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Abstract: One of the most prominent tools for detecting cardiovascular problems is the electrocardiogram
(ECG). The electrocardiogram (ECG or EKG) is a diagnostic tool that is used to routinely assess the
electrical and muscular functions of the heart. Even though it is a comparatively simple test to perform, the
interpretation of the ECG charts requires considerable amounts of training. Till recently, the majority of
ECG records were kept on paper. Thus, manually examining and re- examining the ECG paper records
often can be a time consuming and daunting process.

The system integrates a machine learning model trained on diverse ECG datasets to differentiate between
normal and abnormal heart conditions. By automating the diagnostic process, Heart Optima Al aims to
assist healthcare professionals in making quicker and more accurate decisions, reducing human error and
improving accessibility, especially in remote areas with limited medical expertise. The implementation of
this Al-powered solution enhances the efficiency of cardiac disease screening, contributing to the
advancement of predictive healthcare and early intervention strategies.

Keywords: Heart disease prediction, Machine learning, ecg images, cardiovascular disease, decision
support system

I. INTRODUCTION
Cardiovascular disease (CVD) remains one of the leading causes of morbidity and mortality worldwide, with an
increasing number of cases each year. According to the World Health Organization (WHO), an estimated 17.9 million
people die from CVD annually, emphasizing the critical need for early diagnosis and effective treatment strategies.
Traditional diagnostic methods, while valuable, often fall short due to their dependence on human judgment and the
complexity of disease presentation. This can result in misdiagnoses or delayed interventions that can significantly
impact patient outcomes.
This study developed a deep learning model using convolutional neural networks (CNNs) to detect various arrhythmias
from raw ECG signals. The model was trained on a large dataset and achieved cardiologist-level accuracy in classifying
12 different cardiac conditions. The results highlight the potential of Al in automated cardiac diagnosis, improving
efficiency and accuracy in clinical settings [1].
This research focuses on the automated detection of arrhythmias using different segments of ECG signals associated
with tachycardia. A convolutional neural network (CNN) was employed to analyze short ECG intervals, demonstrating
high accuracy in classification. The study proves that deep learning can outperform traditional ECG feature extraction
methods, making it valuable for real-time monitoring and early disease detection[2].
This paper presents a deep CNN-based model designed to automatically classify ECG signals as normal or abnormal.
The model extracts complex features from raw ECG waveforms, reducing the need for manual feature engineering. The
approach improves classification accuracy and robustness, making it a promising tool for detecting arrhythmias and
other heart conditions[3].
This fact book provides comprehensive data on cardiovascular diseases, research initiatives, and funding distribution by
the National Institutes of Health (NIH). It serves as a reference for policymakers, researchers, and clinicians, offering
insights into trends, prevention strategies, and advancements in cardiovascular health[4].

Copyright to IJARSCT
www.ijarsct.co.in|

DOI: 10.48175/IJARSCT-24823 183

7 1ssN W
| 2581-9429 |}

¥\ IJARSCT /¥
Q




£ IJARSCT

xx International Journal of Advanced Research in Science, Communication and Technology
IJARSCT International Open-Access, Double-Blind, Peer-Reviewed, Refereed, Multidisciplinary Online Journal gD €O
ISSN: 2581-9429 Volume 5, Issue 1, April 2025 Impact Factor: 7.67

This study evaluates the use of aspirin therapy for primary prevention of cardiovascular events, summarizing clinical
trials that assess its benefits and risks. The research suggests that aspirin can reduce heart attacks and strokes in high-
risk individuals but also highlights potential side effects like bleeding risks. The findings influence preventive care
guidelines and decision-making in cardiovascular health [5].

II. LITRATURE REVIEW
The field of automated ECG analysis has gained significant attention in recent years, with numerous studies exploring
the use of machine learning (ML) and deep learning (DL) techniques for heart disease prediction. The integration of
artificial intelligence (Al) into cardiovascular diagnostics has demonstrated promising results in improving the
accuracy, efficiency, and accessibility of early disease detection.The increasing prevalence of cardiovascular diseases
(CVDs) has led to extensive research in the field of automated electrocardiogram (ECG) analysis. Traditionally, ECG
interpretation is performed by medical professionals, but advancements in artificial intelligence (Al), machine learning
(ML), and deep learning (DL) have significantly improved the accuracy and efficiency of heart disease prediction. This
section reviews existing research and technological advancements in ECG image analysis for disease detection.
This study examines how accurately physicians assess coronary risk in their patients. It finds that many doctors tend to
underestimate or overestimate cardiovascular risk, leading to inconsistencies in treatment recommendations. The
research highlights the need for standardized risk assessment tools, such as the Framingham Risk Score, to improve
clinical decision-making[7].
This research focuses on image processing techniques to enhance ECG signal quality for better analysis. It explores
methods like noise reduction, edge detection, and feature extraction to improve the accuracy of ECG interpretation. The
findings are useful for Al-based ECG analysis, particularly in handling noisy real-world ECG recordings[8].
This study investigates the differences in how general practitioners and cardiologists perceive cardiovascular risk and
preventive therapies. It reveals discrepancies in risk estimation and treatment approaches, suggesting that cardiologists
are more likely to recommend aggressive prevention strategies. The study underscores the importance of
interdisciplinary collaboration for better patient outcomes[9].
This paper introduces Vision Transformers (ViTs) for ECG classification, demonstrating their effectiveness in detecting
heart disease. Unlike CNNs, ViTs process ECG signals as sequential data, improving their ability to capture long-range
dependencies and patterns. The study shows that transformers can outperform conventional deep learning models
analysis[10].
It includes prevalence rates, mortality trends, risk factors, and healthcare costs associated with cardiovascular diseases.
The data serves as a foundation for public health policies and research focused on heart disease prevention and
treatment [11].
This clinical multicenter study examines how general practitioners assess coronary heart disease (CHD) risk in their
patients. It highlights variations in risk perception among doctors and suggests that many physicians either
underestimate or overestimate the risk, leading to inconsistent preventive strategies. The study calls for standardized
risk assessment tools to improve accuracy[12].
This study investigates primary care physicians’ knowledge and practices regarding CHD risk assessment through a
postal survey. It finds that many general practitioners lack a consistent approach to evaluating cardiovascular risk
factors. The research emphasizes the need for better medical education and standardized guidelines for CHD prevention
in primary care[ 13].
The study introduces the PROCAM risk scoring system, which calculates a person’s 10-year risk of acute coronary
events (such as heart attacks) based on multiple cardiovascular risk factors. The model considers cholesterol levels,
smoking status, blood pressure, and family history, providing a simple and effective way to assess cardiovascular
disease risk[14].
This study develops a risk prediction score for cardiovascular mortality in individuals with high blood pressure. The
model is based on patient data from randomized trials, helping clinicians estimate the probability of death due to
cardiovascular disease in hypertensive patients. The study highlights key risk factors such as age, cholesterol levels, and

smoking status[15]
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The generalization capability of the model is another concern, as Al systems trained on a specific dataset may struggle
to perform well when applied to data from different hospitals, regions, or ECG devices. Differences in patient
demographics, sensor quality, and preprocessing techniques can result in inaccurate predictions, reducing the reliability
of the system. Moreover, deep learning models require significant computational resources, making them expensive to
train and deploy. High-performance GPUs or cloud-based servers are often necessary, which may not be feasible for
hospitals in resource-limited settings. Real-time analysis can also introduce latency issues, which is critical in
emergency medical situations. where immediate decision-making. It is perfect, and incorrect diagnoses can have serious
consequences. False positives may lead to unnecessary stress, additional medical tests, and financial burdens, while
false negatives can delay crucial treatment, increasing the risk of severe health complications. Variability in ECG
formats across different hospitals and devices makes standardization difficult. Ensuring a balance between sensitivity
and specificity remains a major challenge. The lack of real-time adaptability is another concern, as the Al model may
not respond well to sudden physiological changes in a patient’s heart activity.

III. METHODOLOGY
This study reanalyzes data from the Seven Countries Study to compare coronary heart disease (CHD) incidence across
different European populations. The authors examine regional differences in CHD risk factors and incidence rates,
contributing to the development of a European coronary risk chart for better risk assessment across diverse populations
[16].
This study compares the widely used Framingham risk function with an Italian population-based coronary risk model.
The research highlights differences in risk prediction when applying the Framingham model to an Italian cohort,
emphasizing the need for region-specific risk charts for accurate cardiovascular risk prediction[17].
This study assesses the accuracy of various cardiovascular risk prediction models in patients with diabetes. The authors
compare multiple risk assessment tools, including the Framingham model, to determine which best predicts
cardiovascular events in diabetic patients. The findings underscore the need for diabetes-specific risk prediction tools
due to the unique cardiovascular risks in this population[18].
This systematic review evaluates various Framingham-based risk assessment tools used by clinicians to estimate the
global risk of coronary heart disease (CHD). The review examines the strengths and limitations of different
Framingham-derived calculators and their applications in clinical practice [19].
This study validates the Framingham coronary heart disease (CHD) prediction scores in multiple ethnic groups,
including White, Black, Hispanic, and Asian populations. The authors assess the accuracy of Framingham risk scores in
different demographics and highlight modifications needed for better prediction across diverse ethnic groups[20].
This study analyzes coronary heart disease (CHD) mortality prediction models for Black and White populations using
pooled data from two national cohort studies. The research identifies racial differences in CHD risk factors and
mortality rates, emphasizing the need for race-specific risk models [21].
This report provides guidelines for cholesterol management, cardiovascular risk assessment, and treatment
recommendations for high cholesterol in adults. It introduces the Adult Treatment Panel ITII (ATP III) guidelines, which
emphasize lifestyle modifications and pharmacological interventions for cardiovascular disease prevention [22].
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IV. SYSTEM ARCHITECTURE

e e et

Fig 1 — Workflow Diagram

This diagram represents the functional workflow of a Heart Optima Ai, illustrating various features designed to enhance
user security in emergency situations. Below is a detailed explanation of each component:
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User: This represents anyone using the system, including doctors who analyze ECG reports, patients who
upload their ECG images, and medical staff who monitor reports.

Preprocess ECG Data: This is the machine learning model that processes the ECG images, extracts patterns,
and predicts whether the patient has a heart disease or not.

Analyze ECG with Al Model: A critical feature that enables the user to send emergency messages when in
danger.

Grayscale Image: The cloud server is used model training, storing large datasets.

Extracting Signals: The user (patient or doctor) uploads an ECG image to the system for analysis.

Dividing Leads: The Al system removes noise, enhances the image quality, and normalizes data for better
predictions.

Converting to 1D Signal: The preprocessed ECG image is sent to the deep learning model (such as a CNN).
Pass To Pretrained M1 Model For, Prediction: To ensure transparency, the AI model highlights critical regions
in the ECG image where abnormalities were detected.

Prediction: At last, it will predict the disease based on the uploaded ECG image
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V. RESULT
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Fig 2 - User Interface Fig 3 —Uploaded Image Fig 4 —Grayscale Image
Fig 2 —It is simple User Interface.
Fig 3 —The process starts with uploading an ECG image, which contains the recorded electrical activity of the heart.
These images are typically obtained from ECG machines and may come in various formats such as PNG, JPEG, or
DICOM. The image serves as the raw input for further processing.
Fig 4 — To simplify the analysis and reduce computational complexity, the uploaded ECG image is converted into a
grayscale image. This step removes unnecessary color information while preserving the critical details of the ECG
waveforms, making it easier for further processing and feature extraction.
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Fig 5 —Dividing Leads Fig 6 —Preprocessed Leads Fig 7 —Extracting Signals

Fig 5 — An ECG image consists of multiple leads, each representing heart activity from a different perspective. In this
step, the grayscale ECG image is segmented into individual lead images.

Fig 6 — The extracted ECG leads undergo preprocessing to enhance signal quality. Noise Reduction: Removing
artifacts, powerline interference, and baseline drift.Smoothing Filters: Applying filters to reduce unwanted variations in
the ECG signals.

Fig 7 — Once the leads are preprocessed, the system extracts the 1D ECG waveforms from the image. This is done using
contour detection techniques, which trace the ECG wave patterns within each lead. The contours help in identifying key
features like P waves, QRS complexes, and T waves in each lead
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Fig 8: Dimnesional Reduction

PREDICTION

Your ECG is Normal

Fig 9.1 : Final Output

PREDICTION

You ECG has Abnormal Heartbeat

Fig 9.2 : Final Output/ Prediction of Abnormal Heartbeat
Fig 8 — To enhance efficiency and reduce computational overhead, dimensionality reduction techniques such as
Principal Component Analysis (PCA) or t-SNE are applied.This helps in:Reducing redundant data while preserving
important ECG features. Improving model performance by focusing on the most relevant information.
Fig 9.1 — The processed 1D ECG signals are then fed into a pretrained machine learning model, such as a CNN
(Convolutional Neural Network) or LSTM (Long Short-Term Memory), which has been trained on ECG datasets. The
model analyses the signals and predicts whether the patient has a normal heart condition or a potential cardiovascular
disease.
Fig 9.2 — The final step involves displaying the prediction results, which can be: Normal ECG: No signs of heart
disease detected. Abnormal ECG: Possible presence of heart disease, requiring further medical evaluation. The system
may also provide confidence scores to indicate the model’s certainty in its prediction.

VI. CONCLUSION
The Heart Optima Al project represents a significant advancement in Al-driven healthcare solutions, specifically in the
early detection of heart diseases through automated ECG analysis. By leveraging deep learning techniques, this system
provides accurate, fast, and efficient predictions, enabling early diagnosis and timely medical intervention
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Theproject's core strength lies in its ability to process ECG images, analyze patterns, and detect abnormalities using a
machine learning model. The integration of image preprocessing, feature extraction, and Al-based classification ensures
that the system delivers reliable results with minimal human intervention

Despite its advantages, the system has some limitations, including dependency on high-quality ECG images, potential
false positives/negatives, and the need for continuous validation by medical professionals. However, with further
improvements, integration with real-time ECG monitoring devices, and collaboration with medical institutions, this
project has the potential to revolutionize the field of cardiology.

In conclusion, Heart Optima Al is a promising, Al-powered solution for heart disease detection that enhances the
efficiency and accuracy of medical diagnosis.As technology continues to evolve, this system can be expanded to
support real-time monitoring, wearable device integration, and predictive healthcare analytics, ultimately contributing
to saving lives and improving patient outcomes worldwide.
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