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INTRODUCTION & AIM

Malaria 1s an infectious disease transmitted by
mosquitoes and are mostly caused by
Plasmodium falciparum and Plasmodium vivax,
of the Plasmodium genus, poses a significant
global health threat, contributing substantially to
morbidity and mortality rates. World Health
Organization (WHOQO) estimated approximately
247 million cases worldwide, with children
under five years old comprising 67% (274,000)
of those affected, representing the most
vulnerable  demographic  group. Existing
research has not extensively explored the
utilization of machine-learning techniques to
predict malaria risk. This study developed a
machine-learning model to predict malaria risk
based on demographic, environmental and GPS
data from the Nigerian Demographic and Health

Survey Program (DHS) 2000 — 2020.

RESULTS & DISCUSSION

RF has the lowest MSE (0.0003) and the highest
Rz (0.9816) making 1t the model with the best
predictive accuracy hence, 1t 1s the optimal
model for predicting malaria risk based on the

datasets utilized. The regression equation 1s

MalPre = 0.26 — 0.00NC + 0.0053PD -
0.0033TT + 0.00ITN — 0.0070RF + 0.0062MT +
0.10MI — 0.0269TJ — 0.04PET — 0.0115DLS.
The features with a positive coetficient (PD =
0.0053) indicate that as the feature increases,
malaria risk prevalence 1s expected to increase,
and also the feature with a negative coefficient
(RF = -0.0070) indicates that as the feature
increases, malaria risk prevalence decreases.

METHODS

The dataset was pretreated and split into a train
set (406 covariates), used to train the model and
a test set (102 covariates), used to validate the
model. Machine learning algorithms: Random
Forest, Gradient Boosting, and Logistic
Regression were deployed to accurately predict
the malara risk from the dataset used. were
deployed to assess the performance of the
models. The p-values, F-statistic, and variance
inflation factor (VIF) were also used.
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CONCLUSION

This study could be applied in enhancing early
predictions of malaria risk using machine
learning and also facilitates targeted prevention
and allocation of resources 1n high-risk areas.
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