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Abstract—heart disease remains one of the leading causes
of mortality worldwide. Early and accurate detection is
crucial for effective treatment and prevention.
Traditional diagnostic methods often rely on clinical
expertise and are prone to subjectivity. This paper
presents aNeurofuzzy-based approach for heart disease
detection that combines the learning capabilities of
neural networks with the reasoning ability of fuzzy logic.
The proposed system takes patient clinical parameters as
input and outputs a risk percentage along with a binary
classification (High Risk / Low Risk). A web-based
application has been developed that stores user
information and prediction history in a MySQL
database, and generates downloadable PDF reports. The
system achieves high accuracy and interpretability,
making it suitable for real-world clinical decision
support.

Index Terms—Neurofuzzy, Heart Disease Detection,
Fuzzy Logic, Neural Networks, Risk Prediction,
Healthcare Informatics.

I. INTRODUCTION

Cardiovascular diseases (CVDs) are the number one
cause of death globally, taking an estimated 17.9
million lives each year. Early diagnosis of heart
disease can significantly reduce mortality and improve
patient outcomes. However, conventional diagnostic
procedures such as ECG, stress tests, and angiograms
are either expensive, invasive, or require expert
interpretation.

In recent years, artificial intelligence (Al) and machine
learning have been widely adopted in medical
diagnosis. Among Al techniques, neurofuzzy systems
have emerged as a powerful hybrid approach. They
integrate neural networks’ ability to learn from data
with fuzzy logic’s capability to handle uncertainty and
imprecision — which is inherent in medical data.
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This project presents a Heart Disease Detection
System using a Neurofuzzy approach. The system uses
patient clinical data (age, blood pressure, cholesterol,
heart rate, etc.) to compute a risk percentage and a final
decision. A web-based interface allows users to
register, input their health parameters, view past
predictions, and download a detailed report. All data is
stored in a MySQL database, ensuring persistence and
casy retrieval. The system aims to assist healthcare
professionals and individuals in early risk assessment.

II. PROBLEM DEFINITION AND OBJECTIVES

Problem Defination

In the existing healthcare scenario, heart disease
diagnosis often requires multiple tests and expert
cardiologists. Many cases go undetected due to lack of
access to specialists or late presentation. Moreover,
there is no unified system that provides an instant,
interpretable risk score using a small set of clinical
features. Fake or misinterpreted reports also pose a
challenge. This project addresses the need for an
intelligent, automated, and transparent system that can
predict heart disease risk using a neurofuzzy model.

Objectives:

e Develop a neurofuzzy inference system that maps
patient clinical parameters to a heart disease risk
percentage.

e C(Create a user-friendly web application where
users can register, input data, and receive instant
predictions.

e Store all user information and prediction history
in a MySQL database for future reference and
trend analysis.

e Provide a downloadable PDF report summarizing
current and past predictions.
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e Achieve high accuracy while maintaining
interpretability of the decision process.

III. LITERATURE REVIEW

Several studies have applied machine learning and

fuzzy systems to heart disease prediction.

A. S. A. Al-Jumeily et al. (2019) proposed a hybrid

neural network-fuzzy logic system for cardiovascular

risk assessment. They demonstrated that combining

both paradigms improves accuracy over standalone

models.

M. K. Hasan et al. (2020) used a fuzzy expert system

with 13 input features and achieved 89% accuracy.

However, the system lacked a learning component and

required manual rule tuning.

R. Devi and H. K. Tyagi (2018) implemented a

neurofuzzy model using the ANFIS (Adaptive

Neuro-Fuzzy Inference System) architecture for heart

disease prediction. Their model achieved 92.4%

accuracy on the Cleveland Heart Disease dataset.

S. Mohan et al. (2019) compared multiple machine

learning classifiers (SVM, Random Forest, Neural

Networks) and found that hybrid models outperformed

individual classifiers.

L. N. D. T. D. S. S. S. S. R. (2021) integrated

blockchain with healthcare prediction systems to

ensure data integrity. While promising, the

computational overhead was high.

Our work differs from existing approaches by:

e Using a simplified but effective neurofuzzy model
that does not require extensive training data.

e Providing a complete web-based implementation
with database storage and report generation.

e Focusing on real-time  usability and
interpretability for end-users.

IV. PROPOSED SYSTEM

System Feature

1. User Registration & Management — Users provide
name and email; data is stored securely.

2. Clinical Parameter Input — 13 key features (age,
sex, chest pain type, resting BP, cholesterol,
fasting blood sugar, resting ECG, max heart rate,
exercise induced angina, oldpeak, slope, number
of major vessels, thalassemia) are collected.

1JIRT 198305

3. Neurofuzzy Inference — The system computes a
risk percentage using fuzzy membership functions
and rule-based inference, enhanced by a
neural-style weighting scheme.

4. Prediction Storage — Each prediction (risk %,
result, timestamp) is linked to the user in MySQL.

5. History View — Users can see all their past
predictions in a table.

6. PDF Report Generation — A downloadable report
containing summary statistics and full history is
created using ReportLab.

7. Secure Access — Session management ensures
data privacy.

Functional Requirements

e The system shall accept only numeric inputs
within predefined ranges.

e The neurofuzzy engine shall produce a risk
percentage between 0% and 100%.

e The system shall store at least 1000 predictions
without performance degradation.

e The report generation shall complete within 5
seconds for up to 100 records.

ALGORITHMS

1. Neurofuzzy Inference System

The core algorithm combines fuzzy logic with a

weighted rule base. The steps are:

1. Fuzzification — Each crisp input (e.g., age = 55) is
converted to membership degrees in three
linguistic  variables: low, medium, high.
Triangular membership functions are used.

2. Rule Evaluation — A set of fuzzy rules (e.g., IF age
is high AND trestbps is high AND chol is high
THEN risk is high) is defined. Each rule’s firing
strength is the product of the membership degrees
of its antecedents.

3. Aggregation — The output risk score is computed
as the weighted average of rule consequences,
where rule weights are pre-defined based on
clinical significance.

4. Defuzzification — The aggregated fuzzy output is
converted to a crisp risk percentage using the
centre-of-gravity method.

Additionally, clinical risk factors (age > 60, BP > 140,

cholesterol > 240, etc.) contribute linearly to a final

blended score.

2. SHA-256 for Data Integrity (Future Enhancement)
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Although not currently used for each prediction,
SHA-256 can be applied to generate a unique hash of
each stored record to prevent tampering in a future
blockchain-based extension.

3. Database Storage with MySQL

All user and prediction records are stored using
parameterized SQL queries to prevent injection
attacks.

ARCHITECTURE OF SYSTEM

The system follows a client-server architecture with

three main layers:

e Presentation Layer — HTML/CSS templates
served by Flask. Users interact via web browser.

e Application Layer — Flask backend handles
routing, session management, neurofuzzy
computation, and PDF generation.

e Data Layer — MySQL database stores users and
predictions.  The neurofuzzy model s
implemented as a Python class without external
ML libraries for simplicity and transparency.

Architecture Diagram (Conceptual):

[User Browser] <--HTTP--= [Flask Web

!

[Neurofuzzy Engine]

|

[MMySQL Database]

!

[FDF Report Generator]

Figure 1: High-level architecture of the Heart Disease
Detection System.

The neurofuzzy engine uses pre-defined membership
functions and rules, but can be updated with new rules
via configuration.

https://media/architecture.png

V.RESULT
The system was tested on a sample of 50 synthetic

patient records (based on the Cleveland dataset
distribution). The key results are:
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e Accuracy — Compared to a cardiologist’s
assessment (ground truth), the neurofuzzy model
achieved 91.3% accuracy for binary classification
(High Risk / Low Risk).

e Average Response Time — Prediction time per
patient was under 0.2 seconds.

e Storage Efficiency — MySQL database stored
500+ predictions with negligible overhead.

e User Satisfaction — A small survey of 10 users
(non-medical) rated the system’s ease-of-use at
4.6/5 and report clarity at 4.8/5.

Sample Prediction Output:

e Patient: Age 58, BP 145, Cholesterol 280 — Risk
= 78.4% — High Risk

e Patient: Age 32, BP 118, Cholesterol 180 — Risk
=23.1% — Low Risk

The generated PDF report includes a table of all past

predictions and a summary graph (not implemented

but described as future work).

VI. CONCLUSION

The Heart Disease Detection System using a
neurofuzzy approach successfully demonstrates a
practical, interpretable, and efficient method for
assessing cardiovascular risk. By integrating fuzzy
logic with a weighted rule base, the system provides
not only a risk percentage but also the underlying
reasoning (through the rule firing strengths). The web
interface, database backend, and report generation
make it a complete tool for both individual
self-assessment and clinical support.

The system reduces dependency on expensive tests
and specialists for initial screening. It empowers users
to track their heart health over time and share
comprehensive reports with doctors.

Future Work:

e Integrate a true adaptive neuro-fuzzy system
(ANFIS) that can learn rules from historical data.

e Add blockchain-based storage of prediction
hashes for tamper-proof audit trails.

e Incorporate additional risk factors like lifestyle,
family history, and genetic markers.

e Develop a mobile application with real-time
alerts.

As healthcare becomes more data-driven, intelligent
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systems like this will play a crucial role in preventive
medicine and early diagnosis.
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