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9()(’1_" (?t'a!l malaria deaths in the world today happen in Africa. This is because the majority
of infections Aare caused by Plasmodiun lalciparum, the most dangerous of the four
malaria pm'a.mu‘s and 115: very effective (mala ria) vector(WHO, 2000).

- In‘ Nigeria, about nincty thousand (90,000) people die annually as a result of malaria
“{t‘?d}(’“ (WHO, '202())- It was estimated tha I'l percent of maternal mortality, 25 percent
_Ot‘mtfmt I}l(\t'ta.llty, and 30 percent of under-5 mortality were as a result of malaria
mrec;tmn. The dlS?aS€ CXerts a severe social and economic burden on the nation, retarding
the Gross Domestic Product (GDP) by 4 percent annually and costing approximately 480
l’llhll(')n naira m out-of-pocket treatments, prevention costs, and loss of man-hours (Federal
1\111115“}’ of .Healfh (FMOH)' and Natiopal Malaria Elimination Programme [NMEP],
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 A frica.

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,
their possible causes and their implication on the community (WHO, 2010). Hence, it is
advisable to develop a dynamic malaria vulnerability mapping for early warning and
proactive operations in different parts of the country. Normally, the magnitude and
incidence 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
formulate a controlling mechanism to curb and control their spread.

Earlier studies have been conducted on malaria epidemic distribution in different parts
of 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-

ased Assessment and Mapping of Malaria Distribution in Rural Kwara State”. However,
' 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
il g LB o muliple cirom L by o o Pt
areag cznn;k aps (Ahme.d, 2014). ’.Fl;er.e rcc)zlrv’ention work (R};i Nat};lawat & lliaie(SZ?)llg)n
Thereg, ¢ generated easily for possib € i bili L L
', this study aims to map malaria vulnerability and its prevalence by employing a

Paed multi-criteria decision modelling approachin the study area
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2.0 MATERIALS AND METHODS

2.1 The Study Area .

Tlorin South Local Government Area of Kwara State, Nigeria is located between longitude
> 32'E and 4° 40' E and latitude 8° 19'N and 8° 32' N(Figure 1). It has a landmass of apy;

174km’ and a population of 282,500 (National Population Commission (NPC), 2016)

The local government is made up of eleven (11) electoral wards with its headquarters at
Fufu town.
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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, apd then slope, elevation and topographic wetness index (TWI) were
derived. Precipitation and Temperature maps are derived from Worldclimate., World
climate is a set (.)f global climate layers (Gridded climate data in GeoTiff format), which is
used for mapping ?.nd 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

classified using an unsupervised classification method.

Table 1: Data and their Sources

SN Name Format  Date Source Relevance
1. Map of Nigeria, Kwara Digital 2019 Nigeria Shapefile For Demarcation of Study Area

State, llorin South.

2. DEM data (30m) Digital 2014 Shuttle Radar Topographic For Elevation & Slope, &TWI of
- Mission the Area
S Temperature and Rainfal Digital 2014 World Climate.Org For Climatic factor maps
4 Landsat(iimagery Digital === 2020 USGS (United State Geological . For land use/cover & NDVI of the
Surveys) explorer-home area.
% Malaig gaty Analogue 2019 Secondary healthcare centres  For malaria prevalence study
(questionnaire) -

%S Coordinateg of Secon- Digital 2019 Field book Gives spatial reference to malaria
prevalence

dary healthcare centres
Sou .. N

r . .
2 % Compjjeq bythe Authors
D: Methods |
Onp, o
™ *Ported malaria cases obtained from the secondary healthcare centre within the

2 »
““ravelr:a Were used tq validate the vulnerability map produced. A conceptual model to
Patia] Problems was used to create [/otin-South malaria vulnerability map. The
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method involved the following steps:

|_sep1SPhisp 22

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 (TWT), land-use and
land-cover (LULC), and Normalized Difference Vegetative Index.
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.oh and very hi h risk respectively.
l\l&,lL::\dd us)e agnd land-cover is @ component . of the criteria useq .
vulnerability map for malaria. I?ense vegetatloo and water bodjes ardeter-m ine ¢
mosquitoes’ proliferation. Areas Wlth dense vegetation and water bodieg Weie Sllmab]e iy
having a very high risk of malaria; built-up areas were classified as having 5 ;.assﬁtéd n
malaria; while areas with grass/sparse yegetatlort and barren land were clagsif; égh risk of
* the low and very low risk of malarta respectlvely (Chikodzi,2013). Variaiioashavin
photosynthetic productivity of vegetation 18 strongly associated with variation ix? mo f the
transmission as high NDVI is related to a high amount of green vegetation Smtabzila?a
mosquito proliferation. Areas with NI?VI values ranging between 0-0.5 were ClaSSiﬁ: i zz
having high malaria risk while areas with NDVI between 0.6-1.0 were classified as hayin,

very highrisk (Chikodzi,201 3).

Step 3: Analytical Hierarchical Process . .
This step involved identifying weight for various malaria risk _factors as they do not equally
contribute to malaria incidence. For this purpose, the Multi-Criteria EYaltlatlon (MCE)
- technique was performed using Analytic Hierarchy Process tAHP). AHP is simply 2 way 0
assign relative weights to various factors by applylog p.alrw1se comparisons. The pilrr:;l;i
comparison matrix (PWCM)isa rating of the relative importance of two factors reie;ed :
the environmental malaria risk determinant. An AHP template workslteet w;aNsith e
establish the relative weight of each input variable (Bernard,2016) COﬂSlsltzgie eighid
studies on malaria risk mapping (Joao, et al.,2018). For deter 1 et r69 -
risk classes, the PWCM was applied using a scale with values from 1 to 71
Saaty (1980), while the malaria risk class was rankedona scale of 1 (ver e .
high risk). As a result of the pairwise comparisons and evalua‘nori1 t}; e i of ;
matrix was produced, where each element within the matrocreplesealaria Jisk. ereaf:ni
particular factor over another in terms of their contribution tO m f its CO!

m
g . . P edbythesu
each element within the produced reciprocal matrix was divid

Finally, the weight of each factor was calculated by averaging ¢ nsistency © heébvalueof
After estimating weights for all considered determinants, the rgle of thum® ¢
weights was assessed using the Consistency Ratio (CR)- 2% ata . (201 1)
10% (0.1) orlessis considered as acceptablg:‘according to Must® o 0
CI= ()“_n)/(n_l) ................................................ (2)
CR=CI/RL..............coorer

Where:

7.The average of consistency vector
QI: Consistency Index
CR: Consistency Ratio
RI:Random Index
n:'The TS iteri i

he numbers of criteria or sub-criteria in eacl pairt
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4 Performing the Analysis

.x‘ ﬁﬁal malaria risk cl-aS-Sé‘s Were analysed ysip '

1:1:1.011mcnt, by Comb{nlng all ra_st.er layers produced using overla
f,,\,duce the final malarla vulnerability map. The i
Jicheachof the input maps was allocated g wel
.\-‘:gach factor map; therefore, different classes

-chvariable map also had its own weight. The fi

....................................... 3
Where: o
Wi=isthe weight of the'f=th factor map

Sj=isthei-th spatial class weight of the j-th map, and;

S=1sthe spatial unit value in the output map.
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alaria risk occurrence than the comparison in the roy, The

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 weigp
(28.3%), followed by elevation (16.3%), land use/landcover and TWI (6.9%), while slope
and NDVI presented the lowest weight (6.6%). The consistency index for the pair-wise
matrix was 1.7% indicating a satisfactory consistency level of the estimated weights as jt

did not exceed 10% level.

times more important in m

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

Variables Temperature  Rainfall Elevaton ~ Slope  LULC ~ NDVI  TWI
Temperature 1 1 3 4 4 4 3
Rainfall 1 1 3 4 3 4 4
Elevation 0.33 0.33 1 3 3 3 3
Slope 0.25 0.25 0.33 1 1 1 1
LULC 0.25 0.33 0.33 1 1 1 1
NDVI 0.25 0.25 0.33 1 1 1 1
WI 0.33 0.25 0.33 1 1 1 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
0.283) + (rainfall

The model used to produce the malaria vulnerability map was:[(Temp. x
x0.283) + (altitude x 0.163) + (TWIx 0.069) + (LULC x 0.069) + (slope x
0.066)].

Figure 6 presents the maps of elevation, slope, Topographic _
rainfall, temperature, land-use/land-cover (LULC) and Normalized Difference Vegetatlve
Index (NDVI). In terms of elevation, 19.3%, of the study area presented a very IOW.IISk»
28.3% a low risk, 32.8% a high risk and 19.6% a very high risk as places with high altitude
has a low risk of malaria vector survival while places of low altitude are high-risk area t??f[
supports malaria vector. For the slope, 99.41% of the study area presented a very low n'slg
0.52%a lowrisk, 0.05% a high risk and 0.01% a very high risk as flatareas on the g{'ound zll:’
more prone to accumulate water, creating rainwater dams, increasing the risk of maljolll‘s
For TWI, 73.98% of the study area presented a very low risk, 23.43% a low risk, 2.4 /)ow
high risk and 0.15 very high risk. For temperature, 100% of the study area ¥ -osented Ve

0.066) + (NDVIX

Wetness Index (TWI),

. “0d 18
hation pellod

high malaria risk, since the highest proportion of vectors surviving the it P ot
observed at temperatures between 22°C and 28° C and this explains why the :'fltll'vt“ J low
South is at a high malaria risk. For rajnfall, 31.5% of the study area preseit *v“{_‘l )\otxl[)r‘ e
risk, 44.9% alow risk, 19.3% a high risk and’4 304, a very high risk. For LULC, 1?"\0””‘ ety

. high risk and 225707 i

St'UdY aXed presented a very low risk, 25 49, a low risk, 35.9% a e
high risk. For NDVI, 12.8% of the study area presenled a high risk and 87.2

NSUK-Journal of Environmental Sejepce (1), 2021




Babalola, A. et al. Malaria Vu/nerabi/iry Mapping of llorir, -

South

LX)

te-cf Niiaria

p s
3

_.____..u__~____._~,__~_~,____A
§;_§§;.§5555552355.".52":2.’:‘23
an:\.;au:’aaaa=a*‘:‘::":==
aaa..‘wu,...‘.-.‘-‘n&s‘;tao:.-aa'::?
2 2 ong;oooccooocozcco::c
;..I:I-_._-_IIII:II:::,'I:}:::‘:
v OY . = -2 s v ¢ =" -
23335 ffEE 222383zt
€ = 3¢~1:;c:;50-¢’0‘:u;0¢’_"
——EJEO._Em'ﬁcouj‘it“‘-:sjuu}’
O ¥ & G ¢ £ 3 %, u:&mcgs;i:_:c-:;:
& 2 - ¢ 8 = ¢ = 5 v E S e oo t=
PR B R - e -
§ o = 0 3 Lo S 5

- ] « CC z

2 2 = v =

z . G

]

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
mala ]

ria vectors and parasites. Such delineation, which was carried out as a function of
Several remote sensing, climatic a

nd topographic factors of malaria incidence was
Combined using weighted overlay in the spatial analysis toolbox. Figure 7 depicts the
Mmalaria 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% (31 10.04}ia)
and 87,39, (21316.30ha) respectively. In assessing the accuracy of the malaria vulnerability
Map Produced, data on malaria cases collected from secondary health centres were plotted
USing a Pareto chart as presented in figure 5 10 identify the risk I .
Centres. The spatial distribution map of the healih centres was m-';‘:irmi on thg I'lSk.Iililp
Produced a5 presented in figure 7, and centres at high and low mala . . k were 1dc_‘nt1ticd.
€ Tesult of the risk level across the health centre was then compared (o the risk xnap
Produced, The result shows that Olaolu hosplfal', Chl]dr?n S]J(':L,"l‘_til\,; hospital :m.,d Lml
*ervice hospital are the top three health centres With the highest number of Ilt.ii‘ilild-;{lit‘.\‘
Which g about 95%, 58% and 49% respectively of the'total malaria cases | i [ m "1 it\:(
Tee centres are within the high-risk area as shown in the vulnerab ity wap produced.

vel gcross the health

o 21 122
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Three of the health centres (Olutayo hospital, Ifeolu hospital and Lifecare hospital) fy);
within the low-risk arca and the least malaria cases were reported at these centres, Th;g
implies that the malaria vulnerability map produced is reliable.
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Figure 6. Criteria Reclassification of (a) Topographic Wetness Index (;Lg:ri%pg;tyssgcr)l

Landuse& Landcover (d) Normalized Difference Vegetative Index (e) Slo Oy low
(g) Rainfall; for malaria vulnerability mapping ranked on a scale of 1(indicating very
risk) to 4 (indicating very high risk).

4.0 CONCLUSION AND RECOMMENDATIONS ~apping
This study demonstrated the importance of the use of GIS and remote setsii :rh Sl
the malaria vulnerability in Ilorin-South LGA. The entire populatlon. of T ™ .;}11.1~i51\'
risk of contracting malaria as only 12.7% of the study arca hasalow nsk., an ':..Ppublif
arca covers 87.3%. The estimation of malaria risk has important nlnp_hc‘:«‘ e
health and the planning of effective control measures, such as the_ right 11 ) e
spray to combat vectors, distribution of bed nets, correct site to build a wu S and
time and place for drainage and other relevant activities for mal‘m);‘u | '.3’.&‘1“‘“1[
eradication.The study recommended that a series of Integrated Vecto!
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oaches for malaria control (IVM) should be adopted. This should include the uise of
appr nal protective measures such as Long-Lasting Insecticidal nets (LLINs), wearing of
Pemtgctive clothing, use of repellents and chemica] control such. as Indoor Residua]
g:;aying Spray (IRS), Larviciding and Outdoor Spraying amongst others.
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