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ABSTRACT

Chronic Heart Failure (CHF) is a serious
cardiovascular condition associated with
high morbidity and mortality worldwide.
Early and accurate detection of CHF can
significantly enhance patient outcomes and
reduce healthcare costs. Traditional
diagnostic methods, including
echocardiography and clinical assessment,
are often expensive and require specialized
expertise. This project proposes a machine
learning-based system to classify CHF
using heart pulsation data derived from
electrocardiograms (ECG) and
photoplethysmography (PPG) signals.
Signal preprocessing enhances data quality
by removing noise and artifacts. Time-
domain and frequency-domain features are
extracted to characterize pulsation
patterns. Multiple machine learning
classifiers such as Support Vector
Machines (SVM), Random Forests, and

Artificial Neural Networks (ANN) are

trained on labeled datasets. Feature
selection reduces dimensionality and
improves model performance. The system
identifies CHF with high accuracy,
precision, recall, and F1-score. Cross-
validation ensures model robustness. The
model supports real-time prediction
capabilities  for  wearable  devices.
Visualization dashboards provide insight
into detected patterns. Automated alerts
notify healthcare professionals of suspected
CHF cases. The approach reduces
dependence on costly clinical diagnostics.
The system contributes to accessible and
scalable CHF screening. Ethical data
handling and privacy compliance are
maintained. Overall, this machine learning
framework provides a reliable, non-

invasive method for CHF detection.
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Predictive Healthcare Analytics

INTRODUCTION

Chronic Heart Failure (CHF) is a
progressive condition where the heart
cannot pump blood effectively to meet the
body’s needs. It affects millions of patients
globally and poses a significant burden on
healthcare systems. Early detection and
monitoring are essential for preventing
disease progression and improving patient
quality of life. Conventional diagnostic
techniques, such as echocardiography,
magnetic resonance imaging (MRI), and
clinical examinations, require specialist
interpretation and are not always readily
available in resource-limited settings. With
the advent of wearable sensors and digital
health technologies, heart pulsation data
such as ECG and PPG signals can be
collected continuously in real time.
Machine learning (ML) algorithms can
analyze such time-series physiological data
to identify subtle patterns indicative of
CHF. These models can learn
discriminative  features beyond the
capability of human experts. Combining
ML with non-invasive signal sources
enables  cost-effective and  scalable
healthcare  solutions.  This  project
investigates the application of machine
learning to classify CHF from heart

pulsation signals. Feature extraction

techniques transform raw data into

meaningful  representations.  Multiple
classifiers are evaluated for performance
and robustness. Ethical considerations such
as patient privacy and data security are
integrated into system design. The goal is
to support proactive, early detection of
CHF to reduce clinical burden and improve

care outcomes.

LITERATURE SURVEY

Early research in CHF detection relied on
clinical indicators like ejection fraction and
biomarkers. Traditional statistical models,
such as logistic regression, were applied to
patient records for risk stratification. With
the availability of ECG and PPG datasets,
researchers explored time-domain and
frequency-domain feature analysis for
cardiac disorder classification. Support
Vector Machines (SVM) and Random
Forest classifiers have been used for
arrhythmia detection with moderate success.
Deep learning  models such  as
Convolutional Neural Networks (CNNs)
and Long Short-Term Memory (LSTM)
networks demonstrated improved
performance by learning complex temporal
patterns.  Some  studies  combined
handcrafted features with automated
feature selection to optimize performance.
Researchers have also used hybrid models

integrating signal processing and ML for
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heartbeat classification tasks. Wearable

health  devices enabled continuous
monitoring, expanding CHF detection
beyond clinical settings. Issues such as
signal noise and class imbalance were
addressed through preprocessing and
resampling techniques. Ensemble models
improved robustness against noisy and
heterogeneous data. Explainable Al (XAl)
methods provided insights into model
decisions for healthcare professionals.
Real-time analysis capabilities were
introduced in recent works. Public
databases like PhysioNet supported
algorithm development and benchmarking.
Studies consistently emphasize the need for
generalized and interpretable models for
clinical adoption. This project builds on
these advances to develop a comprehensive
CHF detection framework using machine

learning.

EXISTING SYSTEM

Existing CHF detection systems primarily
rely on traditional clinical diagnostics.
Echocardiography remains the gold
standard for assessing cardiac structure and
function. Blood tests for biomarkers such
as BNP/NT-proBNP  support CHF
diagnosis but require laboratory facilities.
Manual interpretation of ECG traces is
performed by cardiologists to detect

abnormalities associated with heart failure.

Wearable devices deliver heart rate and
rhythm data but typically provide
rudimentary alerts. Statistical screening
tools use demographic and clinical
variables to estimate CHF risk. These
methods often fail to detect early or
asymptomatic CHF. They require specialist
interpretation and are not accessible in
many regions. Diagnostic procedures can
be costly and time-intensive. Standard
monitoring techniques lack real-time
predictive analytics. Data integration
between wearable sensors and clinical
records is limited. False positives and
negatives are observed in primary
screening. Existing machine learning
applications focus on arrhythmia detection
rather than CHF detection. Feature
engineering remains manual and labor-
intensive. Visualization tools for trend
analysis are basic. Decision support is
limited in automated form. Scalability for
population-level monitoring is minimal.
Overall, the current system lacks a fully
automated, real-time predictive model for

CHF identification using pulsation signals.
PROPOSED SYSTEM

The proposed system employs machine
learning to classify Chronic Heart Failure
from heart pulsation signals such as ECG
and PPG. Heart pulsation data are collected

from wearable sensors or clinical datasets.
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Signal preprocessing techniques remove
noise and baseline wandering. Time-
domain features like heart rate variability
and inter-beat intervals are extracted.
Frequency-domain attributes such as
spectral power are computed. Feature
selection using techniques like Principal
Component Analysis (PCA) optimizes
model efficiency. Supervised classifiers
such as SVM, Random Forest, and ANN
are trained on labeled data. Cross-
validation ensures generalizability. The
model outputs CHF risk scores and binary
classification. Real-time processing is
enabled for continuous monitoring.
Automated alerts inform clinicians on risk
detection. Explainable Al (XAl) provides
interpretability  for  model  outputs.
Visualization dashboards display feature
trends and predictions. Data privacy and
HIPAA-like compliance are maintained.
Scalability ~ supports  large  patient
populations. Integration with healthcare
information systems streamlines clinical
care. Mobile applications support remote
patient monitoring. Performance metrics
guide model refinement. The system
enhances early detection and proactive

intervention.

SYSTEM ARCHITECTURE

Heart Damage
Ventricular Overload
Decreased Ventricular Contraction
l R
Tachycardia Fluid Overload
Ventricular Dilatation Edema
Myocardial Hypertrophy
l T
Decreased Cardiac Increased Water
Output Reabsorotion
Decreased Renal Increased ADH
Perfusion
Increased Sodium Increased Osmotic
Retention Pressure

Fig.1 System Architecture
METHODOLOGY DESCRIPTION
Data Collection: Collect ECG and PPG
signal datasets annotated with CHF and
non-CHF labels.

Apply noise filtering, baseline correction,

Data Preprocessing:

and normalization. Feature Extraction:
Extract time-domain features such as heart
rate variability.  Frequency Analysis:
Compute spectral features using FFT or
wavelet transforms. Feature Selection:
Apply PCA or recursive feature
elimination to reduce dimensionality.
Train-Test Split: Divide data into training,
validation, and testing sets. Classifier
Selection: Choose algorithms like SVM,
Random Forest, and ANN. Model
Training: Train models using balanced and

normalized datasets. Hyperparameter
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Tuning: Optimize model parameters using
grid or random search. Cross-Validation:
Use Kk-fold cross-validation to ensure
robustness. Evaluation Metrics: Evaluate
accuracy, precision, recall, ROC-AUC.
Explainable Al: Integrate XAl tools like
SHAP or LIME for interpretability. Real-
Time Module: Implement real-time
prediction pipeline for sensor inputs. Alert
System: Generate alerts for high-risk CHF
classifications. Dashboard Visualization:
Develop interactive visualization for
clinicians. Model Deployment: Deploy
models on cloud/edge platforms for
scalability. APIs: Create APIs for data
integration with health systems. Privacy
Controls: Encrypt and secure patient signal
data. Performance Monitoring: Monitor
model  predictions in  production.
Continuous Learning: Update models with

new labeled data for improvement.

RESULTS & DISCUSSION:
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CONCLUSION & FUTURE
ENHANCEMENT

This project demonstrates an effective

machine  learning  framework  for
identifying Chronic Heart Failure from
heart pulsation signals. The use of ECG and
PPG data enables non-invasive and
continuous monitoring. Machine learning
classifiers trained on extracted features
show high performance in binary
classification. Explainable Al enhances
trust by providing interpretable insights to
clinicians. Real-time prediction capabilities
support early detection and intervention.
The system can reduce dependence on

traditional clinical diagnostics. Scalability
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ensures utility across large populations and
remote monitoring. Privacy and ethical
considerations are integrated into system
design. The solution supports healthcare
providers in proactive disease management.
Future work includes integrating deep
learning models such as CNNs and LSTMs
to learn features automatically. Multimodal
data fusion with demographic and clinical
records could improve accuracy. Federated
learning can preserve privacy across
institutions. Wearable sensor integration
will enhance real-time deployment.
Longitudinal studies can refine predictive
trends. Predictive risk scoring and
personalized health recommendations can
be developed. Integration with

telemedicine platforms can broaden
accessibility. Further research may explore
multiclass classification for heart disease

subtypes. Overall, the project contributes to

intelligent, Al-enhanced cardiac care
solutions.
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