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Abstract. 
highest and 1 represents the lowest malaria 
area. The Analytic Hierarchy Process (AHPE 
used to determine the relative importance weigh 

Malaria is a vector-borne disease (VBD) that has 

become a significant public health challenge in 

Nigeria. Despite the launch of an initiative like the 

Roll Back Malaria, which was aimed at halving the 

morbidity and mortality rate in Nigeria, there 

appears to have been not much success recorded. 

The purpose of this study is to identify areas of 

malaria risk and vulnerability, to effectively 
mitigate the consequence. To achieve this,GIS- 
based spatial modelling techniques was applied, 
taking into account factors such as climate 
(temperature and rainfall), land use/land cover, 
and topographic factors (elevation, slope and 

topographic wetness index (TWI) of the study 
area. A 30m digital elevation model (DEM) was 

utilized and obtained from the shuttle radar 

of the malaria risk criteria. The final malarna nik 

classes were combined using the weighted sum 

Overlay method to produce the final vulnerability 

map. The spatial distribution of the malaria riskn 

the study was homogenous. The result shos thar 

12.7% (3110.04ha) of the area was at low TSk at 

malaria, while 87.3% (21316.30ha) of the area 

at high risk of malaria. An assessment was done 

the map produced to evaluate the accuracy0 

malaria vulnerability map produced compuco 

aata on malaria cases 
collected from secO 

ar 

ared to 

ma 

health centres within the study area. whICn 

topographic mission (SRTM), Landsat 8 image 
from the United States geological survey, Climate 
data from the World climate.org platform, and the 
data from reported Malaria cases from the 
secondary health care centres. Standardized and 
reclassified criteria was used for the malaria risks 

produced passed the accuracy assessnc y W 

mplies that the map is reliable. The s 
ing 

assist in more informed decision mas 

policymaking in terms of planning 1 

intervention and control measures. 
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mapping at a score range of 1 to 4, where 4 is the 

1.0 INTRODUCTION 

Malaria is a potentially deadly disease characterized by cyclical bOu stiffness, shaking and sweating (WHO, 2000). Macleod (1986), ed fema parasitic disease transmitted to humans through the bites of an bad) an mosquito. The name "malaria" is derived from the Italian woru arose ongnally because the citizens of Rome thought that ui breathing the bad air of the Pontine Marshes (Garnham, 1 malana as a communicable disease as a result of the presen genus Plasmodium (P. falciparum, P. malariac, P. ovale ot * 
cells. Malaria is one of the foremost prevalent diseases in wOrid s population lives in malarious areas (WHO, 2000; OK uith 
2006). It was estimated that clinical cases exceed 15U * 
million deaths annually, most of these victims being imia 
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90% of all malaria deaths in the world today happen in Africa. This is because the majority of intections are caused by Plasmodium falciparum, the most dangerous of the four malaria parasites and its very effective (malaria) vector(WHO, 2000). In Nigeria, about ninety thousand (90,000) people die annually as a result of malaria infection (WHO, 2020). It was estimated that II percent of maternal mortality, 25 percent of intant mortality, and 30 percent of under-5 mortality were as a result of malara infection. The disease exertsa severe social and economic burden on the nation, retarding the Gross Domestic Product (GDP) by 40 percent annually and costing approximately 480 billion naira in out-of-pocket treatments, prevention costs, and loss of man-hours (Federal Ministry of Health (FMoH) and National Malaria Elimination Programme |[NMEPJ 2014). Despite various malaria intervention strategies and control programmes by WHO, UNICEF, and the governments of several countries, malaria continues to be the most 
infectious and prevalent disease in Africa. 

Since malaria is a complex disease due to its multiple interactions among parasites, vectors, human hosts, and the environment, it is important to study and model these factors 

together to reduce malaria risk on human health and their impact on the economy (FMoH, 
2009). Climatic and topographic factors, particularly rainfall, temperature, altitude, slope, 
and Topographic Wetness Index (TWI) are known to have a strong influence on the biology 
of mosquitoes' manifestation, malaria spread and distribution (Afrane, Zhou, Lawson, 
Githeko, & Yan, (2007). GIS and remote sensing can be used to model these variables to 
ascertain the relationship between vector-borne diseases (malaria) and their associated 

environmental determinants/factors thereby, explaining the spatial distribution pattern, 

advisable to develop a dynamic malaria vulnerability mapping for early warning and 
proactive operations in different parts of the country. Normally, the magnitude and 

their possible causes and their implication on the community (WHO, 2010). Hence, it is 

ncidence of malaria cases vary from place to place (FMoH, 2012). It is however, wise to 
Study malaria risk factors at a high spatial resolution for better understanding and to 
ormulate a controlling mechanism to curb and control their spread. 

Earlier studies have been conducted on malaria epidemic distribution in different parts 
Or the country. However, many of the studies did not include all the necessary factors that 

could affect the distribution of malaria. Oluwasogo and Adeyemi (2017), studied "Risk- 

0ased Assessment and Mapping of Malaria Distribution in Rural Kwara State". However, 

ne GIS-based Multi-Criteria Evaluation (MCE) approach was not used in their research. 
methods integrated with MCE decision techniques are effective tools which help to GIS 
ine the weight of multiple environmental and social data to generate optimum dete 

malaria risk maps (Ahmed, 2014). Therefore, malaria susceptibility and manifestation 
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refore, this study aims to map malaria vulnerability and its prevalence by employing a 

areas can be gen enerated easily for possible intervention work (Rai, Nathawat & Rai (2013). 

GIS-based ultl-criteria decision modelling approach in the study area 
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2.0 MATERIALS AND METHODS 

2.1 The Study Area llorin South Local Government Area of Kwara State, Nigeria is located between lonoies ude 

4 32' E and 4° 40' E and latitude 8° 19'N and 8° 32' N(F1gure I). It has a landmass of out 

174km and a population of 282,500 (National Population Commission (NPC). 201 
The local government is made up of eleven (11) electoral wards with its headauartero 

Fufu town. 
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Figure 1: Study Area(llorin-South LocalGovernment Area) 

rua t 

2.2 Data Acquisition and Sources 
Different types of data sets are used for the malaria risk mapping. Repo s were u within the secondary healthcare centres alongside various environmental rature an for this purpose. These are topography (Elevation, slope & TWI), climate te precipitation) and remote sensing (land-use/land-cover & NDVI). One of the most widely used DEM data sources is the elevation athanass SRTM (Coltelli, Fornaro, Franceschetti, Lanari, Migiaccio, Moreit 
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Puglisi, Riccio, & Schwabisch, 1996), but like most other DEM sources, the SRTM data 
requires significant levels of pre-processing to ensure that there are no spurious artefacts in 
the data that would cause problems in later analysis such as pits, spikes and patches of no 
data (Dowding, Kuuskivi, and LI (2004). In the case of the SRTM data, these patches of no data were filled, and then slope, elevation and topographic wetness index (TWI) were 
derived. Precipitation and Temperature maps are derived from Worldclimate. World 
climate is a set of global climate layers (Gridded climate data in GeoTiff format), which is 

used for mapping and spatial modelling. This dataset contains nine climate variables, namely; precipitation, daily mean temperature, monthly average daily minimum 
temperature, monthly average daily maximum temperature, diurnal temperature range, 
vapour pressure, cloud cover, wet day frequency and frost day frequency. Raster Calculator 

in ArcGIS 10.7 was used to get the average of monthly temperature and precipitation variables for this study. Land use/cover.map was utilized to distinguish different features 
on the land surface that are recorded by the Landsat 8 sensor. Optical bands with standard 
false colour combinations of Landsat-8 and TM satellite images were used to determine the 
land-use/land-cover classes within the study area. The land use/cover thematic map was 
generated by stacking band 5, 4 and 3. Composite banding toolset in the data management 
tool of ArcGIS 10.7 software was used to show false colour composite, which was 
classifñied using an unsupervised classification method. 

Table 1: Data and their Sources 

Relevance Format Date Source SN Name 
1. Map of Nigeria, Kwara 

State, lorin South. 
For Demarcation of Study Area Digital 2019 Nigeria Shapefile 

For Elevation& Slope, &TWI of Digital 2014 Shuttle Radar Topographic 2. DEM data (30m) 
the Area Mission 

For Climatic factor maps Digital 2014 World Climate.Org 3. Temperature and Rainfall 
4 Landsat 8 imagery Digital 2020 USGS (United State Geological For land use/cover &NDVI of the 

area. Surveys) explorer.home 

GPS Coordinates of Secon- igital2019 Field book 

5. Malaria data 
Analogue 2019 Secondary healthcare centres For malaria prevalence study 

(questionnaire) 
Gives spatial reference to malaria | 

prevalence dary healthcare centres 

Aurce: ompiled by the Authors 
13 Methods 
Data on te 

el SDaiused to validate the vulnerability map produced. A conceptual model to 

lems was used to create llorin-South malaria vulnerability map. The 

16 
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method involved the following steps: 

Step 1 Step 2 Step 3 Step 4 Step 5 

State the problem Break-down Analytical Hierarchical Analysis Vulnerability Map 
the problem Process 

Figure 2: Methodology Flowchart 

Step 1:Problem Definition 
In this stage, the problem was stated as "Malaria Vulnerability Mapping of Ilorin-South 

Local Government Area." 

Step 2: Breaking down the Problem 
The problem was broken into component malaria risk factors and was classified. The 

rationale for their classification was adapted from studies on malaria risk mapping by 

Chikodzi (2013), Alimi, Fuller, Herrera, Herrera and Qinone (2016) and Hagenlocher and 

Castro(2015). In this stage, the input dataset malaria risk factors were as follows: 

temperature, rainfall, altitude, slope, Topographic Wetness Index (TWI), land-use and 

land-cover (LULC), and Normalized Difference Vegetative Index. 

Temperature 
Step 1 

Problem Climate 

definition Rainfall 

Altitude 
Step 2 

Breaking down the 

problem

Malaria risk 
factors DEM TWI 

(SRTM) 

Reclassification Slope 

of Data 
Data Analysis NDVI 

Remote using AHP 
sensing LULC 

Malaria Vulnerability 

Map lalarna 

F1gure 3: Schematic Representation of the Data Flow and Analysis for Genetd 

Vulnerability Map for Ilorin-South LGA. 117 
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TM Digital Elevation Model/Shuttle Radar Topography Mission, NDVI = Index. LULC = Land-use and land-cover, TWI= 

Difference Vegetative Normalized 

Topographic Wetness Index). 

ong). World climate is a set of global climate layers (gridded climate data in GeoTif amat) that can be used for mapping and spatial modelling. This data set contains nine imate variables, namely precipitation, daily mean temperature, monthly average daily minimum temperature, monthly average daily maximum temperature, diurnal temperature range, vapOur pressure, cloud cover, wet day frequency and frost day frequency. Raster Calculator in ArcGIS 10.7, was used to get the average of monthly 2verage temperature and precipitation variables for this study. The average temperature of the study area ranges between 25°C and 26° C which favours malaria vectors, as the highest proportion of vectors surviving the incubation period is observed at a temperature ranging from 22'C to 28°C.This is ideal for incubation of malaria vectors (Alemu, Abebe, Tsegaye & Lemu, 2011; Gebreslasie, 2015). Rainfall is a key player in malaria occurrence and increased rainfall provides more breeding sites for mosquitoes (Matzarakis, Oguntoke & Adeofun,2011; Nkurunziza, GeDhardt & Pilz,2010). In this study, areas that received rainfall less than 1100mm were as very low risk, those that received rainfall between 1100-1150mm and 1151- 

Precipitation and Temperature map are derived from orld Climate (www.world 

1200mm were classified as low and high risk respectively, while those that received rainfall 

there is a 1'C decrease in temperature for every 200 m increase in altitude (Pagot,1992). In 

Over 1200mm were classified as very high risk. 

aces with high altitud udes, there is a low risk of malaria vector survival while places with 

e can indirectly influence the spread of malaria via its effect on temperature as 

. are high-risk areas that support malaria vector (Kazembe, Hleinschmid, 
Holtz8 
low altitudes are 

lOW ristUn an elevation between 300-350m and 351-400m were classified as high and isk, respectively 

harp,2006). Ar Areas with elevation less than 300m were classified as very high risk 
while 

verylow risk. while areas with an elevation greater than 400m were classified as 

ore like.K IS negatively associated with slope, where breeding sites of vectors are 

Malar 
Asangeni & .e on gentle slopes and planes (Balls, Bodker, Christopher, William, 

Ich was extracted using 
CVe,2004). The slope was derived from the 30m digital elevation model, 

envjngir from0.9%, using the spatial analysis tool from ArcGIS. In this study, areas 
15%, 15-30%, and 30-35%% were classified as very high risk, high iskK, 

respectively (Joao, Sergio, Jorge, & Marco,2018). 
nodel to estimate where water will accumulate in an area With 

W and ver 

low risk respect TWI is a 

lrom3places with high TWI are high-risk malaria areas. In this study, areas 
6-12, 12-16 and 16-22 (radian) were classified as very low risk, low risk, 

enpng, from36,8 

useful mo etion difference, as a his mo 
and K as a high index value indicates a high potential for water accum 

VeCDy, 1979). This model will help to determine potential breeding sites tor 
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high and very high risk respectively. 

Land use and land-cover 1s a component of the criterin used to determine the 
vulnerability map for malaria. 

Dense vegetation and water h determin 
bodies are suitable 

mosquitoes' proliferation. Areas with dense vegetation and water hod 

having a very high risk of malaria, built-up areas were classified ae 
odies were classified as 

for 
fied as having a high risk of 

malaria; while areas with graSs/sparse vegetation and barren land wer ahigh risk 
ified as having 

the low and very low risk of malaria respectively (Chikodzi,2013). Variation of 
photosynthetic productivity of vegetation is strongly associated with variatio O 

nalaria 
the 

transmission as high NDVI 1S relatea to a nign amount of green vegetation cue 

mosquito proliferation. Areas with NDVI values ranging between 0-0.5 were claset 

having high malaria risk while areas witn NDVIbetween 0.6-1.0 were classified as aving 
very high risk(Chikodzi,2013). 

Step 3: Analytical 
Hierarchical Process 

This step involved identifying weight for various malaria risk factors as they do not cqually 

contribute to malaria incidence. For this purpose, the Multi-Criteria Evaluation (MCE) 

technique was performed using Analytic Hierarchy Process (AHP). AHP is simply a wayto 

assign relative weights to various factors by applying pairwise comparisons. The pair-vise 

comparison matrix (PWCM) is a rating of the relative importance of two factors regarding 

the environmental malaria risk determinant. An AHP template worksheet was used to 

establish the relative weight of each input variable (Bernard,2016) 
consistent wit oune 

studies on malaria risk mapping (Joao, et al.,2018). For determining the relative weight of 

risk classes, the PWCM was applied using a scale with values from 1 to 9 introd 

Saaty (1980), while the malaria risk class was ranked on a scale of 1 (very. 

roduced b, 

ry low risk)to 

high risk). As a result of the pairwise comparisons 
and 

evaluation 
process, 

a recip 

particular factor over another in terms of their 
Contribution 

to 
malaria 

risk. Ine. 

each element within the produced reciprocal1 matrix was 
divided by the sum 

matrix was produced, where each element within the matrix represcit 
atrixrepresents 

the 
dominance ofa 

ts colunn. 

Finally, the weight of each factor was calculated by averaginga 
After estimating weights for all considered determinants, a rule of thuni 

across the rows. 1ated 

ue at 

weights was assessed using the Consistency Ratio (CR). 
As a rule of th 

10% (0.1)or less is consideredas acceptableaccoranE 
to 

Mustafa 
et al, ( 

umb, 
a 

CR 
valu 

,(2011). 

.. (1) 

CI=(-n)/(n-1).... 
CR= CI/RI... 

******* 
. (2) 

Where: 
:The average of consistency vector 

CI:Consistency Index 
CR:Consistency Ratio 
RI:Random Index 

trix. 

n:The numbers of criteria or suh-criteria in eaC 

parison matrn 

a n 
each 

pairwise 

compa 
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Tthe final malaria risk Sr4 aria risk classes were analysed using Weighted Sum Overlay in the ArcGIS a he final malaria vulnerability map. The index overlay method was used, within 

Scp4:Pertorming the Analysis 

he ent, by combining all raster layers produced using overlay weighted sum to moduce the final malaria 

ch each of the input maps was allocated a weight and every class and spatial unit existed each factor map; there factor map; therefore, different classes on a single map had different weights and ah riahle map also had its own weight. The final risk map was produced by summing of the input variable maps after each had been multiplied by its overall weight, as ESented in Equation 3. 

S=WisSij 
Wi 

.... (3) Where 
Wi=is the weight of thefth factor map Sij=is the i-th spatial class weight of thej-th map, and; S=is the spatial unit value in the output map. 

(Output Raster) 
Malaria 

Vulnerability Map 

Weighed overlay 

Output Output 
Raster 

Output 
Output 
Raster 

Output Output Output 
Raster 

Raster 
Raster Raster Raster 

Reclassity 

Reclassify 
Reclassify Reclassify Reclassify Reclassify Reclassify 

Altitude 

TWI 
Temperature Rainfall Slope LULC NDVI 

gure 4: Analysis of the Criteria 
Assessing Accuracy of Produced Risk Map 

uates the accuracy of the malaria risk map produced, compared to data on the 
d Cases gotten from the secondary healthcare centres for the year 2019. 

step evaluates 
oned malaria 

.0 RESULTs A 

ae 2 shows AND DISCUSSION 
ans h Comparison matrix of the malaria risk factors used in the study. A value 

ors under comparison have the same weight and that they equally a OCcurrence, whilc a value of four means the factor in the column is four 

at the factors 
ria 

athe mala 
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times more important in malaria risk OCcurrence than the comparison in the ro p 
weights of each factor used for the spatial model to produce the malaria vulnerability map 

are also presented in Table 2. The temperature and rainfall presented the highest weis 

(28.3%), followed by elevation (16.3%), land use/landcover and TWI (6.9%), while slone 

and NDVI presented the lowest weight (6.6%). The consistency index for the pair-uwic 
matrix was 1.7% indicating a satisfactory consistency level of the estimated weights ac it 

did not exceed 10% level. 

Table 2. Pairwise Comparison Matrix of the Risk Factors used in this study 

Variables Temperature Rainfall Elevation Slope LULC NDVI TWI 

Temperature 1 3 4 4 

Rainfall 1 1 3 4 3 

Elevation 0.33 0.33 1 3 3 

Slope 0.25 0.25 0.33 1 

LULC 0.25 0.33 0.33 1 

NDVI 0.25 0.25 0.33 

TWI 0.33 0.25 0.33 1 

Sum 3.41 3.41 8.32 15 14 15 14 

Weight (%) 28.3 28.3 16.3 6.6 6.9 6.6 6.9 

The model used to produce the malaria vulnerability map was:[(Temp. x 0.283) + (rainfall 

x0.283) + (altitude x 0.163) + (TWIx 0.069) + (LULCx 0.069) + (slope x 0.066) + (NDVIX 

0.066). 
Figure 6 presents the maps of elevation, slope, Topographic Wetness Index (TWl, 

rainfall, temperature, land-use/land-cover (LULC) and Normalized Difference Vegetave 
Index (NDVI). In terms of elevation, 19.3%, of the study area presented a very 1ow 

28.3% a loW risk, 32.8% a high risk and 19.6% a very high risk as places with high altinu 
that 

has a low risk of malaria vector survival while places of low altitude are high-tisK arce 
rIsk, 

supports malaria vector. For the slope, 99.41% of the study area presented a very 1ow 

dare 
0.52% a low risk, 0.05% a high risk and 0.01% a very high risk as flat areas on the g 

more prone to accumulate water, creating rainwater dams, increasing the iss AA% 
alaria. 

For TWI, 73.98% of the study area presented a very low risk, 23.43% a iow ris 
very 

high risk and 0.15 very high risk. For temperature, 100% of the study area presented a 
n riodis 

llorin- 
ba high malaria risk, since the highest proportion of vectors surviving the inet 

observed at temperatures between 22°C and 28° C and this explains why tte 
low 

South is at a high malaria risk. For rainfall, 31.5% of the study area presented a very 5.8% of the 
risk, 44.9% a low risk, 19.3% a high risk and 4.3% a very high risk. For LUL 

study arca presented a very low risk, 25 49% a low risk, 35.9% a high risk a 

high risk. For NDVI, 12.8% of the study area presented a high isk an 

2.9% a very 
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risk as the variation of the photosynthetic productivity of vegetation is strongly related to variation in malaria transmission. 

0 

Name of Health Centres 

Figure 5:Chart Showing Malaria Cases Across the Health Centres 
Mapping malaria risk means delineating areas that are vulnerable to host breeding sites of malaria vectors and parasites. Such delineation, which was carried out as a function of SEveral remote sensing, climatic and topographic factors of malaria incidence was Combined using weighted overlay in the spatial analysis toolbox. Figure 7 depicts the nalaria vulnerability map. The result shows that there is no significant area with very low and very high malaria risk, while low and high malaria risk area covers 12.7% (3110.04ha) and 87.3% (21316.30ha) respectively. In assessing the accuracy of the malaria vulnerability 1ap produced, data on malaria cases collected from secondary health centres were plotted uSng a Pareto chart as presented in figure 5 to identify the risk level across the health 
res. The spatial distribution map of the health centres was overiaid on the risk map 
POauced as presented in figure 7, and centres at high and low malaria risk were identified. 

CSult of the risk level across the health centre was then compared to the risk map 

PIOOuced. The result shows that Olaolu hospital, Children specialist hospital and Civil 

hospital are the top three health centres with the highest number of malaria cases 
Ch is about 95%, 58% and 49% respectively of the total malaria cases reported. These 

e Centres are within the high-risk area as shown in the vulnerability map produced. 
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Three of the health centres (Olutayo hospital, Ifeolu hospital and Lifecare hospital) falt 

within the low-risk arca and the least malaria cases were reported at these centres, Thic 

implies that the malaria vulnerability map produced is reliable. 
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Figure 6. Criteria Reclassification of (a) Topographic Wetness Index (b) Temperaturet 

Landuse& Landcover (d) Normalized Difference Vegetative Index (e) Slope () Elevato 

(g) Rainfall, for malaria vulnerability mapping ranked on a scale of 1(indicating very 0 

risk) to 4 (indicating very high risk). 

4.0 CONCLUSIONAND RECOMMENDATIONS ng 

This study demonstrated the importance of the use of GIS and remote sens.fi, 1apP 

the malaria vulnerability in Ilorin-South LGA. The entire population of ll 

rIsk of contracting malaria as only 12.7% of the study area has a low iiskK, a1. - hlic 

area covers 87.3%. The estimation of malaria risk has important implica 

health and the planning of effective control measures, such as the igne at 

spray 10 Combat vectors, distribution of bed nets, correct site to build a wal 

time and place for drainage and other relevant activities for maldi 

eradication.The study recommended that a series of Integrated vec 

1s at 

h-risk 

puble 

place to 
corect 

irol and 

1gement 

23 
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perx 
nTOtective clothing, use or repelents and chemical control such, as Indoor Residual 

aches for malaria control (IVM) should be adopted. This should include the use of Pal orotective measures such as Long-Lasting Insecticidal nets (LLINs), wearing of 
raving Spray (IRS), Larviciding and Outdoor spraying amongst others. 
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