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BACKGROUND AND OBJECTIVES: This study analyzed the changes in land use and land cover 
trends and their implication on malaria transmission using satellite imagery applications. 
Deforestation or human land use activity related to water and development has expanded 
the ideal habitats for malaria-carrying mosquitoes, resulting in an upsurge of malaria 
transmission. 
The presence of these habitats and breeding increased the contact between humans and 
mosquitoes, thus increasing the number of malaria cases. The decrease of canopy and 
forest cover has increased the temperature, resulting in the shortening of aquatic stages and 
sporogony development of the mosquitoes. This study aims to provide an understanding 
of the relationship between the topography effect over the land-use factor and land cover 
change on malaria for more than ten years from 2005 to 2019 of transmission.
METHODS: Malaria case data obtained were analyzed for the trends, incidence rate, and 
spatial distribution. Remote Sensing and geographic information system were used to 
determine the land use and land cover change in selected districts of North Borneo in Sabah, 
as the study areas. 
FINDINGS: The malaria incidence rate shows an increase from 2005 to 2019, with 149.64%. 
The transmission of the malaria vector dynamics and abundance with topography changes 
has changed with time, including with forest declination at 8.38%, and cropland change 
decreased at 16.61%. However, an expansion of 33.6% was observed for oil palm plantations. 
Overall, the results have shown that the range of incidence rate was found` highly viable from 
0.29/1000 persons to 4.09/1000 people.
CONCLUSION: In conclusion, using geographic information system remote sensing with 
malaria integrated topography transmission information will be targeted by zoning most 
affected areas or the most productive larval habitat for remedial measures. This study can 
help to reduce the malaria vector population through environmental management related 
to the mosquito larval cycle in different land-use settings and change by minimizing the 
transmission by the targeted malaria control program.
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INTRODUCTION
Urbanization is one of the main contributors to 

land-use change and contributes to an increase in the 
occurrence of malaria (Tatem et al., 2013). It builds 
a suitable environment for mosquito breeding, thus 
inducing higher malaria occurrence. The hidden place 
that will be removed from mosquitoes’ breeding 
habitats (Tucker et al., 2017) will lead them to travel 
to the nearest residential area, thus increase the 
transmission. Apart from that, man-made activities 
which have converted land for agriculture, such as 
oil palm plantations, logging, or mining (WWF, 2020), 
will alter the ecological balance and suitable climatic 
conditions for breeding, thus transmitting malaria 
(Baeza et al., 2017). The population changes will 
increase malaria transmission as it increases the rate 
of spreading cases from one region to another due 
to higher contact between humans and mosquitoes 
(Martens and Hall, 2000). Mosquitoes’ larval 
abundance and survival rates are affected by land-
use change such as reducing the canopy of forest 
cover, increasing the availability of open and sunlit 
habitats and crop activity that will provide higher 
breeding ground (Yadav et al., 2014). The larval 
habitat that has altered makes the larval survivorship 
increased by accelerating their development rate or 
increasing larval pupation rate, and adult emergence 
rate (Brown et al., 2018). Deforestation and land 
clearance will change the climate effect by increasing 
the temperature that will also increase the malaria 
vector reproductive rate. Blood meal digestion 
rates have been found directly proportional to the 
surrounding temperature. Weather conditions 
during rainy weather with a lower temperature 
will slow the blood meal digestion compared to 
warmer temperatures (Mawili-Mboumba et al., 
2013). The temperature will affect the gonotrophic 
cycle length with the time between a blood meal 
and oviposition (Bousema and Drakeley, 2011). In 
the adult stage, an increase in ambient temperature 
will accelerate the digestion of blood meals (Babaie 
et al., 2018). Increased biting frequency and faster 
blood meal digestion also mean increased fecundity 
and reproductive fitness (Lowassa et al., 2012). 
For rainfall amount, it will influence the habitat of 
mosquitoes breeding, and humidity will control 
their activities and life duration (Le et al., 2019). 
During rainy seasons, it is attributed to lower larval 
density due to the flush effect by washing eggs and 

larvae from the habitat (CDC, 2018). However, some 
findings show rainfall coincided with the abundance 
of adult mosquitoes due to a habitat rich with food 
resources and nutrients (Kweka et al. 2016; Mukhtar 
et al., 2019). Lower humidity in houses coincided 
with a negative survival rate of malaria mosquitoes, 
and they have a higher net reproductive rate with 
higher fecundity (Haque and Basak, 2017). The study 
of land use and land cover (LULC) changes is essential 
for effective natural resource planning, exploitation, 
and management (Pohl, 2014). Traditional methods 
for gathering demographic data, censuses, and 
environmental sample analysis are insufficient for 
multicomplex environmental studies (Rawat and 
Kumar, 2015). Geographic information system (GIS) 
is computer software capable of acquiring, analyzing, 
and presenting geographically related (spatial) LULC 
changes information (Mark and George, 2018). 
Geographic information systems and remote sensing 
have a wide range of applications in agriculture, 
environment, and integrated eco-environmental 
evaluation to assist in development-oriented 
management and decision-making processes 
(Torbick et al., 2016). GIS and satellite remote sensing 
has evolved into a viable tool for developing and 
interpreting global, physical processes impacting the 
environment (Bouzekri et al., 2015). When dealing 
with land-use changes with visualization tools and 
imaging using satellite, it can be more efficient if 
compared to the traditional/conservative application 
of using time series and long-term statistical analysis 
just for looking at the significant changes (Mark and 
George, 2018). Due to the involvement of multiple 
data sets, we used the latest technologies, remote 
sensing, and GIS, to quantify LULC and its impact 
on the emergence of malaria cases. This study is 
useful in assessing relative mosquito abundance by 
above-ground biomass from different land cover 
classifications such as forested land, cropland and oil 
palm conversions. Based on GIS analysis, a targeted 
malaria control strategy was suggested to achieve 
cost-effective measures of malaria on a sustainable 
basis. Sabah’s forest resources have been over-
exploited for the last 30 years and mostly were 
cleared due to oil palm plantation (Toh and Grace, 
2005). Sabah recorded 45% of malaria cases reported 
in Malaysia from 2010 to 2014 (Ramdzan et al., 2020). 
However, the major causes of spatial differences in 
vector distribution and abundance in this region with 
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heterogeneous environments with various changes in 
land use and land cover have never been investigated, 
mainly using satellite imagery by GIS and remote 
sensing. Therefore, this study aimed to determine 
the presence and magnitude of malaria transmission 
related to the land use and cover change in North 
Borneo of Sabah, Malaysia, from 2005 to 2019.

MATERIALS AND METHODS
Description of the study area and context

The study area in this study was focused on the 
North Borneo of Sabah. The locations involved in 
this study, Ranau, Tambunan, Keningau and Tenom, 
were coincidentally designated as study sites. One 
of the reasons these highland districts were chosen 
for the study was the large increase in malaria cases 
recorded in these areas. Highland area had reported 
experiencing a surge in the number of malaria cases, 
and the spatial-temporal patterns in the different 
mountainous regions have yet and seldom focused 
in this area (WHO, 2014). The total land area of the 
study area is approximately 10267 kilometers square 
(Ranau 2978 km2; Tambunan 1347 km2; Keningau 

3533 km2; Tenom 2409 km2). Fig. 1 shows the 
geographic location of the study area in the highland 
districts of Sabah, Malaysia.

Besides the climate factor, land use has many 
effects on disease transmission and occurrence. The 
Sabah’s land use and land cover (LULC) map that the 
public can obtain is only updated to 2008 (MAMPU, 
2018). Lack of up-to-date data is hard to implement 
better planning and management on land. In this 
study, an updated land use map of selected districts 
in Sabah was produced for a specific study period 
of 2005, 2010, 2015, and 2019. The LULC maps are 
required to provide information on which activities 
have been done from the past then compare them to 
the present and how they affected the environment. 
It is also helpful for assessing land cover change 
of origin and occupied areas in each period. The 
information can be used to evaluate the relationship 
between land use type changes and the occurrence 
of malaria in a specific region. The multi-temporal 
satellite image was acquired from Moderate 
Resolution Imaging Spectroradiometer (MODIS) 
satellite, and Geographic Information System (GIS) 

 

Fig. 1: Geographic location of the study area in selected districts of Sabah, Malaysia with a red line indicated the 
boundary of each district which the study was conducted 

   

Fig. 1: Geographic location of the study area in selected districts of Sabah, Malaysia with a red line indicated the boundary of each district 
which the study was conducted
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software was employed to generate the land cover 
map for highland districts of Sabah for the years 
2005, 2010, 2015, and 2019 for malaria cases data in 
selected districts of Sabah.

Land cover change data and accuracy assessment
Multi-temporal satellite image of the study area 

was acquired from the United States Geological 
Survey (USGS) (USGS, 2020). The 14 years range 
time frame of the satellite image was obtained from 
MCD12Q1 Version 6 with 500 m spatial resolution. 
The year of satellite image selected is from 2005 as 
a starting point of widespread malaria after 2004, 
with a five-year interval period. The year 2019 will 
represent the latest changes that can be observed 
in the study area. Moderate Resolution Imaging 
Spectroradiometer (MODIS) images have a low spatial 
resolution (500 m), yet it has a higher observation 
frequency (Miuse and Kamlun, 2019). MODIS images 
were chosen for this study over Landsat images 
(higher spatial resolution) because the study area is 
highland, where the cloud will always be prevalent. 
All satellite images obtained from MCD12Q1 Version 
6 were cloud-free images. Land cover is classified 
based on the International Geosphere-Biosphere 
Program (IGBP) classification scheme, consisting of 
17 classes. In this study, the 17 classes from the IGBP 
classification scheme were simplified into 4 main 
classes, forests, oil palm, croplands, and urban. The 
accuracy assessment in the land cover classified map 
indicated the accuracy level of the study comparison 
of a classified map and ground truth data (Kamlun 
et al., 2016). Ground truthing data was chosen to 
conduct field inspection, and the random points 
were generated from ArcGIS software (ArcMap 10.8). 
The point’s data was then transferred into KML file 
type to refer on Google Earth Pro in the specific study 
period of 2005, 2010, 2015, and 2019. The steps of 
this accuracy assessment involve stratified random 
sampling, which proceeds on the defined land cover 
classes. In this study, 50 random points were assigned 
for the forest and oil palm areas, respectively (study 
area main focus), and 20 random points were 
assigned for cropland and urban areas. The land 
cover change classification accuracy was evaluated 
by calculation on error matrix that includes user’s 
accuracy, producer’s accuracy, overall accuracy, and 
Kappa coefficient. Kappa coefficient is a statistical 
measure that can be used to validate the generated 

map. It is also an accuracy assessment that has been 
widely used by the study on remote sensing field 
(Phua and Tsuyuki, 2004). Kappa statistics can help 
determine how closely the occurrences are classified 
by matching the data labelled as ground truth with 
the random classified data by estimated accuracy. This 
study conducted post-classification change detection 
for land cover changes analysis on each class. Change 
detection is a process to determine the changes in the 
state of something by observing it from time to time 
(Alawamy et al., 2020). The advantages of applying 
change detection in post-classification include 
minimization of atmospheric or environmental 
differences between maps, thus more information 
provided from matrix table of land cover changes, and 
a better evaluation of the change rates (Ukor et al., 
2016). Calculation of change for each land cover class 
includes the magnitude of change (the difference 
between years), percentage of change (magnitude 
of change divided by the initial year and multiplied 
by 100%), and the annual rate of percentage change 
(magnitude of change divide by the initial year times 
number of years of the period and multiply with 
100%) (Alawamy et al., 2020). The changes in the 
land cover area of each highland district from 2005 to 
2019 are shown in the land cover conversion map and 
tabulated in a cross table to analyse the ‘from-to’ of 
each land cover class. Thematic map involved in this 
study is the land cover classification, which are forest, 
cropland, and oil palm, to assess land cover changes 
by above-ground biomass, and based on malaria 
incidence rates category of risk, with remote sensed 
data and topo sheets of 1:50,000 and 1:125,000 in 
preparing the thematic maps. Digitized overlaid maps 
were subjected to computer analysis using ARC/INFO 
3.1 software.

Malaria transmission cases and data analyses
The malaria cases data in Sabah were obtained 

from the Malaysian Ministry of Health. Malaria cases 
have shown increased from the year 2005 in the 
highland district, data from the year 2005 to 2015 
was chosen to make a comparison by an interval of 
5 years range (2005, 2010, and 2015), whereas 2019 
was chosen as MODIS image only available latest in 
this year. Data analysis was conducted to show the 
spatial movement of malaria transmission in study 
areas from 2005 to 2019. The incidence rate of 
malaria in each selected district will be calculated 
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based on the population from each district according 
to the Malaysian Census. The annual population 
of the district was estimated based on the 2000 
Malaysian Census, 2010 Malaysian Census and open 
population data from the Department of Statistics 
Malaysia. The annual incidence rate of malaria was 
calculated using the number of malaria cases per year 
divided by the annual population data for each district 
and multiplied by 1000. A map of malaria incidence 
rate per 1000 population annually for each district 
was generated using ArcMap 10.8. Data acquired 
from the Malaysian Ministry of Health was used to 
analyse the peak occurrence of malaria disease and 
combine it with the land cover to determine the 
transmission factor. The malaria incidence rate per 
1000 persons and the land cover changes data were 
used to analyse the cumulative changes from 2005 
to 2019. Only land cover of the forest, oil palm, and 
cropland were chosen for the analysis because urban 
had no significant effect or changes during the study 
period. Pearson’s correlation and Multiple Linear 
Regression analyses were carried out to determine 
the relationship between annual land cover changes 
and malaria incidence rate per 1000 persons in the 
study area yearly from 2005 to 2019. This analysis 
is important to reveal the susceptibility of malaria 
cases towards the land cover changes (Franzese and 
Iuliano, 2019).

RESULTS AND DISCUSSION
Spatial distribution of malaria in highland districts

Fig. 2 shows the trend of incidence rate per 1000 
persons for the four selected districts. From 2005 it 
was recorded at 3.26 to 6.98 incidence in 2019 with 
an increment of 149.64%. Overall findings show 
that the malaria incidence rate is highest at Ranau 
district at 2.67 incident rate and 40.56% compared 
to the other districts percentage. The second-highest 
recorded at 2.26 for Tenom district (17.95%), followed 
by Tambunan (31.78%) at 1.20 and the least Keningau 
district (9.71%) at 0.83 incident rate during 2005 until 
2019. However, by annual rate, Tenom recorded the 
highest increment with 946.67%, followed by Ranau 
155.46%, then Tambunan 79.31%, and Keningau 
36.46% of increased for the 14-years. Apart from that, 
the malaria incidence rate has dropped significantly 
from 2009 until 2011, recorded at 6.87 (-9.42%, 
2009), 5.11 (-29.64%, 2010) and 4.39 (-40.12%, 2011) 
from 7.84 incident rate and decreased during the 
year 2015 to 2016 at 4.23 (43.64%, 2015) and 2.91 
(-58.96%, 2016) from 7.19 incidence rate for all of the 
districts. For temporal distributions, the findings show 
that 2017 recorded the highest malaria transmission 
rate at 10.33, followed by 2018 at 9.03 incident rate, 
and thirdly in 2008, recorded at 7.84. 

The incidence rate of malaria for each district 
was found highly variable from the year 2005 to 

 
 
 
 
 
 
 
 
 
 
 
 

Fig. 2: Malaria incidence rate/1000 persons for highland 
 

 
 

 
 

 
Fig. 2: Malaria incidence rate/1000 persons for study areas 
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2019, and the range of incidence rate was found 
from 0.29/1000 persons to 4.09/1000 persons. Fig. 3 
shows the malaria incidence rate per 1000 persons in 
each highland district (Ranau, Tambunan, Keningau, 
Tenom) in 2005, 2010, 2015, and 2019. 

The level of malaria incidence rate was classified 
as low (0 – 1.0), moderate (1.1 – 2.0), and high (2.1 
– 3.0). In 2005, only the Ranau district showed a 
moderate incidence rate, whereas the other three 
districts were under a low incidence rate. In the year 
2010, the malaria incidence rate of Ranau district 
increased to a high level, whereas the other three 
districts remained at a low-level incidence rate. In 
2015, the malaria incidence rate of Tenom district 
increased to a moderate level together with Ranau 
district (decreased from a high level), and the other 
two districts remained a low level of malaria incidence 
rate. In 2019, only Keningau district remained a low 
malaria incidence rate where Tambunan district 
increased to a moderate level of incidence rate, 

Ranau district, and Tenom district increased to a high 
level of malaria incidence rate. Overall, the malaria 
incidence rate is decreased in 2015 as the malaria 
cases were reported lesser. Meanwhile, through 
visual observation on distribution maps, the malaria 
incidence rate increased from 2005 to 2010 and 2015 
to 2019. Ranau district has the highest incidence rate, 
followed by Tenom district, Tambunan district, and 
Keningau district. This may be due to the expansion 
of oil palm plantation from forest land cover, which 
mainly occurs nearby Ranau district and Tenom 
district, as observed from the land cover map in the 
following subsection. 

Land cover change in highland districts
The land cover changes in selected districts of 

Sabah (Ranau, Tambunan, Keningau, and Tenom) 
were compared for the years 2005, 2010, 2015, and 
2019. The land cover map was generated consisting 
of four primary spatial information: forest, oil palm,  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Fig. 3: Spatial distribution of malaria incidence rate per 1000 persons in each selected district of Sabah 

   

Fig. 3: Spatial distribution of malaria incidence rate per 1000 persons in each selected district of Sabah
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cropland, and urban for this study. Fig. 4 shows the 
land cover classification map of highland districts in 
the years 2005 (a), 2010 (b), 2015 (c), and 2019 (d). 

From the observation of the maps, the forest 
was found to predominate the land cover type 
followed by oil palm, cropland, and urban. A visual 
comparison of the land cover maps from 2005 to 
2015 revealed that the forest coverage on the land 
cover map decreased significantly, and oil palm 
coverage increased significantly. However, from 2015 
to 2019, forest coverage had been slightly increased. 
Forest class had the most extensive coverage area 
with 7958 km2 (76.73%), followed by oil palm with 
2134 km2 (20.57%), cropland with 271 km2 (2.61%), 
and urban with 9 km2 (0.09%) in 2005; and 2010 with 
7512 km2 (72.13%), followed by oil palm with 2633 
km2 (25.39%), cropland with 217 km2 (2.09%), and 

urban with 9 km2 (0.09%). In the year 2015, the most 
extensive coverage of land cover class in the study area 
was also forest with 7076 km2 (70.76%), followed by 
oil palm with 3035 km2 (29.26%), cropland with 252 
km2 (2.43%), and urban with 9 km2 (0.09%). However, 
the lowest coverage of forest investigated in 2015 
may be related to the occurrence of an earthquake 
at Ranau district, Sabah. In the year 2019, forest class 
remained the most extensive coverage in the study 
area with 7291 km2 (70.30%), followed by oil palm 
with 2846 km2 (27.44%), cropland 226 km2 (2.18%), 
and urban 9 km2 (0.09%). The overall classification 
accuracies for the generated highland district map 
images are recorded at the range of 86% to 100% 
accuracy with kappa coefficients value of 0.78 to 
0.83. Fig. 5 shows the changes for each land cover 
type in study areas during the study period. In the 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 

 
 
 
 
 
 

 
Fig. 4: Land cover map of each district for the year (a) 2005; (b) 2010; (c) 2015; and (d) 2019 
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(c) 

Fig. 4: Land cover map of each district for the year (a) 2005; (b) 2010; (c) 2015; and (d) 2019
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14 years, forest coverage showed a drastic decline. 
Between years 2005 – 2010 and years 2010 – 2015, 
forest area showed extreme losses by 446 km2 and 
436 km2, while between years 2015 – 2019 showed a 
moderate increase in area by 215 km2. 

This may be due to the implementation of the 
land usage policy by the Sabah state government 
on the restoration of degraded forests (Jaafar et al., 
2020). Between years 2005 – 2010 and years 2010 
– 2015, the oil palm area showed a drastic increase 
by 499 km2 and 402 km2, whereas between the years 
2015 – 2019 showed a moderate decline by 189 km2. 
The decline of oil palm plantations was associated 
with the Crude Palm Oil prices, which were relatively 
low in that period (CPO, 2019). Also, the efforts of 
NGOs and some journalists may have impacts on the 
implementation of constrained plantation expansion 
by the government (Gaveau et al., 2018). Cropland 
area showed slightly decreased between years 2005 
– 2010 and years 2015 – 2019 by 54 km2 and 26 

km2 respectively but increased somewhat between 
years 2010 – 2015 by 35 km2. The slight increase in 
cropland area from 2010 to 2015 may be due to the 
Sabah earthquake in Ranau district, which induced 
barren land coverage (Miuse and Kamlun, 2019). 
However, the urban area does not change from 
2005 to 2019. The area changes indicated that most 
forest reduction was related to expanding of oil palm 
plantations. Over time, the cover type of land was 
changed due to various anthropogenic activities such 
as plantation, agriculture, construction, and more to 
overcome human demands and population growth 
(Kweka et al., 2016). A recent study by Miuse and 
Kamlun (2019) indicated that the land cover changes 
of highland districts of Sabah were related to both 
natural and anthropogenic factors, as the protected 
forest area also found drastic losses in the study 
period. Table 1 shows the total area changes and 
annual change rate from 2005 to 2019. 

Overall, cropland area had found dramatically 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 5: Land cover change trends of study areas during the study period 
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Table 1: Land cover change from the year 2005 to 2019 
 

 
 
 
 
 
   
   

Land Cover Classes 
2005  2019  Area change  Annual change rate 

Area (km2)  Area (km2)  km2  %  km2/year  % 

Forest  7958  7291  ‐667  ‐8.38  ‐47.64  ‐0.60 

Oil Palm  2134  2846  712  33.36  50.86  2.38 

Cropland  271  226  ‐45  ‐16.61  ‐3.21  ‐1.19 

Urban  9  9  0  0  0  0 

Table 1: Land cover change from the year 2005 to 2019
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decreased in 16.61% with 45 km2, and the annual 
rate of change was -3.21 km2/year (1.19%). Forest 
area also dropped in extensive coverage with 667 
km2, but lower in percentage (8.38%), and the 
annual rate of change was -47.64 km2/year (0.60%). 
A recent study by Jaafar et al. (2020) indicated that 
a large percentage of oil palm cover was on the 
agricultural land compared to the forest in Sabah 
from 1990 to 2018. This can be explained due to the 
implementation of the land usage policy by the Sabah 
state government, which restricted the cultivation 
of oil palm in specific designated agricultural land. 
The oil palm area had drastically inclined between 

the years 2005 to 2019 with 712 km2 (33.36%) in a 
total of study areas, and the annual rate of change 
was 50.86 km2/year (2.38%). This result indicated 
that the oil palm plantation had expanded rapidly in 
highland areas of Sabah specifically between these 
periods. However, this study does not significantly 
change urban areas due to MODIS images with low 
spatial resolution. Table 2 shows a more detailed 
land cover change rate for each district from 2005 to 
2019. For Ranau and Tambunan district, only forest 
cover decreased in the area where oil palm cover 
and cropland cover gained between the years 2005 
to 2019. For Keningau and Tenom districts, cropland 

 
Table 2: Land cover change for each district from the year 2005 to 2019 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

   
   

Land Cover Classes 
2005  2019  Area change  Annual change rate 

Area (km2)  Area (km2)  km2  %  km2/year  % 

    Ranau district 

Forest  2515  2353  ‐162  ‐6.44  ‐11.57  ‐0.46 

Oil Palm  421  569  148  35.15  10.57  2.51 

Cropland  20  34  14  70.00  1.00  5.00 

Urban  1  1  0  0  0  0 

  Tambunan District   

Forest  1366  1295  ‐71  ‐5.20  ‐5.07  ‐0.37 

Oil Palm  121  190  69  57.02  4.93  4.07 

Cropland  8  10  2  25.00  0.14  1.79 

Urban  0  0  0  0  0  0 

                                                                        Keningau District 

Forest  2143  1785  ‐358  ‐16.71  ‐25.57  ‐1.19 

Oil Palm  1309  1713  404  30.86  28.86  2.20 

Cropland  195  149  ‐46  ‐23.59  ‐3.29  ‐1.68 

Urban  6  6  0  0  0  0 

      Tenom District 

Forest  1934  1858  ‐76  ‐3.93  ‐5.43  ‐0.28 

Oil Palm  283  374  91  32.16  6.50  2.30 

Cropland  49  35  ‐14  ‐28.57  ‐1.00  ‐2.04 

Urban  2  2  0  0  0  0 

Table 2: Land cover change for each district from the year 2005 to 2019
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cover was found mainly loss, followed by forest cover 
where oil palm cover gained between years 2005 to 
2019. A generated land cover conversion map from 
the change detection analysis from 2005 to 2019 is 
shown in Fig. 6. The land cover classes have their 
gain, loss, and unchanged area between these 14 
years. From the visual observation on the map, the 
most apparent conversion occurred was forest cover 
to oil palm cover (pink color), followed by cropland 
cover converted to oil palm cover (blue color), and 
oil palm converted to the forest (orange color). The 
conversion of mostly land-use class to oil palm was 
due to fulfilling the growing demand of the oil palm 
industry (Wicke et al., 2011). Besides, the Sabah state 
government also implemented a specific land usage 

policy to restore degraded forests to overcome oil 
palm cultivation and reduce environmental impacts 
(Jaafar et al., 2020). The total area of land cover 
conversion ‘from-to’ for each class between the years 
2005 to 2019 would be determined in the cross-
tabulation matrix.

Table 3 shows the cross-tabulation of land 
cover class ‘from-to’ between 2005 and 2019. The 
cross-tabulation of land cover conversion analysis 
consists of rows representing land cover in 2005 
and columns representing land cover in 2019. The 
highlighted diagonal value in Table 3 represented 
each class’s unchanged area from 2005 to 2019. 
Readings according to rows show the land cover 
area loss from 2005 to 2019, and the readings 

 

 

Fig. 6: Land cover conversion of study areas from the year 2005 to 2019 

 

Fig. 6: Land cover conversion of study areas from the year 2005 to 2019

 
 
 
 
Table 3: Cross‐tabulation of land cover change between the year 2005 to 2019 
 
 

 
 
 
 
 
   
   

Land cover  
class area (km2) 

2019 
Forest  Oil palm  Cropland  Urban  Grand total 

20
05

 

Forest  7002.60  916.59 39.07 0 7958.26
Oil Palm  261.02  1810.65  61.61  0.64  2133.92 
Cropland  27.26  118.28  125.79  0  271.33 
Urban  0  0  0  8.80  8.80 
Grand total  7290.88  2845.52 226.46 9.44 10372.31

Table 3: Cross-tabulation of land cover change between the year 2005 to 2019
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according to columns show the land cover area gain 
of the year 2019 from 2015. Out of the 7958.26 
km2 of forest area coverage in 2005, 7002.60 km2 
remained unchanged in 2019, while 916.59 km2 and 
39.07 km2 were converted to oil palm and cropland, 
respectively. Also, some forest areas increase from 
oil palm (261.02 km2) and cropland (27.26 km2) from 
2005 to 2019. Oil palm area out of 2845.52 km2 in 
2019 gained mainly from the forest as mentioned 
before, and cropland gained 118.18 km2 in 2005. Oil 
palm area from 2005 remains unchanged to 2019 at 
1810.65 km2. Out of 271.33 km2 of cropland area in 
2005, 125.79 km2 remained unchanged in 2019. The 
cropland area gained in 2019 from oil palm at 61.61 
km2. Out of the 9.44 km2 urban class in 2019, 8.80 
km2 remained unchanged from the year 2005. Only 
a minimal area from the oil palm class (0.64 km2) in 
2005 was converted to urban in 2019.

Land cover change effects on malaria occurrences
Statistical analysis was performed on the 

cumulative annual land cover changes and annual 
malaria incidence rate per 1000 persons of the study 
area. Table 4 shows the correlation of land cover 
changes and malaria incidence in study areas of Sabah. 
Interpretation of analysis focused on each land cover 
type change and the malaria incidence rate. Where 
r = -0.135 shows a weak negative correlation for the 
forest, r = 0.144 shows a weak positive correlation for 
the oil palm, and r = -0.219 shows a weak negative 
correlation for the cropland.

The correlation performed between forest area 
changes and malaria incidence showed a weak 
negative result indicating there was a possibility 
that the more significant the forest change (forest 
loss) it will cause the higher malaria incidence rate. 
The result was consistent with previous studies in 
African highlands where deforestation was the main 
factor that promoted the vector population growth 
and survival rate that caused the high occurrence 

of malaria, mainly in the deforested area (Kweka et 
al., 2016; Tuno et al., 2005), which indicated that 
forest area changes might have indirect impacts on 
the malaria cases in highland districts of Sabah. The 
correlation performed between oil palm area changes 
and malaria incidence showed a weak positive result, 
indicating that there was a possibility as the more 
significant the oil palm change (oil palm gain), the 
higher the malaria incidence rate reported. From 
the result of land cover change presented before, 
most of the deforestation area in the highland of 
Sabah was due to conversion to oil palm plantation. 
A recent study by Yusof and Rusli (2018) reported 
that 24.2% of the land-use area of Sabah converted 
to oil palm plantation in the year 2000 to 2016 was 
due to the increase of oil palm industry demand. For 
the cropland area changes and malaria incidence, 
the correlation performed showed a weak negative 
result, which indicated there was a possibility that the 
more significant the cropland area change (cropland 
loss), the malaria incidence rate would be higher. An 
interesting study found that cropland activity was 
positively associated with malaria prevalence but 
only with a specific condition (fire-fallow cultivation), 
not including deforestation (Vittor et al., 2009). 
Therefore, the changes of cropland area to oil palm 
area in the study areas of Sabah were probably 
through deforestation. Multiple linear regression 
analysis was used to define the association between 
land cover changes (forest, oil palm, and cropland) 
and malaria incidence in highland districts of Sabah. 
Table 5 shows the relationship between land cover 
changes and malaria incidence in the study area. 
The regression statistics adjusted R square showed a 
negative value (-0.183), which indicated insignificance 
on independent variables. The same goes for 
evaluating the ANOVA table, which showed the same 
results. The significance of F > 0.05 concluded that 
this model is not a significantly good fit. Also, since 
all of the p-value > 0.05, a large p-value represented 

 
 
 
 
 
 
 
  Table 4: Correlation of land cover changes and malaria incidence rate in selected districts of Sabah 
   
   

Coefficient (r)  Forest  Oil palm  Cropland  Malaria incidence 

Forest  1   

Oil Palm  ‐0.999  1   

Cropland  0.102  ‐0.146  1   

Malaria incidence  ‐0.135  0.144  ‐0.219  1 

Table 4: Correlation of land cover changes and malaria incidence rate in selected districts of Sabah
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Table 5: Regression analysis of land cover changes and malaria incidence rate

insignificantly, indicating that the land cover changes 
have no significance associated with the malaria 
incidence.

Therefore, land cover changes did not significantly 
associate with the malaria incidence rate in selected 
districts of Sabah. This work’s efforts to do the 
statistical analysis for correlation and regression can 
still be the framework and guidance for assessing 
the relationship of malaria transmission cases 
related to land use and cover change. Both analyses 
show no significance and weak relationships are 
believed due to the sample number of cases that 
are relatively low for a time series type of analysis. 
The study only depends on the limited data given by 
the Health Ministry of Malaysia, which only involved 
the total average by yearly cases that may affect the 
significant and relative comparison for the statistical 
analysis. Nevertheless, still with the added value of 
using GIS and remote sensing application onto the 
imaging map produced from this study, it could help 
to show how significant increased and decreased of 
the malaria cases only by viewing the maps based 
on the targeted area, rather than depending 100% 
on the statistical analysis for time series. Anyhow, 
this result was acceptable by referring to Singkong 
and Aralas (2017) study, which found that land cover 
changes significantly explained the malaria cases 
but not malaria incidences in Malaysia. Overall, land 
cover changes weakly correlate with the malaria 
incidences, as they may not be directly impacted. 

Many other factors, such as vector population, 
growth rate, survival rate, or temperature rise, 
show more significant direct effects toward malaria 
incidences that not been covered by this study; 
and in this research, only the land cover changes 
were the main drivers for promoting those factors 
(Kweka et al., 2016). Moreover, an overview study 
in Africa concluded that land cover change effects 
on malaria transmission were regionally unique 
according to the vector distribution and adaptation 
preference. According to the vector species in this 
case study, a specific analysis will better understand 
the relationship between land cover change and 
malaria transmission. This research application 
can be a tool that is easy to interpret by visualizing 
the transmission cases and contributes to a more 
interactive and visualization instrument by GIS 
mapping and remote sensing simulation. Thus, 
it can ultimately support policymaking to target 
the general condition of whether the disease is 
hazardous or not. This research is novel based on 
the application of GIS as a visualization instrument 
to map the malaria cases associated with the land 
use/cover type. By this study, we also utilize fewer 
malaria cases data by getting the absolute mean 
average, which is the same thing that will be used at 
the end of the long-term analysis, as the components 
of variation (trend, seasonality and the remainder) 
(Archer et al., 2017). It also fits to be applied for the 
extreme event (extreme data) when it reoccurs at 

 
Table 5: Regression analysis of land cover changes and malaria incidence rate  

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Regression Statistics 
Multiple R  0.300 
R square  0.090 
Adjusted R Square  ‐0.183 
Standard Error  2.239 
Observations  14 
ANOVA  df  SS  MS  F  Significance F 
Regression  3  4.973  1.658  0.331  0.803 
Residual  10  50.120  5.012   
Total  13  55.093   
 Variable  Coefficients  SE  t Stat  P‐value 
Intercept  4.326  2.187  1.978  0.076 
Forest  0.682  1.198  0.570  0.582 
Oil Palm  0.682  1.196  0.570  0.581 
Cropland  0.626  1.161  0.539  0.602 
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the specific period of time and the specific period 
of that transmission peak (Rani et al., 2018). The 
absence of data set and the problem of accessibility 
to this kind of database for some countries makes 
it even more difficult to do the long-term analyses 
that normally will involve lots of databases and 
extensive work that is complex in technicality 
and interpretations for the final findings. These 
obstacles and limitations create a research gap in 
environmental science and health that often will 
stop other researchers from continuing the long-
term analysis due to the incomplete dataset for the 
analysis, which they forget this type of limited data 
set can be very important to extract the information 
from it. By this research, instead of using a huge 
number of the database for the time series and 
long-term analysis, the absolute average of the 
mean yearly from any existing data could be used, 
which will give the same results as the traditional 
method (Lang et al., 2019). Hence, this research was 
performed to maximize the usage of GIS and remote 
sensing mapping by filling up the gap in the efforts 
to simplify the methodology to be more practical 
and functional by targeting the specific event at 
the exact period of time, in order to overcome data 
limitations and deem to maximizing the efficiency 
of the malaria diseases control and management. 
However, in a different context, it is recommended 
that future research include all the other factors 
together in the analysis, especially for climate effect 
analysis integrated with the malaria transmission for 
a better significance of findings. In addition, number 
sets of data probably are required just for getting 
a more reliable of difference and relationship 
significantly for the statistical analysis. Comparison 
for the selected study areas located at the highlands 
with the lower lands for the malaria transmission 
cases is also important for future research to analyze 
the emergence of highland malaria transmission. 
By this, it can detect the affected by the climate-
driven or non-climate factor such as the topography 
factor in the different altitudinal zone to minimize 
the transmission so that more robust and effective 
management can be conducted for public health.

CONCLUSION 
In conclusion, the malaria incidence rate for 

each district was found highly viable from 2005 to 

2019, ranging from 0.29/1000 persons to 4.09/1000 
persons. In 2019, Ranau and Tenom districts had a 
high malaria incidence rate compared to previous 
years. Overall, the malaria incidence rate shows an 
increment from 2005 to 2019, increasing 149.64%. 
Through visual observation on distribution maps 
produced, the malaria incidence rate shows the 
increment from 2005 to 2010 and the year 2015 
to 2019, and Ranau district still showing in the 
transmission map the highest distribution of malaria 
among the other districts of Sabah during the final 
year of 2019. This is believed due to the expansion 
of 33.6 % oil palm plantation with an annual rate 
of 2.38 %, which mainly occurs near Ranau and 
Tenom district as observed from the land cover 
map. Overall, cropland area had found dramatically 
decreased in 16.61% with an annual rate of change 
at 1.19%. Forest area also dropped in extensive 
coverage 8.38%, with an annual change rate of 
0.60%. The correlation result showed a significant 
relationship but rather weak between land cover 
changes and malaria incidence in highland districts 
of Sabah. Somehow, regression results showed an 
insignificantly associated for independent variables 
(land cover changes of forest, oil palm, and cropland) 
towards the dependent variable (malaria incidence 
rate/1000 persons). In addition, the land cover 
change of forest to oil palm class was significant, 
yet there was no causality relationship with regards 
to the malaria incidence. More factors need to be 
investigated, including climatic (rainfall density, 
land surface temperature, or humidity) and non-
climatic (vectors population or human movement) 
to understand malaria transmission better. 
Improvement of these data and analysis tools was 
helpful to develop the policies and implementation 
methods for malaria control and future vector-
borne disease prevention. Nevertheless, the study 
can be the blueprint and guideline framework to 
analyse the emergence of malaria transmission so 
that a more pragmatic and dynamic health control 
program can be conducted.
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