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Abstract

Introduction: COVID-19 is a major public health concern in this century. The causative agent SARS-CoV-2, is highly contagious and spreads
continuously across territories. Spatial analysis is of enormous importance in the process of understanding the disease and its transmission
mechanisms. We aimed to identify the risk areas for COVID-19 and analyze their association with social vulnerability in Maceid, Alagoas.
The study was conducted in 2020.

Methodology: This is an ecological study to evaluate the incidence, mortality and case fatality rate of COVID-19 and their relationship with
12 indicators of human development and social vulnerability. Multivariate and spatial statistics were applied. A 95% confidence interval and a
5% confidence level were considered.

Results: The spatial scan statistic revealed the existence of six high-risk clusters for the incidence of COVID-19. The regression model showed
that social indicators, such as literacy of people, residents of private households, households with more than four residents, and resident brown
population, were associated with COVID-19 transmission in Maceio-AL. The disease affected localities whose populations are exposed to a
context of intense socioeconomic vulnerability.

Conclusions: Based on the results, it is necessary to adopt measures that take into account the social determinants of health in order to minimize
the damage caused by the pandemic.
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Introduction

Social conditions have a direct impact on the
incidence, mortality and case fatality rates of COVID-
19. Studies have shown that living in high density
housing increases the risk of infection [1]. Such living
conditions limit the effectiveness of social distancing
measures promoted by health authorities around the
world. This situation is evidenced by the vulnerable
population, who Ilive in places with inadequate
socioeconomic conditions [2].

In the absence of public housing policies, this
population lives in informal living arrangements
leading to the formation of slums. This leads to

increasing irregular employment opportunities, and
aggravates the social inequality process [3]. In addition,
spaces with low quality of life are created. This process
directly impacts access to health services, since the less
developed regions have fewer resources and poor
infrastructure, thereby depending exclusively on
presence of the state-sponsored health and welfare
programs [4].

Therefore, understanding the spatial dispersion
process of the virus allows the identification of hotspots
of disease transmission, providing an accurate
knowledge of the epidemiological reality and
improving the decision-making process by public
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health managers [5]. Using geostatistical analysis, it is
possible to map and track cases so that the actions taken
are effective [6]. This study is justified by the lack of
studies addressing the spatial distribution of SARS-
CoV-2 in the state of Alagoas.

The conventional literature on COVID-19 uses
states and municipalities as the unit of analysis to
observe the territorial dispersion of the disease. This
study is innovative since it examines the phenomenon
of spatial diffusion with the neighborhoods of Maceid
as the unit of analysis. Finally, it allows a clearer and
more precise understanding of the epidemiological
dynamics of COVID-19 in space, since territorial units
with a lower level of disaggregation and more
homogeneous social characteristics are used [7]. Thus,
the aim of this study was to identify risk areas for
COVID-19 and analyze its association with social
vulnerability in Maceio6, Alagoas, Brazil, 2020.

Methodology
Study design, population and period

In this ecological study we included all confirmed
cases and deaths due to COVID-19 registered in Maceio
between March 8 and August 10, 2020.

Area of Study

The municipality of Maceid has a population of
1,025,360 people (Figure 1). A total of 47.1% of the
households have adequate sanitation, 57.1% of urban
households are on public roads with afforestation and
32.7% of urban households are on public roads with
adequate urbanization (presence of sewage system,
sidewalk, pavement and curb).

Study variables, data sources and collection

Two sets of variables were included in the study.

The first was composed of three epidemiological
indicators: coefficient of accumulated incidence of
COVID-19/100,000 inhabitants, coefficient of
accumulated mortality by COVID-19/100,000
inhabitants and case fatality rate (proportion of fatal
cases). All data were extracted from the public database
of the state (http://www.dados.al.gov.br/dataset/painel-
covidl9-alagoas). In addition, population data was
extracted from the Brazilian Institute of Geography and
Statistics (IBGE)
(https://sidra.ibge.gov.br/home/pms/brasil).

The following equations were used to calculate the
indicators:

a) COVID-19 incidence rate
Number of COVID — 19 cases

Resident population in the year 2020

Incidence rate = x 100,000
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b) Mortality rate due to COVID-19
Number of deaths due to COVID — 19

Resident population in the year 2020

Mortality rate = x 100,000

c) Case fatality rate

c calit to = Number of deaths due to COVID — 19 % 100
ase fatality rate = Number of confirmed cases

The second group of variables was composed by 12
social indicators that describe the population's living
conditions. The following indicators were taken from
the 2010 IBGE demographic census:

1. Literacy rate of people > 10 years of age (%);

2. Average nominal monthly income of people >

10 years of age (BRL);

3. Average number of residents in permanent

private housing units (number of people);

4. Neighborhood Area (km?);

Total resident population in the neighborhood

(number of people);

Demographic density (hab/km?);

Households with more than four residents (%);

Extension of subnormal agglomerates (%);

Population > 60 years of age (%);

0. Percentage of population with income below
minimum wage (%);

11. Percentage of population with lack of access to

piped water (%);
12. Proportion of resident brown population (%).

hd

= 0 0N

The statistical analysis was carried out in two stages
Spatial analysis and identification of risk areas

This analysis was divided into two stages: i) global
and local Moran’s statistics; and ii) purely spatial
scanning statistics.

Initially, spatial autocorrelation was calculated
using the Moran global index (IM Global). The index
provides a general measure of the spatial association,
and considers the proximity matrix of order 1 for
calculation. The index varies between -1 and +1, where
the values equal to zero indicate the absence of spatial
autocorrelation and the values close to +1 and -1
indicate the existence of positive or negative spatial
autocorrelation [8].

Once the global dependence was verified, the Local
Moran Index (LISA) was calculated. The municipalities
are positioned in the quadrants of the Moran scattering
diagram based on the LISA: Q1 (High-High) -
municipalities where the attribute value and the average
value of the neighbors are above the average of the set
and, therefore, the municipalities are considered highest
priority for intervention;
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Figure 1. Map of the study area.
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Figure 2. Moran global statistics and geographic coordinate diagram of the

epidemiological indicators of COVID-19. Macei6, 2020.
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Q2 (Low-Low) - the attribute value and the average of
the neighbors are below the average of the set; Q3
(High-Low) - attribute value is greater than that of
neighbors and the average of neighbors is less than that
of the set; and Q4 (Low-High) - the attribute value is
less than that of neighbors and the average of neighbors
is greater than the average of the set. The municipalities
classified as High-Low and Low-High are those with
intermediate priority [8].

The purely spatial scanning statistic was used to
detect clusters in municipalities with a high risk of
COVID-19 transmission. The statistical tool is based on
the Poisson discrete probability model to identify
clusters with the maximum likelihood method, whose
alternative hypothesis is that there is a high risk inside
the window compared to outside [9]. The scan statistic
establishes a flexible circular window in the map,
positioned on each of the several centroids and whose
radius is established in 50% of the total population at
risk. The flexibility of the window was justified by not
knowing the size of the cluster a priori, since the
population at risk is not geographically homogeneous.
Monte Carlo simulations (with 999 permutations) were
used to obtain p values, and the significance level was
determined at p < 0.05. Clusters with two or less
municipalities were excluded.

The Terra View (version 4.2.2, Brazilian Space
Research Institute (INPE), Sdo José dos Campos, SP,
Brazil), SatScan (version 9.1, National Cancer Institute,
Bethesda, MD, USA) and QGis (version 2.14.11 Open
Source Geospatial Foundation (OSGeo), Beaverton,
OR, USA) were used for the analyses.

Analysis of the association between epidemiological
indicators and neighborhood living conditions

Initially, Spearman's non-parametric correlation
was used to identify the independent variables (social
indicators) related to the dependent variables
(epidemiological indicators). Correlated variables were
considered when p < 0.05. A multiple linear regression
model was used to identify the social indicators that
were significantly associated with the epidemiological
indicators.

Ethics
This study was approved by the research ethics

committee of Centro Universitario Cesmac on October
14, 2020; approval no. 4,338,350s.

Results
Maceio6 had registered 23,989 cases of COVID-19
(2573.7/100,000  inhabitants) and 778  deaths
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(83.5/100,000 inhabitants) by August 10, 2020. The
case fatality rate was 3.2%. Moran's Global Statistics
indicated spatial dependence on three indicators:
incidence coefficient (1 0.225086; p = 0.002), mortality
coefficient (1 0.184141; p =0.002) and case fatality rate
(I 0.116373; p = 0.003). The geographic coordinate
diagram showed that incidence and mortality rates were
higher in certain areas, while the case fatality rate was
associated with spatial distance (Figure 2).

The neighborhoods Jacintinho (cases = 1747,
2019.3/100,000; and deaths = 62; 71.7/100,000),
Benedito Bentes (cases = 1645, 1867.5/100,000; and
deaths = 59; 67.0/100,000), Tabuleiro dos Martins
(cases = 1527, 2358.1/100,000; and deaths = 40;
61.8/100,000) and Cidade Universitaria (cases = 1480,
2071.6/100,000; and deaths = 43, 61.8/100,000) were
responsible for 26.7% of all confirmed cases and 26.2%
of all deaths in the municipality. The neighborhoods of
Ipioca (7.5%), Ferndao Velho (7.5%) and Cha da
Jaqueira (7.23%) had the highest case fatality rates
(Figure 3).

In the case of incidence and mortality, seven
neighborhoods were located in quadrant 1 (Q1) of the
Moran scattering diagram. The neighborhoods Jatitca,
Farol, Centro, Ponta da Terra, Pajucara, Mangabeiras
and Ponta Verde, were responsible for 4632 (19.3%)
confirmed cases. Seven neighborhoods (Ponta Grossa,
Jatitca, Trapiche da barra, Centro, Ponta da Terra,
Pajucara and Mangabeiras) were responsible for 125
(16.1%) of the deaths. The case fatality rates of only
three neighborhoods were located in Q1: Trapiche da
Barra (4.6%), Ferndo Velho (7.5%) and Mutange
(5.9%) (Figure 3).

The spatial scan statistics showed the existence of
six clusters at high risk for the incidence of COVID-19:
cluster 2, with centroid in the Pogo neighborhood and
eight other neighborhoods with a high relative risk (RR
2.00) and cluster 1 (centroid in Pajugara, composed of
nine neighborhoods and with RR 1.95). Only a large
spatial cluster was identified in the case of mortality and
this was located in the south of the city and its centroid
was located in the neighborhood of Levada. RR of this
area with 25 neighborhoods was 1.58. Three risk
clusters were identified for the case fatality rate; out of
these, the case fatality rate of cluster 3 was 6.6%. This
area included three neighborhoods and had an RR equal
to 2.01. The neighborhoods Centro, Gruta de Lourdes
and Farol were part of clusters for the three indicators
analyzed (Figure 4 and Table 1).

Four variables showed a significant correlation with
COVID-19 incidence coefficient.
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Figure 3. Exploratory spatial analysis of COVID-19. Maceio Alagoas. 2020.
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Figure 4. Spatial scan statistics and high-risk areas for COVID-19. Maceid, Alagoas, 2020.
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Table 1. Spatial risk clusters for COVID-19, Macei6, Brazil, August 10, 2020.

a) Incidence rate per 100,000 inhabitants

Cluster Centroid Radius (km?) Locations c1:soe;s Incidence/100,000 RR p value
1 29- Pajugara 2.96 29, 35,34,22,37,24,26,7, 13 5363 4373.4 1.95 <0.0001
2 34- Pogo 1.97 34, 35, 29, 22, 26,7, 13,37 3918 4635.5 2.00 <0.0001
3 28- Ouro Preto 1.83 28,6,44,47,23,17,2 2510 3596.5 1.47  <0.0001
4 12- Cruz das Almas 2.18 12, 46, 24 1968 3375.6 1.37  <0.0001
5 36- Ponta Grossa - 36 839 3841.4 1.54 <0.0001
6 1- Antares - 1 577 3354.5 1.34  <0.0001
b) Mortality rate per 100,000 inhabitants
Cluster Centroid Radius (km?) Locations dg::ils Mortality/100,000 RR p value
25,5,7,39, 36,13, 50, 49, 27,
1 25- Levada 5.01 34,22, 33,32, 35,29,21,26,14, 439 99,6 1.58  <0.0001
24,37,9,17,3,8, 38
¢) Case fatality rate (%)
Cluster Centroid Radius (km?) Locations dg::ils Case fatality (%) RR p value
27,32,5,33,13,50,25,9,8, 3,
1 27- Mutange 3.33 36,17, 14,721, 39 310 4.1 1.49 0.0001
2 39- Prado 1.90 39, 49, 36, 25,7, 50 142 4.8% 1.63  <0.0001
3 3- Bebedouro 1.36 3,9,8 41 6.2 2.01 0.013

Locations: 1: Antares; 2: Barro Duro; 3: Bebedouro; 4: Benedito Bentes; 5: Bom Parto; 6:Canad; 7: Centro; 8: Cha da Jaqueira; 9: Cha De Bebedouro; 10: Cidade
Universitaria; 11: Clima Bom; 12: Cruz das Almas; 13: Farol; 14: Feitosa; 15: Ferndo Velho; 16: Garca Torta; 17: Gruta De Lourdes; 18: Guaxuma; 19: Ipioca;
20: Jacarecica; 21: Jacintinho; 22: Jaragua; 23: Jardim Petropolis; 24: Jatiuca; 25: Levada; 26: Mangabeiras; 27: Mutange; 28: Ouro Preto; 29: Pajucara; 30:
Pescaria; 31: Petropolis; 32: Pinheiro; 33: Pitanguinha; 34: Poco; 35: Ponta da Terra; 36: Ponta Grossa; 37: Ponta Verde; 38: Pontal da Barra; 39: Prado; 40:
Riacho Doce; 41: Rio Novo; 42: Santa Amelia; 43: Santa Lucia; 44: Santo Amaro; 45: Santos Dumont; 46: Sdo Jorge; 47: Serraria; 48: Tabuleiro dos Martins;

49: Trapiche da Barra; 50: Vergel do Lago.

Two of these variables, literacy rate of people > 10
years (%) and value of the average nominal monthly
income of people > 10 years (BRL), were positively
correlated. The other two variables, average number of
residents in permanent private households (people) and
resident brown population (%), were negatively
correlated. Five variables showed correlation with case
fatality rate; two of these were negatively correlated
(literacy rate of people aged > 10 years (%) and value
of the average monthly nominal income of people aged
> 10 years (BRL)) and three were positively correlated
(average number of residents in permanent private
housing units (people), households with more than 4

residents (%), and resident brown population (%)).
There was no association between the indicators of
social vulnerability and mortality rate (Table 2). In the
multiple linear regression model, only one variable was
associated with the incidence rate (literacy rate of
people aged > 10 years (%)) and two variables were
associated with the case fatality rate (households with
more than four residents (%) and resident brown
population (%)) (Table 3).

Discussion
Recommendations for physical distance and
hygiene to control the spread of COVID-19 have

Table 2. Spearman's correlation between epidemiological indicators and social vulnerability indicators. Maceio, Brazil, 2020.

Social indicator Incidence/100,000 Mortality/100,000 Case fatality rate (%)
Literacy rate of people aged > 10 years (%) 0.837 (p <0.001) 0.141 (p = 0.329) -0.436 (p =0.002)
Value of the average nominal monthly income of 0.762 (p < 0.001) 0.002 (p = 0.987) -0.529 (p = 0.000)

people aged > 10 years (BRL)

Average number of residents in permanent private
housing units (People)

Neighborhood Area (km?)

Resident population in the neighborhood
Demographic density (hab/km?)

Households with more than four residents (%)
Extension of subnormal agglomerates (%)
Population > 60 years old (%)

Income below minimum wage (%)

Lack of access to piped water (%)

Resident brown population (%)

-0.451 (p =0.001)

-0.084 (p = 0.562)
-0.016 (p = 0.913)
0.097 (p = 0.504)
-0.162 (p = 0.261)
0.031 (p = 0.829)
-0.016 (p = 0.914)
-0.118 (p = 0.414)
-0.103 (p = 0.475)
-0.636 (p < 0.001)

-0.058 (p = 0.690)

0.147 (p = 0.309)
0.160 (p = 0.266)
-0.108 (p = 0.456)
0.117 (p = 0.418)
0.027 (p = 0.853)
-0.057 (p = 0.696)
0.063 (p = 0.665)
0.112 (p = 0.440)
0.012 (p = 0.935)

0.362 (p=0.010)

0.253 (p = 0.076)
0.177 (p=0.219)
-0.183 (p = 0.203)
0.287 (p = 0.043)
-0.048 (p = 0.741)
-0.049 (p = 0.735)
0.137 (p = 0.341)
0.154 (p = 0.286)
0.535 (p < 0.001)
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limited effect among the Brazilian population due to
social inequalities. The scenario is worse in the slums
which are densely populated urban residential areas
characterized by lack of public health services and
infrastructure. The need for income in the informal
sector of the economy, linked to socio-spatial
vulnerability, makes it difficult to establish appropriate
prophylactic measures in these areas [10]. In this sense,
spatial analyses are essential to understand community
risk and provide strategic decision making, ranging
from social distance measures to resource allocation
[11,12].

The first confirmed case of COVID-19 in Maceid
occurred 11 days after the first official report of
COVID-19 in Brazilian territory, on February 26, 2020.
According to the Municipal Health Secretariat, the first
reported case of COVID-19 in the capital was a 42 year
old man who had recently returned from the most
affected region of COVID-19, Lombardy, in northern
Italy [13]. The state of Alagoas declared a state of
public emergency about a week after the pandemic was
announced. Since then, the Municipality and the State
Health Secretariat have been publishing daily
epidemiological bulletins with information about the
spread of the virus in the capital of Alagoas.

In the spatial analysis, it was found that the
neighborhood with the highest incidence rate (Pajucara)
had one of the highest per capita incomes in the city.
This finding may corroborate the idea of the spillover
effect in the dynamics of disease transmission. Initially,
cases were concentrated in wealthier neighborhoods
and then spread throughout the city. This may be
because the more privileged populations have more
resources for displacement, favoring the spread of the

J Infect Dev Ctries 2022; 16(8):1285-1293.

virus in their places of residence or spreading it to other
people outside [14].

The social determinants of health may explain the
results obtained in relation to mortality and case fatality
rate, since the most affected regions (Levada, Mutange,
Prado and Bebedouro) are those with the greater social
vulnerability. Access to disease prevention mechanisms
is more difficult or nonexistent in the poorest regions
[15]. The lack of access to sanitation is also another
variable that influences the incidence of the disease in
these neighborhoods [16]. This vulnerability has
increased the risk of exposure to SARS-CoV-2 [17].

Paradoxically, policies of social distancing may
also contribute to the burden of COVID-19 [18]. Since
poverty increases the risk of COVID-19, social
distancing measures and trade closures accentuate the
degree of poverty of the most vulnerable populations,
causing an increase in social inequality [19,20].
According to the IBGE, Brazil reached the highest
unemployment rate in history during the pandemic [21].

In Maceio, four social indicators showed significant
correlation with the COVID-19 incidence coefficient.
However, the literacy rate of people > 10 years of age
and the average number of residents in permanent
private households, showed a positive correlation. The
educational level also has a significant impact on the
analysis. Areas with higher educational levels had
lower case fatality rates. This finding can be justified
since the level of education of people directly correlates
with the understanding of data and information related
to the disease, as well as their socioeconomic conditions
[22].

Globally, the areas with the highest population
density and internal displacement had the highest levels

Table 3. Multiple linear regression between epidemiological indicators and social vulnerability indicators. Maceid, Brazil, 2020.

2
Variables B Default error t P R Val:l:sgl rough ¥
a) Incidence coefficient/100 thousand

(Constant) -7826.440 6503.856 -1.203 0.235

Literacy rate of people aged > 10 years (%) 155.800 45.206 3.446 0.001

Value of the average nominal monthly income of

people aged > 10 years (BRL) 0.067 0467 0.143 0.887 0.478 (p =0.001)
Ayerage nurgber of residents in permanent 978,249 968216 -1.010 0318

private housing units (People)

Resident brown population (%) 0.032 32.566 0.001 0.999

b) Case fatality rate (%)

(Constant) -5.598 9.769 -0.573 0.570

Literacy rate of people aged > 10 years (%) -0.075 0.065 -1.166 0.250

Value of the average nominal monthly income of 0.001 0.001 1839 0.073

people aged > 10 years (BRL) 0.361 (p = 0.001)
Ayerage nurgber of residents in permanent 1.108 1370 0.808 0423

private housing units (people)

Households with more than four residents (%) 0.080 0.040 2.011 0.045

Resident brown population (%) 0.142 0.048 2.960 0.005
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of infection in Iran [23]. In Italy, provinces that adopted
measures to contain the disease more quickly were not
affected by their neighbors [24]. Studies indicated that
India had the potential to be the next global epicenter of
the disease given the country's socio-demographic
characteristics and the environmental factors that
spread the disease [25]. On the other hand, in Hubei, the
epicenter of the disease in China, the epidemic had
centralized characteristic and presented a significant
global spatial autocorrelation [26], while the United
States had 26 emergent clusters of disease transmission
spread across its territory [27].

This study had limitations. Since we analyzed
secondary data, it is possible that the number of deaths
from COVID-19 have been underreported. Lack of
adequate care capacity for initial cases, as well as low
testing, may also have contributed to the underreporting
of cases early in the pandemic [28,29].

Conclusions

The parts of the city that were affected by the
disease included populations that were exposed to
intense socioeconomic vulnerability. It is necessary to
adopt measures that take into account the social
determinants of health to minimize the damage caused
by the pandemic. The results presented in this study can
serve as a resource to managers and technicians of
public administration of essential data and information
for sensitive decision making in relation to COVID-19.

References

1. Maroko AR, Nash D, Pavilonis BT (2020) COVID-19 and
inequity: a comparative spatial analysis of New York City and
Chicago hot spots. J Urban Health 20: 1-10.

2. Coelho FC, Lana RM, Cruz OG, Villela DAM, Bastos LS,
Piontti AP, Davis JT, Vespignance A, Codeco CCT, Gomes
MEFC (2020) Assessing the spread of COVID-19 in Brazil:
mobility, morbidity and social vulnerability. PloS One 15:
¢0238214.

3. Monteiro AR, Veras AT de R, Monteiro AR, Veras ATR
(2017) The housing issue in Brazil. Mercatorl6: el16015.
[Article in Portuguese].

4. Santos JAF (2018) Social class, territory and health inequality
in Brazil. Saud Soc 27: 556-572. [Article in Portuguese].

5. Boulos MNK, Geraghty EM (2020) Geographical tracking and
mapping of coronavirus disease COVID-19/severe acute
respiratory syndrome coronavirus 2 (SARS-CoV-2) epidemic
and associated events around the world: how 21st century GIS
technologies are supporting the global fight against outbreaks
and epidemics. In J Health Geogr 19: 8.

6. Dodds K, Broto VC, Detterbeck K, Jones M, Mamadouh V,
Ramutsindela M, Varsany M, Wachsmuth D, Monn CY (2020)
The COVID-19 pandemic: territorial, political and governance
dimensions of the crisis. Territory, Politics, Governance 8:
289-298.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

J Infect Dev Ctries 2022; 16(8):1285-1293.

Robin TA, Khan MA, Kabir N, Rahaman ST, Karim A,
Mannan II, George J, Rashid I (2019). Using spatial analysis
and GIS to improve planning and resource allocation in a rural
district of Bangladesh. BMJ Global Health 4: e000832.

Brasil Embrapa (2020) Spatial analysis of geographical data.
Embrapa Cerrados. 209 p. [Article in Portuguese].

Kulldorff M (1997) A spatial scan statistic. Communications
in Statistics - Theory and Methods 26: 1481-1496.

Ahmed F, Ahmed N, Pissarides C, Stiglitz J (2020) Why
inequality could spread COVID-19. The Lancet Public Health
5: e240.

Baggio J, Machado M, Carmo R, Armstrong A, Santos A,
Souza C (2021) COVID-19 in Brazil: spatial risk, social
vulnerability, human development, clinical manifestations, and
predictors of mortality- a retrospective study with data from
59,695 individuals. Epidemiology and Infection 149: 1-23.
Hohl A, Delmelle EM, Desjardins MR, Lan Y (2020) Daily
surveillance of COVID-19 using the prospective space-time
scan statistic in the United States. Spat Spatio-temporal
Epidemiol 34: 100354.

OAM (2020) First confirmed case of COVID-19 in Alagoas
completes a month. Gazetaweb. Available:
https://gazetaweb.globo.com/portal/noticia/2020/04/primeiro-
caso-confirmado-de-covid-19-em-alagoas-completa-um-
mes_102377.php? Accessed: 16 January 2021. [Article in
Portuguese].

Fortes A, Oliveira LD, Sousa GM (2020. COVID-19 in
Baixada Fluminense: collapse and seizure from the
metropolitan periphery of Rio de Janeiro. Espaco e Economia
Revista Brasileira de Geografia Econémica 18. DOI:
10.4000/espacoeconomia.13591. [Article in Portuguese].
Corburn J, Vlahov D, Mberu B, Riley L, Caiaffa WT, Rashid
SF, Ko A, Patel S, Jukur S, Martinez-Herrera E, Jayasinghe S,
Agarwal S, Nguendo-Yongsi B, Weru J, Ouma S, Edmundo K,
Oni T, Ayad H (2020) Slum health: arresting COVID-19 and
improving well-being in urban informal settlements. J Urban
Health 97: 348-357.

Ferreira D, Silva L, Flgueiredo Filho D (2020) Does sanitation
matter? An analysis of the relationship between sanitary and
COVID-19 conditions in Brazilian capitals. Engenharia
sanitaria e ambiental 111. [Article in Portuguese].

Silva EL, Miranda MJ, Bezerra AB, Matos KFR, Gurgel HC
(2020) COVID-19 in the integrated development region (ride)
of the federal and surrounding district: spatial distribution and
contingency health measures. Hygeia. 20: 287-297. [Article in
Portuguese].

Pereira RJ, Nascimento GNL do, Gratao LHA, Pimenta RS
(2020) The risk of COVID-19 transmission in favelas and
slums in Brazil. Public Health 183: 42-43.

Bambra C, Riordan R, Ford J, Matthews F (2020) The COVID-
19 pandemic and health inequalities. ] Epidemiol Community
Health 74: 964-968.

Finn BM, Kobayashi LC (2020) Structural inequality in the
time of COVID-19: urbanization, segregation, and pandemic
control in sub-Saharan Africa. Dialogues Hum Geogr 10: 217—
220.

Agencia IBGE (2020) Unemployment reaches 14.6% in the
third quarter, with an increase in 10 states. Available:
https://agenciadenoticias.ibge.gov.br/agencia-noticias/2012-
agencia-de-noticias/noticias/29520-desemprego-chega-a-14-
6-no-terceiro-trimestre-com-alta-em-10-estados. Accessed: 16
January 2021. [Article in Portuguese].

1292



Alencar do Nascimento et al. — COVID-19 and social vulnerability in Brazil

22.

23.

24.

25.

26.

27.

Souza CDF, Machado MF, Carmo RF (2020) Human
development, social vulnerability and COVID-19 in Brazil: a
study of the social determinants of health. Infect Dis Poverty
9: 124.

Ahmadi M, Sharifi A, Dorosti S, Jafarzadeh Ghoushchi S,
Ghanbari N (2020) Investigation of effective climatology
parameters on COVID-19 outbreak in Iran. Sci Total Environ
729: 138705.

Giuliani D, Dickson MM, Espa G, Santi F (2020). Modelling
and predicting the spatio-temporal spread of coronavirus
disease 2019 (COVID-19) in Italy. BMC Infect Dis 20: 700.
Murugesan B, Karuppannan S, Mengistie AT, Ranganathan M,
Gopalakrishnan G (2020) Distribution and trend analysis of
COVID-19 in India: geospatial approach. J Geographical
Studies 4: 1-9.

Xiong Y, Wang Y, Chen F, Zhu M (2020). Spatial statistics
and influencing factors of the novel coronavirus pneumonia
2019 epidemic in Hubei Province, China. Int J Environ Rev
Public Health 17: 3903.

Desjardins MR, Hohl A, Delmelle EM (2020) Rapid
surveillance of COVID-19 in the United States using a

28.

29.

J Infect Dev Ctries 2022; 16(8):1285-1293.

prospective space-time scan statistic: detecting and evaluating
emerging clusters. Appl Geogr 118: 102202.

Marinelli NP, Albuquerque LP de A, Sousa IDB de, Batista FM
de A, Mascarenhas MDM, Rodrigues MTP (2020) Evolution
of indicators and care capacity at the beginning of the COVID-
19 epidemic in Northeast Brazil. Epidemiol Serv Satde 29:
€2020226. [Article in Portuguese].

Binh TD, Loan TT (2021) Current separating/screening
process for suspected patients with COVID- 19 at Hue
University Hospital, Vietnam. J Infect Dev Ctries 15: 350-352.
doi: 10.3855/jidc.12716.

Corresponding author

Carlos Dornels Freire de Souza. PhD.

Universidade Federal do Vale do Sio Francisco,

Av José Manigoba, sn, Centro, Petrolina, Pernambuco, Brasil.
Tel: +55 87 9 9622 0698

Email: carlos.dornels@univasf.edu.br

Conflict of interests: No conflict of interests is declared.

1293



	Introduction
	Methodology
	Study design, population and period
	Area of Study
	Study variables, data sources and collection
	The statistical analysis was carried out in two stages
	Spatial analysis and identification of risk areas
	Analysis of the association between epidemiological indicators and neighborhood living conditions

	Ethics

	Results
	Discussion
	Conclusions
	References
	Corresponding author


