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Summary
This thesis contains three independent papers. Below follows a brief description of each
article.

The first article is given by a joint work with Bruno Delalibera, where we study
the allocation of public expenditures across educational stages in a developing country.
We construct a general equilibrium model that features heterogeneous agents, credit
restrictions, basic and tertiary education, public and private educational institutions.
We calibrate the model’s parameters using Brazilian data. Simulations show three of the
model’s features. First, economic inequality is mainly explained through endogenous
educational decisions, instead of exogenous ability shocks. Second, abolishing public
educational institutions contracts GDP by 5.5%, decreases welfare of households in
the first income quartile by 7%, and does not affect significantly the welfare of the
remaining households. Third, borrowing constraints are tight for the poorest agents in
the economy. In the main exercise, we find that reallocating public expenditures from
tertiary towards basic education to mimic Denmark’s allocation of public expenditures
across educational stages decreases GDP, aggregate welfare and the Gini coefficient by
1.5%, 0.2% and 2%, respectively.

The second article is co-authored with Nezih Guner and Cezar Santos. We start
by motivating with the fact that a large number of laborers in developing countries
encounter poor working conditions. Corruption episodes related to labor inspections,
some involving political figures, occur regularly in such environments. We investigate
the effects federal deputy electoral results on labor inspections in firms that donate to
electoral campaigns in Brazil from 2002 to 2014. To estimate a causal effect of electoral
results on inspections, we use a regression discontinuity approach in close elections. We
find no causal evidence that federal deputy electoral results affect variables related to
labor inspections. This result is unchanged when we estimate heterogeneous effects as a
function of labor inspection authorities’ position type, depending on which inspections
can potentially be more or less influenced by political forces.

Lastly, the third paper is co-authored with Pedro Cavalcanti Ferreira and Cezar
Santos. We provide a new education quality index for states within a developing country
using 2010 Brazilian data. This measure is constructed based on the notion that the
financial returns obtained from an additional year of schooling can be seen as being
derived from the value that market forces assign to this education. We use migrant
data to estimate returns to schooling of individuals who studied in different states
but who work in the same labor market. We find very heterogeneous educational
qualities. In fact, Brazil displays cross-state educational quality variation almost as
large as that observed across countries. We compare our index with standardized
test scores, educational outcome variables, and public expenditure per schooling stage
at the state level, producing new evidence related to education in a large developing
country. We conduct an education quality-adjusted development accounting exercise



for Brazilian states and find that human capital accounts for 26%-31% of output per
worker differences. Adjusting for quality increases human capital’s explanatory power
by 60%.
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Abstract

In this paper we study the allocation of public expenditures across educational
stages in a developing country. We construct a general equilibrium model that
features heterogeneous agents, credit restrictions, basic and tertiary education,
public and private educational institutions. We calibrate the model’s parame-
ters using Brazilian data. Simulations show three of the model’s features. First,
economic inequality is mainly explained through endogenous educational deci-
sions, instead of exogenous ability shocks. Second, abolishing public educational
institutions contracts GDP by 5.5%, decreases welfare of households in the first
income quartile by 7%, and does not affect significantly the welfare of the remain-
ing households. Third, borrowing constraints are tight for the poorest agents in
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1 Introduction
Governments all around the world use educational policies with the goal of increas-
ing economic development.1 Educational stages are an important mechanism through
which educational policies affects development for, at least, two reasons: first, educa-
tional investments in different stages produce distinct human capital outcomes at the
individual–level;2 second, a different part of the population may be affected by an ed-
ucational policy depending on which educational stage it is focused on.3 In this paper,
we study the allocation of public expenditures across educational stages in a developing
country.

Countries with similar development levels allocate public expenditures across edu-
cational stages differently. Figure 1 displays cross-country data to support this claim.
The horizontal axis exhibits log GDP per capita, and the vertical axis shows the ratio
between public expenditures per student in basic (primary and secondary) and tertiary
education (we call this variable “basic–tertiary expenditure ratio”), which we use as a
measure of how governments allocate expenditures across educational stages. Mexico
and Chile are developing countries with similar levels of GDP per capita that have very
distinct basic–tertiary expenditure ratios. For each dollar that the Mexican (Chilean)
government spends in a college student, 35 cents of dollar (1.06 dollars) are invested
in a basic education student. On the other hand, the United States and Norway are
examples of developed countries that use distinct educational policies. Basic–tertiary
expenditure ratio is 0.97 in the US and 0.51 in Norway.

Discussing reasons why countries with similar development levels may allocate public
educational expenditures differently introduces some of the ideas that will be present
throughout this paper. First, governments may have different objectives when designing
educational policies, such as increasing GDP per capita, fighting economic inequality
or increasing welfare. Different goals may lead to different policy recommendations.4

A second reason why we may observe heterogeneity in countries’ allocation of public
expenditures across educational stages is that, depending on a country’s economic en-
vironment, each mechanism through which public policy affects economic development
may have different relevance. Next, we discuss four of such mechanisms that are present

1In 2012, 4.7% of world GDP was spent by governments for educational purposes (World Bank,
2018).

2Heckman (2006) shows that early educational interventions produce higher human capital returns
than later interventions.

3In Latin American countries, rich students typically attend private schools while poor have to
resort to the lower quality public system (Menezes-Filho et al., 2014). In the United States, the top
two family income quartiles accounted for 77% of the bachelor’s degrees attained in 2014 (Cahalan
et al., 2016). For the case of Brazil, mean household per capita income of students in private schools
are 2.54 higher than for public school students. Public college students are in households with per
capita income 70% higher than households without college students (2002 National Household Survey
Data).

4For papers on endogenous determination of public educational expenditures, see Su (2006) and
Rauh (2017).
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Figure 1: Basic–tertiary expenditure ratio and GDP per capita across countries
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Data sources: GDP per capita (Penn World Tables 8.1, Feenstra et al., 2015); government expenditure
per student (UNESCO, 2017).
Notes: Basic–tertiary expenditure ratio is the ratio between public expenditures per student in basic
and tertiary education. Variables in both axes are means across 1999-2011 by country.

in this paper.

1. Public and private educational institutions’ relative efficiency. For a given edu-
cational stage, public services’ relative quality vary across countries. The higher
it is the ratio between public services’ relative quality (with respect to private
services) for two educational stages, say a and b, all else equal, more resources
should be allocated to a, in relation to b. For example, suppose that in a given
country public universities’ quality is comparable to private universities’, but pub-
lic schools are inferior to private schools. It may be optimal for the government
to focus on tertiary education, leaving basic education for the private sector.5

2. Students sorting across public and private services. Governments finance them-
selves using taxes in order to provide free schools and a limited number of spots
in public colleges. Poor families choose to send their children to public schools
in order to save on educational expenditures and have higher consumption. If
government’s objective is to fight inequality, then a higher proportion of expen-
ditures should be directed to public schools the greater it is the fraction of poor
families, all else equal. On the other side, college admissions’ objective is to select
the most well prepared students. If government’s objective is to increase GDP,

5We abstract from issues related with market power in educational markets. Private educational
institutions in this paper can be though of as firms operating in a competitive market.
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maybe investments should be directed to high ability students through public
college expenditures.

3. Credit restrictions in educational markets. In an environment with large credit
frictions in educational markets, there may be individuals unable to fully explore
their human capital potential. For example, a low income parent with a high
ability child may not be able to invest optimally in her offspring’s basic education.
In such cases, reallocating public expenditures from tertiary to basic education
may be desirable.

4. Intergenerational transmission of human capital. Several forces affect the corre-
lation between a parent’s and her offspring’s human capital. For example, in an
environment where families have a big role in children’s moral formation, this cor-
relation is higher than it would be in the case where families leave such issues to
public educational services. On one hand, a strong intergenerational transmission
of human capital can perpetuate inequality, where parents with low (high) human
capital have children with low (high) human capital. A strong intergenerational
persistence of human capital produces a high inequality of potential human cap-
ital between students of public and private schools, reinforcing mechanism 2. On
the other hand, a weak intergenerational persistence of human capital may gener-
ate a high proportion of low income parents with high ability children, reinforcing
mechanism 3.

In this paper, we construct a general equilibrium model that contains this mecha-
nisms. The model features heterogeneous agents, credit restrictions, basic and tertiary
education, public and private educational institutions.

Next, we discuss some aspects of the model in more detail. Households are repre-
sented by overlapping generations. Each agent lives for four periods as a young child,
old child, young parent and old parent. A child is born with a given level of innate
ability independently drawn from a probability distribution. A young parent decides
to send her child whether to a public or private school, which differ in two aspects.
First, the marginal human capital returns of educational investments are different for
the two types of schools, reflecting heterogeneous qualities. Second, each student in
public school receives educational investment from the government through public ex-
penditures.

A child’s acquired ability is her human capital in the stage after completing basic
education. It is determined by her innate ability, basic educational investments and her
parents’ human capital. To further improve future labor earnings, older children can
attend college to increase human capital. Public and private colleges differ in the same
aspects as schools, with one additional distinction: public college has a limited number
of spots and admits students based on a noisy measure of applicants’ acquired ability,
while vacancies in private colleges are unlimited. A grade point cutoff is determined
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in equilibrium to make the mass of students entering public college consistent with the
mass of vacancies supplied by the government. An agent’s human capital is interpreted
as her labor productivity, and is determined by her acquired ability and educational
investments in college.

There are no credit markets between periods, so that agents can not borrow against
future earnings in order to invest in education and improve their children’s human
capital.

We calibrate the model to fit Brazilian data related to educational choices and the
labor market. The model is able to reproduce important statistics that were not used
as targets in the calibration strategy. We then conduct some simple counterfactual
exercises to understand some objects in the model. First, we show that our model
explains economic inequality mainly through endogenous educational decisions, instead
of through exogenous ability shocks. This is an important feature since we want to
study educational policies. Second, government plays an important role in the model.
We show that abolishing public educational services contracts GDP by 5.5%. It also
decreases the welfare of households in the first income quartile by 7%, while, for the
remaining agents, welfare barely changes. Third, we show that borrowing constraints
to basic educational investments are tight for some agents in the economy. Basic edu-
cational investments of poor households respond significantly more than of rich agents
after an uniform lump-sum transfer to all households in the economy.

In our main counterfactual exercise, we find that GDP, aggregate welfare and the
Gini coefficient are decreasing functions of basic–tertiary expenditure ratio. Simula-
tions show that increasing Brazil’s basic–tertiary expenditure ratio by 80%, reaching
Denmark’s level, decreases GDP, aggregate welfare and the Gini coefficient by 1.5%,
0.2% and 2%, respectively.

This paper is closely related to the hierarchical education literature (Lloyd-Ellis,
2000; Driskill and Horowitz, 2002; Su, 2004; Blankenau et al., 2007; Arcalean and
Schiopu, 2010; Abington and Blankenau, 2013).6 Papers in this literature were the first
to study the implications of human capital stages’ relevance to macroeconomic educa-
tional policies. Specifically, these papers compare the economic consequences produced
by different allocations of public expenditures across human capital stages, keeping total
educational expenses (or its proportion w.r.t. GDP) constant. However, most papers
in this literature are theoretical and focus on stylized models that are inappropriate
for answering applied questions. Arcalean and Schiopu (2010) is the only quantita-
tive paper in this branch of literature that we are aware of. These authors calibrate
an equilibrium model to match data on education finance in the OECD countries to
study the growth maximizing allocation of public resources. These authors’ main focus
is on how parameters of the human capital production function determine outcomes
of educational policies, and how households react to such policies in terms of educa-

6For a revision of the hierarchical education literature, see Sarid (2016).
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tional expenditures. They find that the growth maximizing share of public spending
devoted to basic education in the OECD countries should be high. We contribute to
this literature by building and calibrating a rich model that encompasses several rele-
vant features not considered by previous papers, such as heterogeneous agents, credit
restrictions, and differences between public and private educational institutions.

We also contribute to the literature that studies market failures in education markets
(Lochner and Monge-Naranjo, 2011; Cunha, 2013; Caucutt and Lochner, 2017) by
analyzing how these distortions work as mechanisms in the trade-off between public
investments in basic and tertiary education. Our results point that credit restrictions
play a big role in the model.

This paper is composed of four more sections. Section 2 describes the main model.
Section 3 presents the calibration and discusses the benchmark economy. Section 4
discusses counterfactual exercises. Section 5 discusses next steps that we will follow
to advance this research project. Appendix A presents a simple version of the model,
which allows us to analyze in a clear way some mechanisms present in the complete
model. Appendix B contains mathematical proofs.

2 Model
The model is based on Restuccia and Urrutia (2004) and Herskovic and Ramos (2017).7
It is composed of households, a representative firm that produces the final good, and
the government. Households are represented by overlapping generations that make
decisions on consumption and education, and supply human capital to the final good
firm. The final good firm employs human capital and produces the consumption good.
The government taxes households and provides educational services for free. There are
two levels of education (basic and tertiary), and two types of education (private and
public).

Households Each agent lives four periods, the first two as a child (young and old
child) and the other two periods as an adult (young and old parent). Each generation
is a continuum of positive measure, and a family unit comprises one parent and one
child. At each point in time, there are two different family units: one with a young child
and a young parent, and another with an old child and an old parent. Each period in
the model is interpreted as a 18–years period. There is no population growth. Agents
are heterogeneous in their innate ability levels; a young child is born with a stochastic
innate ability level. Decisions are made at the family level – parents make consumption
and educational investment choices, maximizing the welfare of the family. Furthermore,
households have access to a perfect credit market within period, but no credit market

7Throughout this section, we borrow descriptions of some objects of the model from Herskovic and
Ramos (2017).
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between periods.

Human capital A child’s human capital is determined by three types of variables:
innate ability, effective educational investment, and her parent’s human capital. Effec-
tive educational investment is determined by educational investment, which represents
monetary expenditures in educational goods and services, such as schools, books, etc.
The transformation of educational investment into effective educational investment de-
pends on whether a public or a private educational institution is chosen.

Young households make decisions related to basic education. A young household
chooses an education type, sy ∈ {1, 2}, where sy = 1 denotes private school and sy = 2
denotes public school, and an education expenditure in school ey ≥ 0.8 Effective basic
educational investment êy is determined by

êy(sy, ey) =



ey if sy = 1 (private school)
αy(gy + ey) if sy = 2 (public school),

(1)

where αy > 0 captures the quality difference between public and private schools, and
gy ≥ 0 is public expenditure per student in public school.

Old households make decisions related to college education. An old household de-
cides between having no college, so = 0, private college, so = 1, or public college,
so = 2. This decision, together with the education expenditure in college eo ≥ 0, pins
down effective college investment êo through

êo(so, eo) =





0 if so = 0 (no college)
eo if so = 1 (private college)
αo(go + eo) if so = 2 (public college).

(2)

Parameter αo > 0 captures the quality difference between public and private colleges,
and go ≥ 0 is public expenditure per student in public college.

The acquired ability of an individual, π̂, is defined as the human capital that she
has in the stage immediately after completing basic education. It is determined by the
agent’s innate ability π, her parents’ human capital h, and basic educational investment
êy, through a constant elasticity of substitution (CES) technology:

π̂(π, h, êy) = π
[
γyh

φy + (1− γy)êφyy
]1/φy

, (3)

where 0 ≤ γy ≤ 1 is a parameter that measures parent’s human capital relative im-
portance to acquired ability formation, and φy ≤ 1 drives the elasticity of substitution
between h and êy.

8We posit that young children cannot work. In the 2002 Brazilian National Household Survey
(PNAD), 6.15% of 6 to 17 year old children work for 6 hours a day or more.
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The human capital of an individual is determined by her acquired ability π̂, and
effective educational investment in college education êo:

h′(π̂, êo) =
[
γoπ̂

φo + (1− γo) (ψ + êo)φo
]θ/φo

, (4)

where 0 ≤ γo ≤ 1, and φo ≤ 1 have similar interpretations as in (3), 0 < θ < 1 measures
the degree of decreasing returns to scale, and ψ > 0 drives the marginal return of
tertiary education effective investment for an individual without college. Note that, if
ψ = 0, (4) is a standard CES production function with INADA conditions. We make
ψ > 0 because this specification leads to positive human capital in the case where the
individual does not study in college, that is, êo = 0.

Young households The state variable of a young household is given by the parent’s
human capital h and the child’s innate ability π. The parent inelastically supplies
human capital services in the labor market and her labor income is equal to wh, where
w is the equilibrium wage rate. The government proportionally taxes labor income
at rate τ . The young parent chooses its child’s education type, sy, and decides how
to allocate her after-tax labor income between consumption, cy, and basic education
expenditures, ey. Thus, the problem of a young parent is given by

Vy(h, π) = max
cy≥0

sy∈{1,2}

ey≥0

u(cy) + βVo(h, π̂(π, h, sy, ey))

s. t.
cy + ey = (1− τ)wh

π̂(π, h, sy, ey) = π
[
γyh

φy + (1− γy)êy(sy, ey)φy
]1/φy

.

(5)

The function Vy(·) is the value function of the young parent, u(·) is the utility function
of the family, and β is a time discounting parameter. The function Vo(·) is the value
function of the old parent. We assume no credit market between periods: all young
parents’ earnings are either consumed or invested in basic education. However, since
each period represents 18 years, the budget constraint implies a perfect credit market
within-period.9

9The private education technology in this model can be interpreted as educational firms with
constant returns to scale and constant marginal cost operating in a competitive market. To see this,
suppose that there is a continuum of private schools indexed by their quality, q ≥ 0. A firm’s quality
is the effective educational investment it provides to their students, that is, q = ê. The problem of a
representative firm with a given quality q is to choose the number of vacancies to supply, µ, taking as
given its price, p, to maximize profits, pµ− cµ, where c is the firm’s constant marginal cost, given by
c = q. The equilibrium conditions in those markets are p(q) = q for each q ≥ 0. If a household chooses
the private system, sy = 1, it must choose a type of school, q ≥ 0, paying price q and receiving effective
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Old households An old parent chooses how to allocate her family labor income
between consumption and investment in college education. Specifically, an old parent
chooses whether or not to have her child apply to college, and, therefore, her value
function is defined as

Vo(h, π̂) = max{V not apply
o (h, π̂), V apply

o (h, π̂)}, (6)

where V not apply
o (·) is the value of not applying, and V apply

o (·) is the expected value of
applying to college.

If a child does not apply to college, then she immediately joins the labor market,
inelastically supplying her human capital services. Thus, under no college education,
the value of not applying is

V not apply
o (h, π̂) = u(co) + βEπ′ [Vy(h′(π̂, 0, 0), π′)]

s. t.
co = (1− τ) [wκξ1h+ wξ2h

′(π̂, 0, 0)]

h′(π̂, so, eo) =
[
γoπ̂

φo + (1− γo) (ψ + êo(so, eo))φo
]1/φo

.

(7)

The budget constraint includes the post-tax income from all family members combined.
ξ1 > 1 and ξ2 < 1 are life-cycle earnings parameters that measure, respectively, by how
much old adults are more productive than young adults, and how much old children
are less productive than young adults. Parameter κ represents the fraction of the time
period that old adults work. Since in this case the old child does not study in college, all
income goes to consumption. The continuation value of the old parent is the expected
value function of her own child as a young parent in the next period. This expectation
is over the innate ability distribution of the old parent’s grandchild, which follows an
i.i.d. log-normal distribution,

log(π′) ∼ N(0, σ2
π). (8)

To enter both public or private college, children must apply. We assume that all
college applicants are automatically admitted to private college.10 The same is not true
for public college. The outcome of an application to public college is random. The
probability of admission depends on applicants’ acquired ability, and college applicants

educational investment ê = q. Summing up, in this modification we only add firms as intermediates
between households and the effective educational investment technology. Although simple, this is
useful to think about our model in terms of several issues, such as, for example, how it is related with
papers in the Industrial Organization literature that model educational markets in more sophisticated
ways (see, for example, Sanchez (2017)).

10As Herskovic and Ramos (2017) describe, according to 2008 Brazilian data, there are nearly seven
times more students applying to public college than public college spots available. However, for a
private college, the ratio of applicants to private college spots is about 1.3. Moreover, only 5% of the
public college spots are unfilled, while 50% of the private college spots are unfilled.

9



with higher acquired ability are more likely to be admitted. Probability of admission is
given by q(π̂), and it is an equilibrium object that we discuss later in this section, along
with a description of the college admission market. Taking the probability function as
given, the expected value of applying to college is a combination of the value if admitted
V admitted
o (·) and the value if not admitted V not admitted

o (·):

V apply
o (h, π̂) = q(π̂)V admitted

o (h, π̂) + [1− q(π̂)]V not admitted
o (h, π̂). (9)

If an old child’s college application is successful, the old parent value function is
described as

V admitted
o (h, π̂) = max

co≥0

so∈{1,2}

eo≥0

u(co) + βEπ′ [Vy(h′(π̂, so, eo), π′)]

s. t.
co + eo = (1− τ) [wκξ1h+ wξ2h

′(π̂, so, eo)(1− η)]

h′(π̂, so, eo) =
[
γoπ̂

φo + (1− γo) (ψ + êo(so, eo))φo
]1/φo

.

(10)

Admitted households choose between public and private colleges. Parameter η captures
the time spent in college. This represents the opportunity cost associated with a college
education since the old child can work only a fraction 1− η of that period.

If an old child is not admitted to a public college, then she may still attend a private
college. Conditional on the child not being admitted to the public college, an old parent
chooses between enrolling her child in private college (so = 1) or not (so = 0). The
old parent’s optimization problem if her child is not admitted to a public college is,
therefore, given by

V not admitted
o (h, π̂) = max

co≥0

so∈{0,1}

eo≥0

u(co) + βEπ′ [Vy(h′(π̂, so, eo), π′)]

s. t.
co + eo = (1− τ) [wκξ1h+ wξ2h

′(π̂, so, eo)(1− ηso)]

h′(π̂, so, eo) =
[
γoπ̂

φo + (1− γo) (ψ + êo(so, eo))φo
]1/φo

.

(11)

Public college admissions We model public college admissions as a competitive
market in which applicants compete for college spots. As the result of an old child’s
application, the college observes a noisy signal of her ability. This signal is interpreted
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as her application score or her grade on the admission exam, and it is determined by

log(π̂observed) = log(π̂) + σpεp, (12)

where εp is an i.i.d. standard normal, and σp is the noisiness of admissions. The measure
of potential applicants is one, which includes all old children, while the measure of spots
available at the public college is given by parameter µ. Given the number of college
spots available, public college admits applicants with the highest score until all spots
are filled, or until there is no more demand for spots. There is a grade point cutoff,
π∗, such that every applicant with π̂observed ≥ π∗ is admitted. The cutoff π∗ is the
equilibrium variable that clears the admissions market. Denote by νo the mass of old
children that are admitted and choose to study in public college. The condition for
admissions market clearing is:

π∗(µ− νo) ≥ 0, with equality if π∗ > 0, (13)

that is, if the grade point cutoff is strictly positive, then all spots must be filled. How-
ever, it is also possible the case where the grade point cutoff is zero and there are empty
slots in equilibrium.

Firm The representative final good firm takes the wage rate w as given and has a
constant returns to scale production technology. The problem of the firm is

max
H≥0

AH − wH, (14)

where A is total factor productivity and H is aggregate human capital. Denote by H∗
the optimal choice of the firm. The product in the economy is Y = AH.

Government The government offers public education and finances itself by taxing
households. For each student in public school and college, the government spends gy and
go, respectively. Denote by νy and νo the equilibrium mass of households that study
in public school and public college. The condition for government’s budget balance
requires expenditures to be equal to revenues:

(0.5)gyνy + (0.5)goνo = τY. (15)

Public spending per student in college education go is an equilibrium variable, while
the ratio of public spending per student in the two educational stages gy/go and the
tax rate τ are parameters.

Equilibrium A Stationary Recursive Competitive Equilibrium in this economy is
given by value and policy functions, aggregate labor demand H∗, wage rate w, public
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spending per student in public college go, grade point cutoff π∗, distributions of young
and old households across state variables, such that:

1. Value and policy functions solve households’ functional equations.

2. Labor demand solves the final good firm’s problem.

3. Final good market clears:

Y = Cy + Co + Ey + Eo +G, (16)

where Cy and Co are the aggregate consumption of young and old households, Ey
and Eo denote total private spending in education of young and old households,
and G = τY is government’s total expenditure in public education.

4. Labor market clears: firm’s optimal labor demand is equal to the aggregate human
capital supplied by households.

5. The mass of public college students is less than or equal to the mass of public
college vacancies, with equality if π∗ > 0.

6. Government’s budget is balanced.

7. The distribution of young and old households is stationary and consistent with
households’ policy functions.

3 Calibration
We calibrate the model using Brazilian data. We interpret each period of the model
as consisting of 18 years. This implies that young children are 0 to 17 years old, old
children are 18 to 35, young adults are 36 to 53, and old adults are 54 to 71. We split the
set of parameters in two: in the first subset, parameter values can be directly obtained
from the data or borrowed from the literature. Parameters in the second subset are
estimated through the Simulated Method of Moments.

Table 1 displays values for parameters in the first set. We assume that agents
have constant relative risk aversion (CRRA) preferences, u(c) = c1−σ−1

1−σ , with a risk
aversion of σ. We calibrate this parameter at 1.5, which is a reasonable parameter
value considering several estimates from the literature. The discount is calibrated at
0.96 per year.

To estimate κ, we use 2002 Brazilian National Household Survey (PNAD)11 cross-
section data and find that 60 years is the smallest age value such that the majority

11We use 2002 data to calibrate the model because a big government program that concedes schol-
arships for low-income individuals to study in private universities (ProUni) was implemented in 2004.
Since we do not model this program, we decide to use data prior to its implementation.
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of individuals do not work. Therefore, we posit that old adults stop working when
they reach 60 years, implying that those agents work for 7/18 of the period in the
model. We use 2002 PNAD data to estimate life-cycle parameters ξ1 and ξ2 following
a strategy similar to Restuccia and Urrutia’s (2004): we compare mean earnings of
college-educated individuals in the age intervals of old children, young and old adults.
We find that college-educated old children (old adults) mean earnings are equal to 70%
(128%) of those of young adults.

In 2002, 11% of 18 to 35 year-old individuals were either college students or had
completed college. Out of all 18 to 35 year-old college students, 25% were enrolled in
public college. Thus, the measure of public spots is calibrated at µ = 0.028, which is
25% of 0.11.

In 2002, public expenditures in education (primary, secondary and tertiary) as a
proportion of GDP were equal to 3.5% in Brazil (UNESCO, 2017). We use this value
for τ . In yearly terms, the ratio between public spending per student in basic education
and college is 0.22. To calibrate gy/go, we multiply this number by 12/5 to account for
the fact that the duration of basic education equals 12 years, while students usually
take 5 years to complete an undergraduate course in university.

Values for the remaining parameters in the model are not directly observable in
the data or cannot be borrowed from the literature. Therefore, we use the Simulated
Method of Moments and choose parameter values such that the model produces statis-
tics related to educational choices and the labor market that are close to the ones
observed in Brazil.

We calibrate eleven parameters. There are eight parameters related to the human
capital function: relative efficiencies of public education, αy and αo, relative importance
of inputs, γy and γo, elasticity of substitution drivers, φy and φo, marginal return to
college educational investment, ψ, and a return to scale parameter, θ. We also calibrate
innate ability dispersion, σπ, public college admission process noisiness, σp, and fraction
of time spent in college, η.

Table 1: Externally calibrated parameters
Parameter Description Value Source

β Time discounting 0.9618 Literature
σ CRRA utility 1.5 Literature
κ Old adult work period 7/18 2002 PNAD
ξ1 Life-cycle earnings (old adult) 1.28 2002 PNAD
ξ2 Life-cycle earnings (old child) 0.7 2002 PNAD
µ Vacancies in public college 0.028 2002 PNAD
τ Tax rate 0.035 UNESCO (2017)

gy/go Public educ. expenditure ratio 0.22× (12/5) UNESCO (2017)
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We select nine moments in the data to match:12 two related to labor earnings
(dispersion and intergenerational correlation13); four related to discrete educational
choices (fraction of students in private schools, proportion of individuals without college
education and with private tertiary education, and fraction of applicants to public
college); two related to continuous educational choices (fraction of GDP spent in school
and tertiary education by households); and one related to educational returns (college
wage premium).

Table 2 displays parameter values that we obtain when using the Simulated Method
of Moments, and Table 3 compares statistics in the data and model. Out of the nine
moments, there are two that display large errors: standard deviation of log earnings
(error = −52%) and fraction of applicants (error = −26%). However, we show next
that the model reproduces well the earnings percentiles in the data, revealing that the
error related to earnings dispersion is not a major issue.

Non-targeted moments Next we discuss the model’s performance in fitting statis-
tics that were not targeted in the calibration process. Figure 2 shows ratios between
percentiles of the earnings distributions in the model and in Brazilian data. We com-
pare the 90th earnings percentile with percentiles 10, 25, 50 and 75, obtaining relative
errors equal to -6.7%, 22%, 42% and -9.9%, respectively. Given that such statistics
were not targeted in the calibration procedure, we consider the fit to be good.

Table 4 shows choices related to basic education by households’ income quartiles. In
the model, all parents in the first two quartiles choose to send their children to public
schools, which is approximately what we see in the data. For the third quartile, there

Table 2: Internally calibrated parameters
Parameter Description Value

σπ Innate ability AR innovation variance 2.3762
σp Noisiness of admission process 3.7968
αy Public school relative efficiency 0.5739
αo Public college relative efficiency 0.9796
γy Human capital share parameter (young child) 0.1757
γo Human capital share parameter (old child) 0.9281
φy Elasticity of substitution (young child) -2.9748
φo Elasticity of substitution (old child) -0.9308
ψ Marginal return of college investment 0.1121
θ Human capital returns to scale 0.3841
η Time spent in college 0.7726

12Currently this is an underidentified model. In the future we plan to add more moments to conduct
an exactly identified calibration.

13Intergenerational correlation of earnings is defined as the regression coefficient obtained by re-
gressing the log of parents’ earnings on the log of children’s earnings.
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Table 3: Data and model comparison
Moment Source Data Model
Standard deviation of log earnings 2002 PNAD 0.9906 0.4744
Intergenerational correlation of earnings Dunn (2007) 0.6900 0.5824
Fraction of applicants Herskovic and Ramos (2017) 0.2560 0.1894
Young children in private school 2002 PNAD 0.1236 0.1074
Old children without college 2002 PNAD 0.8924 0.8961
Old children in private college 2002 PNAD 0.0789 0.0752
Fraction of GDP spent in school by households Herskovic and Ramos (2017) 0.0260 0.0211
Fraction of GDP spent in college by households Herskovic and Ramos (2017) 0.0080 0.0099
College wage premium 2002 PNAD 3.2851 3.0753

Figure 2: Earnings distribution percentile ratios

Data source: 2002 PNAD.
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are no children in private schools in the model, but there is 12% in the data. The model
fits well basic educational choices in the top quartile.

Table 5 shows that the model is able to reproduce the pattern of tertiary education
choices by earnings quartiles. In the simulation, all private college students are in the
top earnings quartile.

Benchmark model analysis Since we have calibrated parameters, we can now study
some of the model’s objects. Next, we study the human capital production function (3)
and (4). Its functional form does not follow a standard CES specification, so that it does
not display constant elasticity of substitution between educational expenditures in basic
and tertiary education. Figure 3 shows an isoquant associated with a private college
student with median h and π̂, supposing that this student goes to private school when
young. Dotted lines show the points in the curves where this student is located. The
elasticity of substitution between inputs in basic and tertiary education is an increasing
function of the Marginal Rate of Technical Substitution (MRTS). That is, as the MRTS
increases and we move from right to left along the isoquant, the two inputs become
more complementary. For the case of this student, since the elasticity of substitution is
smaller than one, investments in basic and college education are complementary inputs
of the human capital production function. This result is in line with the literature
on human capital formation (Cunha et al., 2006), which finds that inputs in different
educational stages are complementary.

Table 4: Basic education choices by earnings quartiles
Data Model

Private Public Private Public
Q1 1.54 98.46 0 100
Q2 4.73 95.27 0 100
Q3 11.97 88.03 0 100
Q4 47.85 52.15 44.73 55.27

Data source: 2002 PNAD.
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Table 5: Tertiary education choices by earnings quartiles
Data Model

No college Private Public No college Private Public
Q1 98.52 0.98 0.49 100 0 0
Q2 95.98 2.81 1.22 98.94 0 1.06
Q3 90.83 6.62 2.55 98.92 0 1.08
Q4 68.69 23.93 7.38 59.79 31.28 8.93

Data source: 2002 PNAD.

Figure 3: Human capital production function

(a) Isoquant (b) Elasticity of substitution
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4 Counterfactuals
In this section we present counterfactual exercises with the objective of studying the cal-
ibrated model and answering our main research question, which looks for the economic
effects of reallocating public expenditures across educational stages.

Educational choices and economic inequality We start by investigating the
model’s capacity of explaining economic inequality through endogenous educational
choices. We compute earnings’ stationary distributions in two counterfactual cases.
First, we suppose that agents make homogeneous educational decisions (all agents go
to public schools, spend zero in education, and do not apply to college), but innate
ability distribution is the same as in the benchmark case. In the second exercise, we
posit that all agents have the same innate ability (equal to benchmark mean innate
ability), but make the same educational choices as those in the baseline model. Note
that, in those counterfactual scenarios, agents do not behave optimally. Our objective
here is to conduct a simple decomposition of economic inequality into two variables
(educational choices and innate abilities).

We find that, in the first exercise, the Gini coefficient decreases by 64%, while, in the
second case, it decreases by 29%. The fact that inequality decreases by a larger amount
in the first case shows that educational decisions are more important than innate ability
heterogeneity to explain earnings inequality in the model. If we additionally use relative
Gini variations produced in the two exercises as a measure of the importance of a
given feature in explaining inequality, we conclude that educational choices are about
(64%)/(29%) = 2.2 times more important than innate abilities to explain earnings
heterogeneity. This result suggests that educational policies can have large impacts on
economic inequality in the model.

Explaining intergenerational correlation of earnings We can also conduct an
exercise similar to the previous one to evaluate how the intergenerational correlation
of earnings is generated in the model by two mechanisms: parent–child direct human
capital transmission, through parameter γy, and educational decisions. We again run
two counterfactuals. First, we make γy = 0 and use benchmark educational decisions.
Second, we use the baseline value for γy but suppose that agents make homogeneous
educational decisions (same as those in the previous exercise). We find that intergen-
erational correlation of earnings decrease by 87% in the first case and by 99% in the
second case. The fact that intergenerational correlation of earnings decrease by a large
amount in both experiments shows that the two mechanisms are crucial to explain it.

The role of government in the economy Next, we study the role of public edu-
cational services by computing the equilibrium for the case in which there is no gov-
ernment. Specifically, we make τ = π∗ = gy = go = 0 and recompute the equilibrium,
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Figure 4: Credit frictions evaluation experiments

(a) Experiment 1 (b) Experiment 2

which includes finding agents’ optimal choices. Comparing the benchmark and counter-
factual stationary equilibria, we find that GDP decreases by 5.5%, the Gini coefficient
decreases by 0.16% and aggregate welfare14 decreases by 1.89%. Impacts on welfare are
heterogeneous with respect to households’ earnings: lifetime utility of poorest house-
holds in the first earnings quartile decrease by 7%, while welfare for households in the
second, third and fourth quartiles vary by 0.7%, -0.36% and -1.2%, respectively. We
conclude that government plays an important role in the model, increasing the utility
of poor households in the economy.

Credit frictions To evaluate the strength of credit constraints in the model, we
first investigate returns to basic educational investments for different agents in the
benchmark economy. For the same level of basic educational investment, an average
poor student has a lower human capital return to investments in basic education than
a rich child. This happens because of three reasons: poor parents transmit a lower
human capital to their child, public schools provide a lower human capital return to
expenditures than private schools, and rich parents have higher effective educational
investments in tertiary education. However, since households do not invest equally,
educational returns in the benchmark equilibrium may display a very different pattern
from the case of homogeneous basic educational investments.

To compute educational returns, we add a lump-sum basic educational expenditure
equal to half the mean earnings of young households in the first quartile to all young
children and keep everything else constant. Figure 4a shows the effects of this exper-
iment on the human capital change of children for 20 quantiles of parents’ earnings.
Despite the reasons discussed in the previous paragraph, poor children have higher edu-

14We use mean value function to measure welfare.
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Figure 5: Counterfactual equilibrium values of gy and go

Note: x is a factor by which we multiply gy/go to get a counterfactual g′y/g′o = x (gy/go).

cational returns than rich students, showing that there is a significant mass of relatively
productive poor students that receive small educational investments in school.

Next, we follow the intuition of experiments executed in Carneiro and Heckman
(2002) and Restuccia and Urrutia (2004) to study the strength of credit frictions in the
model. We add a lump-sum income transfer to all households in the economy equal to
the same amount of the previous exercise and recompute their optimal choices. If we
consider that households in the top income quantiles are credit unrestricted, then the
relative change in educational expenditures of a given household with respect to the
richest households should gives us an idea on how much this household is constrained
in terms of credit for educational investments. Figure 4b shows the change in basic
educational investment by 20 quantiles of parents’ earnings, normalizing the largest
quantile’s expenditure change to one. Young households in the first quartile increase
educational spending by more than three times the spending increase of the top quar-
tile. We conclude from this experiment that borrowing constraints to investments in
education in our model do have an important impact on young parents’ decisions.

Relocation of public expenditures across educational stages Remember that
the ratio between public spending per student in basic and tertiary education, gy/go, is a
parameter in the model. Our main exercise consists in varying this ratio and studying
counterfactual equilibria driven by different educational policies. Since we keep the
tax rate τ fixed, varying gy/go is equivalent to reallocating public expenditures across
educational stages, keeping fixed the proportion of GDP spent in education by the
government.

Figure 5 shows equilibrium values of gy and go for each counterfactual simulation.
Note that, to reallocate expenditures from tertiary to basic education, go needs to fall by
a large amount for gy to increase. This happens because the mass of students receiving
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Figure 6: Reallocating public expenditures across educational stages

(a) GDP (b) Welfare

(c) Gini coefficient

Notes: Values in the horizontal axis are normalized so that baseline gy/go is equal to 1.

public expenditures in basic education is significantly bigger than the mass of students
in public college. Finally, Figure 6 displays the results of the counterfactual exercise.
Reallocating public expenditures from tertiary to basic education leads to lower GDP,
lower aggregate welfare, and lower Gini coefficient. For the maximum reallocation that
we simulate, GDP, welfare and the Gini coefficient decrease by 1.3%, 0.2% and 2%,
respectively.

5 Next steps
There are several analysis that we plan to execute in the future to advance this research
project. Next, we describe some of them. In subsection 5.1 we discuss in detail the
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implementation of voucher payments for private schools in the model.

1. Fully investigate the main results. In this text, we analyze the impact of a realloca-
tion of public expenditures across educational stages on macroeconomic variables
(GDP, inequality and welfare). We can further study how different types of house-
holds are affected by the policy. We find that aggregate welfare decreases, but
it is possible that poorer households benefit from the policy. We can also study
how agents react to the policy in terms of educational spending and applying to
public college. Finally, we can decompose the counterfactual results using partial
equilibrium analysis to understand, for example, how macroeconomic variables
would have changed if households had not reacted to the policy. This would give
us an idea on how much of the effects of the policy on macroeconomic variables
are explained by households adjusting to the policy.

2. In our main exercise, we vary gy/go, keep τ fixed, and interpret this as a realloca-
tion of expenditures without changing the proportion of GDP spent in education
by the government. We can also think in reallocating expenditures across educa-
tional stages, keeping fixed total expenditures in education. This can be done in
two ways:

(a) First, for some g′y/g′o different from gy/go, we look for a new tax rate τ ′
such that τ ′Y ′ = τY , where Y ′ is the equilibrium GDP associated to the
new variables with prime superscript. That is, we reallocate expenditures
across educational stages and look for the tax rate that makes new total
public expenditure equal to the baseline one. However, comparing the results
of this exercise with the ones produced by the counterfactual described in
Section 4 may be confusing, since varying τ affects households at the margin,
potentially leading to large changes in households’ optimal choices. The
experiment in the next item can be executed to decompose the differences
between the two counterfactuals.

(b) We run the same counterfactual as the one described in Section 4, but we
change the equilibrium definition by substituting government’s budget bal-
ance condition by the restriction τY = τY ′. That is, we reallocate expendi-
tures in a way that keeps total expenditures and the tax rate fixed. This is a
partial equilibrium analysis in the sense that it ignores government’s budget
balance condition.

3. We can make public educational expenditure be a function of parent’s earnings,
gy(h) and go(h). Making this functions decreasing reallocates resources from rich
to poor agents. Through making expenditures negative for some households we
can simulate a policy where, for example, rich households must pay a fixed cost
to study in public college, with this money being reallocated to poor students in
public schools or to voucher payments in private schools.
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4. In our calibration, public schools have very low relative quality, αy = 0.57, which
is consistent with Brazilian data.15 We can assess the importance of this fact by
simulating counterfactual values for αy.

5. In 2004, a big government program that concedes scholarships for low-income
individuals to study in private universities (ProUni) was implemented in Brazil.
We can use this policy in two ways in our model. First, as part of the calibration
strategy, we can make our model reproduce the short-run effects of this policy,
as measured by econometric policy evaluation works.16 Second, we can estimate
the long-run effects of such policies by computing the new stationary equilibrium
after the reform, possibly including the transition between the two steady states.

5.1 Vouchers for private schools
In this subsection we show how to implement a voucher policy for private schools in the
model. We also show heuristically that increasing public expenditures for students in
public schools attracts to the public system children with the smallest innate abilities
in private schools. Additionally, this policy leads to a negative jump in the educational
expenditures of agents that switch from private to public schools. We argue that the
opposite happens for the case of voucher payments. This can potentially be an ad-
vantage of voucher policies over public expenditures in public schools: voucher policy
leads to a positive jump in the human capital of some students that otherwise would
be the ones with the highest innate abilities in public schools. An important caveat:
throughout this discussion we abstract from general equilibrium effects.

First, a voucher policy can be implemented in the model by supposing that the
government pays a fixed amount per student in private institutions. This payment can
be made conditional on parent’s earnings. Thus, suppose that the government invests
vy(h) for each student in private school whose parent’s earnings are h. This modifies
the effective educational investment function (1) to be

êy(sy, ey, h) =



vy(h) + ey if sy = 1 (private school)
αy(gy + ey) if sy = 2 (public school).

(17)

Next, we present some auxiliary arguments:

1. Expenditures if choosing a private school is higher than if choosing a public school.
Inspecting the value function of a young household in equation (5), it is possible
to see that, whether the household is choosing a public or private school, there
is a one to one substitution between consumption and educational expenditure.

15Brazil has the lowest ratio between public and private math scores in PISA’s 2015 sample.
16This kind of structural model usage is in line with recent ideas discussed in Low and Meghir

(2017).
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This implies that, for a given level of educational expenditure, the marginal costs
of increasing expenditures by one unit in the public and private schools are equal.
The same is not true for the marginal human capital return of educational in-
vestment. For a given point of basic educational investment, the human capital
function is more concave in the case of public schools since αy < 1, implying that
the marginal benefit of educational expenditures are bigger in private schools.
These two facts imply that, for a given household, the optimal educational in-
vestment if choosing a private schools is larger than if choosing a public school.

2. If gy increases, there is crowding-out of households’ educational expenditures. Fix-
ing a given level of educational expenditures of a household, if gy increases, by
concavity of the human capital function, the marginal human capital return of
educational expenditures decreases. Since the marginal cost is kept fixed, this
implies that optimal educational expenditures of households in public schools
decrease when gy increases, e.g., there is crowding out of public educational ex-
penditures. A similar reasoning shows that households in private schools crowd
out voucher payments.

3. Optimal educational expenditures are increasing in children’s innate ability. Take
two young households with same h but with innate abilities π1 < π2. For the
same level of educational expenditures, the marginal human capital return driven
by an increase of educational expenditures is greater for the household with π2,
implying that the marginal benefit of educational expenditures is greater for π2.
Together with the fact that marginal costs are equal for both households, this
shows that the optimal educational investment is increasing in π.

4. Existence of innate ability threshold π̃(h) that separates households choosing public
and private schools. Figure 7 shows effective educational investment functions
for the case of no voucher payments. Note that effective educational investment
in private schools, êy(1, ey), is the identity function, while, in the public case,
êy(2, ey), it is a line with slope equal to αy, which is smaller than one, and positive
intercept equal to αygy. Define ẽy as the point where the two lines cross each
other. Note that households that choose ey < ẽy in equilibrium must be choosing
public schools (otherwise they could spend the same amount in public schools
and get a strictly greater êy), while households that spend ey > ẽy go to private
schools. Together with the fact that, given h, optimal educational expenditure is
increasing in π, this implies that there is a threshold π̃(h) such that households
with earnings h and π < π̃(h) choose public schools and households with π > π̃(h)
choose private schools.

Abstracting from general equilibrium effects, when the government increases gy to
g′y, the lifetime utility that a given household gets from spending a given amount in
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Figure 7: Effective educational investment
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education and choosing public school strictly increases. Thus, more students will choose
public schools, moving up the ability threshold to π̃′(h). That is, increasing gy attracts
the students from private schools with the smallest innate abilities π such that π̃(h) <
π < π̃′(h).

At the same time, since a household’s optimal educational expenditures are smaller
in public schools than in private schools, students that switch to public schools discretely
decrease their educational expenditures, leading to a negative jump in their human
capital. The fact that households crowd out public expenditures when gy increases
makes this negative jump bigger.

On the other hand, if the government increases voucher payments in private schools,
more households choose to study in private schools. This decreases the ability threshold
from π̃(h) to π̃′′(h). For a given h, households that switch to private schools are those
such that π̃′′(h) < π < π̃(h).

The effect on educational expenditures for a given switching student is ambiguous
in the case of an increase in voucher payments. On one hand, switching for private
schools leads to a positive jump in the educational expenditure. On the other hand,
an increase in voucher payment crowds out private investments. However, making the
increase in voucher payments small enough should make the first effect larger than the
second, since the first one is discontinuous and the second is smooth with respect to
voucher payment changes.
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Appendix

A Toy model
In this section, we develop a simple model that contains several mechanisms present
in the complete model. This model’s simplicity allows us to study some features in a
more clear way than in the model presented in Section 2.

There are two periods. In the first period, all agents receive basic education. There
are both private and public schools. Private schools provide higher human capital return
than public schools, but charge a positive price, while public schools are tuition-free.
In the second period, agents can choose to apply for public college. There is a limited
number of vacancies in public universities, and only students with the highest grades
are admitted. There is no private college. All agents work in period two. An agent’s
labor earnings are equal to her human capital.

Agents are characterized by a pair (w, π). w is the agent’s income (endowment) in
the first period, which can be used for consumption or for paying private school. π is
the agent’s innate ability, which is one of the inputs of the human capital production
function. There are two levels of income in the first period, wL < wH , and of innate
abilities, πL < πH . Denote by ωij the mass of agents of type (wi, πj).

We define acquired ability, π̂, as the human capital that an agent has in the stage
immediately after completing basic education. For an agent with innate ability π,
acquired ability is determined by

π̂ =



q0π if agent chooses public school,
q1π if agent chooses private school.

(18)

Parameters q0 > 1 and q1 > 1 reflect the qualities of public and private schools, respec-
tively. We suppose that private school’s quality is higher than public school’s, q1 > q0.
For an agent with acquired ability π̂, human capital is given by

h =



π̂ if agent does not study in college,
q2π̂ if agent studies in public college,

(19)

where q2 > 1 denotes the human capital return of college education.
There is a limited mass of vacancies in public college, 0 < µ < 1. Public univer-

sity imperfectly observes acquired abilities of agents that apply. An agent’s observed
acquired ability is given by her acquired ability times a standard uniform shock:

π̂observed = επ̂, ε ∼ U [0, 1]. (20)

Public university admits the agents who apply and have higher observed acquired
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abilities until all vacancies are filled or until there is no more demand for it. There is
a grade point cutoff, π∗, such that an applicant is admitted if and only if her observed
acquired ability is greater than or equal to π∗. This grade point cutoff is determined in
equilibrium, which we discuss later. Using properties of the uniform distribution, the
probability of an agent with acquired ability π̂ being admitted is

p(π̂|π∗) = Pr(επ̂ ≥ π∗) = Pr
(
ε ≥ π∗

π̂

)
=





0 if π∗
π̂
> 1,

1 if π∗
π̂
< 0,

1− π∗
π̂

otherwise
(21)

if this agent applies to college, and zero otherwise.
In the first period, an agent chooses between public and private basic education. If

she decides to study in private school, she must pay price ζ > 0, which is exogenous.
We denote by s1 an agent’s decision in period one, where s1 = 0 denotes choosing
public school and s1 = 1 denotes choosing private school. The budget restriction of a
type–(w, π) agent in the first period is

c1 + ζs1 = w, (22)

where c1 denotes consumption in period one. Note that there are credit restrictions: a
(wL, πH) agent has the same funds as a (wL, πL) agent to invest in education, although
the first has higher expected future earnings than the latter, all else equal.

In the second period, an agent chooses whether or not to apply to public college.
If she decides to apply, she must pay a monetary cost ϑ > 0, which is exogenous. We
denote by s2 an agent’s decision in period two, where s2 = 0 denotes choosing not to
apply for public college and s2 = 1 denotes choosing to apply. The budget restriction
of an agent with human capital h in the second period is

c2 + ϑs2 = h, (23)

where c2 denotes consumption in period two.
Agents have linear utility, u(c) = c.17 Denote s = (s1, s2) the vector of choices

in the two periods. An agent takes π∗ as given and chooses s ∈ {0, 1}2 to maximize
lifetime expected utility. We assume that there is no time discounting. The problem of
a type–(w, π) agent is

max
s∈{0,1}2

u(c1) + E [u(c2)]

s. t.
(18), (19), (21), (22) and (23),

(24)

17Linear utility makes the cost of applying, ϑ, be equivalent to a utility cost, which is more reasonable
in this environment.
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where the expectation is taken over shocks that affect observed acquired ability.
Next, we define equilibrium in this economy.

Definition 1. An equilibrium is given by a college grade point cutoff π∗ such that:

1. Agents maximize expected lifetime utility taking π∗ as given,

2. The mass of public college students is less than or equal to the mass of public
college vacancies, with equality if π∗ > 0.

Equilibrium condition 2 states that if π∗ > 0, then the mass of students in college
must be exactly equal to mass of vacancies. Additionally, equilibrium also allows for
the case in which there are empty spots in public college.

We will study an equilibrium where low income agents study in public school, high
income agents study in private school, low ability agents do not apply to college and
high ability agents apply. We choose to generate this choices in the model because
of two reasons. First, data on developing countries show that high income students
attend private schools mostly. Second, the case where low ability agents do not apply
to college is mathematically more tractable in the analysis that we conduct later in this
section. The next proposition shows conditions for the model to produce such choices.

Proposition 1 (Agents’ optimal choices). If the following conditions hold:

1. ζ > wL,

2. ϑ <
(

1− π∗

q0πH

)
(q2 − 1)q0πH ,

3. ζ < (q1 − q0)πL,

4. ϑ > πLq1(q2 − 1),

5. ϑ− ζ > πL(q0q2 − q1),

6. ζ < πHq2(q1 − q0),

7. ζ + ϑ > πH(q1 − q0),

then

1. (wL, πL) agents choose s = (0, 0),

2. (wL, πH) agents choose s = (0, 1),

3. (wH , πL) agents choose s = (1, 0),

4. (wH , πH) agents choose s = (1, 1).

Proof. See Appendix B.1.
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Next, we interpret conditions in Proposition 1. The first condition says that the
income of poor agents is less than private school’s price. This naturally makes all
poor agents choose public schools. Condition two induces (wL, πH) agents to apply
for college, defining an upper bound on the cost to apply. This condition also implies
that (wH , πH) agents apply, since their income in the second period is higher than
an (wL, πH) agent’s. Condition three makes (wH , πL) choose private schools through
restricting its price. The fourth condition defines a lower bound on ϑ to make (wH , πL)
agents decide not to apply. This condition also implies that (wL, πL) agents do not
apply, since their income in the second period is lower than a (wH , πL) agent’s. The
fifth condition implies that a (wH , πL) agent prefers (1, 0) over (0, 1), that is, she prefers
a lower consumption in the first period and abdicating college education in order to
have a better basic education and higher consumption in the second period. Condition
six puts an upper bound on the price of private education to make (wH , πH) agents
choose private schools. The last condition makes (wH , πH) agents prefer (1, 1) over
(0, 0).

If the conditions stated in Proposition 1 hold, high ability agents apply to college,
and low ability agents do not. Suppose that the mass of applicants is greater than the
mass of vacancies, ωLH +ωHH > µ, so that there are no empty vacancies in equilibrium.
The condition for college market clearing in this case is:

ωLH p(q0πH |π∗) + ωHH p(q1πH |π∗) = µ, (25)

where we use the fact that π̂ equals q0πH and q1πH for agents of type (wL, πH) and
(wH , πH), respectively. We look for an equilibrium where both types of high ability
individuals have positive probabilities of being admitted. From equation (21), for this
to happen we must have 0 < π∗

q0πH
< 1. Supposing that this is true and substituting

(21) in (25), we can solve for π∗:

π∗ = q0q1πH(ωLH + ωHH − µ)
ωLHq1 + ωHHq0

. (26)

With this closed form solution for π∗, it is straightforward to verify that a necessary
and sufficient condition for 0 < π∗

q0πH
< 1 is µ > ωLH(q1 − q0). This condition grantees

that (wL, πH) individuals have positive probability of being admitted. It also implies
that (wH , πH) agents have positive probability of being admitted because they have
higher acquired ability. Denote by pL (pH) the equilibrium probabilities of a low (high)
income, high ability agent being admitted to college.18

18Substituting (26) in (21),

pL = 1− q1

(
ωLH + ωHH − µ
ωLHq1 + ωHHq0

)
, pH = 1− q0

(
ωLH + ωHH − µ
ωLHq1 + ωHHq0

)
.
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GDP in the second period is given by the sum of expected human capital of all
agents weighted by their masses:

Y = ωLLq0πL + ωLHpLq0q2πH + ωLH(1− pL)q0πH

+ ωHLq1πL + ωHHpHq1q2πH + ωHH(1− pH)q1πH .
(27)

We are going to study under what conditions there is overinvestment in public
college in this economy. We define overinvestment in public college (w.r.t. GDP) as
the situation where reallocating public expenditures from college towards public basic
education, keeping total educational expenditures fixed, leads to higher GDP. For now,
suppose that public college quality is a function of public school quality, q2(q0). This
function describes how the government produces education quality for a given fixed
level of total expenditures. To increase public school quality, college quality must
decrease, so that ∂q2/∂q0 < 0. Later in this section we show how this relationship can
be generated through production functions for q0 and q2 and a budget balance condition
for the government.

We can use the GDP equation (27) to gain some insights on how aggregate output
reacts to an increase in the quality of public schools and a corresponding decrease
in the quality of college. A variation in q0 and q2 affects (i) the productivity that
individuals gain from educating themselves (i.e., terms q0 and q2 themselves), and (ii)
the distribution of agents that enter college (i.e., terms pL and pH). First, a higher q0

increases the human capital of (wL, πL) and (wL, πH) agents (call this “positive quality
effect”), all else equal, but a lower q2 decreases the human capital of high ability agents
that are admitted into college (call this “negative quality effect”). Second, this variation
in q0 and q2 increases the probability of low income agents entering college, pL, since
their acquired ability depends positively on q0. At the same time, it decreases pH
because the acquired ability of (wH , πH) agents is kept constant, q1πH . We call “college
reallocation effect” the composite effect of a higher proportion of low income agents
entering college, counterbalanced by less high income agents being admitted. Note that
the college reallocation effect has a negative impact on GDP. This happens because the
acquired ability of (wL, πH) agents, q0πH , is lower than (wH , πH) agents’, q1πH . Thus
the final human capital of low income college students is lower than high income college
students’. Because of this, the isolated effect of a higher (lower) proportion of low (high)
income agents studying in college implies in a decrease of aggregate output.

This discussion shows that there are some mechanisms through which a higher q0

and lower q2 affect GDP positively, while there are others that produce the opposite
effect. The next proposition shows conditions such that the positive effects prevail over
the negative effects.

Proposition 2 (Overinvestment in public college). If the following conditions hold,
there is overinvestment in public college, i.e., ∂Y/∂q0 > 0:
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1. 1 > q2

(
q1 − q0

q1

)(
1− ωLH

ωLH + ωHH

)
,

2. ωLL > −
(
∂q2

∂q0

)(
πH
πL

)
q̃µ,

where
q̃ = ωLHpLq0 + ωHHpHq1

ωLHpL + ωHHpH
(28)

is the mean basic education quality of individuals that are admitted into college.

Proof. See Appendix B.2.

The two conditions in Proposition 2 are obtained by requiring that some specific
positive effects on aggregate output be larger than the negative effects. The first con-
dition is implied by requiring that the college reallocation negative effect on GDP is
outweighed by the human capital gain of (wL, πH) agents that are not admitted into
college, due to higher q0. Note that this condition is satisfied when a combination
of the following circumstances holds: (i) q2 is low, (ii) the gap between q1 and q0 is
small and (iii) the proportion of (wL, πH) agents among high ability individuals is high.
Those conditions are intuitive. To think about condition (i), let us consider the situa-
tion where one high ability poor agent (with acquired ability π̂LH) substitutes one high
ability rich individual (π̂HH) in college. The change in GDP derived from this sub-
stitution is given by the difference between the human capitals of the two individuals,
q2π̂LH−q2π̂HH = q2(π̂LH− π̂HH). Note that this difference is negative and, importantly,
gets more negative as q2 increases. The interpretation of (ii) relies on the same intuition
as (i): just note that π̂LH = q0πH and π̂HH = q1πH . Condition (iii) is related to the
fact that, the higher it is the proportion ωLH , the bigger it is the aggregate gain derived
from the increase in q0 for (wL, πH) agents that are not admitted.

The second condition is obtained by requiring that the GDP gain due to higher q0

for (wL, πL) agents prevails over the GDP loss driven by lower q2 for agents admitted
in college (the negative quality effect). This condition is satisfied when a combination
of the following holds: (i) ωLL is high, (ii) ∂q2/∂q0 is close to zero, (iii) πH/πL is low,
(iv) q̃ is small, or (v) µ is small. First, the higher it is ωLL, the bigger is the amount of
individuals benefited from higher q0. Second, the closer to zero is ∂q2/∂q0, the smaller
is the decrease in the quality of public college. Third, the GDP gain (loss) due to higher
q0 (lower q2) is amplified by the innate ability of affected individuals. Since (wL, πL)
agents study in public school and high ability agents apply to college, πH/πL needs to be
low so that this amplification effect does not get sizable. Fourth, similar to the previous
point, basic education quality amplifies the absolute human capital decrease driven by
lower q2. Therefore, one of the negative forces produced by lower q2 is proportional to
the basic education quality of admitted individuals, q̃. Finally, the lower it is µ, the
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smaller is the proportion of individuals negatively affected by a decrease in q2.19

Next, we show how function q2(q0) can be generated through additional objects in
the model. Suppose that the qualities of public school and college are determined by
the amount that the government invests per student in school, g0, and college, g2:

q0 = α0g
κ0
0 , q2 = α2g

κ2
2 . (29)

That is, q0 and q2 are increasing functions of g0 and g2, respectively, with slope param-
eters α0, α2 > 0 and concavity parameters κ0, κ2 ∈ (0, 1). Higher slope and concavity
parameters reflect more efficient technologies (higher marginal returns).

Denote by G government’s total expenditure in education. In this section we do
not model explicitly how government finances itself to obtain funds for educational
expenditures. However, since G does not vary in this analysis, there is no problem in
interpreting agents’ income in the first period, wL and wH , as after-tax income. Total
public spending is given by the sum of educational expenditures per student times the
mass of students for each level of public education. Using agents’ optimal choices,

G = g0(ωLL + ωLH) + g2µ. (30)

Equations (29) and (30) link q2 and q0. First, invert the first equation in (29) to get
g0(q0). Second, substitute this in (30) and isolate g2 to get g2(q0). Finally, substituting
this into the second equation in (29) gives us

q2(q0) = α2

{
1
µ

[
G−

(
q0

α0

) 1
κ0 (ωLL + ωLH)

]}κ2

. (31)

Note that the interpretation of function q2(q0) is exactly the one that we discussed
before: it describes how q2 is determined as a function of q0, supposing that total
government expenditures G are fixed. If the government increases q0 through higher
expenditures per student in public schools, g0, then g2 must decrease for G to remain
constant, leading to a smaller q2.

To study the substitution between q2 and q0, let us differentiate (31) w.r.t. to q0:

∂q2

∂q0
= −

(
ωLL + ωLH

µ

)

κ2α

1
κ2
2

κ0α
κ0
0






q

1−κ0
κ0

0

q
1−κ2
κ2

2


 . (32)

Next, we discuss some properties of ∂q2/∂q0.

1. Decreasing in (ωLL + ωLH). Suppose that the government increases g0, leading
19The subset of the parameter space such that pL, pH ∈ (0, 1) and the conditions in propositions

1 and 2 hold is non-empty. For example, all conditions hold for the following parameter values:
wL = 0.25, wH = 0.75, πL = 1, πH = 5, ωLL = 0.5, ωLH = 0.3, ωHL = 0.1, ωHH = 0.1, µ = 0.375,
q0 = 1, q1 = 2, q2 = 1.5, ∂q2/∂q0 = −0.1, ζ = 0.5, ϑ = 2.
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to a higher q0. The bigger it is the proportion of students in public schools, the
higher it is the total increase in basic educational expenditures, g0(ωLL + ωLH),
requiring a bigger decrease in g2 and q2.

2. Increasing in µ. The intuition here is the opposite of the previous case. If there
is a large number of college students, for the government to compensate a given
increase in total basic educational expenditures, the decrease in expenditure per
college student needs to be small.

3. Increasing in α0. For a given increase in q0, the higher it is α0, the smaller the
increase in g0 needs to be, implying in a smaller decrease in g2 and q2.

4. Decreasing in α2. If α2 is big, for a given total increase in basic educational
expenditures, the corresponding decrease in g2 leads to a bigger decrease in q2

because marginal return is very high (minus marginal return is very negative).

5. Decreasing in q0. Remember that q0 and q2 display decreasing returns to scale
because of their concavity. The higher q0 is, the harder is to achieve a given
increase in it, which leads to a higher increase in g0, and a bigger decrease in g2

and q2.

6. Increasing in q2. Again due to concavity, the higher q2 is, the smaller is its
decrease due to a given reduction in g2.
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B Mathematical proofs

B.1 Proof of Proposition 1
First, we take as given that equilibrium π∗ is the one implied by the case where high
ability agents apply to college and low ability agents do not. Then, we show that the
hypothesis in this proposition imply that those are indeed agents’ optimal choices.

If high ability agents apply and low ability agents do not, then

π∗ = q0q1πH(ωLH + ωHH − µ)
ωLHq1 + ωHHq0

. (33)

Denote by Vij(s) the value function of a type–(wi, πj) individual choosing s. We
proceed by studying optimal choices for each type of agent.

(wL, πL) agents. First, since wL < ζ, consumption non-negativeness implies that this
agent cannot study in private school. Second, note that

VLL(0, 0) > VLL(0, 1)

⇐⇒ wL + q0πL > wL +
(

1− π∗

q0πL

)
q0q2πL +

(
π∗

q0πL

)
q0q2πL − ϑ

⇐⇒ ϑ >

(
1− π∗

q0πL

)
q0(q2 − 1)πL.

(34)

In the case of (wH , πL) agents, we show that VHL(1, 0) > VHL(1, 1) and that this
fact implies in the last condition in the equation above.

(wL, πH) agents. As in the previous case, this agent cannot study in private school.
Now note that

VLH(0, 1) > VLH(0, 0)

⇐⇒ wL +
(

1− π∗

q0πH

)
q0q2πH +

(
π∗

q0πH

)
q0πH − ϑ > wL + q0πH

⇐⇒ ϑ <

(
1− π∗

q0πH

)
q0(q2 − 1)πH .

(35)

Using (33), the last expression can be written as

ϑ <

(
1− q1(ωLH + ωHH − µ)

ωLHq1 + ωHHq0

)
q0(q2 − 1)πH . (36)

(wH , πL) agents. First, it is straightforward to show that

VHL(1, 0) > VHL(0, 0) ⇐⇒ ζ < (q1 − q0)πL. (37)
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Second, we have that

VHL(1, 0) > VHL(1, 1)

⇐⇒ wH − ζ + q1πL > wH − ζ +
(

1− π∗

q1πL

)
q1πL +

(
π∗

q1πL

)
q1πL − ϑ

⇐⇒ ϑ >

(
1− π∗

q1πL

)
q1(q2 − 1)πL.

(38)

Note that the last condition in (38) implies in (34). That is, if we prove that VHL(1, 0) >
VHL(1, 1), then VLL(0, 0) > VLL(0, 1). Now observe that a sufficient condition which
implies that VHL(1, 0) > VHL(1, 1) is that this agent’s utility in the case where s = (1, 1)
and she is admitted to college is smaller than in the case where s = (1, 0). Therefore

VHL(1, 0) > VHL(1, 1)
⇐= wH − ζ + q1πL > wH − ζ + q1q2πL − ϑ

⇐⇒ ϑ > q1(q2 − 1)πL.
(39)

Third, similarly,

VHL(1, 0) > VHL(0, 1)
⇐= wH − ζ + q1πL > wH + q0q2πL − ϑ

⇐⇒ ϑ− ζ > (q0q2 − q1)πL.
(40)

(wH , πH) agents. First,

VHH(1, 1) > VHH(0, 1)

⇐⇒ wH − ζ +
(

1− π∗

q1πH

)
q2q1πH +

(
π∗

q1πH

)
q1πH − ϑ

>

(
1− π∗

q0πH

)
q2q0πH +

(
π∗

q0πH

)
q0πH − ϑ

⇐⇒ ζ < (q1 − q0)q2πH .

(41)

Second, a sufficient condition for VHH(1, 1) > VHH(0, 0) is that this agent’s utility
in the case where s = (1, 1) and she is not admitted to college is greater than her utility
if s = (0, 0). That is,

VHH(1, 1) > VHH(0, 0)
⇐= wH − ζ + q1πH − ϑ > wH + q0πH

⇐⇒ ζ + ϑ < (q1 − q0)πH .
(42)
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Finally,

VHH(1, 1) > VHH(1, 0)

⇐= wH − ζ +
(

1− π∗

q1πH

)
q2q1πH +

(
π∗

q1πH

)
q1πH − ϑ > wH − ζ + q1πH

⇐⇒ ϑ <

(
1− π∗

q1πH

)
q1(q2 − 1)πH .

(43)

Note that (35) implies in the condition above.

B.2 Proof of Proposition 2
Define

δ ≡ ωLHq1 + ωHHq0 and ψ ≡ ωLH + ωHH − µ
δ

. (44)

Note that
∂ψ

∂q0
= −ψ

δ
ωHH . (45)

Denote pL and pH the probabilities of a low and a high income agent entering college.
Then

pL = 1− q1ψ and pH = 1− q0ψ. (46)

Using (45) and (46),

p′L ≡
∂pL
∂q0

= ψ

δ
ωHHq1 = (1− pL)ωHH

δ
(47)

and
p′H ≡

∂pH
∂q0

= −ψ
δ
ωLHq1, (48)

so that
p′H = −p′L

ωLH
ωHH

. (49)

Taking the derivative of GDP w.r.t. q0 leads to

∂Y

∂q0
= ωLLπL︸ ︷︷ ︸

≡T1

+ ωLHp
′
Lq0q2πH︸ ︷︷ ︸
≡T2

+ ωLHpLq2πH︸ ︷︷ ︸
≡T3

+ ωLHpLq0q
′
2πH︸ ︷︷ ︸

≡T4

− ωLHp′Lq0πH︸ ︷︷ ︸
≡T5

+ ωLH(1− pL)πH︸ ︷︷ ︸
≡T6

+ ωHHp
′
Hq1q2πH︸ ︷︷ ︸
≡T7

+ ωHHpHq1q
′
2πH︸ ︷︷ ︸

≡T8

− ωHHp′Hq1πH︸ ︷︷ ︸
≡T9

,

(50)

where q′2 = ∂q2/∂q0.
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Using (47), (49) and (50), after some algebra we get

T2 + T5 + T7 + T9 = (1− pL)
δ

ωLHωHH(q2 − 1)(q0 − q1)πH . (51)

Observe that T2 + T5 + T7 + T9 < 0 because q1 > q0. Using (51) and the definition
of δ, it is straightforward to show that

T6 > −(T2 + T5 + T7 + T9) ⇐⇒ 1 > q2

(
q1 − q0

q1

)(
ωHH

ωLH + ωHH

)
. (52)

Now, apart from T2 + T5 + T7 + T9, the only remaining negative terms in (50) are
T4 and T8. It is easy to show that

T1 > −(T4 + T8) ⇐⇒ ωLL > −
πH
πL
q′2(ωLHpLq0 + ωHHpHq1). (53)

40



Labor Inspections and Federal Deputy Elections in
Brazil

Luiz Brotherhood* Nezih Guner** Cezar Santos*

*EPGE/FGV
**CEMFI

May 8, 2018

Abstract

A large number of laborers in developing countries encounter poor working con-
ditions. Corruption episodes related to labor inspections, some involving political
figures, occur regularly in such environments. In this paper, we investigate the
effects federal deputy electoral results on labor inspections in firms that donate
to electoral campaigns in Brazil from 2002 to 2014. To estimate a causal effect
of electoral results on inspections, we use a regression discontinuity approach in
close elections. We find no causal evidence that federal deputy electoral results
affect variables related to labor inspections. This result is unchanged when we es-
timate heterogeneous effects as a function of labor inspection authorities’ position
type, depending on which inspections can potentially be more or less influenced
by political forces.
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1 Introduction
A large number of laborers in developing countries experience poor working condi-
tions. In Latin America and the Caribbean, the reported occupational fatality rate
is more than three times the comparable rate for the United States (Ronconi, 2010).
At the same time, most of those countries have extensive labor regulations with de
jure universal coverage. Compliance, however, is low. Corruption episodes related to
labor inspections, some involving political figures, occur regularly.1 In this paper, we
investigate if labor inspections in Brazil are influenced by political forces.

The Brazilian law establishes a large set of mandated job benefits, imposing high
costs on firms. Labor inspections are conducted by the Ministry of Labor with the
objective of enforcing labor regulation. Each Brazilian state has a labor superintendent,
which is the maximum authority responsible for administering labor inspections at
the state–level. The superintendent is officially nominated by the Minister of Labor.
However, in several cases federal deputies are responsible for indicating names for the
position. We investigate if federal deputies benefit firms that donate to their electoral
campaigns during 2002–2014 by intervening in the conduction of labor inspections.
Also, we test if this intervention occurs through the influence of labor superintendents.

We gather precise data by matching a unique administrative dataset of labor inspec-
tions with electoral campaign donations data, both at the firm–level. That is, we have
information related to labor inspection incidence for each firm that donates to elec-
toral campaigns. To estimate a causal effect of electoral results on labor inspections,
we use a regression discontinuity (RD) approach in close elections, comparing winning
and losing candidates whose electoral results are determined by a small margin of votes.
Validation exercises show that variables determined before elections are balanced across
treatment and control groups in our baseline sample, and there is no manipulation of
votes among close winners and losers.2 In our main analysis, we find no causal evidence
that federal deputy electoral results affect variables related to labor inspections. This
finding is unchanged in several robustness exercises.

Labor superintendents can have two types of position: permanent public servant
or commissioned position. Permanent public servants are individuals who pass a civil
service exam, work in the public administration, and have de jure job stability. In gen-
eral, those individuals do not have a political career. On the other hand, commissioned

1According to Amengual (2016), political influence and corruption in labor inspections prevail
in Argentina and Indonesia. Also, as reported by Human Rights Watch (2015), “Cambodia’s labor
inspectorate system has been seriously undermined by corruption and abuse of power.” In this paper
we mention several corruption episodes related to labor inspections that occurred in Brazil.

2We select a bandwidth value for the assignment variable in the discontinuity regressions with the
objective of minimizing covariate imbalance and retaining a relatively large number of observations.
Since this strategy is not standard in the RD literature, some desirable statistical properties commonly
found in estimators used in RD papers, such as optimality with respect to mean squared error, are not
present in this analysis. Calonico et al.’s (2014) widely used optimal bandwidth selection algorithm
suggests using subsamples with alarming covariate imbalance in our context.
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positions in the public sector are directly appointed by political actors without clear
predefined criteria or requirements. Thus, political connections are relatively more im-
portant for commissioned than for permanent public servant superintendents. We test
if labor inspections associated with commissioned superintendents are more responsive
to close electoral results than those associated with permanent public servants, but we
do not find statistical evidence for this hypothesis.

This paper is in the intersection of two literature groups in economics. The first
group is composed of papers that study the effects of labor law regulations. Instead of
investigating variations in labor regulation policies, some recent papers in this literature
study the effects of actual enforcement of labor laws on labor market outcomes (Almeida
and Carneiro, 2009; Ronconi, 2010; Almeida and Carneiro, 2012; Almeida et al., 2015;
Viollaz, 2018; Kanbur and Ronconi, 2018). For example, Almeida and Carneiro (2012)
find that, in locations with frequent inspections, workers receive mandated benefits at
the expense of lower wages in Brazil. We augment this literature by studying how
political forces affect the enforcement of labor laws in Brazil, a big developing country.

Papers in the second strand of literature study the relationship between the private
sector and political forces, addressing issues such as lobbying and campaign dona-
tions (Ansolabehere et al., 2003, Bombardini and Trebbi, 2011, i Vidal et al., 2012,
Bertrand et al., 2014).3 Individuals in economically strong social classes may use po-
litical connections to benefit themselves through imposing costs on other vulnerable
groups (Acemoglu, 2006; Acemoglu, 2008). This can potentially be the case of private
firms and workers in developing countries, where economic competition among produc-
ers is weaker than in rich countries. We contribute to this literature by showing that
there is no evidence that this kind of phenomenon happens for the case of labor law
enforcement and federal deputy elections in Brazil.

This paper is composed of six more sections. Section 2 provides a description of
some institutional aspects related to labor inspections in Brazil. Section 3 presents
the data used throughout this investigation. Section 4 explains our empirical strategy.
Section 5 presents descriptive statistics and our sample selection strategy. Section 6
presents the results. Section 7 presents final comments and describes the next steps
that we plan to follow in order to advance this research project. Tables are located
in Appendix A and figures in Appendix B. To fully document the research contained
in this paper, Appendix C includes supplementary tables. We use prefix “S” when
numbering supplementary tables.

3Boas et al. (2014) and Arvate et al. (2016) use campaign donations data and close elections in
Brazil to study the concession of public contracts for companies that contribute to electoral campaigns.
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2 Labor inspections in Brazil
The Brazilian Ministry of Labor conducts labor inspection with the objective of en-
forcing labor regulation. Labor inspectors examine firms’ compliance with respect to
several criteria, such as: employee’s formality status, working day schedules, overtime
work payment, compliance with regulatory norms related to health, hygiene and secu-
rity in the work environment, child labor, slave labor and other norms established by
international organizations.

Labor inspections can be preventive or repressive. In the first case, inspectors have
access to establishments’ accounting books and equipments in order to evaluate the
work environment’s adequacy to standards. In the second case, inspectors can receive
complaints from any civilian with respect to labor laws disobedience by employers.
When irregularities are detected, the inspector can determine a deadline for the em-
ployer to correct the anomaly, but can also fine the establishment (Studart, 2012; Sinait,
2018). Most inspections are triggered by anonymous reports (Almeida and Carneiro,
2012).

Figure 1 shows the number of labor inspectors between 1990 and 2014 (Repórter
Brasil, 2014). In average, there were 3,000 inspectors working simultaneously during
this period. Inspectors are able to reach a significant part of the total labor force in
formal firms. In 2002, 304,000 firms were visited by labor inspectors, reaching more
than 19 million workers. Approximately 17 percent of these firms received a notification
of noncompliance with some aspect of the law (Cardoso and Lage, 2005; Almeida and
Carneiro, 2012). According to the Labor Inspectors Union, from 1995 to 2007 more
than 25 thousand workers were taken out of slavery due to labor inspections (Sinait,
2018). Fines for paying less than the minimum wage, disobeying health and safety
regulations can be as high as R$5,712, R$14,291 and R$23,818, respectively (Lefis,
2018; Receita Federal, 2018). Almeida et al. (2015) show that higher enforcement is
positively associated with labor regulation compliance in Brazilian inspections – e.g.,
inspections seem to be effective.

Labor inspections are not alien to political forces. Each Brazilian state has a Su-
perintendência Regional do Trabalho e Emprego, which is an agency under the Ministry
of Labor responsible for conducting all labor inspections. The labor superintendent
is the maximum authority within that body, being responsible for authorizing all fine
charges and interdictions at state–level (Studart, 2012). The superintendent is offi-
cially nominated by the Minister of Labor. However, in several cases federal deputies
are responsible for indicating names for the position (RD News, 2008; Midiamax, 2016;
Jornal de Alagoas, 2017; Folha de Londrina, 2018). In 2008, the Tocantins state super-
intendent declared that the superintendente is a “political position” (Repórter Brasil,
2008).

There were several corruption episodes related to labor inspections in Brazil. In
2004, three inspectors and one driver from the Ministry of Labor were killed during

4



a slave labor inspection in Unaí, Minas Gerais. After nine years, three people were
arrested for being accused of working as hit men contracted by rural producers to
murder the inspectors (Estadão, 2013). In 2006, an inspector in Rio de Janeiro was
considered to be a fugitive from justice after being denounced for frauds in inspections
(O Globo, 2006). In 2015, one superintendent and two public servants were removed
from office to answer a criminal process in which they were accused of facilitating an
embargo release for an engineering company’s construction work in Porto Alegre, Rio
Grande do Sul (GaúchaZH, 2015). In 2015, an inspector was accused of receiving bribes
through commodities and was condemned to three years in prison in São José do Rio
Preto, São Paulo (Diário da Região, 2015). In 2017, a superintendent lost his public
retirement plan after being accused of receiving bribes from rural producers to not
charge fines in São José do Rio Preto (Diário da Região, 2017).

There are cases where labor inspectors publicly repudiate the appointment of some
individuals to the superintendent position. In 2016 in the state of Pernambuco, inspec-
tors published a repudiation note claiming that a superintendent was politically affiliate
with the federal deputy that nominated him to the position (Brito, 2016). According
to another source, this same superintendent owned a firm but did not pay mandated
benefits to his employees for six years, and in 2016 was being prosecuted for admin-
istrative misconduct related to a period when he was a secretary of finance in a city
hall (CNB, 2016). Other similar case happened in the state of Pará in 2016, where
labor inspectors protested against the nomination of a former federal deputy to the
superintendent position (Correio Braziliense, 2016).

Finally, there are episodes where labor inspectors protest against the exoneration of
superintendents they approve, claiming that political forces influence the nomination
process. In those cases, labor inspectors manifest the belief that superintendents should
be servants officially associated with the Ministry of Labor (Sinait, 2016; Sinait, 2017;
A Redação, 2017).

3 Data
Data related to labor inspections is collected by the Ministry of Labor. This dataset
covers all labor inspections conducted from 1997 to 2016 by the Superintendências
Regionais do Trabalho in Brazil. We have information with respect to the number of
inspections and labor law infractions by firm identification code (CNPJ).

Other dataset contains the following information related to labor superintendents:
name, part of individual taxpayer registry identification (CPF), start and end tenure
dates and position type. A labor superintendent’s position can be of two types: perma-
nent public servant or commissioned position. Permanent public servants have to pass
a civil service exam and have de jure job stability. An individual who passes a public
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exam to work as a labor inspector can be nominated as superintendent.4 On the other
side, commissioned superintendents do not have a permanent legal link with the public
administration. Superintendents in this category can be politicians, lawyers and engi-
neers that work in the private sector. This dataset contains information related to 216
superintendents who worked from 1992 to 2016, and was obtained by request through
the Brazilian government’s Acesso à Informação website (Governo Federal, 2017).

Data related to campaign donations, candidates’ demographics and party is pub-
lic and was obtained from the Supreme Electoral Court’s website (Tribunal Superior
Eleitoral, 2017). We use data of 2002, 2006, 2010 and 2014 federal deputy elections.

Finally, firms’ number of workers, wages and economic sector (CNAE codes) were
obtained from the Relatório Anual de Informações Sociais (RAIS). RAIS is a matched
employer–employee dataset assembled by the Ministry of Labor, containing information
related to all formal jobs in Brazil. We use RAIS data from 1999 to 2013.

4 Empirical strategy
Our objective in this paper is to investigate if federal deputies influence the conduction
of labor inspections by the Ministry of Labor, with the purpose of benefiting employers
with which they have connections through campaign donations. This task is challenging
because we do not observe what would have happened to inspections if a given deputy
was not elected, or had decided not to run for election.

One approach with the objective of overcoming this limitation is to compare the
number of inspections associated to elected federal deputies with the number of in-
spections associated to candidates that run for federal deputy positions but are not
elected. However, the drawback of this strategy is that there may be unobserved vari-
ables that simultaneously affect the probability of a candidate winning and the number
of inspections to firms that donate to this candidate. For example, suppose that win-
ning candidates are connected to higher productive firms due to a greater capacity to
evaluate a firm’s growth potential. Since their costs are low, more productive firms
may incur in less labor law infractions, leading to a smaller number of complaints and,
therefore, inspections. Comparing winners and losers this way would make us erro-
neously conclude that, since elected candidates are associated with a smaller number
of inspections, federal deputies benefit donor firms by manipulating inspections.

To estimate the causal effect of federal deputy election results on labor inspectors,
we explore close elections. We compare candidates who won by a narrow margin of
votes with candidates who lost by a narrow margin. The intuition of this identification
strategy is that the losing candidate can be a good counterfactual for the winer because
the election outcome for both candidates is determined as if randomly.

4This type of position is called “permanent” in the sense that public servants have permanent
connection with public service because of de jure job stability. It does not mean that these type of
individuals work permanently as superintendents.

6



Before formalizing this intuition, we describe some aspects related to federal deputy
elections in Brazil. Brazil has a multiparty political system, composed of a large number
of political parties, currently amounting to 35 officially registered ones. Federal deputies
are elected in an open-list proportional election. The number of federal deputy seats in
a state is proportional to its population size. All candidates must be affiliated with a
political party. Thus, politicians first choose a party to be associated with. After this,
parties can form electoral coalitions. Coalitions can vary across states – that is, the set
of parties allied to a given party may vary between states. Next, parties or coalitions
decide which of its members run for federal deputy elections. The number of candidates
that a given party (coalition) can register is limited to 150% (200%) of the number of
seats available for its state.

Voters cast single ballots either for individual candidates or party labels. Federal
deputy mandates are determined in a two–stage process. First, a party/coalition’s
number of seats is an increasing function of the total number of votes it gets (nominal
and party label votes), based on D’Hondt method. Second, mandates are distributed
to candidates within a party/coalition with the highest number of votes until the last
seat obtained by the party/coalition is assigned. So, in order to be elected, candidates
must compete against their list-mates and candidates from other lists in their states.

Let us now define candidate i’s margin of victory in election year t, Xit. A can-
didate’s vote share is given by the total number of votes that she received divided by
the total number of votes that her coalition received. If candidate i is a winner, her
margin of victory is equal to the difference between her vote share and the vote share
of the losing candidate with the highest number of votes (the “first” candidate in the
coalition that was not elected). If candidate i lost, her margin of victory is equal to the
difference between her vote share and the vote share of the elected candidate with the
smallest number of votes (the “last” candidate to be elected in the coalition). Winning
and losing candidates have, respectively, positive and negative margins of victory. The
closer the margin of victory is to zero, the closer the election is.5

Define Yit(1) as the potential outcome of candidate i, related to election year t, if
i is elected, and Yit(0) as her potential outcome if not elected. As an example, this
outcome can be the total number of inspections that all firms that donate to candidate
i receive during the four years after election year t. For each individual, we only observe
the realized outcome, Yit. Define the winner dummy as

Dit =




1 if Xit > 0,
0 otherwise,

(1)

then Yit = DitYit(1) + (1 −Dit)Yit(0). We call Xit the running or assignment variable
because it determines treatment assignment (being elected). We also call the point

5This strategy of adapting margin of victory to open-list proportional elections is the same as the
one used in Boas et al. (2014), Firpo et al. (2015) and Arvate et al. (2016).
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Xit = 0 the cutoff or threshold point, since it separates winning and losing candidates.
The parameter that we are interested in estimating is the local average treatment

effect (LATE) of electoral victory on the outcome variable, E[Yit(1) − Yit(0)|Xit = 0].
Under the assumption that E[Yit|Xit = x] is continuous in x, then

lim
x↓0

E[Yit|Xit = x] = E[Yit(1)|Xit = 0] and lim
x↑0

E[Yit|Xit = x] = E[Yit(0)|Xit = 0],
(2)

so that

E[Yit(1)− Yit(0)|Xit = 0] = lim
x↓0

E[Yit|Xit = x]− lim
x↑0

E[Yit|Xit = x]. (3)

We estimate the right-hand side of (3) using polynomial regressions with the follow-
ing specification:

Yit = α + βDit +
p∑

k=1
γkX

k
it +

p∑

k=1
δkDitX

k
it + εit, (4)

where β is an estimator of (3). Throughout this paper, we use linear, quadratic and
cubic polynomials. We use a local regression approach (Imbens and Lemieux, 2008),
restricting the sample to observations such that the running variable falls inside a
bandwidth h centered at the cutoff point, that is, Xit ∈ [−h, h]. In the next section we
describe how h is chosen. We also use triangular weights, assigning less importance to
observations further away from the cutoff.

5 Descriptive statistics and sample selection
Table 1 shows detailed descriptive statistics of federal deputy candidates in our dataset.
In the average, candidates are associated with 6.04 donor firms, receiving R$246,4906 in
total. The median average size of firms that donate to a given candidate is 126 workers,
with wages equal to R$1,080. Firms in our sample are big in relation to the median
firm in RAIS for the year 2008, which employs only three workers and pays mean wage
equal to R$292 (equal to the minimum wage). Finally, candidates are associated with
an average number of 38 inspections and 20 labor law infractions in the four years after
an election (total number of inspections (infractions) in all firms that donate to a given
candidate). More than one fourth of candidates in the sample is not associated with a
positive number of inspections and labor infractions.

Table 2 shows means characteristics for losing and winning candidates. winning
candidates receive donations twice as large as those received by losers, are associated
with 35% bigger firms and have 40% higher mean number of inspections (number of
inspections divided by the number of donor firms).

6December 2014 values, deflated using the IPCA price index.
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Next, we describe our sample selection strategy, which consists in a procedure to
choose a bandwidth value for h. Close elections are used in the Economics and Political
Science literatures with the objective of restricting observations of a dataset to cases
where election results are determined as if randomly. Because of this, there should not
exist systematic differences in predetermined variables7 associated with winning and
losing candidates in close elections. Based on this notion, we select a bandwidth for
the assignment variable that generates a subsample characterized by (i) a small number
of predetermined variables with significant coefficients in RD specifications, and (ii) a
relatively large number of observations.

Specifically, we proceed as follows. First, we select 72 predetermined variables to
be used in this covariate balance analysis.8 Second, we generate a linearly spaced
grid of 1,000 bandwidth values ranging from the minimum to the maximum absolute
value of the assignment variable. Figure 2 shows the number of observations for each
bandwidth. Third, for each bandwidth we run a RD using each predetermined variable
as a dependent variable in (4). In this step we use polynomial degrees one, two and
three for each bandwidth and variable.

Fourth, for a given bandwidth, we say that a predetermined variable has a signif-
icant coefficient if there is at least one polynomial degree specification such that the
p-value associated with the discontinuity coefficient is smaller than or equal to 15%.
Figure 3 shows the number of predetermined variables with significant coefficients for
each bandwidth in the grid. As expected in a RD setting, starting from the largest
bandwidth, as h decreases, covariate balance is improved. Figure 4 shows a zoom of
the previous figure for bandwidth values smaller than 0.04. We select the interval be-
tween 0.0179 and 0.0191 as one presenting a desirable combination of covariate balance
and a relatively large number of observations, as shown in the two vertical lines in the
figure. For each bandwidth in this region, out of the 72 predetermined variables, only
the following four are associated with significant coefficients: a dummy that indicates if
the candidate was elected in the previous election, candidate’s birth year, mean wage of
donor firms in election year and in the four years before election. Note that, for very low
bandwidth values, the number of predetermined variables with significant coefficient is
higher than in the region that we select. This possibly happens due to a small number
of observations for very small bandwidth values.

In order to proceed with the covariate balance analysis, we choose the midpoint

7We call a variable “predetermined” if it is determined before an election result.
8We use the following predetermined variables: candidate’s number of donor firms, total donation

received, elected in the prior election dummy, sex, birth year, mean employment of firms that donate
to candidate (in the election year and in the four years prior to election), proportion of firms by ten
economic sectors (first digit of CNAE code), total (and mean) number of inspections (and infractions
detected) in the four years prior to elections (total inspections; only inspections in states and time
periods in which the superintendent is a commissioned position or a permanent public worker), state
dummies, year dummies, dummies for the ten parties with the largest number of observations (PDT,
PFL, PMDB, PP, PPS, PSB, PSDB, PT, PTB, PV).
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of the interval [0.0179, 0.0191] as the baseline bandwidth value in this paper, so that
h = 0.0185. For this bandwidth value, there are 1,448 observations. Tables S1–S9 show
RD estimates when using the baseline bandwidth and each covariate as an outcome
variable. We note that choosing a bandwidth value with the objective of minimizing
covariate imbalance is not a standard practice in the RD literature. Therefore, some
desirable statistical properties commonly found in estimators used in RD papers, such
as optimality with respect to mean squared error (Imbens and Lemieux, 2008; Calonico
et al., 2014), are not present in this analysis. Later in this section we discuss reasons
why we do not use standard bandwidth selection methods.9,10

Next, we investigate the behavior of predetermined variables associated with signifi-
cant coefficients when using our baseline bandwidth. Figures 5–8 show RD plots for the
four variables. For the case of the dummy that indicates if the candidate was elected in
the prior election, p-values are equal to 67% (linear), 7% (quadratic) and 10% (cubic).
The significant coefficients are relatively close to the commonly used threshold signifi-
cance value of 10%. Because of this, we believe that this result is not an impediment to
our analysis. However, birth year and mean wages are associated with more significant
coefficients. In the first case, p-values are 29% (linear), 2.8% (quadratic) and 5.9% (cu-
bic), and coefficient estimates range between 1.27 to 4.29 years. For the case of mean
wages prior to elections, p-values are 7%, 2% and 5%. The figure shows that a losing
candidate in the cutoff point is expected to be associated to firms with mean wages
(prior to election) equal to about R$900.00 (taking averages across polynomial degrees),
while, for winning candidates, this number drops by R$200,00, or 22%. For mean wages
in election year, coefficients are less significant than in the previous case: p-values are
14%, 6% and 10%. We recognize that this may be an issue. However, since there is a
relatively small number of predetermined variables with significant coefficient (four out
of 72), we consider that we can proceed with the investigation using this bandwidth
and still attribute a causal interpretation to the results in the main analysis.

A widely used bandwidth selection algorithm for RDs is discussed in Calonico et al.
(2014). Next, we test this algorithm for the outcome variables that we study in Section
6. For each combination of outcome variable and polynomial degrees one, two and
three, the algorithm provides us an optimal bandwidth, adding up to 18 possible values.
We choose two of those bandwidth values by selecting the minimum and the median
values.11 The vertical lines in Figure 3 show these numbers: 0.06363 and 0.1108.
Note that there is a large number of predetermined variables with significant coefficient
associated to those bandwidths.

9In Section 6.1 we show that all results are robust to increasing and decreasing bandwidth value
by 50%.

10Boas et al. (2014) study Brazilian federal deputy close elections and use a similar strategy to
ours, selecting a bandwidth that minimizes covariate imbalance and retains an appropriate number of
observations.

11We select only two values to avoid an excessively lengthy analysis. The same results hold quali-
tatively for all bandwidth values suggested by the algorithm in Calonico et al. (2014).
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Using these bandwidths, figures 9–12 display RD plots for four important predeter-
mined variables: number of donations, total donation value, number of inspections and
infractions in the four years prior to election. Note in the linear specification graphs
that there are appears to exist a clear discontinuity in the threshold point for all four
variables. Number of inspections and infractions prior to the elections are important
variables in our context: using a sample in which there is a significant association be-
tween vote share difference and number of inspections prior to elections would invalidate
the main analysis. For example, finding that winning candidates are associated with
less inspections after elections than losing candidates in this sample could simply be
the result of a mechanical temporal persistence of past inspections. We conclude that
using bandwidths suggested by Calonico et al.’s (2014) algorithm is not desirable in our
context.12,13,14

Next we conduct tests related to the manipulation of the running variable around
the cutoff. Manipulation may be an issue if, for example, politicians that are more able
to predict an electoral outcome can save campaign resources by obtaining only a small
number of votes above the one necessary to be elected. In this case, winners near the
cutoff are intrinsically different from losers. We run McCrary’s (2008, 2009) running
variable’s density test, obtaining a discontinuity estimate of the density function in the
threshold point equal to 0.1012 (log difference in height), with standard error of 0.1072.
Using this test, we do not reject the null hypothesis that the density function is con-
tinuous in the cutoff point. We also run Cattaneo et al.’s (2017a, 2017b) manipulation
test using polynomial degrees one, two and three. We obtain p-values equal to 0.3444,
0.5217 and 0.4263, respectively, not rejecting the null that there is no discontinuity.

Table 3 shows descriptive statistics for the subsample defined by our baseline band-
width. Note that there are still predetermined variables that have significantly differ-
ent means conditional on losing and winning candidates. This is not inconsistent with
covariate balance in RD analysis, since in the latter we use weighted regressions to
estimate predicted outcome variables for winning and losing candidates in the cutoff
point. Observe, however, that the difference between means of predetermined variables
across winners and losers are about 65% smaller than those in Table 2. Finally, there

12We select the minimum and median values out of the bandwidths suggested as a conservative
choice. In our context, covariate balance quality is a decreasing function of bandwidth sizes in the
set of values suggested by Calonico et al.’s algorithm. Therefore, showing that covariates are not
balanced around the threshold point for the minimum bandwidth suggested is enough to conclude
that all bandwidths recommended by the algorithm are not desirable for our case.

13The inapplicability of Calonico et al.’s (2014) method may suggest weaknesses in our data. The
goal of such bandwidth selection algorithms is to choose h that minimizes the mean squared error (or
other similar statistics) associated to an estimator of the left–hand side of (3) (Imbens and Lemieux,
2008). Therefore, when the number of observations near the cutoff is very small, or the variability of Yit

near the cutoff is very high, the algorithm requires a larger bandwidth to increase estimator’s precision.
Since we have a reasonably large number of observations (1,448) using our baseline bandwidth, we may
be experiencing a case of high volatility of the dependent variable near the cutoff.

14Caughey and Sekhon (2011) show that commonly used bandwidth selection algorithms suggest
subsamples with alarming covariate imbalance in the case of close U.S. House races.
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are differences in observable characteristics of candidates in the complete sample and
baseline subsample. For example, candidates in close elections have a higher number
of donations and are associated with bigger firms that receive a higher number of labor
inspections. This shows that the analysis we conduct in the next section has limited
external validity.

6 The impact of federal deputy election results on
labor inspections

In this section we conduct the main analysis of the paper. We investigate the effects of
federal deputy electoral results on outcomes related to labor inspections in campaign
donor firms. As outcome variables, we study the total number of inspections and labor
law infractions detected in inspections in the four years after an election to firms that
donate to a candidate’s campaign. We use a four–year period because this is the time
period that a federal deputy’s mandate lasts.

Table 4 and figures 13–14 show our main results. All estimates are statistically
insignificant at very high levels of significance. Moreover, a graphical inspection of
the figures does not suggest the existence of discontinuities of outcome variables in
the threshold point. Therefore, we find no evidence that there is a causal relationship
between a candidate winning an election and the number of inspections and labor law
infractions to donor firms.

The magnitude of point estimates can be easily interpreted by inspecting the RD
plots. Losing candidates at the cutoff have expected number of inspections equal to
about 75 (averaging estimates across polynomial degrees). Discontinuity coefficient
point estimates suggest that winning an election is associated with approximately 17 less
inspections, or, equivalently, a decrease of 22%. The number of infractions associated
with winning candidates fall from about 40 to 30, or 25%. But those differences are
not statistically different from zero.

Next, we study heterogeneous effects as a function of superintendent’s position type.
As mentioned before, a superintendent can either be a permanent public servant or be
in a commissioned position. Permanent public servants are individuals who pass a civil
service exam and work in the public administration. In general, those individuals do
not have a political career. In fact, one of the objectives of implementing civil service
exams through the 1988 Brazilian Constitution was to minimize political influence over
public servants (Ferreira, 2014). On the other hand, commissioned positions in the
public sector are directly appointed by individuals in political positions without clear
predefined criteria or requirements. Thus, political connections are relatively more
important for commissioned than for public servant superintendents. For this reason,
we expect labor inspections associated with commissioned superintendents to be more
responsive to electoral results than those associated with permanent public servants.

12



We use as outcome variables the number of inspections and infractions during the
same four–year period, but counting only states and time periods in which the super-
intendent is in a commissioned position, or is a permanent public servant. Table 5
shows RD results. We standardize all dependent variables so that they are comparable.
Again, all estimates are highly insignificant. Note that point estimates for variables
related to commissioned superintendents are about 2.7 times smaller than estimates
for public servant superintendents, as expected. However, discontinuity coefficients are
not statistically different across superintendent types for all polynomial specifications
at high levels of significance (minimum p-value equal to 63%).

Point estimates are consistent with the interpretation that elected federal deputies
benefit donor firms through lower labor inspections, and this is stronger for states and
time periods in which the superintendent is in a commissioned position. Nonetheless,
since estimates are not statistically significant, we can not conclude that there is evi-
dence supporting this interpretation.

6.1 Robustness
We conduct four robustness exercises. In the first two, we use smaller and larger
bandwidths by multiplying the baseline h by 0.5 and 1.5. Tables S10 and S11 show
that results do not change qualitatively. In the third exercise, we estimate the regression
without weights. Again, all estimates are statistically insignificant (Table S12). Finally,
we include all predetermined variables listed in footnote 8 (or in Tables S1–S9) as
control variables in the regression. Table S13 shows that, for some specifications, there
is a significant association between running and outcome variables. For the linear
specification, the number of infractions is significantly and negatively affected by a
candidate winning an election. For the cubic polynomial, number of inspections and
infractions associated with commissioned superintendents have a positive and significant
coefficient at 9.5%. However, note that these significance results hold only for some
specific polynomial specifications. For example, the most significant coefficient that
we find is related to number of infractions in the linear case, with p-value equal to
3.9%. For the quadratic and cubic specifications, this coefficient has high p-values
equal to 96% and 30%, respectively. Since significance results are not constant across
polynomial specifications, we conclude that adding predetermined variables as controls
in the RD do not change qualitatively our results. Therefore, we end by concluding
that the results we find in the main analysis of this paper are robust to several choices
that we make along the investigation.

7 Final remarks
In this paper, we study the effects of federal deputy electoral results on the incidence
of labor inspections in firms that make electoral campaign donations in Brazil during
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2002–2014. We find no causal evidence that federal deputies benefit donor firms by
influencing the conduction of labor inspections by the Ministry of Labor.

This research project is not finished. Next, we enumerate some ideas that we plan
to implement in order to advance this work.

1. Use elections of other political positions, like mayors and state deputies.

2. We have data on the type of infraction that firms commit, such as not paying the
minimum wage or employing slave labor. We can look for heterogeneous effects
of electoral results on donor firms by type of infraction detected.
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Appendix

A Tables

Table 1: Descriptive statistics
Variable Mean Std. dev. Min p25 p50 p75 Max N
Margin of victory -0.04 0.13 -0.95 -0.08 -0.02 0.01 0.94 5,526
Margin of victory (abs. val.) 0.08 0.11 0.00 0.02 0.04 0.10 0.95 5,526
Male candidate 0.89 0.31 0 1 1 1 1 5,525
Birth year 1,958.90 11.45 1,916 1,951 1,959 1,966 1,993 5,525
N. of donations 6.04 8.30 1 1 3 7 101 5,526
Total donation value 301,245.11 615,701.52 0 7,762.49 55,856.48 300,000 7,656,675.84 5,526
Elected in the prior election 0.23 0.42 0 0 0 0 1 5,526
Mean employment (election year) 520.51 1,393.03 1 18.29 126.33 493 43,370 3,577
Mean wage (election year) 682.83 500.74 0 357.99 531.52 834.23 6,341.08 3,577
N. of inspections 38.11 99.63 0 0 5 28 1,341 5,526
N. of inspections (comm. superint.) 25.68 82.12 0 0 1 13 1,216 5,526
N. of inspections (pub. serv. superint.) 6.26 30.02 0 0 0 0 747 5,526
N. of infractions 20.79 58.34 0 0 3 15 888 5,526
N. of infractions (comm. superint.) 14.12 48.58 0 0 0 7 888 5,526
N. of infractions (pub. serv. superint.) 3.51 17.24 0 0 0 0 396 5,526

Notes: “abs. val.” stands for “absolute value”, “comm. superint.” stands for “commissioned superin-
tendent”, “pub. serv. superint.” stands for “public servant superintendent”. Number of inspections is
the total number of inspections that all firms that donate to a given candidate receive during the four
years after election. Number of infractions is the total number of labor law infractions detected by
inspections in all firms that donate to a given candidate during the four years after election. Number
of inspections (comm. superint.) is the total number of inspections that all firms that donate to a
given candidate receive during the four years after election, counting only states and time periods in
which the superintendent is in a commissioned position – an equivalent description holds for “n. of
inspections (infractions) (pub. serv. superint.)”.
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Table 2: Descriptive statistics

Losers Winners Diff. btw.
Variable Mean N Mean N means P-value

Male candidate 0.88 3,725 0.91 1,800 0.03 0.00
Birth year 1,959.63 3,726 1,957.39 1,799 -2.24 0.00
N. of donations 3.83 3,726 10.59 1,800 6.76 0.00
Total donation value 133,059.81 3,726 649,388.67 1,800 516,328.85 0.00
Elected in the prior election 0.09 3,726 0.53 1,800 0.44 0
Mean employment (election year) 462.83 2,305 625.04 1,272 162.21 0.00
Mean wage (election year) 651.89 2,305 738.90 1,272 87.01 0.00
N. of inspections 22.53 3,726 70.35 1,800 47.82 0.00
N. of inspections (comm. superint.) 15.82 3,726 46.10 1,800 30.28 0.00
N. of inspections (pub. serv. superint.) 3.29 3,726 12.41 1,800 9.13 0.00
N. of infractions 12.31 3,726 38.34 1,800 26.03 0.00
N. of infractions (comm. superint.) 8.69 3,726 25.37 1,800 16.69 0.00
N. of infractions (pub. serv. superint.) 1.89 3,726 6.86 1,800 4.96 0.00
Mean n. of inspections 4.50 3,726 6.28 1,800 1.78 0.00
Mean n. of inspections (comm. superint.) 2.87 3,726 3.72 1,800 0.85 0.00
Mean n. of inspections (pub. serv. superint.) 0.84 3,726 1.19 1,800 0.35 0.03
Mean n. of infractions 2.53 3,726 3.37 1,800 0.85 0.00
Mean n. of infractions (comm. superint.) 1.61 3,726 2.01 1,800 0.40 0.02
Mean n. of infractions (pub. serv. superint.) 0.51 3,726 0.66 1,800 0.15 0.14

Notes: Mean number of inspections is the number of inspections divided by the number of firms that
donate to a given candidate. For a description of other variables, see notes in Table 1.
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Table 3: Descriptive statistics – baseline bandwidth

Losers Winners Diff. btw.
Variable Mean N Mean N means P-value

Male candidate 0.91 763 0.92 684 0.01 0.34
Birth year 1,957.09 764 1,956.31 683 -0.78 0.19
N. of donations 6.74 764 11.40 684 4.66 0.00
Total donation value 320,121.69 764 676,092.40 684 355,970.71 0.00
Elected in the prior election 0.24 764 0.49 684 0.25 0.00
Mean employment (election year) 786.36 533 732.12 488 -54.23 0.65
Mean wage (election year) 785.02 533 796.65 488 11.63 0.72
N. of inspections 51.36 764 73.67 684 22.31 0.00
N. of inspections (comm. superint.) 38.41 764 51.18 684 12.78 0.03
N. of inspections (pub. serv. superint.) 7.14 764 11.50 684 4.36 0.01
N. of infractions 27.38 764 38.46 684 11.08 0.00
N. of infractions (comm. superint.) 20.39 764 26.92 684 6.54 0.04
N. of infractions (pub. serv. superint.) 4.03 764 6.26 684 2.23 0.03
Mean n. of inspections 6.64 764 6.16 684 -0.48 0.54
Mean n. of inspections (comm. superint.) 4.79 764 3.92 684 -0.87 0.20
Mean n. of inspections (pub. serv. superint.) 1.02 764 0.98 684 -0.04 0.83
Mean n. of infractions 3.67 764 3.23 684 -0.43 0.34
Mean n. of infractions (comm. superint.) 2.61 764 2.06 684 -0.55 0.16
Mean n. of infractions (pub. serv. superint.) 0.61 764 0.54 684 -0.07 0.54

Notes: Mean number of inspections is the number of inspections divided by the number of firms that
donate to a given candidate. For a description of other variables, see notes in Table 1.
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Table 4: Regression discontinuity estimates

Variable Estimate Std. error P-value N

Polynomial degree 1
N. of inspections -10.6678 14.9417 0.4754 1,448
N. of infractions -6.9897 8.0571 0.3858 1,448

Polynomial degree 2
N. of inspections -21.2593 22.8484 0.3523 1,448
N. of infractions -11.8447 12.3198 0.3365 1,448

Polynomial degree 3
N. of inspections -22.6188 30.7627 0.4623 1,448
N. of infractions -14.5613 17.0309 0.3927 1,448

For a description of variables, see notes in Table 1.

Table 5: Regression discontinuity estimates – by type of superintendent’s position,
standardized dependent variables

Variable Estimate Std. error P-value N

Polynomial degree 1
N. of inspections (comm. superint.) -0.0871 0.1772 0.6229 1,448
N. of inspections (pub. serv. superint.) -0.0332 0.0843 0.6939 1,448
N. of infractions (comm. superint.) -0.1112 0.1620 0.4925 1,448
N. of infractions (pub. serv. superint.) -0.0482 0.0845 0.5688 1,448

Polynomial degree 2
N. of inspections (comm. superint.) -0.1891 0.2727 0.4881 1,448
N. of inspections (pub. serv. superint.) -0.0783 0.1130 0.4885 1,448
N. of infractions (comm. superint.) -0.1895 0.2489 0.4464 1,448
N. of infractions (pub. serv. superint.) -0.0844 0.1126 0.4535 1,448

Polynomial degree 3
N. of inspections (comm. superint.) -0.2300 0.3711 0.5356 1,448
N. of inspections (pub. serv. superint.) -0.0610 0.1246 0.6242 1,448
N. of infractions (comm. superint.) -0.2542 0.3488 0.4663 1,448
N. of infractions (pub. serv. superint.) -0.0786 0.1157 0.4969 1,448

For a description of variables, see notes in Table 1.
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B Figures

Figure 1: Number of inspectors per year
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Source: Repórter Brasil (2014).

Figure 2: Number of observations for each bandwidth
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Figure 3: Numbers of predetermined variables with significant coefficient for each
bandwidth
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Figure 4: Numbers of predetermined variables with significant coefficient and
number of observations for each bandwidth (zoom)
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Figure 5: Regression discontinuity – Elected in the previous election dummy
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Figure 6: Regression discontinuity – Birth year
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Figure 7: Regression discontinuity – Mean wage (prior to elections)
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Figure 8: Regression discontinuity – Mean wage (election year)

(a) Polynomial degree: 1
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40
0

60
0

80
0

10
00

12
00

M
ea

n 
w

ag
e 

(e
le

ct
io

n 
ye

ar
)

−.02 −.01 0 .01 .02
Vote share difference

est:  −217.1797
se:    133.5867
p:        0.1043
N:         1,021

28



Figure 9: Regression discontinuity – Number of donations

(a) Polynomial degree: 1, bandwidth: 0.0633
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Figure 10: Regression discontinuity – Total donation value

(a) Polynomial degree: 1, bandwidth: 0.0633
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(c) Polynomial degree: 2, bandwidth: 0.0633
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(f) Polynomial degree: 3, bandwidth: 0.1106
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Figure 11: Regression discontinuity – Number of inspections (prior to elections)

(a) Polynomial degree: 1, bandwidth: 0.0633
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(b) Polynomial degree: 1, bandwidth: 0.1106
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(c) Polynomial degree: 2, bandwidth: 0.0633
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(e) Polynomial degree: 3, bandwidth: 0.0633
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Figure 12: Regression discontinuity – Number of infractions (prior to elections)

(a) Polynomial degree: 1, bandwidth: 0.0633
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(b) Polynomial degree: 1, bandwidth: 0.1106
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(c) Polynomial degree: 2, bandwidth: 0.0633
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(e) Polynomial degree: 3, bandwidth: 0.0633
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(f) Polynomial degree: 3, bandwidth: 0.1106
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Figure 13: Regression discontinuity – Number of inspections

(a) Polynomial degree: 1
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(c) Polynomial degree: 3
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Figure 14: Regression discontinuity – Number of infractions

(a) Polynomial degree: 1
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C Supplementary tables

Table S1: Covariate balance RDs (1 of 9)

Estimate Std. error P-value N

N. of donations
p = 1 -0.3499 1.1056 0.7517 1,448
p = 2 -1.7810 1.6456 0.2793 1,448
p = 3 -1.1163 2.1972 0.6115 1,448
Total donation value
p = 1 83,888.1104 91,512.8352 0.3595 1,448
p = 2 64,422.7674 147,601.1989 0.6626 1,448
p = 3 173,366.5450 201,188.4139 0.3890 1,448
Elected in the prior election
p = 1 -0.0229 0.0542 0.6721 1,448
p = 2 -0.1443 0.0798 0.0709 1,448
p = 3 -0.1729 0.1061 0.1033 1,448
Male candidate
p = 1 0.0108 0.0303 0.7223 1,447
p = 2 -0.0082 0.0451 0.8554 1,447
p = 3 0.0038 0.0580 0.9482 1,447
Birth year
p = 1 1.2713 1.2225 0.2986 1,447
p = 2 3.8327 1.7478 0.0285 1,447
p = 3 4.2942 2.2751 0.0593 1,447
Mean employment (prior to election)
p = 1 39.1379 168.7603 0.8167 1,021
p = 2 -138.9518 280.4771 0.6204 1,021
p = 3 -85.9759 398.8261 0.8294 1,021
Mean wage (prior to election)
p = 1 -122.4773 68.6541 0.0747 1,021
p = 2 -230.8468 103.1956 0.0255 1,021
p = 3 -261.0620 138.4372 0.0596 1,021
Mean employment (election year)
p = 1 -19.2689 192.9990 0.9205 1,021
p = 2 -278.8413 321.5827 0.3861 1,021
p = 3 -299.0837 461.0609 0.5167 1,021
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Table S2: Covariate balance RDs (2 of 9)

Estimate Std. error P-value N

Mean wage (election year)
p = 1 -97.1645 66.0674 0.1417 1,021
p = 2 -182.1652 99.6696 0.0679 1,021
p = 3 -217.1797 133.5867 0.1043 1,021
Proportion CNAE 0
p = 1 -0.0040 0.0083 0.6276 1,448
p = 2 -0.0095 0.0133 0.4723 1,448
p = 3 -0.0154 0.0168 0.3602 1,448
Proportion CNAE 1
p = 1 0.0098 0.0137 0.4750 1,448
p = 2 0.0220 0.0213 0.3020 1,448
p = 3 0.0206 0.0290 0.4777 1,448
Proportion CNAE 2
p = 1 0.0143 0.0206 0.4877 1,448
p = 2 -0.0309 0.0292 0.2900 1,448
p = 3 -0.0238 0.0360 0.5087 1,448
Proportion CNAE 3
p = 1 -0.0040 0.0094 0.6739 1,448
p = 2 -0.0149 0.0144 0.3002 1,448
p = 3 -0.0167 0.0177 0.3449 1,448
Proportion CNAE 4
p = 1 0.0066 0.0197 0.7397 1,448
p = 2 0.0029 0.0297 0.9231 1,448
p = 3 -0.0012 0.0408 0.9772 1,448
Proportion CNAE 5
p = 1 0.0190 0.0237 0.4234 1,448
p = 2 0.0421 0.0326 0.1970 1,448
p = 3 0.0527 0.0423 0.2131 1,448
Proportion CNAE 6
p = 1 -0.0049 0.0128 0.6999 1,448
p = 2 -0.0218 0.0176 0.2171 1,448
p = 3 -0.0312 0.0221 0.1597 1,448
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Table S3: Covariate balance RDs (3 of 9)

Estimate Std. error P-value N

Proportion CNAE 7
p = 1 0.0159 0.0177 0.3695 1,448
p = 2 0.0128 0.0277 0.6444 1,448
p = 3 0.0060 0.0389 0.8766 1,448
Proportion CNAE 8
p = 1 0.0024 0.0073 0.7371 1,448
p = 2 0.0065 0.0106 0.5431 1,448
p = 3 0.0017 0.0151 0.9100 1,448
Proportion CNAE 9
p = 1 -0.0046 0.0063 0.4619 1,448
p = 2 -0.0055 0.0084 0.5141 1,448
p = 3 -0.0020 0.0091 0.8272 1,448
N. of inspections (prior to election)
p = 1 -16.2566 18.1796 0.3714 1,448
p = 2 -38.7664 28.9893 0.1813 1,448
p = 3 -48.4608 39.7566 0.2231 1,448
N. of inspections (comm. superint., prior to election)
p = 1 -2.7842 11.8302 0.8140 1,448
p = 2 -14.8884 18.2076 0.4137 1,448
p = 3 -11.9064 22.4977 0.5967 1,448
N. of inspections (pub. serv. superint., prior to election)
p = 1 -1.3590 5.6802 0.8109 1,448
p = 2 -3.6321 9.1112 0.6902 1,448
p = 3 3.6339 11.9189 0.7605 1,448
N. of infractions (prior to election)
p = 1 -7.0381 9.7385 0.4700 1,448
p = 2 -17.0630 15.7338 0.2783 1,448
p = 3 -20.9736 21.4234 0.3277 1,448
N. of infractions (comm. superint., prior to election)
p = 1 -1.2094 6.2866 0.8475 1,448
p = 2 -7.1236 9.6825 0.4620 1,448
p = 3 -6.2878 11.9176 0.5979 1,448

37



Table S4: Covariate balance RDs (4 of 9)

Estimate Std. error P-value N

N. of infractions (pub. serv. superint., prior to election)
p = 1 -0.8362 3.4382 0.8079 1,448
p = 2 -1.9257 5.5779 0.7300 1,448
p = 3 2.3993 7.3068 0.7427 1,448
Mean n. of inspections (prior to election)
p = 1 -2.3441 2.2427 0.2961 1,448
p = 2 -4.4992 4.1033 0.2731 1,448
p = 3 -6.7897 6.4477 0.2925 1,448
Mean n. of inspections (comm. superint., prior to election)
p = 1 0.3122 0.9240 0.7355 1,448
p = 2 -0.0727 1.4363 0.9596 1,448
p = 3 0.1631 1.8982 0.9316 1,448
Mean n. of inspections (pub. serv. superint., prior to election)
p = 1 -0.1184 0.4783 0.8044 1,448
p = 2 -0.2626 0.6726 0.6963 1,448
p = 3 0.0516 0.7939 0.9482 1,448
Mean n. of infractions (prior to election)
p = 1 -1.1239 1.1659 0.3352 1,448
p = 2 -2.0939 2.1314 0.3261 1,448
p = 3 -3.2506 3.3197 0.3276 1,448
Mean n. of infractions (comm. superint., prior to election)
p = 1 0.1811 0.4650 0.6970 1,448
p = 2 -0.0262 0.7049 0.9703 1,448
p = 3 0.0167 0.9131 0.9854 1,448
Mean n. of infractions (pub. serv. superint., prior to election)
p = 1 -0.1486 0.3067 0.6282 1,448
p = 2 -0.2240 0.4345 0.6063 1,448
p = 3 0.0598 0.5101 0.9067 1,448
AC state
p = 1 0.0115 0.0134 0.3886 1,448
p = 2 0.0209 0.0214 0.3306 1,448
p = 3 0.0236 0.0276 0.3926 1,448
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Table S5: Covariate balance RDs (5 of 9)

Estimate Std. error P-value N

AL state
p = 1 -0.0006 0.0037 0.8756 1,448
p = 2 -0.0025 0.0020 0.2062 1,448
p = 3 0.0009 0.0047 0.8437 1,448
AM state
p = 1 0.0010 0.0076 0.8902 1,448
p = 2 -0.0005 0.0052 0.9271 1,448
p = 3 -0.0039 0.0056 0.4879 1,448
AP state
p = 1 -0.0010 0.0087 0.9073 1,448
p = 2 0.0000 0.0094 0.9960 1,448
p = 3 -0.0016 0.0097 0.8672 1,448
BA state
p = 1 0.0184 0.0347 0.5960 1,448
p = 2 0.0390 0.0479 0.4157 1,448
p = 3 0.0374 0.0569 0.5107 1,448
CE state
p = 1 0.0104 0.0153 0.4986 1,448
p = 2 -0.0040 0.0166 0.8096 1,448
p = 3 0.0009 0.0148 0.9503 1,448
DF state
p = 1 -0.0021 0.0078 0.7847 1,448
p = 2 -0.0025 0.0085 0.7646 1,448
p = 3 0.0009 0.0071 0.8962 1,448
ES state
p = 1 0.0074 0.0094 0.4312 1,448
p = 2 0.0040 0.0075 0.5972 1,448
p = 3 -0.0065 0.0100 0.5154 1,448
GO state
p = 1 0.0020 0.0109 0.8577 1,448
p = 2 -0.0145 0.0112 0.1954 1,448
p = 3 -0.0138 0.0113 0.2216 1,448
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Table S6: Covariate balance RDs (6 of 9)

Estimate Std. error P-value N

MA state
p = 1 0.0058 0.0166 0.7282 1,448
p = 2 0.0009 0.0256 0.9726 1,448
p = 3 -0.0017 0.0347 0.9611 1,448
MG state
p = 1 0.0246 0.0373 0.5091 1,448
p = 2 0.0611 0.0534 0.2528 1,448
p = 3 0.0468 0.0681 0.4925 1,448
MS state
p = 1 0.0005 0.0062 0.9331 1,448
p = 2 0.0001 0.0050 0.9885 1,448
p = 3 -0.0021 0.0030 0.4886 1,448
MT state
p = 1 0.0050 0.0126 0.6897 1,448
p = 2 0.0078 0.0170 0.6488 1,448
p = 3 0.0071 0.0194 0.7152 1,448
PA state
p = 1 -0.0010 0.0138 0.9433 1,448
p = 2 -0.0015 0.0206 0.9440 1,448
p = 3 0.0071 0.0256 0.7812 1,448
PB state
p = 1 -0.0025 0.0062 0.6893 1,448
p = 2 0.0001 0.0054 0.9849 1,448
p = 3 0.0005 0.0044 0.9114 1,448
PE state
p = 1 -0.0172 0.0156 0.2720 1,448
p = 2 -0.0143 0.0178 0.4230 1,448
p = 3 0.0011 0.0156 0.9430 1,448
PI state
p = 1 0.0006 0.0092 0.9494 1,448
p = 2 -0.0024 0.0092 0.7942 1,448
p = 3 -0.0005 0.0085 0.9535 1,448
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Table S7: Covariate balance RDs (7 of 9)

Estimate Std. error P-value N

PR state
p = 1 -0.0319 0.0270 0.2370 1,448
p = 2 -0.0474 0.0436 0.2765 1,448
p = 3 -0.0801 0.0609 0.1887 1,448
RJ state
p = 1 0.0367 0.0346 0.2898 1,448
p = 2 0.0508 0.0543 0.3498 1,448
p = 3 0.0613 0.0753 0.4162 1,448
RN state
p = 1 -0.0010 0.0008 0.2016 1,448
p = 2 0.0025 0.0038 0.5159 1,448
p = 3 0.0007 0.0021 0.7288 1,448
RO state
p = 1 0.0095 0.0081 0.2409 1,448
p = 2 0.0033 0.0075 0.6589 1,448
p = 3 -0.0064 0.0049 0.1947 1,448
RR state
p = 1 -0.0039 0.0085 0.6476 1,448
p = 2 -0.0157 0.0119 0.1882 1,448
p = 3 -0.0193 0.0168 0.2503 1,448
RS state
p = 1 -0.0141 0.0246 0.5664 1,448
p = 2 -0.0184 0.0382 0.6293 1,448
p = 3 -0.0267 0.0504 0.5959 1,448
SC state
p = 1 -0.0064 0.0270 0.8133 1,448
p = 2 -0.0121 0.0428 0.7770 1,448
p = 3 -0.0172 0.0566 0.7616 1,448
SE state
p = 1 -0.0028 0.0089 0.7531 1,448
p = 2 -0.0022 0.0080 0.7815 1,448
p = 3 0.0030 0.0038 0.4233 1,448
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Table S8: Covariate balance RDs (8 of 9)

Estimate Std. error P-value N

SP state
p = 1 -0.0500 0.0519 0.3359 1,448
p = 2 -0.0465 0.0788 0.5550 1,448
p = 3 -0.0077 0.1051 0.9418 1,448
TO state
p = 1 0.0011 0.0094 0.9088 1,448
p = 2 -0.0056 0.0107 0.6024 1,448
p = 3 -0.0040 0.0105 0.7055 1,448
2002 year
p = 1 0.0059 0.0464 0.8994 1,448
p = 2 0.0255 0.0712 0.7206 1,448
p = 3 0.0325 0.0959 0.7350 1,448
2006 year
p = 1 -0.0103 0.0476 0.8285 1,448
p = 2 0.0001 0.0672 0.9983 1,448
p = 3 -0.0113 0.0851 0.8948 1,448
2010 year
p = 1 0.0551 0.0518 0.2878 1,448
p = 2 -0.0273 0.0776 0.7246 1,448
p = 3 -0.0247 0.1036 0.8117 1,448
2014 year
p = 1 -0.0507 0.0480 0.2918 1,448
p = 2 0.0017 0.0700 0.9804 1,448
p = 3 0.0035 0.0899 0.9693 1,448
Party PDT
p = 1 0.0101 0.0211 0.6317 1,448
p = 2 0.0283 0.0308 0.3588 1,448
p = 3 0.0368 0.0412 0.3729 1,448
Party PFL
p = 1 0.0007 0.0299 0.9801 1,448
p = 2 0.0097 0.0397 0.8064 1,448
p = 3 0.0611 0.0454 0.1782 1,448
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Table S9: Covariate balance RDs (9 of 9)

Estimate Std. error P-value N

Party PMDB
p = 1 0.0301 0.0372 0.4188 1,448
p = 2 0.0196 0.0570 0.7310 1,448
p = 3 -0.0027 0.0775 0.9719 1,448
Party PP
p = 1 -0.0080 0.0221 0.7188 1,448
p = 2 -0.0177 0.0269 0.5111 1,448
p = 3 -0.0191 0.0284 0.5008 1,448
Party PPS
p = 1 0.0022 0.0162 0.8932 1,448
p = 2 -0.0110 0.0175 0.5286 1,448
p = 3 -0.0111 0.0202 0.5837 1,448
Party PSB
p = 1 -0.0200 0.0238 0.4004 1,448
p = 2 0.0013 0.0327 0.9675 1,448
p = 3 0.0261 0.0397 0.5118 1,448
Party PSDB
p = 1 -0.0030 0.0363 0.9336 1,448
p = 2 -0.0673 0.0537 0.2103 1,448
p = 3 -0.0637 0.0711 0.3704 1,448
Party PT
p = 1 -0.0190 0.0459 0.6783 1,448
p = 2 -0.0322 0.0707 0.6486 1,448
p = 3 -0.0728 0.0944 0.4410 1,448
Party PTB
p = 1 -0.0098 0.0219 0.6565 1,448
p = 2 -0.0307 0.0340 0.3671 1,448
p = 3 -0.0422 0.0467 0.3660 1,448
Party PV
p = 1 -0.0118 0.0203 0.5618 1,448
p = 2 0.0011 0.0320 0.9728 1,448
p = 3 -0.0038 0.0424 0.9280 1,448
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Table S10: Regression discontinuity robustness – h = 0.5× hbaseline

Variable Estimate Std. error P-value N

Polynomial degree 1
N. of inspections -21.4137 21.9651 0.3299 787
N. of inspections (comm. superint.) -16.2797 21.6461 0.4522 787
N. of inspections (pub. serv. superint.) -2.4678 3.0504 0.4188 787
N. of infractions -12.2174 11.8496 0.3028 787
N. of infractions (comm. superint.) -9.8445 11.7090 0.4007 787
N. of infractions (pub. serv. superint.) -1.5132 1.7228 0.3800 787

Polynomial degree 2
N. of inspections -12.1973 33.5626 0.7164 787
N. of inspections (comm. superint.) -9.6927 33.5299 0.7726 787
N. of inspections (pub. serv. superint.) 1.4907 3.6134 0.6800 787
N. of infractions -10.3198 18.8833 0.5849 787
N. of infractions (comm. superint.) -8.4969 18.9395 0.6538 787
N. of infractions (pub. serv. superint.) -0.0200 1.8906 0.9916 787

Polynomial degree 3
N. of inspections -12.7981 45.5390 0.7788 787
N. of inspections (comm. superint.) -12.2815 45.6024 0.7878 787
N. of inspections (pub. serv. superint.) 0.8844 5.4683 0.8716 787
N. of infractions -12.4826 26.3019 0.6352 787
N. of infractions (comm. superint.) -12.5175 26.3942 0.6355 787
N. of infractions (pub. serv. superint.) -0.0810 2.8842 0.9776 787
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Table S11: Regression discontinuity robustness – h = 1.5× hbaseline

Variable Estimate Std. error P-value N

Polynomial degree 1
N. of inspections -4.3863 12.2319 0.7199 2,070
N. of inspections (comm. superint.) -3.1111 11.4737 0.7863 2,070
N. of inspections (pub. serv. superint.) -0.2905 2.5796 0.9104 2,070
N. of infractions -4.3983 6.6479 0.5083 2,070
N. of infractions (comm. superint.) -3.2267 6.2164 0.6038 2,070
N. of infractions (pub. serv. superint.) -0.5393 1.4848 0.7165 2,070

Polynomial degree 2
N. of inspections -16.7205 18.0875 0.3554 2,070
N. of inspections (comm. superint.) -11.4079 17.7411 0.5203 2,070
N. of inspections (pub. serv. superint.) -1.5928 2.8085 0.5707 2,070
N. of infractions -9.7201 9.7357 0.3182 2,070
N. of infractions (comm. superint.) -7.6955 9.5782 0.4218 2,070
N. of infractions (pub. serv. superint.) -1.0771 1.6195 0.5061 2,070

Polynomial degree 3
N. of inspections -21.2528 24.6960 0.3896 2,070
N. of inspections (comm. superint.) -15.5543 24.1495 0.5196 2,070
N. of inspections (pub. serv. superint.) -2.4985 3.6849 0.4978 2,070
N. of infractions -11.9012 13.3635 0.3733 2,070
N. of infractions (comm. superint.) -9.3037 13.0791 0.4770 2,070
N. of infractions (pub. serv. superint.) -1.5657 2.0957 0.4551 2,070
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Table S12: Regression discontinuity robustness – Uniform weights

Variable Estimate Std. error P-value N

Polynomial degree 1
N. of inspections -3.6319 13.0369 0.7806 1,448
N. of inspections (comm. superint.) -2.5170 11.3367 0.8243 1,448
N. of inspections (pub. serv. superint.) 0.1720 3.4514 0.9603 1,448
N. of infractions -4.2086 7.2421 0.5612 1,448
N. of infractions (comm. superint.) -3.5202 6.2824 0.5753 1,448
N. of infractions (pub. serv. superint.) -0.3061 1.9833 0.8774 1,448

Polynomial degree 2
N. of inspections -20.8730 19.7988 0.2919 1,448
N. of inspections (comm. superint.) -13.8870 17.2254 0.4203 1,448
N. of inspections (pub. serv. superint.) -2.6890 5.2342 0.6075 1,448
N. of infractions -11.0224 11.0001 0.3165 1,448
N. of infractions (comm. superint.) -8.1345 9.5468 0.3943 1,448
N. of infractions (pub. serv. superint.) -1.5885 3.0073 0.5974 1,448

Polynomial degree 3
N. of inspections -21.7224 26.4989 0.4125 1,448
N. of inspections (comm. superint.) -17.6653 23.0534 0.4436 1,448
N. of inspections (pub. serv. superint.) -1.8280 6.9985 0.7940 1,448
N. of infractions -12.8421 14.7220 0.3832 1,448
N. of infractions (comm. superint.) -10.5900 12.7769 0.4073 1,448
N. of infractions (pub. serv. superint.) -1.2334 4.0214 0.7591 1,448
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Table S13: Regression discontinuity robustness – With control variables

Variable Estimate Std. error P-value N

Polynomial degree 1
N. of inspections -8.3801 5.8602 0.1530 1,019
N. of inspections (comm. superint.) -2.7015 6.4379 0.6749 1,019
N. of inspections (pub. serv. superint.) -4.3699 3.1162 0.1611 1,019
N. of infractions -6.4755 3.1438 0.0397 1,019
N. of infractions (comm. superint.) -3.1630 3.4471 0.3591 1,019
N. of infractions (pub. serv. superint.) -2.8915 1.7684 0.1024 1,019

Polynomial degree 2
N. of inspections 2.2919 7.3190 0.7542 1,019
N. of inspections (comm. superint.) 7.2278 7.7288 0.3499 1,019
N. of inspections (pub. serv. superint.) -3.9954 3.9798 0.3157 1,019
N. of infractions -0.1639 3.8442 0.9660 1,019
N. of infractions (comm. superint.) 2.5578 3.9451 0.5169 1,019
N. of infractions (pub. serv. superint.) -2.5047 2.3121 0.2789 1,019

Polynomial degree 3
N. of inspections 12.9688 9.5310 0.1739 1,019
N. of inspections (comm. superint.) 16.5681 9.9762 0.0971 1,019
N. of inspections (pub. serv. superint.) -5.6390 4.6105 0.2216 1,019
N. of infractions 5.2390 5.0632 0.3011 1,019
N. of infractions (comm. superint.) 8.7222 5.1757 0.0923 1,019
N. of infractions (pub. serv. superint.) -3.7297 2.5503 0.1439 1,019
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Abstract

We provide a new education quality index for states within a developing coun-
try using 2010 Brazilian data. This measure is constructed based on the notion
that the financial returns obtained from an additional year of schooling can be
seen as being derived from the value that market forces assign to this education.
We use migrant data to estimate returns to schooling of individuals who stud-
ied in different states but who work in the same labor market. We find very
heterogeneous educational qualities. In fact, Brazil displays cross-state educa-
tional quality variation almost as large as that observed across countries. We
compare our index with standardized test scores, educational outcome variables,
and public expenditure per schooling stage at the state level, producing new
evidence related to education in a large developing country. We conduct an edu-
cation quality-adjusted development accounting exercise for Brazilian states and
find that human capital accounts for 26%-31% of output per worker differences.
Adjusting for quality increases human capital’s explanatory power by 60%.
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1 Introduction
Education is very important for socioeconomic development.1 A country’s level of edu-
cation has two dimensions: quantity and quality. The first dimension has been studied
extensively,2 but the same is not true for quality. This dimension is complex because
it may involve subjective considerations, making it hard to measure. Nevertheless,
some authors argue that quality of education matters more than quantity for economic
growth. For example, Hanushek and Woessmann (2007) point out that several studies
found that including education quality variables in development accounting exercises
can reduce years of schooling’s explanatory power, leaving it mostly insignificant.

In this paper we provide a new education quality index for states within a country
using 2010 Brazilian data. This measure is constructed based on the notion that the
financial returns obtained from an additional year of schooling can be seen as being
derived from the value that the market assigns to this education. Therefore, differences
between returns to schooling of individuals who studied in different states, all else equal,
are due to differences between the quality of the educational services that they have
consumed.

At first, one might think of constructing such measures by computing educational
returns for each state independently. However, a possible drawback of this approach
is that two distinct labor markets may reward the same education quality differently.
For example, suppose that skilled labor is scarce in low-income states, implying that
educational returns are higher than in high-income states. Imagine that an individual is
considering whether to go to college in a given region. This individual’s college premium
will be higher in low-income states and lower in high-income states, even though the
quality of her education is the same in both cases. Thus, interpreting educational
returns in different labor markets as education quality measures may lead to biased
analysis.

To prevent this type of bias, we use data on individuals who obtained their educa-
tion in different states but who work in markets with similar characteristics. This is
accomplished by using 2010 census data on individuals living at the time in São Paulo,
the largest Brazilian state in terms of population and gross domestic product (GDP).
The 2010 census contains information on migration that can be used to infer which mi-
grants likely completed schooling in their state of birth, which allows us to select only
individuals who fit our criteria. This strategy is the same as the one used in Schoellman
(2012). Since migrants may be positively self-selected,3 we also use Heckman’s (1979)
selection correction method.

Brazil is the fifth largest country in the world and possesses the seventh largest
GDP. Despite this considerable economic wealth, it displays a substantial amount of

1See Sen (2000) and Banerjee and Duflo (2012).
2For reviews of this literature, see Sianesi and van Reenen (2003) and Krueger and Lindahl (2000).
3See Ferreira and Santos (2007).
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inequality. Out of 157 countries, Brazil ranks in the 137th position in World Bank’s
(2016) economic inequality ranking (in increasing order of inequality), having a Gini
coefficient equal to 48.4 in 2014, higher than Bolivia’s and Paraguay’s, for example.
Methodologically in line with recent studies that use tax data to measure income in-
equality in the U.S. (Saez and Zucman, 2016), Medeiros et al. (2015) find that the
wealth distribution in Brazil is more unequal than previously thought.

Naturally this phenomenon also manifests itself through cross-state economic in-
equality. In 2011 the states of São Paulo and Rio de Janeiro had per capita GDPs
equal to US$19,386 and US$17,144 (equivalent to Slovakia and Estonia, respectively),
while the northeastern states of Tocantins and Piauí possessed per capita GDPs equal
to US$7,702 and US$4,681 (similar to Botswana and Jordan). At the same time, 22%
of Piauí’s population aged 10 or more was illiterate in 2010 (comparable to Botswana,
again), while 95% of the population aged over 10 in São Paulo and Rio de Janeiro was
literate. It is reasonable to ask if cross-state variation in educational characteristics
explain such a large level of income inequality.

Since education quality measures are scarce for Brazilian states, a first step towards
answering this question is achieved by calculating new educational quality indexes.
Compatible with the distribution of income across states, our method produces very
heterogeneous educational quality measures. Regional means range from 3.4% in the
Northeast to 9.7% in the Southeast.4 We compare education qualities across both
Brazilian states and the world, and find that the two distributions are quite similar.
That is, Brazil displays cross-state educational quality variation almost as large as that
observed across countries.

After constructing this state-level quality measure, we investigate its association
with other educational variables. First, we compare our educational quality measure
with standardized test scores, and conclude that there are important differences and
similarities between them. On the one hand, our method depicts a more unequal sce-
nario than test scores do: the coefficient of variation of our educational quality index
is 8.4 times larger than test scores’. This is evidence that there are aspects related to
education quality that our method captures, but test scores do not. On the other hand,
despite this difference there is a strong association between both indexes: an increase
of one standard deviation in standardized test scores is associated with an increase of
2.5 percentage points in returns to schooling. Second, we find a very strong association
between educational quality, school attendance, and the mean age-grade gap.5 Third,
we investigate the relationship between educational quality measures and public invest-
ments on education by schooling stage. We conclude that higher educational quality
is significantly associated with higher public expenditures on primary education, but
insignificantly related to higher expenditures on secondary or tertiary education. We

4For the distribution of Brazilian states across geographic regions, see Table B4 in the Appendix.
5The age-grade gap is the difference between the expected and actual age of a student attending

a given grade.
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interpret this as suggestive evidence that public investments in earlier stages of edu-
cation are more effective than those in later stages, in accordance with the literature
discussed in Heckman (2006).

The high correlation between our index, standardized test scores, and educational
outcome variables is evidence that supports the use of returns to education as an educa-
tional quality measure. For some developing and underdeveloped countries, education
quality variables are scarce, whereas data on earnings and schooling are readily avail-
able. Therefore, verifying the correlation between returns to schooling, test scores,
and educational outcome variables can support researchers interested in constructing
education quality measures for developing and underdeveloped countries.

Some authors corroborate that returns to schooling of immigrants are positively
correlated with mean educational quality in the source state/country. Using 1980 U.S.
census data, Card and Krueger (1992) find that men who were educated in states with
higher-quality schools have a higher return on additional years of education. Chiswick
and Miller (2010) and Bratsberg and Terrell (2002) verify that international test scores
explain differences in the rate of return to schooling among immigrants in the United
States. Li and Sweetman (2013) conclude the same for the case of Canada. We con-
tribute to this literature by documenting a significant association between returns to
schooling of cross-state migrants and educational variables in the home state in a large
developing country.

This paper enjoys two benefits over the literature that measures returns to schooling
of cross-country immigrants. First, in our sample there is a large number of migrants
from every state to São Paulo, mitigating concerns related to measurement error. By
contrast, it is often the case that there are few cross-country migrants from most source
countries to a particular destination country. Second, issues about skill transferability
are alleviated in our setting, since several aspects that affect the returns to schooling of
migrants vary less across states than across countries, such as language, the educational
system, and credentials.

Using our education quality measure, we conduct a development accounting exercise
for Brazilian states. We find that quality-adjusted human capital accounts for 26%-31%
of output per worker differences in Brazil, while non–quality-adjusted human capital
explains 17.5% of GDP per worker variability. All told, taking education quality into
account increases human capital’s explanatory power by 60%, implying that this is
an important component to consider if one is interested in understanding economic
development within regions of a country. Those findings are consistent with the human
capital data constructed in Figueiredo and Nakabashi (2016), which imply that human
capital accounts for 27% of output per worker variability across Brazilian states. Our
results are also quantitatively similar to recent quality-adjusted development accounting
studies conducted for U.S. states (Hanushek et al., 2015), and to recent cross-country
exercises (Schoellman, 2012).

This paper is organized in five additional sections. Section 2 describes the datasets,
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the sample selection strategy, and presents descriptive statistics. Section 3 explains the
method used to construct educational quality measures and analyzes the results. Sec-
tion 4 compares our education quality index with other educational variables. Section 5
conducts development accounting exercises for Brazilian states using a quality-adjusted
human capital variable. Section 6 presents concluding comments.

2 Data and sample selection
In order to estimate educational returns, we use data from the 2010 Brazilian census.
This dataset is provided by the Instituto Brasileiro de Geografia e Estatística6 (IBGE),
and contains information related to individuals’ residence characteristics, work, migra-
tion, schooling, mobility, and fertility. We use data on individuals’ earnings from their
main job, hours worked per week, schooling attainment, age, state of birth, state of
residence, race, gender, and urban/rural residence.

Our first objective is to select a sample of individuals who work in labor markets
with similar characteristics, but who obtained education in different states. This is
accomplished by using data on individuals who work in São Paulo, the largest Brazilian
state in terms of population and GDP. However, the 2010 census does not provide direct
information on where an individual’s schooling was obtained. We follow the same
strategy as in Schoellman (2012) and use information on age and year of migration
to infer which migrants likely completed schooling in their state of birth. Therefore,
our baseline sample only includes migrants who arrived in São Paulo after completing
24 years, e.g., six years past the expected high school graduation date. This six-year
buffer is used in order to minimize measurement error that may result from migrants
who repeat grades, start school late, or experience interruptions in their education. We
exclude migrants who are studying in São Paulo and, for individuals who were born
and work in São Paulo, we exclude those who are studying in another state or those
who previously lived in another state. We exclude individuals who are younger than 24
or older than 65.

The 2010 census also lacks information on the exact number of years of schooling
attainment for each individual. Instead, it is possible to construct a categorical edu-
cational variable that identifies the following intervals for years of schooling: from 0
to 3 years, 4–7, 8–10, 11–14, and 15 years or more. We deal with this limitation in
two alternative ways. First, we impute individuals’ years of schooling in the first four
intervals as the interval midpoint, and use 15 years for individuals in the last inter-
val. This imputation strategy is the same as the one used with U.S. census data in
Hendricks (2002) and Schoellman (2012). Second, in Section A of the Appendix we
estimate returns to schooling using dummy variables for each educational category and
calculate the weighted mean return using the fraction of individuals in each interval as

6Brazilian Institute of Geography and Statistics.
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weights. Both methods produce qualitatively similar results.
Table B4 in the Appendix contains descriptive statistics and the number of observa-

tions by state of birth. Our baseline sample includes individuals who do not live in São
Paulo because those observations are used in Heckman’s selection correction method.
We exclude the North region and Distrito Federal in our main analysis because they
present an insufficient number of observations of migrants – including those observations
produces estimates with large standard errors, making inference questionable.

To compare our education quality measures with other educational variables, we
use data on standardized test scores, educational outcome variables, and public expen-
diture by schooling stage. For standardized test scores, we use Sistema Nacional de
Avaliação da Educação Básica7 (Saeb) test scores for the year 1995. The Saeb exam
is administered by the Instituto Nacional de Estudos e Pesquisas Educacionais Anísio
Teixeira8 (Inep), an institution associated with the Ministry of Education. Since 1995,
this exam has been composed of biennial mathematics and Portuguese tests applied to
samples of students in primary and secondary education in public and private schools.
For educational outcome variables, we use 1991 data provided by IPEADATA (2016)
on 7- to 14-year-old students’ mean school attendance and 10- to 14-year-old students’
mean age-grade gap. We also use Abrahão and Fernandes’ (1999) data on public expen-
ditures on education per student by schooling stage (primary, secondary, and tertiary
education) in 1995.

3 Returns to schooling as educational quality mea-
sures

Our objective is to construct a new measure of the quality of educational services by
state in Brazil through the estimation of returns to schooling. Our strategy builds on
Schoellman’s (2012) idea that the financial returns obtained from an additional year
of schooling can be seen as being derived from the value that the market assigns to
this education. Therefore, differences between returns to schooling of individuals who
studied in different states, all else equal, is due to differences between the quality of
educational services that they consumed.

A first approach to implement this idea empirically is to independently estimate the
following augmented Mincerian regression for each state:

log(Wi) = α + βSi + γXi + ui, (1)

where i indexes the individual; W denotes earnings per weekly hours worked; S denotes
years of schooling; X is a vector of control variables that includes gender, age, age

7National System of Basic Education Evaluation.
8Anísio Teixeira National Institute for Research on Education.
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squared, race, and urban residence dummy; and u is an error term. β is the return to
schooling.

The first column of Table 1 displays returns to schooling estimates obtained by
separately estimating equation (1) for each state. In this specification the northeastern
region, one of the poorest in Brazil, presents the highest returns. For example, one
additional year of schooling in Piauí is associated with a 10% increase in earnings.
Santa Catarina, from the rich southern region, has the lowest return, equal to 6.5%.

Interpreting these estimates as educational quality measures is problematic because
labor market characteristics vary significantly across Brazilian states, making it possible
that two different markets could reward the same schooling quality differently. To
overcome this problem, we use data only on individuals who work in São Paulo, but
who obtained education in different states. We estimate the following specification:

log(Wij) = αj + βjSij + γXij + uij, (2)

where j indexes individual i’s state of birth. αj is a state-of-birth fixed effect, and βj
is the return to schooling for individuals who studied in state j.

The second column of Table 1 provides returns to schooling estimates using only
individuals who work in São Paulo in our baseline sample. For comparison with the
previous result, Figure 1a plots estimates of the first two models. Note that the two
methods produce very different estimates. For example, Northeastern states’ estimates
are the largest in Model 1, but are the smallest in Model 2. Rio de Janeiro (RJ),
Espírito Santo (ES), Rio Grande do Sul (RS), and Santa Catarina (SC) also have very
divergent estimates. This result is consistent with the idea that skilled labor is scarce
in lower income states, so that market forces offer a high reward for education in those
regions. Once we use data only on individuals who work in the same labor market,
we are able to obtain an improved measure of education quality as valued by market
forces.

However, the estimates fromModel 2 may still be questionable if we want to interpret
returns as educational quality measures. If migrants are positively self-selected, São
Paulo’s return to schooling might be underestimated because it is obtained using only
non-migrant data. Formally, earnings in São Paulo are obviously not observed for
individuals who do not work there. If the decision to work in São Paulo is determined
by variables that are correlated to individuals’ years of schooling, estimation of (2) by
OLS produces biased and inconsistent estimates. Therefore, we use Heckman’s (1979)
selection correction method (the Heckit Model) and postulate that individuals work in
São Paulo if

δj + ηSij + φZij + ψEij + vij > 0, (3)

where δj are intercepts that vary across states of birth; Z contains the same variables
as X, except for the urban residence dummy; Eij is the (expected) earnings per hour of
individual i if she decides to work in São Paulo in relation to working in another state;
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Table 1: Returns to schooling estimates

Model 1 Model 2 Heckit Model
Maranhão 0.1016 0.0397 0.0328

(0.0007) (0.0044) (0.0042)
Piauí 0.1017 0.0311 0.0231

(0.0009) (0.0033) (0.0031)
Ceará 0.0932 0.0455 0.0368

(0.0006) (0.0032) (0.0030)
Rio Grande do Norte 0.0915 0.0435 0.0376

(0.0008) (0.0058) (0.0057)
Paraíba 0.0956 0.0386 0.0310

(0.0008) (0.0035) (0.0034)
Pernambuco 0.0895 0.0439 0.0351

(0.0006) (0.0024) (0.0023)
Alagoas 0.0938 0.0457 0.0373

(0.0010) (0.0036) (0.0034)
Sergipe 0.0951 0.0491 0.0393

(0.0011) (0.0059) (0.0057)
Bahia 0.0926 0.0429 0.0335

(0.0004) (0.0016) (0.0016)
Minas Gerais 0.0816 0.0834 0.0746

(0.0003) (0.0017) (0.0017)
Espírito Santo 0.0848 0.1123 0.1023

(0.0006) (0.0090) (0.0090)
Rio de Janeiro 0.0871 0.1371 0.1312

(0.0004) (0.0050) (0.0048)
São Paulo 0.0850 0.0850 0.0820

(0.0003) (0.0003) (0.0003)
Paraná 0.0749 0.0705 0.0614

(0.0004) (0.0020) (0.0019)
Santa Catarina 0.0656 0.1117 0.1026

(0.0004) (0.0085) (0.0084)
Rio Grande do Sul 0.0856 0.1125 0.1046

(0.0004) (0.0080) (0.0079)
Mato Grosso do Sul 0.0797 0.0709 0.0635

(0.0010) (0.0063) (0.0062)
Mato Grosso 0.0684 0.0720 0.0644

(0.0011) (0.0103) (0.0106)
Goiás 0.0760 0.0916 0.0813

(0.0006) (0.0085) (0.0083)

Standard errors in parentheses. All estimates are significant at one percent.
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Figure 1: Comparison of educational returns estimates between models
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(b) Model 2 and Heckit

MA

PI

CERN
PB

PEALSE
BA

MSMT

GO

PR

SCRS

MG

ES

RJ

SP

.0
4

.0
6

.0
8

.1
.1

2
H

ec
ki

t M
od

el
.04 .06 .08 .1 .12 .14

Model 2

45 degree line

Geographic regions are identified by different markers: Northeast , Midwest , South , and South-
east .

and v is an error term. Specifically, for an individual working in São Paulo, Eij is equal
to her earnings divided by her expected earnings if she were to work in another state.
For an individual working in a state other than São Paulo, Eij equals the expected
earnings if she was to work in São Paulo divided by her actual current earnings. To
calculate expected earnings we use fitted values of linear regressions. That is, we first
run a series of regressions of earnings per weekly hours on years of schooling, gender,
age, age squared, race, and the urban residence dummy for each possible combination
of state of birth and a dummy variable that indicates residence in São Paulo. Then, for
example, the expected earnings for working in São Paulo for an individual who studied
in Rio de Janeiro is computed as the fitted value of the regression that uses data on
individuals who work in São Paulo and were born in Rio de Janeiro. Additionally, we
posit that

uij ∼ N(0, σ2), vij ∼ N(0, 1), corr(uij, vij) = ρ. (4)

This is our baseline specification, which we estimate through the Maximum Like-
lihood method. For comparison, Figure 1b plots estimates of Model 2 and Heckit.
Observe that all states have lower estimates in Heckman’s model, except for São Paulo.
This is evidence that migrants are positively selected and that the Heckit model cor-
rects the selection bias by increasing São Paulo’s returns in relation to the other states.
Despite the difference, however, both vectors of estimates (Model 2 and Heckit) display
an almost perfect linear relationship (correlation coefficient equal to 0.99). This finding
may be of use to researchers studying similar problems, but who do not have data that

9



Figure 2: Heckit estimates and 95% confidence intervals
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allows the implementation of selection correction methods.
The third column of Table 1 and Figure 2 display returns to schooling estimates

that can be interpreted as educational quality measures. Rio de Janeiro and Piauí
present the highest and lowest estimates, respectively. That is, after controlling for
migration selection issues, if we take two individuals who have studied in Rio de Janeiro,
work in São Paulo, and display the same observable characteristics, except for the fact
that one individual has one more year of schooling than the other, it is expected that
the earnings of the more educated individual are 13.1% higher than the other’s. In
contrast, one additional year of education in Piauí, one of the poorest states in Brazil,
increases earnings by only 2.3%. The Northeast region unambiguously presents the
lowest educational quality, while the other regions display some heterogeneity. Mean
educational returns by region are: Northeast 3.4%, Midwest 6.9%, South 8.9%, and
Southeast 9.7%.9,10

9Heckman et al. (1996) revisit the literature’s results on the association between education quality
and returns to schooling for the U.S. and find that measured schooling quality only affects the returns
for college graduates. We investigate if this is also the case for Brazil by re-estimating our baseline
specification, dropping observations for college graduates. The correlation between returns to schooling
for the complete sample and this subsample is equal to 0.95. Therefore, our estimates are not driven
by the returns for college graduates.

10We have also performed the same exercise using migrants that moved to the state of Rio de Janeiro.
The analysis based on the Heckit model yields very similar measures for the quality of education of
different states. Indeed, the estimates from our benchmark and this robustness analysis are strongly

10



Figure 3: Education quality within Brazil and across countries
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Education quality at country level is given by returns to schooling estimated in Schoellman (2012).

There are important similarities and differences between our education quality index
and the education quality measures across countries worldwide produced in Schoellman
(2012). First, education quality in Brazil ranges from 2.3% (Piauí) to 13% (Rio de
Janeiro), whereas across the world it ranges from approximately zero (Tonga and Al-
bania) to 12% (Switzerland and Tanzania). For reference, Figure 3a plots education
quality distributions within Brazil and across countries, after normalizing the largest
value of each to one. Instead of arbitrarily selecting numbers in the education quality
interval, however, a more appropriate method for comparing the two distributions is
to investigate their quantiles. Figure 3b displays the quantile-quantile plot for the two
distributions. Each dot represents a quantile, out of nineteen, for each distribution.
Since we are working with nineteen states in Brazil, each state corresponds to a dif-
ferent quantile. The first nine quantiles of the Brazilian distribution correspond to the
northeastern states. We can divide the quantiles of both distributions in four subsets:
(i) the first three quantiles, (ii) the fourth to the sixth, (iii) the seventh to the ninth,
and (iv) the last ten. The dots in the first set lie above the 45 degree line, meaning that
the northeastern states with the lowest education qualities have higher relative quality
than the corresponding countries in the lowest quantiles. The dots in the second set lie
close to the 45 degree line, implying that both distributions are similar in this segment.
In the third set, the opposite of that observed in set (i) happens. These properties
found in sets (i) and (iii) almost perfectly offset each other, so that the Northeast’s

correlated (0.68).
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Table 2: Heckit selection equation elasticities

Elasticity Standard error
Years of schooling 0.0453 0.0012
Earnings ratio 0.0312 0.0072
Age -0.0098 0.0001
Race

Black 0.1428 0.0041
Pardo 0.1459 0.0025
Other 0.1792 0.0095

Woman -0.0086 0.0020

All estimates are significant at one percent. Elasticities in terms of the following variations. Years of
schooling and Earnings ratio: one standard deviation increase centered in the mean value. Age: from
35 to 36 years. “Pardo” is a term used by the IBGE that broadly encompasses multiracial Brazilians.

mean position in the Brazilian distribution is equivalent to the mean position of coun-
tries in the same quantiles in the worldwide distribution. In fact, education quality
means in the first nine quantiles of both distributions are not statistically different. In
set (iv), the distributions behave very similarly to each other because the dots lie very
close to the 45 degree line. Therefore, we conclude that both distributions are quite
similar. Consistent with this, the Gini coefficients for both distributions are very close
and not statistically different: 0.25 for Brazil and 0.27 across the world. That is, Brazil
displays cross-state educational quality variation almost as large as that observed across
countries.

Table 2 shows elasticities related to the coefficients in the selection equation (3). A
one standard deviation increase in schooling (expected earnings derived from working
in São Paulo in relation to other states) produces a 4.5% (3.2%) higher probability
of working in São Paulo. An individual who is 36 years old presents a 0.9% lower
probability of working in São Paulo than an individual who is 35.

The correlation between the error terms estimate is ρ̂ = 0.7, and the p-value asso-
ciated with the test ρ = 0 is approximately equal to zero. Therefore, we reject the null
and conclude that there is selection bias in the estimates from Models 1 and 2.

4 Education quality and other educational variables
In this section we investigate the association between our educational quality measures
and standardized test scores, schooling outcomes, and public expenditure on education
per schooling stage.

To study standardized test scores, we use data on the 1995 Saeb exams. To make an
adequate comparison in terms of timing, we re-estimate educational returns using the
subsample of individuals who were probably studying when the exams were applied,
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Figure 4: Returns to schooling and Saeb test scores
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ographic regions are identified by different markers: Northeast , Midwest , South , and Southeast
.

which amounts to selecting individuals between 24 and 32 years of age. Table B5 in
the Appendix displays descriptive statistics for this young subsample. Note that there
are states for which there is a very small number of migrants in São Paulo, making
educational returns’ standard errors very large for those cases. Because of this we
exclude states for which there are less than 100 migrants; as a result, Espírito Santo
and Mato Grosso are not included in this analysis. Tables B2 and ?? in the Appendix
display returns to schooling estimates and selection equation elasticities for this sample.
The correlation between the full and young sample educational returns is 0.95.

Figure 4 displays returns to schooling and standardized Saeb test scores, along with
some correlation statistics. The two measures are highly correlated: the correlation
coefficient equals 0.75, and a one standard deviation increase in Saeb test scores is
associated with an increase in returns to schooling of 2.5 percentage points. However,
there are significant differences between both indexes: the coefficient of variation of
Saeb scores is 0.06, while our educational quality index displays a dispersion 8.4 times
larger, with coefficient of variation equal to 0.51. That is, our measure suggests a larger
discrepancy between regions’ educational qualities than the Saeb scores do. If we think
of our index as the value that market forces assign to education, this is evidence that
there are educational components that the market captures, but test scores do not.

Next, we investigate the association between our educational quality measures and
schooling outcomes at the state level. We use 1991 data on 7- to 14-year-old students’
mean school attendance and 10- to 14-year-old students’ mean age-grade gap by state.
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Figure 5: Returns to schooling and educational outcomes
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.

To make a compatible comparison, we again use schooling returns estimates obtained
using the subsample of young workers. Figure 5 displays correlation statistics between
education quality and (i) mean school attendance and (ii) the age-grade gap. Note
the significant association between the variables: a one standard deviation increase in
returns to schooling is associated with a 0.9 standard deviation increase in mean school
attendance and a 0.88 standard deviation decrease in the age-grade gap. The high
R-squared value also implies that linearity is a good approximation for the relationship
between returns to schooling and the educational outcome variables.

The strong association between educational returns and standardized test scores,
mean school attendance, and the age-grade gap is evidence that returns to schooling
can be used as a proxy variable for educational quality in cases where the latter is not
available. Since the use of proxy variables in regressions relies on linearity assump-
tions, the evidence for a linear relationship between educational outcome variables and
returns to schooling supports this conclusion. For some developing and underdevel-
oped countries, educational quality measures are scarce, whereas data on earnings and
schooling are readily available. Therefore, verifying the correlation between returns to
schooling, test scores, and educational outcomes is relevant for researchers interested
in investigating education themes in developing and underdeveloped countries through
the construction of education quality measures.

Next, we assess the relationship between educational quality and government ex-
penditure on education per student for different schooling stages in 1995. Since the
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greatest part of students enrolled in primary, secondary, and tertiary education in 1995
were aged 7 to 25, and therefore were 22 to 40 in 2010, we use educational returns
estimates obtained using the full sample of workers in 2010. Figure 6 exhibits cor-
relation measures between the two variables. First, the association is positive for all
schooling stages. However, it is significant only for public investments in primary edu-
cation. In fact, the OLS coefficient associated with primary education is greater than
the secondary and tertiary education coefficients at 2% and 7% significance levels. The
coefficient associated with secondary education is not significantly different from the
tertiary education coefficient. This is suggestive evidence that public investments in
earlier stages of education are more effective than in later stages, in accordance with
the literature discussed in Heckman (2006).
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Figure 6: Educational returns and government expenditure on education per
schooling stage
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5 Development accounting
In this section we conduct a development accounting exercise for Brazilian states. To
estimate human capital stocks, we follow Schoellman (2012) and parametrize the human
capital production function of state j as

h(Sj, Qj) = exp
[

(SjQj)η
η

]
, (5)

where Sj and Qj denote state j’s mean years of schooling and education quality, re-
spectively, and η is an elasticity parameter. We have data on Sj and have produced
education quality measures in Section 3. To estimate the production function param-
eter, we use Schoellman’s (2012) equilibrium model, which generates a relationship
between observable variables that can be used to estimate η.

The equilibrium model features very standard components. Households are com-
posed by dynasties. A dynasty is a sequence of workers who are altruistically linked in
the sense of Barro (1974). Each worker lives for a finite number of periods, then dies
and is replaced by a young worker who inherits his assets but not his human capital.
Workers are endowed with one unit of time each period to allocate between school and
work. There is a competitive firm that hires labor and rents capital to maximize profits.
Education quality is exogenous.

The optimal decisions of workers and firms generate the following equilibrium rela-
tionship between quantity of schooling, quality of education, and returns to education,
Mj:

log(Sj) = η

1 − η
log(Qj) − 1

1 − η
log(Mj). (6)

In our context, Mj are the returns to education for non-migrants.
Table 3 displays estimates of the elasticity of years of schooling with respect to ed-

ucation quality, η/(1 − η), using the specification given by equation (6). The rows also
contain the implied value of η and the number of observations used in the regressions.
São Paulo is not included in the estimation sample because QSP ≡ MSP . We use two

Table 3: Estimated elasticity of years of schooling with respect to education quality

OLS IV
Unweighted Weighted Unweighted Weighted

Elasticity 0.18 0.25 0.20 0.26
(0.08) (0.07) (0.09) (0.07)

Implied η 0.15 0.20 0.16 0.21
N 17 17 17 17

Standard errors in parentheses.

17



different estimation methods: constrained OLS and constrained IV. In the latter, we in-
strument education quality using 1995 Saeb test scores because returns to education for
immigrants may be measured with some error due to small sample sizes (Schoellman,
2012). We find that OLS estimates are close to IV estimates, suggesting that measure-
ment error is not a significant issue. We also test a specification where we weight each
state observation by the number of immigrants in the sample. In general, the elasticity
estimates range between 0.18 and 0.26, which implies that η is between 0.15 and 0.21.
These estimates are close to those produced in a robustness exercise in Schoellman
(2012), where η̂ = 0.21. This result is found when one uses Bils and Klenow’s (2000)
data on non-migrants’ returns to schooling in order to allow for variability in Mj, in a
way similar to our usage here.

Using equations (5) and (6), human capital in equilibrium can be written as

log(hj) = MjSj
η

. (7)

This equation is directly comparable to the one used by the development account-
ing literature that does not account for quality-adjusted years of schooling (Bils and
Klenow, 2000), given by

log(hj) = MjSj. (8)

We use equations (7) and (8) to construct quality-adjusted and non–quality-adjusted
years of schooling for Brazilian states. Note that the right hand side of these equations
differ by a quality markup factor of 1/η, which implies that quality-adjusted log human
capital stocks are 4.7-6.6 times larger than non–quality-adjusted stocks.

Since Mincerian returns are noisy, we follow a strategy similar to the one adopted
in Bils and Klenow (2000) and Schoellman (2012), and use the trend relationship be-
tween schooling and returns to schooling of non-migrants rather than individual state
observations in order to compute human capital stocks in (7) and (8). The estimated
relationship is

log(Mj) = b1 + b2 log(Sj) = −0.68 − 0.80 log(Sj), (9)

with standard errors of 0.78 and 0.36.
The first two columns of Table 4 display our development accounting results. The

first row presents one estimate of the fraction of output per worker differences that
is accounted for by quality-adjusted years of schooling, obtained by comparing the
variance of log human capital to the variance of log output per worker. Using this
metric, human capital accounts for 6%-12% of output per worker differences. According
to Caselli (2005), although this measure is nicely grounded in the tradition of variance
decomposition, it has the drawback that variances are sensitive to outliers. A measure
that is less sensitive to outliers is the inter-percentile differential, obtained by comparing
the human capital ratio of the 90th and 10th percentiles to the output per worker ratio
of the 90th and 10th percentiles. By this metric, human capital accounts for 44%-
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Table 4: Development accounting results

Quality-adjusted Not quality-
η = 0.15 η = 0.21 adjusted

var[log(h)]
var[log(y)] 0.128 0.065 0.003
h90/h10
y90/y10

0.505 0.448 0.353

50% of output per worker differences. To conservatively summarize our results, we
compute the mean between the two measures and conclude that quality-adjusted years
of schooling account for about 26%-31% of output per worker differences in Brazil.11

The third column in Table 4 shows that using non–quality-adjusted human capital
stocks would imply that years of schooling account for about 17.5% of output per worker
differences, about 60% of the explanatory power obtained previously. This is evidence
that education quality is a very important component to consider if one is interested in
studying education in Brazil.

Figueiredo and Nakabashi (2016) construct two quality-adjusted human capital vari-
ables for Brazilian states using 2000 data. The first variable relies on Ideb test scores,12

and the second one is based on each state’s mean expected earnings, conditional on
the education and experience levels of the working-age population. Our findings are
consistent with the results produced through the second variable, which imply that the
ratio between the variances of log human capital and output per worker is equal to 0.05,
while the inter-percentile differential equals 0.5.13 Hanushek et al. (2015) use achieve-
ment scores adjusted for selective migration to produce human capital stocks for U.S.
states, finding that 20%-35% of per-capita GDP variation can be explained by human
capital. In terms of cross-country development accounting literature, our results are
also quantitatively similar to those found by Schoellman (2012), whose baseline results
suggest that quality-adjusted years of schooling account for 21%-26% of output per
worker differences.

11The findings in Hendricks (2002) are similar to ours in the sense that the variance decomposition
and inter-percentile differential measures produce qualitatively distinct results, equal to 0.07 and 0.22,
respectively.

12Índice de Desenvolvimento da Educação Básica (Ideb) is an educational quality index developed
by Inep, and embodies Saeb test scores and approval rates. We do not consider Ideb in this paper
because it is available only from 2005, a relatively recent year. Our dataset contains information on
individuals who were working in 2010, and most of them studied many years before 2005.

13Figueiredo and Nakabashi’s (2016) human capital variable produced through Ideb test scores
displays very large variability, generating variance and percentile ratios equal to 0.37 and 0.72.
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6 Conclusion
In this paper we provide a new measure of education quality for Brazilian states in
2010, based on the idea that the financial returns obtained from an additional year
of schooling can be seen as being derived from the value that the market assigns to
this education. We use census data on migrants in the state of São Paulo in order to
estimate returns to schooling of individuals who obtained education in different states,
but who work in the same labor market.

We find that educational quality is very heterogeneous across states, following the
large economic inequality in Brazil. In fact, our index implies that education quality
is more unequal across states than standardized test scores imply. This is a relevant
result for the debate on educational quality in Brazil, suggesting that there are educa-
tional aspects that market forces capture, but standardized test scores do not. Further
research is warranted in order to disentangle which elements each method considers.

We document a strong correlation between our education quality measures and stan-
dardized test scores and educational outcome variables, supporting the use of returns
to education as an educational quality index.

We find that higher educational quality is significantly associated with greater public
expenditure on primary education at the state level, but insignificantly related to higher
public expenditure on secondary or tertiary education. This is suggestive evidence that
public investments in earlier stages of education are more effective than in later stages,
in accordance with the literature discussed in Heckman (2006). However, the Brazilian
government’s expenditure per student in tertiary education in 2008 was equal to 1.17 of
OECD countries’ mean expenditures. For the case of secondary and primary education,
these proportions were equal to 0.22 and 0.30 (OECD, 2011). Our results reinforce the
pool of stylized facts that motivate rethinking the Brazilian government’s education
investment profile.

Finally, we conduct education quality-adjusted development accounting exercises for
Brazilian states and conclude that human capital plays an important role in explaining
output per worker differences. Ignoring education quality reduces human capital’s ex-
planatory power by 40%, suggesting that this is an important component to consider if
one is interested in understanding economic development within regions of a country.
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Appendix

A Categorical schooling variable
In Section 3 we used imputed schooling data because the 2010 census does not provide
the exact number of individuals’ years of schooling. An alternative to this imputation
is using a categorical schooling variable that identifies the following years of schooling
intervals: from 0 to 3 years, 4–7, 8–10, 11–14, and 15 years or more. We proceed in
two steps. First we estimate Heckman’s model, modifying equation (2) to

log(Wij) = αj +
5∑

k=1
βjkDijk + γXij + uij,

where k assumes the 5 possible values of the categorical schooling variable and Dijk

is a dummy that indicates if individual i’s schooling belongs to interval k. We also
use the categorical schooling variable in the selection equation (3). This step produces
4 schooling coefficients for each state (one of them is omitted to avoid collinearity).
Second, we compute for each state the weighted mean of schooling coefficients using
the fraction of individuals in each schooling interval as weights. The result is an average
of marginal effects for each state.

Figure A1 plots Heckman’s model estimates using imputed and categorical schooling
variables. Both methods produce qualitatively similar results. Note that averages
of marginal effects have different magnitudes than the educational returns estimated
previously. This happens because those estimates no longer have the interpretation of
an expected increase in earnings due to one additional year of schooling.

Figure A2 and Table A1 display returns estimates. Confidence intervals are signifi-
cantly larger in this case because we estimate 160 additional parameters. Besides this,
standard errors increase when we compute the weighted average of marginal effects.
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Figure A1: Returns to schooling estimates (imputed and categorical schooling
variable)
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Figure A2: Heckit estimates and 95% confidence intervals (categorical schooling
variable)
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Table A1: Returns to schooling estimates (categorical schooling variable)

Estimate Standard error
Maranhão 0.2486 0.0369***
Piauí 0.2676 0.0307***
Ceará 0.3172 0.0251***
Rio Grande do Norte 0.3567 0.0564***
Paraíba 0.2950 0.0299***
Pernambuco 0.3382 0.0198***
Alagoas 0.3488 0.0310***
Sergipe 0.3642 0.0479***
Bahia 0.3019 0.0138***
Minas Gerais 0.4719 0.0143***
Espírito Santo 0.5247 0.1013***
Rio de Janeiro 0.6539 0.0680***
São Paulo 0.5192 0.0032***
Paraná 0.4544 0.0169***
Santa Catarina 0.5965 0.1065***
Rio Grande do Sul 0.5319 0.1027***
Mato Grosso do Sul 0.4026 0.0624***
Mato Grosso 0.3889 0.1259**
Goiás 0.4948 0.0711***
N 5,478,685

* p < 0.10, ** p < 0.05, *** p < 0.01.
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B Other tables

Table B2: Returns to schooling estimates (young sample)

Estimate Standard error

Maranhão 0.0141 0.0067**
Piauí 0.0191 0.0061**
Ceará 0.0379 0.0082***
Rio Grande do Norte 0.0330 0.0175*
Paraíba 0.0273 0.0087**
Pernambuco 0.0330 0.0067***
Alagoas 0.0272 0.0085**
Sergipe 0.0253 0.0095**
Bahia 0.0194 0.0033***
Minas Gerais 0.0836 0.0046***
Rio de Janeiro 0.1186 0.0224***
São Paulo 0.0683 0.0005***
Paraná 0.0782 0.0069***
Santa Catarina 0.0862 0.0172***
Rio Grande do Sul 0.1230 0.0333***
Mato Grosso do Sul 0.0515 0.0127***
Goiás 0.0855 0.0212***
N 1,671,545

* p < 0.10, ** p < 0.05, *** p < 0.01.

Table B3: Heckit selection equation elasticities (young sample)

Elasticity Standard error

Years of schooling 0.0422 0.0028***
Earnings ratio 0.0520 0.0057***
Age 0.0799 0.0362**
Race

Black 0.1480 0.0076***
Pardo 0.1449 0.0047***
Other 0.1474 0.0177***

Woman 0.0046 0.0038

* p < 0.10, ** p < 0.05, *** p < 0.01. Elasticities in terms of the following variations. Years of
schooling and Earnings ratio: one standard deviation increase centered in the mean value. Age: from
24 to 25 years. “Pardo” is a term used by the IBGE that broadly encompasses multiracial Brazilians.
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Table B4: Descriptive statistics (means) and number of observations by state of birth and residence
Years of schooling Earnings per weekly hours Number of observations

Living in Living in Living in Living in Living in SP Living in other states
State of birth SP other states SP other states N Percent N Percent
North 9.97 8.90 56.50 36.41 900 0.08 302,443 6.37

Rondônia (RO) 8.81 9.18 39.09 38.56 76 0.01 21,079 0.44
Acre (AC) 11.69 9.00 71.92 40.88 26 0.00 15,145 0.32
Amazonas (AM) 11.71 9.25 83.12 40.46 107 0.01 57,536 1.21
Roraima (RR) 10.06 10.25 40.98 46.67 10 0.00 5,849 0.12
Pará (PA) 9.95 8.55 58.08 33.85 538 0.05 144,028 3.04
Amapá (AP) 8.40 10.28 48.24 44.67 27 0.00 11,669 0.25
Tocantins (TO) 8.73 9.00 25.16 32.53 116 0.01 47,137 0.99

Northeast 6.40 8.32 31.84 31.10 46,975 4.43 1,450,167 30.56
Maranhão (MA) 7.38 8.31 33.40 31.05 2,359 0.22 172,019 3.63
Piauí (PI) 6.48 8.14 28.78 30.54 3,327 0.31 100,120 2.11
Ceará (CE) 6.49 8.41 32.73 30.58 5,068 0.48 210,466 4.44
Rio Grande do Norte (RN) 6.87 8.60 35.81 31.93 1,209 0.11 99,191 2.09
Paraíba (PB) 6.09 7.95 30.48 31.21 3,632 0.34 130,828 2.76
Pernambuco (PE) 6.25 8.53 35.59 32.37 8,956 0.85 220,999 4.66
Alagoas (AL) 6.05 7.94 28.81 30.18 3,813 0.36 72,298 1.52
Sergipe (SE) 6.61 8.14 31.33 31.23 1,413 0.13 58,106 1.22
Bahia (BA) 6.40 8.31 30.60 30.73 17,198 1.62 386,140 8.14

Southeast 10.33 9.29 55.16 43.02 995,079 93.90 1,359,010 28.64
Minas Gerais (MG) 7.61 8.63 46.87 36.79 16,989 1.60 794,327 16.74
Espírito Santo (ES) 9.09 8.86 52.77 38.11 460 0.04 121,494 2.56
Rio de Janeiro (RJ) 11.59 10.13 107.44 50.06 2,682 0.25 356,863 7.52
São Paulo (SP) 10.37 10.25 55.14 58.44 974,948 92.00 86,326 1.82

South 8.08 9.05 48.27 40.05 14,349 1.35 1,288,899 27.16
Paraná (PR) 7.48 9.00 39.28 39.05 12,387 1.17 439,176 9.26
Santa Catarina (SC) 10.52 9.00 84.40 40.21 757 0.07 296,395 6.25
Rio Grande do Sul (RS) 11.37 9.13 97.88 40.84 1,205 0.11 553,328 11.66

Midwest 9.17 9.35 51.32 44.71 2,384 0.22 344,428 7.26
Mato Grosso do Sul (MS) 9.09 9.01 46.07 38.06 1,062 0.10 67,681 1.43
Mato Grosso (MT) 8.18 9.20 36.83 38.94 471 0.04 60,399 1.27
Goiás (GO) 9.23 9.05 57.77 42.19 714 0.07 193,879 4.09
Distrito Federal (DF) 11.92 11.31 90.15 72.61 137 0.01 22,469 0.47
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Table B5: Descriptive statistics (means) and number of observations by state of birth and residence (young sample)
Years of schooling Earnings per weekly hours Number of observations

Living in Living in Living in Living in Living in SP Living in other states
State of birth SP other states SP other states N Percent N Percent

Rondônia 10.23 9.47 30.12 30.88 21 0.01 12,833 0.84
Acre 12.21 9.84 24.49 31.15 5 0.00 5,836 0.38

Amazonas 13.16 9.93 64.23 33.05 19 0.01 21,609 1.41
Roraima 10.98 37.22 0 0.00 2,565 0.17

Pará 11.15 9.18 54.87 26.28 97 0.03 57,581 3.77
Amapá 8.39 10.84 70.17 31.95 2 0.00 4,614 0.30

Tocantins 8.55 9.86 22.46 26.03 38 0.01 18,569 1.22
Maranhão 7.42 9.12 25.74 24.91 761 0.22 63,344 4.15

Piauí 7.19 9.14 25.10 24.13 876 0.25 32,798 2.15
Ceará 7.82 9.66 35.67 23.72 806 0.23 69,830 4.57

Rio Grande do Norte 9.45 9.64 40.51 23.90 119 0.03 32,730 2.14
Paraíba 6.71 8.97 27.77 23.76 554 0.16 40,566 2.66

Pernambuco 7.64 9.39 34.54 25.71 1,281 0.37 73,779 4.83
Alagoas 6.69 8.61 26.85 22.98 780 0.23 25,116 1.64
Sergipe 8.14 9.13 24.23 24.50 214 0.06 19,785 1.30
Bahia 7.86 9.34 25.68 24.13 3,262 0.95 136,785 8.96

Minas Gerais 10.04 10.08 46.35 28.87 2,133 0.62 237,876 15.58
Espírito Santo 12.87 10.22 58.43 30.49 62 0.02 38,488 2.52
Rio de Janeiro 12.72 10.89 86.50 38.71 348 0.10 109,662 7.18

São Paulo 11.34 11.26 41.59 40.05 331,496 96.19 26,155 1.71
Paraná 10.20 10.36 46.30 32.12 1,056 0.31 137,158 8.98

Santa Catarina 12.27 10.59 80.49 33.30 137 0.04 90,006 5.89
Rio Grande do Sul 13.05 10.54 92.94 32.32 170 0.05 147,332 9.65

Mato Grosso do Sul 10.54 9.95 41.82 30.95 180 0.05 24,949 1.63
Mato Grosso 10.53 9.95 30.18 30.90 74 0.02 26,784 1.75

Goiás 11.45 10.31 62.39 35.73 115 0.03 59,386 3.89
Distrito Federal 12.83 11.68 77.92 57.17 37 0.01 11,097 0.73

Total 11.23 9.99 41.43 30.06 344,643 100 1,527,233 100
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