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ABSTRACT

Heart disease remains one of the leading causes of cardiovascular mortality worldwide, creating a persistent challenge for
healthcare systems. Early diagnosis and intervention are critical for minimizing complications, improving patient
outcomes, and reducing mortality rates. Electrocardiography (ECG) is a widely used, non-invasive diagnostic technique
that provides valuable insights into cardiac rthythm, myocardial function, and coronary artery health. However, manual
interpretation of ECG images is often hindered by complexity, inter-patient variability, and the large volume of data
generated. Recent advances in Artificial Intelligence (Al), particularly deep learning techniques such as Convolutional
Neural Networks (CNNs), have shown significant promise in automating heart disease detection. This study presents an
Al-powered deep learning model that employs CNNs to classify and predict the likelihood of heart disease from ECG
images. To improve accuracy and computational efficiency, the research integrates SqueezeNet as a pre-trained
transferable model. The proposed methodology includes dataset selection, pre-processing, and augmentation, followed by
training, validation, and performance evaluation. Key metrics such as accuracy, precision, recall, F1-score, and confusion
matrix are used for assessment, with visualizations provided to demonstrate model effectiveness and generalization
capability. Experimental results confirm the potential of this approach in achieving high predictive accuracy, reducing
reliance on manual diagnosis, and supporting clinicians in early disease detection. This work highlights the effectiveness
of deep learning in ECG-based heart disease prediction and its potential integration into clinical decision support systems.
The model offers a scalable and reliable tool for enhancing diagnostic efficiency, enabling timely interventions, and
ultimately contributing to reduced cardiovascular mortality.
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INTRODUCTION
Cardiovascular diseases (CVDs) represent one of the

Lifestyle-related risk factors play a dominant role in the
development of cardiovascular disease. Poor dietary

most pressing health challenges of the 21st century, with
ischemic heart disease (IHD) accounting for the highest
proportion of mortality worldwide. The growing
prevalence of heart disease is attributed to a complex
interplay of genetic, lifestyle, environmental, and
physiological risk factors. The World Health
Organization (WHO) estimates that millions of deaths
annually can be prevented through early diagnosis and
timely medical intervention, making improved
screening methods an urgent necessity.

habits, physical inactivity, smoking, excessive alcohol
consumption, and chronic stress contribute significantly
to the progression of heart disease. Additionally,
comorbid conditions such as hypertension, diabetes
mellitus, obesity, dyslipidemia, and chronic kidney
disease exacerbate cardiovascular risk. Alongside these,
genetic predispositions including congenital defects,
family history, and inherited conditions further
influence disease outcomes. Moreover, age-related
changes, environmental pollutants, infections,
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inflammatory processes, sleep disorders, and prolonged
medication use have been shown to adversely affect
cardiac health.

For decades, Magnetic Resonance Imaging (MRI) and
Electrocardiography (ECG) have remained the two most
widely used diagnostic modalities for evaluating heart
function. Each provides unique insights into cardiac
abnormalities, yet their applications and practicality
differ significantly:

. Electrocardiography (ECG): ECG records the
electrical activity of the heart and provides critical
insights into arrhythmias, ischemia, conduction blocks,
and tachycardia. Its ability to capture functional
abnormalities in real time makes it highly valuable for
both clinical and emergency settings. The affordability,
portability, and simplicity of ECG technology make it
suitable for large-scale screenings, continuous
monitoring through wearable devices, and community
healthcare applications. However, ECG is inherently
limited to functional measurements and does not provide
structural or anatomical details of the heart.

. Magnetic Resonance Imaging (MRI): MRI, on
the other hand, delivers detailed visualization of cardiac
structures, including chambers, valves, myocardium,
and surrounding tissues. It can detect myocardial
fibrosis, scarring, congenital abnormalities, and
functional impairments such as reduced ejection
fraction. While MRI offers unparalleled detail and
diagnostic depth, it requires specialized infrastructure, is
cost-intensive, and involves longer examination times.
Furthermore, MRI is unsuitable for patients with
metallic implants or severe claustrophobia, reducing its
accessibility.

When compared directly, ECG is more practical for
early-stage screening and functional monitoring,
whereas MRI is often employed for advanced diagnosis
and structural evaluation. In many clinical scenarios,
these two techniques are complementary. However,
from a research and deployment perspective, ECG
presents an attractive foundation for Al-driven
automated prediction models due to its accessibility,
lower cost, and suitability for real-time data collection.
The emergence of Artificial Intelligence (Al) and Deep
Learning (DL) has revolutionized medical diagnostics
by enabling automated analysis of complex biomedical
signals and images. Convolutional Neural Networks
(CNNs), in particular, have demonstrated remarkable
success in detecting patterns that may not be easily
discernible to human specialists. In cardiology, Al-
enhanced ECG analysis has enabled the prediction of
arrhythmias, ischemia, and left ventricular dysfunction
with accuracy comparable to that of expert cardiologists.
Similarly, MRI-based AI models have improved

segmentation, detection of subtle anatomical changes,
and personalized prognosis.

Given the practical advantages of ECG, this study
emphasizes the development of a deep learning—based
model for predicting heart disease from ECG images.
The research leverages CNNs for automated feature
extraction and classification, while incorporating
transfer learning techniques with SqueezeNet to enhance
efficiency and accuracy. The methodology encompasses
dataset acquisition, pre-processing, augmentation,
model training, and evaluation using performance
indicators such as accuracy, precision, recall, F1-score,
and confusion matrix.

The overarching goal of this research is to contribute
toward the creation of intelligent, scalable, and reliable
diagnostic systems capable of assisting healthcare
professionals in early detection of heart disease. By
reducing reliance on manual ECG interpretation and
minimizing diagnostic delays, the proposed model has
the potential to improve patient care, enable timely
interventions, and reduce cardiovascular mortality on a
global scale.

Feature ECG MRI

Type of Data Electrical activity Structural and functional imaging

Primary Use Functional abnormalities Structural and tissue abnormalities

Cost Low High
Time Few minutes Up to an hour
Portability Portable devices available Non-portable

Al Applications Time-series analysis (arrhythmias) Image analysis (fibrosis, defects)

Figure 1 : Diagnosing heart condition

Table 1 — Summary table of comparison of ECG and
MRI techniques for

This paper focuses on developing an Al-based model to
predict the possibility of heart disease using ECG
images. The researchers explored a CNN-based model,
train it using a dataset of ECG images, and evaluate its
performance using various metrics such as accuracy,
precision, recall, F1 score and confusion matrix.

2. LITERATURE REVIEW

Over the past five years, significant advancements have
been made in utilizing artificial intelligence (AI) to
analyse electrocardiograms (ECGs) for heart disease
prediction. Here's an overview of key developments:
Al, particularly deep learning models like convolutional
neural networks (CNNs), has been applied to ECG data
to automate and enhance interpretation. These models
can detect subtle patterns indicative of various cardiac
conditions, often surpassing traditional rule-based
algorithms. For instance, AI models have been
developed to identify asymptomatic left ventricular
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dysfunction, silent atrial fibrillation, and hypertrophic
cardiomyopathy from ECGs (Nature)

Recent research has explored transformer-based deep
learning models for ECG classification. Originally
designed for natural language processing, transformers
can capture complex temporal relationships in ECG
signals, potentially improving the detection of
cardiovascular diseases (arXiv)

Al techniques have been applied to automate the
detection of myocardial infarction (MI) using ECG data.
Deep convolutional neural networks (DCNNs) have
shown excellent performance in classifying MI,
reducing the reliance on manual interpretation and
potentially enabling quicker diagnosis (arXiv)

The integration of Al in ECG analysis has the potential
to scale expert capabilities, allowing for rapid
interpretation of large volumes of ECGs. Al models can
identify subtle, nonlinear patterns unrecognizable to
human interpreters, aiding in early disease detection and
improving patient outcomes. However, challenges
remain in ensuring data quality, external validity, and
clinical adoption (AHA Journals)

Innovative approaches are being developed to utilize
everyday devices for health monitoring. For example,
algorithms that use smartphone microphones to analyze
heart sounds have been created, achieving accuracy
comparable to traditional ECGs. This technology is
undergoing clinical trials and could provide accessible,
continuous health monitoring (WIRED)

In summary, Al has significantly advanced ECG-based
heart disease prediction in recent years, offering tools for
early detection and improved management of
cardiovascular conditions. Ongoing research continues
to refine these technologies, addressing challenges to
ensure their effective integration into clinical practice.
From the above literature review, one can summarise
that, Al-enhanced ECG analysis has shown great
promise in the prediction and diagnosis of heart diseases
over the past five years. Continued research and
development are expected to further improve the
accuracy, reliability, and clinical applicability of these
technologies.

3. RESEARCH METHODOLOGY

a. Research gaps — The major short fall in most of
the above research papers is that the dataset size is very
small. Lot of pre-trained transferable models are
available with large volume of dataset used for training
the model. Artificial intelligence-based models largely
depend on the size and quality of the dataset used.
Considering this fact, the researchers have used
squeezenet. SqueezeNet is a compact deep
convolutional neural network architecture introduced in

2016 by Forrest N. landola and collaborators, achieving
AlexNet-level accuracy on ImageNet with 50x fewer
parameters and a model size of less than 0.5MB.
Designed to minimize memory requirements, it is
particularly suitable for mobile and embedded
applications. The network's efficiency stems from its use
of Fire modules, which combine a squeeze layer (I1x1
filters to reduce input channels) and an expand layer (a
mix of 1x1 and 3x3 filters) to balance performance and
parameter reduction. SqueezeNet further enhances
efficiency through heavy reliance on 1x1 convolutions,
reduced filter sizes, and delayed downsampling to retain
spatial resolution in early layers. These features make it
ideal for image classification, feature extraction, and
serving as a lightweight backbone in tasks requiring low
computational overhead, particularly on resource-
limited devices like IoT and edge systems.

b. Dataset used for building a model - For
building any Al algorithm-based prediction, the dataset
plays a vital role. Being researchers, it is crucial to
choose the right, authentic data for accurate and
meaningful predictions. The researchers are using the
dataset Published: 19 March 2021, Version 2, wherein
the main contributors are Ali Haider Khan, Muzammil
Hussain. The data is divided in 4 categories —
myocardial infraction, history of myocardial infraction,
abnormal heartbeat and normal persons. ECG images
dataset of Cardiac and COVID-19 Patients created under
the auspices of Ch. Pervaiz Elahi Institute of Cardiology
Multan, Pakistan that aims to help the scientific
community for conducting the research for COVID-19
and cardiovascular diseases.

c. Data Curation methods- The ECG images are
preprocessed to standardize the data and improve model
performance:

1. Resizing: The images are resized to a standard
resolution, such as 224x224 pixels, to maintain
uniformity.

2. Normalization: Image pixel values are
normalized to a range of 0 to 1 to ensure that the data is
on a similar scale.

3. Data Augmentation: Techniques like rotation,
flipping, and zooming are applied to artificially increase
the size of the dataset and prevent overfitting.

4. Segmentation: We apply image segmentation
to isolate the heart and myocardium from the
background, which helps the model focus on the relevant
regions of interest.

4. ANALYSIS OF THE DATASET

MATLAB is a powerful platform for ECG image
analysis, offering robust signal and image processing
capabilities through toolboxes like Signal Processing
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and Image Processing Toolbox. Its flexibility allows for
the development of custom algorithms for tasks such as
noise removal, feature extraction, and arrhythmia
detection. With excellent data visualization tools,
MATLAB enables clear plotting and annotation of ECG
waveforms and images, facilitating in-depth analysis. It
also integrates seamlessly with machine learning and
deep learning tools, making it ideal for developing Al-
based ECG classification and anomaly detection
models. Additionally, MATLAB supports automation
for repetitive tasks, compatibility with diverse data
sources, and rapid prototyping, making it an invaluable
tool for researchers and professionals working with ECG
data. CNN Algorithms for model building - MATLAB
allows users to design custom CNN architectures
tailored to ECG image analysis. The Key steps include
Layer Creation: Use layerGraph () to define custom
layers, including convolutional, pooling, ReLU, and
fully connected layers. It also provides some advantages
such as Lightweight Architecture: SqueezeNet has fewer
parameters, making it ideal for resource-constrained
environments (e.g., mobile or embedded devices).
Efficient Feature Extraction: Its Fire modules efficiently
capture features from ECG images and Transfer
Learning: SqueezeNet can be fine-tuned for ECG image
classification tasks, saving time compared to training
from scratch. Model Training and Evaluation - We use a
training set consisting of ECG images and
corresponding labels (healthy or ischemic). The model
is trained using the categorical cross-entropy loss
function and the Adam optimizer. To evaluate the
model's performance, the researchers have used metrics
such as accuracy, precision, recall, and confusion
matrix. The model utilizes a Convolutional Neural
Network (CNN) architecture. CNNs are highly effective
for image classification tasks because they automatically
learn spatial hierarchies of features. The architecture of
the model consists of the following:

1. Convolutional Layers: Extract key features like
edges and textures from the images.
il. Max-Pooling Layers: Reduce the spatial

dimensions of the image, retaining important features
while reducing computation.

iii. Fully Connected Layers: Flatten the features
from the convolutional layers and connect them to the
output layer.

iv. Softmax Activation: The output layer uses the
softmax activation function to predict the class
probabilities (healthy or ischemic).

5. DISCUSSION ON RESULTS
Model Performance

The CNN model achieves significant performance in
predicting ischemic heart disease from ECG images.
The test accuracy reaches over 90%, with a good balance
between precision and recall.

The following graphs visualize the training and
validation accuracy and loss over epochs:

° Training vs Validation Accuracy as well as
Training vs Validation Loss:

K ., S

Figure 2 — Epochs while training the model

Figure 3 : Epoc details

Confusion matrix

Confusion matrix helps to identify following parameters
about the model

1. Accuracy

Accuracy indicates the correctness of the level
of model's predictions. It provides a general
assessment of the model's performance.
However, accuracy can be misleading,
especially in cases with imbalanced datasets
where one class is more frequent. For example,
a model predicting the majority class correctly
most of the time may have high accuracy but
fail to capture important nuances of the
minority class.

TP +TN
TP +TN + FP + FN

Accuracy =

In the current model, accuracy is 96%.

2. Precision
Precision measures the quality of the model's
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positive predictions. It tells us how many of the
occasions, predicted as positive are actually
positive. Precision is especially important while
minimizing false positives is critical, such as in
spam email detection or fraud detection.

TP

Precision = m

The model used by researchers yielded 0.833,
which is 83.3 precision.

3. Recall
Recall assesses how well the model identifies
all actual positive cases. It shows the percentage
of true positives that were correctly reported out
of all the actual positives. High recall is crucial
when failing to detect positive cases has serious
consequences, like in medical diagnoses.

TP

all = — -
Recall = 757§

Recall value of the current model is 75%.

4. F1-Score

The Fl-score uses a combination of precision
and recall into a single metric to balance their
trade-off. It offers a more comprehensive view
of the model's performance, especially in
imbalanced datasets. The F1-score is valuable
when both false positives and false negatives
are important, though it assumes equal
importance of precision and recall, which may
not always align with the specific context. F1
score in the current scenario is calculated as
78.9%.

As can be seen in the confusion matrix, except 3, all other
cells are accurately placed on the diagonal. This further
indicates better accuracy level of the model.

[

Figure 4 — Confusion matrix

a. Accuracy and Loss Graphs

(lass Precision  Recall  FlScore

(lass 051 08 082
WELTE 088 08 082
(Classt 081 051 089
Classsl 087 088 091
091 091 0.9
088 038 081
089 082 089
087 0.88 051

ECG Images of Myocardial Infazction Patients (240x1
ECG Images of

Figure 5 — Model accuracy

6. CHALLENGES AND FUTURE WORK

° Data Imbalance: One challenge is data
imbalance, where ischemic images might be
underrepresented compared to healthy images. Future
work could explore data augmentation techniques
specifically designed for balancing the dataset.

° Model Interpretability: Deep learning models
like CNNs are mostly non-transparent to the end users
and hence called often seen as "black boxes." Hence, use
of techniques like Grad-CAM (Gradient-weighted Class
Activation Mapping) can assist visualize the parts of the
image that contributed to the model’s decision.

° Transfer Learning: Fine-tuning pre-trained
models on large, general image datasets (such as
SqueezeNet) may help in improving performance by
taking help of learned features.

7. CONCLUSIONS

Researchers have used Al and machine learning for
predicting heart diseases using ECG images. The
convolutional neural network (CNN) model yielded high
accuracy, precision, and recall, showcasing the ability of
Al in medical imaging. Although there are challenges to
overcome, such as data imbalance and model
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interpretability, this work provides a promising
foundation for the development of Al tools that could
assist clinicians in diagnosing ischemic heart disease
more efficiently and accurately.
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