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Abstract—One of the significant challenges in the 

healthcare sector today is the timely identification of 

multiple diseases that continue to impact a large number 

of individuals worldwide, including kidney disease, 

diabetes, anemia, and heart disease. Early detection is 

essential to minimize severe complications and improve 

overall patient health outcomes. However, conventional 

diagnostic approaches often depend on manual 

evaluation, which can be time-intensive and may not 

effectively uncover complex relationships within medical 

data. 

This work presents a machine learning-based predictive 

healthcare system designed for multi-disease risk 

assessment using patient clinical information. The 

proposed system adopts an ensemble learning strategy 

through a Voting Classifier that combines Random 

Forest and Gradient Boosting techniques to achieve 

higher accuracy and reliability. It analyzes 21 clinical 

parameters such as age, blood pressure, glucose, 

cholesterol, hemoglobin, creatinine, and urea, along with 

performing essential preprocessing steps including data 

cleaning, missing value handling, and feature scaling 

using Standard Scaler. 

The system also assesses patient risk by classifying them 

into Low, Medium, and High categories, supporting 

better decision-making and early prevention. It enables 

real-time predictions and integrates with a user-friendly 

web interface for easy data input and result 

visualization. Overall, the approach improves accuracy 

and efficiency, making it suitable for practical 

healthcare use. 

 

Index Terms—Predictive Healthcare, Multi-Disease 

Prediction, Machine Learning, Voting Classifier, 

Random Forest, Gradient Boosting, Risk Assessment, 

Healthcare Analytics. 

 

I. INTRODUCTION 

One of the major challenges in the healthcare sector is the 

early detection of multiple diseases that affect a large 

number of people every year, including kidney disease, 

diabetes, anemia, and heart disease. Early prediction is 

important to reduce serious health risks and improve patient 

outcomes. However, traditional diagnosis methods often 

depend on manual analysis, which can be time-consuming 

and may not effectively identify complex patterns in 

medical data. 

This study proposes a machine learning-based predictive 

healthcare system for multi-disease risk assessment using 

patient clinical data. The system uses an ensemble approach 

by combining Random Forest and Gradient Boosting 

through a Voting Classifier. It processes multiple clinical 

features such as age, blood pressure, glucose, cholesterol, 

hemoglobin, creatinine, and urea to improve prediction 

accuracy and reliability. Users can input medical data and 

receive real-time predictions along with risk levels through 

a web-based interface. 

The system classifies patients into Low, Medium, and High-

risk categories, helping in early diagnosis and preventive 

care. Additionally, data preprocessing techniques are 

applied to ensure better model performance and accurate 

results. 

The main contribution of this work is the integration of 

multi-disease prediction and risk assessment into a single 

sys-tem, making it efficient and suitable for real-world 

healthcare applications. 
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II. RELATED WORK 

Many studies have been carried out over the years to 

develop automated systems for disease prediction in 

healthcare. Early approaches mainly relied on traditional 

machine learning techniques such as logistic regression, 

decision trees, and support vector machines. Although these 

models provided satisfactory accuracy, they often faced 

difficulties in capturing complex relationships among 

multiple clinical parameters. 

As computational capabilities improved, researchers began 

exploring advanced machine learning approaches for 

medical prediction tasks. Ensemble methods such as 

Random Forest and Gradient Boosting have shown better 

performance compared to individual models. These 

techniques enhance prediction accuracy by combining 

multiple models, but most existing systems still focus on 

single-disease prediction, which limits their ability to handle 

multiple diseases effectively. 

Reliability and interpretability are also important aspects of 

healthcare systems. Many existing models generate 

predictions without providing clear insights into the results, 

making it difficult for users to understand the reasoning 

behind them. This lack of clarity can reduce trust, especially 

when the system is used to support medical decision-

making. 

At the same time, data preprocessing and feature handling 

techniques play a key role in improving prediction 

performance. Methods such as handling missing values, 

feature scaling, and selecting important clinical attributes 

help in identifying meaningful patterns in data. However, 

some systems do not fully utilize these techniques, which 

affects their overall efficiency. 

The proposed system addresses these limitations by 

combining multiple machine learning models using a 

Voting Classifier approach. It supports multi-disease 

prediction and incorporates proper preprocessing along with 

risk level classification. This approach ensures better 

accuracy, improved reliability, and more practical usage 

compared to existing systems. 

 

III. PROBLEM STATEMENT 

To assess a patient’s risk for multiple diseases, various 

clinical parameters must be analyzed. While several 

machine learning models have been developed for disease 

prediction, many of them focus mainly on accuracy and 

often overlook interpretability and real-world usability. 

Most existing systems either rely on manual analysis or use 

models that process all input features collectively, which 

may not effectively capture the contribution of individual 

features. Additionally, many models generate predictions 

without clearly explaining the underlying reasons, making 

them less reliable in practical healthcare applications. 

Therefore, there is a need for a system that can: 

 Accurately predict multiple diseases such as kidney dis-

ease, diabetes, anemia, and heart disease using clinical 

data 

 Effectively analyze relationships among different 

clinical features 

 Provide meaningful insights through risk-level 

classification 

 Offer a user-friendly interface for real-time prediction 

and interaction 

The objective of this work is to design and implement such 

a system by integrating ensemble machine learning 

techniques with effective data preprocessing and risk 

assessment mechanisms to ensure accuracy and reliability. 

 

IV. OBJECTIVES OF THE PROPOSED WORK 

The main aim of this work is to develop an intelligent 

healthcare system that can accurately predict multiple 

diseases and provide meaningful insights based on clinical 

data. The following are the specific objectives of the 

proposed system: 

 To design a machine learning model using an ensemble 

approach (Voting Classifier) for improved prediction 

ac-curacy 

 To utilize clinical data consisting of multiple features 

relevant to diseases such as kidney, diabetes, anemia, 

and heart disease 

 To apply data preprocessing techniques such as feature 

scaling and handling missing values for better model 

performance 

 To implement effective feature handling for identifying 

important health indicators 

 To develop a web-based application that enables real-

time prediction and result visualization 

 To store prediction history and generate reports for user 

reference 

These objectives aim to build a system that is accurate, 

efficient, and easy to use for real-world healthcare 

applications. 

 

V. PROPOSED SYSTEM 

The proposed approach utilizes a combination of machine 

learning techniques and data processing methods to provide 

accurate and interpretable multi-disease prediction. It 

employs an ensemble learning model using a Voting 

Classifier for pre-diction along with risk assessment 

mechanisms for identifying important health factors. To 

ensure accessibility and ease of use, a web-based interface is 

also developed. 

The overall workflow begins with user input, followed by 

preprocessing, prediction, risk evaluation, and result 

visualiza-tion. 
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A. System Overview 

The proposed system follows a structured pipeline to 

process and analyze clinical data provided by users step-by-

step. Initially, the input features are validated and scaled. 

The processed data is then passed into the ensemble model, 

which predicts the probability of multiple diseases. Based 

on these predictions, important contributing factors are 

analyzed. Finally, the results along with risk levels are 

displayed through a web interface. 

 

B. Dataset Description 

The dataset used in this work consists of multiple clinical 

features that are commonly used for diagnosing diseases 

such as kidney disease, diabetes, anemia, and heart disease. 

These features include age, blood pressure, glucose levels, 

cholesterol, hemoglobin, creatinine, urea, and other related 

medical parameters. 

Each feature provides important information about the 

patient’s health condition, and when combined, they help in 

determining the likelihood of different diseases. 

 

 

C. Data Preprocessing 

Data preprocessing plays a significant role in improving the 

performance of the model. In this system, feature scaling is 

applied using the StandardScaler technique, which 

transforms the data into a normalized range. This ensures 

consistency and enhances the model’s learning capability. 

In addition, missing values in the dataset are handled 

appropriately to maintain data quality. This prevents errors 

during model training and improves the overall prediction 

accuracy. 

 

D. Feature Selection 

Feature selection is carried out to identify the most relevant 

clinical attributes for prediction. Each feature is analyzed to 

determine its impact on disease prediction. Features with 

higher importance are prioritized, while less relevant ones 

are reduced. 

This step helps in minimizing complexity and improving the 

efficiency of the model. 

 

 
Fig. 1. Ensemble Model Architecture for Multi-Disease 

Prediction 

 

 

 

E. Model Architecture 

The proposed system utilizes an ensemble machine learning 

architecture where multiple models such as Random Forest 

and Gradient Boosting are combined using a Voting 

Classifier. Each model processes the input data and 

generates predictions based on learned patterns. 

The outputs from individual models are then combined to 

produce a final prediction, ensuring improved accuracy and 

stability. This approach allows the system to capture both 

individual model strengths and overall data patterns, 

resulting in better generalization and reliable predictions. 

 

F. Risk Analysis 

To improve interpretability, the system incorporates a risk 

analysis mechanism. Clinical features are evaluated and 

categorized into different ranges such as low, medium, and 

high. Based on prediction results, the system identifies 

important health factors contributing to the outcome. These 

factors are presented as risk indicators, helping users 

understand the reasons behind the prediction. 

 

G. Web-Based Implementation 

The system is implemented as a web application using 

Flask. The frontend is designed using HTML, CSS, and 

JavaScript to provide a simple and interactive interface for 

users. 

The application includes features such as real-time 

prediction, report generation, and prediction history 

tracking. Users can input clinical data, view prediction 

results, and download reports for further analysis. 

The integration of backend processing with frontend 

visualization ensures that the system is efficient, user-

friendly, and suitable for real-world healthcare applications. 

 

VI. METHODOLOGY 

The proposed system follows a structured approach to 

predict multiple diseases and provide meaningful insights. 

This methodology is designed to process user input, 

generate pre-dictions using trained machine learning 

models, and perform risk analysis to produce easily 

understandable results. 

 

A. Input Collection 

Initially, the process begins with users entering clinical data 

through the web interface. The system requires multiple 

input features such as age, blood pressure, glucose level, 

cholesterol, hemoglobin, creatinine, urea, and other relevant 

medical parameters. Before further processing, the system 

ensures that all inputs fall within valid medical ranges. This 

validation step maintains data consistency and reduces the 

chances of incorrect predictions. 

 

B. Data Preprocessing 

Once the input data is validated, it is converted into a 

numerical format suitable for the model. The StandardScaler 
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technique is then applied to normalize the data. This scaling 

process ensures that all features are on a similar range, 

improving model stability and performance. 

After preprocessing, the data is structured into the required 

format so that it can be passed into the ensemble machine 

learning model. 

 

C. Prediction Using Ensemble Model 

Following preprocessing, the trained ensemble model 

receives the scaled input data. Each model within the 

ensemble processes the input and identifies important 

patterns in the data. 

The outputs from individual models are combined to pro-

duce a final prediction. The model generates a probability 

value between 0 and 1, indicating the likelihood of disease 

presence. 

 

Based on this probability, the system classifies the result 

into two categories: 

 Disease Detected 

 No Disease Detected 

Additionally, a risk level is assigned (Low, Medium, or 

High) based on the predicted probability. 

 

D. Risk Factor Identification 

To enhance interpretability, the system performs risk 

analysis when a disease is predicted. 

The input values are evaluated and compared with pre-

defined clinical thresholds. The system identifies abnormal 

parameters that contribute to the prediction outcome. 

Relevant health indicators are extracted and presented as 

risk factors, allowing users to clearly understand the reasons 

behind the prediction. 

 

E. Result Generation and Visualization 

After prediction, the system displays the results on the dash-

board, including the predicted outcome, probability score, 

risk level, and identified risk factors. A graphical 

representation of the results is also provided to improve 

visualization. 

The system ensures that the output is simple and easy to 

understand, even for non-technical users. 

 

F. Data Storage and Report Generation 

All prediction results, along with input data, are stored in 

the database for future reference. This enables users to track 

their prediction history over time. 

In addition, the system provides an option to generate 

detailed reports in PDF format. These reports include 

prediction results, probability values, risk levels, and 

identified risk factors. 

 

G. Overall Workflow 

The overall workflow of the system can be summarized as 

follows: 

1. User enters clinical input data 

2. Input validation is performed  

3. Data is scaled using StandardScaler  

4. Ensemble model predicts disease probability  

5. Risk level is determined  

6. Risk factors are identified  

7. Results are displayed on the dashboard  

8. Prediction is stored in the database  

9. Report is generated if required  

 

This systematic approach ensures that the system remains 

accurate, efficient, and easy to understand, making it 

suitable for real-world healthcare applications. 

 

VII. MATHEMATICAL MODEL 

The proposed system applies machine learning and 

statistical techniques to perform multi-disease prediction 

and provide  interpretable outcomes. This section presents 

the mathematical representation of the different components 

involved in the system. 

 

 

A. Feature Scaling 

Initially, feature scaling is performed using the 

StandardScaler method to ensure uniform contribution of all 

input features. The transformation is given by: 

 
 

where X represents the original feature value, μ is the  mean 

of the feature, and σ is the standard deviation. This 

transformation standardizes the dataset with zero mean and 

unit variance. 

 

B. Model Prediction (Random Forest) 

For prediction, the Random Forest model computes the 

output based on multiple decision trees. The prediction can 

be expressed as: 

 

 
where T is the total number of trees and Ti(X) represents the 

prediction of the ith decision tree. 

 

C. Model Prediction (Gradient Boosting) 

In Gradient Boosting, predictions are generated sequentially 

by minimizing errors of previous models. The formulation 

is given as: 
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where hm(X) is the weak learner at stage m, and γm is the 

corresponding weight. 

 

D. Voting Classifier Combination 

To obtain the final prediction, outputs from both models are 

combined using a voting mechanism: 

 
where yˆ represents the final predicted probability of 

disease. 

 

E. Loss Function 

The model performance is evaluated using a loss function 

that measures the difference between actual and predicted 

values. Binary Cross Entropy is defined as: 

 

 

L = − [y log(yˆ) + (1 − y) log(1 − yˆ)] (5) 

 

where y is the true label and yˆ is the predicted probability. 

 

F. Feature Importance 

Feature importance is used to determine the contribution of 

each clinical attribute. It can be represented as: 

 
 

where FIj is the importance of feature j, and N is the number 

of samples. 

 

G. Risk Level Determination 

Finally, the predicted probability yˆ is used to classify the 

risk level as follows: 

 
This categorization helps users easily understand the sever-

ity of the predicted condition.  

Overall, these mathematical formulations ensure that the 

system achieves both high prediction accuracy and 

meaningful interpretation of results. 

 

VIII. ALGORITHM / WORKFLOW 

A. Algorithm for Multi-Disease Prediction System  

Input: Clinical data consisting of multiple features. 

Output: Disease prediction, probability, risk level, and risk 

factors. 

 
1) Initialize the system  

2) Collect clinical input data from the user through the 

web interface  

3) Validate the input values to ensure they fall within 

acceptable medical ranges  

4) Convert the input data into a numerical format suitable 

for model processing  

5) Apply feature scaling using StandardScaler to 

normalize the data  

6) Prepare the processed data in the required format for 

model input  

7) Provide the processed data to the trained ensemble 

model (Random Forest and Gradient Boosting)  

8) Compute the predicted probability of disease 

occurrence  

9) Classify the prediction as:  

• Disease Detected (if probability ≥ 0.5)  

• No Disease Detected (if probability < 0.5)  

10) Determine the risk level based on probability:  
• Low Risk  

• Medium Risk  

• High Risk  
11) Evaluate input features to identify important clinical 

indicators  

12) Compare the processed input with predefined thresholds  

13) Select significant factors contributing to the prediction  

14) Extract and highlight the most relevant risk factors  

15) Display the prediction result, probability, risk level, and 

factors on the dashboard  

16) Store the prediction details in the database for future 

reference  

17) Enable the generation  and download of a PDF report  

18) Terminate the process  

 
B. Workflow Description  

The process begins when the user enters clinical data into 

the system. Initially, the input is validated and preprocessed 

to ensure consistency and accuracy. The ensemble model 

then analyzes the processed data and predicts the probability 

of disease based on learned patterns.  

If a disease is predicted, the system evaluates the 

contributing clinical features to identify key risk factors. 

These factors are presented in a clear format, helping users 

understand the prediction.  

Finally, the results are displayed on the dashboard, stored in 

the database, and can be downloaded as a report. This 

workflow ensures that the system is efficient, reliable, and 

user-friendly for real-world healthcare applications. 
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IX. EXPERIMENTAL SETUP 

The implementation details, tools, and technologies used to 

develop and evaluate the proposed multi-disease prediction 

system are presented in this section. The system is built 

using machine learning libraries, data processing tools, and 

web technologies to ensure efficient performance. 

A. Software Environment 

The system is primarily developed using Python due to its 

simplicity and strong support for machine learning and web 

applications. The implementation utilizes the following 

libraries and frameworks: 

 Scikit-learn: Used for implementing machine learning 

models such as Random Forest, Gradient Boosting, and 

Voting Classifier, along with preprocessing tasks 

 Pandas and NumPy: Used for data manipulation and 

numerical computations 

 Flask: Used to develop the backend of the web 

application 

 HTML, CSS, and JavaScript: Used for designing the 

frontend interface 

 SQLite: Used to store user data and prediction results 

 

B. Model Training Setup 

The ensemble model is trained using preprocessed clinical 

data consisting of multiple features related to disease 

prediction. Before training, the dataset is normalized using 

the StandardScaler method to ensure that all features are on 

a similar scale. Missing values are handled appropriately to 

maintain data quality. 

The model combines Random Forest and Gradient Boosting 

algorithms through a Voting Classifier. The training process 

allows the system to learn patterns from clinical features and 

accurately predict the presence or absence of diseases. 

 

C. Hardware Configuration 

The system is designed and tested in a standard computing 

environment without requiring specialized hardware. The 

implementation can run efficiently on a regular desktop or 

laptop with the following configuration: 

 Processor: Intel or equivalent CPU 

 RAM: 8 GB or higher 

 Storage: Adequate space for dataset and model files 

The model is optimized to deliver good performance 

even without GPU support, making it accessible for 

general use. 

 

D. Web Application Setup 

The trained model is integrated into a web application 

developed using Flask. The application handles user input, 

performs predictions, and displays results in real time. It 

also manages features such as prediction history and report 

generation. 

The frontend is designed to be simple and user-friendly, 

allowing users to easily input clinical data and understand 

the results. The integration of frontend and backend ensures 

smooth system operation. 

 

E. Evaluation Setup 

The performance of the model is evaluated using standard 

classification metrics such as accuracy, precision, recall, and 

F1-score. These metrics help in measuring the effectiveness 

of the prediction system. 

A confusion matrix is used to analyze the number of correct 

and incorrect predictions. This evaluation setup ensures that 

the system is tested under practical conditions and provides 

reliable performance outcomes. 

 

X. RESULTS AND DISCUSSION 

The results obtained from the proposed multi-disease pre-

diction system are presented in this section, along with an 

analysis of its accuracy and interpretability. 

 

A. Prediction Performance 

The ensemble model is trained using clinical input features 

to determine whether a patient is affected by a disease. The 

system produces a probability score, which is used to 

classify the presence or absence of disease. 

To evaluate the effectiveness of the model, a confusion 

matrix is utilized, which provides a detailed view of correct 

and incorrect predictions. 

 

B. Confusion Matrix 

TABLE I 

CONFUSION MATRIX (TEST SET EVALUATION) 

 Predicted No Predicted Yes 

Actual No 160 3 

Actual Yes 4 138 

 

The confusion matrix is generated using the test dataset, 

which represents a portion of the total samples. It helps in 

understanding how well the model performs on unseen data. 

From the matrix, it is observed that the model correctly 

classified 160 cases as negative (true negatives) and 138 

cases as positive (true positives). A small number of cases 

were misclassified, including 3 false positives and 4 false 

negatives. This indicates that the model produces 

significantly more correct predictions compared to incorrect 

ones. The low num-ber of misclassifications shows that the 

system can effectively distinguish between disease and non-

disease cases. 

Overall, the results demonstrate that the proposed ensemble 

model performs well and is suitable for real-world 

healthcare applications due to its high accuracy and 

reliability. 

 

C. Performance Metrics 

The evaluation metrics are calculated as follows: 
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Based on the confusion matrix, the model achieves high 

accuracy along with balanced precision and recall. This 

shows that the system is effective in correctly identifying 

positive cases while minimizing false predictions.  

 

 
Fig. 2. Training and Validation Accuracy 

 

 
Fig. 3. Training and Validation Loss 

 

Training Performance Analysis 

The training performance of the model is analyzed using  

accuracy and loss curves over multiple iterations. The accu-

racy plot shows a steady improvement in both training and  

validation accuracy, indicating effective learning. 

It can also be observed that the validation accuracy closely 

follows the training accuracy throughout the process. This 

suggests that the model does not overfit and generalizes well 

to new data. 

Similarly, the loss curves show a gradual decrease in both 

training and validation loss values. The smooth convergence 

of these curves reflects stable training and proper 

optimization of model parameters.  

Overall, the training analysis confirms that the model is 

well-trained, stable, and capable of producing reliable 

predictions.   

 

E. Interpretability Through Risk Analysis 

One of the key advantages of the proposed system is its 

ability to provide meaningful insights along with 

predictions. When a disease is detected, the system analyzes 

clinical features to identify contributing risk factors. 

For example, abnormal values in parameters such as 

glucose, cholesterol, or hemoglobin are often associated 

with higher risk levels. These factors are highlighted and 

presented to the user in an understandable format. 

This approach enhances transparency and helps users 

understand the reasoning behind the prediction. 

 

F. System Behavior and Usability 

The integration of the model into a web-based application 

allows users to interact with the system easily. Users can 

enter clinical data, view prediction results, and analyze risk 

factors without difficulty. 

In addition, the system provides features such as prediction 

history tracking and graphical visualization of probability 

values. The option to generate reports further improves 

usability. 

 

G. Discussion 

The overall results indicate that the combination of 

ensemble machine learning techniques and risk analysis 

provides an effective solution for multi-disease prediction. 

The ensemble model ensures high accuracy, while the risk 

analysis component improves interpretability. 

Compared to traditional approaches, the proposed system 

offers a better balance between prediction performance and 

usability. This makes it more suitable for practical 

healthcare applications where both accuracy and 

understanding are important. 

In conclusion, the system provides a reliable and efficient 

approach for supporting medical decision-making and 

enabling early detection of diseases. 
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XI. ADVANTAGES OF THE PROPOSED SYSTEM 

The proposed multi-disease prediction system offers several 

advantages that make it effective and practical for real-

world healthcare applications. 

 High Prediction Accuracy: By utilizing an ensemble 

learning approach with Random Forest and Gradient 

Boosting, the system captures complex patterns in 

clinical data, resulting in accurate and reliable 

predictions. 

 Interpretable Results: Unlike many traditional 

models, the system provides clear insights through risk 

analysis, allowing users to understand the factors 

influencing the prediction. 

 Efficient Feature Handling: The model effectively 

processes multiple clinical features, enabling better 

identifi-cation of relationships among different health 

parameters. 

 Real-Time Prediction: Through the web-based 

implementation, users can input clinical data and 

receive instant prediction results. 

 User-Friendly Interface: The system is designed 

with a simple and interactive interface, making it 

accessible even for non-technical users. 

 Prediction History Tracking: The system stores 

previous predictions, allowing users to review and 

analyze historical results. 

 Report Generation: Users can generate and 

download detailed reports for documentation and 

further analysis. 

 

XII. LIMITATIONS 

Despite its advantages, the proposed system has certain 

limitations that need to be considered. 

 Limited Dataset: The dataset used for training may not 

cover all possible medical conditions or variations 

across different populations. 

 Dependency on Input Quality: The accuracy of the 

predictions highly depends on the correctness of the 

input data provided by the user. 

 Lack of Real-Time Integration: The system is not 

directly connected to hospital databases or real-time 

monitoring systems. 

 Model Complexity: The use of ensemble techniques 

requires proper tuning and may increase 

implementation complexity. 

 Generalization Challenges: Applying the model to 

new datasets or diverse populations may require 

retraining or fine-tuning. 

 

XIII. FUTURE SCOPE 

The proposed system can be further improved and extended 

in several ways. 

 Integration with Healthcare Systems: Connecting the 

system with hospital databases can enable real-time 

data processing and analysis. 

 Use of Larger Datasets: Training the model on larger 

and more diverse datasets can improve its 

generalization capability. 

 Mobile Application Development: The system can be 

extended into a mobile application for better 

accessibility and ease of use. 

 Integration with IoT Devices: Real-time health 

monitoring devices can be incorporated to provide 

continuous data input. 

 Advanced Explainable AI Techniques: More 

advanced interpretability methods can be used to 

provide deeper insights into predictions. 

 Improved Model Architectures: Future work can 

explore advanced models such as deep learning or 

hybrid architectures for enhanced performance. 

 

XIV. CONCLUSION 

This work presents a machine learning-based multi-disease 

prediction system that combines ensemble techniques with 

effective data processing methods. The system is designed 

to deliver accurate predictions along with meaningful 

insights through risk analysis. 

The use of an ensemble model enables the system to learn 

complex relationships among clinical features, thereby 

improving prediction performance. In addition, the 

incorporation of risk factor identification enhances 

interpretability by highlighting important health indicators. 

The integration of the model into a web-based application 

makes the system practical and easy to use. Users can input 

clinical data, obtain predictions, understand risk factors, and 

generate reports in real time. 

Overall, the proposed system provides a balanced approach 

that combines accuracy, interpretability, and usability. It 

offers a reliable solution for supporting medical decision-

making and enabling early detection of multiple diseases in 

healthcare applications. 
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