

  geographies-03-00035




geographies-03-00035







Geographies 2023, 3(4), 673-686; doi:10.3390/geographies3040035




Article



Spatiotemporal Dengue Fever Incidence Associated with Climate in a Brazilian Tropical Region



Nadja Gomes Machado 1, Névio Lotufo Neto 2, Juliana Barbosa da Silva Lotufo 2, Luiz Octavio Fabrício dos Santos 2 and Marcelo Sacardi Biudes 3,*





1



Federal Institute of Mato Grosso, Av. Juliano da Costa Marques, Cuiabá 78050-560, MT, Brazil






2



Graduate Program in Environmental Physics, Institute of Physics, Federal University of Mato Grosso, 2367 Fernando Corrêa da Costa Ave, Cuiabá 78060-900, MT, Brazil






3



Institute of Physics, Federal University of Mato Grosso, 2367 Fernando Corrêa da Costa Ave, Cuiabá 78060-900, MT, Brazil









*



Correspondence: marcelo@fisica.ufmt.br; Tel.: +55-65-99606-8893







Citation: Machado, N.G.; Lotufo Neto, N.; da Silva Lotufo, J.B.; dos Santos, L.O.F.; Biudes, M.S. Spatiotemporal Dengue Fever Incidence Associated with Climate in a Brazilian Tropical Region. Geographies 2023, 3, 673–686. https://doi.org/10.3390/geographies3040035



Academic Editor: Stephen A. Matthews



Received: 24 July 2023 / Revised: 25 September 2023 / Accepted: 12 October 2023 / Published: 19 October 2023



Abstract

:

Dengue is a serious infectious disease worldwide and a climate-sensitive disease. Thus, our goals were to (i) evaluate the relationship between dengue incidence and meteorological variables (rainfall and air temperature); (ii) identify the spatiotemporal pattern of dengue incidence in the municipalities of Mato Grosso from 2001 to 2020; and (iii) verify the spatial dependence of dengue incidence in the dry and wet seasons. We used dengue data from 2001 to 2020, monthly rainfall estimates from GPM, and daily air temperature estimates from ERA-5. The municipalities of the Mato Grosso state are included in 16 healthcare territories. The seasonal rainfall pattern indicates that the peak of the dengue endemic occurred in the wet season. However, drier and/or warmer places had a lower incidence of dengue in the dry season. Furthermore, a lagged effect of meteorological variables on dengue incidence has been identified, ranging from 0 to 7 months. Hotspot areas were identified which might have the potential for an intense spreading of dengue in Mato Grosso. They were mainly concentrated in the healthcare territory of Teles Pires (ID 14) in the dry season, while they were concentrated in the healthcare territories of Garças Araguaia (ID 5), Oeste (ID 11), and Teles Pires (ID 14) in the wet season. In addition, they are located in the Am climate and in the Amazon Forest and Brazilian savanna biomes, which have higher dengue incidence values. These results help to highlight which municipalities decision-makers must intervene in the public health system to prevent and control future epidemics.
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1. Introduction


Dengue is one of the most notorious tropical diseases in the world, causing high mortality and morbidity [1]. It has become a growing problem as it spreads geographically and intensifies [2]. Dengue is caused by a virus of the Flaviviridae family, which includes Chikungunya, Yellow fever, and the Zika virus [3]. There are four different serotypes of the dengue virus (DENV 1–4) [4]. Infection by one serotype provides lifelong immunity against it, but only partial and temporary immunity against the other serotypes [5]. However, subsequent infections by different serotypes increase the risk of developing severe dengue [6]. Dengue is transmitted to humans only by female mosquitoes of the species Aedes aegypti in urban areas and Aedes albopictus in rural areas. These mosquitoes become infected when they feed on the blood of an infected person. Once infected, the mosquito can carry the virus for its entire adult life [7].



As an emerging infectious disease, dengue fever only prevailed in nine countries prior to 1970, but now it exists in more than 100 countries [1]. This increase in dengue incidence is attributed to four major factors: (1) extraordinary growth of the global population; (2) deficiency of an effective mosquito control program in dengue-endemic areas; (3) increased travel by airplanes; and (4) deterioration of public health infrastructures in underdeveloped countries over the last 30 years [3]. Its distribution is influenced by local variations such as demographics, social changes, the environment, and climate conditions over the last decade [8,9].



Approximately a third of the world’s population are living in dengue-endemic areas, and about half of the world’s population is now at risk, mostly in tropical and sub-tropical climates of urban and semi-urban areas in developing countries [1]. However, the transmission of dengue is essentially urban, and its occurrence depends on man, the virus, and the vector [10]. Currently, there are no effective antiviral drugs available for dengue infection [8]. Therefore, preventing and controlling dengue fever is mainly based on controlling the population from transmitting mosquitoes and includes improving sanitary conditions, public awareness campaigns, and the use of insecticides [11,12]. These measures are mainly related to controlling the reproduction of Aedes aegypti, which prefer concrete slabs and artificial water storage items to deposit their eggs and develop their larvae [13].



Mosquitoes prefer artificial water accumulation items for their re-production, so the seasonality of rainfall, air temperature, and humidity are the climatic factors that most directly and indirectly influence the ecology of dengue fever [5,11,14,15,16]. However, these relationships are not universal. Studies have shown that climate-dengue associations are region specific and may vary within a country/region or even within a state [14,17].



Previous studies in Brazil have shown that dengue cases follow a seasonal pattern with a higher incidence in months of higher rainfall and high temperatures, supporting the mosquitoes’ development and, consequently, the increase in dengue transmission [10,17,18,19,20,21]. On the other hand, the population density of this vector tends to reduce significantly during periods of lower rainfall and lower average temperatures [22], reducing the number of dengue cases. There are several climatic factors related to dengue epidemic outbreaks, however, this infectious disease is socially conditioned, since it is more likely to reach population groups with specific characteristics, notably those with low socioeconomic status [23].



The Mato Grosso state has three major ecosystems, the Amazon Forest, Brazilian savanna (Cerrado), and the Pantanal (wetland) which vary along climate gradients in space and time [24,25]. As much as the variability of biomes, socioeconomic conditions vary throughout the state depending on the developmental history of its different regions [26,27]: the region of the state capital was populated approximately 3 centuries ago; the northern region of the state (southern Amazon) was populated in the late 1970s; and in the southern region of the state, where the Pantanal is located, there are no urban centers, only small villages, due to the difficulty of accessing this region, especially during the flood season.



Health services in Mato Grosso were municipalized until 2011, resulting in diverse situations regarding service to the population due to different financial and organizational capabilities in the structure and service offering [28]. Since then, a Health Care Network has been created in healthcare territories in the state of Mato Grosso [29,30]. Therefore, public policies to control mosquito reproduction considering the seasonality of rainfall and air temperature and care for those infected with the dengue virus are quite different among the municipalities and healthcare territories in the state of Mato Grosso.



Although the interactions between climate and dengue incidence are relatively well-known, identifying spatiotemporal patterns of dengue incidence on a macro scale is essential for the prevention and control of dengue epidemics in the public health system of the state of Mato Grosso. Thus, the main objectives of this study were to (i) evaluate the relationship between dengue incidence and rainfall and air temperature, including their lags; (ii) identify the spatiotemporal pattern of dengue incidence in the municipalities of Mato Grosso from 2001 to 2020; and (iii) verify the spatial dependence of dengue incidence in dry and wet periods.




2. Material and Methods


2.1. Study Area


The State of Mato Grosso has 141 municipalities, 903,207,050 km2 of area, 3,567,234 inhabitants, and a population density of 3.36 inhabitants per km2 [31]. Mato Grosso has three of the five Brazilian biomes: the Brazilian savanna (Cerrado) in the Central region, the Amazon Forest in the North, and the Pantanal (floodable area) in the South of the state (Figure 1). Mato Grosso’s climate is Am (monsoons) in the Northwest and Aw (dry winter) in the South and East of the state, according to the Köppen classification [32], and its economy is based on agribusiness and the service sector [27].




2.2. Data Collection


Dengue data from 2001 to 2020 were obtained from the Notifiable Diseases Information System (SINAN) and the number of inhabitants of each municipality was obtained from the 2010 Census carried out by the Brazilian Institute of Geography and Statistics (IBGE). As the dengue database used does not have personal information available, there are no ethical issues involved. Monthly rainfall data from 2001 to 2020 of the Global Precipitation Measurement (GPM) version 6 algorithm were obtained on the Giovanni platform of the National Aeronautics and Space Administration (NASA), which was validated to the state of Mato Grosso [34]. We used the minimum, mean, and maximum air temperature data of ERA-5 produced by the Copernicus Climate Change Service (C3S) at the European Centre for Medium-Range Weather Forecasts (ECMWF). The political, financial, and logistical administration of health services in the municipalities of the state of Mato Grosso are concentrated in 16 healthcare territories (locally named as “regionais de saúde”) (Figure 1; Table S1) [30,35].




2.3. Statistical Analysis


The dengue incidence rate is the number of new dengue cases in the population during a specific period (such as one month) divided by the population at risk [36]. The population at risk was calculated by multiplying the number of dengue cases and the number of inhabitants of each municipality per month by 100 thousand inhabitants. The spatial distribution of the dengue incidence level in Mato Grosso was based on this scale: no cases (0); low incidence (up to 100); moderate incidence (100.01 to 300); high incidence (300.01 to 1000); and very high incidence (above 1000.01) [37]. We performed all the analysis and maps using the R statistics programming environment, version 4.2.3 [38].



The similarity between the meteorological variables (precipitation and air temperature) and the incidence of dengue as a function of the lag between them, was measured by the Cross Correlation Function (FCC) [39]. The CCF values range from −1 to 1, where values close to −1 indicate a strong negative linear correlation, values close to 1 indicate a strong positive linear correlation, and values close to zero indicate no significant correlation or no linear relationship between the two variables. The lag between the series was identified considering the meteorological variables (precipitation and air temperature) as the “x” variable and the incidence of dengue as the “y” variable. When x is ahead of y, it represents positive lags, and x behind y means negative lags. Therefore, when the incidence of dengue is behind the meteorological variables, there is a negative lag, and when the incidence of dengue is ahead of the meteorological variables, there is a positive lag. It is important to evaluate the delay time between meteorological variables (precipitation and air temperature) and the incidence of dengue because the dengue mosquito lives, on average, 30 days, and development from egg to adulthood takes 8 to 10 days [40].



The Mann–Whitney test was used to assess whether climate (Aw and Am) by season (wet and dry seasons) would cause significant (p-value < 0.05) differences in dengue incidence. The Kruskal–Wallis’s test was used to assess whether biome (Amazônia, Brazilian savanna, and Pantanal) by season (wet and dry seasons) would cause significant(p-value < 0.05) differences in dengue incidence. A t-test after the Mann–Whitney test and a multiple comparison test after the Kruskal–Wallis’s test indicated which groups were different from each other.



The spatial heterogeneity and clustering of dengue incidence by season were identified using the Moran scatterplot and the Local Moran’s Index. For this, we constructed a queen contiguity weight based on the neighborhood matrix. Then, the Moran’s I statistics were used as an indicator of global autocorrelation whose correlation coefficient indicated the relationship between a variable and its surrounding values [41,42]. Global Moran’s Index (I) was used to assess how much the observed value of a variable in a region is dependent on the values of that same attribute in the surrounding areas [41]. If I < 0, there is a negative autocorrelation with dissimilar values at neighboring locations (regular spatial distribution). If I = 0, there is an absence of a significant spatial autocorrelation (random spatial distribution). If I > 0, there is a positive autocorrelation with similar values at neighboring locations (aggregated spatial distribution).



The Moran dispersion diagram decomposes the nature of spatial autocorrelation into four quadrants and makes it possible to compare the Moran’s Index values of a municipality with those of an adjacent one: in the first quadrant (Q1), municipalities with high values are surrounded by neighbors with higher values (HH); in the second quadrant (Q2), municipalities with low values are surrounded by neighbors with low values (LL); in the third quadrant (Q3), municipalities with low values are surrounded by neighbors with high values (LH); and in the fourth quadrant (Q4), municipalities with high values are surrounded by neighbors with low values (HL). The Moran’s Index scatter diagrams in this study were replaced by Box Maps, where the relationship between each municipality and its neighbor was represented by a color.



The Global Moran’s I was decomposed into its components, based on the Local Moran’s I, which is a localized measure of autocorrelation, thus providing a significant statistic for each municipality and establishing a relationship between the local statistics and a corresponding global one [41]. This measure indicates the presence of outliers and zones of similarity and dissimilarity in nearby locations, therefore, it allows for explicit capture of spatial patterns [43]. A positive Local Moran’s I implies a cluster of municipalities with similar values around an individual municipality, while a negative Local Moran’s I implies a cluster of municipalities with different values and a high variability of neighboring municipalities around an individual municipality.





3. Results and Discussion


Mean annual rainfall was 1752 mm in Mato Grosso from 2001 to 2020 (Figure 2A). Dengue incidence had a cyclic pattern over the years. However, there was no significant trend toward an increase in the incidence of dengue in the study period, corroborating with [44] who also found a non-significant trend of dengue cases in Brazil from 1994 to 2014 in 23 states with positive trends, including Mato Grosso.



The total annual dengue incidence from 2001 to 2008 was lower than the mean dengue incidence (774.9) during the study period. On the other hand, the highest annual values of dengue incidence occurred in 2009, 2010, 2012, 2013, 2015, 2016, and 2020. Therefore, it is also observed that the occurrence of dengue in the last decade had increasingly higher epidemic peaks and shorter interepidemic periods in Brazil [45].



The highest monthly values of dengue incidence occurred in the wet season in December/2019 (505.8) and January/2010 (514.2) and the lowest values occurred in the dry season (grey area) (Figure 2B). The dry season, characterized by total monthly rainfall < 100 mm [46], occurred from May to September in Mato Grosso (Figure 2C). The monthly mean values of dengue incidence (66.1) were higher than the mean incidence of dengue from June to November (28.1), while their values were lower than the mean dengue incidence from December to May (104.0) (Figure 2C).



The annual average (±95% CI) of the mean, minimum, and maximum air temperature was 25.7 ± 0.1 °C, 21.7 ± 0.2 °C, and 30.7 ± 0.2 °C, respectively. The seasonal average (±95% CI) of the mean, minimum, and maximum air temperature was 25.8 ± 0.3 °C, 20.6 ± 0.2 °C, and 31.7 ± 0.3 °C in the dry season. The seasonal average (±95% CI) of the mean, minimum, and maximum air temperature was 25.7 ± 0.1 °C, 22.5 ± 0.1 °C, and 30.0 ± 0.2 °C in the wet season. Dengue incidence peaked in February (123.2) while the mean air temperature peak (27.9) was in September, indicating the existence of a lag between them.



Air temperature was higher in September (Figure 2C) due to low air humidity [24,47], coinciding with the lower dengue incidence. Whereas temperature has a direct biophysical influence on viral replication and vector development and survival [44], rainfall’s influence on epidemic peaks is related to several aspects of mosquito biology such as eggs, larvae, and pupae mortality and oviposition rates [48]. Although optimal temperatures lead to higher mosquito densities and further breeding in subsequent generations [9], it is rainfall that provides essential habitats for the aquatic stages of the mosquito life cycle [16].



In the dry season, 35.5% of the municipalities had a low dengue incidence, 47.5% a moderate dengue incidence, and 17.0% a high dengue incidence (Figure 3A). The mean monthly rainfall during the dry season ranged from 13 mm to 44 mm, the mean minimum air temperature ranged from 16 °C to 23 °C, the mean air temperature ranged from 22 °C to 28 °C, and the mean maximum air temperature ranged from 27 °C to 34 °C in the dry season. Healthcare territories one and eight (North; humid and hot), seven and 12 (West; humid and cool), three, 11, and 13 (Southwest; humid and cool), five, six, and nine (East; dry and hot) and 10 (North; humid and hot) had the highest number of municipalities with a moderate incidence of dengue in the dry season. Healthcare territories four and 14 (Center; dry and fresh) had the highest number of municipalities with a high dengue incidence in the dry season. Drier and/or warmer places had a lower dengue incidence in the dry season due to water limitation by reducing essential habitats to the mosquito’s life cycle [16] and/or temperature limitation when reaching values greater than 28 °C [49].



In the wet season, 2.8% of the municipalities had a low dengue incidence, 15.6% a moderate dengue incidence, 68.8% a high dengue incidence, and 15.6% a very high dengue incidence (Figure 3B). The mean monthly rainfall ranged from 166 mm to 289 mm during the wet season, the mean minimum air temperature from 19 °C to 24 °C, the mean air temperature from 23 °C to 27 °C, and the mean maximum air temperature from 27 °C at 31 °C. Healthcare territories had the largest number of municipalities with a high incidence of dengue in the rainy season, except for healthcare territory five (East; dry and hot), which had the largest number of municipalities with a very high dengue incidence. However, healthcare territories one, two, and nine had some municipalities with a low incidence of dengue.



Out of the 141 municipalities in Mato Grosso, 78.7% of them had a high (0.70–0.89) positive correlation between dengue incidence and rainfall (Figure 4A); and 83.7%, 73.0%, and 90.1% of them had a moderate (0.40–0.69) positive correlation between dengue incidence and the mean, minimum, and maximum air temperature, respectively (Figure 4C,E,G). Considering the time lag, 35.5% of the municipalities had no time lag with a moderate-to-very strong positive correlation between dengue incidence and rainfall, meaning that the dengue incidence coincided with the rainfall peaks (Figure 4A,B). Moreover, 34.0% of the municipalities had a time lag of −1 month with a moderate-to-strong positive correlation between dengue incidence and rainfall in the dry season, meaning that the peak of dengue incidence occurred 1 month after the rainfall peak. It is important to note that some municipalities had time lags between dengue incidence and rainfall of 3 and 7 months. This shows that their mosquito control strategies by eliminating breeding sites were not effective.



The seasonal rainfall pattern indicates that the peak of the dengue-endemic in Mato Grosso occurred in the wet season. Rainfall is essential for creating and maintaining breeding sites and has a strong influence on vector distributions [16]. Therefore, higher rainfall is associated with increased Aedes aegypti populations [50,51]. Rainfall generally increases the breeding sites for mosquitoes, which could lead to an increase in dengue incidence [5,16,48]. However, intense rainfall may also wash out breeding sites and thus have a negative effect on vector populations [16] and dengue transmission [49].



The time lag between dengue incidence and the mean, minimum, and maximum air temperature varied among the 141 municipalities of Mato Grosso. Of those 141 municipalities, 42.5% had a time lag of −2 months with a moderate-to-strong positive correlation between dengue incidence and minimum air temperature, meaning that the peak of dengue incidence occurred 2 months after the peak of minimum air temperature (Figure 4C,D). Moreover, 17.0% of the municipalities had a time lag of 7 months with a weak-to-moderate correlation between dengue incidence and minimum air temperature, meaning that the peak of minimum air temperature delayed the peak of dengue incidence by 7 months.



Out of the 141 municipalities of Mato Grosso, 38.3% of them had a time lag of 7 months with a moderate-to-very strong positive correlation between the dengue incidence and the mean air temperature, meaning that the peak of the mean air temperature delayed the peak of dengue incidence by 7 months (Figure 4E,F). Moreover, 18.4% of the municipalities had a time lag of 6 months with a moderate-to-very strong positive correlation between the dengue incidence and the mean air temperature.



Out of the 141 municipalities of Mato Grosso, 34.0% of them had a time lag of 6 months with a weak-to-strong positive correlation between dengue incidence and maximum air temperature, meaning that the peak of maximum air temperature delayed the peak of dengue incidence by 6 months (Figure 4G,H). In addition, 26.9% of the municipalities had a time lag of 7 months with a weak-to-strong positive correlation between dengue incidence and maximum air temperature.



Other studies have found a lagged effect of air temperature on dengue incidence [52,53]. However, the duration of the lag time varied widely from 0 to 8 months, with the most common duration being 1–2 months [54,55,56]. The lagged effects of air temperature on dengue lasted throughout the epidemic season, suggesting that air temperature had a cumulative effect on dengue fever in Mato Grosso [9]. The positive association between air temperature and dengue incidence implies that the increase in air temperature, which has been observed in the state of Mato Grosso [25,57], could increase the number of mosquito vectors. However, the positive correlation between air temperature and dengue incidence had a threshold at 28 °C for mean temperature, 23 °C for minimum temperature, and 32 °C for maximum temperature [49].



The dengue incidence in municipalities with Am climate was significantly higher in both the dry (206.18) and the wet (687.4) seasons than in municipalities with Aw climate in the dry (150.6) and wet (567.9) seasons, respectively. The dengue incidence in the Am climate region was higher than in the Aw climate region because the Am climate is wetter than the Aw climate region [32]. The same seasonal pattern was observed across the biomes, where the dengue incidence during the wet season in the Amazon, Cerrado, and Pantanal was significantly higher than during the dry season. The dengue incidence in the municipalities of the Amazon (182.2) and Cerrado (165.1) was significantly higher than in Pantanal (50.4) in the dry season, and the dengue incidence in the municipalities of the Amazon (649.1) and Cerrado (592.3) was significantly higher than in Pantanal (272.4) in the wet season. As previously mentioned, not only did the greater amount of rainfall influence the higher incidence of dengue in the Amazon region, but also the higher temperature in this region. Greater rainfall created more suitable spots for mosquitoes to lay their eggs and reproduce [48]. In addition, the higher air temperature ensured greater reproduction in subsequent generations [9,11].



The Moran’s Index of dengue incidence had a significant positive correlation in the dry season (I = 0.35; p-value < 0.001) (Figure 5A) and wet season (I = 0.29; p-value < 0.001) (Figure 5B), indicating the existence of spatial dependence with the occurrence of spatial clusters. Municipalities in red (HH) of healthcare territories 10, 13, and 14 had a higher mean dengue incidence with neighbors of similar values both in the dry and wet seasons (Figure 5A,B). Municipalities in yellow (LL) of healthcare territories one, two, three, eight, nine, 11, 12, 13, and 15 had a lower mean dengue incidence with neighbors of similar values both in the dry and wet seasons. Municipalities in red and yellow indicate municipalities with positive spatial autocorrelation, therefore, they present the same spatial dependence process as their neighbors.



Municipalities in blue (HL) of healthcare territories one, two, six, and eight had a high mean dengue incidence in both the dry and wet seasons, surrounded by neighbors with a low mean dengue incidence, which indicates a tendency to decrease dengue incidence due to the influence of their neighbors in the future. On the other hand, municipalities in green (LH) in healthcare territories two, five, six, 12, and 16, both in the dry and rainy season, had a low mean dengue incidence surrounded by neighbors with a high mean dengue incidence, which indicates a tendency to increase dengue incidence due to the influence of their neighbors in the future. Therefore, municipalities in blue and green indicate transition regions, because they do not follow the same spatial dependence process as their neighbors for presenting negative spatial autocorrelation.



Three spatial clusters of low mean dengue incidence were formed in the dry season (Figure 5C). The first cluster was in Apiacás (ID 1) and Nova Bandeirantes (ID 1); the second, in Santa Terezinha (ID 2) and Luciara (ID 9); and the third, in Cáceres (ID 11) and Porto Estrela (ID 7). On the other hand, three local clusters with a high mean dengue incidence formed in Mato Grosso during the dry season. The first cluster was in Ribeirãozinho (ID 5); the second, in Campo Novo do Parecis (ID 7); and the third, in Itaúba (ID 10), Nova Santa Helena (ID 10), Itanhangá (ID 14), Tapurah (ID 14), Ipiranga do Norte (ID 14), Sorriso (ID 14), Sinop (ID 14), Vera (ID 14), Santa Carmen (ID 14), Cláudia (ID 14), Feliz Natal (ID 14), and Nova Ubiratã (ID 14).



Three spatial clusters of low mean dengue incidence formed in Mato Grosso during the wet season (Figure 5D). The first cluster was in Santa Terezinha (ID 2) and Luciara (ID 9); the second, in Santo Antônio do Leverger (ID 3) and Barão de Melgaço (ID 3); and the third, in Denise (ID 7). On the other hand, four local clusters with a high mean dengue incidence formed in Mato Grosso during the wet season. The first cluster was in Sorriso (ID 14), Sinop (ID 14), Vera (ID 14), Santa Carmen (ID 14), Itaúba (ID 10), and Nova Santa Helena (ID 10); the second, in Barra do Garças (ID 5), Ribeirãozinho (ID 5), Torixoréu (ID 5), and Pontal do Araguaia (ID 5); the third, in Araputanga (ID 11), Indiavaí (ID 11), Reserva do Cabaçal (ID 11), and Rio Branco (ID 11); and the fourth, in Planalto da Serra (ID 3). The relationships between the incidence of dengue fever, rainfall, and air temperature vary among the municipalities of Mato Grosso, and among different clusters of municipalities within a healthcare territory. This suggests that each municipality has different strategies or no effective strategy to control mosquitoes. The results of this study can help public authorities evaluate the effectiveness of the strategies used to eliminate mosquito breeding sites.




4. Conclusions


There was no significant trend of increasing or decreasing dengue incidence during the study period. The monthly dengue incidence was highest in the wet season (October-April) and lowest in the dry season (May-September), following the seasonal rainfall pattern in Mato Grosso. However, places that were drier and/or hotter had a lower dengue incidence in the dry period. Moreover, a lagged effect of precipitation and air temperature on dengue incidence was found, ranging from 0 to 7 months. This indicates that some municipalities did not have effective strategies to control the mosquito population, as there was dengue incidence in the dry period when there should not be any water accumulation.



Areas with a high dengue incidence (hotspots) were identified that had the potential for intense dengue transmission in Mato Grosso. The hotspots were concentrated in the Teles Pires healthcare territory (ID 14) in the dry season, and in the Garças Araguaia (ID 5), Oeste (ID 11), and Teles Pires (ID 14) healthcare territories in the wet season. The dengue incidence in these locations had a moderate-to-high positive correlation with precipitation and air temperature. Furthermore, the highest dengue incidence occurred in the Am climate and in the Amazon Forest and Brazilian Cerrado biomes. These results can help municipal managers evaluate the effectiveness of their strategies to eliminate mosquito breeding sites and prevent future epidemics.



This study describes the spatiotemporal relationship between meteorological variables, precipitation and air temperature, and dengue incidence in Mato Grosso. However, the study area does not reflect the climatic and environmental diversity and the dengue incidence in tropical areas such as Brazil, which has a large continental area. Therefore, it is important that future research extend the study area and assess different future scenarios of dengue incidence, since the climate-dengue association is specific to each region. Dengue prevention and control programs developed by the public health system should select meteorological variables that are easy to obtain on a large scale, such as precipitation and air temperature.
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Figure 1. Location of healthcare territories, biomes and climates, according to the Köppen classification, in the state of Mato Grosso (A), in the Central-West region of Brazil (B) [33]. 
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Figure 2. Total rainfall and annual dengue incidence with Mann and Kendall trend (A); monthly dengue incidence, monthly rainfall, and monthly minimum, mean and maximum air temperatures (B); and monthly mean of dengue incidence, monthly rainfall, and monthly minimum, mean, and maximum air temperatures (C) in Mato Grosso from 2001 to 2020. Gray area represents the dry season in Mato Grosso. 
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Figure 3. Classification of dengue incidence in the dry (A) and wet (B) seasons; mean seasonal rainfall in the dry (C) and wet (D) seasons; the minimum air temperatures in the dry (E) and wet (F) seasons; the mean air temperatures in the dry (G) and wet (H) seasons; and the maximum air temperatures in the dry (I) and wet (J) seasons in the municipalities of Mato Grosso from 2001 to 2020. 
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Figure 4. Spatial distribution of the cross-correlation between dengue incidence and precipitation (A) and its lags (B); with the minimum temperature (C) and its lag (D); with the average air temperature (E) and its lag (F); and with the maximum air temperature (G) and its lag (H) in the municipalities of Mato Grosso from 2001 to 2020. 
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Figure 5. Moran scatter diagram during the dry (A) and wet (B) seasons and Local Moran Index during the dry (C) and wet (D) seasons in the municipalities of Mato Grosso from 2001 to 2020. HH = high-high (red); LL = low-low (yellow); HL = high-low (blue); and LH = low-high (green). NS = no correlation; ρ > 0 = positive correlation; and ρ < 0 = negative correlation. 
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