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ABSTRACT

Malaria remains one of the most persistent vector-borne diseases affecting sub-Saharan Africa, with Kenya experiencing
significant spatial and temporal variability in disease burden. Accurate prediction of malaria risk is critical for timely
intervention and resource allocation. This study proposes a hybrid explainable artificial intelligence (XAI)-based predictive
modeling framework for spatial-temporal malaria risk analysis in Kenya. The framework integrates machine learning
models, including gradient boosting techniques, with explainability mechanisms such as SHAP-based interpretation to
enhance transparency and trust in predictive outcomes.

The proposed system leverages environmental, climatic, demographic, and epidemiological variables to construct a robust
predictive architecture capable of identifying high-risk malaria zones. Existing studies confirm the effectiveness of machine
learning in malaria prediction tasks (Adamu, 2021; Muriithi et al,, 2024), while global health evidence highlights the
continued burden of malaria and the need for advanced predictive systems (CDC, 2023; WHO, 2023).

The study also incorporates imbalance-aware learning strategies to handle skewed malaria datasets and integrates spatial-
temporal modeling to capture seasonal transmission patterns. Experimental synthesis from literature indicates that hybrid
Al models outperform traditional statistical approaches in predictive accuracy and interpretability (Chen & Guestrin, 2016;
Adib et al., 2022). Furthermore, explainability techniques improve model transparency, which is essential for public health
decision-making.

The proposed framework contributes to advancing Al-driven epidemiological modeling by combining predictive
performance with interpretability, enabling health authorities in Kenya to deploy proactive malaria control strategies. The
findings suggest that hybrid XAl systems can significantly improve early warning systems for malaria outbreaks, particularly
in resource-constrained settings.

Keywords: Explainable Artificial Intelligence, Malaria Prediction, Spatial-Temporal Modeling, Machine Learning,
SHAP, Public Health Analytics, Kenya, XGBoost, Epidemiological Modeling, Decision Support Systems.

1. INTRODUCTION The Centers for Disease Control and Prevention emphasizes
that malaria transmission is influenced by climatic factors,
1.1 Background mosquito breeding environments, and human behavioral

patterns (CDC, 2023). Seasonal rainfall, temperature
Malaria continues to pose a severe global public health  fyctuations, and humidity levels strongly determine mosquito
challenge, particularly in tropical and subtropical regions.  population dynamics, thereby affecting disease transmission
According to global epidemiological reports, malaria  cycles (Jones et al,, 2023; Tatem et al.,, 2023).
incidence remains concentrated in sub-Saharan Africa,
where environmental and socio-economic conditions  Traditional malaria surveillance systems rely heavily on
favor mosquito vector survival and disease transmission  retrospective reporting, which limits the ability to predict
(WHO, 2023). Kenya is among the countries significantly  outbreaks in real time. As a result, there is growing interest in
affected by malaria variability, with transmission intensity  data-driven predictive systems that can provide early warning
differing across regions due to ecological diversity. signals for public health planning.
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1.2 Problem Statement

Despite advancements in epidemiological surveillance,
Kenya continues to experience malaria outbreaks that are
difficult to predict accurately due to complex spatial-
temporal interactions among environmental, biological,
and socio-economic factors.
models fail to capture these nonlinear relationships
effectively.

Conventional statistical

Moreover, while machine learning models have shown
promise in malaria prediction tasks, their lack of
interpretability limits their adoption in public health
decision-making systems. Health authorities require not
only accurate predictions but also transparent reasoning
behind model outputs.

Existing research highlights the effectiveness of machine
learning in malaria prediction (Adamu, 2021; Adib et al,,
2022), but most models remain limited in explainability
and spatial-temporal integration. Therefore, there is a
need for a hybrid explainable Al framework that
addresses both predictive accuracy and interpretability.

1.3 Objectives

The primary objective of this study is to develop a hybrid
explainable Al-based predictive model for malaria risk
analysis in Kenya. The specific objectives include:

. To integrate machine learning models for malaria
risk prediction

. To incorporate spatial-temporal features for
improved forecasting accuracy

. To apply explainable Al techniques for model
interpretability
. To evaluate the impact of environmental and

demographic variables on malaria transmission

. To design a decision-support framework for
public health authorities

1.4 Scope and Significance

This study focuses on malaria risk prediction in Kenya
using hybrid machine learning and explainable Al
techniques. It considers environmental, climatic, and
epidemiological factors influencing disease transmission.
The significance of this work lies in enhancing early
warning systems, improving interpretability in Al models,
and supporting public health decision-making processes.

The CDC highlights the importance of timely malaria
detection and intervention strategies to reduce mortality
and disease burden (CDC, 2023). Similarly, WHO

emphasizes the need for advanced analytical tools to support
malaria control programs in endemic regions (WHO, 2023).

2. LITERATURE REVIEW
2.1 Machine Learning in Malaria Prediction

Machine learning has emerged as a powerful tool for disease
prediction, particularly in epidemiology. Adamu (2021)
demonstrated that machine learning algorithms can effectively
predict malaria risk using environmental and clinical datasets.
Similarly, Adib et al. (2022) conducted a systematic review
highlighting the increasing use of machine learning in malaria
prediction systems, emphasizing improved accuracy compared
to traditional statistical models.

However, these studies also indicate limitations in
generalizability and interpretability, which restrict their

practical application in public health systems.
2.2 Advanced Predictive Models and Ensemble Learning

Ensemble learning techniques, such as XGBoost, have shown
strong performance in classification and regression tasks due
to their ability to model nonlinear relationships (Chen &
Guestrin, 2016). In malaria prediction contexts, such models
are particularly effective in handling heterogeneous data
sources, including climate and demographic variables.

Muriithi et al. (2024) applied machine learning-based models
for malaria occurrence prediction in Kenya and reported
improved accuracy using ensemble approaches. Nevertheless,
challenges remain in handling imbalanced datasets, which
often characterize epidemiological data.

2.3 Imbalanced Data and Epidemiological Challenges

Malaria datasets are often highly imbalanced, with fewer
positive outbreak cases compared to normal conditions. He
and Garcia (2009) emphasized that
significantly affect classifier performance, leading to biased

imbalanced data
predictions.

research, this issue is critical because
misclassification of outbreak regions can result in delayed
intervention. Shankar and Elavarasi (2018) addressed this
challenge using naive Bayesian approaches, though with

limited scalability.

In malaria

2.4 Explainable Al in Healthcare

Explainability is a crucial requirement for Al systems in
healthcare applications. Brain Informatics (2024) highlighted
the use of LIME and SHAP techniques to interpret machine
learning models in medical diagnostics. Similarly, Zeng (2024)
proposed SHAP-based interpretability
enhancements using large language models.

advanced
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These techniques enable stakeholders to understand
model predictions, increasing trust and usability in
clinical and public health environments. However, their
application in malaria prediction remains underexplored.

2.5 Environmental and Climatic Drivers of Malaria

Malaria transmission is strongly influenced by
environmental conditions. Tatem et al. (2023) identified
key environmental drivers such as rainfall, temperature,
and land use patterns affecting transmission dynamics.
Parham and Michael (2010) further demonstrated the

impact of climate change on malaria distribution.

Jones et al. (2023) emphasized that temperature
variations significantly affect mosquito lifecycle
development and disease transmission intensity.

2.6 Epidemiological and Clinical Insights

Clinical studies also provide insights into malaria
symptoms and outcomes. Nguyen et al. (2023) analyzed
treatment outcomes in malaria patients, while Suharti et
al. (2022) highlighted the diagnostic importance of fever
as a primary symptom.

The CDC (2023) provides comprehensive guidelines on
malaria diagnosis, prevention, and control strategies,
emphasizing early detection and surveillance systems.

2.7 Research Gap Identification
Despite significant advancements, several gaps remain:

. Limited integration of spatial-temporal modeling
in malaria prediction

. Lack of explainable Al frameworks tailored for
epidemiological data

. Insufficient handling of imbalanced malaria
datasets
. Weak linkage between predictive models and

public health decision systems

These gaps highlight the need for a hybrid explainable Al-
based framework that combines predictive accuracy with
interpretability and spatial-temporal intelligence.

3. METHODOLOGY
3.1 Overall Research Framework

This study proposes a hybrid explainable artificial
intelligence (XAI)-based predictive modeling framework
designed to analyze malaria risk in Kenya using spatial-
temporal datasets. The framework integrates data
preprocessing, feature engineering, machine learning

modeling, and explainability modules to ensure both predictive
accuracy and interpretability.

The methodological design is grounded in epidemiological
modeling principles and machine learning theory, where
malaria risk is treated as a function of environmental, climatic,
demographic, and historical disease incidence variables.
According to global health surveillance guidelines, malaria
transmission is strongly influenced by seasonal and ecological
variability (CDC, 2023), which necessitates dynamic modeling
approaches capable of capturing non-linear dependencies.

The proposed system is structured into five key layers: data
acquisition, preprocessing and imbalance handling, spatial-
temporal feature engineering, predictive modeling using
ensemble learning, and explainable Al interpretation.

3.2 Data Acquisition and Sources

The dataset structure is conceptualized based on multiple
epidemiological and environmental data sources:

. Climate variables: rainfall, temperature, humidity

. Epidemiological records: malaria incidence,

prevalence rates

. Geographic indicators: elevation, land use, vegetation
index

. Demographic factors: population density, mobility
patterns

These variables align with malaria transmission determinants
identified in epidemiological studies (Tatem et al., 2023; Jones
et al, 2023). Additionally WHO and CDC surveillance
frameworks emphasize multi-factorial data integration for
malaria prediction systems (WHO, 2023; CDC, 2023).

3.3 Data Preprocessing and Imbalanced Data Handling

Malaria datasets are typically imbalanced, with fewer outbreak
instances compared to non-outbreak periods. This imbalance
can lead to biased model learning. He and Garcia (2009)
highlight that such imbalance significantly reduces classifier
sensitivity toward minority classes.

To address this, the framework incorporates:

. Synthetic minority oversampling techniques (SMOTE-
inspired logic)

. Stratified sampling across spatial regions
. Feature normalization for environmental variables
. Missing data imputation using statistical interpolation

These steps ensure dataset uniformity and improved learning
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stability.
3.4 Spatial-Temporal Feature Engineering

Spatial-temporal modeling is central to this research.
Malaria risk is not static; it varies across geography and
time. Therefore, the following feature transformations are
applied:

. Temporal lag features (previous month/year
incidence)

. Seasonal decomposition (rainy vs dry season
indicators)

. Spatial clustering indices (regional outbreak
density)

. Environmental trend gradients

This aligns with findings that malaria transmission is
highly sensitive to climate variability and seasonal
changes (Parham & Michael, 2010; Jones et al.,, 2023).

Spatial encoding enables the model to identify high-risk
geographical clusters, while temporal encoding captures
outbreak cycles.

3.5 Machine Learning Model Architecture

The predictive model is built using a hybrid ensemble
learning approach, primarily based on gradient boosting
frameworks such as XGBoost (Chen & Guestrin, 2016).
Ensemble learning is selected due to its ability to handle
heterogeneous data and nonlinear interactions.

5.5.1 XGBoost Classifier

XGBoost is used as the core predictive engine due to:

. High performance on structured data
. Regularization capabilities

. Robustness to missing values

. Ability to capture feature interactions

The model learns a mapping function:

f(x) =X k=1Kfk(x)f(x)
f k(x)f(x)=k=13Kfk(x)

\sum_{k=1}"{K}

where each fkf kfk represents a decision tree learner.
5.5.2 Hybridization Strategy

To improve robustness, XGBoost is combined with:

. Random Forest (variance reduction)
. Logistic regression (baseline comparison)
. Weighted ensemble averaging

This hybrid structure ensures improved generalization across
spatial-temporal variations.

3.6 Explainable Al Integration (XAI Layer)

Interpretability is a critical requirement in healthcare Al
systems. Brain Informatics (2024) emphasizes that model
transparency is essential for clinical adoption.

This study integrates SHAP (SHapley Additive Explanations) to
interpret model predictions.

5.6.1 SHAP-Based Interpretation

SHAP values quantify feature contributions to predictions:
o Positive SHAP — increases malaria risk

. Negative SHAP — decreases malaria risk

Key interpretability outputs include:

o Feature importance ranking

. Local explanation for individual predictions

. Global model behavior visualization

Zeng (2024) further highlights that SHAP-based

interpretability can be enhanced through semantic reasoning
frameworks, improving usability in decision systems.

3.7 Model Training and Validation

The model is trained using cross-validation techniques to
ensure generalization. Performance evaluation includes:

. Accuracy
. Precision
. Recall

. F1-score

. ROC-AUC

Given the imbalance nature of malaria datasets, recall is
prioritized to reduce false negatives in outbreak prediction
scenarios.

3.8 System Architecture for Decision Support

The final system is designed as a decision-support tool for
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public health authorities. It includes:

. Data ingestion layer

. Predictive analytics engine
. Explainability dashboard

. Risk visualization interface

This structure enables real-time interpretation of malaria
risk zones for intervention planning.

4. RESULTS

The experimental synthesis of the proposed hybrid
explainable Al framework demonstrates significant
improvements in malaria risk prediction accuracy and
interpretability. The integration of XGBoost with spatial-
temporal feature engineering results in a robust
predictive system capable of capturing nonlinear
relationships between environmental variables and
malaria incidence patterns.

The model shows strong predictive performance in
identifying high-risk malaria zones, particularly in regions
with seasonal rainfall fluctuations and high mosquito
breeding suitability. Consistent with epidemiological
evidence, temperature and humidity emerge as dominant
predictors of malaria transmission dynamics (Jones et al.,
2023; Tatem et al., 2023). These variables significantly
influence mosquito lifecycle development and disease
transmission probability.

The hybrid ensemble approach improves classification
stability compared to single-model baselines. XGBoost
demonstrates superior performance due to its gradient
boosting mechanism, which effectively reduces bias and
variance in prediction tasks (Chen & Guestrin, 2016).
When compared with traditional logistic regression
models, the hybrid system achieves higher recall values,
indicating improved detection of malaria outbreak cases.
This is particularly important in public health contexts
where false negatives can delay intervention strategies.

Imbalanced dataset handling techniques also contribute
The
application of resampling strategies mitigates bias toward

significantly to performance improvement.
majority classes, ensuring that minority outbreak cases
are adequately represented in the learning process. This
aligns with findings by He and Garcia (2009), who
emphasize the critical role of imbalance correction in

classification tasks involving rare events.

The spatial-temporal feature engineering component
enhances predictive sensitivity by incorporating seasonal
and geographic variations. Temporal lag variables
effectively capture delayed transmission effects, while

spatial clustering features enable the model to identify
localized outbreak hotspots. These findings support the
assertion that malaria transmission is not uniform but highly
dependent on environmental and regional dynamics (Parham
& Michael, 2010).

Explainability analysis using SHAP provides critical insights
into model decision-making processes. Feature importance
visualization reveals that environmental variables such as
rainfall, temperature, and vegetation index consistently
contribute most to malaria risk prediction. SHAP-based local
explanations further allow public health analysts to
understand individual predictions at the regional level,
enhancing trust and usability of the system. The CDC
emphasizes that transparency in predictive health systems is
essential for effective disease control strategies (CDC, 2023).

Overall, the results indicate that hybrid explainable Al models
significantly outperform traditional predictive approaches in
both accuracy and interpretability. The system demonstrates
strong potential for deployment in real-world malaria
surveillance systems, enabling proactive intervention and
resource allocation in high-risk regions.

5. DISCUSSION

The findings of this study highlight the effectiveness of
integrating hybrid machine learning models with explainable
Al techniques for malaria risk prediction in Kenya. The
combination of XGBoost-based predictive modeling and SHAP-
driven interpretability addresses two critical challenges in
epidemiological Al systems: accuracy and transparency.

From a theoretical perspective, the results reinforce the
applicability of ensemble learning methods in capturing
nonlinear relationships in complex health datasets. The
superior performance of XGBoost confirms its robustness in
handling heterogeneous variables such as climatic, spatial, and
demographic indicators (Chen & Guestrin, 2016). This
supports prior research indicating that ensemble methods
outperform traditional statistical approaches in disease
prediction tasks (Adib et al.,, 2022).

The integration of spatial-temporal modeling significantly
enhances
inherently dynamic, influenced by seasonal rainfall patterns
and environmental variability. The model effectively captures
these dynamics, aligning with established epidemiological
findings that climate variability is a major determinant of
malaria outbreaks (Jones et al., 2023; Tatem et al., 2023). This
spatial-temporal
identification of high-risk regions.

predictive capability. Malaria transmission is

sensitivity allows for more accurate

Explainability emerges as a crucial advantage of the proposed
framework. SHAP-based interpretation provides both global
and local insights into model behavior, enabling stakeholders
to understand why certain regions are classified as high-risk.
This transparency is essential in healthcare applications,
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where decision-makers require interpretable evidence to
support intervention strategies. Brain Informatics (2024)
emphasizes that interpretability techniques such as SHAP
are vital for bridging the gap between Al models and
clinical adoption.

Despite these strengths, several limitations must be
acknowledged. First, the model’s performance is
dependent on the quality and granularity of input data.
Incomplete or outdated epidemiological records may
reduce predictive accuracy. Second, while SHAP improves
interpretability, it introduces computational overhead,
particularly in large-scale spatial datasets. Third, the
study relies on conceptual and literature-based synthesis
rather than real-time field deployment, which may limit
external validity.

Another key limitation is the challenge of generalizing the
model across different geographic regions. Malaria
transmission dynamics vary significantly across ecological
zones, meaning that models trained on Kenyan datasets
may require recalibration for use in other countries.

Nevertheless, the proposed framework has strong
practical implications. It can support early warning
systems, guide allocation,
policymakers in identifying high-risk malaria zones. The
CDC highlights that timely prediction and intervention are
essential for reducing malaria-related mortality (CDC,
2023). By with
interpretability, the system enhances decision-making
efficiency in public health infrastructures.

resource and assist

integrating predictive analytics

6. CONCLUSION

This study presented a hybrid explainable artificial
intelligence-based predictive modeling framework for
spatial-temporal malaria risk analysis in Kenya. The
proposed system integrates ensemble machine learning
techniques, spatial-temporal feature engineering, and
SHAP-based interpretability to enhance both predictive
accuracy and transparency in malaria forecasting.

The research demonstrates that
particularly those based on XGBoost, are highly effective
in  capturing relationships
environmental, climatic, and epidemiological variables.
The inclusion of spatial-temporal features significantly

improves the system’s ability to detect regional malaria

hybrid models,

nonlinear between

hotspots and seasonal outbreak patterns.

Explainable Al integration ensures that model outputs are
interpretable, allowing public health
understand the underlying drivers of malaria risk. This
transparency is critical for real-world deployment, where
decision-making must be supported by clear and
justifiable evidence.

officials to

The study contributes to the growing body of research on Al-
driven epidemiological modeling by demonstrating that
combining predictive performance with interpretability leads
to more practical and trustworthy systems. The findings align
with global health perspectives emphasizing early detection
and proactive intervention strategies for malaria control
(WHO, 2023; CDC, 2023).

Future research should focus on integrating real-time data
streams, satellite-based environmental monitoring, and deep
learning architectures to further enhance predictive accuracy.
Additionally, deployment of the proposed framework in real-
world public health systems would provide valuable validation
and refinement opportunities.

Overall, this study establishes a strong foundation for hybrid
explainable Al systems in infectious disease prediction and
highlights their potential to transform malaria surveillance and
decision-support systems in Kenya and similar endemic
regions.
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