
Sociodemographic Factors Associated with Covid-
19 Mortality in Brazilian Municipalities: an approach
supported by clustering
Hélder Seixas Lima  (  helder.seixas@ifnmg.edu.br )

Universidade Federal de Minas Gerais
Petrônio Cândido de Lima e Silva 

Instituto Federal de Educação Ciência e Tecnologia do Norte de Minas Gerais
Wagner Meira Jr. 

Universidade Federal de Minas Gerais
Frederico Gadelha Guimarães 

Universidade Federal de Minas Gerais

Research Article

Keywords: Covid-19 pandemic, Novel coronavirus (SARS-CoV-2), Death rate, Data mining, Unsupervised
classi�cation

Posted Date: July 25th, 2022

DOI: https://doi.org/10.21203/rs.3.rs-1889058/v1

License:   This work is licensed under a Creative Commons Attribution 4.0 International License.  
Read Full License

https://doi.org/10.21203/rs.3.rs-1889058/v1
mailto:helder.seixas@ifnmg.edu.br
https://doi.org/10.21203/rs.3.rs-1889058/v1
https://creativecommons.org/licenses/by/4.0/


Springer Nature 2021 LATEX template

Sociodemographic Factors Associated with

Covid-19 Mortality in Brazilian

Municipalities: an approach supported by

clustering
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1Federal Institute of Northern Minas Gerais (IFNMG), Fazenda
São Geraldo, S/N Km 06, Januária, 30480-000, MG, Brazil.
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Abstract

The Covid-19 pandemic affected Brazil with severity. Brazil is a large

country characterized by significant socioeconomic inequalities among its

regions. This study aimed to check the sociodemographic factors associ-

ated with the Covid-19 mortality rate in Brazilian municipalities. This

paper is an ecological study that analyzed data of the first three death

waves, with Brazilian municipalities as a unit of analysis. Municipalities

were clusterized based on their vulnerabilities in the face of Covid-19.

The results show that, from the second death wave in the country, the

municipalities with lower social vulnerability were more likely to have
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a higher mortality level than the other municipalities. The results also

show that, among the attributes analyzed, the urban population per-

centage was the one that most strongly contributed to a municipality

being more likely to have a higher level of mortality. Finally, this work

demonstrated that using municipality clustering contributes to a more

thoughtful and accurate analysis of correlations in ecological studies.

Keywords: Covid-19 pandemic, Novel coronavirus (SARS-CoV-2), Death
rate, Data mining, Unsupervised classification

1 Introduction

The novel coronavirus outbreak began in Wuhan, China, in December 2019
[1] and, in the following months, spread to several countries worldwide. The
World Health Organization (WHO) declared the Covid-19 pandemic in March
2020. Brazil was severely affected by this pandemic, with more than 30 million
cases and 662 thousand deaths from Covid-19 until April 2022, according to
official data from the Ministry of Health.

Brazilian municipalities present great sociodemographic and regional
inequality [2]. Beyond the recognized risk factors for Covid-19, such as
advanced age and preexisting comorbidities of individuals [3], this study aimed
to investigate whether the mortality levels from Covid-19 observed in the
municipalities are associated with their sociodemographic characteristics.

In the literature, some studies identified patterns of the Covid-19 impact in
different countries [4–8]. Other works have used clusters to analyze the Covid-
19 impact on counties across the United States [9–11]. The authors clusterized
counties with similar Covid-19 fatality levels and concluded that heart disease
and cancer are the risk factors that most increase the Covid-19 fatality rate [9].
Combining unsupervised and supervised learning, a study showed that the risk
of infection and death by Covid-19 in US counties are positively associated with
the poverty rate, percentage of people without health insurance, percentage of
non-white people, smoker percentage, ICU bed rate, and population density
[10]. That same work also found a negative correlation between Covid-19 risk
level and the percentage of elder people in counties, suggesting that older
adults may have practiced greater social distancing during the pandemic [10].

In the Brazilian context, ecological studies investigated the association
between socioeconomic characteristics and the Covid-19 impact. A study that
analyzed data until October 2020 identified that until June 2020, there was
an association between municipalities with greater social vulnerability and
Covid-19 mortality. However, municipalities with lower social vulnerabilities
began to have higher mortality after this period [12]. The authors of this study
note that states with greater social vulnerability were able to expand hospi-
tal capacity, and adherence to social distancing was more significant in these
locations [12]. Other studies have identified a positive correlation between the
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Covid-19 incidence and the Gini coefficient, considering data up to July 2020
[13, 14], August 2020 [15], and September 2020 [16]. A study in São Paulo/SP
identified that the wealthiest areas were most impacted by Covid-19 initially
and then spread to the poorest areas, considering data up to June 2020 [17].

The related works in the Brazilian context refer to the first wave of Covid-19
in the country [12–17]. Brazil experienced a second Covid-19 wave in 2021 with
more significant proportions than the first. Thus, this present study aims to
analyze associations among sociodemographic factors and Covid-19 mortality
in Brazilian municipalities during the death waves observed until April 2022.

In this paper, we selected 16 sociodemographic attributes to describe the
Brazilian municipalities. The dimensionality reduction was applied, resulting
in two principal components. We clustered the municipalities in five sociodemo-
graphic clusters using the Gaussian Mixture algorithm [18]. We used the Kernel
SHAP method [19] and principal component weights to explain and label the
clusters. We also defined Covid-19 mortality levels for Brazilian municipalities
in the first three Covid-19 death waves and the accumulated period. We could
assess the association between sociodemographic clusters and mortality levels
using the Spearman correlation coefficient and odds ratio (OR) measure.

The main contributions and findings are listed below:

• The second Covid-19 mortality wave in Brazil was the moment of the pan-
demic that determined the association between sociodemographic clusters
and mortality levels in the accumulated period.

• Municipalities with lower social vulnerability were more likely to have a
higher Covid-19 mortality level than the other municipalities.

• Urban population percentage was the attribute that most strongly con-
tributed to a municipality being more likely to have a higher level of Covid-19
mortality.

• Percentage of the population employed in agriculture and population per-
centage aged 15 to 24 years old were the attributes that most strongly
contributed to a municipality being less likely to have a higher level of
Covid-19 mortality.

• The proposed methodology allows ecological studies to check weighted
correlations through clustering algorithms.

The rest of the paper is organized as follows: Section 2 detail the
methodology, Section 3 show the results, and in Section 4 we discuss the
findings.

2 Methodology

This work used a data mining process consisting of collecting a database,
pre-processing and selecting attributes, executing a clustering algorithm, and
evaluating the clusters. From an epidemiological viewpoint, this work is an
ecological study with Brazilian municipalities as the analysis unit.
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We employed the Python 3 programming language and its libraries Scikit-
learn, Pandas, NumPy, matplotlib.pyplot, Seaborn, and geobr.

2.1 Data source

Covid-19 epidemiological data were collected from the Ministry of Health mon-
itoring panel1, considering data up to 04/17/2022. This dataset covers all 5,570
Brazilian municipalities with daily data.

In this work, we measured the Covid-19 impact on municipalities by the
mortality rate. This measure is the number of Covid-19 deaths in a munici-
pality in proportion to 100,000 inhabitants. We used the population estimated
by the Brazilian Institute of Geography and Statistics (IBGE) in 2019 [20] to
weigh the population size of each municipality.

We also collected data on municipalities from various public sources to
characterize the social, economic, and demographic vulnerabilities. Based on
the IBGE, data from the 2010 Census [21] were collected. We collected demo-
graphic and economic data from Atlas Brasil2, which provides databases with
indicators derived from the 2010 Census [22] and administrative records from
public bodies [23], with the most recent data for 2017.

2.2 Covid-19 mortality waves

In this work, we analyzed the data from the Covid-19 mortality waves observed
in Brazil. Therefore, through the 14-day moving average of new deaths, we
defined the beginning and end of each national mortality wave. We empirically
set three mortality waves, with the threshold between them being the date
of the lowest moving average. Figure 1 shows the time series of new death
and highlights the three waves analyzed in this work, and Figure 2 shows the
boxplot for Covid-19 mortality per death wave and accumulated period.
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Fig. 1: Time series of new Covid-19 deaths in Brazil. The highlighted dates
describe the thresholds between the three mortality waves defined in this work.

1https://covid.saude.gov.br/
2http://atlasbrasil.org.br/

https://covid.saude.gov.br/
http://atlasbrasil.org.br/
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Fig. 2: Boxplots of Covid-19 mortality rate per 100,000 inhabitants in Brazil-
ian municipalities. The first three boxplots show the mortality per death wave,
and the fourth boxplot shows the mortality to the accumulated period.

The Health Ministry reported the first Covid-19 death in Brazil on
03/17/2020. Therefore this date marks the beginning of the first mortal-
ity wave. We noted the peak of this wave on 07/25/2020 and its end on
11/10/2020. The first wave recorded 162,593 deaths.

During the second wave, Brazil recorded 455,304 Covid-19 deaths. Its peak
occurred on 04/19/2021 and ended on 01/02/2022.

We analyzed the third wave data until 04/17/2022, corresponding to the
time when the data for this work were collected. Thus, in this wave, 42,775
Covid-19 deaths were recorded in the country. This wave had its mortality
peak on 02/18/2022.

Figure 2 shows lower boxplot whiskers below zero in the second and third
death waves. It indicates that some municipalities had a negative mortality rate
in these waves. It is not possible to have a negative mortality rate. Therefore,
we treated it as noise in data. Section 2.3.6 shows how we treat this issue.

2.3 Municipality clustering by vulnerabilities to Covid-19

This step aimed to find municipality clusters based on the sociodemographic
vulnerabilities associated with Covid-19. The following subsections detail each
data mining activity executed.

2.3.1 Dataset attributes

We selected 16 sociodemographic attributes to characterize the municipalities
through exploratory data analysis and experimentation. To describe munici-
pality demographic, we selected the attributes population percentage aged up
to 5 years old, population percentage aged 6 to 14 years old, population per-
centage aged 15 to 24 years old, population percentage aged 25 to 39 years old,
population percentage aged 40 to 59 years old, and population percentage aged
60 years old or over. For characterizing the municipal socioeconomic profile,
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we also set the attributes of urban population percentage, the income compo-
nent of the Municipal Human Development Index (IDHM) [22] (which refers to
the per capita income), the Gini coefficient [24], and the social income trans-
fer per capita, (which refers to the monthly average amount of transfers from
the Bolsa Famı́lia3 program divided by the total population of the municipal-
ity). Finally, we consider the activity rate (which refers to the percentage of
the economically active population aged ten and over), informal worker per-
centage, percentage of the population employed in agriculture, percentage of the
population employed in commerce, percentage of the population employed in
the service sector, and percentage of the population employed in the industry,
to describe the labor area profile of municipalities.

Figure 3 shows the correlation between dataset attributes and Covid-19
mortality rates in Brazilian municipalities.

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

(1) % population 0 - 5 years
(2) % population 6 - 14 years

(3) % population 15 - 24 years
(4) % population 25 - 39 years
(5) % population 40 - 59 years

(6) % population ≥ 60 years
(7) % urban population

(8) IDHM - income
(9) Gini coefficient

(10) Social transfer per capita
(11) Activity rate

(12) % informal workers
(13) % employed in agriculture
(14) % employed in commerce

(15) % employed in service
(16) % employed in industry

(17) First wave death rate
(18) Second wave death rate

(19) Third wave death rate
(20) Accumulated death rate

−1.00 −0.75 −0.50 −0.25 0.00 0.25 0.50 0.75 1.00

Fig. 3: Heat map representing the Spearman correlation coefficient among
dataset attributes and Covid-19 mortality rates in Brazilian municipalities.
Each attribute is represented by a number on the x-axis as mapped on the y-
axis. All Spearman coefficients |ρ| ≥ 0.10 obtained statistical significance with
p-value ≤ 0.01.

2.3.2 Missing data treatment

We removed the municipalities that did not have data for all dataset attributes.
Thus, we excluded five municipalities founded after the 2010 Demographic
Census from the dataset. After removing missing data, the dataset has 5,565
samples of municipalities.

3Bolsa Famı́lia was an income transfer program promoted by the Federal Government that
covered all municipalities in Brazil.
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2.3.3 Data normalization

We normalized the data with the L2 norm of its attribute.

2.3.4 Dimensionality reduction

We performed data dimensionality reduction using Principal Component Anal-
ysis (PCA) [25]. The first two principal components covered 91.84% of the
original data variance, with 76.71% and 15.13% of principal component 1 and
principal component 2, respectively. In this way, we reduced the dataset from
16 attributes to 2 principal components.

Figure 4 shows the eigenvector weights of principal component 1 and princi-
pal component 2. Social transfer per capita (-0.75), urban population percentage
(0.46), and activity rate (0.35) were the three attributes in descending order
with the highest weights, in absolute values, in the principal component 1, rep-
resenting about 60% of the eigenvector weights sum, also considering absolute
values. Following the same idea, the attributes percentage of the population
employed in agriculture (0.64), the urban population percentage (-0.52), and the
informal worker percentage (0.38) were the ones that most impacted principal
component 2, also registering about 60% of the eigenvector weights.

2.3.5 Clustering algorithm

The Gaussian Mixture clustering algorithm [18] was used in this work to per-
form clustering models with 2 to 10 clusters. Since the dataset used in this
work consists of principal components, we ran the algorithm with spherical
covariance, where each cluster has its variance.

The Gaussian Mixture algorithm was initialized 100 times for each clus-
tering model, and we chose the initialization that maximized the algorithm
probability, which is given by:

lnP (X|µ,Σ, π) =
∑

x∈X

ln (
∑

g∈G

πgN (x|µg,Σg)), (1)

where X are all points in the dataset, G are all clusters in a clustering, µg is
the mean of each cluster g ∈ G, Σg is the covariance of each g ∈ G, and πg is
the probability of each g ∈ G. This algorithm returns the probability that each
point x ∈ X belongs to each cluster g ∈ G. In the end, the algorithm links each
x ∈ X to a single cluster g ∈ G, where each x ∈ X has the highest probability.

2.3.6 Selecting clustering model

We analyzed internal quality measures to determine the number of clusters
in this work. Thus, empirically, we chose the clustering model with 5 clusters
because it resulted in the lowest number of points with a negative Silhou-
ette Coefficient [26]. The selected clustering model obtained the Silhouette
Coefficient and Davies-Bouldin Index [26] of 0.41 and 0.85, respectively.
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Fig. 4: Biplot of point scores and eigenvector weights for principal compo-
nent 1 and principal component 2. Social income transfer per capita, activity
rate, informal worker percentage, percentage of the population employed in
agriculture, and urban population percentage are the five attributes that most
significantly influenced the principal components.

2.4 Covid-19 mortality levels

The Covid-19 mortality rates, in each wave and also in the accumulated period,
were discretized to categorical levels. We ignored 24 municipalities with nega-
tive mortality rates in any wave because the negative mortality rate indicates
inconsistent data. Thus, we considered data from 5,570 Brazilian municipal-
ities for the accumulated period and data from 5,546 municipalities for each
wave.

Discretization was performed by clustering using the Gaussian Mixture
algorithm with spherical covariance. We discretized the data into six mortality
categories: very low, low, intermediate, high, very high, and extremely high. The
definition of these labels considered the data distribution only, not considering
any subjective definition that determines mortality acceptable levels.

As it is clustering with only one attribute, the resulting clusters consist
of a range with non-overlapping values. Thus, we observed that the very low
level assumed minimum and maximum values equal to zero in the first and
third Covid-19 death waves. However, in the second wave and the accumulated
period, the very low level assumed maximum mortality rate equals 93.90 and
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137.17, respectively. For all waves, the low, intermediate, high, and very high
levels tended to present more proportional value intervals, with the maximum
value of the very high level being 160.39, 446.85, 100.39, and 587.94 in the
first wave, second wave, third wave and accumulated period, respectively. On
the other hand, the extremely high level represents the municipalities with
an exceptionally higher mortality rate than the standards observed for the
other municipalities, covering a share lower than 2% of the municipalities in
all waves.

2.5 Data analysis

This section presents the relevant methodological aspects used in analyzing
the results.

2.5.1 Probability of membership to clusters

The Gaussian Mixture algorithm returns the probability that each point x

be a member of each cluster g [18]. This work uses this probability as the
membership of x in g. Therefore, we explored this resource to analyze the mem-
bership correlation among sociodemographic clusters and Covid-19 mortality
levels. This resource also helped us in the explanation of the sociodemographic
clustering model.

2.5.2 Explanation of the sociodemographic clustering model

We explained the sociodemographic clustering model using the Kernel SHAP
method, which uses weighted linear regression to calculate the attribute impor-
tance [19]. We executed the Kernel SHAP method for a random sample of 556
municipalities extracted from the dataset, representing 10% of the total. The
SHAP explanation considered the membership of each point in each cluster as
the input parameter.

As the sociodemographic dataset had its dimensionality reduced to 2 prin-
cipal components, the SHAP method explains the impact of each principal
component on the model and not the impact of each original attribute on the
model. Thus, to evaluate the contribution of an attribute in the model, it is
also necessary to verify its weight in a given principal component, as shown in
Section 2.3.4.

2.5.3 Odds ratio among sociodemographic clusters and

mortality higher levels

We evaluated the associations among the sociodemographic clusters and the
Covid-19 mortality levels high, very high, or extremely high using the OR mea-
sure. The objective was to measure the chance that the municipalities in a
given cluster g have a higher mortality level M+ than the other municipalities
in dataset D. Thus, the following equation was applied to calculate the OR:
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OR =
a
b
c
d

, (2)

where, a = |g ∩M+|, b = |g| − a, c = |D ∩M+| − a e d = |D| − a− b− c.
In this work, M+ = Mh ∪Mh+ ∪Mh++, where Mh are municipalities with

a high mortality level, Mh+ are municipalities with a very high mortality level,
and Mh++ are municipalities with an extremely high mortality level.

2.5.4 Odds ratio among sociodemographic attributes and

mortality higher levels

We used the OR measure to assess the association between sociodemo-
graphic attributes and the highest mortality levels. To this end, we defined
M+ = Mh ∪Mh+ ∪Mh++, where Mh are municipalities with a high mortality
level, Mh+ are municipalities with a very high mortality level, and Mh++ are
municipalities with an extremely high mortality level. Then, for each sociode-
mographic attribute i, a test sample Ti = D−Q(D, i, 95%) was defined, where
D corresponds to the dataset containing all municipalities and Q(D, i, 95%) is
the call to a function that returns the items of D in the quantile 0.95 consid-
ering the attribute i. In other words, Ti contains 5% of the municipalities with
the highest values of attribute i.

For each Ti sample, we calculated OR, Equation 2, where, in this case,
a = |Ti ∩M+| and b = |Ti| − a. Parameters c and d were defined according to
the control group. We verified the association of Ti with M+ with three control
groups. These control groups are presented below:

• Control group 1 (Zi1) = Q(D, i, 15%), which selects 15% of the municipali-
ties with the lowest values of attribute i.

• Control group 2 (Zi2) = D − Ti, i.e., the entire dataset D except for test
group Ti.

• Control group 3 (Zi3) = R(D,Ti, 15%), where R(D,Ti, 15%) consists of ran-
dom sampling with replacement using data from D, excluding the elements
of Ti, and ensuring the property P (g|Zi3) = P (g|Ti) for all sociodemographic
cluster g ∈ G. This control group results in a sample following the same
proportion of G observed in the test sample Ti with size equal to 15% ∗ |D|.

Thus, we considered the parameters c = |Zij ∩M+| and d = |Zij | − c for
each control group j ∈ {1, 2, 3}. In the case of control group 3, the calculation
was performed 100 times for each attribute i, and we observed the average and
standard deviation.

3 Results

In this work, we labeled the five sociodemographic clusters as very low social
vulnerability, rural with low social vulnerability, intermediate social vulnera-
bility, high social vulnerability, and very high social vulnerability. Like in the
mortality levels (Section 2.4), we used the adjectives low and high and the
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adverb very to label the sociodemographic clusters based only on the data dis-
tribution. Figure 5 shows the dispersion of the sociodemographic clusters in
the principal components.
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Fig. 5: Scatter plot of the sociodemographic clusters considering the princi-
pal component 1 and principal component 2. The point colors represent the
sociodemographic cluster of the municipalities. The social vulnerability level
(SV) label the cluster.

The criteria used to define the sociodemographic cluster labels was the
impact of attributes on model output. All clusters were strongly impacted by
principal component 1, as explained by SHAP in Figure 6. Thus, we labeled
the municipalities considering the social vulnerability of the sociodemographic
clusters since the social income transfer per capita was the one that most
impacted the principal component 1 (Figure 4). The rural with low social
vulnerability cluster was the only one most impacted by principal component
2, so its label aggregates the term rural by considering the attributes with
greater weight in principal component 2.

The very high social vulnerability cluster comprises 1,538 municipalities,
consisting mainly of municipalities in the North, Northeast, and north of Minas
Gerais state, as shown in Figure 7. It is the cluster in which municipalities
generally have lower per capita income, and the population receives more pay-
ment from the transfer social program. It is also the cluster that, on average,
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0.0 0.2 0.4 0.6 0.8 1.0
mean(|SHAP value|) (average impact on model output magnitude)

PC 2

PC 1

High SV
Rural with low SV
Very low SV
Intermediate SV
Very high SV

Fig. 6: Impact summarization plot of the principal component 1 (PC 1) and
principal component 2 (PC 2) on sociodemographic clustering model output
using SAHP values. The bar colors represent the sociodemographic cluster of
the municipalities. The social vulnerability level (SV) label the cluster.

has the highest Gini coefficient and the highest informal worker percentage,
being 0.54 and 76%, respectively.

The high social vulnerability cluster is similar to the very high social
vulnerability cluster, with less aggravated social vulnerability indicators.
Municipalities in the high social vulnerability cluster also tend to be more
urban, with an average of 61% of its populations living in urban regions. Unlike
the very high social vulnerability cluster in which the main economic activ-
ity is agriculture, in the 1,075 municipalities from the high social vulnerability
cluster, the most significant part of the population work in the commerce and
services sectors.

The most economically developed municipalities in the country make up the
very low social vulnerability cluster. They are more urbanized municipalities,
with 87%, on average, of the population living in urban regions. They also
have 61%, on average, of the economically active population and have more
people employed in the sectors of commerce, services, and industry. This cluster
comprises 1,178 municipalities, with 16 state capitals, the Federal District, and
over 35% of the municipalities in metropolitan regions.

The intermediate social vulnerability cluster has similar characteristics
to the very low social vulnerability cluster, with 78%, on average, of the
municipality populations residing in urban areas and 57%, on average, of
the economically active population, with emphasis on commerce, service, and
industry sectors. It is the second cluster with the highest average number of
people employed in industry (12%), with the very low social vulnerability clus-
ter having the highest average percentage of workers in the industrial sector
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Fig. 7: Map of Brazilian municipalities highlighting sociodemographic clus-
ters by colors. The social vulnerability level (SV) label the clusters. States and
Federal District of Brazil by regions: North (AC: Acre, AM: Amazonas, AP:
Amapá, PA: Pará, RO: Rondônia, RR: Roraima, and TO: Tocantins), North-
east (AL: Alagoas, BA: Bahia, CE: Ceará, MA: Maranhão, PB: Paráıba, PE:
Pernambuco, PI: Piaúı, RN: Rio Grande do Norte, and SE: Sergipe), Mid-
western (DF: Federal District, GO: Goiás, MS: Mato Grosso do Sul, and MT:
Mato Grosso), Southeast (ES: Esṕırito Santo, MG: Minas Gerais, RJ: Rio de
Janeiro, and SP: São Paulo), and South (PR: Paraná, RS: Rio Grande do Sul,
and SC: Santa Catarina).

(19%). The intermediate social vulnerability cluster comprises 948 municipal-
ities, 10 of which are state capitals, all located in the North and Northeast
regions, and 28% of the municipalities in metropolitan regions.

Finally, the rural with the low social vulnerability cluster is the one that
has, on average, the most considerable amount of elderly population (15%)
while having the most significant percentage of the economically active pop-
ulation (65%). It also has a high average value of informal workers (55%), an
attribute associated with agricultural occupation and the more rural popula-
tion, which in this cluster are 51% and 55% on average, respectively. In Brazil,
more rural municipalities generally have a greater social vulnerability. How-
ever, this cluster comprises municipalities with rural characteristics and less
social vulnerability. The regional inequalities can explain this fact. Note that
of the 826 municipalities that make up this cluster, 67% are in the Southern
region, and 22% are in the Southeast region.

In proportional terms, the very low social vulnerability cluster comprises
53% of the national population. It is followed by intermediate social vulner-
ability, very high social vulnerability, high social vulnerability, and rural with
low social vulnerability, with 22%, 12%, 10%, and 3% of the Brazil population,
respectively.
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Figure 8a shows the impact of the Covid-19 death first wave in Brazilian
municipalities. The Midwestern region was the most impacted in the first wave,
followed by the North region and the coastal areas of the Northeast region.
In the Southeast region, the states of Rio de Janeiro and Esṕırito Santo had
proportionally more municipalities with high, very high, or extremely high mor-
tality levels than those of São Paulo and Minas Gerais. The South region was
the least impacted during the first wave.
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Fig. 8: Maps of Brazilian municipalities highlighting Covid-19 mortality levels
by colors for a) the first wave, b) the second wave, c) the third wave, and
d) the accumulated period. States and Federal District of Brazil by regions:
North (AC: Acre, AM: Amazonas, AP: Amapá, PA: Pará, RO: Rondônia, RR:
Roraima, and TO: Tocantins), Northeast (AL: Alagoas, BA: Bahia, CE: Ceará,
MA: Maranhão, PB: Paráıba, PE: Pernambuco, PI: Piaúı, RN: Rio Grande do
Norte, and SE: Sergipe), Midwestern (DF: Federal District, GO: Goiás, MS:
Mato Grosso do Sul, and MT: Mato Grosso), Southeast (ES: Esṕırito Santo,
MG: Minas Gerais, RJ: Rio de Janeiro, and SP: São Paulo), and South (PR:
Paraná, RS: Rio Grande do Sul, and SC: Santa Catarina).
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As in the first Covid-19 death wave, the Midwestern region was also the
most impacted in the second wave, Figure 8b. However, the Northeast and
North left to be among the three most impacted regions to be the two least
impacted regions at the end of the second wave. Moreover, the South region,
which was the least impacted in the first wave, was the second region with
the highest proportion of municipalities with high, very high, or extremely high
mortality levels during the second wave. The municipalities in the Southeast
region had a similar impact pattern to those in the Midwestern and South
regions, except for the municipalities in the North of Minas Gerais, which had
a similar mortality level to the Northeast region during the second wave.

The third Covid-19 death wave, Figure 8c, was the moment of the pandemic
in Brazil when fewer municipalities had a high, very high, or extremely high
mortality level, with 729 municipalities in this wave, against 1,413 and 1,534
in the first wave and second wave, respectively. As in the second wave, the
Northeast and North regions were the least impacted regions. However, we
note a reduction of impact difference among those regions and the Midwestern,
Southeast, and South regions.

The cumulative of the three Covid-19 mortality waves, Figure 8d, resembles
the pattern observed in the second wave. Likewise, Figure 9 shows that the
correlations of the municipality memberships between each sociodemographic
cluster and each mortality level follow the same trend as in the second wave and
the accumulated period. We noted a positive correlation among very low social
vulnerability cluster with high, very high, or extremely high mortality levels.
The rural with low social vulnerability and intermediate social vulnerability
clusters also follow the same trend observed in the very low social vulnerability
cluster, however, with weaker correlations. On the other hand, the very high
social vulnerability and high social vulnerability clusters present an inverse
correlation with the high, very high, or extremely high mortality levels, with this
correlation being more robust with the very high social vulnerability cluster.

Table 1 shows the odds ratio after applying the process described in Section
2.5.3. We note that in the accumulated period, the municipalities in the very
low social vulnerability cluster had five times more chances to have a high, very
high, or extremely high mortality level than the other municipalities. On the
other hand, the municipalities in the very high social vulnerability cluster had
16 times fewer chances to have a high, very high, or extremely high mortality
level than the other municipalities.

Table 2 shows the odds ratio after applying the process described in Section
2.5.4. This result indicates that the attributes population percentage aged 15 to
24 years old, population percentage aged 25 to 39 years old, urban population
percentage, activity rate, percentage of the population employed in agriculture,
and percentage of the population employed in the industry had associations
with high, very high, or extremely high mortality levels, contrasting the test
group with the three experienced control groups. On the other hand, the other
attributes showed associations with statistical significance only for control
group 1 and control group 2.
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Fig. 9: Heat maps showing the Spearman coefficient correlations of the munici-
pality memberships between each sociodemographic cluster and each Covid-19
mortality level for a) the first wave, b) the second wave, c) the third wave,
and d) the accumulated period. The social vulnerability level (SV) label the
sociodemographic clusters. All Spearman coefficients |ρ| ≥ 0.10 obtained sta-
tistical significance with p-value ≤ 0.01.

Table 1: Association among municipality sociodemographic clusters and high,
very high, or extremely high Covid-19 mortality levels for the first wave, the
second wave, the third wave, and the accumulated period

1st wave 2sd wave 3rd wave Accumulated

Sociodemographic
cluster OR p-value OR p-value OR p-value OR p-value

Very low SV 1.39 <0.001 5.07 <0.001 1.51 <0.001 5.36 <0.001

Rural with low SV 0.39 <0.001 1.42 <0.001 1.77 <0.001 1.05 0.601
Intermediate SV 1.39 <0.001 2.07 <0.001 1.87 <0.001 2.14 <0.001

High SV 1.18 0.029 0.38 <0.001 0.68 <0.001 0.40 <0.001

Very high SV 0.83 0.010 0.06 <0.001 0.25 <0.001 0.06 <0.001

OR: odds ratio.
SV: social vulnerability. The social vulnerability levels label sociodemographic clusters.
Note: in bold p-value < 0.05.

The urban population percentage attribute is positively associated with
high, very high, or extremely high mortality levels for the three control groups.
On the other hand, the attributes percentage of the population employed in
agriculture and percentage of the population aged 15 to 24 years old showed a
negative association for the three control groups. The attributes population per-
centage aged 25 to 39, activity rate, and percentage of the population employed
in the industry varied the association direction for the three control groups.

4 Discussion

In this work, we perform a Brazilian municipality clustering considering
attributes that express sociodemographic vulnerabilities that could potentially
imply a more significant Covid-19 impact. This clustering ended up revealing
perceived socioeconomic and regional inequalities in the country. The cluster-
ing comprises five clusters labeled as very low social vulnerability, rural with low
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Table 2: Association among sociodemographic attributes and high, very high,
or extremely high Covid-19 mortality levels. Analysis with a test group formed
by 5% of the municipalities with the highest values for an attribute and three
different control groups.

Control 11 Control 22 Control 33

Attribute OR p OR p µOR(σOR) µp(σp)

% population 0 - 5 years 0.08 <0.001 0.14 <0.001 0.79 (0.11) 0.520 (0.227)
% population 6 - 14 years 0.05 <0.001 0.11 <0.001 0.74 (0.13) 0.475 (0.267)
% population 15 - 24 years 0.07 <0.001 0.12 <0.001 0.37 (0.04) 0.002 (0.002)
% population 25 - 39 years 2.16 <0.001 1.52 0.002 0.56 (0.04) 0.001 (0.002)
% population 40 - 59 years 22.05 <0.001 1.41 0.013 1.24 (0.11) 0.226 (0.207)
% population ≥ 60 years 3.14 <0.001 1.74 <0.001 1.39 (0.11) 0.049 (0.061)
% urban population 12.18 <0.001 4.45 <0.001 1.52 (0.08) 0.005 (0.007)
IDHM - income 179.83 <0.001 2.74 <0.001 1.08 (0.07) 0.579 (0.243)
Gini coefficient 0.24 <0.001 0.37 <0.001 0.83 (0.08) 0.384 (0.236)
Social transfer per capita 0.03 <0.001 0.07 <0.001 0.79 (0.17) 0.638 (0.259)
Activity rate 3.55 <0.001 0.58 0.001 0.40 (0.03) <0.001 (0.000)
% informal workers 0.02 <0.001 0.05 <0.001 0.34 (0.05) 0.029 (0.036)
% employed in agriculture 0.08 <0.001 0.25 <0.001 0.50 (0.05) 0.007 (0.015)
% employed in commerce 6.31 <0.001 2.46 <0.001 1.32 (0.09) 0.077 (0.072)
% employed in service 7.26 <0.001 2.89 <0.001 1.33 (0.09) 0.076 (0.075)
% employed in industry 7.13 <0.001 1.36 0.023 0.44 (0.03) <0.001 (0.000)

OR: odds ratio, p: p-value, µ: mean, and σ: standard deviation.

1Control Group 1 comprises 15% of the municipalities with the lowest values of an attribute.

2Control Group 2 comprises all municipalities except the municipalities in the test group.

3Control Group 3 comprises a random sample of 15% of the municipalities following the same probability of the
sociodemographic clusters observed in the test group.

Note: for Control 1 and Control 2, bold when p < 0.05, and for Control 3, bold when µp + 2σp < 0.05.

social vulnerability, intermediate social vulnerability, high social vulnerability,
and very high social vulnerability.

The first finding of this work is that the potential vulnerabilities to Covid-
19 in less developed municipalities are different from vulnerabilities in more
developed municipalities. For example, less developed municipalities have more
people living in poverty with greater income inequality and greater informal-
ity in the labor market. In turn, the most developed municipalities have as
potential vulnerabilities a more significant proportion of the population living
in urban areas and a more considerable proportion of the economically active
population in sectors such as commerce, service, and industry.

We discretized the municipal Covid-19 death rate into six levels: very low,
low, intermediate, high, very high, and extremely high. We perform analyzes
of mortality in the first wave, second wave, third wave, and the accumulated
waves. The results show that the pandemic impacted the Brazilian regions
and the sociodemographic clusters differently over the three first Covid-19
mortality waves. In addition, this study showed that the correlations among
sociodemographic attributes and high mortality levels were more evident and
more robust in the second wave than in the first and third waves.

The results also show that the less socially vulnerable municipalities had, in
general, higher Covid-19 mortality levels. On the other hand, the results reveal
a lower mortality level for the most vulnerable municipalities. We explain it by
another study finding, which identified that the urban population percentage
is the attribute that, among the attributes analyzed in this work, is most
often correlated so that municipalities have recorded higher mortality levels.
This study also found that the municipalities with the highest values of the
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attributes percentage of the population employed in agriculture and population
percentage aged 15 to 24 years old are less likely to have had a higher level
of mortality than other municipalities. Thus, knowing the correlation among
transfer social income per capita, urban population percentage, percentage of
the population aged between 15 and 24 years old, and the percentage of the
population employed in agriculture, we understood that the results obtained
in this work are coherent.

This work contributes to the epidemiology field by demonstrating that clus-
tering algorithms favor more refined and weighted analyses to verify stronger
correlations in ecological studies. For example, the Spearman coefficients of the
Covid-19 mortality rate with the attributes urban population percentage and
IDHM - income correspond to 0.49 and 0.59, respectively. In a generic analysis,
this can lead us to conclude that the mortality rate has a stronger correlation
with the IDHM - income than the urban population percentage. However, if
municipalities are weighted by sociodemographic clusters, as experienced with
control group 3, municipalities with the highest urban population percentage
were 52% more chance to have a high, very high, or extremely high mortality
level than other municipalities. In contrast, the municipalities with the high-
est values of IDHM - income had no association with statistical significance
when weighted analysis by sociodemographic clusters.

Studies in the literature analyzed Covid-19 data up to September 2020 and
observed a positive correlation between the mortality rate and the Gini coef-
ficient of states or municipalities [13–16]. This present work calculated the
Spearman correlation coefficients of the mortality rate with the Gini coeffi-
cient in the first wave, second wave, third wave, and the accumulated waves,
obtaining 0.07, -0.30, -0.10, and - 0.26, respectively. Thus, we noted a positive
correlation between the Gini coefficient and the death rate in the initial coro-
navirus outbreak in Brazil. However, at the end of the first wave, November
2020, this positive correlation would already be inexpressive and was reversed
from the second wave.

Studies suggest that there is Covid-19 death underreporting in Brazil
[27, 28]. Thus, underreporting inequalities in the municipalities can affect the
quality of the analyzes carried out in this work. Furthermore, the death records
correspond to the notification date reported by the municipal health depart-
ments. Therefore, the start and end dates of the waves do not express these
moments accurately. As for the sociodemographic data used in this work, most
come from the Census carried out in 2010 [21], so cases of municipalities that
had significant changes in their indicators in the last 12 years can affect the
analyzes carried out.

Although ecological associations do not allow causal inferences [29], this
work demonstrates that more developed urban centers suffered the most signif-
icant impact from the coronavirus pandemic in Brazil. Therefore, we conclude
that public policies that mitigate the vulnerabilities of this municipality kind
are essential to prevent the impacts triggered by epidemic outbreaks similar
to Covid-19 in the future.
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