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ABSTRACT 

This study formulates malaria outbreak prediction in Nigeria as a supervised spatiotemporal classification 

problem using integrated epidemiological, climatic, and socioeconomic data from 2015–2022. Monthly 

state-level malaria incidence data from the Nigerian Centre for Disease Control were combined with 

meteorological variables from the Nigerian Meteorological Agency and socioeconomic indicators from 

the Demographic and Health Surveys and World Bank, with feature engineering incorporating lagged 

climatic variables, moving averages, nonlinear interaction terms, and spatial encodings. Three machine 

learning classifiers; Random Forest, Extreme Gradient Boosting (XGBoost), and Support Vector Machine 

were trained using a temporal 80/20 split and evaluated with accuracy, precision, recall, F1-score, and 

AUC-ROC. XGBoost achieved the best performance (accuracy = 89.7%, recall = 89.1%, AUC = 0.946) 

with low cross-validation variance, indicating strong generalization, largely due to its capacity to model 

nonlinear relationships and temporal dependencies, particularly lagged rainfall and humidity effects. The 

results confirm that gradient-boosted ensemble models provide a statistically robust framework for 

malaria outbreak prediction in heterogeneous, climate-sensitive environments and support the 

development of predictive early-warning systems for proactive malaria control in Nigeria. 
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1. INTRODUCTION 

Malaria continues to be a major public health issue in Nigeria, a country with the highest burden of 

malaria cases and deaths globally. The World Health Organization (2024) identified that in 2023, Nigeria 

bears the world's highest burden of malaria with more than 27% of global malaria cases and 30.9% of 

deaths. This public health emergency is worsened by numerous climatic and socio-environmental factors, 

such as rainfall patterns, temperature, poor drainage systems, and poor housing conditions which are 

factors that foster the breeding of mosquitoes and the spread of the disease (WHO, 2023). Also, according 

to WHO Malaria is the most significant public health problem in Nigeria. The economic cost of malaria, 

arising from cost of treatment, loss of productivity and earning due to days lost from illness, may be as 

high as 1.3% of economic growth per annum. The disease is a major cause of maternal mortality and poor 

child development. Traditionally, the malaria problem has been seen as a challenge for the health sector 

alone with little or no involvement by other sectors or the general community. 

Malaria surveillance is the continuous and systematic collection, analysis and interpretation of malaria-

related data, and the use of that data in the planning, implementation and evaluation of public health 

practice. Improved surveillance of malaria cases and deaths helps ministries of health determine which 

areas or population groups are most affected and enables countries to monitor changing disease patterns. 

Strong malaria surveillance systems also help design effective health interventions and evaluate the 

impact of malaria control programmers. 

Traditional malaria surveillance in Nigeria mainly relidelays reportingtio of health facility-based 

reporting, routine surveys, and community level data collection, but these methods of surveillance face 

significant challenges due to inaccurate reports, reporting delay, and lack of responsiveness to 
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environmental data. Khan et al. (2024) say that these limitations are making it harder to detect outbreaks 

quickly which heavily impact public health responses and make it hard to use resources effectively, which 

can lead to waste and inefficiency. 

However, the recent advancement in machine learning (ML) and artificial intelligence (AI) has 

demonstrated quite a considerable potential in the prediction of malaria outbreaks, enhancing the 

allocation of resources, and enhancing early intervention strategies (Adamu et al., 2021). 

Machine learning (ML), which is a subset of Artificial intelligence (AI), has a high chance of making 

accurate predictions of malaria based on identifying trends in big data that encompass environmental and 

epidemiological factors (Folorunsho et al., 2025). Current studies in African settings have indicated that 

ML algorithms, including Random Forest, XGBoost, and Support Vector Machines, can effectively 

predict malaria trends, thus enabling early intervention (Abboubakar et al.,2025). 

In Nigeria, however, machine learning for malaria prediction is still limited, particularly at the local 

government level or community levels. This dissertation seeks to fill this gap by developing a malaria 

prediction model using machine learning with Nigeria as a case study and integrating historical case data 

and climatic factors in order to establish a proactive predictive model. 

1.1 Problem Statement  

Despite decades of intervention, Nigeria is still unable to curtail malaria transmission and deaths. Current 

surveillance activities continue to be reactive, not proactive, and do not provide predictive information for 

the sake of guiding pre-emptive public health responses. Additionally, most current African malaria 

prediction studies are not geographically specific and cannot be scaled up to Nigeria's diverse ecological 

zones. There is a major shortage of available, accessible, localized, and data-driven systems that can 

provide accurate predictions of the risks posed by malaria across the different regions of Nigeria. This 

significant gap poses major challenges that prevent effective public health planning, especially in those 

underfunded states where the frequency of disease outbreaks can easily overwhelm the available 

healthcare systems. Consequently, it is of paramount importance to prioritize the creation of a machine 

learning-based system that is specially designed to address the distinct climatic and epidemiological 

realities that are present in Nigeria. This system would be critical in facilitating more effective prevention 

of malaria outbreaks in the country. 

 

2. LITERATURE REVIEW 

Malaria remains one of the most persistent and life-threatening infectious diseases affecting tropical and 

subtropical regions of the world, particularly sub-Saharan Africa. The disease continues to place 

enormous pressure on healthcare systems, economies, and social development due to its high rates of 

morbidity and mortality. In Nigeria, malaria remains a major public health challenge because of 

favourable climatic conditions, weak healthcare infrastructure, poor environmental sanitation, poverty, 

and inadequate access to preventive healthcare services. Environmental factors such as rainfall, humidity, 

temperature, and stagnant water bodies create ideal breeding conditions for mosquitoes, thereby 

increasing the rate of malaria transmission. The disease affects productivity, increases healthcare 

expenditure, contributes to maternal and child mortality, and weakens economic growth. Despite 

continuous interventions such as insecticide-treated nets, indoor residual spraying, and antimalarial 

therapies, malaria transmission remains widespread across many regions of the country. This persistent 

burden has created the need for more proactive and intelligent approaches capable of predicting outbreaks 

before they occur. 

The emergence of machine learning and artificial intelligence has significantly transformed disease 

surveillance and predictive healthcare systems. Machine learning enables computer systems to learn 

patterns from historical datasets and make predictions without explicit programming. Unlike traditional 

statistical methods that often rely on rigid assumptions, machine learning models are capable of 

identifying hidden relationships among complex variables and improving predictive performance over 

time. In healthcare and epidemiology, machine learning has become increasingly important because of its 

ability to process large amounts of climatic, demographic, environmental, and epidemiological data 
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simultaneously. These capabilities support the development of predictive systems that can forecast disease 

outbreaks, identify high-risk regions, and improve public health planning. 

Traditional malaria surveillance systems in many developing countries are often limited by delayed 

reporting, incomplete health records, and weak integration of environmental variables into disease 

monitoring frameworks. These limitations reduce the effectiveness of public health interventions because 

outbreaks are usually detected after transmission has already intensified. Machine learning addresses 

these shortcomings by enabling predictive analytics that support early warning systems and proactive 

disease control strategies. Through the analysis of historical trends and environmental conditions, 

machine learning systems can forecast malaria outbreaks before they occur, thereby allowing healthcare 

authorities to allocate resources more effectively and implement preventive interventions in vulnerable 

regions. 

Several machine learning algorithms have demonstrated strong effectiveness in disease prediction and 

outbreak forecasting. Random Forest, Support Vector Machine (SVM), and Extreme Gradient Boosting 

(XGBoost) are among the most widely used algorithms because of their ability to process complex and 

high-dimensional datasets. These models are highly effective in handling non-linear relationships among 

climatic and socioeconomic variables such as rainfall, temperature, humidity, population density, 

healthcare access, and poverty levels. They are also capable of managing missing values, noisy datasets, 

and class imbalance problems that commonly exist in epidemiological data. 

Random Forest is an ensemble learning algorithm that combines multiple decision trees to improve 

predictive accuracy and reduce overfitting. The model operates by generating several decision trees using 

random subsets of training data and predictor variables, after which predictions are aggregated through 

majority voting. This approach improves model stability and enhances generalization across different 

datasets. Random Forest is highly suitable for malaria prediction because malaria transmission depends 

on numerous interacting environmental and socioeconomic variables. The algorithm also provides feature 

importance rankings, making it possible to identify the factors that contribute most significantly to 

malaria outbreaks. Its robustness against noisy and incomplete datasets makes it highly valuable for 

healthcare systems where data quality may vary across regions. 

Support Vector Machine is another supervised machine learning algorithm widely used for classification 

tasks. The algorithm identifies an optimal decision boundary that separates different classes while 

maximizing the margin between them. In situations where the data is not linearly separable, SVM utilizes 

kernel functions such as the Radial Basis Function to transform the data into higher-dimensional feature 

spaces where classification becomes more effective. SVM is especially useful in handling complex and 

overlapping disease patterns influenced by climatic and demographic variables. The model performs well 

in high-dimensional feature spaces and is effective even when datasets are relatively small or sparse. 

These characteristics make it suitable for distinguishing outbreak and non-outbreak conditions in malaria 

surveillance systems. 

Extreme Gradient Boosting (XGBoost) has emerged as one of the most powerful machine learning 

algorithms for predictive analytics and outbreak forecasting. The algorithm builds decision trees 

sequentially, where each new tree attempts to correct the prediction errors made by previous trees. 

XGBoost incorporates regularization techniques that reduce overfitting and improve model 

generalization. It is highly efficient in handling structured datasets and capturing hidden interactions 

among environmental, climatic, and epidemiological variables. The algorithm also supports automatic 

handling of missing values and delivers high computational efficiency, making it appropriate for large-

scale disease surveillance systems. Its strong predictive performance has made it increasingly popular in 

healthcare analytics and public health research. 

 

3.RESEARCH METHODOLOGY 

The research follows a quantitative approach supported by predictive modelling techniques. This 

approach is suitable for the main aim of the research, which is building a machine learning model capable 

of accurately forecasting malaria cases in Nigeria based on historical epidemiological, climatic, and 
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environmental data. Quantitative research focuses on objectivity, numerical evaluation, and empirical 

confirmation, all of which are essential for training, validating, and testing the accuracy of predictive 

models with structured datasets. 

The performance evaluation employs comprehensive metrics suitable for medical diagnosis applications 

Classification Metrics: 
 Accuracy 

(TP + TN) / (TP + TN + FP + FN) ……………………………………………eq1 

 Sensitivity  

TP / (TP + FN) ………………………………………………………………eq2 

 Specificity: 

TN / (TN + FP) ………………………………………………………………..eq3 

 Precision:  

TP / (TP + FP) ……………………………………………………………….eq4 

F1-Score: 2 × (Precision × Recall) / (Precision + Recall) ………….………eq5 

 

Table 3.1 Comparative Performance Metrics of Machine Learning Models 

Model Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-Score 

(%) 

AUC-

ROC 

Training Time 

(seconds) 

Random 

Forest 

87.3 84.6 86.9 85.7 0.924 142.6 

XGBoost 89.7 88.2 89.1 88.6 0.946 98.4 

SVM  83.1 81.4 82.7 82.0 0.887 324.8 

 

Table 3.2 XGBoost Model Performance by Season and Year 

Period Quarters  Season Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-Score 

(%) 

Number of 

Outbreaks 

2021  Q1 Dry 91.2 88.4 85.7 87.0 18 

Q2 Transitional 86.5 84.3 83.1 83.7 42 

Q3 Peak Rainy 88.9 87.6 90.2 88.9 78 

 Q4 Late Rainy 89.4 88.9 89.7 89.3 56 

2022 Q1 Dry 92.1 90.2 87.9 89.0 21 

Q2 Transitional 85.8 83.1 84.6 83.8 48 

 Q3 Peak Rainy 89.7 88.4 91.3 89.8 83 

Q4 Late Rainy 90.1 89.6 90.8 90.2 62 

 

Table 3.3 Random Forest Performance by Season and Year 

Period Quarters Season Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-Score 

(%) 

Number of 

Outbreaks 

2021 Q1 Dry 90.5 87.8 84.9 86.3 18 

Q2 Transitional 85.2 82.9 81.7 82.3 42 

Q3 Peak Rainy 87.6 86.3 88.9 87.6 78 

Q4 Late Rainy 88.3 87.5 88.4 87.9 56 

2022 Q1 Dry 91.3 89.1 86.5 87.8 21 

Q2 Transitional 84.9 81.8 83.2 82.5 48 

Q3 Peak Rainy 88.4 87.2 90.1 88.6 83 

Q4 Late Rainy 89.2 88.4 89.6 89.0 62 
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Table 3.4 SVM Performance by Season and Year 

Period Quarters Season Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-Score 

(%) 

Number of 

Outbreaks 

2021 Q1 Dry 89.8 86.9 83.6 85.2 18 

Q2 Transitional 84.1 81.5 80.4 80.9 42 

Q3 Peak Rainy 86.7 85.1 87.8 86.4 78 

Q4 Late Rainy 87.5 86.7 87.6 87.1 56 

2022 Q1 Dry 90.6 88.3 85.2 86.7 21 

Q2 Transitional 83.7 80.9 81.8 81.3 48 

Q3 Peak Rainy 87.9 86.5 89.4 87.9 83 

Q4 Late Rainy 88.7 87.9 89.1 88.5 62 

 

 

4. RESULTS AND FINDINGS OF THIS STUDY 

XGBoost outperformed Random Forest and Support Vector Machine with an accuracy of 89.7% and 

AUC-ROC of 0.946, supporting recent studies that favor gradient boosting methods for predicting health 

outcomes with complex relationships. Its high recall rate of 89.1% means it can detect nearly 9 out of 10 

malaria outbreaks, enabling timely interventions like reactive case detection and distribution of 

antimalarial tools. This sensitivity exceeds the 80% threshold set by the World Health Organization, 

making the model suitable for Nigeria's malaria control efforts. 

The model displays strong performance across time and geography, particularly during peak rainy seasons 

(91.3% recall in 2022 Q3), while maintaining over 85% accuracy during transitional periods. This 

consistency across diverse ecological zones, from the arid Sahel to humid Rainforest areas, confirms that 

machine learning can effectively capture malaria transmission dynamics. 

Feature importance analysis showed that climatic factors, especially the 30-day moving average of 

rainfall and lagged precipitation, were most significant, highlighting their role in Anopheles mosquito 

dynamics. Interaction terms like Temperature × Humidity also underscored the complex environmental 

influences on transmission. Healthcare access, while lower in importance, indicates that health system 

capacity is a factor, suggesting models that include socioeconomic determinants yield better predictions 

than those focused solely on climate. 

4.2 Summary of Findings 

To address the high burden of malaria in Nigeria, this study developed a predictive system comparing 

three machine learning models: XGBoost, Random Forest, and Support Vector Machine. By integrating 

eight years of climate, socioeconomic, and epidemiological data (2015–2022), the research identified 

XGBoost as the superior model, achieving an impressive 89.7% accuracy and a high recall rate. The 

analysis revealed that rainfall patterns—specifically one-month lags and 30-day averages are the most 

critical predictors of malaria incidence, followed by the synergistic effects of temperature and humidity. 

Socioeconomic factors like healthcare access also played a vital role in the model's ability to forecast 

transmission across Nigeria’s diverse ecological zones. 

The resulting system provides a validated "early warning" tool capable of forecasting malaria outbreaks 1 

to 2 months in advance. This performance exceeds the World Health Organization’s 80% accuracy 

threshold for operational surveillance, proving that machine learning can effectively transform imperfect 

health data into actionable insights. By shifting public health efforts from reactive treatment to proactive 

prevention, this tool offers a robust framework for malaria control programs to allocate resources, such as 

bed nets and medication, more efficiently before seasonal spikes occur. 

 

5. CONCLUSION 

This research confirms that machine learning specifically the XGBoost algorithm can accurately forecast 

malaria outbreaks in Nigeria with 89.7% accuracy. By analyzing historical climate and socioeconomic 

data, the model provides a 1 to 2-month lead time, allowing public health officials to shift from reacting 
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to outbreaks to proactively deploying resources like bed nets and medications. The study proves that 

rainfall patterns and healthcare access are the primary drivers of malaria risk, and notably, the system 

maintains high reliability across Nigeria’s diverse geographical zones, from the arid North to the humid 

South. 

While the model is highly effective, its success depends on the quality of reported data and the 

assumption that future outbreaks will follow historical patterns despite challenges like climate change. 

Nevertheless, this prototype exceeds the World Health Organization’s standards for disease surveillance 

and offers a scalable blueprint for other resource-constrained nations. By integrating this predictive tool 

into national health programs, Nigeria can transform routine data into actionable foresight, saving lives by 

staying ahead of transmission spikes rather than struggling to contain them after they occur. 

 

5.1 RECOMMENDATIONS 

Based on the findings of this research, the following recommendations are proposed for various 

stakeholders involved in malaria control and health system strengthening in Nigeria: 

i. Formal Institutional Integration: The Federal Ministry of Health and the NCDC should formally 

adopt the XGBoost model into the national surveillance framework. This includes codifying its 

use in policy, establishing dedicated units for model maintenance, and ensuring a phased rollout 

starting with pilot states like Lagos and Kano—before scaling nationwide. 

ii. Data Infrastructure & Legislative Support: Government agencies must prioritize investments in 

digital health infrastructure, such as expanding automated weather stations and improving 

reporting from private hospitals. Accompanying this, the National Assembly should enact laws to 

ensure seamless data sharing between health (NCDC) and climate (NiMet) agencies while strictly 

protecting patient privacy. 

iii. Proactive Resource Allocation: Health departments should create strict protocols that link "risk 

alerts" (Low to Very High) to specific preemptive actions. This shifts the budget toward 

anticipatory spending—such as pre-positioning medicine and bed nets 1–2 months early—which 

is more cost-effective than responding to a full-scale outbreak after it begins. 

iv. Digital Platform & Workforce Integration: To ensure high adoption, the prediction tool should be 

integrated directly into existing systems like DHIS2, rather than being a standalone app. This 

must be supported by tiered training for everyone from data scientists to community health 

workers, ensuring they can interpret and act on risk scores within their daily workflows. 

v. Community-Centric Risk Communication: Predictions must be translated into culturally 

appropriate messages for the public. During high-risk windows, authorities should launch 

targeted radio broadcasts and town hall meetings in local languages to encourage bed net use and 

prompt medical care, tailoring the approach to suit different regional contexts (e.g., rural vs. 

urban). 

vi. Continuous Maintenance & Sustainability: To remain accurate against climate change and 

evolving drug resistance, the model requires quarterly retraining and regular cost-effectiveness 

audits. Establishing partnerships with local universities ensures a steady pipeline of technical 

expertise, while feedback loops from the field allow the model to learn from real-world successes 

and failures. 
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