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The article aims to develop interpretable Machine Learning models 

using R statistical programming language for malaria risk prediction 

in Kenya, emphasizing leveraging Explainable AI (XAI) techniques to 

support targeted interventions and improve early detection mechanisms. 

The methodology involved using synthetic data with 1000 observations, 

employing over-sampling to address class imbalance, utilizing two 

machine learning algorithms (Random Forest and Extreme Gradient 

Boosting), applying cross-validation techniques, Hyper-parameter tuning 

and implementing feature importance and SHAP (Shapley Additive 

Explanations) for model interpretability. The findings revealed that 

Random Forest outperformed Extreme Gradient Boosting with 98% 

accuracy. Critical prediction features included clinical symptoms such 

as nausea, muscle aches, and fever, plasmodium species identification, 

and environmental factors like rainfall and temperature. Both models 

demonstrated strong sensitivity in detecting malaria cases. This promotes 

trust in model predictions by clearly outlining the decision process 

for individual outcomes. The research concluded that integrating 

Explainable AI into malaria risk prediction represents a transformative 

approach to public health management. Through providing transparent, 

interpretable models, the research offers a robust, data-driven approach to 

predicting malaria risks, potentially empowering healthcare providers and 

policymakers to deploy resources more effectively and reduce the disease 

burden in endemic regions. 
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1. IntRodUctIon 

Malaria, a life-threatening disease caused by Plas- 

modium parasites, remains a significant global health 

challenge. It is transmitted primarily through the bites 

of infected female Anopheles mosquitoes, which thrive in 

warm, humid environments. In 2022, the World Health 

Organization (WHO) reported approximately 249 million 

malaria cases worldwide, with an estimated 608,000 deaths, 

95% of which occurred in sub-Saharan Africa [1]. Pop- 

ulations most at risk of malaria include children under 

five, pregnant women, travelers from non-endemic areas, 

and populations living in endemic zones with limited 

access to healthcare. In Kenya, malaria accounts for 19% 

of outpatient visits and 3%–5% of hospital admissions, 

with the highest burden observed in areas around Lake 

Victoria and the coastal region [2]. Malaria symptoms 

normally include fever, chills, headaches, muscle aches, and 

fatigue. Severe cases can escalate to complications such 

as cerebral malaria, severe anemia, or organ failure [3]. 

Diagnosis involves clinical examination supported by con- 

firmatory tools such as microscopy and rapid diagnostic 

tests (RDTs), both of which are pivotal in identifying cases 

for treatment [4]. The primary treatment for malaria is 

artemisinin-based combination therapies (ACTs), which 

are highly effective when administered promptly. How- 

ever, growing concerns about drug resistance underscore 

the need for enhanced prevention and early detection 

strategies. 

In recent years, the development of artificial intelli- 

gence (AI) has significantly transformed various sectors, 

particularly in healthcare. Machine Intelligence technolo- 

gies are increasingly being applied to address challenges 

in malaria control and management. These technologies 
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excel in analyzing complex datasets, such as climatic con- 

ditions, geographical distributions, parasite information 

and patient information, to predict malaria risk with 

high accuracy [5]. Unlike traditional methods, ML models 

can identify nonlinear relationships and uncover hidden 

patterns, enabling more precise forecasting of malaria out- 

breaks. In Kenya, where malaria remains a significant 

health challenge, the application of Explainable AI (XAI) 

offers a promising avenue for enhancing malaria risk pre- 

diction. By leveraging XAI techniques, researchers and 

health practitioners can not only make accurate predic- 

tions but also obtain transparent explanations for these 

outcomes, fostering trust and informed decision-making. 

With Kenya experiencing recurring outbreaks influenced 

by climatic and demographic factors, predictive modeling 

offers a proactive approach to mitigate the disease’s impact 

on vulnerable populations. 
Multiple researchers make an effort to predict out- 

breaks by the use of weather conditions (Rainfall and 

temperature) which significant impact malaria transmis- 

sion. Mosquitoes, the primary vectors for malaria, thrive in 

humid conditions, increasing the risk of malaria. Warmer 

temperatures can accelerate mosquito breeding and the 

lifecycle of the malaria parasite thus increasing malaria 

risk. Analysis has shown that the rate of fatality increases 

during the rainy season regardless of the temperature and 

humidity [6]. In the study by Muriithi et al. [7] noted 

that malaria is still a killer disease and has caused great 

threat in many parts of the world. This study aimed to pre- 

dict and mitigate malaria occurrence in Kenya. Machine 

learning (ML) models were used to model and predict 

the final malaria test results. The results indicated that 

the presence of plasmodium falciparum was found to be 

the most important feature in classifying final test results, 

followed by region, endemic. The use of machine can com- 

plement existing efforts and provide a robust, data-driven 

approach to predict malaria risks in Kenya, improving 

public health outcomes. Explainable AI (XAI) stands as a 

vital component in bridging the gap between technology 

and healthcare, promoting informed decision-making and 

improved patient outcomes. The ability to accurately and 

promptly forecast malaria risk could empower healthcare 

providers and policymakers to deploy resources and inter- 

ventions more effectively, ultimately reducing the burden 

of deadly disease [8]. 
The objective of this article is to develop interpretable 

Machine Learning models using the R programming lan- 

guage for malaria risk prediction in Kenya. The emphasis 

on interpretability ensures that the findings are actionable 

and comprehensible for healthcare providers and poli- 

cymakers. Leveraging explainable AI (XAI) techniques, 

the study seeks to support targeted interventions, opti- 

mize resource allocation, and improve early detection 

mechanisms. 

 

2. MAtERIALs And MEtHods 

2.1. Data Collection 

The article used synthetic data generated using R statis- 

tical programing language for Kenya situation. The dataset 

had 1000 observations. The variables under research were 

TABLE I: FEAtUREs DEscRIptIon 
 

 

Features Description 
 

 

Age Age in years (15–49) 

Gender Male/Female 

Symptoms Fever, chills, headache, nausea, muscle 

aches, fatigue (Yes/No) 

Temperature Temperature in degrees Celsius 

Rainfall  Rainfall in mm 

Humidity  Humidity percentage 

Endemic zones Lake basin, coastal, highland, seasonal, 

low risk 

Type of malaria parasite Plasmodium (falciparum, vivax, 

malariae, ovale) 

Mosquito Density Mosquito count per square kilometer 

Malaria test results  Positive/Negative 
 

 

 

classified into three categories, namely; Patient informa- 

tion, Environmental Predictors and Parasite information 

described in Table I. 

2.2. Data Analysis 

2.2.1. Resampling Techniques and Cross Validation 

(CV) 

Over-sampling method was used to address class imbal- 

ance in datasets by increasing the number of instances 

in the minority class to match the majority class. For 

instance, if malaria cases (positive class) are fewer negative 

class, over-sampling ensures the model accurately learns to 

predict both classes. CV is a powerful statistical technique 

used to assess the performance and generalization ability 

of machine learning models. The primary goal of cross- 

validation is to prevent overfitting and provides a reliable 

estimate of model performance. The repeated 5-folds cross 

validation is an extension of k-folds cross validations where 

folds are iteratively shuffled and repeated during the train- 

ing process [7]. The process involves repeating the 5-folds 

cross validation several times to and the means results 

reported. This study employed repeated 5-folds cross vali- 

dation to train random forest algorithm and 5-folds cross 

validation to train Extreme Gradient Boosting model. 

2.2.2. Machine Learning Algorithms 

The research adopted supervised machine learning algo- 

rithms for binary classification and prediction of malaria 

risk in Kenya. Two machine learning algorithms namely, 

Random Forest and XGBoost were adopted for this 

study. Only Random Forest model was subject to hyper- 

parameter tuning. 

2.2.3. Random Forest Algorithm 

The Random Forest algorithm is a popular ensemble 

machine learning model used for both classification and 

regression tasks. It combines multiple decision trees to 

create a more accurate and robust predictive model. It 

employs bagging, training each tree on a random subset 

of the data, and introduces randomness by selecting a 

random subset of features at each split. For classification 

tasks, the final output is determined by a majority vote 

from the individual trees [9]. It provides a ranking of 

feature importance, which aids interpretability. Random 

forest can be used in identifying and predicting whether a 
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Figure 1. Data visualization by endemic zone for both imbalance (a) and balanced (b) Malaria data. 

 

patient has malaria based on patient information, clinical 

symptoms and climatic features. 

 

2.2.4. Extreme Gradient Boosting Algorithm 

Extreme Gradient Boosting (XGBoost) is a highly effi- 

cient, scalable, and flexible machine learning algorithm 

based on the gradient boosting framework. It builds an 

ensemble of decision trees sequentially, where each tree 

corrects errors of its predecessor by minimizing a loss 

function using gradient descent. XGBoost incorporates 

L1 and L2 regularization to control overfitting and uses 

advanced techniques like parallelization and tree pruning 

for speed and efficiency [10], [11]. It is robust, accurate, and 

customizable, making it ideal for tasks like malaria predic- 

tion and analysis, where it identifies critical predictors such 

as symptomatic and climatic features. It provides feature 

importance for interpretability. 

2.3. Model Interpretability Techniques 

2.3.1. Feature Importance using Interpretable Machine 

Learning 

Feature importance quantifies the significance of fea- 

tures like rainfall, temperature, patient age, or endemic 

zones in predicting malaria risk, offering a global under- 

standing of the model. It offers insights into complex 

variable interactions, helping modelers refine predictive 

accuracy and ensure models align with domain expertise. 

Further, it identifies the most critical predictors, enabling 

targeted interventions or resource allocation. 

2.3.2. SHAP (Shapley Additive Explanations) 

SHAP provides local interpretability by explaining indi- 

vidual predictions with SHAP values based on cooperative 

game theory. It visualizes how specific variables such 

as clinical symptoms been yes or no effect an individ- 

ual patient’s risk score. This promotes trust in model 

predictions by clearly outlining the decision process for 

individual outcomes [12], [13]. 
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TABLE II: ConfUsIon MAtRIx of tHE ModELs 
 

 

Random forest Extreme gradient 

boosting 
 

  

Reference Reference 

Prediction Negative Positive Negative Positive 

Negative  204  4  200  7 

Positive 1 41 5 38 
 

 

 

 

2.3.3. Descriptive Machine Learning Explanations 

(DALEX) 

DALEX is an R package designed to help with the expla- 

nation and interpretation of machine learning models. It is 

useful for understanding how models work internally and 

how their predictions are made. DALEX is a powerful tool 

for interpretable Artificial Intelligence, making it easier to 

trust and understand random forest and Extreme Gradient 

Boosting algorithms. 

 

3. REsULts And DIscUssIon 

3.1. Visualization of Imbalance and Balanced Malaria 

Data 

The research demonstrates that malaria risk prediction 

in Kenya benefits significantly from balanced datasets, 

which improve model reliability and reduce bias. Data 

balancing techniques, such as oversampling, were used to 

mitigate a dataset imbalance of 82% negative and 18% 

positive results (Fig. 1). The results show the distribution 

of malaria test results across various endemic zones. For 

instance, the Lake Basin zone had a significant count of 

positive results compared to other zones. It emphasizes 

the need for tailored interventions based on regional data. 

Imbalanced datasets can lead to biased models, under- 

scoring the importance of using techniques to address this 

issue, such as oversampling [14]. Balanced data is crucial 

for accurate data analysis and modeling, as it prevents 

bias and improves the reliability of predictive models [15]. 

The data is balanced with 615 negative results (50%) 

and 615 positive results (50%). Understanding the spread 

and central tendency of malaria densities across different 

zones helps inform effective public health strategies and 

interventions. This helps optimize resource allocation and 

control efforts in line with World Health Organization 

“high-burden to high-impact” response, improving the 

effectiveness of interventions. 

3.2. Models Performance Metrics 

The following is a comparison of the performance met- 

ric of Random Forest and Extreme Gradient Boosting 

models for classification tasks using resampling (over- 

sampling) technique. 

The results (Tables II and III) show that random forest 

achieves higher accuracy 98% with its Confidence interval 

(CI) [0.954], [0.994], suggesting better overall predictive 

performance. Kappa measures the agreement between the 

actual and predicted values. Random Forest (Kappa = 
0.930) demonstrates stronger agreement, suggesting better 

performance. Sensitivity is the ability to detect true pos- 

itives. Both models perform equally well with sensitivity 

value of 0.911 and 0.844. Specificity measures the ability to 

detect true negatives. Random Forest excels in this regard. 

Random Forest has a significantly higher precision, mean- 

ing fewer false positives in its predictions. Random Forest 

generally performs better across most metrics (accuracy, 

precision, specificity, and F1 score). However, both models 

demonstrate strong sensitivity and good predictive abili- 

ties, making them reliable for malaria risk prediction. 

3.3. Feature Importance created for the Random Forest 

Algorithm 

The result (Fig. 2) identifies most critical features in 

predicting malaria cases using a Random Forest model. 

It helps in understanding the complex interaction between 

clinical symptoms, parasite type, and environmental con- 

ditions for robust predictive modeling. Clinical symptoms 

like nausea, Fatigue and fever are paramount in pre- 

dicting malaria, emphasizing the importance of clinical 

 

 
 TABLE III: ModELs PERfoRMAncE MEtRIcs  

Performance metric  Random forest Extreme gradient boosting 

Accuracy  0.980 0.952 

95% CI  (0.954, 0.994) (0.918, 0.975) 

No information rate  0.820 0.820 

P-value [Acc > NIR]  0.000 0.000 

Kappa  0.930 0.835 

Mcnemar’s test P-value  0.371 0.773 

Sensitivity  0.911 0.844 

Specificity  0.995 0.976 

Pos pred value  0.976 0.884 

Neg pred value  0.981 0.966 

Precision  0.976 – 

Recall  0.911 – 

F1  0.943 – 

Prevalence  0.180 0.180 

Detection rate  0.164 0.152 

Detection prevalence  0.168 0.172 

Balanced accuracy  0.953 0.910 
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Figure 2. Chart for feature importance created for the random forest algorithm. 

 

Figure 3. Chart for feature importance created for the XGBoost algorithm. 

 

assessment in malaria diagnosis [16]. The model effec- 

tively differentiates between different Plasmodium species, 

aiding in tailored treatment strategies. Plasmodium vivax 

is one of the malaria-causing parasites and contributes 

substantially to the prediction model compared to other 

parasite type [17]. Environmental factor such as rainfall is 

crucial, aligning with existing research on the impact of 

environmental conditions on malaria transmission [18]. 

3.4. Feature Importance created for the Extreme 

Gradient Boosting Algorithm 

The Feature Importance chart (Fig. 3) created for the 

XGBoost model demonstrates the necessity of considering 

a combination of clinical, environmental, and demo- 

graphic factors for robust malaria prediction models. 

Accurate identification of Plasmodium species in the body 

is essential for appropriate treatment and management. 

Factors such nausea, Fatique and fever are crucial in 

malaria risk prediction. their presence in predictive models 

enhances the accuracy and relevance of predictions [23]. 

3.5. Prediction Break Down Profile for the Random 

Forest Algorithm 

Random Forest Model chart (Fig. 4) exemplifies the 

contribution of each feature to the final prediction of the 

model. It is providing insights into the importance of each 

factor in the decision-making process of the Random For- 

est model. The final prediction value is 93%. The baseline 

prediction before considering any features is 0.224. It is 

the starting point for the prediction calculation. Clinical 

symptoms like nausea, muscle aches, fatigue, headache, 

and fever are critical in predicting malaria, highlighting 

their importance in clinical assessments. For instance, nau- 

sea (+0.08) contributes substantially to the prediction. 

This symptom is frequently reported by malaria patients, 

reflecting its relevance in the model [20]. Nausea is a 

common symptom in malaria patients and its presence 

suggests a higher likelihood of malaria [21]. Headaches are 

a frequent symptom in malaria patients, contributing to 

the overall model prediction [22]. The presence of differ- 

ent Plasmodium species significantly impacts the model’s 

predictions, featuring the need for accurate parasite identi- 

fication in malaria diagnosis and treatment. For example, 

the presence of Plasmodium falciparum (+0.065) in the 

body increases the prediction value. This species is known 

for causing severe malaria; thus, its presence strongly influ- 

ences the prediction [23]. The collective impact of all other 

factors slightly increases the prediction value, contributing 

to the overall model outcome. The breakdown profile helps 

interpret the model by showing how individual features 

contribute to the final prediction, enhancing transparency 

and trust in the model’s outputs. 
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Figure 4. Prediction break down profile for the random forest algorithm. 

 

Figure 5. Prediction break down profile for the XGBoost algorithm. 

 

Figure 6. Feature contribution chart to the final prediction of a RF algorithm. 

 

3.6. Prediction Break Down Profile for the XGBoost 

Algorithm 

The results of XGBoost model (Fig. 5) shows the con- 

tributions of different features to the final prediction of 

the model. The breakdown profile helps interpret the 

model by showing how individual features contribute to 

the final prediction, enhancing transparency and trust in 

the model’s outputs. The intercept value (represents the 

baseline prediction) starts at 0.183 and the final prediction 

value is 0.001. Nausea (−0.034) is a significant symptom of 
malaria, and its absence lowers the likelihood of a positive 
prediction [10]. The presence of Plasmodium falciparum 

(+0.031) in the body, a malaria-causing parasite, increases 
the prediction value. This species is known for causing 
severe malaria and is highly relevant in predicting malaria 

cases [19]. The absence of fever decreases the prediction 

value. Fever (–0.06) is a hallmark symptom of malaria, and 

its absence lowers the prediction likelihood [24]. 

3.7. Feature Contribution to the final Prediction of a 

Random Forest Algorithm 

The bar chart (Fig. 6) visualizes the contributions of 

each feature with SHAP (Shapley Additive Explanations) 

values to the final prediction of a Random Forest model. 
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Figure 7. Feature contribution chart to the final prediction of an XGBoost algorithm. 

 

Green bars indicate positive contributions, and the red bar 

indicates a negative contribution. The breakdown profile 

aids in understanding the model by showing how individ- 

ual features contribute to the final prediction, enhancing 

transparency and trust in the model’s outputs. Clinical 

Symptoms like nausea, muscle aches, fatigue, fever, and 

headache are critical in predicting malaria, highlighting 

the importance of thorough clinical assessments. A good 

example is Fatigue significantly influences the prediction 

and is often reported by malaria patients [25]. The pres- 

ence of different Plasmodium species namely; falciparum, 

malariae, ovale and vivax, significantly impacts the model’s 

predictions, featuring the need for accurate species identi- 

fication in malaria diagnosis and treatment. 

3.8. Feature Contribution to the final Prediction of an 

XGBoost Algorithm 

The bar plot (Fig. 7) illustrates the contribution of each 

feature to the final prediction of an XGBoost model for 

malaria cases. Each bar represents the importance of the 

corresponding feature, with associated error bars indicat- 

ing the uncertainty of the contribution. The breakdown 

profile helps interpret the model by showing how individ- 

ual features contribute to the final prediction, enhancing 

transparency and trust in the model’s outputs. The absence 

of chills has a minimal negative impact on the prediction. 

Chills often accompany fever in malaria cases, contribut- 

ing to the overall prediction [14]. 

 

 

4. ConcLUsIon And REcoMMEndAtIon 

Random Forest outperforms XGBoost in malaria risk 

prediction, with higher precision and specificity, making 

it more reliable for identifying true positives and reducing 

false positives. The integration of clinical, environmental, 

and demographic factors enhances model performance, 

highlighting the necessity of widespread data inputs. 

Feature importance analyses provided insights into key 

contributors to malaria predictions, stressing the signifi- 

cance of clinical assessments and environmental conditions 

in public health strategies. The integration of Explainable 

AI (XAI) into malaria risk prediction in Kenya represents 

a transformative approach to public health management. 

Successful implementation of XAI in predicting malaria 

risk presents a promising avenue for strengthening health 

systems across Kenya, ensuring that interventions are 

effective, equitable, and accessible for the communities 

most in need. As XAI continues to evolve, it promises to 

bridge the gap between advanced technology and practical 

healthcare implementation, ultimately supporting more 

resilient and evidence-based approaches to combating 

malaria and similar health challenges. 

 

 

AppEndIx 

LIst of ABBREvIAtIons 

CI Confidence Interval 

CV Cross Validation 

DALEX Descriptive mAchine Learning Explana- 

tions 

EXBoost Extreme Gradient Boosting 

RF Random Ferest 

SHAP Shapley Additive Explanations 

WHO World Health Organization 

XAI Explainable Artificial Intelligence 
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