106
non-selected subjects represent the remaining 16.16% of the sample, totalizing 656 interviewed

6Our data is supposed to be also distributed by the course’s start semester (first and second semester of 2012;
first semester of 2013 and first semester of 2014). However, as we restrict the sample to individuals younger than 35
years old, we end up with non-selected individuals only from courses corresponding to 2013. The descriptive summary
in table 1 is still considering the treated individuals from 2012 and 2014 as well, but for estimation purposes, those
individuals will also be dropped out since they do not have a corresponding control group.
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applicants aging, at maximum, 35 years old. Note that such disproportion is evident by gender
subsamples as well. The subsequent modality presents 65% of selected individuals versus 24%
of non-selected ones, whereas the concomitant one evidences a deeper imbalance: 92.3% of the
observations were invited to the program, remaining only 24 individuals (7.62%) not ever selected.

If our constructed instrumentW is in fact exogenous, baseline variables should not differ signif-
icantly between selected and non-selected groups. Considering the full sample, we observe a quite
well balancing in all variables under analysis. The only mean differences statistically significant at
10% were “do not know the father’s schooling”, and “father has secondary schooling level” which
presents respectively 4 p.p. in favor to the selected individuals and 10 p.p. higher for the control
ones.

Extending the balance test to male and female separately, we perceive a similar pattern: no
mean difference statistical significant in men’s subsample and only father with no schooling along
with unknown father’s schooling presents statistical significance between selected and non-selected
women. Looking specifically to the educational modalities, note first, that the subsequent subgroups
hold an average age of almost 26 years old, whilst the concomitant is much younger: 19.4 years old
on average. Such difference will be pertinent to interpret our main results later on. The only mean
differences that draw attention are, again, “father with no schooling” and “father with unknown
schooling” in concomitant subsample. Given our limited number of observations, especially in con-
trol group, we carefully conclude that most baseline variables presented similar means, conferring
comparability between our constructed comparison groups. In order to adjust for these unbalances
and confer accurateness on estimations, all parenting schooling dummies, along with age and race,
will be included in the regressions.

3.3.3 Data on family formation and fertility

The survey we conducted encompassed three key questions: (i) Family formation – the inter-
viewee answer if she considers herself as “head of family”, “spouse”, “still live with the parents”;
“live with other relatives” (ii) Fertility Behavior: the applicant answers if she/he ever had any child,
and if so, (iii) how many are, and how old they are.

Summary statistics are available in Table 3, separated by the restricted subsamples that we will
focus on subsequent estimations. Two variables inform the individual household status: if he/she is
married or head of household or, on the contrary, if she still live with the parents. Marital status,
along with “head of household”, compounds a unique indicator. The reason is that the question’s
design did not permit to identify if the individual is either head of family and married or only head
of family. Specifically, the question posits the following options: 1) head of household; 2) spouse
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3) live with parents 4) live with other relatives or “other person”. If the student live in a student’s
republic, the interviewers were trained to further ask if the individual is responsible for her own
expenses – and in this case, he/she would be considered “head of household” as well. Otherwise,
the interviewee answered by his own understanding given the available options. Moreover, despite
we have the option “spouse”, we still cannot isolate marriage information per se. This issue is
more recurrently among the male public, who self-entitled head of family even being married. For
women,“spouse” is a better proxy to marriage than for men – but it is still not exhaustive, because
they could answer “head of household” and being married as well.

Regarding the fertility indicators, the data we hold enables us to explore the following binary
measures: (i) had ever any children; (ii) had children since the program’s start date; (iii) had any
children since the course’s start date, conditional on not having any child before: an indicator of
first child birth.

An important issue should be enlightened: we do not know the child’s date of birth. We, instead,
explore the child’s age, to infer when she was conceived. Therefore, these indicators are not com-
pletely ’sharp’. The pre-enrolment period gave place after the lottery procedure, which occurred in
2013 early February7 . This means that, for example, the women who gave birth in August 2013,
was already pregnant before the course start. However, the key issue is that, for those cases, the
child still ages two years old in July 2016 (the interview’s date). And we consider all children ag-
ing two years old as being a childbirth during the course’s period. In other words, the child who
ages two years old at the moment of the interview (between June to September) and has her 3rd

birthday in August, September or October, will be erroneously considered as a childbirth after the
beginning of the course. In order to test any potential bias stemmed from this problem, we esti-
mated the main fertility variable (the probability of childbirth since the beginning of the program)
excluding the children aging 2 years old. Table 6A in annex, shows that the results did not change
qualitatively from the main ones, for any subgroup under analysis.

Table 3 shows that, when it comes to be married or head of household, the proportion of women
is superior than to men. Symmetrically, it is greater the share of men still living with parents. This
evidence confirm a recurrent finding that women marry earlier (Almlund (2013). There is also a
considerable difference between subsequent and concomitant modalities. Whereas 10% of the men
from concomitant group do not live with the parents anymore, 56% are married or head of family
in the subsequent group. It is important to bear in mind that even restricting the age, the subsequent
modality is more than six years older than the concomitant.

7We specifically focus on 2013 here because as already commented, as we restrict the sample, we end up only with
control individuals from courses from 2013. Consequently, our estimations will only take into account selected and non
selected subjects from 2013. Further, the contemplated courses of this year all started at the first semester, i.e., early
March.
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Table 3: Summary statistics of family formation and fertility by subsamples
All All All men Subseq. Concom. Women Men Men

Variables sample women Modality Modality subseq. subseq. Concom.
Head or 0.404 0.440 0.387 0.599 0.122 0.673 0.567 0.101
married (0.491) (0.497) (0.488) (0.491) (0.328) (0.471) (0.496) (0.302)
Live with 0.551 0.504 0.574 0.359 0.828 0.259 0.402 0.845
parents (0.498) (0.501) (0.495) (0.481) (0.378) (0.440) (0.491) (0.363)
Had ever 0.203 0.207 0.201 0.311 0.0453 0.299 0.317 0.0171
a child [1] (0.402) (0.406) (0.401) (0.464) (0.208) (0.460) (0.466) (0.130)
Had ever 0.128 0.116 0.134 0.213 0.00547 0.212 0.213 0.00853
a child [2] (0.334) (0.320) (0.341) (0.410) (0.0739) (0.411) (0.410) (0.0922)
Had ever 0.112 0.113 0.111 0.162 0.0398 0.127 0.176 0.00862
a child [3] (0.315) (0.317) (0.315) (0.369) (0.196) (0.335) (0.382) (0.0927)
Had ever 0.0692 0.0867 0.0609 0.0933 0.0344 0.0856 0.0966 0.00436
a child [4] (0.254) (0.282) (0.239) (0.291) (0.182) (0.281) (0.296) (0.0660)
Had ever 0.0492 0.0262 0.0601 0.0794 0.00547 0.0418 0.0954 0.00426
a child [5] (0.216) (0.160) (0.238) (0.271) (0.0739) (0.201) (0.294) (0.0653)
Had ever 0.0747 0.0910 0.0670 0.0989 0.0398 0.0872 0.104 0.00862
a child [6] (0.263) (0.288) (0.250) (0.299) (0.196) (0.283) (0.306) (0.0927)
N 672 225 447 348 324 108 240 207

Where Had ever a child [1] = had any child (no matter when); Had ever a child [2] = had any
child before the date of the program’s application; Had ever a child [3] = had any child since the
date of the program’s application; Had ever a child [4] = had any child during the course’s period;
Had ever a child [5] = had any child after the course’s end; Had ever a child [6] corresponding to
the first birth

The second column evidences that 21% of women in our sample have at least one child; quite
similar to men. Note that among the concomitant modality, a fairly lower proportion is evidenced:
only 4.5% is a parent. In turn, in subsequent modality this number arises to 31%.

An important indicator for our investigation relies on understanding if the comparison groups
already presented any fertility difference before the program’s start date. This assures that whatever
effect we may estimate, is an indicative of post-program impact. We showed in the balance checks
(Table 2) that the probability of having any children before the program’s start date is quite similar
between selected and non-selected groups, no matter the subsample we consider. Approximately
12.8% of the sample became parent before the program’s start date. On the other hand, 11% of our
sample had a child after the program’s had started (until the interview’s moment). Again, this share
is considerably different by educational modality: only 4% of the individuals from the concomitant
group and 16% of the subsequent one became parents (not necessarily for the first time) during the
course’s span. In turn, the share of subjects that had become first-time parents since the course’s
started is 7%: 9.1% among women and 6.7% among men.
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4 Empirical Strategy

4.1 Identification

Studies exploring experimental and quasi-experimental settings through randomized waiting
lists are rather recurrent in literature (e.g. Curto and Fryer Jr (2014) Abdulkadiroğlu et al. (2011),
Hoxby and Murarka (2009)). Abdulkadiroğlu et al. (2011), for example, constructed two instru-
ments to identify treatment groups in charter schools in Boston according to the schools’ random
waiting lists: a “initial offer” and a “ever offer” group in order to account for posterior call rounds.
Hoxby and Murarka (2009) in turn, evaluated charter schools in New York. The authors identified
those who were not ever invited (the “lotteried-out”) as the comparison group. Nevertheless, what
de Chaisemartin and Behaghel (2015) claim is that, despite group identification based on first call
round is random and statistically comparable, comparison groups defined through all call rounds,
may not. More specifically, de Chaisemartin and Behaghel (2015) show that, if the treatment group
is computed considering all individuals who were ever invited,“one might worry that it bear a

greater proportion of accepters than the comparison group”. As long as accepters may be differ-
ent in non-observable abilities compared to refusers (those who will not join the program even if
selected), treated and control groups may not be rigorously comparable: they may hold, by con-
struction, different proportions of accepters. In order to address such issue, the authors proposed a
simple correction which we will adopt here.

Following de Chaisemartin and Behaghel (2015), let consider an instrument, Zi, which assigns
1 to individuals selected at first call and Zi = 0 to subscribers not invited at first call. Assuming
that lotteries were fair, such an instrument guarantees non-arbitrariness on the construction of the
treatment groups. Nevertheless, as long as subsequent calls rounds is recurrent, a considerable
proportion of individuals identified as Zi = 0, was actually treated, shrinking the share of compliers
and conferring a weak instrument1.

Now, let a1 and a0 = n−a1 be the number of accepters and refusers, respectively. The school’s
lottery renders to each subscriber, a random number: Ri ∈ {1, ...n}. Also, there exists s vacancies
per class, thus, the individual who is assigned with Ri ≤ s is invited to join the course. Assume

1Indeed, LATE estimations using Zi as instrument conferred a weak first stage: F-statistic≤ 5. The Stocke and
Yogo’s (Stock and Yogo (2005)) rule of thumb suggests that if the IV’s first stage’s renders F ≥ 10 one can reject that
the instrument is weak
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now, the existence of r refusers. As a result, s ≤ Ri ≤ s + r individuals receive an offer. Such
process continues until the s spots are filled. Let L2 be the random number of the last subscriber
receiving an invitation. What is recurrent in literature is the construction of the treatment group as
follows: Vi = 1{Ri ≤ L} if the candidate i is ever called, while the individualsRi > Lmake up the
control group. Such identification bears to be contaminated by different proportions of accepters
(see de Chaisemartin and Behaghel (2015)).

To circumvent this problem, let compute a slight different vector of selected individuals: Wi =

1{Ri < L} − 1{Ri = L} and Wi = 0 if Ri > L. Where, by definition, the individual positioned at
Ri = L is the last accepter (otherwise, as the authors argue, it would be mandatory to offer a spot
to the candidate at L + 1 position). Note that the only difference from Vi, is the elimination of the
last accepter individual from the treated group and, by that, from the analysis as well. Such a small
correction guarantees that the adjusted groupsWi = 1 andWi = 0 hold, on average, the same share
of accepters. What the authors show in Theorem 1 (pag.3) is that, across all possible rearrangements
of subscribers, the groupsWi = 0 andWi = 1 have the same proportion of accepters in expectation.
The intuition is simple. Once we eliminate a “taker” from the treated group, it corresponds to under-
representing each accepter, or on the contrary, overweight the non-takers by 1

L−1 . See complete
demonstration at de Chaisemartin and Behaghel (2015).3.

As we hold administrative information about the individual’s rank’s position and her enrollment
status, we are able to identify the position of the last individual invited to each strata (class) and
consequently, who were not ever offered a spot. In this context, we can identify the last ranked
individual i, enrolled in class c (the last accepter), and drop out him/her from our sample. From
now on, our identification of selected and non-selected groups, respectively, Wi = 1 and Wi = 0,
is also our instrumental variable in LATE estimations. The treatment per se, will be denoted by
Ti = 1 if the individual was invited and attended the program’s course (not necessarily concluded
it) whereas Ti = 0 if the individual was either not ever selected or was invited but did not accept
to participate.

4.2 Intention to treat effect

Once selected, the individuals may or may not attend the course of interest. The reasons that un-
derlie the individual’s decision may generate a potential selection bias to our estimation if we only
consider those who in fact attended the program. The common problem of partial compliance im-
plies that not everyone from the beneficiary group in fact attended the course. Conversely, subjects

2The authors use T to represent the last candidate. We changed to L once we denote T as the treatment status
3The last version is available in https://sites.google.com/site/clementdechaisemartin
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in the control group may attend similar courses alternatively. The randomization only affects the
probability of the program’s exposition, and not the treatment itself (which here is correspondent
to attending the course).

In this context, to estimate the causal impact of vocational education exposition on fertility
decisions, we primarily rely on an intention to treat effect (ITT). We regress the outcome of interest
on our constructed binary indicator Wi, which equals one if the applicant i received an offering4 to
attend the course and zero otherwise:

Yi = α + βWi + θXi + ηs + µm + πt + ui (3)

Where we denote Yi as a particular outcome of interest of the individual i; Xi is a vector of co-
variates at individual level (age, race and parent’s schooling), and it intended to correct for any
remaining unbalance across comparison groups and to increase the estimation’s efficiency; Xi still
encompasses a dummy indicating the individuals schooling modality (subsequent or concomitant)
along with a binary indicator if he or she already had child before the program’s application date;
ηs represents the set of randomized classes (29 in total); and finally, µm and πt represent munic-
ipality and the course’s starting year fixed-effects respectively. The error term, ui, is assumed to
be independent across strata (conditional on strata dummies)5. We also weight the individuals in
every regression with the propensity score reweighting (Rosenbaum and Rubin (1983) in order to
rebalance the proportion of accepters when pooling the strata altogether and to account for the real
weight of each stratum in the population under analysis.

Under the assumption of randomly assignment of W 6 , the parameter of interest,β, is estimated
by ordinary least squares (assuming a linear probability model) and has causal interpretation: it
informs the effect of the program’s exposition on family status and fertility decisions. Alternatively,
it can be interpreted as a lower bound of the vocational course’s effect, as long as non-compliers
may undermine the actual impact.

4As already explained, according with (Chaisemartin and Behagel, 2015) the last accepter individual from selected
group is excluded from analysis in order to confer balance in the proportion of accepters across comparison groups.

5The errors across treated individuals within strata are probably correlated. However, as long as the number of strata
is small —29 lottery classes —clustering by randomization strata may lead to over-rejection of null hypothesis of no
effect (Duflo et al. (2007); Pischke and Angrist (2009).

6The core assumption that permeates our indicator W , relies on independence, i.e., the potential outcomes are
mean independent of the selection assignment mechanism underlining W . Intuitively, it means that, in the absence of
the course’s exposition, the fertility behavior across selected and non-selected groups would have been similar.
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4.3 Local average Treatment Effect (LATE)

When compliance is imperfect, the random assignment is usually used as an instrument for the
treatment under analysis. Differently from the ITT estimation, we now ask for the effect of the
treatment itself, and not solely the access to it. This second approach relies on the local average
treatment effect (LATE) (Angrist and Imbens (1995)), where the randomized assignment of W
is used as instrument to the individual’s educational attainment. This produces an estimate of the
program’s impact on those induced by the instrument to enrol in the course, i.e., in the selection
absence, those applicants would not have been treated.

LATE estimations provide causal effect conditional on four main hypotheses: (i) independence,
(ii) exclusion restriction, (iii) first stage and (iv) monotonicity (Pischke and Angrist (2009))7. Under
those assumptions, the great benefit of LATE is that, in expectation, it wipes out any endogeneity
that may underline the actual treatment decision of individuals.

Our first stage estimate the probability of applicant i attending the course (not necessarily con-
cluding it8) given the randomized selection status (Wi = 1):

Ti = σ + θWi + ρXi + ηs + µm + πt + ξi (4)

Where Ti = 1 indicates if the candidate attended the course for at least the first semester; Ti = 0

if she did not attend the course at all; Wi = 1 represents those who were offered a vacancy and
Wi = 0 the applicants who were not ever invited to the program; ηs, µm and πt are respectively the
lottery strata, municipality and year fixed effect; Xi is a vector of exogenous variables as addressed
above. The parameter θ indicates the share of compliers, or, the effect of being selected over the
individual’s participation on the vocational program.

Once (2) is computed, we regress T̂i against the outcome of interest Yi:

Yi = α + γT̂i + θXi + ηs + µm + πt + εi (5)
7(i) Independence posits that the potential result of interest does not have any other relation with the instrument that

is not exclusively via the course’s attendance; (ii) Exclusion Restriction: Let Ti ∈ 0, 1 the treatment status. Yi(T, 0) =
Yi(T, 1) for T = 0, 1. I.e, W is exogenous to any other determinant of the outcome of interest. (iv) Monotonicity: also
known as no-defiers assumption Pischke and Angrist (2009), postulates that every subject is at least “weakly” more (or
”weakly” less) likely to participate in the program once affected by the instrument.

8We have two different approaches to identify Ti = 1: the first one (the default one), holds all individuals who, at
least, started to attend the course of interest and Ti = 0 otherwise. The second approach identifies the individuals who
finished the course of interest and Ti = 0 for those individuals who did not enrol, or enrol and did not concluded it. The
main results, reported in Section 5, are related to the first definition of treatment. Results of the alternative identification
are reported in appendix.
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Again, all estimations are reweighted with the propensity score p. γ is our two stage least
squares (2SLS) estimator and reports the causal impact of the vocational education on marriage
and fertility behavior regarding the subgroup of individuals induced by the instrument, or the effect
of treatment on the treated (TOT).

4.4 Small Sample Inference

As we subdivide our sample by gender and educational modality, some subgroups present few
observations, mainly the control group. For example, the female population, younger than 35 years
old, from subsequent modality sums 103 women: 79 selected and 24 non-selected.

So far, the inference of our ITT and LATE estimations has relied on asymptotic assumptions.
In small samples, however, such properties are not always welcomed. The well-known variance
estimators proposed by White (1980) are likely to be biased downward, therefore, the normal dis-
tribution confidence intervals may have a narrower coverage than the nominal one (Imbens and
Kolesar (2016)), leading to over-rejection of the null hypothesis of no treatment effect. Alterna-
tive attempts to overcome the bias in the White’s robust variance estimation within finite-sample
contexts varies greatly in literature (see MacKinnon (2013) for a review). MacKinnon (2013) high-
lights two main strands of study: methods directed to improve the efficiency of covariance matrix
estimators or bootstrap methods.

The literature, nevertheless, has no general agreement when it comes to choosing an optimal
statistic artefact to deal with small dataset difficulties. Pischke and Angrist (2009), for example,
advocates that, with a moderated sample size (fifty or more observations), White-robust standard
errors behave well. On the other hand, Imbens and Kolesar (2016) point out the fragility of White’s
robust variance when the regressors present skewedness.

In a randomized experiment scenario with small to moderate number of observations – which
approximate to our data setting, hypothesis tests throughout randomization inference9 is one possi-
bility (Fisher (1935); Rosenbaum et al. (2002); Young (2015)). Still, randomization inference has
no functional assumptions; it allows an exact statistic test, i.e., it is a distributional-free and do not
rely upon asymptotic theory. In this context, we also resort to such method as a robustness check
exercise.

9Also known as permutation test.
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5 Results

Our results are divided into 4 subsections. In the first one, we report the impact of the PRONATEC’s
lottery on the probability of attending a vocational course through a linear probability model
as illustrated in the first-stage equation (1); in the second subsection we examine the effects of
PRONATEC on our main outcomes of interest: family formation and fertility decisions. As long as
the program has the main purpose of affecting the labor trajectory of the treated individuals, which,
in turn, may impact on fertility decisions as well, we further explore in subsection 3, potential
mechanisms throughout labor market and college attendance outcomes, that may shed light on our
results. Finally, robustness checks through randomization inference are reported in subsection 4.

As already said, the estimations encompass the following subgroups: (i) all sample; (ii) male
and female subsamples; (iii) concomitant and subsequent modalities (iv) subsequent modality sub-
divided by gender (v) male concomitant modality1. All age-restricted to individuals aging 35 years
or younger.

1It is impractical to analyze the concomitant modality specifically to female because we hold too few observations
for women in the control group: only 6 women belong to the control group and 107 to the treated one. As a result, we
consider men and women altogether and men only, when it comes to analyzing the concomitant modality.
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6 Effect of PRONATEC’s lotteries on vocational edu-
cational attainment

The correlation between being selected to the program and the attendance and conclusion rates
of the vocational course is essential for our analysis hereafter. Such evidence represents the first
stage of the LATE estimations, and can be interpreted as the program’s share of compliers. We
considered three main indicators: the first one (Enrolled in the program) indicates if the individual
attended at least the first semester of the program’s 1 , but not necessarily finished it. Concluded

the program indicates the likelihood of completing the PRONATEC’s course; Concluded any voca-

tional course regards any completed vocational course at secondary level – not only PRONATEC’s.
It is intended to show that part of the control group (approximately 25%) actually attended a similar
course, by own financial resources, or even, they attended another PRONATEC’s course that did
not present oversubscription2 .

Overall, Table 4 shows a large share of selected individuals that attended the course and con-
cluded it. As long as by construction, the non-selected individuals did not even enroll in the course
of reference (throughout the student’s scholarship), the first two coefficients are interpreted as a
simple proportion of the selected individuals: 81% of the invited youth at least attended the course
and 56% concluded it, which means that of those who attended, 64.5% finished the course. As long
as the third indicator includes any secondary-level vocational course, the coefficient informs that
the selected individuals have a greater probability of 35.2 percentage points to hold any secondary
level vocational education if compared to the control individuals. The results by gender are quite
similar, and show that women have a slightly lower probability of attending the course of reference
if selected, mainly those from subsequent modality. Also, concomitant modality presents the lowest
share of compliers: 67%.

In general, given the non-compulsory nature of the program, we observe as expected, that part of
the selected applicants did not adhere to the program’s invitation and another share did not conclude
it. On the other hand, we also have non-selected youth that attended similar vocational courses. In

133% of the enrolled individuals abandoned the course. Among those, 45% did it until the second semester of the
course. 19.4% abandoned in the third semester, 16.7% in the fourth semester and 18.7% dropped out in the final work
or trainee semester.

2If the youth applied to more than one course that presented oversubscription, we are able to identify her twice
in our database. However, if she also applied to another PRONATEC’S course that did not present oversubscription,
we only know such information through the question that we ask if the interviewee attended another secondary level
vocational course (subsequent or concomitant with high school).
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this context, we bear in mind that our ITT estimations represent a lower bound of the estimated
effect. Nevertheless, the first-stage results indicate a strong impact of the program’s selection on
vocational educational attainment, conferring a valid instrument for the LATE estimations.

Table II.1: Probability of enrollment and conclusion of PRONATEC’s course and any vocational course

Enrolled Concluded Concluded any
in PRONATEC PRONATEC’s course vocational course

All Sample
W = 1 0.811*** 0.563*** 0.352***

(0.0278) (0.0341) (0.0637)
Observations 655 655 655
R-squared 0.394 0.236 0.144
Men
W = 1 0.852*** 0.593*** 0.361***

(0.0327) (0.0438) (0.0815)
Observations 436 436 436
R-squared 0.446 0.277 0.175
Women
W = 1 0.702*** 0.527*** 0.362***

(0.0638) (0.0660) (0.121)
Observations 219 219 219
R-squared 0.381 0.263 0.185
Subsequent
W = 1 0.839*** 0.587*** 0.408***

(0.0305) (0.0427) (0.0675)
Observations 340 340 340
R-squared 0.477 0.294 0.208
Concomitant
W = 1 0.671*** 0.502*** 0.199

(0.0787) (0.0810) (0.132)
Observations 315 315 315
R-squared 0.367 0.262 0.205
Subsequent Men
W = 1 0.874*** 0.619*** 0.430***

(0.0352) (0.0534) (0.0874)
Observations 234 234 234
R-squared 0.544 0.330 0.247
Subseq. Women
W = 1 0.662*** 0.476*** 0.0726

(0.112) (0.112) (0.171)
202 202 202

0.397 0.306 0.245
Concom. Men
W = 1 0.673*** 0.485*** 0.326***

(0.0918) (0.0926) (0.123)
Observations 106 106 106
R-squared 0.441 0.327 0.247
Lottery Dummies yes yes yes
Parental Schooling
Dummies yes yes yes
Standard errors in parentheses
*** p < 0.01, ** p < 0.05, * p < 0.1
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6.1 The Effect of PRONATEC on family formation and fertility

Table 4 reports our key results regarding family formation. The intention to treat (ITT) and
LATE estimations are compiled alongside to facilitate visualization and results comparison. In a
general manner, intention to treat and local average treatment effect present quite similar results,
both quantitative and qualitatively.

The first column brings the probability of being head of family and/or to be married. As already
explained, we built such indicator since we did not ask explicitly if the person is married, but, in-
stead, if she entitles herself as “spouse”, “head of household” or if “still live with the parents”. Thus,
we pool those answers altogether to turn it comparable between genders. Who declared living with
the parents, other relatives or being an “aggregate person” (for example, who live with the mother-
in-law) takes values zero. To complement, we also include, separately, the outcomes “spouse” and
“head of family”, but bearing in mind that “spouse” status for men is a weaker indicator.

The respective coefficients, no matter the subsample we look for, neither the method applied,
present non-statistical significance. Most of them hold a negative point estimate, with exception
of concomitant modality and women from subsequent modality. Estimating spouse and head of
family separately do not aggregate any qualitatively different evidence. All coefficients remain not
statistical significant, which suggesting that the decision to get married or become head of family
is not affected by the vocational education program.

Table 5 presents the fertility estimates. It is important to bear in mind that when we refer to
“fertility” we are interpreting a ‘timing’ outcome. The outcome “Any Child” takes one if the in-
dividual had at least one child3 since the course’s start date zero otherwise. The results, though,
evidence a non-expected result at first. The coefficient of the whole sample suggests that, on aver-
age, those exposed to the program (ITT model) or who have attended it (LATE estimations) hold
a higher probability of childbirth at almost 7 percentage points (p.p.). Notwithstanding, when we
split out the sample by gender, such evidence is cleared up: whereas women present a negative
non-significant point estimate, the male subgroup holds a statistical significant coefficient of 10.8
p.p. (ITT) 12.7 p.p. (LATE) higher to the selected (treated) group.

In order to refine the timing of fertility indicator, we construct a proxy into two phases: (i)
any childbirth during the course (Child during)4; (ii) any childbirth after the course’s conclusion

3Only two men declared “two” childbirths in the analyzed period, the remained declared none or only one child.
4It means that the individual had a child at any time during the second semester of 2013 until the first semester of

2015 and conceived the baby still in 2014.
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Table II.2: Effect of PRONATEC on Family formation
Head or Married Head Married

All sample ITT LATE ITT LATE ITT LATE
Treatment -0.031 -0.039 -0.044 -0.054 0.013 0.016

(0.059) (0.057) (0.061) (0.056) (0.043) (0.046)
R2 0.407 0.409 0.295 0.299 0.228 0.229
F statistic 104.3 104.3 104.3
Control Group Mean 0.452 0.307 0.145
N 655 655 655 655 655 655
Women ITT LATE ITT LATE ITT LATE
Treatment -0.021 -0.030 0.009 0.014 -0.030 -0.044

(0.099) (0.137) (0.078) (0.114) (0.111) (0.141)
R2 0.409 0.414 0.206 0.202 0.259 0.259
F statistic 33.7 33.7 33.7
Control Group Mean 0.533 0.170 0.363
N 219 219 219 219 219 219
Men ITT LATE ITT LATE ITT LATE
Treatment -0.023 -0.027 -0.059 -0.069 0.036 0.042

(0.065) (0.067) (0.071) (0.070) (0.041) (0.044)
R2 0.466 0.467 0.360 0.362 0.166 0.166
F statistic 70.3 70.3 70.3
Control Group Mean 0.418 0.365 0.054
N 436 436 436 436 436 436
Subsequent ITT LATE ITT LATE ITT LATE
Treatment -0.064 -0.076 -0.095 -0.113 0.031 0.037

(0.072) (0.077) (0.073) (0.080) (0.055) (0.067)
R2 0.335 0.341 0.272 0.288 0.273 0.276
F statistic 44 44 44
Control Group Mean 0.594 0.416 0.178
N 340 340 340 340 340 340
Concomitant ITT LATE ITT LATE ITT LATE
Treatment 0.037 0.055 0.040 0.059 -0.003 -0.004

(0.079) (0.115) (0.047) (0.093) (0.064) (0.075)
R2 0.168 0.160 0.155 0.151 0.179 0.180
F statistic 9.17 9.17 9.17
Control Group Mean 0.078 0.019 0.059
N 315 315 315 315 315 315
Subseq. women ITT LATE ITT LATE ITT LATE
Treatment 0.032 0.050 -0.028 -0.044 0.060 0.094

(0.128) (0.210) (0.124) (0.198) (0.151) (0.237)
R2 0.330 0.323 0.212 0.227 0.215 0.225
F statistic 9.17 9.17 9.17
Control Group Mean 0.697 0.248 0.449
N 106 106 106 106 106 106
Subseq. men ITT LATE ITT LATE ITT LATE
Treatment -0.047 -0.053 -0.105 -0.120 0.058 0.066

(0.077) (0.087) (0.086) (0.095) (0.054) (0.063)
R2 0.433 0.438 0.324 0.335 0.225 0.225
F statistic 28.45 28.45 28.45
Control Group Mean 0.554 0.482 0.072
N 234 234 234 234 234 234
Concomit men ITT LATE ITT LATE ITT LATE
Treatment 0.031 0.047 0.026 0.039 0.006 0.008

(0.055) (0.139) (0.055) (0.127) (0.010) (0.059)
R2 0.237 0.240 0.244 0.246 0.254 0.255
F statistic 23 23 23
Control Group Mean 0.029 0.029 0.000
N 202 202 202 202 202 202
Standard errors in parentheses
*** p < 0.01, ** p < 0.05, * p < 0.1
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Table II.3: Effect of PRONATEC on Fertility Outcomes

Any child Child during Child post First birth
All sample ITT Late ITT LATE ITT LATE ITT LATE
Treatment 0.074∗∗ 0.091∗∗ 0.057∗∗ 0.071∗ 0.028 0.034 0.046 0.056

(0.032) (0.045) (0.025) (0.037) (0.021) (0.031) (0.028) (0.038)
R2 0.130 0.121 0.079 0.060 0.099 0.105 0.084 0.079
F statistic 309 309 309
Control Group Mean 0.054 0.026 0.029 0.040
N 655 655 655 655 655 655 655 655
Women ITT LATE ITT LATE ITT LATE ITT LATE
Treatment -0.016 -0.023 0.013 0.019 -0.029 -0.042 -0.016 -0.023

(0.074) (0.103) (0.060) (0.089) (0.042) (0.054) (0.066) (0.092)
R2 0.142 0.140 0.178 0.177 0.162 0.144 0.168 0.165
F statistic 56 56 56
Control Group Mean 0.125 0.072 0.053 0.108
N 219 219 219 219 219 219 219 219
Men ITT Late ITT Late ITT Late ITT LATE
Treatment 0.108∗∗∗ 0.127∗∗ 0.069∗∗ 0.081∗ 0.055∗∗ 0.064 0.060∗∗ 0.071

(0.035) (0.054) (0.027) (0.043) (0.027) (0.042) (0.027) (0.044)
R2 0.218 0.200 0.139 0.112 0.119 0.128 0.150 0.138
F statistic 239 239 239
Control Group Mean 0.024 0.006 0.018 0.012
N 436 436 436 436 436 436 436 436
Subsequent ITT LATE ITT LATE ITT LATE ITT LATE
Treatment 0.094∗ 0.112 0.078∗∗ 0.092 0.031 0.037 0.057 0.068

(0.039) (0.066) (0.029) (0.054) (0.030) (0.050) (0.033) (0.055)
R2 0.157 0.151 0.107 0.083 0.111 0.119 0.099 0.095
F statistic 227 227 227
Control Group Mean 0.053 0.013 0.039 0.034
N 340 340 340 340 340 340 340 340
Concomitant ITT LATE ITT LATE ITT LATE ITT LATE
Treatment -0.006 -0.009 -0.000 -0.000 -0.006 -0.009 -0.006 -0.009

(0.062) (0.069) (0.061) (0.065) (0.007) (0.026) (0.062) (0.069)
R2 0.145 0.146 0.138 0.138 0.129 0.129 0.145 0.146
F statistic 52.2 52.2 52.2
Control Group Mean 0.059 0.059 0.000 0.059
N 315 315 315 315 315 315 315 315
Subseq. women ITT LATE ITT LATE ITT LATE ITT LATE
Treatment -0.000 -0.000 0.046 0.071 -0.046 -0.072 -0.003 -0.005

(0.093) (0.154) (0.068) (0.117) (0.066) (0.099) (0.077) (0.126)
R2 0.209 0.209 0.298 0.302 0.221 0.190 0.212 0.211
F statistic 26.7 26.7 26.7
Control Group Mean 0.103 0.026 0.077 0.077
N 106 106 106 106 106 106 106 106
Subsequent men ITT LATE ITT LATE ITT LATE ITT LATE
Treatment 0.125∗∗ 0.143 0.080∗ 0.092 0.060 0.069 0.063 0.072

(0.046) (0.079) (0.035) (0.066) (0.037) (0.063) (0.036) (0.065)
R2 0.229 0.219 0.133 0.107 0.143 0.160 0.186 0.178
F statistic 188 188 188
Control Group Mean 0.033 0.008 0.025 0.016
N 234 234 234 234 234 234 234 234
Concom. men ITT LATE ITT LATE ITT LATE ITT LATE
Treatment -0.008 -0.013 0.002 0.003 -0.010 -0.015 -0.008 -0.013

(0.013) (0.044) (0.006) (0.032) (0.011) (0.031) (0.013) (0.044)
R2 0.184 0.182 0.175 0.177 0.207 0.212 0.184 0.182
F statistic 29 29 29
Control Group Mean 0.000 0.000 0.000 0.000
N 202 202 202 202 202 202 202 202
Standard errors in parentheses
*** p < 0.01, ** p < 0.05, * p < 0.1

Notes:We include in all regressions: parents schooling, race, age and the indicator of child before the program; Strata
and municipality fixed effects.
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Child post5. The former indicator (First birth is also a measure of the so-called incarceration effect,
an important channel discussed in the fertility literature (Black et al. (2008).

The results remain qualitatively similar to our main outcome “Any child” across the subgroups.
Focusing specifically to the female subsamples, the chances to become mother during the course
is fairly the same between selected and non-selected women: the mean difference is close to zero
(0.013 in ITT model and 0.019 in LATE ). To the restricted subsequent modality group, it is 0.049
in ITT (0.071 in LATE). 6 Still, there exists a positive effect on childbirth during the program’s span
for the whole sample – 5.7 p.p. (ITT) and 7.1 (LATE) at 5% of significance. We note again, though,
that such impact is derived from the male subgroup: the selected (treated) men hold 6.9 p.p. (ITT)
and 8.1 p.p. (LATE). The positive effect we observe from the subsequent modality stemmed also
from the men subgroup. Interestingly, if we consider only men from concomitant modality, such
effect vanishes and the magnitude is close to zero.

Regarding the probability of childbirth post course conclusion, only the male subgroups (ex-
cepting the concomitant one) present a positive statistical significant coefficient, reinforcing the
effect of the program on fertility decision among men. We should emphasize that this second in-
dicator of the timing of fertility is limited, since we can only encompass a one-year window post
course’s end.

Finally, the last regression regards the probability of childbirth since the course has started
conditional on not having any children so far, representing an indicator of the probability of first
birth. Although still positive, the coefficient regarding the full sample lost significance. Women
subgroups remain presenting no significant results, whilst the treated men evidence again, a positive
and significant effect (6.0 p.p. in ITT and 7.1 in LATE).

Wrapping up, evidence regarding household status, as head of family or spouse, presented no
significant effect of the program for all estimations and subgroups analyzed. This is particular
intriguing for the male case. Although the program exert a significantly positive impact on fertility
outcomes, such result is not explained by marital status. Such evidence may point out that the
impact of the program on fertility goes beyond marriage decisions.

Furthermore, among the individuals who had any children post course’s start date, respectively
81% of the men and 70% of the women are married or head of family. A limitation of our analysis
relies on the lack of information about their respective spouse. Lefgren and McIntyre (2006) for

5As already pointed out in subsection C.3, we do not know the child’s date of birth, thus, these indicators may be
not so precise. The questionnaire contained the following question about the children age: one month or less; between
two to six months; from seven to eleven months.

6As long as incarceration effect is strongly connected to time availability, women from concomitant subgroups
have, by construction, less available time to give birth during the vocational course attendance. However, we do not
have sufficient data to verify this.
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example, using quarter of birth as instrument of education in the U.S., found a positive effect of
female educational level on the respective spouse’s income, but no impact on the marriage proba-
bility. If a positive assortative matching exists in our data, we may over or underestimate the results.
It will depend on the relative spouses’ participation’s degree on both child rearing and in the labor
market (Fort et al. (2016). For example, in the case of a positive association between treated female
and their spouse’s income, we could underestimate the result if, in turn, there exist a positive effect
of the household income on the couple’s fertility decision.

In order to further acknowledging any correlation between the partner’s income and the treat-
ment status, we constructed an income measure (income spouse) restricted to the individuals who
declared being head of family7 (and did not live alone) or spouse8. This measure can be interpreted
as a proxy for the spouse’s income per capita. We regress it against the program’s selection sta-
tus, Wi along with a range of control variables9 , strata and municipality fixed effect. The result is
reported in Table 7A, in annex. As can be observed, the mean difference is positive and not statis-
tical significant for the full sample and separated by gender as well. It means that the ‘discounted’
household’s income is higher, on average, for the treated individuals, but not significantly differ-
ent from the control group (actually, it may lack power for the female subsample, since the point
estimate presents a great coefficient size: 21.2 p.p.).

Lastly, we also estimate all results restricted to the municipality of Chapecó10 . Chapecó dif-
ferentiates itself from the other municipalities in terms of its labor market dynamics, since it is a
well-known industrial centre. As a result, in line with the theory of opportunity cost of child-rearing
and woman’s fertility decision, restricting the sample to Chapecó would allow us for any potential
place-heterogeneity stemmed from its higher opportunity of formal employability, specially, by
hypothesis, to the treated women.11. The results are available in annex, in Tables 8A and 9A. As
the male results remained qualitatively similar to the main estimates, we focus specifically on the
women’s results. The sign of head of family’s and spouse’s coefficient remained, and still not sta-
tistical significant. The probability of childbirth is now, 11 p.p.(ITT) and 15 p.p.(LATE) lower to
the selected women (instead of 1.6 p.p. in main estimation), but still statistically insignificant. It
draws attention the indicator of any childbirth after the course’s conclusion (child post), which ev-
idences a negative impact of 9 p.p. (ITT) and 12.8 p.p. (LATE) with a p-value of 5%. Nevertheless,

7We excluded those who answered living alone.
8income spousei =

∑n
i=1 Ii−I1

n , where I1 is the income of the interviewed and n is the number of subjects in the
household.

9We control for age, race, parenting schooling, educational modality(subsequent or concomitant), and a dummy if
the couple has any child.

10Our data is already foremost composed by individuals (younger than 35 years old) from Chapecó (60%).
11In 2013, the proportion of young adults (20-30 years old) employed in formal sector relative to the total population

of Chapecó, was 27%, whereas in Xanxerê, Itapiranga and São Miguel, it ranges from 18 to 22% (source:RAIS-
Relatório Anual de Informações Sociais)
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this latter result should be analyzed with caution, once event rareness12 and the strong imbalance
between the treatment groups may be driving the results by chance.

6.2 Exploring potential mechanisms: The Effect of vocational
education on labor market outcomes and further educa-
tional attainment

In light of labor market theory and fertility, we report in this section a summary of PRONATEC’s
scholarship’s impact on labor market and college attendance outcomes. Camargo and Souza (work-
ing paper) explore the impact of this same vocational program on labor market and socioemotional
results in more detail. Our first outcome, “Employed” assigns 1 for individuals employed in any
type of job, and 0 otherwise; “Formal employed” takes one if the individual is formally employed,
and zero otherwise; “Wage” means the individual’s monthly wage in logarithmic scale; “Income”
encompasses all sort of monthly earnings; and “College” takes value 1 if the individual was cur-
rently attending any higher education in the interview’s moment, and 0 otherwise.

When it comes to explore the relationship between education and fertility, the empirical studies
are naturally concentrated on female population. The role of schooling and female labor market op-
portunities have been largely evidenced as important predictors of the women’s timing of fertility
delay. On the other hand, empirical economic evaluations exploring particularly men’s family for-
mation in response to an educational intervention are quite rare (exceptions are Breierova and Duflo
(2004); Duflo et al. (2015); Lavy (2015). From the theoretical perspective, men are commonly as-
sociated with income effect, since they have been the main provider in the household. As a result,
scholars tend to focus the empirical exercises directly on exogenous income-related shocks13.

Throughout Table 6 and Table 7, we observe that the whole sample presents positive but in-
significant coefficients for labor outcomes and negative for college attendance. However, when we
isolate the estimations by gender, we observe a heterogeneous evidence. On the one hand, the re-
sults suggest no impact of the program on labor market outcomes for men. On the other hand,
female beneficiaries present a greater likelihood of being employed in the formal sector when com-
pared with the control ones: 33 p.p. higher in ITT estimation and 47 p.p. in LATE model at 1%

12Only one woman (0.76%) from the treated group (among 132) had a child after the corresponding date of her
course’s conclusion. Whereas among the 23 women from the control group, three (13%) declared child birth in this
same period

13Black et al. (2013), for example, explored an exogenous shock on men’s earnings’s prospects and detected a
positive effect on completed fertility in the U.S. Likewise, Lindo (2010), found that a permanent income shock derived
by an exogenous displacement of the husband’s job in U.S. depresses the women’s total fertility
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Table II.4: Effect of PRONATEC on Labor market outcomes

Employed Formal empl. Wage
All sample ITT LATE ITT LATE ITT LATE
Treatment -0.002 -0.002 0.066 0.081 0.055 0.067

(0.043) (0.051) (0.061) (0.074) (0.061) (0.072)
R2 0.155 0.155 0.145 0.139 0.271 0.273
Control Mean 0.839 0.641 7.248
N 655 655 655 655 507 507
Women ITT LATE ITT LATE ITT LATE
Treatment 0.100 0.142 0.331∗∗∗ 0.471∗∗∗ 0.259∗ 0.358∗∗

(0.099) (0.133) (0.112) (0.159) (0.144) (0.163)
R2 0.273 0.227 0.291 0.138 0.382 0.295
Control Mean 0.839 0.641 7.248
N 219 219 219 219 154 154
Men ITT LATE ITT LATE ITT LATE
Treatment -0.047 -0.055 -0.082 -0.096 0.001 0.001

(0.046) (0.064) (0.062) (0.080) (0.066) (0.086)
R2 0.147 0.146 0.146 0.139 0.226 0.226
Control Mean 0.839 0.641 7.248
N 436 436 436 436 353 353
Subesequent ITT LATE ITT LATE ITT LATE
Treatment 0.021 0.025 0.029 0.035 0.031 0.037

(0.047) (0.059) (0.069) (0.079) (0.064) (0.085)
R2 0.095 0.093 0.109 0.108 0.238 0.238
Control Mean 0.839 0.641 7.248
N 340 340 340 340 293 293
Concomitant ITT LATE ITT LATE ITT LATE
Treatment -0.087 -0.129 0.143 0.213 0.136 0.217

(0.109) (0.155) (0.125) (0.173) (0.155) (0.189)
R2 0.210 0.213 0.186 0.157 0.347 0.350
Control Mean 0.839 0.641 7.248
N 315 315 315 315 214 214
Subseq.women ITT LATE ITT LATE ITT LATE
Treatment 0.143 0.213 0.215 0.319 0.099 0.137

(0.115) (0.157) (0.162) (0.202) (0.184) (0.203)
R2 0.248 0.167 0.229 0.160 0.456 0.426
Control Mean 0.839 0.641 7.248
N 106 106 106 106 87 87
Subseq. men ITT LATE ITT LATE ITT LATE
Treatment -0.035 -0.040 -0.106 -0.122 0.022 0.026

(0.052) (0.066) (0.069) (0.091) (0.071) (0.100)
R2 0.151 0.148 0.171 0.165 0.195 0.196
Control Mean 0.839 0.641 7.248
N 234 234 234 234 206 206
Concomit men ITT LATE ITT LATE ITT LATE
Treatment -0.051 -0.077 -0.066 -0.100 -0.122 -0.216

(0.113) (0.197) (0.164) (0.235) (0.191) (0.288)
R2 0.256 0.249 0.158 0.146 0.363 0.329
Control Mean 0.839 0.641 7.248
N 202 202 202 202 147 147
Note: We include in all regressions: parents schooling, race, age, strata and municipality fixed
effects.
Robust standard errors in parentheses
*** p < 0.01, ** p < 0.05, * p < 0.1
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Table II.5: Labor market outcomes

Income College
All sample ITT LATE ITT LATE
Treatment 0.037 0.046 -0.028 -0.035

(0.062) (0.074) (0.057) (0.068)
R2 0.273 0.272 0.224 0.226
Control Mean 7.304 0.304
N 559 559 655 655
Women ITT LATE ITT LATE
Treatment 0.294∗ 0.408∗∗ -0.042 -0.060

(0.149) (0.179) (0.103) (0.146)
R2 0.377 0.282 0.233 0.232
Control Mean 7.304 0.304
N 170 170 219 219
Men ITT LATE ITT LATE
Treatment -0.032 -0.038 -0.025 -0.030

(0.063) (0.088) (0.060) (0.069)
R2 0.264 0.263 0.309 0.312
Control Mean 7.304 0.304
N 389 389 436 436
Subsequent ITT LATE ITT LATE
Treatment 0.015 0.018 -0.080 -0.095

(0.066) (0.086) (0.061) (0.069)
R2 0.215 0.215 0.149 0.159
Control Mean 7.304 0.304
N 317 317 340 340
Concomitant ITT LATE ITT LATE
Treatment 0.152 0.249 0.087 0.129

(0.175) (0.227) (0.140) (0.163)
R2 0.286 0.266 0.257 0.249
Control Mean 7.304 0.304
N 242 242 315 315
Subseq. women ITT LATE ITT LATE
Treatment 0.154 0.213 0.025 0.037

(0.184) (0.203) (0.099) (0.184)
R2 0.468 0.439 0.262 0.254
Control Mean 7.304 0.304
N 94 94 106 106
Subseq. men ITT LATE ITT LATE
Treatment -0.027 -0.031 -0.114∗ -0.131∗

(0.065) (0.097) (0.063) (0.074)
R2 0.181 0.180 0.259 0.275
Control Mean 7.304 0.304
N 223 223 234 234
Concomit. men ITT LATE ITT LATE
Treatment 0.009 0.016 0.266 0.402∗

(0.219) (0.303) (0.168) (0.222)
R2 0.344 0.344 0.363 0.251
Control Mean 7.304 0.304
N 166 166 202 202
Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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of significance. Treatment also resulted in an average salary of 26% and 36% higher in ITT and
LATE respectively. An equivalent pattern also arise for women’s monthly income. Nevertheless,
the probability of attending college is statistically the same for both female treatment groups.

The subsequent and concomitant modality, in turn, despite the positive coefficients regarding
the labor outcomes, are not statistical significant, neither the college attendance indicator. When
the subsequent modality is separated out by gender, the effect of the program on selected (treated)
female disappears, probably due to lack of statistical power.

Turning to the male subsequent group, we particularly draw attention to the only result with
statistical significance (p-value at 6%): the probability of college attendance. This indicator shows
that the treated male are 11.4 p.p. (ITT) 13.1 p.p. (LATE) less prone to go to college if compared
to the control individuals. Conversely, the restricted concomitant male group presents a positive
insignificant point estimate of 26 p.p. in ITT estimation and 40 p.p. in LATE at 10% of significance.

In light of ongoing debate in literature, we can use those results to better understand our fertility
estimations. Let focus first on the female sample. Three main channels, ceteris paribus, are most
invoked in literature to explain the effect of education on the timing of fertility: incarceration effect,
human capital and health/empowerment behaviour. Of those three mechanisms, two of them we
could roughly further analyze: incarceration effect and human capital. What we perceived in our
data, is that, despite the program’s positive effect on salary and formal employability, we found no
effect on marital and fertility behaviour, no matter the outcome we look for. Also, if we observe the
probability of childbirth during the course – a proxy for incarceration effect – we cannot reject the
null hypothesis of no mean difference between the treatment groups. Some issues, though, deserve
to be raised at this point.

Due to lack of observations, our data allow us to investigate only the subsequent modality of the
women subsample. The concomitant modality, however, is the ’ideal’ candidate we would expect to
find a negative result on fertility. Two central reasons underlie this hypothesis: incarceration effect,
since the concomitant students attend jointly high school and the vocational course; and second,
the career’s perspective, since this group is just in the school-to-work transition. Further, as long as
fertility decision is more time flexible at this group, due to age-based norms (they are, on average
19 years old) (Mortimer et al. (2005)) and fecundity constraint (Almlund (2013)), it is expected
that the career and further education paths have a stronger role on fertility postponement. Second,
we may lack statistical power as long as our female samples present a quite severe unbalance (the
control group hold 31 women in the whole sample younger than 35 years old, representing a share
of 23% of the total female subgroup). Lastly, as long as our observational window is limited to a
three years span, there may be unrevealed effects on fertility behavior in the medium or long run,
which we are not able to apprehend.
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Puzzling, the labor market results for the treated women evidenced a great positive effect of
the program on formal employability and salary. Human capital theory would predict in this case,
ceteris paribus, a lower fertility rate for the treated women through the cost of opportunity channel.
Nevertheless, an important counteracting mechanism that may explain the absence of results relies
on career and occupational expectations (Almlund (2013); Buhr and Huinink (2014)). On the one
hand, the more educated women would be more confident with their occupation and career. As a
result, it can either encourage childbirth postponement or relax it, since the feeling of professional
establishment permits a relative economic security, which in turn, has been positively correlated
with higher fertility (Vignoli et al. (2012)).

On the other side, it seems reasonable that the control women also postpone fertility in order to
establish their career (Berrington and Pattaro (2014)), mainly because as long as they subscribed
for a professional course, there exists a revealed interest to continue education after high school.
In other words, it indicates that the control group is a ‘career-minded’ type as well. Indeed, they
hold the same likelihood of college attendance as the selected ones14 (approximately one third) and
another 16% attended an alternative secondary level vocational course. This suggest that similar
shares of women in each treatment group were still constructing their educational path in the period
post vocational program’s conclusion.

Interestingly, we found a strong negative correlation between attending college and the proba-
bility of becoming mother – no matter the treatment group. For the sake of illustration, we ran a
bivariate probit model15, where college attendance and childbirth (Any child) are the endogenous
variables, and our instrument W the exogenous one. The result (upon request) evidenced that there
exist a negative and significant coefficient of correlation of -0.5823 at 1% of significance, between
college attendance and childbirth. Selection bias probably plays a major role in such result. Nev-
ertheless, it sheds light to the absence of effect we found here, since a half of the control group,
in fact, kept investing in education despite not having been selected to the PRONATEC’s course.
Additionally, it is provocative for further studies in Brazil regarding the recent expansion of higher
education accessibility.

The human capital provided by the vocational course resulted on a better labor market place-
ment for the treated women. Nevertheless, given the limitations of our data, in a scenario that
different channels may operate in opposite directions, we refute both incarceration and substitution
effect on marital and fertility delays. Unfortunately, insufficient information do not allow us to af-
firm if any potential income effect or career expectations cancelled out the substitution effect or
vice-versa. Furthermore, another potential mediating channel arises from the child’s cost: through

14Also, of those women who concluded the vocational course, 35% declared have been attending a university course.
15This econometric model computes a coefficient of correlation between two endogenous outcomes.
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the income effect, a higher salary turns a day care center more affordable. Also, as our sample
comes from small municipalities, and most individuals live in their hometown or nearby16, grand-
parent’s childcare may also influence positively on women’s fertility decision. Garcı́a-Morán and
Kuehn (2012), for instance, show that German women who live relatively close to the grandpar-
ent’s or in-laws, has a positive correlation with fertility and labor market participation. Arpino et al.
(2014), also evidences that, childcare provided by the child’s grandparents affects positively female
labor market attachment in Italy.

The results of the male subgroup, on the other hand, revealed a quite different picture. Treated
men (excepting concomitant subgroup) hold a higher likelihood of becoming father over the ana-
lyzed period. Such result, though, is not supported by any advantage in labor market if compared to
the control group. On the other side, there is a negative effect of the program on college attendance.
As long as the control group goes to college at a greater probability (11 p.p.), it suggests that they
are, on average, still constructing their educational trajectory. Moreover, this result also indicates
that most of the subsequent male group established their educational trajectory after the program’s
conclusion: only 14% continued studying after the program ends.

At this point, we invoke again, the interdisciplinary strand in the literature of fertility that deals
with economic uncertainty, self-sufficiency and occupational establishment to explain fertility and
family formation behaviour (e.g. Oppenheimer (1988); Huinink and Kohli (2014); Nisén et al.
(2016); Buhr and Huinink (2014); Tragaki and Bagavos (2014)). More specifically, future expecta-
tions are likely to heavily affecting the timing of fertility as long as having a child is a ”long-term
commitment” (Huinink and Kohli (2014)). Oppenheimer (1988) highlights that the career’s es-
tablishment starts to be fully reached after educational accomplishment along with a respective
employment. Therefore, as the insurances about the employment prospects tend to decline, the
decision to form a family and become a parent turns to be more affordable. In addition, such un-
certainty may impacts achieved fertility in a different manner by gender (Berrington and Pattaro
(2014)).

It is possible that future expectations of the subsequent male control group, are quite different
compared to the treated ones. Almlund (2013) argues that, under imperfect credit market, parent-
hood postponement is rational for those still accumulating human capital, since it is impractical
to use it as collateral in credit market in order to anticipate consumption. Assuming, on the other
hand, that the subsequent treated men accomplished their educational path, stability feeling in their
career may support decisions in other life domains, as family formation and transition to fatherhood
(Trimarchi and Van Bavel (2015)).

16Administrative information of the vocational schools show that 43% of the enrolled individuals attend a course in
their own hometown. Most of the remained students live close by, i.e., in neighboring towns
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Our results on family formation, though, fails to predict the theory of marriage postponement
(Oppenheimer (1988)). Trimarchi and Van Bavel (2015) via an event history analysis17 found that
men’s educational level positively influences parenthood decisions via marriage formation. We
found, conversely, that there is a component beyond marital status that influenced men’s fertility
decisions, at least for the subsequent group. Again, all fertility results are a matter of timing phe-
nomenon. As a result, two long-term scenario might arise: either the control group’s fertility rate
converges to the treated one in subsequent years; or if such impact persists, it may affect the fertility
rate of the treated men at an extensive margin as well.

In the opposite direction, the likelihood of college attendance for concomitant modality is pos-
itive and significant (for LATE model only) at 10% to the treated males. The probability of child-
birth, in turn, is close to zero and insignificant. Actually, the summary statistics in Table 3 evidenced
that, only 10% of the concomitant male group get married or turned head of family until the in-
terview’s moment. Further, only two treated individuals had any children after the courses’ start
date, and none from the control group. We argue that it probably exists a structural age component
underlining this result: the average age of the concomitant male groups is 19.1 years old, whilst the
subsequent one is 24.3 years old. As men in a general manner get married later (Huinink and Kohli
(2014) Almlund (2013)), the shock of the vocational course seems not as relevant as other structural
factors, as age and financial autonomy, when it comes to fertility and family formation decisions.
As argued by Buhr and Huinink (2014), “further development of individuals is influenced by the

age at which certain historical events and instances affect these individuals”.

6.3 Robustness checks: Randomization Inference

The inference procedures we applied on ITT and LATE relied on asymptotic assumptions, and
are justified only for large samples. Therefore, we proceed with permutation tests (Rosenbaum et al.
(2002)) in order to address any potential fragility that might have arose from our inferences so far.

For the sake of comparison and alignment of the previous results, we run the permutation tests
for all the subsamples under analysis. More specifically, we swap within strata, 5,000 different
placebo groups and estimate via OLS the intention to treat effect model. If the null hypothesis of
no effect for each individual is true, shuffled the exposure to the program would render similar
results to the actual treated group. Such procedure relies on exchangeability assumption, i.e., we
assume that the treatment assignment is exchangeable across observations.

17Supported by micro-economic theories of the family, Trimarchi (2016) by means of a multi-process event history
analysis used data from the Generations and Gender Surveys for 10 European countries using. Her results evidences a
strong positive effect of education on males fertility, which the prime channel is union formation.
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Table 8 brings in the first row for each subsample, the point estimates referent to the the actual
treated group. The second row reports the so-called fisher’s p-value18. Permutation-based inference
provides exact p-values within sample size contexts even if the sampling distribution is improbable
to be normal (Heckman et al. (2009). Using the definition by Hayes (2000), such p-value “deter-

mines how frequently a random reassignment of the observed scores to groups yields a result equal

to or more extreme from the null hypothesis than the originally obtained result”.

Table II.6: Randomization Inference: family and fertility outcomes

Head or married Head Married Any Child Child during Child post First birth
All sample -0.031 -0.044 0.013 0.074 0.057 0.028 0.046

(0.566) (0.435) (0.811) (0.150) (0.192) (0.480) (0.306)
Women -0.021 0.009 -0.030 -0.016 0.013 -0.029 -0.016

0.849 0.925 0.792 0.834 0.844 0.328 0.821
Men -0.023 -0.059 0.036 0.108 0.069 0.055 0.060

(0.733) (0.407) (0.531) (0.115) (0.227) (0.351) (0.287)
Subsequent -0.0640 -0.0951 0.0311 0.094 0.078 0.0308 0.057

(0.337) (0.188) (0.623) (0.147) (0.162) (0.552) (0.287)
Concomitant 0.037 0.040 -0.003 -0.006 0.000 -0.006 -0.006

(0.689) (0.562) (0.962) (0.904) (0.996) (0.407) (0.903)
Subseq & women 0.032 -0.028 0.060 0.000 0.046 -0.046 -0.003

(0.800) (0.838) (0.695) (1.000) (0.561) (0.285) (0.967)
Subseq & men -0.047 -0.105 0.058 0.125 0.080 0.060 0.063

(0.554) (0.244) (0.427) (0.152) (0.283) (0.406) (0.374)
Concom & men 0.03 0.03 0.01 -0.01 0.00 -0.01 -0.01

(0.756) (0.791) (0.565) (0.497) (0.794) (0.320) (0.496)
N 5,000 5,000 5,000 5,000 5,000 5,000 5,000

Note: We include in all regressions: parents schooling, race, age, strata and municipality fixed effects.

As we can observe, the p-values are now more conservative than in the asymptotic estimations.
In fact, we are not allowed to make a direct comparison, since both methods are grounded by
different hypotheses test. Considering the results of the full sample, none outcome yielded statistic
significance. Solely ”Any Child” presented 15% of significance, which means that, from the 5,000
placebos effects, 15% were at least as high as the actual one (in absolute terms). When we turn to
the female subgroup, the estimations only reinforce what we have observed before: any effect of
the program on marriage or fertility behaviour. The male subsample, on the other hand, sustained
the positive and significant effect (at 11%) of the program on the probability of having any child.
Still, the concomitant subsample - which could be severely biased in the asymptotic estimations
given the small number of observations in the control group - evidenced p-values fairly close to the
ITT and LATE estimations.

Finally, we also ran permutation test for the Chapecó’s subsamples. The results are attached in
annex. Table 10A evidences, again, more conservative p-values when it comes to the men subsam-
ples. On the other hand, the indicator of child post course of women subgroup rendered a p-value

18We considered a two-sided p-value, i.e., we do not assume, a priori, any positive or negative effect of the program.
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of 1%, but again, event rareness may be driving this result. Still, women from subsequent group
also presented a negative point estimate of 15 percentage point at 9% of significance, quite similar
to the respective subsequent male estimations, but symmetrically the opposite.

chapterConclusion

Producing evidence of education on non-market returns, such as fertility decisions, are of great
importance since such dimensions may influence significantly the youth’s life course. Furthermore,
evidence of this sort, regarding specifically skill-oriented interventions, is rather scarce in develop-
ing countries.

In this context, this paper proposed to estimate the effect of a vocational education program on
family formation and fertility decisions of youngsters. More specifically, the “Students’ Training
Scholarship”, from PRONATEC, allows youth graduated or still attending public schools to attend a
vocational education course gratuitously. Thus, we take advantage of experimental data from Santa
Catarina, Brazil, where oversubscribed courses, sponsored by PRONATEC, selected their students
by a randomized selection process and estimate the impact of the scholarship by means of both
intention to treat and local average treatment effect.

Our results suggest a positive impact of having attended a vocational course on fertility be-
haviour for men. Despite we did not find any effect on becoming head of family or being married,
the probability of having any child since the course’s start date, among treated men, is 10 p.p higher
than their counterfactual during the analyzed period. Such evidence, though, represents a difference
on the timing of fertility, as we cannot conclude if this result will remain in the long run. In light
of a interdisciplinary literature strand of fertility and labor market prospects (Oppenheimer (1988);
Huinink and Kohli (2014)), it seems that, what we are probably capturing, is a timing difference in
their career paths, further reflecting on fertility decisions. The women, in turn, in spite of the pre-
dominant negative and small point estimates, presented no statistical significance in most fertility
indicators analyzed.
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8 Appendix

Table 1A - Number of observations by Vocational Course and Municipality
Vocational Course Municipality

Chapecó Itapiranga Xanxerê São Miguel do Oeste Total
Mechanical technician 89 0 44 0 133
Manegement 13 0 0 0 13
Pharmacy technician 0 0 0 7 7
Computer Technician 67 0 0 0 67
Workplace Safety 130 0 27 7 164
Buildings Technician 20 0 0 0 20
Electrotechnology 52 42 0 21 115
Electronics 16 0 0 0 16
Computer maintenance and support 0 29 19 14 62
Electromechanical 0 0 44 28 72
Food Technician 31 0 0 35 66
Total 418 71 134 112 735

8.1 Attrition

Table 2A:Probability of attrition(1) between selected
and non selected groups from admdata[1]

Attrited = 1

Wi = 1 -0.295***
(0.0281)

Municipality and semester fixed effects yes
Lottery dummies fixed effects yes
N 2,027
R2 0.297

Robust standard errors in parentheses
*** p < 0.01, ** p < 0.05, * p < 0.1
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Table 3A:Baseline predictors of attrition(2) from admdata(2)
Age Female White College Incomplete High High School

School
Attrition(2) -0.191 0.0456** -0.00709 0.00233 0.0155 -0.0178

(0.346) (0.0208) (0.0196) (0.00458) (0.0222) (0.0225)
Municipality and
semester f.e. yes
Lottery dummies f.e. yes
N 1,433 1,433 1,433 1,433 1,433 1,433
R2 0.353 0.401 0.049 0.017 0.516 0.507

Robust standard errors in parentheses
*** p < 0.01, ** p < 0.05, * p < 0.1

Table 4A:Probability of attrition(2) between selected and non selected groups
Attrited = 1 All sample All sample Chapecó Itapiranga Xanxerê

<=35 y.o
W = 1 -0.0124 -0.00992 -0.0567 -0.0795 0.0827

(0.0503) (0.0532) (0.0748) (0.106) (0.161)
Municipality,strata and yes yes yes yes yes
semester fixed effects
N 1,419 1,316 860 123 213
R2 0.073 0.075 0.072 0.004 0.009

São Miguel Male Female Male Female
do Oeste <=35 y.o <=35 y.o

W = 1 0.0914 0.00853 -0.0514 0.0123 -0.0658
(0.0949) (0.0570) (0.0983) (0.0602) (0.100)

Municipality,strata and yes yes yes yes yes
semester fixed effects
N 223 960 459 873 443
R2 0.091 0.057 0.150 0.061 0.146

Robust standard errors in parentheses
*** p < 0.01, ** p < 0.05, * p < 0.1
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Table 5A - Balance Check of sociodemographic variables by subsamples
accounting for the entire population of subscribers from admin(2) database

Subsamples Age Women Race (White)
All Subscribers
W = 1 0.651 0.0256 -0.0327

(0.511) (0.0449) (0.0237)

N 1,419 1,419 1,419
R-squared 0.367 0.393 0.050

Female Subscribers
W = 1 -1.504 -0.0522***

(1.014) (0.0201)

N 459 459
R-squared 0.419 0.055

Male Subscribers
W = 1 1.662*** -0.0355

(0.581) (0.0278)

N 960 960
R-squared 0.357 0.052

Female Subscribers <= 35 y.o.
W = 1 -0.282 -0.0509**

(0.713) (0.0207)

N 443 443
R-squared 0.460 0.055

Male Subscribers <= 35 y.o.
W = 1 0.883* -0.0382

(0.484) (0.0281)

N 873 873
R-squared 0.349 0.050
Municipality and semester fixed effects yes
Lottery dummies fixed effects yes

Robust standard errors in parentheses
*** p < 0.01, ** p < 0.05, * p < 0.1



A
ppendix

127

Table 6A - Probability of childbirth since the course’s start date
excluding child aging 2 years old in the interview’s moment

All sample Women Men Subseq. Concom. Subseq. Subseq. Concom.
Women Men Men

W = 1 0.0558** -0.0120 0.0837*** 0.0668* 0.0129 -0.0394 0.0980** -0.00834
(0.0247) (0.0578) (0.0303) (0.0349) (0.0226) (0.0835) (0.0410) (0.0125)

N 655 219 436 340 315 106 234 202
R2 0.120 0.153 0.184 0.142 0.152 0.278 0.194 0.184
Lottery
Dummies yes yes yes yes yes yes yes yes

Note: We include in all regressions: parents schooling, race, age, strata and municipality fixed effects.
Robust standard errors in parentheses
*** p < 0.01, ** p < 0.05, * p < 0.1
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Table 7A - Effect of PRONATEC on spouse’s income (proxy)
All sample Women Men

ITT LATE ITT LATE ITT LATE
W = 1 0.01229 0.054 0.212 0.280 0.0558 0.0680

(0.122) (0.137) (0.160) (0.179) (0.179) (0.192)
N 176 176 67 67 109 109
Control mean 2.929 2.889 2.956

(0.818) (0.659) (0.921)
R2 0.230 0.881 0.675
Lottery Dummies yes yes yes yes yes yes

Note: We include in all regressions: parents schooling, race, age, strata and municipality fixed effects.
Robust standard errors in parentheses
*** p < 0.01, ** p < 0.05, * p < 0.1
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Table 8A - Effect of PRONATEC on family formation restricted to Chapecó
subsample

All sample Head or Married Head Married
ITT LATE ITT LATE ITT LATE

Treatment -0.014 -0.019 -0.033 -0.045 0.019 0.025
(0.056) (0.080) (0.051) (0.074) (0.051) (0.069)

R2 0.480 0.480 0.389 0.393 0.252 0.253
Control Group Mean 0.353 0.238 0.115
N 389 389 389 389 389 389
Women ITT LATE ITT LATE ITT LATE
Indicador -0.003 -0.004 -0.041 -0.058 0.038 0.054

(0.117) (0.166) (0.093) (0.138) (0.129) (0.165)
R2 0.432 0.433 0.279 0.291 0.273 0.272
Control Group Mean 0.470 0.204 0.265
N 155 155 155 155 155 155
Men ITT LATE ITT LATE ITT LATE
Indicador -0.060 -0.077 -0.067 -0.086 0.007 0.010

(0.058) (0.092) (0.061) (0.089) (0.042) (0.064)
R2 0.562 0.559 0.530 0.527 0.155 0.155
Control Group Mean 0.291 0.256 0.035
N 234 234 234 234 234 234
Subsequent ITT LATE ITT LATE ITT LATE
Indicador -0.002 -0.002 -0.088 -0.121 0.087 0.118

(0.082) (0.144) (0.085) (0.143) (0.076) (0.131)
R2 0.436 0.436 0.397 0.420 0.329 0.351
Control Group Mean 0.613 0.449 0.164
N 145 145 145 145 145 145
Concomitant ITT LATE ITT LATE ITT LATE
Indicador 0.011 0.017 0.024 0.036 -0.013 -0.019

(0.084) (0.112) (0.045) (0.088) (0.071) (0.076)
R2 0.158 0.154 0.120 0.118 0.157 0.165
Control Group Mean 0.084 0.021 0.063
N 244 244 244 244 244 244
Subseq. women ITT LATE ITT LATE ITT LATE
Indicador 0.061 0.103 -0.138 -0.230 0.199 0.333

(0.173) (0.323) (0.170) (0.307) (0.188) (0.347)
R2 0.380 0.376 0.318 0.375 0.303 0.357
Control Group Mean 0.722 0.389 0.333
N 59 59 59 59 59 59
Subseq. men ITT LATE ITT LATE ITT LATE
Indicador -0.059 -0.078 -0.131 -0.174 0.072 0.096

(0.094) (0.174) (0.101) (0.163) (0.087) (0.133)
R2 0.518 0.526 0.544 0.572 0.271 0.286
Control Group Mean 0.552 0.482 0.070
N 86 86 86 86 86 86
Concomt. men ITT LATE ITT LATE ITT LATE
Indicador 0.024 0.037 0.014 0.022 0.010 0.016

(0.045) (0.116) (0.043) (0.110) (0.012) (0.041)
R2 0.238 0.244 0.243 0.247 0.094 0.096
Control Group Mean 0.031 0.031 0.000
N 148 148 148 148 148 148

Note: We include in all regressions: parents schooling, race, age, strata and municipality fixed
effects.
Robust standard errors in parentheses
*** p < 0.01, ** p < 0.05, * p < 0.1
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Table 9A - Effect of PRONATEC on fertility outcomes restricted to Chapecó subsample
Any child Child during Child post First Child

All sample ITT LATE ITT LATE ITT LATE ITT LATE
Treatment 0.049 0.067 0.059 0.079 0.008 0.011 0.028 0.037

(0.048) (0.067) (0.039) (0.058) (0.031) (0.045) (0.043) (0.059)
R2 0.125 0.121 0.099 0.072 0.104 0.109 0.095 0.096
Control Group Mean 0.080 0.041 0.039 0.070
N 389 389 389 389 389 389 389 389
Women ITT LATE ITT LATE ITT LATE ITT LATE
Treatment -0.110 -0.155 -0.019 -0.027 -0.091∗ -0.128∗∗ -0.081 -0.114

(0.099) (0.128) (0.083) (0.117) (0.053) (0.056) (0.094) (0.123)
R2 0.144 0.113 0.157 0.159 0.101 -0.106 0.158 0.133
Control Group Mean 0.207 0.119 0.088 0.178
N 155 155 155 155 155 155 155 155
Men ITT LATE ITT LATE ITT LATE ITT LATE
Treatment 0.116∗∗ 0.149∗ 0.083∗∗ 0.107 0.064∗ 0.082 0.072∗ 0.093

(0.045) (0.078) (0.034) (0.065) (0.038) (0.065) (0.038) (0.065)
R2 0.295 0.276 0.238 0.188 0.165 0.190 0.244 0.233
Control Group Mean 0.013 0.000 0.013 0.013
N 234 234 234 234 234 234 234 234
Subsequent ITT LATE ITT LATE ITT LATE ITT LATE
Treatment 0.093 0.127 0.121∗∗ 0.165 -0.010 -0.013 0.038 0.051

(0.074) (0.132) (0.055) (0.113) (0.056) (0.099) (0.065) (0.115)
R2 0.181 0.185 0.177 0.125 0.160 0.153 0.125 0.130
Control Group Mean 0.096 0.020 0.076 0.076
N 145 145 145 145 145 145 145 145
Concomitan ITT LATE ITT LATE ITT LATE ITT LATE
Treatment 0.001 0.001 0.000 0.000 0.000 0.001 0.001 0.001

(0.067) (0.073) (0.067) (0.071) (0.003) (0.023) (0.067) (0.073)
R2 0.151 0.151 0.138 0.137 0.075 0.075 0.151 0.151
Control Group Mean 0.063 0.063 0.000 0.063
N 244 244 244 244 244 244 244 244
Subseq. Women ITT LATE ITT LATE ITT LATE ITT LATE
Treatment -0.151 -0.252 -0.012 -0.021 -0.138 -0.231∗ -0.106 -0.178

(0.132) (0.237) (0.102) (0.189) (0.086) (0.135) (0.120) (0.218)
R2 0.400 0.271 0.452 0.448 0.228 -0.225 0.367 0.284
Control Group Mean 0.222 0.056 0.167 0.167
N 59 59 59 59 59 59 59 59
Subseq. Men ITT LATE ITT LATE ITT LATE ITT LATE
Treatment 0.187∗∗ 0.248 0.142∗∗ 0.188 0.073 0.096 0.085 0.113

(0.079) (0.166) (0.061) (0.149) (0.066) (0.141) (0.067) (0.135)
R2 0.354 0.329 0.240 0.150 0.246 0.280 0.351 0.338
Control Group Mean 0.025 0.000 0.025 0.025
N 86 86 86 86 86 86 86 86
Concom. Men ITT LATE ITT LATE ITT LATE ITT LATE
Treatment 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

(0.008) (0.040) (0.008) (0.040) (.) (.) (0.008) (0.040)
R2 0.184 0.184 0.184 0.184 . . 0.184 0.184
Control Group Mean 0.000 0.000 0.000 0.000
N 148 148 148 148 148 148 148 148

Note: We include in all regressions: parents schooling, race, age, strata and municipality fixed effects.
F-statistics: All sample = 104; women = 33.7; men = 70; Subsequent = 44; Concomitant = 44; subseq. women =
9; subseq. men = 28; concomit. men = 23.
Robust standard errors in parentheses
*** p < 0.01, ** p < 0.05, * p < 0.1
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Table 10A: Randomization Inference:
Family and fertility outcomes to Chapecó subsample

Head or married Head Married Any Child Child during Child post First birth
All sample -0.014 -0.033 0.019 0.049 0.059 0.008 0.028

(0.841) (0.620) (0.758) (0.442) (0.294) (0.866) (0.618)
Women -0.003 -0.041 0.038 -0.110 -0.019 -0.091 -0.081

(0.982) (0.715) (0.780) (0.181) (0.811) (0.000) (0.338)
Men -0.060 -0.067 0.007 0.116 0.083 0.064 0.072

(0.513) (0.417) (0.927) (0.194) (0.268) (0.413) (0.329)
Subsequent -0.002 -0.088 0.087 0.093 0.121 -0.010 0.037533

(0.986) (0.297) (0.292) (0.270) (0.075) (0.885) 0.5934
Concomitant 0.011 0.024 -0.013 0.001 0.000 0.000 0.001

(0.905) (0.666) (0.863) (0.994) (0.997) (0.921) (0.992)
Subseq & women 0.061 -0.138 0.199 -0.151 -0.012 -0.138 -0.106

(0.695) (0.405) (0.288) (0.096) (0.915) (0.000) (0.259)
Subseq & men -0.059 -0.131 0.072 0.187 0.142 0.073 0.085

(0.620) (0.224) (0.448) (0.103) (0.170) (0.472) (0.352)
Concom & men 0.02 0.01 0.01 0.00 0.00 0.00 0.00

(0.716) (0.841) (0.110) (0.978) (0.980) (1.000) (0.978)
N 5,000 5,000 5,000 5,000 5,000 5,000 5,000
Lottery yes yes yes yes yes yes yes
Dummies

Note: We include in all regressions: parents schooling, race, age, strata and municipality fixed effects.
Robust standard errors in parentheses
*** p < 0.01, ** p < 0.05, * p < 0.1



Paper III

The value of vocational education credential
on the chance of employability: A field

experiment



ABSTRACT

This paper has the objective of assessing the effect of a short-term vocational education credential
on the chances of being invited to a formal job interview. We resort to the correspondence test,
a field experiment that creates pairs of fictitious resumes where the only difference is an addi-
tional education credential in the treated resume. Therefore, we applied the resumes to actual job
vacancies, exploring the behaviour of the employers in real labor market environment. The result
evidences that, for young high school graduated women, there exists a modest positive effect of the
short-term vocational course credential on the chances of being invited to a job interview.
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1 Introduction

One of the main features in labor market dynamics rests on asymmetric information when it
comes to identify the productivity of the agents. Hence, according with signalling theory, employ-
ers infer the quality of the worker by means of their histories, and on available information that
might sign the individual’s abilities (Spence (1973), Stiglitz (1975)). More specifically, the Job
Market Signaling Model, proposed by Spence (1973), predicts that agents maximize the difference
between expected wage returns and the cost of an additional credential in the curriculum. Thus, the
higher ability individuals perceive the educational signal less costly (including the non-pecuniary
perspective), and statistically discriminate themselves from the low-productivity ones, generating
a separating equilibrium.

From the empirical perspective, several studies have shown the relevance of educational attain-
ment signaling on labor market prospects (Deming et al. (2016); Kroft et al. (2013), Arcidiacono
et al. (2010), Tyler et al. (2000)). Albrecht and Van Ours (2006), for example, tested the signal-
ing hypotheses in Netherlands, grounded on the idea that, if education is a signal, then firms put a
greater weight on a diploma when less is known about other characteristics of the job candidate.
The author found the interesting evidence that, when the recruitment method is more informal1,
employers are more likely to “lower educational standards” than when the recruitment channel is
otherwise formal2.

Tyler et al. (2000), in turn, explore an interstate variation in the passing standards of the General
Educational Development(GED) in United states (which is a “second chance” secondary school
diploma to the high school drop outs). Their estimations indicate that, those who acquired the GED
in states less stringent presented higher earnings when compared to those individuals who had
the same grade, but did not achieve the credential due to the higher passing standard of his/her
respective state.

On the other hand, Altonji and Pierret (2001) claims that, firms do not initially observe the actual
productivity of a potential employee due to limited information about their quality. However, as
long as the employer perceive the employee’s performance over time, they learn about their “hard-
to-observe” characteristics and rely less on the initial ones. For instance, employers may infer the
average productivity of a certain credential of a job-seeker based on previous experience, as for

1“For employers, informal search methods include checking with friends, relatives or incumbent personnel”
2The authors know when the successful applicant held the required educational level or not.
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instance, the quality of the worker’s schooling institution. A perverse example of that, was reported
by van Eekelen, de Luca, and Ismail 20013. The authors argue that, variation in the educational
quality of vocational institutions in Egypt, rendered skeptical employers to hire students graduated
from vocational schools in a general manner. In the same line, Lange (2007) estimated the “speed”
of learn of employers and found that they are capable to reduce their error margin of the actual
productivity of a worker by 50% over the first 3 years, downwarding the signaling value.

Regarding specifically professional education, there exist an enormous literature strand ded-
icated to better understand the effectiveness of “active labor market programs” on labor market
prospects of beneficiaries, which are generally non college bound youth and unemployed individ-
uals. The primary objective of such governmental programs lies on fast labor market integration
by means of wage subsidies, job search assistance, short-term professional courses, among others.
Therefore, as pointed out by Heckman et al. (1999), scholars and policy makers should ask two
basic questions: do participants benefit from theses programs? Do the social investments on these
programs pay off? In general, the evidence are mixed, and depends on the program’s design and
the targeted public. Furthermore, the main challenge of this literature is the difficulty to disentan-
gle the actual value of the program from selection on unobservable that commonly plagues non
randomized data.

In this context, the objective of this essay relies on assess the impact of a short-term vocational
education credential on the probability of a woman being recruited to a job interview. For that,
we conducted a field experiment in São Paulo, based on matched pairs of quasi-identical resumes,
the so-called correspondence testing study(see Neumark (2012)). More specifically, we construct
two fictitious professional curricula, which the only difference between the pair is an additional
vocational education credential on the “treated” resume. Our hypothesis is that, if a certificate of a
short-term vocational education matters, the employer should alters her behaviour in order to reveal
a preference to the more incremented resume. Our outcome of interest relies on the callback rate
that each curriculum received during the experiment’s period.

We take advantage of two important features of the method: as we randomly varies the cre-
dential, we overcome common identification problems, as bias selection and unobserved hetero-
geneity; second, it allows us to exploit the real behaviour of firms in their natural environment.
Relevant discriminatory evidence have been founded exploring correspondence studies, as homo-
sexuality (Tilcsik (2011)), racism (Bertrand and Mullainathan (2004)), and aging women (Lahey
(2008)). More recently, the method has expanded to more embracing questions, as unemployment
spell stigma (Kroft et al. (2013)), the value of post secondary credentials (Deming et al. (2016)),
soft skills signaling (Cohn et al. (2016)) and more close related to us, the effect of a short term

3Available in http://www.ilo.org/wcmsp5/groups/public/documents/publication/wcms 104021.pdf



Introduction 140

course (Falk et al. (2005)). Falk et al. (2005) estimated the effect of a training program (computer
skills) to unemployed individuals on the chances of being invited to a job interview in Switzerland.
The authors found a negative and insignificant impact of the program. Despite “contraintuitive”,
they argue that, being part of a rather simple computer course actually may somewhat indicates to
the recruiter “about the absence rather than about the presence of a profound computer skills”.
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2 Experimental Design

2.1 Fictitious Resumes

Our fictitious personage is referent to a single woman, aging 25 years old, with a typical name
(Fernanda Araújo dos Santos), who lives in a relative lower income neighborhood in São Paulo.
Still, Fernanda is a high school graduate student from a public school since 2010 and already hold
six years of experience in the labor market. In this context, to avoid any other sort of discrimination
due to region of residence, quality of school and even the individual’s name, we drew two fictitious
resumes to Fernanda reporting exactly the same information1. The only exception was the credential
in the treated curriculum of a short-term vocational course in administrative assistant.

Also, in order to create a typical resume of a young adult of similar profile to Fernanda, we
analyzed available resumes in online job boards. It was identified the most common words used to
describe personal skills and competencies, as well as the main technical abilities required by the
administrative assistance jobs, as computational skills. Therefore, they were customized to be ap-
pealing and mimic a regular one. The resumes’ templates are attached in annex. Still, the inclusion
of experience credential was needed to elevate the callback chances2.

2.2 The vocational course credential

We aim at analyze the salience of a short-term vocation course credential provided by SENAI,
on job interview’s opportunity of a young women. This sort of course in Brazil has receiving an
unprecedented room in public policy since PRONATEC (Technical-Vocational Education National
Program) was launched, in 2011. More specifically, the main PRONATEC’s initiative, the “Bolsa
Formação Trabalhador” (Worker’s training Scholarship), was intended to expand the country’s vo-
cational education offer, particularly to medium-low income youth and unemployed individuals.

1The residence’s address is also slightly different and the date of birth varies regarding the day of birth, but it is the
same month and year.

2We could have, instead, fit our personage to the most critical phase of the youth: the school to work transition,
which the governmental interventions are most interested to target. It means, though, that the personage would have
to hold few or no experience at all. However, in practical terms, it would render a very low callback, (specially in the
current economic crises) turning the experiment unfeasible. Actually, we ran a pilot in 2015 during three months, with
resumes reporting credentials of fresh out of high school woman with no experience at all. The callback rate was very
close to zero, thus, it would be necessary more time and financial resources



Experimental Design 142

The program incentives secondary-level and short-term vocational education attendance through
free of charge courses provided by well known vocational institutions in Brazil, particularly the S
system3.

Moreover, short-term courses range from 160 to 400 hours, and it is focused on practical knowl-
edge of specific occupations, as hair dresser, computer operator, tailor, receptionist and adminis-
trative assistant - which is the most popular one4. Still, those courses don’t grant any educational
degree. It only provides a professional certificate.

Despite we had not explicitly characterized whether the course was self-financed or sponsored
by “bolsa trabalhador” - since it is irrelevant exposing this type of information in a resume - our
personage hold the typical characteristics of an actual regular beneficiary of this program. For
instance, according with PNAD (2014), 89% of short term courses beneficiaries, are, at maximum,
high school graduates; 62% are women and 48% have until 25 years old.

2.3 The experiment

The experiment took place in São Paulo, Brazil. São Paulo has an ideal scenario for correspond-
ing tests. It is a large city with the most dynamic labor market in the country. The experiment was
divided into two phases. The first one started at the beginning of May, 2015, and lasted until the
first week of June, 2015. The second, started in March 14th until 12th June of 2017.

In both phases, we submitted the pair of resumes to randomly selected job openings in a known
online job board in Brazil. More specifically, the application procedure is as follows: (i) we com-
piled very similar vacancies for administrative assistant positions; (ii) for each vacancies, we as-
signed a random number5; (iii) the random numbers were ranked and half of the vacancies were
assigned to the treated resume and the other half to the control resume (each resume was sent to a
distinct vacancy in order to avoid detection); (iv) along the experiment’s period, the pair of resumes
were gradually and equally submitted to the selected vacancies.

Still, the process of choosing the vacancies were based in some criteria in order to elevate the
chances of callback. We only choose job advertisements that do not require college degree neither
advanced skills, like fluency in English. Also, the average wage offered for the chosen vacancies,

3The “S system” corresponds to a set of social educative organizations which receive public funds (via firm’s pay-
rolls) in order to provide professional training, social assistance, consulting, and technical assistance. Also, it is respon-
sible for 89.5% of short-term courses, and of which, SENAI covers 37% (Secretariat of Professional and Technological
Education report, 2013).

4Source:Ministry of Education – 43a Reunião Ordinária do Pleno do Conselho de Desenvolvimento Econômico e
Social (2014)

5We used the weekly numbers of Mega Senna to set the Stata’s seed in order to generate the random numbers
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in turn, ranged from R$ 1,000 to R$ 2,000. Lastly, the only firms that take notice about Fernanda’s
application are the ones we directly send the resume6.

Finally, we define a callback as an explicit invitation to a job interview in that position we
applied for. The invitation can be of three forms: telephone call, e-mail and a direct message to the
job board’s personal page. The majority of callbacks were by phone call. Therefore, we registered
all callbacks that we could explicitly talk with the interested employer7.

6In the fist phase, though, we allowed firms that we did not send the curriculum, visualize it in the pool of resumes.
7As will be explained later, we still considered a couple of phone calls that we could not talk with the recruiter.
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3 Data

In total, we submitted 656 resumes along the experiment periods. In the first phase, we applied
to 160 job openings, 80 for each type of resume; in the second phase, respectively 249 resumes
were sent of each profile (with and without vocational credential), summing 498 observations. For
estimation purposes and efficiency gains, we pool together the data from phase 1 and 2.

Table 1 shows a descriptive statistics regarding the callback rates. Note that the overall response
rate (or take up rate), was 11.25% and 5.25% in phase 1 and 2, respectively. If we look individually
the callback rate by each resume, we see a higher response rate in favor of the treated resumes,
mainly in phase 1. Given the experiment’s duration and the sample size, prior corresponding tests,
found similar take up rates, Tilcsik (2011), Bertrand and Mullainathan (2004), Carlsson and Rooth
(2007) and Deming et al. (2016), which indicates that our rate of response was not abnormal if
compared with similar studies. Another more intuitive way to perceive the response rates is how
many resumes are necessary to receive one interview invitation, as also displayed in Table 1.
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Table III.1: Descriptive statistics of callback

Callback Rate - Phase 1
Treated Control

80 resumes 80 resumes
12 callbacks 6 callbacks

15% 7.5%
Take up Rate

11.25%
How many resumes sent to job

openings to receive one callback?
6.6 13.3
Callback Rate - Phase 2

Treated Control
248 resumes 248 resumes
15 callbacks 11 callbacks

6.05% 4.4%
Take up Rate

5.25%
How many resumes sent to job

openings to receive one callback?
16.5 22.5
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4 Empirical Model

In order to analyze the collected experimental data and answer our key question, we estimate a
linear probability model as follows:

Yi = α + γTi + ηt + εi (6)

Where Yi is assigned to 1 if the resume i receive a callback and 0 otherwise; T is the treatment
indicator and takes 1 if the resume hold the short-term vocational course credential and 0 otherwise;
γ is the respective parameter to be estimated; ηt and εi are respectively the year fixed effect and the
error term.
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Given the randomnesses nature of our data, where Ti is independent of potential outcomes, our
parameter of interest relies on the average treatment effect, where:

E[Y1i|Ti = 1]− E[Y0i|Ti = 0] =

E[Y1i|Ti = 1]− E[Y0i|Ti = 1] = E[Y1i − Y0i|Ti = 1]

Still, E[Y1i − Y0i|Ti = 1] is simply represented by γATE .

Lastly, we also proceeded with randomization inference (Rosenbaum et al. (2002). Also called
as permutation tests, such inference method has no functional assumptions and it allows an exact
statistic test, i.e., it is a distributional-free and does not rely upon asymptotic theory. Despite of such
method is specially indicated to small samples, it is also interesting for robustness checks when it
comes to experimental data. More specifically, we reran the linear probability, shuffling the treated
and control units into 2,000 different assignments. Therefore, the proportion of artificial effects
equal or greater than the actual effect is correspondent to the Fisher’s exact p-value.
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5 Results

Table 2 brings the results. Estimation in column 1 encompasses all observations, and reports the
main result. In the second and third columns, we report the results separated by each experiment’s
phase. We can observe that the probability of callback of the treated resume is 3 percentage points,
or about 37%, higher than the control one. It renders a p-value of 0.11, which we could interpret
as a modest statistically significant result. The point estimate of phase 1, in turn, is 7.5 percentage
points greater to the treated curriculum, whereas in Phase 2, is 1.6. The regressions separated by
phases do not yield significant point estimates, probably due lack of statistical power (mainly re-
garding the relative large callback difference in Phase 1). In other words, given the restriction of our
personage’s characteristics, having a short-term vocational course elevates in 37% the probability
of being invited to a job interview.

The literature present mixed evidences regarding short term vocational courses. However, one
result shows up more frequently: the reduction in the unemployment spell. In German, for example,
Osikominu (2012) found a reduction in the expected unemployment duration by 53 days. Hirsh-
leifer et al. (2016), in turn, through a large randomized vocational program in Turkey1, evidences
that, overall, the average impact was positive, but small in magnitude and statistically insignificant.
In Brazil, closest evidence so far, corresponds to the study by Delfino et al. (2016). The authors
estimated short-term courses in Brazil sponsored by PRONATEC, where the control groups were
composed by individuals who were not selected to attend the course of interest (due to enrollments’
over-subscription). They did not find any positive significant results on employability neither on
wages, exempting some isolated cases. A crucial issue, though, it that, the authors do not know
possible alternative educational paths that the control individuals may have taken, as for example,
another similar vocational course.

The exact p-value delivered by the randomization inference exercises reinforce the evidence we
found so far. Considering one sided test (assuming that a person can not get worse by having a
vocational education credit in the curriculum), we find a p-value=8%; as we consider a two sided
test, the point estimate presents a p-value=16%.

1The program provided courses of 336 hours for unemployed
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Table III.2: Short-term vocational education effect on the probability of receiving an invitation to a job interview

(1) (2) (3)
Callback All Phase I (2015) Phase II (2017)

T
0.0305 0.0750 0.0161
(0.019) (0.049) (0.020)

P-value [0.117] [0.135] [0.421]
Year fixed effects yes
N 656 160 496
R2 0.014 0.014 0.001

Table III.3: Randomization inference: Short-term vocational education effect on the probability of receiving an invita-
tion to a job interview

Permutation Test One sided test Two sided test

T
0.0304* 0.0304
(0.0062) (0.0082)

Exact p-value [0.083] [0.16]
Replications 2000 2000
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5.1 Minimum Detectable Effect

Since our main result may lack statistical significance due to the power’s size of our experiment,
we proceeded with some minimum detectable exercises. Four scenarios were simulated, as follows:
(i) One sided and two sided hypothesis tests, using the callback’s variance of each treatment group;
(ii) One sided and two sided hypothesis tests considering a common population variance. In this
case, we use the probability of being employed, referent to a similar profile of our personage:
women, with 25 years old, holding 12 years of schooling from PNAD (2014). Still, we input a
statistical level of 5%2; and a power of 80%.

Table III.4: Minimum Detectable effect - two sided test

Scenario 1 - one sided test,
experiment’s variances

N 656
Power 0.8
Alpha 0.05
standard deviation (control) 0.222
standard deviation (treated) 0.2752
control mean 0.0518
Estimated effect size and experimental-group mean:
Treatment mean 0.1004
Minimum detectable effect 0.0486

Scenario 2 - one sided test,
populational variance (PNAD 2014)

N 656
Power 0.8
Alpha 0.05
standard deviation control 0.42
standard deviation treated 0.42
control mean 0.0518
Estimated effect size and experimental-group mean:
Treatment mean 0.1486
Minimum detectable effect 0.0978

Tables 4 evidences that, the minimum detectable effect ranges from 4.4 to 9 percentage points
depending on the variation we take into account. From another point of view, our treatment has an
actual average callback of 8%. According with the MDE exercise (Scenario 1), we would find a
statistically significant impact if, at least, 10% of callback is achieved.

2We computed considering 10% of significance level and it delivers quite similar results.
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Table III.5: Minimum Detectable effect - two sided test

Scenario 1 - two sided test,
experiment’s variances

N 656
Power 0.8
Alpha 0.05
standard deviation (control) 0.222
standard deviation (treated) 0.2752
control mean 0.0518
Estimated effect size and experimental-group mean:
Treatment mean 0.1066
Minimum detectable effect 0.0548

Scenario 2 - two sided test,
populational variance (PNAD 2014)

N 656
Power 0.8
Alpha 0.05
standard deviation control 0.42
standard deviation treated 0.42
control mean 0.0518
Estimated effect size and experimental-group mean:
Treatment mean 0.1422
Minimum detectable effect 0.0904
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6 Conclusions

Short-term vocational courses have gaining remarkable attention of governments in the last
years in many countries, and in special, Brazil. Their focus is on quick job entry, particularly di-
rected to socioeconomic disadvantage young workers and unemployed individuals. Studies that
might shed light on the actual effectiveness of government-sponsored programs are of great value
to improve the policy’s guidelines and promote a more efficient allocation of the investment, given
the still scarce rigorous empirical evidence. In this context, we resort to correspondence test to
verify if a young, high school graduated women in Brazil, have higher chances to be invited by a
recruiter to a job interview when she hold in her curriculum a short-term vocational credential in
administrative assistant.

Therefore, we sent 656 fictitious resumes (328 for each type of resume) to real job advertise-
ments in a large job board in the city of São Paulo over two distinct periods: from may to June
of 2015 and from March to June of 2017. During the experiment period, we answered phone calls
from job recruiters, which represent our outcome of interest.

The main result we found, evidences that the treated curriculum has 35% more chance to receive
a callback than its counterfactual. Despite the statistical significance of 11%, the randomization
inference and the minimum detectable effect exercise also indicated a positive and significant effect.

We should bear in mind, though, the limitations of this study. First, we only perceive the initial
hiring process, which does not necessarily mean a final job offer; second, despite our fictitious
personage is a good representation of a regular individual who attend this type of course, we should
limiting our conclusions to this specific profile.

Finally, despite these limitations, and given the characteristics of our personage, we believe
that the encountered results reveals a slightly preference of employers to the resume containing the
additional short-term vocational education credential.
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8 Annex



Fernanda Araújo dos Santos 
 

 

 
 

Endereço: Rua Dona Maria Pera, n° 83 – São Judas - São Paulo/SP – CEP: 
04303-140 
 

Nacionalidade: Brasileira  

 

Data de Nascimento: 14/01/1992 - 25 anos de idade  
 

Estado Civil: Solteira    

 

Contato: (11)943224038 / fearaujosantos92@gmail.com 
 

 
 

Cargo de Auxiliar Administrativo  
 

 
 

 Escola Municipal Prof. Linneu Prestes - Av. Adolfo Pinheiro, 511 - Santo 
Amaro, São Paulo – SP 

Ensino Médio completo (2010); 
 

 Escola SENAI Vila Mariana - São Paulo/SP 

Curso de Qualificação em Assistente Administrativo – De 8/06/2016 
a 28/08/2016 (160 hrs);  
 

 

 

Puri Ar Service  
End. Rua Caiçara, 149 - Santo Amaro, São Paulo/SP  
 

De 10/2013 – Até Atualmente 
 

Cargo: Auxiliar Administrativo 
 

Função: Rotinas administrativas; Cotações; Pedidos de Compra; Entrada e 
Saída de Notas Fiscais; Controle de Estoque (almoxarifado); Controle e 
Organização de documentação de funcionários; Atendimento telefônico. 
 
 
 

Dobro Advocacia  
End: Rua Major Freire, 233 – São Judas, São Paulo/SP  

De 02/2011 Até 06/2013  
  

Cargo: Auxiliar Administrativo 
 

Funções: Atuei assessorando diretamente a Diretoria da empresa com a 
elaboração e alimentação de planilhas com dados de controle de entrada e saída 
de visitas; Agendamento de reuniões com fornecedores e clientes; Elaboração de 
memorandos e documentos da Diretoria; Envio de e-mails e fax; Pré-
atendimento e triagem de prestadores de serviço e clientes para os setores de 
interesse; Atendimento telefônico; Controle de crachás.  

Experiência Profissional 

Formação 

Objetivo 

Dados Pessoais 



Fernanda Araújo dos Santos 
 

 

 
 

Endereço: Rua Domingada, n° 20 – São Judas - São Paulo/SP – CEP: 04303-
160 
 

Nacionalidade: Brasileira  
 

Data de Nascimento: 26/01/1992 - 25 anos de idade  
 

Estado Civil: Solteira    
 

Contato: (11)998430996 / santosaraujo.fernanda92@gmail.com 
 

 
 

Cargo de Auxiliar Administrativo  
 

 
 

 Escola Municipal Prof. Linneu Prestes - Av. Adolfo Pinheiro, 511 - Santo 
Amaro, São Paulo – SP 

Ensino Médio completo (2010); 
 

 
 

Puri Ar Service  
End. Rua Caiçara, 149 - Santo Amaro, São Paulo/SP  
 

De 10/2013 – Até Atualmente  
 

Cargo: Auxiliar Administrativo 
 

Função: Rotinas administrativas; Cotações; Pedidos de Compra; Entrada e 
Saída de Notas Fiscais; Controle de Estoque (almoxarifado); Controle e 
Organização de documentação de funcionários; Atendimento telefônico. 
 
 
 

Dobro Advocacia  
End: Rua Major Freire, 233 – São Judas, São Paulo/SP  
 

De 02/2011 Até 06/2013  
  

Cargo: Auxiliar Administrativo 
 

Funções: Atuei assessorando diretamente a Diretoria da empresa com a 
elaboração e alimentação de planilhas com dados de controle de entrada e saída 
de visitas; Agendamento de reuniões com fornecedores e clientes; Elaboração de 
memorandos e documentos da Diretoria; Envio de e-mails e fax; Pré-
atendimento e triagem de prestadores de serviço e clientes para os setores de 
interesse; Atendimento telefônico; Controle de crachás. 
 

 
 

Bom conhecimento do Pacote Office (Word, Excel, Power Point); 
Sexto Período no curso de Inglês - CCAA;  

Boa comunicação verbal e escrita; 
Sou organizada, comprometida e proativa; 
Sei trabalhar sob pressão, priorizar tarefas e honrar compromissos e metas; 
Capaz de manter informações confidenciais; 
Cinco anos de vivência com rotina administrativa. 

Competências 

Experiência Profissional 

Formação 

Objetivo 

Dados Pessoais 


