
Jurnal Teknokes 
International: Rapid Review: Open Access Journal                       Vol. 16, No. 1, March 2023, pp. 44-50        e-ISSN 2407-8964; p-ISSN  1907-7904 

 
Accredited by Ministry of Education, Culture, Research, and Technology, Indonesia  

Decree No: 225/E/KPT/2022 
Journal homepage: http://teknokes.poltekkesdepkes-sby.ac.id    44 

RESEARCH ARTICLE   OPEN ACCESS  

Manuscript received February 18, 2023; revised March 10, 2023; accepted March 28, 2023; date of publication March 30, 2023 
Digital Object Identifier (DOI):https://doi.org/10.35882/teknokes.v16i1.530 
Copyright© 2023 by the author. This job open access articles and licensed under a Creative Commons Attribution-ShareAlike 4.0 
International License (CC BY-SA 4.0)  
How to cite: Riris Wahyu Maharani, Rafika Minati Devi, and Diah Indriani" The Effect of Land Surface Temperature on Dengue Hemorrhagic 
Fever Incidence", International Journal of Advanced Health Science and Technology, vol. 16, no. 1, p. 44–50, March. 2023. 

The Effect of Land Surface Temperature on 
Dengue Hemorrhagic Fever Incidence 
 

Riris Wahyu Maharani, Rafika Minati Devi, and Diah Indriani 
Department of Epidemiology, Biostatistics, and Health Promotion and Behavioral Sciences, Faculty of Public Health, Airlangga University 

Corresponding author: Riris (e-mail: riris.wahyu.maharani-2019@fkm.unair.ac.id). 

  

  

ABSTRACT  Land Surface Temperature (LST) can be used to detect the occurrence of climate change. The change in LST 

can affect disease patterns such as Dengue Hemorrhagic Fever (DHF). The incidence of DHF in Madura from 2010-2019 

showed instability and the highest incidence rate occurred in 2015. This study aims to analyze the spatial and temporal effect 

of LST on the incidence of DHF in Madura. This study contributes to increasing public awareness of environmental protection 

related to climate change, which can cause DHF. The analysis was carried out spatially and temporally, using multivariate 

regression (spatial) and Autoregression (temporal) methods with a cubic spline for LST. This study used secondary data from 

MODIS NASA website and Madura health profile. LST in most sub-region, increased in 2003 and 2015, then which is in line 

with the incidence of dengue fever in Madura, which also increased around 2015-2016. The R2 value from the cubic spline 

test shows that the model used is quite good and has the same performance in all regions of Madura. The Z-value in all regions 

is negative, which indicates a cold area. The highest Z-value in region 1 is related to Bangkalan Regency which has more 

incidences of DHF in the highest category. While the lowest Z-value is found in region 3 related to Pamekasan Regency which 

has never been in the high category. The incidence of DHF based on LST in Madura illustrates that Bangkalan and Sumenep 

regencies have greater potential than Sampang and Pamekasan regencies. 

INDEX TERMS Land Surface Temperature, Dengue Hemorrhagic Fever, Spatial, Temporal

I. INTRODUCTION 

Weather is the state of the atmosphere concerning 

temperature, humidity, wind, precipitation, and so on for 

several hours to several weeks. It is influenced by the oceans, 

land surface, and ice sheets, together with the atmosphere, 

that make up the climate system [1]. The occurrence of 

climate change is a complex problem faced by the whole 

world. The impact of these changes affects various important 

sectors that support life, such as human health, forestry, 

coastal ecosystems, agriculture, fisheries, and water [2]. One 

of the indicators used to predict climate change is Land 

Surface Temperature (LST). LST is the surface temperature 

that can be measured when the soil surface is in direct contact 

with the measuring instrument. Thus, LST can also be 

referred to as the temperature of the soil surface layer [3]. 

MODIS (Moderate Resolution Imaging 

Spectroradiometer) is NASA's sensor aboard the Terra and 

Aqua satellites. The two MODIS satellites use remote 

sensing technology to observe LST data. MODIS Terra is 

used for LST observations taken at 10.30-12.00 a.m and p.m, 

while MODIS Aqua is taken during 01.00-03.00 a.m and p.m 

[4]. Each time series in long-term remote sensing usually 

consists of long-term trends, seasonality (systematic 

movement), and irregular (unsystematic) short-term 

fluctuations [5]. Thus, LST is a very varied aspect of the 

earth's surface, both in terms of space and time. Therefore, 

LST analysis is carried out spatially (space) and temporally 

(time) [6]. 

In the analysis of temporal (time series) data, the concept 

of an Autoregression model (AR) is a model developed by 

regression based on previous values [7]. AR models are very 

useful in presenting a process that occurs in time series data 

and can overcome autocorrelation. Thus, the AR model is 

suitable for LST data analysis. For spatial data analysis, 

using multivariate regression can find a trend of change from 

LST and show a relationship between temperature and time 

with a 95% confidence interval [8]. In addition, LST data 

analysis is done using multivariate regression to test each 

point based on longitude and latitude calculations. 

Combining Autoregression and multivariate regression 

models with cubic spline models in LST analysis is 

compatible with this process because there is an assumption 

that the seasonal pattern is the same every year and changes 

in other parameters affect the increase or decrease in LST 
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consistently [9]. The cubic spline model has a function to see 

seasonal patterns and connect variables by smoothing the 

curve. Cubic splines need to use knots to get the optimal 

model. 

Dengue Hemorrhagic Fever (DHF) is a disease caused by 

the dengue virus, which is carried by vectors, namely the 

Aedes mosquito species, especially the Aedes aegypti 

mosquito [10]. The dynamics of the spread of DHF are 

influenced by environmental and meteorological factors that 

peak in the hot-wet period [11]. Increasing temperatures 

affect viruses, increase the speed at which vectors find food, 

and extend the season of DHF transmission, which can 

increase the incidence of DHF [12]. Mapping DHF using a 

geographic information system is an effective 

countermeasure for early awareness [13]. LST is one of the 

climate variables that can be used for geographic information 

related to disease occurrence. 

Based on the 2018 East Java Province climate risk and 

vulnerability study report, it is projected that in 2030–2040 

on Madura Island there will be an increase in the highest 

average temperature between 0.80C-10C due to increasing 

population and changes in land use [14]. In addition, based 

on data from the East Java Provincial Health Office, the 

incidence of DHF in Madura from 2010–2019 is still 

experiencing instability. In 2015, the incidence of DHF in 

Madura was very high, but after that, it decreased until 2017 

and then increased again from 2017 to 2019.  

This research aims to analyze the effect of LST on the 

incidence of DHF on Madura Island through a comparison 

of LST patterns on Madura Island during the period 2000–

2019 with the pattern of DHF incidents in 2010–2019 on 

Madura Island. So from this research, it can be seen what the 

relationship is between LST and the incidence of DHF. The 

contributions of this research are as follows: 

1. Provide an overview and information regarding the 

impact of LST changes that can affect health. 

2. Increasing sensitivity in minimizing activities that 

impact climate change and can cause morbidity. 

3. It can be a reference for local governments in preventive 

efforts in the health sector related to the environment. 

 
II.  METHODHOLOGY 

This study used secondary data from the MODIS NASA 

website for LST data for the 2000–2019 period in Madura 

and DHF incident data for 2010–2019 in Madura from the 

East Java Provincial Health Office. The data is analyzed 

using the flow of data analysis as shown in Figure 1. The 

research begins with collecting the data that will be used, 

namely LST and DHF data. LST data obtained from NASA 

is daily data from 2000-2019, while DHF data is used from 

2010–2019. Then, the LST data is tested using the cubic 

spline method, which helps see seasonal patterns and connect 

variables by smoothing. This test obtained LST, which was 

adjusted for seasonal patterns. Thus, the adjusted LST data 

were analyzed temporally and spatially using AR and 

multivariate regression. The results obtained are compared 

with the DHF data to make conclusions. 

 

The research was conducted on Madura Island. The 

population in this study was the entire Madura Island from 

2000 to 2019, as well as the incidence of DHF in Madura 

from 2010 to 2019. Meanwhile, the research sample consists 

of four regions, and each region consists of several sub-

regions to avoid spatial correlation. The determination of the 

four regions is based on the number of districts in Madura. 

 
FIGURE 1.  Data analysis flow 

 

 
FIGURE 2.  Mapping Madura Island with 36 Sub-Regions Based on 
Longitude and Latitude 
 

Figure 2 shows that Madura Island is divided into four 

regions with 36 sub-regions. Each region has nine sub-

regions to avoid spatial correlations that can affect LST data. 

Each sub-region has a size of 7 x 7 pixels, or 49 pixels. Thus, 

each region has a size of 21 x 21 = 441 pixels from nine sub-

regions. Sub-regions have a minimum distance of 9 km2. On 

Madura Island, it is known that the distance between 

sideways sub-regions is 10.15 km2. Meanwhile, the distance 

between sub-regions up and down is 11.15 km2. Region 1 

represents Bangkalan Regency with sub-regions 1–9, region 
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2 represents Sampang Regency with 10-18 sub-regions, 

region 3 represents Pamekasan Regency with sub-regions 

19-26 and 28, while region 4 represents Sumenep Regency 

with sub-regions 27 and 29-36. 

 
A. SEASONAL PATTERN 

LST has a characteristic, namely a seasonal pattern. Thus, 

based on several considerations, it was decided that the most 

appropriate model to use in this study is the cubic spline, with 

certain conditions that ensure smooth periodicity and reduce 

the results that aren't biased in the time series by outliers [9]. 

Each grid in MODIS includes LST time series data, so a 

cubic spline can be used for all LST time series data in each 

grid. For each sub-region, the seasonal variability is believed 

to be constant, and the pattern is shown by plotting the 

average value of the response variable for each sub-region 

every eight days over several years. Seasonal temperature 

patterns can be found by using the cubic spline function and 

selecting the right number of knots [15]. The knots are based 

on location and quantity, which must be chosen correctly as 

they greatly influence the analysis process. Therefore, this 

study uses knots 0, 4, and 7 because they can show the 

highest R2 values and the lowest p values, so they can 

produce good models. Knots represent 3 curves, namely 

knots 0 being linear and knots 4 and 7 as splines. 

 
B. TIME SERIES CORRELATION MODELS 

Time series data is synonymous with autocorrelation because 

there is a tendency for observations in the current time period 

to relate to or correlate with previous observations [16]. The 

Autoregression (AR) model is a model used to overcome 

autocorrelation in time series/temporal data. In addition, AR 

models can also be used to determine seasonal patterns 

because time series analysis has two objectives, namely 

identifying observations and predicting future data. 

 
C. SPATIAL CORRELATION MODEL ADJUSTMENTS 

In addition to temporal analysis, this study also carried out 

the spatial analysis in the form of estimating LST in the 

sample area with nine sub-regions using a multivariate 

regression model. Multivariate regression was performed 

using a first-order Autoregression that was determined, 

namely AR (1) [17]. The estimates used in the model are 

multivariate normal maximum likelihood and Ordinary 

Least Squares (OLS). For the spatial method, Weighted 

Least Squares (WLS) can be added to the statistical test 

because such a regression method can be used when the OLS 

assumption of constant error variation is violated and is 

slightly sensitive to large changes in a small part of the 

observations [9]. A multivariate regression model was used 

to show the relationship between temperature and time for 

19 years with a 95% confidence interval. For most linear 

regressions, Z is assumed to consist of entries that follow a 

normal distribution with a mean of zero [18]. 

III. RESULT 

A. DENGUE HEMORRHAGIC FEVER INCIDENCE 

 

An overview of DHF incidence on Madura Island from 2010 

to 2019 shows an increase and decrease, as seen in Figure 3. 

Based on data from the East Java Provincial Health Office, 

it was shown that the highest incidence of Dengue 

Hemorrhagic Fever (DHF) on Madura Island occurred in 

2015 and 2016, as shown in Figure 3. However, there was a 

significant decrease in 2017, followed by a slight increase in 

2015, 2018, and 2019. Thus, it can be said that the incidence 

of DHF is experiencing instability. 

 

 
FIGURE 3.  Dengue Hemorrhagic Fever Incidence on Madura Island in 
2010-2019 

 
TABLE 1 

DHF Incidence Rate in Madura Island from 2010 to 2019.  

 

Year 

DHF Incidence Rate in Every District of 

Madura Island 

Bangkalan Sampang Pamekasan Sumenep 

2010 ≥55 <55 <55 <55 

2011 <54 <54 <54 <54 

2012 <53 <53 <53 <53 

2013 ≥52 ≥52 <52 ≥52 

2014 <51 <51 <51 <51 

2015 ≥49 ≥49 <49 ≥49 

2016 ≥49 ≥49 <49 ≥49 

2017 <49 <49 <49 <49 

2018 <49 <49 <49 <49 

2019 <49 <49 <49 <49 

 

Table 1 shows the achievement of the DHF incidence rate 

in each district on Madura Island in 2010–2019, compared to 

the national target. Districts that are included in the high 

category are those that have an incidence rate greater than 

the national target. Based on Table 1, it can be seen that 

Bangkalan Regency was the district that did not meet the 

achievement target or was included in the high DHF 

incidence category in 2010, 2013, 2015, and 2016. 

Meanwhile, Sampang and Sumenep Regencies did not meet 

the national target three times, that are in 2013, 2015, and 

2016. Pamekasan Regency always met the national target 

from 2010 to 2019. 
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B. LAND SURFACE TEMPERATURE MAPPING 

 

Figure 4 is a mapping of the analysis results on LST during 

2000-2019. Mapping to describe how LST changes occur in 

sub-regions and regions on Madura Island. The X-axis in the 

figure shows the longitude number while the Y-axis shows 

the latitude number. 

 

 
FIGURE 4.  LST Change Mapping for Madura Island 

 

Figure 4 shows that most of the sub-regions have not 

changed and tend to be stable because the circle symbol 

shows more green. Meanwhile, the other sub-regions 

experienced a decline consisting of two colors. The light blue 

color represents the category of possible decrease that occurs 

in sub-regions 4, 10, 20, 26, 27, and 30, while the dark blue 

color belongs to the category of decrease that occurs in sub-

regions 7, 13, 16, and 23. Furthermore, Figure 4 shows that 

regions 1 (west) and 4 (east) visualize changes in a light blue 

color, indicating that they are included in the likely decrease 

category due to Z -1. In contrast, the colors in regions 2 

(central west) and 3 (central east) are dark blue, indicating 

that the region is in the decrease category due to Z -1.96. 

Thus, it is assumed that Madura Island has experienced a 

decrease in LST. 

 
C. SEASONAL PATTERN OF LAND SURFACE 

TEMPERATURE 

 

The observation of LST seasonal patterns in 36 sub-regions 

spread across four regions in 2000-2019 is shown in Figure 

5. Each panel describes the seasonal pattern in each sub-

region. The X-axis shows the 1st to the 365th day, which 

means one year, while the Y-axis shows the daily LST in 0C. 

 
FIGURE 5.  LST Seasonal Pattern from Day 1 to 365 in 2010-2019 in Each 
Region 

 
TABLE 2 

R-Square (R2) from Cubic Spline Test in Each Region 

 

Region Longitude Latitude 
R-Square 

(R2) 

1 
112.772-

113.049 
-6.913- -7.113 0.541-0.699 

2 
113.13- 

113.326 
-6.913- -7.113 0.542-0.669 

3 
113.407- 

113.592 
-6.913- -7.113 0.606-0.679 

4 
113.603- 

113.965 
-6.913- -7.113 0.575-0.72 

 

According to Figure 5, the four regions of Madura Island 

have nearly the same pattern of temperature changes and 

exhibit a seasonal pattern due to an increase at certain times. 

The increase occurred from the 248th day to the 286th day, 

which started from the beginning of August to mid-October. 

The decrease in LST occurred on days 286–343, namely 

from mid-October to early December. Table 2 shows the 

value of R2 from regions 1 to 4. Overall, it is found that the 

value of R2 in the cubic spline function of all regions does 

not show much difference because the value is between 

0.541 and 0.72. 

 
D. SPATIAL AND TEMPORAL ANALYSIS OF LAND 

SURFACE TEMPERATURE 

 

The spatial analysis was carried out using multivariate 

regression tests and temporal analysis using the 

Autoregression (AR) test. From the multivariate regression 

test, Z values and confidence intervals were obtained. The 

AR model produces a coefficient value. 
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TABLE 3 
Average Temperature, Z-value, and CI in Each Region 

 

Region 
Average 

Temperature 
Z-value 

Confidence 

Interval (CI) 

1 
30.530°C–

32.820°C 
-1.071 -0.274–0.08 

2 < 32.370°C -1.967 -0.362–0.001 

3 
32.020°C–

33.510°C 
-2.244 -0.435–0.029 

4 < 33.0990C -1.564 -0.374–0.042 

 
TABLE 4 

Average LST Change (Mean Inc/Dec) in Each Region  

 

Region 
Mean 

Inc/Dec 

Koefisien AR 

(1) 

Koefisien AR 

(2) 

1 
-0.388- 

0.094 
0.261-0.508 0.173-0.335 

2 
-0.352 – -

0.063 
0.259-0.418 0.193-0.367 

3 
-0.376– -

0.116 
0.292-0.451 0.175-0.321 

4 
-0.284– -

0.064 
0.278-0.4 0.194-0.311 

 

In Table 3, it can be seen the average of temperature, Z 

value, and confidence interval (CI). In region 1, the average 

temperature is 30.530°C–32.820°C with a Z-value of -1.071 

and a CI value of -0.274–0.08. For region 2, the average 

temperature is < 32.370 °C with a Z-value of -1.967 and a CI 

value of -0.362–0.001. Region 3 has the highest average 

temperature, that is 32.020°C–33.510°C with a Z-value of -

2.244 and a CI value of -0.435–0.029. And for region 4, the 

average temperature is < 33.0990C with a Z-value of -1.564 

and a CI value of -0.374–0.042. Thus, it was found that the 

Z-values in all regions were negative while the CI values in 

each region were significant, with an average CI being 

negative. In addition, LST in some sub-regions only 

increased in 2003 and 2015. Table 4 shows the value of the 

AR coefficient, which in this study uses the AR model (2). 

The AR coefficient values (1) and (2) show a value less than 

1, while the mean increase/decrease results show a negative 

value.  

IV.  DISCUSSION 
Dengue Hemorrhagic Fever is caused by the dengue virus, 

which is carried by the Aedes mosquito vector. The 

calculation of the incidence of DHF in an area can be done 

using the Incidence Rate (IR). As a result, the government 

publishes a national IR target each year to determine the 

boundaries within which an area is said to have a high 

incidence of DHF. IR on Madura Island showed instability 

in the 2010–2019 period. However, Bangkalan Regency is 

ranked first with the highest IR because, in the 2010–2019 

period, there have been 4 IR from DHF, not by the national 

target or in the high category. Pamekasan Regency is a 

district in Madura that always meets the national target for 

2010–2019. Meanwhile, Sampang and Sumenep Regencies 

are in second place. Therefore, most districts on Madura 

Island have the potential to have a high incidence of DHF. 

This is also in line with Putra and Kurniawan's research 

(2015) [19] which states that all districts on Madura Island 

are included in the areas with the highest potential for DHF 

in East Java. 

Changes in LST, both decreasing and increasing, are 

influenced by several factors originating from humans, such 

as changes in land use and sustainable infrastructure 

development [20]. An increase in LST can be an indicator 

that an island is said to be hot. However, in mapping LST 

changes on Madura Island, it is estimated that LST has 

decreased from 2000 to 2019, so the island is not hot. For 

further tests of the LST estimation results using 

Autoregression and multivariate regression with cubic 

splines. 

To see seasonal patterns that are characteristic of LST 

using a cubic spline. The smooth cubic spline function curve 

is very suitable for the LST time series because it can show 

patterns and trends [15]. Optimal results in the cubic spline 

model lie in selecting the number and location of the knots. 

In this study, 8 knots were used, which is in line with the 

research of Wongsai, Wongsai and Huete (2017) [9], who 

said that in the LST fluctuation data, 8 knots were used to get 

the best results with a suitable and smooth curve. In addition, 

the selection of knots is 0.4 and 7 because it can produce a 

good model. Thus, the value of R2 in the cubic spline 

function for all regions ranges from 0.541 to 0.72. So, it can 

be interpreted that the model used is quite good and has the 

same performance in all regions, which is in line with the 

research of Ismail et al (2019) [21]. 

Analysis of time series data with autoregression is very 

important because it fulfills the assumption of random error, 

especially when adjusting linear trends with regression, and 

can show patterns of LST time series data by eliminating 

seasonal components [9]. This study uses AR (2), with the 

results of the coefficient values for AR (1) and (2) indicating 

stationary data because it is less than 1. Meanwhile, the 

results for the mean increase/decrease, which are negative, 

indicate that changes in LST from 2000 to 2019 experienced 

a decline. 

Furthermore, a multivariate regression analysis was 

performed with time series data to show the trend of changes 

in LST over the 2000–2019 period using a Z-value and a 

95% confidence interval (CI). Jaber and Abu-Allaban's study 

(2020) [22] used a linear regression test for day and night 

trend cycles and showed 95% CI results to see significant 

LST changes. In this study, it was found that negative Z-

values in all regions meant that there was a decrease and the 

region was a cooler or colder area because research from 

Mavrakou et al (2018) [23] said that a negative and small Z-

value means the region is cooler. For positive Z-values, cool 

or cold, and vice versa. The smallest and most negative Z-

value is in region 3, while region 1 has the largest Z-value. 
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The average CI value is also negative, which means that 

changes in LST lead to a decrease. The upper-level CI value 

in regions 2 and 3 is negative, while in regions 1 and 4 it is 

still positive. Therefore, it can be interpreted that the 

decrease in LST is greater in regions 2 and 3. 

LST is included in environmental data via satellite, which 

can affect human life [24]. LST can also be used to obtain 

geographic information on disease occurrence. So, the use of 

LST data can be associated with DHF [25]. Therefore, LST 

changes can affect the incidence of DHF. Based on the 

research results, LST in some sub-regions in all regions 

increased in 2003 and 2005. Then, for the incidence of DHF 

in 4 districts on Madura Island, there was an increase in the 

incidence rate around 2015–2016. Thus, it is found that the 

increase in LST and DHF occurred in the same year, that is 

2015. In addition, LST in regions 1 and 4 experienced a 

slight decrease compared to regions 2 and 3 in the 2000–

2019 period. In terms of the DHF incidence rate in 2010–

2019 when compared to the national target, Bangkalan 

Regency was in the high category 4 times, while Sampang 

and Sumenep Regencies had 3 times, and Pamekasan 

Regency never had any. 

A comparison of the analysis results on LST and DHF 

incidence rates shows that region 1 experienced a slight 

decrease in LST, with the highest Z-value associated with 

Bangkalan District, which has a higher DHF incidence rate 

in the tall category. Meanwhile, region 3 with the lowest Z 

value relates to Sumenep District, where the DHF incidence 

rate has never been in the high category. However, region 3 

has the highest average LST temperature, which is < 

33.510C. Therefore, the incidence of DHF in Pamekasan 

Regency has other factors that have more potential for DHF 

transmission. 

The implication of this research is used as a warning for 

regions with the same pattern of LST and DHF incidence 

because it is a high possibility that one of the factors 

influencing the incidence of DHF in those areas is LST. This 

study has several limitations. Firstly, the area in the division 

of the four regions is different from the administrative area 

of the four districts on Madura Island, where one of region 3 

is included in Pamekasan and Sumenep Regencies. Then, 

comparing the pattern of LST changes with the pattern of 

DHF events is only visual, where the DHF pattern is carried 

out using a descriptive method. In addition, this study did not 

carry out statistical tests related to the influence of LST on 

the incidence of DHF. 

IV. CONCLUSION 
This research aims to analyze the effect of LST on the 

incidence of DHF on Madura Island through a comparison 

of LST patterns on Madura Island during the period 2000–

2019 with the pattern of DHF incidents in 2010–2019 on 

Madura Island. The results of a comparison of the Land 

Surface Temperature (LST) pattern with the incidence rate 

of Dengue Hemorrhagic Fever (DHF) on Madura Island 

show a similarity, namely an increase in the same year of 

2015. In addition, regions with LST that experienced a slight 

decrease were districts with DHF, which is most often 

included in the high category as Bangkalan Regency. 

Therefore, the influence of LST on the incidence of DHF in 

Madura Island illustrates that Bangkalan and Sumenep 

Regencies have a more significant potential to experience 

DHF affected by LST changes compared to Sampang and 

Pamekasan Regencies. So, the local government needs to be 

aware of this because based on the 2030–2040 projection, 

there will be an increase in the highest average temperature 

on Madura Island. Efforts can be made to reduce population 

and change land use because these two factors trigger an 

increase in LST in Madura. For further research, it is 

necessary to carry out forecasting related to LST with DHF 

incidence, which is useful for program planning. 
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