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Abstract

This thesis contains three independent essays on political economics, labor economics
and education that cover subjects that affect the Brazilian economy.

The first one investigates the impact of corruption on firm growth. Using Brazilian
firm-level data, we analyze employment growth for firms implicated in corruption us-
ing the synthetic control method. The counterfactual exercise induced by this method
suggests that firms would have grown more without corruption, even before having
their involvement exposed. For the restricted set of the largest firms in this group, a
slightly different result emerges: Those firms grow larger than they would have with-
out corruption up until their involvement is exposed. Afterwards, they experienced a
more drastic reduction than their counterparts. Therefore, the benefits for firms from
engaging in corruption seem small, while the costs of exposure appear substantial.

The second paper studies the role of affirmative action policies on race declaration
in Brazil. Such policies can impact race declaration through two distinct mechanisms.
First, by reducing stigma towards blackness and strengthening black identity. Sec-
ond, by generating incentives for individuals to change their classification due to the
benefit of accessing higher education. Using information about reserved vacancies for
non-white individuals from all public institutions of higher education in Brazil, we
estimate that such policies can explain almost half of the increase of non-white young
individuals from 2011 to 2015. This effect is observed mainly for the ones that attend
public schools. Even though we can not separate those two mechanisms, we offer
quantitative evidence of affirmative action resulting in crossing racial boundaries.

Lastly, our third paper investigates the main determinants of salaries for economics
professors of public universities in Brazil. We find that only experience and hav-
ing a Ph.D. degree affects salaries. Overall, 1 additional year of experience increases
monthly salaries by around 4% and having a Ph.D. degree increases by almost 70% of
salaries. Research output, such as publications, books published, and book chapters
written are not significant. Neither is teaching performance. Participating in defense
committees and advising students, either from undergraduate or graduate school are
also not significant. This suggests that high performance professors would not have
incentives to work in public universities in Brazil, given that they are not rewarded
accordingly. Only when we restrict our sample to include professors employed in
high ranked Economics departments that having publications in ranked journals have
a positive and significant impact, but still smaller than experience and having a Ph.D.
degree.

Keywords: Corruption, procurement, firm growth, employment, salaries, public uni-
versities, affirmative action, race identification, race declaration.
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Race Declaration and Affirmative Action:
The Case of Public Institutions of Higher

Education in Brazil

Maria Eduarda Freire* Cecilia Machado† Sergio Werlang‡

Abstract

We study the role of affirmative action policies on race declaration in Brazil.
Such policies can influence race declaration through two distinct mechanisms.
First, by reducing stigma towards blackness and strengthening black identity. Sec-
ond, by generating incentives for individuals to change their classification due to
the benefit of accessing higher education. Using information about reserved va-
cancies for non-white individuals from all public institutions of higher education
in Brazil, we estimate that such policies can explain almost half of the increase of
non-white young individuals from 2011 to 2015. This effect is observed mainly
for the ones that attend public schools. Even though we can not separate those
two mechanisms, we offer quantitative evidence of affirmative action resulting in
crossing racial boundaries.
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1 Introduction

Over the last decades, there were some changes in racial patterns in Brazil. Analyzing
data from the Census, since 1950 until 1990 there was an increase in the number of
people self-identifying as brown and a reduction in the black and white categories,
while in more recent years this pattern seemed to change1. Even though data from the
2000 and 2010 Census both show an increase in the black population and a decrease
of the white one, the patterns for the brown category are different. From 1990 to 2000
there was a reduction in people self-identifying as brown, while from 2000 to 2010 it
is possible to see an increase in this proportion. More recent data, from the National
Household Survey (PNAD) show that those patterns observed from 2000 to 2010 still
remain until 2015. Figure 1 and 2 summarize race data for the last six Census and for
2001 to 2015 from the National Household Survey. Figure 1 does not include the 1970
Census, because it did not have any question about race and Figure 2 does not include
the year of 2010, given that it was the year of the Demographic Census. This paper
aims to investigate a potential driver behind this more recent pattern.

There is a vast literature that show that, rather than a consequence of demographic
factors, such as mortality rate, immigration or interracial marriage, changes on racial
patterns in Brazil happened because of racial reclassification, i.e. of people actually
changing the way they racially classify themselves (Schwartzman, 2007; Bailey, 2008;
Miranda, 2015).

The most prominent narrative about changes in racial proportions over recent years
in Brazil is that they are a consequence of the higher relevance of the black movement
over the last years, given its crucial role in claiming for the implementation of race-
targeted policies. Those policies would, then, have led to an increase in the value of
blackness and, consequently, to racial reclassification. This would explain the increase
of the black and brown population since 2000 until now.

But, besides helping deconstruct negative stereotypes associated to afro-descendants,
race-targeted quotas could also have an unwanted effect, leading individuals to mis-
represent their types, by creating incentives for people to declare being black or brown
solely so they could benefit from it (Francis and Tannuri-Pianto (2012)). The change in
racial classification would, then, not imply a change in racial perception, but rather a
strategic decision to facilitate access to higher education.

In contrast, Aygun and Bo (2020) argue that the structure of the federal quota’s law
in Brazil, which guides most of the policies in public institutions, allows individuals

1Considering that Brazil is a mixed-race country, the Census race question consists in five possible
answers: white (branco), black (preto), brown (pardo), yellow (amarelo) and indigenous (indı́gena). The
term brown (pardo) is used in Brazil to refer to multiracial individuals. In the literature sometimes is
translated as ”mulatto” (Degler, 1986; Saperstein and Gullickson, 2013). Yellow refers to individuals
with Asian ancestry, while Indigenous refers to Native Brazilians. It is not possible to choose more than
one category.
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to strategize their options. They present evidence that such policies may reject high-
achieving minority candidates, while accepting low-achieving general ones. This sug-
gests that candidates would not necessarily have incentives to declare being black or
brown in order to be accepted. They find that in 2013, this type of unfairness happened
in 49% of the programs of public higher education in Brazil.

Despite the existence of a vast literature about race and affirmative action, there is
relatively few quantitative evidence of causal effect of such policies on racial identifica-
tion, and none looking to a national context. Therefore, we investigate if the adoption
of policies of reserved vacancies in higher education for non-white2 individuals has an
impact on the way people racially classify themselves and, therefore, could account for
some of the changes in racial patterns that is observed in the data. Even though we
can not identify the driver, or drivers, behind the process of racial reclassification, we
run different specifications to check if our results could be consistent to any or some
of the arguments made by the literature. To understand potential drivers of crossing
racial boundaries, especially regarding to the consequences of public policies on race,
seems to be an important step in developing better policies aiming to mitigate racial
disparities.

Using data of quota from the universe of all federal and state universities in Brazil
from 2010 to 2014, we are able to calculate the percentage of spots reserved for non-
white individuals in each state. Given that in our baseline model we consider that
college candidates have a lag of a year in their process of decision making, we ap-
pended that information with the National Household Database from 2011 until 20153.
Our empirical methodology relies on the assumption that the adoption of affirmative
action by institutions acts somewhat as a natural experiment. Therefore, the timing
of the adoption of quotas would be exogenous to people self-identifying as white,
conditional to mother’s characteristics and year, year of birth and state fixed effects.
Nevertheless, we also run a few tests to corroborate this hypothesis.

Our results show that race-targeted quotas have a negative impact on white decla-
ration mainly for individuals 18 years old or younger from public schools. We find that
almost half of the decrease in the white population of this age range can be explained
by the implementation of such policies. This seems to be consistent not only with
the theory that affirmative action changes racial perceptions but also that they create
incentives for individuals to declare being black or brown, since this is the group of
individuals directly benefited from the policy and also the most disadvantaged one

2We define non-white as black, brown and Indigenous individuals. See Data Section for more details.
3The data before 2010 of the Higher Education Census was incomplete, so it was not possible to

obtain the necessary information to construct the variables used here. Also, after 2015 the Household
Survey was discontinued and replaced by a new one, with quarterly data. Therefore, our sample used
data from the Household Database from 2011 until 2015 and from the Higher Education Census and
from affirmative action policies from 2010 until 2014. For more details see section 3.
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(non-white from public schools). Our results are also robust to a wider definition of
quotas, showing that they are not strict to the way we constructed that variable, and
to a restriction of our sample to include only federal institutions, which also corrob-
orates our argument of exogeneity4. As far as we know, ours is the first attempt in
the literature to quantify this effect using cross-sectional data of all Brazilian public
universities.

The rest of the paper is organized as follows. Section 2 consists in a revision of the
related literature and it explains in more details the Brazilian context of affirmative
action policies. Section 3 describes the data and Section 4 the empirical methodology.
Section 5 discuss the main results. Section 6 contains exogeneity and robustness checks
and Section 7 concludes.

2 Background

2.1 Related Literature

According to modern theories, race is a fluid concept influenced by internal and ex-
ternal aspects, such as phenotype, cultural features, reflected appraisals, and social
class (Khanna (2004; 2010); Doyle and Kao (2007); Penner and Saperstein (2012; 2013);
Schwartzman (2007)). Therefore, the perception of race can change and, consequently,
also the identification with a certain racial category.

Commonly known as the “flight from blackness” or “social whitening”, the theory
that social status has an impact in an individual’s identification of race is one of the ex-
planations for modifications of race report. The idea is that people tend to change their
classification to a lighter category as they get a higher social position, given that black
identity carries social stigma (Doyle and Kao (2007), Degler (1986), Dzidzienyo (1971),
Ianni and Cardoso (1960) and Nascimento (1989), Penner and Saperstein (2012;2013);
Saperstein and Gulickson (2013)).

Studies using United States longitudinal data show that there is evidence of not
only racial reclassification due to social status (Doyle and Kao (2007); Penner and
Saperstein (2013); Saperstein and Gullickson (2013)), but also because of how race
is perceived by others (Penner and Saperstein (2012)). Using variables such as incar-
ceration, unemployment, and unmarried parenthood as proxies for social position,
Penner and Saperstein (2012), for instance, show that as individuals get higher status5

they tend to self-identify and be identified by others as white – versus the non-white
category6.

4See Section 6 on Robustness for more details.
5Higher status here would mean to have never been arrested, to be employed and to not be a single

parent.
6The National Longitudinal Survey of Youth (NLSY) data used in Penner and Saperstein (2012) con-
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Racial reclassification has also been documented in Brazil. Studies have shown
that changes in racial proportions over the years7 can be attributed to factors other
than demographic ones (Wood and Carvalho (1994); Carvalho et al (2004); Miranda
(2015); Schwartzman (2007)). Regarding the increase of the non-white population over
the last decades, Miranda (2015) estimates that 33% and 31% of the increase in the
black population from 1990 to 2000 and from 2000 to 2010, respectively, was due to
racial reclassification. Also that 10% of the increase in the brown population since
2000 until 2010 can be attributed to that same reason - with higher proportions among
the youth and young adults (ages 10 to 29)8. We hope to shad some light in the matter
by investigating one of the potential explanations brought by the literature for those
changes - the implementation of affirmative action policies in public institutions of
higher education.

The role of affirmative action policies has long been studied in the literature9,
mainly the case of the United States and focused in understanding the impacts on
labor (Arcidiacono (2005); Hinrichs (2012)) and educational outcomes, such as such as
college enrollment, graduation attainment (Backes (2012)) and the demographic com-
position of universities (Hinrichs (2012)). More akin to Brazil, given the similarity
of the admission process in higher education10 of those two countries, there is also
a range of studies focusing on the case of India (Bertrand et al (2010); Bagde et al
(2016)11).

Considering the literature for the United States, Antman & Duncan (2015) evaluate
the impact of affirmative action policies on race declaration, aiming to understand if
racial self-identifications responds to economic incentives. Our work is closely related
to theirs. Like us, they use racial self-identification data from a national based survey
and explore changes in affirmative action at a state level. But, differently, they analyze
state bans of such policies and not their adoption. Also, these bans are regarding not
only policies focused on admission to public colleges and universities, like we do, but

tains not only information about individual’s race classification, but also about the interviewer’s race
classification for each individual. So, it is possible to see how these two variables changed over the
years. It is important to highlight, although, that interviewer’s classification is only available in two
points of time: 1979 and 2002.

7As is shown in Figures 1 and 2 and mentioned in Section 1, racial patterns in Brazil changed over the
years, with an increase of the black and brown populations since 2000 - and, consequently, a decrease
in the white one.

8Following Carvalho (1994) and Carvalho et al (2004), Miranda (2015) uses a common approach to
demographic studies to calculate racial reclassification. Known as residual method, it consists in using
data on mortality and migration to calculate net migration in a geographic area.

9For an extensively review of the literature of affirmative action policies in postsecondary education
see Arcidiacono et al (2015).

10Usually the admissions processes in India and Brazil are based solely on tests scores, differently
from the United States that gives into account factors other than grade.

11Looking at the Indian case, Bertrand et al (2010) and Bagde et al (2016) investigate the role of caste-
based affirmative action policies in admission and enrollment of those groups and find significantly
positive impacts on both outcomes.
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also in government hiring and contracting.
Interestingly, looking at different age ranges, they find stronger results for children

and young adults and that this is driven by individuals enrolled in college, which
suggests that affirmative action in higher education, other than in employment, have
a bigger impact on race declaration. They exploit the exogeneity of these bans to use a
differences-in-differences methodology and argue that individuals indeed respond to
economic incentives. Their results show that the outlaw of affirmative action makes it
less likely for individuals with multiracial black ancestry to declare being black.

In Brazil, most studies also focus on educational outcomes, such as college at-
tainment and years of education (Francis and Tannuri-Pianto (2018)), student profile,
academic effort prior to the university and performance (Francis and Tannuri-Pianto
(2012); Estevan et al. (2018)), enrollment and campus diversity (Mello (2019)) and in
labor outcomes (Cornwell, Rivera & Schumutte (2017); Francis and Tannuri-Pianto
(2018)).

This paper is closely related to Francis and Tannuri-Pianto (2015). Using a differences-
in-differences methodology and with longitudinal data from around 1000 individuals
enrolled at University of Brasilia, they investigate the role of race-targeted quotas in
affecting racial identification post-college12. They find that individuals that identify as
brown when they are in college in the post-quota period are 10 percentage points more
likely to identify as non-white after college in comparison with the one from the pre-
quota period - which is the control group. Also, they find that those individuals are
9-10 percentage points less likely to identify as white post-college, which shows that
the implementation of quotas also have an impact in reducing the whitening effect.

Our paper differs from theirs by analyzing the impact of a wider set of racial poli-
cies adopted by all public institutions in Brazil, not limited by only one. Even though
we do not work with a longitudinal database, exploiting the exogeneity of such poli-
cies with a reliable set of information about race gives us a broader sense of the racial
implications of those programs in a national context.

As far as we know, ours is the first attempt in the literature to establish a causal
relation between affirmative action policies and racial identification, using data from
all Brazilian public institutions of higher education.

12Since 2004, the University of Brasilia started reserving 20% of all vacancies in the admission’s pro-
cesses for black candidates. Considering that, the authors realized college and post-college interviews
with individuals that were enrolled at the university before and after the implementation of quotas.
Given that they are using data of only one public institution in Brazil they could define treatment and
control groups and use a differences-in-differences approach, which we can not do since the time of the
adoption of quotas for all public institutions was different and, therefore, we have multiple treatment
periods.
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2.2 Brazilian Context: Affirmative Action Policies

As a result of demands made by the Black Movement attempting to diminish racial in-
equalities, since the beginning of the 2000s, post-secondary public institutions started
implementing affirmative action in their admission processes. The objective was to
increase access to higher education to unprivileged groups, which included not only
black and brown individuals, but also Indigenous, disabled, minority groups from
some regions of the country, like the children of farmers from poor regions of the
North, students from public schools, candidates from low income families and others.

Before the first state law, there was no official policy for affirmative action in Brazil.
So, the decision of adopting or not some program for minorities was up to each in-
stitution to make. For instance, the State University of Bahia - UNEB - was the first
public institution to spontaneously adopt racial quotas in 2002.

In 2003, Rio de Janeiro was the first state to pass a law regulating race-targeted
quota for its state-administrated public institutions - UERJ and UENF. It was decided
that they should reserve 40% of all vacancies in their admissions processes for black
and brown candidates13. Since then, other states also started regulating the matter14.

This process culminated in the implementation of a federal law, that regulated the
adoption of a quota policy in all federal institutions of higher education in Brazil. No-
tice that state and municipal-administrated universities were not covered by that rule.
The law n. 12.711/2012, mostly known as Quota’s Law, was sanctioned in August of
2012 and was first implemented in the admissions processes of undergraduate pro-
grams in 2013. It established that until 2016 all federal institutions of higher education
would have to reserve at least 50% of their vacancies, by course and by admission pro-
cess for candidates that studied all high school years in public schools. To guarantee
a soft accommodation of the new regulation, the law defined a transition rule, which
consisted in a gradual increase of 12,5% each year in the percentage of vacancies des-
tined to the quota program until it reached 50% in 2016. Consequently, this meant
that in 2013, 2014 and 2015 at least 12,5%, 25% and 37,5%, respectively, of all vacancies
would have to be allocated to candidates from public schools.

The law also established that at least 50% of these reserved spots for public school
students would have to be assigned for those with low family income15 and that in-
stitutions would have to reserve for black, brown and indigenous candidates at least
the same proportion of these ethnic categories in the institution’s state, according to
population counts from the last Census.

13Even though the laws are from 2000 and 2001, the creation of a specific admission process for the
affirmative action’s program, known as SADE, only happened in 2002, by decree n. 31468 of 4th of July
of 2002.

14See Table A.1 for a summary of state laws for all types of affirmative action policies.
15Low income families are those with per capita family gross income under – or equal to – 1,5 mini-

mum wage.
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The most common type of affirmative action regulated by some law - federal or
state - and, consequently, implemented by the universities, is the reserve of percentage
of total slots for specific groups. But, what those rules usually define is a minimum
percentage that should be implemented and not the maximum. Therefore, that does
not mean that an institution in the scope of some law can not have its own additional
alternative policy or even to reserve more vacancies than required.

Of course, institutions that are not covered by any law, i.e. state-level administrated
institutions within a state that has no law regarding affirmative action, can choose
whatever type of policy they want if any. One example of a different type of policy
is the bonus system, which consists in an increase on the final score of the admission
process’s test for the individuals targeted by the policy.

3 Data

This paper uses two administrative databases: the Brazilian Household Survey (PNAD)16

from 2011 to 2015 and the Census of Higher Education (CES)17 from 2010 to 2014. In
addition to these, we compiled information about reserved vacancies for non-white
candidates in the admission’s processes for undergraduate courses in all state and
federal universities from 2010 to 2014 (available upon request). We define non-white
individuals as the ones that self-declare black, brown or Indigenous.

Regarding data selection, the restricted number of years in the sample was due to
limitations of availability to the data. First, reliable information from the Census of
Higher Education is only available since 2010. Prior years have some missing infor-
mation, in a way that is not possible to gather the necessary data about the number
of offered spots in admissions processes in public universities. Second, the Brazilian
Household Survey was discontinued in 2016, when it was replaced by another survey
with quarterly data. Additionally, even though there are benefits in using a broader
sample, we believe that using information from 5 years is enough to obtain reliable
results. Our sample is from 2 years before and after the implementation of the main
affirmative action policy established in Brazil, when it seems more likely for individ-
uals to be affected by those major changes.

The Household Survey consists in an annual representative survey that provides
demographic and socioeconomic information about the Brazilian population and it
is used to get information about gender, color/race, state of residence, mother iden-
tifier when she lives in the same household – which allow us to know the color of
the mother that lives in the household – schooling, identifier of race respondent18 and

16Published by IBGE.
17Published by INEP.
18It is possible to identify if the question about race was answered by the person herself or by others.
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year of birth, for each individual. The sample from 2011 to 2015 consists on 1.801.686
individuals distributed along those years.

The second dataset, which consists in the course-level module of the CES, con-
tains annual information about all the universe of institutions of higher education in
Brazil, including name, identifier and administrative category of each one of them and
its information about its undergraduate programs, such as campus location for each
course. We restrict the sample to consider only information about state and federal in-
stitutions, which excludes information about municipal and private ones19, and only
about on-campus undergraduate courses – not considering, then, online learning de-
grees. This results in a sample of 235 institutions between 2010 and 2014, out of which
128 are state and 107 are federal20. Of those, 30 institutions do not appear in all years,
either because they were created or started offering on-campus courses after 2010 or
because they were closed before 2014.

Lastly, the information gathered about reserved vacancies for non-white individ-
uals was compiled from three different sources: notices of the admissions processes
of on-site undergraduate courses, state laws and the quota’s federal law. Some of
those documents were publicly available, usually through the institution’s website
and others were acquired directly with the university via online platforms. Law n.
12527/2011, the counterpart of the Freedom of Information set in Brazil, was sanc-
tioned with the purpose to regulate the access to information of public institutions
and allow citizens to request information for entities and agencies of the Federal Ex-
ecutive through an online platform called e-SIC. Similar ones exist and were used for
state institutions when possible21.

Those documents contain the exact number or percentage of vacancies reserved for
each type of category considered in the institutions’ affirmative action, which allowed
us to calculate the accurate percentage of vacancies destined for non-white individu-
als. As explained before, most of the adopted policies define a minimum of vacancies
that should be reserved for quota, which means that the actual percentage could be
higher than that.

Aiming to be conservative about our results, if information about quota was not
available through any of the mentioned channels, we decided to adopt a cautious
approach. In the case of federal institutions, the computed reserved quota was the
minimum established by the Quota’s Law since 2013 and 0% before that22. For state

Usually someone else answers the race question in the case of young individuals.
19Private and municipal institutions of higher education in Brazil are not affected by the affirmative

action policies laws and there is less publicly available information.
20See Table 1 for the quantity and percentage of vacancies by type of administration over the years.
21Although there are online platforms similar to the federal one, they do not work so well, since they

do not cover all higher education institutions, like state centers and institutes.
22Even though the e-SIC federal platform works very well, for some old admissions process the insti-

tutions did not have all the necessary documents.
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ones, it was inputted the minimum established by the state law, if the institution was
in scope of any, and if not, 0%. Around 2% of all universities had information missing
for all years (2010-2014) and around 6% had for some years.

As mentioned before, affirmative actions in higher education in Brazil targets in-
dividual following a criteria of not only race, but also family income, attendance in
public high schools and other disadvantaged groups, such as disabled people, chil-
dren of rural workers - mainly from states in the North and Northeast - individuals
resettled by agrarian reform, among others. Considering we want to understand the
impact of such policies on white vs non-white declaration of race, we are only con-
sidering, in our baseline model, quotas for non-white individuals, i.e for black, brown
and Indigenous. Of course, some policies require that candidates meet criteria other
than race to covered by them. To be in the scope of the Quota’s Law, for instance,
individuals are required to have studied in public high schools. In this case, it is not
possible to separate both options (race and school attendance), since one depends on
the other. Therefore, in situations like this, we include the percentage of vacancies re-
served for the combination of both criteria - i.e the percentage reserved for non-white
candidates that attended public high schools. Since the federal law is taken as the
standard, our quota variable mainly represents this case, even though it also considers
specific policies only race-targeted. For robustness purposes we also considered all
vacancies reserved for public school students23.

Additionally, in the benefit of simplification, we are only considering affirmative
action in the form of reserved vacancies. Basically, the other type of policy adopted
in public post-secondary education in Brazil, but less common, is the bonus system,
which consists on a certain increase on the candidates’ final grade. Therefore, given its
configuration, it is not clear how to quantify that in number of vacancies that would
be made available for affirmative action in a way that it would have made it possi-
ble to compare both types, since that it would depend on the candidate’s individual
performance.

We are cautiously assuming that individuals take a year to adjust their expectations
regarding changes in the rules of admissions processes. This seems reasonable since
we are considering the early years of the implementation of the Quota’s Law. Even
though there were some universities that had already implemented some policy by
the time the federal law was passed, that was not widely spread across the country.
Looking at data from 2010 until 2014, Table A.6 shows that the percentage of vacancies
reserved for quota had a jump since 2013. Additionally, since its inception it has been a
debate subject to considerable controversy, not only the academia but also among the
population (Ramos & Tomesani (2019)). Therefore, there was some level of uncertainty
regarding the capability of it being sustained over the years.

23See section 6.
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The information gathered about the reserved vacancies in public institutions of
higher education and the information about offered spots from the Census of Higher
Education are used to construct the percentage of quota in each state and in each year,
which is our main explanatory variable. These results are shown in Table 2. As we
can see some states already had their institutions adopting race-targeted policies back
in 2010, but only in 2013 this changes to reach all of the country, when the average of
quota goes from 7% to 16%, respectively. It also shows the impact of the federal law,
by exposing how 1/3 of the states did not have any type of policy before 2013. This
information is, then, appended with the data from the National Household Database,
based on the place of residency of each individual. Table 3 shows the summary of the
descriptive variables of our whole sample.

Below is a description of the main variables of the model. Additional details about
variables construction is available in the Data Appendix.

Individual’s Racial Category:
Our dependent variable is defined as an indicator than assumes value 1 if the indi-

vidual racial category is white and 0 if it is non-white24

We define as white the individuals that answered being white or Asian-descendants,
as it is usual for studies in Brazil (Mello (2019)), and non-white as the ones that de-
clared being black, brown or Indigenous, given that most affirmative action policies
in Brazil have a dichotomous format and use that category. Furthermore, the per-
centage of Asian-descendants and Indigenous population is small, of around less than
1% of the whole population, as its possible to see in Figures 1 and 2. So, it does not
seem to make a practical difference to make those clusters. Ultimately, regardless of
color distinctions between brown and black individuals, they share a common stigma
in comparison to white people, which would justify this binary classification (Hasel-
balg & Do Valle e Silva (1988) and Guimarães (1999b); Bailey (2008)), which makes it
common in the literature to use these two categories (Schwartzman (2007); Cornwell,
Rivera & Schumutte (2017)).

Non-White Quota:
Our main explanatory variable is a continuous variable that varies from 0 to 1 and

consists in the percentage of reserved vacancies for non-white candidates in all un-
dergraduate courses in public institutions of higher education at some state and year.
This means that it assumes value equal to 1 if all offered vacancies are for non-white
individuals and 0 if there is no race-targeted affirmative action policy25. Table 2 shows

24Our race variable is extracted from the Household Database, that consists in a question with five
potential answers: white, black, brown, Indigenous or Asian-descendants. It is not possible to choose
more than one category.

25See Data Appendix for more information about the construction of the variable Non-White Quota.
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the evolution of the adoption of reserved vacancies through the states over the years.
It is possible to observe that in 2010 only 2 states in Brazil had reserved a significant
amount of the total offered vacancies for non-white individuals - Sergipe with 31% of
all spots and Bahia with 35%. But by 2014, 20 states were reserving more than 20% of
the spots.

Control Variables:
White Mother: More than derived only from biological factors, race is also a social con-
struction (Khanna (2004); Doyle and Kao (2007); Penner and Saperstein(2012)). This
means that the environment that surrounds someone and the people in it have an
influence in this process. For instance, using longitudinal data, Doyle and Kao (2007)
show that the perception of others about someone’s race has an impact in that person’s
self-identification over time. They show that individuals with racial concordance26 are
less likely to change their race classification in later years. Therefore, it seems reason-
able to assume that the way a mother identifies herself has an influence in the racial
perception of the child27.

The inclusion of the racial category of the mother is, then, to try to control environ-
mental and biological factors. The idea is that if an individual have parents in a certain
racial category, then the probability of him/her identifying identically is higher than
otherwise and that will have nothing to do with the quota system implemented in his
state. Given that we cannot identify for sure the individual’s father in the data, we
only include the color category of the mother28, which is an indicator that assumes
value 1 if the mother if white and 0 if it non-white29.
Household Mother: Given that the PNAD data only have information about the racial
category of the mother when she lives in the same household as the individual, it is
also included a variable to control for that. That is, Household Mother is a dummy
that assumes value 1 if the individual does not live with her mother and 0 if she does.
Schooling: There is a literature that shows that social status has an impact in racial
classification (Doyle and Kao (2007); Saperstein and Penner (2012); Saperstein and
Gullickson (2013); Schwartzman (2007)). Individuals that were never incarcerated,
with higher levels of education, that are not unemployed and other measures of so-
cioeconomic status are more likely to identify with lighter colors. With that in mind,

26Racial concordance is an indicator that assumes value 1 if the individual’s self-declaration of race if
the same attributed to her by the interviewer

27Schwartzan (2007) shows that parents in the same race category classify their children the same way
and in the case of intermarriage usually the kid in classified as being in the same category of the mother.
See Table A.3 in the Appendix for descriptive statistic of the variable white mother, which assumes value
1 if the mother is white and 0 otherwise, conditional to living in the same household as the individual.

28See the Data Appendix for more information.
29We use the same categories as defined for the dependent variable.
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the idea to include the variable schooling was to control for potential socioeconomic
differences that may have an impact in the individual’s race classification.

Therefore, Schooling is a variable that assumes the number of years of study of the
individual.

4 Empirical Methodology

In order to estimate the causal effects of race-targeted affirmative action policies on
race declaration, our baseline model is defined as:

White Declarationistb = βNon-White Quotast−1+γXist + αt + αs + αb + εist,

where White Declarationist is an indicator that is equal to 1 when the individual,
i, that lives in state s at year t, and was born year b, self-declares belonging to the
white category and 0 to the non-white category. The treatment variable Non-White
Quotast−1 is the fraction of reserved vacancies for non-white individuals in public in-
stitutions of higher education in state s, at year t − 1. The idea behind using a lagged
variable for quota is that it takes some time for individuals to adjust their expecta-
tions to policy changes. Furthermore, note that people residing in the same state are
attributed the same value for the quota variable. Therefore, the effect captured by β

on race declaration is of the adoption of quotas in the public institutions of the state
where the person lives. As Mello (2019) shows, affirmative action policies in Brazil do
not have an impact on out-of-state enrollment, they mostly affect enrollments locally.

Xist is a vector of controls variables, which in our main model includes control
for mother’s characteristics - Household Mother, that consists in a dummy equal to 1
when the individual’s mother does not live in the same household and White Mother,
when she declares belonging to the white category - and for the individual’s schooling
- which is a variable that assumes the value of the number of years that the individual
spent studying30. We also include additional controls in other specifications, such as
Informant of Race, which is a dummy equal to 1 when the individual was the one that
responded the race question and 0 if it was another person31.

Additionally, we include state, year and year of birth fixed effects, which are rep-
resented by αs, αt and αb. The idea is to control for time-invariant characteristics that
may be correlated with the outcome. It is potentially the case of some state character-
istics, aggregate trends and generational differences, that could make us capture some

30See Section 3 and Data Appendix for more details about the data and how they were constructed.
31We use this approach when we restrict our sample to individuals with less than 18 years old, be-

cause those individuals are more likely to have someone answering their questions on the survey for
them.
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effect on the outcome that has nothing to do with the implementation of quotas, which
would bias our results.

5 Main Results

There are different drivers behind racial reclassification. Affirmative action policies
can play a role in creating incentives for people to change their classification by en-
abling disadvantaged groups an easier access to higher education (which we will call
it ”economic driver”) and/or by changing social perception of race with the diminish
of stigma towards blackness (which we will call the ”social driver”).

In order to understand the impact of race-targeted quota on racial reclassification
for different age groups, we run separate regressions. Results are shown in Table 4 for
our baseline model. As it can be seen, the significance and the magnitude of the coeffi-
cient for the whole sample (Column (1)) comes from the first age group, of individuals
with 18 years old or younger (Column (2)). This indicates that the adoption of affirma-
tive action in higher education makes it less likely for young people to declare being
white. The full introduction of quotas for non-white individuals in a state that does
not have any – variable Non-white Quota going from 0 to 1 - would have, on average,
a negative impact of around 5 percentage points (p.p) on white race classification. As
seen in Table 2, in 2014 the average percentage of reserved vacancies for non-white
individuals reached its peak, consisting in 19% of all offered vacancies in public insti-
tutions32, which would mean that a change from 0 to 19% of reserved vacancies for
non-white individuals generates a reduction of 0.95 p.p. in white declaration. Hence,
given that from 2011 and 2015, there was a reduction of around 2 p.p in the white pop-
ulation of that first age group, as exhibited on Table 3, race-targeted quotas would be
able to explain almost half of this change.

Columns (3) through (5) of Table 4 show the results for other age groups. The
coefficients are also negative for ages 19 to 30 (Column (3)) and over 50 (Column (5)),
but of lower magnitude and not significant. And, even though, the coefficient of age
group 31 to 50 (Column (4)) is positive, which would be counter intuitive, it is very
small and also not significant. All regressions in Table 4 are run with the controls for
mother’s characteristics, schooling and fixed effects of year, year of birth and state.

These preliminary results may suggest that both drivers play a role. Not only indi-
viduals 18 years old or younger are the ones directly benefited by the policies, given
that they are potentially the ones still going to college, but also its the age group more
likely to be susceptible to social changes and to be more influenced by a change in
racial perceptions.

32The maximum of adopted quota for non-white individuals was in 2014 in the states of Acre and
Sergipe - 38%. See Table 2 for details about quota’s implementation in each state.
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Investigating further this first age group, Table 5 shows the results of regressions
for two subgroups: with less than 10 years old and from 11 to 18 years old. The first
two columns show the results of the regressions of our baseline model. The coeffi-
cients remain significant, with a negative impact of around 6.2 and 4.9 p.p. on white
declaration of race. The last two columns include a covariate for Informant of Race
to potentially control for a third part opinion about someone’s race. Individuals with
less than 18 years old are more likely to have someone answering race questions for
them than the rest of the population, even more the ones with less than 10 years old.
Nevertheless, that does not change much of the results and they remain negative and
significant in all cases33.

As it is explained in the Data Section, because of the Quota’s Law, a great number
policies in higher education in Brazil is for candidates that went to public high schools.
Therefore, Table 6 shows results for individuals under 18 years old (Columns (1) and
(2)) and for the ones between 11 and 18 years old (Columns (3) through (6)) that at-
tend public and private schools. It can be seen that the impact of reserved vacancies
for non-white individuals is concentrated on the ones from public schools, that show
coefficient negative and significant. Column (1) shows that non-white reserved vacan-
cies could explain roughly half of the change in racial declaration for individuals from
public schools under the age of 1834. Even though the results for private attendees
are not significant, they are still negative, as shown in Columns (2), (4) and (6). Once
again, the results seem to be aligned with the economic driver, considering that the co-
efficient is of higher magnitude and significant for the individuals that attend public
schools and they have a higher incentive to declare being non-white, given that they
are the ones eligible for quotas.

Apart from being from public schools, affirmative action usually allocate vacancies
according to family income. The federal law stipulates that at least 50% of the reserved
vacancies for students that completed 3 years in public high schools should go to low-
income individuals, in order to prioritize access to those seats for more disadvantaged
groups. Aiming to check if there is a different impact for individuals from distinct
social backgrounds, we run separate regressions for these two groups. Table 7 shows
the results. Reserved vacancies for non-whites have a negative impact on white dec-
laration for individuals under the age of 18 from public schools, regardless of family
income. Even though only the coefficient for low income is significant (Column (1)),
the one for high income (Column (2)) is borderline significant and its magnitude is

33We also run a few tests for the group of individuals with than 18 years old as a whole. Table A.8
shows the results for different combinations of inclusion of Informant of Race and year of birth fixed
effect.

34As we can see in Table 3, there was an decrease of 2 p.p in the white declaration over the years until
2015. Considering that 19% of quota, the coefficient of 6p.p observed in Column (1) of Table 7 would
explain roughly half of that change.
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more or less the same as the first one35.
Even though it is not possible to separate the social and the economic driver in the

decision-making of race classification in our analysis, the results shown here suggest
that affirmative action in higher education create indeed an incentive for individuals
to change their race declaration. We observe significant negative impact mainly for
young individuals from public schools, which is the targeted group for such policies.
This suggests that the role of economic incentives in that decision should not be disre-
garded.

Lastly, it is worth mentioning here that we are being conservative about our quota
variable, so the results shown here can be seen as a lower bound. As explained in
the Data Section, when the information about quota was missing or incomplete, we
assumed the minimum quota percentage required for that institution, that is, the min-
imum established by law, if the institution was in the scope of any36 or 0% otherwise.
Also, we are not considering types of policies other than the modality of reserved va-
cancies.

6 Exogeneity and Robustness Checks

6.1 Exogeneity

Looking at our sample from 2010 to 2014, Table 1 shows that, even though, around
52% of public institutions in Brazil have state-level administration, over 60% of all
vacancies in higher education are offered by federal ones37. Therefore, by compelling
federal universities to adopt a quota system in their admissions processes, the Quota’s
Law would already have a big impact in terms of number of reserved vacancies in
higher education.

As we can see in Figure 4, the increase in the percentage of reserved spots for
quota from 2010 to 2014 mainly occurred since 2013 and that spike is observed for
both types of administration, not only federal38. Therefore, even if it does not make
it mandatory for state universities to implement some kind of inclusive policy, this
shows the importance of the Quota’s Law in setting a standard for affirmative action in
higher education. Hence, the increase in the total percentage of quotas can be mainly
explained by its enactment in federal institutions.

35Similar results are shown for individuals between 11 and 18 years old in Table 8.
36Institutions in the scope of some law are: institutions with state-level administration that have

campus on state with affirmative action laws or federal institutions since 2013.
37Table 1 reports the number of public institutions of higher education and the percentage of offered

vacancies by type of administration and by year in panels A and B, respectively
38Figure 4 contains data of the percentage of reserved vacancies for all types of affirmative action

policies in higher education and for race-targeted ones from 2010 to 2014.
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Those facts makes us more comfortable about the exogeneity of our quota variable.
Also, even if the decision of adoption affirmative action was up to the institution in
some cases, this does not necessarily mean that the quota variable is endogenous in
the econometric sense. Nevertheless, we run a few tests.

We first check if the expansion of affirmative action policies in public institutions
could be related to other time-varying state characteristics, such as demographic ones,
which would be a threat to our identifying assumption. Therefore, we check if the non-
white quota variable for some state is correlated with its mortality rate and schooling
of the non-white population - Columns (1) and (2) of Table A.4 - and with the percent-
age that the state GDP represents in the economy - Column (3)39.

To additionally argue in favor of exogeneity, we run our baseline model with and
without controls to check what happens with the coefficients. Column (1) of Table A.5
shows the results for the regression without any controls. Column (2) includes the
mother controls - race and if she lives in the same household - while Columns (3) adds
the control for schooling. It is possible to see, then, that the inclusion of controls does
not change much of the coefficients for the quota variable, which is a good indicator
that our main explanatory variable is exogenous.

6.2 Robustness

6.2.1 Different Quota Variable

In order to show that our results remain robust to a wider view of our main explana-
tory variable, we run regressions with a quota variable that incorporates all reserved
vacancies adopted in public institutions and not only race-targeted ones. Being heav-
ily influenced by the federal Quota Law, the majority of reserved vacancies over 2010
until 2014 are destined to public school students. As it is shown in Table 3, the pro-
portion of non-white individuals in public schools is higher than white, so affirmative
action for public school students are more likely to benefit non-white than white peo-
ple. Given the main results presented before, we are going to focus in the group of
individuals with less than 18 years old.

Table 9 shows the results for the regressions using non-white quota as main ex-
planatory variable (Column (1)), which consists in our baseline model, and using gen-
eral quota (Column (2)). Both include controls for mother’s characteristics and school-
ing and year, year of birth and state fixed effects. As we can see in Column (2) the
coefficient remains significant with our broader variable of quota, which corroborates
the robustness of our results40.

39See Data Appendix for more information about the construction of the variables used in the regres-
sions presented in Table A.4

40Given the construction of these two variables, it is clear that they are both correlated. General
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6.2.2 Different Type of Institution Selection

In order to guarantee that the results remain robust with a different sample selection,
we run the baseline regressions only considering federal-administrated institutions of
higher education. Table A.7 from the Appendix shows the evolution of non-white
quota in federal universities in each state through the years. Results for individuals
with or under 18 years old are show in Table 9, Column (3). The coefficient remains
negative and significant, which implies that our results are robust to changes in insti-
tution selection.

Notice, also, that those institutions are the ones under the coverage of the Quota’s
Law. Therefore, the effect that we are capturing here - still negative and significant -
strengthens the exogeneity argument.

6.2.3 Interstate Migration

To guarantee that our results are not capturing an effect of individuals migrating
through states in order to potentially benefit from the different affirmative action poli-
cies that are implemented around the country, we restrict our sample to include only
individuals that live in the same municipality that they were born. On average, from
2011 to 2015, around 82% of children and young adults reside in the same city of
residence (see Table 3). Even though this specification is more restrictive than, for
example, considering individuals that live on the same state, we choose to use it, be-
cause other variables from the National Database (PNAD) have a high level of missing
information. For details about the variables used see Data Appendix.

Table 10 shows the results. Coefficients remain negative and significant for indi-
viduals that attend public schools. As seen before, non-white quota do not have a
significant impact on the ones that go to private schools. Table 10, then suggests, that
our main results are not drive by interstate mobility.

7 Conclusion

Historical changes in race classification in Brazil have been documented and can be
observed in the data. Miranda (2015) shows that from 2000 to 2010 the increase in
the black and brown population was due to racial reclassification. As is shown in
Figure 3, this pattern remained in the years after, i.e. the increase in the non-white
population and decrease in the white. A question brought by the literature is whether

Quota is the percentage of reserved vacancies for all types of affirmative action policies, while Non-
White Quota refers to the ones specific for non-white individuals. But, as it is possible to see in Table
A.2, such variables have different variations through the years. Also see Table 2 and Table A.6 for the
evolution of those variables in each state through the years.
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this new pattern that emerged since the 2000s was influenced by the implementation
of affirmative action in higher education and that is the gap we intent to fill. In order
to identify this causal effect, we count on cross-sectional and time variation in the
adoption of such policies by each state and we explore its exogeneity.

Our results show that individuals with 18 years old or younger are the group
mainly affected by affirmative action in higher education that target non-white can-
didates. Looking to different types of school administration, we also find that stu-
dents from public schools are more likely to change their racial classification due to
race-targeted quotas, while the results for low income and high income show simi-
lar effects. The findings shown here are robust to changes in the main explanatory
variable of quota, institution sample selection and to interstate migration.

Given that young individual are more likely to be directly affected by policies in
post-secondary education, it seems reasonable that they are the ones with higher in-
centives to misrepresent or rethink their race classification. Even though it is not pos-
sible to disentangle those two potential drivers behind racial reclassification, the fact
that our results are specific for the group of individuals that potentially could be ben-
efited by such policies, makes it less likely to believe that the economic driver is not
playing a role.

Nevertheless, the fact that non-white quota seems to have an impact on race decla-
ration is aligned to the findings on Francis and Tannuri-Pianto (2015) and Antman &
Duncan (2015) and the hypotheses of so many others about the implications of affirma-
tive action in higher education (Maggie (2005); Fry et. al (2007); Aygun & Bó (2015)).
We hope to contribute to this literature by being the firsts to establish causal infer-
ence between quotas and racial declaration, considering information from all public
institutions of post-secondary education in Brazil.

We also hope to contribute to the discussion towards the role of the race variable
in economic models (Antman & Duncan (2015); Cornwell, Rivera & Schmutte (2017);
Spriggs (2020); Small & Peger (2020)). Recently, the death of George Floyd, a black
man that was killed publicly by the police in Minneapolis, United States, reopened
discussion around the world about racism and how racial disparities are still persis-
tent in modern society. The field of economics was not left out of the discussion. The
validity of economic models in drawing conclusions about racial inequalities has been
questioned, since the vast majority of those models use race as an exogenous variable,
i.e. as it is a fixed concept, which is an outdated notion of race (Spriggs (2020)). There-
fore, it would not be possible to create policies that really mitigate such inequalities
based on those models, given that they are based on the wrong premises41. Small &
Peger (2020) also highlight the necessity of economists in understanding the existence

41Spriggs (2020) also call attention to the importance of economists in developing public policies,
which would make this discussion even more relevant and necessary.
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of institutional discrimination42, perpetrated by organizations and the government
(through laws and policies) and how this must be considered in future research. In
studying the connection between institutional and public policies and crossing racial
boundaries, we hope to make a contribution to this discussion in order to better in-
corporate the race variable in economic models, and, consequently, help rethink better
policies aiming the reduce racial disparities.

For future research it would be interesting to use longitudinal national data that
allows to follow individuals through time, as to understand the drivers behind this
effect that we are capturing. This has been done for the United States (Antman &
Duncan (2015)), but not yet for Brazil43.
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A Tables and Figures

Figure A1: Racial Proportions in Brazil (Census Data)
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Notes: This figure presents data on racial proportions in Brazil. The 1970 Census
did not have the question about race and that’s why that information is not showing.
Source: Data from the 1950, 1960, 1980, 1991, 2000 and 2010 Census. Information about
the 1950 and the 1960 Census were extracted from Carvalho et al. (2004) and the 1980
from IBGE’s publication. The percentages from 1991, 2000 and 2010 were constructed
using Census microdata.

Table A1: Summarized Variables of Public Institutions

2010 2011 2012 2013 2014
A. Quantity
Federal 98 103 103 106 107
State 108 110 113 119 118
Total 206 213 216 225 225
B. Percentage of Vacancies
Federal 64% 64% 62% 65% 66%
State 36% 36% 38% 35% 34%

Source: Higher Education Census (2010-2014).
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Figure A2: Racial Proportions in Brazil (PNAD Data)
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Notes: This figure presents data on racial proportions in Brazil for each year since
2001. Data from 2010 is missing, because it was the year of the Demographic Census.
Source: Data from 2001 until to from the Brazilian Household Survey (PNAD).

Figure A3: Racial Proportions in Brazil - White vs Non-White
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Notes: This figure presents data on racial proportions for the white (blue line and
circles) and non-white (red line and triangles) categories in Brazil. The blue and red
lines represent the data from 2001 to 2015 from the PNAD database and the triangle
and circle represent data from 2000 and 2010 from the Demographic Census. We de-
fine the white category as the population that identifies as white or Asian-descendent,
while the non-white are the ones that identify as black, brown or Indigenous. Source:
National Household Survey (PNAD) and 2000, 2010 Demographic Census.
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Figure A4: Reserved Vacancies for General and Race-Targeted AAP (%)
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Notes: This graph contains data about the percentage of reserved vacancies for af-
firmative action policies from all offered vacancies in the admissions processes from
all higher education public institutions (”Public”), which includes state and federal
institutions, and from only federal institutions (”Federal”). All AAP refers to the per-
centage of offered vacancies for any type of affirmative action policies and Non-White
AAP refers to the percentage of offered vacancies for race-targeted affirmative action
policies. Source: Gathered information about reserved vacancies for affirmative action
policies (2010-2014).
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Table A2: Percentage of Non-White Reserved Vacancies for Race-Targeted AAP

Region State 2010 2011 2012 2013 2014

N
or

th

RO 0% 0% 0% 15% 22%
AC 0% 0% 0% 25% 38%
AM 0% 0% 0% 12% 13%
RR 0% 0% 0% 30% 36%
PA 12% 10% 8% 18% 21%
AP 0% 1% 3% 12% 13%
TO 0% 0% 0% 28% 33%

N
or

th
ea

st

MA 9% 13% 14% 21% 32%
PI 2% 6% 4% 16% 21%
CE 0% 0% 0% 12% 21%
RN 0% 0% 0% 14% 22%
PB 0% 6% 7% 14% 15%
PE 0% 0% 0% 17% 20%
AL 14% 14% 8% 17% 20%
SE 31% 32% 30% 35% 38%
BA 35% 36% 38% 36% 36%

So
ut

he
as

t MG 4% 5% 4% 19% 22%
ES 0% 0% 0% 30% 31%
RJ 5% 4% 5% 17% 23%
SP 1% 2% 2% 2% 3%

So
ut

h PR 5% 5% 5% 10% 10%
SC 6% 7% 9% 13% 14%
RS 7% 7% 7% 11% 14%

M
id

w
es

t MS 6% 5% 5% 15% 21%
MT 10% 10% 22% 30% 30%
GO 13% 12% 12% 18% 18%
DF 19% 19% 19% 29% 26%

Total 7% 7% 9% 16% 19%
Notes: This table shows the evolution of race-targeted affir-
mative action in higher education through the yeas. Values
correspond to the weighted mean of the percentage of re-
served vacancies for non-white candidates in each state and
year, which is our main explanatory variable. For more de-
tails about the construction of that variable see Data Sectio
and Data Appendix.
Sources: Gathered documents about every admission pro-
cess for undergraduate on-campus programs of public fed-
eral and state institutions of higher education and informa-
tion about offered vacancies from the Higher Education Cen-
sus Database.
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Table A3: Summarized Descriptive Variables

2011 2012 2013 2014 2015 2011-2015
1. Race Categories:
White 0.484 0.468 0.467 0.460 0.457 0.467
White 0.478 0.463 0.463 0.455 0.452 0.462
Asian-Descendants 0.006 0.005 0.005 0.005 0.005 0.005
Non-White 0.516 0.532 0.533 0.540 0.543 0.533
Brown 0.430 0.450 0.450 0.450 0.451 0.446
Black 0.082 0.080 0.080 0.086 0.088 0.083
Indigenous 0.004 0.003 0.003 0.004 0.004 0.004

Missing 0.000 0.000 0.000 0.000 0.000 0.000
2. Main Controls:
Household Mother 0.603 0.606 0.610 0.616 0.620 0.611

Missing 0.249 0.253 0.257 0.263 0.265 0.258
White Mother 0.180 0.171 0.169 0.163 0.161 0.169
Schooling 6.311 6.485 6.590 6.705 6.826 6.586

Missing 0.0018 0.0022 0.0022 0.0021 0.0022 0.0021
Informant of Race 0.412 0.408 0.423 0.445 0.462 0.430
3. Age groups:
≤10 0.160 0.159 0.155 0.152 0.148 0.155
11-18 0.142 0.139 0.138 0.133 0.132 0.137
≤ 18 0.302 0.299 0.293 0.286 0.279 0.292
19-30 0.199 0.196 0.190 0.187 0.183 0.191
31-50 0.285 0.285 0.289 0.290 0.292 0.288
≥50 0.215 0.221 0.228 0.237 0.246 0.229
4. Age x Race Categories:
≤18:
White 0.4485 0.4288 0.4352 0.4281 0.4283 0.4339
Non-White 0.5515 0.5712 0.5646 0.5719 0.5717 0.5661
19-30:
White 0.4635 0.4533 0.4450 0.4374 0.4309 0.4462
Non-White 0.5365 0.5467 0.5550 0.5626 0.5691 0.5538
31-50:
White 0.4893 0.4687 0.4703 0.4572 0.4514 0.4671
Non-White 0.5107 0.5313 0.5297 0.5428 0.5486 0.5329
≥50:
White 0.5436 0.5332 52.33 0.5187 0.5154 0.5262
Non-White 0.4564 0.4668 0.4767 0.4813 0.4846 0.4738
N 357182 362433 362546 362625 356900 1801686



Table 3: Summarized Descriptive Variables

2011 2012 2013 2014 2015 2011-2015
5. Type of Institutions:
Private 0.222 0.215 0.217 0.205 0.209 0.211
Public 0.063 0.065 0.066 0.068 0.066 0.067
Missing 0.715 0.720 0.721 0.727 0.732 0.723
N 357182 362433 362546 362625 356900 1801686
By age:
≤18:
Private 0.644 0.6413 0.6450 0.6413 0.6473 0.644
Public 0.128 0.1319 0.1354 0.1382 0.1389 0.134
Missing 0.228 0.2269 0.2196 0.2205 0.2138 0.222
N 110152 110247 108567 105513 101458 535937
6. Public Institutions
≤18
By color/race:
White 0.409 0.388 0.393 0.389 0.3867 0.3932
Non-White 0.591 0.602 0.607 0.601 0.614 0.607

By income
Low Income 0.776 0.782 70.757 0.770 0.804 0.782
High Income 0.224 0.218 0.224 0.229 0.196 0.218
N 69576 69227 68770 66342 64533 338448
7. Private Institutions
≤18
By color/race:
White 0.634 0.612 0.616 0.614 0.614 0.618
Non-White 0.366 0.389 0.384 0.386 0.386 0.382

By Income:
Low Income 0.313 0.341 0.340 0.3440 0.359 0.339
High Income 0.687 0.659 0.660 0.656 0.641 0.660
N 14771 15331 15326 15224 14673 75525
8. Born in the same municipality of residency:
≤18: 0.809 0.825 0.823 0.830 0.838 0.825
N 110152 110247 108567 105513 101458 535937

Notes: This table shows the summarized descriptive variables used in our sample over different specifications. For more details
about the construction of each variable see Data Section and Data Appendix.



Table A4: The Effect of Non-White Reserved Vacancies on White Identification

(1) (2) (3) (4) (5)
All ages ≤18 19-30 31-50 ≥50

Non-White Quota -0.0389*** -0.0562*** -0.0105 0.00197 -0.0326
(0.00913) (0.0154) (0.0206) (0.0177) (0.0201)

Controls:
White Mother Yes Yes Yes Yes Yes
Household Mother Yes Yes Yes Yes Yes
Schooling Yes Yes Yes Yes Yes

Fixed Effects:
State Yes Yes Yes Yes Yes
Year of Birth Yes Yes Yes Yes Yes
Year Yes Yes Yes Yes Yes
N 1797492 535118 347011 517222 398141
R2 0.262 0.357 0.276 0.206 0.211

Notes: Regressions are run with controls for mother’s characteristics and schooling, and
with year, year of birth and state fixed effects. Column (1) restricts the sample for individ-
uals with 18 years old or younger; Column (2) for the ones with ages between 19 and 30;
Column (3) between 31 and 50 and Column (4) for individuals 50 years old or older. The last
column shows the result for the whole sample - without applying age restrictions. The de-
pendent variable is an indicator that assumes value 1 when the individual self-declaration
is white and 0 otherwise.
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Table A5: The Effect of Non-White Reserved Vacancies on White Identification of Sub-
groups of Individuals 18 years old or younger

(1) (2) (3) (4)
0-10 11-18 0-10 11-18

Non-White Quota -0.0621*** -0.0497** -0.0620*** -0.0405*
(0.0211) (0.0226) (0.0211) (0.0225)

Controls:
White Mother Yes Yes Yes Yes
Household Mother Yes Yes Yes Yes
Schooling Yes Yes Yes Yes
Informant of Race No No Yes Yes

Fixed Effects:
State Yes Yes Yes Yes
Year Yes Yes Yes Yes
Year of Birth Yes Yes Yes Yes
N 284712 250406 284712 250406
R2 0.358 0.346 0.359 0.348

Notes: This table shows the impact of non-white reserved vacancies on the white
identification of subgroups of individuals 18 years old or younger. In Column
(1) and (3) regressions are run for the restricted sample of individuals 10 years
old or younger. And Columns (2) and (4) for individuals with at most 18 years
old. Columns (1) and (2) shows the results for the regressions of our baseline
model with controls for mother’s characteristics and schooling and with year,
year of birth fixed effects. Columns (3) and (4) we add a control for the race of
the person that answered the race question. Standard errors in parentheses. *
p<0.10, ** p<0.05, *** p<0.01.
Sources: Brazilian Household Database; Higher Education Census and authors’
gathered information about reserved vacancies from all public institutions of
higher education in Brazil.
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Table A6: Regressions by Type of School

≤18 11-18 11-18
Public Private Public Private Public Private

Non-White Quota -0.0598*** -0.0237 -0.0531** -0.0179 -0.0438* -0.0101
(0.0192) (0.0414) (0.0259) (0.0658) (0.0258) (0.0657)

Controls:
White Mother Yes Yes Yes Yes Yes Yes
Household Mother Yes Yes Yes Yes Yes Yes
Schooling Yes Yes Yes Yes Yes Yes
Informant of Race No No No No Yes Yes

Fixed Effects:
State Yes Yes Yes Yes Yes Yes
Year Yes Yes Yes Yes Yes Yes
Year of Birth Yes Yes Yes Yes Yes Yes
N 338448 75525 187661 29723 187661 29723
R2 0.345 0.379 0.346 0.379 0.341 0.374

Notes: This table shows the results of the impact of non-white quota on white declaration for individ-
uals with 18 years old or younger by type of school administration. The sample is restricted to only
include individuals that have information about type of school that they attend. As shown in Table
3, for individuals from that age group, this means around 78%, on average, of the original sample.
Columns (1) and (2) show the result for that sample, while Columns (3) - (6) show the results for the
older ones of that age group (individuals with more than 10 years old). All regressions are run with
state, year and year of birth fixed effects. The last two columns of Table 6 include, other than only
controls of mother’s characteristics and schooling, also control for informant of race - i.e if the person
that answered the race question was the individual or not. Standard errors in parentheses. * p<0.10,
** p<0.05, *** p<0.01.
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Table A7: The Impact of Non-White Quota for Students with Less than 18 years by
Income

Public Schools Private Schools
Low Income High Income Low Income High Income

Non-White Quota -0.0617*** -0.0609 0.0498 -0.0564
(0.0213) (0.0444) (0.0737) (0.0501)

Controls:
White Mother Yes Yes Yes Yes
Household Mother Yes Yes Yes Yes
Schooling Yes Yes Yes Yes
Fixed Effects:
State Yes Yes Yes Yes
Year Yes Yes Yes Yes
Year of Birth Yes Yes Yes Yes
N 268027 69661 27843 47623
R2 0.315 0.362 0.291 0.375

Notes: This table shows the results for the impact of non-white quota for students 18 years old or
younger on white declaration, by family income and by type of school administration. The sample
is restricted to consider only individuals that claim to attend public or private schools - i.e. missing
information about type of school that the individual attends has been dropped. First two columns
show the results for individuals from public schools and the last two for the ones from private
schools. In Columns (1) and (3) sample is restricted once again to include only individuals with
low family income and Columns (2) and (4) for high family income. Low income is defined by
individuals who declared having family per capita income equal to or below the minimum wage
and high income is defined by the ones that declared having per capita family income above this
threshold. See Data Appendix for more details about variable construction. All regressions are
run with control for mother’s characteristics and schooling and state, year and year of birth fixed
effects.
Standard errors in parentheses. * p<0.10, ** p<0.05, *** p<0.01
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Table A8: The Impact of Non-White Quota for Students between 11 and 18 years by
Income

Public School Private School
Low Income High Income Low Income High Income

Non-White Quota -0.0593** -0.0188 0.0303 -0.0209
(0.0290) (0.0579) (0.132) (0.0763)

Controls:
White Mother Yes Yes Yes Yes
Household Mother Yes Yes Yes Yes
Schooling Yes Yes Yes Yes
Fixed Effects:
State Yes Yes Yes Yes
Year Yes Yes Yes Yes
Year of Birth Yes Yes Yes Yes
N 145495 42166 8744 20979
R2 0.307 0.354 0.307 0.370

Notes: This table shows the results for the impact of non-white quota for students between 11 and
18 years old on white declaration, by family income and by type of school administration. The
sample is restricted to consider only individuals that claim to go attend public or private schools -
i.e. missing information about type of school that the individual attends has been dropped. First
two columns show the results for individuals from public schools and the last two for the ones from
private schools. In Columns (1) and (3) sample is restricted once again to include only individuals
with low family income and Columns (2) and (4) for high family income. Low income is defined by
individuals who declared having family per capita income equal to or below the minimum wage
and high income is defined by the ones that declared having per capita family income above this
threshold. See Data Appendix for more details about variable construction. All regressions are
run with control for mother’s characteristics and schooling and state, year and year of birth fixed
effects.
Standard errors in parentheses. * p<0.10, ** p<0.05, *** p<0.01
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Table A9: Robustness Tests for Individuals with 18 years old or younger

(1) (2) (3)
Public Institutions Public Institutions Federal Institutions

Non-White Quota -0.0562*** -0.0464***
(0.0154) (0.0128)

General Quota -0.0473***
(0.0117)

Controls:
White Mother Yes Yes Yes
Household Mother Yes Yes Yes
Schooling Yes Yes Yes

Fixed Effects:
State Yes Yes Yes
Year Yes Yes Yes
Year of Birth Yes Yes Yes
N 535118 535118 535118
R2 0.357 0.357 0.146

Notes: This table shows the results for robustness tests. Column (1) show our baseline specification
for individuals with 18 years old or younger. Column (2) shows the results for the use of another
explanatory variable, which assumes the value of the percentage of all reserved vacancies for individ-
uals that attended high school in public schools in each state and year. While Column (3) shows the
results for when the sample is restricted to only consider affirmative action in federal-administrated
institutions. All regressions are run for the age group of individuals with 18 years old or younger,
with controls for mother’s characteristics and schooling, and fixed effects of state, year and year of
birth.
Standard errors in parentheses * p<0.10, ** p<0.05, *** p<0.01
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Table A10: Robustness Test: Interstate Migration for Individuals with 18 years old or younger

No Restriction Public School Private School
Non-White Quota -0.0509*** -0.0665*** 0.00603

(0.0169) (0.0212) (0.0452)

Controls:
White Mother Yes Yes Yes
Household Mother Yes Yes Yes
Schooling Yes Yes Yes

Fixed Effects:
State Yes Yes Yes
Year Yes Yes Yes
Year of Birth Yes Yes Yes
N 440395 274481 63500
R2 0.367 0.355 0.386

Notes: This table shows the impact of non-white quota for white declaration of race
for individuals with 18 years old or younger, that live in the same municipality that
they were born. All regressions include year, year of birth and state fixed effects and
controls for mother’s characteristics and schooling. Columns (1) shows the results
without any restriction regarding the type of school administration, while Columns
(2) restrict the sample to include only individuals that attend public schools and
Columns (3) the ones that attend private schools.
Standard errors in parentheses. * p<0.10, ** p<0.05, *** p<0.01.
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A Data Appendix

Dependent Variable

White Declaration:

We used the variable v0404 from the Brazilian Household Database (PNAD) to construct
our dependent variable. We defined White Declarationist as a indicator that assumes value 1
if the individual, i, that lives in state s, at year t, self-declares being white or yellow (v0404
equal to 2 or 6) and 0 otherwise (v0404 equal to 4, 8, 0 or 9).

Explanatory Variables

Non-White Quota:

Non-White Quotaist is the main explanatory variable in this paper and measures the per-
centage of reserved vacancies in public institutions’ undergraduate courses for non-white in-
dividuals in a certain state, s, and in a certain year, t. So, as mentioned Section 3, information
about reserved vacancies for affirmative action policies were extracted from the institution’s
documents for each admission’s processes in each year and from state and federal laws.

That means that the quota variable was constructed using those percentages of each uni-
versity - variable %reserved - and weighted by the institution size in its state, in terms of
number of offered vacancies for undergraduate courses - variable totalvacancies - which was
extracted from the Higher Education Census. Such as:

Non-White Quotast =
∑

j %reservedjst.totalvacanciesjst∑
j totalvacanciesjst

.
When information about the affirmative action policies was not available, the %reserved

variable was defined to assume the minimum percentage of quota that was mandatory. Which
means that for the case of federal institutions, since 2013 it was the minimum established by
the Quota’s Law and before that 0%, and for state ones was the minimum defined by state
law, if there were any, and if not 0%.

For the construction of the variable totalvacancies it was used data from the institution
module of the Higher Education Census. It contains information about each course admin-
istrated by the institution, including the state where the campus is located, the number of
offered vacancies and the type of course.

Since our sample consists only in state and federal public institutions, it was used the vari-
able co categoria administrativa, that defines the administrative category of the institutions
(state, federal, municipal or private), keeping only data when
co categoria administrativa was equal to 1 or 2. Also, to keep only on-campus undergradu-
ate courses we used co nivel academico equal to 1, that refers to undergraduate courses, and
co modalidade ensino equal to 1 that excludes online degrees.

Then, to gather information about the number of offered vacancies for these courses, it was
used a set of different variables for each year - since the same variable changed classification
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from some Census to others. It was used qt vagas for 2010 until 2012, qt vagas principal in
2013 and, lastly, qt vagas novas in 2014. When the number of offered vacancies were zero, but
the number of incoming students were positive, those variables were replaced by the former.
The variables used for incoming students were: qt ingresso processo seletivo from 2010 until
2013 and qt ingresso vagas novas in 2014.

Variable co ieswas used to identify an institution, since it attributes an unique code of each
one of them and co uf curso was used to identify the state in which the campus of a certain
course is located. Given that, the variables of number of vacancies offered were summed by
year and state, so we could have totalvacanciesst =

∑
j totalvacanciesjst.

With the information about the percentage of reserved vacancies and the number of offered
ones for each campus, it was possible to calculate the weighted mean of quota for each state.

General Quota:

The only difference between the construction of the variable Non-White Quotaist and General
Quotaist is that the first one only considers reserved vacancies for non-white individuals, while
the second considers all reserved vacancies for affirmative action - not restricting only to the
non-white category. The process of gathering information of quota from public institutions
was also the exact same for both variables.

Controls for Mother’s Characteristics:

Using the variables v0102 and v0103 from the Brazilian Household Database (PNAD), it was
constructed a unique identifier for the household. That way, it is possible to identify the
mother of each individual if she lives in the same household.

Household Mother:

Household Mother was constructed with data from the Brazilian Household Database (PNAD).
Using variable v0406 it was defined an indicator that assumed value 1 if the mother did not
live in the same household (if v0406 was equal to 4 or was missing) and 0 if she did (v0406
equal 2).

White Mother:

Variable v0301 informs the household code of the individual, so using variable v0407, that
informs the mother’s household code, it was possible to identify her race declaration using
variable v0404 (that informs the individuals race).

Other Controls:
Schooling:
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The variable Schoolingist was constructed using the variable v4803 of the Brazilian Household
Database (PNAD). It assumes value 1 when the individual,i, that lives in state s at year t, has
none or less than a year of study, 1 if the individual studied 2 years and so on, until 16 when the
individual has over 15 years of study. On the original PNAD database, the variable assumes
value 17 when the information is undetermined, which we replaced by missing. Also, the
replaced schooling as v0406 = v0406 - 1, so that assumes value 0 when individuals have no
schooling, 1 when they have 1 year of schooling and so on.

Informant of Race:

The variable Informant of Raceist was constructed using the variable v0412, which assumes
value 2 when the informant of the race question was individual i, 4 if it was another resident
of the same household, 6 if is was someone else that did not live in the same household and
9 when it was not declared who answered the race question. Therefore, Informant of Raceist
assumes value 1 when the person that answered the race question was the individual i (v0412
equal to 2) and 0 otherwise. We assigned that it assumes value 0 when the individual was less
than 5 years old, given that it is not reasonable to assume that someone with that age would
answer the survey.

Interstate Migration:

We restrict the sample to consider only individuals that reside in the same municipality
as they were born, as a robustness test to guarantee that our results are not driven by inter-
state mobility. To do so, we use the variable v0501 from the National Databse (PNAD), which
assumes value 1 if the individual answers yes and 3 if no. This variable has no missing in-
formation. As argued in Section 6 of Robustness, even though this variable is more restricted
than other, it was the only variable regarding the place that the individual was born that had
no missing information. Other variables, such as v0502 had on average around 82% of missing
information for individuals with 18 years old or younger and 60% on the whole sample (using
data from 2011 to 2015 from PNAD). Hence, to run these robustness regressions we restrict the
sample for v0501 being equal to 1.

Family Income:

We define as low income the individuals that belong to a household that has per capita
monthly family income below minimum wages. That variable was extracted from the Na-
tional Household Database (PNAD) - variable v4743.Therefore, it is defined a dummy that
assumes value 1 if the individual is low income and 0 otherwise - i.e. if the individual is
high income or if the information of income is missing. Analogously, high income are con-
sidered the individuals that live in a household with per capita monthly family income above
minimum wages. Missing information about family income (variable v4743) is, on average,
around 4% for 18 years old or younger individuals. tab
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Other Variables:
Mortality Rate:

The variable Mortality Ratest was constructed using data from the Mortality Information Sys-
tem (SIM), maintained by the Brazilian Health Ministry, and the GDP of Cities, maintained
by IBGE. The SIM database contains information about the number of deaths of each state in
a certain year by place of residence and by place of death for each race category. We used
the variable Obitos p/Residenc, which refers to the number of death by place of residence for
non-white individuals. With information about the population of each city, from the IBGE it
was possible to get to total population for each state. Therefore, the mortality rate for the non-
whites was defined as the percentage of deaths per 1000 inhabitants in each state, i.e. number
of deaths times 1000 divided by number of inhabitants.

Schooling:

The variable Schoolingst used in Table A.4 refers to the average schooling for individuals
that self-declare being non-white in each state and year. Therefore, this variable was con-
structed using the Brazilian Household Database aggregating the information for each state.

GDP per capita:

This variable was constructed using the GDP of Cities, from IBGE. We aggregated the GDP
per capita for each state at each year and calculated the percentage that it represented from
the whole economy (total GDP).

A.1 Tables
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Table A1: Summary of State Laws About Affirmative Action Policies

Region State First Laws Regulation Current Law Regulation

So
ut

he
as

t

Rio
de
Janeiro

N. 3524/2000

50% of all vacancies of
UERJ and UENF should
be reserved of candi-
dates that studied in
public schools.

N. 5346/2008

20% of all vacancies
should be reserved
to candidates from
public schools, 20%
to candidates self-
declared as black,
brown or indigenous
people and 5% to
disabled candidates
and children of

N. 3708/2001

40% of all vacancies of
UERJ and UENF should
be reserved for black and
brown candidates.

civil and military
cops, security and
penitentiary admin-
istration inspectors
and firemen that were
killed or incapacitated
on duty.

Minas
Gerais N. 15.259/2004

At least 45% of all va-
cancies of UEMG and
UNIMONTES should be
reserved, with 20% for
self-declared brown and
black candidates with
low family income, 20%
for public schoolers with
low family income and
5% for indigenous and
disabled candidates.

N. 15.259/2004 Same regulation

So
ut

h

Rio
Grande
do
Sul

N. 11.646/2001

50% of all vacancies from
UERGS for candidates
with low family income
(per capita gross income
less than 1,5 minimum
wage) and 10% for dis-
abled candidates.

N. 11.646/2001 Same regulation

Paraná N. 14.995/2006
6 vacancies in all admis-
sion’s processes should
be reserved for indige-
nous candidates.

N. 14.995/2006 Same regulation

M
id

w
es

t

Mato
Grosso
do
Sul

N. 2589/2002

UEMS should reserve
vacancies for indige-
nous candidates, in a
proportion that the own
institution will define.

N. 2589/2002 Same regulation

N. 2605/2003

At least 20% of all vacan-
cies from UEMS should
be reserved to brown
and black candidates.

N. 2605/2003 Same regulation



Table A.1: Summary of State Laws About Affirmative Action Policies - Part II

Region State First Laws Regulation Current Law Regulation

N
or

th

Amazonas N. 2894/2004

80% of all vacancies from
UEA should be reserved
for candidates that com-
pleted high school in Ama-
zonas, being 60% of these
vacancies for the ones that
did it in public schools.

N. 2894/2004 Same regulation

Amapá

N. 1023/2006

It should be reserved for
candidates that completed
high school in public
schools the number of
vacancies equal to the
percentage that enrolled in
each admission process in
UEAP.

N. 1023/2006
N. 1022/2006
N. 1258/2008

In addition to what
was stipulated by past
laws, n. 1258/2008
established that UEAP
should reserve for
black and brown can-
didates the number
of vacancies equal to
the percentage that
enrolled in each the

N.1022/2006 UEAP should reserve some
vacancies for indigenous
candidates, in a propor-
tion that the own institu-
tion will define.

admission process.

N
or

th
ea

st

Alagoas N. 6.542/2004
50% of all vacancies should
be reserved for candidates
of public schools.

N. 6.542/2004 Same regulation

Piauı́ N. 5.791/2008

Achieve 30% of all vacan-
cies from UESPI for can-
didates that completed el-
ementary and high school
in public schools, with 10%
in the first year and at least
20% until 2013.

N. 5.791/2008 Same regulation

Rio
Grande
do Norte

N. 8258/2002

50% of all vacancies should
be reserved for candidates
that completed elementary
and high school in public
schools.

N. 8258/2002 Same regulation

Maranhão N. 9295/2010

At least 10% of all vacan-
cies from UEMA should be
reserved for self-declared
indigenous, black and
brown candidates, that
have completed high
school in public schools.

N. 9295/2010 Same regulation

Notes: This table shows information about state laws regarding affirmative action in higher education in Brazil implemented since
the beginning of 2000s.



Table A2: Reserved Vacancies for General and Race-Targeted AAP

All Public Institutions Federal Institutions State Institutions
% General Quota % Non-white Quota % General Quota % Non-white Quota % General Quota % Non-white Quota

2010 18,30% 6,79% 17,50% 6,71% 19,72% 6,94%
2011 19,83% 7,24% 19,91% 7,04% 19,70% 7,60%
2012 22,56% 8,52% 22,66% 7,61% 22,40% 10,00%
2013 29,86% 16,11% 34,92% 20,51% 20,38% 7,86%
2014 35,70% 18,90% 42,00% 24,55% 23,71% 8,16%
Notes: Each column contains the percentage of vacancies that are reserved for affirmative action policies from all offered vacancies
in admissions processes from higher education public institutions, with columns 3 and 4 referring only to federal ones and 5 and 6 to
state ones.% General Quota refers to the percentage of offered vacancies for any type of affirmative action policies, mainly public
schoolers, and % Non-white Quota refers to the percentage of offered vacancies reserved for race-targeted affirmative action policies.
Source: Higher Education Census (2010-2014).

Table A3: Other Descriptive Variables

2011 2012 2013 2014 2015 2011-2015
Conditional to having mother in household:
White Mother 0.454 0.435 0.434 0.425 0.425 0.435
N 142666 143805 143196 140097 136367 705131

Notes: This table shows additional descriptive statistics.

Table A4: The Effects of Non-White Quota on Observable State Characteristics

(1) (2) (3)
Mortality Rate Schooling GDP per capita

Non-White Quota 0.00264 -0.0215 0.000332
(0.00217) (0.205) (0.00426)

Fixed Effects:
State Yes Yes Yes
Year Yes Yes Yes
N 135 135 135
R2 0.989 0.977 0.998

Notes: This table shows the effects of adopting non-white quotas on state’s char-
acteristics, after controlling for state and year fixed effects. The dependent vari-
ables are for each state and year: the mortality rate of non-white individuals
(Column 1); the average schooling of non-white individuals (Column 2) and the
percentage of the GDP per capita of a certain state of the total economy in a cer-
tain year(Column 3). The independent variable is the percentage of vacancies
reserved for non-whites in each state and year. Standard errors in parentheses. *
p<0.10, ** p<0.05, *** p<0.01.
Sources: National Household Database; Mortality Information System; Higher
Education Census; authors gathered information about reserved vacancies from
all public institutions of higher education in Brazil.
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Table A5: The Effect of Non-White Reserved Vacancies on White Identification (All Ages)

(1) (2) (3)
Non-White Quota -0.0419*** -0.0372*** -0.0389***

(0.00979) (0.00924) (0.00913)

Controls:
White Mother No Yes Yes
Household Mother No Yes Yes
Schooling No No Yes

Fixed Effects:
State Yes Yes Yes
Year Yes Yes Yes
N 1801686 1801686 1797492
R2 0.153 0.242 0.262

Notes: This table shows the impact of the adoption of reserved va-
cancies for non-white individuals in a certain state on the probability
of someone self-declaring white. The dependent variable is an indi-
cator that assumes value 1 when the individual self-declares white
and 0 otherwise. In Column (1) does not include any control; Col-
umn (2) includes controls for mother characteristics and Column (3)
includes also control for schooling. All regressions are run for indi-
viduals from all ages. The difference in sample size can be explained
by the fact that there is some missing information about schooling.
So, when we control for that the sample is more restricted than in the
other two cases - Columns (1) and (2). Standard errors in parenthe-
ses. * p<0.10, ** p<0.05, *** p<0.01.
Sources: Brazilian Household Database; Higher Education Census
and authors gathered information about reserved vacancies from all
public institutions of higher education in Brazil.
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Table A6: Percentage of All Types of Reserved Vacancies

Region State 2010 2011 2012 2013 2014
N

or
th

RO 0% 0% 0% 19% 30%
AC 0% 0% 1% 30% 49%
AM 26% 21% 25% 32% 39%
RR 0% 0% 15% 39% 45%
PA 33% 31% 26% 39% 40%
AP 23% 26% 19% 28% 40%
TO 3% 4% 9% 36% 39%

N
or

th
ea

st

MA 16% 24% 20% 25% 40%
PI 19% 22% 23% 23% 30%
CE 0% 0% 0% 16% 29%
RN 15% 15% 16% 29% 44%
PB 9% 23% 25% 35% 39%
PE 9% 9% 10% 29% 33%
AL 29% 30% 37% 33% 36%
SE 50% 49% 45% 49% 50%
BA 46% 46% 45% 46% 47%

So
ut

he
as

t MG 15% 19% 19% 34% 40%
ES 37% 42% 42% 49% 49%
RJ 11% 15% 18% 31% 42%
SP 4% 4% 8% 7% 10%

So
ut

h

PR 29% 30% 31% 35% 36%
SC 20% 27% 30% 38% 40%
RS 21% 21% 21% 34% 44%

M
id

w
es

t MS 14% 14% 14% 22% 34%
MT 14% 16% 41% 48% 55%
GO 35% 34% 34% 31% 31%
DF 20% 21% 22% 33% 36%

Total 18% 19% 23% 30% 36%
Note: Values correspond to the weighted mean of reserved
vacancies in each state.
Source: Gathered documents about every admission pro-
cess for undergraduate on-campus programs of public fed-
eral and state institutions of higher education and informa-
tion about offered vacancies from the Higher Education Cen-
sus Database.
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Table A7: Percentage of Non-White Reserved Vacancies in Federal Public Institutions

State 2010 2011 2012 2013 2014
RO 0% 0% 0% 15% 22%
AC 0% 0% 0% 25% 38%
AM 0% 0% 0% 20% 28%
RR 0% 0% 0% 36% 41%
PA 16% 13% 12% 23% 27%
AP 0% 0% 0% 15% 25%
TO 0% 0% 0% 29% 35%
MA 22% 21% 20% 41% 41%
PI 0% 0% 0% 17% 24%
CE 0% 0% 0% 20% 35%
RN 0% 0% 0% 17% 26%
PB 0% 8% 9% 19% 21%
PE 0% 0% 0% 21% 25%
AL 18% 17% 17% 22% 25%
SE 31% 32% 30% 35% 38%
BA 36% 36% 36% 37% 37%
MG 3% 3% 3% 19% 23%
ES 0% 0% 0% 31% 31%
RJ 0% 0% 0% 16% 24%
SP 7% 9% 10% 11% 14%
PR 9% 9% 9% 19% 18%
SC 8% 8% 8% 13% 14%
RS 7% 7% 8% 11% 15%
MS 0% 0% 0% 13% 21%
MT 0% 0% 19% 34% 34%
GO 7% 7% 7% 16% 17%
DF 20% 20% 19% 29% 27%

Notes: Values correspond to the weighted mean
of reserved vacancies for non-white candidates in
each state, which is going to be our main explana-
tory variable. Here it is only being considered
federal public institutions of higher education, i.e.
state college is excluded from the original sample.
Source: Gathered documents about every ad-
mission process for undergraduate on-campus
programs of public federal and state institutions
of higher education and information about of-
fered vacancies from the Higher Education Cen-
sus Database.
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Table A8: The Effect of Non-White Reserved Vacancies on White Identification of In-
dividuals 18 years old or younger

(1) (2) (3) (4)
Non-White Quota -0.0562*** -0.0525*** -0.0533*** -0.0490***

(0.0154) (0.0154) (0.0155) (0.0154)

Controls:
White Mother Yes Yes Yes Yes
Household Mother Yes Yes Yes Yes
Schooling Yes Yes Yes Yes
Informant of Race No Yes No Yes

Fixed Effects:
State Yes Yes Yes Yes
Year Yes Yes Yes Yes
Year of Birth Yes Yes No No
N 535118 535118 535118 535118
R2 0.357 0.358 0.353 0.354

Notes: This table shows the impact of non-white reserved vacancies on white iden-
tification of individuals 18 years old or younger, while testing econometric specifi-
cations other than the baseline model - represented by Column (1). All regressions
are run with a restricted sample of individuals with at most 18 years old and with
controls for mother’s characteristics and schooling and year and state fixed effects.
Columns (1) and (2) we also include year of birth fixed effects. And Column (2)
and (4) include also control for Informant of Race. Standard errors in parentheses.
* p<0.10, ** p<0.05, *** p<0.01.
Sources: Brazilian Household Database; Higher Education Census and authors’
gathered information about reserved vacancies from all public institutions of higher
education in Brazil.
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1 Introduction

This paper investigates the main determinants for academic economists’ earnings in
Brazil. We analyze whether experience, research output or other outputs impact salaries
of Economics professors in public universities. Having more publications matters
more to professors’ salaries or does managing more students? Or none of this mat-
ters actually, and salaries are only defined by time since having the highest graduate
degree? To increase the quality of higher education not only is necessary to focus on
teaching techniques and courses contents for the students, but also on how to create
incentives for the professors to improve their performance and to attract the best ones
to work at public universities and not private ones. This is especially important when
considering education in Brazil, where public universities are known for their high
quality education and are free of charge and, therefore, attract many students.

We compile and explore a database of all Economics professors employed by fed-
eral universities in Brazil. This database contains information about individual’s de-
gree, including university where degree was obtained and quality of the Economics
department, gender, quantitative and qualitative research output, measures of other
outputs and salaries.

We focus specifically on federal universities because professors employed by them
share the same career path, defined by law n.12.772/2012 and law n.8.112/1990. Pro-
fessors are selected through a public tender based on their exam scores and curricu-
lum.1 According to law n.12772/2012, professors must have a Ph.D. degree to apply
for professors’ positions, but if its proven that are no candidates with such degree, then
the university can waive that requirement and hire individuals with only masters or
even undergraduate degrees.2

Our results show that, controlling for the university where the professor is em-
ployed, the main determinants of salaries are having a Ph.D. degree and experience.
Having a Ph.D. degree increases salaries about 68% and one additional year of ex-
perience has an impact of 4.5% on monthly salaries, which on average represents an
additional R$ 680.00 per month. Research output, measured by the number of publica-
tions do not appear to have an impact on salaries, even when considering publications
in ranked Economics journals. We also consider other outputs, such as number of ad-
vised undergraduate students and number of participation in undergraduate commit-
tees. Even though both appear as significant, they have a very small impact on salaries
(0.09% and 0.05% respectively).

Given that our sample is composed by a broad set of universities in Brazil, from

1This is the case for entry-level professors positions, which is the most common channel to be hired
for positions in public universities.

2Notice that the supply of individuals with Ph.D. degree is going to be shorter in poorer and more
remote regions.
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different states, with different levels of government investment and different academic
achievements and programs, is natural that some programs are more competitive than
others and attract faculty with different academic background. Therefore, we also
analyze the determinants of salaries for 4 of the best federal public universities in
Brazil. Differently from the whole set of public universities, we find that having one
additional paper in a ranked Economics journal increases salaries in about 0.6%. Even
though we find a positive and significant impact of research output, experience and
having a Ph.D. degree still appear as the main determinants of salaries. An increase
of one year in experience increases monthly salaries in about 4% and having a Ph.D.
degree increases salaries in around 70%. Gender and having a Ph.D. degree from
a ranked university do not appear to have an impact on salaries, regardless of the
specification.

Our study is related to the literature that investigates the determinants of salaries
of Economics professors, mainly in the United States. Salary is usually modelled as
a function of experience, research output and other outputs, like teaching productiv-
ity, academic awards and administrative position. Experience, usually measured by
years since completion of graduate studies, has been found to increase professors’
salaries (Siegfried and White (1973); Tuckman and Leahey (1975); Katz (1973)). But
most studies show that rather than experience, research output is the main determi-
nant of salaries (Moore, Newman and Turnbull (1998, 2001); O’Keefe and Wang (2013).

The literature uses different approaches to assess the importance of research out-
put, trying to control not only for quantity but also for quality, such as total number
of publications (Siegfried and White, 1973), number of publications in different cate-
gories of journals (Moore, Newman and Turnbull (1998); O’Keefe and Wang (2013)),
number of citations (Hamermesh, Johnson and Weisbrod (1982); Diamond Jr (1986);
Moore, Newman and Turnbull (1998)) and co-authorship versus single authorship
publications (Sauer (1988)).

Regarding teaching productivity, most studies include a dummy variable that as-
sumes value 1 if the professor ever received a teaching award (Moore, Newman and
Turnbull (1998, 2001); O’Keefe and Wang (2013)). But others proxies have also been
used, such as transformed teaching score (Siegfried and White, 1973) and a dummy
that assumes value 1 if the professor has been highly ranked by students (Katz (1973)).
There is no academic consensus about the impact of teaching on salaries. While some
studies find that it has a positive and significant impact on salaries (Siegfried and
White (1973); Moore, Newman and Turnbull (2001); O’Keefe and Wang (2013)), others
find no significance at all (Katz (1973); Moore, Newman and Turnbull (1998)).

Other than only focusing on experience as number of years since completion of
highest degree, some studies also investigate the impact of seniority or job tenure on
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professors’ salaries.3 Seniority is defined as number of years employed at the current
department. The existing evidence remains unclear regarding that impact. For in-
stance, Ransom (1993) shows that additional years decrease salaries, but Moore, New-
man and Turnbull (1998) argues that this effect is mitigated when there is a better
control of research quality. Considering that professors that stay longer at a certain
department earn less than new hires, O’Keefe and Wang (2013) argue that changing
jobs would bring salaries to market level.

We hope to shed some light in that literature by investigating the main determi-
nants for salaries of Economics professors of public universities in an underdeveloped
country, where the incentives for research and education are different than from a
country such as the United States. To the best of our knowledge, our is the first attempt
to analyze salaries in academia in Brazil. Additionally, given the limitations of obtain-
ing such a complete database about professors’ academic background, research and
salaries, most of the literature is limited to one or a few Economics departments. Our
effort in gathering information for all the Economics departments of public universi-
ties in Brazil, enable us to work with a complete sample of professors of 39 different
universities.

The remainder of the paper is organized as follows. Section 2 provides more details
about the data and the database we compiled and Section 3 discusses the main results.
Section 4 concludes.

2 Data

This section contains a detailed description of the compiled database used in our study,
its main sources and the descriptive statistics of the variables of interest.

2.1 Data Description

We use a database that contains information about all professors from Economics de-
partments in public federal universities in Brazil, compiled using three main sources:
the universities’ website, the Lattes platform, an online platform that contains the Cur-
riculum Vitae of students and researchers in Brazil and the Portal da Transparência, an
online database from the federal government that shows the earnings of every gov-
ernment employee.

First, we collect information from every public university’s website about the pro-
fessors associated to the Economics department.4 That step was completed in March

3See Barbezat (2004) for a review on that literature.
4Some universities in Brazil share the Economics department with other fields of study. Therefore,

in order to make the set of professors among universities comparable, we keep only information about
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of 2021, so the information gathered refers to the universities that the individuals were
listed in the websites at that point in time. This leaves us with a sample of 39 univer-
sities.5

Second, having the professors’ names we are able to obtain their Curriculum Vitae
through an online platform, called Lattes platform, that is maintained by the Conselho
Nacional de Desenvolvimento Cientı́fico e Tecnológico (CNPq). The Lattes Curriculum Vi-
tae fits a national standard curriculum vitae for students and researchers and it is used
by the majority of funding institutions, universities and research institutes in Brazil.
This information is self-reported and it is usually kept updated. Then, we collect data
about academic background, which includes all the degrees obtained, the initial and
final dates of completion and the name of the universities where each degree was ob-
tained; their academic records, including a list of their publications, number of books
published and written book chapters, and the number of students that they have ad-
vised from undergraduate and graduate school; and their professional information,
including current workplace.6 Having information about professors’ academic back-
ground, we measure experience as years since completion of highest graduate studies,
as usual in the literature (Siegfried and White (1973); Moore, Newman and Turnbull
(1998, 2001)).

We follow most of the literature, that includes separate journal tiers in order to
measure quality of publications (Siegfried and White (1973); Moore, Newman and
Turnbull (1998); O’Keefe and Wang (2013)). Hence, we separate publications in two
categories: publications in ranked journals (ranked publications) and publications that
are not in ranked journals (other publications). We define ranked Economics journals
as those that are ranked by the CL-index. The CL-index ranks Economics journals
by attributing points to them, being the Quarterly Journal of Economics the one with
the highest score (100) and the Journal of the Chinese Statistical Association with the
lowest (4.28). The rank is composed by 1168 economic journals from all over the world,
including Brazilian ones.

Some studies also investigate whether having a Ph.D. degree from a top-ranked
Economics department affects Economics professors’ salaries (Moore, Newman and
Turnbull (1998, 2001)). Even though their findings are not significant, given that the
law that defines salaries for professors of public universities in Brazil prioritizes, but
not requires, that professors have Ph.D. degrees, it is not clear whether that would be
the case in our study. Hence, with the information extracted from the Lattes platform,
we create a variable that assumes value 1 if the professor has a Ph.D. degree from a

the departments that are solely Economics departments.
5See Table A1 for the complete list of universities and economics departments included in our sam-

ple.
6With the current workplace information we are able to double check the information obtained from

the universities’ websites, given that sometimes one professor was listed by two different universities.
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ranked Economics department, according to the Tilburg Ranking, and 0 if they have
a Ph.D.7 degree from a non-ranked Economics department. This variable assumes
missing values when the individual does not have a Ph.D. degree in Economics or
does not have a Ph.D. degree at all.

Lastly, we gather information about the professor’s salaries from the website Por-
tal da Transparência, which is the government’s transparency online platform. This
platform provides information about earnings of all government employees, civil and
military. So, having the names of all professors we could access their salaries infor-
mation.8 Our salary variable is, then, the gross salary of the individual in April of
2021. We do not obtain information about bonus or other additional earnings that the
individual might have. From that platform we can also obtain information about the
type of job professors hold in the university, that means if they are full-time professors,
substitutes or temporary professors (professors that work less than 40 hours a week).

To make sure that we are capturing professors that are comparable, we keep only
the ones that work at least 40 hours a week at the university and that are employed by
departments that are exclusively Economics departments (Hamermesh, Johnson and
Weisbrod (1982)).9 We also exclude from our sample individuals that we could not find
earnings information in the transparency platform. This leaves us with a final sample
of 39 universities and 969 full-time Economics professors from federal universities in
Brazil.10

Some studies have investigated the role that gender plays in the Economics academia.
There is evidence that women economists are less likely to be cited than men economists
(Koffi (2021)), less likely be promoted (Chen, Kim and Liu (2008)) and are treated worst
in Economics seminars (Dupas et al. (2021)). Therefore, in order to check for gender
differences in salaries, we include a gender dummy that assumes value 1 if the profes-
sor is a women. Neither the Lattes platform nor the government’s transparency web-
site have information about gender. Therefore, we use the IBGE rule that attributes
probabilities to common first names in Brazil to each gender (female and male). We
are able to assign gender to 96% of our sample, where 70% of the professors are men
and only 30% are women.

7The University of Tilburg rates Economics departments from all over the world, based on the
number of publications in the most important Economics journals. For more details see their website:
https://econtop.uvt.nl/.

8Some individuals hold more than one public job. We keep only the information about the professor
salary, when possible. If we can not distinguish between them, we attribute the value missing to the
variable.

9There are 117 professors that we could not find the information about the salaries and 10 depart-
ments that are not exclusively an Economics department, which means that there are 617 professors
that we can not guarantee are Economics professors.

10See Data Appendix for the complete description of all variables created and used, and their sources.
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2.2 Descriptive Variables

Table 1 shows the descriptive statistics of the main variables used in our study. On
average, Economics professors monthly earnings are around R$ 15,500 and they have
around 11 years of experience. Women earn less than men on average (around R$
14,800 against R$ 15,600), and they also have slightly less years of experience (12
against 13 years).

Regarding other outputs, professors of public universities appear to have a big
role on undergraduate than graduate school. On average professors attend 15 defense
committees for graduate students and 26 for undergraduate ones, advising around 7
graduate students and 18 undergraduate ones in their career. Women have a higher
participation on defense committees and advise more undergraduate students than
men, with an average of 28 against 25 and 19 against 18, respectively.

Overall, professors in our sample have on average 17 publications in their career.
Given that they have on average 13 years of experience, that means around 1 publi-
cation per year. There is considerable variation in number of publications (standard
deviation is 18.84), with some professors publishing frequently (up to 162 publica-
tions), while others do not publish at all. Ranked publications only represent 6% of all
publications. Economics professors from our sample publish more books (average of
1.81 career book publication) and write more books’ chapters (average of 6 career book
chapters) than have publications on ranked journals. Women appear to have worst re-
sults for research output, having less publications in their career than men regardless
of the metric analyzed.

Although around 94% of the professors have published at least one paper in their
career, only 32% of those have publications in ranked journals. Figure 1 shows the
mass distribution of the number of ranked journal publications, considering only pro-
fessors that have a published paper. Not only the majority of professors do not have
published a papers in a ranked journal, but also 13% have only 1 ranked journal pub-
lication, while only 8% have more than 10.

Table 2 shows that professors with ranked journal publications have on average a
higher salary (R$ 17,000) than the ones that publications on non-ranked journals (R$
15,100) and the ones that do not have any publications (R$ 12,000). This suggests that
having published papers, especially in well recognized Economics journals, could be
one of the determinants of Economics professors’ salaries in federal universities.

Given that 93% of our sample has a Ph.D. degree, we analyze whether the de-
partment where the professors obtained their Ph.D. makes a difference to their salary.
From those who have a Ph.D. degree, 20 (2%) professors do not have a Ph.D. in Eco-
nomics and 390 (43%) have a Ph.D. from an university that is not ranked. Individuals
with a Ph.D. from a rated university have on average a higher salary than non-rated
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Table 1: Descriptive Statistics of Economics Professors of Public Universities

All Male Female Top 4
1. Dependent variable
Salary 15484.14 15661.40 14884.63 16723.51

(4417.40) (4414.96) (4156.27) (4688.644)
2. Explanatory variables
Experience 13.13 13.39 12.06 17.25

8.22 8.46 7.12 9.46
2.1 Research output
Have at least 1 publication 0.94 0.95 0.93 0.96

0.24 0.22 0.25 0.20
All publications 17.08 18.59 13.25 23.75

18.84 19.96 14.37 23.58
Ranked publications 1.10 1.31 0.64 2.59

4.04 4.71 1.74 5.93
Book 1.81 1.90 1.31 2.76

3.89 3.68 2.69 5.99
Book chapters 6.07 6.27 5.38 10.78

9.61 10.05 7.82 14.43
2.2 Other outputs
Graduate defense committees 15.74 17.28 12.16 25.67

22.14 22.93 19.29 28.14
Undergraduate defense commit-
tees

26.08 24.97 28.32 20.49

29.06 28.95 28.50 25.16
Advised graduate students 7.86 8.68 5.62 13.61

14.05 15.32 9.75 20.95
Advised undergraduate students 18.96 18.52 19.25 20.46

20.51 20.45 19.01 21.67
2.3 Controls
Ph.D. degree 0.93 0.94 0.92 0.98

0.25 0.24 0.28 0.14
Ranked Ph.D. degree 0.53 0.53 0.54

0.50 0.50 0.50
Missing 0.02 0.03 0.01
Female 0.29 0.33

0.46 0.47
Missing 0.03 0.01
N 969 663 275 199

Notes: Table 1 shows the descriptive statistics for the main variables used in our study. The first line re-
lated to each variable refers to the mean of that variable. The second line shows the standard deviation in
parenthesis. Column 1 shows the descriptive statistics for our final sample of Economics professors of public
universities. Columns 2 and 3 shows the statistics by gender. And Column 4 shows the statistics for the
group of Economics professors of the 4 best ranked public universities.
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Figure 1: Distribution of ranked publications
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Notes: Figure 1 shows the mass distribution of papers that were published in ranked economic jour-
nals, conditional to having a published paper. We keep only the professors that have at 1 least one
publication, regardless of the journal. Source: Compiled information from the Lattes platform.

ones (R$ 15,800 against R$ 16,100), even though they have on average a slightly smaller
salary than the ones that do not have a Ph.D. in Economics (R$ 16,280). See Table 2.

Our sample covers a diverse set of universities in Brazil. According to the Tilburg
ranking, only 7 Economics departments of federal universities are listed among the
best Economics departments in the world. That means that 32 departments are not
even on the list.11 That shows the disparity of research quality between the universities
in our sample and implies that universities may have different levels of competitive-
ness in attracting faculty. Therefore, we also investigate the determinants of salaries
for professors of the 4 best ranked Economics departments of federal universities. The
departments are from the following universities: Federal University of Pernambuco,
University of Brasilia, University of Minas Gerais and University of Rio de Janeiro,
starting with the best ranked according to the Tilburg ranking.

Last Column of Table 1 shows the descriptive statistics for those universities. Pro-
fessors from the 4 best ranked universities have a higher salary, of R$ 16,723 on av-
erage, than the average of the whole sample of public universities and more years of
experience (17 years on average). They also have higher experience and better perfor-
mances not only regarding research output, but also other outputs. They have 40%

11If we consider the last 10 years, from 2010 to 2020, 8 Economics departments from federal universi-
ties appear in the Tilburg ranking.
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Table 2: Salaries by Type of Publication and University

Salary N
1. Publications
Other publications 15,111.48 617

(4,128.81)
Ranked publications 17,002.66 292

(4,347.18)
No publications 12,219.90 58

(4,619.36)
2. Ph.D.
Ranked Economics Ph.D. degree 16,121.91 493

(4,047.25)
Non-ranked Economics Ph.D. degree 15,803.25 390

(4,229.71)
Non-Economics Ph.D. degree 16,283.37 20

(3,044.25)

Notes: Table 2 shows the salaries of Economics professors by type
of publication: professors that have publications in ranked journals,
professors that have publications in other journals (non-ranked) and
professors that have no publications. And by type of Ph.D. degree:
Economics professors that have a Ph.D. degree from a ranked Eco-
nomics department, professors that have a Ph.D. degree froma non-
ranked Economics department and professors that a Ph.D. degree in
another field of study, other than Economics.

more publications and 135% more ranked publications, on average, than the whole set
of professors. They only have worst results for participating on undergraduate com-
mittees, which is on average 20, against 26 for the whole sample of professors. All the
other measures, they perform better.

3 Results

To determine the main factors that define salary for Economics professors in public
universities in Brazil, we run a series of OLS regressions. We model log salary as a
function of the professors’ experience, research output, other outputs and some other
controls, such as:

ln(Salaryi) =α + β1Experiencei + β2Experience
2
i + θResearchoutputi+ (1)

γTeachingPerformancei + ξ′Controlsi + µi,

Our proxies for research output are total number of ranked publications, total num-
ber of other publications, number of books published and number of book chapters
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written in the professors career. We measure other outputs using the following vari-
ables: number of graduate and undergraduate defense committees that professors
joined and number of undergraduate and graduate students that professors have ad-
vised in their career. Given that we consider experience to be the number of years
since completion of highest graduate degree, we also include a dummy that assumes
value 1 if the professor has a Ph.D. degree, aiming to understand whether having a
Ph.D. degree affects salaries. We also include as controls dummies for each one of the
Economics departments, to control for potentially heterogeneity among departments,
and in some specifications a dummy variable that assumes value 1 if the individual
has a Ph.D. degree from a ranked Economics departments, in order to assess for the
quality of that degree, and dummy variable for gender.

Therefore, Table 3 shows the results for the regressions for the sample of professors
of public universities. Our explanatory variables explain around 70% of the variation
of professors’ salaries. Aligned with the literature for Economics professors in the
United States, we find that experience has a positive impact on salaries (Moore et al.,
1978; Katz, 1978; Ferber, 1974; Tuckmand and Leahey, 1975; Siegfried and White, 1973).

We show in Column 1 the results for the full sample of professors, only includ-
ing controls for the Economics department where the professor work. We have that
one additional year of experience increases salaries in 4.4%. Given that the average
monthly salary for public university professors is R$ 15,484.00, that means an increase
of one year of experience increases monthly salaries on average about R$ 680.00. Even
including gender (Column 2) and ranked Ph.D. degree as controls (Column 3), the
coefficient for salaries incur in almost no change.

But we also find that research output do not determine salaries. Our results show
that number of publications, regardless of type of journals, number of books pub-
lished, chapters written, and number of students advised and committees that the
professors participate, have little to no impact on professors’ salaries. Number of pub-
lications, especially in ranked Economics journals, has been found to have a positive
impact on Economics professors’ salaries (Siegfried and White (1973); Moore, New-
man and Turnbull (1998); O’Keefe and Wang (2013)).

Regarding other outputs, we have that number of advised undergraduate students
and number of participation in undergraduate and graduate committees have signif-
icant, but small coefficients. For instance, controlling only for university (Column 1),
an increase of 1 graduate defense committee generates an increase of 0.05% in monthly
salaries (around R$ 7.70 on average). Number of advised undergraduate students is
the one with the biggest impact. One more graduate student advised increases salaries
in 0.09%. When we add controls for gender and having a ranked Ph.D. degree, the co-
efficient for number of advised undergraduate students increases to 0.14%. Table A2
in the Appendix show the same regressions but without including the controls for uni-
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versity. Overall, the predictive power is lower, with our explanatory variables explain-
ing around 65% of the variation in salaries. Experience and having a Ph.D. degree still
appear as main determinants of salaries. But, when we restrict our sample to include
only the professors with a ranked Ph.D. degree (Column 3), number of ranked pub-
lications has a positive and significant impact on salaries of 0.27% for one additional
publication.

Given that 7% of our sample is composed by individuals that do not have a doc-
toral degree, we also include a dummy that assumes value 1 if the professor has one.
Having a Ph.D. increases professors’ salaries in 68%, and together with experience are
the only variables to appear to determine Economics professors’ salaries. Gender and
having a Ph.D. degree from a ranked Economics department are also not significant.

We also run the regressions for the sample of professors from the top four Eco-
nomics departments of public universities in Brazil, but without the inclusion of uni-
versity dummies.12 Differently than the whole group of federal universities, it is more
likely that those four compose a more similar set of universities. As Table 4 shows, our
explanatory variables explain around 66% of the variation in salaries. Ranked publi-
cations have a positive and significant impact on salaries. One additional publication
in a ranked journal increases monthly salaries around 0.6%, which would represent an
additional R$ 100.00. It is expected that the best ranked universities are more competi-
tive. Hence, it seems reasonable that ranked publications also appear as a determinant
of salaries, but experience and having a Ph.D. degree still appear as the main deter-
minants of salaries. Experience increases salaries in 3.8%, which means a monthly
increase of R$ 639.00. Having a Ph.D. degree increases salaries in 74% (Column 1),
which makes sense, given the structure of salaries defined by the federal government
and the fact that high quality universities are more likely to require that their faculty
have a Ph.D. degree (or at least a masters degree for entry-level positions). Regarding
other outputs, only participating on graduate defense committees appear to have an
impact, increasing around 0.12% of monthly salaries. Gender and having a ranked
Ph.D. degree does not appear as significant.

12Top four Economics departments are defined as the four best ranked Economics departments of
public universities in Brazil according to the Tilburg ranking.
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Table 3: Regressions for Professors of All Federal Universities

(1) (2) (3)
Experience 0.0450*** 0.0465*** 0.0470***

(0.0024) (0.0025) (0.0025)

Experience2 -0.000732*** -0.000781*** -0.000790***
(0.0001) (0.0001) (0.0001)

Ranked publications 0.00118 0.000852 0.00185
(0.0015) (0.0015) (0.0016)

Other publications -0.00022 -0.0004 -0.0005
(0.0005) (0.0005) (0.0005)

Books 0.00268 -0.00023 -0.00019
(0.0019) (0.0021) (0.0021)

Book chapters 0.000217 0.000553 0.000709
(0.0009) (0.0009) (0.0009)

Advised graduate students 0.00046 0.00031 0.000244
(0.0006) (0.0006) (0.0007)

Advised undergraduate students 0.000991*** 0.00137*** 0.00142***
(0.0004) (0.0004) (0.0004)

Graduate defense committees 0.000709* 0.000797** 0.000782*
(0.0004) (0.0004) (0.0004)

Undergraduate defense committees 0.000586** 0.000428* 0.000339
(0.0002) (0.0002) (0.0003)

Ph.D. degree 0.679*** 0.672*** 0.679***
(0.0256) (0.0263) (0.0268)

Female -0.0185 -0.0172
(0.0125) (0.0126)

Ranked Ph.D. degree -0.00525
(0.0126)

University dummies Yes Yes Yes
N 969 940 919
R2 0.705 0.704 0.708

Notes: This table shows the results of the regressions for the Economics professors of the federal
universities. We include experience, experience squared, number of ranked publications, number
of other publications, number of books published, number of book chapters written, number
of advised undergraduate and graduate students and number of undergraduate and graduate
defense committees and if the professor has a Ph.D. degree or not, as explanatory variables in
all regressions. Column (1) includes university dummies as control. Column (2) adds gender
as control, and Column (3) adds a indicator if the professor has a Ph.D. degree from a ranked
Economics department. Standard errors in parentheses. * p<0.10, **p<0.05, *** p<0.01.



Table 4: Regressions for Professors of the Top Four Economics Departments of
Federal Universities

(1) (2) (3)
Experience 0.0388*** 0.0423*** 0.0423***

(0.0055) (0.0057) (0.0058)

Experience2 -0.000581*** -0.000673*** -0.000673***
(0.0001) (0.0001) (0.0001)

Ranked publications 0.00663*** 0.00591** 0.00573**
(0.0023) (0.0023) (0.0023)

Other publications 0.000229 0.000388 0.000392
(0.0010) (0.0010) (0.0010)

Books 0.00321 -0.00269 -0.00258
(0.0035) (0.0049) (0.0050)

Book chapters -0.00119 -0.000004 -0.0000312
(0.0015) (0.0016) (0.0017)

Advised graduate students 0.00111 0.000882 0.000926
(0.0010) (0.0010) (0.0010)

Advise undergraduate students 0.000969 0.001 0.000981
(0.0008) (0.0008) (0.0009)

Graduate defense committees 0.00124* 0.00127* 0.00125*
(0.0007) (0.0007) (0.0007)

Undergraduate defense committees 0.000673 0.000381 0.000437
(0.0006) (0.0006) (0.0006)

Ph.D. degree 0.744*** 0.727*** 0.714***
(0.0926) (0.0935) (0.0959)

Female -0.00071 -0.00125
(0.0274) (0.0275)

Ranked Ph.D. degree 0.0194
(0.0284)

University dummies No No No
N 199 196 195
R2 0.665 0.663 0.663

Notes: This table shows the results of the regressions for Economics professors of the top four
Economics departments of federal universities in Brazil. All regressions are run without the uni-
versity dummies. We include experience, experience squared, number of ranked publications,
number of other publications, number of books published, number of chapters written, number
of advised undergraduate and graduate students, number of undergraduate and graduate de-
fense committees, and if the professor has a Ph.D. degree, as explanatory variables in all regres-
sions. Column (1) shows the results only with those explanatory variables. Column (2) includes
gender as controls and Column (3) adds an indicator if the professor has a Ph.D. degree from a
ranked Economics department. Standard errors in parentheses. * p<0.10, **p<0.05, *** p<0.01.



4 Conclusion

Our results show that differently from the literature that evaluates the determinants of
salaries of Economics professors in the United States, experience and having a Ph.D.
degree are the main determinants of salaries. This suggests that professors are not re-
warded for good performance and could imply that better qualified professors would
prefer working in private universities, where they have no restrictions on earnings.
Only when we restrict our sample to consider professors from the 4 best ranked Eco-
nomics departments that ranked publications is significant.

For future research, it would be interesting to evaluate whether this is true, by iden-
tifying the determinants of salaries for Economics professors of private universities in
Brazil. Additionally, other variables have been tested by the literature in order to try to
explain which are the determinants of salaries for Economics professors. Some stud-
ies include seniority (Moore, Newman and Turnbull (1998, 2001); O’Keefe and Wang
(2013)), others include employment rank and field of study within Economics in their
analysis. Given to limitations in our database, we are restrained to do the same, but
it would be interesting to potentially incorporate such variables to try to understand
whether other factors may determine salaries.
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A Data Appendix

This data appendix provides additional and detailed information about the variables
created and used in our study.
Salary: Salary was constructed using data extract from the Portal da Transparência, an
online database from the federal government that shows the earnings of every govern-
ment employee. Having the names of the individual of interest it is possible to look
for their information. We then gather information about their salaries in April of 2021.
We keep only the professors that we are able to obtain salaries.
Experience: Experience is measured as number of years since obtaining highest degree.
We extract that information from the Lattes Platform. The Lattes platform provides
information of academic background, including all individual’s degree and starting
and completion date. We then calculate experience as 2021 minus the year that the
individual finished the highest degree.
Have at least one publication: This is a dummy variable that assumes value 1 if the
individual has at least 1 publication and 0 otherwise. That information is extracted
from the Lattes platform.
All publications: All publications is measured as number of total publications. This
information is extracted from the Lattes platform.
Ranked publications: ranked publications is the number of papers published in ranked
journals. We define as ranked journals the ones that are ranked by the CL-index, re-
gardless of their rank.
Other publications: This variable is simply the number of total publications minus
the number of ranked publications. It represents the number of papers published in
journals that are not ranked journals.
Books: Books is the number of books that the individual published. This information
is extracted from the Lattes platform.
Books’ chapters: The variable Books’ chapters consists on the number of books’ chap-
ters published by the individual. This information is extracted from the Lattes plat-
form.
Graduate and undergraduate defense committees: They represent the number of grad-
uate and undergraduate defense committees that the professor has participated in
their career. Both information are extracted from the Lattes platform.
Advised graduate and undergraduate students: They represent the number of advise
graduate and undergraduate students in the professors’ career. Both information are
extracted from the Lattes platform.
Ph.D. degree: Ph.D. degree is a dummy variable that assumes value 1 if the individual
has a Ph.D. degree and 0 if the individual has a masters or undergraduate degree.
Ranked Ph.D. degree: Ranked Ph.D. degree is a dummy variable that assumes value
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1 if the individual has a Ph.D. degree from a ranked economics department. We de-
fine ranked economics department as the ones that are ranked by the Tilburg ranking,
regardless of their order (score) in the ranking. This variable assumes value 0 if the
individual has a Ph.D. degree from an economics departments that is not ranked and
missing if the individual does not have a Ph.D. degree or have a Ph.D. degree in an-
other field of study other than economics. We extract the information about where the
individual obtained the Ph.D. degree from the Lattes platform and search whether the
department is ranked or not in the Tilburg ranking for 2016-2021, with is the ranking’s
default. The complete ranking is available here:
https://econtop.uvt.nl/rankingsandbox.php
Female: Female is a dummy variable that assumes value 1 is the individual is female
and 0 if it is male. This variable assumes value missing if we could not assign fe-
male/male for the individual. This variable is constructed using the IBGE’s rule for
common first names in Brazil and their gender. They provide a list of common first
names and a assign a probability for each gender.
University dummies: They assume value 1 for each one of the economics departments
in our sample and 0 otherwise. Given that we have some universities with more than
one economics department (in different cities), we have total of 41 university dum-
mies, even though there are only 39 universities in our sample.

A.1 Tables

A-2



Table A1: List of Federal Universities

Name Initials/Campus
Federal University of ABC UFABC
Federal University of Acre UFAC
Federal University of Alagoas UFAL
Federal University of Amazonas UFAM
Federal University of Bahia UFBA
Federal University of Ceará UFC
Federal University of Campina Grande UFCG
Federal University of Espı́rito Santo UFES
Federal Fluminense University UFF/CAMPOS
Federal Fluminense University UFF/NITEROI
Federal University of Fronteira Sul UFFS
Federal University of Goiás UFG
Federal University of Grande Dourados UFGD
Federal University of Juiz de Fora UFJF
Federal University of Maranhão UFMA
Federal University of Minas Gerais UFMG
Federal University of Mato Grosso UFMT
Federal University of Ouro Preto UFOP
Federal University of Paraı́ba UFPB
Federal University of Pernambuco UFPE/AGRESTE
Federal University of Pernambuco UFPE/PRINCIPAL
Federal University of Pelotas UFPEL
Federal University of Piauı́ UFPI
Federal University of Paraná UFPR
Federal University of Rio de Janeiro UFRJ
Federal University of Rio Grande do Norte UFRN
Rural Federal University of Pernambuco UFRPE
Federal University of Roraima UFRR
Rural Federal University of Rio de Janeiro UFRRJ
Federal University of Sergipe UFS
Federal University of São Carlos UFSCAR
Federal University of São João Del Rei UFSJ
Federal University of Tocantins UFT
Federal University of Uberlândia UFU
Federal University of Viçosa UFV
Federal University of Vales do Jequitinhonha e Mucuri UFVJM
University of Brası́lia UNB
Federal University of São Paulo UNIFESP
Federal University of the South and Southest of Pará UNIFESSPA
Federal University of Integração Latino-Americana UNILA
Federal Univeristy of Pampa UNIPAMPA

Notes: This table shows the names and initials of the universities considered in our sample.
These are the federal universities in Brazil that have an economics department. We have two
universities that have more than one economics department in different campus.
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Table A2: Regressions for Professors of All Federal Universities without Uni-
versity Dummies

(1) (2) (3)
Experience 0.0426*** 0.0438*** 0.0445***

(0.0024) (0.0024) (0.0025)

Experience2 -0.000695*** -0.000736*** -0.000751***
(0.0001) (0.0001) (0.0001)

Ranked publications 0.00201 0.00164 0.00268*
(0.0015) (0.0015) (0.0016)

Other publications -0.0000517 -0.00026 -0.00032
(0.0005) (0.0005) (0.0005)

Books 0.00281 0.000413 0.000454
(0.0019) (0.0022) (0.0022)

Book chapters -0.00115 -0.00084 -0.00078
(0.0009) (0.0009) (0.0009)

Advised graduate students 0.00129** 0.00110* 0.00103
(0.0007) (0.0007) (0.0007)

Advise undergraduate students 0.00135*** 0.00173*** 0.00179***
(0.0004) (0.0004) (0.0004)

Graduate defense committees 0.000404 0.000598 0.000578
(0.0004) (0.0004) (0.0004)

Undergraduate defense committees 0.000612** 0.000439* 0.000322
(0.0002) (0.0002) (0.0003)

Ph.D. degree 0.646*** 0.637*** 0.651***
(0.0247) (0.0252) (0.0261)

Female -0.0206 -0.0193
(0.0129) (0.0130)

Ranked Ph.D. degree -0.0176
(0.0125)

University dummies No No No
N 969 940 919
R2 0.657 0.657 0.661

Notes: This table shows the results of the regressions for the Economics professors of federal uni-
versities in Brazil. All regressions are run without the university dummies. We include experi-
ence, experience squared, number of ranked publications, number of other publications, number
of books published, number of chapters written, number of advised undergraduate and graduate
students, number of undergraduate and graduate defense committees, and if the professor has
a Ph.D. degree, as explanatory variables in all regressions. Column (1) shows the results only
with those explanatory variables. Column (2) includes gender as controls and Column (3) adds
an indicator if the professor has a Ph.D. degree from a ranked Economics department. Standard
errors in parentheses. * p<0.10, **p<0.05, *** p<0.01.
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1 Introduction

This paper investigates the impact of corruption on firm growth. Developing coun-
tries are often associated with illegal practices that may undermine economic growth
(Olken and Pande, 2012). What are the benefits, if any, from corruption to firms in
terms of employment growth? What are the costs of being caught involved in such
practices? Political connections can benefit firms by getting them exclusive access to
resources. On the other hand, engaging in corruption can impose extra costs to firms
and have a negative impact on growth. Hence, it is not clear which one of these forces
prevails when analyzing the impact of corruption on firms over an extended period of
time.

We address these issues by studying Brazilian firms before and after the Operation
Car Wash, arguably the biggest corruption scandal in history.1 In 2014, Operation Car
Wash, a major criminal investigation in Brazil, unraveled a corruption scheme that
involved construction firms and government infrastructure projects. We then use firm-
level administrative data from the construction sector in Brazil between 2000 and 2017
and estimate the counterfactual for the employment growth of firms implicated by the
Car Wash investigation using the synthetic control method (Abadie and Gardeazabal,
2003; Abadie, Diamond and Hainmueller, 2010). Our treatment group consists of all
construction-sector firms prosecuted for bribery and procurement bid rigging, while
our control group consists of other firms in the same sector.

Our results show that firms did not grow substantially more during their involve-
ment with corruption practices. On average, treated firms would have actually grown
12% more without corruption, during that time, relative to the control group. How-
ever, treated firms had a considerable negative impact of being caught in the scandal:
they would have had 100% more employees, on average, over the period from March
2014 (when the investigation began) until December 2017 had they not been associated
with the scheme.

Given the heterogeneity in firm size across our treatment group, we investigate
whether the impact of corruption for a set of larger firms differs from the average
treated firm. Hence, we calculate the average employment share of each firm in the
treatment group, over the whole period from 2000 to 2017. We then zoom in on the
four largest firms in the group, which together represent more than 50% of employ-
ment in the treatment group. The idea behind this approach is that, because of the
logistical and financial restrictions that construction projects impose, only very large
firms are able to implement large-scale projects. Therefore, they would potentially
have a greater bargaining power than other firms from the treatment group, which

1For more information on Operation Car Wash, see The Guardian, “Operation Car Wash: Is this the
biggest corruption scandal in history?”, June 1, 2017, and Campos et al. (2021).
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could imply that they would be more likely to benefit from corruption.
Even though our results show a positive impact of corruption on employment

growth for the four largest firms, this impact is quantitatively small, with those firms
having on average only 7.5% more employees than the counterfactual. We do find
that these four largest firms benefited in terms of faster growth, reaching the peak
of employment one year prior than they would have without corruption. Therefore,
our findings for the four largest firms reinforce the lack of a considerable benefit from
corruption. Additionally, after they were linked to corruption by the Car Wash investi-
gation, these four largest firms suffered more from a negative impact than the average
treated firm. Our estimates show that they would have 120% more employees if they
had not engaged in corruption.

In sum, our results suggest that the reliance of such firms on public contracts led
them to involvement in corrupt practices in order to stay in business, in a way analo-
gous to a tax. There is no evidence that firms directly involved in the scandal outgrow
their construction-sector peers, nor substantially benefited from corruption. Not only
do we find that the impact of corruption on firm growth is small, but also that the cost
of being caught involved in illegal practices seems to overcome any benefit obtained
with it.

The remainder of the paper is organized as follows. Section 2 gives a review of
the literature. Section 3 provides more details about the Brazilian context and the
data, while Section 4 gives an overview of the synthetic control method. Section 5
discusses the main results. Section 6 provides some robustness exercises and Section
7 concludes.

2 Literature Review

Our paper relates to two main strands of the economic literature. First, it relates to the
set of papers that investigate the role of political connections on firm dynamics. Hav-
ing connections to politicians can benefit firms. Not only it can have a positive impact
on the firm’s returns (Claessens, Feijen and Laeven, 2008; Ferguson and Voth, 2008;
Acemoglu et al., 2016), but connections cal also help them win government contracts
(Goldman, Rocholl and So, 2013), have greater access to credit (Khwaja and Mian,
2005; Claessens, Feijen and Laeven, 2008) and be more likely to be bailed out in case
of bankruptcy (Faccio, Masulis and McConnell, 2006).

Closely related to our paper is Acemoglu et al. (2016), that evaluates the impact of
a new nomination for the US Treasury Secretary on connected firms’ returns.2 Even

2Acemoglu et al. (2016), define political connected firms as the ones with executives that had meet-
ings with the nominee Timothy Geithner prior to the leak that he would be the new Treasury Secretary
and that had employees on the same nonprofit boards and networking groups.
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though they are not looking at a corruption case, they investigate the link between
politicians and firm dynamics using the same empirical strategy as we do. Their setup
also consists in a large number of firms in the control (525) and treatment (12) groups.3

But corruption can also have negative effects on firm behavior, such as by increas-
ing the level of uncertainty and by imposing extra costs to firms (Shleifer and Vishny,
1993; Dal Bó and Rossi, 2007; Fisman and Svensson, 2007; Sequeira and Djankov,
2010).4 Hence, our result that firms associated with corruption by the Car Wash inves-
tigation did not highly benefit from that involvement is consistent with these studies.

Sequeira and Djankov (2010), for instance, show that firms are willing to relocate
and incur in higher logistic costs to avoid paying bribes. This suggests that firms
prefer to pay more to avoid dealing with the uncertainties related to corruption. But
not every firm can establish a physical distance from corruption and therefore they
must incur in the costs of such illegal practices. Fisman and Svensson (2007), exploring
firm-level data from Uganda, estimate that an increase of 1 percentage point in bribery
rates leads to a decrease of 3 percentage points in firm’s sales growth, which is 3 times
higher than taxation. Their results show that not only corruption has a negative impact
on firm growth, but also that it is more detrimental than taxation. The fact that firms
pay those bribes suggest than they do it in order to stay in business.

Second, and more closely related, our paper relates to the strand of literature that
analyzes the impact of corruption on firm growth considering the Brazilian economy.
For instance, Colonnelli and Prem (2020) investigate the impact of an anti-corruption
program that randomly audits municipalities expenditures. They show that after the
audits, firms from sectors that are government-dependent grow more relative to firms
from other sectors in the same municipality, suggesting that government-dependent
firms are forced to engage in corruption to stay in business. Also, after a survey with
those firm’s owners and managers, they report that 55% of them believe that bribes
are a cost that they need to incur to compete for government’s contracts. Considering
the very nature of the construction sector in developing countries, construction firms
heavily depend on public investments on infrastructure and, therefore, on obtaining
government contracts to implement such projects.

For the specific case of the Car Wash investigation, Campos et al. (2021) make a
descriptive analysis of one of the firms involved in the corruption scheme. They show
that profits derived from bribery were approximately only 2 percent of the final cost
of the projects. These also suggest that corruption imposes costs to firms and that
firms from government-dependent sectors are more likely to be compelled to engage
in corruption in order to in business.

Differently to any other anti-corruption audits or programs that exposed corrup-

3See the Methodology Section for more details about the empirical method used.
4See Svensson (2005) and Olken and Pande (2012) for a review of the literature.
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tion, the Car Wash investigation led to firms being barred from having further con-
tracts with the government, to having them refund the estimated value of corruption
and the reduction of the overall public investment in the construction sector. There-
fore, its consequences affected the whole construction sector. This would explain our
results that show that after the corruption exposure firms would still experience a de-
cline in the number of employees even if they were not involved in corruption and
why the firms from the construction sector would be more heavily affected than other
cases studied by the literature.

Szerman (2019) estimate the impact of corporate debarment, which consists on
firms being prohibited of obtaining public contracts for a period of time, on firms’
establishments. In line with our results, Szerman (2019) find that being debarred gen-
erates a decline of 44.8% of the total number of employees and a decline of 66.75% of
earnings on average after the first three years of debarment, compared to the control
group.5 Other findings include a higher probability of debarred firms exiting the for-
mal sector and a negative impact on employment even when the treatment group is
reduced to only include firms that stayed in the formal sector after debarment.

And, consistently with heterogeneity in our results within the treatment group,
Colonnelli et al. (2020), argue that the impact of corruption exposure varies by the level
of involvement in illegal practices. They show that firms that were not only exposed
but were also forbidden from getting government contracts, which suggests a higher
level of involvement, incurred a decline of 90% in size after exposure relatively to the
control group.6

We contribute to both strands by analyzing the impact of corruption on firm growth
over an extended period of time. Ours is the first attempt in the literature to show the
long-term effect of corruption on firm growth. Given the nature of our data and the
synthetic control method, we are able to build a counterfactual for firms during the
period that they are involved in corruption undetected and after they were caught.
This novelty method has some advantages, such as more transparent results and the
fact that we only rely on data prior to the intervention to estimate our counterfactual.
Therefore, we are able to understand what would have happened to firms if they had
not been involved in illegal practices.

5Szerman (2019) also uses a matching strategy using information about the labor market, municipal
population and procurement data to create the control group of firms similar to the ones in the treatment
group, but that were not debarred.

6Colonnelli et al. (2020), use a matching strategy to construct a control group of firms similar to the
treated ones, based on some characteristics such as firm sector of operation, size and location.
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3 Context & Data

This section contains a summary of the Brazilian context, an overview of the data used
to construct our panel, and descriptive statistics of the main variables of interest.

3.1 Brazilian Context

Aiming to increase economic growth through public investment, in 2007, the Brazilian
federal government implemented a program that mainly consisted of infrastructure
projects. The program was called Growth Acceleration Program (PAC) and included
the construction of highways, railroads, airports, sanitation works, among others.7

In 2014, Operation Car Wash disentangled a corruption and money-laundering
scheme that eventually involved most of the infrastructure projects of PAC and several
firms from the construction sector. The investigation discovered that most public auc-
tions for construction projects were rigged to allow certain firms to win the bidding
process. Not only would firms bribe politicians in order to win, but they would also
have the ability to renegotiate the terms of the contracts later, which implied that the
projects were usually overpriced.8 Firms from other economic sectors were also asso-
ciated with the scheme, but the construction sector was the one where that practice
was more widespread, with 28 of its major firms implicated.

There are advantages to exploring the Brazilian context to study corruption and
firm dynamics. First, given that Operation Car Wash began in early 2014, all the ma-
jor players involved in the scheme, including politicians and firms, have already been
identified. Second, given the extensive reach of the investigation and its importance,
there was broad media coverage, creating a lot of publicly available information about
the firms involved in the corruption scheme. Additionally, this context allows us to in-
vestigate, using the same sample of firms, not only how undetected corruption affects
firm growth, but also how this growth is altered by the eventual exposure of corrup-
tion. We can, therefore, evaluate the net impact of those two events on firm growth.

3.2 Data

We use monthly firm-level panel data for the period between 2000 and 2017. The
intervention period we analyze starts in January 2007, with the beginning of the PAC.
This gives us 84 months of pre-intervention data. Even though it is still ongoing, the

7PAC is short for Programa de Aceleração do Crescimento in Portuguese. The program also included
measures to stimulate credit and financing, tax exemptions, improvement of the regulatory framework
in the environmental area and long-term fiscal policies.

8According to “Contas Abertas”, a non-profit organization known for its work on public spending,
by the end of 2009, only 9.8% of the projects from this program were finished, while 62% of them had
not even started.
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PAC has been all but suspended after being associated with corruption schemes.9 We
assume that the corruption scheme associated to those projects lost traction with the
beginning of the Car Wash investigations in 2014.

To construct a balanced panel, there is a trade-off between including more pre-
intervention periods and excluding some firms from our sample. Considering that
most firms involved in the Operation Car Wash were in operation in or before 2000,
we start our period of analysis in that year. This gives us both a sample of control units
with similar characteristics to our treated ones and a long enough pre-intervention
period to construct a robust counterfactual. Our panel ends in 2017, because it is the
latest available data at this moment.

We use data from a matched employer-employee data set, maintained by the Min-
istry of the Economy, called Relações Anuais de Informações Sociais (RAIS). This survey
provides an overview of the entire formal labor market in Brazil. It contains annual
information on the employees of each establishment of each firm, including demo-
graphic characteristics (such as age, gender and race), employment information (such
as the type of contract, wages, admission, and contract termination dates, if applica-
ble) and information about the firm (such as type of activity, sector of activity and the
firm’s tax identifier, CNPJ).

Our treated units are the firms from the construction sector associated with the
corruption scheme uncovered by the Car Wash investigation. We gather information
about them from media outlets, mainly high-circulation newspapers. Given the im-
portance of the investigation, there was substantial media coverage and there is con-
siderable publicly available information. Then, we define treated firms as the ones that
were investigated in at least one of the operation phases and that had complaints filed
against them. To double check the firms from this first step of data collection, we run
their names through the Federal Prosecutor’s website for the Car Wash investigation
to ensure that they have indeed been prosecuted by the Brazilian Justice system.10

This process yields a set of 22 firms from the construction sector that were impli-
cated in the investigation and appear in our panel.11 With the names of these firms,
it is straightforward to obtain the information about their firm identifier (CNPJ) on-
line, since this information must be publicly available.12 Some of the firms involved in
Operation Car Wash have more than one CNPJ, given that some of them are part of a

9According to the article ”Marco de gestões petistas, PAC deixará de receber novos projetos” from the
newspaper Folha de São Paulo, the value destined to infrastructure projects was reduced by more than
50% between 2014 and 2018.

10The Federal Prosecutor’s website shows all the information about the police operation
and all the complaints filed against individuals and firms throughout the years. See
http://www.mpf.mp.br/grandes-casos/lava-jato/acoes for more details.

11We identify 28 firms involved with the corruption scheme uncovered by the Car Wash investiga-
tions, from which 22 remain in our panel.

12Firms are identified by the 8-digit radical of their 14-digit establishment-level identifier (CNPJ).
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conglomerate. In those cases, we merge those identifiers into a single one. To preserve
confidentiality, we randomly assign identification numbers to the firms in the control
and treatment groups

As Table A1 in the Appendix shows, there is some heterogeneity regarding firm
size within our treatment group, with some firms being substantially larger than the
rest. Calculating the average employment share of each firm in the entire treatment
group between January 2007 and December 2017, four firms represent more than 50%
of the whole group. Given the logistical and financial requirements of infrastructure
projects, it may be more likely for larger firms to be able to deal with such projects.
Then, this may give them an advantage over other constructions firms and this could
potentially mean that some firms benefit more from corruption than others. Analyzing
the average effect of the entire whole treatment may not capture potential heterogene-
ity in our results. Therefore, we also explore a setup that considers only these four
largest firms as the treated units.

For the control group, we use firms from the construction sector that were not
implicated in corruption, which leaves us with an initial sample of 6167 firms. In order
to avoid some problems that may arise when using the synthetic control method with
a setup with many control units and a few treated ones, such as interpolation bias and
non-unique solutions, we restrict our sample to include in the control group only firms
with similar characteristics as the treated ones (Abadie, Diamond and Hainmueller,
2010; Abadie, 2021; Acemoglu et al., 2016).13 Therefore, we do not consider in our final
balanced panel firms that have less than 500 employees throughout the whole period,
from January 2000 to December 2017. We also exclude firms that have less than 10
employees in at least 2 years of the sample, given that the treated firms do not show
this pattern. Hence, our final balanced panel is composed by 607 potential synthetic
control units and 22 treated ones.

Additionally, since we aim to understand the impact of corruption on firm growth,
we define the outcome variable as an index for firm-level employment.14 With the
information available in RAIS, it is possible to calculate the number of individuals
employed at each firm in each month. To create an index that describes cumulative
employment growth, we rescale firm size using January 2000 as the base period. At
that moment, the index assumes a value of 100 for each firm.

The synthetic control method generates an optimal combination of weights for
units in the control group, in order to best resemble the treated units according to a set
of outcome predictors. It is natural that values of the outcome be used as predictors
(Abadie, 2021), so that different combinations have been explored in the literature.15

13See Section 4 for more details about the synthetic control method.
14See the Data Appendix for more details about the construction of this variable.
15For example, Abadie, Diamond and Hainmueller (2010), select three lag periods of the outcome
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To avoid specification search (Ferman, Pinto and Possebom, 2020), we define as pre-
dictor variables all pre-treatment lags of the outcome variable (Hinrichs, 2012; Bohn,
Lofstrom and Raphael, 2014; Gobillon and Magnac, 2016; Ferman and Pinto, 2019; Fer-
man, 2019).16

3.3 Descriptive Data

Even though the restriction on firm size leads to a substantial reduction in the number
of firms in the control group (from 6167 firms to 607), these firms still account for a
large share of the sector. Column 1 of Table A2 shows that the remaining 607 firms
represent more than half of the employment in the initial sample of 6167 firms. Table
A2 also shows that, even with the restriction on firm size, firms from the control group
are still smaller than the treated firms. They have, on average, 460 employees, while
treated firms have, on average, 3580 (see Columns 4 and 5 of Table A2).

Figure 1 shows the employment growth for our final control group (dashed line)
and treated firms (solid line) since the beginning of 2007. We create the employment
index setting January of 2007 as 100. As the figure shows, the construction sector over-
all experienced positive growth in the number of employees since the beginning of
PAC. The group of treated firms grew slightly more than the control group. The ques-
tion is to disentangle the effects of PAC and the Operation Car Wash on the implicated
firms. For this, we use the synthetic control method, which we describe in the next
section.

4 Methodology

We use the synthetic control method to estimate the impact of corruption on firm
growth (Abadie and Gardeazabal, 2003; Abadie, Diamond and Hainmueller, 2010).
As discussed in the previous section, let N = 629 be the total of firms in the sam-
ple. Firms j = 1, ..., 607 belong to the control group, while i = 1, ..., 22 belong to the
treatment group, and i = 3, 6, 9, 19 identify the four largest firms.

There are two issues that may arise when using the synthetic control method in
a setup like ours (Abadie and L’hour, 2019; Abadie, 2021). First, the presence of a
large number of firms in the control group and a few treated units can increase or
create interpolation biases. The synthetic control method creates a counterfactual for

(out of a total of 19 pre-intervention periods) as predictors. On the other hand, Abadie, Diamond and
Hainmueller (2015) use the mean of all pre-intervention outcome value.

16Ferman, Pinto and Possebom (2020) argue that, since there are no guidelines for which set of pre-
dictors should be used with the synthetic control method, this generates opportunities for researchers
to search for specifications that would lead to significant results. Therefore, in order to avoid a specific
selection of pre-intervention lags, we use all of them.
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Figure 1: Employment Growth in the Construction Sector
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Notes: This figure shows the growth of the number of employees from the construction sector since
2007. We sum the number of employees of the firms from the two groups to construct the index, which
takes the value of 100 in January 2007.

the treated units, based on an optimal weighted combination of units from the con-
trol group. The optimal weight vector is chosen to minimize discrepancies between
some pre-intervention characteristics (predictor variables) of the units in the control
and treated groups. But it may be possible that the treated unit can only be closely re-
produced by matching large differences in predictor variables, which creates concerns
about potential biases.17

Second, the method can yield non-unique solutions. With multiple control units, it
is more likely for predictor variables of the treated unit to fall into the convex hull of
these variables of the control group. In this case, there might be more than one optimal
convex combination of predictors from the control group that resemble equally well
the treated unit pre-intervention. This could then lead to interpolation bias.

To address these issues, we adopt the following strategy.18 First, as described in the
previous section, we restrict our sample further to include in the control group only
firms with similar characteristics as the treated ones (Abadie, Diamond and Hain-
mueller, 2010; Abadie, 2021; Acemoglu et al., 2016). Second, we run the synthetic con-

17Ferman and Pinto (2019), build an alternative set of the synthetic control method to account for
cases where there is imperfect pre-intervention fit.

18Other approaches have been use in the literature. Abadie and L’hour (2019), for instance, add a
parameter in the synthetic control method to penalize such discrepancies between treated and untreated
units, aiming to avoid interpolation biases when working with disaggregated data.
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trol separately for each of the treated units (Abadie and L’hour, 2019).
The control group is the set of firms that will potentially compose our synthetic

control counterfactual. Even though the control group is the same for all treated units,
this does not imply that the resulting synthetic group will be, given that we run the
synthetic control separately for each firm. We then calculate a weighted average of
those estimators for each firm in order to obtain the synthetic control estimator and
establish the desired counterfactual for the entire treated group.

We now turn to a formal description of our exercise. Let Yzt denote the employment
index for firm z in period t, where t = 1, ..., T0, ..., T and z = i, j. This is given by:

Yzt =
Lzt

Lz(t−1)
× Yz(t−1), (1)

where Lzt is the number of employees in firm z at time t. We assign the value 100 to
the employment index at t = 1, i.e., January 2000.

Moreover, let Y I
zt be the outcome after the intervention, i.e., for t = T0, ..., T , and Y N

it

be the outcome before the intervention, i.e., for t = 1, ..., T0 . We define T0 = 85 as the
month of the intervention, which is January 2007 (which corresponds to the beginning
of PAC), and T = 216 is the final period of our sample, which is December 2017.

The effect of the intervention on the outcome variable is estimated by the difference
between the outcome under the intervention relative to its value under the interven-
tion’s absence. Therefore, the effect of corruption on firm growth is measured by the
difference between the outcome and the (synthetic) counterfactual post-intervention:

τ̂t = Y I
t − Ŷ N

t ; for t > T0. (2)

Because only Y I
t is observed, in place of the counterfactual Y N

t , we need an esti-
mate, Ŷ N

t , in the formula above. In particular, we use the synthetic control method
to obtain an estimate that is a weighted average of the outcome of firms in the con-
trol group that best resembles the treated units regarding their growth pattern pre-
intervention.

Then, the synthetic control estimator for each treated firm i is:

τ̂it = Yit −
607∑
j=1

w∗i,jYjt, ∀i = 1, ..., 22 and t > T0, (3)

where w∗i,j represents the weight of firm j for the synthetic group of treated firm i and
W∗

i = (w∗i,1, ..., w
∗
i,607)

′ is the 607 x 1 vector of optimal weights for each treated firm i.
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The final synthetic control estimator for the whole treatment group is:

τ̂t =
22∑
i=1

lit
Lt

[Yit −
607∑
j=1

w∗i,jYjt], with t > T0 and Lt =
22∑
i=1

lit, (4)

where lit is the number of workers in firm i at time t and Lt is the total number of
workers from the entire treatment group at time t. Therefore, our final estimator is
a weighted average of employment indices, in which the weights are given by the
relative sizes of firms in the treatment group.

The synthetic control estimator for each treated firm is the same, whether we are
analyzing the impact on the entire treatment group or on the largest treated firms
only. The difference between the two specifications is when we average the synthetic
estimators in order to calculate the average counterfactual, as shown in (4), given that
the (employment) weights are different.

Following Abadie and Gardeazabal (2003) and Abadie, Diamond and Hainmueller
(2010), the optimal vector of the weights, W(V)*, is defined for each treated firm i so
that it minimizes:

||Xi − X0W|| =

(
k∑

h=1

vh(Xhi − w1Xh1 − ...− w607Xh607)
2

)1/2

(5)

s.t w2 + ...+ w607 = 1

w2 ≥ 0, ..., w607 ≥ 0,

where Xi is a vector of k predictors of the outcome for treated unit i. We use all pre-
intervention lags of the outcome as predictors, therefore, since T0, we have 84 pre-
intervention lags, such that k = 84. Therefore, Xi is a 84x1 vector and X0 is a 84x607
matrix of predictors for all j units in the control group, such that X0 = [X1, ...,X607]. To
avoid extrapolation, the weights are restricted to be non-negative and to sum to one.

Finally, V is chosen so that it minimizes the mean squared prediction error (MSPE)
with the synthetic control with respect to Y N

it (Equation 5), such as:∑
t∈τ0

(Yit − w1(V)Y1t − ...− w607(V)Y607t)
2, for τ0 = {1, ..., 84}. (6)

Therefore, we let the choice of V be a data-driven process, where V can be interpreted
as the weight of each predictor variable in predicting the outcome.
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5 Results

We use the synthetic control method to estimate a counterfactual for employment for
the whole treatment group (labeled ”all treated firms”) and for four treated firms that
represent more than 50% of the employment share of the entire group during the ana-
lyzed period (labeled ”four largest treated firms”). The corruption impact, considering
both a potential boom and a bust induced by the uncovering of the fraudulent scheme,
can, then, be measured by the difference between realized outcome (employment in-
dex) and its counterfactual. Table A3 in the Appendix shows the synthetic control
weights for each of the 22 treated firms. The counterfactual for the treated firms and
the largest four treated firms are calculated using these estimated weights.

Figure 2 compares the average growth pattern for the treated firms (solid line) and
the estimated synthetic path (dashed line). Panel A shows the results for all firms in
our treatment group and Panel B for the four largest treated firms. As both panels
show, there is a good pre-intervention fit for both specifications, which suggests that
the results for the synthetic control are not biased (Abadie, Diamond and Hainmueller,
2010; Abadie, 2021).

Given that the Car Wash investigation started in March 2014, we consider the first
part of the post-intervention period (from January 2007 until February 2014) as the pe-
riod where treated firms were involved in the corruption scheme but had not yet been
detected. This period is identified in Figure 2 by the two vertical red lines; the first
corresponds to the beginning of the PAC and second, the launch of the Car Wash in-
vestigation. During this period, corruption did not have a considerable impact on em-
ployment growth. As panel A shows, on average, treated firms would have grown just
slightly more without corruption. Comparing the employment index for the treated
firms with its counterfactual, the average treated firm would have had 12% more em-
ployees without corruption over that period. For the specification that considers the
four largest treated firms (Panel B), our findings show a positive, but still small impact
of corruption. Comparing the employment index with the counterfactual, the aver-
age largest firm would have 7.5% fewer employees without corruption. Panel B also
shows that these large firms reached their employment peak in 2013, instead of 2014,
because of corruption.

The fact that firms involved in corruption had a small positive effect or even a nega-
tive one is somewhat intriguing in the light of previous work that argued that winning
public contracts can have a positive impact on firm growth (Ferraz, Finan and Szer-
man, 2015).19 On the other hand, the reliance of firms on government contracts could
slow their growth, via lower investment in resources or via distortions on their factor

19Ferraz, Finan and Szerman (2015) show that winning a contract increases firm growth by 2.2 per-
centage points over a quarter.
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Figure 2: Results of the synthetic control estimation
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Notes: Panel A plots the synthetic counterfactual and the employment index for the average treated
firm, considering all the firms from the treatment group. Panel B shows an analogous estimation for the
four largest treated firms.
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allocation (Cohen and Malloy, 2016). The reliance on the government is compatible
not only with the nature of the construction sector, that depends on public investment
on infrastructure projects, but also with the size of the treated firms. These firms are
considerably larger than the firms in the control group and may be more likely to need
larger projects to survive. These results are also compatible with the strand of the liter-
ature that argues that corruption imposes extra costs on firms and can therefore slow
their growth (Shleifer and Vishny, 1993; Fisman and Svensson, 2007; Dal Bó and Rossi,
2007).

The second part of the post-intervention period, with the beginning of the Car
Wash operations in March 2014, reverted the path of growth that firms were on. As
panels A and B of Figure 2 show, treated firms had a much more drastic employment
contraction as compared to the counterfactual in which they were not implicated in
the investigation. A decrease in size seems natural, given that the investigation spilled
over to the whole sector, with a decrease of infrastructure projects, investments, etc,
but the effects on the treated firms was more severe: the average treated firm would
have had 100% more employees over the second part of the post-intervention period
without corruption and Operation Car Wash. The average larger firm would have
been 120% larger. The negative impact for the four largest firms is stronger than the
average of the whole treatment group, which suggests that these firms had a larger
involvement with corruption.

In sum, in the data we study, firms involved in corruption do not display faster
growth while corruption goes undetected. Moreover, after corruption is exposed, they
experience a severe contraction. Overall, the impact of corruption on the average firm
in the treatment group is a decrease of 17% on the number of employees, while for the
four largest firms experience a decrease of 37.5%.

To enable inference for the specification with the entire treatment group, we run a
few placebo tests, following Abadie, Diamond and Hainmueller (2010) and Abadie
and L’hour (2019). To do this, we run the synthetic control method for randomly
drawn firms (pseudo-treated units) that were not involved with corruption; i.e., not
in the original control group. The idea is to compare the treatment effect of firms that
were not involved with corruption to understand if the results are indeed a significant
estimation of the effect of corruption. Therefore, we run 10 placebo tests and for each
one of them we randomly draw 22 firms in order to construct a pseudo-treatment
group with the same number of units as our original specification.20 The pseudo-
control group consists of the remaining firms. The original treated firms (the ones that
were associated with corruption) are not part of that draw and, therefore, are all in the
placebo test’s control groups.

20Because of computational costs we run 10 placebo tests, which in our case means running the syn-
thetic control 220 times.
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Figure 3: Placebo Tests
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Panel A of Figure 3 shows the results for the placebo tests. Each line represents
the effect of corruption on employment growth, measured by the gap between the
employment index and the synthetic counterfactual, for the placebos (gray lines) and
the baseline estimation for the treated firms (black line). Even though the impact seems
larger in some placebo estimations, the synthetic result for the treated firms exhibits
a better pre-intervention fit, relative to the placebos. We are also able to calculate
the root of the mean squared prediction error (RMSPE) for the placebos and compare
to our specification in order to assess the quality of our results. The RMSPE for the
entire treatment group of firms involved with corruption is 3.95, while the median for
the placebos is 36.7. That is, relative to the placebos, the synthetic estimation has a
considerably better pre-intervention fit.

Additionally, we construct a test statistic based on the ratio of the RMSPE pre-
and post-intervention.21 Panel B of Figure 3 displays the distribution of the post/pre-
intervention ratios of the RMSPE for the placebos and the baseline specification. The
result for the baseline specification (treated firms associated with corruption) is con-
siderably higher than for all the placebos. Therefore, the probability of randomly ob-
taining a ratio as large as the one for the baseline specification is 0.0909, which means
that the results are statistically significant at 10%.22

6 Robustness

In this section, we run two tests to analyze the robustness of the main results. First,
we include in the sample the largest consortium of construction firms formed after
2007. Second, we run the synthetic control method considering another proxy for firm
growth: payroll growth. The main conclusions remain essentially unchanged.

21Having the weighted treated and synthetic outcome for each of the placebos and for the main
specification, we calculate the synthetic control effect, as shown in equation (3). Therefore, we calculate
the RMSPE pre- and post-intervention as follows:

RMSPEp =

√∑T
t=T0+1

(∑629
i′=608

l
i′,t
Lt

(Yi′,t−
∑607

j=1 wi′,jYj′,t)

)2

T−T0√∑T0
t=1

(∑629
i′=608

l
i′,t
Lt

(Yi′,t−
∑607

j=1 wi′,jYj′,t)

)2

T0

22Following Abadie, Diamond and Hainmueller (2010) the p-value is calculated as:

pvalue =

∑P
p=1 1[RMSPEp ≥ RSMPE1]

P
= 0, 09090
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6.1 Consortium

Major infrastructure projects have high financial and logistical requirements. These
requirements sometimes can not be satisfied by one single firm. Therefore, it is rela-
tively common for construction firms to associate, establishing a consortium, in order
to be able to execute these types of projects.

However, due to data limitations, we are not able to include consortia in the final
panel. There are two main reasons for that. First, a typical consortium is created for
specific projects that usually last a few years and not the full eighteen years required
by our balanced panel. Therefore, we are not able to include a consortium as a separate
firm. Second, even though it is possible to identify a consortium in the data through its
unique firm-identifier, it is not always possible to identify the firms that are a part of
it. This implies that we cannot readily assign consortium employees to the partnering
firms, following their consortium shares, for example, which would be a solution to
the previous problem.

Our treatment group is composed of large firms from the construction sector, which
are, at the same time, relative to smaller firms, more likely to engage in consortia and to
represent a larger share when they do engage. Therefore, it is a reasonable concern that
workers employed by consortia from the construction sector are ultimately associated
to firms implicated in the Car Wash investigations. Because we do not include any
consortium in our main analysis, one could be concerned that we are not capturing all
the employees from treated firms. The exercise in this section deals with this issue.

As a robustness check, we include in our treatment group a particular consortium
from the construction sector that is composed of firms implicated in the Car Wash case.
To do that, we gather information about all the consortia from the construction sector
that started since 2007 until 2013, aiming to obtain information about the ones poten-
tially involved in corruption.23 Since consortia have different durations, we calculate
the average number of employees for each of them. The largest consortium encom-
passes six of the originally treated firms (firms 1, 2, 3, 6, 9 and 19). Then, through
online research and the Federal Prosecutor’s website, we are able to establish that this
consortium was indeed involved in the corruption case uncovered by the Car Wash
investigation. Only because there was a complaint filed against it that we were able
to recover the exact share of each one of the six firms in the consortium.24 Each one
of them had at least 10% share, totaling 83% of the entire consortium. Therefore, it
was possible to attribute the number of employees to each firm proportionally to their

23Since our intervention period starts in 2007, it is more likely for a consortium that started since then
to be involved in corruption than the ones that started before.

24Naturally, not every consortium was implicated in the Operation Car Wash, even if they were com-
posed by some firms that were. Hence, it is not possible to obtain information about their composition
for all of them.
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Figure 4: Adding consortium: Results for the synthetic control
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Notes: This figure shows the synthetic control estimations for robustness test in which we add the
employees from the largest consortium that started after 2007 and was implicated in corruption by the
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share.
We adopt the same empirical strategy as before, where we run the synthetic control

method for each of the treated firms and aggregate the results according to their weight
in the whole group in order to estimate the counterfactual for the average treated firm.
As only those six treated firms had a change in the number of employees, we only
need to rerun the synthetic control method for these firms. The other 16 firms from
the treatment group and all the firms from the control group do not experience any
changes, so their synthetic controls are the same as in the baseline specification. The
estimates are very similar.25

Even though there are no changes in the synthetic control for the six firms, there are
mechanical changes in the weights for each treated firm in the entire treatment group,
as more employees are attributed to them. Therefore, when we aggregate the outcome
and the synthetic results of each of the firms in order to calculate the average effect of
corruption, these six firms from the consortium now have a larger weight than in the
baseline specification. This changes not only the average outcome, but also the result
for the average synthetic outcome.

The results for this modified exercise are plotted in Panels A and B of Figure 4. The
conclusions are very similar from those in the baseline. Again, the average treated
firm did not benefit much from corruption. The average larger firm (Panel B) still
show slightly better results than the average treated firm, but that is not a considerable
difference. Hence, even after including the largest consortium in the data, which gives
a larger weight to the four largest firms in the treatment group, the results remain
basically unchanged.

6.2 Different Outcome Variable: Payroll

As a second robustness check, we run the synthetic control using a different outcome
variable: payroll growth. The idea is to analyze the results for a different proxy of firm
growth to check if it generates results that are similar to the ones from the baseline
model. To do this, we calculate the total payroll of each firm at each month-year at
2000 prices and create a payroll index, as follows:

Yzt =
Wzt

Wz(t−1)
× Yz(t−1), (7)

where Yzt is the payroll index and Wzt is the total payroll for firm z, being z = i, j,
at date t under constant 2000 prices. We assign the value 100 to the period t = 1, i.e.
January 2000, in the same way as in the employment index.

We use the same control group and the same pre-intervention predictor variables

25One can compare the weights for firms 1, 2, 3, 6, 9 and 19 in Tables A3 and A4 in the Appendix.
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Figure 5: Synthetic control for a different outcome variable: payroll
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Notes: This figure shows the synthetic control estimation for the robustness test with a different out-
come variable: the payroll index, calculated in the same way as the employment index, but substituting
number of employees for total payroll. Panel A shows the results for the average firm in the treatment
group and Panel B for the average across the four largest firms.
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to estimate our counterfactual as in the baseline model. In addition, we use the same
strategy of running the synthetic control for each firm in the treatment group sepa-
rately and, then, aggregating them based on their weight in the whole group. The
difference here is that the weight is calculated based on their share given by the pay-
roll and not the number of employees.

As Figure 5 shows, the results paint a similar picture. Firms implicated in cor-
ruption by the Car Wash investigations did not benefit from these illegal practices.
Even more striking than our baseline model, the four largest firms show a worse per-
formance in terms of payroll. The payroll of both the average firm from the treatment
group and the average large treated firm would be around 32% higher without corrup-
tion during the period between the beginning of the corruption from the PAC (2007)
and the beginning of the Car Wash investigations (2014). After that, the payroll would
be 220% higher for the average treated firm and 228% higher for the larger treated firm
compared with the counterfactual.

Once again, these results suggest that these firms engaged in such activities in order
to stay in business by winning the government contracts. As Campos et al. (2021)
argue, the growth of one of the firms implicated in the scheme exposed by the Car
Wash investigation did not increase its profits, but there was a positive impact on the
price that particular firm’s stock.

7 Conclusion

This paper provides quantitative evidence on the impact of corruption on employment
growth. We tackle this question by analyzing the performance of Brazilian construc-
tion firms during the corruption scheme uncovered by Operation Car Wash, arguably
the biggest corruption scandal in history. The results suggest that the cost of being
caught in corruption scandals is higher than the potential benefits. On average, impli-
cated firms did not experience higher employment growth relative to our counterfac-
tual estimate. Moreover, we estimate that they would have grown for longer had they
not been implicated in corruption. After being exposed to the scandal, their employ-
ment fell substantially.

Our study can be extended in a few directions. First, given that we do not have
data on the exact percentage of each firm in consortia for major projects, we do not
include these employees in our sample. Even though our robustness check suggests
that it is unlikely this addition would dramatically change our estimates, such an ex-
ercise can strengthen the findings of our paper. Moreover, we focus our analysis on
the construction sector, given that it was the most affected sector in the Brazilian econ-
omy during Operation Car Wash. There is an open possibility that other sectors and
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contexts might exhibit different employment, which is left for future research.
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A Data Appendix

As explained in Section 3, we use the RAIS data set, a matched employer-employee
database. This means that the observations are on the individual level. To obtain the
information needed for our analysis, we first cleaned the original data. We use the
sector code (CNAE) to identify which firms belong to the construction sector. For the
years 2000 until 2005, we use the variable clascnae95 which refers to the code CNAE
1.0 and for the years 2006 until 2017 we use the variable clascnae20, which refers to the
code CNAE 2.0. Even though the codes are not the same, they are compatible over
time. Additionally, using an individual identifier (pis variable for the years 2000 and
2001 and the variable cpf for the remaining years), we drop the duplicate observations,
with respect to: the identifier, date of admission, resignation month, gender, income,
schooling, firm identifier, CNAE code. We also drop all individuals that appear with
zero income.

Second, we generate dummies to identify the months that each individual was
working at a certain firm in a given year, using the date of admission and the month of
resignation. We consider the month of admission as the first month that the individual
worked at a firm and the month of resignation as the last. With this information,
individuals hired for only one month can appear in our data base. For the years 2000
and 2001, we use the variable mesadmissao that assumes the value of the admission
month and for the years 2002 until 2017, we use dtadmissao that assumes the value of
the admission date. Therefore, for 2003 until 2017, we construct a compatible variable
of month of admission, replacing the value of the variable with 0 if the individual was
hired in a year before the year of the survey. For the month of resignation, we use the
variable mesdeslig.

Third, we sum the number of individuals working in each month by a given firm,
where the firms are identified by the first 8 digits of their tax identifier (CNPJ). We
then calculate the employment index as follows:

EmploymentIndexit =
lit
lit−1

× EmploymentIndexit−1,

where Employment Index assumes the value 100 when t = 1; i.e., January 2000, and lt

is the number of employees from firm i at time t.
Finally, we use the synth package from the Stata Software to run the synthetic con-

trol method.

A.1 Tables
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Table A1: Employment share of each firm within the treatment group

treatment group

id weight id weight

1 2.6% 12 2.1%

2 7.8% 13 6.3%

3 16.9% 14 4.2%

4 4.4% 15 0.5%

5 2.2% 16 1.6%

6 8.5% 17 1.4%

7 2.9% 18 1.3%

8 1.0% 19 16.7%

9 9.4% 20 0.2%

10 0.4% 21 3.1%

11 3.3% 22 3.2%

Notes: This table shows the distribu-
tion of the average employment share
of each of the treated firms within
the treatment group. We calculate the
share of each firm in the group per
month-year and then we calculate the
average of the entire period from Jan-
uary 2007 until December 2017. The
id is the firm-identifier that is assigned
randomly to each one of the firms and
the shares sum 100%.
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Table A2: Descriptive Variables

% of
initial
panel

treated firms

year control all firms 4 largest firms

2000 47% 236 2561 7112

2001 49% 274 2834 7601

2002 50% 284 2855 7581

2003 49% 269 2498 6290

2004 50% 302 2562 6455

2005 53% 348 2711 7370

2006 56% 417 3002 8558

2007 58% 452 3369 10264

2008 59% 551 4532 14238

2009 60% 604 4386 13313

2010 62% 718 5442 17171

2011 62% 751 5628 20070

2012 62% 750 6493 21542

2013 63% 739 6316 17443

2014 62% 738 5242 14030

2015 60% 607 3377 8140

2016 59% 477 2108 4807

2017 59% 400 1218 3403

Notes: This table shows descriptive statistics for some key variables.
Column 2 shows the percentage of the initial panel that remains af-
ter creating the balanced panel from 2000 to 2017 in terms of num-
ber of employees. Columns 3 through 5 shows the average monthly
workers per year from the control and treatment groups. Columns
4 shows the results for the sample of all treated firms and Column 5
considers the sample of the four largest treated firms.
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Table A3: Optimal weights - Part I

1 2 3 4 5 6

id weight id weight id weight id weight id weight id weight

21 1% 14 4% 14 4% 6 4% 12 12% 34 0.2%

34 1% 44 4% 44 4% 35 3% 21 1% 38 1%

41 0.1% 59 0.2% 59 0.2% 44 0.4% 35 3% 66 17%

59 0.3% 85 5% 85 5% 85 5% 41 0.4% 81 8%

90 1% 102 1% 102 1% 113 2% 59 0.4% 90 0.1%

95 1% 107 2% 107 2% 118 2% 82 1% 102 0.1%

102 0.1% 118 1% 118 1% 125 0.1% 98 1% 107 0.3%

109 1% 126 8% 126 8% 197 7% 102 2% 142 3%

113 0.1% 149 12% 149 12% 198 5% 198 6% 149 5%

116 0.2% 151 6% 151 6% 211 0.4% 249 21% 155 0.4%

140 12% 164 0.4% 164 0.4% 262 4% 256 2% 198 2%

155 1% 196 0.4% 196 0.4% 269 4% 389 0.1% 229 6%

167 1% 218 1% 218 1% 310 9% 411 5% 279 3%

175 1% 222 8% 222 8% 315 0.1% 539 47% 296 16%

198 3% 239 2% 239 2% 335 2% 308 0.3%

199 0.2% 269 0.1% 269 0.1% 390 9% 311 0.2%

218 2% 271 11% 271 11% 454 3% 379 1%

260 1% 296 4% 296 4% 470 3% 424 8%

300 7% 335 0.4% 335 0.4% 520 2% 436 0.1%

352 4% 354 9% 354 9% 570 2% 453 1%

365 9% 366 4% 366 4% 583 2% 488 4%

369 9% 429 1% 429 1% 589 4% 517 1%

399 0.4% 432 2% 432 2% 600 20% 523 3%

408 5% 502 2% 502 2% 606 7% 524 3%

410 0.2% 520 0.4% 520 0.4% 539 1%

415 1% 521 5% 521 5% 549 0.4%

420 4% 539 7% 539 7% 552 1%

424 4% 571 5%

452 3% 590 4%

453 4% 592 8%

463 1%

477 1%

480 2%

502 0.2%

504 5%

524 3%

539 4%

563 0.1%

580 1%

592 8%



Table A3: Optimal weights - Part II

7 8 9 10 11 12

id weight id weight id weight id weight id weight id weight

14 1% 35 8% 5 0.1% 48 2% 6 1% 10 24%

44 0.2% 53 3% 14 2% 109 9% 44 12% 62 0.1%

52 8% 80 1% 63 1% 150 11% 77 0.2% 107 2%

57 0.3% 97 5% 85 1% 164 1% 113 1% 218 10%

61 0.1% 102 1% 107 0% 189 1% 118 1% 229 13%

82 0.3% 111 1% 110 2% 198 2% 124 5% 240 3%

134 3% 131 5% 115 0.2% 260 1% 185 1% 293 4%

175 1% 144 1% 143 0.2% 343 22% 187 2% 354 0.1%

180 5% 185 1% 164 1% 354 0.4% 211 2% 367 1%

216 4% 198 6% 211 0.1% 365 22% 315 0.3% 392 1%

269 2% 204 22% 214 3% 410 1% 379 5% 432 2%

313 0.1% 223 13% 229 1% 432 1% 410 1% 435 1%

320 0.4% 231 3% 232 1% 439 2% 432 9% 447 1%

343 31% 236 1% 250 4% 473 14% 450 29% 501 7%

357 5% 254 1% 262 2% 488 8% 469 0.4% 517 8%

365 17% 297 4% 267 2% 570 1% 490 12% 520 1%

376 3% 311 3% 269 0.2% 588 2% 519 2% 539 6%

390 2% 335 0.2% 291 11% 539 5% 590 15%

408 2% 382 0.2% 296 3% 552 12% 594 0.3%

414 1% 384 1% 297 3%

446 3% 389 1% 298 1%

473 1% 456 0.4% 308 1%

529 1% 505 7% 310 1%

549 1% 593 14% 341 3%

570 1% 354 1%

576 6% 393 0.4%

578 2% 398 3%

429 4%

433 1%

435 1%

461 9%

467 1%

473 3%

485 1%

487 5%

489 0.1%

505 4%

509 4%

549 12%

552 2%

570 0.2%

584 7%



Table A3: Optimal weights - Part III

13 14 15 16 17 18

id weight id weight id weight id weight id weight id weight

6 1% 8 2% 21 0% 12 0% 6 1% 62 0%

13 11% 13 2% 113 0% 14 0% 12 2% 149 14%

14 3% 14 1% 175 3% 30 1% 14 0% 296 1%

21 1% 45 0% 279 59% 33 0% 35 0% 431 45%

35 0% 52 2% 300 24% 66 3% 38 1% 487 25%

38 3% 66 1% 354 5% 109 8% 41 0% 592 15%

57 1% 72 0% 389 1% 151 10% 50 4%

72 1% 104 3% 399 0% 185 0% 59 0%

90 2% 118 0% 411 2% 189 0% 73 2%

93 0% 144 0% 477 1% 218 3% 79 3%

98 0% 164 0% 516 0% 225 3% 80 2%

113 1% 216 2% 551 4% 232 0% 85 0%

116 0% 217 6% 254 3% 104 6%

121 3% 218 1% 265 9% 107 1%

138 1% 230 6% 278 1% 198 0%

187 2% 295 4% 288 2% 218 3%

189 3% 300 5% 298 0% 260 2%

199 1% 343 15% 354 1% 269 4%

212 2% 344 1% 383 30% 284 0%

223 6% 354 3% 387 2% 310 3%

269 1% 362 19% 396 1% 335 1%

310 3% 364 1% 410 0% 354 9%

313 2% 368 2% 429 4% 367 1%

380 9% 411 0% 471 2% 386 2%

382 0% 418 6% 480 0% 390 10%

387 0% 447 0% 501 1% 406 5%

403 10% 454 2% 502 1% 429 2%

406 3% 468 4% 503 3% 467 3%

490 4% 498 1% 517 0% 489 0%

502 0% 517 1% 526 4% 501 8%

505 8% 518 1% 539 4% 520 1%

513 1% 524 7% 552 3% 529 1%

520 1% 532 1% 554 1% 570 1%

539 11% 551 0% 570 1% 592 22%

570 2% 581 1% 571 1% 606 1%

596 1% 572 0%

602 3% 584 0%



Table A3: Optimal weights - Part IV

19 20 21 22

id weight id weight id weight id weight id weight

6 0.4% 317 3% 66 2% 59 0.2% 5 1%

8 13% 357 5% 162 59% 162 74% 20 3%

14 2% 365 5% 487 17% 227 0.4% 44 1%

25 1% 368 0.3% 526 23% 431 15% 66 10%

44 0.1% 376 0.2% 473 9% 82 1%

52 1% 379 0.4% 477 1% 84 1%

68 0.1% 403 14% 94 2%

72 0.1% 406 0.1% 117 0.1%

90 1% 430 0.1% 120 2%

97 0.4% 447 2% 124 2%

101 0.2% 448 4% 151 9%

107 0.3% 473 10% 198 3%

118 0.4% 475 0.1% 211 1%

144 0.1% 489 3% 262 3%

151 1% 490 0.1% 297 10%

174 10% 510 1% 311 1%

189 0.4% 600 2% 315 0%

199 0.2% 364 2%

216 5% 382 0.2%

218 3% 394 1%

226 2% 447 1%

236 0.1% 454 2%

265 1% 480 3%

269 2% 501 17%

278 2% 539 6%

296 0.1% 549 4%

300 3% 570 1%

304 2% 578 12%

316 1% 589 2%

Notes: This table shows the composition of the synthetic control group for each of the firms in
the treatment group for the baseline specifications. Each column refers to one of the treated firms,
identified from 1 to 22, and shows the optimal weights estimated by the synthetic control method.
Those weights are used to construct the counterfactual used to compare with the employment
index in order to estimate the impact of corruption on employment growth.



Table A4: Composition of the counterfactual including the consortium as robustness test

1 2 3 6 9 19

id weight id weight id weight id weight id weight id weight

21 1% 14 4% 14 4% 34 0% 5 0% 6 0%

34 1% 44 4% 44 4% 38 1% 14 2% 8 13%

41 0% 59 0% 59 0% 66 17% 63 1% 14 2%

59 0% 85 5% 85 5% 81 8% 85 1% 25 1%

90 1% 102 1% 102 1% 90 0% 107 0% 44 0%

95 1% 107 2% 107 2% 102 0% 110 2% 52 1%

102 0% 118 1% 118 1% 107 0% 115 0% 68 0%

109 1% 126 8% 126 8% 142 3% 143 0% 72 0%

113 0% 149 12% 149 12% 149 5% 164 1% 90 1%

116 0% 151 6% 151 6% 155 0% 211 0% 97 0%

140 12% 164 0% 164 0% 198 2% 214 3% 101 0%

155 1% 196 0% 196 0% 229 6% 229 1% 107 0%

167 1% 218 1% 218 1% 279 3% 232 1% 118 0%

175 1% 222 8% 222 8% 296 16% 250 4% 144 0%

198 3% 239 2% 239 2% 308 0% 262 2% 151 1%

199 0% 269 0% 269 0% 311 0% 267 2% 174 10%

218 2% 271 11% 271 11% 379 1% 269 0% 189 0%

260 1% 296 4% 296 4% 424 8% 291 11% 199 0%

300 7% 335 0% 335 0% 436 0% 296 3% 216 5%

352 4% 354 9% 354 9% 453 1% 297 3% 218 3%

365 9% 366 4% 366 4% 488 4% 298 1% 226 2%

369 9% 429 1% 429 1% 517 1% 308 1% 236 0%

399 0% 432 2% 432 2% 523 3% 310 1% 265 1%

408 5% 502 2% 502 2% 524 3% 341 3% 269 2%

410 0% 520 0% 520 0% 539 1% 354 1% 278 2%

415 1% 521 5% 521 5% 549 0% 393 0% 296 0%

420 4% 539 7% 539 7% 552 1% 398 3% 300 3%

424 4% 571 5% 429 4% 304 2%

452 3% 590 4% 433 1% 316 1%

453 4% 592 8% 435 1% 317 3%

463 1% 461 9% 357 5%

477 1% 467 1% 365 5%

480 2% 473 3% 368 0%

502 0% 485 1% 376 0%

504 5% 487 5% 379 0%

524 3% 489 0% 403 14%

539 4% 505 4% 406 0%

563 0% 509 4% 430 0%

580 1% 549 12% 447 2%

592 8% 552 2% 448 4%

Notes: As a robustness test, we include the largest consortium since 2007 and we allocate its employees for each of the firms
involved according to their share in the consortium. Hence, this table shows the composition of the synthetic control group for
each of the treated firms that were part of the consortium.


