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risk. Additionally, the system can be enhanced with federated learning to

L . N . ° protect data privacy through decentralized model training. This approach
hecessitating early detection for effective intervention. This stuc'delivers a proactive, accessible solution for early detection, ultimately

introduces HeartFL, a scalable and efficient machine learning syster. - - L i .

that predicts heart disease risk using patient health data. Leveragin'gmprovIng patient outcomes and aiding healthcare decision-making.
a Decision Tree algorithm, HeartFL analyzes critical medical, Motivation:

factors—including age, cholesterol, blood pressure, and heart rate—rpo rising prevalence of
to assess disease likelihood. The system supports privacy-preservin
federated learning, enabling decentralized model training withot
exposing sensitive patient information. A user-friendly interfac
allows input of health parameters or medical report uploads fo

Abstract— Heart disease remains a leading cause of death globally

cardiovascular diseases has made heart-related
conditions one of the leading causes of mortality, particularly in urban
populations. Contributing factors such as sedentary lifestyles, unhealthy
diets, stress, and lack of regular health monitoring have significantly
o . X increased heart disease cases. Traditional diagnostic methods often
automated prediction. Experimental evaluation confirms the model'i, /o e myitiple clinical tests, expert evaluations, and lengthy processes,
Fe"a‘?"'ty and accuracy, faC|I_|tat|ng timely diagnosis. By Comp'n'nwhich can delay early detection and timely treatment. The lack of quick,
intelligent .p'fed'Ct'or' w ith privacy-aware methods:, HeartFL aims t,. oqgible prediction systems limits preventive healthcare and heightens
enhanC(_e clinical demsmn-maklng_ anq Improve patient outcomes. Thpatient risk. By harnessing machine learning, this project aims to enable
system is deployed as a web application and can be accessed at: efficient and accurate heart disease prediction using patient health data.
https://adityaindana.pythonanywhere.com/ The proposed HeartFL system employs a Decision Tree algorithm to
analyze key medical parameters and deliver real-time risk assessments.
Keywords— Heart disease prediction, Machine learning, DecisioAdditionally, federated learning integration ensures data privacy by
Tree algorithm, Patient health data, Federated learning, Datfacilitating decentralized model training without sharing sensitive
privacy, Medical diagnosis, Early detection, Healthcare technologyinformation. This approach fosters early diagnosis, timely intervention,
Predictive modeling better patient outcomes, and advances intelligent healthcare solutions.

B. Problem Statement:

Heart disease cases are rapidly increasing  worldwide makin(Heart disease is a leading cause of mortality worldwide, affecting
pidly g ' ‘millions annually. It results from various factors including high blood

cardiovascular conditions a leading cause of death. Contributing 1‘actorspressure cholesterol imbalance, unhealthy lifestyles, and genetic
include unhealthy lifestyles, stress, poor diet, and delayed dIagnOSISpredispositions. These factors not only compromise individual health but

I(;?]g:};; [c]ia:)lngI?/?/rr:?csr?((::awetgzi?;e(?ztgzs&rr]r\lli?]weariljlleeclfg tzztr? atnrgateézﬁrtcan also lead to severe complications such as heart attacks, strokes, and
’ g y early chronic conditions. Traditional diagnostic methods depend on clinical

Therefore, there is a critical need for efficient, intelligent systems thatests and expert evaluations, which are often time-consuming and may

?effgaqg;da( Sgi'sa}gglutl?rtge parIGdc:f’ttlr?r?]&to-rzgalpmepoﬁqenTec?ar:aFL Sssésr:e;not support early-stage detection. The proposed HeartFL system adopts a
a\; b?ood reSSIIJrIe cholestergl ;nd heart ratz)alZ th)) :edict he; (;Jiseas('machine leaning approach that continuously analyzes patient health
g€, P ' ' —wop parameters to predict the risk of heart disease. Utilizing a Decision Tree

l. INTRODUCTION
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algorithm, the system processes key inputs such as age, blood pressures Vani et al. (2020)[9] created a prediction model based on
cholesterol levels, and heart rate. Furthermore, it integrates privacyclinical data but did not incorporate privacy-preserving technigues.

preserving federated learning techniques to ensure secure ang Nayak (2018)[10] designed a large-scale healthcare analytics
decentralized data handling. With a user-friendly interface, HeartFLsystem for population-level prediction, which was unsuitable for
delivers instant predictions, facilitating early detection and timely,qividual real-time diagnosis.

medical intervention to improve patient outcomes and reduce health

risks.

L These limitations underscore the necessity for a system that combines
C. Obijectives:

accurate prediction, real-time analysis, and robust data privacy—
requirements that the proposed HeartFL system aims to fulfill.

. Real-time  Prediction: Develop a  system that
continuously and accurately predicts heart disease using maching, Research Gap:

learning techniques based on patient health data. Many existing studies on heart disease prediction utilize traditional
o Intelligent Analysis: Analyze key medical parameters-machine learning algorithms but often neglect crucial aspects such as data
such as age, blood pressure, cholesterol levels, and heart rate—using privacy and real-time prediction. A significant number of approaches
Decision Tree algorithm for effective diagnosis. depend on centralized data storage, which raises serious concerns about
. User-Friendly Interface: Provide an interactive platfor the security of sensitive patient information. Our system addresses this
where users can input health data or upload medical reports to recei\challenge by integrating federated learning, enabling decentralized model
instant prediction results. training without sharing raw data, thereby enhancing privacy protection.

. Privacy Preservation: Ensure data security and privac N _ ) o .

by integrating federated learning, enabling decentralized model trainir Additionally, several studies lack real-time prediction capabilities,
without sharing sensitive patient information. resulting in delays in diagnosis and treatment that can adversely affect
° Healthcare Support: Assist individuals and healthca Patient outcomes. The proposed HeartFL system overcomes this

professionals in making timely preventive decisions and improvir limitation by delivering instant prediction results based on user input,
overall patient outcom facilitating timely medical intervention.

Moreover, interpretability is frequently overlooked in existing systems,
making it difficult for users and healthcare professionals to comprehend
the decision-making process. By leveraging a Decision Tree algorithm,
. This project effectively applies machine learnirour system ensures transparent and easily interpretable results.
techniques to analyze critical medical parameters—including age, bloc
pressure, cholesterol levels, and heart rate—to accurately predict heaFinally, many current solutions do not prioritize user-friendly interfaces,
disease. This approach provides users with reliable, real-time insighlimiting accessibility for non-technical users. The proposed system
into their health, aiding early detection of potential risks. includes an intuitive interface that allows users to effortlessly input data
. The system delivers immediate prediction results via ¢and receive predictions, thereby enhancing usability and supporting
interactive platform, allowing users to quickly evaluate their heart healt informed healthcare decision-making.
Utilizing a Decision Tree algorithm, the model offers efficient ar
interpretable outcomes, facilitating timely preventive measures by bou
users and healthcare professionals.
o The user-friendly interface ensures clear and accessiblB- Study Area:
communication of health information. Furthermore, the incorporation (This project targets individuals living in urban and semi-urban areas,
federated learning enhances data privacy and security, safeguardinwhere cardiovascular diseases are highly prevalent due to lifestyle factors
sensitive medical data while maintaining effective model training ansuch as stress, poor diet, and insufficient physical activity. Densely
prediction capabilities. populated regions face an increased incidence of heart-related conditions,
including hypertension, high cholesterol, and other risk factors
1. LITERATURE REVIEW: contributing to heart disease. The project aims to develop a machine
learning-based prediction system accessible to both individuals and
Several studies have explored machine learning-based systems for heahealthcare providers for early detection of heart disease. By enabling real-
time analysis of patient health data, the system offers timely predictions
disease prediction to enhance early diagnosis and support healthcarthat support preventive healthcare measures. Furthermore, the
incorporation of privacy-preserving methods like federated learning
ensures the secure handling of sensitive medical information. This
approach promotes early diagnosis, informed decision-making, and
. Kumar et al. (2023)[1] developed a heart disease predictioenhanced patient care, ultimately improving healthcare outcomes and
system employing Decision Tree and Random Forest algorithmeeducing the overall burden of cardiovascular diseases.
achieving notable classification accuracy. However, their approach relie
on centralized data processing and did not address data privacy concerns.”*
. Sharma et al. (2019)[2] proposed a predictive model using Fig 1: System Architecture
Logistic Regression and Support Vector Machines to identify heart

D. Contributions

decision-making.

System Analysis:

. . . . . R INPUT LAYER PROCESSING LAYER OUTPUT LAYER
disease risks. While effective, their system required large datasets and
- - - T o USER 5 MACHINE LEARNING PREDICTION RESULT
lacked real-time prediction capabilities. o s I TN B
. Patel et al. (2019)[3] introduced a cloud-based healthcare 1i B kelhood of
itori H H s (% Data Preprocessin Sat Disetas
monitoring system that stores patient data for analysis and prediction. DATA INPUT s i e (High  Low Risk)

$

USER INTERFACE

Although it enabled remote access, the system raised significant issues
related to data security and privacy.

. Reddy et al. (2021)[5] developed a system for continuous
patient health parameter monitoring with a focus on long-term data
collection. However, it did not offer instant prediction or early warning
functionalities.

. Singh et al. (2017)[7] presented a healthcare monitoring
system integrating multiple parameters but lacked interpretability in the
prediction outcomes.

413 Decision Tree Algorithm
+

7 Model Training
(Historical Healthcare Data)

+

FEDERATED
LEARNING MODULE
= Local Model Training on

g

[JCRT2604085 | International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org | a687


http://www.ijcrt.org/

www.ijcrt.org © 2026 IJCRT | Volume 14, Issue 4 April 2026 | ISSN: 2320-2882

3. Model Training using Decision Tree:

The Decision Tree algorithm serves as the core classification model. It
partitions the dataset into decision nodes based on feature importance,
learning patterns to classify patients’ risk of heart disease. Its simplicity
and interpretability make it especially suitable for healthcare applications.
g Federated Learning Integration

To maintain data privacy, federated learning is integrated into the system.
Instead of transmitting raw patient data to a central server, training occurs
1. Input Data: locally on user devices. Only model updates are shared and aggregated to
The system uses patient health parameters such as age, bloorefine the global model, protecting sensitive medical information without
pressure, cholesterol levels, heart rate, and other clinicicompromising performance.

Fig 1: System Architecture

Figure 1 illustrates the architecture of the HeartFL system and th
interaction between its components. The system integrates user inpt
modules, a machine learning model, and an output interface to provi
accurate, real-time heart disease predictions.

attributes. These inputs can be manually entered by users o, Prediction and Result Generation:

extracted from medical reports. Accurate input data is critical fcAfter training, the model predicts the likelinood of heart disease based on
achieving reliable prediction outcomes user input. The system delivers real-time predictions indicating high or
2. Machine Learning Model (Decision Tree): low risk. Results are presented via a user-friendly interface for clear and
A Decision Tree algorithm is chosen for its simplicitimmediate understanding.

interpretability, and efficiency in classification tasks. It processes, System Workflow:

input data by splitting it into decision nodes based on featurThe complete workflow follows this sequence:

importance to predict the risk of heart disease. The model is

trained on historical healthcare datasets to ensure robudnput Data — Preprocessing — Model Training — Federated Learning

performance.

3. Federated Learning Module:

To enhance privacy and security, the system employs federated

learning. Instead of transferring raw data to a central server,

training occurs locally on user devices, with only model updates == N & B:. -

shared. This a h safeguard iti ical i i = poil | g =
. pproach safeguards sensitive medical information E-b ‘@» » o W = wp | aunl

while improving overall model accuracy. -

4. User Interface:

A user-friendly interface allows users to input health data or

upload medical reports easily. Designed for accessibility, it

enables users with minimal technical skills to interact with the

system and receive prediction results effortlessly.

5. Output and Prediction: V. RESULTS AND ANALYSIS

The_ system produce_s real-time predictions indicating thg Real-Time Prediction:

likelihood of heart disease. Results are presented clearly trne pHeartFL system effectively predicts the likelihood of heart disease

facilitate quick understanding and prompt medical intervention. i, real-time by continuously processing patient health parameters.

6. Software Components: . Predictions are delivered instantly via a user-friendly interface, enabling

The system is developed using Python and machine learnineers o quickly assess their risk status as either high or low without
libraries such as scikit-learn. The environment supports mOd‘deIay.

training, testing, and deployment. Additionally, the system can be

— Prediction — Output Display

nput Data  Preprocessing Model Training Federated Learning  Prediction Prediction  Output Display

expanded with web frameworks to enable real-time access angd Model Accuracy and Performance:
integration with healthcare platforms. Utilizing a Decision Tree algorithm, the model achieves an accuracy
between 85% and 95%, depending on the training and testing datasets.
Il. METHODOLOGY / WORKING PROCEDURE The system reliably identifies heart disease patterns, with potential for

improved accuracy through hyperparameter tuning, larger datasets, and
advanced modeling techniques. Feature selection further enhances
efficiency and prediction quality.

The proposed HeartFL system follows a systematic approach fc
predicting heart disease by combining machine learning with privacy

preserving techniques. The workflow includes stages such as data Mede ey Campmine 7 g
collection, preprocessing, model training, prediction, and result delivery. = B
1. Data 2. Data 3. Model 4. Federated 5. Prediction 6. Output ; ‘ [ ‘
Collection Preprocessing Training Learning Display
s S N, 3
- s i %4"*'5  HENSUEEE EEEENERE
Qv“ = o = Likelihood of A J‘r’ & M P P “E_«‘ f’ & ¢ ;,.f ~

- Heart Disease g K
User-Friendly ROG-AUG Scors Gomparison X Gross-Validation Mean Accuracy
Interface

Patient ® Normalization
Health Data ® Data Cleaning

l |

Fig : Step-by-step Working Procedure

Fig 2: Step-by-step working procedure

1. Data Collection: s _
Patient health data—including age, blood pressure, cholesterol levelS. Prediction Interface and Usability:

heart rate, and other clinical attributes—are collected. Inputs may kThe system features an interactive interface allowing users to input
manually entered by users or extracted from medical reports. The traininhealth data or upload medical reports easily. Results are presented
dataset comprises historical healthcare records to ensure reliable anclearly, making them accessible to both technical and non-technical
accurate predictions users. This simplicity facilitates quick interpretation and informed health
2. Data Preprocessing: decisions.

Collected data undergoes preprocessing to enhance quality and

consistency. This involves handling missing values, normalizing

numerical features, and encoding categorical variables. These steps

prepare the data for effective model training and improve overall

prediction accuracy.
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Comparison with Existing Systems

B Section £ Upioad PDF

e Empar (P et Data Privacy 1 Low - Data transferred High - Data remains
P B —— to central server on local devices

% Heart Disease Prediction

[Z .\, Federated Learning

Real-Time (% Slower - Centralized <) % Faster - On-device
BSe-mm::am:mclm.almu Form Prediction “ | processing o processing
. Less Transparent - 2 More Transparent -
Interpretation A Black-box models (I\- Interpretable models (e.g,

Decision Tree)

95%

Accuracy e @
& 80% 1
£ Centralized ML Better
S 80%
< 200 \ B Federated Learning
3

Centralized ML  Federated Learning

Table -1 Experiment Result

4 Biction 4: Result Display

- — Metric Value
l— | < Accuracy 92%
Precision 90%

4. System  Responsiveness and  Reliability:  HeartFL Recall 91%
demonstrates fast response times, generating predictions within seconds.
During testing, it showed consistent reliability with minimal errors. F1-Score 90%
Federated learning integration strengthens robustness by enabling
secure, decentralized model updates without compromising patient data
privacy. ) o V. CONCLUSIONS AND FUTURE WORK
> Testing and Validation: The proposed HeartFL system presents an efficient and intelligent

The system was validated using multiple datasets and simulated realg5r0ach to heart disease prediction using machine learning. By
world inputs. Performance was benchmarked against standard machin jeveraging a Decision Tree algorithm, the system performs real-time
learning evaluation methods, achieving consistent accuracy. Crossanalysis of critical patient health parameters—including age, blood
validation ensured the model’s ability to generalize across different dat pressre, cholesterol levels, and heart rate—facilitating accurate and early
samples. ) ) detection of heart disease. The incorporation of federated learning
6. Evaluation Metrics: enhances data privacy by enabling decentralized model training without

Performance was assessed using accuracy, precision, recall, and Flsharing sensitive medical information, ensuring secure and reliable
score. Confusion matrix analysis provided insights into True Positive pasithcare data processing.

(TP), True Negatives (TN), False Positives (FP), and False Negative

(FN), chfer_mg_a C(.’mprehenswe evaluat“,m of the mo,(.iel s effectivenes With its user-friendly interface, HeartFL allows both individuals and
onfusion Matrix - Decision Tree Normalized Confusion Matrix - Decision Tree

" healthcare professionals to easily input health data and receive prompt

. o prediction results. This capability supports timely medical intervention,

I ) s " improves patient outcomes, and promotes preventive healthcare practices.

? w2 Performance evaluations reveal that the model achieves accuracy rates

. " between 85% and 95%, underscoring its effectiveness and reliability in
g . practical applications.

i g 1 i . Future work will focus on integrating deep learning models to further

" enhance prediction accuracy, developing mobile applications to improve

0 " accessibility, incorporating real-time health monitoring via wearable

Na Disease Dsease No Disease Dsease

Predicad Lo Pradced Labo devices, and deploying the system on cloud platforms to facilitate
7. Comparison with Existing Systems: scalable healthcare solutions. These advancements aim to elevate system
Compared to traditional machine learning and centralized modelsintelligence, usability, and overall impact within the healthcare domain.
HeartFL offers enhanced data privacy, real-time prediction, and
improved interpretability. Federated learning ensures secure handling of/| REFERENCES
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