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ABSTRACT 

Hospital readmission among patients with heart failure remains a major challenge for healthcare systems 

due to its high cost, increased mortality risk, and burden on limited medical resources. Early identification 

of patients at high risk of readmission is essential for improving clinical decision-making and reducing 

preventable hospital returns. However, traditional statistical approaches often struggle to capture complex 

nonlinear relationships within clinical datasets, while many machine learning models lack interpretability 

required for clinical adoption. This study develops an explainable machine learning framework for 

predicting 30-day hospital readmission among heart failure patients. Clinical and demographic data were 

analysed using multiple machine learning algorithms, and model performance was evaluated using 

standard classification metrics. To enhance interpretability and clinical relevance, SHapley Additive 

exPlanations (SHAP) were employed to identify the most influential predictors of readmission risk. The 

results demonstrate that the proposed model provides reliable predictive performance while offering 

transparent insights into the factors driving readmission. The findings highlight the potential of 

explainable machine learning to support risk-stratified patient management and improve healthcare 

planning. The study therefore recommends the integration of interpretable predictive analytics into 

clinical decision-support systems to reduce preventable heart failure readmissions. 

Keywords: Heart failure, Hospital readmission, Machine learning, Explainable AI, SHAP, Predictive 

modelling 

 

1. INTRODUCTION 

Heart failure remains one of the most pressing global health challenges, affecting an estimated 64 million 

people worldwide and continuing to rise due to ageing populations and the growing prevalence of 

comorbidities such as hypertension, diabetes mellitus, coronary artery disease, and obesity (Savarese et 

al., 2022; Ogah et al., 2023). The economic burden is substantial, with global costs estimated at $346 

billion annually, largely driven by hospitalisations and recurrent readmissions (Foroutan et al., 2023). 

Beyond financial costs, heart failure is associated with reduced quality of life, increased morbidity, and 

premature mortality, particularly among socioeconomically disadvantaged populations. 

In Nigeria, these challenges are intensified by economic and structural constraints. Following fuel subsidy 

removal and currency devaluation, inflation rose sharply to 34.19%, increasing pressure on household 

finances and healthcare access (Akinola, 2024). With most treatment costs paid out-of-pocket, many 

patients struggle to sustain medication use and follow-up care (Amaechi et al., 2024). Overstretched 

healthcare facilities often discharge patients without adequate post-discharge monitoring, contributing to a 

cycle of poor adherence, disease progression, and repeated hospitalisation. 
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The scale of the readmission problem is well documented. A global meta-analysis involving more than 

1.4 million patients found that 13.2% of heart failure patients are readmitted within 30 days of discharge, 

rising to 35.7% within one year, with associated mortality rates of 7.6% and 23.3%, respectively 

(Foroutan et al., 2023). Frequent readmissions strain healthcare systems, increase treatment costs, and 

highlight gaps in long-term disease management, making early identification of high-risk patients a 

critical priority (Savant et al., 2025). 

Recent years have witnessed growing interest in the use of machine learning to improve prediction of 

heart failure outcomes. Many predictive models rely primarily on clinical variables such as laboratory 

results, vital signs, and comorbidities (Ogunmodede et al., 2022). While these models have produced 

valuable insights, they often overlook the broader social and structural factors that shape patient 

outcomes. Increasing evidence shows that social determinants of health including economic stability, 

education, housing, healthcare access, food security, transportation, neighbourhood safety, and social 

support play a critical role in chronic disease management (Centers for Disease Control and Prevention, 

2024). In resource-limited settings, these determinants strongly influence medication adherence, access to 

care, and the ability to follow discharge instructions (Enard et al., 2023; Amaechi et al., 2024). Despite 

their importance, social determinants remain underrepresented in many predictive models, limiting their 

ability to identify vulnerable patients whose social and economic circumstances increase the likelihood of 

readmission. 

To address these limitations, this study develops an explainable machine learning framework that 

integrates social determinants of health with clinical variables to predict 30-day heart failure 

readmissions. By incorporating SHapley Additive exPlanations (SHAP), the approach enhances 

transparency and interpretability, supporting clinician trust and informed decision-making. Through the 

integration of social context into predictive analytics, the study aims to improve risk identification, 

support targeted interventions, and contribute to more equitable and effective heart failure care in 

resource-constrained settings. 

 

2. LITERATURE REVIEW 

Recent empirical studies have increasingly examined the use of advanced analytics and machine learning 

techniques to improve the prediction of heart failure outcomes, particularly hospital readmissions. This 

research direction has gained momentum as healthcare systems seek more reliable approaches for 

identifying high-risk patients and reducing preventable rehospitalisation. The growing body of literature 

highlights both the progress made in predictive modelling and the persistent limitations that remain, 

especially within resource-constrained healthcare environments. 

One of the foundational strands of this research focuses on the scale and persistence of heart failure 

readmissions worldwide. Foroutan et al. (2023) conducted a global comparison of readmission rates and 

confirmed that rehospitalisation remains a widespread challenge across diverse healthcare systems. 

Complementing this global perspective, Näher et al. (2025) examined the contemporary burden of heart-

failure-related hospitalisation and emphasised the continued need for preventive strategies and improved 

risk stratification. Within the African context, Ogah et al. (2023) highlighted the growing burden of heart 

failure in Nigeria, while Ogunmodede et al. (2022) identified key predictors of rehospitalisation among 

patients in North Central Nigeria. Together, these studies demonstrate that recurrent hospitalisation 

remains a persistent and context-sensitive challenge that requires improved predictive approaches. 

Building on this foundation, researchers have explored the limitations of traditional statistical approaches 

for predicting hospital readmission. Hidayaturrohman and Hanada (2024) reviewed predictive analytics in 

heart failure and concluded that conventional regression models often struggle to capture the complex 

relationships among clinical risk factors. Savant and Jitkar (2025) further argued that the increasing 

volume and complexity of healthcare data demand more advanced analytical techniques capable of 

modelling nonlinear interactions and high-dimensional datasets. These observations have encouraged the 

rapid adoption of machine learning methods in cardiovascular risk prediction. 
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A growing body of studies has demonstrated the advantages of machine learning algorithms in predicting 

heart failure outcomes. Sabouri et al. (2023) developed machine-learning-based models for readmission 

and mortality prediction and reported improved performance compared with traditional approaches. 

Similarly, Jahangiri et al. (2024) proposed an optimised feature-selection strategy for heart failure 

readmission prediction and showed that machine learning can enhance model accuracy when appropriate 

variables are selected. Hajishah et al. (2025) extended this evidence through a meta-analysis evaluating 

machine learning methods for predicting heart failure mortality and readmission, confirming the strong 

predictive potential of these techniques. More recent work by Pikatza Huerga et al. (2025) further 

reinforced the growing consensus that machine learning provides a robust framework for predicting heart 

failure readmissions. 

Alongside these developments, attention has increasingly shifted toward the role of social determinants of 

health in shaping patient outcomes. The Centers for Disease Control and Prevention (2024) emphasised 

that factors such as income, education, and access to healthcare services significantly influence long-term 

health outcomes. Enard et al. (2023) provided systematic evidence linking social determinants to heart 

failure outcomes, while Browder and Rosamond (2023) showed that patients with low socioeconomic 

status face increased risks of readmission. Within the Nigerian context, Amaechi et al. (2024) 

demonstrated how medication costs influence treatment adherence, highlighting the importance of 

economic barriers in chronic disease management. 

Researchers have increasingly explored the integration of social determinants into predictive models. 

Segar et al. (2022) compared machine learning models that incorporated social determinants with 

traditional models and found that the inclusion of socioeconomic variables improved predictive 

performance. Brown (2025) further demonstrated the benefits of combining clinical data with social 

determinants in readmission prediction, reinforcing the need for models that reflect real-world patient 

conditions. 

Another important development in recent literature is the emergence of explainable artificial intelligence. 

Petmezas et al. (2025) demonstrated how hybrid feature-selection and explainable machine learning can 

improve cardiovascular prediction while maintaining interpretability. Tang et al. (2026) similarly showed 

how SHAP-based interpretation techniques can enhance understanding of machine learning predictions in 

clinical settings. These advances address longstanding concerns regarding transparency and trust in 

machine-learning-based healthcare tools. 

Despite these advances, important gaps remain in the literature. Ahadzi et al. (2025) noted that 

readmission determinants differ across healthcare systems, while Adebayo et al. (2024) highlighted the 

need for locally relevant evidence in Nigerian healthcare settings. Many predictive models continue to 

rely on datasets from high-income countries, limiting their applicability to developing economies where 

healthcare infrastructure and socioeconomic conditions differ substantially. 

Overall, existing studies confirm the growing potential of machine learning for heart failure readmission 

prediction while also revealing persistent gaps in the integration of social determinants, interpretability, 

and context-specific research. Addressing these limitations provides the foundation for the present study, 

which develops an interpretable machine learning framework tailored to heart failure readmission 

prediction in resource-constrained environments. 

  

3. MATERIALS & METHODS 

In this study, we focused on predicting 30-day hospital readmissions among patients with heart failure 

using supervised machine learning techniques applied to a synthetic dataset of 800 admission episodes. 

The dataset was generated to reflect clinical and social determinants relevant to the Nigerian context, 

including age, comorbidities, NYHA class, socioeconomic status, and insurance coverage. Preprocessing 

steps included encoding categorical variables, normalization of continuous features, and addressing class 

imbalance using the Synthetic Minority Oversampling Technique (SMOTE). Three models were 

developed and evaluated: Logistic Regression, Random Forest, and XGBoost. Hyperparameters were 

tuned using cross-validation, and model performance was assessed using ROC curves and the area under 
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the curve (AUC), alongside accuracy, sensitivity, and specificity. Model interpretability was achieved 

through SHAP analysis. Global feature importance scores were derived by averaging absolute SHAP 

values across the cohort, while summary plots illustrated local variability in feature impact. Insights from 

SHAP analysis informed iterative refinement of the synthetic dataset and model architecture. The 

proposed framework is illustrated in Figure 1. 

 

 

Fig. 1. Machine Learning Pipeline Implementation Workflow 

3.1 Dataset Description 

The study utilized a synthetic dataset of 800 heart failure admission episodes, programmatically generated 

through a custom, rule-based Python script informed by clinical literature and contextual healthcare 

evidence. Each record represented a single hospitalization episode and incorporated both clinical 

variables (Age, NYHA Class, LVEF, Comorbidities, Length of Stay, Prior Admissions) and social 

determinants of health (SDoH) (Education Level, Employment Status, Socioeconomic Status, Insurance 

Coverage). The dataset also included a binary outcome variable indicating 30-day readmission status (1 = 

readmitted, 0 = not readmitted). 

 

Table 1 Descriptive statistics of the synthetic data set (N = 800) 

Variable Mean ± SD / Count (%) Range/ Categories 

Age 61.8 ± 13.2 years 30 – 90 years 

Sex 
Male: 51% (n≈408)  

Female: 49% (n≈392) 
Binary 

NYHA Class 

I: 15% (n≈120)  

II: 33% (n≈264)  

III: 34% (n≈272)  

IV: 18% (n≈144) 

Ordinal (I–IV) 
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Variable Mean ± SD / Count (%) Range/ Categories 

LVEF 41.6 ± 12.4 % 15 – 70 % 

Length of Stay 7.1 ± 2.9 days 2 – 15 days 

Previous Admission 
Yes: 42% (n≈336)  

No: 58% (n≈464) 
Binary 

Hypertension 
Present: 55% (n≈440)  

Absent: 45% (n≈360) 
Binary 

Diabetes 
Present: 39% (n≈312)  

Absent: 61% (n≈488) 
Binary 

Chronic Kidney Disease 
Present: 21% (n≈168)  

Absent: 79% (n≈632) 
Binary 

Education Level 

Low: 36% (n≈288)  

Medium: 42% (n≈336)  

High: 22% (n≈176) 

Categorical 

Employment Status Employed: 44% (n≈352) Unemployed: 56% (n≈448) Binary 

Socioeconomic Status 

Low: 39% (n≈312)  

Middle: 37% (n≈296)  

High: 24% (n≈192) 

Categorical 

Distance to Hospital 
Near: 59% (n≈472)  

Far: 41% (n≈328) 
Binary 

Insurance Status 
Insured: 47% (n≈376)  

Uninsured: 53% (n≈424) 
Binary 

30-Day Readmission 
Yes: 31% (n≈248)  

No: 69% (n≈552) 
Binary 

 

Fig. 2. Patient Demographic 
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Fig. 3. Clinical Variables 

 

Fig. 4. Patient Clinical Metrics 
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3.3 Data Preprocessing 

Mirroring methodologies used with real EHR data; a standardized preprocessing pipeline was 

implemented to ensure suitability for machine learning. 

 Variable categorization: A total of 13 predictor variables comprising both clinical and social 

determinants of health. 

 Outcome Variable: The binary target variable was 30-day hospital readmission, defined by 

whether a patient had an unplanned inpatient readmission to any hospital within 30 days of 

discharge from the index hospitalization.  

 Feature Encoding: Multi-class categorical variables such as Education Level, Socioeconomic 

status were transformed using one-hot encoding.  

 Feature Scaling: Numerical variables such as Age and Left Ventricular Ejection Fraction 

(LVEF) were standardized using Z-score normalization.  

 Binary Features: Variables such as Sex, Employment Status, Insurance Status, Diabetes, 

Hypertension, and Previous Admission History were retained as binary indicators.  

 Train-Test Split: The dataset was partitioned into a training set (80%, n=640) and a hold-out test 

set (20%, n=160) using a stratified random sampling technique. This ensured the distribution of 

the target variable (30-day readmission) was preserved in both subsets, providing a fair basis for 

evaluation. 

 Cross-validation: A 5-fold stratified cross-validation was applied to ensure robust evaluation. 

3.4 Model Development And Training 

The model development phase employed supervised machine learning approaches to predict 30-day 

hospital readmissions among patients with heart failure. Three distinct supervised machine learning 

algorithms were specified, configured, and trained on the prepared training data to develop the predictive 

model: 

1. Logistic Regression 

Logistic Regression was used as a baseline linear classification model for predicting 30-day heart failure 

readmission. The model is expressed as: 

 

P(Y=1|X) =                                                         (3.2) 

Where: P(Y=1∣X) denotes the probability of readmission, while β0 is the intercept that captures the 

baseline log-odds when all predictors are zero. The terms β1…βn are the coefficients that quantify the 

influence of each predictor variable, and X1…Xn are the actual patient-level features such as clinical 

measures or social determinants of health. The exponential constant e transforms the linear combination 

of predictors into a probability bounded between 0 and 1, ensuring that the output can be interpreted 

directly as the likelihood of readmission.  

2. Random Forest 

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

prediction accuracy and reduce overfitting. 

The model is expressed as: 

f̂  =                (3.3) 

Where: 

f̂  represents the final aggregated prediction for an input , obtained by combining the outputs of all 

trees in the forest, B denotes the total number of trees, while Tb ( ) is the prediction generated by the bth 

decision tree. 
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3. Extreme Gradient Boosting (XGBoost) 
XGBoost is a boosting algorithm that builds trees sequentially, where each new tree corrects errors made 

by previous trees. 

Objective Function: 

 

ObJ = +               (3.4) 

 

Where: , corresponds to the loss function, , is the regularization component, 

and K denotes the total number of trees. 

Each model was instantiated within a scikit-learn Pipeline that integrated the pre-processing steps and the 

model fitting procedure. Among the three evaluated models, Logistic Regression achieved the best 

balance between predictive performance and interpretability, with the highest AUC-ROC score of 0.6435, 

and was therefore selected as the final model for explainable analysis using SHAP 

3.5 Performance Evaluation Matrices 
The predictive models developed in this study; Logistic Regression, Random Forest, and XGBoost were 

evaluated using a diverse set of performance metrics. Since the outcome variable is binary (30-day 

readmission: Yes/No), classification metrics were employed to assess predictive accuracy and reliability. 

The definitions and mathematical formulations of these metrics are presented below. 

 Accuracy 
 Accuracy measures the proportion of correctly classified outcomes among all predictions. 

Accuracy =      (3.5) 

 

 Precision 
Precision evaluates the proportion of true positives among all cases predicted as positive. 

Precision =  

 Recall        (3.6)  

Recall assesses the ability of the model to identify positive cases, expressed as the proportion of true 

positives among all actual positives. 

Recall=        (3.7) 

 F1-Score  
The F1-Score is the harmonic mean of precision and recall, providing a balanced measure of 

classification performance. 

F1=       (3.8) 

 ROC-AUC The Area Under the Receiver Operating Characteristic Curve (ROC-AUC) quantifies 

the model’s ability to discriminate between positive and negative classes across different 

thresholds. Values closer to 1 indicate stronger discriminatory power. 

  
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AUC=       (3.9) 

AUC-ROC was prioritized as the main metric due to its sensitivity to class imbalance. 

3.6 Model interpretation: SHAP 

We applied SHAP Explainable AI (XAI) techniques, to improve the interpretability of our ma chine 

learning model and to clarify how specific attributes influenced predictions, ensuring transparency and 

making the decision-making process more accessible to domain experts. 

 

Fig 5 SHAP Analysis Workflow 

 

4. RESULTS AND DISCUSSIONS 

This section presents the key findings of the study across model evaluation, predictor importance, and 

explainability analysis. The results are illustrated using performance metrics, ROC curves, SHAP 

summary plots, and other explainable AI visualizations to provide insights into the prediction of 30-day 

heart failure readmission. 

4.1 Result Analysis 

Table 1 summarizes the comparative performance of the evaluated models. Logistic Regression 

demonstrated the strongest discriminative ability, achieving an AUC-ROC of 0.644, which exceeded the 

performance of Random Forest (0.583) and XGBoost (0.548). This result highlights Logistic Regression 

as the most effective model among those tested for distinguishing patient outcomes. In addition, the F1 

score of 0.918 reflects a balanced trade-off between precision and recall, underscoring the model’s 

reliability in handling class imbalance. The AUC-ROC was prioritized as the principal metric due to its 

robustness in evaluating classification performance under imbalanced data conditions. 
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Table 1 Model Performance Comparison 

Model Logistic Regression    Random Forest XGBoost 

AUC-ROC 0.644513 0.583381 0.548220 

Accuracy 0.85000 0.84375 0.80000 

Precision 0.848101 0.842767 0.849315 

Recall 1.000000 1.000000 0.925373 

F1 Score 0.918808 0.914676 0.885714 

 

 

4.2 ROC Curve Representation 

Figure 6 illustrates the ROC curves for the three models, providing a visual comparison of their 

discriminative performance. The curve for Logistic Regression consistently lies above those of Random 

Forest and XGBoost, reinforcing its superior predictive ability. Importantly, all models demonstrated 

measurable predictive signals above random chance (AUC = 0.5), with Logistic Regression showing the 

greatest separation between true positive and false positive rates. Figure 7 provides a focused depiction of 

the Logistic Regression ROC curve, offering a clearer view of its discriminative strength and 

complementing the comparative results. This graphical representation, taken together, complements the 

tabular results and provides intuitive evidence of the comparative strengths of the models. 

 

Figure 6 ROC Curves for Heart Failure Readmission Models 
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Figure 7 ROC Curves for Logistic Regression 

 

4.3 Identifying Influential Factors 

The SHAP analysis identified both clinical and social determinants of health as influential predictors of 

30-day heart failure readmission risk within the synthetic cohort. Fig 8 illustrates that Clinical severity, 

represented by NYHA Class III, emerged as the most influential predictor, followed by left ventricular 

ejection fraction (LVEF) and NYHA Class IV. Among social determinants, low socioeconomic status, 

education level, and distance to hospital were notable contributors. These findings indicate that both 

disease severity and socioeconomic conditions substantially shape readmission risk, underscoring the 

importance of integrating clinical and social factors in the developed explainable machine-learning 

framework. 
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Figure 8 SHAP XAI Framework For Feature Importance  

4.4 SHAP for Interpretability 
To demonstrate model explainability, SHAP visualizations were applied. Figure 9 illustrates how 

individual feature values influence predictions toward higher or lower readmission risk. Different colours 

represent different feature magnitudes. Red indicates high-risk values, while blue indicates low-risk 

values. The chart shows that larger inter-ventricular septal thickness, older age, longer hospital stay, and 

lower blood calcium concentration are associated with increased predicted risk. 
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Figure 9 SHAP XAI Framework For Distribution Of Feature Impact  

4.5 DISCUSSION OF FINDINGS 

The results of this study provide a proof-of-concept that an explainable machine learning framework 

integrating clinical variables and social determinants of health (SDoH) can be successfully developed for 

heart failure readmission prediction within a simulated Nigerian context. The Logistic Regression model, 

selected for its optimal balance of performance and interpretability, achieved an AUC-ROC of 0.6445, 

demonstrating predictive value that is 28.7% more accurate than random classification. This measurable 

gain, while moderate, confirms that the integrated feature set captures meaningful signals for risk 

stratification and affirms that a patient's risk profile is shaped by more than clinical factors alone. 

The SHAP-based explainability analysis yielded a critical and transparent insight, revealing NYHA Class 

III as the most influential predictor of readmission risk. This finding aligns strongly with established 

clinical knowledge and within the context of this synthetic data study, serves to validate the 

methodological soundness of the developed pipeline. More significantly, the application of SHAP 

successfully transformed the model's internal logic into clear visual explanations. This demonstrates a 

practical pathway to bridge the "black box" gap, offering clinician’s interpretable insights that are 

essential for building trust and facilitating the potential adoption of such data-driven tools in clinical 

decision-making. 

While the structured inclusion of SDoH features in this proof-of-concept did not elevate them above core 

clinical severity in relative importance, their contributions were still visible and interpretable, laying the 

groundwork for future validation with real patient data where social factors may exert stronger influence. 

This study’s primary contribution is the successful development of a reproducible, explainable AI 

methodology. The framework provides a foundational tool ready to uncover context-specific drivers of 

heart failure outcomes in Nigeria, moving beyond generic models toward solutions that are both clinically 

insightful and socially aware. 
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4.6 RECOMMENDATIONS 
Based on the findings of this proof-of-concept study, the following recommendations are made: 

 For Healthcare Application: The developed pipeline should be applied to real, de-identified 

patient data from Nigerian hospitals to train and validate a model that captures the true 

complexity of local readmission drivers. 

 For Further Research: Future studies should focus on acquiring and incorporating more 

granular, context-specific social determinants of health (e.g., detailed income brackets, specific 

barriers to medication access) to better quantify their impact within the Nigerian socioeconomic 

landscape. 

 For Clinical Integration: A pilot study should be designed to present the SHAP explanations of 

model predictions to Nigerian cardiologists and nurses, assessing how these explanations affect 

their trust in and adoption of the tool for patient risk stratification. 
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