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7Universidade Federal do Rio Grande (FURG), Instituto de Matemática, Estatística e Física (IMEF), Rio Grande, Rio 
Grande do Sul, Brasil; 8Universidade Federal Fluminense (UFF), Niterói, Rio de Janeiro, Brasil.  

Editor-in-Chief: Alexandre Rasi Aoki 
Associate Editor: Fabio Alessandro Guerra 

Received: 12-Feb-2022; Accepted: 22-Jun-2022 

*Correspondence: jose.junior@icat.ufal.br (J.F.O.J.). 

 

Abstract: Dengue is a viral disease whose number of cases has increased in Brazil. This study aimed to 
characterize the spatio-temporal distribution patterns of the reported dengue infection cases in the state of 
Alagoas (AL), Northeastern Brazil (NEB). The data of the officially reported dengue cases from 2000 to 2015 
was retrieved from the State Health Secretariat of Alagoas (SESAL), which captures national demographic 
and health data from the System for the Reporting of Notifiable Conditions (SINAN). After applying the Kernel 
Density Estimation (KDE) function, maps were generated based on the Inverse Distance Weighting (IDW) 
interpolation method. By using the clusters analysis (CA) technique, three homogeneous groups of dengue 
in AL were determined. Next, the LN (Lognormal), GUM (Gumbel) and GEV (Generalized Extreme Value) 
probability distributions were applied to monthly model dengue case data in AL, with the LN continuous 

HIGHLIGHTS  
 

• A model to jointly assess the spatial distribution of reported dengue and severity. 

• The utility of cluster analysis is demonstrated for PDF characterization; 

• Cluster analysis identifies regions with similar PDF structure; 

• Cluster analysis will be a straightforward model evaluation and analysis tool; 

• Climate change affects human infectious disease. 
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probability distribution standing out. Maceió and Arapiraca have a higher number of dengue cases than other 
cities, being the main reason for their interpretation as separate groups. The coefficients of determination 
(R2) of dengue cases analysis as a function of month of each year for the studied years were low (between 
0.03 and 0.63) and many regression slopes were not significant. Pearson's correlation coefficient (r) between 
dengue and the Human Development Index (HDI) of LA was considered moderate (0.53) and the correlation 
between dengue and demographic density was high (0.76). The importance of constant monitoring and 
assistance for these areas is reinforced. 

Keywords: Dengue cases; Health Geography; Urban space. 

INTRODUCTION 

Dengue is an infectious disease transmitted to humans by arthropods [1], with approximately 50 million 
infected people worldwide each year [2]. To date, there is no vaccine or specific therapy to treat the disease; 
therefore, these mosquitoes transmitted disease control strategies mostly focus on vector control measures. 
Unfortunately, vector control has a limited effectiveness in preventing dengue transmission [3,4,5]. Thus, it is 
necessary to analyze registered dengue cases, identify risk patterns to potentially develop more targeted and 
thus more effective strategies for efficient epidemics control and even possibly its prevention is specific areas 
[6,7]. 

The environment of urban centers favors the dispersion and density of the populations of Aedes aegypti 
[8], and there are flaws in the strategies for combating it, thus, the circulation of dengue viruses has been 
established and expanded, becoming a serious public health problem in the world [9,10].Infestation by Aedes 
aegypti has grown in recent years, due to the disordered demographic expansion and the lack of planning of 
cities, with precarious conditions of basic sanitation, creating favorable environments for mosquito breeding 
sites and its spread throughout Brazil, mainly in the Northeast region [11,12,13]. 

The use of clusters analysis (CA) is a relevant tool to understand the dynamics of any infectious disease 
dispersion, particularly spatial distribution [11,12,14]. Additionally, CA allows the identification of hotspots 
which in turn can improve disease control. Few studies have been carried out for the state of Alagoas, based 
on an analysis of the temporal/spatial trends and the identification of dengue high risk areas in the state. For 
example, both [13] and [15] recent studies have not utilized an integrated methodological approach, based 
on Geographic Information Systems (GIS) tools, but statistics on socioeconomic and environmental data. 
Thus, this study aimed to characterize the spatiotemporal distribution patterns of notified dengue cases in 
the state of Alagoas using an integrated methodological approach. 

MATERIAL AND METHODS 

Study Area 

This is a descriptive epidemiological study with a quantitative approach. The study was carried out for 
Alagoas, located in the Northeast region of Brazil (NEB). Alagoas is geographically divided into three climatic 
mesoregions, namely: Agreste, Leste and Sertão Alagoano, comprising of 102 municipalities and a 
population of 3,358,963 inhabitants, with a demographic density of 112.3 and HDI of 0.683, the lowest in the 
country [16]. The territorial area corresponds to 27,848.14 km2, representing 0.33% of the national territory, 
and borders the states of Pernambuco, Sergipe and Bahia (north and west, south and southwest, 
respectively) and the Atlantic Ocean (east) – [17] - (Figure 1). 

https://www.google.com/url?sa=t&rct=j&q=&esrc=s&source=web&cd=1&ved=2ahUKEwjY_IyMpJjfAhXBqZAKHdazDawQFjAAegQIAxAC&url=http%3A%2F%2Fwww.scielo.br%2Fbabt&usg=AOvVaw08BojU0LuZNEI4C434jTD4
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Figure 1. The location of the state of Alagoas, Brazil (panel a), climatic classification (panel b), digital elevation model 
- DEM (panel c) and the location of the meteorological stations within the state. 

According to the Köppen climatic classification, most of the state is characterized by the “As” climate 
type (savanna climate), and is observed in the humid zone, the floodplain of the São Francisco River, the 
hinterland and part of the coastal zone. The “Am” climate type (monsoon climate) is observed in the northern 
part of the coastal zone, while the “BSh” climate type (arid and semi-arid climate) is observed in arid zone of 
the São Francisco River [18]. 

Data collection 

The monthly reported dengue cases data from 2000 to 2015 was collected from the State Health 
Secretariat of Alagoas (SESAL), which is derived by the Diseases Information and Notification System 
(SINAN). 

Data analysis 

In this study, the Kernel Density was applied and maps were generated based on the Inverse Distance 
Weighting (IDW) interpolation method. The LN (Lognormal), GUM (Gumbel) and GEV (Generalized Extreme 
Value) probability distributions were considered to model the monthly dengue speared in the state of Alagoas. 
The probability density functions (pdfs) and their corresponding cumulative distribution functions (CDF) are 
shown in Table 1. 
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Table 1. List of the probability density function (pdfs), cumulative distribution function (cdfs) and supports of LN, GUM 
and GEV distributions. 
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Where Φ is the standard normal distribution cdf. 

The parameter µ Ɛ R is a position parameter, σ > 0 is a scale and ξ > 0 is a shape parameter. The 
parameter ξ is related to the tail weight of the GEV distribution, and for this reason, it is also called the tail 
index. The GUM distribution appears as a particular case of the GEV distribution when the shape parameter 
tends to zero (ξ — 0). 

The estimates of the parameters for each distribution were obtained using the maximum likelihood 
method (ML). The log-likelihood functions of the LN, GUM and GEV distributions are given, respectively, by 
the following Equations (1), (2) and (3): 
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Estimates of the distribution parameters were obtained by maximizing the log-likelihood function in 

relation to the parameters. The likelihood equations were obtained by taking the partial derivatives of the LnL 

function with respect to each of the parameters and making these derivatives equal to zero. The solutions to 

these equations are called maximum likelihood estimates of the parameters. 

The nonparametric Kolmogorov-Smirnov (KS) test was used in this study to assess whether the 

maximum extreme temperatures come from a hypothetical continuous distribution. This test is based on the 

CDF. Assuming that a random variable x1, x2,……., xk was collected with cdf denoted by F(X). The empirical 

CDF is given by Equation (4): 

 

𝐹𝑛(𝑥) =
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 (4) 

Where 𝑙𝑥𝑖≤𝑥
 is the number of observations smaller or equal to x. 

The Kolmogorov-Smirnov D statistic is based on the largest vertical difference between the theoretical 

and empirical CDF given by Equation (5): 

𝐷 = 𝑚𝑎𝑥1≪𝑖≪𝑛 [|�̂�(𝑥𝑖) −
𝑖 − 1

𝑛
| , |

𝑖

𝑛
− �̂�(𝑥𝑖)|] (5) 

Where the F(x) cdf is estimated and x1, x2,……., xk the observations are in ascending order. 

 

The null hypothesis that empirical distribution is equal to one of the estimated distributions is rejected 

(the data does not follow the specified distribution), at the chosen level of significance (α), if the test statistic 

D > D(α), where D(α) it is critical value of the KS test. Values of α=0.01 or α=0.05 are commonly used for the 

verification of the null hypothesis H0. The value 0.05 is the most popular and was therefore adopted in this 

study. 
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The Akaike information criterion (AIC) and the Bayesian information criterion (BIC) were calculated for 

all models being under the estimation procedures. The model that presented the lowest value of these two 

criteria was selected for further analysis [19]. The AIC and BIC criteria were calculated using the following 

Equations (6) and (7): 

 

𝐴𝐼𝐶 = −2𝑙𝑛𝐿 + 2𝑘, (6) 

𝐵𝐼𝐶 = −2𝑙𝑛𝐿 + 𝑘𝑙𝑛𝑛 (7) 

 

Where the ln L presents the natural logarithm of the model evaluating the likelihood function and k is the 

number of parameters in the model. 

When the ratio between the sample size (n) and the number of the model parameters (k) are less than 

40, the use of corrected AIC (AICc) is recommended, as suggested by [19] and [20]. As the number of 

observations in the study is n = 12, the AIC was adopted, given by Equation (8): 

 

𝐴𝐼𝐶𝑐 = −2𝑙𝑛𝐿 + 2𝑘 +
2𝑘(𝑘 + 1)

𝑛 − 𝑘 − 1
, (8) 

 

The coefficient of determination (R2) and the root of the mean square error (RMSE) were also used to 

measure the goodness-of-fit of the examined pdfs used to model the temperature data. The R2 and RMSE 

statistics are calculated as follows Equation (9): 
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, where 𝐼(𝑥(𝑖) ≤ 𝑥) = 1 if 𝑥(𝑖) ≤ 𝑥 or 0 otherwise. RMSE statistics is described by Equation (10): 
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The distribution with the lowest AIC, BIC and RMSE and the highest has the best fit to the dengue 
data. The return time (return levels) represents the inverse of the probability that a given event has occurred. 
Given the occurrence of an event, the turnaround time is the average time required (in years) for that event 
to recur, in any given year. In practical terms, its meaning is: if an event occurs, what is the estimated average 
interval time (T) expected for the event to reoccur in a similar size or intensity? By definition, the turnaround 
time associated with the event is given by: 

𝑇 =
1

𝑃(𝐸)
=

1

𝑝
 (11) 

In this study, the event is the maximum number of dengue cases, which exceeds a certain value of 
dengue infections, and therefore the probability of exceeding that value is obtained by: 

𝑇 =
1

𝑝
=

1

1 − 𝐹(𝑥𝑝)
 (12) 

whereas F(x)=1-p is the temperature return (Xp) level which the maximum monthly dengue is expected 

to exceed, in average, every T years, and is obtained by the Eq.(13): 

 

𝐹(𝑥𝑝) = 1 − 𝑝 → 𝑥𝑝 = 𝐹−1(1 − 𝑝)         (13) 

 

2R
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From this equation, the 𝑝 =
1

𝑇
 relation and the cdfs of the LN, GUM and GEV distributions, the quantile 

functions of these distributions are as follows: 

 

𝑥𝑝(𝑇) = 𝑒𝜇+𝜎𝜙
−1(1−

1
𝑇

)

           (14) 

𝑥𝑝(𝑇) = 𝜇 − 𝜎𝑙𝑛 [−𝑙𝑛 (1 −
1

𝑇
)]          (15) 

𝑥𝑝(𝑇) = 𝜇 −
𝜎

𝜉
[1 − 𝑙𝑛 (1 −

1

𝑇
)

𝜉
]          (16) 

The estimated return levels  were obtained by replacing the maximum likelihood estimates of the 
parameters in Equations (14), (15) and (16). 

All statistical analysis were performed using the software [21]. 

 

Clusters Analysis (CA) 

For CA, the averages and annual totals of dengue cases in each municipality in the state of AL were 

used. The Euclidean distance (Ed) was used to measure dissimilarity (Equation 17) and the agglomeration 

was performed using Ward's hierarchical method [22, 23]. Ward's method is a grouping method in which the 

similarity measure is calculated as the sum of squares between two clusters with the lowest value in the 

global sum of squares within the clusters and that tend to connect to other clusters of similar sizes due 

minimizing its internal variation [11]. 

 

𝐸𝑑 = [∑ (𝑣𝑝,𝑗 − 𝑣𝑘,𝑗)𝑛
𝑗=1 ]

0.5
          (17) 

 
The Euclidean distance (Ed, dimensionless), vp,j and vk,j are the quantitative characteristics of the various 

municipalities of the total (p) and average (k) number of cases in a specific year. 
Group validation was performed using the Dunn index, the ratio between the minimal distance between 

data points in different clusters, ranging from zero to infinity, with higher values indicating better clustering 
results, with larger separation between clusters and smaller separation between data points within the same 
cluster [14]. 

 

Time Distribution Analysis 

The temporal analysis of dengue notifications was made through graphical analysis in which the 

dependent variable was time (in months) and the independent variable was the number of case notifications. 

The temporal analysis was performed for each group following cluster analysis. The regression analysis was 

used as a statistical procedure to verify whether the number of the monthly dengue notifications has a 

temporal trend. For this purpose, the dependent time variable was in years, and the simple linear model was 

used (Y = β0 + β1X). Student's t-test was applied to the slope of the regression (β1) to verify whether β1=0. 

The rejection of the null hypothesis (H0; β1=0) confirms a time series trend. The regression was established 

for each group, and the statistical significance adopted level was 5%. The temporal analysis of the data was 

performed for homogeneous groups in terms of dengue cases in the state of LA, established by the CA. 

 

Spatial Distribution Analysis 

For the 1st Stage, the sum of the values for each month from Jan/Dec between 1960 to 2016 was carried 
out for all municipalities in the state of AL with recorded dengue cases data. Elaboration and standardization 
of the table for entry purposes as a parameter in the python script for geographic plots (maps). Next, the data 
was standardized and plotted geographically using the urlib, json, folium and pandas python libraries. Lastly, 
maps were generated using the folium python library. 

ˆ
px
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RESULTS AND DISCUSSION 

Map of the distribution of dengue cases 

From the confirmed notifications of dengue in the period from 2000 to 2015, there were 246,228 cases 
of dengue in the state of AL, with an average of 12.6 cases per municipality. The highest number (87,278) 
was reported in Maceió, with an annual average of 454.6 notifications, and lowest number of notifications 
[19] was reported in Red Sea, with an average of 0.10 cases per year. The month with the highest number 
of notifications was May (rainy season). The greater concentration number of notifications observed within 
Maceió is most likely due to its urban lifestyle and population density. 

 

 
Figure 2. Map of the distribution of dengue cases in the state of Alagoas in the years: A-1960; B-1970; C-1980;            D-
1990; E-2000; F-2010; G- 2016. 

https://www.google.com/url?sa=t&rct=j&q=&esrc=s&source=web&cd=1&ved=2ahUKEwjY_IyMpJjfAhXBqZAKHdazDawQFjAAegQIAxAC&url=http%3A%2F%2Fwww.scielo.br%2Fbabt&usg=AOvVaw08BojU0LuZNEI4C434jTD4
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In Figure 2, of the 102 municipalities in the state of Alagoas illustrates the numbers of dengue cases 42, 
40, 27, 20, 15, 23 and 20 municipalities (during 1960, 1970, 1980, 1990, 2000, 2010 and 2016, respectively) 
that presented critical levels above 700 cases. During 2000-2009, the peak of diseases occurred in several 
endemic areas, a period which deserves an attention for dengue in several states. 

In Alagoas, the reported dengue cases are gradually increasing each year. Thus, the understanding of 
dengue epidemiology by the analysis of epidemiological data, outbreak prediction and hot spot analysis is of 
critical importance. In this study, we examined the epidemiological scenario and the spatial distribution of 
dengue using the CA technique applied to the state of Alagoas, in Brazil, in the period from 2000 to 2015.  

The results obtained revealed that the reported number of dengue cases was higher among men than 
women, corresponding to other studies carried out by the World Health Organization [10]. This may be due 
to the following reasons: i) men may be exposed to mosquito bites more frequently than women; ii) men may 
not be wearing protective clothing  or using precautionary measures against mosquitos, such as the 
application of repellents, and are thus more exposed for mosquito bites. In addition, there may be an influence 
for diverse patterns resulting from behavioral and lifestyle habits differences between men and women 
associated with health. [24, 25] reported that 90% of dengue morbidity was observed in individuals between 
the ages of 15 and 25. In agreement with this, our study revealed that the largest number of cases was found 
in adults aged 20-29 years old, the most affected with 24.4%, concentrating approximately a quarter of all 
confirmed dengue cases. It is possible that this high number of cases is recorded since the level of awareness 
and notification by this group age is higher when compared with the general population. The greatest number 
of cases in this age group may also be due to the serotype and strain of the circulating dengue virus, changes 
in the susceptibility of the population to primary or secondary infection in accordance to one’s immune system 
status. Dengue can also create lifelong immunity for the individual, so that elderly people who have been 
exposed more often can potentially more resistance, therefore decreasing the rate of morbidity [26]. 

These regions have emerged as hot spots since they are frequently a destinations of immigrants and 
are rapidly urbanizes. A decade ago, Gubler predicted that if the global trends in unprecedented population 
growth, continuous globalization and urbanization will last as projected, there will be a constant increase in 
the severity, frequency, geographical distribution and magnitude of dengue epidemics in the future [27]. All 
of the above factors can contribute to the increased risk of dengue in the state of Alagoas, since it is the 
seventeenth largest state in population in Brazil according to the 2010 census [17]. Therefore, the prevention 
or reduction of dengue virus transmission highly depends on the control of vector mosquitoes and the 
interruption of human-vector contacts [28]. 

There are certain limitations to this study. First, the local data on mosquito density is not available; 
therefore the effect of vector control interventions on disease management analysis was not included. 
Secondly, we have not included several factors, such as climate change, population growth and 
socioeconomic conditions, for the incidence of dengue in this study. However, this study includes data 
collected over fifteen years, but future attempts for integrated dengue control need to consider the above 
mentioned points. 

In our study, we found spatial and temporal clusters of dengue, hot spot and cold spot regions in the 
state of Alagoas, using GIS techniques. The identification of spatial dengue clusters is essential for policy 
planning and for estimating the necessary local resources and the deadlines by which targets can be 
achieved. These spatial and temporal clusters can also be useful to inform and adjust the local interventions 
for dengue for higher effectiveness. Likewise, our study also suggests that spatial and temporal analyzes of 
population-based disease surveillance data would be useful in managing vector-borne diseases, such as 
dengue, in highlighting where and when the limited public health resources should be concentrated. The 
temporal distribution curve revealed the absence of a pattern in the case of annual occurrence of cases, as 
some years presented high dengue incidences followed by years with similar incidences, while other were 
followed by years with lower dengue case incidence. 

Cluster analysis dengue cases 

The formation of groups, validated by the Dunn index resulted with three homogeneous groups (G1, G2 
and G3) in the state of AL. The Dunn index values for the formation of 2, 3, 4, 5 and 6 groups were, 
respectively, 1.4739, 1.4923, 0.7062, 0.2511 and 0.2682. From the seventh group onwards, there was a 
downward trend in the Dunn index. The Ward criterion showed discrimination between the municipalities of 
Maceió (Eastern Alagoas) - (Group 1 - G1), Arapiraca (Agreste from Alagoas) - (Group 2 - G2) for the 
formation of G1 and G2, while the remaining 92 cities (Sertão, Leste and Agreste) in the mesoregion of the 
state of Alagoas formed Group 3 (G3). Figure 3 shows the dendrogram using Ward's hierarchical grouping, 
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illustrating the greatest distance from the most populous municipalities in Alagoas (Maceió and Arapiraca) in 
relation to the rest of the municipalities in the state. 

 

Figure 3. Dendogram of the cluster analysis of the state of Alagoas, during 2000 to 2015 using the Ward method for 
hierarchical agglomeration.  

Figure 4 shows the number of dengue cases in G1, G2 and G3. In G1 (Maceió), a total of 35,291 cases 
were reported in the studied period, and an average of 183 monthly cases. G2 (Arapiraca) presents a total 
of 87,278 cases with an average of 455 monthly cases. Lastly, in G3 (formed by 92 municipalities), a total of 
126,073 cases with an average of 7 monthly cases were reported. The average and total values in Maceió, 
Arapiraca and the other municipalities were extremely different on an annual or monthly scale, which provides 
this disposition of the groups. The difference between Maceió and Arapiraca is due to population size [16], 
followed by the transformation of land use and occupation [29] and the rainfall regime in both cities [7,30]. 
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Figure 4. Number of dengue cases per month in homogeneous groups (G1, G2 and G3) for the state of Alagoas in the 
period from 2000 to 2015. 

The results indicates that there is significant variation in the spatial distribution of dengue in the state of 
Alagoas, and that the geographical distribution of the cases expanded throughout the studied period, owing 
to the changes in land use and occupation, mainly in the last decade, as recently pointed out by [7, 29]. Many 
of the dengue endemic areas in Alagoas are on interstate borders. Neighboring villages and districts 
frequently share similar ecology, human behavior, social patterns and lifestyle, characters which can give 
rise to a positive or negative association with the occurrence of dengue also in neighboring areas. 

The spatial distribution pattern of dengue cases in Alagoas was significantly grouped into three 
homogeneous groups (G1, G2 and G3). Consistent hot spots of dengue during the studied period were 
identified in Arapiraca, Palmeira dos Índios, Penedo and Maceió (Figure 2), located mainly in the central and 
northeastern regions of the state. The size of the entire region is related to the geographical characteristics 
of the territory, as the highlights are the regions: Arapiraca is the second largest municipality in the state, 
located in the west state and a part of the Agreste zone and has an HDI = 0.649 and a demographic density 
of 650.6, knowns an industrialized city where several cases of dengue were previously identified [31]. 
Palmeira dos Índios is the fourth largest municipality in the state, also an industrialized city and a part of the 
Agreste zone, with an IDH of 0.638 and a demographic density of 161.6.  Penedo municipality is located in 
the south of the state, on the banks of the São Francisco River and on the border with the state of Sergipe, 
its economy consists of primary products and tourism, with HDI = 0.63 and a demographic density of 92. 
Maceió economy is diverse, and is the largest producer of salge, chemical, sugar and alcohol, cement and 
food industries [16, 32]. Its demographic density, as of 2025, is considered high and has an urbanization rate 
of 99.75 and HDI value of 0.735. 

Table 2 shows the parameter values of the linear regression analysis of dengue cases as a function of 
years, for each month. Based on the analysis of the angular coefficient, trends were found to increase the 
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number of notifications in all groups. In G1 (Maceió), a trend was only observed in January (12.3 cases per 
year). In G2 (Arapiraca), trends were observed from May to December, with the strongest trend observed in 
May (74 cases per year) and the lowest in September (23.3 cases per year). In G3, with the majority of 
municipalities in Alagoas and where the lowest averages and totals were observed, trends were observed 
from June to December, with rates of increase in the number of notifications between 0.56 and 1.11 cases 
per year. The coefficients of determination (R2) of the regressions were considered low, ranging from 0.03 to 
0.63, with the highest regressions values observed were statistically significant by the Student's t test (β1 ≠ 
0). Thus, the increasing trends in cases should be considered when planning and combating the vector of 
dengue transmission, the Aedes aegypti mosquito. Figure 5 presents the number of dengue cases as a 
function of time and confirms the trends of increase in the number of cases, over time. 

Table 2. Parameters and adjustment statistics for linear regressions for groups (G1, G2 and G3) in Alagoas from 2000 to 2015. 

Months Group 1 Group 2 Group 3 

          β0        β1      r2           β0       β1      r2       β0       β1      r2 

January -24547,90 12.30 0.45 -33513,09ns 16.73ns 0.23 -749,77 0.37 0.44 

February -18676,17ns 9.40ns 0.10 -33007,32ns 16.49ns 0.24 -637,72ns 0.32ns 0.21 

March -41639,10ns 20.99ns 0.03 -68610,63ns 34.31ns 0.09 -1117,03ns 0.56ns 0.08 

April -108367,62ns 54.32ns 0.09 -106921,89ns 53.45ns 0.12 -2307,20ns 1.16ns 0.14 

May -174637,16ns 87.47ns 0.16 -148116,64 74.00 0.27 -3148,15ns 1.58ns 0.23 

June -163822,26ns 82.01ns 0.16 -93773,00 46.82 0.49 -2227,23 1.11 0.44 

July -133029,14ns 66.63ns 0.12 -53553,88 26.74 0.51 -1713,31 0.86 0.44 

August -96471,37ns 48.30ns 0.19 -46677,50 23.30 0.54 -1490,60 0.74 0.63 

September -58343,48ns 29.24ns 0.15 -38762,35 19.35 0.52 -1121,51 0.56 0.58 

October -33957,19ns 17.04ns 0.36 -58631,56 29.26 0.36 -1558,10 0.78 0.37 

November -30431,09ns 15.26ns 0.29 -98023,20 48.91 0.29 -1634,08 0.82 0.31 

December -16997,07ns 8.53ns 0.31 -81383,98 40.61 0.31 -1007,54 0.50 0.41 

Legend: ns = not significant in Student's t test at 5% probability of error, for the null hypothesis that the parameter is 
equal to zero. 

 

 

Figure 5. Linear regressions for temporal characterization of the number of dengue cases in groups G1, G2 and G3 in 
Alagoas from 2000 to 2015. 
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The parameters of the probability density functions are shown in Tables 3. 

Table 3. Estimates of the parameters of pdfs for the monthly dengue data. 

Months 

GEV Gumbel Log-Normal 

̂  ̂  ̂  ̂  ̂  ̂  ̂  

January 28.042 40.799 1.186 62.985 79.839 3.860 1.629 

February 68.230 83.778 0.540 95.469 110.733 4.299 1.634 

March 174.967 321.702 1.684 198.157 284.708 5.015 1.629 

April 241.829 539.342 2.169 245.410 392.827 5.115 1.838 

May 291.344 674.877 2.246 347.404 501.797 5.366 1.999 

June 235.167 346.069 1.127 258.766 378.492 5.063 2.008 

July 167.560 395.537 2.296 96.661 562.560 4.774 2.021 

August 86.350 156.637 1.672 142.262 214.645 4.494 1.906 

September 87.701 185.488 2.033 109.179 156.498 4.293 1.829 

October 56.387 118.522 2.048 95.292 137.609 4.141 1.823 

November 25.542 46.176 1.733 35.669 246.782 3.912 1.867 

December 29.415 44.007 1.224 31.327 186.968 3.810 1.766 

  Table 4. Number of dengue cases expected in city, for return times of 10, 20, 30, 40, 50 and 100 years. 

Months Distributions 
Return times (in years) 

10 20 30 40 50 100 

January 

GEV 490.05 1159.59 1899.17 2687.81 3514.89 8054.94 

GUM 242.65 300.12 333.18 356.49 374.51 430.26 

LN 382.73   691.62   941.01   1155.46   1346.14   2098.50 

February 

GEV 436.24 684.92 878.45 1043.39 1189.98 1775.14 

GUM 344.66 424.37 470.22 502.55 527.54 604.86 

LN 597.97  1082.68 1474.58   1811.85   2111.92   3297.08 

March 

GEV NC NC NC NC NC NC 

GUM 838.85 1043.80 1161.69 1244.81 1309.07 1507.86 

LN 1216.01  2197.78 2990.55   3672.27   4278.49   6670.55 

April 

GEV NC NC NC NC NC NC 

GUM 1129.41 1412.18 1574.85 1689.54 1778.20 2052.47 

LN 1755.94  3423.60 4846.01   6109.31   7258.50 11979.11 

May 

GEV NC NC NC NC NC 
NC 

GUM 1476.63 1837.84 2045.63 2192.13 2305.39 2655.75 

LN 2774.50  5736.25 8371.10 10770.28 12991.43 22405.00 

June 

GEV 3806.07 8655.57 13845.17 19266.87 24867.25 
54703.28 

GUM 1110.51 1382.96 1539.69 1650.20 1735.62 1999.88 

LN 2074.40  4303.07 6290.50   8102.71   9782.13 16912.39 

July 

GEV NC NC NC NC NC 
NC 

GUM NC NC NC NC NC NC 

LN 1578.24  3288.55 4818.62   6216.46   7513.60 13034.03 
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   Cont. Table 4 

August 

GEV 4030.38 13451.24 26895.06 43831.45 63936.03 
205562.57 

GUM 625.29 779.80 868.68 931.35 979.79 1129.66 

LN 1029.47  2057.58 2950.28   3751.52   4485.84   7542.29 

September 

GEV NC NC NC NC NC 
NC 

GUM 461.36 574.01 638.81 684.50 719.82 829.09 

LN 763.13  1483.14 2095.85   2639.28   3133.16   5158.43 

October 

GEV NC NC NC NC NC 
NC 

GUM 404.96 504.02 561.00 601.18 632.23 728.31 

LN 650.30  1261.19 1780.26   2240.22   2657.97   4369.16 

November 

GEV 1315.27 4582.12 9392.91 15579.90 23038.05 
77265.04 

GUM NC NC NC NC NC NC 

LN 547.37  1078.62 1535.23   1942.60   2314.36   3850.12 

December 

GEV 558.73 1358.11 2259.26 3232.89 4263.98 
10034.01 

GUM NC NC NC NC NC NC 

LN 433.76   823.82 1150.28   1437.00   1695.79   2744.10 

NC – Not calculated. 

Dengue is already recognized as a multifactorial disease and its occurrence and patterns of behavior in 
a region involve viral, socioeconomic, ecological and environmental aspects [33]. Therefore, an investigation 
is necessary to define whether the factors that influence the spread of dengue in Alagoas are similar in each 
year or differentiated. It is recognized that in Brazil, with each introduction or reintroduction of a different 
serotype, there is an increase in the number of cases, which sometimes leads to epidemics [5, 23, 34]. In 
Alagoas, in the time scale of this study, 2002, 2007, 2008, 2010, 2011, 2012, 2014 and 2015 were identified 
as epidemic years. Years characterized as years of occurrences of the phases of El Niño-South Oscillation 
(ENSO) - (El Niño and La Niña) - [35,36]. 

The most epidemic years in the state were 2010 and 2015. The high number of cases may have been 
due to the natural occurrence of the disease in the area accounting for a greater dispersion of viruses to other 
municipalities, since in 2010 more than 90% of the municipalities in the state registered high presence of 
Aedes aegypti. However, one can also consider an improvement in the surveillance system, in the notification 
of cases, or even an improvement in diagnostic procedures compared to previous years. Another point of 
consideration regarding the 2010 epidemic is the vector type, and that at the time the state applied the 
larvicide temephos, an organophosphate insecticide as a control strategy. 

The municipalities of Maceió and Arapiraca comprised an individual group each, of high relative risk, as 
in both areas, the risk of dengue transmission is about five times higher. This suggests that the chemical 
control was ineffective, thus the Aedes aegypti infestation. Aedes aegypti could be elevated, rapidly 
increasing the number of dengue cases. 

Nonetheless, the western region municipalities comprising G3 are mainly rural with low demographic 
density. It is agreed that areas with high demographic densities are prone to suffer from explosive dengue 
epidemics, due to disordered urbanization [9]. However, it is extremely important to understand how an area 
with low demographic profile could influence the occurrence of dengue. Low-income families are most 
affected by reduced access to basic sanitation services, especially sewage services [37]. A study in rural 
areas across Brazil found that the lower the GDP per capita and the rate of sanitation, the greater the risk of 
dengue infection in the population [6]. The low-risk municipalities in the northwest region of G3, on the other 
hand, hold altered characteristics. Regarding climate for example, G3 aggregates municipalities of all the 
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climatic types that characterize the state (semi-arid tropical, mild semi-arid, sub-humid, humid and sub-sub-
hot) [18]. Moreover, some municipalities are coastal, while other is in the highlands. It is possible that in 
distant regions, that less influenced from the general flow in Alagoas, the transmissibility of dengue was 
lower, compared to other and more geographically connected regions. The northwest region (NW) of 
Alagoas, stands out as an area with low relative risk during the 15 years studied in this work, with the 
exception of cluster one (Maceió) - (Figure 2). 

Considering the spatial statistics used, one of the reasons for these areas to be identified as having a 
low relative risk, is possibly the fact that more cases were recorded in other areas of the state. Thus, another 
relevant issue is the level of under reporting and under diagnosis in this area. It is understood that in endemic 
areas the real incidence of the disease is not presented due to underreporting and under diagnosis [38]. 

Underreporting is a major problem identified in epidemiological surveillance. This may be due to the lack 
of consultation for asymptomatic or mild cases, the difficulty of doctors in recognizing the disease and 
differentiating it from others, and the low adherence to notification by health professionals [39]. The barrier 
to accessing health services can also be a contributing factor to underreporting. 

Access to health services in Brazil is strongly influenced by the social condition of people and their 
residence [40]. Among the barriers to access health services in the Northeast is the cost of commuting to 
health centers [12]. Thus, people who live far from health units tend to seek medical help only in serious 
situations [39]. All the above mentioned points lead to an absence of notification of cases when the symptoms 
of patients are “treatable” at home, or even not recognized as dengue. 

Between 2010 and 2015, two areas were of high relative risk were identified, one located in the south, 
center and east of the state with a medium-sized municipality and the others small. It is important to note that 
in addition to the smaller population, the cluster was formed by municipalities that had only part of their 
population living in an urban area. From 2000 to 2010, the percentage of urbanization in the municipalities 
varied. While the others are still mostly rural (UNDP). This demonstrates that dengue is not limited to large 
urban areas in Alagoas. However, this profile is still little explored and investigated, due to the attention turned 
to large urban centers. 

From the years 2000 to 2010, more than 80% of the resident population of each municipality in the 
northwest region in this cluster lived in conditions of vulnerability and poverty and less than 50% had piped 
water. In some places, the deficit in drinking water and deficiencies in the distribution system contribute to 
the emergence of new cases and the spread of the disease. In the case of rural areas, the risk of dengue 
may be greater than in urban areas, explained in large part by the lack of piped water supply [41], especially 
in highly densely populated regions with high degree of urbanization process [5]. Even though the state of 
Alagoas has presented sequential epidemics, areas classified as low relative risk have been identified in the 
west and in the east. The highlight is this cluster in the western region, which brought together small 
municipalities, with low MHDI and poor conditions of water supply and poverty (PNUD). 

In a previous study, we analyzed the association between the incidence of dengue and climatic factors 
in the state of Mato Grosso do Sul using a time series Poisson regression model; minimum monthly 
temperature, wind speed and minimum humidity and artificial neural network (ANN) were found to be 
significantly related to the incidence of dengue, [7] and [42]. It appears that the dengue reports in LA were 
higher in the months of greater rainfall and high levels of relative humidity, indicating that these variables are 
important for greater proliferation of the vector. Likewise, it was noticed that in the periods following the 
months with high number of confirmed dengue cases the average temperature was higher. 

Correia Filho [31] evaluated precipitation in Alagoas, which is highly influenced by several multiscale 
meteorological systems, such as trade winds, the Intertropical Convergence Zone (ITCZ), Trade Wave 
Disturbances (TWD), Bolivia High (BH) and South Anticyclone Subtropical Atlantic (SASA). In hierarchical 
clustering using Ward's algorithm, five homogeneous groups in Alagoas were identified. The stations were 
grouped according to the distance from the coast and orography. Rain not uniformly distributed in time and 
space in all regions, as in two groups within the arid zone, more than 60% of the annual precipitation occurred 
in a period of 5 months (March to July), even during dengue. The showers were greater in the coastal regions 
and in the high-altitude areas of the state, due to the orographic rains. In general, the precipitation associated 
with dengue over the state of Alagoas is characterized by strong gradients from the coast to the continent 
and from north to south due to the region's physiography and the influence of multi-scale meteorological 
systems. 

It is believed that the mesoregion of the Sertão Alagoano presents weakness in the notification of cases. 
Because it supports the notion that dry places lead the population to store water, due to the deficit in the 
supply and collection of waste. In addition, areas with high temperature, rainfall rates and variable air humidity 
[18,31,36] maintain favorable conditions to the proliferation of the vector and the increase in the number of 
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cases. The complex interactions between the vector, the host and the influence of climatic and environmental 
factors a make the transmission dynamics difficult to understand. 

In the present study, as well as in the analysis by [13], the predominance of the dengue (67.2%) was 
observed. However, it should be considered that the Eastern Alagoas region registered 0.9% of severe 
disease cases, above the total average (0.61%). Since it is the most populated and crowded region of the 
State and where the capital of the State, Maceió, is located, the probability of serious cases of the disease 
increases. This also explains why this mesoregion was recorded the highest percentage of cure in the state. 
The Sertão Alagoano mesoregion had a percentage of inconclusive dengue cases, higher than the total 
average (29.8%), and severe dengue cases can be underestimated. 

It is worth mentioning the 5.5% increase in cases of the disease in children in the Sertão Alagoano 
mesoregion. Dengue in this age group has clinical manifestations similar to other childhood diseases, making 
diagnosis more difficult [43] and in the presence of comorbidities such as asthma, diabetes and sickle cell 
anemia, the risk of worsening dengue becomes greater [44]. 

Climate change has a high impact on health, morbidity and mortality in infectious diseases and remains 
poorly investigated in the modeling of probability distribution. Souza and coauthors [45,46], analyzed the 
adjustments of the distributions of Burr (Bu), Inv Gaussian 3P (IG3P), Lognormal (LN), Pert (Pe), Rayleigh 
2P (Ra 2P) and Weibull 3P (W3P) of the series history of hospitalizations for respiratory diseases (total 
hospital admissions) in the period from 2004 to 2018, in Campo Grande, MS. For the data series, the shape 
and scale parameters of the distributions were determined to verify the quality of the fit of the observed data, 
the Adequacy Tests (GOF): Kolmogorov-Smirnov test, Anderson-Darling test, test Chi-square tests were 
used to verify an ideal estimate for hospital hospitalization data. All PDFs were capable of describing the 
characteristics of hospitalizations well. The results presented (total admissions), (summer) show that the 
Weibull 3P (W3P) and Inv Gaussian 3P (IG3P) functions; (fall) show that the functions Burr and Weibull 3P 
(W3P); (winter) shows that the Burr and Inv Gaussian 3P (IG3P) and (spring) functions for lognormal and 
Rayleigh (2P) functions provided the best adjustment observed for hospital admissions (Table 3). 

Using the theory of extreme values, in the table 4, the distributions of GEV, GUM and LN for dengue in 
the state of Alagoas were estimated. Based on this, the probability and the average time that must elapse 
before the index reaches a new high record have been estimated. GEV, GUM and LN distributions were 
adjusted satisfactorily each month and can be used to inform of extreme levels of dengue. The estimated 
distributions were used to calculate the monthly probabilities of dengue occurrence during the year. No trend 
associated with or time on month with dengue spread was found. Dengue estimates from January to 
December were calculated for 2, 5, 10, 30, 50 and 100 years return periods and show that dengue is 
increasing over time (Table 4) 

The AIC, BIC, RMSE and the R2 coefficient were used to identify the distribution that gave the best 
results for each month. The GEV/LN distribution presented the highest return values. It is recommended to 
use GUM distributions in the hottest months of the year in the state of AL (January and February), and the 
LN distribution for the rest of the year, including the coldest months, which exhibited the best performance. 
The results obtained are highly effective, since the theory of extreme values and GEV distributions is focusing 
on the analysis of extreme observations of random variables. 

The information obtained can serve as a basis for interpreting the influence of demographic density and 
the IDH formation of hot dengue areas and cold areas. It can be useful to determine limits of tourist tolerance 
and to evaluate the risk of exceeding the maximum values decisive for the existence of dengue. 
Understanding the characteristics of climatic extremes at regional and local levels is fundamental not only for 
the development of preparedness and early warning systems, but it is also fundamental in the development 
of a strategy to adapt to climate change, mainly with mitigation actions in relation to the effects of climate 
change extremes of precipitation (intense rainfall and prolonged drought), population density and social 
isolation in the population [5, 24]. 
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