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ABSTRACT ‘

Dynamics of Malaria par (mre 1 ansmission is complex and been widely studied. Research is needed
' to find a subset of the original features, that will generate a classifier with the highest possible accuracy:
Feature selection improves -classifier performance; because some machine learning algont/um are
known to degrade in performairce when fuced with inaiy irrelevant/noisy features. In this paper, Support
Vector machine (SVM) with-One_against_all algorithm is employed to, select optunal Sfeatures for the

multiclass symptomatic and climatic malaria parasite-count. Monthly surveys of malarial incidences -

cases were collected from sampled health centers in Minna Metr opolis, Niger State, Nigeria and served
as iiput variables. Linear, radial basis and polynomial kernel functions were employed but SVM with
radial basis kernel function produced better performaiice result of 85.60% Accuracy, 84.06% Sensitivity

and 86.09% Specificity at optimuin threshold vahie of 0.60. SVM selected optimal featiires to improve

prediction performance and reduces time complexity. The experimental results show the Iobuslness and
reliability of the pr oposed model compar ed to the pl evious lelatea' models.
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1.0 INTRODUCTION
"~ Malaria transmission is site specmc due to
variations of -climati¢. conditions of a region.
Temperature, * - rainfall, - relative  huridity
variations' affects the life cycle of malaria
parasite {1]. Other non-climatic factors, such as
human/behavioural factors can also-affect the
spread of malaria transmission and severity-[2].
Recent researches focuses on dynamics and

complexities of Malaria parasite: transmission.

Research is ongoing on how: the risk of asympto-
matic: and symptomatic malaria - infection
changes[3,4]. Malaria parasite count diagnosis
can be asymptomatically or symptommatically
low, mild and high. Sometimes, many symptoms
of different patient may even overlap. Malaria
patient ¢ases-may even. have characteristics -of

other 'diseases. -Therefore,” medical ‘problems -

cannot ‘be generalized and analyéed by
imagination. Acknowledge intensive . program
should ‘be conducted to integrate this complex
network: of -probleriis and devise 1ndl\11dualxzed
solutlons[S] AR

Consequently,“ a huge amount  of -malaria-

cases which s hard to understand . and -to
interpret 7. by humans are collected every year
[6]. So difficulties arises on how to analyse the
data .and -interpret it to 1educe or possible

-eradicate subsequent © occurrences. Then, the -
j'need for a Machme Learning (ML) method

arisés. ML processes the data and automatically

-learns from the data. The knowledge genelatedb
from the extracted infection cases can be used to

solve the problem at hand..
.. Problems being solved by machine learning
methods involves - - classifying observations,

predicting  values, structuring data (e.g.

clustering), compressing data, visualizing data,

filtering data, -selecting relevant - components

from data when faced with many -irrelevant/
noisy features., extracting dependencies between

" data components, modeling the- data generating

systems, constiucting noise models for the
observed data, integrating data from different

‘sensors, using classification and drawing

inferences.[7,8]
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Station,- Bossa Campus, Federal UnivérsiLy of

Technology, Minna, Niger state. Each patient
has a set of symptoms and MP count known as
Patients” malaria data symptoms and lab test
results. This Climatic data combined with
monthly malaria incidences were considered as
input variables was trained and simulated using
Microsoft Excel and 1ibSVM in MATLAB
20152

Sampled hospitals laboratories, Giemsu
staining was used for the daboratory tests. The
Red blood cells (RBCs), Plasmodium spp,
platelets and othier artifacts were identilied. This

Plasmodium spp is measured in count being

called Malaria Parasite Count (MPcount).
4. Ome Against all Algorithm

SVM is a binary classifier but the ulgorithm
can be used to solve multiclass problem by
introducing One-Against-All  Algorithm  that
eaptures single handedly each class ol the target
and compare it with the other classes.

Table 1: One—Ag_aiust-All

7. WhileAccuracy Instances<= No_of
_Runy
‘8. Trainan SVM
9. Similate SVM
10, Recall Simulated SVM
1. Simudate with Transposed Testing
Mualarial Datusets
12, Get Simulation Resuits
Compute Optimal Features, Acciracy
JLPerformance Evaluation
14, EndWhile
15, EndWhile
16. End

Input: Training Malaria Datasets
Ouiput: Optimal Features

1. Begin
2. Feor counter= [ to Size(turget, 1)
3. if Target(counter) = 0
Target(counter} ==
Else
Targel{comiter) == |
End '
4, FEnd

b. Feature Selection Algorithm

The SVM feature selection alporithm was
thresholded as shown in Table 2 to gel the
optimum. threshold value that will yield best
result for the model using the One-Apuinsi-All
alyorithni.

Table 2: SVM feature Selection Algorithm

It Training Malaria Datasets
Ouiput: Optimal Featires

1. Begin

Iuput the Malaria Data Features
Preprocess the data by using the most
suited normalization method

4. Divide the data into Training Mualaria

o v

Datasets and Testing Malariv Dutasets in

ratio 70:30
3. Perform One_Against_All(OA)
algorithm to convert Multicluss to Binary

clasy in preparation for feeding.into SVA

6. WhileThreshold Vaiue> =0,100 Siep
(1.05 Do

3.1 Feature Selection

Given a number of features, wrapper meihod
and Support Vector Machine were used 10 select
subset of features that have the greatest
predictive power and still carry their class
discriminatory propertics. The dataset has these
prevalent features: Headache (}Hd), Fever' (F),
Dizziness (D), Body Pain (Bp) and Vomiting
(Vin). The climatic factor; temperature, relative
humidity and rainfall contributing factors to
being having malaria are alse the combined
leatures This research features is thus restricled
lo five (5) predominant malarial symptoms and
climatic faclors

4.0 RESULTS ,

The Multiclass malaria data was handled by
one-against-all algorithm. The resull of various
classes of SVM Feature Selection with 1200
malaria cases; 840:180:180 were used for
Training, Testing and Validation.respectively is
presented in Tuble 3(a), 3(h) and 3(c). Also the
Graph of the Support vectors Vs. Accuracy lor
SVM_0, SVM_1, SVM_2 are depicted in
Figures 1(a), (b} and I(c), respectively.

Class 0, Classl and Class 2 malaria cases
were lrained, tested and validated with linear,
radial basis and polynomial [unction single
handedly. Their resulls were depicted in_Tubie
3(a), 3(h) and 3(c).

Table 3(a): SVM_0 Feature Selection Results

SYM_0 [ SVM_1|SVM_2 | Performance

83.89 80.55 60.67 | Aceuracy (%)

282 435 378X | Support Vectors

03 60 03 True
88 85 57 True
15 17 45 False
1 18 15 False










ICT Journal, Volume 3, 2018

Uthman, Muhammed - Mubashir
Babatunde is currently a Senior
e L er, “epartment of
" E niology and Community
Health, Faculty of Clinical
Sc:ences College of Health Sciences, University
of Tlorin, Nigeria. He attended University of

* rin where obtained MB, BS., and M.Ph.
degrees. He is a Fellow of West Af ™ an College

of Physicians, Faculty of Community Health. o

His research interests are: Environmental

Det inants of Health and Diseases. He is a
nber of N* “*., MDCAN and APHPN.

FUNDING
This research was supported by TETFund

Institutional Based Research Intervention
(IBRI), University of Ilorin, Ilorin, Nigeria.



	Malaria P1
	Malaria P2
	Malaria P3
	Malaria P4
	Malaria P6
	Malaria P7

