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A B S T R A C T

We test whether the COVID-19 pandemic has an ethnicity-differentiated (Indigenous vs non-Indigenous) effect on
infant health in the Brazilian Amazon. Using vital statistics data we find that Indigenous infants born during the
pandemic are 0.5% more likely to have very low birth weights. Access to health care contributes to health gaps.
Thirteen percent of mothers travel to deliver their babies. For traveling mothers, having an Indigenous baby
during the pandemic increases the probability of very low birth weight by 3%. Indigenous mothers are 7.5% less
likely to receive adequate prenatal care. Mothers that travel long distances to deliver their babies and give birth
during the pandemic are 35% less likely to receive proper prenatal care. We also find evidence that the pandemic
shifts medical resources from rural to urban areas, which disproportionately benefits non-Indigenous mothers.
These results highlight the need for policies to reduce health inequalities in the Amazon.
1. Introduction

The COVID-19 virus rapidly spread around the world causing a dire
health crisis with serious setbacks to standards of living. On one hand, the
virus has a devastating impact on societies through its direct health
impairment, which led to unprecedented stress on health care systems
and high mortality rates. On the other hand, public health restrictions to
increase social distancing and slow down contagion cause indirect social
impacts due to economic deceleration and the consequent deterioration
of earnings and socioeconomic status. While the debate is open regarding
the severity of different channels, the pandemic has the potential to
disproportionately hurt minorities, either through their lower baseline
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health status (Rytter et al., 2014), or through their higher vulnerability to
economic shocks (Ruhm, 2016).

As Bill and Melinda Gates explain, pandemics exploit pre-existing
inequalities.1 An impressive research effort has emerged identifying a
variety of socioeconomic pandemic impacts on the well-being of
vulnerable individuals. For example, we now have evidence that the
COVID-19 pandemic increased minority unemployment gaps (Couch
et al., 2020), violence against women (Arenas-Arroyo et al., 2021), food
insecurity of seniors and vulnerable individuals in developing countries
(Ziliak, 2021; Mahajan and Tomar, 2021), and delayed graduation of low
income students (Aucejo et al., 2020). However, while the general press
reports on challenges imposed by the pandemic on Indigenous peoples,
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its affiliated organizations, or those of the Executive Directors of the World Bank
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much is still unknown about the effects of the coronavirus crisis on
Indigenous health.2

The paper focuses on the pressing question of whether we can identify
in large scale data a COVID-19 pandemic impact on infant health and
whether possible effects are differentiated by Indigenous ethnicity.
Worldwide, almost 400 million Indigenous individuals have low stan-
dards of health (Gracey and King, 2009). Brazil has an Indigenous pop-
ulation of 800 thousand individuals that face strong health inequalities
(Victora et al., 2011; Pontes and Santos, 2020). In light of health gaps, we
might expect COVID-19 related health impacts to be stronger in Indige-
nous communities.

To explore these questions, we examine infant health microdata from
DATASUS – the database of the Brazilian Public Health Care System
(Sistema Único de Saúde – SUS hereafter). The focus on infants is impor-
tant for two reasons. First, it allows for the early investigation of short-
run health effects of the pandemic. The relatively predictable preg-
nancy length and the sensitivity of the fetus to short-run changes reduces
the burden of identification of a possible causal link (Carrillo and Feres,
2019). Second, infant health is not only an important health indicator but
also a general welfare indicator as it is positively associated with
long-term outcomes such as educational attainment and earnings
(Bütikofer et al., 2019).

Our sample consists of all births in the Brazilian state of Amazonas
from January 1, 2019 to July 31, 2020.3 Amazonas is the state with the
largest concentration of Indigenous Peoples in Brazil. Covered by the
Amazon forest, the state consists of a collection of small rural munici-
palities with difficult geographical access.4 Amazonas ranks 25th (out of
26 states plus the Federal District) in average household earnings.5 This
setting reflects the unfortunate reality of vulnerabilities and spatial
isolation facing Indigenous communities and thus makes Amazonas a
suitable case study for Indigenous health.

In the absence of detailed mother-level information about COVID-19
infection in Brazil, we measure the severity of the pandemic in terms of
potential exposure. The identifying variation is the staggered spread of the
virus throughout the Brazilian Amazon. Using DATASUS data on hospi-
talizations, we identify different municipality-level starting dates for the
epidemic, which allows us to compare infant health outcomes (birth
weights and Apgar scores) before and after the start of the local epidemic.
We develop empirical models to examine two main questions. First, we
use the universe of vital statistics data to test for a possible effect of
COVID-19 exposure on infant health. Second, we test for ethnicity
differentiated COVID-19 exposure effects by comparing infant health
outcomes before and after the pandemic, between Indigenous and non-
Indigenous infants.

Our main empirical model excludes births from the capital city
Manaus to focus on the set of mothers that reside in the more
2 For example, see The Economist article from Sep 25, 2020 entitled “Aban-
doned in the Amazon: how indigenous Brazilians fought covid-19”. Available
online at https://www.economist.com/1843/2020/09/25/abandoned-in-the
-amazon-how-indigenous-brazilians-fought-covid-19; or the BBC article from
July 29, 2020 entitled “How Covid-19 could destroy indigenous communities”.
Available online at https://www.bbc.com/future/article/20200727-how-covid-
19-could-destroy-indigenous-communities.
3 The Amazonas first wave crisis was arguably the worst crisis in the begin-

ning of the pandemic in Brazil. The first COVID-19 case was confirmed on March
13, 2020. The patient was a resident of Manaus that had recently returned from
a trip to London. Since then, cases in Amazonas rapidly spread reaching a peak
around mid-May. Refer to the Online Appendix for a comparison of confirmed
cases between Amazonas and selected countries (Fig. A.2).
4 For example, in Amazonas, vaccination efforts involve using small boats to

reach Indigenous communities (see https://g1.globo.com/am/amazonas/noti
cia/2021/02/06/barcos-transportam-vacinas-ate-aldeias-indigenas-isoladas-no
-am.ghtml).
5 Source: Brazilian Institute of Geography & Statistics (IBGE). Available online

at https://cidades.ibge.gov.br/brasil/am/panorama.
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homogeneous group of small and rural municipalities. In contrast with
Manaus, the private health sector is absent in small municipalities, which
leaves public health services as the only feasible option in the countryside
of Amazonas (see discussion below). Moreover, while only 0.2% of res-
idents of Manaus are Indigenous, the average share of the Indigenous
population across municipalities in the countryside is 10.3%, with a
maximum of 76.6%. Focusing on the subsample of small municipalities
allows for a cleaner examination of ethnic impacts of the pandemic in a
setting that is representative of the realities of Indigenous Peoples, e.g.
remoteness and lower supply of healthcare infrastructure (Gracey and
King, 2009).6 Our models control for mother and pregnancy character-
istics, pre-pandemic municipality trends, and municipality and
month-by-year fixed effects.

The results show that Indigenous infants weigh on average 60 g less
than non-Indigenous infants, however, we do not find empirical evidence
of ethnicity differentiated COVID-19 impacts on mean birth weight. We
explore distributional impacts by modeling the probability that an in-
fant's birth weight is below X grams, using X values along the distribution
of birth weight. While we do not find evidence of a COVID-19 impact for
non-Indigenous infants, we find that Indigenous infants born after the
start of the pandemic are 0.5% more likely to have birth weights below
1400 g (p< 0.1). The effect is stable and statistically significant in models
with X from 1400 to 1050 g. This suggests that the COVID-19 pandemic
had ethnicity differentiated impacts for infants at the very bottom of the
birth weight distribution.

We explore three mechanisms potentially related to ethnicity differ-
entiated COVID-19 impacts in the Amazon. First, we examine the issue of
access to health care facilities by mothers in small municipalities in the
remote countryside of the Amazon.We find that Indigenous mothers who
travel to deliver their babies are 3.4% more likely (p < 0.05) to have a
baby that weighs less than 1400 g when the baby was delivered after the
start of the epidemic. This suggests that, after the start of the pandemic,
access to health care has an ethnicity differentiated impact on infant
health.

Second, we estimate whether ethnicity and the pandemic affect the
probability of mothers having 7 or more prenatal consultations. We find
that Indigenous mothers are 7.5% less likely (p < 0.01) to have proper
prenatal care (before the pandemic). While we do not find evidence that
the pandemic had ethnicity differentiated effects, we find statistical
support for a COVID-19 impact on the general population of mothers.
Mothers who deliver their babies after the start of the pandemic are 5.7%
less likely (p < 0.01) to have 7 or more prenatal consultations. For
mothers who travel long distances (400 km or more) for the delivery, the
magnitude of this effect increases to �35.2% (p < 0.01).

Finally, we examine whether the supply of health care professionals
in small municipalities of the countryside of Amazonas changes after the
pandemic. We find that the ratio of Midwives per Indigenous birth de-
creases by almost 100% (p < 0.05) in the aftermath of the pandemic. We
also find that the supply of physicians and nurses after the pandemic
increases in the capital city Manaus. This increase is at least partially
driven by migration of health care workers from the countryside to the
capital city.

The paper contributes to a surprisingly small economics literature
that examines Indigenous health. Newbold (1997) finds that individuals
of Indigenous ethnicity are less likely to utilize physician services in
Canada. Booth and Carroll (2008) study Indigenous health in Australia
and find an Indigenous/non-Indigenous gap in self-reported health sta-
tus. Elder et al. (2016) and Watson (2006) study the Native
American-white infant mortality gap in the United States. The paper is
also related to a larger empirical literature that examines a variety of
health gaps across the world. For instance, previous research identifies
rural-urban health gaps in China (e.g. Lin et al., 2021), socioeconomic
6 We perform robustness checks where we estimate models using the entire
sample (i.e. including Manaus) and obtain similar results.
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9 Full text made available by the Brazilian Federal Senate at https://www.
senado.leg.br/atividade/const/con1988/con1988_06.06.2017/art_199_.asp.
10 Source: Agência Nacional de Saúde. Available online at http://www.ans.go
v.br/perfil-do-setor/dados-gerais. Statistics includes plans with and without
dental coverage.
11 Source: KPMG. Available online at https://home.kpmg/xx/en/home/insigh
ts/2019/04/meeting-healthcare-challenges-in-brazil.html.
12 Source: IBGE, 2010 Brazilian census. Available online at https://cen
so2010.ibge.gov.br/.
13 For example, refer to ABC News 20 April 2020. Available online at https://a
bcnews.go.com/Health/wireStory/virus-crisis-ravages-brazilian-amazon-citys-h
ealth-system-70244102.
14 In June 2020, the head of Amazonas' health secretariat was arrested due to
corruption charges associated with the purchase of respirators (source: G1 Globo
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status health gaps in Sweden (e.g. Jans et al., 2018), and black-white
health gaps in the United States (e.g. Lhila and Long, 2012; Alexander
and Currie, 2017).

In closing, the paper contributes to an evolving economics literature
that uses observational data to examine COVID-19 policies (e.g Davillas
and Jones, 2021; Brodeur et al., 2021; Dave et al., 2021; Friedson et al.,
2021; Ruffini et al., 2021; Fang et al., 2020). Nevertheless, the economics
literature that studies how the pandemic affects Indigenous Peoples is
significantly less developed. A few papers discuss socioeconomic impli-
cations of the COVID-19 crisis for Indigenous individuals. For example,
Hobbs (2020) discusses the potential impacts of supply chain disruption
on remote Indigenous communities in northern Canada. Other papers
explore the effects of the pandemic on Indigenous labor markets in
Australia (Dinku et al., 2020) and Peru (Dur�an, 2022). When it comes to
Indigenous health, the economics literature is very much still evolving.
Using US county level data, McLaren (2021) investigates associations
between the size of a county's Indigenous population share (and other
minorities) and the county's COVID-19 mortality rate.

The remainder of the paper is organized as follows. Section 2 offers
background information on the Brazilian health care system and the state
of Amazonas. Section 3 describes the data and the construction of key
variables. Section 4 discusses the empirical strategy. Results are pre-
sented in section 5, followed by the investigation of potential mecha-
nisms in section 6. Robustness checks are presented in section 7. Finally,
section 8 offers concluding remarks.

2. Background

2.1. The Brazilian health care system

The Brazilian Public Health Care System (Sistema Único de Saúde –

SUS hereafter) was created in 1988 to meet the constitutional right that
all citizens must have access to health care (Paim et al., 2011). SUS offers
publicly provided health care (free of charge, co-payments, or any fees)
to all Brazilians. It is a decentralized health care system where the three
spheres of government – federal, state, and municipal govt. – are
responsible for financing and managing health care delivery.7

The decentralization of the system was designed to meet health de-
mands in a country of continental dimensions and significant regional
diversity (Paim, 2009). As a result, in order to deliver health care that is
effective at the community level, the management of primary health care
systems is the responsibility of local governments (municipalities). Pri-
mary care is typically offered in municipal health clinics while more
complex health services are offered in state or regional hospitals. The
federal government's role in the system is mainly to offer financial and
technical support.

In 2006, a new policy known as Pacto pela Saúde (Health Pact)
established guidelines for financial transfers from federal to local gov-
ernments (BrazilianMinistry of Health, 2006).8 In primary care, there are
two types of financial transfers to municipalities. The first is an automatic
transfer based on a fixed per resident value. The second type of transfer is
for funding of community-specific programs with a maximum limit
defined annually based on program background and goals, as well as
technical parameters. As a result, while the system is designed to promote
equitable health supply, several factors contribute to the persistence of
significant health disparities among Brazilian communities, including
heterogeneous urbanization rates, socioeconomic development, sanitary
conditions, and susceptibility to environmental challenges (Victora et al.,
7 According to National Council of Health Secretariats, in 2013, the federal
government financed 42.6% of the total public health spending, with 26.7%
from states and 30.7% from municipalities (CONASS, 2015).
8 The policy created specific rules for six blocks of public health financing: i)

primary care; ii) medium and complex care; iii) epidemiological and sanitary;
iv) medication; v) SUS management; and vi) investments.
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2011).
Finally, in addition to creating the legal principles for a public health

system, the Brazilian constitution of 1988 instituted that the private
sector was free to offer health services.9 The challenges of financing a
large system like SUS, especially in periods of economic recession, can
lead to fluctuations in the quality of publicly provided health care
(Doniec et al., 2018; Azevedo e Silva et al., 2020). As a result, the private
health sector has experienced tremendous growth in urban regions
(Lewis et al., 2015). In 2020, approximately 22.5% of Brazilians pur-
chased private health insurance coverage.10 The Brazilian private health
insurance market is the second largest in the world, trailing only the
American market.11 Below we discuss the impacts of having two
healthcare sub-sectors (public and private) on our identification strategy.

2.2. The state of Amazonas

Amazonas is a Brazilian state with 62 municipalities and a population
of 3.48 million residents. The spatial distribution of residents is very
uneven, and one municipality, Manaus (the state's capital), concentrates
more than half of the population. The average size of the other 61 mu-
nicipalities is 27.5 thousand residents. These small municipalities face
serious economic challenges and are among the most impoverished and
underdeveloped municipalities of Brazil. Amazonas is also the state with
the largest Indigenous population in Brazil. In total, 820 thousand Bra-
zilians self-identify as Indigenous Peoples, and approximately 20% of the
Brazilian Indigenous population resides in the state of Amazonas.12

Among Brazilian states, Amazonas was arguably hit the hardest by the
pandemic. Amazonas' hospitals were operating near capacity even before
the coronavirus crisis. At the very beginning of the pandemic, the virus
spread at a fast pace and the Amazonas health system quickly collapsed
with severe shortages of ICU beds and respirators. Critics of the gov-
ernment blame a lack of investment in the health care system.13 Amid the
health crisis, the state of Amazonas was also overwhelmed by a political
crisis fueled by a major corruption scandal related to the procurement of
health equipment.14

3. Data

3.1. Outcomes

Our primary data source is the Brazilian vital statistics database
DATASUS/SINASC.15 According to Brazilian law, every child born alive
must not only obtain civil registration documentation (i.e. birth
30 June 2020. Available online at https://g1.globo.com/am/amazonas/noticia/
2020/06/30/secretaria-de-saude-do-am-e-presa-em-operacao-da-pf-que-a
pura-desvio-na-compra-de-respiradores.ghtml. The governor of the state of
Amazonas was also under severe scrutiny of the Brazilian Federal Police (source:
G1 Globo 30 June 2020. Available online at https://g1.globo.com/politica/notic
ia/2020/06/30/stj-ve-indicios-de-envolvimento-do-governador-do-amazonas-e
m-irregularidades-na-compra-de-respiradores.ghtml).
15 Available online at http://svs.aids.gov.br/dantps/cgiae/sinasc/apresent
acao/.

https://www.senado.leg.br/atividade/const/con1988/con1988_06.06.2017/art_199_.asp
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https://g1.globo.com/am/amazonas/noticia/2020/06/30/secretaria-de-saude-do-am-e-presa-em-operacao-da-pf-que-apura-desvio-na-compra-de-respiradores.ghtml
https://g1.globo.com/am/amazonas/noticia/2020/06/30/secretaria-de-saude-do-am-e-presa-em-operacao-da-pf-que-apura-desvio-na-compra-de-respiradores.ghtml
https://g1.globo.com/politica/noticia/2020/06/30/stj-ve-indicios-de-envolvimento-do-governador-do-amazonas-em-irregularidades-na-compra-de-respiradores.ghtml
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certificate) but also a declaration of live birth. This information is
collected in the SINASC database that keeps records of a variety of
(mainly health-related) data about the pregnancy, birth, and character-
istics of the newborn and the mother.16 Specifically, the data includes
two infant health outcomes: the child's weight at birth (in grams) and
Apgar score.17 Both outcomes are widely used in the literature to char-
acterize infant health (e.g. Currie et al., 2009; Sonchak, 2015; Rangel and
Vogl, 2019). The focus on these outcomes also allows for a short-run
examination of health effects associated with the spread of the virus.
Moreover, pregnant women may be at higher risk and experience more
adverse outcomes from COVID-19 infection, which in turn can affect
infant health (Luo and Yin, 2020; Kotlar et al., 2021). While much is still
unknown regarding the effects of COVID-19, empirical evidence shows
that in utero exposure to the Asian flu has negative effects on weight at
birth and cognitive outcomes at later ages (Kelly, 2011). Another body of
work suggests that newborns of different race and ethnicity have varying
levels of infant health. It is therefore possible for ethnicity to be corre-
lated with exposure to the virus and, as a result, the pandemic could
generate ethnicity differentiated infant health (Elder et al., 2011, 2016;
Watson, 2006). Finally, birth weight and Apgar scores are fitness at birth
health outcomes that have been shown to be strongly correlated with
infant mortality (Almond et al., 2005; Rocha and Soares, 2015).

3.2. COVID-19

We are interested in constructing a measure of COVID-19 exposure.
Since mother-level information is not available, we construct a
municipality-level variable to capture the start of the local epidemic in
each municipality of residence of the mother. This information allows us
to construct a measure of potential COVID-19 exposure, i.e. a localized
measure of risk of exposure. In the absence of reliable data regarding
number of positive COVID-19 cases in small and remote municipalities in
the Brazilian Amazon, we identify the starting date of local epidemic in
each municipality by using the date in which the first resident of each
municipality was hospitalized with severe acute respiratory syndrome
(SARS) due to COVID-19. The data comes from the DATASUS/SRAG
database and it is summarized in Table A.1 (Online Appendix).18

We identify the impact of potential COVID-19 exposure using varia-
tion in the start of the epidemic in the mother's residence municipality
(i.e. temporal and spatial variation). We construct two exposure mea-
sures. The first is the extensive margin of exposure, which simply dis-
tinguishes births before and after the first SARS-CoV-2 hospitalization,
i.e. a dummy variable that equals 1 for births after the start of the
epidemic in the mother's municipality of residence, zero otherwise. The
second measure is the intensive margin of exposure, which counts the
number of days between the start of the epidemic and birth (assigning
zeros for births before the first SARS-CoV-2 hospitalization).

3.3. Covariates

The paper uses two sets of covariates. The first is a birth-level set that
16 The law that regulates data collection (PORTARIA 116/2009) states that the
declaration of live birth is mandatory for children that die soon after the de-
livery, regardless of pregnancy length, weight, or stature of the newborn.
Therefore, stillbirths are not recorded in SINASC, however, all live births are
part of the data set, regardless of the duration of life.
17 A newborn's Apgar score is based on five characteristics: heart rate, respi-
ratory effort, muscle tone, reflex irritability, and color. Each characteristic is
assessed (one and 5 min after delivery) and assigned a value from 0 to 2. The
total score is the sum of the five components, i.e. scale from 0 to 10, and a score
of 7 or higher indicates that the infant's condition is good to excellent (Casey
et al., 2001). Apgar scores used in this paper are determined 1 min after
delivery.
18 Source: DATASUS, SRAG 2020. Available online at https://opendatasus.sa
ude.gov.br/dataset/bd-srag-2020.
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comes from the SINASC database and contains both mother and child
information. Mother's characteristics include age, ethnicity, marital sta-
tus, education, pregnancy history, and prenatal care. Child and preg-
nancy characteristics include the child's sex and ethnicity, an indicator
for congenital anomaly, and an indicator for multiple pregnancy.
Throughout the analysis, we consider a child to be of Indigenous
ethnicity if either the mother or the child are identified as Indigenous in
the database. The main sample includes all births in the state of Ama-
zonas from Jan 1, 2019 to July 31, 2020 (excluding births in the capital
city Manaus).19 The second set of covariates are constructed using mu-
nicipality level data from IBGE (socioeconomic) and DATASUS/CNES
(health infrastructure).20 We use the following variables to capture
characteristics of municipalities: number of primary health care clinics
per 1000 residents, GDP per capita, and illiteracy rate.
3.4. Descriptive statistics

Table 1 shows summary statistics of our sample. Between Jan 1, 2019
and July 31, 2020, there were 59,381 births in small municipalities in the
Amazon, of which 18.4% were Indigenous births. We observe non-
Indigenous/Indigenous infant health gaps in our sample. Mean birth
weight of non-Indigenous infants is 3237 g, with Indigenous infants
weighting 95 g less (p < 0.01). Indigenous babies have slightly lower
Apgar scores with the probability P[Apgar <8] being 0.7 percent higher
(p < 0.1) than that of non-Indigenous infants.

In terms of COVID-19 potential exposure, 16% of the non-Indigenous
(14% of Indigenous) births happened after the start of the epidemic in the
municipality of residence of the mother. The average number of days of
(intensive margin) exposure, i.e. number of days between birth and the
start of the epidemic (with zero days assigned for pre-epidemic births), is
8.9 days for non-Indigenous (and 7.4 days for Indigenous) infants. The
table also shows that Indigenous mothers are half a year older, are less
likely to be married, are less educated – for instance, 9.2% more likely to
have no education and 4.2% less likely to have 12 or more years of ed-
ucation – have a history of more pregnancies, and are 13% less likely to
have 7 or more prenatal consultations (all with p < 0.01). Finally, the
table shows that Indigenous mothers live in municipalities with less
health infrastructure, higher illiteracy rates, and significantly lower GDP
per capita (all with p < 0.01).

4. Empirical strategy

We estimate infant health effects of potential exposure to COVID-19
exploiting variation over time and across municipalities. The identi-
fying variation is based on the fact that the epidemic reached different
municipalities at different moments in time therefore generating varia-
tion in the risk of exposure of mothers across the Amazon. Our estimates
are consistent under the assumption that the initial (first wave) spread of
the virus is orthogonal to fertility decisions and the estimation approach
controls for confounding effects from other unobserved health de-
terminants. If, for example, the level of potential exposure is higher in
municipalities that have weaker health care infrastructure, higher un-
employment, or lower food security, then the variation in infant health
may reflect these systematic shortcomings of local health care systems, as
opposed to effects of exposure to the virus.

We adopt a number of strategies to address this issue. First, we focus
our empirical analysis on the more homogeneous group of small mu-
nicipalities in the Amazon and exclude data from the capital city Manaus.
Manaus is a large urban center while the other municipalities in the
19 Section 4 offers a discussion about the reasons for restricting the sample to
health care systems of small municipalities.
20 Source: IBGE, 2010 Brazilian census. Available online at http://ce
nso2010.ibge.gov.br. DATASUS/CNES - Cadastro Nacional de Estabeleci-
mentos de Saúde. Available online at http://cnes.datasus.gov.br.

https://opendatasus.saude.gov.br/dataset/bd-srag-2020
https://opendatasus.saude.gov.br/dataset/bd-srag-2020
http://censo2010.ibge.gov.br
http://censo2010.ibge.gov.br
http://cnes.datasus.gov.br


Table 1
Summary statistics.

Non-Indigenous Indigenous

N mean median s.d. N mean median s.d.

HEALTH OUTCOMES

Birth weight (grams) 48,459 3237.3 3250 546.8 10,922 3142.4 3150 507.9
Apgar score 46,873 8.27 8 0.99 6772 8.19 8 0.96

COVID-19 EXPOSURE

Extensive margin 48,500 0.16 0 0.37 11,276 0.14 0 0.35
Intensive margin 48,500 8.89 0 24.04 11,276 7.37 0 21.64

MOTHER'S CHARACTERISTICS

Age (years) 48,500 24.06 23 6.6 11,272 24.52 23 6.97
Married (baseline) 48,465 0.45 0 0.50 11,247 0.39 0 0.49
Single 48,465 0.55 1 0.5 11,247 0.61 1 0.49
Widow 48,465 0 0 0.03 11,247 0 0 0.03
Divorced 48,465 0 0 0.05 11,247 0 0 0.03
No schooling (baseline) 48,450 0.01 0 0.10 11,227 0.10 0 0.30
1–3 years of schooling 48,450 0.03 0 0.18 11,227 0.08 0 0.28
4–7 years of schooling 48,450 0.21 0 0.4 11,227 0.27 0 0.44
8–11 years of schooling 48,450 0.69 1 0.46 11,227 0.53 1 0.5
12 or more years of schooling 48,450 0.06 0 0.24 11,227 0.02 0 0.14
# of previous live births 47,616 1.56 1 1.8 11,032 2.31 2 2.28
# of previous stillbirths 46,141 0.22 0 0.53 10,615 0.23 0 0.62
7 or more prenatal consultations 48,396 0.52 1 0.5 11,266 0.39 0 0.49

INFANT/PREGNANCY CHARACTERISTICS

Girl 48,496 0.49 0 0.50 11,273 0.48 0 0.5
Congenital anomaly 48,289 0.01 0 0.07 11,222 0.01 0 0.07
Multiple pregnancy 48,494 0.01 0 0.11 11,274 0.01 0 0.12

MUNICIPALITY CHARACTERISTICS

Clinics (per 10k residents) 48,500 2.56 2 1.46 11,276 2.48 2 1.54
Illiteracy rate 48,500 0.17 0 0.08 11,276 0.20 0 0.07
GDP per capita (BRL) 48,500 6737.7 5239 4993.9 11,276 4403.3 4359 1259.8

Notes: Sample includes all births in the state of Amazonas from Jan 1, 2019 to July 31, 2020 (excluding births of residents of the capital city Manaus). Unless otherwise
indicated, all variables are dummy variables reflecting the information available in the original data files without any prior data treatment. BRL: Brazilian Real. Ex-
change rate (5 year average): 1 USD ¼ 3.83 BRL.

B. Wichmann, R. Wichmann Economic Modelling 115 (2022) 105962
Amazon are small and predominantly rural. The characteristics of both
health supply and health demand are very different between these two
settings. For example, on the supply side, Manaus has large hospitals
equipped to offer complex and sophisticated health services while the
health care systems in the countryside largely focus on primary health
care. Moreover, many determinants of health care demand are system-
atically different between capital and countryside. For example, while
the GDP per capita of Manaus is BRL 27,833, average (population
weighted) GDP per capita of all other municipalities in Amazonas is BRL
6380. With health infrastructure concentrated in Manaus, allied to the
fact that the countryside is characterized by fragile and underfunded
local health systems, where there is a lack of testing and little information
about the COVID-19 virus, it is therefore reasonable to treat the COVID-
19 pandemic as a ‘shock’ to mothers in small municipalities of the
Amazon.

Another aspect that supports identification is the fact that the virus
spread through remote regions of the Amazon with little resistance or
awareness of the local population. Despite the fact that the state of
Amazonas covers an area of more than 1.5 million sq km,21 the epidemic
reached all Amazonian municipalities in a period of less than four
months. The rapid spread of the virus throughout these small munici-
palities aligned with a general sense of misinformation that minimized
health risks makes it unlikely that, after controlling for mother's char-
acteristics and municipality and month-by-year fixed effects, our mea-
sures of COVID exposure is an endogenous variable during the period of
our analysis.22

In addition, by studying the first wave of the epidemic (March–July
21 Amazonas has an area more than twice as large as that of Texas and larger
than Spain, France, and Germany combined.
22 Source: Bolsonaro calls coronavirus a ‘little flu’. CNN, May 25, 2020. Available
online at https://www.cnn.com/2020/05/23/americas/brazil-coronavirus-hos
pitals-intl/index.html.
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2020), we avoid concerns regarding endogenous fertility decisions. To
understand why, note that ‘treated’ (post-pandemic) births are the result
of fertility decisions in pre-pandemic periods. In other words, even for
infants born in the last day of our sample (July 31, 2020), it is reasonable
to assume that fertility decisions made approximately nine (or more)
months earlier (i.e. November of 2019) by individuals in the remote
Amazon are not influenced by the risk of a COVID epidemic.

Finally, while the public health care system is effectively the only
option available to patients in small rural Amazonian municipalities,
patients in the capital city have access to not only public but also private
health services.23 As quality and availability of private health care are
significantly different from those offered by the public system, in addi-
tion to the systematic differences between patients of the two systems,
examining the health care systems of homogeneous small rural munici-
palities minimizes issues related to selectivity.

Our first empirical model focuses on the estimation of potential
exposure effects and their contribution to Indigenous health gaps. In the
model we compare births before and after the start of the epidemic in the
mother's municipality, interacting the epidemic with Indigenous
ethnicity status. To identify coronavirus-related Indigenous infant health
gaps, we estimate the following model:

Yijt ¼ αþ β1COVIDjt þ β2Ii þ β3Ii � COVIDjt þ γ
0
Xit

þρ trend� Zj þ μj þ γm þ ϵijt
(1)

where Yijt is the infant health outcome of birth i in municipality j at day t.
COVIDjt is a measure of potential exposure to the epidemic (intensive or
extensive margin). Ii is a binary indicator for an Indigenous birth. Xit is a
23 For example, our data show that Manaus has 557 private clinics (or 3.1
clinics per 10,000 residents) while the other 61 municipalities of the state of
Amazonas have collectively 33 private clinics (or 0.1 clinics per 10,000
residents).

https://www.cnn.com/2020/05/23/americas/brazil-coronavirus-hospitals-intl/index.html
https://www.cnn.com/2020/05/23/americas/brazil-coronavirus-hospitals-intl/index.html


Table 2
Effects of COVID on infant health outcomes.

(1) (2)

birth weight 1½Apgar< 8�
Panel A: extensive margin
COVID �1.046

(19.556)
�0.023
(0.014)

Indigenous �59.908***
(10.075)

�0.003
(0.009)

Indigenous � COVID �10.552
(20.329)

0.013
(0.015)

N 55,731 50,513
R-squared 0.105 0.061
Panel B: intensive margin
COVID 0.225

(0.439)
�0.000
(0.000)

Indigenous �60.833***
(9.809)

�0.002
(0.009)

Indigenous � COVID �0.090
(0.294)

0.000
(0.000)

N 55,731 50,513
R-squared 0.105 0.061

Notes: The table shows coefficients from four different regressions. The depen-
dent variable is birth weigh in the two models displayed in column (1), and
1½Apgar< 8� in the two models of column (2). Panel A: COVID variable captures
the extensive margin of potential COVID-19 exposure. Panel B: COVID variable
captures the intensive margin of potential COVID-19 exposure. All regressions
include mother and child covariates in addition to pre-pandemic municipality
characteristics interacted with a linear trend. All regressions control for munic-
ipality and month-by-year fixed effects. Standard errors clustered at the mother's
residence municipality are in parentheses. Sample includes all births in the state
of Amazonas from Jan 1, 2019 to July 31, 2020 (excluding births in the capital
city Manaus). *p < 0.1, **p < 0.05, ***p < 0.01.
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vector of birth-specific control variables for maternal and child charac-
teristics. Zj is a vector of pre-pandemic municipality characteristics that is
interacted with a linear trend.

Maternal characteristics include age, marital status indicators (single,
divorced, widow – baseline is married), schooling indicators (1–3 years
of education, 4–7 years of education, 8–11 years of education, 12 plus
years – baseline is no education), history of previous pregnancies
(number of previous live births and number of previous stillbirths), and
an indicator for whether the mother had 7 or more prenatal consulta-
tions. Child characteristics include gender, an indicator for congenital
anomalies, and an indicator for whether the child is part of a multiple
pregnancy. The vector of pre-pandemic municipality characteristics in-
cludes the number of primary care clinics (per 1000 residents), illiteracy
rate, and GDP per capita.

Finally, μj is a municipality fixed effect to control for unobserved
time-invariant determinants of infant health, including initial socioeco-
nomic environment and persistent municipality characteristics such as
infrastructure and local prevalence and incidence of health conditions
and diseases. γm is a month-by-year fixed effect to control for common
shocks or time trends such as those induced by variations in economic
conditions (e.g. food markets) and national policies, and seasonal effects
such as those correlated with family background and other unobserved
season-of-birth determinants of health outcomes (Welch et al., 2021;
Buckles and Hungerman, 2013). The error term is ϵijt. We estimate robust
standard errors clustered at the municipality level to account for serial
correlation (Bertrand et al., 2004).

The key coefficient of interest is the coefficient β3, which measures
the ethnicity differentiated effect of COVID on infant health outcomes.
Another important coefficient is β1, which measures the effect of po-
tential exposure for non-Indigenous births (i.e. the effect of COVID on
Indigenous infants is captured by β1 þ β3). Finally, β2 captures the
baseline birth weight gap between Indigenous and non-Indigenous
infants.

Note that our approach resembles a triple difference design. A spec-
ification that imposes β3 ¼ 0 is similar to a twoway fixed effect model
with differential timing due to the staggered spread of the epidemic
across municipalities over time (Angrist and Pischke, 2009; Good-
man-Bacon, 2021; Kim and Wang, 2019; Cunningham, 2021). The
specification of the interaction term β3Ii � COVIDjt allows us to examine
the effect of the pandemic in the targeted sub-population of Indigenous
infants, much in the spirit of a typical triple difference model (i.e.
treatment is staggered across time, space, and ethnicity).

We also estimate the following event-study specification to gain in-
sights on the timing of effects of potential exposure to the virus:

Yijt ¼ αþ P

k 6¼�1
βk1½Dt ¼ k� � Ii þ δ

0
Ii þ γ

0
Xit

þρ trend� Zj þ μj þ γk þ ϵijt
(2)

where 1½Dt ¼ k� indicates that day t is in month k, measured relative to the
start of the epidemic (when k is normalized to 0). Note that model (2)
aggregates the measurement of treatment to the month level by making k
a (relative) month, as opposed to a (relative) day. This makes the baseline
period k ¼ �1 be a collection of births in an entire month, not in a single
day. The advantage of such an aggregation is that it avoids day-to-day
birth weight fluctuations that are very noisy in small municipalities. An
event study specification that relies on daily variations would deliver an
imprecise series of more than 400 coefficients. This makes results hard to
interpret as it would be possible for a single (or few) coefficient(s) to be
statistically different from zero (by chance), which would indicate a birth
weight deviation from the average of a single specific day k ¼ �1 that
precedes the start of the pandemic.

γk is a month fixed effect, which captures the impact of each relative-
month k on non-Indigenous birth weights (the baseline). The coefficients
of interest are the βks, which capture additional impacts of month k on
Indigenous birth weights. If the pandemic has an ethnicity differentiated
6

negative effect, we would observe βk ¼ 0 for k<� 1 and βk < 0 for k� 0.
Finally, we also examine the impact of potential exposure along the

more vulnerable (below mean) range of the birth weight distribution.
Following Lindo (2011), we estimate models to capture the impacts on
the probability that birth weight is less than X grams. These distributional
models employ municipality and month-by-year fixed effects along with
the full set of controls. Specifically, we estimate the following equation:

1½Yijt < X� ¼ αþ β1COVIDjt þ β2Ii þ β3Ii � COVIDjt þ γ
0
Xit

þρ trend� Zj þ μj þ γm þ ϵijt
(3)

where 1½Yijt < X� is an indicator that birth i in municipality j at day t
produced a child with birth weight Y less than X grams. We estimate
several models that differ by varying X from 1000 to 3200. Similarly to
model (1), the coefficient β3 measures the ethnicity differentiated effect
of COVID on the probability that birth weight is below X grams.

5. Results

We divide the presentation of our findings into two parts. First, we
discuss a number of results regarding ethnicity differentiated impacts of
the COVID-19 pandemic on infant health (sections 5.1–5.4). Next, we
document pre-pandemic health gaps between Indigenous and non-
Indigenous infant health in the Brazilian Amazon (section 5.5).

5.1. Indigenous health gaps

Table 2 presents the estimates of the main parameters of model (1).24

Panel A shows the results for the extensive margin models, i.e. COVID is
measured as a dummy variable with 1s for births after the beginning of
Full model estimates are available in the Online Appendix, Table A.2.
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the epidemic, zeros otherwise. Panel B shows the results for the intensive
margin models, i.e. COVID measures the number of days between birth
and the start of the epidemic, zeros before the start. The models in col-
umns (1) have birth weight (in grams) as left-hand side variables. The
dependent variable in column (2) is an indicator for Apgar scores below
8.

Results suggest that, on average, we cannot reject the null of no im-
pacts of the COVID-19 pandemic on infant health (as measured by birth
weight and Apgar scores) in the Brazilian Amazon. The coefficient of
COVID (β1) and its interaction with Indigenous (β3) are not statistically
different from zero. That is, using data on all Amazonian births from
2019 up to July 31, 2020, we find no statistical evidence that our two
infant health outcomes for both Indigenous and non-Indigenous infants
varied in response to the pandemic.
5.2. Heterogeneity

It is possible that the pandemic null effects reported above mask
important forms of heterogeneities. To explore whether the virus have
heterogeneous effects across infants of different types of mothers, we
estimate model (1) using different subgroups of the population. Using
vital statistics data from the U.S., Elder et al. (2016) find that maternal
marital status, age, education, and prenatal care are primary drivers of
Table 3
Effects of COVID on infant health outcomes – Heterogeneity.

(1) (2) (3) (4)

Marital status Age (years)

Married Not married < 19 > 4

Panel A: birth weight (EM)
COVID �9.995

(26.071)
7.192
(26.500)

6.949
(30.843)

232
(188

Indigenous �77.717***
(14.173)

�35.655***
(12.595)

�41.751**
(17.734)

0.68
(75.

Indigenous � COVID 16.955
(30.464)

�31.497
(21.917)

�30.348
(35.904)

�15
(159

N 24,369 31,362 12,596 747
R-squared 0.101 0.105 0.110 0.13
Panel B: birth weight (IM)
COVID 0.600

(0.608)
�0.221
(0.448)

0.577
(0.640)

0.34
(3.2

Indigenous �75.851***
(14.117)

�39.000***
(12.647)

�41.600**
(17.809)

�5.
(68.

Indigenous � COVID 0.034
(0.472)

�0.218
(0.327)

�0.579
(0.589)

�1.
(2.4

N 24,369 31,362 12,596 747
R-squared 0.102 0.105 0.110 0.13
Panel C: 1½Apgar< 8� (EM)
COVID �0.033*

(0.020)
�0.016
(0.018)

�0.014
(0.028)

�0.
(0.1

Indigenous 0.001
(0.011)

�0.007
(0.011)

�0.014
(0.014)

0.02
(0.0

Indigenous � COVID �0.027
(0.022)

0.037*
(0.021)

0.033
(0.035)

0.08
(0.1

N 22,230 28,283 11,617 636
R-squared 0.067 0.061 0.069 0.21
Panel D: 1½Apgar< 8� (IM)
COVID �0.000

(0.000)
�0.000
(0.000)

0.000
(0.000)

0.00
(0.0

Indigenous �0.001
(0.011)

�0.004
(0.011)

�0.012
(0.014)

0.02
(0.0

Indigenous � COVID �0.000
(0.000)

0.000
(0.000)

0.000
(0.000)

0.00
(0.0

N 22,230 28,283 11,617 636
R-squared 0.067 0.061 0.069 0.21

Notes: Each panel shows results from 8 regressions (columns). Dependent variable is b
D. Panels A and C: COVID variable captures the extensive margin of potential COVID
potential COVID-19 exposure. All regressions include mother and child covariates in
trend. All regressions control for municipality and month-by-year fixed effects. Stan
Sample includes all Indigenous births in the state of Amazonas from Jan 1, 2019 to July
< 0.01.
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the infant mortality rate gaps for blacks, Puerto Ricans, Asians, and
Native Americans (all relative to whites). Table 3 presents estimates from
different subsamples that split mothers into different groups based on
Elder et al. health gap drivers.

In general, these models confirm previous results – we do not find
evidence of impacts of the pandemic on mean birth weights and Apgar
scores. For the most part, estimates of COVID and its interaction with
Indigenous are not statistically significant. One model suggests that the
pandemic widens the gap between non-Indigenous and Indigenous
health. For not married mothers, the β3 estimate suggests that Indigenous
infants born after the start of the pandemic are 3.7% more likely to have
below 8 Apgar scores (column 2, panel C). However, with a p-value of
0.099, this estimate is only marginally significant and therefore offers
little statistical support for the hypothesis that Indigenous status matters
for single mothers giving birth after the pandemic. Two models suggest
the puzzling result that married mothers and mothers with adequate
prenatal care that give birth after the beginning of the pandemic have a
marginally significant 3% lower probability (p < 0.1) of having a baby
with low Apgar score (columns 1 and 8, panel C).
5.3. Event study

Fig. 1 reports estimates of the coefficients βk of model (2) along with
(5) (6) (7) (8)

Education (years) Prenatal visits

0 < 4 > 8 < 7 � 7

.925
.617)

49.730
(86.370)

10.532
(20.926)

29.430
(23.231)

�31.776
(25.412)

5
184)

�78.818***
(29.199)

�61.058***
(11.441)

�59.460***
(10.702)

�59.549***
(15.333)

4.377
.015)

�61.510
(55.586)

�14.140
(26.278)

�29.800
(24.226)

13.688
(24.214)

3605 39,980 27,712 28,019
8 0.115 0.109 0.090 0.089

6
25)

�1.332
(1.864)

0.280
(0.445)

0.553
(0.588)

�0.199
(0.474)

635
710)

�82.898***
(29.299)

�60.920***
(11.020)

�61.615***
(10.242)

�59.721***
(15.421)

540
25)

�0.492
(0.808)

�0.275
(0.403)

�0.321
(0.358)

0.272
(0.371)

3605 39,980 27,712 28,019
6 0.115 0.109 0.090 0.088

076
10)

�0.066
(0.054)

�0.016
(0.015)

�0.009
(0.019)

�0.037*
(0.019)

2
43)

�0.005
(0.021)

�0.002
(0.010)

0.003
(0.009)

�0.007
(0.011)

0
17)

0.065
(0.048)

0.010
(0.015)

0.018
(0.017)

0.012
(0.023)

2597 37,368 24,013 26,500
1 0.095 0.061 0.064 0.064

2
02)

0.000
(0.001)

�0.000
(0.000)

�0.000
(0.000)

�0.000
(0.000)

6
46)

�0.004
(0.022)

�0.000
(0.011)

0.005
(0.009)

�0.007
(0.011)

0
02)

0.001
(0.001)

0.000
(0.000)

0.000
(0.000)

0.000
(0.000)

2597 37,368 24,013 26,500
1 0.095 0.061 0.064 0.064

irth weight (grams) in panels A and B, and a dummy 1½Apgar< 8� in panels C and
-19 exposure. Panels B and D: COVID variable captures the intensive margin of
addition to pre-pandemic municipality characteristics interacted with a linear

dard errors clustered at the mother's residence municipality are in parentheses.
31, 2020 (excluding births in the capital city Manaus). *p< 0.1, **p< 0.05, ***p



Fig. 1. Event study estimates of ethnicity differentiated impacts on birth
weights. Notes: Estimates of the coefficient βk from model (2), along with their
95% confidence intervals. The regression includes mother and child covariates
in addition to pre-pandemic municipality characteristics interacted with a linear
trend. The regression controls for municipality and (relative) month fixed ef-
fects. Standard errors are clustered at the mother's residence municipality. The
regression has 55,731 observations corresponding to all births in the state of
Amazonas from Jan 1, 2019 to July 31, 2020 (excluding births in the capital
city Manaus).
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their 95% confidence intervals. As the model includes relative month k
fixed effects, the coefficients βk represent ethnicity differentiated impacts
of month k on birth weights, relative to the baseline period k ¼ �1. If the
pandemic has an effect of widening the ethnicity health gap, we would
expect to see a statistically significant downward sloping trend for esti-
mates β to the right of the vertical line at k ¼ �1 (beginning of the
epidemic).

The figure shows that β estimates oscillate between 0 and -50 for
months before and after the epidemic. All β coefficients are statistically
insignificant and the figure shows that confidence intervals of all esti-
mates include zero. These event-study results indicate that we cannot
reject the null that the pandemic did not generate ethnicity differentiated
impacts on mean birth weights.25
5.4. Distributional effects

Fig. 2 summarizes distributional impacts by collecting multiple esti-
mates of model (3). Specifically, the impact of each potential exposure
margin (extensive and intensive) was estimated using 45 regressions that
vary the level of X in equation (3) from 1000 to 3200. The left-hand side
graphs plot the coefficients of COVID (β1, plot A), Indigenous (β2, plot C),
their interaction (β3, plot E) of the 45 extensive margin regressions, along
with their 95% confidence intervals. Similarly, the right-hand side graphs
(plots B, D, and F) collect the estimates of the intensive margin
regressions.

Graphs A and B (top row of the figure) show that the we cannot reject
the null that the pandemic did not affect the probability of non-
Indigenous infants having birth weights below X grams. For all ranges
of X, the 95% confidence intervals of the estimates of the marginal impact
of COVID on P[Yijt < X] include zero, both in the extensive and intensive
margin models. This suggests that, for non-Indigenous infants, the null
25 We also estimate an event study specification that does not interact relative
months with the Indigenous indicator (hence does not have the fixed effect γk).
This model represents a more standard version of event study where β estimates
capture epidemic effects (as opposed to ethnicity differentiated epidemic ef-
fects). We again do not find evidence that the epidemic decreased birth weights.
These results are available upon request.
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COVID results reported in previous sections for the mean also hold for
other ranges of the birth weight distribution.

Graphs E and F (bottom row of the figure) show the estimates of β3;
ethnicity differentiated marginal impacts of COVID. The β3 estimates of
the intensive margin models are statistically insignificant in all 45 re-
gressions (i.e. for all values of X). However, we estimate statistically
significant ethnicity differentiated effects in the extensive margin models
at the lower range of the birth weight distribution. In general, we find
that Indigenous infants that were born after the start of the epidemic are
0.5% more likely to have birth weights below X, for X � 1400 g. We
report these estimates in the Online Appendix (Table A.7, left-hand side,
main sample). The strongest effect is detected at X ¼ 1150. Exclusively
for Indigenous infants, we find that COVID increases the probability of
being born with weight below 1150 g (P[Y < 1150]) by approx 0.6% (p
< 0.05). These results suggest that, for vulnerable babies, the pandemic
has an impact on infant health that varies by Indigenous ethnicity. This is
in line with recent findings that the COVID-19 pandemic has a dispro-
portionate impact on minorities (e.g. Couch et al., 2020).
5.5. Pre-pandemic health gaps

Our models allow us to test whether pre-pandemic (or baseline)
health gaps between Indigenous and non-Indigenous infants exist in the
Brazilian Amazon. First, we use model (1) to test the null of no baseline
mean gaps (H0: β2¼ 0). Results in Table 2 (column 1) show that we reject
the hull of no baseline birth weight gap between Indigenous and non-
Indigenous infants. We find that, after conditioning for mother and in-
fant/pregnancy characteristics, municipality and months fixed effects,
and socioeconomic municipal trends, pre-pandemic birth weights of
Indigenous infants are on average approximately 60 g lower than those of
non-Indigenous infants (p < 0.01). While the economics literature has
overlooked the Indigenous and non-Indigenous birth weight gap, these
results are in line with observations documented in the medical literature
(e.g. Roberts and Lancaster, 1999). We do not find evidence of a baseline
ethnicity gap in the probability of having Apgar scores below 8 (column
2).26

Second, we use the split sample models (see section 5.2) to further
examine baseline infant health gaps. The estimates in Table 3 show sig-
nificant heterogeneity in pre-pandemic Indigenous birth weight gaps.27

The first two columns of Table 3 show that the Indigenous/non-
Indigenous birth weight gap is twice as large for married mothers
(�78 g, p < 0.01) than for not-married mothers (�36 g, p < 0.01). Note
that these results do not suggest that birth weight levels of children of
not-married mothers are higher. In fact, estimates of model (1) show that
single mothers have infants with lower birth weights (see Table A.2,
Online Appendix). Instead, the analysis suggests that the ethnicity
disadvantage in a sample of more vulnerable not-married mothers is
smaller.

With respect to age, we find that the Indigenous birth weight gap
among young mothers is approximately �42 g (p < 0.05, see column 3).
However, column 4 shows that the Indigenous gap disappears in the
sample of mothers over 40 years of age. This result contrasts with the
finding that the black-white gap in infant mortality increases with
mother's age (Elder et al., 2011; Rich-Edwards et al., 2003; Geronimus,
1996). We also find that the gap of Indigenous to non-Indigenous birth
weights is larger for infants from mothers with less than 4 years of ed-
ucation than that associated with mothers with 8 or more years of edu-
cation. Specifically, we estimate ethnicity gaps of �79 g (p < 0.01) and
�61 g (p < 0.01) in the samples with less and more educated mothers,
26 We revisit this result in section 8.2 where we discuss some limitations of the
model.
27 It is worthwhile noting the reassuring result that estimates of the Indigenous
coefficient β2 are similar between the extensive and intensive margin models
(within column comparison of Panels A and B).



Fig. 2. Distributional impacts. Notes: The graphs
report estimates of β coefficients from model (3)
where the left-hand-side variable is a dummy that
takes value of 1 if a child's birth weight is less than X
grams (with X plotted in the x-axis). Each figure
summarizes estimates from 45 regressions where X
varies from X ¼ 1000 to X ¼ 3200, in intervals of 50.
The left column plots estimates where COVID is
measured by the extensive margin exposure variable.
The right column shows results for the intensive
margin regressions. All regressions include mother and
child covariates in addition to pre-pandemic munici-
pality characteristics interacted with a linear trend. All
regressions control for municipality and month-by-
year fixed effects. Standard errors are clustered at
the mother's residence municipality. Each regression
has 55,731 observations corresponding to all births in
the state of Amazonas from Jan 1, 2019 to July 31,
2020 (excluding births in the capital city Manaus).
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Table 4
Distributional impacts for traveling mothers.

(1) (2) (3) (4) (5) (6)

1½Y < 1000� 1½Y < 1100� 1½Y < 1200� 1½Y < 1300� 1½Y < 1400� 1½Y < 1500�
COVID 0.002

(0.007)
�0.000
(0.008)

0.000
(0.008)

�0.006
(0.013)

�0.009
(0.013)

�0.002
(0.014)

Indigenous �0.001
(0.003)

�0.004
(0.004)

�0.003
(0.003)

�0.009*
(0.004)

�0.013***
(0.004)

�0.012**
(0.005)

Indigenous � COVID 0.022
(0.015)

0.034**
(0.014)

0.033**
(0.013)

0.031**
(0.013)

0.034**
(0.015)

0.023
(0.016)

Travel distance (100 km) 0.008***
(0.002)

0.011***
(0.002)

0.013***
(0.004)

0.017***
(0.004)

0.018***
(0.005)

0.019***
(0.005)

N 6538 6538 6538 6538 6538 6538
R-squared 0.045 0.053 0.053 0.065 0.073 0.072

Notes: Y denotes birth weight (in grams). COVID represents the extensive margin of exposure. All regressions include mother and child covariates in addition to pre-
pandemic municipality characteristics interacted with a linear trend. All regressions control for municipality and month-by-year fixed effects. Standard errors clustered
at the mother's residence municipality are in parentheses. Sample includes births from mothers that delivered their babies in a municipality different from that of their
residency. The sample does not include mothers residing in the capital city Manaus. Sample period is from Jan 1, 2019 to July 31, 2020. *p < 0.1, **p < 0.05, ***p <

0.01.
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respectively. Finally, we find that the estimated difference between
Indigenous and non-Indigenous birth weights does not vary between the
high and low prenatal visits samples. In fact, these estimates are around
�60 g (p < 0.01), which is similar to the level of those from our main
model (see Table 2).

Finally, we discuss distributional impacts on the baseline ethnicity
gap (see section 5.4). Fig. 2 (graphs C and D) offers new insights about
the baseline Indigenous/non-Indigenous birth weight gap. While the
estimates of model (1) show that, on average, Indigenous infants have
birth weight 60 g lower than non-Indigenous infants (see Table 2), Fig. 2
suggests the mean gap is driven by infants with birth weight greater than
2500 g. The impact of Indigenous on P[Yijt < 2550] is equal to 0.013 (p<
0.05) indicating that Indigenous infants are 1.3% more likely to have a
birth weight less than 2550 g.28 In general, the estimates of β2 increase
with X until a maximum of 0.064 (p < 0.01) at 3150 g, i.e. Indigenous
infants are 6.4% more likely to have birth weights below 3150 g.

6. Potential mechanisms

6.1. Access to health care facilities

In addition to the municipality of residency of mothers, the SINASC
data set has information on the municipality of the health care facility
where delivery happened. We construct an indicator for mothers who
deliver their babies in municipalities that are not those of residence. In
our main sample of mothers who live in small municipalities, i.e. all
municipalities in Amazonas except Manaus, out of the 55,731 births
approximately 13.3% of the deliveries were not in the municipality of
residence of the mother.29 This statistics reflects the reality that access to
health care is a challenge for many mothers in small and remote mu-
nicipalities in the Amazon. This is in line with previous research that
identifies distance to treatment sources as an important deterrent to
health care treatment in remote communities of the Brazilian Amazon
(de Bartolome and Vosti, 1995).

We revisit our extensive margin analysis of distributional impacts by
re-estimating model (3) using the subsample of traveling mothers. The
28 As discussed above, it is again reassuring that the estimates of β2 from the
extensive margin model are very similar to those from the intensive margin
model.
29 Fig. A.1 in the Online Appendix shows, for the 61 small municipalities in our
main sample, the distribution of shares of births delivered outside the munici-
pality of residence of the mother.
30 We construct a municipality distance matrix using the linear distances be-
tween the municipalities' head offices. Source: World Bank. Available online at
https://datacatalog.worldbank.org/dataset/2010-brazil-municipalities-location.

10
model specification is the same as the one above with an additional
explanatory variable: the travel distance between the mother's munici-
pality of residency and the municipality of birth (measured in 100 km).30

In this context, the travel distance is a proxy for remoteness in terms of
access to health care as it captures how far a mother has to travel to
deliver her baby.

The results (Table 4) corroborate our previous findings. First, we note
that we do not find an effect of COVID on the probability of low birth
weights for non-Indigenous infants born to traveling mothers. However,
again we find evidence that the pandemic has an ethnicity differentiated
effect on the left tail of the birth weight distribution.31 The estimated
impacts for traveling mothers are stronger than those from the main
sample. For example, column 2 shows that Indigenous infants born to
traveling mothers after the start of the epidemic in the mother's munic-
ipality of residence are 3.4% more likely (p < 0.05) than non-Indigenous
infants to have birth weights below 1100 g.

We also find that the probability of low birth weight depends on the
travel distance. For every 100 km that mothers have to travel to deliver
their babies, the probability of having an infant that weighs less than
1100 g increases by 1.1% (column 2, p < 0.01), and the probability of
having an infant that weighs that weighs less than 1500 g increases by
1.9% (column 6, p < 0.01).

Finally, we note a negative baseline gap on the probability of the birth
weight being less than 1400 or 1500 g (columns 5 and 6). This implies
that, when examining the subset of traveling mothers, Indigenous chil-
dren are approximately one percentage point more likely to be above
1400 or 1500 g (relative to non-Indigenous). While it might seem puz-
zling, this result is in line with findings discussed in section 5.5. First, as
discussed above, we find that the ethnicity disadvantage is smaller in the
sample of more vulnerable not-married mothers. Given that mothers
likely travel to deliver their babies because they need to, probably
because there is no acceptable alternative health care facility in the
municipality of residence, the baseline finding in Table 4 again shows
that, for vulnerable and socially disadvantaged mothers, the Indigenous
disadvantage is attenuated. In addition, we note that for the general
population, the results in Fig. 2 (graphs C and D) show that the mean
Indigenous birth weight gap is driven by infants with birth weight greater
than 2500 g. That is, the Indigenous baseline birth weight disadvantage is
not driven by the few infants on the left side of the birth weight distri-
bution, but by those in themiddle and right side (see discussion in section
5.5).
31 As discussed above, we did not find statistically significant effects of COVID
and/or Indigenous � COVID on Pr(birth weight < X) for X > 1500 g.

https://datacatalog.worldbank.org/dataset/2010-brazil-municipalities-location


Table 5
Effects of COVID on prenatal care.

(1) (2) (3) (4)

All Non
Traveling

Traveling Traveling (> 400
km)

COVID �0.057***
(0.020)

�0.051**
(0.022)

�0.087
(0.056)

�0.352***
(0.059)

Indigenous �0.075***
(0.018)

�0.077***
(0.019)

�0.046
(0.028)

�0.052
(0.103)

Indigenous �
COVID

0.051
(0.031)

0.052
(0.032)

0.031
(0.085)

�0.126
(0.193)

N 56,117 48,699 7418 1040
R-squared 0.121 0.130 0.100 0.154

Notes: Dependent variable is an indicator for 7 (or more) prenatal visits. COVID
represents the extensive margin of exposure. All regressions include mother and
child covariates in addition to pre-pandemic municipality characteristics inter-
acted with a linear trend. All regressions control for municipality and month-by-
year fixed effects. Standard errors clustered at the mother's residence munici-
pality are in parentheses. Sample includes all mothers who delivered a baby in
the state of Amazonas from Jan 1, 2019 to July 31, 2020 (excluding mothers that
reside in the capital city Manaus). *p < 0.1, **p < 0.05, ***p < 0.01.

32 The CNES databse, under the module Professionals (in Portuguese, Pro-
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6.2. Prenatal care

We examine whether the start of the pandemic affects health care
utilization by pregnant women. We test this hypothesis by estimating an
empirical model for the probability that the mother had proper prenatal
care (i.e. at least 7 prenatal visits). Here, it is important to highlight a
limitation of our data. While COVID indicates births after the start of the
pandemic, we do not have information about when prenatal visits
happened or the exact number of visits for all mothers (due to data
censoring). Therefore, our analysis focuses on the binary indicator
1½visits� 7�.

Table 5 shows the results of the prenatal visits model. While we do not
find ethnicity differentiated COVID impacts, mothers who delivered their
babies after the start of their local epidemic are 5.7% less likely to have
had adequate prenatal care (column 1, p< 0.01). This result suggests that
the pandemic affected prenatal care of mothers of all ethnicities.

While we cannot reject the null that the pandemic did not cause
ethnicity differentiated gaps in prenatal care, results show a baseline
(pre-pandemic) Indigenous/non-Indigenous health gap in prenatal care.
The estimates are large and reflect a situation of persistent inequalities in
the Brazilian Amazon. Indigenous mothers are 7.5% less likely to have 7
(or more) prenatal consultations (column 1, p < 0.01).

Next, we split the sample into two groups; non-traveling and traveling
mothers. The results from the non traveling subsample (column 2) are
very similar to those of the main sample. While we find some discrepancy
in the point estimates of coefficients between the main sample (column
1) and the subsample of traveling mothers (column 3), the latter co-
efficients are imprecisely estimated and we cannot reject the null of no
associations between COVID or Indigenous ethnicity with prenatal care.
However, when we examine the subsample of traveling mothers who
reside in the most remote locations, defined as those who travel at least
400 km (250 miles) to deliver their babies, we find a large and precisely
estimated negative effect of COVID on the probability of proper care. The
mothers who live in the most remote locations and delivered a baby after
the pandemic were 35.2% less likely (p < 0.01) to have had adequate
prenatal care. These estimates reflect important shortcomings of the
Brazilian health care system in rural communities in the Amazon.
fissionais), contains monthly information on the supply of SUS (public health
system) health care professionals by health care facility. Both the worker
identifier and the number of hours worked are available monthly. The discus-
sion that follows uses data on the stock of physicians, nurses, and midwives that
worked at least 1 h in a given month. We also estimated models using the total
number of hours worked (as opposed to number of workers). Results are similar
and available upon request.
6.3. Supply of physicians, nurses, and midwives

This section examines the impact of the COVID-19 pandemic on the
supply of health care professionals, namely: physicians, nurses, and
11
midwives. We match the health care facility number of the health unit
where delivery took place (from the SINASC data set) with monthly data
on the number of health care professionals in each facility (available in
the CNES databse).32 As our focus is infant health, we consider the
facility's supply of workers relative to fertility of mothers that deliver
their babies in such a facility. Therefore, for each facility, we aggregate
births to the monthly level to calculate the supply of health care workers
per birth.

We estimate the following equation:

Sit ¼ αþ βCOVIDit þ μi þ γt þ ϵit (4)

where Sit is the supply of health care workers (per birth) of facility i in
month t, and COVIDit is an indicator for the start of the epidemic in the
municipality of facility i, i.e. 1s for months t after the first resident of the
municipality of facility i is hospitalized due to COVID-19, 0s before the
epidemic. μi and γt are facility and month-by-year fixed effects, respec-
tively. The error term is ϵit.

Note that we cannot match mothers/births to health care pro-
fessionals. Instead, we match total number of births and health care
workers to facilities. As a result, to examine the possibility of ethnicity
differentiated effects of the pandemic on the supply of health care
workers, we estimate model (4) separately for Non-Indigenous and
Indigenous births by dividing the facility-level supply of workers by the
number of Non-Indigenous and Indigenous births in each facility,
respectively.

Estimates of model (4) are particularly relevant for policy because
fertility is stable over the sample period.33 As a result, S measures the
supply of professionals relative to the (on average constant) demand from
pregnant women and changes in S over time largely reflect changes on
the public health system supply of doctors, nurses, and midwives.

The results are shown in Table 6. Estimates of α capture the baseline
(pre-pandemic) supply of workers per birth, while β captures supply
changes induced by the pandemic. To be able to compare impacts across
Non-indigenous and Indigenous models, and between the three types of
health care workers (physicians, nurses, and midwives), we normalize
the estimates of the COVID impact and report effects relative to the pre-
pandemic supply (per birth), i.e. we report β/α. The table shows models
that use data on facilities located in small municipalities (panel A), as
well as models that use data from facilities located in the capital city
Manaus (panel B).

We estimate that the supply of health care professionals in facilities in
the countryside decreases after the pandemic, however, in general, the
estimates are not statistically significant. The exception is the estimate of
the supply of midwives in the Indigenous model (panel A, column 6). The
results indicate that, controlling for facility and time effects, the supply of
midwives per Indigenous birth significantly decreases after the
pandemic. Our estimate of the (pre-pandemic) intercept is α̂ ¼ 0:288 (p
< 0.01) and the (post-pandemic) coefficient is β̂ ¼ �0:286 (p < 0.1),
which almost completely offsets pre-pandemic levels. These estimates
33 Fig. A.3 (Online Appendix) shows that the time trend of the number of births
per facility is generally flat.



Table 6
Effects of COVID on the supply of health care professionals.

(1) (2) (3) (4) (5) (6)

Non-Indigenous Indigenous

Physicians Nurses Midwives Physicians Nurses Midwives

Panel A: Small Municipalities
COVID (β) �0.230

(0.196)
�0.219
(0.192)

�0.038
(0.028)

�0.739
(0.553)

�1.091
(0.757)

�0.286*
(0.149)

Constant (α) 0.865***
(0.027)

0.702***
(0.026)

0.050***
(0.004)

2.988***
(0.078)

3.112***
(0.107)

0.288***
(0.021)

β/α �0.266
(0.218)

�0.311
(0.261)

�0.757
(0.500)

�0.247
(0.179)

�0.351
(0.231)

�0.995**
(0.444)

N 1219 1219 1219 741 741 741
R-squared 0.616 0.646 0.751 0.781 0.808 0.931
Panel B: Manaus
COVID (β) 0.102**

(0.042)
0.047*
(0.026)

�0.000
(0.000)

7.333
(10.239)

9.160
(8.477)

�0.001
(0.001)

Constant (α) 0.512***
(0.009)

0.158***
(0.005)

0.000***
(0.000)

66.316***
(1.807)

20.782***
(1.496)

0.087***
(0.000)

β/α 0.199**
(0.085)

0.300*
(0.176)

�0.091
(0.089)

0.111
(0.157)

0.441
(0.440)

�0.013
(0.011)

N 307 307 307 102 102 102
R-squared 0.892 0.936 0.994 0.678 0.422 0.644

Notes: Unit of observation is a health care facility by month. Dependent variable is number of health care professionals per birth. COVID is an indicator for municipality
specific epidemic months. Panel A uses health care facilities outside Manaus. Panel B uses health care facilities in Manaus. Panel A controls for facility and month-by-
year fixed effects. Panel B controls for facility fixed effect. Standard errors of α and β are clustered at the health care facility level. Standard errors of β/α obtained
through the delta method. *p < 0.1, **p < 0.05, ***p < 0.01.
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imply that the pandemic decreased the supply of midwives per Indige-
nous birth by 99.5% (p < 0.05).34

In contrast, when examining the data from Manaus, we find that the
supply of physicians and nurses (per non-Indigenous births) increased by
20% (p < 0.05) and 30% (p < 0.1), respectively (panel B, columns 1 and
2). We find evidence that this is at least partially driven by a migration of
public physicians and nurses from the countryside to the metropolitan
region after the start of the epidemic in Manaus.35 Specifically, we find
that physicians that worked all 12 months of 2019 exclusively in the
countryside are 5.9% more likely (p < 0.01) to work in Manaus after
March 2020 (see Table A.8, Online Appendix). For nurses that worked
exclusively in the countryside in 2019, the pandemic increases the
probability of working in a Manaus' health care facility by 1.6% (p <

0.01). Models' details are available in the Online Appendix (see notes of
Table A.8).
34 The average number of midwives per indigenous birth (in small munici-
palities) is 0.270 before COVID, and 0.165 after COVID. A regression of mid-
wives per birth on COVID (without accounting for fixed effects) yields α ¼ 0.270
and β ¼ �0.105. However, the estimate Δ ¼ 0.165–0.270 ¼ �0.105 (or pro-
portionally β/α ¼ �0.39) cannot be interpreted as the causal impact of COVID
on the labor supply due to the likely correlations between the local pandemic
and unobserved facility effects (e.g. management style or quality standards) or
unobserved time-specific (common) shocks (e.g. regional drought, variation in
state-wide policy or macroeconomic conditions). Another way to interpret our
result is that a two-way fixed effect ratio β/α ¼ �0.995 implies that the reasons
why the post-pandemic stock of midwives (per birth) is not approaching zero in
the sample are the facility-specific and time-specific effects.
35 Doctors of the Brazilian public health care system are allowed to work in
multiple municipalities. Therefore, we investigate whether the pandemic pro-
duced a migration of physicians from the countryside to the capital city. In our
Amazonas data (here all months of 2019–2020), out of the 103,935 physician-
month observations, 75,568 are observations of physicians that worked exclu-
sively in Manaus (72.7% of the physician-by-month data), 22,087 are physicians
that work exclusively in small municipalities (21.2%), and the remainder 6%
represent doctors that, in a given month, worked both in the countryside and in
Manaus.
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7. Robustness checks

7.1. Alternative measures for the start of the pandemic

Measuring the start of the pandemic with the date of the first hospi-
talization is an approach that is sensitive to noise in the data and extreme
values. As a robustness check, we use different thresholds to determine
municipality-level epidemic start dates. Specifically, we re-define both
the extensive and intensive measurements of COVID by using two new
thresholds. First, we use the 50th hospitalization of a resident in the
mother's municipality as the time cut-off for the local epidemic. Second,
we use as cut-off the date of the first confirmed COVID-19 death of an
individual that resides in the mother's municipality. We use the alter-
native COVID variables to re-estimate model (1). The results of both
checks are very similar to our original estimates and we do not find
COVID impacts on birth weights or the probability of having Apgar scores
below 8 (see Table A.3, Online Appendix).

7.2. Matched sample

King and Nielsen (2019) suggest the use of matching models to prune
data and enhance strength of identification of empirical analysis by
estimating regression models on matched samples. The idea is to use
matching to find ‘hidden experiments’ in the data and estimate models
using treatment/control observations that are ‘similar’ based on mean-
ingful observables. They also show that data pruning procedures reduce
the sensitivity of results to model specification (i.e. lower model
dependence).

In this spirit, we use matchingmethods to balance characteristics over
Indigenous ethnicity of mothers in our sample. Specifically, we use
nearest neighbor matching to construct a matched sample by requiring
exact matches between Indigenous and non-Indigenous observations on
the following mother's characteristics: married, schooling levels (based
on the categories of Table 1), age, and municipality of residence. We also
require at least 3 matches in each ethnicity group. This resulted in a
matched sample with 9431 observations.

We use the matched sample to perform two robustness checks. First,
we re-estimate model (1) (Table A.4, Online Appendix). Second, we re-



37 Breusch-Pagan heteroskedasticity tests reject the null hypothesis of constant
variance in model (1) (p < 0.01).
38 The model can be conceptualized by assuming our potentially endogenous
regressor takes the form COVID ¼ X0α þ ν, where X includes all regressors from
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estimate the distributional impacts in Fig. 2 (Table A.7, Online Appen-
dix). The results of model (1) in the matched sample are similar to those
from the main sample (Table 2). The COVID variable and its interaction
with Indigenous remain statistically insignificant suggesting that poten-
tial exposure did not affect birth weights and Apgar scores. Moreover, the
matched sample results corroborate the previous finding of a baseline
ethnicity birth weight gap, however the estimate of the size of the gap is
smaller in the matched sample. Specifically, in the matched sample,
Indigenous birth weights are 48 g lower (p < 0.01) than non-Indigenous
birth weights (in contrast to �60 g in the main sample).

The results of the distributional analysis related to ethnicity differ-
entiated COVID impacts are again similar to those of the main specifi-
cation. Using the matched sample, we again find evidence that the
extensive margin of potential exposure has higher impact on Indigenous
infants at the lower tail of the birth weight distribution. The results in
Table A.7 show that, compared to the main sample, while the range of
statistically significant effects shrinks to X<1100 g, the point estimates
increase (and in some cases more than double). The largest estimate
comes at the very bottom of the X range. The table shows that Indigenous
infants born after the start of the epidemic are 1% more likely to have
birth weight below 1000 g (p < 0.05). These results are additional evi-
dence that indeed the COVID-19 pandemic had ethnicity differentiated
impacts at the lower end of the birth weight distribution in the Brazilian
Amazon.

7.3. Including the capital city Manaus

As discussed above, our main specification excludes births in the large
urban region of Manaus. By focusing on small municipalities we work
with a homogeneous sample and alleviate concerns regarding selectivity
between the private and public health systems. Nevertheless, as a
robustness check, we estimate model (1) using the entire data set
(Table A.5, Online Appendix). In general, results obtained using the
sample that includes births in Manaus are similar to those in our main
specification. This suggests that our fixed effects strategy is able to cap-
ture much of the structural differences between urban and rural settings
in Amazonas.

7.4. Excluding municipalities characteristics

To strengthen the internal validity of our estimates, our main speci-
fication includes interactions of pre-treatment municipality characteris-
tics with a linear time trend. Arguably, the time horizon of 19 months
may not be long enough to warrant municipal controls beyond munici-
pality and month-by-year fixed effects. We test whether failure to reject
the null of no COVID-19 health impacts is a function of the inclusion of
municipality-specific trends. It is encouraging to learn that our results are
not affected by the inclusion of these trends (Table A.6, Online Appen-
dix). This suggests that our estimates are not driven by other differential
trends related to the epidemic variation between municipalities, allevi-
ating municipality-level selectivity concerns such as those driven by a
possible correlation between unobserved determinants of health status
and the strength of COVID-19 exposure.

7.5. Nonlinearities

We use nonparametric tools to test whether the null effects from
model (1) mask important nonlinearities. We test for the possibility of
36 Estimations of the parametric and nonparametric portions of the conditional
mean of birth weights are done separately using a combination of OLS and
nonparametric local-linear least-squares. Estimation relies on a Gaussian kernel.
To avoid computationally demanding bandwidth selection methods, we use
rule-of-thumb bandwidth 1.06σn�1/5, where σ is the standard deviation of
COVID (refer to Henderson and Parmeter (2015) for further discussion).
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nonlinear effects by estimating a partially linear model of birth weights
(Robinson, 1988; Stock, 1989). In the model, mother and infant/preg-
nancy characteristics enter the conditional expectation function in a
(linear) parametric fashion, while the key variable, the intensive margin
of potential COVID exposure, enters the model nonparametrically. We
estimate the model separately for Indigenous and non-Indigenous in-
fants.36 Fig. 3 plots the gradient of COVID against its own values, i.e. the
number of days between birth and the start of the pandemic. For both
Indigenous and non-Indigenous models, we see that estimates fluctuate
around zero, with the confidence interval including zero over the entire
range of COVID. In short, we do not find significant changes in birth
weights as each municipality's epidemic progresses over time. We also do
not find strong nonlinearities suggesting that the main parametric model
should produce acceptable results.

7.6. Endogeneity

Consistency of our estimates is based on municipality and month-by-
year fixed effects, municipality-specific socioeconomic trends, and the
fact that the pandemic was a universal and unanticipated shock to
mothers living in a homogeneous region of the Amazon, i.e. rural and
small municipalities. The identification assumptions of our models are
comparable to those from empirical work in the economics literature
aiming to evaluate impacts of the COVID-19 pandemic in the sense that
the onset of the pandemic is, after controlling for observables and fixed
effects, uncorrelated with unobservable drivers of the outcome of interest
(e.g. Couch et al., 2020; McLaren, 2021; Liu and Su, 2021; Couch et al.,
2021). Some papers in this literature argue that the pandemic is an
exogenous shock to their outcomes (e.g. Altig et al., 2020; Arenas-Arroyo
et al., 2021; Ftiti et al., 2021).

Nevertheless, as a robustness test, we offer an additional contribution
to the literature by conducting endogeneity tests and instrumental vari-
able (IV) estimations (Baum and Lewbel, 2019). One challenge about
performing such tests is the availability of a valid instrument. However,
Lewbel (2012) proposes an instrumental variable approach that can be
used when an appropriate instrument is not available. Lewbel's method is
part of an emerging literature that proposes restrictions on higher order
moments as means to identification. Specifically, identification is ach-
ieved when regressors are uncorrelated with the product of hetero-
skedastic errors.37 As Lewbel discusses, the estimator can be used to
address a variety of sources of endogeneity, including measurement er-
rors and omitted variables/confounding effects.38

We use Lewbel's heteroskedasticity-based instrument to perform
Hausman specification tests for the endogeneity of COVID in model (1).
The null hypothesis is that the estimates are efficient and consistent (i.e.,
no endogeneity). Under the null, there should be no systematic difference
between the OLS and IV estimators. For all models, the results of the
Hausman tests show that we cannot reject the null of no endogeneity.39

Underidentification and weak identification tests support the use of
heteroskedasticity-based instruments, especially in the extensive margin
models. IV estimates of model (1) (Table A.9, Online Appendix) are very
similar to our main models (Table 2), which is in line with the findings of
the Hausman tests. We again do not find empirical evidence of an impact
equation (1) and the error ν is correlated with the error ε of the outcome model.
Lewbel (2012) shows that, under heteroskedasticity, the set ðW �WÞν̂ can be
used as valid instruments in the outcome equation, where W is equal to (or a
subset) of X.
39 P-values of Hausman tests for each model are as follows. Birth weight:
extensive margin (Prob>chi2 ¼ 0.955), intensive margin (Prob>chi2 ¼ 0.871).
Apgar: extensive margin (Prob>chi2 ¼ 0.207), intensive margin (Prob>chi2 ¼
0.598).



Fig. 3. Nonlinear impacts – gradient estimates with respect to COVID (IM). Notes: Results of the partially linear model. The figure reports gradient estimates with
respect to the intensive margin measure of potential COVID-19 exposure: number of days between birth and the start of the pandemic, with zeros for births before the
pandemic. Panel A shows results for the model estimated on non-Indigenous births. Panel B shows results of the Indigenous model. The dashed lines represent 95%
confidence intervals based on 400 replications of wild bootstraps (see Henderson and Parmeter, 2015).
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of COVID on mean infant health measures. Corroborating results above,
we find statistically significant pre-pandemic birth weight gaps. Specif-
ically, results show that indigenous infants have birth weight, on average,
60.4 g (extensive margin model, p < 0.01) or 61.32 g (intensive margin
model, p < 0.01) lower than their non-Indigenous counterparts.

8. Conclusion

8.1. Discussion and policy implications

In March of 2020, the World Health Organization characterized
COVID-19 as a pandemic. Back then, it was hard to have a good grasp of
the magnitude of all different impacts the COVID-19 global crisis would
generate. The demand for information about the virus, including not only
technical medical information but also information that could inform
policy, increased together with our knowledge about how easily the virus
spreads and mutates, exposing weaknesses of health care systems.
Scholars around the world accepted the challenge and COVID-19 became
one of the most extensively researched topics across many disciplines.
One of the most important outcomes of this research was the develop-
ment of vaccines and creation of randomized clinical trial protocols to
facilitate vaccine evaluation (Ogburn et al., 2020; Ledford et al., 2020).
While clinical trials play a critical role in our knowledge framework, our
understanding of the pandemic would be very limited if we solely relied
on the high internal validity results from clinical trials. It is also impor-
tant to use observational data to examine general impacts through large
and representative data sets.

The paper contributes to this literature by using vital statistics data
from the Brazilian state of Amazonas to estimate impacts of the pandemic
on Indigenous infant health. In our first analysis, we use the staggered
variation on the start of the pandemic across small municipalities in the
Amazon to examine the impacts of the spread of the virus on mean birth
weight and Apgar scores. We fail to find statistical support for a mean
pandemic effect. This result is robust to a number of checks, including
alternative measures for the start of the pandemic, evidence from sub-
samples (based on mother characteristics, matched sample, geographical
variation), nonparametric investigations of nonlinearities, alternative
specifications, and instrumental variable estimation. Our findings of no
effects are similar to that from Bach et al. (2021), who are unable to
14
detect any causal effect of active participation in the 2020 elections on
mortality of French politicians.

Moving beyond the mean, we turn to distributional effects and we are
able to detect ethnicity differentiated impacts of the pandemic on infant
health. Most importantly, these effects were detected when exploring the
left tail of the birth weight distribution by modeling Pr[birth weight<X],
for X lower than 1400 g. Our models find evidence that Indigenous in-
fants born after the start of the pandemic are at greater risk of having
these very low birth weights. Using our main sample, effects are more
precisely estimated when X ¼ 1150, in which case the additional risk for
Indigenous infant is 0.6% (p < 0.05). While at first this may appear to be
a small effect, the economic significance of such an estimate should not
be understated. To see this significance, note that the Indigenous baseline
probability of having a live infant weighing less than 1150 g is 0.43%
(which interestingly is lower than the baseline of 0.57% for non-
Indigenous infants). While no additional impacts are found for non-
Indigenous infants, our estimates suggest that COVID-19 more than
doubles the risk of very low birth weights for Indigenous infants.

We conclude the paper by investigating possible reasons for these
ethnicity differentiated pandemic effects. Access to health care facilities
is especially important for Indigenous mothers. When examining the
subsample of mothers who travel to another municipality to deliver their
babies, we find that the risk of being born with very low (< 1100 g) birth
weight is 3.4% higher (p < 0.05) after the pandemic for Indigenous in-
fants. We also find different channels at play related to prenatal care. The
pandemic reduced the probability of proper prenatal care by 5.7% for all
mothers, i.e. we do not find ethnicity-related effects of the pandemic.
However, the pre-pandemic (baseline) probability of adequate prenatal
care is 7.5% lower for Indigenous mothers. Finally, we examine how the
pandemic affected the facility-level supply of health care professionals.
First, we find that the supply of midwives per non-Indigenous births was
not altered by the pandemic. However, our results indicate that the
pandemic almost completely offsets the pre-pandemic level of midwives
per Indigenous birth, which can be an important factor for the health of
Indigenous communities in remote regions of the Amazon. Putting all the
evidence together, it seems like Indigenous mothers in small, rural, and
remote regions of the Amazon are too far away from the health care
system, and the pandemic exploited these deficiencies.

Brazil has historically struggled to prevent ethnic-based health care
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gaps and develop health policy to decrease disadvantages faced by
Indigenous Peoples (Victora et al., 2011; Pontes and Santos, 2020). As a
notable effort in this direction, Brazil introduces in 2013 theMais M�edicos
(More Physicians) program that focus on improving the national supply
of physicians with a target at health supply in Indigenous communities.40

While a few papers focus on evaluating impacts of the Mais M�edicos
(Fontes et al., 2018; Carrillo and Feres, 2019), the debate is open as to
whether the program was successful in reducing ethnic health gaps. Our
empirical analysis (using data from 2019 to 2020) shows that important
gaps exist in infant health, suggesting persistent health inequalities in the
Brazilian Amazon. Our findings give direction regarding mechanisms at
play that contribute to health gaps. Health policy in Brazil should play
close attention to the links between Indigenous communities and access
to health care facilities, prenatal care, and the supply of medical
personnel, and how these features of local health care systems fulfill the
needs of Indigenous individuals in moments of system stress and critical
crises.

8.2. Limitations and future research

The paper focuses on developing empirical models to test for ethnicity
differentiated pre- and post-pandemic health gaps. We explore hetero-
geneities and potential mechanisms through which impacts may operate
through. In doing so, we find a number of interesting and puzzling results
that meet the limitations of our data and should be the focus of future
research. For example, there are both advantages and disadvantages
related to the timing of our data, i.e. birth records up to 4.5 months after
the start of the pandemic in the Brazilian Amazon. On the positive side,
the data allow us to obtain early insights into the impact of the pandemic
on Indigenous health, and has the identification advantage of avoiding
the possibility of endogenous fertility decisions. However, the literature
on in utero impacts often emphasizes effects by the trimester of negative
shocks. All births in our sample had no first trimester exposure to COVID-
19. Therefore, it is possible that our empirical approach underestimates
the impact of potential exposure on infant health. Future work should
address this limitation, examining, for instance, whether or not the hy-
pothesis of no mean effects of the pandemic on birth weight is rejected
using other large scale data sets with longer timelines of potential
exposure.

Another limitation of our data is the reduced number of observations
related to the Apgar score of Indigenous infants (see Table 1). While
infant records in SINASC are mandated by law, the missing Apgar score
data could be an indication of a possible correlation between health care
facility characteristics and Apgar data availability.41 The Hausman tests
suggest this is not the case (see section 7.6). However, if the Apgar score
sample is a selected sample of infants born in better health care facilities,
then our null results from Apgar models may be driven by this superior
quality of health services which can mask the effects of the pandemic.
Again, this is another data limitation that may bias estimates against the
identification of negative effects from the COVID-19. In this sense, the
point estimates of these models can be considered a lower bound of
possible pandemic effects. Nevertheless, abstracting away from selec-
tivity issues, the finding that pandemic impacts depend on the infant
40 The program allocated more than 18,000 full time physicians (of which the
majority were imported from other countries such as Cuba). One of the pillars of
the program was to improve Indigenous health via the allocation of doctors in
Indigenous Special Sanitary Districts – ISSDs (Carrillo and Feres, 2019). Given
the scarcity of Brazilian doctors willing to practice in remote Indigenous com-
munities, foreign doctor were heavily allocated in the Amazon region. Specif-
ically, 99% of the doctors working in ISSDs were imported from Cuba as part of
a large cooperation agreement with the Pan American Health Organization
(United Nations, 2016).
41 According to Brazilian Federal Law Number 12.662/2012, the declaration of
live birth must be filled out by the medical professional that was responsible for
either prenatal care, delivery, or pediatric care of the newborn.
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health outcome warrants additional research.42

We find ethnicity-differentiated effects detected at the very low birth
weight portion of the birth weight distribution. A possible interpretation
of this result is that the pandemic disproportionately impacted the rate of
preterm births of Indigenous infants born in the Brazilian Amazon.
However, empirical evidence on the impact of the interaction between
the pandemic and race/ethnicity on the probability of preterm birth is
not clear (Karasek et al., 2021; Janevic et al., 2021). Future research is
needed to examine more carefully this mechanism.

Finally, we find that pre-pandemic gaps decrease with certain pa-
rameters of vulnerability, e.g. the baseline disadvantage is smaller (or
disappears) for not married mothers, for mothers who travel to deliver
their babies, and for infants at lower ranges of the birth weight distri-
bution. One explanation might be that some subsets of vulnerable
mothers form a more homogenous group. Social networks may also help
explain these results. Munshi and Rosenzweig (2016) find that rural
families in caste-based networks use loans and gifts as substitutes for
formal insurance and state-sponsored safety nets. It is therefore possible
for the Indigenous/non-Indigenous health gap in rural Amazon to be
attenuated for vulnerable mothers in Indigenous communities due to
strong social networks that offer social support for Indigenous in-
dividuals (Waterworth et al., 2014). Further investigations of these hy-
potheses should be addressed by future research.
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