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Abstract 

Background: Dengue fever is an arthropod-borne viral disease caused by dengue virus (DENV) and transmitted by 
Aedes mosquitoes. The Northeast region of Brazil is characterized by having one of the highest dengue rates in the 
country, in addition to being considered the poorest region. Here, we aimed to identify spatial clusters with the high-
est dengue risk, as well as to analyze the temporal behavior of the incidence rate and the effects of social determi-
nants on the disease transmission dynamic in Northeastern Brazil.

Methods: This is an ecological study carried out with all confirmed cases of dengue in the Northeast Brazil between 
2014 and 2017. Data were extracted from the National Notifiable Diseases Information System (SINAN) and the Brazil-
ian Institute of Geography and Statistics (IBGE). Local empirical Bayesian model, Moran statistics and spatial scan statis-
tics were applied. The association between dengue incidence rate and social determinants was tested using Moran’s 
bivariate correlation.

Results: A total of 509 261 cases of dengue were confirmed in the Northeast during the study period, 53.41% of 
them were concentrated in Pernambuco and Ceará states. Spatial analysis showed a heterogeneous distribution of 
dengue cases in the region, with the highest rates in the east coast. Four risk clusters were observed, involving 815 
municipalities (45.45%). Moreover, social indicators related to population density, education, income, housing, and 
social vulnerability showed a spatial correlation with the dengue incidence rate.

Conclusions: This study provides information on the spatial dynamics of dengue in northeastern Brazil and its rela-
tionship with social determinants and can be used in the formulation of public health policies to reduce the impact of 
the disease in vulnerable populations.
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Background
Dengue is an acute arthropod-borne viral infection trans-
mitted mainly by the Aedes aegypti mosquito, and is the 
most frequent arboviral disease globally [1]. Dengue 
occurs mainly in the tropics and subtropics with an esti-
mated burden of 390 million cases per year, of which 96 
million cases manifest symptomatically, 2 million cases 
develop severe disease, and 21 000 deaths occurs annually 
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[1, 2]. The worldwide spread of dengue is a complex issue, 
which may be accelerated by several factors, such as cli-
mate change, population growth, rapid and unplanned 
urbanization, the movement of people for trade, tourism, 
or forced by natural disasters, fragilities in public health 
and in vector control programs [3–5].

From 2010 to 2019, more than 16 million cases of den-
gue were reported throughout the American continent 
and about 10 million cases (~ 62%) were reported only 
in Brazil [6]. The disease is an important public health 
concern in the country, with simultaneous circulation of 
the four viral serotypes (DENV1, DENV2, DENV3, and 
DENV4) [7]. Dengue has a wide geographical distribu-
tion in the country and, despite the intensification of 
control measures, there has been an increase in the num-
ber of severe cases, hospitalizations and deaths in recent 
years [8, 9]. Historically, the regions in the country with 
the highest both dengue incidences and fatal cases have 
been the Southeast, followed by the Northeast. Together, 
Southeast and Northeast regions have contributed 43% 
and 27%, respectively, of the total fatal dengue cases in 
Brazil [10]. The Northeast region is one of the poorest 
regions in Brazil, also presenting the greatest risks of hos-
pitalization for dengue in the country [11].

The Northeast is one of the five regions of Brazil 
(North, Northeast, Midwest, Southeast and South). 
Over the years, the region has faced serious social dif-
ficulties, presenting the lowest human development 
index (HDI = 0.667) and the highest Gini inequality 
index (0.522). In addition, 61.2% of the municipalities 
have low HDI (< 0.600) and only 1.9% have a very high 
HDI (> 0.800) [12]. 43.5% of the population of Northeast-
ern Brazil live in poverty, living on USD 5.5/day, and the 
illiteracy rate in people aged 15 or over reaches 14.48%, 
more than double the national average (6.92%) [13, 14].

Urban growth provides a great source of susceptible 
and infected individuals concentrated in restricted areas. 
This fact, associated with the precarious conditions of 
basic sanitation, inadequate housing, cultural and edu-
cational factors, provides ecological conditions favorable 
to dengue virus (DENV) transmission [15, 16]. Studies 
carried out in capitals of the Brazilian Northeast, Recife 
and Fortaleza, for example, demonstrated a greater risk 
of infection in socioeconomically deprived areas [17, 18].

In this context, spatiotemporal analysis can contribute 
to the understanding of the dynamics of the disease in 
target populations, as well as to the identification of risk 
areas, contributing to the implementation of public poli-
cies with adequate control and prevention actions [19]. 

Therefore, this study aimed to identify spatial clusters 
with the highest risks of DENV transmission, to analyze 
the disease transmission dynamic and to find socioeco-
nomic factors associated with dengue occurrence in the 
Northeast region of Brazil.

Methods
Study area
This study was carried out in the Northeast region of Bra-
zil, which is located between the latitudes of 1° and 18° 
30′ S, and longitudes of 34° 20′ e 48° 30′ W. The Northeast 
region includes nine states: Maranhão (MA), Piauí (PI), 
Ceará (CE), Rio Grande do Norte (RN), Paraíba (PB), 
Pernambuco (PE), Alagoas (AL), Sergipe (SE) and Bahia 
(BA). It occupies a territorial area of 1 554 291 km2 (18% 
of Brazilian territory) and had an estimated population of 
57.2 million inhabitants in 2017 (second largest popula-
tion among Brazilian regions) (Fig.  1). Approximately 
60% of the Northeast area has a semiarid climate and an 
average annual rainfall of 500  mm  year−1. Additionally, 
the region has experienced an increase in air temperature 
and dryness in the last decades [20].

Data sources
This is an ecological study, including all dengue cases con-
firmed and registered in residents in the Northeastern 
region of Brazil from 2014 to 2017. As of 2014, there was 
a change in the clinical classification of dengue in Brazil, 
which started to adopt the classification proposed by WHO 
(dengue, dengue with alarm signs or severe dengue) [21] 
and the registration started to occur in the online version of 
National System of Notifiable Diseases (Sinan Online). For 
this reason, 2014 was the initial year of this study.

The following inclusion criteria were adopted: (i) 
cases notified between 2014 and 2017; (ii) individuals 
residing in the Northeast states; and (iii) cases closed 
in the information system and with clinical classifica-
tion. In the study, cases whose clinical classification field 
was ignored/blank or registered as inconclusive were 
excluded.

These data were extracted from the National Notifiable 
Diseases Information System (SINAN) [22]. The popu-
lation data, necessary for calculating the incidence rate, 
were obtained from the Brazilian Institute of Geography 
and Statistics (IBGE) [23].

For the calculation of the incidence coefficient, the fol-
lowing equation was adopted:

Incidence =
Number of confirmed dengue cases

Population living in the place and period
× 100000
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From the IBGE database, we then selected indicators 
that express social vulnerability and grouped them into 
five categories. The indicators were selected according to 
the social determinants previously reported for dengue, 
also considering the transmission characteristics of the 
disease and the availability of the indicators for all munic-
ipalities in the study area. These indicators were grouped 
according to the meaning they express.

a Population: percentage of urban population and pop-
ulation density (inhab/km2);

b Education: percentage of people aged 6 to 14 who do 
not attend school; Illiteracy rate of individuals aged 
18 or over; percentage of people aged 18 or over 
without complete elementary education and in infor-
mal occupation;

c Income: average income of the employed; percentage 
of income from work; percentage of people aged 15 
to 24 who do not study, do not work and have a per 
capita household income equal to or less than half 
the minimum wage (2010);

d Housing: percentage of households with access to 
piped water; percentage of households with access to 
electricity;

e Social vulnerability: percentage of mothers who are 
heads of household without elementary school and 
with minor children, in the total of mothers who are 
heads of families; percentage of vulnerable people 
who spend more than an hour to work among the 
employed population.

Data analysis
The statistical treatment of the data was carried out in 
three steps:

Time trend analysis
Trend analysis was carried out with the use of a join-
point regression model. Trends were classified as increas-
ing, decreasing, or stationary. The annual percent change 
(APC) was calculated, considering a confidence interval of 
95% and a significance of 5%.

The joinpoint regression model for the observations, (x1, 
y1),…, (xn, yn), where x1 ≤ … ≤ xn represents the time vari-
able, and yi, (i = 1, 2,…, n) is the response variable, may be 
written as:

∑

yi|xi] = β0 + β1x1 + γ1(xi − τ1)+ · · · + γn(xi − τn)

Fig. 1 Location of the study area. Northeast, Brazil. 2020
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where β0, β1,  y1,…, γn are regression coefficients, and  yk, 
K = 1, 2,…, n, n < N, is the k-th unknown joinpoint where

The analyses were performed using the Joinpoint 
Regression Program (version 4.5.0.1, National Cancer 
Institute, Bethesda, MD, USA) [24].

Spatial analysis and identification of risk areas
Initially, the dengue incidence rate was carried out by 
the application of a local empirical Bayesian model [25]. 
The modeling aims to identify the posterior distribution 
(unobserved quantities of a given phenomenon), based 
on the application of Bayes’ theorem, involving sample 
data (likelihood function), and a set of observed data (a 
priori distribution) [25]. The correction reduces random 
fluctuation caused by rare events, municipalities with 
small populations and underreporting of the disease.

After correction, spatial autocorrelation was calcu-
lated using the Moran global index. The global index 
provides a general measure of spatial association, whose 
expression and calculation consider a proximity matrix 
of order 1. The index varies between − 1 and + 1, where 
values equal to zero indicate the absence of spatial auto-
correlation, and values close to + 1 and − 1 indicate the 
existence of positive or negative spatial autocorrelation, 
respectively [26].

Moran’s global index (I Global) is given by the equation:

where n is the number of areas,  zi the value of the 
attribute considered in area i, z is the mean value of the 
attribute in the region of study, and wij, the elements of 
the normalized spatial proximity matrix.

Once the global dependence was verified, the Local 
Index of Spatial Association (LISA) was calculated. LISA 
is a decomposition of the I Global, in which it is possi-
ble to elaborate an analysis of the local pattern of spatial 
data.

LISA can be expressed for each area i from the normal-
ized zi values of the attribute as:

Based on LISA, the municipalities are positioned in the 
quadrants of the Moran scattering diagram in the follow-
ing manner: Q1 (high–high), municipalities where the 
attribute value and the average value of the neighbors 

(xi − τk) = (xi − τk)if (xi − τk) > 0 = 0, otherwise.

I =

n
∑

i=1

∑n
j=1 wij(zi − z)

(

zj − z
)

∑n
i=1 (zi − z)2

Ii =
zi
∑n

j=1 wijzj
∑n

j=1 z
2
j

are above the average of the set and which are, therefore, 
considered highest priority for intervention; 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 the neighbors and 
the average of the neighbors is greater than the average 
of the set. The municipalities classified as high–low and 
low–high have intermediate priority [26].

Then, three spatial scanning analysis techniques were 
applied to identify high-risk clusters: purely spatial, spa-
tiotemporal and spatial variation of the temporal trend. 
The Poisson discrete probability model and the maxi-
mum likelihood method were adopted, whose alternative 
hypothesis is that there is a high risk inside the window 
compared to the outside. For the identified areas, the 
model calculates the relative risk (RR) [27].

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 popu-
lation 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 homogene-
ous. Monte Carlo simulations (999 permutations were 
adopted) were used to obtain P values, with clusters with 
P-value < 0.05 being significant.

Spatial correlation of dengue with social determinants
Initially, all indicators were submitted to global Moran 
statistics to assess the presence of spatial dependence. 
Then, the social indicators were subjected to bivari-
ate spatial correlation with the raw incidence rate and 
smoothed rate as dependent variable. Moran’s bivari-
ate analysis allows to identify whether the value of an 
attribute observed in a given region is spatially related 
to the values of another variable observed in neighbor-
ing regions, i.e., the degree of linear spatial correlation 
(whether positive or negative) between the value of one 
variable and the average of another variable in neighbor-
ing locations [26].

Bivariate Moran’s I can be defined as:

where n is the number of areas, zi and zii are the val-
ues of the attributes considered in area i, and wij, the ele-
ments of the normalized spatial proximity matrix.

The analyses were performed using the following soft-
ware: Terra View (version 4.2.2, Brazilian Space Research 
Institute, São José dos Campos, SP, Brazil), Stat Scan 
(version 9.1, National Cancer Institute, Bethesda, MD, 

Izi,zii =
ZiwijZii

ZiZii
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USA) and QGis (version 2.14.11 Open Source Geospatial 
Foundation, Beaverton, OR, USA).

Ethics statement
The study did not require research ethics committee 
approval because it used public-domain aggregate sec-
ondary data and no individual patients were identifiable.

Results
Most dengue cases are concentrated in two states
From 2014 to 2017, 509  261 cases of dengue were con-
firmed in the Northeast, 53.41% (n = 272  070) of them 
appeared only in two states: Ceará (29.01%; n = 147 768) 
and Pernambuco (24.41%; n = 124 302). These two states 
ranked first and third in incidence rates (413.55/100 000 
and 331.41/100 000 inhabitants, respectively). Piauí was 
the unique state with a decreasing trend in the period 
(APC = − 22.6%; P < 0.001) (Table 1).

A total of 7.4% (n = 134) of the municipalities did not 
register any cases of dengue in the period, and 4.5% 
(n = 81) registered more than 1000 cases. These 81 
municipalities accounted for 70.3% (n = 358  306) of 
the total number of cases in the region. Fortaleza-CE 
and Recife-PE occupied the first two positions in abso-
lute number of cases and in incidence rate among the 
capitals, with 68  504 (65  867/100  000 inhabitants) and 
38 935 (60 039/100 000 inhabitants) records, respectively 
(Fig. 2).

In regard to the raw rate, only 2.18% (n = 43) of the 
municipalities had an incidence greater than 1000 
cases/100  000 inhabitants, highlighting the munici-
palities of Guamaré-RN (3750.06; n = 2220) and Mon-
teiro-PB (3522.66; n = 4636). The smoothing by the 
Bayesian model reduced the random fluctuation of the 
data, reducing the number of silent municipalities to 
three (two in Maranhão state and one in Pernambuco 
state). On the other hand, the number of municipalities 
with an incidence greater than 1000/100  000 remained 
the same (n = 43). In the Moran Map, 107 municipalities 
were classified in the Q1 quadrant of the Moran scatter-
ing diagram (Fig. 2).

Dengue incidence rate is higher in more populous 
municipalities
Over the four years studied, incidence rates were higher 
in municipalities with a larger population. In municipali-
ties with more than 100 thousand inhabitants, the inci-
dence rate was 1.92 times higher than that observed in 
municipalities with less than 50 thousand inhabitants 
(275.22/100  000 and 143.21/100  000, respectively). In 
addition, 89.7% (n = 1610) of the municipalities in the 

Northeast are small, which together accounted for 29.0% 
of the records (n = 147 935). In this group, the rates were 
higher in those with a population between 20  001 and 
50 thousand inhabitants (159.47/100  000) (Fig.  3 and 
Table 2).

High‑risk clusters are distributed throughout the Northeast 
region
The spatial analysis stratified by year of the time series 
showed the displacement of areas at high risk of dengue 
in the Northeast. In 2014, there was a large cluster of 
risk in the region, except for part of Bahia and the entire 
state of Maranhão. In the following year (2015), this clus-
ter moves to an axis that goes from the state of Alagoas 
to Ceará. In 2016, three clusters (with more than one 
municipality) appeared in Maranhão and, in 2017, the 
growth of risk areas in Ceará and the south of Maranhão, 
Piauí and western Bahia stood out. Considering the sum 
of cases in the period, 66 spatial clusters were identified 
(Fig. 4).

In the spatiotemporal analysis, four risk clusters were 
observed, involving 815 municipalities (45.45%) in the 
Northeast. Cluster 1 stood out, with 808 (45.06%) munic-
ipalities in the states of Alagoas, Pernambuco,  Paraíba, 
Rio Grande do Norte, and Ceará, with an incidence rate 
of 524.3/100  000 and a relative risk of 4.07 (P < 0.001). 
Bahia, Maranhão and Piauí also presented risk areas in 
their territory (clusters 2, 3 and 4). In addition, the spatial 
variation in the temporal trend showed that all the states 
in the Northeast presented areas of risk, with emphasis 
on Pernambuco, with 10 clusters (Fig. 5 and Table 3).

Social determinants can influence dengue incidence rate
All social indicators showed global spatial dependence. 
In the bivariate analysis, 9 indicators showed a spatial 
correlation with the dengue incidence rates (raw and 
smoothed) (Table 4). Among them, two showed a nega-
tive correlation (percentage of income from work and 
percentage of households with access to piped water) 
and seven showed a positive correlation (population 
density; percentage of people aged 6 to 14 who do not 
attend school; rate of illiteracy of individuals aged 18 or 
over; percentage of people aged 18 or over without com-
plete elementary school and in an informal occupation; 
percentage of people aged 15 to 24 who do not study, do 
not work and have a per capita household income equal 
to or less than half the minimum wage (2010); percent-
age of households with access to electricity; percentage of 
mothers who are heads of household without elementary 
school and with minor children, in the total of mothers 
who are heads of households).
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Fig. 2 Exploratory spatial analysis of the occurrence of dengue in Northeast Brazil, 2014–2017. a Number of dengue reported cases, b raw 
incidence rate/100 000 inhabitants, c smoothed incidence rate/100 000 inhabitants and d Moran Map of the smoothed incidence rate. Values in 
brackets represent the number of municipalities. I = Moran’s Index
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Discussion
This study demonstrated the presence of spatial clus-
ters in Northeastern Brazil, with risk areas distributed 
in all states, mainly in Ceará and Pernambuco states. A 
total of four risk clusters were observed, involving 815 

municipalities (45.45%). We also provided evidence that 
socioeconomic factors such as population density, educa-
tion level, income, housing and social vulnerabilities may 
contribute to dengue burden.

In the analyzed period, 509  261 cases of dengue 
were confirmed in the Northeast, an incidence rate of 

Fig. 3 Dengue incidence rate according to the population size of municipalities in Northeast Brazil, 2014–2017
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Table 2 Comparison of average dengue incidence rates according to population size in the municipalities of Northeast 
Brazil, 2014–2017

a  A case with ignored municipality
b  Kruskal–Wallis test; SD Standard deviation; IQR Interquartile range

Population size No. municipalities (%) No.  casesa (%) Mean (± SD) Median (IQR) P-value

Small (up to 50 000) 1610 (89.7) 147 935 (29.0) 143.21 ± 331.50 33.97 (122.50) < 0.001b

 Small 1 (up to 20 000) 1157 (64.5) 63 831 (12.5) 136.84 ± 328.52 29.79 (109.40)

 Small 2 (20 001 to 50 000) 453 (25.2) 84 104 (16.5) 159.47 ± 338.83 46.22 (145.73)

Medium (50 001 to 100 000) 122 (6.8) 75 246 (14.8) 229.25 ± 302.78 113.91 (307.69)

 Medium 1 (50 001 to 70 000) 75 (4.2) 40 559 (8.0) 228.74 ± 327.89 70.95 (304.72)

 Medium 2 (70 001 to 100 000) 47 (2.6) 34 687 (6.8) 230.06 ± 261.15 155.49 (318.76)

Large (> 100 000) 62 (3.5) 286 079 (56.2) 275.22 ± 463.23 144.89 (272.19)

 Large 1 (100 001 to 500 000) 51 (2.8) 113 407 (22.3) 274.27 ± 501.79 139.92 (235.02)

 Large 2 (> 500 000) 11 (0.7) 172 672 (33.9) 279.61 ± 223.50 201.81 (373.40)

Fig. 4 Statistics of spatial scanning of the incidence of dengue in Northeast Brazil. a 2014; b 2015; c 2016; d 2017; e 2014–2017; f Spatial overlay. 
Circles represent clusters of incidence
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Fig. 5 Retrospective analysis of space–time and spatial variation in the temporal trend of dengue incidence in Brazil Northeast, 2014–2017. a 
Space–time; b spatial variation in temporal trend. Circles represent spatial clusters in kilometers. Areas in color represent clusters in the level of 
municipalities
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224 cases per 100  000 inhabitants. This result is close 
to that found in a study carried out in Brazil between 
1990 and 2017, which found an incidence rate for the 
northeast region of 246 cases per 100  000 inhabitants 

(Table  1) [7]. The semiarid climate, which is predomi-
nant in the Northeast, combined with poor sociodemo-
graphic conditions may contribute to the high rates of 
dengue in this region [28].

Table 3 Retrospective analyses of  space–time and  spatial variation in  temporal trend of  Dengue incidence in  Brazil 
Northeast, 2014–2017

Inf Infinite

a. Space–time

Cluster Time period States Radium (km) Number 
of municipalities

Number of cases Annual 
rate/100 000

Relative risk P-value

1 2015–2016 Alagoas, Pernambuco, Par-
aíba, Rio Grande do Norte 
and Ceará

533.39 808 287 252 524.3 4.07 < 0.001

2 2015–2016 Bahia (Itabuna) 0.0 1 25 906 5882.8 27.56 < 0.001

3 2016–2017 Maranhão 51.35 2 2153 1049.8 4.69 < 0.001

4 2015–2015 Bahia and Piauí 59.38 4 1012 1092.7 4.87 < 0.001

b. Spatial variation in temporal trend

Cluster Inside time 
trend (%)

Localization Radium (km) Number 
of municipalities

Number of cases Annual 
rate/100 000

Relative risk P-value

1 10.53 Rio Grande do Norte and 
Ceará

155.93 82 101 814 466.3 2.35 0.001

2 84.89 Tocantins and Maranhão 287.79 41 8850 214.6 0.96 0.001

3 19.56 South of Bahia 288.43 65 38 094 434.6 2.01 0.001

4 2354.45 Agreste Pernambucano 11.76 2 662 351.2 1.57 0.001

5 192.11 South of Ceará 18.52 2 920 877.7 3.92 0.001

6 36.93 Ceará and Paraíba 28.82 6 5421 856.7 3.85 0.001

7 23.53 Pernambuco and Alagoas 32.32 14 6109 434.2 1.95 0.001

8 1365.01 West of Bahia 0.0 1 204 392.6 1.75 0.001

9 Inf Sergipe 0.0 1 2 256.3 0.007 0.001

10 45.23 Zona da mata of Pernam-
buco

13.59 3 1626 319.6 1.43 0.001

11 3.14 East of Pernambuco and 
Paraíba

52.02 25 21 042 346.3 1.57 0.001

12 89.79 Agreste Pernambucano 0.0 1 358 181.4 0.81 0.001

13 2.87 East of Pernambuco 45.90 15 13 000 204.4 0.91 0.001

14 28.12 Sertão of Paraíba 12.32 3 1106 725.3 3.24 0.001

15 128.66 Sergipe 0.0 1 85 71.5 0.32 0.001

16 52.06 Paraíba 0.0 1 238 136.15 0.61 0.001

17 42.88 Pernambuco 11.19 3 273 119.9 0.53 0.001

18 17.80 Bahia 0.0 1 783 294.6 1.31 0.001

19 5.02 Pernambuco 18.94 5 2842 155.2 0.69 0.001

20 40.71 Bahia 40.75 2 242 67.9 0.30 0.001

21 28.15 Alagoas 0.0 1 385 383.7 1.71 0.001

22 4.28 Paraíba and Pernambuco 29.07 5 2543 1502.5 7.77 0.001

23 43.77 Pernambuco 0.0 1 157 157.7 0.70 0.001

24 Inf Piauí 0.0 1 11 56.1 0.25 0.001

25 45.81 Alagoas 0.0 1 123 452.5 2.02 0.001

26 15.03 Piauí 117.04 30 488 40.2 0.18 0.001

27 19.66 Paraíba 0.0 1 327 248.4 1.11 0.001

28 25.48 Alagoas and Sergipe 25.48 4 722 213.0 0.95 0.001
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The year 2015 was responsible for the majority of cases 
registered in the period (43.2%) (Table 1). This year was 
marked by one of the largest dengue epidemics that Brazil 
has ever had, with 1 688 688 cases recorded, an incidence 
of 826 cases per 100 000 inhabitants, and co-circulation 
of the four DENV serotypes [7, 10]. On the other hand, 
in 2017 there was a drastic reduction in dengue incidence 
compared to previous years. The causes of this decline 
are still not fully understood [29] but may involve sev-
eral factors including the existence of cross-immunity 
between Zika virus and dengue viruses [30, 31], and an 
overestimation of dengue notifications in 2015 and 2016 
due to the co-circulation of Zika and chikungunya, which 
are arboviruses with similar symptoms [32].

The states of Ceará and Pernambuco contributed 
53.41% of the total cases, with their capitals (Fortaleza 
and Recife, respectively), responsible for the highest both 
absolute numbers of cases and the highest incidence rate 
among all capitals in the region (Fig.  2 and Table  1). In 
line with our results, a recent study demonstrated that 
Ceará and Pernambuco ranked first among the Northeast 

states in number of fatal dengue cases in 30 years (1986–
2015), reporting 506 and 277 cases, respectively [10].

Fortaleza and Recife have the highest population den-
sities among the capitals of Northeastern Brazil (7786 
inhabitants/km2 and 7037 inhabitants/km2, respectively) 
[33]. In these metropolises, the combination of a high 
number of inhabitants and a reduced geographical area, 
associated with specific social and environmental factors, 
favors the increase of the vector population and the inter-
action between it and the susceptible population [34]. 
Given this, local studies are also strongly recommended 
to understand the dynamics of dengue transmission in 
these cities.

The Bayesian model is an important approach to 
reduce random fluctuation caused by rare events, espe-
cially in municipalities with small populations and 
underreporting cases [25]. In the present study, the appli-
cation of this model reduced the number of municipali-
ties without reported cases of dengue from 134 to 3. In 
the Moran Map, 107 municipalities were classified as 
priority, mainly those located between the states of Ceará 

Table 4 Univariate and  bivariate Moran statistics between  raw and  smoothed dengue incidence rates and  social 
indicators. Northeast, Brazil, 2014–2017

* Statistically significant (P < 0.05); %: Percentage

Indicator Univariate Moran’s I (P‑value) Bivariate Moran’s I (P-value)

Raw rate Smoothed rate

Raw dengue incidence rate 0.3104 (P = 0.001)* – –
Smoothed dengue incidence rate 0.3229 (P = 0.001)* – –
a. Population

 % urban population 0.0377 (P = 0.02)* 0.0021 (P = 0.32) 0.0019 (P = 0.33)

 Population density (inhab/km2) 0.1079 (P = 0.002)* 0.0134 (P = 0.04)* 0.0136 (P = 0.03)*

b. Education

 % of people aged 6 to 14 who do not attend school 0.1603 (P < 0.001)* 0.0159 (P = 0.01)* 0.0163 (P = 0.01)*

 Illiteracy rate of individuals aged 18 or over 0.4016 (P < 0.001)* 0.0233 (P < 0.001)* 0.2318 (P = 0.004)*

 % of people aged 18 or over without complete elementary education 
and in informal occupation

0.1600 (P < 0.001)* 0.0286 (P = 0.002)* 0.0293 (P = 0.002)*

c. Income

 Average income of the employed 0.2166 (P < 0.001)* 0.0087 (P = 0.09) 0.0087 (P = 0.09)

 % of income from work 0.02783 (P < 0.001)* 0.0272 (P = 0.001)* 0.0275 (P = 0.001)*

 % of people aged 15 to 24 who do not study, do not work and have a 
per capita household income equal to or less than half the minimum 
wage (2010)

0.1600 (P < 0.001)* 0.0286 (P = 0.001)* 0.0293 (P = 0.001)*

d. Housing

 % of households with access to piped water 0.2995 (P < 0.001)* − 0.0356 (P = 0.005)* − 0.0349 (P = 0.005)*

 % of households with access to electricity 0.4378 (P < 0.001)* 0.0838 (P = 0.002)* 0.0841 (P = 0.002)*

e. Social vulnerability

 % of mothers who are heads of household without elementary school 
and with minor children, in the total of mothers who are heads of 
families

0.4378 (P < 0.001)* 0.0972 (P = 0.002)* 0.0978 (P = 0.002)*

 % of vulnerable people who spend more than an hour to work among 
the employed population

0.3793 (P < 0.001)* − 0.0031 (P = 0.31) − 0.0035 (P = 0.29)
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and Alagoas (Fig. 2). These municipalities are considered 
priority, since they are located in the Q1 quadrant of the 
Moran map, which means that both they and their neigh-
bors have a high dengue incidence rate.

Indeed, underreporting is a major challenge for disease 
surveillance, especially in dengue. A study carried out 
in Salvador, Northeastern Brazil, showed that for every 
20 dengue patients identified, only about one had been 
reported to the surveillance system as having dengue. 
During periods of low dengue transmission, only about 
one in 40 dengue cases identified was reported [35]. 
Therefore, the Bayesian approach model can be applied 
as an alternative to the traditional models for the study of 
spatial analysis for the definition of strategic areas for the 
establishment of control and prevention actions.

The spatial analysis identified high-risk dengue clusters 
in the Northeast of Brazil in the studied years. Initially, in 
2014, dengue cases were concentrated in the center of the 
Northeastern region, covering most states. In 2015, these 
clusters moved to the east coast, concentrating mainly 
between the states of Ceará and Alagoas. In 2016, clus-
ters appeared in some municipalities in Maranhão and in 
2017 there is an expansion of dengue, mainly in southern 
Maranhão and Piauí, and western Bahia. When perform-
ing the spatiotemporal analysis, the presence of high-risk 
clusters in these regions is evident (Fig.  5). Our results 
are consistent with previous findings that dengue is spa-
tially correlated with clusters [36–39]. It demonstrates 
the wide spatial spread of dengue and the exposure of 
a significant portion of the population in the Northeast 
Brazil.

In the present study, both population size and popula-
tion density were correlated with an increased incidence 
of dengue. Municipalities with more than 100 thou-
sand inhabitants had an incidence rate almost 2 times 
higher than those with less than 50 thousand inhabitants 
(Table  2). The relationship between population growth 
and dengue incidence has been demonstrated previously 
[40–42]. DENV has fully adapted to a human-Ae. aegypti-
human transmission cycle in the large urban centers of 
the tropics, where crowded human populations live in 
intimate association with equally large mosquito popu-
lations [40]. In addition, more populated environments 
favor the vector proliferation and multiple feeding, thus 
amplifying DENV transmission dynamics [41, 43].

Rapid and unplanned urbanization with poor sanitary 
conditions, deterioration of the public health infrastruc-
ture, decreased access to health care and inadequate 
vector-control efforts contribute to the increase of den-
gue burden [4]. In this study, we demonstrated that social 
determinants showed spatial correlation with dengue 
incidence. Access to piped water was negatively cor-
related with dengue incidence (Table 4). The absence of 

piped water leads the population to keep water in con-
tainers, normally discovered, facilitating the reproduc-
tion of mosquitoes and increasing the risk of dengue [40, 
44, 45]. Therefore, improving piped water infrastruc-
ture may reduce dengue occurrence. Other studies also 
found that access to piped water and water supply inter-
ruptions were important risk factors for the presence of 
Ae. aegypti and dengue [44, 46, 47]. On the other hand, 
access to electricity was associated with higher dengue 
incidence in the present study. This association is not 
expected, since low access to electricity could be associ-
ated with more precarious living conditions. However, 
the larger access to electricity in urban areas that also 
have larger social inequalities could explain, at least in 
part, the association between electricity and dengue fever 
incidence in our study.

We observed a spatial correlation between income 
and dengue incidence. Maccormack-Gelles et  al. [18] 
reported that, in Fortaleza (Brazilian Northeast), a USD 
178.58 (USD 1 = BRL 5.60) increase in average annual 
bairro household income was associated with reduced 
dengue incidence by more than 10% [18]. In Brazil, inad-
equate garbage disposal and income were the most signif-
icant factors related to the incidence of dengue [42, 48], 
and lower socio-economic status (within a slum society) 
increased the risk of dengue [36, 49].

Educational indicators associated with illiteracy and 
low education level showed direct correlation with 
dengue incidence in this study (Table  4). The relation-
ship between education level and dengue risk presents 
divergent data in the literature. Siqueira et al. [50] dem-
onstrated that the risk of DENV infection was associ-
ated with older age, low education, and low income, in a 
household survey conducted in Goiania, Central-West-
ern Brazil [50]. In Fortaleza, Brazil, male literacy was 
associated with increased dengue incidence rates while 
female literacy was correlated with lower rates [18]. A 
study in the city of Rio de Janeiro, Brazil, found a posi-
tive association between the adult literacy rate and lack 
of access to piped water with the risk of dengue [51]. In 
Indonesia, education level was an important risk factor 
associated with dengue. According to the study, popula-
tions with high levels of education and employment are 
more likely to seek healthcare when infected with dengue 
than poor populations [52]. The difference in the results 
found in the other studies and in ours may be explained 
by the difference in the chosen indicators, since the low 
level of education is generally associated with more unfa-
vorable socio-economic conditions.

Regarding social vulnerability indicators, we found a 
positive association between dengue incidence and per-
centage of mothers who are heads of household without 
elementary school and with minor children (Table 4). In 
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Mexico, households where the mother did not complete 
primary school, were two times more likely to have more 
larval breeding containers. According to the authors, 
although housewives knew of the presence of Ae. aegypti 
larvae in their houses, they were unaware of their poten-
tiality as biting mosquitoes, and less of their potentiality 
as dengue vectors [53]. The relationship between the low 
level of education of mothers and the risk for diseases has 
been demonstrated in previous studies [54–57].

This context shows that public policies aimed at tack-
ling dengue must be broad and encompass two main 
groups of actions: The first should be directed to actions 
related to disease surveillance, such as vector monitoring 
and control, expansion of human resources, notification 
and investigation of suspected cases, identification and 
monitoring of risk areas, and management of environ-
mental conditions. The second group of measures should 
focus on the population’s living conditions, such as access 
to deceived water, education and income. Otherwise, 
without the combined adoption of these two groups of 
measures, it is unlikely that dengue containment strate-
gies will achieve the expected results.

Our study has some limitations worth noting. The den-
gue surveillance system in Brazil is not completely accu-
rate. Underreporting may occur in cases where infected 
individuals with mild or asymptomatic symptoms do not 
seek medical assistance, or symptomatic individuals who 
are misdiagnosed with another febrile illness. Overes-
timation may also occur due to other vector-borne dis-
eases with similar symptoms, like Zika or chikungunya. 
Another issue is incorrect records, with incomplete data 
and lack of reporting. The lack of information on local 
actions that can impact the incidence of the disease is 
also another limitation. The use of a small-time series 
(only 4 years), possibly compromised the trend analysis. 
Lastly, information about the social indicators were only 
available for the year of 2010.

Conclusions
We demonstrate the dynamics of DENV infection in 
Northeastern Brazil in a time series using spatial analy-
sis tools. The spatial distribution of the disease is consid-
erably heterogeneous and there are areas of high risk of 
transmission in the region.

A total of nine social indicators were identified as social 
determinants of dengue in Northeastern region. These 
indicators, in turn, are related to the different social 
aspects: population density, education, income, hous-
ing, and social vulnerability. Finally, the results presented 
in the present study can provide subsidies for decision-
making in public health policies aiming at the reduction 
and greater control of dengue cases.
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