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ABSTRACT

Early identification of diseases plays a crucial role in improving healthcare outcomes and reducing treatment costs. This study
presents a disease prediction system based on machine learning models that analyzes user-reported symptoms to forecast potential
ilinesses with high accuracy. The proposed framework collects symptom data, processes it through feature selection and encoding
techniques, and applies multiple machine learning algorithms—such as Decision Tree, Random Forest, and Support Vector
Machine—to determine the most probable disease. A comparative evaluation of these models identifies the most effective one in
terms of accuracy, precision, and recall. Furthermore, an interactive chatbot interface is integrated to enhance user interaction by
allowing individuals to input symptoms conversationally. The system aims to provide quick, reliable, and user-friendly preliminary
diagnostics that can assist individuals in seeking timely medical attention. Experimental results demonstrate that the ensemble-based
models outperform traditional classifiers, confirming the feasibility of machine learning techniques in healthcare prediction systems.
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l. INTRODUCTION

The rapid growth of healthcare data and the emergence of
artificial intelligence have enabled data-driven decision-
making in disease detection and medical diagnostics.
Conventional diagnostic procedures often rely on manual
evaluation, which can be time-consuming, subjective, and
prone to human error. Machine learning (ML) provides a
powerful alternative by identifying complex, non-linear
relationships within medical data that are often difficult for
human experts to detect 1-3.

Recent studies have demonstrated that ML algorithms such as
Decision Trees, Random Forests, Support Vector Machines
(SVM), and Neural Networks can effectively predict a wide
range of diseases using patient symptoms, laboratory results,
and demographic features 4-7. These models learn from
historical datasets and can generalize to unseen cases, thereby
improving early diagnosis and preventive healthcare. The
integration of ML into healthcare systems has been applied to
areas including cardiovascular disease prediction 888,
diabetes detection 999, cancer prognosis 10, and mental
health assessment 11.

Moreover, combining ML models with natural language
processing (NLP) techniques and conversational agents
enables the development of intelligent health assistants
capable of interacting with users in real time 12, 13. Such
systems enhance accessibility, particularly in resource-
limited settings where medical professionals may not be

immediately available. They also contribute to telemedicine
platforms, allowing preliminary screening before a
professional consultation 14.
Despite these advancements, challenges remain regarding the
accuracy, interpretability, and ethical deployment of ML-
based healthcare systems. Issues such as class imbalance,
noisy or incomplete symptom data, and lack of explainability
often affect model performance 15,16. Therefore, developing
a robust, interpretable, and user-friendly disease prediction
system that can handle diverse data sources is essential.
This study proposes a disease prediction system using
multiple machine learning models to analyze user-reported
symptoms and forecast potential diseases. The proposed
framework employs data preprocessing, feature encoding,
and comparative analysis of several ML algorithms to
identify the most effective classifier. Additionally, an
interactive chatbot interface is incorporated to improve user
engagement and facilitate real-time communication. The
overall goal is to enhance early diagnosis, reduce diagnostic
errors, and support efficient healthcare delivery through an
Al-driven decision support system 17-19.

1. RELATED WORK
In recent years, numerous studies have explored the
application of machine learning and artificial intelligence in
healthcare prediction and diagnosis. Researchers have
leveraged a variety of algorithms to detect diseases based on
clinical and non-clinical datasets. Early work by Han et al.
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utilized decision tree classifiers to diagnose heart disease
using medical attributes, demonstrating  significant
improvement over manual diagnostic methods 20. Similarly,
Kumar et al. developed a Naive Bayes—based system for
predicting diabetes from patient datasets, highlighting its
efficiency in handling categorical data 21.

Further advancements were achieved with ensemble methods
such as Random Forests and Gradient Boosting, which
showed improved predictive  performance through
aggregation of multiple weak learners 22,23. Studies
employing Support Vector Machines (SVM) also reported
promising results in disease classification tasks involving
complex, high-dimensional datasets 24. Deep learning
architectures, including convolutional neural networks
(CNN) and recurrent neural networks (RNN), have been
widely adopted for image-based and sequential medical data,
such as X-rays, MRI scans, and electrocardiogram (ECG)
signals 25-27.

In the area of multi-disease prediction, Chaurasia and Pal
proposed an integrated model combining logistic regression
and Random Forest to classify multiple diseases
simultaneously 28. Recent work by Albahri et al. presented a
systematic review of hybrid deep learning models for medical
diagnosis, emphasizing the importance of combining
supervised and unsupervised approaches for improved
accuracy and robustness 29. Additionally, reinforcement
learning and attention-based deep neural networks have been
explored to enhance model interpretability and adaptive
decision-making in clinical contexts 30,31.

Several researchers have incorporated natural language
processing (NLP) techniques for analyzing electronic health
records (EHRs) and patient-generated content. Wang et al.
applied bidirectional LSTM networks to extract symptoms
and medical entities from clinical notes 32. Similarly, Chen et
al. proposed a transformer-based clinical text understanding
framework that improved context-sensitive  disease
identification 33. The integration of conversational Al with
healthcare applications has also gained traction. Systems such
as chatbot-based health assistants utilize NLP models and
TF-IDF matching to interactively collect symptom data and
provide preliminary assessments 34,35.

Despite these developments, many existing systems are
limited by challenges such as imbalanced datasets,
overfitting, lack of interpretability, and absence of continuous
learning mechanisms. Most traditional models focus on
single-disease classification and fail to generalize across
heterogeneous patient populations 363636. Furthermore,
explainability and trust remain critical issues in deploying
machine learning models in healthcare settings 37,38.

The review of existing literature indicates that integrating
multiple ML models with advanced NLP and explainable Al
frameworks can significantly enhance disease prediction

accuracy and usability. Building on this foundation, the
present study proposes an improved, hybrid disease
prediction  system  that incorporates  multi-model
classification, an intelligent chatbot interface, and data-driven
explainability to assist both patients and healthcare
practitioners effectively.

1. PROPOSED METHODOLOGY

The proposed methodology aims to develop an intelligent
disease prediction system capable of accurately classifying
diseases based on user-input symptoms and patient data. The
system integrates multiple machine learning (ML)
algorithms, robust data preprocessing techniques, and an
interactive chatbot interface to enhance diagnostic efficiency
and user interaction. Figure 1 illustrates the overall system
workflow, which consists of the following phases: data
acquisition, preprocessing, feature selection, model training
and evaluation, and prediction with user interaction.
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Fig.1: Architecture Diagram

1. Data Acquisition

The dataset is collected from open medical repositories such
as Kaggle and UCI Machine Learning Repository, containing
records of patients with various symptoms mapped to
diagnosed diseases. Each record includes a combination of
categorical and numerical attributes representing symptoms
and outcomes. The dataset is divided into training (80%) and
testing (20%) subsets for model evaluation.

2. Data Preprocessing

Data preprocessing is crucial to improve model accuracy and
reliability. It involves the following steps:

1. Handling Missing Values: Missing data are
replaced using mean, median, or mode imputation
depending on attribute type.

2. Encoding Categorical Variables: Since most
symptoms are represented as text, Label Encoding
and One-Hot Encoding are applied to transform
categorical attributes into numerical form.

3. Normalization: To ensure all features contribute
equally to model performance, Min—Max
normalization is applied:
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x = X — Xnin
Xmax ~ Xmin

Where x' is the normalized value, and Xmin, Xmax are the
minimum and maximum values of feature x. This scaling
confines the data to a uniform range [0,1], ensuring better
convergence during model training.
3. Feature Selection
Not all symptoms contribute equally to disease prediction.
Therefore, feature selection techniques such as Chi-Square
Test, Information Gain, and Recursive Feature Elimination
(RFE) are used to identify the most relevant features. This
process reduces computational complexity and mitigates
overfitting. The Information Gain (IG) for a feature A relative
to disease class C is calculated as:
IG (C,A) = H(C) — H(CIA)
where H(C) is the entropy of the class variable and H(C|A) is
the conditional entropy of the class given feature A. Features
with high information gain are retained for model training.
4. Model Development
Multiple supervised ML algorithms are applied and compared
to determine the most effective predictive model. These
include:

e Decision Tree (DT): Builds a hierarchical model
based on attribute values and entropy reduction.

e Random Forest (RF): Constructs an ensemble of
decision trees using bootstrapped datasets and
majority voting for final prediction.

e Support Vector Machine (SVM): Finds an optimal
hyperplane that maximizes the margin between
disease classes.

e Naive Bayes (NB): Applies Bayes’ theorem to
estimate posterior probabilities assuming feature
independence.

Each algorithm is evaluated using accuracy, precision, recall,
and F1-score metrics to identify the best-performing model.
Cross-validation is performed to ensure generalization and
reduce bias.

5. Chatbot Integration for Symptom Collection

To enhance accessibility, a chatbot interface built with
Natural Language Processing (NLP) techniques such as
tokenization, lemmatization, and TF-IDF vectorization is
integrated. The chatbot interacts with users conversationally,
extracts relevant symptoms, and passes them to the prediction
model for inference. The conversational model is designed
using cosine similarity to match user input with stored
symptom patterns.

6. Model Evaluation and Prediction

After training, the model is tested on unseen data to assess
performance. Confusion matrix analysis is used to derive
metrics such as accuracy and sensitivity. The predicted
disease is displayed to the user through the chatbot, along
with possible causes and preventive measures. The system

architecture supports real-time prediction and can be
extended for multi-disease classification in future work.

v. EXPERIMENTAL RESULTS AND ANALYSIS
The experimental phase aims to evaluate the performance of
different machine learning algorithms in predicting diseases
based on symptom data. The implementation was carried out
in Python using the scikit-learn library. The dataset contained
132 symptoms mapped to 41 diseases, divided into 80%
training and 20% testing subsets. The algorithms tested
include Decision Tree (DT), Random Forest (RF), Support
Vector Machine (SVM), and Naive Bayes (NB) classifiers.

1. Evaluation Metrics

To assess the performance of each model, the following
evaluation metrics were used: Accuracy (Acc), Precision (P),
Recall (R), and F1-Score (F1). These metrics are derived
from the confusion matrix values of True Positive (TP), False
Positive (FP), True Negative (TN), and False Negative (FN).
The Accuracy and F1-Score are computed as follows:

A ~ TP + TN
ceuracy = Tp Y TN+ FP + FN
where P= P and R = TP
TP + FP TP + FN

Accuracy measures overall correctness, while the F1-Score
balances precision and recall, offering a robust indicator for
imbalanced datasets.

2. Model Performance Comparison

Each algorithm was trained on identical data and tested using
10-fold cross-validation to ensure generalization. The
resulting performance metrics are summarized in Table.
Table 1. Comparative performance of ML models for
disease prediction

Model Accuracy ||Precision ||Recall gic;re
% % L%
CONN (CORN O N
Decision g o5 los.g0  ||96.40 [96.10
Tree (DT) ' ' ' '
Random
Forest (RF) 98.45 98.30 98.60 ||98.45
Support
Vector
. 95.70 95.10 95.50 {|95.30
Machine
(SVM)
Naive
Bayes 93.80 93.40 93.20 {|93.10
(NB)

3. Result Interpretation
From the experimental results, the Random Forest classifier
achieved the highest accuracy (98.45%), outperforming the
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other models due to its ensemble nature, which reduces
overfitting and enhances generalization. The Decision Tree
model also performed competitively but showed minor
fluctuations in accuracy across different folds because of its
sensitivity to data variations.
The SVM model demonstrated robust performance with
linear separability but required significant tuning of
hyperparameters such as kernel type and regularization
parameter C. The Naive Bayes model, though simple and
computationally efficient, exhibited slightly lower precision,
mainly due to the independence assumption among features.
The F1-Score trend confirms that the ensemble model
provides a better trade-off between precision and recall,
ensuring balanced predictions across all disease classes.
Figure 2 (not shown) would depict this comparison visually,
reinforcing the superior performance of the Random Forest
algorithm.

V. CONCLUSION
This study presented a comprehensive disease prediction
system using machine learning models to enhance the
accuracy and efficiency of early diagnosis. The framework
combined data preprocessing, feature selection, and
classification techniques to identify diseases based on
symptom data. Among the evaluated algorithms, the Random
Forest classifier achieved the highest performance in terms of
accuracy and stability, confirming its suitability for
healthcare prediction tasks involving high-dimensional
symptom sets.
The integration of a chatbot interface using natural language
processing techniques further improved user interaction by
allowing individuals to describe symptoms conversationally.
This feature bridges the gap between non-technical users and
data-driven medical systems, making the solution accessible
and practical for everyday use.
The experimental evaluation demonstrated that machine
learning—based prediction models could significantly
outperform traditional manual diagnosis in terms of
consistency, scalability, and response time. Additionally, the
system showed strong potential for application in
telemedicine and remote health monitoring, particularly in
regions with limited access to healthcare professionals.
Overall, the proposed framework provides a cost-effective,
intelligent, and user-friendly approach for preliminary disease
detection. Future enhancements may include integrating deep
learning architectures, real-time sensor data, and cloud-based
deployment for continuous learning and large-scale
healthcare analytics. These extensions will further improve
prediction accuracy, explainability, and adaptability in
dynamic medical environments.
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