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Resumo
Após cumprir a meta de universalizar o acesso à educação básica no início dos
anos 2000, o governo brasileiro mudou o foco de suas políticas educacionais para
melhorar a qualidade da educação. Ações foram tomadas no final dos anos 2000
seguindo algumas estratégias voltadas para esse novo objetivo. Em especial, foi
implementado um piso salarial para professores, como forma de valorização da
profissão docente, e houve a ampliação das redes de educação infantil, como forma
de fazer com que as crianças iniciassem a escolarização mais cedo. Neste trabalho
buscamos compreender os fundamentos por trás dessas políticas e os contextos
institucionais que levaram às suas implementações, bem como avaliá-las por meio
de modernas técnicas econométricas. Em ambos os casos, contamos com dados de
pontuações em testes nacionais e padronizados, bem como outras fontes de dados
para atender às necessidades específicas de cada avaliação.

Palavras-chave: Economia da Educação. Salários de Professores. Educação Infan-
til.

JEL - Classificação: I20, J31, J13





Abstract
After accomplishing the goal to universalize the access to basic education in the
early 2000s, the Brazilian government shifted the focus of its education policies to
improve education quality. Actions were taken in the late 2000s following a couple
of strategies aimed at this new goal. In particular, a teachers’ exclusive wage floor
was implemented, as a way of valuing the teaching profession, and there was an
expansion in early childhood education systems, as a way of getting children to
start schooling earlier. In this piece we seek to understand the fundamentals behind
these policies and the institutional backgrounds which led to its implementations,
as well as to evaluate them using modern econometric techniques. In both cases we
rely on data from scores on national and standardized tests, as well as other data
sources to fulfill the particular needs of each evaluation.

Keywords: Economics of Education. Teacher Wages. Early Childhood Education.

JEL - Classification: I20, J31, J13
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1 Introduction

Brazil’s redemocratization and the promulgation of its new Constitution, in
1988, redefined the basis of its education system. At first, the main focus of the
following adopted education policies were to expand the access to basic education,
aiming to universalize it. This goal was accomplished in the early 2000s, after a
series of structural, curricular, and funding reforms. However, besides the Brazilian
public education system improvement in national standardized tests, there was a
persistent lackluster performance of Brazilian students at international evaluations
of education quality.

Naturally the public opinion shifted to a new goal of raising education
quality, incentivizing legislators to adopt measures in response to this demand.
A plethora of actions were taken in order to improve basic education students’
performance, following different strategies and views regarding the education system.
Particularly, two of these strategies stand out and this piece aims to evaluate them.

The first of the aforementioned strategies is the increasing of teachers’
salaries, notedly recommended for developing countries by international aid agencies
(UNICEF, 2007; UNESCO, 2014). It seeks to generate long lasting positive effects
over education quality by increasing the social status and the attractiveness of the
teacher profession, taking advantage of the central role of teachers in determining
school and instruction qualities (HANUSHEK; RIVKIN, 2006). But there are
two ways of increasing teachers’ salaries: paying salary bonuses conditionally
on teacher performance over student outcomes, and unconditionally increasing
teachers’ salaries. Despite existing evidence regarding the effectiveness of the
former (MURALIDHARAN; SUNDARARAMAN, 2011; MURALIDHARAN, 2012;
CONTRERAS; RAU, 2012), the latter is more commonly adopted by developing
countries as it does not require complex and large databases, as well as accurate
measures of individual teachers’ productivity (UNICEF, 2011).

Following the recommendation of international aid agencies, and accompa-
nying other developing countries, Brazilian legislators passed a law establishing
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a teachers’ exclusive wage floor from 2009 onwards. The setted initial value was
slightly above two times the national minimum wage and hiked every year. In
Chapter 2 of this piece we further argue about the policy fundamentals and its insti-
tutional background. We also evaluate the effects of the wage floor implementation
over students’ scores on a national and standardized test which occur through the
mechanism of higher skilled individuals self-selecting in the teacher profession, as
the legislation piece aimed to increase the attractiveness of this profession. Relying
on administrative data collected for the Basic Education Assessment System and
tax collection data from the Ministry of Economy, we make use of a triple-differences
econometric model with nonbinary treatment to conduct this evaluation.

Our results do not support the effectiveness of unconditional teachers’
salaries increases in promoting student performance through the mechanism of
selecting higher skilled teachers, and are in line with other evaluations conducted for
similar policies adopted in developing countries (REE et al., 2018; BAU; DAS, 2017;
PUGATCH; SCHROEDER, 2018; CABRERA; WEBBINK, 2020; CHELWA; PEL-
LICER; MABOSHE, 2019). However, we suspect that the lack of law enforcement
to promote compliance with the wage floor law and the economic activity slowdown,
which diminished public budgets and could have turned law compliance unfeasible,
ended up invalidating our identification assumption of treatment exogeneity, thus
compromising this natural experiment.

In a broad sense, the other strategy for improving education quality we are
interested in, consists of making children start schooling earlier. Departing the late
2000s, some policies were taken acting in this direction, like the addition of one
more grade to Ensino Fundamental, the Brazilian educational level encompassing
elementary and middle schools. Despite this grade addition, in Chapter 3 we focus
on, present the policies which led to, and evaluate the expansion of the Brazilian
early childhood education systems.

The adoption of early childhood education policies are commonly based
on robust findings in the early childhood interventions literature attesting the
effectiveness of high quality interventions in benefiting a child in both cognitive
and noncognitive skills dimensions, leading to higher outcomes at school age and
later in life (HECKMAN; PINTO; SAVELYEV, 2013; CARNEIRO; GINJA, 2014;
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ELANGO et al., 2015; KLINE; WALTERS, 2016). Nonetheless, there is another set
of evidence showing the role played by childhood education quality and children’s
backgrounds in determining the effects of large-scale childhood education policies on
children (BAKER; GRUBER; MILLIGAN, 2019; KOTTELENBERG; LEHRER,
2017; HAVNES; MOGSTAD, 2015; BLACK et al., 2014; GUPTA; SIMONSEN,
2010; FELFE; NOLLENBERGER; RODRÍGUEZ-PLANAS, 2015; CORNELISSEN
et al., 2018; GRAY-LOBE; PATHAK; WALTERS, 2021). Once some works in this
former literature depicted concerning cases in which early childhood education
policies can be detrimental if badly executed (BAKER; GRUBER; MILLIGAN,
2008), we investigate if the Brazilian early childhood systems expansion in the
2010s, consequential to a constitutional amendment and a funding reform, caused
more harm than good.

Our findings suggest that, despite the lower quality of early childhood
education offered compared to developed countries, Brazilian child care centers and
preschools are still beneficial for children, with persisting effects measured in math-
ematics and Portuguese language tests conducted at the 5th Ensino Fundamental
grade. Accommodating literature findings, the estimated positive effects seems to
be increasing in municipalities’ investments levels in childhood education. However,
we were unable to find statistically significant effects on age-grade distortion rates.

As mentioned earlier, in the next chapter we argue about the fundamentals
of increasing teachers’ salaries as a policy, present its institutional background, and
evaluate its effects on student performance through the mechanism of higher skilled
individuals self-selecting in the teacher profession. In Chapter 3 we present the
policies which led to, and evaluate the expansion of the Brazilian early childhood
education systems. Finally, we close in Chapter 4 further discussing our findings.
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2 Attracting Better Teachers?

2.1 Motivation

Education plays a key role in long-run economic growth and development.
For this reason, many public policies to improve education outcomes in developing
countries were discussed along the last few decades (GLEWWE; ILIAS; KREMER,
2010). In particular, international aid agencies recommend for developing countries
to increase teachers’ salaries (UNICEF, 2007; UNESCO, 2014). This policy recom-
mendation comes from the centrality of teachers in the determination of school and
instruction qualities, as well as teachers’ salaries being the largest single budgetary
element in schools (HANUSHEK; RIVKIN, 2006).

There are two ways of increasing teachers’ salaries. First, one can pay
salary bonuses conditionally on teacher performance over student outcomes. Paying
teachers on the basis of direct measures of performance promotes greater teaching
efforts, improving student learning (MURALIDHARAN; SUNDARARAMAN, 2011;
CONTRERAS; RAU, 2012). It also turns the teacher profession more attractive
to higher teaching skills individuals, improving teacher quality in the long-run
(MURALIDHARAN, 2012). In Brazil, the municipality of Sobral successfully
implemented an educational policy of this type, contributing to the role model
status of Sobral’s public education system (LOUREIRO et al., 2020). Nevertheless
it is still not fully clear if conditional teachers’ salaries increases really increase
student learning in the long-run or else its positive results come from manipulation
of test scores (GLEWWE; ILIAS; KREMER, 2010).

Second, one can unconditionally increase teachers’ salaries. This method is
recommended for developing countries by international aid agencies because it may
be hard to accurately measure individual teachers’ productivity, often requiring
complex and large databases not available in these countries (UNICEF, 2011).
Although there is a lack of empirical evidence over its effectiveness on raising
student outcomes, there are some theoretical mechanisms by which unconditional
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salaries increases may affect students outcomes.

Even in the lack of a contractual link between the salary increase and student
outcomes, the former can positively affect the latter by an efficiency wage effect
over teacher’s productivity. In other words, teachers may raise teaching efforts in
response to the salary increase due to social norms, thus affecting student outcomes
(AKERLOF, 1982). Moreover the salary increase also raises job loss opportunity
costs, which in turn increases teacher’s productivity by stinging the threat of firing
and reduces teacher’s motivation to look for another job elsewhere (SHAPIRO;
STIGLITZ, 1984). This is the efficiency wage mechanism.

An exogenous salary increase raises the cost of the labor input in the
educational production function, changing the relative input prices and later
affecting the optimal capital-labor ratio and output levels (PRITCHETT; FILMER,
1999). Because the salary increase reduces the input space over which the education
production function is optimized, the new optimal output level must be equal
or lower than the previous one. In simple terms, an exogenous teacher salary
increase incentives education managers to take actions like raising class sizes and
postpone the adoption of new learning technologies, thus negatively affecting
student outcomes, which can possibly undermine positive effects from alternative
mechanisms (GREAVES; SIBIETA, 2019). Hereafter it is called the substitution
effect mechanism.

It may be the case that an exogenous teachers salary increase is proportion-
ally higher in some places than in other places, altering the spatial distribution of
relative teachers’ salaries. In the long-run, this reallocates teachers between cities
or between schools within a city, matching students with different teacher types.
If there are positive (negative) complementarities of students characteristics and
teacher types, this reallocation can positively (negatively) affect students outcomes
(HANUSHEK et al., 2005; GERRITSEN; PLUG; WEBBINK, 2017). We call it a
spatial reallocation mechanism.

Increasing teachers’ salaries while other professions’ salaries are kept un-
changed alters the relative wages structure of the economy, thus biasing the oc-
cupational choice process in favor of the former. It may result in more skilled
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individuals choosing to become teachers if teaching skills have a positive correlation
with essential skills for other professionss (ROY, 1951; HECKMAN; HONORE,
1990). Letting higher skilled individuals self-select into the teaching profession
increases students’ outcomes in the long-run, because good teachers can generate
substantial gains in achievement. As even students’ lifetime earnings are positively
affected by the externalities generated by good teachers, raising teachers’ salaries
may be a Pareto improvement policy(HANUSHEK, 2011; CHETTY; FRIEDMAN;
ROCKOFF, 2014; JACKSON et al., 2014). However, training new teachers takes
time, causing a non negligible time gap between the teachers’ salaries increase
and these positive impacts. We call this occupational choice dynamic a selection
mechanism.

Last but not least, the unconditional increase of teachers’ salaries may occur
as an effect of Baumol’s cost disease (BAUMOL; BOWEN, 1965). The teaching
technology remains almost the same throughout the years, while there are constant
technological improvements raising productivity in other sectors that can pay higher
salaries. Therefore, the requirement to compete for employees causes a general
equilibrium effect forcing the educational sector to pay higher salaries. Hence a
teachers’ salaries increase may have no other major effects than keeping the teaching
profession competitive in the labor market. This is known as the Baumol effect.

Lately some studies evaluated the treatment effects of unconditional teachers’
salaries increases on student outcomes in developing countries: in Brazil, Indonesia,
Pakistan, Gambia, Uruguay and Zambia (MENEZES-FILHO; PAZELLO, 2007;
REE et al., 2018; BAU; DAS, 2017; PUGATCH; SCHROEDER, 2018; CABRERA;
WEBBINK, 2020; CHELWA; PELLICER; MABOSHE, 2019). With the exception
of Menezes-Filho e Pazello (2007), all of these studies found little or no effects
of this type of policy on students’ learning outcomes. However, the time elapsed
from the moment when teachers’ salaries were increased until when students’
outcomes measures were taken varies within these studies, as does the causal
inference methods and the corresponding treatment effects types. As it is, each
study considers a different set of the listed mechanisms or assigns different weights
to each mechanism.

Menezes-Filho e Pazello (2007) and Ree et al. (2018) estimate the effects
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of the policies considered after only 1 and 3 years since their implementation,
respectively. In addition, these studies focus on estimating the effects of salaries
increases of incumbent teachers. Thus, both studies attribute more relevance to
possible gains or losses in productivity from the efficiency wage and the substitution
effect mechanisms, at the expense of the spatial reallocation and the selection
mechanisms. Pugatch e Schroeder (2018), Cabrera e Webbink (2020) and Chelwa,
Pellicer e Maboshe (2019) consider policies for unconditional teachers’ salaries
increases which aim to reallocate high skilled teachers to schools in remote, low-
income or rural areas and estimate their effects 8, 6 and 5 years after implementation,
respectively. Therefore, such studies capture effects which may occur through the
spatial reallocation and the selection mechanisms, but there is no distinction
between them.

Only Bau e Das (2017) aims to clearly separate the effects between the
possible mechanisms, not finding empirical evidence that an unconditional variation
in the salaries of newly-graduated teachers affects their students’ test scores.
However, their results were estimated for a period up to only 5 years after the policy
implementation, which is a short time for the effects of the selection mechanism
to happen. Furthermore, the Pakistani case is atypical when compared to other
developing countries, since the salaries paid to teachers in the public sector were 5
to 8 times greater than the salaries paid in the private sector, even after controlling
for the characteristics of these teachers. Thus the variation in the salaries of newly-
graduated teachers may have no impact over the occupational choice process,
compromising the external validity of the study. Despite this, their results are
consistent with other empirical evidence indicating that the supply of teachers is
wage inelastic (FRIJTERS; SHIELDS; PRICE, 2004; HANUSHEK et al., 2005).

In this piece, we investigate if unconditional teachers’ salaries increases can
positively affect student outcomes by selecting more skilled new teachers. To answer
this question, we explore the 2009 implementation of a teacher exclusive wage floor
in Brazil which occurred along the regulation of work hours and the creation of a
predetermined career path by a law seeking to increase the attractiveness of the
teacher profession. The wage floor initial value was set slightly above two times the
national minimum wage and hiked year by year. To estimate the effects over student
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outcomes, we use a triple-differences econometric model with nonbinary treatment
which allow us to estimate the part of the policy effect that occur through the
selection mechanism, excluding the parts related to other channels. We also use a
difference-in-differences econometric model with nonbinary treatment to estimate
the effects of the policy over teachers’ characteristics, shedding some light over the
effectiveness of the policy in accomplishing its primary objectives.

We contribute to the economics of education literature on the effects of
unconditional teachers’ salaries increases by providing a piece of evidence related
to the long term consequences over students outcomes, specifically those related
to the attractiveness of the teacher profession which, as far as we know, were
currently unclear. Our work also helps to elucidate why previous results concerning
the Brazilian education system were disparate from evidence regarding education
systems from other developing countries, as stated by the results of Menezes-Filho
e Pazello (2007).

Our results suggest that there is not enough evidence to attest the effective-
ness of unconditional teachers’ salaries increases in promoting student performance
through the mechanism of selecting higher skilled teachers. However, we can still
state weak evidence of a positive effect of the teachers’ exclusive wage floor im-
plementation on performance in SAEB’s Portuguese language assessment of 5th

grade students with newly-graduated teachers. We suspect that the lack of law
enforcement to promote compliance with the wage floor law and the economic
activity slowdown, which diminished public budgets and could have turned law
compliance unfeasible, were accountable for making it impossible to carry out a
more convincing assessment of this kind of education policy.

In addition to this motivation section, the rest of this piece is organized
as follows: Section 2.2 describes the historical and institutional background in
which the teachers’ exclusive wage floor implementation took place, while Section
2.3 describes the original databases, the procedures applied to such data, and
how we constructed the treatment intensity measures. Section 2.4 introduces the
identification strategy and estimation models used to obtain the results presented
in Section 2.5. Lastly, Section 2.6 closes with a general discussion of results.
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2.2 Institutional background
Brazil is the sixth most populated country in the world, which in turn also

makes its education system one of the largest. The Brazilian education system
consists of more than 184 thousand schools which attend to more 48 million children.
A large fraction of these schools (78% or 144 thousand schools) are maintained
and administered by public entities, providing education to more than 38.7 million
children that do not have to pay any fees to enroll (INEP, 2019).

Despite its size, the Brazilian education system was virtually neglected
by politicians during the majority of the 20th century. This scenario started to
change after the Brazilian re-democratization in 1988. The newly promulgated
Constitution stated that every child between 7 and 14 years old should be enrolled in
basic education, aiming to accomplish the goal of basic education universalization1.
During the 1990s, a series of educational reforms followed the new Constitution,
establishing guidelines and bases for the education system, creating a national
board of education and a standard national curriculum which all basic education
schools must follow.

In 1996, the Brazilian public spending on education started a path of
continuous growth after the creation of a group of state funds with the participation
of states and municipalities governments. Those funds, called Fundef, aimed to
reduce educational spending inequality between municipalities within a same state
by redistributing its endowments on a per student basis. Later, in 2006, the federal
government started to participate in those funds which in turn passed to account for
pre-primary and upper secondary education students in its distributional formula.
For political convenience, after the mentioned changes, the funds were renamed to
Fundeb.

The law regarding the creation of the Fundeb funds stated that at least
60% of the funds endowments should be expended with teachers salaries. This
led to a general increase in teachers salaries around the entire country that is
credited for a significant fraction of the educational gains in public schools students
1 In 2009, with the 59th Constitutional Amendment, the age range of obligatory enrollment was

further extended to also embrace the pre-primary and upper secondary education ages, now
involving all ages between 4 and 17 years old.
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outcomes and achievement that followed the funds implementation in the 1990s
(MENEZES-FILHO; PAZELLO, 2007).

The education system and education funding reforms led Brazil to spend
5.4% of its GDP per capita with the educational sector, above the 4.8% expenditure
on education average of OECD countries but still roughly only the half of the
expenditure per student of these same countries. Moreover, even with the minimum
ratio of expenditure with teachers salaries of the Fundef funds, basic education
teachers in Brazil have lower starting salaries than the ones received by teachers in
other Latin American countries, like Chile, Colombia, and Mexico (OECD, 2017).

The fiscal effort and the reforms paid off at the extensive margin and Brazil
succeeded to accomplish universal basic education in the early 2000s, however
the results were lackluster at the intensive margin. Although the Brazilian public
education system improved in national standardized tests, Brazilian students
continued to get bad test results at international evaluations of education quality.
As an illustration, 43% of 15 years old students scored below proficiency level 22 in
all three PISA subjects.

In this context, following international agencies recommendations and seek-
ing to improve education quality, in 2009, Brazilian legislators approved a law
creating a teacher exclusive wage floor. This legislation piece aimed to increase the
attractiveness of the teacher profession in Brazil by raising salaries and improving
working conditions. Alongside the wage floor, the law also regulated work hours
and created a predetermined career path to public school teachers.

The wage floor initial value was set slightly above two times the national
minimum wage and hiked every year, according to a formula that involves the
amount of minimum spending per student defined by the Fundeb funds. Since
population growth rate decreased over the years and Brazilian economic growth led
to an increase in the government budget, the aforementioned amount of minimum
spending per student grew even faster than the national minimum wage, which in

2 In the mathematics, literacy, and science subjects of PISA exam, proficiency level 2 is associated
to the knowledge to execute simple and day to day tasks, like properly solving mathematical
problems involving integer numbers, acknowledge the main subject of a text, and apply basic
scientific knowledge to draw the correct conclusion from a simple data set.
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turn led to bigger adjustments to the value of the teachers’ exclusive wage floor.

Figure 1 depicts the evolution of real values of minimum wage and teachers’
exclusive wage floor by year. As can be seen, there were real gains from both the
minimum wage and the wage floor, but these were higher for the later. During the
2009 to 2017 period, the minimum wage grew 23% in real terms, while the teachers
exclusive wage floor had a 48% real growth.

Figure 1 – Real values of minimum wage and teacher exclusive wage floor by year.
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Notes: Minimum wage adjustments are made each year via executive decree. The teacher
exclusive wage floor adjustments follow a formula established by law. All values are in 2009 reais
and were deflated using the Índice Nacional de Preços ao Consumidor calculated by the
Brazilian Institute of Geography and Statistics.

The implementation of this policy and the posterior increase in teachers’
salaries did not occur with an increase of resources to finance the public educa-
tion system. Accordingly, some critics argued that the expansion of the largest
single budgetary element of public education would put huge pressure on state and
municipalities budgets, choking the administrative capacity of public education
administrators. Agreeing with the criticisms, some federative entities opted to disre-
spect the wage floor law, which provoked two judgments in the Brazilian Supreme
Court. The first one happened in 2011 and reasoned about the constitutionality
of the wage floor law, while the second one happened two years later and judged
those public entities as not accountable for disrespecting the referred law until the
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declaration of its constitutionality.

Subsequently, criticisms on the implementation of the teachers’ exclusive
wage floor proved to be true, since it implied a 7% increase in public personnel
expenses in municipalities with a greater number of education professionals who
received salaries close to the wage floor. Evidence also indicated that a 1% increase
in the value of the wage floor is related to an increase of 0.5% in expenditure on
these personnel, in addition to a 0.4% increase in expenditure on other public
personnel (MACHADO; MARTINS; SANTO, 2020).

Lastly, in 2015, after a series of teachers strikes demanding the wage floor
law enforcement, the Ministry of Education and Culture acknowledged that 13
out of 27 state governments broke the wage floor law. State governors defended
themselves arguing that there was no room in state budgets to accommodate the
37% growth of the wage floor real value. Originally, the payment of the teachers’
exclusive wage floor should be warranted by the Fundeb funds, but the federal
government had problems to pay its funds participation in that year.

Figure 2 provides an illustration of the aforementioned scenario. As shown
in Panel 2(b), the median of the educational investment per basic education student
grew during the 2008 to 2014 period and stabilized after that, with its dispersion
remaining stable. At the same time, as depicted in Panel 2(a), the median of the
expenses with teachers per basic education student grew steadily during all the
2008 to 2017 period, coping with the educational investment. Also, the expenses
with teachers per basic education student became more dispersed over the years,
reflecting the decisions of some administrations to not follow the teachers exclusive
wage floor law.

Tables 1 and 2 further describe the problems caused by the lack of wage floor
law enforcement. As the first of them shows, the proportion of municipalities which
followed the teacher specific wage floor law floated around a third of municipalities
which we have data on teachers’ wages.3 Considering that 22.3 percent of those
municipalities already paid in 2007 higher wages to its teachers than the value
setted as wage floor, only a small proportion of the municipalities which should

3 See the next section for more on data sources and selection of municipalities.
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Figure 2 – Evolution of expenses with teachers and educational investment, per
basic education student.
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Notes: Data comes from Brazil’s Education Budget Information System (SIOPE -
Sistema de Informações sobre Orçamentos Públicos em Educação) and each data
point refers to a state or municipality administration in a given year.

have increased their teachers’ wages de facto did it.

Table 1 – Number of municipalities which followed the wage floor law by every
couple years.

Years 2009 2011 2013 2015 2017
# Municipalities 1,380 1,398 1,271 1,274 1,316
Proportion (%) 33.5 34.2 32.2 31.8 32.6

Note: Constructed using data from the Annual Social Information Survey (RAIS). See section 2.3
for more on data source and selection of municipalities.

Table 2 complements Table 1 by summarizing the moving status of mu-
nicipalities in compliance with the wage floor law. Although the proportion of
municipalities paying higher wages than the wage floor to its teachers is stable over
time, the municipalities which do it are not. Measuring at each two years, only
a small proportion (7.2%) of municipalities in our data complied with the wage
floor law during all the 2009 to 2017 period. In total, 58.2 percent of municipalities
complied with the wage floor for at least a year, and 41.8 percent of them never did.
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This confirms the anecdotal evidence regarding lack of law compliance presented
earlier in this section.

Table 2

Total of years 1 2 3 4 5
# Municipalities 863 546 447 432 323
Proportion (%) 19.3 12.2 10 9.6 7.2

Note: Constructed using data from the Annual Social Information Survey (RAIS). See section 3
for more on data source and selection of municipalities.

2.3 Data and exposition to the treatment

Our main data source is administrative data collected for the Basic Education
Assessment System (SAEB) by the Anísio Teixeira National Institute of Educational
Studies and Research (INEP)4 with the intention to promote studies, research, and
periodic assessments on the Brazilian education system for evaluation and planning
of new education public policies. The INEP tests the mathematical and Portuguese
language skills of all 5th and 9th grade public school students by giving a national
standardized exam every couple years. Students and their teachers must take a
socioeconomic questionnaire alongside the exam.

Between 2007 and 2017, more than 15.5 million students had taken the
SAEB exams, of which 9.7 million students (62.7%) answered the tests and the
socioeconomic survey accordingly. We aggregate student data by their respective
school classes and designate the respective mathematics and Portuguese language
teachers to each class, adding up to a total of 518 thousand teacher-classes from 62.5
thousand Brazilian public schools in 4.475 municipalities. For simplicity, we choose
to keep only 5th grade students in our sample because they commonly have only
one teacher for each subject, which is not the case for 9th grade students. Moreover,

4 INEP is a federal agency linked to the Ministry of Education. Its responsibilities include
collecting statistics on the education system and education indicators calculation, in addition
to giving the necessary assessments and exams. SAEB encompasses all assessments and
evaluations realized by INEP on the basic education.
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we also choose to keep only students from state administered or municipality
administrated public schools 5.

We rely on data from the Annual Social Information Survey (RAIS) to
create the variables that measure the treatment exposure. RAIS is an administrative
data set built from employees’ socioeconomic reports annually requested by the
Ministry of Economy to all employers and legal entities. This data set encompasses
nearly all legally contracted workers in the Brazilian economy. From this data, we
calculate the hourly wage of all elementary school teachers employed by public
bodies of a state or municipal legal nature in 2007 and 2009.

Using the hourly wage data extracted from RAIS, we create three variables
to measure the treatment exposure in each municipality with at least 50 education
professionals in both 2007 and 2009. The measures are taken at the municipality
level as there is no credible way to track which teachers in the RAIS database
answered the SAEB socioeconomic questionnaire. We exclude from our sample the
municipalities which disrespected the teacher exclusive wage floor from its start.
We measure the treatment exposure using the following formulas

Hmin
j :=

(
Floor2009 − Wagemin

2007,m(j)

Floor2009

)
× I{F loor2009>W agemin

2007,m(j)} × I{t≥2009} (2.1)

Hp5
j :=

Floor2009 − Wagep5
2007,m(j)

Floor2009

× I{F loor2009>W agep5
2007,m(j)} × I{t≥2009} (2.2)

Hp10
j :=

Floor2009 − Wagep10
2007,m(j)

Floor2009

× I{F loor2009>W agep10
2007,m(j)} × I{t≥2009} (2.3)

where Floor2009 represent the value of the teacher exclusive wage floor established
nationwide by law in 2009; Wagemin

2007,m(j), Wagep5
2007,m(j), and Wagep10

2007,m(j) repre-
sents the real values of the minimum, 5th percentile, and 10th percentile wages in
the municipality m() of teacher j. Both I{F loor2009>W ageX

2007,m(j)} and I{t≥2009} are in-
dicator functions which combined turn the value of the exposition to the treatment
5 We exclude students from private schools because SAEB exams are given to only a sample of

these schools. As sampled schools change throughout each SAEB cycle, it becomes impossible
to track these schools through time. We also exclude students from schools administered by
the federal government owing to the fact that a large portion of these schools are civic-military
schools or schools linked to public universities, from which teachers are hired by the Armed
Forces or by the universities. So, their wage scales and work regime substantially differs from
the ones of other teachers.
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0 if teachers’ wages in municipality m(j) did not be increased by the wage floor
law or if calendar year t refers to a year before 2009. Then Hmin

j , Hp5
j , and Hp10

j

are different measures of exposition to the treatment and each one uses a different
statistic of teachers’ wages distributions.

Socioeconomic data at municipalities’ level, like gross domestic product and
population numbers, were obtained from SIDRA, a database maintained by the
Brazilian Institute of Geography and Statistics (IBGE) with the purpose of sharing
data and statistics collected and computed by the institute.

We obtained our final database combining the above mentioned data by year
and municipality. It covers 5.97 million students from 247,000 teacher-classes from
22,000 Brazilian public schools, and contains information regarding students’ and
teachers’ socioeconomic characteristics, municipalities’ GDP per capita, and level by
which teachers were exposed to the treatment. Table 3 presents summary statistics
of characteristics of students in the 5th year of public elementary education by
each edition of SAEB.

The evolution in mathematics and language test scores reveals a scenario
where Brazilian public elementary school students’ learning is improving over
time. Moreover, as proficiency increases, the percentage of children in irregular
school situations decreases. Regarding students’ socioeconomic characteristics, we
observe an increase in the educational attainment level of both parents, while other
characteristics show little variation between SAEB editions.

Our final data set also contains information regarding school teachers.
Table 4 presents summary statistics of socioeconomic characteristics of 5th grade
mathematics school teachers by each edition of SAEB6. When we could not directly
identify the corresponding subject teacher, we attributed the one which answered
more subject specific questions to that subject. During the observed time frame,
there was the aging of teachers’ workforce, as well as increases in the participation
of male teachers, and education levels. Other variables remained stable.

The proportion of newly-graduated teachers is a key element in our analysis
to check for movements in the extensive margin, as we want to only estimate the

6 Summary statistics regarding Portuguese language teachers’ characteristics are similar.
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Table 3 – Characteristics of students who took SAEB’s tests

Variables SAEB edition
2007 2009 2011 2013 2015 2017

Observations 1,076,380 1,059,662 1,067,408 952,221 942,838 870,955

Math score Mean 194.7 206.2 211.7 213.6 220.7 226.3
Std. Dev. 44.2 46.6 47.5 51.3 45.5 46.4

Language score Mean 177.2 185.6 192.2 197.5 208.8 216.9
Std. Dev. 42.0 44.1 46.0 49.40 46.9 48.3

Age Mean 10.7 10.7 10.8 10.8 10.8 10.8

Gender (%) Male 50.2 50.8 51.0 50.8 50.8 50.7
Female 49.7 49.1 49.0 49.1 49.2 49.3

Race (%) White 35.9 36.6 31.4 31.3 28.9 31.4
Mixed race 45.0 44.3 43.7 41.2 43.1 42.4

Black 11.8 12.7 9.8 10.0 9.5 9.9
Asian 3.1 2.4 1.8 2.3 2.3 2.5

Indigenous 3.9 3.8 2.3 2.7 2.6 2.7

Mother’s Uncomp. EF 28.6 28.9 25.2 25.1 21.1 16.8
education (%) Comp. EF 13.8 13.9 12.2 9.9 8.3 8.9

Comp. EM 10.6 11.2 12.5 14.0 14.7 14.2
Comp. college 10.0 9.2 10.4 10.7 11.9 13.1

Father’s Uncomp. EF 19.3 20.1 18.9 16.8 14.8 13.0
education (%) Comp. EF educ. 9.4 9.4 9.3 7.3 6.1 5.4

Comp. EM 7.0 7.0 8.3 8.4 8.4 8.1
Comp. college 8.4 7.0 8.8 7.5 8.2 8.6

Housemaid (%) Yes 11.8 10.0 9.9 16.6 13.2 12.0
No 88.1 89.9 90.0 83.3 86.7 87.9

Has a job (%) Yes 12.5 13.2 12.1 14.5 11.7 10.5
No 87.4 86.7 87.8 85.4 88.3 89.4

Irregular Yes 33.2 33.0 32.2 30.6 27.4 24.6
situation (%) No 66.7 66.9 67.7 69.3 72.5 75.3

Note: This table presents summary statistics of students’ socioeconomic characteristics, as well as
SAEB’s test scores. We only account for students who properly answered the socioeconomic
questionnaire and both subjects tests. We omit the percentages referring to the answers "I don’t
know" or "I don’t want to declare". We consider a student as in an irregular school situation if
she had repeated at least one school grade or if she momentarily abandoned school.
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Table 4 – Characteristics of teachers by year

Variabless Year
2007 2009 2011 2013 2015 2017

Observations 42,342 42,560 44,000 41,064 40,356 37,173

Age range (%) ≤ 24 2.7 2.9 1.8 1.9 1.6 1.1
25 − 29 11.0 10.1 8.2 7.8 6.6 5.2
30 − 39 32.2 32.4 32.8 31.5 30.4 29.1
40 − 49 37.1 37.5 38.9 39.3 38.6 39.6
50 − 54 10.5 9.8 10.7 11.7 13.7 15.1

≥ 55 6.3 7.0 7.3 7.5 8.7 9.6

Gender (%) Male 8.6 7.1 7.9 8.1 9.4 9.4
Female 91.3 92.9 92.0 91.8 90.5 90.5

Race (%) White 53.2 48.1 49.2 48.3 48.7 41.0
Mixed race 33.3 31.9 35.3 34.4 36.1 30.4

Black 8.4 7.5 8.8 8.9 9.7 7.5
Asian 2.2 1.9 2.0 1.9 2.1 2.3

Indigenous 0.6 0.5 0.8 0.7 0.7 0.8

Years of < 1 2.0 2.5 2.2 2.6 1.6 1.8
experience (%) 1 − 2 2.9 3.1 2.2 3.3 2.8 2.1

3 − 5 8.6 8.6 7.8 9.7 10.3 8.4
6 − 10 14.4 14.0 17.4 16.1 16.2 17.2
11 − 15 21.5 22.0 18.8 19.7 18.4 17.4
16 − 20 20.4 19.4 18.7 16.2 17.1 19.3

> 20 29.9 30.1 32.6 32.0 33.3 33.6

Education (%) Uncomp. EM .10 .09 .06 .09 .08 .07
Comp. EM 16.8 14.4 10.6 8.7 6.6 4.9

Comp. college 41.4 38.4 34.1 30.4 27.2 24.4
Postgrad latu 40.4 45.9 54.0 59.5 64.4 68.6

Postgrad stricto 1.1 1.0 1.0 1.1 1.5 1.9

Teaches in Only one 63.9 61.8 62.9 62.4 62.8 61.5
how many schools (%) Two 33.2 35.1 34.2 34.3 33.3 34.5

Three 2.1 2.1 2.0 2.2 2.4 2.4
Four or more 0.69 0.9 0.85 0.89 1.3 1.4

Has another Yes. in education 34.8 35.9 35.9 32.2 31.2 31.4
job (%) Yes. outside education 7.5 6.8 6.2 7.8 7.9 7.5

No 57.5 57.1 57.8 59.9 60.8 60.9

Note: This table presents summary statistics of mathematics teachers’ socioeconomic
characteristics. We only account for teachers who properly answered the socioeconomic
questionnaire. We omit the percentages referring to the answer "I don’t want to declare".
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effects of the teachers’ exclusive wage floor implementation through the selection of
higher skilled teachers. Table 5 shows the proportions of newly-graduated teachers
in each year of our sample, as well as over the quartiles of each one of the three
treatment exposure variables previously defined. As can be seen in the first panel,
there is no systematic increase or decrease in the proportion of newly-graduated
teachers over years. Also, the between quartiles dynamic seems to remain stable
in the years after the wage floor implementation. In other words, Table 5 reveals
a seemingly inelastic demand for public school teachers, as these teachers usually
benefit from work stability.

2.4 Identification strategy and estimation method

It is naturally complicated to accurately estimate the effects of an uncondi-
tional increase in teachers’ salaries, caused by the implementation of the wage floor,
on student performance through the teacher selection mechanism. Municipalities
which were obliged to increase the salaries paid to teachers may have schools and
students which substantially differs from those of municipalities which were not
directly affected by the wage floor. These differences must be considered so that the
effects of the policy are correctly identified. For example, municipalities may forgo
school infrastructure in favor of higher teachers’ salaries, or students in schools in
municipalities with better-paid teachers may have more educated parents. Overall,
it is difficult to distinguish the relative roles of schools, teachers, and students’
socioeconomic conditions in measures of learning.

The way in which the teachers exclusive wage floor was implemented allows
us to use a quasi-experimental method to estimate its effects without incurring on
the aforementioned biases. A same amount was set as the nominal wage floor for
all teachers around the country, so states and municipalities which previously paid
their teachers less than the wage floor were forced to increase such salaries. while
it did not occur for states and municipalities which already paid teachers more
than the wage floor amount. Therefore, we can use students and teachers from
municipalities not affected by the wage floor implementation as a control group to
estimate the effects of this policy. In this scenario, the designation of treatment
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Table 5 – Proportions of newly-graduated teachers over years and by quartile of
treatment exposure.

Year
2007 2009 2011 2013 2015 2017

Full sample

5.16 % 6.10 % 4.68 % 6.47 % 4.54 % 4.50 %
By quartiles of Hmin

1st 4.99 % 5.27 % 4.32 % 5.94 % 4.32 % 4.18 %
2nd 4.90 % 6.34 % 4.95 % 7.13 % 4.98 % 4.57 %
3rd 6.36 % 7.40 % 5.30 % 7.12 % 4.68 % 4.81 %
4th 4.69 % 5.74 % 4.40 % 5.98 % 4.37 % 4.48 %
By quartiles of Hp5

1st 4.63 % 5.03 % 4.36 % 5.92 % 4.43 % 3.81 %
2nd 5.26 % 6.99 % 4.99 % 6.91 % 4.64 % 4.69 %
3rd 6.15 % 7.49 % 5.49 % 7.17 % 4.71 % 5.13 %
4th 6.23 % 8.25 % 4.68 % 7.29 % 4.73 % 6.03 %
By quartiles of Hp10

1st 4.65 % 5.22 % 4.40 % 5.96 % 4.48 % 3.89 %
2nd 5.56 % 7.35 % 5.55 % 6.77 % 3.94 % 4.63 %
3rd 6.09 % 7.37 % 5.30 % 7.25 % 4.67 % 5.23 %
4th 6.51 % 8.34 % 4.86 % 7.53 % 4.94 % 5.97 %

Note: This table shows the proportions of teachers with less than 2 years of teaching experience
in each year of our sample. Data comes from SAEB’s socioeconomic questionnaires. Sample
division into quartiles of treatment exposure is based on the municipalities level.

status is exogenous because it was a federal legislative action that stipulated
the wage floor value, so the decision to increase teachers salaries does not reflect
individual actions of local administrations. Furthermore, as the changes induced by
the wage floor implementation were not under control of local administrations, they
are not correlated with other education policies which may have been previously
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implemented by these administrations.

Table 6 summarizes the differences between teacher populations, previously
to policy implementation, in municipalities which paid their teachers less than the
wage floor and in municipalities which paid more than. As Table 6 shows, both
populations are similar regarding the proportions of newly-graduated teachers, and
teachers who work at only one school. This corroborates with the hypothesis of
treatment status exogeneity, as the chosen wage floor value does not distinguish
municipalities by renewment of teacher workforce. However, teacher populations
had substantial differences in other work-related characteristics like workload and
education, as well as some personal characteristics like gender and race. Accounting
for these differences may be substantial to correctly identify the effect of the wage
floor implementation.

Table 6 – Differences between teacher populations in 2007.

Wages paid in 2007
< Wage Floor > Wage Floor

Variables Prop Prop Diff p-value
Newly-graduated 0.052 0.050 0.002 0.338
Highly experienced 0.287 0.272 0.015 0.000
Completed college 0.819 0.837 -0.019 0.000
Works 40+ hours per week 0.268 0.251 0.017 0.000
Teaches in only 1 school 0.643 0.637 0.006 0.145
Female 0.904 0.909 -0.005 0.048
Non-white 0.507 0.370 0.137 0.000

Note: This table compares the teacher population in 2007 between municipalities which paid
their teachers less than the wage floor and in municipalities which paid more. Newly-graduated
status refers to teachers with less than 2 years of experience, while highly experienced status
refers to teachers with 20 years of experience or more.

We would obtain the average treatment effect (ATE) of the wage floor
implementation through all the mechanisms listed in Section 2.1 even if we used a
sample composed of only newly-graduated teachers in our estimations7. However,
we want to estimate only the impacts of the policy which occurred through the
selection of newly-graduated higher-quality teachers, so we must exclude from this
7 Due to choices made for sample construction and computational capacity required, we did not

estimate the intention-to-treat effect.
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ATE the part corresponding to other mechanisms. Therefore, we also need to make
use of the group of incumbent teachers as a control group, since they were also
affected by the policy, but were not affected by the selection mechanism for having
made their occupational choices prior to the wage floor implementation.

In addition to time periods, we have two other dimensions that can be
used to get control groups (municipalities affected by the policy or not, and
newly-graduated or incumbent teachers), so it is opportune to make use of a
triple-differences with non-binary treatment identification strategy to estimate
the desired treatment effect. Thus, our identifying assumption is that trends of
temporal variations in the performance of students of teachers in municipalities
affected by the wage floor implementation and those in non-affected municipalities
would remain parallel, between newly-graduated and incumbent teachers, if the
wage floor were not implemented8.

Formally, in order to estimate the average treatment effect of implementing
the teacher exclusive wage floor via selection of higher quality teachers on student
performance, we use a fixed effects specification defined by the following equation:

SAEBijt =
α + βDm(j),p(j),t + γHm(j),t + δp(j) + ϕs(j),t + ηe(j)

+AitΠ + ZjtΨ + Se(j)tΥ + εijt

(2.4)

Equation 2.4 relates the proficiency of student i of class-teacher j in SAEB’s
mathematics and Portuguese language tests in year t with the exposure of teachers in
municipality m(j) to treatment Hm(j),t, and its interaction with a function indicating
the condition of teacher9 p(j), given by Dm(j),p(j),t = Hm(j),t × I{p(j)=newly−graduated}.
Parameters δp(j), ϕs(j),t, and ηe(j) represent, respectively, a fixed effect associated
with the newly-graduated condition of teacher p(j) of class j, a fixed effect associated
with time t and the federation unit s(j) where class j’s school is located, and a fixed
8 As usual, this identifying assumption cannot be tested, but it would be possible to check

whether such trends remained parallel in a period prior to the policy implementation. To
do this, data in at least two periods prior to the effective date of policy implementation is
necessary. However, although a census edition of SAEB was carried out in 2005, it would not
provide a reasonable verification of the identifying assumption, since teachers’ salaries and
other aspects of the Brazilian education system changed with the transition of FUNDEF to
FUNDEB that took place in 2006.

9 As SAEB’s exams are applied every two years, teachers with less than two years of experience
were considered as newly-graduated. Other teachers were considered incumbents.
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effect for school e(j) of class j. We group control variables in matrices associated
with the student, Ait, the teacher, Zjt, and the school, Se(j)t. Parameters α and εijt

represent a constant and the idiosyncratic error, respectively. β is our parameter of
interest and it represents the average treatment effect of implementing the teachers
wage floor on student performance in the SAEB exams.

Thus, our approach account for differences between observable characteristics
Ait of students, such as gender; race; age and its diminishing returns10; education
levels of both parents; if student’s family has a housemaid working at their home
and whether the student has to do housework; if the student has a job; whether
she enrolled in early childhood education; and if she have already repeated a grade
or temporally dropped out of school. Regarding schools’ characteristics, factors
associated with characteristics immutable in time, such as the ones related to
school location and building infrastructure, are captured by school fixed effects ηe(j).
Moreover, we also account for elements Se(j)t related to school governance11 such as
whether principal choice process encompassed some form of election, appointment,
or selection process; whether there is a school board and if it met throughout the
school year; whether there is a class council and if it met throughout the school year;
and what were the criteria used to distribute students among classes and assign
classes to teachers. The logs of municipalities’ per capita incomes were also included
as a control variable. Heterogeneities between legislations and other state related
aspects, whether fixed in time or not, in addition to states’ education policies, are
captured by state-time fixed effects ϕs(j),t.

We must be especially cautious with the inclusion of teacher-related control
variables, as treatment status happens at this dimension. Because newly-graduated
teachers trivially differ from incumbent teachers in teaching experience, which is
also an observable characteristic with a strong influence on student performance12,
we always include it among control variables Zjt. In addition, to account for unob-

10 That is, we use student’s age and its square as controls, thus allowing a non-linear relation
between age and school proficiency.

11 We include these variables to account for differences in school administration practices, which
affects student achievement, albeit to a lesser degree than teacher-related educational practices.
See Branch, Hanushek e Rivkin (2013) for more on this topic.

12 See Wiswall (2013), Papay e Kraft (2015) for more on the relation between teaching experience
and student performance.
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servable and unrelated aspects of treatment, which differentiate newly-graduated
from incumbent teachers and may affect student performance, we include a fixed
effect for the newly-graduated status p(j)13. Other observable characteristics that
may be included in the Zjt matrix are assigned to one of two groups, personal
or work-related characteristics. The former includes the teacher’s education level,
gender and race, while the latter includes the weekly workload, the number of
schools in which she teaches, and whether she has any other job. We can also
include the wage range as a robustness check, as it can be negatively correlated with
treatment intensity. With all that, we expect to account for all possible confounders
which could bias our estimates of the intended effect.

The treatment effect may not be constant, thus varying over time. To allow
this, we extend the triple-differences approach to an event study by changing the
estimated functional form to the following:

SAEBijt =

2017∑
τ=2009

βτ Dm(j),p(j),t × I{t=τ} +
2017∑

τ=2009
γτ Hm(j),t × I{t=τ}

+α + δp(j) + ϕs(j),t + ηe(j)

+AitΠ + ZjtΨ + Se(j)tΥ + εijt

(2.5)

where βτ are coefficients related to average treatment effects of the implementation
of the teacher exclusive wage floor on students’ performance on SAEB’s tests in the
year τ , with relation to the 2007 base year. Allowing this kind of effect flexibility
is substantial since, even if the policy implementation has indeed affected the
teaching career attractiveness, it takes time for new teachers to complete their
training processes and begin teaching. That is, in the first years after wage floor
implementation, possible effects on student performance arise from individuals
already qualified as teachers, but who did not act as ones, entering the profession.
Whereas possible effects in later years incorporate aspects of the occupational
choice process of individuals who qualify to enter the teacher profession.

Although not the main focus of this piece, we also estimate the average
total policy treatment effect of implementing the teachers’ exclusive wage floor
in Brazil, i.e. the effect through all the mechanisms pointed in Section 2.1. To
13 The inclusion of this fixed effect does not capture part of the treatment effect which we intend

to estimate as it comes from differences between newly-graduated teachers’ cohorts.
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identify such treatment effects, we make use of a strategy that is similar to the
one previously presented in this section, but simpler as there is only one control
group involved. In other words, we now assume that trends in the performance of
students of teachers in municipalities affected by the wage floor implementation
and those in non-affected municipalities would remain parallel if the wage floor
were not implemented. We estimate the following functional form to implement
such approach on a setting of time constant treatment effects:

SAEBijt =
α + γHm(j),t + ϕs(j),t + ηe(j)

+AitΠ + ZjtΨ + Se(j)tΥ + εijt

(2.6)

as well as the econometric model below to implement the same approach in a
setting with time varying treatment effects:

SAEBijt =
α +

2017∑
τ=2009

γτ Hm(j),t × I{t=τ} + ϕs(j),t + ηe(j)

+AitΠ + ZjtΨ + Se(j)tΥ + εijt

(2.7)

where elements in Equations 2.6 and 2.7 are the same ones described in the
descriptions of Equations 2.4 and 2.5, respectively.

In the next section we present and discuss triple-differences regression results
from Equations 2.4 and 2.5, as well as difference-in-differences regression results
from Equations 2.6 and 2.7.

2.5 Results
In this section we show and discuss regression results from estimation models

presented in the previous section. First, we present estimates for the main coefficient,
β, of the model with a constant treatment effect over time (Equation 2.4). Next, we
show the estimates for the main coefficients, βt, of the more flexible model, which
allows the treatment effect to vary over time (Equation 2.5). We estimated both
models using each of the three treatment variables previously defined in Section
2.3, as well as using both mathematics and Portuguese language standardized
test scores. Last, following this same scheme, we show regression results from the
estimation models regarding treatment effects for students of any kind of teacher.
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In all cases, we consider six sets of control variables, represented by columns
(1)-(6) of Tables 7-10. All sets include controls for observable student characteristics,
for elements related to school governance, the logarithm of municipalities’ per capita
income and teachers’ years of experience. With the exception of years of experience,
column (1) does not include any other control variables related to teachers. Column
(2) includes the logarithm of teachers’ real salaries as a control variable. Column (3)
includes teachers’ personal characteristics, while column (4) considers work-related
ones. Both personal and work-related characteristics are included in column (5).
Finally, column (6) includes the logarithm of teachers’ real salaries and all control
variables included by column (5).

2.5.1 Effects through selection of newly-graduated teachers

Table 7 contains estimation results from the model with constant effects
over time in standardized mathematics SAEB’s test scores. For all three treatment
exposure variables and considering all six sets of control variables for each, we
found no statistically significant evidence that the teachers exclusive wage floor im-
plementation affected mathematics performance of students with newly-graduated
teachers. The triple-differences point estimate in column (1) remains with almost
the same value when we control for teachers’ personal characteristics, work-related
characteristics, and both together, as can be seen in columns (3), (4) and (5) respec-
tively. This suggests that the lack of effect did not occur due to profile differences
of cohorts of teachers hired before and after the wage floor implementation, nor due
to differences in working conditions of these cohorts. Furthermore, triple-difference
estimates in columns (2) and (6) are not statistically different from estimates in
columns (1) and (5), respectively. Namely, previous results are not explained by a
possible negative correlation between the treatment exposure variables and current
wages. This same pattern emerges for all three treatment exposure variables.

Table 7 results are similar to the findings of Bau e Das (2017) for the
Pakistani case, in which there was also no evidence that an unconditional variation
in teachers’ wages impacts school performance of students with newly-graduated
teachers. The Brazilian and Pakistani cases are explained by Frijters, Shields e
Price (2004) and Hanushek et al. (2005) findings, although evidence for developed



44 Chapter 2. Attracting Better Teachers?

countries, both of them reveal the teachers supply inelasticity to wages. Results
shown in Table 7 also support Cabrera e Webbink (2020)’s conclusion that increases
in teachers’ wages only increase student performance if, in advance, they affect
teacher characteristics linked to student performance.

Table 8 contains estimation results from the model with constant effects over
time in standardized Portuguese language SAEB’s test scores. For the treatment
exposure variable Hmin, used in panel A estimates, there is statistically significant
evidence that the wage floor implementation positively affected Portuguese language
performance of students with newly-graduated teachers. The triple-differences
point estimate in column (1) indicates that an increase in teachers’ wage by
the wage floor value implies an increase of roughly 2.5% standard deviation of
students’ performance. A slightly higher point estimate in column (2) and its small
standard error suggests that the magnitude of the effect reported in column (1)
is slightly underestimated by a possible negative correlation between treatment
exposure variable Hmin and current wages, although previous interpretations remain
qualitatively the same. Slightly smaller estimates in columns (3) and (4), and their
small standard errors, suggest that a small part of the effect found can be explained,
respectively, by differences between newly-graduated teachers’ cohort profiles and
between their working conditions. Estimates in column (5), which includes more
teachers related control variables, suggest that almost all the effect found in column
(1) comes from differences in unobservable characteristics between cohorts of newly-
graduated teachers. Lastly, because column (6) estimates are not statistically
different from column (5) estimates, it does not corroborate with the interpretation
given to column (2) regression results.

Results from the use of treatment exposure variables Hp5 and Hp10, respec-
tively reported in panels B and C of Table 8, diverge from the ones obtained using
Hmin. Excepting the point estimate in column (1) of panel B, these estimation
results are similar to the ones reported in Table 7, which point to the absence of
statistically significant effects of the wage floor implementation on school perfor-
mance of students with newly-graduated teachers. Although Hmin being the main
treatment exposure variable, regressions results reported in panels B and C raise
doubts about the robustness of the estimates reported in panel A and highlight
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Table 7 – Estimated time-constant average treatment effect in mathematics test
scores

Panel A: Treatment exposition Hmin

Model: (1) (2) (3) (4) (5) (6)
Variables
β 0,0172 0,0186 0,0147 0,0174 0,0148 0,0149

(0,0155) (0,0176) (0,0159) (0,0127) (0,0126) (0,0149)
log(Current Wages) 0,0219∗∗∗ 0,0239∗∗∗

(0,0021) (0,0037)
Fit statistics
Observations 3.871.653 3.680.515 3.829.935 3.732.757 3.696.473 3.546.124
R2 0,31616 0,31633 0,31607 0,31588 0,31584 0,31611
Within R2 0,10901 0,10916 0,10915 0,10918 0,10931 0,10943
Panel B: Treatment exposition Hp5

Model: (1) (2) (3) (4) (5) (6)
Variables
β 0,0149 0,0077 -0,0031 -0,0006 -0,0042 0,0081

(0,0149) (0,0213) (0,0175) (0,0219) (0,0212) (0,0235)
log(Current Wages) 0,0219∗∗∗ 0,0239∗∗∗

(0,0021) (0,0037)
Fit statistics
Observations 3.546.124 3.680.515 3.829.935 3.732.757 3.696.473 3.546.124
R2 0,31611 0,31634 0,31608 0,31589 0,31585 0,31612
Within R2 0,10943 0,10917 0,10917 0,10919 0,10932 0,10945
Panel C: Treatment exposition Hp10

Model: (1) (2) (3) (4) (5) (6)
Variables
β 0,0081 0,0014 -0,0024 -0,0057 -0,0081 0,0029

(0,0235) (0,0271) (0,0261) (0,0240) (0,0228) (0,0274)
log(Current Wages) 0,0219∗∗∗ 0,0239∗∗∗

(0,0021) (0,0037)
Fit statistics
Observations 3.546.124 3.680.515 3.829.935 3.732.757 3.696.473 3.546.124
R2 0,31612 0,31633 0,31607 0,31588 0,31584 0,31611
Within R2 0,10945 0,10916 0,10916 0,10918 0,10931 0,10943
Teachers Controls
Years of experience Yes Yes Yes Yes Yes Yes
Personal charac. No No Yes No Yes Yes
Work-related charac. No No No Yes Yes Yes
Note: Standard errors clustered by year and school class in parenthesis. ∗ p < .10, ∗∗ p <
.05, ∗∗∗ p < .01. This table contains the regressions results obtained using the estimation model
assuming time-constant treatment effects in standardized mathematics SAEB’s test scores. Each
panel refers to the use of one of the treatment exposure variables, previously defined in Section
2.3. Estimates in all columns include controls for observable student characteristics, for elements
related to school governance, the logarithm of municipalities’ per capita income, and years of
experience of teachers, in addition to school fixed effects, and a set of year fixed effects for each
Brazilian state. The inclusion of other sets of teacher-related control variables in each column is
indicated in the last panel of this table.
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the need for further investigation.

Differences in opportunity costs of individuals who are likely to be teachers
may offer an explanation to mathematics and Portuguese language divergent effects.
During the evaluated period, there was a relative growth of Brazilian economy
sectors such as engineering and technology, which require more mathematics related
skill than language related ones. Thus, plausibly, the teachers’ exclusive wage floor
implementation did not offset the growing opportunity costs of alternative occu-
pational choices to teaching mathematics, but was sufficient to offset opportunity
costs of teaching the Portuguese language.

Table 9 contains estimates from the model with time-varying effects in
standardized mathematics SAEB’s test scores. Contrary to what happens with
estimates from the previous econometric model, we need to individually look at
the set of regression results of each treatment exposure variable, since there are
qualitative differences between them.

First, estimates in Panel A of Table 9 were taken using the lowest wage
paid to teachers in each municipality to measure treatment intensity. In almost all
years of the evaluated period, we found no statistically significant evidence that
the wage floor implementation affected mathematics performance of students with
newly-graduated teachers. The exception happens to 2015, in which the triple-
differences estimate turns positive and statistically significant. This pattern reveals
that, at first, the wage floor implementation was able to turn the mathematics
teacher profession into a more attractive occupational choice option to higher
skilled individuals, enabling a delayed effect on student performance, as some time
is required for these individuals to complete their training as teachers and then join
the education system. However, the effects disappear only two years later. Some
factors listed in Section 2.2 could explain this, such as the lack of law enforcement
to guarantee states and municipalities law compliance, or even the reduction in
economic activity, which could have diminished public budgets and turned law
compliance unfeasible. Lastly, changes between point estimates of models with
different sets of control variables are similar to ones in the time-constant effect case.
It suggests that profile differences and working conditions of cohorts of teachers
hired before and after the wage floor implementation do not impose noteworthy
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Table 8 – Estimated time-constant average treatment effect in Portuguese language
test scores

Panel A: Treatment exposition Hmin

Model: (1) (2) (3) (4) (5) (6)
Variables
β 0,0252∗∗∗ 0,0269∗∗∗ 0,0235∗∗∗ 0,0242∗∗∗ 0,0222∗∗∗ 0,0227∗∗∗

(0,0060) (0,0062) (0,0065) (0,0038) (0,0041) (0,0045)
log(Current Wages) 0,0139∗∗∗ 0,0159∗∗∗

(0,0017) (0,0028)
Fit statistics
Observations 3.871.744 3.680.600 3.830.025 3.732.839 3.696.554 3.546.203
R2 0,3245 0,32563 0,32439 0,32448 0,32441 0,32558
Within R2 0,13288 0,13303 0,13299 0,13312 0,13324 0,13339
Panel B: Treatment exposition Hp5

Model: (1) (2) (3) (4) (5) (6)
Variables
β 0,0227∗∗∗ -0,0143 -0,0280 -0,0199 -0,0262 -0,0137

(0,0045) (0,0171) (0,0173) (0,0221) (0,0212) (0,0190)
log(Current Wages) 0,0139∗∗∗ 0,0159∗∗∗

(0,0017) (0,0027)
Fit statistics
Observations 3.546.203 3.680.600 3.830.025 3.732.839 3.696.554 3.546.203
R2 0,32558 0,32564 0,3244 0,32449 0,32442 0,32559
Within R2 0,13339 0,13304 0,13301 0,13313 0,13325 0,1334
Panel C: Treatment exposition Hp10

Model: (1) (2) (3) (4) (5) (6)
Variables
β -0,0137 -0,0190 -0,0299 -0,0232 -0,0298 -0,0189

(0,0190) (0,0310) (0,0277) (0,0300) (0,0295) (0,0329)
log(Current Wages) 0,0139∗∗∗ 0,0159∗∗∗

(0,0017) (0,0027)
Fit statistics
Observations 3.546.203 3.680.600 3.830.025 3.732.839 3.696.554 3.546.203
R2 0,32559 0,32563 0,32439 0,32448 0,32441 0,32558
Within R2 0,1334 0,13304 0,133 0,13312 0,13325 0,13339
Teachers Controls
Years of experience Yes Yes Yes Yes Yes Yes
Personal charac. No No Yes No Yes Yes
Work-related charac. No No No Yes Yes Yes
Note: Standard errors clustered by year and school class in parenthesis. ∗ p <, 10. ∗∗ p <
, 05. ∗∗∗ p <, 01. This table contains the regressions results obtained using the estimation model
assuming time-constant treatment effects in standardized Portuguese language SAEB’s test scores.
Each panel refers to the use of one of the treatment exposure variables, previously defined in
Section 2.3. Estimates in all columns include controls for observable student characteristics, for
elements related to school governance, the logarithm of municipalities’ per capita income, and
years of experience of teachers, in addition to school fixed effects, and a set of year fixed effects
for each Brazilian state. The inclusion of other sets of teacher-related control variables in each
column is indicated in the last panel of this table.
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biases in our estimates.

Next, we look at the case in which the fifth percentiles of wages paid to
teachers in each municipality were used to measure treatment intensity, Hp5, i.e.
at regression results reported in Panel B of Table 9. We notice a slightly different
pattern than the previously observed. Point estimates for years between 2009 and
2015 are in line with the former proposed explanation, but it is contested by the
2017 estimated coefficient which is negative and statistically significant. As the
absolute negative estimated treatment effect is greater than the positive one in
2015, it is hard to find a plausible common cause to it. Possibly, it may be due
to aggressive police actions taken against the teachers who striked in 2015, which
could have diminished the perceived social value of being a teacher and deter
some individuals with higher opportunity costs of joining the education system, in
addition to the explanation proposed in the discussion of previous panel results.
Lastly, changes between point estimates of models with different sets of control
variables suggests that a correlation between the treatment intensity variable and
currently paid wages could be slightly underestimating the positive effects found
for 2015.

Finally, a third pattern emerges in the regression results reported in Panel C
of Table 9, the regressions in which the tenth percentiles of wages paid to teachers
in each municipality were used to measure treatment intensity Hp10. The estimated
negative effects for 2017 of Panel B are also present in Panel C, having the same
plausible cause although a greater magnitude. However, the 2015 estimated positive
effects disappear, and the 2011 estimates turn positive and statistically significant.
So the wage floor implementation could, at first, have attracted higher skilled and
already qualified individuals to the classrooms, but this would not have lasted.
Furthermore, slightly higher magnitudes of triple-difference estimates reported
in columns (4)-(6) for 2017 suggests that different working conditions of newly-
graduated teachers would be underestimating the absolute estimated treatment
effect.

Similarly to the time-constant effects model, some divergences arise between
time-varying effects model regression results using SAEB’s mathematics test scores
and Portuguese language test scores. This can be seen in Table 10, which contains
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estimates from the model with time-varying effects in standardized Portuguese
language SAEB’s test scores. Starting with the case shown in Panel A, in which
estimates were taken using the lowest wage paid to teachers in each municipality to
measure treatment intensity, Hmin, we can see positive and statistically significant
point estimates for 2011 and 2015 for all sets of control variables. As previously
explained, positive estimates for these years corroborate two possible causes. One of
them is related to the wage floor implementation initially attracting higher skilled
and already qualified individuals to the classrooms, while the other relates to changes
in the occupational choice process with delayed effects on students’ outcomes. For
almost all evaluated SAEB editions, there were no significant differences between
point estimates taken using different sets of control variables. The exception is the
2017 estimated coefficient, causing weak evidence that direct effects on the teacher
profession attractiveness persists and affects student performance, as can be seen
in columns (1)-(3) of Panel A.

Most of the positive point estimates previously found disappear when we
change the treatment intensity variable to Hp5. As Panel B of Table 10 shows, the
only estimates to remain positive and statistically significant are those of columns
(2) and (6) for 2011. When comparing regression results in the aforementioned
columns with those in columns (1) and (5), it is clear that estimates taken using
Hp5 are negatively biased by the treatment intensity measure being correlated with
current teachers’ wages. Furthermore, as with mathematics test scores, the 2017
estimates are negative and statistically significant and may share the same cause
attributed to the previous case.

Finally, regression results taken using Portuguese language test scores and
Hp10 treatment intensity measure are too convoluted and we refrain from drawing
further conclusions. As reported in Panel C of Table 10, 2009 estimates suggest
unexpected negative treatment effects and we found no convincing mechanism to
explain it. The teachers’ exclusive wage floor was implemented at the beginning of
2009 and, as the largest portion of teachers in the public school system are hired
through public tenders, there should be no able time for higher or lower skilled
individuals to enter the education system, consequently there should be no effect on
students’ performance on the SAEB’s tests. Thus, we conclude that this treatment
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exposure variable is too disparate from the object it is intended to measure, then
its inclusion in the presented discussion raises more doubts than adds robustness
to the results analysis.

From evidence presented throughout this section, we draw the major conclu-
sion that there are not enough elements to attest the effectiveness of the teachers’
exclusive wage floor implementation, or general education policies of unconditional
increases in teachers’ wages, in promoting gains in students performance through
the mechanism of selecting higher skilled individuals to qualify and lecture as
teachers. We suspect that the lack of law enforcement to promote compliance with
the wage floor law and the economic activity slowdown, which diminished public
budgets and could have turned law compliance unfeasible, were accountable for
making it impossible to carry out a more convincing assessment of this kind of
education policy. However, we can still state weak evidence of a positive effect
of the teachers’ exclusive wage floor implementation on performance in SAEB’s
Portuguese language assessment of 5th grade students with newly-graduated teach-
ers. Anecdotally, we attribute it to language teachers facing lower occupational
opportunity costs and, therefore, being more sensible to the wage floor in their
occupational choice processes.
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Table 9 – Estimated time-varying treatment effects in mathematics test scores

Panel A: Treatment exposure Hmin

Model: (1) (2) (3) (4) (5) (6)
Variables
β2009 0.0192 0.0272 0.0191 0.0136 0.0108 0.0189

(0.0159) (0.0194) (0.0161) (0.0189) (0.0185) (0.0206)
β2011 -0.0013 -0.0121 -0.0045 0.0135 0.0106 -0.0030

(0.0233) (0.0256) (0.0224) (0.0229) (0.0221) (0.0248)
β2013 0.0157 0.0179 0.0099 0.0165 0.0115 0.0139

(0.0152) (0.0161) (0.0154) (0.0160) (0.0158) (0.0164)
β2015 0.0445*** 0.0489*** 0.0440*** 0.0405*** 0.0392*** 0.0428***

(0.0101) (0.0112) (0.0103) (0.0104) (0.0100) (0.0107)
β2017 0.0010 0.0011 0.0003 -0.0110 -0.0109 -0.0111

(0.0127) (0.0147) (0.0122) (0.0142) (0.0136) (0.0146)
log(Current Wages) 0.0220*** 0.0241***

(0.0021) (0.0036)
Fit statistics
Observations 3,871,653 3,680,515 3,829,935 3,732,757 3,696,473 3,546,124

Continued on next page
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Table 9 – Continued from previous page
R2 0.31618 0.31635 0.31608 0.3159 0.31586 0.31613
Within R2 0.10904 0.10918 0.10918 0.10921 0.10933 0.10946

Panel B: Treatment exposure Hp5

Model: (1) (2) (3) (4) (5) (6)
Variables
β2009 0.0000 0.0147 -0.0199 0.0141 -0.0077 0.0053

(0.0436) (0.0510) (0.0440) (0.0472) (0.0461) (0.0502)
β2011 0.0232 0.0327 0.0282 0.0341 0.0360 0.0670

(0.0446) (0.0439) (0.0437) (0.0475) (0.0468) (0.0504)
β2013 -0.0043 -0.0069 -0.0128 -0.0051 -0.0159 -0.0122

(0.0340) (0.0355) (0.0344) (0.0371) (0.0376) (0.0377)
β2015 0.0574** 0.0791*** 0.0660*** 0.0523* 0.0601** 0.0852***

(0.0232) (0.0152) (0.0229) (0.0284) (0.0280) (0.0191)
β2017 -0.0811*** -0.0772*** -0.0916*** -0.1021*** -0.1039*** -0.1016***

(0.0157) (0.0170) (0.0162) (0.0215) (0.0219) (0.0224)
log(Current Wages) 0.0220*** 0.0240***

(0.0021) (0.0037)
Fit statistics
Observations 3,871,653 3,680,515 3,829,935 3,732,757 3,696,473 3,546,124

Continued on next page
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R2 0.31619 0.31636 0.3161 0.31591 0.31587 0.31615
Within R2 0.10905 0.1092 0.10919 0.10922 0.10935 0.10947

Panel C: Treatment exposure Hp10

Model: (1) (2) (3) (4) (5) (6)
Variables
β2009 -0.0286 -0.0168 -0.0559 -0.0147 -0.0441 -0.0319

(0.0588) (0.0687) (0.0586) (0.0644) (0.0609) (0.0642)
β2011 0.1056** 0.1116** 0.1112** 0.0905* 0.0915* 0.1314**

(0.0453) (0.0459) (0.0444) (0.0487) (0.0477) (0.0558)
β2013 0.0175 0.0101 0.0112 0.0213 0.0097 0.0094

(0.0349) (0.0353) (0.0361) (0.0361) (0.0375) (0.0378)
β2015 0.0010 0.0255 0.0177 -0.0010 0.0148 0.0438*

(0.0272) (0.0190) (0.0281) (0.0342) (0.0348) (0.0251)
β2017 -0.1152*** -0.1169*** -0.1270*** -0.1434*** -0.1410*** -0.1427***

(0.0151) (0.0133) (0.0143) (0.0253) (0.0255) (0.0247)
log(Current Wages) 0.0219*** 0.0239***

(0.0021) (0.0037)
Fit statistics
Observations 3,871,653 3,680,515 3,829,935 3,732,757 3,696,473 3,546,124

Continued on next page
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Table 9 – Continued from previous page
R2 0.31619 0.31636 0.31609 0.31591 0.31587 0.31614
Within R2 0.10905 0.1092 0.10919 0.10922 0.10934 0.10947
Teachers Controls
Years of experience Yes Yes Yes Yes Yes Yes
Personal charac. No No Yes No Yes Yes
Work-related charac. No No No Yes Yes Yes

Note: Standard errors clustered by year and school class in parenthesis. ∗ p <, 10. ∗∗ p <, 05. ∗∗∗ p <, 01. This table
contains the regressions results obtained using the estimation model assuming time-varying treatment effects in
standardized mathematics SAEB’s test scores. Each panel refers to the use of one of the treatment exposure variables,
previously defined in Section 2.3. Estimates in all columns include controls for observable student characteristics, for
elements related to school governance, the logarithm of municipalities’ per capita income, and years of experience of
teachers, in addition to school fixed effects, and a set of year fixed effects for each Brazilian state. The inclusion of
other sets of teacher-related control variables in each column is indicated in the last panel of this table.



2.5.
Results

55

Table 10 – Estimated time-varying treatment effects in Portuguese language test scores

Panel A: Treatment exposure Hmin

Model: (1) (2) (3) (4) (5) (6)
Variables
β2009 0.0158 0.0206 0.0172 0.0039 0.0044 0.0098

(0.0137) (0.0147) (0.0140) (0.0167) (0.0160) (0.0155)
β2011 0.0481*** 0.0491*** 0.0454** 0.0617*** 0.0595*** 0.0587***

(0.0187) (0.0172) (0.0185) (0.0164) (0.0160) (0.0150)
β2013 0.0025 0.0083 -0.0017 0.0041 -0.0012 0.0033

(0.0136) (0.0126) (0.0140) (0.0139) (0.0140) (0.0128)
β2015 0.0383*** 0.0395*** 0.0379*** 0.0337*** 0.0326*** 0.0335***

(0.0107) (0.0109) (0.0109) (0.0117) (0.0115) (0.0107)
β2017 0.0207* 0.0231** 0.0200* 0.0107 0.0107 0.0130

(0.0119) (0.0108) (0.0121) (0.0139) (0.0140) (0.0117)
log(Current Wages) 0.0140*** 0.0161***

(0.0017) (0.0027)
Fit statistics
Observations 3,871,744 3,680,600 3,830,025 3,732,839 3,696,554 3,546,203

Continued on next page
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Table 10 – Continued from previous page
R2 0.32451 0.32564 0.3244 0.32449 0.32443 0.32559
Within R2 0.13289 0.13305 0.13301 0.13314 0.13326 0.1334

Panel B: Treatment exposure Hp5

Model: (1) (2) (3) (4) (5) (6)
Variables
β2009 -0.0236 -0.0136 -0.0323 -0.0045 -0.0146 -0.0114

(0.0316) (0.0357) (0.0317) (0.0323) (0.0306) (0.0308)
β2011 0.0396 0.0663** 0.0325 0.0508 0.0437 0.0991***

(0.0377) (0.0264) (0.0360) (0.0320) (0.0305) (0.0263)
β2013 -0.0416 -0.0350 -0.0501 -0.0305 -0.0452 -0.0382

(0.0362) (0.0341) (0.0383) (0.0424) (0.0451) (0.0413)
β2015 -0.0150 -0.0047 -0.0125 -0.0182 -0.0157 -0.0012

(0.0432) (0.0387) (0.0430) (0.0461) (0.0461) (0.0405)
β2017 -0.0549** -0.0492*** -0.0658*** -0.0762*** -0.0783*** -0.0740***

(0.0215) (0.0170) (0.0223) (0.0254) (0.0261) (0.0218)
log(Current Wages) 0.0140*** 0.0160***

(0.0017) (0.0028)
Fit statistics
Observations 3,871,744 3,680,600 3,830,025 3,732,839 3,696,554 3,546,203

Continued on next page
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Table 10 – Continued from previous page

R2 0.32452 0.32565 0.32441 0.3245 0.32443 0.3256
Within R2 0.1329 0.13306 0.13302 0.13314 0.13327 0.13341

Panel C: Treatment exposure Hp10

Model: (1) (2) (3) (4) (5) (6)
Variables
β2009 -0.0993** -0.0979** -0.1184*** -0.0868** -0.1012*** -0.0993**

(0.0401) (0.0477) (0.0410) (0.0405) (0.0383) (0.0401)
β2011 0.1506*** 0.1321*** 0.0907** 0.0955*** 0.0849** 0.1506***

(0.0397) (0.0357) (0.0371) (0.0341) (0.0331) (0.0397)
β2013 -0.0190 -0.0185 -0.0316 -0.0051 -0.0221 -0.0190

(0.0543) (0.0464) (0.0487) (0.0528) (0.0559) (0.0543)
β2015 -0.0177 -0.0278 -0.0294 -0.0349 -0.0293 -0.0177

(0.0518) (0.0469) (0.0494) (0.0518) (0.0532) (0.0518)
β2017 -0.0999*** -0.0692** -0.0843** -0.1047*** -0.1022** -0.0999***

(0.0363) (0.0285) (0.0337) (0.0401) (0.0407) (0.0363)
log(Current Wages) 0.0139*** 0.0160***

(0.0017) (0.0028)
Fit statistics
Observations 3,546,203 3,680,600 3,830,025 3,732,839 3,696,554 3,546,203

Continued on next page
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Table 10 – Continued from previous page
R2 0.3256 0.32564 0.3244 0.3245 0.32443 0.3256
Within R2 0.13341 0.13305 0.13301 0.13314 0.13326 0.13341
Teachers Controls
Years of experience Yes Yes Yes Yes Yes Yes
Personal charac. No No Yes No Yes Yes
Work-related charac. No No No Yes Yes Yes

Note: Standard errors clustered by year and school class in parenthesis. ∗ p <, 10. ∗∗ p <, 05. ∗∗∗ p <, 01. This
table contains the regressions results obtained using the estimation model assuming time-varying treatment effects
in standardized Portuguese language SAEB’s test scores. Each panel refers to the use of one of the treatment
exposure variables, previously defined in Section 2.3. Estimates in all columns include controls for observable student
characteristics, for elements related to school governance, the logarithm of municipalities’ per capita income, and
years of experience of teachers, in addition to school fixed effects, and a set of year fixed effects for each Brazilian
state. The inclusion of other sets of teacher-related control variables in each column is indicated in the last panel of
this table.
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2.5.2 Effects through all mechanisms

Table 11 contains estimation results from the model considering all mech-
anisms through which the implementation of the teachers’ exclusive wage floor
can affect standardized mathematics SAEB’s test scores in a constant over time
manner. Results related to standardized language SAEB’s test scores from this same
econometric model are shown in Table 12. These estimates present similar patterns
for both school subjects. Point estimates are negative in all depicted cases, however
only the ones related to treatment exposure variables Hp5 and Hp10 are statistically
significant. Similarly to what happens to the triple-differences case, point estimates
in column (1) remain with almost the same value when we control for teachers’
personal characteristics, work-related characteristics, and both together, as can be
seen in columns (3), (4) and (5) respectively. Also, estimates in columns (2) and (6)
are not statistically different from estimates in columns (1) and (5), respectively.
This suggests that the lack of effect did not occur due to profile differences of
cohorts of teachers, nor due to differences in working conditions of these cohorts.
Furthermore, previous results are not explained by a possible negative correlation
between the treatment exposure variables and current wages.

All in all, the regression results which use our prefered treatment exposure
variable, Hmin, indicate that the teachers’ exclusive wage floor implementation
had no impact on students’ mathematics and language proficiencies. However, as
estimates from other treatment exposure variables are negative and statistically
significant, we can not rule out that there is some weak evidence of such a policy
being detrimental to student outcomes. A lack of effect is consistent with previous
findings in literature related to unconditional teachers’ salaries increases (REE et al.,
2018; BAU; DAS, 2017; PUGATCH; SCHROEDER, 2018; CHELWA; PELLICER;
MABOSHE, 2019), nevertheless it contradicts previous findings for a similar policy
previously implemented in Brazil (MENEZES-FILHO; PAZELLO, 2007). We own
such discrepancy to the fact that, contrary to what happened when teachers’
salaries increased due to the creation of FUNDEF in 1997, the implementation of
the wage floor did not occured with an increase of resources to finance the public
education system, and so the substitution effect mechanism, i.e. the need to adjust
the capital-labor ratio, must have played a large role determining policy effects.
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Table 11 – Estimated total time-constant average treatment effect in mathematics
test scores

Panel A: Treatment exposition Hmin

Model: (1) (2) (3) (4) (5) (6)
Variables
γ -0.0182* -0.0200* -0.0193* -0.0171 -0.0182* -0.0204*

(0.0102) (0.0104) (0.0103) (0.0104) (0.0105) (0.0105)
log(Current Wages) 0.0220*** 0.0249***

(0.0016) (0.0018)
Fit statistics
Observations 3,871,652 3,680,513 3,829,932 3,732,756 3,696,470 3,546,121
R-squared 0.3162 0.3163 0.3161 0.3159 0.3159 0.3161
Panel B: Treatment exposition Hp5

Model: (1) (2) (3) (4) (5) (6)
Variables
γ -0.0995*** -0.1027*** -0.1045*** -0.0985*** -0.1036*** -0.1033***

(0.0201) (0.0203) (0.0203) (0.0205) (0.0207) (0.0208)
log(Current Wages) 0.0221*** 0.0249***

(0.0016) (0.0018)
Fit statistics
Observations 3,871,652 3,680,513 3,829,932 3,732,756 3,696,470 3,546,121
R-squared 0.3162 0.3163 0.3161 0.3159 0.3159 0.3161
Panel C: Treatment exposition Hp10

Model: (1) (2) (3) (4) (5) (6)
Variables
γ -0.0717*** -0.0735*** -0.0760*** -0.0674*** -0.0719*** -0.0697***

(0.0253) (0.0255) (0.0255) (0.0258) (0.0260) (0.0261)
log(Current Wages) 0.0220*** 0.0249***

(0.0016) (0.0018)
Fit statistics
Observations 3,871,652 3,680,513 3,829,932 3,732,756 3,696,470 3,546,121
R-squared 0.3162 0.3163 0.3161 0.3159 0.3159 0.3161
Teachers Controls
Years of experience Yes Yes Yes Yes Yes Yes
Personal charac. No No Yes No Yes Yes
Work-related charac. No No No Yes Yes Yes
Note: Standard errors clustered by year and school class in parenthesis. ∗ p < .10, ∗∗ p <
.05, ∗∗∗ p < .01. This table contains the regressions results obtained using the estimation model
assuming time-constant treatment effects in standardized mathematics SAEB’s test scores. Each
panel refers to the use of one of the treatment exposure variables, previously defined in Section
2.3. Estimates in all columns include controls for observable student characteristics, for elements
related to school governance, the logarithm of municipalities’ per capita income, and years of
experience of teachers, in addition to school fixed effects, and a set of year fixed effects for each
Brazilian state. The inclusion of other sets of teacher-related control variables in each column is
indicated in the last panel of this table.
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Table 12 – Estimated total time-constant average treatment effect in Portuguese
language test scores

Panel A: Treatment exposition Hmin

Model: (1) (2) (3) (4) (5) (6)
Variables
γ -0.0106 -0.0125 -0.0110 -0.0121 -0.0123 -0.0142

(0.0089) (0.0090) (0.0089) (0.0091) (0.0091) (0.0092)
log(Current Wages) 0.0140*** 0.0163***

(0.0015) (0.0017)
Fit statistics
Observations 3,871,743 3,680,598 3,830,022 3,732,838 3,696,551 3,546,200
R-squared 0.3245 0.3256 0.3244 0.3245 0.3244 0.3256
Panel B: Treatment exposition Hp5

Model: (1) (2) (3) (4) (5) (6)
Variables
γ -0.0910*** -0.0931*** -0.0938*** -0.0917*** -0.0940*** -0.0954***

(0.0171) (0.0173) (0.0172) (0.0174) (0.0176) (0.0178)
log(Current Wages) 0.0141*** 0.0163***

(0.0015) (0.0017)
Fit statistics
Observations 3,871,743 3,680,598 3,830,022 3,732,838 3,696,551 3,546,200
R-squared 0.3245 0.3256 0.3244 0.3245 0.3244 0.3256
Panel C: Treatment exposition Hp10

Model: (1) (2) (3) (4) (5) (6)
Variables
γ -0.0675*** -0.0680*** -0.0718*** -0.0658*** -0.0698*** -0.0707***

(0.0214) (0.0217) (0.0215) (0.0218) (0.0219) (0.0221)
log(Current Wages) 0.0140*** 0.0163***

(0.0015) (0.0017)
Fit statistics
Observations 3,871,743 3,680,598 3,830,022 3,732,838 3,696,551 3,546,200
R-squared 0.3245 0.3256 0.3244 0.3245 0.3244 0.3256
Teachers Controls
Years of experience Yes Yes Yes Yes Yes Yes
Personal charac. No No Yes No Yes Yes
Work-related charac. No No No Yes Yes Yes
Note: Standard errors clustered by year and school class in parenthesis. ∗ p <, 10. ∗∗ p <
, 05. ∗∗∗ p <, 01. This table contains the regressions results obtained using the estimation model
assuming time-constant treatment effects in standardized Portuguese language SAEB’s test scores.
Each panel refers to the use of one of the treatment exposure variables, previously defined in
Section 2.3. Estimates in all columns include controls for observable student characteristics, for
elements related to school governance, the logarithm of municipalities’ per capita income, and
years of experience of teachers, in addition to school fixed effects, and a set of year fixed effects
for each Brazilian state. The inclusion of other sets of teacher-related control variables in each
column is indicated in the last panel of this table.
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Tables 13 and 14 show regression results from the model considering all
mechanisms through which the implementation of the teachers’ exclusive wage
floor can affect, respectively, standardized mathematics and language SAEB’s test
scores in a varying over time manner.

Estimates in Panels A of Tables 13 and 14 were taken using the lowest wage
paid to teachers in each municipality to measure treatment intensity. For both
school subjects there are no qualitative changes when we compare regression results
from different sets of control variables, a pattern that also emerges when evaluating
regression results obtained via other treatment exposure variables. Moreover, the
estimated effects presented in the first panel of both tables reveal some patterns
that are hard to understand. Besides being small, effects in mathematics test scores
are negative and statistically significant in all evaluated years except 2011, when it
turns positive and also statistically significant. Meanwhile, effects in language test
scores are statistically insignificant for all evaluated years except 2013 and 2015,
also being negative.

Estimates in Panels B of Tables 13 and 14 were taken using the fifth
percentiles of wages paid to teachers in each municipality as measure of treatment
intensity. A clearer and stronger pattern is revealed for both school subjects.
Estimated effects were negative and statistically significant in all years after the
wage floor implementation, and their magnitudes are greater than the ones of
previously presented cases. Nevertheless, those negative effects seem to diminish
through time for the mathematics subject and present an inverted U-shape for the
language subject. Even though it is hard to explain the changing rate for effects
regarding the language subject, it appears to be clear that the teachers’ wage floor
implementation was harmful for the achievement of public school students.

Last, estimates in Panels C of Tables 13 and 14 were taken using the tenth
percentiles of wages paid to teachers in each municipality as measure of treatment
intensity. For mathematics, although point estimates reduced to nearly half for
the year of 2011, they show a pattern in which effects were initially negative but
lost statistical significance in later years. This could mean that the wage floor
implementation initially was detrimental to public school systems but it turned
out neutral as they adapted, however results for the language subject do not
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coadune with this. For the later school subject, estimated effects were negative and
statistically significant except for 2009 and 2015, numbing the previous reading.
As the tenth percentile is our least preferred measure of treatment intensity, we
refrain from drawing stronger conclusions from it.

Summing up all the previous exposed results, the reasoning behind some
public administrators being contrary to the adoption of such a policy comes to light.
The implementation of the teachers’ exclusive wage floor did not benefit public
schools students, as its total effect through all possible mechanisms seems to have
been zero or negative. In other words, as there was no transfer of additional public
resources to public education systems, the decrease in administrative capacity
caused by the wage floor implementation was not compensated and the policy had
an effect which was contrary to its intention.
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Table 13 – Estimated total time-varying treatment effects in mathematics test scores

Panel A: Treatment exposure Hmin

Model: (1) (2) (3) (4) (5) (6)
Variables
γ2009 -0.0352** -0.0337** -0.0363*** -0.0313** -0.0328** -0.0331**

(0.0137) (0.0138) (0.0138) (0.0140) (0.0140) (0.0141)
γ2011 0.0230* 0.0245* 0.0209* 0.0271** 0.0252** 0.0261**

(0.0121) (0.0128) (0.0121) (0.0124) (0.0125) (0.0132)
γ2013 -0.0257** -0.0256** -0.0267** -0.0260** -0.0268** -0.0265**

(0.0124) (0.0125) (0.0125) (0.0126) (0.0127) (0.0127)
γ2015 -0.0291** -0.0296** -0.0303** -0.0282** -0.0295** -0.0303**

(0.0124) (0.0124) (0.0125) (0.0126) (0.0127) (0.0126)
γ2017 -0.0385*** -0.0388*** -0.0387*** -0.0392*** -0.0394*** -0.0394***

(0.0129) (0.0130) (0.0129) (0.0131) (0.0131) (0.0131)
log(Current Wages) 0.0221*** 0.0251***

(0.0016) (0.0018)
Fit statistics
Observations 3,871,652 3,680,513 3,829,932 3,732,756 3,696,470 3,546,121

Continued on next page
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R-squared 0.3162 0.3164 0.3161 0.3159 0.3159 0.3162

Panel B: Treatment exposure Hp5

Model: (1) (2) (3) (4) (5) (6)
Variables
γ2009 -0.1490*** -0.1558*** -0.1540*** -0.1465*** -0.1507*** -0.1551***

(0.0271) (0.0271) (0.0274) (0.0279) (0.0282) (0.0280)
γ2011 -0.0980*** -0.0991*** -0.1082*** -0.0991*** -0.1094*** -0.1060***

(0.0239) (0.0253) (0.0241) (0.0248) (0.0250) (0.0263)
γ2013 -0.1591*** -0.1651*** -0.1594*** -0.1541*** -0.1563*** -0.1600***

(0.0247) (0.0249) (0.0250) (0.0250) (0.0253) (0.0255)
γ2015 -0.0395 -0.0416* -0.0442* -0.0422* -0.0463* -0.0446*

(0.0252) (0.0252) (0.0253) (0.0254) (0.0255) (0.0255)
γ2017 -0.0487* -0.0485* -0.0558** -0.0483* -0.0545** -0.0516**

(0.0256) (0.0257) (0.0258) (0.0260) (0.0262) (0.0262)
log(Current Wages) 0.0221*** 0.0250***

(0.0016) (0.0018)
Fit statistics
Observations 3,871,652 3,680,513 3,829,932 3,732,756 3,696,470 3,546,121
R-squared 0.3162 0.3164 0.3161 0.3159 0.3159 0.3162

Continued on next page
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Table 13 – Continued from previous page

Panel C: Treatment exposure Hp10

Model: (1) (2) (3) (4) (5) (6)
Variables
γ2009 -0.1302*** -0.1403*** -0.1369*** -0.1267*** -0.1327*** -0.1394***

(0.0353) (0.0353) (0.0357) (0.0365) (0.0369) (0.0365)
γ2011 -0.0768** -0.0701** -0.0860*** -0.0773** -0.0868*** -0.0721**

(0.0300) (0.0313) (0.0302) (0.0311) (0.0314) (0.0325)
γ2013 -0.1624*** -0.1695*** -0.1597*** -0.1506*** -0.1507*** -0.1558***

(0.0313) (0.0315) (0.0315) (0.0318) (0.0320) (0.0323)
γ2015 0.0171 0.0153 0.0121 0.0188 0.0147 0.0165

(0.0324) (0.0323) (0.0324) (0.0325) (0.0326) (0.0325)
γ2017 -0.0007 0.0009 -0.0073 0.0034 -0.0024 0.0004

(0.0325) (0.0326) (0.0326) (0.0330) (0.0332) (0.0331)
log(Current Wages) 0.0221*** 0.0249***

(0.0016) (0.0018)
Fit statistics
Observations 3,871,652 3,680,513 3,829,932 3,732,756 3,696,470 3,546,121
R-squared 0.3162 0.3164 0.3161 0.3159 0.3159 0.3162
Teachers Controls

Continued on next page
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Years of experience Yes Yes Yes Yes Yes Yes
Personal charac. No No Yes No Yes Yes
Work-related charac. No No No Yes Yes Yes

Note: Standard errors clustered by year and school class in parenthesis. ∗ p <, 10. ∗∗ p <, 05. ∗∗∗ p <, 01. This table
contains the regressions results obtained using the estimation model assuming time-varying treatment effects in
standardized mathematics SAEB’s test scores. Each panel refers to the use of one of the treatment exposure variables,
previously defined in Section 2.3. Estimates in all columns include controls for observable student characteristics, for
elements related to school governance, the logarithm of municipalities’ per capita income, and years of experience of
teachers, in addition to school fixed effects, and a set of year fixed effects for each Brazilian state. The inclusion of
other sets of teacher-related control variables in each column is indicated in the last panel of this table.
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Table 14 – Estimated total time-varying treatment effects in Portuguese language test scores

Panel A: Treatment exposure Hmin

Model: (1) (2) (3) (4) (5) (6)
Variables
γ2009 -0.0062 -0.0059 -0.0063 -0.0048 -0.0050 -0.0052

(0.0122) (0.0123) (0.0123) (0.0125) (0.0125) (0.0126)
γ2011 0.0176* 0.0185* 0.0163 0.0170 0.0162 0.0159

(0.0106) (0.0112) (0.0106) (0.0109) (0.0110) (0.0116)
γ2013 -0.0227** -0.0238** -0.0231** -0.0251** -0.0252** -0.0255**

(0.0109) (0.0109) (0.0110) (0.0111) (0.0111) (0.0111)
γ2015 -0.0294*** -0.0299*** -0.0297*** -0.0313*** -0.0314*** -0.0321***

(0.0108) (0.0108) (0.0109) (0.0110) (0.0110) (0.0110)
γ2017 -0.0179 -0.0194* -0.0179 -0.0197* -0.0198* -0.0202*

(0.0116) (0.0116) (0.0116) (0.0117) (0.0118) (0.0118)
log(Current Wages) 0.0141*** 0.0165***

(0.0015) (0.0017)
Fit statistics
Observations 3,871,743 3,680,598 3,830,022 3,732,838 3,696,551 3,546,200

Continued on next page
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R-squared 0.3245 0.3256 0.3244 0.3245 0.3244 0.3256

Panel B: Treatment exposure Hp5

Model: (1) (2) (3) (4) (5) (6)
Variables
γ2009 -0.0715*** -0.0736*** -0.0732*** -0.0648*** -0.0659*** -0.0688***

(0.0233) (0.0234) (0.0235) (0.0239) (0.0241) (0.0240)
γ2011 -0.0833*** -0.0867*** -0.0909*** -0.0859*** -0.0927*** -0.0978***

(0.0205) (0.0219) (0.0207) (0.0213) (0.0215) (0.0228)
γ2013 -0.1517*** -0.1559*** -0.1514*** -0.1509*** -0.1513*** -0.1548***

(0.0213) (0.0215) (0.0215) (0.0216) (0.0218) (0.0220)
γ2015 -0.0596*** -0.0597*** -0.0616*** -0.0638*** -0.0648*** -0.0635***

(0.0219) (0.0219) (0.0220) (0.0221) (0.0222) (0.0222)
γ2017 -0.0921*** -0.0902*** -0.0965*** -0.0948*** -0.0981*** -0.0946***

(0.0229) (0.0230) (0.0230) (0.0232) (0.0233) (0.0234)
log(Current Wages) 0.0141*** 0.0164***

(0.0015) (0.0017)
Fit statistics
Observations 3,871,743 3,680,598 3,830,022 3,732,838 3,696,551 3,546,200
R-squared 0.3245 0.3257 0.3244 0.3245 0.3244 0.3256

Continued on next page
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Table 14 – Continued from previous page

Panel C: Treatment exposure Hp10

Model: (1) (2) (3) (4) (5) (6)
Variables
γ2009 -0.0483 -0.0519* -0.0535* -0.0403 -0.0453 -0.0502

(0.0304) (0.0305) (0.0306) (0.0314) (0.0315) (0.0313)
γ2011 -0.0625** -0.0581** -0.0714*** -0.0626** -0.0711*** -0.0697**

(0.0255) (0.0271) (0.0256) (0.0265) (0.0266) (0.0281)
γ2013 -0.1512*** -0.1566*** -0.1522*** -0.1475*** -0.1487*** -0.1536***

(0.0269) (0.0271) (0.0271) (0.0274) (0.0276) (0.0278)
γ2015 -0.0184 -0.0177 -0.0218 -0.0206 -0.0231 -0.0222

(0.0280) (0.0281) (0.0281) (0.0282) (0.0282) (0.0282)
γ2017 -0.0621** -0.0585** -0.0675** -0.0612** -0.0659** -0.0631**

(0.0287) (0.0289) (0.0288) (0.0292) (0.0293) (0.0294)
log(Current Wages) 0.0141*** 0.0164***

(0.0015) (0.0017)
Fit statistics
Observations 3,871,743 3,680,598 3,830,022 3,732,838 3,696,551 3,546,200
R-squared 0.3245 0.3256 0.3244 0.3245 0.3244 0.3256
Teachers Controls

Continued on next page
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Years of experience Yes Yes Yes Yes Yes Yes
Personal charac. No No Yes No Yes Yes
Work-related charac. No No No Yes Yes Yes

Note: Standard errors clustered by year and school class in parenthesis. ∗ p <, 10. ∗∗ p <, 05. ∗∗∗ p <, 01. This
table contains the regressions results obtained using the estimation model assuming time-varying treatment effects
in standardized Portuguese language SAEB’s test scores. Each panel refers to the use of one of the treatment
exposure variables, previously defined in Section 2.3. Estimates in all columns include controls for observable student
characteristics, for elements related to school governance, the logarithm of municipalities’ per capita income, and
years of experience of teachers, in addition to school fixed effects, and a set of year fixed effects for each Brazilian
state. The inclusion of other sets of teacher-related control variables in each column is indicated in the last panel of
this table.
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2.6 Conclusions and Discussion

The Brazilian public education system has undergone a series of structural,
curricular and funding reforms since the country’s redemocratization. These reforms
were quite successful in the extensive margin, and Brazil practically accomplished
the universalization of public basic education in the early 2000s. However, the
same positive returns did not match expectations in the intensive margin, in other
words, it did not experience great relative gains in education quality. This view
was reinforced by a stagnant progression of Brazilian students’ performance in
international assessments of education quality. In order to revert this, and following
the recommendations from international organizations, Brazilian politicians passed
a law to implement a teachers’ exclusive wage floor.

The wage floor initial value was set slightly above two times the national
minimum wage and hiked every year, according to a formula that involves the
amount of minimum spending per student defined by the Fundeb funds. The
legislation establishing the wage floor aimed to improve education quality by
increasing the teacher profession attractiveness via higher wages and better working
conditions. This demand for expanding the largest single budgetary element of public
education and its posterior readjustments led public administrators to question its
feasibility, since the wage floor would pressure states’ and municipalities’ budgets,
in addition to compromising their administrative capacities.

In 2011, the Federal Supreme Court ruled on and attested the wage floor
law constitutionality. Another judgment took place at the Supreme Court in 2013
and exempted from responsibility the federative entities which did not comply
with the wage floor law until its constitutionality was asserted. Subsequently, in
2015, there were waves of public school teachers strikes demanding compliance
with the wage floor law all over Brazil. In response to these events, the Ministry of
Education revealed that almost half of Brazilian states had not been complying in
paying teachers the wage floor value.

In this piece, we sought to assess if the unconditional increase in teachers’
wages, consequential to the teachers’ exclusive wage floor implementation, was
effective in generating gains, through the selection of higher skilled new teachers, in
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5th grade public school students’ performance at a national and standardized exam.
To do this, we relied on data from the Basic Education Assessment System and
formal labor market data from the Annual Social Information Report. To estimate
the policy’s average treatment effects, we used two triple-differences econometric
models with non-binary treatments, allowing the treatment effect to vary or not
over time. Results were estimated for both mathematics and Portuguese language
subjects, and using three measures treatment exposure.

From the results obtained using the time-constant treatment effect model,
we conclude that there are not enough elements to attest the effectiveness of
the teachers’ exclusive wage floor implementation, or general education policies
of unconditional increases in teachers’ wages, in promoting gains in students
performance through the mechanism of selecting higher skilled individuals to
qualify and lecture as teachers. Although there are some plausible causes for the
results found, we refrain from drawing major conclusions from regression results
obtained using the time-varying treatment effect model, as they are not robust
enough to allow precise statements.

We suspect that the judicially uncertain and economically fragile scenario
which developed after the wage floor implementation ended up invalidating our
identification assumption of treatment exogeneity, thus compromising the natural
experiment. Lastly, we recommend to future researchers studying this same natural
experiment to make use of other measures of treatment exposure, in addition to
identification strategies which deal with the endogeneity from the federative entities’
decisions to comply or not with the teachers’ exclusive wage floor law.
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3 More Harm Than Good?
The early consequences of Brazilian
large-scale childhood education expan-
sion in the 2010s

3.1 Motivation

In the late 2000s, Brazil adopted a series of educational policies to get
children to start school earlier. Besides the addition of one more grade to the
elementary school, a gradual process was established for the expansion of early
childhood education. The adoption of these policies made the national preschool
net enrollment rate grow from 54.1% in 2007 to 73.4% in 2012, and the national
child care net enrollment rate grow from 8.7% in 2007 to 17.5% in 20121. However,
there was little to no concern about the quality of the early childhood education
provided. As an illustration, a 2009 evaluation of 91 child care classes and 138
preschool classes in 6 capitals across all Brazilian regions classified the education
provided as not adequate in 6 out of the 7 criteria evaluated (CAMPOS et al.,
2011).

Recent findings in the early childhood interventions and universal educa-
tional programs literature shows that the quality of education is especially important
for this age group. Access to high quality interventions can benefit a child in both
cognitive and noncognitive skills dimensions which leads to higher outcomes at
school age and later in life (HECKMAN; PINTO; SAVELYEV, 2013; CARNEIRO;
GINJA, 2014; ELANGO et al., 2015; KLINE; WALTERS, 2016). Symmetrically,
poor quality universal programs can be detrimental to a child, at least in the

1 Net enrollment rates computed by the authors using data from the Brazilian School Census
and a set of population estimates computed by the Brazilian Institute of Geography and
Statistics (IBGE).
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noncognitive skills dimension, and lead to lower outcomes later in life (BAKER;
GRUBER; MILLIGAN, 2019). These findings raise the question: Did the Brazilian
early childhood education expansion do more harm than good to the achievement
of children?

In this paper we investigate how Brazil’s universal early childhood education
policy affected students’ outcomes. More specifically, we use data from a national
standardized test and from administrative data to estimate the effects on students
test scores and school progression, and on aggregate student proficiency levels. We
rely on high dimensional fixed effects identification strategies to estimate the causal
effects of enrollment in child care or preschool on such outcomes during school life.

Our main results suggest that students who started schooling in child care
scored 0.10 of a standard deviation higher in both mathematics and language
subjects than students who started schooling only in elementary school. The effects
are greater for students who started schooling in preschool, having a magnitude
of 0.17 of a standard deviation. These results are greater for students with highly
educated mothers and for the ones residing in municipalities with higher investments
in childhood education. We also do not find statistically significant effects on age-
grade distortion rates. Regarding aggregate students proficiency levels, net child care
enrollment rates seems to mainly increase the share of students at high proficiency
levels and decrease the low language proficiency one, whilst net preschool enrollment
rates seems to play a role in ensuring that students acquire, from school, the human
capital they should.

Previous works evaluating large-scale early childhood educational programs
are based on only a few experiences in developed countries of North America
and Europe. Their findings suggest that the effects of these programs on child
achievement are heterogeneous, with higher benefits to disadvantaged children than
to advantaged ones, being potentially harmful for advantaged children enrolled in
low quality schools. Such heterogeneity across children’s backgrounds is a major
compromise to the external validity of these findings towards developing countries,
for reasons that will be explained later on.

One of the most debated pieces of evidence comes from the introduction of
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highly subsidised universal child care in the province of Quebec, Canada, over the
1997-2000 period. A first assessment of the early consequences on children found
that a variety of noncognitive parent-reported child outcomes worsened, as well as
the measures of parenting and family functions (BAKER; GRUBER; MILLIGAN,
2008). A further investigation focused on effect heterogeneity, rather than the
average effect (KOTTELENBERG; LEHRER, 2017). It found that children from
two-parent families between the 10th and 50th quantile received significant negative
impacts from child care, while children from single parent households benefited
the most, particularly those who were at the lower quantiles of the distribution.
The negative impacts seem to have not faded, leading to a decline in self-reported
health and in life satisfaction, and to an increase in criminal behaviour, especially
for boys (BAKER; GRUBER; MILLIGAN, 2019).

The negative effects from Quebec’s experience are commonly attributed
to two main factors, the characteristics of the children who benefited from the
policy implemented and the low quality of the provided child care. First, because
there were already assistance policies to assist children from low income families,
the implementation of the subsidised universal child care in 1997 benefited mostly
children from mid and high income families, who crowded out from private provided
care to the new publicly provided one (BAKER; GRUBER; MILLIGAN, 2008).
Second, an assessment on the quality of the provided care evaluated over 60 percent
of the venues as "minimal quality" (JAPEL; TREMBLAY; CÔTÉ, 2005), which
raised questions about the policy causing more harm than good.2

Studies exploring a reform from late 1975 in Norway, which led to a large-
scale expansion of subsidized child care, sheds some light on the effects of large-scale
early childhood education of high quality in developed countries. Opposing Quebec’s
case, formal child care in Norway was characterized by relatively high expenditure
levels per child, which allowed the child care provided to meet high quality standards
over the qualifications of staff and physical environment, as well as a high staff-
child ratio. Adults in their early 30s who benefited from the subsided child care
as children had large positive effects regarding both education and labor market
2 Baker, Gruber e Milligan (2019) argue that this is comparable to the quality of care provided in

many other developed countries, and better than the quality of care in for-profit or unregulated
care in Quebec.
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attachment, as well as welfare dependency (HAVNES; MOGSTAD, 2011). A later
analysis on the heterogeneity of these effects found that the increase in educational
attainment, the gains in earnings and other labor market outcomes were driven
largely by children of low income parents, while upper-class children experienced a
loss in earnings and no change in schooling levels (HAVNES; MOGSTAD, 2015).

Although neither of the former studies found statistical significant effect
over cognitive skills measures in Norway, another one, exploring a discontinuity in
the price of child care by income in the 1990s, found a significant positive effect of
child care subsidies at age 5 on children’s junior high school academic performance
(BLACK et al., 2014). One possible explanation for these discrepant results is
the fact that, after the late 1975 reform, children moved from informal care to
the subsidised high quality formal one, while the eligibility to the subsidy in the
1990s had no effect on the utilization of formal child care, acting only as a positive
shock in the disposable family income. This exemplifies that, beyond the quality, to
fully evaluate large-scale child care policies, one must also consider the children’s
background and the alternative type of care from which they moved out.

Evidence from other countries adds to the Canadian and Norwegian ones. In
Denmark, children who crowded out from home care towards subsidized high quality
center based child care did not have any significant differences in non-cognitive
child outcomes, no matter the gender or the mother’s level of education. Also
in Denmark, at the same time, the outcomes of children who moved out from
home care to family day care significantly deteriorated, especially for boys with
low educated mothers (GUPTA; SIMONSEN, 2010). In Spain, the introduction of
universal high quality public child care crowded out mainly home care and led to a
sizable increase in reading test scores, being particularly beneficial for children from
disadvantaged backgrounds (FELFE; NOLLENBERGER; RODRÍGUEZ-PLANAS,
2015). In Germany, the expansion in publicly provided child care also crowded
out mainly home care and had higher returns in school readiness to children of
immigrant ancestry than to native children (CORNELISSEN et al., 2018).

Looking at the evidence of large-scale early childhood education programs
in the United States, pre-kindergarten attendance seems to have raised math and
reading performance at school entry and worsened behavioral outcomes. For most
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children the cognitive effects faded, but the behavioral effects persisted, while for
disadvantaged children there were more lasting cognitive gains (MAGNUSON;
RUHM; WALDFOGEL, 2007). A recent study using a more robust lottery-based
research design, but limited to Boston, Massachusetts, found that attending a
universal public preschool did not affect student achievement in elementary, middle,
or high school, but had significant positive effects on disciplinary outcomes and
post-secondary outcomes. Although the causal effects of preschool were generally
larger for boys than for girls, there were no significant differences in estimates by
race and income (GRAY-LOBE; PATHAK; WALTERS, 2021).

Adding up all of these pieces of evidence, three main conclusions can be
drawn. First, large-scale early childhood education may affect children in both
cognitive and non-cognitive dimensions, with effects that may seem to fade out in
school life but persists through the adult one. Second, both education quality and
the type of care from which children moved out play crucial roles in determining
the signal and the magnitude of the average effect on children. Finally, effect
heterogeneity in favor of disadvantaged children makes universal early childhood
education act as an equalizer.

We contribute to this literature by evaluating the effects of universal early
childhood education on students outcomes and grade retention in a less explored
context, a developing country with lower education quality and a large proportion of
socially vulnerable children. Evaluating this type of policy in this different scenario
is key to understanding the extent of the external validity of previous works results,
since education in developing countries commonly face problems that are unusual
to other education systems3. More than that, we also estimate the extent to which
childhood education contributes to public education systems fully teaching what is
set out in the official curriculum, a dimension that is constantly overlooked in rich
world settings but may be crucial where earnings and opportunity inequalities are
prevalent.

Apart from this motivation section, this paper is organized as follows. In the

3 To give an example, in many developing countries, high rates of enrollment often masks low
rates of de facto school attendance and do not guarantee that children will learn as much as is
established in the official curriculum (GLEWWE; KREMER, 2006).
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next section we expose the institutional background which led to the adoption of
Brazil’s universal early childhood education policy, as well as the sources of the data
we use to estimate its effects. In section 3.3 we present our identification strategies
and estimation models. Regressions results are shown in section 3.4. Section 3.5
closes with concluding remarks and discussions for further research.

3.2 Institutional Background and Data

Brazil’s current basic education system was settled by the country’s current
Constitution, promulgated in 1988. It’s divided in three educational stages, called
educação infantil, ensino fundamental and ensino médio4, which at first should
be attended respectively by children of 0 to 6 years old, 7 to 14 years old, and
15 to 17 years old. Also, each school can be either public or private administered,
with municipalities governments being accountable for providing and maintaining
schools in the two first educational stages.

Formerly, the main focus of Brazil’s education system was to universalize
access to basic education. Therefore, Brazil’s 1988 Constitution stated that each
child has the right to attend a free and of good quality ensino fundamental school.
More than that, each child in the 7 to 14 years old age range should be obligated
to enroll in an ensino fundamental school. To grant this right and obligation,
the Constitution established minimum expenditure levels in education to each
federative entity.

Because the accountability for the education system was divided between the
federative entities by educational stages and the distribution of students between
educational stages were highly unequal, the funding of the education system caused
some institutional conflict between the municipalities and states administrations.
To resolve this conflict, the government of Brazil created a set of funds, one for each
state and municipalities within, from which the funding resources should be divided
between ensino fundamental schools proportionally to the number of students
enrolled in each. Those funds were called Fundos de Manutenção e Desenvolvimento

4 The educational stages can be roughly translated as childhood education, primary education,
and high school, respectively.
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do Ensino Fundamental e de Valorização do Magistério (FUNDEF).

To measure the quality of education, the Ministry of Education of Brazil
created the Sistema Nacional de Avaliação da Educação Básica (SAEB), a system
containing a set of standardized national tests. At the time in which the first test
was applied, in 1995, only a small but representative sample of 4th and 8th ensino
fundamental grades, and 3rd ensino médio grade students responded to. In the
following years, the Ministry of Education applied the SAEB tests biannually to
students of these same grades, evaluating them in the mathematics and language
subjects.

The aforementioned measures, allied with conditional cash transfers pro-
grams, accomplished the goal of universalizing the access to basic education at the
ensino fundamental stage in the early 2000s. Naturally the public opinion shifted
to the goal of raising education quality and the government adopted measures to
respond to this demand. Some of these measures were the creation of a teacher
exclusive wage floor, aiming to increase the attractiveness of the teacher profession,
and, specially, the lowering of the age at which children enter school.

The addition of one grade more to the ensino fundamental was a first step in
this new direction of making children start school life earlier. After the addition in
2007, the age range of children who should attend this educational stage became 6
to 14 years old. Furthermore, the Brazilian government started to implement some
policies to increase the coverage rate of educação infantil,5 the childhood education
stage which now attended children from 0 to 5 year old. In 2006, to prepare the
ground for the coverage expansion, the legislators reformed the FUNDEF funds to
include enrollments in educação infantil and ensino médio in the education funding
resources redistribution formula, changing its name to Fundo de Manutenção e
Desenvolvimento da Educação Básica (FUNDEB).

The major policy adopted to lower schooling life starting age was the ap-
proval of a constitutional amendment in 2009, expanding the obligatory enrollment
age range to 4 to 17 years old. In practice it turned obligatory the enrollment in
ensino médio to older students and, specially, the enrollment in the preschool stage
5 Educação infantil encompasses preschool and child care, which should be attended by children

at 4 and 5, and 3 or lower years old.
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(4 and 5 years old) of educação infantil to younger students. An expansion of the
childhood education system was necessary to accommodate this change and the
same constitutional amendment stated that it should happen gradually until 2016
following the Plano Nacional de Educação, which was to be renewed next year.
The Plano Nacional de Educação is a legal instrument which needs the approval of
the National Congress of Brazil and set guidelines and strategies to educational
development.

The National Congress of Brazil did not renew the Plano Nacional de
Educação in 2010, frustrating the expectations of some regulatory and legal texts,
like the 2009 constitutional amendment. The renewal did not occur until 2014 and
until then the guidelines for the expansion of the preschool system happened at the
non-statutory level. As it was, municipalities administrations had the flexibility
to expand their preschool systems in the most convenient manner for them. This
flexibility continued even after the approval of the 2014 Plano Nacional de Educação,
which maintained the status quo at the time.

SAEB, the evaluation system to assess education quality, evolved while the
aforementioned changes happened. Since 2007, a questionnaire regarding students
socioeconomic and family background should also be answered by students taking
the subjects tests and their teachers. There was also an increase in the number of
students taking the tests, as all students from public schools and in the new 5th

and 9th ensino fundamental grades,6 and 3rd ensino médio grade must take them.

Administrative microdata from the 2013 to 2017 SAEB editions are our
main data source, from which we choose to keep only data of students from state
administered or municipality administrated public schools.7 This data contains
mathematics and language tests results and each 5th ensino fundamental grade
student’s answers to the socioeconomic and familiar background questionnaire. We
opted to exclude data from 9th ensino fundamental and 3rd ensino médio grade
6 Which are equivalent to the former 4th and 8th ensino fundamental grades.
7 We exclude students from private schools because the SAEB exams are given to only a sample

of these schools. As sampled schools change throughout each SAEB cycle, it becomes impossible
to track these schools along time. We also exclude students from schools administered by the
federal government owing to the fact that a large portion of these schools are civic-military
schools or schools linked to public universities and students must take a selection test to enroll
in them.
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students from our data set because there was not enough time for them to be
properly affected by the policies we are interested in.

Descriptive statistics of data from 5th ensino fundamental grade students
and their teachers are presented in Table 15. Our final data set contains information
regarding 6 million students, whose majority (70.92%) started schooling in some
educational stage of childhood education. As can be seen in Table 15, students
who started schooling in preschool scored higher, on average, in both subjects than
students who started schooling in child care, which in turn scored higher than
students who started schooling later in life. Also, the group of students who started
schooling only in ensino fundamental contains slightly more male and non-white
students, as well as more students with less-educated mothers, with a housemaid
working in their homes, and from single parent families. Likewise, teachers who
lecture for that same group of student are more likely to be male and non-white,
but are similar on other characteristics.

Table 15 – Characteristics of students who took SAEB’s tests and their teachers
Sample of students who started schooling in

Child Care Preschool Ens. Fund. Total

Observations
Frequency 2,398,185 1,882,750 1,755,416 6,036,351
Percent 39.73 31.19 29.08 100.00

Students’ characteristics

Math test score
Mean 217.96 221.82 203.06 214.84
Std. Dev. 48.24 49.13 47.00 48.78

Language test score
Mean 205.51 209.03 190.93 202.37
Std. Dev. 49.07 49.91 47.40 49.43

Continued on next page
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Table 15 – Continued from previous page

Gender
Male 50.92 48.72 53.43 50.91
Female 49.08 51.28 46.57 49.09

Race
White 28.59 30.84 27.08 28.89
Mixed race 44.90 43.99 42.37 43.92
Black 9.97 8.68 11.03 9.85
Asian 2.41 2.38 2.67 2.47
Indigenous 2.61 2.54 2.75 2.63
No answer 11.52 11.57 14.11 12.25

Housemaid
No 86.40 87.80 78.45 84.52
Yes 13.60 12.20 21.55 15.48

Mother’s education
Not live with 6.61 5.97 8.49 6.91
Uncompleted Ens Fund 20.92 23.52 26.17 23.18
Completed Ens Fund 9.09 9.40 8.93 9.14
Completed Ens Médio 14.54 14.33 10.59 13.40
Completed college 13.64 10.11 8.90 11.22
Don’t know 35.20 36.67 36.93 36.14

Father’s education
Not live with 30.98 26.93 31.26 29.74
Uncompleted Ens Fund 15.24 17.52 18.51 16.84
Completed Ens Fund 6.20 6.58 6.04 6.28
Completed Ens Médio 8.00 8.34 5.96 7.57
Completed college 8.52 6.91 6.06 7.35
Don’t know 31.06 33.72 32.18 32.22

Mathematics teacher’s characteristics
Gender
Male 10.49 10.27 12.57 11.01

Continued on next page



3.2. Institutional Background and Data 85

Table 15 – Continued from previous page
Female 89.51 89.73 87.43 88.99

Race
White 45.31 46.28 40.09 44.12
Mixed race 40.51 40.00 44.53 41.50
Black 9.37 9.03 10.04 9.45
Asian 2.61 2.51 2.85 2.65
Indigenous 0.88 0.88 1.06 0.93
No answer 1.33 1.29 1.42 1.34

Years of experience
Less than 1 2.03 2.11 2.36 2.15
Between 1 and 2 2.83 2.91 3.09 2.93
Between 3 and 5 9.46 9.49 9.94 9.61
Between 6 and 10 16.39 16.39 16.82 16.51
Between 11 and 15 19.27 19.56 19.73 19.49
Between 16 and 20 18.56 18.25 18.39 18.41
More than 20 31.46 31.31 29.67 30.90

Education
Uncompleted Ens Médio 0.09 0.09 0.11 0.10
Completed Ens Médio 7.20 7.47 8.23 7.58
Completed college 28.09 28.06 28.75 28.27
Lato sensu postgrad 63.17 63.06 61.53 62.66
Stricto sensu postgrad 1.44 1.32 1.38 1.39

Teaches in
Only 1 school 63.62 63.48 64.06 63.70
Exactly 2 schools 32.77 33.07 32.18 32.70
Exactly 3 schools 2.34 2.23 2.48 2.35
4 schools or more 1.26 1.21 1.28 1.25

Language teacher’s characteristics
Gender
Male 9.79 9.71 11.78 10.34

Continued on next page
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Table 15 – Continued from previous page
Female 90.21 90.29 88.22 89.66

Race
White 45.30 46.31 40.08 44.12
Mixed race 40.51 39.95 44.55 41.49
Black 9.34 8.99 10.05 9.43
Asian 2.64 2.56 2.85 2.67
Indigenous 0.90 0.91 1.08 0.95
No answer 1.31 1.28 1.38 1.32

Years of experience
Less than 1 2.00 2.07 2.34 2.12
Between 1 and 2 2.81 2.89 3.06 2.91
Between 3 and 5 9.38 9.46 9.85 9.54
Between 6 and 10 16.36 16.43 16.82 16.52
Between 11 and 15 19.35 19.64 19.85 19.58
Between 16 and 20 18.64 18.27 18.46 18.47
More than 20 31.44 31.23 29.62 30.85

Education
Uncompleted Ens Médio 0.09 0.09 0.11 0.10
Completed Ens Médio 7.07 7.38 8.10 7.47
Completed college 27.97 27.96 28.65 28.16
Lato sensu postgrad 63.40 63.24 61.74 62.87
Stricto sensu postgrad 1.46 1.32 1.40 1.40

Teaches in
Only 1 school 63.61 63.44 64.08 63.69
Exactly 2 schools 32.78 33.10 32.17 32.70
Exactly 3 schools 2.34 2.23 2.46 2.34
4 schools or more 1.28 1.23 1.29 1.27

Note. Table containing summary statistics of data regarding characteristics of 5th ensino fundamental
grade students who took SAEB’s mathematics and language tests, and characteristics of their
teachers. Except in Observations and test scores panels, each value represent the share of students,
within each subsample, having the corresponding characteristic. “Ens Fund” and “Ens Médio”
acronyms in “education” panels corresponds to Ensino Fundamental and Ensino Médio, respectively.
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From SAEB’s socioeconomic and family background questionnaire microdata
we can track the evolution of the share of students who started schooling in each
educational stage by birth cohort, as depicted in Figure 3. These microdata do
not allow us to know if a given student who started schooling in child care has
subsequently enrolled in preschool, which turns the effectiveness of the obligatory
preschool enrollment policies in lowering the starting age of school life obtuse.
Overall, the share of students who started schooling only in ensino fundamental
diminishes along birth cohorts, indicating that students de facto started schooling
earlier.

Figure 3 – Evolution of the share of students who started schooling in each educa-
tional stage by birth cohort.

20

25

30

35

40

45

50

Pe
rc

en
ta

ge

2002 2003 2004 2005 2006 2007 2008
Birth cohort

Child care Preschool
Ensino fundamental

Note: Students should enroll in preschool 4 to 5 years after it’s birth year and start in ensino
fundamental at 6 years old. If a student did not repeat any previous grade, she should be at the
5th ensino fundamental grade at the age 10 and must take SAEB’s test if in an odd year.

To check if there was an increase in enrollment rates in preschool, as expected
from the aforementioned policies, we rely on data from the School Census to obtain
the number of children enrolled in educação infantil at the right age, and a set
of population estimates computed by the Brazilian Institute of Geography and
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Figure 4 – Net preschool enrollment rates of children at the ages of 4 and 5 for
each Brazilian municipality.

(a) 2007 (b) 2012

Notes: Net preschool enrollment rates were calculated by dividing the number of children enrolled
in preschool at the right age in a given municipality by the estimated number of children at 4
and 5 years old in that same municipality. Darker areas represent areas with higher net preschool
enrollment rates. We could not calculate the rates for the municipalities in full white for the lack
of data.

Statistics (IBGE).8 Using these data, we compute the net preschool enrollment
rates of children at the ages of 4 and 5 for each Brazilian municipality in 2007 and
2012. The results can be seen in both panels of Figure 4. Comparing Panels (a)
and (b), it is easy to see that the net preschool enrollment rate grew all over the
country during the time at which the policies took action. Moreover, the coastal
area registered the biggest growth, specially in the Southeast and Northeast regions,
the most densely populated ones.

Panels (a) and (b) of Figure 5 are similar to the ones in Figure 4, but depicts
net child care enrollment rates of children at 0 to 3 years old in the same years.
As can be seen, net child care enrollment rates also grew all around the country,

8 Precisely, we rely on 2007 to 2009 population estimates computed by IBGE for a project with
the United Nations Population Fund, and on 2011 and 2012 population estimates computed
by IBGE on Tribunal de Contas da União (Federal Court of Accounts) request. Also, IBGE is
accountable for the 2010 Population Census, from which we got the 2010 population estimates.
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Figure 5 – Net child care enrollment rates of children at the ages of 0 to 3 for each
Brazilian municipality.

(a) 2007 (b) 2012

Note: Net child care enrollment rates were calculated by dividing the number of children enrolled
in child care at the right age in a given municipality by the estimated number of children at 0 to
3 years old in that same municipality. Darker areas represent areas with higher net child care
enrollment rates. We could not calculate the rates for the municipalities in full white for the lack
of data.

although less in the North region, the least densely populated one. The lighter
colored maps also show that net child care enrollment rates are commonly much
lower than preschool rates which conflicts with the responses given by children to
SAEB’s questionnaire. We suspect two main factors driving this situation: first,
there can be a large number of informal child care centers which are not accounted
by the Ministry of Education; second, because those are the earliest educational
stages and some cognitive functions capabilities are still developing in the respective
ages, children may be unsure of the educational stage in which they started schooling
and answer SAEB’s questionnaire wrongly. Overall, this disparity indicates the
existence of some measurement error in the SAEB data we rely on.

Students in birth cohorts which benefited more from the preschool system
expansion also performed better on both subjects of 5th grade SAEB’s tests, as
both panels of Figure 6 shows. In general, younger cohorts’ mathematics mean
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Figure 6 – Evolution of the mean SAEB’s tests scores of each started schooling
educational stage by birth cohort.
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Note: Line colors represents the educational stage at which students started schooling. Students
should enroll in preschool 4 to 5 years after it’s birth year and start in ensino fundamental at
6 years old. If a student did not repeat any previous grade, she should be at the 5th ensino
fundamental grade at the age 10 and must take SAEB’s test if in an odd year.

test scores are greater than mean test scores from older cohorts (Panel (a)) and a
similar movement happens to language mean test scores (Panel (b)). The frequency
of SAEB’s tests application explains the mean test scores’ seasonality present
in Figure 6, since the tests are applied only in odd years, students taking them
in even years had repeated at least one grade or postponed school entrance. In
both subjects and for all cohorts, students who started schooling in preschool
outperformed those who started schooling in child care or in ensino fundamental,
and students who started schooling in child care outperformed those who started
schooling in ensino fundamental. Differences of mean test scores between child
care entrance and preschool entrance students appears to diminish slightly over
birth cohorts, while differences between child care entrance and ensino fundamental
entrance students appear to increase. Also, there is no visible pattern in differences
of mean test scores between preschool entrance and ensino fundamental entrance
students.

Increases in 5th grade SAEB’s test scores were not homogenous between all
groups of students. In fact, proficiency gains seems to be higher, at the extensive
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margin, for students in the lower tail of the proficiency distribution, thus reducing
learning inequality. This scenario is depicted in both panels of Figure 7, in which
students’ test scores were converted to proficiency levels from SAEB’s proficiency
scales of each subject and then divided in three groups. As can be seen, the older
cohort had a large share of students situated at the third or lower proficiency
levels9, being roughly 60% of students for mathematics (Panel (a)) and 73% for
language (Panel (b)). This share rapidly diminishes over birth cohorts, respectively
representing 29% and 35% of newer cohort students’ mathematics and language
test scores. Meanwhile, the proportion of students situated at intermediary or high
proficiency levels grew over birth cohorts at slower rates, as visible by growth
trajectories of both purple and blue lines in Panels (a) and (b) of Figure 7.

Students in younger cohorts also had better outcomes related to grade repe-
tition and school evasion over schooling life. As Figure 8 shows, age-grade distortion
rates diminish between birth cohorts within a same number of elapsed years since
cohorts started schooling in ensino fundamental. These rates are computed by
dividing the total number of students within a birth cohort who are more than
two years older than the right age for their current grades by the total number of
students in the same birth cohort. Comparing rates between cohorts over elapsed
years since ensino fundamental entrance allows us to check if patterns change over
students’ schooling life. Almost the same pattern appears for every number of
elapsed years since cohorts’ ensino fundamental entrance, age-grade distortion rates
diminish at diminishing rates, which is expected given the cumulative nature of the
rates over time. This drives attention to possible effects regarding other students’
outcomes than test scores.

As previously mentioned in this section, the Brazilian government invested
in expanding childhood education coverage as a way to increase education quality as

9 As reference, students at the third mathematics proficiency level can locate a point in a Carte-
sian, designate a simple fraction to its graphical representation, and recognize information in a
double column graph, however they can not recognize rectangles between other quadrilaterals,
read the time on a pointer clock, or determine exact division by one-digit numbers.
Similarly, students at the third language proficiency level can find explicit information in
stories and news, as well as recognize relationships of cause and effect in poems, short stories
and comic strips, however they can not Identify common subjects to two news, or infer meaning
from the use of punctuation and expressions in poems, fables and tales.
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Figure 7 – Evolution of shares of students at each SAEB proficiency scale range by
birth cohort.
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Note: Line colors represent ranges of proficiency levels from SAEB proficiency scale. Mathematics
proficiency scale encompasses 11 proficiency levels (0 to 10), and language proficiency scale
encompasses 10 proficiency levels (0 to 9). Proficiency levels are increasing in the difficulty of
abilities which a 5th grade student needs to master to be situated at each level.

a whole and, specially, as student outcomes in education quality assessment tests. A
series of gradually implemented policies caused this expansion to occur, starting in
2006 with an upgrade of the main financing instrument of Brazilian education and
ending in 2014 with the promulgation of a legal document establishing goals and
guidelines for the education system. Mutually, students started to score more in the
national standardized test used to measure education quality, as well as age-grade
distortion rates and the share of students who underdevelop expected cognitive
skills decreased some years after the expansion period. All of this corresponds
with effects, and its heterogeneities, of large scale childhood education policies
documented in literature. Thus, it remains for us to establish whether there is a
causal link between these events. In the next section we present the identification
strategies and estimation models used for this purpose.
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Figure 8 – Evolution of age-grade distortion rate by birth cohorts and elapsed years
since ensino fundamental entrance.
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Note: Age-grade distortion rates are computed by dividing the total number of students within a
birth cohort who are more than two years older than the right age for their current grades by
the total number of students in the same birth cohort. Once a student is "age-grade distorted"
she can not turn back to be non-distorted, hence the rates are cumulative over time. There are
no rates for the first year after ensino fundamental entrance as students can not have repeated
grades or evade school in the year they started schooling.

3.3 Identification Strategies and Estimation Models

In this section we present identification strategies and estimation models
used by us to assess the causal effects of the Brazilian universal childhood education
expansion on student’s test scores at 5th grade, on age-grade distortion rates by
elapsed years since primary education entrance, and aggregate levels of student
proficiency.
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3.3.1 Identifying and estimating effects on student’s test scores

Available data from SAEB’s standardized tests and socioeconomic question-
naires do not allow us to track the academic achievement of a given student at
multiple time periods, thus we can not rely on identification strategies commonly
used by literature to estimate the usual desired effects. Moreover, lowering data
resolution by aggregating it at other than students level would make the use of
all available information impossible. For these reasons and because, as exposed in
the former section, it is also impossible to determine exactly when the childhood
education network expansion started as a policy, we opt identify an uncommon
average treatment effect on the treated.

We identify a variation of the average treatment effect on the treated that
is not defined by pure potential outcomes, but instead by school-demeaned cohort-
demeaned time-demeaned potential outcomes. We need to assume two identifying
assumptions to recover this treatment effect from the causal model we propose.
Next we expose the aforementioned treatment effect, identifying assumptions, and
causal model.

Suppose the following data generation process (DGP):

Yiekt = α + βDiekt + πe + κk + τt + δek + θet + µkt + ηekt + εiekt (3.1)

where Yiekt represents the test score of student i from school e of birth cohort k

in year t on one of evaluated subjects. α is a constant value. Diekt is a dummy
variable representing the treatment status of student i, i.e. it assumes value 1 if
student i attended any childhood education course and 0 otherwise, thus β is the
effect of enrollment in childhood education over students’ test scores on SAEB’s
test at 5th grade. Unobserved factors also determine students’ test scores and can
be associated with each school e, each birth cohort k, or each year t. Coefficients πe,
κk, and τt capture their effects, respectively. There can also be unobserved factors
varying over two or more of these dimensions. They are captured by coefficients
δek if varying over schools and birth cohorts, θet if varying over schools and time,
µkt if varying over birth cohorts and time, and ηekt if varying jointly over the three
dimensions. Finally, there is also unobserved idiosyncratic factors, εiekt, affecting
students outcomes.
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For simplicity of exposition, we assume there are no other variables correlated
with students’ outcomes on SAEB’s tests. Even so, the DGP of Equation 3.1 is
flexible enough to allow for circumstances and public policies at various levels
to affect students’ outcomes. For example, it includes effects of school location,
changes in school infrastructure, previous grades repetitions, factors correlated with
national or local economic conditions, and the implementation of other educational
policies at national or local levels.

To understand which type of treatment effect of enrollment in childhood
education we can recover from Equation 3.1, we need to write β as a function
of both the outcome Y and the unobserved idiosyncratic variable ε. For this, we
can define the deviation of the value of a generic variable of student i from it’s
expectation over time and conditioning on student i’s school and birth cohort,
Ẋiekt, as follows:

Ẋiekt := Xiekt − Et[Xiekt|e, k] (3.2)

Applying the procedure defined in Equation 3.2 on the variables of the
DGP represented by Equation 3.1, we get an expression which does not include
any unobserved effect not varying in time:

Ẏiekt = βḊiekt + τ̇t + δ̇et + θ̇kt + η̇ekt + ε̇iekt (3.3)

Similarly, we can also define the deviation of the previous deviation from
it’s expectation over birth cohorts and conditioning on student i’s school, Ẍiekt,
and the deviation of this new deviation from it’s expectation over schools,

...
X iekt,

as follows:

Ẍiekt := Ẋiekt − Ek[Ẋiekt|e] (3.4)
...
X iekt := Ẍiekt − Ee[Ẍiekt] (3.5)

Than, applying the procedures defined in Equations 3.4 and 3.5 on the variables of
Equation 3.3, we get a new expression for the DGP which does not depends on the
non-idiosyncratic unobserved factors:

...
Y iekt = β

...
D iekt + ...

ε iekt (3.6)
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Finally, from Equation 3.6 and relying on the fact that Diekt is a dummy
variable, we can write the effect of enrollment in childhood education over students’
test scores on SAEB’s test at 5th grade, β, as

β =
(E[

...
Y iekt|Diekt = 1] − E[

...
Y iekt|Diekt = 0])

− (E[ ...
ε iekt|Diekt = 1] − E[ ...

ε iekt|Diekt = 0])
(3.7)

Lastly, we can rewrite Equation 3.7 using the potential outcomes frame-
work10 from the Rubin Causal Model (IMBENS; RUBIN, 2010) to get an expression
which easily reveals the treatment effect and our identification assumptions con-
tained in β:

β =

(
E
[ ...
Y 1

iekt|Diekt = 1
]

− E
[ ...
Y 0

iekt|Diekt = 1
])

+
(
E
[ ...
Y 0

iekt|Diekt = 1
]

− E
[ ...
Y 0

iekt|Diekt = 0
])

− (E[ ...
ε iekt|Diekt = 1] − E[ ...

ε iekt|Diekt = 0])
(3.8)

The first term in parenthesis on the right side of the previous expression is the
treatment effect we want to estimate. It is a variation of the commonly seen average
treatment effect on the treated (ATT), in which the treatment effect happens over
school-demeaned cohort-demeaned time-demeaned potential outcomes rather than
over “pure” potential outcomes. Naturally, we can estimate this variation of ATT
by estimating the parameter β if both two other terms on the right side of Equation
3.8 are equal to 0. This turns clear the two identification assumptions we need to
make to identify the desired ATT:

E
[ ...
Y 0

iekt|Diekt = 1
]

= E
[ ...
Y 0

iekt|Diekt = 0
]

(H1)

E[ ...
ε iekt|Diekt = 1] = E[ ...

ε iekt|Diekt = 0] (H2)

The first identification assumption, H1, denotes that, after applying the
three demeanizations shown in Equations 3.2, 3.4, and 3.5, the group composed by
untreated individuals serves as a good control group for the group composed by
10 In this framework we assume each individual i has two potential outcomes, one for the case

when she is treated, Y 1
i , and other for the case when she is not, Y 0

i . However, we can only
observe one of them, depending on treatment status Di. Thus the observed outcome Yi can
be written as Yi = Y 1

i Di + Y 0
i (1 − Di).
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the treated ones. In our context it means that, after considering unobserved factors
regarding schools, birth cohorts, and time, students who enrolled in childhood
education, if they did not have enrolled in childhood education, would have scored
on SAEB’s test at 5th grade similarly to students who did not enroll.

The second identification assumption, H2, regards exogeneity of the idiosyn-
cratic factors affecting student’s outcomes. Trivially, strict exogeneity of ...

ε iekt is
sufficient to suffice assumption H2. However, the assumption we need to identify
the treatment effect from β is weaker than strict exogeneity. We can allow some
endogeneity in both groups of treated and untreated individuals if it is similar
between them. In other words, we can allow selection into treatment to be nonran-
dom if consequential selection biases are similar between groups, after considering
unobserved factors regarding schools, birth cohorts, and time, as well as other
control variables. As usual, identification assumptions cannot be tested, but we can
argue in favor of them and we will make it after presenting the estimation model
we use.

Assuming a data generation process similar to the one presented in Equation
3.1, and identification assumptions H1 and H2, we can estimate the following model
to get an estimation of the aforementioned average treatment effect on the treated
from the data presented in the previous section:

SAEBiekt =α + βChildCareiekt + γPreschooliekt + StudentiektΨ

+ TeacheriektΦ + ηekt + εiekt

(3.9)

where SAEBiekt represents the standardized test score of student i from school e of
birth cohort k in year t on SAEB’s mathematics or language test. α is a constant
value. ChildCareiekt and Preschooliekt are two mutually exclusive dummy variables
indicating if a student i started schooling in child care or preschool, respectively.
Then, from Equation 3.8, β and γ are the modified ATTs of starting schooling
in child care and preschool, respectively, in comparison to starting school life
later on. Studentiekt and Teacheriekt are vectors containing variables indicating
students’ socioeconomic characteristics, as well as their teachers’ characteristics.
These variables are the ones present in Table 15 and act as control variables.11

11 We relied on the method presented by Cinelli, Forney e Pearl (2021) to choose “good” control
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Logically, Ψ and Φ are vectors of parameters related to control variables. Last but
not least, ηekt is a fixed-effect for the corresponding school-cohort-year triplet and
εiekt is an idiosyncratic error term.

Note that the estimation model of Equation 3.9 does not contain a set of fixed-
effects for each unobserved factor in the DGP of Equation 3.1. Inclusion of a full set
of fixed-effects is unnecessary as estimates of β and γ from the presented estimation
model should be numerically equivalent to estimates of the same parameters from
a model containing the full set. Therefore, for ease of exposition and to reduce
computational burden, we decided to use the simpler model.

Because each municipality decides when to expand its childhood education
system, we need to allow possible correlations between idiosyncratic error terms of
students within the same municipalities and within same birth cohorts to recover
unbiased coefficient’s standard error estimates. Thus, we cluster observations by
municipality and birth cohorts (the policy level) when estimating the model of
Equation 3.9 (ABADIE et al., 2017).

There are three main causes which could imply violation of assumptions H1
and H2, leading to estimates of β and γ of Equation 3.9 to not reasonably recover
the ATT of Equation 3.8. First, there can be an open backdoor path inducing
omitted variable bias. In other words, we can fail to control for a common cause for
higher test scores in the SAEB evaluation and enrollment of children in childhood
education, which varies in the school, birth cohort, and time dimensions. To best
address this we make use of all reasonable “good” control variables disposable in
our data.

Second, there can be reverse causality between the treatment and dependent
variables. Our setting trivially rules out this possibility, as the decision to enroll in
childhood education is made when children are 0 to 5 years old, and SAEB’s test
scores are measured in 5th ensino fundamental grade, when children commonly are
at 10 or 11 years old.

Last, but not least, selection into treatment can be non-random, thus

variables, avoiding possible control variables which potentially could induce collider bias to
our estimates or reduce variability of key variables.
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compromising the comparability between the treated and untreated groups. To
truly compromise our identification strategy, the cause of non-randomness must
vary in the school, birth cohort, and time dimensions, as well as not be accounted
for by the control variables listed in the description of Equation 3.9. In this sense,
treatment exogeneity seems not to be a strong assumption in our setting, especially
after considering some of the changes in the institutional background listed in
Section 3.2.

Since 2009, enrollment in preschool is mandatory in Brazil as long as the
municipality provides the necessary preschool vacancy. So, because the decision to
construct new preschool centers or to open new preschool vacancies do not occur
at the family or student level, the decision to enroll in preschool is exogenous to
them. This same argument does not apply for enrollments in child care. However,
the opening of new child care vacancies could have been affected by the preschool
ones, as in Brazil it is common for these both educational stages to be offered in
the same childhood education center.

To add some evidence supporting the assumption of treatment exogeneity, we
estimate the following linear probability model correlating enrollment in childhood
education and municipalities’ investment in childhood education per children at
the 4 to 5 age range:

ChildEduciekt =α + δ log(Inv/Children)iekt + StudentiektΨ

+ TeacheriektΦ + ηekt + εiekt

(3.10)

where ChildEduciekt represents a dummy variable indicating if student i from
school e of birth cohort k in year t started schooling in any childhood education
stage, and log(Inv/Children)iekt is the logarithm of the mean invested value in
childhood education per children by the student’s municipality over years in which
she had the age of 4 and 5. Remaining variables are defined as in Equation 3.9.

Estimation results from Equation 3.10 are reported in Table 16. As can
be seen in column (1), enrollment in childhood education is related to the values
invested in childhood education by municipalities even in the lack of control
variables related to students’ and teachers’ characteristics. The aforementioned
relation is more apparent if we condition on those control variables, as shown by
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the point estimate in column (2). Lastly, as pointed out by estimates in columns
(3)-(5), the inclusion of other control variables regarding how much parents care for
education do not alter the statistical significance of the estimate we are interested in.
Therefore, regression results in Table 16 corroborate with the idea that enrollment
in childhood education is, at least in part, determined by municipalities’ public
administrators, thus being exogenous at the family or student level.

Table 16 – Estimates of the relation between municipalities’ investment in childhood
education and enrollment in childhood education

(1) (2) (3) (4) (5)
VARIABLES Child Educ Child Educ Child Educ Child Educ Child Educ

log(Inv/Children) 0.0256* 0.0322** 0.0321** 0.0300** 0.0311**
(0.0104) (0.0105) (0.0104) (0.0107) (0.0106)

Parent meetings: Sometimes -0.0246** -0.0229**
(0.000697) (0.000710)

Parent meetings: Never -0.0410** -0.0378**
(0.00123) (0.00124)

Parents talk 0.0243** 0.0195**
(0.000783) (0.000791)

Constant 0.583** 0.524** 0.547** 0.528** 0.544**
(0.0636) (0.0670) (0.0667) (0.0682) (0.0678)

Observations 3,184,729 2,440,268 2,403,827 2,395,849 2,365,150
R-squared 0.165 0.177 0.178 0.178 0.179
Student Controls No Yes Yes Yes Yes
Teacher Controls No Yes Yes Yes Yes

Note: Standard errors clustered by municipality and birth cohort. +p<0.1; *p<.05; **p<.01.
Estimated models follow Equation 3.10, varying over inclusion of control variables. “Parent
meetings” are mutually exclusive dummy variables from SAEB’s socioeconomic questionnaire
indicating the frequency of student’s parents presence in parent school meetings (baseline is
“always”). “Parents talk” is a dummy variable from SAEB’s socioeconomic questionnaire indicating
if student’s parents talk about what happens in school. Student controls include student’s sex,
race, if a housemaid works in her home, and parent’s education. Teacher controls include teacher’s
sex, race, years of experience, education, and the number of schools in which she works in.

Estimation results can be seen in Section 3.4. Next we present the identifi-
cation strategy and methods we use to estimate the effects on age-grade distortion
rates, as well as the effects on municipalities’ shares of students at each SAEB
proficiency scale range.
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3.3.2 Identifying and estimating effects on age-grade distortion rates
and aggregate levels of student proficiency.

We also want to identify and estimate the effects of Brazilian universal
childhood education policy on some aggregate outcome variables. Specifically, we
want to estimate its effects on age-grade distortion rates and on municipalities’
shares of students at each SAEB proficiency scale range. For this we need to set an
aggregation level over which these variables are computed, as well as define aggregate
treatment variables. Next we specify formally the variables we are interested in
and present the identification strategy and estimation models we use.

The age-grade distortion rate is the proportion of students which are two or
more years older than the expected age for the grade at which they are enrolled in.
So it is a cumulative rate over elapsed years since ensino fundamental entrance that
captures how frequently students repeat a grade more than once, abandon school for
at least two years, or start schooling later than expected. It is a metric commonly
used by the Ministry of Education of Brazil and some education monitoring
institutions to measure education quality by tracking the evolution of students’
grade progression.

As stated in Section 3.2, the age-grade distortion rate is computed by
dividing the total number of students within a birth cohort who are more than
two years older than the right age for their current grades by the total number
of students in the same birth cohort. Formally, we compute it for each number of
elapsed years since ensino fundamental entrance using the following formula:

AGD − Ratej
ekt = 100 ∗

∑
s<s∗

kt
#Studentsj

ekts∑
s #Studentsj

ekts

(3.11)

where AGD − Ratej
ekt is the age-grade distortion rate of students from school

e of birth cohort k in year t after j years since ensino fundamental entrance,
#Studentsj

ekts is the number of these students at school grade s, and s∗
kt represents

the school grade at which students of birth cohort k should be enrolled in year t.

To measure municipalities’ shares of students at each SAEB proficiency
scale range, we convert students’ test scores to proficiency levels from SAEB’s
proficiency scales of each subject and group them from levels 0 to 3 (score lower
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than 200), levels 4 to 6 (score greater or equal to 200 and lower than 275), and levels
7 or higher (score greater or equal to 275). Then, we compute the share of students
at each SAEB proficiency scale range in each municipality and year. We choose
to make use of these shares because they allow us to clear access the capabilities
of municipalities’ education system at developing the expected cognitive skills on
students, as well as the contribution of childhood education in this task.

As we estimate the effects on aggregate outcomes variables, we also need to
use aggregate treatment variables. We opt to use the net child care enrollment rates
of children of age 0 to 3 years old and the mean net preschool enrollment rate between
children of 4 and 5 years old.12 The use of these variables as aggregate measures of
treatment status seems natural as they capture the proportion of children enrolled
in the specified educational level at the right age which encapsulates the policy
main goals. Moreover, despite not being binary, net enrollment rates are valued
between 0 and 1 which eases interpretations regarding estimation coefficients. They
are also based on administrative data, rather than self reported data, and are less
susceptible to measurement error, as stated in Section 3.2.

Once the use of the aforementioned variables is established, we can discuss
how we identify the causal effects of treatment on those education outcomes. In
both cases, we rely on fixed effects estimation models for causal inference. Thus,
following Imai e Kim (2019), there are four identification assumptions we make.
We assume that there are no unobserved time-varying (or cohort-time-varying)
confounders, as well as that past outcomes do not directly affect current outcomes
or treatments, and that past treatments do not directly affect current outcomes. To
make these assumptions more credible, we control for as many observed variables
that do not open causal paths as we can.

In short, in both cases we assume interest outcomes are only affected by
properly delayed net child care and preschool enrollment rates, some observable
correlated characteristics of observation units, unobservable factors which can be
captured by fixed effects coefficients, and exogenous unobservable idiosyncratic
factors.

12 We need to use distinct net enrollment rate variables because we could not distinct in our
data the years of age of children with 3 or lower years old.
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Accordingly to this identification strategy, we can use the following esti-
mation model to get the effect of increasing net enrollment rates of students of
birth cohort k from the municipality where school e is located on their age-grade
distortion rates j years after they enrolled in ensino fundamental:

AGD − Ratej
ekt =α + βNERChildCareek + γNERPreschoolek

+ StudentektΨ + TeacherektΦ

+ πe + κk + τt + θkt + δs(e),t + µs(e),k + ηs(e),k,t + εekt

(3.12)

where AGD − Ratej
ekt is the age-grade distortion rate expressed by Equation 3.11.

α is a constant value. NERChildCareek and NERPreschoolek are the previously
discussed net enrollment rates in child care and preschool, respectively. Then β

and γ are the effects on the age-grade distortion rate of increasing one percentage
point of net enrollment rates. Studentekt and Teacherekt are vectors containing
variables indicating students’ socioeconomic characteristics, as well as their teachers’
characteristics. These variables are the proportions of students which are male,
of each race, with disabilities, and public school transport users. The variables
regarding teachers are proportions of teachers which are male, of each race, and of
each schooling level, as well as the means of their ages, years of experiences, and the
number of schools in which each teacher lectures. Logically, Ψ and Φ are vectors of
parameters related to control variables. πe, κk, and τt are fixed effects coefficients
for each school e, birth cohort k, and calendar year t, while θkt represents fixed
effects coefficients of each pair kt of birth cohorts and calendar years. δs(e),t and
µs(e),k are fixed effects coefficients for pairs formed by the states s(e) where schools
are located in with the calendar years and birth cohorts. In a similar fashion, ηs(e),k,t

is a fixed effect coefficient for each state, birth cohort, and calendar year triplet.
Finally, εekt is an idiosyncratic error term.

Similarly, we can use the following estimation model to get the effect of
increasing net enrollment rates of students from the municipality m which are
enrolled at 5th ensino fundamental grade in year t:

log(ShareLevelsRangemt) =α + βlog(NERChildCaremt) + γlog(NERPreschoolmt)

+ StudentmtΨ + TeachermtΦ + πm + τt + εmt

(3.13)
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where log(ShareLevelsRangemt) is the natural logarithm of the previously dis-
cussed shares of students at each SAEB proficiency scale range. α is a constant value.
log(NERChildCaremt) and log(NERPreschoolmt) are the natural logarithms of
previously discussed net enrollment rates in child care and preschool, respectively.
Then β and γ are the effects of increasing one percent of net enrollment rates on
percentages of shares in municipality m measured using test scores of year t SAEB
edition. Studentmt and Teachermt are vectors containing the proportions of each
category of the same control variables used in the model of Equation 3.9, and Ψ and
Φ are vectors of parameters related to them. πm and τt are fixed effects coefficients
for each municipality m and SAEB edition t. Finally, εmt is an idiosyncratic error
term.

Note that the three-way fixed effects model of Equation 3.12 and the two-way
fixed effects model of Equation 3.13 should not be interpreted as triple-differences
and difference-in-differences econometric models as they can attribute negative
weights for the outcomes of “control” observation units (IMAI; KIM, 2021). Also, we
cluster observations by municipality and birth cohorts when estimating the model
of Equation 3.12, and by municipality when estimating the model of Equation 3.13
to correct for possible correlations in standard errors at the policy level (ABADIE
et al., 2017).

In the next section we present and discuss the results for estimates obtained
using the models of Equations 3.9, 3.12, and 3.13.

3.4 Results

In this section we present estimates for causal effects of the Brazilian large-
scale childhood education expansion on student’s test scores at 5th grade, on
age-grade distortion rates by elapsed years since primary education entrance, and
on aggregate student proficiency levels. All estimates we present were obtained
using the models shown in Section 3.3.
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3.4.1 Estimates of effects on students’ test scores

Full sample regression results for standardized mathematics test scores are
shown in Table 17, while full sample regression results for standardized language
test scores are shown in Table 18. Only the models of columns (1) do not include
control variables for students’ and teacher’s characteristics. Columns (2) shows
regression results of our preferred model specification. Models of columns (3)-(5)
serve as robustness checks for identification assumption H2, as they include “bad
control” variables.

Despite evaluating treatment effects in different subjects, estimated coeffi-
cients of starting schooling in child care and preschool are similar between Tables
17 and 18. Estimated coefficients are positive and statistically significant for both
ChildCare and Preschool interest variables. We find that starting schooling in
child care is associated with an average 10 percent of a standard deviation increase
in SAEB’s mathematics test score, or an average 9.8 percent of a standard deviation
increase in SAEB’s language test score. Meanwhile, starting schooling in preschool
is associated with an average 17 percent of a standard deviation increase in both
SAEB’s mathematics and language test scores.

On both subjects, the inclusion of control variables for students’ and teacher’s
characteristics decrease point estimates, as can be seen by comparing columns
(1) and (2) of Table 17 or Table 18. Conditioning on these variables seems to be
necessary to suffice identification assumption H1, since students who start schooling
later differ from other students in dimensions which are commonly known to affect
student school performance, such as parents’ education and teacher’s working
experience. Summary statistics related to these differences in characteristics can be
seen in Table 15 of Section 3.2.

Also on both subjects, point estimates vary little over model specifications of
columns (2)-(5), indicating that main regression results are not driven by endogenous
unobserved factors regarding selection into treatment groups. Models of columns
(3) and (5) include a pair of mutually exclusive dummy variables related to the
frequency of a student’s parents presence in parent school meetings, meanwhile
models of columns (4) and (5) include the natural logarithm of mean invested values
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in childhood education per 4 or 5 years old children by municipality over years in
which student had the age of 4 and 5. The former pair of variables is endogenous
since parents of under-performing students are more likely to attend parent school
meetings and parents’ frequency in school meetings can also be associated with
parent’s taste for education, which in turn affects the likelihood they enroll their
kids in childhood education. The latter variable is also endogenous, as it reflects
general municipality taste for education, as well as circumstances and conditions
of schools in the years students could start being enrolled in preschool, affecting
enrollment rates and being related to student outcomes later in life. These variables
act as “bad control”, inducing collider bias in estimated coefficients.

Table 17 – Estimates of effects of childhood education on students’ mathematics
test scores

(1) (2) (3) (4) (5)
VARIABLES Math Score Math Score Math Score Math Score Math Score

ChildCare 0.125** 0.100** 0.0946** 0.0981** 0.0926**
(0.00394) (0.00391) (0.00384) (0.00270) (0.00267)

Preschool 0.196** 0.176** 0.170** 0.174** 0.169**
(0.00405) (0.00378) (0.00366) (0.00320) (0.00314)

Parent meetings: Sometimes -0.0907** -0.0981**
(0.00246) (0.00182)

Parent meetings: Never -0.150** -0.143**
(0.00321) (0.00253)

log(Inv/Children) 0.136** 0.135**
(0.0438) (0.0439)

Constant 0.0688** 0.0695** 0.137** -0.702** -0.622*
(0.00284) (0.0246) (0.0252) (0.270) (0.272)

Observations 5,642,398 4,277,938 4,207,682 2,438,886 2,402,499
R-squared 0.365 0.377 0.378 0.360 0.363
Student Controls No Yes Yes Yes Yes
Teacher Controls No Yes Yes Yes Yes

Note: Standard errors clustered by municipality and birth cohort. +p<0.1; *p<.05; **p<.01.
Estimated models follow Equation 3.9, varying over inclusion of control variables. “Parent meetings”
are mutually exclusive dummy variables from SAEB’s socioeconomic questionnaire indicating
the frequency of student’s parents presence in parent school meetings (baseline is “always”).
log(Inv/Children) is the logarithm of the mean invested value in childhood education per children
by the student’s municipality over years in which she had the age of 4 and 5. Student controls
include student’s sex, race, if a housemaid works in her home, and parent’s education. Teacher
controls include teacher’s sex, race, years of experience, education, and the number of schools in
which she works in.
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Table 18 – Estimates of effects of childhood education on students’ language test
scores

(1) (2) (3) (4) (5)
VARIABLES Lang Score Lang Score Lang Score Lang Score Lang Score

ChildCare 0.131** 0.0986** 0.0911** 0.0947** 0.0874**
(0.00442) (0.00440) (0.00430) (0.00280) (0.00274)

Preschool 0.213** 0.178** 0.171** 0.177** 0.169**
(0.00471) (0.00442) (0.00425) (0.00342) (0.00331)

Parent meetings: Sometimes -0.110** -0.118**
(0.00273) (0.00193)

Parent meetings: Never -0.191** -0.186**
(0.00393) (0.00309)

log(Inv/Children) 0.139** 0.137**
(0.0445) (0.0443)

Constant 0.135** 0.0242 0.104** -0.744** -0.648*
(0.00325) (0.0266) (0.0271) (0.276) (0.274)

Observations 5,642,398 4,371,513 4,299,567 2,500,888 2,463,416
R-squared 0.341 0.361 0.363 0.330 0.334
Student Controls No Yes Yes Yes Yes
Teacher Controls No Yes Yes Yes Yes

Note: Standard errors clustered by municipality and birth cohort. +p<0.1; *p<.05; **p<.01.
Estimated models follow Equation 3.9, varying over inclusion of control variables. “Parent meetings”
are mutually exclusive dummy variables from SAEB’s socioeconomic questionnaire indicating
the frequency of student’s parents presence in parent school meetings (baseline is “always”).
log(Inv/Children) is the logarithm of the mean invested value in childhood education per children
by the student’s municipality over years in which she had the age of 4 and 5. Student controls
include student’s sex, race, if a housemaid works in her home, and parent’s education. Teacher
controls include teacher’s sex, race, years of experience, education, and the number of schools in
which she works in.

Besides the alleged low quality of Brazilian childhood education (CAMPOS
et al., 2011), our aforementioned results suggest that children who started schooling
in child care or preschool benefited from childhood education. As Brazilian children
have worse socioeconomic and family backgrounds than children in developed
countries, our findings are consistent with the literature consensus of disadvan-
taged children benefiting more from childhood education policies (KOTTELEN-
BERG; LEHRER, 2017; HAVNES; MOGSTAD, 2015; FELFE; NOLLENBERGER;
RODRÍGUEZ-PLANAS, 2015; MAGNUSON; RUHM; WALDFOGEL, 2007). In
the context we explore, we find that differences in students’ backgrounds more
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than compensate for differences in childhood education quality, at least regarding
students’ cognitive outcomes. Because we estimate effects at 5th ensino fundamental
grade, we also find that treatment effect did not vanished through early school life.

Our point estimates magnitudes are similar to previous findings by liter-
ature. In the US, Magnuson, Ruhm e Waldfogel (2007) found positive effects on
mathematics and reading performance at school entry, ranging from 0.10 to 0.12
standard deviations. Children who attended subsidized childcare in Spain had a
0.15 standard deviation improvement in reading skill at age 15, as found by Felfe,
Nollenberger e Rodríguez-Planas (2015). As measured by Black et al. (2014), being
eligible for lower childcare prices in Norway increased grade point average on junior
high school academic performance by around 0.10 to 0.30 of a standard deviation.

Lower point estimates for child care coefficients than for preschool coefficients
can be related with 5th grade students wrongly reporting attending informal child
care centers as child care enrollment during early childhood, as mentioned in Section
3.2. As it is not provided by formal institutions, informal childcare is not subjected
to the same quality assurance processes of formal child care education centers, thus
providing lower quality education. A portion of students who enrolled in child care
could also not have enrolled in preschool, which could explain the lower coefficients.
The former explanation is consistent with literature findings regarding Quebec’s
child care policy (BAKER; GRUBER; MILLIGAN, 2008; BAKER; GRUBER;
MILLIGAN, 2019; KOTTELENBERG; LEHRER, 2017), according to which low
quality childcare led to worse child outcomes. However we do find negative effects
over cognitive outcomes, rather than non-cognitive ones, which persisted through
school life.

To investigate effect heterogeneity, in the next subsections we present
estimation results for subsamples of students by mother’s education, as well as
subsamples of students by which quartile of investment per childhood education
student their municipalities are in.
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3.4.1.1 Effect heterogeneity by mother’s education

We estimate the econometric model from Equation 3.9 using two subsamples
of students to check how treatment effects of starting schooling in child care and
preschool changes over students’ backgrounds. We divide our original sample accord-
ing to students’ answers for the question in SAEB’s socioeconomic questionnaire
regarding the last educational qualification their mother achieved. High school
completion status was used as the split category because it grants reasonable and
similar sumbsample sizes. In this estimation exercise we opt to exclude observa-
tions of students who do not live with their mother or do not know their mother’
educational level.

Subsample regression results for standardized mathematics test scores are
shown in Table 19, while subsample regression results for standardized language
test scores are shown in Table 20. Display scheme of model specifications is similar
to the one used in Tables 17 and 18, of which control variables for students’ and
teacher’s characteristics are excluded only from models of column (1) and “bad
control” variables are included in models of columns (3)-(5). Column (2) displays
regression results of our preferred specification.

Like the full sample case, estimated treatment effects do not depend qual-
itatively on evaluated test subjects. As well, subsample point estimates follow a
similar pattern over model specifications than the pattern of full sample point
estimates.

Our findings suggest that students with highly educated mothers benefit
more from starting schooling in childhood education. Such heterogeneity is stronger
for enrollments in child care, as point estimates are 2.5 to 2.7 times the ones
computed for subsamples of students whose mothers did not complete high school.
For preschool, point estimates proportions range from 1.37 to 1.5 in favor of students
with highly educated mothers.

The treatment effect heterogeneity we find is contrary to the one from Den-
mark Gupta e Simonsen (2010). Moreover, as educational levels are correlated with
income, our findings go against the common pattern of students from disadvantaged
backgrounds benefiting more from childhood education policies. We attribute this
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Table 19 – Estimates of effects of childhood education on students’ mathematics
test scores by mother’s education

(1) (2) (3) (4) (5)
VARIABLES Model 1 Model 2 Model 3 Model 4 Model 5

Mother did not complete high school
ChildCare 0.0707** 0.0604** 0.0540** 0.0620** 0.0562**

(0.00437) (0.00449) (0.00448) (0.00368) (0.00367)
Preschool 0.166** 0.156** 0.150** 0.158** 0.153**

(0.00441) (0.00433) (0.00424) (0.00412) (0.00410)

Observations 1,632,049 1,249,346 1,224,313 676,828 664,544
R-squared 0.416 0.427 0.428 0.418 0.421

Mother completed high school
ChildCare 0.147** 0.151** 0.145** 0.136** 0.131**

(0.00660) (0.00665) (0.00654) (0.00558) (0.00552)
Preschool 0.221** 0.215** 0.210** 0.200** 0.195**

(0.00684) (0.00670) (0.00653) (0.00638) (0.00629)

Observations 1,254,287 1,009,015 996,609 597,750 590,663
R-squared 0.376 0.389 0.392 0.390 0.393

Parent meetings No No Yes No Yes
log(Inv/Children) No No No Yes Yes

Student Controls No Yes Yes Yes Yes
Teacher Controls No Yes Yes Yes Yes

Note: Standard errors clustered by municipality and birth cohort. +p<0.1; *p<.05; **p<.01.
Estimated models follow Equation 3.9, varying over inclusion of control variables. “Parent meetings”
are mutually exclusive dummy variables from SAEB’s socioeconomic questionnaire indicating
the frequency of student’s parents presence in parent school meetings (baseline is “always”).
log(Inv/Children) is the logarithm of the mean invested value in childhood education per children
by the student’s municipality over years in which she had the age of 4 and 5. Student controls
include student’s sex, race, if a housemaid works in her home, and father’s education. Teacher
controls include teacher’s sex, race, years of experience, education, and the number of schools in
which she works in.

to a particular characteristic of the Brazilian education system and the data we
use.
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Table 20 – Estimates of effects of childhood education on students’ language test
scores by mother’s education

(1) (2) (3) (4) (5)
VARIABLES Model 1 Model 2 Model 3 Model 4 Model 5

Mother did not complete high school
ChildCare 0.0727** 0.0590** 0.0511** 0.0590** 0.0517**

(0.00516) (0.00535) (0.00533) (0.00387) (0.00388)
Preschool 0.175** 0.155** 0.148** 0.159** 0.152**

(0.00546) (0.00546) (0.00535) (0.00452) (0.00449)

Observations 1,632,049 1,274,264 1,248,692 693,682 681,055
R-squared 0.394 0.417 0.419 0.398 0.401

Mother completed high school
ChildCare 0.168** 0.160** 0.154** 0.143** 0.137**

(0.00709) (0.00722) (0.00706) (0.00564) (0.00555)
Preschool 0.259** 0.234** 0.227** 0.216** 0.210**

(0.00756) (0.00732) (0.00711) (0.00656) (0.00646)

Observations 1,254,287 1,032,400 1,019,654 613,017 605,725
R-squared 0.342 0.365 0.369 0.352 0.356

Parent meetings No No Yes No Yes
log(Inv/Children) No No No Yes Yes

Student Controls No Yes Yes Yes Yes
Teacher Controls No Yes Yes Yes Yes

Note: Standard errors clustered by municipality and birth cohort. +p<0.1; *p<.05; **p<.01.
Estimated models follow Equation 3.9, varying over inclusion of control variables. “Parent meetings”
are mutually exclusive dummy variables from SAEB’s socioeconomic questionnaire indicating
the frequency of student’s parents presence in parent school meetings (baseline is “always”).
log(Inv/Children) is the logarithm of the mean invested value in childhood education per children
by the student’s municipality over years in which she had the age of 4 and 5. Student controls
include student’s sex, race, if a housemaid works in her home, and father’s education. Teacher
controls include teacher’s sex, race, years of experience, education, and the number of schools in
which she works in.

As mentioned in Section 3.2, schools in Brazil can be either public or private
administered. Public administered schools are free from enrollment and tuition fees,



112 Chapter 3. More Harm Than Good?

while private administered schools commonly charge them. To compensate the fees,
private administered schools usually have better installations and equipment, highly
educated teachers, and offer a better perceived education quality overall. Naturally,
high income families, commonly formed by more educated parents, tends to enroll
their kids in private administered schools. Thus, as the data we use only contains
information regarding public school students, we suspect that students with highly
educated mothers in our samples are from families which care less about their kids
education and make lower investments in education, or which are passing through
negative income shocks. Than, effect heterogeneity is reversed because sampled
students with highly educated mother have worse familiar backgrounds.13

Next we investigate other source of effect heterogeneity by presenting esti-
mation results of the same econometric model using different subsamples.

3.4.1.2 Effect heterogeneity by quartiles of investment per student

The literature we presented in Section 3.1 points to two main sources of effect
heterogeneity: students’ familiar and socioeconomic backgrounds, and education
quality. We tried to investigate the former source in the previous subsection and
we investigate the later in this one. To do this, we estimate the econometric model
from Equation 3.9 using four subsamples.

To construct the subsamples, we computed each municipality 2015 ratio of
investment in childhood education per childhood education student, and grouped
them in quartiles14. Than, we used the municipality of residence to designate
observations to the subsample related to the quartile group the municipality is
sorted in. With this division, we intend to sort 5th ensino fundamental grade
students’ data by the quality of the childhood education system they enrolled in or
could have been enrolled in, as childhood education quality is highly correlated to
spending levels (HAVNES; MOGSTAD, 2011).

13 The presented explanation is possible, but we do not check if it is true. Further research is
necessary and we encourage readers to take the referred explanation with a grain of salt.

14 Municipalities’ investment in childhood education data comes from the Information System
on Public Budgets in Education, an electronic tool created by Brazil’s National Fund for
Education Development for dissemination and public access of information regarding education
budgets.
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Subsample regression results for standardized mathematics test scores are
shown in Table 21, while subsample regression results for standardized language
test scores are shown in Table 22. As in the previous subsection, display scheme of
model specifications is similar to the one used in Tables 17 and 18, of which control
variables for students’ and teacher’s characteristics are excluded only from models
of column (1) and “bad control” variables are included in models of columns (3)-(5).
Column (2) displays regression results of our preferred specification.

Table 21 – Estimates of effects of childhood education on students’ mathematics
test scores by quartiles of investment per student

(1) (2) (3) (4) (5)
VARIABLES Math Score Math Score Math Score Math Score Math Score

Municipality in 1st quartile of investiment per childhood education student
ChildCare 0.0861** 0.0615** 0.0562** 0.0669** 0.0612**

(0.00300) (0.00330) (0.00331) (0.00432) (0.00432)
Preschool 0.153** 0.136** 0.131** 0.143** 0.138**

(0.00374) (0.00397) (0.00397) (0.00510) (0.00506)

Observations 894,114 646,511 631,971 407,447 399,514
R-squared 0.389 0.404 0.405 0.378 0.379

Municipality in 2nd quartile of investiment per childhood education student
ChildCare 0.107** 0.0794** 0.0740** 0.0876** 0.0823**

(0.00350) (0.00367) (0.00366) (0.00479) (0.00473)
Preschool 0.171** 0.154** 0.148** 0.158** 0.153**

(0.00383) (0.00392) (0.00387) (0.00525) (0.00516)

Observations 1,028,750 741,407 726,644 476,505 468,141
R-squared 0.379 0.394 0.395 0.366 0.369

Municipality in 3rd quartile of investiment per childhood education student
Continued on next page
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Table 21 – Continued from previous page
ChildCare 0.109** 0.0853** 0.0795** 0.0894** 0.0842**

(0.00467) (0.00459) (0.00455) (0.00634) (0.00628)
Preschool 0.185** 0.165** 0.159** 0.162** 0.157**

(0.00573) (0.00547) (0.00539) (0.00731) (0.00722)

Observations 1,227,007 920,616 905,034 593,859 584,822
R-squared 0.346 0.362 0.364 0.339 0.342

Municipality in 4th quartile of investiment per childhood education student
ChildCare 0.174** 0.144** 0.137** 0.135** 0.129**

(0.00696) (0.00628) (0.00609) (0.00487) (0.00474)
Preschool 0.252** 0.221** 0.213** 0.217** 0.210**

(0.00699) (0.00600) (0.00570) (0.00608) (0.00588)

Observations 2,029,606 1,636,715 1,618,661 803,677 795,870
R-squared 0.270 0.294 0.298 0.289 0.293

Parent meetings No No Yes No Yes
log(Inv/Children) No No No Yes Yes

Student Controls No Yes Yes Yes Yes
Teacher Controls No Yes Yes Yes Yes

Note. Standard errors clustered by municipality and birth cohort. +p<0.1; *p<.05; **p<.01.
Estimated models follow Equation 3.9, varying over inclusion of control variables. “Parent
meetings” are mutually exclusive dummy variables from SAEB’s socioeconomic questionnaire
indicating the frequency of student’s parents presence in parent school meetings (baseline is
“always”). log(Inv/Children) is the logarithm of the mean invested value in childhood education
per children by the student’s municipality over years in which she had the age of 4 and 5. Student
controls include student’s sex, race, if a housemaid works in her home, and parent’s education.
Teacher controls include teacher’s sex, race, years of experience, education, and the number of
schools in which she works in.
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Table 22 – Estimates of effects of childhood education on students’ language test
scores by quartiles of investment per student

(1) (2) (3) (4) (5)
VARIABLES Lang Score Lang Score Lang Score Lang Score Lang Score

Municipality in 1st quartile of investiment per childhood education student
ChildCare 0.0929** 0.0556** 0.0487** 0.0634** 0.0563**

(0.00292) (0.00317) (0.00320) (0.00418) (0.00419)
Preschool 0.159** 0.125** 0.120** 0.138** 0.132**

(0.00359) (0.00367) (0.00364) (0.00479) (0.00475)

Observations 891,257 659,535 644,460 414,253 406,062
R-squared 0.365 0.387 0.389 0.351 0.353

Municipality in 2nd quartile of investiment per childhood education student
ChildCare 0.112** 0.0783** 0.0712** 0.0862** 0.0796**

(0.00371) (0.00361) (0.00360) (0.00463) (0.00455)
Preschool 0.182** 0.148** 0.142** 0.154** 0.148**

(0.00391) (0.00382) (0.00378) (0.00506) (0.00495)

Observations 1,012,610 754,236 739,510 483,578 475,260
R-squared 0.361 0.383 0.384 0.345 0.348

Municipality in 3rd quartile of investiment per childhood education student
ChildCare 0.111** 0.0786** 0.0709** 0.0849** 0.0771**

(0.00485) (0.00441) (0.00425) (0.00599) (0.00576)
Preschool 0.200** 0.166** 0.158** 0.169** 0.161**

(0.00627) (0.00560) (0.00539) (0.00768) (0.00736)

Observations 1,256,014 958,139 941,996 627,115 617,631
R-squared 0.316 0.339 0.341 0.302 0.305

Continued on next page
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Table 22 – Continued from previous page
Municipality in 4th quartile of investiment per childhood education student
ChildCare 0.181** 0.145** 0.136** 0.130** 0.122**

(0.00807) (0.00737) (0.00712) (0.00543) (0.00528)
Preschool 0.276** 0.230** 0.221** 0.222** 0.213**

(0.00824) (0.00719) (0.00680) (0.00671) (0.00643)

Observations 2,062,341 1,684,617 1,664,986 829,302 820,570
R-squared 0.259 0.291 0.296 0.270 0.275

Parent meetings No No Yes No Yes
log(Inv/Children) No No No Yes Yes

Student Controls No Yes Yes Yes Yes
Teacher Controls No Yes Yes Yes Yes

Note. Standard errors clustered by municipality and birth cohort. +p<0.1; *p<.05; **p<.01.
Estimated models follow Equation 3.9, varying over inclusion of control variables. “Parent
meetings” are mutually exclusive dummy variables from SAEB’s socioeconomic questionnaire
indicating the frequency of student’s parents presence in parent school meetings (baseline is
“always”). log(Inv/Children) is the logarithm of the mean invested value in childhood education
per children by the student’s municipality over years in which she had the age of 4 and 5.
Student controls include student’s sex, race, if a housemaid works in her home, and parent’s
education. Teacher controls include teacher’s sex, race, years of experience, education, and the
number of schools in which she works in.

Like the previous cases, estimated treatment effects do not depend quali-
tatively on evaluated test subjects. As well, subsample point estimates follow a
similar pattern over model specifications than the pattern of previous cases point
estimates. Furthermore, as in previous cases, estimated coefficients of interest are
all positive and statistically significant.

Our regression results reveal a clear pattern: effects of starting schooling
earlier on test scores of both mathematics and language subjects are greater
for students living in municipalities where per student investments in childhood
education is higher. Regarding mathematics test scores, a student who lives in a
municipality of the fourth quartile and started her school life at child care has a
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benefit that is 2.34 times the one of a student who lives in a municipality of the
first quartile. This discrepancy is smaller for students who started schooling at
preschool, with students who live in a municipality of the fourth quartile having
a benefit measured as 1.62 times the one of students who live in a municipality
of the first quartile. Such effect heterogeneity is slightly greater for language test
scores. The same aforementioned proportions between estimated effects for student
residing in fourth and first quartile municipalities are 2.6 for child care educational
stage and 1.84 for preschool.

These findings are in accordance with general conclusions of literature Elango
et al. (2015) and strengthen the view of the quality of the provided childhood
education as being a key factor to ensure large scale childhood education policies
as successful educational policies.

3.4.2 Estimates of effects on age-grade distortion rates

As we found, Brazil’s large-scale early childhood education policy positively
affected test scores of those who benefited from it, with effects lasting at least until
the 5th grade of ensino fundamental. Having affected students’ school performance,
this policy is also expected to have effects on grade retention, thus affecting school
progression. It could also have effects on school progression by other mechanisms
such as decreasing dropouts rates. To check this out, we also estimated the policy
effects on age-grade distortion rates.

Estimation results of the model from Equation 3.12 can be seen in Table
23, in which each panel refers to a number of years since students entered ensino
fundamental. In all regressions represented in Table 23, each school-cohort-year
observation was weighted according to the number of students in it. As in previous
tables of this section, models of column (1) do not include control variables for
students’ and teacher’s characteristics. Models of column (2) are our preferred
specifications, including the control variables mentioned in the previous section
and not including any bad control variable. Column (2) point estimates and
respective 95% confidence intervals are visually represented in Figure 9, with
Panel (a) representing estimates for net child care enrollment rates and Panel (b)
representing estimates for net preschool enrollment rates. Models of columns (3)-(5)
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respectively control for the lagged ratio of preschools to 4 and 5 years old children,
the lagged ratio of preschool teachers to preschools, and the logarithm of the mean
invested value in childhood education per children. Lastly, models of column (6)
include all good and bad control variables.

Table 23 – Estimates of effects of childhood education on age-grade distortion rates
by elapsed years since Ensino Fundamental entrance

(1) (2) (3) (4) (5) (6)
VARIABLES AGD Rate AGD Rate AGD Rate AGD Rate AGD Rate AGD Rate

2 years since Ensino Fundamental entrance
NER: ChildCare 0.00763 0.00688 0.00852 0.00824 0.0147 0.0167

(0.0110) (0.0124) (0.0126) (0.0129) (0.00928) (0.00979)
NER: Preschool 0.0111+ 0.0128+ 0.0131+ 0.0115+ 0.00974 0.0108

(0.00398) (0.00428) (0.00448) (0.00440) (0.00518) (0.00543)

Observations 8,150,888 7,565,175 7,505,109 7,238,970 6,471,101 6,144,074
R-squared 0.609 0.650 0.651 0.654 0.661 0.666

3 years since Ensino Fundamental entrance
NER: ChildCare 0.0429 0.0381 0.0379 0.0419 0.0463 0.0449

(0.0185) (0.0179) (0.0180) (0.0181) (0.0244) (0.0241)
NER: Preschool 0.0188 0.0203 0.0210 0.0170 0.0155 0.0175

(0.00836) (0.00892) (0.00959) (0.00858) (0.00729) (0.00826)

Observations 8,224,613 7,709,164 7,645,126 7,378,942 6,612,260 6,277,763
R-squared 0.696 0.734 0.735 0.739 0.739 0.745

4 years since Ensino Fundamental entrance
NER: ChildCare 0.0424 0.0359 0.0372 0.0349 0.0451 0.0444

(0.0206) (0.0210) (0.0204) (0.0229) (0.0229) (0.0249)
NER: Preschool 0.0146 0.0147 0.0152 0.0122 0.0334* 0.0387*

Continued on next page
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Table 23 – Continued from previous page
(0.0114) (0.0119) (0.0122) (0.0123) (0.00607) (0.00811)

Observations 8,297,189 7,825,137 7,757,809 7,491,356 6,725,717 6,384,607
R-squared 0.770 0.809 0.810 0.812 0.810 0.815

5 years since Ensino Fundamental entrance
NER: ChildCare 0.0333+ 0.0247 0.0275 0.0268 0.0318 0.0340

(0.0134) (0.0129) (0.0120) (0.0149) (0.0172) (0.0185)
NER: Preschool -0.0190 -0.0187 -0.0215 -0.0219 -0.00356 -0.00417

(0.0113) (0.0117) (0.0116) (0.0120) (0.00740) (0.00928)

Observations 8,464,181 8,094,850 8,018,934 7,750,995 6,986,685 6,628,519
R-squared 0.824 0.852 0.853 0.855 0.851 0.856

6 years since Ensino Fundamental entrance
NER: ChildCare -0.00869 -0.00864 -0.00556 -0.00424 0.00375 0.00626

(0.0151) (0.0148) (0.0154) (0.0149) (0.0123) (0.0152)
NER: Preschool 0.00389 0.00528 0.00586 0.00448 0.0113+ 0.0151+

(0.00694) (0.00691) (0.00696) (0.00737) (0.00414) (0.00558)

Observations 8,663,978 8,469,514 8,377,759 8,124,292 7,358,042 6,984,096
R-squared 0.964 0.965 0.966 0.967 0.966 0.967

7 years since Ensino Fundamental entrance
NER: ChildCare 0.000220 -0.00223 -0.000211 0.000731 0.000447 -0.000123

(0.0158) (0.0158) (0.0162) (0.0134) (0.0164) (0.0183)
NER: Preschool 0.0301* 0.0331* 0.0356* 0.0317* 0.0392** 0.0456**

(0.00650) (0.00653) (0.00641) (0.00694) (0.00502) (0.00579)

Observations 8,748,446 8,619,651 8,524,097 8,268,526 7,495,525 7,111,976
R-squared 0.920 0.922 0.922 0.923 0.922 0.925

8 years since Ensino Fundamental entrance
Continued on next page
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Table 23 – Continued from previous page
NER: ChildCare -0.0218 -0.0193 -0.0188 -0.0196 -0.0203 -0.0258

(0.0225) (0.0236) (0.0240) (0.0232) (0.0294) (0.0334)
NER: Preschool 0.0440+ 0.0461+ 0.0455+ 0.0455+ 0.0516+ 0.0527+

(0.0129) (0.0132) (0.0137) (0.0139) (0.0133) (0.0162)

Observations 6,638,500 6,565,457 6,490,368 6,259,234 5,729,828 5,408,270
R-squared 0.917 0.920 0.921 0.923 0.920 0.923

9 years since Ensino Fundamental entrance
NER: ChildCare -0.0123 -0.0102 -0.00831 0.00346 0.0411 0.0522

(0.0535) (0.0536) (0.0545) (0.0579) (0.0599) (0.0650)
NER: Preschool -0.0194 -0.0175 -0.0185 -0.0152 -0.0267 -0.0232

(0.0128) (0.0128) (0.0134) (0.0129) (0.0142) (0.0145)

Observations 4,397,106 4,360,564 4,312,095 4,104,976 3,803,115 3,551,250
R-squared 0.948 0.950 0.951 0.952 0.951 0.952

Schools/Children No No Yes No No Yes
Teachers/Schools No No No Yes No Yes
log(Inv/Children) No No No No Yes Yes

Student Controls No Yes Yes Yes Yes Yes
Teacher Controls No Yes Yes Yes Yes Yes

Note. Standard errors clustered by municipality and birth cohort. +p<0.1; *p<.05; **p<.01. Esti-
mated models follow Equation 3.12, varying over inclusion of control variables. Schools/Children is
the lagged ratio of preschools to 4 and 5 years old children in a given municipality. Teachers/Schools
is the lagged ratio of preschool teachers to preschools in a given municipality. log(Inv/Children)
is the logarithm of the mean invested value in childhood education per children by the student’s
municipality over years in which she had the age of 4 and 5. Student controls include the propor-
tion of students by sex, race, users of public school transportation, and with disabilities. Teacher
controls include the proportion of teachers by sex, race, and highest educational level achieved,
as well as teachers mean age, and years of experience.

As can be seen by comparing coefficients presented in columns (1) and (2),
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the inclusion of control variables for students’ and teachers’ characteristics do not
change point estimates in a clear pattern. Moreover, estimated coefficients do not
change qualitatively between specifications presented in columns (2) to (6), which
can be interpreted as results being not driven by endogenous unobserved factors. In
almost all cases, with exception for the preschool coefficients of the 7 years panel,
we find that increases in net enrollment rates did not have statistically significant
effects on age-grade distortion rates.

The only work we found in literature which estimated effects on a similar
dimension was Felfe, Nollenberger e Rodríguez-Planas (2015). It provides weak
evidence of a sizable expansion of publicly subsidized high-quality childcare in Spain
reducing grade retention during primary school. As illustrated by both panels of
Figure 9, our results do not corroborate with these findings, since no clear pattern
emerged from our coefficient estimates.

Figure 9 – Estimates of effects of childhood education on age-grade distortion rates
by elapsed years since Ensino Fundamental entrance

(a) Child Care
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(b) Preschool
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Note: Graphical representation of point estimates and respective 95% confidence intervals of
estimated coefficients from column (2) of Table 23

3.4.3 Effects on aggregate student proficiency levels

As literature shows, early childhood education affects children from different
backgrounds in different ways. This is also true in the Brazilian case, as we have
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shown when investigating the heterogeneity of effects on students’ test scores. This
heterogeneity can lead to a deepening or a decrease in learning inequality, depending
on which children benefit most from early childhood education. To check whether
the Brazilian childhood education system expansion increased or decreased the
proficiency gap between good and bad performing students, we estimate the effects
of net enrollment rates in child care and preschool on municipalities’ shares of
students at each SAEB proficiency scale range.

Owing to the fact that we do not track students along time in our data, it is
needed to aggregate their outcomes on some level to have a sense of how childhood
education affected students in different parts of the outcome distribution, thus we
choose to aggregate at the municipality level. Beyond satisfying this need, this level
of aggregation also allows us to become aware of the returns of investing childhood
education on statistics regarding municipality administered education systems. As
pointed out by Glewwe e Muralidharan (2016), in developing countries, enrolling in
school does not guarantee that children acquire the human capital that their school
should provide, learning much less than the goals set out in the official curriculum.
We can examine if childhood education plays a role in alleviating this burden by
estimating Equation 3.13.

Estimation results of the model from Equation 3.13 applied to mathematics
test scores can be seen in Table 24, as well as results on language test scores can be
seen in Table 25. Tables 24 and 25 follows the same display of previous tables in this
section. Models of columns (1) do not include any control variables, except for the
fixed-effects coefficients. Control variables for students’ and teachers’ characteristics
are included in the models of columns (2). The models in columns (3) and (4)
include controls for students’ and teachers’ characteristics and vary regarding the
inclusion of bad control variables. Finally, the models in columns (5) include all
previous control variables.

Our results for the mathematics subject (Table 24) are qualitatively the
same across all model specifications. For all three ranges of proficiency levels, point
estimates are slightly lower when comparing our preferred specification, column (2),
with the specification without good controls, column (1), but remain statistically
the same. As estimated coefficients of interest in columns (3)-(5) do not statistically
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Table 24 – Estimates of effects of log net enrollment rates on log municipalities’
shares of students at each SAEB mathematics proficiency scale range.

(1) (2) (3) (4) (5)
VARIABLES log(Share) log(Share) log(Share) log(Share) log(Share)

Share of students at level 3 or lower
log(NER: ChildCare) -0.0240 -0.0181 -0.0166 -0.0253 -0.0241

(0.0155) (0.0150) (0.0150) (0.0157) (0.0156)
log(NER: Preschool) -0.207** -0.177** -0.173** -0.174** -0.171**

(0.0382) (0.0380) (0.0379) (0.0397) (0.0397)

Observations 8,464 8,386 8,386 7,742 7,742
R-squared 0.907 0.912 0.913 0.911 0.911

Share of students between levels 4 and 6
log(NER: ChildCare) 0.00591 0.00181 0.00201 0.00129 0.00128

(0.00625) (0.00607) (0.00607) (0.00635) (0.00635)
log(NER: Preschool) 0.0693** 0.0616** 0.0621** 0.0561** 0.0561**

(0.0178) (0.0181) (0.0182) (0.0190) (0.0191)

Observations 8,728 8,646 8,646 7,932 7,932
R-squared 0.896 0.900 0.900 0.898 0.898

Share of students at level 7 or higher
log(NER: ChildCare) 0.0705* 0.0716* 0.0680* 0.0919** 0.0885**

(0.0291) (0.0293) (0.0292) (0.0299) (0.0299)
log(NER: Preschool) 0.177** 0.144* 0.136* 0.149* 0.143*

(0.0604) (0.0603) (0.0602) (0.0632) (0.0631)

Observations 6,754 6,708 6,708 6,172 6,172
R-squared 0.885 0.889 0.889 0.885 0.885

Parent meetings No No Yes No Yes
log(Inv/Children) No No No Yes Yes

Student Controls No Yes Yes Yes Yes
Teacher Controls No Yes Yes Yes Yes

Note: Standard errors clustered by municipality. +p<0.1; *p<.05; **p<.01. Estimated models
follow Equation 3.13, varying over inclusion of control variables. Student controls include propor-
tions of students by sex, race, if a housemaid works in her home, and parent’s education. Teacher
controls include proportions of teachers by sex, race, years of experience, education, and the
number of schools in which she works in.
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change after the inclusion of bad controls variables15, there is some evidence that
regression results in column (2) are not driven by endogenous unaccounted causes.
All in all, our findings suggest that a one percent increase in net child care enrollment
rates only affects the share of students at higher mathematics proficiency levels,
increasing it by 0.07 percent. At the same time, increasing net preschool enrollment
rates by one percent reduces the share of students who undeveloped expected
mathematics skills by 0.17 percent, increases by 0.06 percent the share of students
who learned as much as expected, and increases by 0.14 percent the share of
students at higher mathematics proficiency levels.

Regarding estimated effects on aggregate language proficiency levels (Ta-
ble 25), we find robust evidence that a one percent increase in net child care
and preschool enrollment rates decreases the share of students at low language
proficiency levels by 0.03 percent and 0.13 percent, respectively. However, only
percentage increases in net preschool enrollment rates affects the share of students
at intermediary language proficiency levels, raising it 0.07 percent by each one
percent increase. As there are losses in statistical significance across the inclusion
of control variables, we refrain from drawing strong conclusions about the higher
range of language proficiency levels, even so results suggest that a one percent
increase in net child care enrollment rates raises the share of students in this level
range by 0.06 percent.

Allied to the fact that cognitive skills development follows a cumulative
and virtuous process, evidence from our findings points out that public education
systems administrators can rely on the increasing of preschool enrollment rates to
assure that students acquire the human capital they should. However, because there
are also positive effects for other proficiency levels ranges, it is unclear if such policy
can reduce learning inequality at the extensive margin. The same does not apply
regarding child care enrollment rates, as it only seems to affect students at higher
proficiency levels on both subjects, and students at lower language proficiency
levels. We suspect this discrepancy occurs by a contamination in the child care
treatment status, as we only account enrollments in formal child care centers to

15 See the discussion regarding Tables 17 and 18 for the reasoning behind the inclusion of such
control variables.
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Table 25 – Estimates of effects of log net enrollment rates on log municipalities’
shares of students at each SAEB language proficiency scale range.

(1) (2) (3) (4) (5)
VARIABLES log(Share) log(Share) log(Share) log(Share) log(Share)

Share of students at level 3 or lower
log(NER: ChildCare) -0.0339** -0.0319** -0.0296** -0.0340** -0.0317**

(0.0116) (0.0110) (0.0109) (0.0114) (0.0113)
log(NER: Preschool) -0.175** -0.134** -0.128** -0.124** -0.118**

(0.0266) (0.0255) (0.0253) (0.0258) (0.0257)

Observations 8,668 8,636 8,636 7,934 7,934
R-squared 0.913 0.921 0.921 0.921 0.922

Share of students between levels 4 and 6
log(NER: ChildCare) 0.0128 0.0118 0.0125 0.0123 0.0125

(0.00794) (0.00762) (0.00763) (0.00802) (0.00806)
log(NER: Preschool) 0.0885** 0.0728** 0.0746** 0.0668** 0.0672**

(0.0185) (0.0180) (0.0179) (0.0183) (0.0183)

Observations 8,728 8,692 8,692 7,972 7,972
R-squared 0.912 0.918 0.918 0.917 0.917

Share of students at level 7 or higher
log(NER: ChildCare) 0.0649* 0.0618* 0.0542* 0.0641* 0.0557+

(0.0267) (0.0266) (0.0269) (0.0287) (0.0290)
log(NER: Preschool) 0.133* 0.0956+ 0.0818 0.0921 0.0815

(0.0573) (0.0562) (0.0564) (0.0588) (0.0590)

Observations 6,492 6,470 6,470 5,948 5,948
R-squared 0.846 0.850 0.851 0.843 0.844

Parent meetings No No Yes No Yes
log(Inv/Children) No No No Yes Yes

Student Controls No Yes Yes Yes Yes
Teacher Controls No Yes Yes Yes Yes

Note: Standard errors clustered by municipality. +p<0.1; *p<.05; **p<.01. Estimated models
follow Equation 3.13, varying over inclusion of control variables. Student controls include propor-
tions of students by sex, race, if a housemaid works in her home, and parent’s education. Teacher
controls include proportions of teachers by sex, race, years of experience, education, and the
number of schools in which she works in.
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compute net enrollment rates, thus neglecting the presence of informal child care.

3.5 Conclusions and Discussion
The role of early childhood education in improving students’ school per-

formance, non-cognitive skills, and other outcomes later in life is well-known in
literature. However, this consensus is established on studies based on singular and
small-scale experiences. Thus, other studies sought to assess the impacts of universal
early childhood education policies, which tend to offer lower quality education and
cover children from more diverse backgrounds.

Studies evaluating universal policies have found that low-quality early
childhood education can even worsen children’s outcomes. Further investigations
have also revealed that effects are heterogeneous, with children from disadvantaged
backgrounds benefiting more than children from privileged ones. In addition, it was
also concluded that the alternative child care option to early childhood education
is also one of the main determinants of its impacts.

Although these studies are more comprehensive, they lack diversity of
contexts. In general, evaluations on large-scale early childhood education policies
deal with experiences in developed countries where the quality of education is high
and whose social backgrounds are favored. In this paper we tried to fill this gap by
assessing the impacts of universal early childhood education in a developing country,
whose early childhood education is considered to be of poor quality and whose
social issues are quite different from those of other countries previously studied.
Specifically, we estimated the effects that the gradual expansion of local early
childhood education systems in Brazil had on individual students’ performance in
scores of a standardized national test. In addition, we also estimated their effects
on collective outcomes such as age-grade distortion rates and municipalities’ shares
of students at each SAEB proficiency scale range.

Our results indicate that having started school life in child care increases
scores on SAEB’s mathematics test by 10 percent of a standard deviation and 9.8
percent of a standard deviation on the language test, compared to having started
school life only in elementary school. Estimated effects for starting school life in



3.5. Conclusions and Discussion 127

preschool were greater, being in the order of 17 percent of standard deviation on
both subjects. These results are in line with previous findings in literature, and
serves as a first indication that low quality Brazilian child care education can be
detrimental to children, although the net effect of early childhood education is still
positive.

A first investigation on effect heterogeneity revealed a pattern contrary
to what is commonly found in literature. In Brazil, children with more educated
mothers benefit more from early childhood education. We attribute this pattern
to a particularity of the Brazilian education system and the data we use. More-
over, we also found that municipalities making higher investments per childhood
education student tend to get higher effects on performance of these students in
elementary school. Since the quality of education offered is correlated with the level
of expenditure per student, this result confirms a pattern seen in the comparison
of policies adopted by different countries.

Regarding school progression, we found that increasing net enrollment rates
in child care and preschool did not significantly affect the age-grade distortion rates
measured at different points in school life. Therefore, the downward movement
in age-grade distortion rates that occurred shortly after the expansion of early
childhood education systems in Brazil must have been caused by other factors which
were excluded by our identification strategy. One candidate for this is the adoption
of the elementary school organized in cycles by municipal and state education
systems, which prevents students from repeating grades within an educational
cycle.

Finally, when evaluating the effects on aggregate student proficiency levels,
we find that increasing net enrollment rates in child care contributes to decrease
the share of students at low language proficiency levels and increase the share of
students at high proficiency levels on both evaluated school subjects. Moreover,
increasing the rates in preschool play a role in ensuring students learn the expected
cognitive skills set out in the official primary education curriculum, as it reduces
the share of students at low proficiency levels on both subjects. Net preschool
enrollment rates are also related to the number of students at mid proficiency levels,
and at high mathematics proficiency levels.
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We hope our results confirm to policymakers the effectiveness of early
childhood education in increasing educational outcomes, as well as the need to
investing more in early childhood education to guarantee its quality levels. We
also hope to draw attention to the high potential of high-quality early childhood
education in improving education in developing countries.
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4 Conclusion

Investing in education is quintessential not only for its key role in long-run
economic growth and development, but as well for enabling individuals to achieve
their full capacities. The awareness regarding the importance of education present
in Brazil’s 1988 Constitution incentivized the democratic government to pursue, at
first, the universalization of access to basic education to then improve its quality. In
this piece we address some of the policies taken in the late 2000s to achieve this later
goal. In particular, we addressed the teachers’ exclusive wage floor implementation,
as a way of valuing the teaching profession, and the expansion of the early childhood
education system, as a way of getting children to start schooling earlier.

Both policies comprise education strategies repeatedly discussed by civil
society and legislators in reviews of the public education system. Our work sought
to fulfill a social role by promoting debates and serving as an input for decision-
making in favor of education. Specifically, in Chapter 2 of this piece we sought to
assess whether de jure constant increases in the largest single budgetary element
of the education system are justified. Moreover, in the third chapter of this piece
we sought to review if one the current main adopted strategies in developing the
public education system is paying off or if a change of direction is needed.

Due to reality imposed limitations, we could not draw strong conclusions
regarding the first policy. Nevertheless, it was not an evaluation exercise empty
of meaning. It drew attention to the need for law enforcement in turning de
jure adopted policies into de facto adopted policies. Moreover, a literature review
focused on similar experiences in developing countries revealed a lack of empirical
support for the alleged effectiveness of a highly recommended education policy.
Even accounting all action mechanisms which we could think of in a theoretical
sense, it is not clear if unconditional increases in teachers’ salaries would be capable
of improving educational outcomes in Brazil given the seemingly inelasticity in
the demand for teachers and the presupposed absence of Baumol’s costs to be
alleviated during a recession. Considering the findings in literature, it seems that
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linking teachers’ salaries, or salary bonuses, to improvements in the performance of
their students is a more prudent way to obtain the desired outcomes.

Regarding the efforts made to increase enrollments in early childhood
education, our results ease literature based concerns with the policy causing the
inverse of its intended effects. In addition, in consonance with previous findings in
literature, they highlight the need to guarantee quality levels of early childhood
education to unlock its full potential. Our findings also shed light on the limitations
of universal early childhood education policies in diminishing age-grade distortion
rates. As the impacts over those dimensions are nonexistent or easily limiting, more
action is needed if society wants to improve these education outcomes.

We hope that our work, and the conclusions drawn from it, will contribute
to building knowledge in literature, improving the collective understanding of the
economics of education. As well, we also hope that our findings go beyond Academia,
contributing to the continuous improvement of society and helping individuals to
develop all their capacities through education.
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