Journal of Ubiquitous Computing and Communication Technologies (ISSN: 2582-337X) /'\
www.irojournals.com/jucct/ qitous Compatin
NS

Heart Disease Prediction Using
EfficientNet-BO: A Deep Learning-Based
ECG Image Analysis Approach

Prabakaran S.'", Kavitha E.2, Anusha R.%, Arun Prasad S.*

L3Research Scholar, 2Assistant Professor (SI.Gr), University College of Engineering Villupuram, (A
Constituent College of Anna University, Chennai), India.

*Assistant Professor, Department of Computer Science and Engineering (Artificial Intelligence and
Machine Learning), St. Anne's College of Engineering and Technology, Panruti, India.

E-mail: “"ucevpraba@gmail.com, 2ekavitharesearch1@gmail.com, 3anusharamadoss93@gmail.com, “arunucev@gmail.com

Abstract

Autonomous Electrocardiogram (ECG) image classification contributes to the effective
detection of cardiac abnormalities and decrease the reliance on manual interpretations. This
research study integrates transfer learning and EfficientNet-BO architecture for the
classification of four-class ECG images. In the pre-trained model, the open-source ECG images
are pre-processed via image size adjustment, tensor conversion, and channel wise
normalization. EfficientNet-BO0 architecture combined with the weights obtained via ImageNet
training was fine-tuned by enabling a task specific classifier with four output classes and
training with cross-entropy loss function and Adam optimizer. The model performance analysis
is done in terms of accuracy, precision, recall, F1-score, and confusion matrix analysis. The
resultant ECG image classification corresponds to the accuracy of 99.61%. The class-level
performance demonstrates high model prediction results. Moreover, the proposed framework

performs efficient classification and visualization of individual ECG images.
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1. Introduction

Cardiovascular diseases (CVDs) are considered as one of the serious global health
problems with high mortality rates. One of the commonly used approaches for the measurement
of cardiac electrical activity is electrocardiography (ECG), which gives information about heart
rhythm and abnormalities; however, the interpretation of ECG depends on the clinical
experience. The use of artificial intelligence (Al) automates the process of ECG analysis with
the help of computer-assisted decision-making. The CNNs can detect hierarchical features of
ECG images, thereby enabling an analysis of waveforms and rhythm characteristics related to
different types of heart diseases.

An efficientNet-b0 based transfer learning architecture is considered in this study to
classify the ECG images into four different classes. The ECG images are pre-processed before
transferring the data to classifier, where the steps performed include resizing, conversion into
tensors, and normalization, followed by data augmentation. The classification layer includes
the classifier that has been trained using cross-entropy loss and Adam optimizer. Moreover, the
proposed framework infers new ECG images after uploading it into the integrated pipeline for

ECG image pre-processing, classification, and visualization of prediction.

The rest of the paper is structured as follows: Section 2 provides for a literature review
on the implementation of deep learning in cardiovascular and ECG image analysis; Section 3
describes the proposed approach, starting from data collection and pre-processing, through
initialization and EfficientNet-BO fine-tuning; Section 4 shows the experimental results with
the discussion on classification performance metrics, confusion matrix, and ROC analysis; and

Section 5 concludes the research study.

2, Literature Review

In recent times, artificial intelligence, machine learning and deep learning technologies
are widely utilized in cardiovascular disease prediction and clinical decision support systems.
Ramesh and Lakshmanna [1] have suggested a novel hybrid deep learning approach with a
neural fuzzy inference system for early prediction and prevention of coronary heart disease,
showing the possible combination of predictive learning with intelligent decision support
techniques. Oyewola et al. [2] have studied ensemble optimization and deep learning

approaches to cardiovascular disease diagnosis, highlighting the importance of model
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integration and optimization in enhancing the predictive capacity of the model. In the same
way, Almazroi et al. [5] have developed a new deep learning clinical decision support system
for heart disease prediction, and Almulihi et al. [6] have designed an ensemble framework with
hybrid deep learning for early prediction. Also, Dubey et al. [7] have studied an optimization-
based deep learning approach for heart disease classification, and Omankwu et al. [8] have

analysed the use of deep neural network in cardiovascular disease prediction.

Deep learning plays a major role in enhancing the ECG-based predictions and risk
assessments. Mayourian et al. [3] proposed an artificial intelligence integrated advanced ECG
system capable of predicting mortality in children and adult patients with congenital heart
diseases. This work demonstrates the prognostic capacity of deep learning when directly
applied to the ECG data. The focus of the research was on the mortality risk prediction rather
than multi-class disease classification with good discrimination observed for five years of
mortality prediction. Kaur et al. [4] considered different attributes such as race, sex, and age
differences in ECG deep learning models for performing heart failure prediction. This study
highlights the need to consider not only the accuracy of the model but also its fairness on
different demographic groups. Researchers have also focused on a more extensive view on the
application of deep learning in medicine, medical imaging, loT-based medical informatics, and
smart healthcare [9], [10], [12].

While considerable advances have been made, current works mostly concentrate on
structured clinical data, unidimensional ECG signals, prediction of mortality risk, hybrid deep
learning architectures, or complex ensemble models [1] - [8]. Simultaneously, only a minimal
research effort has been done on utilizing lightweight transfer learning for multi-class
classification of two-dimensional ECG images. The high prevalence of heart disease makes
research in the field of Al-powered ECG analysis mostly relevant [11]. For this reason, the
current study examines the efficiency of using a pretrained EfficientNet-BO architecture for
multi-class classification of ECG images. In contrast to the current mortality risk prediction
systems based on ECG analysis, the proposed system classifies two-dimensional ECG images

into several diagnostic classes using pre-processing, transfer learning, and classification.

3. Proposed Methodology

This research work proposes a deep learning-based system for multi-class classification
of ECG images with the help of a pretrained EfficientNet-BO model. In particular, the proposed
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system categorizes ECG images into four classes: Normal, Abnormal Heartbeat, Myocardial
Infarction (M), and History of MI. The collected ECG images [13] are sorted in folders
according to their respective classes and loaded via the ImageFolder utility of PyTorch. Before
the training procedure starts, all images are resized into 224x224 pixels, transformed into
tensors and normalized according to the channels of the pretrained model. Figure 1 presents the

entire workflow of the proposed system.
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Figure 1. Overall workflow of the proposed multi-class ECG image classification

Classification architecture utilizes EfficientNet-B0, which is pretrained on ImageNet
and fine-tuned for the task of four-category ECG classification via transfer learning. Original
classification layer is substituted by a problem-oriented fully connected layer that has four
output nodes corresponding to each disease class. Pre-processed ECG images are then fed
through the network architecture EfficientNet-BO0 in order to learn the visual features related to
waveform morphology and unique image features for each class. Network parameters are
trained using the Adam optimizer, and the objective function is defined by the multi-class cross-
entropy loss. The loss and accuracy are used for tracking the model performance during the
training phase, while the testing on unseen ECG images is done using accuracy, precision,

recall, F1-score, confusion matrix, and one-vs-rest ROC-AUC analyses.
3.1 Data Collection

ECG image dataset that was utilized in this study comes from the ECG Image Dataset
[13]. This dataset is used to train the model to perform multi-class ECG image classification
and has four classes: Myocardial Infarction (MI), Abnormal Heartbeat, History of Ml, and

Normal. Examples of images from these classes are shown in Figure 2 to Figure 5.
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Figure 2. ECG image of a myocardial infarction case
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Figure 3. ECG image of an abnormal heartbeat case
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Figure 4. ECG image of a patient with a history of myocardial infarction
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Figure 5. ECG image of a normal case

The data is then classified under class-specific folders such that each ECG image can
be mapped to its corresponding diagnostic label. Under the adopted architecture, the data was
fed to the training process through loading the images using the ImageFolder module from the
PyTorch library, which automatically creates the pair of image and labels according to the
folder structure and indexes them as integers per class.

3.2 Image Preprocessing

Image pre-processing module converts the ECG images to the input format required for
EfficientNet-BO model. The pre-processing steps that have been implemented include the steps

of resizing, converting the images to tensors, and perform channel normalization.
3.2.1 Image Resizing
Each ECG image is resized to the input resolution required by EfficientNet-BO:
I, = Resize(I' 224+ 224)

where [ denotes the original ECG image and I.denotes the resized image with
dimensions 224 x 224pixels. This operation ensures that every sample has a consistent spatial

size before being passed to the network.
3.2.2 Tensor Conversion

After resizing, each ECG image is converted into a PyTorch tensor. For an 8-bit image,

the conversion scales each pixel value from [0 255]to [0~ 1]:
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_L(vwo)

¢hw 255

where ¢ represents the color channel and h, wrepresent the spatial coordinates. The

resulting input tensor has the form:

X e ]R3><224-><224-

This formula is more specific than the generic statement ToTensor(loriginal) because it
directly describes the numerical transformation performed on the ECG image.

3.2.3 Channel-Wise Normalization

The tensor is normalized using the channel statistics associated with ImageNet-

pretrained models:

with

u = (0.485 »0.456 0.406)
and

o = (0.229 »0.224 0.225)

for the red, green, and blue channels, respectively. The normalized tensor X is used as
input to EfficientNet-BO.

3.3 EfficientNet-B0 Model Initialization

The Model Initialization Module utilizes an existing EfficientNet-B0 network and trains
it for classifying four types of ECG images. The model is initialized using ImageNet pre-trained

weights to enable feature extraction and establish a learned visual representation.

The initial EfficientNet-B0 classifier was designed to classify 1000 ImageNet classes.
Hence, the final classification layer is modified by adding a new fully connected layer with four

outputs:

o=Wz+b WEeR¥™ peR*
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Where, z € R%is the feature vector generated by the EfficientNet-B0 backbone and o €

R*contains one logit for each ECG category.
3.4 Feature Extraction

The feature extraction module employs the EfficientNet-B0 backbone, which is already
trained to convert each normalized ECG image into a feature vector. In contrast to defining
every convolution using the general CNN equation, the proposed method allows for

representing the implemented as:

Z = fEfNet-BO (}? ) 9f)

Where, X € R3%224x224 shows the normalized ECG image, fusmnerpo denotes the
EfficientNet-BO feature-extraction backbone, &represents its parameters, and z denotes the

extracted feature vector supplied to the task-specific classifier.
3.5 ECG Classification and Model Training
The extracted feature vector is passed to the four-output classification layer:
o=Wz+b
Where,
0 = [0y 05037 04]
represents the logits associated with the four ECG categories:
1. Normal
2. Abnormal Heartbeat
3. Myocardial Infarction
4. History of Myocardial Infarction

For inference and probability-based evaluation, the logits are converted into class
probabilities using:

explo
pe= 2P0

S e (o))
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Where, p,, denotes the predicted probability of the k-th ECG category.
3.5.1 Training Objective

As the task contains four mutually exclusive diagnostic classes, the model is trained

using multi-class cross-entropy loss. For a mini-batch containing BECG images, the loss is:

1 Z ex (0 )
L:——Zlog( Z Doy >
B ~ j=1€Xp (On.j)

Where, Bis the mini-batch size, y,is the ground-truth class index of sample n, o, ,, is

the logit assigned to the correct class, and oy, jis the logit for class j.

3.5.2 Parameter Optimization

The model parameters are optimized and updated using the Adam optimizer. Instead of

incorrectly representing Adam as ordinary gradient descent, the update is written as:

ge = VoLl
me = Byme_y + (1 = 1) g:
Ve = Bov—g + (1 — Br) gt

with bias correction:

and parameter update:

mg

\/ﬁ_t+e

Where, arepresents the learning rate, g.denotes the gradient at iteration ¢, and m.and

Ht = Ht—l —Qa

v.are the first- and second-moment estimates.
3.6 Evaluation and Performance Monitoring

After training, the model is evaluated on ECG images. The predicted class for sample

nis obtained from the largest output logit:
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Yn =ar n,k

g max o
ke(1.2:3.4}

Overall, the classification accuracy is calculated as:

N
1
Accuracy = NZ 1Pn = yn)
n=1
Where, N shows the total number of evaluated ECG images and 1(-)equals 1 when the

prediction is correct and 0 otherwise.
For each ECG class k, precision and recall are computed as:

TP,

TP, + FP,
TP,

TP, + FN,

Precision;, =

Recall, =

and the class-wise F1-score is:

Precision;Recall,,

Fl, =2
. Precision; + Recally

Where, TPy, FPy,, and FN,denote the true-positive, false-positive, and false-negative
counts for class k, respectively. A confusion matrix is additionally used to examine class-

specific prediction errors.
3.7 Real-Time Prediction and Visualization

The Single-Image Prediction Module applies the trained EfficientNet-BO model to a
newly uploaded ECG image. After preprocessing, the image is expanded with a batch

dimension:

1X3X224X224
Xtest € ]R

The trained model produces four logits:
0= f(Xtest; 6) € ]R4

The final predicted ECG category is:
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y=ar

max (0]
8 re(l23.4) %

If class probabilities are required for display, they are calculated as:

exp (o)
Z?=1 exp (Oj )

Px =

The predicted class label is then displayed together with the uploaded ECG image using

Matplotlib.

4. Results and Discussion

EfficientNet-BO model-based architecture was tested on four-class ECG image

classification that included Myocardial Infarction, History of Myocardial Infarction, Abnormal

Heartbeat, and Normal ECG Images. The primary experimental settings are summarized in

Table 1.

Table 1. Experimental parameters of the ECG classification framework

Parameter Specification
Dataset ECG Image Dataset [13]
Input Data Type 2D ECG images

Number of Classes

4

Model Architecture

EfficientNet-B0O

Input Image Size

224 x 224 pixels*

Input Channels

3 (RGB)

Tensor Pixel Range

[0, 1]

Normalization Mean

[0.485, 0.456, 0.406]

Normalization Standard Deviation

[0.229, 0.224, 0.225]

Optimizer Adam
Evaluation Samples 772 images
Implementation Framework PyTorch
Visualization Tool Matplotlib
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In total, 772 ECG images were used to test the model. Input examples are shown in

Figure 6. Figure 7 presents an example of the dataset loading and batch processing used.

ECG REPORT _ECG REPORT =
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Figure 6. Input ECG images from the four diagnostic categories

# /usr/local/lib/python3.11/dist-packages/torchvision/models/ utils.py:208: Userarning: The parameter 'pretrained

warnings.warn(

Jusr/local/1ib/python3.11/dist-packages/torchvision/models/ utils.py:223: UserWarning: Arguments other than a we
warnings.warn(nsg)

Downloading: "https://download.pytorch.org/models/efficientnet b@ rwightman-7f5816bc.pth" to /root/.cache/torch/

100% || 20.5M/20.5M [00:00¢00:00, 104M/5)

Epoch 1, Loss: 1.1931, Accuracy: 55.31%

Epoch 2, Loss: 0.7684, Accuracy: 79.27%

Epoch 3, Loss: 0.4670, Accuracy: 86.61%

Epoch 4, Loss: 0.3262, Accuracy: 91.06%

Epoch 5, Loss: 0.2420, Accuracy: 93.26%

Epoch 6, Loss: 0,2159, Accuracy: 93.78%

Epoch 7, Loss: 0.1350, Accuracy: 95.85%

Epoch 8, Loss: 0.1228, Accuracy: 96.76%

Epoch 9, Loss: 0.0997, Accuracy: 97.15%

Epoch 10, Loss: 0.0845, Accuracy: 97.67%

Figure 7. ECG dataset loading and model training progress

Table 2. Classification performance of the EfficientNet-BO model

ECG Class Precision Recall F1-Score Support
Myocardial Infarction 1 1 1 200
History of Ml 0.99 1 1 172
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Abnormal Heartbeat 1 0.99 0.99 200
Normal 1 1 1 200
Accuracy - 0.9961 772

Table 2 shows the classification accuracy of the suggested EfficientNet-BO algorithm

for the four categories of ECG classification. The proposed solution managed to classify 769

out of 772 test images, thus providing 99.61% accuracy. The near-perfect precision, recall, and

F1-score scores have been obtained for all four classes except for the Abnormal Heartbeat one.

ECG Images of Myocardial Infarction Patients (240x12=2880)

ECG Images of Patient that have History of Mi (172x12=2064)

True label

ECG Images of Patient that have abnormal heartbeat (233x12=2796)

Normal Person ECG Images (284x12=3408)

Confusion Matrix

Prodicted lahol

200

175

150

125

Figure 8. Confusion matrix of the proposed EfficientNet-BO model

As seen from the confusion matrix shown in Figure 8, an analysis of the classification

errors is provided. All the 200 Myocardial Infarction instances, 172 History of M1 instances, as

well as 200 Normal instances have been correctly classified. Out of the 200 Abnormal

Heartbeat instances, only 197 were accurately classified, while the remaining three were placed

into different classes.
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Figure 9. ROC curves of the proposed EfficientNet-BO model

Moreover, the class-wise discrimination ability of the suggested EfficientNet-BO
framework is tested by the ROC-AUC test shown in Figure 9 by changing the decision
thresholds. The obtained AUC scores for the classes are the following: 0.998 for Myocardial
Infarction, 0.991 for History of M, 0.985 for Abnormal Heartbeat, and 0.999 for Normal ECG
images, wherein the relatively lower AUC score for Abnormal Heartbeat is related to the class
with which the classification errors occurred. Along with the overall 99.61% accuracy, perfect
class-wise precision, recall, and F1-scores, as well as confusion matrix scores, the ROC-AUC
scores suggest good performance of the tested framework. However, additional research should

be done to validate the framework externally.

5. Conclusion

In this research, a transfer learning approach using EfficientNet-BO0 has been developed
for the classification of ECG images in four different classes, namely: Myocardial Infarction,
History of Myocardial Infarction, Abnormal Heartbeat, and Normal. In this approach, the image
processing and ImageNet pre-trained EfficientNet-BO have been combined with task-specific
classification layer. After employing cross-entropy loss and Adam as optimization method, the
classifier was able to reach a total accuracy rate of 99.61%. Confusion matrix revealed that
there was no problem in the classification of myocardial infarction, history of mi, and normal,
but three abnormal heartbeat images were falsely classified. These results showed that the
EfficientNet-B0 could be employed for automatic classification of ECG images; nevertheless,
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the ROC-AUC needs to be validated because the current curves do not coincide with the

classification performance.
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