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[bookmark: _Toc221022814]1. Introduction
[bookmark: _Toc221022815]Malaria and sickle cell anemia (SCA) are major, interlinked public health burdens in sub‑Saharan Africa. Their geographical co‑occurrence, particularly in regions such as Western Kenya, creates diagnostic difficulty because of shared presentations such as fever, anemia, fatigue, jaundice of the parasitic infection and the monogenic hemoglobin disorder (Talisuna & D'Alessandro, 2022). In resource‑limited settings, microscopy for malaria and hemoglobin electrophoresis for SCA are frequently inaccessible, driving misdiagnosis and mismanagement (Fitri et al., 2022; Yalley et al., 2024). Artificial intelligence (AI) and machine learning (ML) have emerged as potential tools to analyze complex, multi‑dimensional clinical data for diagnosis (Ahsan & Siddique, 2022). However, the opacity of advanced algorithms hampers clinical trust, a barrier that explainable AI (XAI) seeks to overcome by rendering predictions interpretable (Das & Rad, 2020; Janiesch et al., 2021). Ensemble learning, which combines multiple models, offers superior accuracy and robustness (Mahajan et al., 2023). When integrated with XAI (e.g., SHAP), ensembles can deliver both high performance and feature‑level transparency, aligning with the need for deployable diagnostic aids in low‑resource environments (Awe et al., 2025).
This review therefore aims to: (i) investigate critical data elements and challenges in diagnosing malaria and SCA; (ii) examine ML and XAI applications to mitigate these challenges; (iii) evaluate ensemble models for multi‑class classification (malaria, SCA, co‑infection, negative); and (iv) identify research gaps and propose future directions.
2. Critical Data Elements and Associated Challenges in Diagnosing Malaria and SCA
[bookmark: _Toc221022816]2.1 Demographic Data Elements
Demographic data including age, sex, geographic origin, travel history, ethnicity, and family history underpin risk stratification. For malaria, children under five and pregnant women are most vulnerable (Desai et al., 2007; Snow & Gilles, 2017), and endemicity varies spatially; residence in hyperendemic zones, such as Western Kenya’s lake basins, is a key risk (Githure et al., 2022; Otambo et al., 2022). For SCA, the HbS allele’s distribution reflects historical malaria selection; carrier frequencies reach 20–30% in parts of sub‑Saharan Africa (Piel et al., 2010). A family history of SCA or trait is a strong risk indicator (Kato et al., 2018). However, demographic data collection is rife with incompleteness and inaccuracies due to paper‑based systems, imprecise recording, and population mobility (Muriithi et al., 2025; Scott et al., 2016). Ethnicity data, though epidemiologically valuable, are sensitive; stigma around SCA may lead to non‑disclosure (Dyson, 2019). Privacy regulations (Kenya’s Data Protection Act 2019, GDPR) demand stringent safeguards that are hard to implement in low‑resource settings (Aloqaily et al., 2025; Hansen et al., 2021). These gaps introduce bias and missingness into ML training sets.
[bookmark: _Toc221022817]2.2 Clinical Data Elements
[bookmark: _Toc221022818]Clinical data comprise symptoms, signs, and medical history. Malaria presents acutely with fever, headache, myalgia, and can progress to severe anemia and organ failure (Organization, 2023). SCA is a chronic disorder punctuated by vaso‑occlusive crises causing severe pain, and chronic hemolysis leads to anemia, jaundice, and splenomegaly (Piel et al., 2023). Overlap of fever and anemia in co‑endemic regions creates diagnostic confusion: a febrile SCA patient may have intercurrent illness, crisis, or malaria co‑infection (Talisuna & D'Alessandro, 2022). Anchoring on a positive rapid malaria test risks missing SCA complications (Higgs & Wood, 2008; Mmbando et al., 2015). Pain assessment is subjective, poorly standardized, and underestimated, especially in busy outpatient settings (Dampier et al., 2017; Machado et al., 2024). Non‑specific symptoms mimic other tropical infections, and diagnostic overshadowing attributing new symptoms to SCA delays infection diagnosis (Childerhose et al., 2023). Health information systems remain fragmented, paper‑based, and lack interoperability, hindering longitudinal data aggregation for clinical and model‑training purposes (Muinga et al., 2018; Tayefi et al., 2021).
2.3 Laboratory Data Elements
[bookmark: _Toc221022820]Malaria diagnosis: microscopy is gold standard for species identification and parasite quantification but operator‑dependent; RDTs detect HRP‑2/pLDH at point of care, yet have limited sensitivity at low parasitemia ( < 100 parasites/µL), cannot quantify, and may yield false positives from persistent antigenemia (Mbanefo & Kumar, 2020; WHO, 2023). PCR is sensitive but confined to reference labs (Rahi & Sharma, 2022). SCA diagnosis: hemoglobin electrophoresis or HPLC is confirmatory, distinguishing HbSS disease from trait and other variants (Ryan et al., 2010). The solubility test offers rapid screening but cannot differentiate trait from disease, has reduced sensitivity in infants, and may produce false positives (Arishi et al., 2021). Access is profoundly inequitable: rural facilities often lack microscopes, electricity, or trained personnel (Fitri et al., 2022; Waweru, 2024). Electrophoresis is centralized, entailing costly travel and loss to follow‑up (Ndeezi et al., 2016). RDTs targeting only HRP‑2 can miss non‑falciparum species and cause false positives (Mbanefo & Kumar, 2020). Solubility test sensitivity/specificity is 85–99% (Mangla et al., 2023). Heterogeneity in reporting (e.g., parasite density metrics) and absence of population‑specific reference ranges complicate data harmonization for ML (Mienye & Jere, 2024; Nyengera et al., 2025).
Synthesis: A Diagnostic “Perfect Storm”
Thus, a cycle of incomplete risk profiles, overlapping symptoms, and tiered, often inaccessible diagnostics creates self‑reinforcing diagnostic uncertainty. This landscape is precisely where AI and ensemble modeling could integrate available imperfect data.
[bookmark: _Toc221022821]2.4 Data Integration and Quality Challenges
Integrating demographic, clinical, and laboratory data into ML‑ready datasets faces missing data, class imbalance, and generalizability issues. Missingness from logistical failures or incomplete workflows can bias imputation methods like MICE if assumptions are violated (Heymans & Twisk, 2022; Yanik et al., 2024). Co‑infection or rare SCA subtypes are minority classes, skewing models toward majority outcomes and reducing sensitivity for critical conditions (Alkhawaldeh et al., 2023). Models trained on one population often fail elsewhere due to genetic, environmental, and practice variations dataset shift (Muriithi et al., 2025). Moreover, ethical governance and privacy constraints require anonymization and data‑use agreements (Srinivasulu et al., 2025). These issues necessitate robust ensemble methods that can manage noisy, imbalanced data.
3. Machine Learning and Explainable AI in Addressing Diagnostic Challenges
[bookmark: _Toc221022822]3.1 Machine Learning Algorithms for Disease Classification
ML algorithms discern complex patterns in heterogeneous data. Random Forest (RF) uses bagging of decision trees, handles mixed data types, and provides feature importance; it has predicted acute chest syndrome in SCD (Mohammed et al., 2019; Zahr et al., 2024). Support Vector Machines (SVM) find optimal hyperplanes in high‑dimensional spaces, effective for genomic data and parasite species classification (Noble, 2006; Rosado et al., 2016). Gradient Boosting Machines (GBM) like XGBoost sequentially correct residual errors, achieving state‑of‑the‑art on tabular data; they predicted transfusion need in SCA (Mitterecker et al., 2020). Deep learning with CNNs revolutionized image‑based malaria detection and SCA morphology analysis but are black‑box, data‑hungry, and computationally intensive (Dong et al., 2017; Matek et al., 2021; Rajaraman et al., 2018).
Application synthesis: For malaria, models have integrated environmental and clinical variables for risk prediction (Briët et al., 2008; Nyengera et al., 2025) and temporal forecasting with RNNs (Masud et al., 2020). For SCA, ML on EHRs predicts vaso‑occlusive crises, stroke, and renal injury, with NLP extracting pain descriptors from notes (Childerhose et al., 2023; Yim et al., 2016). However, these studies remain binary or single‑disease, missing the critical multi‑class need in co‑endemic areas: discriminating malaria‑only, SCA‑only, co‑infection, and other febrile illnesses. The few co‑infection models (malaria‑typhoid) are proof‑of‑concept (Attai et al., 2024), but none address malaria‑SCA. This gap defines a pressing research avenue.
[bookmark: _Toc221022823]3.2 Explainable AI for Model Interpretability
[bookmark: _Toc221022824]The black‑box nature of high‑performing models limits clinical acceptance. XAI techniques provide post‑hoc explanations. SHAP, based on Shapley values, quantifies each feature’s contribution to a prediction, offering both global importance and local explanations (Lundberg & Lee, 2017). For instance, a high‑risk co‑infection prediction might be driven by severe anemia and positive RDT, offset by absence of jaundice. LIME approximates the model locally with a simpler surrogate but can be unstable (Alvarez-Melis & Jaakkola, 2018; Ribeiro et al., 2016). Intrinsically interpretable models (linear, decision trees) offer transparency but lower accuracy. XAI in malaria image analysis has exposed reliance on staining artifacts rather than parasite morphology (Yang et al., 2023); in SCA, SHAP revealed non‑linear interactions (e.g., bilirubin and HbF) that inform physiology (Tepakhan et al., 2025). The challenge is magnified in multi‑class diagnosis: clinicians need explanations that clarify why a co‑infection is predicted over a single disease. XAI integration must be a core design principle for ensemble diagnostic systems.
3.3 Addressing Data Challenges with ML and XAI
ML and XAI offer methodological strategies. Missing data: RF can handle via surrogate splits, but rigorous multiple imputation (e.g., MICE with RF) better preserves uncertainty (Tang & Ishwaran, 2017; Van Buuren & Groothuis-Oudshoorn, 2011). Class imbalance: cost‑sensitive learning assigns higher penalties to minority class errors; SMOTE and its variants generate synthetic minority samples (Chawla et al., 2002; Han et al., 2005). Ensemble undersampling (Easy Ensemble) improves recall (Liu et al., 2008). Feature selection: filters, wrappers, embedded methods, and SHAP‑guided prioritization help identify the most informative point‑of‑care tests (Awe et al., 2025; Guyon & Elisseeff, 2003). Bias auditing: XAI can detect disparate impact across subgroups by examining SHAP value distributions; mitigation can be performed pre‑, in‑, or post‑processing (Hardt et al., 2016; Obermeyer et al., 2019; Zhang et al., 2018). Ensemble models risk aggregating and hiding biases, making continuous fairness auditing essential (Mehrabi et al., 2021).
[bookmark: _Toc221022825]4. Ensemble Models for Multi-Class Classification of Malaria and SCA
Ensemble learning aggregates multiple base models to improve accuracy, robustness, and generalizability, ideal for the multi‑class diagnostic challenge. Bagging (e.g., Random Forest) reduces variance by averaging bootstrap samples; boosting (AdaBoost, XGBoost) sequentially corrects errors to reduce bias; stacking trains a meta‑learner on out‑of‑fold predictions from diverse base models, combining complementary strengths (Breiman, 2001; Chen, 2016; Friedman, 2001; Wolpert, 1992). Studies in malaria have used stacking with climate and socioeconomic data to predict incidence (Wang et al., 2019; Winch, 2025). In SCA, XGBoost ensembles predicted transfusion need and achieved AUC > 0.99 for subtyping from EHR data (Li et al., 2022; Strouse et al., 2024). However, no ensemble model yet addresses the four‑class malaria‑SCA paradigm. The interaction between parasitemia and hemoglobinopathy creates distinct feature distributions; a stacked ensemble could dedicate base learners to infection and hemolysis patterns, with a meta‑learner synthesizing co‑infection signals. A precedent exists: Attai et al. (2024) built an XAI‑integrated ensemble for malaria‑typhoid co‑infection.
Explainability via SHAP is crucial: global feature importance validates against medical knowledge; local explanations provide patient‑specific narratives, e.g., ‘co‑infection predicted because of positive RDT, severe anemia, SCA genotype.’ XAI also audits for biases across demographic groups (Mangla et al., 2023). Practical advantages include superior generalization, noise resilience, and synergy with XAI; limitations include computational overhead and overfitting risk, mitigated by efficient algorithms (LightGBM) and nested cross‑validation (Cawley & Talbot, 2010). Ultimately, ensemble success hinges on representative foundational data.
[image: ]
Figure 1 XAI Ensemble for Multi-class disease classification(OpenAI, 2026)
[bookmark: _Toc221022826][bookmark: _GoBack]5. Research Gaps and Future Directions
[bookmark: _Toc221022827]5.1 The Integrated Multi-Class Diagnostic Frameworks
The prevailing binary, single‑disease models are clinically obsolete in co‑endemic regions. Future work must develop unified four‑class classifiers using stacking ensembles that learn disease‑specific and interaction features (Talisuna & D'Alessandro, 2022).
[bookmark: _Toc221022828]5.2 Over-Reliance on Specialized vs. Accessible Data Modalities
[bookmark: _Toc221022829]High‑accuracy models often require digital microscopy or genomics, unavailable at primary care. Future direction: ‘minimal viable data’ AI using demographic details, symptoms, vital signs, POC test results (RDT, solubility, hemoglobin) a frugal AI paradigm (Gichoya et al., 2022). Models should report a deployability index.
5.3 The Underexplored Synergy of Ensemble Learning and Explainable AI
[bookmark: _Toc221022830]Current XAI application is post‑hoc, not tailored to end‑user needs. Future: human‑centered design with clinicians, ensemble‑specific XAI tracing contributions through meta‑learner, and validation using clinical utility metrics (Cheng et al., 2019).
5.4 Data Scarcity, Bias, and the Generalizability Crisis
Models trained on narrow datasets fail across populations. Future: multi‑center data consortia, federated learning to preserve privacy, and synthetic data via GANs to augment rare co‑infection cases (Agrawal et al., 2025; Figueira & Vaz, 2022).
[bookmark: _Toc221022831]5.5 From Algorithm to Impact: Navigating Ethical and Deployment Minefields
[bookmark: _Toc221022832]AI integration into workflows, bias auditing with tools like Fairlearn, implementation science for sustainable adoption, and context‑specific governance addressing accountability and community engagement are essential(Bellamy et al., 2019; Labrique et al., 2018; Organization, 2021).
6. Conclusion
This review has synthesized the interconnected diagnostic challenges of malaria‑SCA co‑endemicity and the potential of explainable ensemble ML. Ensemble architectures bagging, boosting, stacking offer robustness to noisy, heterogeneous field data, and when combined with SHAP, provide actionable, trust‑building explanations. However, research remains siloed in single diseases, relies on inaccessible data, and lacks human‑centered XAI for multi‑class settings. Future efforts should prioritize frugal, integrated diagnostic ensembles built on routine clinical data and co‑designed with end‑users. Collaborative data initiatives and privacy‑preserving techniques are needed to ensure generalizability and fairness. Realizing equitable AI‑augmented healthcare demands interdisciplinary work spanning ethics, implementation, and policy, ensuring these tools strengthen health systems and improve outcomes in the most resource‑constrained settings.
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