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Abstract 

Improving healthcare outcomes and facilitating prompt treatments depend on the early identification of high-risk 

individuals. This paper presents a comprehensive machine learning framework for predictive health risk assessment by 

integrating clinical, demographic, and lifestyle data from multiple sources. The proposed framework includes systematic 

data preprocessing, feature selection, and model development using ensemble and deep learning techniques to ensure 

accurate and reliable predictions. Explainable Artificial Intelligence (XAI) methods are incorporated to provide 

interpretable insights into critical risk factors, thereby supporting clinical decision-making. The framework is evaluated 

on benchmark healthcare datasets for predicting chronic diseases such as diabetes and cardiovascular disorders. 

Experimental results demonstrate that the proposed approach outperforms conventional statistical models in terms of 

accuracy, precision, recall, and Area Under the Receiver Operating Characteristic Curve (AUC-ROC). The findings 

highlight the potential of machine learning to transform predictive healthcare by enabling early intervention and 

personalized treatment strategies. 
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1. Introduction 

The global burden of chronic diseases such as diabetes, cardiovascular diseases, and hypertension has increased 

significantly over the past few decades. These conditions often develop gradually and remain undetected until severe 

complications arise, resulting in increased healthcare costs and reduced quality of life. Early identification of individuals 

at high risk is therefore critical for timely intervention and effective disease management. 

Traditional risk assessment methods in healthcare primarily rely on statistical models and rule-based scoring systems. 

While these approaches are clinically validated, they often fail to capture complex, non-linear relationships among 

diverse health indicators. The rapid growth of electronic health records (EHRs), wearable devices, and health surveys 

has led to the availability of large-scale, heterogeneous healthcare data, creating new opportunities for data-driven 

predictive modeling. 

Machine learning (ML) techniques have shown remarkable success in extracting meaningful patterns from complex 

datasets and generating accurate predictions. However, challenges such as data quality issues, model interpretability, and 

clinical trust remain barriers to real-world adoption. To address these challenges, this research proposes a machine 

learning framework that combines robust predictive models with explainable AI techniques to enhance transparency and 

clinical usability. 

The main contributions of this paper are as follows: 

• Development of an end-to-end machine learning framework for health risk prediction. 

• Integration of ensemble and deep learning models for improved predictive performance. 

• Incorporation of explainable AI techniques to identify key risk factors. 

• Comprehensive evaluation using benchmark healthcare datasets. 
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2. Related Work 

Several studies have explored the application of machine learning in predictive healthcare. Logistic regression, decision 

trees, and Cox proportional hazards models have traditionally been used for disease risk prediction. While these models 

offer interpretability, their predictive accuracy is often limited. 

Recent research has demonstrated the effectiveness of advanced ML algorithms such as Random Forests, Support Vector 

Machines (SVM), Gradient Boosting, and Neural Networks in predicting chronic diseases. Ensemble learning 

approaches, which combine multiple classifiers, have been shown to improve robustness and generalization 

performance. 

Deep learning models, particularly multilayer perceptrons and recurrent neural networks, have also gained attention for 

their ability to model complex feature interactions. However, their black-box nature raises concerns regarding 

interpretability in clinical settings. 

Explainable AI methods such as SHAP (SHapley Additive exPlanations) and LIME (Local Interpretable Model-

Agnostic Explanations) have been introduced to address these concerns by providing insights into model predictions. 

Despite these advances, there is a need for integrated frameworks that balance accuracy, interpretability, and clinical 

relevance, which this study aims to achieve. 

 

3. Proposed Methodology 

 

Figure 1 illustrates the overall architecture of the proposed machine learning framework for predictive health risk 

assessment. The framework follows a systematic pipeline beginning with data acquisition and ending with explainable 

risk prediction outputs. 

The key stages include data collection, preprocessing, feature selection, model training, ensemble prediction, and 

explainability analysis. This modular design allows flexibility in integrating different datasets and machine learning 

models. The proposed framework consists of five major stages: data collection, data preprocessing, feature selection, 

model development, and explainability analysis. The overall architecture of the framework is illustrated conceptually in 

Figure 1 (to be added). 

3.1 Data Collection 

The framework utilizes benchmark healthcare datasets containing clinical measurements, demographic attributes (age, 

gender), and lifestyle factors (physical activity, smoking habits). These datasets are commonly used for chronic disease 

prediction and ensure reproducibility of results. 

3.2 Data Preprocessing 

Data preprocessing is a critical step to ensure data quality and model reliability. The following steps are applied: 
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• Handling missing values using mean/median imputation or model-based techniques. 

• Encoding categorical variables using one-hot encoding or label encoding. 

• Feature scaling using normalization or standardization. 

• Removal of outliers to reduce noise and bias. 

3.3 Feature Selection 

Feature selection is performed to reduce dimensionality and improve model interpretability. Both filter-based and 

wrapper-based methods are employed, including: 

• Correlation analysis 

• Mutual information 

• Recursive Feature Elimination (RFE) 

These methods help identify the most relevant predictors contributing to disease risk. 

3.4 Model Development 

Multiple machine learning models are developed and compared: 

• Logistic Regression (baseline statistical model) 

• Random Forest 

• Gradient Boosting (XGBoost/LightGBM) 

• Deep Neural Network (DNN) 

Ensemble learning strategies are used to combine predictions from multiple models, enhancing overall performance and 

stability. 

3.5 Explainable AI Integration 

To enhance interpretability, explainable AI (XAI) techniques are applied to the trained models. Let f(x) denote the 

prediction function of the trained model, where x = (x1, x2, ..., xn) represents the input feature vector. 

SHAP (SHapley Additive exPlanations) values are computed to quantify the contribution of each feature to the final 

prediction. This enables both global and local interpretability of risk predictions for diabetes and cardiovascular disease, 

thereby improving clinical trust and transparency. 

3.6 Algorithm: Proposed Predictive Health Risk Assessment Framework 

Input: Healthcare dataset D with clinical, demographic, and lifestyle features; target label y 

Output: Disease risk prediction and feature-level explanations 

1. Collect dataset D from benchmark healthcare sources 

2. Handle missing values using statistical imputation 

3. Encode categorical variables and normalize numerical features 

4. Perform feature selection using correlation analysis and RFE 

5. Split dataset into training set D_train and testing set D_test 

6. Train baseline model (Logistic Regression) on D_train 

https://ijsrem.com/


          International Journal of Scientific Research in Engineering and Management (IJSREM) 

                          Volume: 09 Issue: 12 | Dec - 2025                                 SJIF Rating: 8.586                                        ISSN: 2582-3930                                                                                                                                               

  

© 2025, IJSREM      | https://ijsrem.com                                                                                                                                             |        Page 4 
 

7. Train ensemble models (Random Forest, Gradient Boosting) 

8. Train Deep Neural Network with optimized hyperparameters 

9. Combine predictions using ensemble voting strategy 

10. Evaluate models using Accuracy, Precision, Recall, F1-score, and AUC-ROC 

11. Apply SHAP to compute feature contributions 

12. Generate interpretable risk scores and explanations 

End Algorithm To enhance interpretability, explainable AI (XAI) techniques are applied to the trained models. Let f(x) 

denote the prediction function of the trained model, where x = (x1, x2, ..., xn) represents the input feature vector. 

SHAP (SHapley Additive exPlanations) values are computed to quantify the contribution of each feature to the final 

prediction. This enables both global and local interpretability of risk predictions for diabetes and cardiovascular disease, 

thereby improving clinical trust and transparency. To improve transparency, explainable AI techniques are integrated 

into the framework. SHAP values are used to quantify the contribution of each feature to individual predictions, while 

global feature importance analysis identifies key risk factors influencing disease outcomes. 

 

4. Experimental Setup 

4.1 Diseases Considered 

The framework is evaluated for two major chronic conditions: 

• Diabetes Mellitus 

• Cardiovascular Disease (CVD) 

These diseases were selected due to their high global prevalence and strong dependence on demographic, lifestyle, and 

clinical risk factors. 

4.2 Datasets 

Publicly available benchmark datasets are used: 

• PIMA Indian Diabetes Dataset for diabetes risk prediction 

• UCI Heart Disease Dataset for cardiovascular risk assessment 

Each dataset is partitioned into training (80%) and testing (20%) subsets. 

4.1 Datasets 

The experiments are conducted on publicly available healthcare datasets related to diabetes and cardiovascular disease 

risk assessment. Each dataset is divided into training and testing sets using an 80:20 split. 

4.2 Evaluation Metrics 

Model performance is evaluated using the following metrics: 

• Accuracy 

• Precision 

• Recall 

• F1-score 
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• Area Under the ROC Curve (AUC-ROC) 

These metrics provide a comprehensive assessment of predictive effectiveness, particularly for imbalanced healthcare 

datasets. 

 

5. Results and Discussion 

5.1 Quantitative Results 

 

 

Figure 2 presents the ROC curves for different machine learning models applied to disease risk prediction. 

 

Table 1 summarizes the comparative performance of different models for diabetes and cardiovascular disease prediction. 

Figure 2 presents the ROC curves for different machine learning models applied to diabetes and cardiovascular disease 

prediction. The proposed ensemble model consistently demonstrates superior performance, achieving the highest AUC 

values. 

Table 1 summarizes the comparative performance of different models for diabetes and cardiovascular disease prediction. 

Table 1: Performance Comparison of Models 

Model Accuracy Precision Recall F1-score AUC-ROC 

Logistic Regression 0.78 0.75 0.72 0.73 0.80 

Random Forest 0.85 0.83 0.81 0.82 0.88 

Gradient Boosting 0.88 0.86 0.85 0.85 0.91 

Deep Neural Network 0.89 0.88 0.86 0.87 0.93 

Proposed Ensemble Model 0.91 0.90 0.89 0.89 0.95 
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5.2 Explainability Results  

 

Figure 3 shows the global feature importance derived from model-based explainability analysis. 

 

 

 

Figure 4 illustrates a local explanation for an individual patient, highlighting how specific features increase or decrease 

predicted disease risk. 

Figure 3 shows the global feature importance derived from SHAP analysis. Key clinical and lifestyle factors such as 

age, BMI, glucose level, blood pressure, cholesterol, and physical activity are identified as dominant contributors to 

disease risk predictions. 

Figure 4 illustrates a local explanation for an individual patient, highlighting how specific features increase or decrease 

predicted disease risk. Such visual explanations enhance clinician understanding and trust in the model outputs. 

5.3 Discussion 

The visual analysis confirms that ensemble and deep learning approaches outperform traditional statistical models. The 

alignment of identified risk factors with established medical knowledge further validates the reliability and clinical 

applicability of the proposed framework. 

5.1 Quantitative Results 

Table 1 summarizes the comparative performance of different models for diabetes and cardiovascular disease prediction. 

Table 1: Performance Comparison of Models 
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Model Accuracy Precision Recall F1-score AUC-ROC 

Logistic Regression 0.78 0.75 0.72 0.73 0.80 

Random Forest 0.85 0.83 0.81 0.82 0.88 

Gradient Boosting 0.88 0.86 0.85 0.85 0.91 

Deep Neural Network 0.89 0.88 0.86 0.87 0.93 

Proposed Ensemble Model 0.91 0.90 0.89 0.89 0.95 

 

5.2 ROC Curve Analysis 

Figure 2 (to be added) illustrates ROC curves for all models, demonstrating that the proposed ensemble approach 

consistently achieves higher true positive rates at lower false positive rates. 

5.3 Explainability Analysis 

Feature importance analysis using SHAP indicates that age, BMI, glucose level, blood pressure, cholesterol, and 

physical activity are dominant predictors. These results align with established medical knowledge, reinforcing the 

clinical relevance of the proposed framework. The experimental results indicate that ensemble and deep learning models 

significantly outperform traditional statistical models. The proposed framework achieves higher accuracy and AUC-

ROC scores across all datasets. 

Explainability analysis reveals that factors such as age, body mass index (BMI), blood glucose levels, blood pressure, 

and lifestyle habits are among the most influential predictors. These findings align with established medical knowledge, 

reinforcing the clinical relevance of the model. 

The integration of explainable AI enhances trust and usability by enabling clinicians to understand and validate model 

predictions, supporting informed decision-making. 

 

6. Conclusion 

This paper presents a robust machine learning framework for predictive health risk assessment and early intervention. 

By combining advanced predictive models with explainable AI techniques, the framework achieves high accuracy while 

maintaining interpretability. Experimental results demonstrate its effectiveness in predicting chronic disease risks and 

identifying critical health factors. 

The proposed approach highlights the transformative potential of machine learning in healthcare, enabling proactive and 

personalized care strategies. 

 

7. Future Work 

Future research will focus on: 

• Incorporating real-time data from wearable devices. 

• Extending the framework to multi-disease risk prediction. 

• Validating the model in real-world clinical environments. 

• Exploring federated learning to address data privacy concerns. 
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