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ABSTRACT

Malaria remains a significant global health challenge, particularly in tropical and subtropical regions.
Traditional methods of malaria prediction rely on historical data and basic statistical analysis, which often lack
the accuracy needed for effective disease control. In recent years, machine learning (ML) techniques have
emerged as powerful tools for malaria prediction, offering improved accuracy and reliability. This study
evaluates the performance of different ML models including Support Vector Machine (SVM), Random Forest
(RF), K-Nearest Neighbors (KNN), and Logistic Regression (LR)—for malaria disease prediction. The dataset
used consists of microscopic blood sample images categorized into parasite-infected and uninfected samples.
Given the imbalance in the dataset, three data balancing techniques—oversampling, undersampling, and data
augmentation—were applied to enhance model performance. A comparative analysis of the models was
conducted using key performance metrics, including accuracy, precision, recall, F1-score, and ROC-AUC. The
results indicate that Random Forest with undersampling achieved the highest accuracy (79.07%) and ROC-
AUC (90.24%), making it the most effective model. While oversampling and data augmentation improved
recall, they did not significantly enhance overall performance. SVM and Logistic Regression demonstrated
stable performance but lagged behind Random Forest, whereas KNN exhibited high recall (97.50%) but
suffered from low accuracy due to excessive false positives. The findings suggest that undersampling,
particularly with Random Forest, is the most effective approach for malaria prediction in imbalanced datasets.
This study highlights the potential of machine learning in enhancing malaria diagnosis and resource allocation,
offering valuable insights for disease control strategies.

Keywords: Malaria Prediction, Machine Learning, Data Balancing, Random Forest, Undersampling, Deep
Learning, Disease Diagnosis

INTRODUCTION

Malaria is a life-threatening disease caused by protozoan parasites of the genus Plasmodium, transmitted to
humans through the bites of infected Anopheles mosquitoes. There are five Plasmodium species known to
infect humans: P, falciparum, P. vivax, P. ovale, P. malariae, and P. knowlesi. Among these, P. falciparum is the
most prevalent and is responsible for most severe cases and deaths globally. The clinical manifestations of
malaria typically appear 10 to 15 days after an infective mosquito bite (Faremi et al., 2024). Early symptoms
include fever, chills, and headache, which, if not promptly treated, can progress to severe illness characterized
by anemia, respiratory distress, or cerebral malaria. Without appropriate intervention, malaria can be fatal
(Rajab et al. (2023).

Malaria is predominantly found in tropical and subtropical regions, with sub-Saharan Africa bearing the
highest burden of disease. In 2021, there were an estimated 247 million malaria cases and 619,000 malaria-
related deaths worldwide. Children under five years old are particularly vulnerable, accounting for
approximately 77% of all malaria deaths in that year. Efforts to combat malaria have led to significant
advancements in prevention, diagnosis, and treatment. Preventive measures include the use of insecticide-
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treated bed nets, indoor residual spraying, and antimalarial prophylaxis for travelers (Sakubu et al., 2023;
Sayang et al, 2023). Rapid diagnostic tests and artemisinin-based combination therapies (ACTs) have
improved malaria case management. Despite these efforts, challenges such as insecticide and drug resistance,
as well as health system constraints, continue to hinder malaria control and elimination initiatives. The ongoing
fight against malaria requires continuous research, funding, and political commitment to adapt to emerging
challenges and to work towards the goal of global malaria eradication. Malaria remains a significant global
health challenge, particularly in tropical and subtropical regions. Traditional methods of predicting malaria
outbreaks have often relied on historical data and basic statistical analyses (Tai and Dhaliwal, 2023). However,
with the advent of advanced computational techniques, machine learning (ML) has emerged as a powerful tool
to enhance the accuracy and timeliness of malaria prediction models. Machine learning algorithms can process
vast amounts of data, including climatic variables, demographic information, and historical malaria incidence,
to identify patterns and predict future outbreaks. For instance, a study in The Gambia developed a predictive
model leveraging historical meteorological data to forecast malaria outbreaks at the district level,
demonstrating the potential of ML in public health interventions (Sanyang et al., 2023).

Deep learning, a subset of ML, has also been applied to malaria prediction. In the state of Amazonas, Brazil,
researchers utilized deep learning models to predict malaria cases, achieving improved performance over
traditional methods (de Albuquerque et al., 2022). Similarly, in Burundi, deep learning models incorporating
climate-related factors were employed to estimate malaria cases at both provincial and national levels,
highlighting the adaptability of these models to various geographic contexts (Sakubu et al., 2023).

Beyond prediction, ML has been instrumental in the early identification of severe malaria cases. By analyzing
clinical data, ML approaches have been designed to predict clinical outcomes in patients with imported
malaria, facilitating timely and appropriate medical interventions (D'Ambrosio et al., 2023).

The integration of ML in malaria research offers promising avenues for enhancing disease prediction and
management. By harnessing large datasets and complex variables, ML models can provide more accurate
predictions, aiding in the allocation of resources and implementation of targeted interventions. However,
challenges such as data quality, model interpretability, and the need for localized models tailored to specific
regions persist. Addressing these challenges is crucial for the effective application of ML in malaria prediction
and control strategies.

Machine Learning Models Used for Malaria Disease Prediction

Malaria continues to be a significant global health concern, particularly in tropical and subtropical regions.
Advancements in machine learning (ML) have provided new avenues for predicting malaria incidence, aiding
in timely interventions and resource allocation. Various ML models have been employed to enhance the
accuracy of malaria prediction.

Deep Learning Models: Deep learning, a subset of ML, has been utilized to predict malaria cases by
analyzing complex patterns in extensive datasets (Barboza et al., 2018).

Machine Learning Classifiers: Traditional ML classifiers have also been employed to predict malaria risk
based on various features. A study proposed a machine learning model incorporating mutation location and a
Genetic Algorithm (GA) to optimize hyperparameters, aiming to predict malaria risk effectively (Tai &
Dhaliwal, 2022). The interpretability of ML models is crucial in medical applications. (Rajab et al., 2023)
developed an interpretable machine learning model to predict malaria, offering transparency in decision-
making processes. This approach enhances trust and facilitates the integration of ML models into clinical
settings.

Climate-Informed Models

Incorporating climatic factors into ML models has improved malaria prediction accuracy. A study utilized a
high-resolution malaria dataset to develop climate-informed models, comparing statistical models and ML
approaches like XGBoost and deep learning Transformers (Kim et al., 2019; Mok et al., 2023). The integration
of climate data proved beneficial in forecasting malaria dynamics.
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Vaccine Efficacy Prediction

ML models have also been applied to predict malaria vaccine efficacy. By analyzing antibody profiles post-
immunization, supervised ML methods identified predictive markers of vaccine success, contributing to the
development of more effective vaccination strategies (Murithi et al., 2021). The application of machine
learning models in malaria disease prediction has shown promise in enhancing early detection, optimizing
resource allocation, and informing public health strategies. Continued research and development in this field
are essential to fully harness the potential of ML in combating malaria.

LITERATURE REVIEW

Machine learning (ML) has become a key tool in predicting malaria outbreaks, offering greater accuracy and
timely insights compared to traditional methods. Predictive models incorporating environmental, socio-
economic, and clinical data have been developed to forecast malaria incidence and aid public health
interventions.

Egypt’s malaria-free certification by the World Health Organization (WHO) in October 2024 highlights the
effectiveness of sustained malaria control efforts. Studies such as Faremi et al. (2024) in Nigeria applied
Decision Trees and Random Forests to predict malaria prevalence among children under five, achieving 77%
accuracy. Similarly, Khan et al. (2024) in The Gambia utilized meteorological and clinical datasets spanning
nine years to develop high-accuracy ML models for malaria forecasting. Barboza et al. (2022) in Rwanda
employed deep learning models like Long Short-Term Memory (LSTM) and Gated Recurrent Units (GRU),
demonstrating strong predictive performance. Sesay (2023) systematically reviewed ML applications in
malaria modeling, reporting prediction accuracies between 80% and 95% for techniques such as artificial
neural networks, decision trees, and support vector machines. Genetic data has also been integrated into ML
models for malaria risk prediction, enabling personalized prevention strategies (Tai & Dhaliwal, 2022).

Research on malaria control has explored biological and genetic factors influencing disease transmission.
Shaw and Catteruccia (2019) emphasized vector biology research in disease control, while Werling et al.
(2019) studied the impact of steroid hormones on Plasmodium transmission. Paton et al. (2019) investigated
the role of antimalarial drugs in reducing parasite spread, and Greppi et al. (2020) examined mosquito heat-
seeking behavior to inform intervention strategies.

Genetic studies have advanced understanding of malaria resistance mechanisms. Stokes et al. (2021) identified
K13 mutations in Plasmodium falciparum, linked to artemisinin resistance. Mok and Fidock (2023) analyzed
determinants of piperaquine-resistant malaria in South America, while Murithi et al. (2021) explored the
ABCI3 transporter’s function in drug resistance. Research by Vanaerschot et al. (2020) highlighted kinase
PKG as a potential target for malaria interventions.

Structural and molecular research has contributed to insights on drug resistance. Gnidig et al. (2020) examined
intracellular localization and interactions of K13, providing a deeper understanding of artemisinin resistance.
Stokes et al. (2019) explored Plasmodium-selective proteasome inhibitors as potential low-resistance treatment
options. Dhingra et al. (2019) and Kim et al. (2019) analyzed the PfCRT transporter’s structure and role in
piperaquine resistance and parasite survival. While these studies provide valuable contributions, most focus on
biological and genetic mechanisms without incorporating predictive modeling for outbreaks. Integrating ML
and data-driven approaches in future research can enhance malaria transmission predictability and drug
resistance patterns, improving targeted interventions and policy-making.

RESEARCH METHODOLOGY
Data Source, Description and Processing

The dataset is sourced from an external repository (Kaggle.com), It consists of microscopic images of blood
samples. The images are stored in standard formats (e.g., JPEG or PNG). and it contains the following number
of images:
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Training Set: 220 images for parasite and 196 uninfected images.

Testing Set: The testing test contain 91 parasite images and 43 uninfected images.

The dataset is not balanced as shown in figure 1.
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Figure 1: Distribution of Malaria Dataset

Figure 1 shows that the dataset is not balance meaning that the classes in the dataset do not have the same
instances. Class imbalance causes model predictions to be skewed towards the majority class, producing
inaccurate accuracy metrics and eventually results to biassed outcome. It results in low recall for the minority
class, which is frequently the most important. Reliability may be decreased by models trained on unbalanced
data, which may miss uncommon but significant cases.

Balancing the Dataset

Since the "Uninfected" class has fewer images in both training and testing sets, the major methods to
eliminate data imbalance are consider appropriate in this research which include:

Oversampling: Duplicate images from the "Uninfected" class to match the "Parasite" class.
Undersampling: Reduce the number of "Parasite" images to match the "Uninfected" class.

Data Augmentation: Apply transformations (rotation, flipping, etc.) to generate synthetic images for the
minority class. Data Augmentation will generate new images for the minority class ("Uninfected") by applying
transformations such as:

i. Rotation
ii. Flipping
iii. Brightness Adjustment
iv. Zooming

This will artificially increase the number of Uninfected images to match the Parasite count in both training and
testing sets.

RESULTS AND DISCUSSION

Table 1 shows comparative analysis of different machine learning models (SVM, Random Forest, KNN, and
Logistic Regression) under various data balancing techniques (Oversampling (OS), Undersampling (US), and
Data Augmentation (DA)). The metrics shown are Accuracy, Precision, Recall, and ROC-AUC.
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Table 1: Comparative Analysis of the Machine Learning Models

Model Accuracy | Precision | Recall | F1 Score | ROC-AUC
SVM (Raw Dataset) 75.00% 72.09% | 77.50% | 74.70% | 75.11%
SVM (Oversampling) 65.93% 68.35% | 59.34% | 63.53% | 71.57%
SVM (Undersampling) 63.95% 65.79% | 58.14% | 61.73% | N/A

SVM) (Data Augmentation) | 65.93% 68.35% | 59.34% | 63.53% | 71.57%

Random Forest (RD) 71.43% 73.53% | 62.50% | 67.57% | 76.73%
Random Forest (OS) 77.47% 81.25% | 71.43% | 76.02% | 90.48%
Random Forest (US) 79.07% 82.05% | 74.42% | 78.05% | 90.24%
Random Forest (DA) 77.47% 81.25% | 71.43% | 76.02% | 90.48%
KNN (RD) 46.43% 46.99% | 97.50% | 63.41% | 58.84%
KNN (0S) 60.99% 70.00% | 38.46% | 49.65% | 64.40%
KNN (US) 66.28% 75.00% | 48.84% | 59.15% | 66.85%
KNN (DA) 60.99% 70.00% | 38.46% | 49.65% | 64.40%

Logistic Regression (RD) | 75.00% 72.09% | 77.50% | 74.70% | 84.72%

Logistic Regression (OS) | 62.64% 64.94% | 54.95% | 59.52% | 68.57%

Logistic Regression (US) | 56.98% 58.33% | 48.84% | 53.16% | 64.90%

Logistic Regression (DA) | 62.64% 64.94% | 54.95% | 59.52% | 68.57%

Random Forest consistently achieved the highest accuracy and ROC-AUC, especially with undersampling
(79.07% accuracy, 90.24% ROC-AUC). Oversampling & Augmentation Improved recall slightly but did not
significantly enhance overall performance while Undersampling worked best for Random Forest, achieving
the highest accuracy and balanced performance. SVM and Logistic Regression showed stable performance but
fell behind random forest in most cases. KNN had the highest recall in the raw dataset (97.50%) but suffered
from low precision and accuracy, indicating excessive false positives.

Undersampling worked well, particularly for the Random Forest (US) model, which achieved the highest
accuracy (79.07%) and competitive precision, recall, and F1-score compared to other methods.

The following benefits explain why undersampling worked in this instance:

i. Balanced Class Representation: To minimise class imbalance and keep the model from being biassed in
favour of the dominant class, undersampling lowers the majority class.

ii. Reduction of Redundant Data: The majority class frequently adds redundant patterns to datasets that are
extremely unbalanced. By eliminating this repetition, undersampling enables models such as Random Forest
to concentrate on the most instructive examples.
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iii. Better Decision Boundary: When decision boundaries are skewed, machine learning algorithms have
trouble handling unbalanced data. The dataset can be balanced to improve the classifier's generalisation. Other
models, such as SVM and Logistic Regression, which depend on a bigger dataset for reliable pattern detection,
did not respond well to undersampling. This may result from the weaknesss of undersampling whereby it loses
valuable data and this can hurt generalization

Figure 2 shows the confusion matrix for the Random Forest (Undersampling) model. It shows how many
positive and negative cases were correctly or incorrectly classified.

True Positives (TP): Correctly predicted malaria cases.
True Negatives (TN): Correctly predicted non-malaria cases.
False Positives (FP): Non-malaria cases incorrectly classified as malaria.

False Negatives (FN): Malaria cases incorrectly classified as non-malaria.

10

Negative

Actual Labels

Positive

Negative Positive
Predicted Labels

Figure 2: Confusion Matrix — Random Forest (Undersampling)

True Negatives (TN): The model correctly predicted 9 instances as "Negative" when they were actually
Negative.

False Positives (FP): The model did not misclassify any Negative instances as Positive.
False Negatives (FN): The model did not misclassify any Positive instances as Negative.

True Positives (TP): The model correctly predicted 11 instances as "Positive" when they were actually
Positive.

Interpretation

The model has perfect classification with zero misclassifications (no False Positives or False Negatives).

_ TP4+TN _ 9411 _ 0
Accuracy = gprn e EN — a0 — LU (or 100%).

The classifier performed exceptionally well and this is as a result of balanced dataset using undersampling
technique.
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Figure 3 shows the bar charts comparing the performance metrics (Accuracy, Precision, Recall, F1 Score, and
ROC-AUC) for different models.
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Figure 3: Comparison of the performance Metrics

The chart shows that Random Forest (Undersampling) performed best in terms of accuracy (79.07%),
precision (82.05%), recall (74.42%), and F1-score (78.05%) while KNN (Raw Dataset) had extremely high
recall (97.5%) but low precision (46.99%), this suggest that the algorithm predicts many false positives.
Oversampling and data augmentation yielded similar performance across models, showing minimal
improvement over the raw dataset Undersampling worked poorly for logistic regression, as it had the lowest
accuracy (56.98%).

Impact of Data Balancing Techniques

Oversampling (OS) and Data Augmentation (DA) improved recall slightly but had mixed results in overall
performance. Undersampling (US) was most effective for Random Forest, leading to higher accuracy and
ROC-AUC. For SVM and Logistic Regression, performance dropped significantly when balancing techniques
were applied. SVM Performs well without balancing (75% accuracy), but performance degrades with OS and
DA. Random Forest outperforms all other models, especially with undersampling. KNN has high recall
(97.50%) in the raw dataset, but low accuracy and precision, indicating excessive false positives. Logistic
Regression shows stable but lower performance than Random Forest.

e Random Forest (Undersampling) is the best approach, achieving the highest balance of accuracy, recall,
and ROC-AUC.

e Oversampling and augmentation improved recall but had mixed results in accuracy.

o KNN had extremely high recall but suffered from poor precision and accuracy.

e Undersampling worked best overall, especially for Random Forest.
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CONCLUSION

Malaria remains a significant public health challenge, particularly in regions with high transmission rates.
Traditional methods of malaria prediction often rely on historical data and basic statistical models, which lack
the precision required for effective disease surveillance and intervention. Machine learning (ML) has emerged
as a powerful tool for malaria prediction, offering improved accuracy and efficiency in identifying infection
patterns. This study evaluated the performance of various ML models, including Support Vector Machine
(SVM), Random Forest (RF), K-Nearest Neighbors (KNN), and Logistic Regression (LR), using different data
balancing techniques—oversampling, undersampling, and data augmentation—to address the challenge of
dataset imbalance. The results indicate that Random Forest with undersampling achieved the highest accuracy
(79.07%) and ROC-AUC (90.24%), making it the most effective model for malaria prediction. While
oversampling and data augmentation improved recall, they did not significantly enhance overall performance.
KNN exhibited high recall (97.50%) but suffered from low precision and accuracy due to excessive false
positives. These findings underscore the importance of selecting appropriate machine learning models and data
balancing techniques to improve malaria prediction accuracy. The study highlights undersampling as the most
effective data balancing method for enhancing malaria classification models, particularly when applied to
Random Forest.

RECOMMENDATIONS
Based on the findings of this study, the following recommendations are proposed:
a. Adoption of Machine Learning Models in Malaria Surveillance

- Health organizations and researchers should integrate Random Forest models with appropriate data
balancing techniques to improve malaria prediction and resource allocation.

- ML-driven decision support systems should be developed for early malaria diagnosis and outbreak
prediction.

b. Use of Hybrid Approaches for Better Prediction

- Future research should explore hybrid ML models combining deep learning and traditional ML
techniques to further enhance malaria prediction.

- Advanced feature engineering techniques, such as climate-based modeling and genetic data integration,
should be incorporated for more robust malaria forecasting.

c. Addressing Model Interpretability and Deployment

- Explainable Al (XAI) methods should be explored to improve model transparency and clinical trust in
ML-based malaria diagnosis.

- Deployment of ML-based malaria prediction models in mobile and cloud-based applications can
enhance accessibility for healthcare providers in malaria-endemic regions.
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