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Abstract∗

This paper investigates what explains the variation in impacts of COVID-19 across 
Brazilian cities. I assemble data from over 2,500 cities on COVID-19 cases and deaths, 
population mobility, and local policy responses. I study how these outcomes corre-
late with pre-pandemic local characteristics, drawing comparisons with existing US 
estimates when possible. As in the United States, the connections between city char-
acteristics and outcomes in Brazil can evolve over time, with some early correlations 
fading as the pandemic entered a second wave. Population density is associated with 
greater local impact of the disease in both countries. However, in contrast to the United 
States, the pandemic in Brazil took a greater toll in cities with higher income levels – 
consistent with the fact that higher incomes correlate with greater mobility in Brazil. 
Socioeconomic vulnerabilities, such as the presence of slums and high residential 
crowding, correlate with higher death rates per capita. Cities with such 
vulnerabilities in Brazil suffered higher COVID-19 death rates despite their 
residents’ greater propensity to stay home. Policy responses do not appear to drive 
these connections.
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1 Introduction
The impacts of the COVID-19 pandemic can vary strikingly from one city to another within
the same country (Allcott et al., 2020; Desmet and Wacziarg, 2021; Glaeser et al., 2020). I
study the drivers of these differences among cities in Brazil, a country that had suffered one
of the world’s highest number of fatalities from the disease at the time of writing – second
only to those in the United States. Combining data frommultiple sources, I investigate how
local variation in COVID-19 cases and deaths, residents’ mobility, and local governments’
policy responses correlate with pre-pandemic city characteristics at different points in time.
My study focuses on the first year of the pandemic, from February 26, 2020, when the first
case was reported in Brazil, until a year later, February 25, 2021.

The first part of my analysis closely replicates the specification used by Desmet and
Wacziarg (2021) to study the correlates of COVID-19 cases and deaths per capita across
US counties. This allows me to explore how the drivers of the local toll of the disease
compare in the two countries with the highest number of deaths during the first year of the
pandemic, which also have different income levels. I consider the role of population density,
commuting patterns, median household income, distance to internationally connected
airports, and the presence of populations that are vulnerable because of age or because
they reside in nursing homes. I then introduce an additional set of covariates that may be
especially relevant in low- and middle-income countries. These include informality rates,
the education of the labor force, the presence of racial minorities, residential crowding, and
the presence of slums (locally known as “favelas"). Last, I investigate potential mechanisms
shaping these correlations by examining how local mobility and policy responses to the
pandemic varied with city characteristics, using a local mobility panel based on data from
over 60 million cell phones, and a containment intensity panel built from a novel data set
of local COVID-19 policies.

I find that some of the correlates of the local impact of COVID-19 are very similar in
Brazil and in the United States, but others are distinctly different. Among the similarities,
the robust connection of the local toll of the disease with population density stands out.
Following a short period at the beginning of the pandemic, in which population density
had a negative correlation with deaths, the situation changed. Density became correlated
with more COVID-19 deaths per capita as the pandemic continued, and this carried on
throughout the rest of the study period in both countries. Other parallels include the the
roles of public transportation commuting and of distance to the closest internationally
connected airport. Both factors exhibit early positive correlations that later fade away.

Another similarity between the Brazilian results and those in the US is that the con-
nections between city characteristics and COVID-19 outcomes over time look very similar
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regardless of whether they are measured on the same calendar dates for all cities, or
whether they are measured at a fixed number of days since the epidemic’s local onset,
which varied from city to city. This supports the view that the differences in the local
impact of COVID-19 at a given point in time are not just an artifact of heterogeneity in the
time of arrival of the virus, but reflect lasting disparities in the vulnerability of cities to the
pandemic (Desmet and Wacziarg, 2021).

Notwithstanding these parallels, the analysis also shows some striking differences
between the United States and Brazil. These include household income and local education
levels – which are associated with fewer COVID-19 deaths per capita in the United States,
but more in Brazil – and the presence of racial minorities – which have a positive correlation
with deaths in the United States, but no statistically significant correlation in Brazil, after
controlling for the other covariates.

The most salient contrast between the two countries is the correlation between the
median household income and COVID-19 deaths, which in Brazilian cities is large, positive,
and statistically significant. Put differently, higher-income cities in Brazil tended to have
worse COVID-19 repercussions – the opposite of the case of US counties. The mobility
analysis suggests that this may be at least partially explained by the fact that richer cities
maintained relatively more vibrant economic activity during this period. In Brazil, cities
around the country started reopening their economies as early as in April, even as reported
infections and deaths continued to escalate. Cities with higher income levels tend to feature
more commercial activity, which incentivizes mobility and increases exposure of the local
population to the virus. Accordingly, I find a consistent negative association between
income and the proclivity to stay at home, which started to emerge in May 2020. Other
results are also consistent with this interpretation. For Brazilian cities with high population
density and a large share of college-educated in employment – two characteristics that
tend to be associated with a vibrant local economy in both developing and high-income
countries (Chauvin et al., 2017) – the correlation with the propensity to stay at home was
positive at the very beginning, but shortly after became and stayed negative.

An alternative, non-exclusive explanation for the connection between income and the
local impact of the disease in Brazil, is that richer cities may have been better able to identify
and report COVID-19 cases and deaths (for example, due to better testing coverage, or
better reporting protocols). The evidence, however, is less supportive of this interpretation.
Because states are the highest subnational jurisdiction in the country, testing policies and
data reporting standards are more likely to vary across than within states. Thus, if there
is a positive income bias in reporting, an analysis that includes state fixed effects in the
regression would likely attenuate it; instead, I find that, after incorporating state fixed
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effects, this connection becomes more pronounced.
I also find that characteristics associated with lower mobility are not always associated

with fewer deaths per capita across Brazilian cities. In particular, variables capturing so-
cioeconomic and demographic vulnerabilities to the pandemic – such as older populations
(Levin et al., 2020), residential crowding (Ahmad et al., 2020), and the presence of favelas
(Brotherhood et al., 2020) – tend to be correlated with more deaths per capita, particularly
during the first wave of the pandemic, despite a higher propensity to stay at home in cities
with such characteristics. This pattern is most pronounced in cities with large shares of
their households located in favelas, which had a disproportionately high number of deaths
per capita during the first wave, but not afterwards. Meanwhile, these cities were more
likely than others to stay at home throughout the period of study. This finding resonates
with the results in Sheng et al. (2021), who find that the comparatively higher infection
rates found in Mumbai slums cannot be explained by differential compliance with mobility
restrictions.

Finally, I find that the set of policies chosen by municipalities in response to the disease
are largely uncorrelated with the city characteristics under analysis over the period of study.
These results suggest that the links between city-level characteristics, the local COVID-19
impact, and mobility, are not explained by differential policy responses at the city level.

This paper contributes to the fast-growing COVID-19 literature, particularly to a branch
focusing on cities. It is closest to research exploring how city characteristics relate to the
impact of the pandemic (Allcott et al., 2020; Almagro and Orane-Hutchinson, 2020; Desmet
and Wacziarg, 2021; Glaeser et al., 2020; Knittel and Ozaltun, 2020; McLaren, 2020). While
this literature mostly focuses on the United States, my analysis provides evidence from
Brazil, the second hardest-hit country during the first year of the pandemic. My work also
relates to a literature that explores how COVID-19 may affect low- and middle-income
countries differently from countries with higher income levels. Existing work tends to focus
on country-level characteristics (Alfaro et al., 2020; Alon et al., 2020; Brown et al., 2020; Busso
et al., 2020; Chauvin et al., 2020; Goldberg and Reed, 2020; Hausmann and Schetter, 2020)
or local case studies (Brotherhood et al., 2020; Sheng et al., 2021). My research highlights
subnational spatial variation across the territory of a large middle-income country.

2 Data
I use two types of data in this paper. The first type consists of time-invariant, pre-pandemic
city characteristics obtained from multiple sources. Most of these are directly constructed
from the microdata of the 2010 Brazilian demographic census, or obtained from aggregates
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constructed by the Brazilian Institute for Geography and Statistics (IBGE) based on data
from this census year (IBGE, 2012). There are two exceptions in my main specification.
One is the measure of population density – the total population living within 1 km of the
average inhabitant of the city; I compute this measure using 2015 data from the Global
Human Settlement Layer (Schiavina et al., 2019). The other is the share of households in the
city located in slums (commonly referred to as "favelas"), which is based on 2019 estimates
generated by the IBGE using multiple sources (IBGE, 2020). In addition, I include in the
appendix tests of the robustness of the results to the inclusion of a number of additional
regressors, in which I also use data from the Brazilian National Health System (DATASUS,
2021), and climate data from Harris et al. (2014). Appendix A provides further details
on the sources and definition of each variable, and Appendix Table B1 reports summary
statistics.

The second type of data consists of time-varying outcomemeasures. Summary statistics
for these variables are reported in Appendix Table B2. The main outcomes are the number
of daily COVID-19 cases and deaths, which I obtain from Brasil.io (Justen, 2021), an open
data platform that collects information directly from the state-level health secretaries. In
spite of their widespread use in the COVID-19 literature, cases and deaths statistics have
important limitations. It is widely recognized that they likely undercount the true impact
of the disease due to limited testing coverage or preferences-driven demand for testing
(Baqui et al., 2020; Cintra and Fontinele, 2020). Across countries, while there is a positive
correlation between income levels and COVID-19 mortality, there is no evidence that the
undercounting of these deaths and cases is systematically correlated to income (Goldberg
and Reed, 2020). The situation might, however, be different across cities. Testing coverage
and deaths reporting protocols – which I do not observe – might be correlated with some
of regressors of interest, such as income and population. I use state fixed effects in all
regressions to mitigate these concerns. The COVID-19 data in this paper are produced by
state health secretaries, and the testing and reporting standards are more likely to vary
across than within states. In addition, I focus most of the analysis on death counts. As in
prior epidemics such as Ebola and SARS, deaths are seen as relatively more reliable than
cases to track the spread of the disease because it is less likely for a death than for a non-fatal
infection to go unregistered (Avery et al., 2020; Maugeri et al., 2020; O’Driscoll et al., 2021).
That said, it is important to keep in mind that, if measurement error were systematically
associated with a given regressor in a way that were not corrected by the inclusion of other
covariates and of state fixed effects in the regression, then the corresponding estimates
would reflect the effects of the regressor on both COVID-19 deaths and their reporting.1

1An alternative would be to use excess deaths relative to prior years, but this is only feasible in Brazil for
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The second time-varying outcome is the "Social Isolation Index" produced by the private
firm InLoco (InLoco, 2021). This measure is is based on anonymized data from over 60
million cell phones, and is defined as the share of phone users in the city who stayed at
home on a given date, where staying at home is defined as remaining within 450 meters of
the location identified as the residence. After the pandemic began, InLoco made the index
available to researchers upon request, and it has been used in multiple recent COVID-19
studies (e.g., Candido et al., 2020; Brotherhood et al., 2020).

The third outcome that I observe over time is the policy response of local governments
to the crisis. I use a measure of containment intensity, built from a novel data set of local
COVID-19 policies by Chauvin et al. (2021). The data set is a municipal-level panel that
identifies, for a set of COVID-19 containment policies, whether each of themwas in place in
a given municipality on a given date. The original sources are local legislation documents
obtained frompublic online records, fromwhich the text of individual articles was extracted
and analyzed to attribute policies to municipalities and dates. My measure assigns to each
municipality-date the number of days (over the immediately prior 30-day window) in
which the municipality had in place at least one of six containment policies, including
workplace, commerce, travel, or public transit restrictions; lockdowns; or curfews.

Last, I choose my city definition to capture the level at which the relationships that this
paper studies are likely to operate. The administrative jurisdiction typically associated with
a "city" in Brazil is the municipality. This is also the level of government at which most
of the data described above initially were made available. However, when considering
large and small cities in the same analysis, this level is not that best suited to measure the
connection between local characteristics and the impact of COVID-19, as municipalities
vary greatly in those characteristics and are not necessarily comparable. There were 5,570
Brazilian municipalities at the beginning of 2020, including very rural communities, with
fewer than 10,000 people, and municipalities located in large urban areas, with millions
of inhabitants. Moreover, medium and large urban areas frequently contain multiple

a small set of cities. Specifically, excess death estimates are based on predictions of the expected number
of deaths. These predictions are based on historical mortality data. To produce a dependable weekly
panel of excess deaths, we would first need enough pre-pandemic data for each city-week cell to generate a
reliable prediction of expected deaths from March 2020 onwards. This may be attainable in highly populated
jurisdictions, but it is much less feasible in less-populated cities, where there are relatively few deaths in
any given year, and less so in any given week. In addition, we would need comparable mortality data for
the post-pandemic period. At the time of this writing, the main source of historical mortality data – the
Ministry of Health’s Mortality Information System (SIM) – has made available data only through 2019. As
a result, existing excess death estimates in Brazil – generated at the level of the 27 states and their capital
cities – use 2020 data from the Civil Registry; these data are not entirely compatible with the historical data
(Marinho et al., 2020). Another alternative would be to use data on the prevalence of COVID-19 antibodies
in the population, as in Buss et al. (2021) and Hallal et al. (2020). However, these data are available only for
a limited, non-representative sample of cities.
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municipalities, which share common labor and housing markets in spite of being ruled by
separate local governments. Because these municipalities are effectively part of the same
community in terms of exposure to the virus, it makes sense to group them as part of the
same locality in the data. I do this by treating all municipalities that belong to the same
commuting zone2 as a single city. I also constrain my analysis to municipalities of at least
10,000 people, resulting in a total of 2,509 cities in my main sample. An exception is the
analysis of the connection between city characteristics and COVID-19 containment policies,
which I perform at the municipality level to match the jurisdiction of the policymakers.

3 The Spread of COVID-19 in Brazil
The first confirmed COVID-19 case in Brazil was reported in São Paulo on February 26,
2020. Over the next few days new cases emerged, primarily in the most populated and
internationally connected cities (Chauvin, 2021). Figure 1 reports cross-city averages that
illustrate the evolution of cases and deaths in the weeks and months that followed. Almost
three weeks after the first case, on March 17, the first death was confirmed, and the states of
São Paulo and Rio de Janeiro declared a state of emergency. The next day, and for the next
two weeks, mobility in Brazilian cities dropped dramatically, with almost 50% of phone
users choosing to stay at home on March 18 (third column in Figure 1). Nevertheless, the
virus continued to spread toward smaller cities and the interior of the country.

The first wave only peaked toward the end of July 2020, when the average city reported
close to 20 cases and 0.32 deaths per 100,000 people. However, some states and cities had
already started reopening as early as April, and establishments such as restaurants, bars
and gyms were allowed to operate, albeit with restrictions, in some of the largest cities by
mid-July. Over the following months, the share of people staying at home dropped, and
remained relatively stable at around 40% – higher than in the pre-pandemic period but
lower than in March. By the beginning of November, a second wave had started to take
hold in many cities around the country and reached its peak by the end of the period of
analysis, one year after the first case announcement. By then, Brazil had suffered 303,462
confirmed COVID-19 deaths, making it at that time the country with the second-highest
number of deaths worldwide, only behind the United States (Roser et al., 2021). There was
only a small and short-lived increase in the propensity of the population to stay at home in
late November and early December of 2020. After that, mobility continued to increase in

2I use commuting zones ("arranjos populaicionais") as defined by the Brazilian Institute for Geography
and Statistics (IBGE, 2016). These zones are groupings of geographically contiguousmunicipalities associated
with the same urban area through work- and study-related commuting.
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the average Brazilian city, even as COVID-19 cases and deaths continued to mount.
The spread of the disease evolved quite similarly in cities with populations above and

below the median, with only small differences (Figure 1, second panel). Smaller cities
reported, on average, fewer cases and deaths per capita than in larger cities during the
heights of the first and second wave. They also had a larger share of people staying at home,
particularly after the first wave subsided, and before the second wave started. However,
the progression of cases, deaths, and mobility over time in smaller cities closely tracked
the progression in the larger ones.

Figure 1: Local COVID-19 Cases and Deaths andMobility Over Time (Cross-City Averages)

All cities, daily values
Daily cases per 100k Daily deaths per 100k Share staying at home

By city population
Daily cases per 100k Daily deaths per 100k Share staying at home

By city median income
Daily cases per 100k Daily deaths per 100k Share staying at home

Notes: This figure plots cross-city averages and 95% confidence intervals of key outcomes of interest calculated directly from the
raw data. All outcomes are expressed as seven-day moving averages of the original daily values. The first panel considers the full
sample of cities (N=2,509). The second panel plots these figures separately for the subsamples of cities above and below the
median city population. The third panel plots these figures for the subsamples above and below the cross-city median household
income.

Wider differences emerge when comparing cities above and below the cross-city median
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household income (Figure 1, third panel). By May of 2020, richer cities had, on average,
significantly fewer cases and deaths per capita than cities below the median. This situation
changed over the following weeks and months. The incidence of cases and deaths became
the same in the two different income tiers around the peak of the first wave. After that,
richer cities reported, on average, increasingly higher numbers of cases and deaths per
capita than cities with lower incomes. These changes clearly correspond with changes in
the mobility of the populations. During the period from the beginning of the pandemic
(February 2020) until May 2020, people in higher-income cities had either a similar or a
higher average propensity to stay at home than those in lower-income cities. But after that
point, the trends change. From then onward, people in cities with above-median-level
incomes were consistently less likely to stay home than those in cities below the median.
This shows not only that some city characteristics relate more than others to differences in
the local impact of COVID-19, but also that the connection between local characteristics and
pandemic outcomes can vary over time. The regression results reported in the following
section provide a formal exploration of these differences.

4 Covariates of the Local Impact of COVID-19 across Cities
In this section I investigate the connection between pre-pandemic city characteristics and
COVID-19 cases and deaths. To facilitate comparisons with equivalent US estimates, I
replicate the specifications in Desmet and Wacziarg (2021). Specifically, I use OLS to
estimate the equation:

Y l
it = αl

0t +
k∑

j=1

βl
jtXij + εlit (1)

where Y l
i is the outcome of interest lmeasured for city i ondate t,Xij are city-level regressors

measured before the pandemic started, and εlit is a city-level error term corresponding to
outcome l on date t. The coefficient of interest βl

jt estimates the effect of regressor j on
outcome of interest l on date t, keeping all other regressors constant. All regressors are
standardized.

4.1 Results at the End of the First Year of the Pandemic

I start by looking at the one-year mark since the pandemic began. The first two outcomes I
consider are the cumulative count of cases and the cumulative count of deaths attributed to
COVID-19. In the main specification I use the inverse hyperbolic sine (IHS) transformation
of these variables to include in the estimation cities with zero cases and/or zero deaths
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(Bellemare and Wichman, 2020). Table 1 reports these results for the outcomes measured
on February 25, 2021, one year after the first reported case. The Appendix (Table B3)
reports these results using the logarithmic instead of the IHS transformation, with virtually
identical results.3

Table 1: City Characteristics and COVID-19 Toll as of February 25, 2021

(1) (2) (3) (4)
IHS cases IHS cases IHS deaths IHS deaths

Panel A: Baseline regressors

Population (Ln) 0.90*** 0.88*** 0.91*** 0.89***
(0.02) (0.02) (0.02) (0.03)

Avg. population within 10km (Ln) 0.07** 0.08*** 0.15*** 0.16***
(0.03) (0.03) (0.03) (0.03)

Commuting time (Ln) -0.05** -0.04** 0.05* 0.03
(0.02) (0.02) (0.03) (0.02)

Share of people aged 60+ -0.03 -0.02 0.08*** 0.15***
(0.03) (0.03) (0.02) (0.03)

Nursing home residents per 10k pop (IHS) -0.01 -0.02 -0.01 -0.01
(0.02) (0.02) (0.01) (0.01)

Km to closest airport connecting to hot spots (Ln) 0.03 0.02 -0.05 -0.03
(0.04) (0.04) (0.05) (0.05)

Median household income p/c (Ln) 0.42*** 0.46*** 0.28*** 0.45***
(0.04) (0.06) (0.06) (0.08)

Panel B: Full specification

Informality rate 0.04** 0.02
(0.02) (0.02)

College graduates employment share 0.07** -0.00
(0.03) (0.03)

Black and mixed population share -0.01 0.10
(0.05) (0.07)

Average persons per room (Ln) 0.12** 0.23***
(0.05) (0.06)

Share of households located in favelas -0.01 0.02
(0.02) (0.02)

Observations 2,509 2,509 2,509 2,509
R2 0.80 0.81 0.78 0.78
R2 of the per-capita specification 0.38 0.39 0.30 0.32

Notes: OLS regressions at the city level. All regressors are standardized. The R2 of the per capita specification comes
from regressions in which the outcomes are directly expressed in per capita terms, and population is excluded from the
regressor set. All regression include a constant and state fixed effects. Robust standard errors clustered at the state level are in
parentheses. *** p<0.01, ** p<0.05, * p<0.1.

3One year after the first case was detected in Brazil, COVID-19 had reached almost all corners of the
country, which explains the virtually identical results obtained with the IHS and logarithm transformations
on February 25, 2021. However, this was not the case in the early months of the pandemic. I use IHS in the
main specification to be able to compare the evolution of the estimated effects over time keeping the sample
of cities constant.
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Columns 1 and 3 of Table 1 report, respectively, the estimated effects of the baseline set of
regressors on total cases and deaths. I chose these variables to match as closely as possible
the main specification in Desmet and Wacziarg (2021), and, thus, to facilitate comparisons
(all subsequent references to comparable US results refer to this paper, unless otherwise
specified).4 This involves including in all specifications the logarithm of population, which
acts as a scaling factor and allows for the other coefficients to be interpreted as effects on
cases and deaths per capita.5 In the full specification (columns 2 and 4) I add as regressors a
set of potential determinants of COVID-19 cases and deaths that, on the basis of the existing
literature, are likely to be more relevant in low- and middle-income than in high-income
countries.

I first look at the role of population density. I follow De la Roca and Puga (2017) in
using as a measure of effective density the number of people living within 1 km of the
average city dweller. Urban economists have traditionally pointed to the faster spread of
contagious disease as a possible source of agglomeration diseconomies, particularly in the
developing world (Henderson, 2002; Glaeser, 2009; Bryan et al., 2020). Early COVID-19
studies did not find a connection between density and the local incidence of the disease
in cities in the United States, Spain or the United Kingdom (Carozzi et al., 2020). This,
however, changed as the pandemic progressed. Desmet and Wacziarg (2021) show that,
after the first few weeks, the correlation between the local COVID-19 toll and effective
density across US counties became increasingly positive and significant.

I also find density to be positively associated with cases and deaths in Brazil one year
after the first case was reported. While the coefficient on cases becomes statistically non-
significant after controlling for labor-market and living-condition characteristics, the effect
on deaths remains positive and significant. Including additional controls – such as the

4Due to data availability, the Brazilian specification does not include a measure of social capital, and it
uses the average commuting time instead of the share of people who commute using public transportation.
In addition, it uses the share of the population aged 60 and older (instead of 70 and older) because in Brazil –
as in other developing countries – younger cohorts have a higher likelihood of dying from COVID-19 than in
rich countries (Chauvin et al., 2020). Furthermore, the main specification in Desmet and Wacziarg (2021)
does not include state fixed effects. In the regression without fixed effects (reported in Appendix Table B4),
the results remain largely the same, even though the statistical significance of the estimates varies in a few
cases. I prefer to use the within-state variation in the main specification to address potential measurement
differences related to the geographically disparate rollout of testing, as well as state-level differences in data
collection and reporting protocols.

5The R2 of these regressions is very high: around 0.8 in the main specification, and as high as 0.97 for
cities with populations of 100,000 or higher. This is partly driven by the strong correlation between city
population and the local number of COVID-19 cases and deaths. As in Desmet and Wacziarg (2021), I also
report the R2 of the same regressions using the IHS of cases and deaths per capita as dependent variables,
and excluding the log population from the regressor set. This is informative of the contribution of the other
explanatory variables to the overall variation in the local impact of COVID-19.
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pre-pandemic stock of health equipment, pre-pandemic health workers per capita, and
local weather measures (Appendix Table B5) – does not change this result. The effect
does shrink and become non-significant when I restrict the sample to cities of at least
100,000 inhabitants (Appendix Table B6), suggesting that the difference is not coming from
comparing medium and large cities, but from comparing small cities with the rest.

Second, I look at the effects of the local average commuting time. While this variable
is negatively associated with cases, the association with deaths is positive though not
statistically significant after including labor-market and living-condition controls. These
results are very similar to those in Desmet andWacziarg (2021) for the share of commuters
using public transportation in the US, which may indicate that the Brazilian and the US
measures broadly capture the same phenomenon.6 In the 2017 Origin-Destination survey
of São Paulo, for example, 93% of individuals with commutes longer than 30 minutes used
motorized means of transportation, and 60% of this same group used public transportation
(Metro de Sao Paulo, 2017). Across the metropolitan São Paulo area, the share of people
using public transportation grows sharply with the length of the commute (Appendix
Figure B1).7

Next, I consider variables related to the presence of populations that are relatively more
vulnerable to the virus because of their age. This includes the share of the population
aged 60 or older, and the number of nursing home residents per 10,000 inhabitants. I
find that having an older population is associated with having more COVID-19 deaths,
but not with the total number of cases, in line with the well-known positive connection
between age and the risk of dying from the disease (Levin et al., 2020). Meanwhile, I
find a negative albeit smaller association between COVID-19 deaths and the quantity of
nursing home residents – which is not statistically significant in the baseline specification,
but becomes significant after including labor-market and living-condition controls. This
contrasts with the results for US counties, which in the case of deaths are negative for the
share of the population aged 75 or older, and positive for the percentage of nursing home
residents in the population.8 One interpretation is that these two variables are capturing
similar variation (i.e., the size of the age-vulnerable population), but in Brazil the nursing
homes variable contains less information due to the markedly lower prevalence of these

6Harris (2020) also finds a strong, positive association between subway use and the spread of COVID-19
in New York City, but Almagro and Orane-Hutchinson (2020) show, in the same context, that these effects
are not statistically significant after controlling for workers’ occupations.

7Only a few cities have publicly available origin-destination transportation surveys, which prevents me
from using this variable directly in the regressions.

8Desmet and Wacziarg (2021) also find a statistically significant connection between these variables and
the number of COVID-19 cases in the United States; this differs from the finding that emerges from the
regression analyzing the situation in Brazil.
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institutions in the South American country relative to the United States.
The connection between city-level income and the local COVID-19 toll differs sharply

between Brazil and the United States. While richer cities in the United States tend to
experience fewer cases and deaths per capita, in Brazil it is the opposite; cities with higher
median household income levels experienced more COVID-19 cases and deaths per capita.
This result is apparent in the rawdata (Figure 1) and inmost of the specifications considered
(Table 1, Appendix Tables B3, B4, B5, and B6). One potential explanation is that richer
cities test more intensely, and thus report more infections than relatively poorer cities even
if the are no real underlying differences. Another possible (non-exclusive) explanation
is that, in a context in which circulation restrictions are hard to enforce, and a large share
of the population lives hand-to-mouth, higher-income cities that support relatively more
more economic activity also generate more human interactions, leading, in turn, to more
infections, and ultimately more deaths.

While both accounts may partially reflect reality, the evidence appears more consistent
with the economic activity story. First, COVID-19 monitoring and policy are largely carried
out at the state level. Thus, testing protocols and intensity are likely to differ more across
than within states. The introduction of state fixed effects, however, does not reduce but
strengthens the household income effect. In the specification without state fixed effects
(Appendix Table B4) the point estimates are smaller, and only statistically significant for
cases and not for deaths, though still positive and of the same order of magnitude. Second,
both the raw data (Figure 1) and the multivariate regression estimates discussed below
(Section 5) show that in richer cities the share of the population staying at home was
significantly smaller than the share in poorer cities, at least after the first few weeks of
the pandemic. This can be viewed as reflecting higher intensity of economic activity in
higher-income cities.

Moving beyond the baseline specification, I introduce a set of additional variables that
have been highlighted in the literature as potential drivers of the local COVID-19 toll (Panel
B, Table 1). US-based research has found a connection between worse local COVID-19
outcomes and lower schooling levels, or the presence of racial minorities (Brown and
Ravallion, 2020; Benitez et al., 2020; Wiemers et al., 2020). These factors could play an even
more important role in Brazil, given the country’s long history of racial disparities and
inequalities in access to higher education. In addition, multiple studies have suggested that
the higher prevalence of labor informality (Alfaro et al., 2020; Busso et al., 2020; Hausmann
and Schetter, 2020) and of urban slums (Brotherhood et al., 2020) may be linked to the
faster spread of the disease in developing countries. The analysis shows that one year
after the outbreak of COVID-19 in Brazil the number of local reported cases – but not
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local deaths – is greater among cities that have higher informality rates or a greater share
of college graduates in employment. I do not find a statistically-significant connection
between COVID-19 outcomes and the share of black or mixed race people in the population,
or with the share of households living in favelas.

Throughout all specifications used in the analysis I find a strong and statistically signifi-
cant connection between greater residential crowding – as captured by the average persons
per room in local households – and higher rates of COVID-19 cases and deaths. This is
in line with prior evidence showing that the number of people per residence is linked to
worse COVID-19 outcomes across US counties (Ahmad et al., 2020; Desmet and Wacziarg,
2021).

4.2 Changes in the Effects of Local COVID-19 Covariates over Time

I turn now to investigating how the connection between local characteristics and the toll of
COVID-19 varies over time. I focus from this point onward exclusively on the results for
COVID-19 deaths because, as discussed earlier, death measurements are broadly seen as
less susceptible to measurement error than case measurements (Avery et al., 2020; Maugeri
et al., 2020; O’Driscoll et al., 2021). Results for cases are reported in the Appendix for
completeness (Figure B2).

Following the approach taken by Desmet and Wacziarg (2021), I estimate equation 1
using two alternative sample definitions. The first consists in cross-sections for each date
between April 1, 2020, and February 25, 2021, using the cumulative COVID-19 deaths at
each date as the dependent variable. The results for the regressions with the full set of
covariates – corresponding to column 4 in Table 1 – are reported in Figure 2.9 The second
sample definition identifies the onset of the epidemic in each city,10 and estimates equation 1
at each day elapsed since the onset. The results for COVID-19 deaths with this specification
are reported in Appendix Figure B3.

The results show that in Brazil, as in the United States, the associations between city
characteristics and the local COVID-19 death toll vary over time. The covariates can be
classified into two broad categories based on the time progression of their effects on deaths
per capita.

9I report estimates starting on April 1, 2020, because deaths attributed to COVID-19 in March were still
few and concentrated in a handful of cities. The corresponding results for COVID-19 cases are reported in
Appendix Figure B2.

10The onset is defined as the day the city crosses a minimum threshold, defined as 0.5 per 100,000 deaths.
Because in this specificationmunicipalitieswith zero cases/deaths are not considered, the dependent variables
are expressed in logarithms (as opposed to IHS).
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The first category consists of a set of city characteristics for which, holding all other
covariates constant, the association with deaths started to raise in the early weeks of the first
wave – around April andMay of 2020 – and either continued to grow or stabilized after that.
This subset consists of city characteristics that are typically associated with higher local
productivity and a more vibrant local economy, including household income per capita, the
population within 1 km of the average city dweller (my measure of population density),
and the share of college graduates in the economy (Chauvin et al., 2017). While higher
household income was associated with higher rates of COVID-19 deaths throughout the
period of study, both population density and college share effects were initially associated
with fewer deaths. Early in the pandemic, population density coefficients turned, and they
remained associated with more COVID-19 deaths throughout. By contrast, the negative
college share coefficients (showing that the greater the college-educated share of the
population, the lower the rate of COVID-19 deaths) gradually dwindled, falling to zero
during the second wave.

Another subset of variables in this category is related to the presence of populations that
are particularly vulnerable to the disease because of their age (the share of the population
aged 60 or older, and the number of nursing home residents per 10,000 people). The
connection between having an older population and having more COVID-19 deaths per
capita became apparent in mid-April, and the effects remained large and statistically
significant thereafter. Cities with a larger presence of nursing-home residents had fewer
deaths per capita in the early months of the pandemic, but this difference disappeared in
the second wave.

The second category includes socioeconomic characteristics of cities – other than the age
of the population – that the literature has linked to increased vulnerability to the pandemic.
For these variables I find, keeping all other regressors constant, a strong association with
per capita COVID-19 deaths in the early weeks of the pandemic. However, this association
then wanes and, in most cases, disappears after the peak of the first wave. This is the case
for average commuting time (which, as previously discussed, is linked to greater use of
public transportation), proximity to internationally connected airports,11 informality rates,
the share of black and mixed race people in the population, the average persons per room,
and the share of households located in favelas. Among these socioeconomic variables, only
the one measuring residential crowding remains statistically significant a year after the
first case had been detected in the country. This is because the connection with per capita
deaths does not drop as rapidly as the connections with other variables.

11Figure 2 reports the coefficients for distance to the closest internationally connected airport. Here, a
negative coefficient implies that cities that were closer to airports saw more deaths per capita during the first
wave, holding other covariates constant.
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Figure 2: OLS Estimates of Correlations between Cumulative COVID-19 Deaths and City Characteristics

Population (Ln) Avg. pop within 1km (Ln) Commuting time (Ln) Share of pop. aged 60+

Nurs. home res. per 10k (IHS) Km to closest exposed airport (Ln) Median household income p/c (Ln) Informality rate

College graduates emp. share Black and mixed pop. share Average persons per room (Ln) Share of HH in favelas

Notes: This figure plots daily OLS estimates from multivariate regressions, for the period between April 1, 2020, and February 25, 2021,
with data from 2,509 Brazilian cities. The dependent variable is the inverse hyperbolic sine (IHS) transformation of the total COVID-19
deaths reported in that municipality from the beginning of the pandemic until the correspondent date. All regressors are standardized.
All estimations include a constant and state fixed effects. The shaded area shows 95% confidence intervals constructed from robust
standard errors clustered at the state level.
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These results suggest that in more vulnerable places the pandemic hit particularly early
and hard. The rapid decrease in deaths after the first wave could well reflect some form
of localized herd immunity. For instance, a study examining the presence of antibodies
among the population of Manaus – the largest city in the Amazon, and a city in which
more than 50% of households are located in favelas – estimates that around 66% of the
population had already been infected by June 2020 (Buss et al., 2021).12 However, the
results could also reflect other factors, such as more aggressive preventive behavior (e.g.,
increased physical isolation) in response to more salient levels of infections and deaths.

The specification that accounts for timing differences in the local onset of the pandemic,
reported in Appendix Figure B3, yields virtually the same results – albeit less precisely
measured in a few cases. This suggests that in Brazil, as in the United States, differences
in the local impact of the pandemic are not just a reflection of timing, but also of more
structural differences in vulnerability. Put differently, it does not seem to be the case that
all cities will be equally affected by the pandemic sooner or later, but rather that some cities
will in the end suffer a significantly higher toll.

5 City Characteristics, Mobility and Policy
The results discussed in Section 4 reflect both the direct effect of city characteristics on
COVID-19 outcomes, and any response by local authorities and residents to the perceived
risk, or the actual impact of the virus. These responses may themselves vary with local
pre-pandemic characteristics. An effective response in a vulnerable community could, in
principle, mitigate or even reverse city characteristics’ effects. To investigate the role of
the endogenous responses of the local population to the threat of COVID-19, I look at the
connection between pre-pandemic characteristics and both mobility and policy responses
across cities.

5.1 Propensity to Stay at Home

The literature has documented a connection between mobility and the increase of cases and
deaths in the United States (Glaeser et al., 2020), Brazil (Chauvin et al., 2021), and other
countries (Cho, 2020; Fang et al., 2020), but the connection between pre-pandemic city
characteristics and mobility behavior has received less attention. Figure 3 reports estimates
of equation 1 obtained from daily cross-section, multivariate regressions using the same

12If lower infection rates after June reflected a sizable immune population, this protection appears to have
been transitory; Manaus went on to experience an even more dramatic second wave during the first few
weeks of 2021.
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set of city-level, pre-pandemic regressors as before, and where the dependent variable is
the seven-day moving average of InLoco’s Social Isolation Index.

The mobility results are consistent with those for COVID-19 deaths in Section 4.2. In
particular, I find that for city characteristics associated with larger local economic activ-
ity, the mobility effects track the deaths effects. Controlling for all other covariates, the
propensity to stay at home started to drop before the peak of the first wave in high-density
and high-income cities – as the deaths effects also escalated – and remained lower than
the average throughout the period of study. Meanwhile, cities with a higher share of
college graduates – workers who are more likely to be able to work from home, or to afford
temporary job separations – had a higher propensity to stay at home for a short period
during the first wave. In the weeks that followed, these cities experienced fewer deaths per
capita than the average. However, the trend was short-lived, and, as the propensity to stay
at home dropped again, highly educated cities became statistically indistinguishable from
others in terms of both mobility and COVID-19 death rates. Overall, this evidence supports
the interpretation that the economic dynamism of cities – which is in turn associated with
higher mobility and human interactions – was a key driver of the local impact of COVID-19
in Brazil during the first year of the pandemic.

Cities whose socioeconomic and demographic characteristics made them more vulnera-
ble to COVID-19 experienced higher death tolls – particularly during the first wave – in
spite of their residents’ greater propensity to stay at home. In this period, people were more
likely to stay put in cities with a higher share of the population aged 60 or older, those with
more persons per room on average, and those located closer to international airports. I
also find this to be the case for cities with a high share of households living in favelas, and
in this case the effect is sustained through most of the first year of the pandemic. In other
words, holding other regressors constant, cities with large presence of favelas suffered
disproportionately more COVID-19 deaths per capita during the first wave, even though
their populations were less mobile than the populations in other cities. This is in line with
Sheng et al. (2021), who find that the sharply higher infection rates in slums relative to
non-slum areas in Mumbai, India, cannot be attributed to differences in compliance with
government-imposed mobility restrictions.13

13Other variables, which had short, statistically significant associations with per capita deaths – including
the average commuting time, the share of black and people of mixed races in the population, and the number
of nursing home residents – had no significant association with mobility for most of the period of study. An
exception to the pattern is the informality rate, which is associated with a lower propensity to stay at home
for most of the period of study.
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Figure 3: OLS Estimates of Correlations Between the Share of the Population Staying at Home and City Characteristics

Population (Ln) Avg. pop within 1km (Ln) Commuting time (Ln) Share of pop. aged 60+

Nurs. home res. per 10k (IHS) Km to closest exposed airport (Ln) Median household income p/c (Ln) Informality rate

College graduates emp. share Black and mixed pop. share Average persons per room (Ln) Share of HH in favelas

Notes: This figure plots daily OLS estimates from multivariate regressions, for the period between April 1, 2020, and February 25, 2021,
with data from 2,509 Brazilian cities. The dependent variable is the seven-day moving average of InLoco’s Social Isolation Index. All
regressors are standardized. All estimations include a constant and state fixed effects. The shaded area shows 95% confidence intervals
constructed from robust standard errors clustered at the state level.
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5.2 Policy Responses

People’s reaction to the observed or anticipated threats posed by the pandemic could
have been shaped by local containment policies. To explore this mechanism, I use the
"containment intensity" measure derived from the Chauvin et al. (2021) data.

Relative to the preceding sections of the paper, my analysis of policies has important
differences. First, the sample size is significantly smaller than in the analysis above. The
policy data were collected for a sample of 501 municipalities that are representative of all
municipalities in Brazil. Furthermore, the data cover a shorter span of time (March 2020 to
October 2020). Second, the geographic units of observations are not directly comparable to
those used in the previous sections. While I previously groupedmunicipalities that are part
of the same commuting zone, and I treated them as part of a single entity, here I perform
the policies analysis at the municipality level, which is the level at which policy decisions
are made. To gauge how these differences may affect the results, I replicate the COVID-19
deaths regressions in Figure 2, and the regressions for mobility in Figure 3, using the 501
municipalities for which I have policy data (Appendix Figures B4 and B5, respectively).
One might expect the results of municipality-level regressions and commuting-zone-level
regressions to differ, given that COVID-19 outcomes in a given municipality can be affected
by the policies and private responses of other municipalities in the same commuting zone.
However, I find that, in the municipal sample, the connections between local characteristics
and the evolution of both COVID-19 and mobility outcomes over time are very similar to
those the main specifications – if less precisely measured.14

Figure 4 shows daily OLS estimates of equation 1 (with the same set of regressors
as before, but computed at the municipality level), using as the dependent variable the
number of days that the municipality had at least one of six possible containment policies
in place over the prior 30 days. For a couple of regressors, I find an effect on the proclivity
of municipal governments to implement containment policies at the very beginning of the
pandemic. Holding all other regressors constant, municipalities whose populations include
a larger share of those aged 60 or older were less likely to implement such policies, and
municipalities with a larger shares of racial minorities were more likely to implement them.
However, these correlations between pre-pandemic characteristics and local policy choices
are short-lived, and only those of the population older than 60 are statistically significant.
For most of the regressors the estimates are close to zero and / or not statistically significant
for most of the observed period. Overall, these results suggest that the connections between

14Two exceptions are the estimates for the informality rate and the distance to the closest internationally
connected airport. I do find, in the municipal sample, an effect on mobility similar to that in the main sample
for these variables. However, I do not find a statistically significant effect on deaths over the period of analysis.
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local pre-pandemic characteristics and either COVID-19 ormobility outcomes are not driven
by endogenous policy responses.

6 Conclusions
In this paper, I study the correlates of the local impact of COVID-19 in Brazil. I find
multiple similarities with equivalent US estimates, starting with the fact that the impact of
pre-pandemic characteristics can vary over time, and that population density is a strong
predictor of the local toll of the disease. But I also find important differences. While poorer
cities in the US experienced more deaths per capita, the opposite is the case for Brazil.
Cities with higher income levels in Brazil experienced, on average, more deaths per capita.
This finding may be driven by the link between local economic dynamism and the exposure
of the local population to the virus, as suggested by the fact that higher-income cities in
Brazil also experienced higher mobility during the period of study. However, for other city
characteristics, the connection with cases and deaths appears to be largely uncorrelated to
mobility. For example, during the first wave the death toll was unusually large in cities
with a large presence of favelas, and in cities with high residential crowding – in spite of the
higher propensity of their people to stay at home. In addition, pre-pandemic characteristics
are not strong predictors of local policy choices over the period of study. This shows
that endogenous responses to the crisis can account for only part of the results. Further
research is needed to better understand the mechanisms behind the connection between
pre-pandemic characteristics and COVID-19 outcomes.

Overall, my work adds to a growing body of evidence showing that cities within the
same countries can have large differences in terms of their vulnerability to the pandemic.
These differences appear to be structural in nature, and not merely driven by variation in
the time of arrival of the disease across locations. This supports the case for geographic
prioritization and targeting of containment, vaccination, and recovery efforts.
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Figure 4: OLS Estimates of Correlations Between Containment Policy Intensity and Municipality Characteristics

Population (Ln) Avg. pop within 1km (Ln) Commuting time (Ln) Share of pop. aged 60+

Nurs. home res. per 10k (IHS) Km to closest exposed airport (Ln) Median household income p/c (Ln) Informality rate

College graduates emp. share Black and mixed pop. share Average persons per room (Ln) Share of HH in favelas

Notes: This figure plots daily OLS estimates from multivariate regressions, for the period between March 16, 2020, and December 11, 2020,
with data from 501 Brazilian municipalities. The dependent variable is "containment policy intensity," defined as the number of days, over
the immediately prior 30-day window in which the municipality had in place at least one of the following containment policies: workplace
restrictions, commerce restrictions, travel restrictions, public transit restrictions, lockdowns, or curfews. All regressors are standardized. All
regressions include a constant and state fixed effects. The shaded area shows 95% confidence intervals constructed from robust standard errors
clustered at the state level.
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A Data Appendix

Table A1: Outcome Variables Description

Variable Sources Description / comments

COVID-19 deaths Brasil.io Number of confirmed COVID-19 deaths reported by state health secretaries
at the municipality level. In cities that comprise more than one municipality
the death counts of all municipalities in the city are added.

COVID-19 cases Brasil.io Number of confirmed COVID-19 cases reported by state health secretaries
at the municipality level. In cities that comprise more than one municipality
the case counts of all municipalities in the city are added.

Share staying at InLoco InLoco’s Social Isolation Index, computed at the municipality-date level, and
home defined as the share of phone users in the municipality that stayed at home on

that date. Staying at home is defined as remaining within 450 meters of the
location identified as the residence. The original data source is anonymized
location data from over 60 million cell phones. In cities that comprise more
than one municipality I use the population-weighted average of the index
across all municipalities in the city. The series is smoothed using a seven-days
rolling average.

Containment Chauvin et al. (2021) Number of days, over the immediately prior 30-days window, in which the
policy intensity municipality had in place at least one of the following containment policies:

workplace restrictions, commerce restrictions, travel restrictions, public
transit restrictions, lockdowns, and curfews. The original sources are local
legislation documents obtained from public online records, from which the
text of individual articles was extracted and analyzed to attribute policies
to municipalities and dates.

Notes: The Brasil.io data can be obtained from https://brasil.io/dataset/covid19/caso_full/. The InLoco data are not publicly available. Information
on gaining access can be obtained at https://inloco.com.br. The containment policy intensity data from Chauvin et al. (2021) will be made publicly
available upon publication.
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Table A2: Pre-pandemic Characteristics – Variables Description

Variable Sources Description / comments

Population Census 2010 (IBGE) Projected number of persons living in the city in 2019.

Population density Global Human Total population living within 1 km of the average inhabitant of the city. It is calculated
Settlement Layer using 250m x 250m cells. First, each cell is attributed a neighborhood population, defined

as the sum of the population of the cell and of all the cells within a 1km radius.
Then the city-level value is computed taking the weighted average of the neighborhood
populations across all cells within the city boundaries, where the weights are the cell
populations.

Commuting time Census 2010 (IBGE) Average commuting time of workers, estimated based on midpoints of the time intervals
reported in the microdata.

Share of 60+ in population Census 2010 (IBGE) Share of individuals aged 60 or older in the projeted 2019 population.

Share of nursing home Census 2010 (IBGE) Share of population living in nursing homes which is aged 65 or more per 10,000
residents per 10k pop population

Km to closest airport National Civil Aviation Agency Distance from city centroid to the nearest airport having at least a flight from
connecting to hot spots (ANAC) USA, UK, FR, SP, IT.

Median income per capita Census 2010 (IBGE) City-level median of the household income per capita, calculated dividing total household
income from all sources by the number of people in the household.

Informality rate Census 2010 (IBGE) An informal worker is someone who during the period of reference worked without a
signed work card, or was self-employed. The informality rate is the share of informal
workers in the labor force.

Share of college in Census 2010 (IBGE) Share of workers with at least college degree in the employed population.
employment

Share of black and mixed Census 2010 (IBGE) Share of self-identified black and mulatto individuals in total population.
in population

Average persons per room Census 2010 (IBGE) Cross-households average of the number of persons per room.

Share of households in IBGE (2020) 2019 projection of the share of household located in "abnormal agglomerations" by the
favelas census definition.

Patients with at least Health ministry (DATASUS) Number of patients with at least one of the morbidities associated with severe COVID-19
one precondition in complications identified in Clark et al. (2020).
the population

Number of doctors Health ministry (DATASUS) Number of doctors in local hospitals in February 2020.

ICU beds Health ministry (DATASUS) Number of beds in Intensive Care Units in local hospitals in February 2020.

Ventilators Health ministry (DATASUS) Number of ventilators in local hospitals in February 2020.

Maximum yearly University of East Anglia Highest registered temperature between 1900-2019, interpolated to the city level.
temperature Climatic Research Unit (CRU)

Average yearly University of East Anglia Average yearly precipitation 1900-2019, interpolated to the city level.
precipitation Climatic Research Unit (CRU)

Distance to Sao Paulo Census 2010 (IBGE) Distance (in Km) of the shortest path between the city’s centroid and Sao Paulo’s centroid.

Notes: All city characteristics data are publicly available. The 2010 census data is available at https://downloads.ibge.gov.br.The DATASUS microdata can be obtained
from http://www2.datasus.gov.br/DATASUS/index.php. The CRU data is available at http://www.cru.uea.ac.uk/data. The Global Human Settlement Layer is available at
https://ghsl.jrc.ec.europa.eu/download.php. Lastly, the IBGE estimates of the 2019 share of households in favelas is available at https://www.ibge.gov.br/geociencias.
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B Additional Figures and Tables

Figure B1: Length of Commute vs. Share of Commuters Using Public Transport, São Paulo,
2017

Notes: Author’s calculations with data from the 2017 Origin-Destination survey of São Paulo.
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Figure B2: OLS Estimates of Correlations between Cumulative COVID-19 Cases and City Characteristics

Population (Ln) Avg. pop within 1km (Ln) Commuting time (Ln) Share of pop. aged 60+

Nurs. home res. per 10k (IHS) Km to closest exposed airport (Ln) Median household income p/c (Ln) Informality rate

College graduates emp. share Black and mixed pop. share Average persons per room (Ln) Share of HH in favelas

Notes: This figure plots daily OLS estimates from multivariate regressions, for the period between April 1, 2020 and February 25, 2021, with
data of 2,509 Brazilian cities. All regressors are standardized. All estimations include a constant and state fixed effects. The shaded area shows
95% confidence intervals constructed from robust standard errors clustered at the state level.
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Figure B3: OLS Estimates of Correlations between Cumulative COVID-19 Deaths and City Characteristics, by Days since
the Local Onset of the Epidemic

Population (Ln) Avg. pop within 1km (Ln) Commuting time (Ln) Share of pop. aged 60+

Nurs. home res. per 10k (IHS) Km to closest exposed airport (Ln) Median household income p/c (Ln) Informality rate

College graduates emp. share Black and mixed pop. share Average persons per room (Ln) Share of HH in favelas

Notes: This figure plots OLS estimates from multivariate regressions, with data of 2,509 Brazilian cities. All regressors are standardized. For
each city, onset is defined as the day at which the number of deaths per 100,000 population is equal or greater than 0.5. The dependent variable
is the logarithm of cumulative deaths. All estimations include a constant and state fixed effects. The shaded area shows 95% confidence intervals
constructed from robust standard errors clustered at the state level.
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Figure B4: OLS estimates of correlations between cumulative COVID-19 deaths and municipality characteristics

Population (Ln) Avg. pop within 1km (Ln) Commuting time (Ln) Share of pop. aged 60+

Nurs. home res. per 10k (IHS) Km to closest exposed airport (Ln) Median household income p/c (Ln) Informality rate

College graduates emp. share Black and mixed pop. share Average persons per room (Ln) Share of HH in favelas

Notes: This figure plots daily OLS estimates from multivariate regressions, for the period between April 1, 2020 and February 25, 2021, with
data from 501 Brazilian municipalities. All regressors are standardized. All estimations include a constant and state fixed effects. The shaded
area shows 95% confidence intervals constructed from robust standard errors clustered at the state level.
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Figure B5: OLS estimates of correlations between share staying at home and municipality characteristics

Population (Ln) Avg. pop within 1km (Ln) Commuting time (Ln) Share of pop. aged 60+

Nurs. home res. per 10k (IHS) Km to closest exposed airport (Ln) Median household income p/c (Ln) Informality rate

College graduates emp. share Black and mixed pop. share Average persons per room (Ln) Share of HH in favelas

Notes: This figure plots daily OLS estimates from multivariate regressions, for the period between April 1, 2020 and February 25, 2021, with
data of 501 Brazilian municipalities. All regressors are standardized. All estimations include a constant and state fixed effects. The shaded area
shows 95% confidence intervals constructed from robust standard errors clustered at the state level.
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Table B1: Descriptive Statistics of Pre-Pandemic City Characteristics Employed in the Analysis

Mean Median SD Min Max

Panel A: Main characteristics

Population (Ln) 10.218 9.978 0.908 9.211 16.892

Avg. population within 10km (Ln) 4.863 4.828 1.28 0.18 9.833

Commuting time (Ln) 3.142 3.132 0.173 2.38 3.911

Share of people aged 60+ 0.128 0.128 0.038 0.033 0.27

Nursing home residents per 10k pop (IHS) 1.317 0 1.644 0 5.177

Km to closest airport connecting to hot spots (Ln) 6.064 6.165 0.832 0 8.044

Median household income p/c (Ln) 5.792 5.756 0.473 4.069 6.833

Informality rate 0.16 0.155 0.051 0.043 0.444

College graduates employment share 0.077 0.072 0.036 0.005 0.219

Black and mixed population share 0.56 0.616 0.222 0.041 0.933

Average persons per room (Ln) 0.529 0.501 0.123 0.36 1.552

Share of households located in favelas 0.011 0 0.044 0 0.55

Panel B: Public health

Share of patients with at least 1 precondition 0.14 0.134 0.054 0.027 0.669

Number of doctors (IHS) 7.775 7.744 0.331 5.769 9.546

ICU beds (IHS) 1.258 0 1.733 0 5.982

Ventilators (IHS) 1.957 2.398 1.732 0 5.882

Panel C: Weather and geography

Maximum yearly temperature (F) 85.174 85.935 4.824 71.503 93.608

Average yearly precipitation 3.756 3.752 1.495 0.844 9.931

Distance to Sao Paulo 6.932 7.124 0.822 0 8.167

Notes: Sample restricted to cities with projected populations of at least 10,000 in 2019.
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Table B2: Descriptive Statistics of Outcome Variables

Mean Median SD Min Max

Panel A: City-level outcome variables

IHS cases 5.303 5.489 2.097 0 14.353

IHS deaths 1.78 1.444 1.575 0 11.067

Log cases 4.632 4.812 2.084 0 13.66

Log deaths 1.674 1.386 1.404 0 10.374

Share staying at home 39.015 38.989 6.047 4.55 81.82

Panel B: Municipality-level outcome variables

Number of days with any containment policy in the last 30 days 25.396 30 10.032 0 30

IHS deaths 2.612 2.776 1.922 0 9.108

Share staying at home 39.224 38.799 4.916 18.717 80.95

Notes: Panel A uses data restricted to cities with projected populations of at least 10,000 in 2019. Descriptive statistics correspond to
the city-day level data. Panel B uses data from 501 representative municipalities at the municipality-day level.
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Table B3: City Characteristics and COVID-19 Toll as of February 25, 2021. Logarithms
Specification.

(1) (2) (3) (4)
Log cases Log cases Log deaths Log deaths

Panel A: Baseline regressors

Population (Ln) 0.90*** 0.87*** 0.88*** 0.85***
(0.02) (0.02) (0.02) (0.02)

Avg. population within 10km (Ln) 0.07** 0.08*** 0.13*** 0.14***
(0.03) (0.03) (0.03) (0.03)

Commuting time (Ln) -0.05** -0.04** 0.05** 0.03*
(0.02) (0.02) (0.02) (0.02)

Share of people aged 60+ -0.03 -0.02 0.08*** 0.14***
(0.03) (0.03) (0.02) (0.03)

Nursing home residents per 10k pop (IHS) -0.01 -0.02 -0.01 -0.01
(0.02) (0.02) (0.01) (0.01)

Km to closest airport connecting to hot spots (Ln) 0.03 0.02 -0.04 -0.04
(0.04) (0.04) (0.04) (0.04)

Median household income p/c (Ln) 0.42*** 0.46*** 0.25*** 0.40***
(0.04) (0.06) (0.06) (0.07)

Panel B: Full specification

Informality rate 0.04** 0.02
(0.02) (0.02)

College graduates employment share 0.07** 0.01
(0.03) (0.03)

Black and mixed population share -0.01 0.09
(0.05) (0.06)

Average persons per room (Ln) 0.12** 0.21***
(0.05) (0.05)

Share of households located in favelas -0.01 0.03*
(0.02) (0.02)

Observations 2,509 2,509 2,509 2,509
R2 0.80 0.80 0.80 0.81
R2 of the per-capita specification 0.38 0.39 0.31 0.33

Notes: OLS regressions at the city level. Sample restricted to cities with projected populations of at least 10,000 in 2019. All
regressors are standardized. The R2 of the per-capita specification comes from regressions in which the outcomes are directly
expressed in per capita terms, and population is excluded from the regressors set. All regression include a constant and state
fixed effects. Robust standard errors clustered at the state level in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Table B4: City Characteristics and COVID-19 Toll as of February 25, 2021: Specification
without State Fixed Effects.

(1) (2) (3) (4)
IHS cases IHS cases IHS deaths IHS deaths

Panel A: Baseline regressors

Population (Ln) 0.96*** 0.91*** 0.97*** 0.92***
(0.03) (0.03) (0.05) (0.05)

Avg. population within 10km (Ln) 0.07 0.07* 0.12* 0.13**
(0.05) (0.04) (0.07) (0.06)

Commuting time (Ln) -0.12*** -0.12*** -0.04 -0.06
(0.03) (0.03) (0.04) (0.04)

Share of people aged 60+ -0.12*** -0.04 -0.04 0.07*
(0.04) (0.03) (0.04) (0.03)

Nursing home residents per 10k pop (IHS) -0.07* -0.08** -0.05 -0.06**
(0.04) (0.03) (0.03) (0.03)

Km to closest airport connecting to hot spots (Ln) 0.05 0.04 -0.02 -0.04
(0.04) (0.04) (0.05) (0.05)

Median household income p/c (Ln) 0.26*** 0.32*** 0.16** 0.29***
(0.05) (0.07) (0.07) (0.09)

Panel B: Full specification

Informality rate 0.05** 0.04
(0.02) (0.03)

College graduates employment share 0.07 0.06
(0.04) (0.05)

Black and mixed population share 0.02 0.10
(0.05) (0.07)

Average persons per room (Ln) 0.17*** 0.19***
(0.06) (0.06)

Share of households located in favelas 0.06** 0.09***
(0.03) (0.03)

Observations 2,509 2,509 2,509 2,509
R2 0.75 0.76 0.71 0.73
R2 of the per-capita specification 0.22 0.26 0.13 0.32

Notes: OLS regressions at the city level. Sample restricted to cities with projected populations of at least 10,000 in 2019. All
regressors are standardized. The R2 of the per-capita specification comes from regressions in which the outcomes are directly
expressed in per capita terms, and population is excluded from the regressors set. All regression include a constant. Robust
standard errors clustered at the state level in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Table B5: City Characteristics and COVID-19 Toll as of February 25, 2021. Specifications
With Additional Controls.

(1) (2) (3) (4) (5) (6)
IHS cases IHS cases IHS cases IHS deaths IHS deaths IHS deaths

Panel A: Main specification

Population (Ln) 0.88*** 0.88*** 0.90*** 0.89*** 0.89*** 0.93***
(0.02) (0.02) (0.02) (0.03) (0.03) (0.03)

Avg. population within 10km (Ln) 0.08*** 0.07** 0.06** 0.16*** 0.16*** 0.14***
(0.03) (0.03) (0.02) (0.03) (0.03) (0.03)

Commuting time (Ln) -0.04** -0.04** -0.04** 0.03 0.03 0.03
(0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

Share of people aged 60+ -0.02 -0.01 -0.01 0.15*** 0.15*** 0.15***
(0.03) (0.03) (0.03) (0.03) (0.03) (0.03)

Nursing home residents per 10k pop (IHS) -0.02 -0.02 -0.02 -0.01 -0.01 -0.01
(0.02) (0.02) (0.02) (0.01) (0.01) (0.01)

Km to closest airport connecting to hot spots (Ln) 0.02 0.01 -0.00 -0.03 -0.04 -0.03
(0.04) (0.04) (0.04) (0.05) (0.05) (0.03)

Median household income p/c (Ln) 0.46*** 0.43*** 0.44*** 0.45*** 0.43*** 0.37***
(0.06) (0.05) (0.05) (0.08) (0.08) (0.04)

Informality rate 0.04** 0.04** 0.04** 0.02 0.02 0.03
(0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

College graduates employment share 0.07** 0.04 0.04 -0.00 -0.01 -0.02
(0.03) (0.03) (0.03) (0.03) (0.03) (0.03)

Black and mixed population share -0.01 -0.01 -0.04 0.10 0.10 0.07
(0.05) (0.05) (0.05) (0.07) (0.07) (0.07)

Average persons per room (Ln) 0.12** 0.12** 0.11** 0.23*** 0.24*** 0.18***
(0.05) (0.05) (0.05) (0.06) (0.06) (0.04)

Share of households located in favelas -0.01 -0.01 -0.02 0.02 0.02 0.01
(0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

Panel B: Public health controls

Share of patients with at least 1 precondition -0.01 -0.01 0.04 0.03
(0.02) (0.02) (0.02) (0.02)

Number of doctors 0.09*** 0.09*** 0.05* 0.04**
(0.02) (0.02) (0.02) (0.02)

ICU beds -0.05*** -0.05*** -0.02 -0.03
(0.02) (0.02) (0.02) (0.02)

Ventilators 0.03*** 0.03** 0.00 0.00
(0.01) (0.01) (0.01) (0.01)

Panel C: Weather and geography controls

Maximum yearly temperature 0.02 0.06
(0.06) (0.06)

Average yearly precipitation 0.03 0.20**
(0.08) (0.09)

Distance to Sao Paulo 0.08 0.05
(0.08) (0.06)

Observations 2,509 2,509 2,458 2,509 2,509 2,458
R2 0.81 0.81 0.81 0.78 0.78 0.79
R2 of the per-capita specification 0.39 0.41 0.42 0.32 0.32 0.36

Notes: OLS regressions at the city level. Sample restricted to cities with projected populations of at least 10,000 in 2019. All regressors are standardized. The
R2 of the per capita specification comes from regressions in which the outcomes are directly expressed in per capita terms, and population is excluded from
the regressors set. All regression include a constant and state fixed effects. Robust standard errors clustered at the state level in parentheses. *** p<0.01, **
p<0.05, * p<0.1.
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Table B6: City Characteristics and COVID-19 Toll as of February 25, 2021 for Cities of
Population 100k and Larger.

(1) (2) (3) (4)
IHS cases IHS cases IHS deaths IHS deaths

Panel A: Baseline regressors

Population (Ln) 0.96*** 0.96*** 1.13*** 1.14***
(0.06) (0.06) (0.11) (0.11)

Avg. population within 10km (Ln) 0.01 -0.01 0.11 0.14
(0.15) (0.14) (0.23) (0.19)

Commuting time (Ln) -0.12** -0.15*** -0.22*** -0.23***
(0.05) (0.04) (0.07) (0.06)

Share of people aged 60+ 0.11* 0.18*** 0.22** 0.34***
(0.06) (0.06) (0.09) (0.11)

Nursing home residents per 10k pop (IHS) -0.29** -0.28** -0.16* -0.19***
(0.11) (0.12) (0.08) (0.07)

Km to closest airport connecting to hot spots (Ln) 0.00 0.01 -0.06 0.02
(0.03) (0.03) (0.05) (0.05)

Median household income p/c (Ln) 0.31** 0.51** -0.10 0.31
(0.14) (0.20) (0.25) (0.24)

Panel B: Full specification

Informality rate -0.12 0.05
(0.17) (0.09)

College graduates employment share -0.05 -0.13*
(0.05) (0.07)

Black and mixed population share 0.16 -0.30**
(0.20) (0.12)

Average persons per room (Ln) 0.19 0.44***
(0.12) (0.11)

Share of households located in favelas 0.01 0.07**
(0.02) (0.03)

Observations 115 115 115 115
R2 0.96 0.96 0.96 0.97
R2 of the per-capita specification 0.65 0.67 0.50 0.61

Notes: OLS regressions at the city level. Sample restricted to cities with projected populations of at least 100,000 in 2019. All
regressors are standardized. The R2 of the per capita specification comes from regressions in which the outcomes are directly
expressed in per capita terms, and population is excluded from the regressors set. All regression include a constant and state
fixed effects. Robust standard errors clustered at the state level in parentheses. *** p<0.01, ** p<0.05, * p<0.1.

39


	1251 Text.pdf
	Introduction
	Data
	The Spread of COVID-19 in Brazil
	Covariates of the Local Impact of COVID-19 across Cities
	Results at the End of the First Year of the Pandemic
	Changes in the Effects of Local COVID-19 Covariates over Time

	City Characteristics, Mobility and Policy
	Propensity to Stay at Home
	Policy Responses

	Conclusions
	Data Appendix
	Additional Figures and Tables




