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Abstract: In recent years, the integration of Artificial Intelligence into healthcare has opened new avenues for early diagnosis and preventive
care. This study presents a comprehensive web-based platform designed to predict multiple diseases, namely diabetes, heart disease, Parkinson’s
disease, and breast cancer, using supervised machine learning algorithms. The system utilizes user-provided clinical parameters such as blood
pressure, body mass index (BMI), glucose levels, age, and other relevant health indicators to generate accurate disease predictions. The backend
prediction engine incorporates classification models, including Random Forest, Logistic Regression, and Support Vector Machine (SVM), trained
and validated using publicly available medical datasets to ensure robustness and generalization. Unlike conventional single-disease prediction
systems, the proposed framework provides multi-disease prediction within a unified interface, reducing the need for multiple diagnostic tools.
The system also emphasizes interpretability by presenting prediction confidence scores and feature importance insights to improve transparency
and reliability. The primary objective of the proposed framework is to support early disease detection and personalized healthcare through
accessible predictive analytics, particularly in resource-limited regions. By combining machine learning-based predictive modeling with a user-
friendly web interface, the system bridges the gap between computational intelligence and real-world clinical decision-making.

Keywords: Predictive Diagnostics, Chronic Disease Prediction, Random Forest, Logistic Regression, Healthcare Analytics.
1 INTRODUCTION

Chronic diseases such as diabetes, heart disease, Parkinson’s disease, and breast cancer represent major global health challenges
due to their long-term impact on mortality, quality of life, and healthcare systems. The prevalence of these conditions continues
to increase because of lifestyle changes, aging populations, genetic predispositions, and environmental influences. Early detection
and timely intervention play a crucial role in reducing disease severity, preventing complications, and improving patient outcomes.
However, traditional diagnostic approaches often rely heavily on laboratory investigations, specialist consultations, and continuous
clinical monitoring, which may not always be accessible in rural or resource-constrained regions. Recent advances in machine
learning have enabled the development of intelligent predictive systems capable of identifying disease risks using structured
clinical data such as age, blood pressure, glucose level, and body mass index (BMI). Supervised learning algorithms, including
Random Forest, Logistic Regression, and Support Vector Machine (SVM), have demonstrated strong performance in detecting
disease patterns and supporting early-stage diagnosis. These computational methods provide scalable and cost-effective
alternatives to conventional diagnostic workflows by analyzing large volumes of patient health data efficiently and accurately.

Despite significant progress in predictive healthcare analytics, several challenges remain in deploying machine learning models
in real-world medical environments. Clinical datasets often contain missing values, inconsistent measurements, and demographic
biases that can affect prediction accuracy and reliability. Moreover, many existing prediction systems are designed to address only
a single disease at a time and lack interpretability features that help clinicians understand prediction outcomes and confidence
levels. To address these limitations, this work proposes a unified predictive diagnostics framework capable of estimating the risk
of multiple chronic diseases within a single web-based platform. The proposed system integrates data preprocessing, feature
extraction, and supervised machine learning classification techniques to generate accurate predictions along with interpretable
confidence scores. By combining predictive analytics with an interactive user interface and contextual clinical insights, the system
aims to support healthcare professionals and patients in making informed decisions and improving early disease detection,
particularly in underserved regions with limited access to specialized diagnostic facilities.

2 LITERATURE REVIEW

Automated prediction of chronic diseases has evolved significantly from traditional statistical risk estimation techniques to
advanced machine learning-based diagnostic frameworks. Early predictive systems primarily relied on demographic attributes and
basic clinical parameters such as age, blood pressure, body mass index (BMI), and glucose levels. These features were commonly
analyzed using classical statistical classifiers including Logistic Regression and k-Nearest Neighbors (k-NN), which provided
moderate predictive performance in disease risk assessment tasks.
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With the advancement of machine learning techniques, more robust classification algorithms such as Support Vector Machines
(SVM), Random Forest, and ensemble learning models have been widely applied for chronic disease prediction. Among these
approaches, Random Forest classifiers have demonstrated strong predictive capability due to their ability to handle nonlinear
relationships, reduce overfitting, and process heterogeneous clinical datasets effectively. Comparative studies indicate that
ensemble-based models frequently outperform individual classifiers when applied to diseases such as diabetes, heart disease,
Parkinson’s disease, and breast cancer.

Recent developments in deep learning have further enhanced predictive diagnostics by enabling automated feature extraction
from structured clinical datasets. Deep neural networks and hybrid architectures have been successfully applied to capture complex
relationships among clinical indicators, improving classification accuracy in multi-disease prediction tasks. These approaches
reduce dependence on manual feature engineering and support scalable predictive modeling across diverse healthcare datasets.
Transfer learning has also emerged as an effective strategy for improving disease prediction performance, particularly when labeled
medical datasets are limited. By leveraging pretrained models and adapting them to healthcare-specific prediction tasks,
researchers have achieved improved classification accuracy and reduced training complexity. This approach has shown promising
results in applications such as chronic kidney disease prediction and cardiovascular risk assessment.

Despite these advancements, several practical challenges still limit the adoption of machine learning-based diagnostic systems
in real-world healthcare environments. Many predictive models are trained using curated datasets that differ significantly from
real clinical records, which often contain missing values, inconsistencies, and demographic imbalance. In addition, several existing
systems focus primarily on improving classification accuracy without providing interpretable prediction outputs or confidence
measures required for clinical decision support. Most currently available prediction platforms are designed for single-disease
diagnosis and lack integrated frameworks capable of supporting multiple disease predictions simultaneously. Therefore, there
remains a strong need for unified predictive diagnostic systems that combine robust machine learning models with interpretable
outputs and user-friendly interfaces to improve accessibility, transparency, and reliability in healthcare decision-making.

3 PROPOSED METHOD

The proposed predictive diagnostics framework is designed to estimate the risk of multiple chronic diseases using structured
clinical parameters and supervised machine learning techniques. The system integrates data preprocessing, feature extraction,
classification modeling, and a user-friendly web interface to generate interpretable disease predictions along with confidence
scores. The framework aims to support both healthcare practitioners and patients by providing accessible and reliable early
diagnostic assistance.

3.1. System Overview

The overall workflow of the proposed system consists of four major stages: data collection, preprocessing, feature extraction,
and disease prediction using machine learning classifiers. Clinical input parameters such as age, blood pressure, glucose level, and
body mass index (BMI) are collected through a structured interface and processed before being passed to the prediction engine.
The trained classification models analyze these features to estimate disease risk probabilities, which are presented to the user along
with confidence measures and supporting clinical information. The overall workflow of the proposed predictive diagnostics
framework is illustrated in Fig. 1.

3.2. Data Preprocessing

Data preprocessing plays a critical role in improving the reliability and performance of machine learning models. Clinical
datasets often contain missing values, noise, and inconsistencies that can negatively affect prediction accuracy. Therefore, the
collected data are first cleaned to remove incomplete or corrupted entries. Missing values are handled using appropriate imputation
techniques to maintain dataset completeness. After cleaning, numerical features are normalized to ensure uniform scaling across
all clinical parameters. Normalization prevents variables with larger numerical ranges from dominating the learning process and
improves convergence performance in classifiers such as Support Vector Machines and Logistic Regression. The processed dataset
is then prepared for feature extraction and classification.

3.3. Clinical Feature Representation

In the proposed system, structured clinical parameters are transformed into a standardized format suitable for machine learning
classification. Relevant predictors such as blood pressure, glucose level, BMI, and age are selected as input features based on their
clinical importance in chronic disease diagnosis. Feature normalization and encoding techniques are applied to ensure consistency
and interpretability of the input data. Each processed patient record is treated as an independent feature vector representing the
individual's clinical profile. These feature vectors are then used as input to supervised learning algorithms for disease risk
prediction.
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Fig. 1. System architecture of the proposed multi-disease predictive diagnostics framework.
3.4. Machine Learning Classification Model

The classification component of the proposed framework employs supervised machine learning algorithms including Random
Forest, Logistic Regression, and Support Vector Machine classifiers. These algorithms are selected due to their proven
effectiveness in healthcare prediction tasks and their ability to handle structured clinical datasets efficiently. During the training
phase, labeled clinical datasets are used to train the classifiers to learn relationships between health parameters and disease
outcomes. Model performance is optimized using validation datasets to ensure generalization capability and prevent overfitting.
During inference, the trained models generate probability scores representing the likelihood of disease presence for each patient
record.

3.5. Ensemble Prediction and Confidence Estimation

To improve prediction robustness and reliability, outputs from multiple classifiers are combined using an ensemble-based
decision strategy. Ensemble averaging helps reduce prediction variance and improves overall classification stability compared to
individual classifiers. The final prediction confidence score is computed by aggregating probability outputs from the classifiers.
Let p;(c) represent the predicted probability of class cfrom classifier i, and let N be the number of classifiers used. The ensemble
probability for class ¢ is computed as:

N
1
Paverie () = ) i (€)
i=1

The class with the highest ensemble probability is selected as the final predicted disease category. This aggregated confidence
score improves interpretability and helps users assess prediction reliability.

IJERSEM@2026 https://doi.org/10.58482/ijersem.v2i4.14 105


http://www.ijersem.com/
https://doi.org/10.58482/ijersem.v2i4.14

@ International Journal of Emerging Research in Science, Engineering, and Management
—\— Vol. 2, Issue 4, pp.103-108, April 2026.

| JERSEM www.ijersem.com elSSN-3107-9075

3.6. User Interface Integration

The proposed predictive diagnostics system is implemented through a web-based interface that enables users to input clinical
parameters either manually or through structured data upload. After processing the input data, the system displays predicted disease
risk along with confidence scores and ranked alternative risk probabilities. In addition to prediction results, the interface provides
contextual clinical information such as disease description, symptoms, risk factors, and recommended follow-up actions retrieved
from a structured knowledge base. This integration enhances usability and supports informed decision-making for both clinicians
and patients.

4 RESULTS AND DISCUSSION
4.1. Experimental Setup

The proposed predictive diagnostics framework was evaluated using publicly available clinical datasets corresponding to
multiple chronic diseases, including diabetes, heart disease, Parkinson’s disease, and breast cancer. The datasets were divided into
training, validation, and testing subsets using stratified sampling to preserve class distribution across disease categories. Data
preprocessing techniques such as normalization and missing value handling were applied prior to model training to ensure dataset
consistency and improve prediction reliability. The classification performance of the proposed system was evaluated using widely
accepted statistical metrics including Accuracy, Precision, Recall, and F1-score. These evaluation measures provide insight into
prediction correctness, reliability of positive predictions, sensitivity toward actual disease cases, and the balance between precision
and recall, respectively. These metrics are commonly used in medical decision-support system evaluation to validate prediction
effectiveness. Fig. 2 shows the user interface designed to use the proposed system.
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Fig. 2. User interface
4.2. Performance Evaluation Metrics

The evaluation metrics used for performance assessment are defined as follows:

pocicion — TP

recision = TP n FP
Recall i
= TP ¥ FN

Precision X Recall
F1=2x

Precision + Recall

where TP represents true positives, FP represents false positives, and FN represents false negatives. These metrics ensure
comprehensive evaluation of classification performance and support reliable comparison across different disease prediction
models.
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4.3. Overall Prediction Performance

The proposed multi-disease predictive diagnostics system demonstrated strong classification performance across the selected
chronic disease datasets. Experimental results indicate that the model achieved an overall accuracy of 95.89%, with macro-
averaged precision of 95.89%, recall of 95.84%, and F1-score of 95.84%. These results confirm that the proposed framework
effectively distinguishes between multiple chronic disease conditions using structured clinical input parameters. The high
performance of the model can be attributed to the integration of multiple supervised machine learning classifiers and the use of
ensemble prediction strategies, which improve classification stability and reduce prediction variance across different disease
categories.

4.4. Training and Validation Analysis

Training and validation accuracy curves indicate that the proposed classification framework successfully learns meaningful
clinical feature relationships during early training stages and gradually stabilizes as convergence is achieved. The validation
accuracy closely follows the training accuracy throughout the learning process, demonstrating that the model generalizes
effectively to unseen clinical data. Similarly, validation loss follows a decreasing trend alongside training loss without significant
divergence between the curves, indicating that overfitting is minimized through appropriate preprocessing and model optimization
techniques. These observations confirm the robustness and reliability of the proposed predictive diagnostics framework.

4.5. Discussion

The integration of multiple supervised machine learning classifiers with ensemble-based prediction strategies contributes
significantly to the strong performance achieved by the proposed system. Ensemble learning improves prediction stability by
combining outputs from individual classifiers and reducing model variance compared to standalone classification approaches.
Although the proposed framework demonstrates high classification accuracy across multiple chronic disease datasets, prediction
errors may still occur in cases where clinical indicators overlap across disease categories. Incorporating additional contextual
information such as patient lifestyle attributes, longitudinal health records, and demographic characteristics could further enhance
prediction performance in future implementations. Furthermore, integrating explainable artificial intelligence techniques such as
feature importance visualization and interpretable prediction scoring mechanisms can improve transparency and increase trust
among healthcare practitioners using automated diagnostic support systems.

5 CONCLUSION

This paper presented a unified predictive diagnostics framework for early detection of multiple chronic diseases using
supervised machine learning techniques. The proposed system integrates structured clinical data preprocessing, feature
representation, classification modeling using Random Forest, Logistic Regression, and Support Vector Machine classifiers, and
an ensemble-based prediction strategy to generate reliable disease risk estimates. In addition, the framework provides interpretable
confidence scores through a user-friendly web-based interface, improving accessibility and usability for both healthcare
practitioners and patients. Experimental evaluation conducted on publicly available chronic disease datasets demonstrated strong
prediction performance, with overall accuracy, precision, recall, and Fl-score exceeding 95%. These results confirm the
effectiveness of the proposed system in identifying disease risk patterns across multiple chronic conditions using structured clinical
indicators. Beyond quantitative performance improvements, the integration of ensemble confidence estimation and contextual
disease information enhances prediction interpretability and supports informed clinical decision-making. The proposed framework
therefore represents a practical and scalable solution for supporting early disease detection, especially in resource-constrained
environments where access to specialized diagnostic infrastructure may be limited. Future work will focus on extending the system
to include additional disease categories, incorporating longitudinal patient health records and lifestyle-related attributes, and
integrating explainable artificial intelligence techniques to further improve prediction transparency and reliability in real-world
healthcare applications.
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