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“Mas a ciência tem o inefável dom de curar todas as mágoas.”

(Machado de Assis, O Alienista)
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Resumo

Esta tese investiga os impactos duradouros de choques ambientais e intervenções políticas nos
resultados educacionais e de saúde no Brasil. O Capítulo 1 examina os efeitos de chuvas extremas
nos caminhos educacionais, utilizando dados do Exame Nacional do Ensino Médio (ENEM).
Constatou-se que chuvas que excedem um desvio padrão da média municipal aumentam a taxa
de absenteísmo no exame em 4%, afetando desproporcionalmente estudantes de baixa renda
e reduzindo suas probabilidades de ingresso na faculdade até quatro anos depois. O Capítulo
2 analisa as consequências educacionais da seca prolongada no Nordeste do Brasil, utilizando
dados de satélite para mostrar reduções de 8% no número de professores de escolas públicas
e de 14% no número de professores de escolas primárias nos municípios afetados. As secas
exacerbam disparidades na aprendizagem dos alunos e na progressão de série, especialmente em
áreas com escassez de água. O Capítulo 3 avalia o impacto do aumento de financiamento para
um programa de saúde primária. Utiliza um desenho de descontinuidade de regressão e constata
melhorias iniciais na cobertura do programa e na implementação de equipes de saúde, mas sem
impactos significativos a longo prazo nos resultados de saúde ou nas taxas de mortalidade. No
entanto, o aumento do financiamento impulsionou a aquisição de bens não duráveis de cuidados
primários em 25% nos municípios tratados. Em conjunto, esses capítulos oferecem insights sobre
como choques ambientais e respostas políticas moldam o alcance educacional e os resultados
de saúde pública no Brasil, destacando a interação complexa entre fenômenos naturais, fatores
socioeconômicos e eficácia das políticas.

Palavras-chave: Choques ambientais, Resultados educacionais, Política de saúde, Brasil, Impac-
tos socioeconômicos



Abstract

This thesis investigates the lasting impacts of environmental shocks and policy interventions
on education and health outcomes in Brazil. Chapter 1 examines the effects of extreme rainfall
on college entrance and educational pathways using data from the National High School Ex-
amination (ENEM). It finds that rainfall exceeding one standard deviation from the municipal
average increases exam absenteeism by 4%, disproportionately affecting low SES students
and reducing their college enrollment probabilities up to four years later. Chapter 2 analyzes
the educational consequences of prolonged drought in Northeast Brazil, using satellite data to
show reductions in public school teacher numbers by 8% and elementary school teachers by
14% in affected municipalities. Droughts exacerbate disparities in student learning and grade
progression, particularly in water-scarce areas. Chapter 3 evaluates the impact of increased
funding for a primary care health program. It employs a regression discontinuity design and finds
initial improvements in program coverage and health team implementation but no significant
long-term impacts on health outcomes or mortality rates. Increased funding did, however, boost
non-durable primary care goods procurement by 25% in treated municipalities. Together, these
chapters provide insights into how environmental shocks and policy responses shape educational
attainment and public health outcomes in Brazil, emphasizing the complex interplay between
natural phenomena, socioeconomic factors, and policy effectiveness.

Keywords: Environmental shocks, Education outcomes, Health policy, Brazil, Socioeconomic
impacts
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1 Here Comes the Rain: Impacts of We-

ather Shocks on Higher Education De-

cisions

1.1 Introduction

The use of standardized tests in school admissions has become ubiquitous in the modern

world, at least since the early 1900s when it started being offered for university and college

admissions in the United States. This is mainly because they make it easier for schools to evaluate

many applications faster (reducing costs) and compare scores over time. Despite some evidence

pointing that these tests are good predictors of future academic success (KUNCEL; HEZLETT,

2007), recent research has shed light on their vulnerability to environmental conditions and

unfairness, as wealthier students can take the time and prepare for the exam as those with

low-income backgrounds usually have a tighter time constraint, with a higher cost of preparing

to take the test (ZIVIN et al., 2020; SAYGIN, 2020).

This has led to intense criticism from society, with an increasing number of schools

abandoning them altogether1. Furthermore, with many countries adopting centralized college

admissions systems that rely on standardized tests, policymakers must measure its costs and

long-term effects to design ef�cient mechanisms for matching students to institutions2.

This paper measures how rainfall shocks affect attendance on a large standardized exam

in Brazil. I use microdata on millions of students taking the National High School Examination

(ENEM), an exam administered by the Brazilian Ministry of Education that also serves as a

college entrance exam for most federally-funded universities. The exam is always administered

once a year in two days, making it vulnerable to daily shocks. I later match exam-takers to future

academic paths using data from the Higher Education Census to check if rainfall on exam days

affected their probability of being enrolled in higher education later.

Rainfall has been known to increase the costs of performing some activities that require

leaving the house or traveling, such as voting (FUJIWARA; MENG; VOGL, 2016) or attending

church (MORENO-MEDINA, 2022), for example. In the case of standardized exams, less

motivated students with a lower ex-ante probability of being admitted to college might judge

1A recent example is that of New York, where two hundred thousand students and parents boycotted the state's
reading and math standardized exams for grades 3-8, choosing to opt-out with many complaining about “excessive
testing"in the school system (CAMPANILE, 2023; NIETZEL, 2022).

2Centralized admissions are present in countries like Brazil, Chile, Germany, and Turkey, where a single
mechanism assign applicants to vacancies in different colleges. This differs from countries like the USA or Japan,
where students apply to each institution separately. As an example of its growing popularity, Machado e Szerman
(2021) note that 46 countries have implemented centralized assignment mechanisms in 2018 alone.
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this increase in costs to exceed their expected gains from taking the exam and thus choose not to

attend. However, students with a higher ex-ante probability of achieving a passing grade might

also be affected. If their ex-ante cost of attending is already high (e.g., they live far from the

exam location), then this increase might prove to be too much.

According to Dell, Jones e Olken (2014), temperature, precipitation, and other weather

occurrences plausibly vary randomly over time, representing random selections from the dis-

tribution of a speci�ed spatial area and thereby displaying strong identi�cation characteristics.

Although rainfallper seover time can be correlated with different economic outcomes, rainfall

deviationsat the daily level are unlikely to be. Thus, to identify the effects of weather shocks on

exam attendance and, later on, college enrollment, I use daily deviations in precipitation from a

municipality's historical average of the respective month (as rainfall patterns change during the

year). The shock is de�ned in exam-takers' municipality of residence in 2010-2019, making it

nationally representative, as students take ENEM from all 5,570 municipalities of Brazil. I also

include municipal �xed effects that absorb observed and unobserved spatial characteristics and

exam date �xed effects that control for common trends.

First, I document that unexpected heavy rain makes students miss the exam. Precipitation

on exam days of more than one standard deviation relative to local averages reduces the probabi-

lity of attendance by 0.6 percentage points or approximately 4%. Using a �exible binned function

of rainfall shows that attendance probability decreases in a non-linear way with precipitation.

I also present evidence that these one-day shocks affect some groups disproportionately. Low

socioeconomic status (SES) students are more likely to miss the exam when there is heavy rain

on exam day. These results point to low-income students having more dif�culty with transport

during an extreme rainfall episode, as I �nd those who do not own a car or do not live in the

same municipality where they take the exam are signi�cantly more likely to be absent.

To determine whether this increase in absenteeism will translate into fewer college

admissions, we must ask whether rainfall only affects students who would not be admitted

to universities anyway or if there is some group of students who would have been accepted

but missed the exam due to rainfall. Rainfall could also have negligible effects if those who

missed the exam could enroll in universities by other means, for example, in colleges using other

entrance exams. I investigate this by matching ENEM exam students to their future enrollment

status using identi�ed data from the Higher Education Census.

Considering all students, I do not �nd signi�cant effects of extreme rain during the

exam on the subsequent probability of entering or enrolling in higher education. However, I

�nd that black students experiencing extreme rain on their exam day have their college entrance

probability reduced by 0.7 percentage points one year after the exam. I also found adverse effects

on admission for men and students who live in a municipality different from their exam location.

In addition, I see evidence of substitution between entering colleges that use the exam in their

admission and others that do not. Finally, I �nd more substantial effects for students applying for
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technical colleges, consistent with low-SES students being the most affected.

I contribute to the recent new wave of empirical research that uses panel methodologies

to identify the effects of temperature, precipitation, and other climatic variables on the economy3

A large literature explores the effects of weather on a wide range of outcomes such as child

labor and human capital investment (SHAH; STEINBERG, 2017; COLMER, 2021), voter

turnout (FUJIWARA; MENG; VOGL, 2016), health and mortality (ROCHA; SOARES, 2015;

DESCHÊNES; GREENSTONE, 2011; BARRECA, 2012), con�ict and income (DELL; JONES;

OLKEN, 2012; BAYLIS, 2020; HIDALGO et al., 2010), crime (MORENO-MEDINA, 2022).

However, these studies mainly focus on the effects of being exposed to weather anomalies

for more extended periods. I add to this literature by showing that even short-term single-day

events can have lasting consequences for individuals and document that these affect some groups

disproportionally.

Closer to this paper, Park (2022) �nds that students perform lower when doing school

exams on hot days, with effects that build up and potentially cause them to drop out of school.

Zivin, Hsiang e Neidell (2018) also �nd long-term effects of short-term exposure to high

temperatures, including compensatory responses, while Zivin et al. (2020) focus on the impact

of exam day temperature on performance and the consequences on college enrollment in China.

In the context of Brazil, Melo e Suzuki (2023) shows that the high-stakes nature of the ENEM

exam helps mitigate the adverse effects of temperatures through increased effort, and Li e Patel

(2021) also provides evidence of high temperatures and weak performance on ENEM. However,

their analysis focuses primarily on impacts within the exam.

The rest of the paper proceeds as follows. Section 1.2 describes the institutional set-

ting. Section 1.3 describes the data sources. Section 1.4 illustrates our empirical strategy for

identi�cation. Section 1.5 provides the results and 1.6 concludes.

1.2 Institutional Background

College admissions in Brazil have historically been conducted using standardized exams,

with very few universities adopting other forms, such as interviews or curriculum analysis.

Each university has its own entrance exam, and students apply for speci�c majors before being

admitted. These entrance exams are usually administered at the end of the year, and students

have to wait a whole year if they do not pass and wish to retake the exam.

In 1998, the Brazilian Ministry of Education launched the National High School Exam

or Exame Nacional do Ensino Médio(ENEM) to assess the performance of students enrolled

in public high schools across the country. The exam was meant to be an assessment tool, to

be administered every year, and its results were to drive policy implementation. From then on,

3For good literature reviews see Carleton e Hsiang (2016) and Dell, Jones e Olken (2014).
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ENEM began to increase its importance and exceed the role of policy tool, used for the �rst time

as admission criteria by public universities in 2004.

Following an expansion of new federal public universities in Brazil during the 2000s,

the federal government created the Uni�ed Admissions System,Sistema de Seleção Uni�cada

(SISU). This would serve as a centralized platform where public universities could access

applications and use student's performance in ENEM as an admission criteria. This move

markedly changed the stakes of the exam, as more universities joined SISU in the 2010s (MELO;

SUZUKI, 2023). The number of ENEM participants also increased considerably. In 2014,

approximately 8 million people registered to take the exam, making it the largest in the country

and the second largest college entrance exam in the world, only after the National College

Entrance Examination (NCEE) in China.4

Figura 1.1 – ENEM exam attendance: 2010-2019

Note: The �gure plots the average attendance rate in the ENEM exam from 2010 to 2019 for high school
seniors aged 16 to 20. Attendance is calculated by dividing the number of students who attended the
exam by the total number of students registered each year and day of the examination.

With this centralized admissions system, ENEM became the sole admission criteria for

most federally-owned universities. However, exam scores are also used in admissions (though

not exclusively) of state-owned and private higher education institutions. Moreover, minimum

scores on all four subjects are required to be eligible for af�rmative action policies (for public

universities) and government-subsidized student loans (for private universities). All this makes

ENEM one of the most high-stakes entrance exams in the country.

The exam is always administered on weekends, Saturdays, and Sundays from 2010 to

2016 and, after 2017, on two consecutive Sundays. Moreover, throughout our sample period,

4https://oglobo.globo.com/brasil/educacao/vestibular-chines-tem-2-milhoes-de-candidados-mais-do-que-
enem-10540014.
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the exam was administered in the last quarter of each year (October, November, or December).

After being reformulated in 2008, the questions consisted of four modules, with 180 items plus

an essay. The �nal score is calculated using item response theory to allow comparisons over the

years.

1.3 Data

I have collected data from three comprehensive sources, of which two mainly consist of

administrative records. The following are described in more detail below: (i) individual-level data

on takers of the National High School Exam (ENEM); (ii) individual-level data on all students

enrolled in higher education in Brazil (Higher Education Census); (iii) municipal-level daily data

on weather variables.

Data on ENEM exam takers (i) and higher education enrollment (ii) were provided by the

National Institute of Educational Studies and Research Anísio Teixeira (INEP), a federal agency

af�liated with the Ministry of Education. It operates in three areas: educational evaluations and

examinations, statistical research and educational indicators, and knowledge management and

studies. Their administrative records allow me to match exam takers to their later educational

outcomes by a unique ID number and thus identify which students who took the national exam

enrolled in college in subsequent years. Moreover, INEP provides information on a student's

admission process, whether she used her ENEM score in admission, af�rmative action policies,

and other criteria such as college-speci�c entrance exams.

With this, I built a large panel with millions of exam takers grouped by their municipality

of residence for the period 2010-2019, their exposure to weather shocks on exam days, and

their subsequent educational outcomes. Table A1 provides summary statistics grouped by the

municipality of residence of the students, which I discuss in more detail in the following.

1.3.1 Data on education

Individual-level data on exam takers were provided by INEP, a government agency linked

to the Brazilian Ministry of Education. I use this to match students to their future academic

outcomes and thus map which (and how many) enroll in a higher education institution later.

For a more homogeneous and comparable pool of individuals, I follow Melo e Suzuki

(2023) in restricting the sample of exam takers to high school students in their senior year and

between 16 and 20 years of age. As discussed in section 1.2, ENEM is used for admissions in

many Brazilian universities, and thus, not only high school students can register for it. I also

eliminated students from the sample who were eliminated from the exam5, resulting in a panel of

roughly 14 million individuals from 2010 to 2019 over the course of two days of the exam. Table

5Students can be eliminated if they are caught cheating.
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A1 presents some descriptive statistics of these individual-level data. ENEM is administered

in approximately 1,800 municipalities, which means a high share of students need to travel to

attend the exam.

I identify which students registered in ENEM enroll at a university using the Higher

Education Census data. For each municipality, I know how many exam takers were ever enrolled

in college and how many were enrolled in the year following their ENEM exam. I also have data

on the type of institution they enrolled in and other admission criteria used, such as af�rmative

action policies. Moreover, it provides how many students enrolled using some �nancial aid in

private institutions. I keep only those who enroll in regular schools for a college degree, dropping

those in military institutions, as their admission process involves different criteria in addition to

the entrance exam.

1.3.2 Weather data

Weather data comes from the Environment Information System (SISAM), a project

spearheaded by the National Institute for Space Research (INPE) in collaboration with several

other organizations, including the Pan-American Health Organization6. The SISAM dataset

amalgamates daily weather measurements from various sources, encompassing data on wild�res

and air quality metrics such as CO2 concentration. All variables have been aggregated at the

municipal level for the timeframe 2000-2019, covering aspects such as precipitation, temperature,

relative humidity, and wind speed.

1.3.2.1 Rainfall

Daily precipitation data at the municipality level are sourced primarily from two key

entities and subsequently aggregated by SISAM. The initial source is the Climate Prediction

Center of the National Ocean and Atmospheric Administration (NOAA). NOAA data are

collected at a spatial resolution of 0.5° (roughly 50 km) and later interpolated to achieve a spatial

resolution of 12.5 km7. The second source is the Weather Research and Forecasting model,

managed by the Center for Weather Forecast and Climate Studies within INPE. These data

were acquired similarly at a resolution of 0.5° and subsequently adjusted to a spatial resolution

of 12.5 km, ensuring consistency with NOAA data8. Variables such as temperature, humidity,

and air quality are measured at different points of the day, while precipitation is given as the

accumulated volume in 24 hours (in mm). Figure 1.2 displays the average precipitation in all

Brazilian municipalities, for every ENEM exam date in our sample period.

6Sistema de Informações Ambientais Integrado à Saúde Ambiental
7See Xie, Chen e Shi (2010) for details
8Details of their climate model are provided in Skamarock et al. (2019)
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Figura 1.2 – Precipitation during ENEM exam days

Note: The �gure shows average precipitation (in mm/day) in all ENEM exam days for years 2010-2019 in each
municipality in Brazil. Daily precipitation data comes from SISAM monitoring system.

1.4 Empirical Strategy

To identify if idiosyncratic weather shocks can have repercussions on students' college

application decisions, I follow two steps. ENEM is a high stakes exam and serves as the main

criteria for accessing college through the federal centralized admissions system (SISU) and

for grants and scholarships applications for private institutions. Thus, the �rst stage consists of

checking if a rainfall shock on exam days affects the probability of a student attending ENEM.

I explore variations in weather patterns within a municipality over time to assess the

effects of rainfall shocks on exam attendance and later college enrollment. Let Dmdbt be an

indicator variable for municipalitym on dayd and monthbof yeart de�ned as:

Dmdbt = 1
�

rmdbt � �rmb

� r
mb

� 1
�

(1.1)

wherermdbt represents daily precipitation in millimeters and�rmb and� r
mb are the daily average

and standard deviation of rainfall for monthbover the years 2000-2019. I use equation 1.1 to

de�ne an extreme rainfall event when the daily precipitation is greater than or equal to one

standard deviation of the historical average of a municipality in a particular month.

To answer if extreme rainfall affects student attendance in the exam, I follow the main

speci�cation below. LetYimdbt be an outcome variable for studenti living on municipalitym on
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dayd of monthband yeart. Then:

Yimdbt = � m + � dbt + � � Dmdbt + 
 Xmdbt + " imdbt (1.2)

where Dmdbt is the shock variable in (1.1),� m and� dbt are municipality and exam date �xed

effects andXmdbt is a matrix of covariates at the municipality level.

The main identi�cation assumption is that deviations in daily rainfall are not correlated

with individual characteristics that determine exam attendance. Recent literature has demons-

trated how weather variables such as rainfall and temperature can be correlated with a wide

range of economic variables, from violence levels to income (DELL; JONES; OLKEN, 2014;

CARLETON; HSIANG, 2016), a fact that can be worrying in terms of confounding identi�cation.

However, these problems do not arise in the present context, as I am using weather shocks at a

more granular (day) level. For measuring the impact on exam attendance, rainfall on a speci�c

day of the year is plausibly not correlated with individual characteristics that determine whether

a student decides to go to the exam. Including municipality and exam date �xed effects also

controls for both time-invariant municipal unobservables and policies implemented nationally in

speci�c years, which could affect attendance in ENEM.

In the second part of the paper, I ask if missing this high-stakes exam affects students'

college enrollment prospects. I match exam-takers to their future college enrollment status using

data from the Higher Education Census. I estimate equation 1.2 where the main outcomes are an

indicator of if studenti enrolled in college in the year following the exam and an indicator for if

studenti enrolled up to four years after the exam.

1.5 Results

1.5.1 Extreme rainfall and exam attendance

Rainfall can change the cost of students attending the exam in different ways. Groups

with a higher mobility cost might be more prone to miss the exam due to bad weather. In this

case, previously high-performing students do not necessarily “choose” not to attend, as heavy

rainfall can damage roads and infrastructure or increase city traf�c, making it harder for those

who live far away to go from one place to another.

In Table 1.1, I document the impact of a rainfall shock on ENEM's �rst day of exams on

student attendance. Results come from estimating Equation 1.2 with municipality and date �xed

effects. I also include as control variables the average temperature and relative air humidity at

the time and location of the exam, as well as the total sum of precipitation in the year. Extreme

rainfall is de�ned by the rule in Equation 1.1. Rainfall is an indicator that equals one when daily

precipitation is greater than zero.

Results are computed using data from the �rst day of exams since it is when absenteeism

is higher. Missing one of the �ve exams in ENEM automatically disquali�es a candidate. Thus,
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Tabela 1.1 – Effect of rainfall on exam attendance

Dependent Variable: Attendance

Model: (1) (2)

Variables

Rainfall -0.002���

(0.0008)

Extreme rainfall -0.006���

(0.001)

Covariates Yes Yes

Fixed-effects

Home munic. FE Yes Yes

Exam date FE Yes Yes

Fit statistics

Observations 14,475,263 14,475,263

R2 0.01637 0.01639

Within R2 5:97� 10� 5 8:03� 10� 5

Note: Signif. Codes: ***: 0.01, **: 0.05, *: 0.1. Clustered (municipal level) standard errors in parentheses.
The dependent variable is an individual indicator of attendance for ENEM exam students. Variable
Rainfall is equal to one if precipitation on the exam's �rst day was greater than zero, and variable
Extreme rainfallis equal to one if precipitation on the exam's �rst day was greater than one standard
deviation from the monthly local historical average. Control variables include the average temperature
and humidity at the time and location of the exam, as well as the total municipal precipitation in the year.

there is no case in the sample of students who attended the second day after missing the �rst.

Conditional on �xed effects, students are 0.6 percentage points less likely to attend the exam

when precipitation is more than one standard deviation higher than local averages. This represents

a 4% increase in absenteeism or approximately 8,400 students each year in my sample period.

I also consider a more �exible speci�cation of rainfall shocks in Figure 1.3, where I show

the coef�cients of regressing individual attendance on different bins for precipitation in a non-

parametric way.9 Consistent with the linear speci�cation in Table 1.1, exam attendance decreases

non-linearly with higher precipitation values. It is also worth noting that for small amounts of

rain (less than 4 mm), the absenteeism rate appears unaffected by the weather. Finally, as a

robustness check, Table 1.2 shows that extreme rainfall 3 days before or 3 days after exam days

is not correlated with attendance.

Extreme rainfall might affect groups differently, leading to different outcomes. For

9A similar non-parametric speci�cation was used in the literature measuring the impacts of high temperatures
on exam performance, such as in Zivin, Hsiang e Neidell (2018), Zivin et al. (2020) and Melo e Suzuki (2023).
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Figura 1.3 – Precipitation bins and exam attendance

Note: The �gure shows coef�cients for a non-parametric regression of exam attendance on different
precipitation bins based on quantiles of the rainfall distribution. Controls include average temperature and
relative humidity during the exam and total yearly precipitation as control variables. The 0-1 millimeter
bin is omitted and used as a reference. Standard errors are clustered at the municipal level.

example, the increase in attendance costs could be higher for students with an ex-ante lower

marginal bene�t from taking the exam, whose college acceptance probability is already small.

But this increase in cost could also affect students who would be admitted but miss the exam due

to mobility dif�culties and poor city infrastructure. Thus, it is important to understand which

students are more affected by this shock.

I consider this in Table 1.3. It shows estimated coef�cients of the interaction terms

between extreme rainfall on exam days, students' characteristics, and their relation to attendance.

A rainfall shock on ENEM's �rst day has a more intense negative effect on attendance for black

students (column 3) from public high schools (column 4) who do not have a car in their house

(column 6) and who live in a different municipality than their exam location town (column 7).

Finally, it is worth noting that having a mother with a college degree seems an important factor

in attendance when there is heavy rain (column 5), as the coef�cient on the interaction cancels

out that of the extreme rainfall indicator. It is important to acknowledge the many interactions

between the different variables in Table 1.3, so their interpretation must be taken together. These

results point to students from a low socioeconomic status (SES) being the most affected by the

increased attendance cost brought about by the rain.

Finally, I also perform a heterogeneity analysis based on some municipal characteristics

in Table 1.4. There, I divide my sample into sub-samples of municipalities that fall below

the median in the distribution of population, land area, municipal GDP per capita (in 2019
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Tabela 1.2 – Precipitation outside exam days on attendance

Dependent Variable: Attendance

Model: (1) (2) (3)

Variables

Extreme rainfall -0.006���

(0.001)

Extreme rainfall (D-3) -0.002

(0.001)

Extreme rainfall (D+3) 0.002

(0.002)

Covariates Yes Yes Yes

Fixed-effects

Home munic. FE Yes Yes Yes

Exam date FE Yes Yes Yes

Fit statistics

Observations 14,475,263 14,475,263 14,475,263

R2 0.01639 0.01636 0.01636

Note: Signif. Codes: ***: 0.01, **: 0.05, *: 0.1. Standard errors are clustered at the municipal level. The table
shows coef�cients for regressing exam attendance on indicators for extreme rainfall 3 days before and 3 after the
exam's �rst day. Control variables are the average temperature, relative humidity, and total precipitation in the year.

values), and the share of households in 2010 on a paved street. In line with the results so far,

coef�cients for extreme rainfall are higher (in absolute terms) than the baseline average of 0.6

p.p. in municipalities with lower GDP per capita and a lower share of paved roads. Students from

poor municipalities with worse infrastructure are more affected by the effects of a weather shock

on exam day.

1.5.2 Access to Higher Education

In this section, I match ENEM exam takers with their college enrollment information

using data from Brazilian Higher Education Census to ask if the incidence of heavy rain on exam

day affect students probabilities of being admitted to higher education. Previous studies have

shown that, under these conditions, a delay in enrollment can severely affect students' education

choices (PALLAIS, 2015; ROUX; RIEHL, 2022). However, if students more affected by the rain

on exam day have a smaller ex-ante chance of being accepted into college, we would not see any

differences in enrollment between years with and without extreme rainfall, on average.

With equation 1.2, I consider the impact of extreme rainfall on the �rst exam day on
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Tabela 1.3 – Extreme rainfall on exam attendance - Interactions

Dependent Variable: Attendance

Model: (1) (2) (3) (4) (5) (6) (7)

Variables

Extreme rainfall -0.006��� -0.006��� -0.002 0.005� -0.008��� 0.004��� -0.005���

(0.001) (0.001) (0.002) (0.003) (0.001) (0.001) (0.001)

Extreme rainfall� Woman 0.000

(0.0009)

Extreme rainfall� Black -0.008���

(0.002)

Extreme rainfall� Public HS -0.014���

(0.003)

Extreme rainfall� Mother Educ. College 0.008���

(0.003)

Extreme rainfall� No Car -0.017���

(0.002)

Extreme rainfall� Diff. Munic. -0.005��

(0.002)

Covariates Yes Yes Yes Yes Yes Yes Yes

Fixed-effects

Home munic. FE Yes Yes Yes Yes Yes Yes Yes

Exam date FE Yes Yes Yes Yes Yes Yes Yes

Fit statistics

Observations 14,475,263 14,475,263 14,470,966 14,013,851 13,901,944 12,000,154 14,475,263

R2 0.01639 0.01646 0.01815 0.03066 0.02487 0.02571 0.01660

Note: Signif. Codes: ***: 0.01, **: 0.05, *: 0.1. The table shows estimated coef�cients from the interaction terms
between an indicator for extreme rainfall on exam day and indicators for student characteristics. Column 1 does not
include any interaction. columns 2 through 7 consider indicator variables for the following students: Women (2),
black (3), from public high schools (4), the mother has a college degree (5), the family has no car (6), the home
municipality is different from the exam municipality (7). All regressions include municipality and exam date �xed
effects, average temperature, relative humidity, and total precipitation in the year. Standard errors are clustered at
the municipal level.

future college enrollment for this identi�ed pool of exam takers. Results shown in Table 1.5

show no signi�cant effects and positive (albeit small) point estimates for college enrollment of

students one year following the exam (2) and up to four years after the exam (3), suggesting that

the most affected students were those with a lower chance of ever being admitted to college and

that would otherwise fail the exam anyway.

When we look at the total sample of students, it appears that although heavy rainfall

episodes cause students to miss the exam, this does not translate into fewer college admissions

in the following years. ENEM is a high-stakes exam that serves as a primary component of a

centralized admission system for higher education in Brazil. However, the stakes are the highest

for those applying to federal (public) universities. Other institutions (state-owned, private) usually

have their entrance exam, which could act as a buffer for the weather shock on exam days. Table

1.6 shows some evidence of this channel. It presents the results for extreme rainfall on exam

day on college entrance according to different admission types. Column 1 considers all students
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Tabela 1.4 – Extreme rainfall and attendance by municipal characteristics

Dependent Variable: Attendance

Model: Baseline Population Area GDP p.c. Pavement

Variables

Extreme rainfall -0.006��� -0.006��� -0.006��� -0.008��� -0.008���

(0.001) (0.0008) (0.001) (0.001) (0.001)

Weather Covariates Yes Yes Yes Yes Yes

Fixed-effects

Home munic. FE Yes Yes Yes Yes Yes

Exam date FE Yes Yes Yes Yes Yes

Fit statistics

Observations 14,475,263 7,238,465 7,269,268 7,238,702 7,240,459

R2 0.01639 0.01933 0.01720 0.02070 0.02053

Note: Signif. Codes: ***: 0.01, **: 0.05, *: 0.1. The table shows coef�cients for ENEM exam attendance on extreme
rainfall by different sub-samples of municipalities below the median in the following characteristics: Population (2),
land area (3), GDP per capita in 2019 values (4) and the share of households in 2010 located on paved streets (5).
Standard errors are clustered at the municipal level. All regressions include municipal and exam date �xed effects,
average temperature, relative humidity, and total precipitation in the year.

entering college one year after taking the exam. Column 2 only considers students entering

college using their ENEM exam scores as the admission criteria. Finally, in column 3, I keep

students entering college via other entrance exams, not using their ENEM scores. As expected,

students who faced heavy rain on ENEM day are less likely to enter college the following year

using their exam scores. However, those same students are more likely to be enrolled in colleges

that use other entrance exams in their admissions process, highlighting a substitution between

these two types of institutions by students.

1.5.2.1 Heterogeneity in college entrance

Although results from Table 1.5 do not �nd more signi�cant consequences of missing

the exam due to rainfall, I show in Table 1.8 that some groups of students can still be affected by

it. This table runs the same model of extreme rainfall on the �rst day of ENEM on two indicators

of college entrance. Panel (A) considers if students entered college one year after taking the

exam, and Panel (B) if students entered college up to four years after. As before, I control for the

average temperature and air humidity on exam day. I also include the total precipitation volume

in the year, as rainfall possibly correlates across years.

Black students experiencing a rainfall shock on their ENEM exam day have their college
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Tabela 1.5 – Extreme rainfall on college entrance

Dependent Variables: Entered ever Entered (t+1) Entered in 4 yrs

Model: (1) (2) (3)

Variables

Extreme rainfall 0.0009 0.0010 0.0005

(0.002) (0.003) (0.002)

Weather covariates Yes Yes Yes

Fixed-effects

Home munic. FE Yes Yes Yes

Exam date FE Yes Yes Yes

Fit statistics

Observations 14,175,754 14,175,754 14,175,754

R2 0.09116 0.03749 0.07133

Note: Signif. Codes: ***: 0.01, **: 0.05, *: 0.1. The table shows the estimated coef�cients of an indicator for
extreme rainfall on the ENEM exam's �rst day. Dependent variables are indicators of students entering a higher
education institution during the full sample period (1), one year after taking the exam (2), and up to four years after
taking the exam (3). Weather covariates included are the average temperature and relative humidity on exam day
and a municipality's total precipitation in a year. Municipality and exam date �xed effects are included. Standard
errors are clustered at municipal level.

entrance probability reduced by 0.7 percentage points one year after the exam. Moreover, Panel

(B) shows that heavy rain disproportionately affects men (column 2) and students who do not

live in the same municipality where they take the exam (5) when we consider four years after the

student took the exam. This is in line with results from Table 1.3, where it seems that students

from low socioeconomic backgrounds are the ones who suffer the most from this weather shock

on exam day.

Finally, I do not �nd signi�cant differences in college entrance between private and

public institutions in the four years after students take the exam. This is shown in Table 1.7.

However, students experiencing this weather shock on exam day are less likely to enter technical

colleges in the following four years (column 4).

1.6 Conclusion

The �ndings of this study underscore the signi�cant impact of rainfall on student at-

tendance during high-stakes exams like the ENEM. Rainfall, particularly when it is extreme,

has a measurable effect on reducing exam attendance, with a one standard deviation increase

in rainfall leading to a 0.6 percentage point decrease in attendance. This decline translates to
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Tabela 1.6 – College entrance one year after the exam

Dependent Variables: Entered (t+1) ENEM only Other exams

Model: (1) (2) (3)

Variables

Extreme rainfall 0.0010 -0.004�� 0.006���

(0.003) (0.001) (0.002)

Weather covariates Yes Yes Yes

Fixed-effects

Home munic. FE Yes Yes Yes

Exam date FE Yes Yes Yes

Fit statistics

Observations 14,175,754 14,175,754 14,175,754

R2 0.03749 0.03441 0.03694

Note: Signif. Codes: ***: 0.01, **: 0.05, *: 0.1. The table shows the estimated coef�cients of an indicator for
extreme rainfall on the �rst day of the ENEM exam on college entrance one year after. Column 1 considers all
students entering college one year after taking the exam. Column 2 only considers students entering college using
their ENEM exam scores as the admission criteria. Column 3, considers students entering college via other entrance
exams, not using their ENEM scores. Weather covariates include average temperatures and humidity during exam
day and total precipitation in municipalities in the year. Municipal and exam date �xed effects included. Standard
errors are clustered at the municipality level.

approximately 8,400 students annually, highlighting a substantial disruption caused by adverse

weather conditions. The heterogeneity analysis further reveals that certain groups, such as wo-

men, black students, and those from public schools, are disproportionately affected by extreme

rainfall, exacerbating existing inequalities. These effects are speci�c to exam days, strengthening

the causal interpretation of the results.

In terms of long-term consequences, the study �nds that extreme rainfall on exam days

can negatively impact higher education access, especially for vulnerable student populations.

Although the overall effect on college enrollment is not signi�cant, students with low-SES have

less chance of being admitted to college when they experience a rainfall shock while taking the

exam. These �ndings suggest that extreme weather events can have lasting effects on educational

trajectories, potentially widening socioeconomic disparities. Therefore, policymakers should

consider these impacts when designing interventions to mitigate the adverse effects of extreme

weather on educational outcomes.

I add to recent literature documenting the impacts of postponing college enrollment for

poor students who live high school. For those of lower social status, the opportunity costs of

having to wait a year to apply to college can be too high, making them abandon higher education
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Tabela 1.7 – College entrance up to four years after the exam

Dependent Variables: Private Col. Public Col. Distance learn Technical Col.

Model: (1) (2) (3) (4)

Variables

Extreme rainfall 0.002 -0.001 0.001 -0.001�

(0.002) (0.001) (0.0007) (0.0006)

Weather covariates Yes Yes Yes Yes

Fixed-effects

Home munic. FE Yes Yes Yes Yes

Exam date FE Yes Yes Yes Yes

Fit statistics

Observations 14,175,754 14,175,754 14,175,754 14,175,754

R2 0.06916 0.04601 0.04710 0.02321

Note: Signif. Codes: ***: 0.01, **: 0.05, *: 0.1. The table shows the coef�cients for the effects of extreme rainfall
on ENEM exam day and college enrollment in the four years that follow. Columns 1 and 2 consider the probability
of entering private and public institutions. Column 3 considers the probability of entering distance learning courses.
Column 4 considers the probability of entering technical colleges. Weather covariates include average temperature
and humidity on exam day and the total amount of precipitation in the year. Municipal and exam date �xed effects
are included. Standard errors are clustered at the municipality level.

(PEREZ-ARCE, 2015; ROUX; RIEHL, 2022). In addition, the increasing incidence of extreme

weather events caused by climate change is bound to cause damage to general education and

human capital formation (ZIVIN et al., 2020; COOK; HEYES, 2020; PARK, 2022; MELO;

SUZUKI, 2023).

Redesigning the application process, so as to be less vulnerable to one-day shocks could

be an effective adaption policy in this context. In addition, for climate change, closing the

infrastructure gap is also a very important policy to democratize access to transport and reduce

noise in student decisions (GARDNER; HENRY, 2023).
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Tabela 1.8 – Extreme rainfall on college entrance - Interactions

One year after ENEM

Panel (A): (1) (2) (3) (4) (5)

Variables

Extreme rainfall 0.0010 0.0001 0.008��� 0.005 0.002

(0.003) (0.003) (0.003) (0.006) (0.003)

Extreme rainfall� Woman 0.002

(0.001)

Extreme rainfall� Black -0.015���

(0.003)

Extreme rainfall� Public HS -0.004

(0.007)

Extreme rainfall� Diff. munic. -0.006

(0.004)

Weather covariates Yes Yes Yes Yes Yes

Fit statistics

Observations 14,175,754 14,175,754 14,175,753 14,175,754 14,175,754

R2 0.03749 0.03749 0.04504 0.08539 0.03749

Up to four years after ENEM

Panel (B): (1) (2) (3) (4) (5)

Variables

Extreme rainfall 0.0005 -0.001 0.010��� 0.007 0.002

(0.002) (0.003) (0.002) (0.006) (0.003)

Extreme rainfall� Woman 0.003��

(0.001)

Extreme rainfall� Black -0.020���

(0.003)

Extreme rainfall� Public HS -0.007

(0.008)

Extreme rainfall� Diff. munic. -0.012���

(0.004)

Weather covariates Yes Yes Yes Yes Yes

Fit statistics

Observations 14,175,754 14,175,754 14,175,753 14,175,754 14,175,754

R2 0.07133 0.07141 0.08089 0.12354 0.07135

Fixed-effects

Home munic. FE Yes Yes Yes Yes Yes

Exam date FE Yes Yes Yes Yes Yes

Note: Signif. Codes: ***: 0.01, **: 0.05, *: 0.1. The table displays estimated coef�cients from the interaction
between extreme rainfall on exam day and student characteristics. The dependent variable in Panel (A) indicates if
the student entered college in the year immediately following the exam, and in Panel (B) indicates if the student
entered college up to four years after taking the exam. All regressions include municipal and exam date �xed effects,
average temperature, relative humidity, and total municipal precipitation in a year. Standard errors are clustered at
the municipal level.
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2 Prolonged Droughts and Education

2.1 Introduction*

Human capital formation has been at the center of development for nations, and eco-

nomists have documented its importance in a rigorous way for decades, with a critical role

performed by education through schooling (MANKIW; ROMER; WEIL, 1992). In recent years,

the advent of climate change has brought light to the vulnerability of human capital investments

to weather shocks, mainly because of their increase in frequency and intensity1. However, applied

research on this topic tends to focus on the demand side of education (DELL; JONES; OLKEN,

2014; MARIN; SCHWARZ; SABARWAL, 2024b), usually with a short-term perspective like

how weather shocks affect exam performance (ZIVIN et al., 2020), or how it affects schooling

decisions (SOARES; KRUGER; BERTHELON, 2012; SHAH; STEINBERG, 2017). Fewer

attention has been paid to the consequences on the supply side, such as schools and teachers.

Moreover, a recent report by the World Bank states that schools were closed in at least 75% of

extreme weather events in the past 20 years (MARIN; SCHWARZ; SABARWAL, 2024a).

In this paper, we study the impacts of a prolonged drought episode on education in a

developing country. We evaluate potential consequences on both the demand and the supply side

of education, with a focus on elementary schools. Our focus is on a drought that occurred in

the northeast region of Brazil. It was considered one of the worst droughts in history and lasted

six years, from 2012 to 2017 (MARENGO; TORRES; ALVES, 2017). We run a difference-in-

differences speci�cation by Chaisemartin e d'Haultfoeuille (2024) that allows the presence of

dynamic treatment effects to document the cumulative impacts of a drought event that lasted

for more than one period. In addition, we focus on municipalities in the semi-arid part of the

Northeast region due to the region's high vulnerability to climate change and its high share of

rural population2.

We use weekly satellite data from the NOAA Centre for Satellite Applications and

Research (2019) and measure drought intensity with the Vegetation Health Index (VHI). The

VHI is a well-established way to assess droughts through a combination of vegetation coloring

and temperature anomalies through thermal images, which produces a more precise picture

*Joint work with Carolina Melo.
1A 10-year-old in 2024 will experience three times more river �oods, twice as many tropical cyclones and

wild�res, four times more crop failures, �ve times more droughts, and 36 times more heat waves over their lifetimes
in a 3°C global warming pathway compared to a 10-year old in 1970. Already, the population affected by climate
shocks annually has more than doubled in the past 40 years (THIERY et al., 2021).

2According to the World Bank (2008), one-third of the world's rural population lives in arid and semi-
arid regions. These regions are usually ranked among the poorest. Moreover, recent climatologist studies have
documented increased frequency and intensity of drought episodes over the years (DAI, 2013; SONG; SONG;
CHEN, 2020; DAI, 2021)
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of droughts, one that considers not only rainfall but also moisture, temperature, and ground

vegetation (AGHAKOUCHAK et al., 2015).

On the supply side, we �nd that municipalities experiencing more drought weeks lost,

on average, 8% of their contingent of public elementary school teachers (grades 1-9). Effects are

stronger for schools located in places subjected to more extreme drought periods, with a total

negative impact over the years of 14%. For private schools, the effects are less precise, and the

coef�cients become non-signi�cant in some periods after the �rst year of drought. In addition,

we do not �nd signi�cant results for private schools in places exposed to extreme droughts. Most

of the reduction in public schools is concentrated on low-skill teachers with only a high school

degree and a temporary job contract. However, we still see signi�cant adverse effects for tenured

teachers. We also document that municipalities exposed to more periods of drought tend to

experience more school closures and that the impacts are primarily driven by schools reporting

a lack of water supply. We show that most of the drop in the total number of teachers comes

from these public schools. Finally, we also show that exposure to years of drought signi�cantly

decreased municipal expenses on education, mainly for elementary school budgets.

We also look at some demand side outcomes, such as school progression and learning.

Using data from a standardized exam administered to ninth-grade students, we �nd signi�cant

negative effects on performance on math and language tests when municipalities are exposed

to months of extreme drought, a result consistent with previous literature (BRANCO; FÉRES,

2018; NORDSTROM; COTTON, 2023). Finally, we �nd that droughts increased progression

rates after six years of drought, with retention also decreasing, which might represent a sort of

compensation for the loss in schools in the �rst years of drought.

Our paper builds on previous literature on the social impacts of climate change (DELL;

JONES; OLKEN, 2014; CARLETON; HSIANG, 2016). Concerning its implications on educa-

tion, this has been a relatively recent development. A recent study by theWorld Bank Research

Observershowed that of 15 review articles on the economic impacts of climate change published

since 2010, only three mention the effects of climate change on education Marin, Schwarz e

Sabarwal (2024b). Studies documented the impact of weather shocks on the demand for human

capital investments such as schooling and labor decisions. For example, income shocks due to

droughts and rainfall variations in rural areas were shown to affect schooling and child labor

through opportunity costs and wages (SOARES; KRUGER; BERTHELON, 2012; BJÖRKMAN-

NYQVIST, 2013; ADEJUWON, 2016; SHAH; STEINBERG, 2017; NÜBLER et al., 2021).

Moreover, drought episodes have also been shown to affect learning and school performance

negatively (BRANCO; FÉRES, 2018; JOSHI, 2019; NORDSTROM; COTTON, 2023).

Less attention has been given by the literature to the impacts on the supply side, especially

on school infrastructure and teachers. Studying the same Brazilian context, Branco e Féres (2018)

documents the adverse effects of droughts on student learning but does not �nd evidence of

disruptions in school supply and teacher absence. However, they use a shorter time window than
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we do in a Two-Way Fixed Effects estimation. Recently, Angrist et al. (2023) built a cross-country

dataset showing how climate events have caused school closures since 2002. They show that

continuing to provide education in times of a natural shock that forced schools to close increases

learning and makes education systems more robust to climate change. Our paper focuses on how

a weather shock can disrupt education markets, with teachers and schools being affected.

The rest of the paper proceeds as follows. Section 2.2 provides a brief background on the

2012-2017 drought and the Brazilian semi-arid region. Section 2.3 presents the data and details

using VHI as a drought measure. Section 2.4 introduces our identi�cation strategy. Section 2.5

discusses the main results, and Section 2.6 explores potential mechanisms. Finally, Section 2.7

concludes.

2.2 Background

2.2.1 The 2012-2017 drought

Figura 2.1 – Precipitation in the semiarid

Note: The �gure plots average precipitation (in mm) in terms of deviations to the historical average for municipalities
in the northeast's semiarid region for the years 2000-2019. Data on daily precipitation for municipalities comes
from the Brazilian National Institute for Space Research (INPE).

Starting in 2012, a prolonged drought episode began in the northeast region of Brazil.

Although residents of the region often experience dryer weather compared to other parts of

the country, the 2012 drought episode was one of the worst on record (MARENGO; CUNHA;

ALVES, 2016; SANTANA; SANTOS, 2020). This is also evidenced in recent precipitation

data, as shown in Figure 2.1. It plots the average rainfall in the semi-arid part of the northeast,

expressed in deviations from the average between 2000 and 2019. The year 2012 represents the
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largest drop in precipitation since the start of the time series, not returning to previous levels even

after the considered end of the drought in 2017. We follow the of�cial semi-arid delimitation

of the Brazilian Ministry of National Integration3 (Ministerio da Integração Nacional, 2017).

Municipalities are considered part of the semi-arid if three climatic conditions are met:

(i) It is within the boundaries of isohyets below 800 mm, i.e., the lines on a map joining

points of historical average precipitation below 800 mm (yearly precipitation records from

1981 to 2010);

(ii) It has an average Thornthwaite Index below 0.50 (this indicator combines humidity and

aridity indexes to determine an area's moisture regime);

(iii) It has an index of risk of drought above 60% (the index is de�ned as the share of days

under hydric de�cit, which accounts for daily precipitation and evapotranspiration, also

calculated with data from 1981 to 2010).

This de�nition produces a total of 1,262 municipalities, of which 1,171 are in the

Northeast region of Brazil4. As already pointed out in previous literature, the semi-arid region of

the northeast constitutes an ideal case for studying the impacts of prolonged droughts due to its

historical climate, which turns any positive rainfall shock into a bene�cial event. Its climate also

represents one-third of the land surface, being highly susceptible to a changing world climate

with more intense events such as the El Niño (ROCHA; SOARES, 2015; MARENGO; CUNHA;

ALVES, 2016; BRANCO; FÉRES, 2021).

2.3 Data

We built a municipal panel for the semi-arid Brazilian region that combined administra-

tive data on education and weather variables to measure drought and intensity of drought. We

start our sample in 2009 as this was a year of few drought-like conditions in the whole region, so

most places would have the same period-one treatment, important for our identi�cation strategy.

We used a natural experiment of prolonged drought that occurred in Brazil's Northeast region in

2012-2017 and was considered one of the worst and longest in its history.

2.3.1 Drought data

Previous economic literature on droughts commonly uses deviations in average rainfall

as a measure of dry weather conditions (ROCHA; SOARES, 2015; SHAH; STEINBERG, 2017;

BRANCO; FÉRES, 2021). However, geographers and climate scientists have long established

3Resolution 115 of November 2017.
4Appendix Figure B3 shows the geographic location of municipalities in the Northeast region that are also part

of the semi-arid region.
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that drought depends on other conditions in addition to rainfall and that areas with high levels of

rainfall can indeed experience a drought (WILHITE; GLANTZ, 1985; AGHAKOUCHAK et al.,

2015). Moreover, it must involve deviations in both rainfall and the amount of evaporation from

the soil and plants.

In this paper, we rely on recent advances in the technology of weather measurement that

allow remote sensing to measure events such as droughts. We used satellite data on vegetation

health from the National Oceanic Atmospheric Administration's (NOAA) Center for Satellite

Applications and Research (STAR). It consists of weekly observations from a �eet of polar-

orbiting satellites collected since 1982 by the Advanced Very High Resolution Radiometer

(AVHRR), and since 2013 by the Visible Infrared Imaging Radiometer Suite (VIIRS). Data are at

the global level with a spatial resolution of 4 km. This approach combines visible, near-infrared

and thermal radiances in a numerical index that characterizes vegetation health and is extremely

useful in detecting and monitoring such complex and dif�cult-to-identify phenomena as drought

(KOGAN, 1997; NOAA Centre for Satellite Applications and Research, 2019).

2.3.1.1 Vegetation Health Index (VHI)

Our measure of drought is based on the Vegetation Health Index (VHI), an index ranging

from 0 to 100 that is calculated with the satellite observations mentioned above and is a weighted

average of two other established measures: the Vegetation Condition Index (VCI) and the

Temperature Condition Index (TCI). The VCI is measured as anomalies in the Normalized

Difference Vegetation Index (NDVI), an index of the different portions of the electromagnetic

spectrum observed, which can be used to determine how green the vegetation is on the ground

(AGHAKOUCHAK et al., 2015). NDVI (and VCI) tends to be highly correlated with precipitation

and soil moisture and is widely used to measure agricultural droughts (DONOHUE; MCVICAR;

RODERICK, 2009; NORDSTROM; COTTON, 2023). The TCI is measured in anomalies of

thermal infrared measures, expressed as deviations from historical average temperatures, also

shown to be important for vegetation health (NOAA Centre for Satellite Applications and

Research, 2019). This makes the VHI a good tool for measuring droughts, as it combines both

soil and air conditions and temperature and is a popular indicator for agricultural droughts

(GIDEY et al., 2018a; GIDEY et al., 2018b).

We calculate weekly averages of VHI in municipalities in the semi-arid Brazilian region

and count the number of months the VHI was below a certain threshold that constitutes a drought.

Following NOAA Centre for Satellite Applications and Research (2019), we de�ne a week of

drought in a municipality when its average VHI is below 355. Appendix Table A7 provides

values for the VHI and different classi�cation of droughts provided by NOAA and also by

the National Drought Mitigation Center from the University of Nebraska6. Since our main

5NOAA uses a threshold of 40 for the VHI to de�ne drought but considers values below 35 as more intense
episodes of drought provide us more variation and also allows us to better explore shocks that are truly unanticipated.

6https://droughtmonitor.unl.edu/
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educational outcomes are measured yearly, we use these variations in the intensity of drought

over time and space and build our measure of treatment as a function of the number of months of

drought experienced by a municipality in each year. Although being one of the longest drought

episodes (MARTINS; MAGALHÃES, 2015), the intensity of the drought varied over time in

the Northeast region of Brazil, as shown in the appendix Figure B2, providing us with enough

variation for our analysis.

2.3.2 Education data

Data on school transition rates (promotion, retention, and dropout) and school teachers

come from the Brazilian School Census. The School Census is the main tool for collecting

information on basic education and the most important Brazilian educational statistical survey. It

is coordinated by the Ministry of Education and is carried out in collaboration between the state

and municipal education departments, with the participation of all public and private schools

in the country. This data has been collected annually since 1995. We used years 2009-2019

and municipalities in the semiarid part of Brazil's northeast region. Table A5 displays summary

statistics on the number of schools, teachers, and students for the sample, between public and

private schools. We also used individual-level data on teachers for the same period to perform

a heterogeneity analysis on the impacts of droughts on education supply. Table A6 provides a

summary of these data. Our goal is to develop a more comprehensive look at the impacts of

droughts on education in developing countries than previously done.

To measure the impact of droughts on school performance, we use data from the Basic

Education Assessment System (SAEB)7. SAEB is a set of large-scale external evaluations that

allows the government to make a diagnosis of basic Brazilian education and factors that can

interfere with student performance. Since 1995, the biennial assessment has aimed to provide an

overview of Basic Education and has undergone some methodological changes for improvement.

In addition to other indicators, the SAEB scores structure the grade of the Basic Education

Development Index (Ideb). We use data from the standardized exams conducted after year 2011

when it becomes possible to compare scores. Before 2010, the elementary school in Brazil had

two possible systems, but after this year, all Brazilian schools have implemented the law no

11,274/2006. This law institutes the nine-year primary school, with the compulsory inclusion

of six-year-old instead of seven-year-old children, and also reorganized school curriculum. Our

analysis considers students enrolled in �fth and ninth grades of elementary school.

7Sistema de Avaliação da Educação Básica.
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2.4 Empirical Strategy

2.4.1 Drought-year de�nition

We de�ne the assignment of treatment based on the VHI values as explained in section

2.3. A year of drought is de�ned as at least 6 months of VHI values below 35 in a municipality.

We use this as our main treatment variable in a binary speci�cation. Formally, for municipalityi

on yeart:

D it = 1
� 12X

k=1

1
�
V HI k � 35

�
� 6

�
(2.1)

We also consider more intense de�nitions of drought shocks, according to the values provided

by the NOAA Centre for Satellite Applications and Research (2019). All speci�cations are in

binary treatment form. For years with at least one month of VHI values below 25, we de�ne a

year with severe drought. For VHI values below 15 for at least one month, we de�ne a year of

extreme drought. That is,

Severeit = 1
� 12X

k=1

1
�
V HI k � 25

�
� 1

�

Extremeit = 1
� 12X

k=1

1
�
V HI k � 15

�
� 1

� (2.2)

2.4.2 Dynamic treatment effects

Our main goal is to measure the cumulative impacts that drought years can have on

education, with a focus on school supply (i.e., teachers). Assuming deviations in short-term

weather are as good as random, the standard approach has been running Two-Way Fixed Effects

(TWFE) regressions, controlling for unit and period unobservables, even when the objective was

to estimate dynamic treatment effects (DELL; JONES; OLKEN, 2014). However, recent studies

have shown that, in settings with many periods and non-absorbing or non-binary treatment,

the usual TWFE estimator is biased. Moreover, TWFE estimators do not account for dynamic

treatment effects with treatment heterogeneity. That is, results might be biased when past

treatment affects outcomes in the present, which is precisely the case in this study (ROTH et al.,

2023).

We run a difference-in-differences speci�cation that allows for dynamic treatment effects

and for units to enter and leave treatment, with the de�nitions from equations 2.1 and 2.2.

Chaisemartin e d'Haultfoeuille (2024) show that, when this is the case, average treatment

effects can be identi�ed, provided that there exist groups with the same period-one treatment.

This restriction is satis�ed in our setting, where treatment is binary, and groups can join and

leave treatment. Then, their difference-in-differences estimator is applicable with the usual no

anticipation and parallel trends assumptions.
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The main difference of this approach is that treatment effects take into account the entire

history of the outcome over time. Estimators measure the cumulative impact of treatment for a

period and its' lags up to the moment when units �rst switch treatment status. Thus, treatment

and control groups are de�ned based on their treatment path, and comparisons are made among

units with the same period-one treatment status, but where the control group consists of units that

do not switch over the sample period. We start our sample period in the year 2009, in which most

municipalities did not experience any drought, to keep a larger number of observations satisfying

the condition of the same period-one treatment. In this case, Chaisemartin e d'Haultfoeuille

(2024)'s treatment group will consist of groups of municipalities with no drought in 2009 but

who experience years of drought in the periods that follow (but not necessarily in all of them).

Control municipalities would also have no drought in period one but will keep this status until

the end of the sample. Moreover, the effects on the treated are measured to the period when

they �rst “switch” from their period one treatment value. The parallel trends assumption tells

us that both groups will have the same expected outcome evolution if treatment status remains

unchanged.

Let Fg be the �rst time groupg changes treatment status, where units ing have the same

treatment for period one. For allg, we compare the evolution of the outcomes from periodFg � 1

to Fg � 1 + `. Then, our event-study estimates provide the average effect across all groups for

each period̀ . The following estimator provides this:

DID` =
1

N`

X

g

SgDIDg;` (2.3)

whereSg is equal to 1 or -1 for groups whose treatment increases or decreases inFg relative

to baseline. Interpretation of the coef�cients, in this case, is the average effect of having been

exposed to weakly higher treatment for` periods, relative to units where treatment status has

remained the same (CHAISEMARTIN; D'HAULTFOEUILLE, 2024).

2.5 Results

We present the results of our primary treatment de�nitions for the cumulative effects of

droughts on education over time. Our main contribution is to analyze the impacts these weather

shocks have on the supply side, namely schools and teachers. We also show results for students,

replicating �ndings from previous literature on school performance and student progression rates.

In all plots, the sample considers only municipalities in the semi-arid portion of the Northeast

region, as these are mostly rural, more susceptible to the effects of droughts and also similar in

characteristics such as population and average income.
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Figura 2.2 – Total number of teachers (log): Grades 1-9

(a) Public Schools (b) Private Schools

(c) Public Schools
(Extreme drought)

(d) Private Schools
(Extreme drought)

Note: The �gure plots event-study coef�cients for drought impacts on the log of the total number of school teachers
in municipalities in the semi-arid region of the Brazilian Northeast for grades 1-9, separated in public and private
schools. Panels (a) and (b) show the results of experiencing at least 6 months of VHI values below 35 in a year
(de�nition 2.1). Panels (c) and (d) consider municipalities experiencing at least 1 month of VHI values below 15,
categorized as extreme drought episodes (de�nition 2.2). Standard errors are clustered by municipal level, and the
standard error of the average effect is in parentheses.

2.5.1 Impacts on school teachers

Figure 2.2 shows the impacts of drought on the total number of school teachers in a

municipality. We �rst consider elementary school teachers (grades 1-9) and separate the results

between public and private schools. In Appendix Figure B6 we show results for high school

teachers with the same speci�cations as in Figure 2.2.

Panels (a) and (b) use our more general de�nition for a year of drought, consisting of

experiencing at least 6 months of average weekly VHI values below 35, as noted by Equation

2.1. Panels (c) and (d) use our more extreme measure of drought, which consists of having

at least 1 month of VHI values below 15 (Eq. 2.2). From the sample period of 2009-2019,

municipalities experiencing more drought weeks lost on average 8% of their contingent of public

school elementary teachers. Effects are stronger for schools located in places subjected to more



38

intense drought periods, with a total negative effect over the years of 14%. Although we �nd

larger effects in magnitude for private school teachers, estimated coef�cients are noisier, and

we cannot rule out the existence of pre-trends in the number of elementary school teachers. The

cumulative impacts become nonsigni�cant after some periods of the �rst drought experienced.

In addition, we do not �nd signi�cant results for private schools in places exposed to extreme

droughts.

Closer analysis of elementary school teachers from public schools tells us that less

quali�ed teachers were more affected by these drought years. We show this in Figure 2.3, where

most of the reduction in the overall number of teachers appears to be concentrated on those

with only a high school degree, but no college (panel a). Moreover, effects are much larger for

teachers with a temporary job contract, although we still see signi�cant negative effects for

tenured teachers.

Figura 2.3 – Public school teachers by characteristics: Grades 1-9

(a) High School degree (b) College degree

(c) Tenured (d) Temporary

Note: The �gure plots event-study coef�cients for drought impacts on the log of the total number of public school
teachers in municipalities in the semi-arid region of the Brazilian Northeast for grades 1-9. All panels consider
experiencing at least 6 months of VHI values below 35 in a year (de�nition 2.1). Panels (a) and (b) show the
results by the level of teacher education. Panels (c) and (d) consider their employment contract. Standard errors are
clustered by municipal level, and the standard error of the average effect is in parentheses.

We also document important changes in the total number of schools in municipalities
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due to droughts. Figure 2.4 shows the main results for quantity of schools, according to their

working status. The school census provides information on whether a school is active, inactive,

or permanently closed. Again, we separate between public and private schools in the semi-

arid region. The number of active public schools has decreased drastically over the years in

municipalities more affected by droughts. Also, this appears to be related to permanent school

closures and not simply inactivity, as we can see in panels (c) and (e). We do not �nd a similar

decrease for private schools.

2.5.2 Impacts on students

We now present results for some student outcomes, such as performance on standardized

math and language exams and progression rates for public and private schools.

In Figure 2.5, we show the effects of drought on student performance in a large standar-

dized exam administered by the Brazilian government to assess the quality of basic education

(SAEB). This exam is administered every two years, consisting of Math and Language tests, and

we use results from exams done between years 2011-2019 as those were made by the Ministry of

Education to be comparable over the years. We �nd signi�cant negative effects on performance

for 9th graders when municipalities are exposed to months of extreme drought (VHI� 15),

although the effects are not statistically signi�cant for our preferred de�nition of drought shock

(panel a). We also control for individual student characteristics such as race, gender, mother's

education, and whether a student dropped out in previous years.

For cases of more intense drought episodes, we �nd that the cumulative effects on

learning are in line with previous studies, where extreme droughts have been shown to negatively

impact droughts (BRANCO; FÉRES, 2018; NORDSTROM; COTTON, 2023). For replication

purposes, we run a TWFE speci�cation with this performance data for 9th graders also to �nd

negative results, and to display the results in Appendix Table A8

2.5.2.1 School progression

In this section, we present results on municipal schooling transition rates. These are

calculated for municipalities in the semi-arid northeast based on the School Census. We report

impacts for progression (students advance to the next grade), retention (students are held back a

grade) and dropout rates.

Previous literature has encountered a somewhat ambiguous effect of weather shocks on

schooling levels. A drought can affect rural households through a direct income effect, where

it represents an increase in poverty and health, thus reducing schooling (SOARES; KRUGER;

BERTHELON, 2012; NORDSTROM; COTTON, 2023). However, the literature also documents

the presence of substitution effects when a drought changes local labor market conditions. In

this case, the opportunity cost of schooling decreases as wages decrease due to weather shock,
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Figura 2.4 – Number of schools by activity (log)

(a) Public Schools (Active) (b) Private Schools (Active)

(c) Public Schools (Inactive) (d) Private Schools (Inactive)

(e) Public Schools (Closed) (f) Private Schools (Closed)

Note: The �gure plots event-study coef�cients for drought impacts on the log of the total number of schools in
municipalities in the semi-arid region of the Brazilian Northeast, separated in public and private schools by their
level of activity. Panels (a) and (b) show results for schools that were active in census years. Panels (c) and (d)
consider schools that were inactive (temporarily) in census years. Panels (e) and (f) consider schools that were
permanently closed. All panels consider a year of drought experiencing at least 6 months of VHI values below 35 in
a year (de�nition 2.1). Standard errors are clustered by municipal level, and the standard error of the average effect
is in parentheses.
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resulting in an increase in overall schooling (SHAH; STEINBERG, 2017; COLMER, 2021).

Which of these dominates will depend on local market conditions.

Figura 2.5 – School performance: 9th graders

(a) Drought (b) Extreme drought

Note: The �gure plots event-study coef�cients for provides results for the impact of at least 6 months of drought on
ninth grade students' performance onProva Brasiladministered by SAEB every two years. Pro�ciency in math and
language exams for the period 2011-2019 and students in municipalities of the semi-arid northeast were considered.
Individual controls included are the gender, age, mother's education, race, and a dummy to determine whether the
student has dropped out in previous years. Extreme drought considers VHI values below 15. Standard errors are
clustered at municipal level.

Figure 2.6 plots the results for these transition rates, considering students in elementary

school (grades 1-9). In the short term, the progression coef�cients are negative, and the dropout

rates increase (not statistically signi�cant) for public schools in the semi-arid region. However,

this seems to be offset in the longer run, with retention rates decreasing and an average negative

effect of -1.2 p.p. We also break these rates for elementary school students by initial years (grades

1-5) and end years (grades 6-9) in the appendix �gures B4 and B5, respectively. We also show

in Figure 2.7 decreases in the teacher/student ratio for elementary private schools, in line with

these transition results and what could mean a worsening of working conditions for those who

stay during a drought.

2.6 Possible mechanisms

The 2012-2017 drought had widespread effects on the water supply of municipalities

in the semi-arid northeast. At the height of the drought in 2015, nearly 1,000 municipalities

declared a state of emergency8. The loss of teachers in municipalities affected by prolonged

droughts could be due to many possible factors, not mutually exclusive. For public schools

that depend on state transfers and municipal budgets, prolonged drought is a negative income

shock, especially in rural areas that depend on crop yields (DELL; JONES; OLKEN, 2012).

8https://g1.globo.com/jornal-nacional/noticia/2015/10/seca-deixa-quase-mil-cidades-do-nordeste-em-
situacao-de-emergencia.html
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Figura 2.6 – Transition rates: Grades 1-9

(a) Progression
(Public)

(b) Progression
(Private)

(c) Dropout
(Public)

(d) Dropout
(Private)

(e) Retention
(Public)

(f) Retention
(Private)

Note: The �gure shows the event-study coef�cients for the impacts of drought on school transition rates. A year of
drought is de�ned as having at least 6 months with VHI below 35. Standard errors are clustered by municipal level,
and the standard error of the average effect is in parentheses.
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Figura 2.7 – Ratio of teachers per student: Grades 1-9

(a) Public Schools (b) Private Schools

(c) Public Schools
(Extreme drought)

(d) Private Schools
(Extreme drought)

Note: The �gure plots event-study coef�cients for drought impacts on the ratio of teachers per student in municipa-
lities in the semi-arid region of the Brazilian Northeast for High School teachers, separated in public and private
schools. Panels (a) and (b) show the results of experiencing at least 6 months of VHI values below 35 in a year
(de�nition 2.1). Panels (c) and (d) consider municipalities experiencing at least 1 month of VHI values below 15,
categorized as extreme drought episodes (de�nition 2.2). Standard errors are clustered by municipal level, and the
standard error of the average effect is in parentheses.

But droughts also worsen working conditions for teachers and students due to the lack of clean

water and the spread of diseases (ROCHA; SOARES, 2015; BRANCO; FÉRES, 2018). In the

following, we try to unravel a couple of these mechanisms.

2.6.1 Municipal and school resources

Figure 2.9 runs our drought measures on the number of elementary school teachers in

public schools according to their reported water supply situation in the School Census. This

data captures information on whether a school has a steady supply of drinkable water and if it

provides it to students. We see that the main decrease in the number of teachers comes mainly

from those schools where water supply is de�cient. In addition, public schools providing water

have even seen an increase in the number of elementary school teachers. We also provide results
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Figura 2.8 – Municipal expenses on education

(a) Grades 1-9 (b) High School

(c) Grades 1-9
(Extreme drought)

(d) High school
(Extreme drought)

Note: The �gure plots event-study coef�cients for drought impacts on the log of municipal expenses in 2019 values.
It shows expenses in elementary schools and high schools. Panels (a) and (b) show the results of experiencing
at least 6 months of VHI values below 35 in a year (de�nition 2.1). Panels (c) and (d) consider municipalities
experiencing at least 1 month of VHI values below 15, categorized as extreme drought episodes (de�nition 2.2).
Standard errors are clustered by municipal level, and the standard error of the average effect is in parentheses.

for private schools in the Appendix Figure B7. Together with the results in Figure 2.4, intense

droughts appear to increase the probability that schools suspend activities, with impacts that

persist with the duration of the drought.

We also provide evidence on how droughts can affect municipal budgets. Figure 2.8

considers yearly municipal planned expenses on education (in logs) in 2019 values9. We use data

from FINBRA, a national database in which municipalities are required to report their �nancial

statements. It also provides data on expenses by categories such as Health, Education, Transport,

etc. From the �gure, we see a decrease in municipal expenses, speci�cally in elementary schools,

after being exposed to periods of drought.

9Planned expenses (despesas empenhadas) are written by municipal of�cials with respect to a speci�c purpose.
Once in that stage, the money is locked and can only be used for this pre-established purpose. It is the �rst stage in
budget execution, the other two being the delivery of the goods/services (liquidação) and �nally the execution of
payment (pagamento).
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Figura 2.9 – Public school teachers by school water supply: Grades 1-9

(a) Have drinkable water (b) Lack drinkable water

(c) Have drinkable water
(Extreme drought)

(d) Lack drinkable water
(Extreme drought)

Note: The �gure plots event-study coef�cients for drought impacts on the log of the total number of school teachers
in municipalities in the semi-arid region of the Brazilian Northeast for Elementary School teachers, separated school
supply of drinkable water, as reported in the School Census. Panels (a) and (b) show the results of experiencing
at least 6 months of VHI values below 35 in a year (de�nition 2.1). Panels (c) and (d) consider municipalities
experiencing at least 1 month of VHI values below 15, categorized as extreme drought episodes (de�nition 2.2).
Standard errors are clustered by municipal level, and the standard error of the average effect is in parentheses.

2.7 Conclusion

Droughts are one of the most pervasive and far-reaching extreme events, affecting

agriculture, water availability, livestock breeding, ecosystems, and food supply (WILHITE;

PULWARTY, 2017). This paper builds on evidence of how extreme weather affects human

capital formation through a school supply channel. Consistent with previous literature, we �nd

adverse effects of droughts on learning for children in Elementary School years. Still, we also

document that droughts negatively impact the supply of basic education.

Severe and extreme droughts have had prolonged dynamic effects on the number of

teachers working and schools closing in municipalities, revealing a potential channel through

which extreme weather events can affect children's education. Moreover, these negative impacts

are concentrated in public schools that lack a steady drinkable water supply.
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The effects are driven by low-skilled teachers and those who have high school degrees

but no college education. However, we do not see any evidence of substituting these missing

workers. We also �nd signi�cant decreases in municipal expenses in elementary schools and

increases in the ratio of students per teacher, pointing to a worsening of working conditions as a

potential mechanism.

These prolonged drought episodes are expected to become more frequent with climate

change (DAI, 2013; SONG; SONG; CHEN, 2020), highlighting the need for more evidence

on adaption policies (KAHN, 2016). In Brazil's semi-arid region, initiatives such as providing

water cisterns to poor households have already been implemented by the government in recent

years, with positive results (MATA et al., 2023). Scaling up these interventions is essential to

counteract the costs of climate change.
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3 The Impacts of More Funding on Fa-

mily Health: Evidence from a Multi-

Score RD

3.1 Introduction

Primary care has been at the center of modern healthcare systems, being regarded as

a fundamental building block for achieving Universal Health Coverage (SHI, 2012; WHITE,

2015). However, despite advances in its provision in both developed and developing countries,

gaps in coverage remain. According to the World Health Organization, countries need to invest at

least 1% more of GDP in primary health to eliminate these gaps and, at current rates of progress,

up to 5 billion people will miss out on health care by 2030 (World Health Organization, 2019).

Even after some countries implemented community-based interventions over the past decades

with great success, expansion of these has been challenging, while the amount of resources

devoted to them has remained the same (World Health Organization, 2016; ANDRADE et al.,

2018). To understand why these gaps remain, it is important to consider not just the interventions

themselves but also how these resources are allocated within their context.

This paper considers this problem by analyzing the intensive margin of Brazil's Family

Health Program (FHP), one of the largest community-based health programs in the world. Exten-

sive literature has documented how this intervention was successful in improving primary care

coverage in poor communities in Brazil, with sizable reductions in infant and maternal mortality,

increased child vaccination coverage, and reduced demand for hospital-based care (RASELLA;

AQUINO; BARRETO, 2010a; RASELLA; AQUINO; BARRETO, 2010b; MACINKO; GUA-

NAIS; SOUZA, 2006; ROCHA; SOARES, 2010; MACINKO; COSTA, 2012). But, even as the

program is present in over 90% of municipalities, some 50% of the population did not receive

primary care coverage through the program in 2012 (ANDRADE et al., 2018). This paper tries

to understand this puzzle by looking at the program's intensive margin. For example, an increase

in funding for the program might not improve coverage or have meaningful impacts on mortality

if given to areas where coverage is already high or if not used to hire new professionals.

The FHP assigns health teams made up of health professionals and community workers

to serve patients in delimited areas through a registry, home visits, check-ups, and primary care

as the �rst point of access to health for individuals. I explore a discontinuity in funding for FHP

teams implemented by the Brazilian government in 2004, where municipalities below a threshold

in population and HDI became eligible for an additional 50% in federal funds to FHP teams. This

natural experiment allows me to compare municipalities where program implementation had
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already occurred while varying its intensive margin, a feature not present in previous literature.

I estimate a multi-score regression discontinuity for municipalities in Brazil from 2002 to

2010. The federal government provided monthly transfers to FHP health teams across the country.

Then, in August 2004, municipalities with a population below 30,000 and an HDI below 0.7

started receiving 50% more per team. The goal of the policy was to help poor towns implement

the program or expand it for those with below-target coverage. Under similar assumptions to

traditional single-score RDD, the multi-score RD generates a quasi-experimental assignment of

FHP resources to municipalities.

Considering municipalities that had already implemented the program before the discon-

tinuity, I �nd the new policy increased federal transfers to health teams by 50%, in accordance

with the new rule. Roughly, this represented an additional R$ 3,000 (USD 1,500 in 2010) per

team. I also �nd smaller increases in FHP coverage and health teams implemented right after the

policy change, with differences in coverage returning to zero in the following years, even with

the gap in funding still in place.

Additional funding did not signi�cantly improve health production markers, such as the

number of doctor or nurse visits. It did not lead to notable improvements in infant mortality rates

or other health outcomes. This indicates that while the funding increase was substantial, it did

not translate into sustained improvements in health service delivery or signi�cant reductions in

mortality. A key factor contributing to these �ndings is the use of additional funds. The increased

resources were mainly allocated to purchasing goods for health clinics rather than expanding

personnel or other more sustainable health improvements.

This work contributes to the literature on community-based health interventions and their

impacts (KECK; REED, 2012; WÜST, 2012; BAILEY; GOODMAN-BACON, 2015; CESUR

et al., 2017). Regarding Brazil's Family Health Program, several studies have shown that the

intervention reduced mortality and improved health in poor communities (MACINKO; HARRIS,

2015). Macinko, Guanais e Souza (2006) and Aquino, Oliveira e Barreto (2009) provided the

�rst empirical estimates of program reductions in mortality. Rocha e Soares (2010) were the

�rst to provide causal evidence on these impacts, exploring the program's implementation in a

difference-in-differences speci�cation, and also showing evidence of behavioral changes. There

is also evidence of better-perceived health by the population (MACINKO; ALMEIDA; SÁ, 2007)

and that the program provided better access and results to more satisfaction than traditional

health centers (MACINKO; COSTA, 2012; MACINKO; HARRIS, 2015). Concerning more

long-term and behavioral changes, Bhalotra et al. (2020) documented reduced hospital demand

by the new focus on community health, improving the quality of treatments that require inpatient

care. Rodrigues e Rocha (2024) shows that the program improved schooling in areas covered by

health teams in Rio de Janeiro. Finally, using the same identi�cation strategy of this paper, Frey

(2019) and Braga (2020) explore the electoral impacts of this funding increase, with the latter

also not �nding meaningful impacts on mortality.
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All these papers analyze program implementation in a binary way at the municipality

level. My identi�cation strategy allows me to use a different variation that also considers the

program's intensive margin, that is, how marginal increases to the program's resources affect

health. This is an important policy question since resources are scarce, and governments need

to understand not just which programs work but also how much resources should be allocated

to them. I also provide evidence on how health spending affects health. Research on this topic

has shown that the relationship between these variables is not always apparent. Although some

papers have provided reliable evidence on the impacts of more funding on health improvements

(CUTLER, 2007; BHALOTRA, 2007), others have shown how ef�ciency gains are sometimes

more important for improving the quality of the health system, as opposed to more inputs in the

production function (MANNING et al., 1987; SKINNER et al., 2008; TAUBMAN et al., 2014).

In Brazil, a recent paper by Szklo, Clarke e Rocha (2024) measured the health impacts of a

constitutional reform mandating municipal health spending to be at least 15% of revenues. They

document substantial increases in health spending for municipalities but only modest reductions

in mortality, with elasticities ranging from close to 0 in the aftermath of the reform to -0.2 ten

years after. My paper contributes to this discussion by providing evidence on how pre-existing

conditions can affect marginal gains (and results) of increasing spending for health providers.

The paper proceeds as follows. Section 3.2 explains the Family Health Program and its

implementation history in Brazil. Section 3.3 describes the multi-score RD approach and the

identi�cation assumptions. Section 3.4 describes the data sources. Section 3.5 provides the main

results, and Section 3.6 concludes.

3.2 Institutional Background

The Family Health Program (FHP) was created in 1994 by the Brazilian Ministry of

Health. At the time, the main goal was to reverse the current care model, where health was often

provided in large hospitals. With the new Federal Constitution of 1988 came the creation of

a Uni�ed Health System (Sistema Único de Saúde, SUS) and the goal of providing universal

healthcare for every citizen. The creation of the FHP was part of this goal, focusing on families

and where they lived, with primary care at the center of the strategy.

The program consists mainly of creating Family Health Teams (Equipes de Saúde

da Família) in municipalities, who would operate from small clinics called Basic Healthcare

Units (Unidade Básicas de Saúde, UBS) and administered by local governments. Each team is

responsible for an area of at most 4,000 people1, with the responsibility of providing primary

care to families through the clinic and visits at home, serving as an entry point to the broader

regional health system. Initially, teams were formed by at least one family physician, one nurse,

one assistant nurse, and six community agents who serve as a bridge between the health team

1The Ministry of Health recommends between 2,000 and 3,500 people covered by each health team.
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and the communities. Later, new categories also started to include dentists and mental health

professionals.

Figura 3.1 – Population covered by Family Health Teams

Note: The �gure plots the estimated percentage of the Brazilian population covered by Family Health Teams from
1998 to 2010. Coverage is calculated based on the number of Health Teams registered in each municipality and the
Ministry of Health considers that each can be responsible for 3,450 individuals in a given area.

By the 2000s, the FHP had become one of the most signi�cant programs in Brazil and

one of the largest of its kind in the world. In 2006, it was already present in more than 90% of

municipalities, with a federal budget of over R$ 2.6 billion (USD 1.1 billion in 2010). This was

part of a collective effort between different spheres of government, leading to the creation of

a National Primary Care Policy (PNAB) in 2006 and the change of name from Family Health

Program to Family Health Strategy to represent its permanent nature on health care provision in

Brazil. Municipalities can join the program voluntarily and are responsible for its implementation

and management of clinics and teams, with �nancing being shared by municipal, federal, and

(on a smaller scale) state governments. Figure 3.1 shows the evolution of the population covered

by Family Health Teams over time, according to the number of teams in each municipality and

the parameter of 3,450 people per team.

Its success came in large part due to its effectiveness. Several studies have linked program

implementation to signi�cant reductions in infant and maternal mortality rates, with the poorest

regions bene�ting the most (MACINKO; GUANAIS; SOUZA, 2006; AQUINO; OLIVEIRA;

BARRETO, 2009; RASELLA; AQUINO; BARRETO, 2010a; RASELLA; AQUINO; BAR-

RETO, 2010b; ROCHA; SOARES, 2010). There is also evidence of better-perceived health

by the population (MACINKO; ALMEIDA; SÁ, 2007) and that the program provided better
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access and results to more satisfaction than traditional health centers (MACINKO; COSTA, 2012;

MACINKO; HARRIS, 2015). Finally, recent research documented reduced hospital demand by

the new focus on community health, improving the quality of treatments that require inpatient

care (BHALOTRA et al., 2020).

3.2.1 Financing of primary care in Brazil

The Family Health Program is jointly �nanced by the federal, state, and municipal

governments, and implementation is decentralized. Municipalities have to de�ne and implement

the model of the FHP, hire the labor, maintain the management network of Basic Healthcare

Units, and evaluate the performance of health teams (Brazilian Ministry of Health, 2006).

To assist in implementing the program, the federal government regularly transfers funds

to municipalities based on the number of health teams registered and the population they

cover. Until August 2004, the federal government transferred a �xed amount per health team

implemented in municipalities in the FHP (around BRL 7,130 per team plus BRL 20,000 in

the implementation). Then, to improve coverage, cities with a population below 30,000 and

HDI below 0.7 started to receive an additional 50% funding per team, which started to receive

BRL 10,695 per month. The HDI for eligibility was calculated based on the 2000 census, and

the population was referenced using the 2003 of�cial estimates. I drop states from the legal

Amazon region as for them the population limit for eligibility was 50,000. This includes the

entire North region (7 states) and the states of Maranhao and Mato Grosso. The list of eligible

municipalities has not been updated even with a new population census published in 2010.2 A

map of the municipalities and their location in Brazil is shown in Figure B8.

3.3 Empirical Strategy

I take advantage of the fact that government transfers to FHP teams are based on a

bidimensional cutoff rule, allowing me to compare municipalities just above and just below

this cutoff in a regression discontinuity design. Speci�cally, treatment assignment is de�ned by

�xed values of population and municipal HDI, suggesting the estimation of a multi-score RD

(CATTANEO; TITIUNIK; VAZQUEZ-BARE, 2020).

Monthly payments from the federal government to the FHP were uniform across mu-

nicipalities, with a �xed amount de�ned per health team. To promote program expansion, the

Brazilian Ministry of Health proposed that municipalities with a population below 30,000 and

HDI values below 0.7 should receive an additional 50% of funds per health team, starting in

August 2004. Figure 3.2 plots the potential sample as a function of HDI and population. The

2The original list of eligible municipalities can be consulted in the following decree: PORTARIA No. 1,434/GM,
July 14, 2004. Values were updated and became part of the new National Primary Care Policy (PNAB) created in
2006, preserving the same list. See PORTARIA No. 822/GM, April 17, 2006.
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red line indicates the cutoff values, and treatment effects will be estimated for points along this

frontier, ensuring fair comparisons among observations.

Figura 3.2 – Potential sample and treatment frontier

Note: The potential sample includes all municipalities within the central 95% percentile in population and HDI.
The treatment frontier is the line. Light colored dots represent municipalities eligible to treatment. Yellow circles
represent the 19 points along the boundary for which treatment effects are estimated.

3.3.1 Multi-score regression discontinuity

The RD design has been widely used in applied research, being considered one of the

most credible empirical strategies for identi�cation (LEE; LEMIEUX, 2010; CATTANEO;

TITIUNIK, 2022). Recently, studies devoted their attention to applications in which treatment

assignment depended on multiple cutoff points or multiple running variables such as latitude

and longitude (DELL, 2010; REARDON; ROBINSON, 2012; KEELE; TITIUNIK, 2015), or

test scores (PAPAY; WILLETT; MURNANE, 2011; ZAJONC, 2012). In most applications the

multi-score RD is reduced to a single-score one, using some measure of distance to the boundary

for each observation. This approach is useful when both score variables are on the same scale,

such as spatial coordinates. However, computing the distance to the nearest boundary for my

sample might yield unfair comparisons due to the distinct nature of the running variables of

population and HDI. For example, a municipality with 30,000 residents and HDI below 0.6 could

be compared to one with population 3,000 and HDI 0.7, resulting in an unbalanced sample.

For this paper, I follow the approaches developed by Zajonc (2012) and Cattaneo et al.

(2016), where they estimate treatment effects for a �nite set of values of the treatment assignment

curve, which can be interpreted as a multi-cutoff RD design with each cutoff being one point

on the discretization of the curve (CATTANEO; TITIUNIK, 2022). The estimation procedure

is similar to the one in a single-score RD where Local Average Treatment Effects (LATE) are

estimated nonparametrically by local linear regressions above and below the cutoff. But in this
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case, I do this for a set of pairs of population and HDI along the treatment boundary (i.e., the red

line in Figure 3.2).

For a certain boundary point(C1; C2), whereC1 is population andC2 is HDI, treatment

effects for municipalityi on yeart can be estimated from the linear equation:

Yit = � 0 + � 1Ti + � 2(Pi � C1) + � 3(H i � C2) + � 4Ti (Pi � C1) + � 5Ti (H i � C2)

+ 
 X i + � s + � t + " it

(3.1)

whereP andH represent population in 2003 and HDI in 2000, respectively.T is an

indicator that equals 1 whenP � 30 andH � 0:7. � s and� t stand for state and year �xed

effects, andX i is a matrix of municipal covariates. Running variables in 3.1 are centered around

the cutoff points. I also normalize each running variable to the same scale by dividing them by

their standard deviation, which will ease the interpretation of the bandwidths.

3.3.1.1 Average effects

An alternative to reducing the problem to scalar RD when one has multiple score

variables is to explicitly integrate the conditional effects over the boundary. Zajonc (2012)

argues that combining multiple local linear regressions for the conditional effects and kernel

density estimates for the density will generally have better �nite sample properties than just

using the distance to the boundary in one dimension. However, estimating the entire curve of

treatment effects may not be feasible in practice, so it is common to de�ne a set of boundary

points of interest at which to estimate the treatment effects and the overall average effect can be

calculated as a weighted average of these points, with the density used as weights (ZAJONC,

2012; CATTANEO; TITIUNIK; VAZQUEZ-BARE, 2020).

ConsiderK evenly spaced points xk along the boundary, fork = 1; :::; K . Then, the

estimated average sharp effect is given by:

�̂ =
P K

k=1 �̂ 1k(xk) � f̂ (xk)
P K

k=1 f̂ (xk)
(3.2)

where�̂ 1k andf̂ (xk) are the estimated treatment effect and joint density of boundary pointk,

respectively. Standard errors for the average coef�cients are bootstrapped with a sample of 5,000

and con�dence intervals are calculated using the bias-corrected and accelerated (BCa) method

(DAVISON; HINKLEY, 1997).

I follow Frey (2019) and consider 19 points along the treatment frontier. As pointed out

in Zajonc (2012), a good rule-of-thumb is to chooseK such that the boundary is reasonably well

covered. I use Pop = (5-15) in 2.5 intervals where HDI = 0.7 and where Pop = 30, I use HDI =

(0.575 - 0.625) in 0.0125 intervals. These points are represented by the yellow circles in Figure

3.2.



54

Finally, results are computed using MSE-optimal bandwidths in terms of standard

deviations of the scores. The MSE-optimal bandwidth is calculated as the radius of a circle

centered at each boundary point where treatment effects are estimated. Reported bandwidths

for HDI and population represent the sides of a rectangle with the same area as the mentioned

circular bandwidth. I use the data-driven plug-in methods proposed by Imbens e Kalyanaraman

(2012) and Calonico, Cattaneo e Titiunik (2014). I measure policy impacts over time, so to keep

the sample consistent, I use the optimal bandwidths calculated for the baseline period of 2003 on

all the following years.

3.4 Data

I construct a longitudinal dataset of municipalities spanning the period from 2002 to

2010. The analysis leverages the discontinuity in federal funding for family health, using of�cial

population estimates from 2003 and the HDI derived from the 2000 Census as the running

variables in the estimation. In particular, the Brazilian government has maintained the list of

eligible municipalities unchanged despite the release of a new population census in 2010, thus

precluding any potential manipulation of the cutoff by municipalities. Municipalities falling

outside the central 95th percentile in terms of population and HDI are excluded from the

analysis. Furthermore, to distinguish from effects of program implementation, municipalities

with 0% program coverage at the end of 2003 are also excluded, with a �nal sample of 3,107

municipalities.

3.4.1 Family Health Program

The Ministry of Health allocates FHP coverage and federal funds on a monthly basis,

alongside the registration of health teams by municipalities and the population served by the

program. These outcomes are evaluated annually within the panel. Data concerning health teams

are sourced from the National Registry of Health Establishments (Datasus/CNES) and compiled

by the Primary Care Information System (Datasus/SIAB). SIAB oversees the activities conducted

by the Family Health Program, including the registration of health teams and program coverage.

It also documents monthly federal transfers for FHP teams from the National Health Fund

(FNS). Additionally, I gather health production data from the Ambulatory Information System

(Datasus/SIA), which encompasses primary care indicators such as the frequency of doctor and

nurse consultations, prenatal visits, neonatal nursing, and the number of patients with various

primary care-related medical conditions.

3.4.2 Health Outcomes

Infant mortality rates are based on microdata from the National Mortality Records System

(Datasus/SIM) and the Birth Records System (Datasus/SINASC), measured as deaths per 1,000
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live births. From birth records data I also calculate the share of live births from resident mothers

that did not have any prenatal visits, or had 1-6 or more than 7 prenatal visits during gestational

period. Moreover, I include mortality by preventable causes for ages 0-4 years and for those over

60 years old.

3.4.3 Municipal covariates

Finally, I collect data on a range of municipal characteristics to ensure the balance

between treatment and control observations prior to policy change, which is shown in Table

A10. It provides results using MSE-optimal bandwidths calculated for FHP coverage to ensure

consistency on the sample.

FHP coverage, FHP funds, and GDP per capita were measured at the end of 2003, while

the other variables were taken from the 2000 census. The poverty rate in 2000 was measured as

the share of the population with monthly income below 1/2 minimum wages (� 63 USD in 2019).

From the 2000 census I also include municipal Gini coef�cients, the rate of child labor, and the

share of urban population. Coef�cients are averaged over the 19 boundary points, weighted by

density, with bootstrapped con�dence intervals using the bias-corrected and accelerated (BCa)

method (DAVISON; HINKLEY, 1997).

3.5 Results

3.5.1 Increase in federal funds to FHP

Figura 3.3 – Federal transfers to FHP teams

Note: This �gure plots estimated average coef�cients for municipalities at the discontinuity, year by year. The
outcome in panel (A) is the log of total FHP transfers in the year. In panel (B) only transfers for the month
of December are used as outcome.The edge kernel and MSE-optimal bandwidths were used and standard
errors were clustered at the municipal level and bootstrapped. Con�dence intervals were constructed with the
bias-corrected and accelerated method.



56

Figure 3.3 shows results of estimating equation 3.1 along the boundary and averaging

effects each year, on FHP funds transferred by the federal government to municipalities. As

expected, the discontinuity triggers an increase of 40-50% per health team, starting in 2004. On

average, it represents an increase of roughly BRL 3,000 (USD 1,500 in 2010) per health team in

treated locations. However, I did not �nd a corresponding increase in program coverage or in the

number of health teams implemented, which I show in Figure 3.4. I run the same speci�cation,

but taking the variation of the outcomes with respect to the baseline period of December 2003.

Figure 3.4 shows mildly signi�cant effects for coverage and health teams immediately after

policy implementation in 2004, then later we do not observe meaningful differences between

treatment and control3. This points to a catching-up effect in program coverage, which continues

to exist over the years. This result is somewhat mechanically expected, since I am dropping

municipalities that had no coverage of FHP at baseline, as I wish to focus on the intensive

margin of program effects. Moreover, treatment and control municipalities did not previously

have differences in coverage and population (since the number of health teams is de�ned by the

population of a region) at baseline, as shown in Table A10.

Figura 3.4 – FHP coverage (variation since Dec. 2003)

Note: This �gure plots estimated average coef�cients for municipalities at the discontinuity, as variation to
the baseline period of December 2003. The outcome in panel (A) is the� % of population covered by FHP.
Panel (B) shows the� in number of teams implemented. The edge kernel and MSE-optimal bandwidths were
used and standard errors were clustered at the municipal level and bootstrapped. Con�dence intervals were
constructed with the bias-corrected and accelerated method.

3.5.2 Treatment frontier heterogeneity

To understand the results of Figure 3.4, we need to look at Figure 3.5. It shows how cove-

rage of the FHP was distributed along the 19 boundary points before treatment was implemented.

Figure 3.5 shows us a clear heterogeneity in the coverage of the program along the values of

3In all following results, I use MSE-optimal bandwidths and the triangular kernel. Local linear regressions
include �xed effects for the state and year �xed effects and controls for latitude, longitude, their interaction, and
land area.
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Figura 3.5 – Pre-existing FHP coverage along treatment boundary

Note: The �gure shows pre-treatment averages of FHP coverage for municipalities along the treatment frontier.
The X-axis displays HDI and Population values for treatment cutoffs.

population and HDI. It also makes sense intuitively, as municipalities with a lower population

but higher HDI values already had a high coverage level of FHP. For these observations, the

treatment effects (the increase in funds) should be smaller as the program already serves demand.

However, for those with a higher population but less developed (lower HDI values), preexisting

coverage was low. This suggests that for these municipalities the impacts of more funds should

be higher.

In Figure 3.6, I plot the results for Eq. 3.1 along the treatment boundary for FHP coverage.

Each dot represents the coef�cient for estimating an RD at one of the 19 boundary points shown

in Figure 3.2. I also calculate the weighted average of the highlighted coef�cients, using Eq. 3.2.

The �gure shows that only municipalities with lower previous coverage of the program used the

new funds to expand it. These municipalities increased program coverage by 5 p.p. on average.

3.5.3 Health production and mortality

Despite increasing program coverage, we do not �nd signi�cant differences in production

markers, such as the number of visits by family health doctors, for that segment of the boundary.

This is shown by Figure 3.7. In fact, differences arise in the high coverage part (left part of Fig.

3.5). On the other hand, municipalities with previous high FHP coverage experience an increase

in doctor and nurse visits. Figure 3.7 could be explained by ef�ciency gains with these additional

resources per team. As municipalities with high coverage should have an easier time increasing

health teams work hours (and number of visits) without the need to hiring more professionals.

Despite these results, I do not �nd meaningful differences in infant mortality rates



58

Figura 3.6 – Effects of increased funding on FHP coverage

Note: The �gure shows conditional treatment effects on FHP coverage along the frontier, for years 2004-2010.
Estimations in each point was done via local-linear regression, with state and year �xed effects. Controls
include latitude and longitude, their interaction and municipal land area. Standard errors are clustered at the
municipal level. The average coef�cient measures a weighted average of the red colored dots, with each
point's density as weight. 95% con�dence intervals are in brackets.

Figura 3.7 – Visits by FHP teams

Note: The �gure plots coef�cients for the 19 points along the treatment boundary, with MSE-optimal
bandwidths and the triangular kernel. The size of the dots represent the number of observations in each
coef�cient. Standard errors are clustered at the municipal level.

between treatment and control after policy implementation. In Figure 3.8 I plot the 19 boundary

coef�cients for impacts on infant mortality rates. Panels A and B of the �gure present the rate

by 1,000 live births for deaths before the �rst year and the �rst day of life respectively. Panel C

presents mortality rate by avoidable causes for infants aged between 0 and 4 years old. Here, the

rate is based on population of individuals 0-4 years old. For municipalities that increased program

coverage, we do see negative impacts on mortality, in line with previous results, although not

signi�cant. Overall, increase in federal transfers for FHP teams did not translate in reductions in
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mortality.

Figura 3.8 – Infant mortality rates

Note: The �gure plots coef�cients for the 19 points along the treatment boundary, with MSE-optimal
bandwidths and the triangular kernel. The size of the dots represent the number of observations in each
coef�cient. Standard errors are clustered at the municipal level.

3.5.4 Health expenses

To better understand how municipalities might be making use of this increase in resources,

I collect data from the Brazilian National System of the Public Health Budget (SIOPS). This

dataset offers more granular insights into public health care expenditures and enables us to see

how municipalities distribute resources within the health sector.

The results in Figure 3.9 indicate that municipalities at the discontinuity do indeed

increase their current health expenses. However, this increase does not have signi�cant impacts

on overall personnel expenses. There is a noted increase in expenses with Active Personnel,

suggesting that some of the funds are being allocated toward hiring or compensating health

workers actively engaged in service delivery. Despite this, the most signi�cant increase in

expenditure is observed in Goods Procurement. This implies that the additional funds are used

primarily to purchase materials for health clinics. Although this procurement can be crucial

for enhancing overall health services, �scal rules restrict the use of these federal funds to the

purchase of nondurable goods related to primary care, such as masks or syringes. This limitation

might explain the weak impacts of these funds on mortality and prenatal visits, as the funds are

not being used for broader or more sustainable health improvements.

Furthermore, there is some suggestive evidence that the primary care provision in Brazil

is mostly covered by municipal funds rather than federal funds, and in relation to the FHP,

municipalities have complained that federal funds were insuf�cient with respect to total program

costs (VASCONCELLOS, 2013; VIEIRA; SERVO, 2013; MENDES; MARQUES, 2014). This

signi�cant reliance on municipal funding suggests that federal funds, even when increased, may

not be suf�cient to cover all necessary expenses for comprehensive health improvements. The

restricted use of federal funds for nondurable goods further limits their impact. Municipalities
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may �nd themselves constrained in their ability to increase personnel, which is crucial to reducing

mortality rates and improving prenatal care.

Figura 3.9 – Health delivered expenses (2010 values)

Note: Outcomes are in logs. The �gure plots coef�cients for the 19 points along the treatment boundary, with
MSE-optimal bandwidths and the triangular kernel. The size of the dots represent the number of observations
in each coef�cient. Standard errors are clustered at the municipal level.

3.6 Conclusion

This study investigates the impacts of increased funding on the Family Health Program

(FHP) in Brazil, focusing on a discontinuity in funding implemented in 2004. The primary aim

was to understand how additional resources affected program coverage, health service delivery,

and health outcomes in municipalities that had already implemented the program.

The �ndings reveal that the policy led to a substantial increase in federal transfers to

health teams, approximately 50% more funding, translating to an additional BRL 3,000 per team.

Despite this signi�cant increase in resources, the results indicate only a modest and temporary
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expansion in FHP coverage and the number of health teams. Over time, the differences in

coverage between treated and control municipalities decreased, suggesting a catch-up effect.

Further analysis shows that additional funding did not signi�cantly improve health

production markers, such as the number of doctor or nurse visits, nor did it lead to notable

improvements in infant mortality rates or other health outcomes. This indicates that while the

funding increase was substantial, it did not translate into sustained improvements in health

service delivery or signi�cant reductions in mortality.

A key factor contributing to these �ndings is the use of the additional funds. The study

reveals that the increased resources were mainly allocated toward purchasing goods for health

clinics rather than expanding personnel or other more sustainable health improvements. This

restricted use of federal funds, driven by �scal regulations, limited the potential for broader

impacts on health outcomes.

In conclusion, the study highlights that while increased funding for primary care programs

like the FHP can lead to temporary improvements in coverage, the long-term effectiveness of such

funding increases depends on how the resources are utilized. To achieve sustained improvements

in health outcomes, future policies should consider more �exible use of funds, allowing for

comprehensive health improvements, including personnel expansion and broader health services

enhancements.
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APÊNDICE A – Tabelas

Tabela A1 – Municipal data (SEDAP)

N Mean SD Min Max

Total ENEM 55639 255 1,518 1 99,057

Women 55639 149 869 0 56,347

Black 55639 133 747 0 42,749

Diff. Munic. 55639 49 117 0 11,216

Public HS 55639 202 1,056 0 72,764

Entered 55639 144 987 0 63,827

Enrolled 55639 129 891 0 56,700

Entered (t+1) 55639 79 548 0 34,698

Enrolled (t+1) 55639 68 472 0 30,001

Entered (up to 4 years) 55639 132 921 0 63,679

Enrolled (up to 4 years) 55639 117 823 0 56,566

ENEM only (t+1) 55639 22 155 0 8,079

Vest. only (t+1) 55639 53 357 0 21,325

Private (t+1) 55639 57 451 0 31,452

Public (t+1) 55639 23 133 0 6,612

FIES (t+1) 55639 6.5 44 0 3,118

Financ. (t+1) 55639 25 153 0 8,688

Distance learn. (t+1) 55639 7.3 27 0 1,599

Tech col. (t+1) 55639 8 72 0 5,354

ENEM only (up to 4 years) 55639 39 274 0 15,068

Vest. only (up to 4 years) 55639 91 617 0 38,975

Private (up to 4 years) 55639 100 760 0 56,376

Public (up to 4 years) 55639 39 222 0 10,020

FIES (up to 4 years) 55639 12 81 0 4,754

Financ. (up to 4 years) 55639 47 288 0 15,830

Distance learn. (up to 4 years) 55639 19 75 0 4,322

Tech col. (up to 4 years) 55639 18 161 0 13,268

Municipal covariates

Latitude 55639 -16 8.3 -34 4.6

Longitude 55639 -46 6.4 -73 -35

T ave. 55639 25 3.5 13 34

Precip. 55639 4.1 8.8 0 92

Humid ave. 55639 75 14 31 100

Pop. 55639 36,263 213,428 781 1.2e+07

GDP (R$ 1,000) 2019 values 55639 1,281,978 1.3e+07 -28,128 8.1e+08

GDP per capita 2019 values 55639 23,518 25,846 -2,156 1,147,651

Full-time HS share 55537 0.05 0.14 0 1

Area 55639 1,526 5,607 3.6 159,533

Median pop. 55639 11,386 263 10,942 11,661

Note: The table shows summary statistics for students taking the ENEM exam from 2010 to 2019, aggregated by
students' home municipality. The sample includes students in their senior year of high school with ages between 16
and 20. Data comes from ENEM micro-data provided by the Ministry of Education. Weather variables come from
INPE's SISAM website.
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Tabela A2 – Exam-takers (Public data)

N Mean SD Min Max

Age 14,489,063 18 0.9 16 20

Black 14,484,197 0.52 0.5 0 1

Non-white 14,484,197 0.55 0.5 0 1

Woman 14,489,063 0.58 0.49 0 1

Public HS 14,399,455 0.8 0.4 0 1

Diff. Municipality 14,488,497 0.19 0.39 0 1

Attendance 14,489,063 0.87 0.34 0 1

Regular school 14,425,795 0.95 0.22 0 1

Rural school 14,026,726 0.028 0.17 0 1

Mother's educ Col. 13,914,663 0.18 0.39 0 1

Mother's educ HS 13,914,663 0.34 0.47 0 1

Rural home 6,824,342 0.13 0.34 0 1

Works/worked 10,003,673 0.25 0.43 0 1

Works few hours 6,862,777 0.19 0.39 0 1

Works long hours 6,862,777 0.2 0.4 0 1

Num. cars 12,008,364 0.64 0.72 0 3

Score CN 12,429,722 483 78 0 887

Score CH 12,600,718 528 84 0 886

Score LC 12,459,566 511 73 0 826

Score MT 12,288,570 510 112 0 1008

Note: The table shows summary statistics for students taking the ENEM exam from 2010 to 2019. The sample
includes students in their senior year of high school with ages between 16 and 20. Data comes from ENEM public
micro-data provided by the Ministry of Education.
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Tabela A3 – College entrance charac. (SEDAP)

N Mean SD Min Max

Entered in t+1

ENEM only 14,175,759 0.085 0.28 0 1

Vest. only 14,175,759 0.21 0.41 0 1

FIES 14,175,759 0.025 0.16 0 1

Financ. 14,175,759 0.098 0.3 0 1

Private col. 14,175,759 0.23 0.42 0 1

Public col. 14,175,759 0.092 0.29 0 1

Technical col. 14,175,759 0.031 0.17 0 1

Distance 14,175,759 0.028 0.17 0 1

Entered up to 4 years

ENEM only 14,175,759 0.15 0.36 0 1

Vest. only 14,175,759 0.36 0.48 0 1

FIES 14,175,759 0.048 0.21 0 1

Financ. 14,175,759 0.18 0.39 0 1

Private col. 14,175,759 0.39 0.49 0 1

Public col. 14,175,759 0.15 0.36 0 1

Distance 14,175,759 0.075 0.26 0 1

Technical col. 14,175,759 0.07 0.26 0 1

Note: The table shows summary statistics for students taking the ENEM exam from 2010 to 2019 entering college
through different criteria and institutions. The sample includes students in their senior year of high school with ages
between 16 and 20. Data comes from ENEM micro-data and the Higher Education Census provided by the Ministry
of Education.
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Tabela A4 – Extreme rain on college entrance by criteria (t+4)

Dependent Variables: Entered in 4 yrs ENEM only Vestibular only FIES Financing

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

Variables

Extreme rainfall 0.0005 -0.005��� 0.007��� 0.0006 0.003

(0.002) (0.002) (0.003) (0.0009) (0.002)

Temperature Yes Yes Yes Yes Yes

Precip. sum Yes Yes Yes Yes Yes

Humidity Yes Yes Yes Yes Yes

Fixed-effects

Home munic. FE Yes Yes Yes Yes Yes

Exam date FE Yes Yes Yes Yes Yes

Fit statistics

Observations 14,175,754 14,175,754 14,175,754 14,175,754 14,175,754

R2 0.07133 0.04694 0.07016 0.02597 0.03479

Within R2 6:55� 10� 5 2:59� 10� 5 0.00012 1:83� 10� 5 9:62� 10� 6

Note: Clustered (Home munic. FE) standard-errors in parentheses. The table shows results for the impacts of
extreme rain during the ENEM exam on students' probability of entering college up to four years later. Column
2 considers the probability of entering using ENEM exam in admission. Column 3 considers the probability of
entering in colleges that do not use ENEM in their admission process. Columns 4 and 5 consider students entering
with some form of government �nancial aid program. Signif. Codes: ***: 0.01, **: 0.05, *: 0.1
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Tabela A5 – Schools - Semiarid northeast (2007-2019)

School type N Mean SD Min Max

Active Schools 15,223 33.7 39.7 2 714

Non-active Schools 15,223 9.59 14.3 0 146

Public Num. Students ES 15,223 3,286 5,048 211 97,089

Num. Students HS 15,223 868 1,757 0 53,394

Num. Teachers ES 15,223 175 235 10 4,819

Num. Teachers HS 15,223 47.6 114 0 3,281

Student/Teacher ES 15,223 17.5 4.34 5.58 41.6

Student/Teacher HS 15,223 19.5 9.67 3 546

Private Num. Students ES 15,223 617 1,972 0 35,443

Num. Students HS 15,223 101 522 0 12,802

Num. Teachers ES 15,223 42.3 129 0 2,734

Num. Teachers HS 15,223 12.5 60.8 0 1,622

Student/Teacher ES 15,223 12.4 4.91 0.333 143

Student/Teacher HS 15,223 6.53 5.14 0.143 153

Note: The table provides summary statistics for schools in the Brazilian semiarid northeast region. Data
is from the annual school census for years 2007-2019 and includes 1,171 municipalities.
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Tabela A6 – School teacher data

School type N Mean SD Min Max

Private Age 2,135,155 35.4 9.11 14 90

Black 2,135,155 0.344 0.475 0 1

Non-declared race 2,135,155 0.417 0.493 0 1

Woman 2,135,155 0.644 0.479 0 1

Rural school 2,135,155 0.0119 0.109 0 1

Diff. municipality 2,135,155 0.12 0.325 0 1

Schooling ES 2,135,155 0.00754 0.0865 0 1

Schooling HS 2,135,155 0.308 0.462 0 1

Schooling Higher 2,135,155 0.685 0.465 0 1

STEM teacher 2,135,155 0.237 0.426 0 1

New in school 2,135,155 0.766 0.424 0 1

Public Age 14,286,302 39 9.55 12 91

Black 14,286,302 0.337 0.473 0 1

Non-declared race 14,286,302 0.458 0.498 0 1

Woman 14,286,302 0.688 0.463 0 1

Rural school 14,286,302 0.245 0.43 0 1

Diff. municipality 14,286,302 0.171 0.376 0 1

Schooling ES 14,286,302 0.00357 0.0597 0 1

Schooling HS 14,286,302 0.233 0.423 0 1

Schooling Higher 14,286,302 0.763 0.425 0 1

STEM teacher 14,286,302 0.256 0.436 0 1

Tenured public 14,286,302 0.679 0.467 0 1

Temporary 14,286,302 0.314 0.464 0 1

New in school in yeart 14,286,302 0.767 0.423 0 1

Note: The table provides summary statistics for schools in the Brazilian semiarid northeast region. Data is from the
annual school census for years 2007-2019 and includes 1,171 municipalities.
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Tabela A7 – Drought intensity classi�cation

Category Percentile Index Possible Impacts

Abnormally dry 30 %tile 35 < VHI � 40

Entering drought: short-term dry spell reducing planting,

growth of crops or pastures.

Exiting drought: some lingering water de�cits,

pastures or crops not fully recovered.

Moderate Drought 20 %tile 25 < VHI � 35

Some damage to crops, pastures;

streams, reservoirs, or wells with low levels,

some water shortages developing or imminent;

voluntary water use restrictions requested.

Severe Drought 10 %tile 15 < VHI � 25

Likely crop or pasture losses;

water shortages common;

water-use restrictions imposed.

Extreme Drought 5 %tile 5 < VHI � 15
Major crop/pasture losses;

widespread water shortages or restrictions.

Exceptional Drought 2 %tile 0 � VHI � 5

Exceptional and widespread crop/pasture losses;

water shortages in reservoirs, streams,

and wells leading to emergency situations.

Note: The table shows drought categories according to different values of the Vegetation Health Index (VHI)
provided by (NOAA Centre for Satellite Applications and Research, 2019). The possible impacts considered for
each drought type were taken from the National Drought Mitigation Center of the University of Nebraska and the
Brazilian Drought Monitor (Monitor de Secas do Brasil) at monitordesecas.ana.gov.br.
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Tabela A8 – Effects of droughts on student performance - 9th grade

Dependent Variable: Standardized score

Model: (1) (2) (3) (4) (5) (6)

Variables

Drought -0.024��� -0.016��

(0.007) (0.007)

Severe drought -0.010 -0.008

(0.009) (0.009)

Extreme drought -0.008 -0.010

(0.037) (0.025)

Controls Yes Yes Yes

Fixed-effects

Municipal FE Yes Yes Yes Yes Yes Yes

Year FE Yes Yes Yes Yes Yes Yes

Exam FE Yes Yes Yes Yes Yes Yes

Fit statistics

Observations 2,576,413 2,576,413 2,576,413 1,802,528 1,802,528 1,802,528

R2 0.11335 0.11328 0.11327 0.18559 0.18556 0.18556

Within R2 8:44� 10� 5 7:55� 10� 6 2:75� 10� 7 0.09504 0.09501 0.09500

Clustered (Municipal FE) standard-errors in parentheses

Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

Note: The table provides results for the impact of at least 6 months of drought on ninth grade students' performance
on Prova Brasiladministered by SAEB every two years. Pro�ciency in Math and Language exams for period
2011-2019 and students in municipalities of the semiarid northeast were considered. Individual controls included are
students' gender, age, mother's education, race, a dummy for whether the student has ever dropped out in previous
years and a dummy for whether the student has ever repeated a grade. Severe drought considers VHI values below
25. Extreme drought considers VHI values below 15.
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Tabela A9 – Potential sample (pre-treatment)

N Mean SD Min Max

Latitude 3,107 -17.1 7.49 -33.5 -2.8

Longitude 3,107 -44.7 5.83 -57.9 -34.8

Areaa 3,107 6.02 1.02 3.25 11.1

Population (́000) 3,107 16.2 16.8 2.69 98.8

HDI 3,107 0.699 0.0727 0.56 0.817

FHP coverage (%) 3,107 76.9 26.7 3.96 100

FHP funds (BRL '000) 3,107 16.7 16.7 2.8 162

FHP teams 3,107 3.24 3.12 1 30

GDP per capitaa 3,107 8.43 0.705 6.95 12.1

Gini 3,107 0.546 0.0635 0.3 0.82

Urban pop. (%) 3,107 59.7 21.4 5.92 100

Poverty (%) 3,107 65.2 18.3 15.2 96.1

Child labor (%) 3,107 17.7 9.43 1.28 86

Note: aVariables in logs. The table shows summary statistics for municipalities in the potential sample pre-treatment.
Population, FHP coverage, FHP funds, and GDP per capita are computed for December, 2003. Gini coef�cient,
urban population share, poverty share, and child labor share were taken from the 2000 Census. Poverty is de�ned as
the share of individuals with monthly income below 0.5 minimum wages.
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Tabela A10 – Balance pre-treatment

Outcome Coef. Obs. per bin Band. Pop. Band. HDI 95% BCa

GDP per capitaa 0.019 (0.088) 325.508 0.615 0.615 -0.151 0.201

FHP teams -0.057 (0.312) 325.508 0.615 0.615 -0.654 0.558

FHP fundsa 0.004 (0.130) 325.508 0.615 0.615 -0.248 0.265

FHP cov. -1.309 (4.600) 325.508 0.615 0.615 -10 7.935

Latitude 0.852 (0.831) 325.508 0.615 0.615 -0.833 2.472

Longitude 1.698�� (0.763) 325.508 0.615 0.615 0.137 3.082

Areaa -0.064 (0.174) 325.508 0.615 0.615 -0.399 0.283

Urban pop. 0.718 (2.478) 325.508 0.615 0.615 -4.203 5.475

Poverty -0.518 (0.880) 325.508 0.615 0.615 -2.261 1.219

Child labor 1.386 (1.036) 325.508 0.615 0.615 -0.556 3.554

Gini 0.005 (0.009) 325.508 0.615 0.615 -0.013 0.022

Note: aVariable in log. Bootstrapped standard errors in parenthesis. The Table shows balance statistics for the
sample before treatment. All variables are measure in year 2003 unless otherwise noted. The Gini coef�cient, urban
population share, poverty share, and child labor rate were taken from the 2000 Census. MSE-optimal bandwidths
for FHP coverage are used and are expressed in standard deviations of the running variables.
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APÊNDICE B – Figuras

Figura B1 – 2019 exam locations in Brazil

Note: The �gure shows the distribution of Brazilian municipalities that were of�cial exam locations during the
National High School Examination (ENEM) in 2019. Data comes from the Ministry of Education.
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