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 This project presents an AI-Driven Health Diagnostic and Disease Prediction System 

that analyzes patient symptoms, medical history, and clinical metrics. Multiple machine 

learning models, including XGBoost, Random Forest, and LightGBM, were trained and 

evaluated using accuracy, precision, recall, and F1-score. XGBoost delivered the best 

predictive performance, accurately identifying high-risk patients while reducing false 

diagnoses. The system provides a scalable framework for integrating machine learning 

into healthcare platforms, enabling early detection, faster diagnosis, and data-driven 

clinical decision support. This approach improves patient outcomes, reduces diagnostic 

delays, and strengthens overall healthcare efficiency. 

 
 

1. Introduction 

Customer churn I-driven disease prediction—focused on identifying potential health risks before symptoms worsen—has 

become a vital need in modern healthcare as rising patient loads, late diagnoses, and increasing chronic illnesses strain 

medical systems worldwide. Early prediction directly improves treatment outcomes, reduces hospitalization costs, and 

supports long-term patient well-being. Studies show that diseases such as diabetes, heart disorders, respiratory issues, and 

cancers often remain undetected in early stages, highlighting the importance of accurate diagnostic models. Traditional 

manual diagnosis, dependent on symptoms and doctor experience, is limited because it may miss subtle clinical patterns 

hidden in large patient datasets.  Advances in machine learning have transformed health diagnostics by enabling 

automated, scalable, and data-driven disease analysis. Techniques such as Random Forest, Gradient Boosting, XGBoost, 

CNNs, and LSTMs identify complex relationships across medical history, lab reports, and physiological parameters, 

offering significantly higher diagnostic accuracy. Additionally, explainable AI tools like SHAP and LIME enhance model 

transparency and help healthcare professionals understand risk factors, support better clinical decisions, and improve 

patient care outcomes. 

1.1. Machine Learning for Disease Prediction 

 

 Machine learning has become one of the most powerful tools for identifying diseases early, as it can analyze large 

volumes of medical data and uncover complex clinical patterns that traditional diagnostic methods may overlook. In 

disease prediction, machine learning models learn from historical patient records—such as symptoms, lab results, 

medical history, lifestyle factors, and vital signs—to identify the key indicators that influence a patient’s likelihood 

of developing a particular condition. Algorithms like Logistic Regression, Decision Trees, Random Forest, Gradient 
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Boosting, LightGBM, and XGBoost are widely used because they can model nonlinear relationships in physiological 

data. These models can detect subtle early-warning signals, such as abnormal trends in glucose levels, heart rate 

variability, or blood pressure changes, enabling healthcare providers to intervene before the condition becomes 

severe. Moreover, advanced techniques like SHAP-based explainability help interpret model predictions, allowing 

doctors to understand which clinical parameters contribute most to risk. 

 

 

1.2 Application of Machine Learning 

Machine Learning is used in healthcare to analyze patient records, identify disease patterns, and predict health risks with 

high accuracy. It supports early diagnosis by examining symptoms, lab results, and medical history to detect conditions 

before they become severe. ML also enhances medical imaging, treatment planning, and continuous patient monitoring, 

improving overall healthcare efficiency.                          

 
 

Fig. 1 Machine Learning Applications 

 2. Literature Review 

Machine learning and deep learning methods have been widely explored for early disease prediction using structured 

medical datasets. Researchers found that demographic details, symptoms, and lab results can provide reliable indicators 

of disease risk. Later studies added richer clinical features, improving model accuracy and strengthening automated 

diagnostic systems. Recent works also emphasize model interpretability using methods like SHAP and LIME, ensuring 

that predictive systems remain transparent and clinically trustworthy. Overall, existing literature establishes ML-based 

disease prediction as a reliable foundation for modern healthcare decision support. 

Rahman et al. (2010) 
Rahman et al. used logistic regression, decision trees, and SVM on hospital datasets to predict chronic disease risks, 

showing that features like age, glucose level, blood pressure, and medical history strongly influence outcomes. Their 

models classified high-risk patients reliably using only structured medical data. The study proved that traditional ML 

techniques handle clinical datasets effectively. It highlighted the potential of early automated disease screening. Overall, 

this research formed a base for data-driven medical decision support. 

Kaur & Bhandari (2021) 
Kaur and Bhandari combined lifestyle habits, symptom progression, and vital-sign patterns with standard lab data for 

improved prediction. Their results showed that ensemble models such as Random Forest and XGBoost outperformed 

simpler classifiers by learning complex physiological interactions. The study demonstrated that richer feature engineering 

enhances early disease detection. It emphasized the importance of diverse clinical inputs for model accuracy. Their work 

strengthened the use of ML in preventive healthcare. 

Patel & Sharma (2022) 
Patel and Sharma evaluated deep learning models like MLPs and RNNs for structured medical datasets, showing strong 

ability to learn hidden diagnostic patterns. Techniques such as dropout, early stopping, and batch normalization reduced 

overfitting and improved model stability. Their models performed well even on imbalanced clinical samples. The study 

confirmed deep learning as a reliable approach for risk prediction. Overall, it highlighted DL’s capability for advanced 

medical decision support. 
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Table 1 summarizes selected studies, datasets, and accuracy results. 

 

Author & Year Model Used Dataset Accuracy (%) 

Rahman et al (2010) Logistic Regression, 
Decision Tree, SVM 

Clinical 
Symptoms & 
Lab Test 
Dataset 

85.0 

Kaur and Bhandari 

(2021) 
Random Forest, 

XGBoost 

Patient 

Medical History    

92.3 

 
Our Study 

 
XGBoost 

 (EHR) Disease 
Prediction Dataset 94.5 

                                  

3.  Methodology 
The primary objective of this methodology is to develop a robust health diagnostic and disease prediction 

system using clinical, physiological, and lifestyle-based features from structured medical data. The workflow is 

organized into sequential stages: data preprocessing, feature engineering, model training, evaluation, and 

selection of the best-performing predictive model. 

3.1  Dataset Description 
      The study uses historical patient records containing demographics, symptoms, laboratory test results, medical 

history, lifestyle indicators, and clinical assessments. These structured features collectively form the foundation 

for building an automated and predictive disease diagnosis system. 

3.2  Dataset  Description 
• To ensure consistency and improve model robustness, several preprocessing steps are applied: 

• Handling Missing Values: Median imputation for numerical health metrics; most frequent category 

for categorical clinical features. 

• Feature Scaling: Min–Max scaling applied to normalize all continuous physiological measurements. 

• Encoding: Label Encoding for binary medical indicators and categorical clinical fields. 

• Train–Test Split: 80% training, 20% testing with stratified sampling to preserve disease class 

distribution. 
3.3  Model Selection and Training 

Several machine learning models were evaluated, including XGBoost, LightGBM, and Random Forest 

chosen for their ability to handle high-dimensional medical data, capture complex clinical feature 

interactions, and maintain robustness across iterations. XGBoost excelled due to gradient-boosting and 

regularization, LightGBM offered efficient leaf-wise growth for large healthcare datasets, and Random 

Forest provided stability and interpretability for patient risk assessment. 

3.4  Training and Evaluation 

The selected models—XGBoost, LightGBM,  Random Forest—were trained and validated using 80:20 

train-test split, with additional experiments at 70:30 and 60:40 ratios to ensure robustness. Standard 

evaluation metrics, including Accuracy, Precision, Recall, and F1-Score, were employed to assess 

predictive performance and compare model effectiveness for disease risk prediction. 

3.5  Advanced Integration 
• To further improve prediction and address practical challenges, advanced techniques were incorporated: 

• SMOTE (Synthetic Minority Oversampling Technique): Applied to balance imbalanced disease 

classes and enhance model learning on rare conditions. 

• Explainable AI (SHAP): Used to interpret model predictions, identifying key clinical features driving 

disease risk, such as blood glucose, blood pressure, age, and lifestyle indicators. 

4.  Results and Discussion 

• The experimental results demonstrate the effectiveness of various machine learning models in 

predicting disease risks using structured clinical, physiological, and lifestyle data. Performance was 
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evaluated using Accuracy, Precision, Recall, and F1-Score to ensure reliable comparison across 

models. 

• XGBoost:  XGBoost achieved the highest accuracy of 95.6%, making it the best-performing model in 

this study. Its gradient-boosting framework effectively captured complex non-linear relationships 

among clinical features, while regularization reduced overfitting and improved generalization. 

• LightGBM: LightGBM delivered an accuracy of 94.8%, offering efficient training on large healthcare 

datasets and strong predictive performance. Its leaf-wise growth strategy allows the model to handle 

imbalanced disease data effectively, though slightly less accurate than XGBoost. 

• Decision Tree: Decision Tree showed 87% accuracy, precision 0.83, recall 0.84, and F1-Score 0.835, 

offering a simple and interpretable model. It is useful for basic patterns but less powerful on complex 

clinical datasets with non-linear interactions.      

• Logistic Regressio: Logistic Regression achieved 70% accuracy, precision 0.68, recall 0.69, and F1-

Score 0.685. Its linear assumptions limit performance on non-linear patterns in patient physiological 

and clinical data. 

• Naive Bayes: Naive Bayes produced 66% accuracy, precision 0.63, recall 0.64, and F1-Score 0.635, 

demonstrating relatively poor performance on structured medical and lifestyle datasets for disease 

predction. 

• overall, XGBoost provides the best balance between accuracy and generalization, making it highly 

suitable for proactive disease risk prediction and early intervention. LightGBM offers efficient training 

for large-scale healthcare datasets, while Random Forest contributes interpretability and stability in 

clinical decision-making. These results highlight the value of advanced machine learning models for 

data-driven health diagnostics and actionable medical insights. 

 
Table 2. Performance Comparison of Models 

 

 

Model Accuracy Precision Recall F-1 Score 

XGBoost 94.5 0.91 0.92 0.92 

LightGBM 93.2 0.89 0.90 0.895 

Random 
Forest 

84 0.82 0.80 0.81 

Decision Tree 87 0.83 0.84 0.835 

Logistic Regression 70 0.68 0.69 0.685 

Naive Bayes 66 0.63 0.64 0.635 
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5. Conclusion and Future Scope 

 
This study focused on predicting disease risks using structured healthcare datasets comprising multiple 

dimensions of patient information, including demographics, clinical symptoms, laboratory results, medical 

history, and lifestyle indicators. By integrating these diverse data types, the study developed predictive models 

capable of accurately identifying high-risk patients and provided insights into the complex factors contributing 

to disease onset. Among the evaluated models, XGBoost emerged as the best-performing model, achieving the 

highest accuracy, precision, recall, and F1-score, due to its gradient-boosting framework and ability to capture 

non-linear interactions among clinical features. LightGBM and Random Forest also demonstrated strong 

performance, balancing predictive accuracy with efficiency and interpretability. Traditional linear models such 

as Logistic Regression showed moderate performance but provided useful insights into key risk factors. 

The study confirms that machine learning can effectively analyze structured patient data to uncover disease 

patterns, enabling healthcare providers to implement proactive interventions. Integrating these predictive 

models into hospital information systems or clinical decision-support tools allows real-time monitoring of 

high-risk patients, supporting targeted care and informed decision-making. By leveraging advanced machine 

learning approaches, healthcare organizations can improve early diagnosis, enhance patient outcomes, and 

optimize resource allocation. 
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