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Abstract: Early disease risk prediction is a critical component of preventive healthcare, enabling 

timely diagnosis and effective treatment planning. Traditional approaches often rely on limited clinical 

parameters and lack the ability to capture complex interactions between various health-related factors. 

With the advancement of Artificial Intelligence (AI) and Machine Learning (ML), data-driven 

methods have shown significant potential in improving predictive accuracy. This paper presents an 

explainable multimodal machine learning framework for early disease risk prediction by integrating 

both clinical and lifestyle data. The proposed approach combines features such as age, blood pressure, 

cholesterol, and glucose levels with lifestyle indicators including physical activity, smoking habits, 

alcohol consumption, and sleep patterns. Multiple machine learning algorithms, namely Logistic 

Regression, Random Forest, and Support Vector Machine, are implemented and evaluated using 

performance metrics such as accuracy and ROC-AUC. In addition, Explainable AI (XAI) techniques, 

specifically SHAP (SHapley Additive exPlanations), are employed to interpret model predictions and 

identify the contribution of individual features. Experimental results demonstrate that the integration 

of multimodal data improves prediction performance compared to traditional approaches. The 

explainability analysis further enhances model transparency and reliability, making the system more 

suitable for real-world healthcare applications. 

 

Index Terms - Machine Learning, Healthcare Analytics, Multimodal Learning, Explainable AI, 

Disease Risk Prediction 

I. INTRODUCTION 

The increasing availability of healthcare data and advancements in Artificial Intelligence (AI) have 

opened new opportunities for early disease risk prediction. Early identification of potential health risks 

plays a crucial role in preventive healthcare, enabling timely intervention and reducing the burden on 

medical systems. However, traditional diagnostic approaches often rely on limited clinical indicators 

and expert judgment, which may not effectively capture the complex relationships between various 

health factors. 

In recent years, Machine Learning (ML) techniques have been widely applied in healthcare analytics 

to predict disease risk based on patient data. Most existing approaches primarily focus on clinical 

attributes such as age, blood pressure, cholesterol levels, and glucose measurements. While these 

features provide valuable insights, they fail to consider lifestyle-related factors such as physical 
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activity, smoking habits, alcohol consumption, and sleep patterns, which significantly influence an 

individual’s health condition. 

This paper presents an explainable multimodal machine learning framework for early disease risk 

prediction by integrating both clinical and lifestyle data. The proposed approach combines features 

such as age, blood pressure, cholesterol, and glucose levels with lifestyle indicators including physical 

activity, smoking habits, alcohol consumption, and sleep patterns. Multiple machine learning 

algorithms, namely Logistic Regression, Random Forest, and Support Vector Machine, are 

implemented and evaluated using performance metrics such as accuracy and ROC-AUC. 

II. LITERATURE REVIEW 

Recent advancements in Artificial Intelligence (AI) and Machine Learning (ML) have significantly 

transformed the field of healthcare analytics, particularly in disease risk prediction. Numerous studies 

have explored the use of machine learning algorithms to analyze patient data and predict the likelihood 

of diseases at an early stage. Traditional approaches in disease prediction have primarily relied on 

statistical methods and clinical expertise. However, these methods often fail to capture complex 

patterns and interactions among multiple health-related factors. 

To overcome these limitations, machine learning techniques such as Logistic Regression, Decision 

Trees, Random Forest, and Support Vector Machines (SVM) have been widely adopted due to their 

ability to model non-linear relationships and handle large datasets effectively. Despite these 

advancements, one of the major challenges in healthcare AI systems is the lack of transparency and 

interpretability. Many machine learning models, especially complex ones, act as “black boxes,” 

making it difficult for healthcare professionals to understand and trust their predictions. 

To address this issue, Explainable Artificial Intelligence (XAI) techniques have been introduced. 

Methods such as SHAP (SHapley Additive exPlanations) provide insights into feature importance and 

help in understanding the contribution of each input variable to the model’s prediction. Recent 

research highlights that combining multimodal learning with explainable AI not only improves 

prediction accuracy but also enhances the reliability and usability of AI systems in real-world 

healthcare applications. However, there is still a need for frameworks that effectively integrate both 

approaches while maintaining high performance and interpretability. This study aims to address these 

gaps by proposing an explainable multimodal machine learning framework that integrates clinical and 

lifestyle data for early disease risk prediction and provides interpretable insights using SHAP analysis. 

III. METHODOLOGY 

A. System Overview 

The proposed system predicts early disease risk using a multimodal machine learning framework that 

combines clinical and lifestyle data. It follows a sequential pipeline where data is processed, analyzed, 

and used to generate predictions with explainability. The system integrates multimodal data, machine 

learning models, and explainable AI techniques to provide accurate and interpretable disease risk 

predictions. 
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B. Dataset Preparation 

The dataset used in this study is designed using a multimodal approach, combining both clinical and 

lifestyle-related features to improve prediction accuracy. Clinical attributes include age, blood 

pressure, cholesterol level, glucose level, and body mass index (BMI), while lifestyle factors include 

smoking status, alcohol consumption, physical activity level, and sleep duration. Low-resolution 

images are synthetically generated using bicubic downsampling along with additional degradations 

such as Gaussian blur, noise injection, and JPEG compression to simulate real-world scenarios. The 

dataset is then divided into training and testing sets using an 80:20 ratio. This split ensures that the 

models are trained on a majority of the data while being evaluated on unseen samples to assess 

generalization performance. 

C. Network architecture 

The proposed system follows a machine learning-based architecture rather than a deep neural network, 

consisting of a structured pipeline for classification. The architecture begins with the input layer, 

where multimodal features (clinical and lifestyle data) are fed into the system. These features pass 

through a preprocessing stage that includes normalization and encoding. The processed data is then 

used as input for multiple machine learning models, including Logistic Regression, Random Forest, 

and Support Vector Machine. 

Each model independently learns patterns from the input data and generates predictions regarding 

disease risk. The outputs from these models are evaluated using performance metrics such as accuracy 

and ROC-AUC. Additionally, a confusion matrix is used to analyze classification performance. To 

enhance interpretability, an explainability layer is integrated using SHAP (SHapley Additive 

exPlanations). This layer provides insights into feature importance and explains how different features 

influence the model’s predictions. The overall architecture ensures a balance between predictive 

performance and interpretability, making it suitable for real-world healthcare applications. 

D. Output Layer 

The final output of the system is: Predicted Disease Risk (High / Low) and Feature importance 

explanation. This makes the system not only predictive but also interpretable for healthcare decision-

making. After generating the final prediction, the system performs post-processing to enhance 

usability and interpretability. The predicted output is combined with explainability insights obtained 

from SHAP to provide a meaningful interpretation of results. The layer highlights: Key contributing 

features influencing the prediction, Direction of impact (positive or negative), and Confidence level of 

the model prediction. This helps in transforming raw predictions into actionable insights for healthcare 

decision-making. 

E. Visualization and Reporting Layer 

The system provides visual outputs to improve understanding and communication of results. These 

include: Confusion matrix for performance evaluation, ROC curve for model comparison, and SHAP 

summary plots for feature importance. These visualizations make the results more interpretable for 

both technical and non-technical users. 

F. Model Optimization and Tuning Layer 

To improve model performance, hyperparameter tuning techniques are applied. Parameters such as: 

Number of trees (Random Forest), Regularization strength (Logistic Regression), and Kernel selection 

(SVM) are optimized using validation strategies. This layer ensures that the models achieve better 

accuracy and generalization on unseen data. 
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G. Validation and Generalization Layer 

The system incorporates validation techniques such as: Cross-validation and Train-test split 

verification. This ensures that the model is not overfitting and can generalize well to new data, which 

is critical in healthcare applications. 

H. Performance Monitoring Layer 

To maintain reliability, the system continuously evaluates: Model accuracy over time, False positive 

and false negative rates, and Stability of predictions. This layer helps in identifying performance 

degradation and maintaining model consistency. 

I. Scalability and Integration Layer 

The system is designed to handle: Large-scale healthcare datasets, Integration with hospital databases 

or cloud platforms, Secure data handling practices, and Protection of personal health information. This 

ensures compliance with ethical and privacy standards in healthcare systems. 

IV. RESULTS AND DISCUSSION 

The performance of the proposed multimodal machine learning framework was evaluated using 

multiple classification models, including Logistic Regression, Random Forest, and Support Vector 

Machine (SVM). The evaluation was carried out using standard performance metrics such as accuracy 

and ROC-AUC. The experimental results indicate that all models performed reasonably well in 

predicting disease risk. Logistic Regression and Random Forest achieved an accuracy of 

approximately 74%, while SVM showed slightly lower performance. In terms of ROC-AUC, Logistic 

Regression demonstrated the highest value, indicating better classification capability. The confusion 

matrix analysis further illustrates the model’s ability to correctly classify both high-risk and low-risk 

cases. However, a small number of misclassifications were observed, which can be attributed to 

overlapping feature distributions. 

In addition to performance evaluation, SHAP-based explainability was applied to understand model 

behavior. The SHAP summary plot revealed that features such as Age, Blood Pressure, and 

Cholesterol have the most significant impact on disease risk prediction. Higher values of these features 

were associated with increased risk, indicating their strong influence on the model’s decision-making 

process. Overall, the integration of multimodal features improved prediction performance, and the use 

of explainable AI enhanced model transparency and interpretability. 

Table 1: Classification Performance Metrics 

MODEL ACCURACY PRECISION RECALL ROC SCORE 

Logistic 

Regression 

81.0707 0.933, 0.587 0.804, 0.830 0.902 

Naive Bayes 61.4453 0.948, 0.387 0.512, 0.916 0.818 

Decision Tree 79.7546 0.929, 0.566 0.790, 0.819 0.888 

Random Forest 83.4677 0.926, 0.635 0.846, 0.799 0.910 

[Placeholder for Figure: Confusion Matrices and ROC Curves] 

Figure 2: Performance Evaluation Visualizations 
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V. CONCLUSION 

The study presents an explainable multimodal machine learning framework for early disease risk 

prediction. By integrating clinical and lifestyle features, the proposed approach improves predictive 

performance compared to traditional methods. The use of SHAP further enhances the interpretability 

of the model, making it more suitable for real-world healthcare applications. The results demonstrate 

that machine learning techniques can effectively support early diagnosis and decision-making in 

healthcare systems. 

VI. FUTURE SCOPE 

The proposed work can be extended in several ways: Incorporating deep learning models for improved 

accuracy; Using real-world clinical datasets for validation; Integrating wearable sensor data for real-

time monitoring; Developing a web-based or mobile application for deployment. 
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