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Abstract

Dengue is a global public health problem. The Dengue Virus
(DENV) serotypes are transmitted by an Aedes aegypti mosquito.
Vector control is among the primary methods to prevent the dis-
ease, especially in tropical countries. This study aimed to analyze
the spatial distribution of dengue and its relationship with social
inequalities using spatial modelling. An ecological study with
temporal and spatial analysis was conducted in the state of
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Sergipe, Northeast Brazil, over a period of 18 years. Spatial mod-
elling was used to determine the influence of space on dengue
incidence and social inequalities. The epidemic rates in 2008,
2012, and 2015 were identified. Spatial modelling explained 40%
of the influence of social inequalities on dengue incidence in the
state. The main social inequalities related to the occurrence of
dengue were the percentage of people living in extreme poverty
and inadequate sanitation. The epidemic situation even increased
the risk of dengue in the population of the state of Sergipe. These
results demonstrate the potential of spatial modelling in determin-
ing the factors associated with dengue epidemics and are useful in
planning the intersectoral public health policies.

Introduction

Dengue is one of the vector-borne viral diseases that impacts
the morbidity and mortality of the world population most, espe-
cially in tropical countries, requiring increasingly intensive efforts
and investments from health services (Lutomiah et al., 2016). The
disease is caused by four Dengue Virus (DENV) serotypes
(DENV 1-4) belonging to the genus Flavivirus, family
Flaviviridae, and is mainly transmitted by a female mosquito of
the species Aedes aegypti (Restrepo et al., 2014). Emerging
arboviruses transmitted by the same vector have been identified in
the Americas, including chikungunya and Zika viruses (Stewart-
Ibarra et al., 2018).

An estimated 390 million dengue infections occur worldwide
annually, of which 96 million exhibit clinical symptoms (WHO,
2015; Bhatt et al., 2013). In Brazil, dengue is becoming a serious
public health problem (Araujo et al., 2017). Epidemics occur as a
result of accelerated and unplanned urbanization, social commut-
ing, increased international travel, and human activity in the envi-
ronment that favours vector adaptation and proliferation (Guo et
al., 2013), as well as the development of insecticide resistance
(Moyes et al., 2017; Francis et al., 2017). Dengue is thus endemic
in large areas of the tropical world where it has been shown to be
impossible to effectively control. We have studied the disease and
its transmission in the state of Sergipe, located in north-eastern
Brazil.

Social exclusion and poverty increase the rates of social vul-
nerability. The exclusion or poor access to health services, ade-
quate income, work, education, housing conditions, transporta-
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tion, sustainable environment, and social support networks lead to
persistent social inequities in health, that is, the presence of groups
that experience preventable, unfair, and unnecessary health prob-
lems (Frenk and Moon, 2013). The high percentage of Ae. aegypti
mosquitoes is clearly related to dengue transmission, and the
implementation of control and surveillance measures remains a
challenge, especially in developing countries as there is no effec-
tive treatment or vaccination available (Christofferson and Mores,
2015). Therefore, vector control remains the most important
method of preventing epidemics and severe forms of the disease
(Zara et al., 2016).

The control strategy adopted in Brazil highlights the importance
of vector control to prevent disease transmission, and is are per-
formed by health professionals in collaboration with the population
in the endemic areas. (Zara et al., 2016; Marcondes and Ximenes,
2016). Technological innovations have been suggested to aid in dis-
ease control such as risk mapping using Geographic Information
Systems (GIS), which allows the identification of areas at risk of
dengue (Zara et al., 2016). Spatiotemporal analysis can detect the
areas with higher incidence of dengue and be used to better under-
stand the dynamics of disease transmission in a given geographic
area (Vazquez-Prokopec et al., 2010). By associating spatial data
with epidemiological surveillance and socioeconomic indicators,
control actions can be conducted in priority areas.

The persistent high incidence of dengue fever and the dearth of
studies of this nature in the state of Sergipe prompted us to conduct
this study to understand the dynamics of the disease over the years
and verify its association with socioeconomic factors in order for
managers and health professionals to develop the appropriate pre-
ventive measures. Thus, this study aimed to analyze the spatial dis-
tribution of dengue and its relationship with social inequalities
using spatial modelling.

@‘

Materials and Methods

Design and area of study

An ecological study, with temporal and spatial analysis, was
conducted from 2000 to 2018. The units of analysis were the 75
municipalities of the state of Sergipe, which is located in the north-
eastern coast of Brazil (Figure 1). The state has 2,068,017 inhabi-
tants and an area of 21,910,354 km? (IBGE, 2017; Sergipe, 2011).

Data source and definition of variables

The sample consisted of dengue cases based on the clinical and
epidemiological and laboratory criteria. Data from the Disease
Information Notification System (SINAN), available from the
Department of Health of Sergipe, were collected. The outcome
(dependent variable) was the annual dengue incidence rates of
dengue.

The following social indicators, which were collected from the
2010 Population Census and United Nations Development
Program (UNDP, 2010), were used as independent variables:
income; education; water supply; garbage collection; sanitary
sewage; household occupation density; characteristics of house-
holds; social development index; the Theil’s L Index and the Gini
Index (two indices used to measure economic inequality); life
expectancy at birth (in years); adult literacy rate; per capita
income; extremely poor and poor; percentage of people vulnerable
to poverty; and at-risk situations.

Temporal and epidemiological analysis

The annual dengue incidence rates were used to calculate the
time trends in frequency of sick leave, with a model based on the
assumption of a minimum number of points at which statistically
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Figure 1. Delimitation of the study area.
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significant changes would occur (Kim et al., 2000). The JoinPoint
Regression Program (Statistical Methodology and Applications
Branch, Surveillance Research Program of the National Cancer
Institute, Bethesda, MD, USA, version 4.5.0.1) was used to per-
form the analysis.

Segmented log-linear regression was used to describe the trend
and identify changes in the pattern of disease distribution over the
years, modelling linear segments joined by inflection points using
the Monte Carlo permutation test. Moreover, for the minimum
number of observations of a junction point for each end of the data,
the value of 2 was standardized; and for the minimum number of
observations between two joinpoints also, the value of 2 was stan-
dardized. With regard to the number of joinpoints in the trend, 0
was assigned as the minimum value and 3 as the maximum value.
Thus, the average annual percentage change (AAPC) was calculat-
ed for the entire period. If the AAPC is positive and significant,
then the trend is increasing. However, if the AAPC is negative and
significant, the trend is decreasing. If there is no significance, the
trend is stable (Kim et al., 2000).

An epidemiological analysis was performed using the BioEstat
5.0 program. The mean incidence rate was found to be correlated
with the indicators of social inequality based on the Spearman’s
correlation coefficient, considering a significance level of 5%.

CPress

Spatial analysis

The cartographic base of the state of Sergipe available on the
electronic base of the Brazilian Institute of Geography and
Statistics was used. The cartographic projection used was the SIR-
GAS 2000 Universal Reference System, and the georeferenced
data were analyzed using TerraView, version 4.2.2 (National
Institute for Space Research, SP, Brazil), QGIS, version 2.18.2
(Open Source Geospatial Foundation (https://www.osgeo.org/) and
Geoda (https://geodacenter.github.io/).

The Global Empirical Bayesian Estimator was used to mini-
mize the instability caused by the random fluctuation of cases,
smoothing out the standardized rates by applying weighted aver-
ages, and creating a third corrected rate. The Empirical Bayesian
Rate demonstrated the correction of the multiplicative rate equal to
100,000 taking into account the mid-period at-risk population (for
the 2000-2018 period) and the total number of cases. In order to
estimate the spatial variability in the data analysis, a proximity
matrix was constructed; for neighbouring and neighbouring
municipalities, the value 1 (one) was assigned, and for those with-
out adjacent border geometries the value 0 (zero) was assigned
(Brasil et al., 2007).

With the Bayesian rate created, the spatial autocorrelation was
verified using Moran’s Global /, which investigates whether the
spatial distribution of the disease occurs randomly or follows a cer-
tain pattern. The method was also used to verify the spatial auto-
correlation of socioeconomic indicators (only those that showed a
positive correlation). The / ranges from —1 to +1. Values close to
zero indicate spatial randomness, while those between 0 and +1
indicate positive spatial autocorrelation, and those between —1 and
0 negative spatial autocorrelation.

The Local Index of Spatial Association (LISA) version of the
Local Moran’s / was used to map to indicate the areas at risk for
dengue or with high dengue transmission, in order to compare the
rates of each municipality with those of neighbouring municipali-
ties and to verify spatial dependence (Druck et al., 2004). Thus, the
following spatial quadrants were shown: Q1 (high/high) and Q2
(low/low), which indicate municipalities whose values were simi-
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lar to those of neighbouring municipalities and represent areas
with positive spatial association aggregates, and Q3 (high/low) and
Q4 (low/high), which indicate the transition areas with negative
spatial association aggregates (Moran, 1948; Céamara and
Monteiro, 2001).

We also used the Conditional AutoRegressive (CAR) linear
spatial regression model to verify the spatial dependence of the
dependent variable on a single parameter, considering that the spa-
tial process is stationary. However, before applying the CAR
model, the socioeconomic indicators that showed a positive corre-
lation with the average dengue rate through Spearman’s coefficient
were included in the multiple linear regression model to select
variables highly associated with the outcome (Anselim, 2005). The
residuals of the multiple linear regression model were analyzed
using Moran’s Global / to verify if there was spatial autocorrela-
tion. Those with positive spatial autocorrelation were included in
the final spatial regression model to analyze the spatial dependence
between dengue incidence and socioeconomic indicators. After
determining the result of the final spatial regression model,
Moran’s bivariate / was used to verify the distribution of the spatial
dependence of the average dengue incidence rate and the socioeco-
nomic indicators that presented the largest spatial dependence in
the regression (Anselim, 2005).

Results

Atotal of 63,912 dengue cases were recorded and confirmed in
the state of Sergipe. The average incidence rate was 187.2 cases
per 100,000 population. Temporal trend analysis demonstrated a
heterogeneous pattern with increasing and decreasing incidence
over the years. The period from 2006 to 2008 showed a significant
and growing trend (AAPC: 423% p<0.01), with the highest dengue
epidemic reported in 2008. Subsequently, the incidence decreased
to 86% from 2009 to 2010 compared with that of previous years.
A dengue epidemic was also reported in 2012 and 2015 (Figure 2).
With regard to the average incidence of dengue in the spatial dis-
tribution, a high concentration of dengue cases was distributed dif-
fusely in several regions of the state, with greater intensity in the
southeast region. With the rate smoothed by the Bayesian estima-
tor, a low variation was observed and risk clusters were also visu-
alized in the south-eastern region (Figure 3A and B). Moran’s [ for
the corrected average rate was significant for the period analyzed
(I: 0.18; P<0.01). The map analysis according to Moran’s / allowed
the identification of the municipalities classified according to sig-
nificance level of their local indexes. Three clustered regions were
identified: two in the south-eastern and southern regions with high
incidence rates (Q1: high/high; P=0.01) and one in the North with
the lowest incidence rates (Q2: low/low; P=0.001) (Figure 3 C and
D). The best indicators of the socioeconomic status showed an
inverse correlation with the incidence of dengue. However, indica-
tors related to low education, water supply and inadequate sanita-
tion, low income, and poverty showed a positive correlation with
the outcome (Table 1).

Moran’s Global / of socioeconomic indicators showing a pos-
itive correlation with dengue incidence are shown in Table 2.
Spatial autocorrelation was significant for most of the independent
variables, particularly for the following variables: percentage of
permanent private households in which the head of the household
receives up to 2 minimum wages; the percentage of income appro-
priated by the poorest 80%, percentage of people in households
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vulnerable to poverty and where no one has complete elementary
education; the percentage of people in households with inadequate
water supply and sanitation; and the percentage of per capita
income of the extremely poor.

The inclusion of the spatial component in the regression
model was based on two points: 1) the dependent variable had sig-
nificant spatial autocorrelation; and 2) most of the socioeconomic
indicators that showed a positive correlation with dengue inci-
dence showed spatial autocorrelation in the analysis of multiple
linear regression residues based on Moran’s Global / (Table 3).
The linear regression model explains 40% of the incidence of
dengue in the state of Sergipe during the study period
(R*=0.40/P<0.001). The socioeconomic indicators were signifi-
cantly associated with the average incidence of dengue in the per-
centage of permanent private households in which the responsible
person receives up to 2 minimum wages; the percentage of
income appropriated by the poorest 80%, percentage of people in
households with inadequate water supply and sewage; and the

percentage of extremely poor (Table 4). The spatial regression
demonstrated the spatial dependence of the result with some
socioeconomic indicators. Thus, the analysis of Moran’s bivariate
1 was used to verify the spatial distribution of the variables per-
centage of income appropriated by the poorest 80% and those in
households with inadequate supply of water and sewage, since
they were more associated with the incidence of dengue in the
state. Spatial autocorrelation was positive for dengue incidence
and percentage of the extremely poor (I: 0.67/P=0.01). The forma-
tion of a high-risk cluster in the central region of the state (Q1:
high/high; P=0.01) and a low-risk cluster in the northern region of
the state (Q2: low/low; P=0.01) was observed (Figure 4A). With
regard to the incidence of dengue and percentage of people in
households with inadequate water supply and sewage, a positive
spatial autocorrelation was also observed (I: 0.56/P=0.02). The
map revealed low-risk areas in the northern region (Q2: low/low;
P=0.01) and diffusely distributed high-risk areas (Q1: high/high;
P=0.01) highlighting the state capital (Figure 4B).
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Figure 2. Temporal pattern of dengue incidence from 2000 to 2018 in Sergipe, Brazil. A) Time trend distribution of the average dengue
incidence rate and the annual percentage change (AAPC) for each period; B) Ratio of number of dengue cases and average dengue inci-

dence rate.
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Discussion

Implementation of strategies to reduce dengue morbidity and
mortality in endemic areas requires integrated epidemiological
information to improve knowledge of factors related to local trans-
mission. In addition, through the current epidemiological frame-
work of emerging arboviruses, integrating epidemiological infor-
mation and social inequities is essential for preventing epidemics
not only of dengue but also of zika and chikungunya as they are
transmitted by an Ade. aegypti mosquito (Weaver and Reisen,
2010). Our results indicate that dengue is endemic in the state of
Sergipe. The trend was increasing mainly from 2004 to 2008.
Subsequently, the incidence of dengue remained stationary, but it
became endemic in 2012 and 2015. In 2015, the chikungunya and
zika arboviruses were already in circulation in the Brazilian terri-
tory triggering epidemics (Marcondes and Ximenes, 2016).

Spatial analysis showed a distinct behavior according to the
regions of the state of Sergipe. This finding reflects different risks

for the disease, showing high incidence mainly in the north, south,
and southeast regions. In addition, it was possible to verify that the
disease presents clusters in 90% of the state with different degrees
of risks. The identification of clusters indicated a broader epidemi-
ological view of the areas most at risk of transmission. Spatial ana-
lyzes indicated future risks, possibly avoidable, in areas that
require further health action and consolidation of surveillance
measures. According to the World Health Organization (WHO)
health systems need to respond better and faster to the challenges
of a changing world (WHO, 2008).

It was possible to identify that the indicators related to low educa-
tion, water supply and inadequate sanitation, low income, and poverty
had a positive correlation with the incidence of the disease.
Socioeconomic factors may play a significant role in dengue epi-
demics (Ren ez al., 2015; Lippi et al., 2018). Dengue may be associ-
ated with low socioeconomic status, low income, low education, low
literacy (Mondini and Chiaravalloti-Neto, 2008; Hagenlocher ef al.,
2013), lack of knowledge about dengue (Soghaier et al., 2015), pres-

Table 1. Correlation of socioeconomic variables and average dengue incidence rate in Sergipe, Brazil 2000 to 2018.

Percentage of permanent private households where the household head receives more than 10 minimum wages —0.56 <0.01
Social Development Index —0.37 <0.01
Life expectancy at birth —0.42 <0.01
Longevity index —0.36 <0.01
Income per capita -0.29 <0.01
Gini Index -0.28 <0.01
Theil Index -0.28 <0.01
Percentage of people living alone —0.54 <0.01
Percentage of population in households with piped water —0.53 <0.01
Percentage of income appropriated by the richest 20% —0.50 <0.01
Percentage of population in households with toilets and running water -0.38 <0.01
Percentage of population in households who have access to garbage collection services —0.44 <0.01
Percentage of population in households with electricity —0.32 <0.01
Percentage of improvised households 0.18 0.02
Percentage of permanent private households where the household head receives up to 2 minimum wages 0.38 <0.01
Percentage of population in households with a density of >2 0.19 0.01
Percentage illiteracy over 15 years 0.17 0.01
Percentage of unemployment for 10 years or more 0.19 0.08
Percentage of income appropriated by the poorest 80% 0.46 <0.01
Percentage of income appropriated by the poorest 20% 0.40 <0.01
Percentage of people in households where no one has completed elementary school 0.15 0.03
Percentage of 15-to-24-year-old individuals who do not study, do not work, and are vulnerable 0.34 <0.01
Percentage of people in households who are vulnerable to poverty and where no one has complete fundamental 0.38 <0.01
Percentage of vulnerable and elderly dependent 0.25 0.07
Percentage of people in households without electricity 0.15 0.05
Percentage of people in homes with inadequate walls 0.17 0.06
Percentage of people in households with inadequate water supply and sewage 0.53 <0.01
Percentage of extremely poor 0.40 <0.01
Percentage of poor 0.37 <0.01
Percentage of individuals vulnerable to poverty 0.38 <0.01
Percentage of per capita income of the extremely poor 0.29 <0.01
Percentage of per capita income of the poor 0.28 <0.01
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ence of economically inactive people at home as unemployed, stu- apartment, or large residential area (Braga et al., 2010). However,
dents and domestic workers (Hagenlocher et al., 2013), crowding of ~ other studies found no association between dengue and income or
households (Braga et al., 2010), poor housing with sewage and inad- number of people per household (Heukelbach ez al., 2001), or con-
equate waste collection (Costa er al., 2013), houschold density cluded that dengue affected groups with high socioeconomic condi-
(Khormi and Kumar, 2011), and type of housing as individual house, tions (Seidahmed et al., 2012). These contradictory results occur due

Table 2. Spatial autocorrelation of socioeconomic variables that showed a positive correlation with the average incidence rate of dengue

in Sergipe, Brazil 2000 to 2018.

Percentage of improvised households 0.58 0.02
Percentage of permanent private households where the household head receives up to 2 minimum wages 0.69 0.01
Percentage of population in households with a density of >2 0.47 0.01
Percentage illiteracy over 15 years 0.34 0.01
Percentage of unemployment for 10 years or more 0.29 0.03
Percentage of income appropriated by the poorest 80% 0.78 0.01
Percentage of income appropriated by the poorest 20% 0.50 0.01
Percentage of people in households where no one has completed elementary school 0.25 0.03
Percentage of 15-to-24-year-old individuals who do not study, do not work, and are vulnerable 0.24 0.01
Percentage of people in households who are vulnerable to poverty and where no one has completed fundamental elementary school (.78 0.01
Percentage of vulnerable and elderly dependent 0.35 0.07
Percentage of people in households without electricity 0.45 0.02
Percentage of people in homes with inadequate walls 0.57 0.1
Percentage of people in households with inadequate water supply and sewage 0.73 0.01
Percentage of extremely poor 0.52 0.01
Percentage of poor 0.39 0.01
Percentage of individuals vulnerable to poverty 0.43 0.01
Percentage of per capita income of the extremely poor 0.67 0.01
Percentage of per capita income of the poor 0.52 0.01

Table 3. Multiple linear regression and analysis of Global Moran's I of the average dengue incidence rate residues in Sergipe, Brazil

2000 to 2018.

Percentage of improvised households 0.28 0.05 17.1-32.0 0.16 0.06
Percentage of permanent private households where the household 0.58 <0.01 39.2-62.9 048 0.01
head receives up to 2 minimum wages

Percentage of population in households with a density of >2 0.49 0.01 25.0-56.0 0.49 0.01
Percentage illiteracy over 15 years 0.27 0.06 16.3-31.2 0.19 0.09
Percentage of unemployment for =10 years 0.39 0.05 22.0-42.0 0.19 0.09
Percentage of income appropriated by the poorest 80% 0.46 0.08 33.5-55.0 0.55 0.01
Percentage of income appropriated by the poorest 20% 0.40 0.08 39.0-54.9 0.50 0.01
Percentage of people in households where no one has completed 0.45 0.02 40.0-47.0 0.22 0.08
elementary school

Percentage of 15-24-years old who do not study, do not work and are vulnerable 0.54 <0.01 35.0-58.0 045 0.02
Percentage of people in households who are vulnerable to poverty 0.50 <0.01 48.0-55.0 0.49 0.01
and where no one has completed fundamental education

Percentage of vulnerable and elderly dependents 0.15 0.09 10.0-18.0 0.35 0.06
Percentage of people in households without electricity 0.25 0.05 20.0-29.0 0.28 0.07
Percentage of people in homes with inadequate walls 0.27 0.05 23.2-29.9 0.12 0.10
Percentage of people in households with inadequate water supply and sewage 0.62 <0.01 58.0-70.0 0.62 0.01
Percentage of extremely poor 0.50 <0.01 48.0-55.0 0.59 0.01
Percentage of poor 0.39 <0.01 22.0-42.0 0.50 0.01
Percentage of vulnerable to poverty 0.39 <0.01 22.0-42.0 045 0.01
Percentage of per capita income of the extremely poor 0.40 <0.01 39.0-54.9 0.35 0.02
Percentage of per capita income of the poor 0.38 <0.01 21.7-50.0 0.40 0.02
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to the heterogeneity in dengue control measures and the socioeconom-
ic indicators of the analyzed areas (Mulligan ef al., 2015), and may be
a good explanation of the occurrence of dengue in urban and rural
regions with different socioeconomic situations in the state of Sergipe.

Previous studies that demonstrated the relationship of dengue

fever with socioeconomic factors mostly assessed the relationship
at an individual level. There are few studies that correlate these
factors at the ecological level. Thus, in the spatial modelling, we
verified that the social inequalities that presented a significant
association were as follows: percentage of permanent private
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Figure 3. Spatial analysis of the average dengue incidence rate from 2000 to 2018 in Sergipe, Brazil. A) Average incidence rate; B) Global
empirical Bayesian rate; C) Spatial clusters demonstrated by Moran's scattering diagram; D) Areas in the state with high incidence of dengue.

Table 4. Final model of spatial regression with mean dengue incidence rate and socioeconomic variables in Sergipe, Brazil 2000 to 2018.

Percentage of permanent private households where the household head receives up to 2 minimum wages 0.62 0.08 0.01
Percentage of population in households with a density of >2 0.50 0.11 0.01
Percentage of income appropriated by the poorest 80% 0.77 0.08 0.01
Percentage of income appropriated by the poorest 20% 0.68 0.07 0.01
Percentage of 15-to-24-year-old individuals who do not study, do not work, and are vulnerable 0.50 0.11 0.02
Percentage of people in households who are vulnerable to poverty and where no one has complete fundamental ~ 0.50 0.11 0.01
Percentage of people in households with inadequate water supply and sewage 0.72 0.07 0.01
Percentage of extremely poor 0.60 0.05 0.01
Percentage of poor 0.37 0.09 0.01
Percentage of vulnerable to poverty 0.39 0.09 0.01
Percentage of per capita income of the extremely poor 0.50 0.11 0.02
Percentage of per capita income of the poor 0.28 0.15 0.02
OPEN aACC ESS [Geospatial Health 2020; 15:854] [page 77]



households in which the responsible person receives up to 2 mini-
mum wage, percentage of income appropriated by the poorest
80%, percentage of people in households with inadequate water
supply and sewage, and percentage of extremely poor.

The Sergipe state has high population density, high social
inequality rate demonstrated by the Gini index, and inadequate
average rate demonstrated by the Human Development index
(Lima et al., 2019). These factors contribute to the establishment
of inadequate housing, work, and income conditions in different
areas, especially those that may have good social development
such as the capital, and which favour the risk of dengue disease, as
demonstrated in a previous study conducted in a district of the
municipality of Aracaju, which identified key properties responsi-
ble for maintaining the vector infestation and which are mosquito
breeding grounds that can spread to neighbouring areas (Marteis et
al., 2013).

Poverty increases the risk of dengue transmission by promot-
ing exposure to risk factors related to dengue transmission, since
the vector favours building constructions in urban areas, human
agglomeration and a significant increase in population density.
Some properties located in the municipalities of Sergipe have con-

tainers, such as raised water tanks, tunnels, laundries and fixed
tanks, that are important for the proliferation of the vector (Akter
et al., 2017). In addition, some regions have inadequate water sup-
ply, which triggers the practice of open storage of water for use in
domestic activities. This scenario further increases the incidence of
dengue in the state and its relationship with the poorer areas.

A systematic review study found that there is no consistent evi-
dence supporting that poverty is a predictor of dengue occurrence
(Mulligan et al., 2015). This lack of evidence may also be related
to the scale of analysis generally adopted to assess this type of
association. Considering dengue persistence on an intra-urban
scale can help define a more appropriate scale for measuring the
relationship between dengue and socioeconomic conditions, which
can also help explore how other systems interact to explain why
not all underserved areas have concentrated cases. Previous studies
have found positive correlations between lack of basic sanitation
services and dengue transmission, as inadequate sanitation and
water storage in urban and rural areas favour optimal habitat for
breeding and proliferation of Ae. Aegypti mosquitoes (Stewart et
al., 2013; Stewart-Ibarra et al., 2014). Although there is evidence
that sanitation services reduce the amount of habitat for vector
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Figure 4. Moran's bivariate analysis between social inequalities and average dengue incidence rate during the period 2000 to 2018 in Sergipe,
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development, some evidence suggested that highly urbanized areas
provide ample habitat regardless of the availability of these ser-
vices (Schmidt et al., 2011), demonstrating human action as an
important factor.

The social context may undermine the spatial relationships
established in this study as regions with higher levels of human
development may also have large inequalities. Hence, we believe
that the accelerated urbanization in certain cities may enhance the
unregulated formation of poverty pockets in the state. In addition,
the knowledge and attitudes of the population regarding the main-
tenance of basic sanitation, home care with good practices that pre-
vent the proliferation of the vector and the use of repellents con-
tribute significantly to reduce the incidence of dengue, especially
in places with high population density. However, despite the level
of knowledge of the population, the vector may well find breeding
sites in homes, showing that even knowing how mosquitoes repro-
duce may not help. Thus, the population does not always partici-
pate with appropriate practices to reduce or eliminate breeding
sites, especially not in situations of social vulnerability (Souza et
al., 2012). Thus, vector control and health surveillance measures
should include guidelines for the population regarding the impor-
tance of active participation in the reduction and elimination of
breeding sites. In the risk areas identified in this study, it is impor-
tant that endemic agents and health professionals advise home vis-
its that residents avoid accumulating water and protect storage
containers, as well as perform the correct hygiene.

The study has limitations regarding the use of secondary data,
since errors may occur in the notification and availability of infor-
mation. There are also limitations regarding the analysis of ecolog-
ical characteristics only and not individual characteristics and their
risk factors. However, it is believed that the results could bring sig-
nificant benefits to policy-making with new strategies for control
and expansion of intersectoral and health services activities.

~"

Conclusion

In 2008, the state of Sergipe presented the largest recorded
dengue epidemic, followed by two more in 2012 and 2015. Social
indicators such as the percentage of income of the extremely poor
and inadequate sanitation explain the incidence in the state.
Although all municipalities in the state showed a temporal vari-
ability among dengue incidence rates during the period analyzed.
The regions in the Southeast and South were considered at a par-
ticularly high risk for dengue.
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