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ABSTRACT

Automated Myocardial Infarction (MI) Detection System is aimed at increasing the accuracy
and speed of MI diagnosis by processing electrocardiogram (ECG) images. The system
categorizes ECG images as normal ECG, abnormal heartbeats, history of MI, and active MI by
using the sophisticated deep learning models. The system makes use of the following models:
ResNet50, ResNetl01, ResNetb0V2, Xception, DenseNet201, DenseNetl21, InceptionVs,
MobileNetV2, EfficientNet B3, EfficientNet B5 and EfficientNet V2B2. Some of the models
were tested by k-fold cross-validation, and ResNet50V2 was the highest-performing model with
a score of 99.03, with DenseNet201 and MobileNetV2Z coming in at 99% and 98.8200d,
respectively. EfficientNet B3 (98.70%) and EfficientNet V2B2 (99.35) were also proved to be
good models.

Its system can be interoperable with Electronic Health Records (EHRs) and medical
professionals can obtain the results of the diagnostic process effectively. This is because, not
only does this integration shorten the diagnostic time but it also eradicates the chances of
human error that help clinicians make more accurate and timely decisions by utilizing
automated MI detection. Grad-CAM visualizations used in the system can generate
interpretability, which is in line with the HIPAA and GDPR framework, and ensure the secure
processing of data and compliance fulfillment.

Finally, the Automated MI Detection System enhances the patient care experience by
guaranteeing better and more timely MI diagnosis, improving workflow and providing
healthcare experts with more sophisticated diagnostic resources.
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Chapter 1
Introduction

The chapter highlights the urgency in automated detection of myocardial infarction (MI)
complication on ECG images in order to enhance the accuracy with the assistance of deep
learning, because of the increasing rate of heart diseases.

1.1 Introduction

Cardiovascular diseases (CVDs), particularly myocardial infarction (MI), remain one of the
leading causes of death worldwide. Heart attack, otherwise known as MI, is caused by the
lack of the blood supply to a section of the heart muscle, which results in ischemia
(deficiency of oxygen and other nutrients) of the heart tissue and, ultimately, its irreversible
destruction, unchecked by treatment. MI of different severities is not only correlated with the
instant death of heart muscle cells, but also with other prolonged after-effects, including heart
failure, heart arrhythmias, and risk of sudden-cardiac death increases. Due to the high
morbidity and mortality of MI, it is important that the condition is detected early and treated
in order to lessen the severity of the condition and enhance patient outcomes.

One of the most common diagnostic instruments used to detect MI is electrocardiogram
(ECG) signals that track the electrical activity of the heart. Heart attack will result in typical
alterations on the ECG waveform and this can be identified by competent clinicians.
Nevertheless, manual interpretation of ECG signals may be complicated by the insignificance
of these changes, or other heart problems or individual patient considerations. ECG signal
analysis can also be a tedious process and very expert-intensive to deliver prompt diagnosis,
particularly in a high-volume care facility. Consequently, the demand of automated systems to
help healthcare professionals in diagnosing MI fast and correctly grows, eventually benefiting
patients.

The development of machine learning (ML) and deep learning (DL) methods has transformed
a large number of industries in the past few years, and medical diagnostics are not an
exception. Such computing methods are especially suitable to processing large amounts of
data, learning more complicated patterns, and automating procedures that are normally
performed by human experience. Of these techniques, deep learning and, in particular,
convolutional neural networks (CNNs) has been receiving a lot of attention because of its
capability to extract hierarchical features out of raw data, including images or time-series
measurements, without hand-engineered features. CNNs have demonstrated notable success
in several applications, such as medical images, which have been employed in classifying
diseases on medical scans, and also detecting abnormality in ECG signal, to even foresee the
results based on diagnostic images.

©Daffodil International University 10



This study aims at implementing the idea of deep learning, specifically CNNs, to detect MI and
its complications by employing annotated high resolution ECG images, which are automated.
The objective is to create a system that has the ability to correctly classify ECG images into
various categories including normal ECG, abnormal heartbeats, ECGs of patients with a
history of a MI, and ECGs of patients who have active MI. It is proposed that by using
Pre-trained deep learning models such as ResNet and EfficientNet which have previously
proved to be quite effective in image classification activities, this research will develop an
automated diagnostic tool that can help clinicians diagnose MI more effectively. The
possibility to use deep learning models on the high-resolution ECG images could hugely
decrease the time spent on the diagnosis, enhance accuracy, and address some of the
challenges relating to the manual processing of the ECG signals.

Automated systems in the detection of MI are not only timely and efficient, but they are also
scalable and this offers the possibility of wide usage of the automated system in clinical
settings, especially where there is low access to trained cardiologists. This study will help
increase the amount of knowledge concerning automated healthcare systems by training and
thinning deep learning models to classify ECG images and contribute to the effectiveness of
MI detection as a whole.

Myocardial Infarction

Coronary artery Healthy
(supplies blood 4 heart

and oxygen to muscle
heart muscle)

Blood clot
blocks

Heart muscle Dead heart muscle

Image via: shbLnih gov M

Figurel.1l. Myocardia Infarction
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1.2 Motivation

MI remains one of the most frequent causes of death worldwide where its timely
identification is important in reducing the chance of developing serious complications like
heart failure, arrhythmias and sudden cardiac death. The conventional approaches which
mainly depend on manual reading of the Electrocardiogram (ECG) signals usually delay
timely diagnosis of MI. Such means may be time consuming, prone to human error and may
depend on the experience of the clinician hence are less dependable in high pressure clinical
setting.

Due to the increasing rate of heart diseases in the world, more effective, accurate and
efficient diagnostic tools are required. The report suggests a proposal on an automated MI
detection system that will use deep learning methods to scan high-resolution ECGs. The
objective of this system is to enhance the quality of diagnostic, lessen human error and offer
real-time and consistent results that can guide healthcare professionals to make quicker and
more informed decisions.

Convolutional Neural Networks (CNNs) and other types of deep learning models have shown
great potential in automating medical images, including in the detection of MI. This study will
help build a powerful system that can detect and to classify the MI complications into clear
categories, namely normal ECG, abnormal heartbeats, history of MI, and active MI by training
models on a large number of annotated ECG images. This system will minimize the diagnostic
time, improve the accuracy, and eventually lead to the better outcomes of the patients,
especially in the environment where the number of trained cardiologists is limited.

Moreover, deep learning used in MI detection will overcome the imbalance issue that is
frequently experienced in medical data. Data augmentation and transfer learning is utilized to
make sure that the system would be able to generalize effectively and address
underrepresented MI cases, the source of which would offer a more comprehensive solution.
Developing an automated MI-detecting system will allow the study to increase the overall
efficiency of clinical processes, patient care, and the field of automation in the medical
diagnostics process, in general.

©Daffodil International University 12



1.3 Objectives

This research is aimed at creating an automatic system of Myocardial Infarction (MI)
detection in the form of classifying high-resolution ECG images into two categories:
Myocardial Infarction (MI) and normal beats. The proposed study will have the following
specific objectives:

1.

Design MI Auto-Detection System:

To obtain an automated MI detection method that can be featured to classify
ECG images as normal ECG, abnormal heartbeats, ECGs of patients who
previously had a mi, and active MI, through advanced deep learning methods
such as Convolutional Neural Networks (CNNSs).

Increase Diagnostic Accuracy and Speed:

To minimize the amount of time used in the diagnostic procedures and
enhance precision by automation of the ECG image recognition. This will help
reduce the risk of misdiagnosis and have more regular results, irrespective of
the experience of the clinician.

Enhance Generalization of Models:

In order to solve the issue of class imbalance with the application of data
augmentation methods and pre-trained models such as ResNet and
EfficientNet, it is necessary to ensure the robust performance under the
circumstances of such an underrepresentation in the training data of certain
MI conditions.

Compare the Multiple Deep Learning Model Performance:

To compare different deep learning models (e.g., ResNetb0, EfficientNet,
MobileNetV2) based on such performance metrics as accuracy, sensitivity,
specificity, and F1l-score and determine the most effective models to detect MI.
Increase Strength by Data Augmentation:

In order to enhance the robustness and the generalization of the model when
the data augmentation methods are used, it is necessary to make sure that the
system is capable of detecting any rare or subtle MI instances.

Introduce MI Detection on Real-Time:

To make the system able to work with ECG images in real-time (in 3-5
seconds) in order to support immediate clinical decision-making, particularly
under high pressure conditions, such as emergency rooms.

Develop a Clinician Friendly Interface:

To create an easy-to-use app that allows clinicians to post ECG images,

real-time outcomes, and performance indicators that will help clinicians make
clinical decisions.

©Daffodil International University 13



8. Donate to Automated Medical Diagnostics:

To present an effective, confident, and efficient deep learning-based MI
detection framework, it is necessary to make progress in the field of
automated medical diagnosis and enhance patient care through faster and
more reliable diagnosis.

1.4 Methodology

The data set used in this paper can be summarized as annotated high-resolution ECG images
of four different categories, that is, Normal ECG, Abnormal Heartbeats, MI History, and
Active MI. The category of the regular heartbeat that contains no anomalies is called the
Normal Ecg, and the one that contains ECGs that represent abnormal heartbeats or
arrhythmias is called the Abnormal Heartbeats. The ECGs of patients who had a history of
myocardial infarction (MI) can be found in the "MI History" class whereas the ECGs of
patients experiencing a myocardial infarction in real-time were placed in the "Active MI"
class. The dataset will play a critical role in training deep learning models to identify and
classify myocardial infarction (MI) complications with high accuracy and thus will help in the
early diagnosis and better clinical outcomes.

All ECG images in the data set will be scaled to 224x224 and normalized to range of [0, 1] to
create consistency and compatibility between the model and all the ECG images.
Noise-cancellation measures are implemented to improve signal clarity of ECG signals, such
that irrelevant data are not stored to train. The data is separated into three different subsets,
namely a training set (70 percent of data), a validation set (15 percent), and a test set (15
percent). The deep learning models are trained on the training set, hyperparameter tuning and
model evaluation is done on the validation set, and the model is evaluated with the help of the
test set in terms of its capacity to generalize to new and unseen data.

The model to be used in this task is a selection of the number of models, including the
state-of-the-art models of deep learning, which are known to be the most effective in image
classification. These are ResNetb0, ResNetl01 and ResNetb0V2, which have residual
connections to overcome vanishing gradient issue in deep neural networks. The Xception
model that uses depthwise separable convolutions is used to extract fine-grained details in
the ECG images. DenseNet201 and DenseNet121 are added due to the fact they reuse features
efficiently and have relatively few parameters. It also uses the InceptionV3 model which uses
filters in each layer to retrieve various features. To tradeoff between accuracy and
computation efficiency, MobileNetV2, which is mobile-friendly, and several EfficientNet
models (B3, B5, V2B2) are employed. The models are optimized with the help of transfer
learning, in which the final fully connected layer is substituted with the one that corresponds
to the number of output classes in the MI classification problem.

In overcoming the issue of class imbalance especially the low number of instances of certain
MI conditions, the calculation of class weights is done on the basis of the inverse of the
frequency of each class. This also will guarantee that underrepresented classes, like active MI
cases, will have greater attention in training. These weights of classes are applied to the loss
function (categorical cross-entropy) to balance the training process between the classes.

The model performance is measured with a number of metrics such as accuracy, sensitivity
(recall), precision, and Fl-score. Although accuracy gives a rough overview of model

©Daffodil International University 14



performance, it might not be adequate in the case of imbalanced data, where one of the
classes (non-MI cases) can predominate. Medical cases especially require sensitivity as it
determines how accurately the model will detect cases of true MI (true positives). However,
precision is a measure of how often the model is correct in its prediction of the non-MI cases
(true negatives), necessary to ensure that false positives are limited and needless treatment is
avoided. The harmonic mean of precision and recall is called the Fl-score, which is a
balanced score, in particular when an unequal dataset is being considered. All these metrics
produce an in-depth account of the model performance, especially in the most important
applications such as MI detection.

The Python language and framework, TensorFlow/Keras to train and test the model, OpenCV
to preprocess ECG images, and Matplotlib to visualize the output are the tools and
frameworks used in this study. Due to the versatility of Python, along with the widespread
availability of deep learning frameworks such as TensorFlow and Keras, it can be used to
create and run image-classification models that are complex in nature. OpenCV assists in
image processing of the ECG images through resizing, normalization, and enhancing of the
images to aid in better feature extraction. Lastly, there is the visualization of training curves,
performance metrics and confusion matrices in Matplotlib, which assists in the evaluation of
the model and the further optimization process. These are necessary in designing strong and
powerful models to be used in the detection of myocardial infarction complications in ECG
images.

1.5 Project Outcome

The central conclusion of the present research is that it presents a deep learning system that
is automated to identify myocardial infarction (MI) and its complications using
high-resolution ECG images. The system is meant to assist the healthcare professionals by
providing them with accurate and real-time diagnostics that potentially assist them in
detecting MI complications in the initial phase of intervention that is crucial in prompt
treatment.

The key expected outcomes are:

1. Greater Diagnostic Accuracy: The system will focus on enhancing accuracy of MI
diagnosis because the system will automatically classify ECG images. This will reduce
misdiagnosis and will also detect even the slightest signs of MI which will lead to a
positive patient outcome.

2. Clinicians: The system simplifies the process of detecting MI by automating the
procedure and offering healthcare professionals an alternative that will help them
identify the problem more quickly, eliminating time wastage in the process of
interpreting ECG images.

3. Scalability: The system is scalable and can be implemented in the widest possible
range of clinical settings, such as high-patient volume hospitals or remote-access
clinics with a limited access to highly trained cardiologists.

4. Generalization: The templates in this study are also trained to be generalizable on the

basis of other ECG data, so that the system is trained between the patient groups and
ECG data collection conditions.

©Daffodil International University 15



5.

1.6

Possibility of Real-World Application: The results of the research would be applicable
in the application of Al-based diagnostic tools in real-life healthcare facilities, where
clinicians can use it to assist patients during the, so-called, decision-making process,
particularly during critical care.

Finally, the project will deliver a powerful automated MI detection system capable of

improving speed and reliability of MI diagnoses, which will eventually help improve
patient care and decrease the healthcare burden of inaccurate or late diagnoses.

Organization of the Report

This report is organized in the following way:

Chapter 1: Introduction

The chapter gives the background, motivation, objectives, methodology, and
anticipated results of the research. It presents the significance of ECG image-based
automated myocardial infaraction (MI) detection and explains the methodology used
in this research.

Chapter 2: Literature Review

In this chapter, the review of the current studies concerning the automated
identification of MI is conducted with a narrow scope to machine learning and deep
learning methods working with ECG signals. It discusses past approaches, issues and
developments in the discipline that have led to the formation of this study.

Chapter 3: Methodology

An elaboration of the methodology applied in this study including data collection,
pre-processing methods, model selections, training procedures, and evaluation
procedures. The chapter describes how the imbalance in classes can be managed and
how best the model can be made to perform.

Chapter 4: Results and Discussion

The chapter reports the outcomes of the experiments involving the performance
measures of the trained models. It contrasts the various models that have been
applied in the study and explains how they have performed and what were the major
findings and insights. The findings are discussed in terms of the objectives and
research questions.

Chapter 5: Conclusion

The chapter has compiled the research findings, description of the flaws of the study,
and suggestions of future research to improve and augment the proposed system. It
also provides concluding comments on the contributions of the research and the
potential contribution the research can make on MI detection in the clinical setting.

©Daffodil International University 16



Chapter 2
Background

This chapter presents a literature review of automated detection of Myocardial
Infarction (MI) with artificial intelligence (AI) on ECG images with deep learning. It
examines available practices, outlines gaps in the available literature, as well as
challenges that are diagnostic accuracy, speed, and imbalance of data. The aim is to
emphasize how deep learning can be used to deal with such voids and enhance clinical
processes.

2.1 Introduction

Myocardial Infarction (MI) or heart attack is one of the most commonly occurring causes of
death all over the world. Early diagnosis and timely treatment are essential in order to
decrease mortality and decrease the extent of health complications in the long run.
Conventional approaches like Electrocardiograms (ECG) and Echocardiograms (ECHO) have
been the widely applied methods of diagnosing MI, but the methods are very manually
intensive and result in irregularities and the possibility of human error. Along with the
development of deep learning, especially of Convolutional Neural Networks (CNNs), the
trend has moved towards automating the process of MI detection by analyzing ECG images.
The deep learning approaches have a potential of improving the accuracy, speed and
reliability of the MI diagnosis greatly due to learning of complex patterns in huge dataset.
This chapter provides an overview of existing literature on deep learning methods of MI
detection, discusses the issues and limitations of existing solutions, and identifies research
gaps that may be filled to enhance the diagnostic capacity and clinical processes.

2.2 Literature Review

The use of deep learning (DL) methods has largely improved the process of myocardial
infarction (MI) detection; the limitations of traditional diagnostic techniques such as
Electrocardiograms (ECG) and Echocardiograms (ECHO) are overcome. These traditional
approaches are highly dependent on manual interpretation that may result in inconsistency
and error because of factors including noise, signal complexity, and clinician experience.
Deep learning models, especially Convolutional Neural Networks (CNNs), Long Short-Term
Memory (LSTM) networks, and hybrid networks have been studied to overcome these
challenges and present opportunities to automate the process of MI detection and enhance
the accuracy of diagnosis.

©Daffodil International University 17



Radwa et al. (2024) conducted a review of deep learning-based methods of MI detection
based on ECG and ECHO signals. The paper has emphasized the fact that CNNs have been
successful to reach nearly 97 percent accuracy using raw ECG signals without manual
feature extraction. This approach significantly enhances the accuracy of detection over the
conventional approaches and highlights the promise of deep learning in the automation of
MI detection, particularly in the environments where expert cardiologists are in low
numbers. In the same manner, Khan et al. (2021) investigated deep learning application to
multi-condition ECG data (MI and COVID-19) and they proved the flexibility of the DL
models in categorizing different ECG samples, and therefore their use is not limited to the
detection of MI.

Abbas et al. (2024) proposed a new deep learning-based method of MI detection and
multi-label classification with an accuracy of 99.39 in binary classification and 99.74 in
multiclass classification. This paper demonstrated how successful deep learning can be
when it is trained on balanced datasets, and it assists the model to correctly identify the
various forms of MI, which is essential in clinical decision-making. Xiong et al. further
improved the MI detection by using CNN-LSTM and ensemble models with 99.8% accuracy
of CNNs, 99.88% with CNN-LSTM, and 99.89% with ensemble models. Such hybrid models
are able to extract spatial features using CNNs and analyze temporal features using LSTMs,
which enhance detection and localization accuracy, and show how hybrid models can reflect
the spatial and temporal dynamics of ECG signals to detect MI more accurately.

Li et al. (2024) also showed the significance of multi-lead ECG signals, and the accuracy was
99.78 with 12-lead ECG and 99.95 with V4. This study highlights the importance of the
examination of more than one lead of the ECG to give a clear picture of the electrical
activity of the heart, as it becomes easier to identify and localize MI. Liu et al. (2024)
investigated the concept of detecting and localizing MI with the use of the ResNet
architecture, resulting in an accuracy of 99.92 and 95.49 in detection and localization
respectively. The residual connections in ResNet overcome the issue of vanishing gradient,
which allows deeper networks to better learn useful complex features, thereby enhancing
MI detection and localization.

Combination of DenseNet and CNNs has also been found to work well as hybrid models.
Zhang et al. (2024) obtained 98.9 and 98.5% accuracy with DenseNet and CNNs respectively,
which indicates that DenseNet has densely connected layers that enhance the reuse of
features and efficient learning. Li et al. (2024) also showed the usefulness of residual
networks, with the point of 96.4 and 94.4 accuracy in training and validation, respectively.
Despite the issues with validation accuracy, residual networks have demonstrated a lot of
promise working with deep architectures and making their training more efficient.

The researchers studied the use of SSD MobileNet in detecting MI with a result of 98 percent
(Liu et al. 2024). This paper has shown that lightweight models, including SSD MobileNet,

can be both optimized to be efficient and at the same time preserve accuracy, and can be
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adopted in contexts of real-time monitoring on a mobile or wearable device, where
computation is scarce. By using a Bidirectional Gated Recurrent Unit (BiGRU) model, Yang
et al. (2024) were capable of detecting MI with the highest accuracy of 99.84%. BiGRU model
is especially effective in representing sequential dependencies of ECG signals, providing a
more detailed insight into the patterns of the temporal structures and enhancing the
performance of MI detection.

Although the progress made in MI detection with the help of deep learning is remarkable,
there are still a few challenges. The interpretability of deep learning models that are
sometimes considered black boxes is one of its major challenges. In clinical uses, it is
essential that medical practitioners get to know how a model comes to its predictions. To
overcome this, methods like Grad-CAM (Gradient-weighted Class Activation Mapping) and
attention mechanisms are being designed, which give information about the way of how
deep learning models make decisions and allow clinicians to have confidence in the
decisions made by Al-powered diagnostic devices.

The other issue is the noise present in the ECG signals, including motion artifacts, power
line interference, as well as other external sources. Noise has the potential to limit the
quality of ECG data which can influence the quality of models. Noise reduction methods,
such as Savitzky- Golay filters and wavelet transforms have been demonstrated to be
effective in pre-processing prior to MI detection to only leave features that are important.
This is of great significance especially in the clinical practice where the quality of the ECG
signals may change.

Another important obstacle to the extensive implementation of deep learning models in MI
detection is the absence of large and labeled datasets. Although publicly accessible data,
such as PhysioNet or PTB, are useful in terms of data, more comprehensive data and
additional clinical data, including patient history, comorbidities, and demographics, would
help to improve the generalizability and accuracy of MI detectors. The future of MI detectors
is in the area of multi-lead ECG, hybrid-based models, and real-time monitoring. Such
developments will empower the speed of diagnosing and diagnose patients more accurately,
and enhance their outcomes. In addition, as the wearable technology and deep learning
algorithms are further developed, the process of MI detection will transform, and early
detection with subsequent intervention will be possible to save lives and enhance medical
care.Conclusively, the use of the deep learning models, such as CNNs, LSTMs, ResNet,
DenseNet, and hybrid models, has contributed to the development of MI detection with
remarkable accuracies of more than 99%. Although facing the difficulty of an imbalance of
classes, noise, and interpretability of the model, the recent developments of preprocessing
methods, synthetic data generation (SMOTE), and attention mechanisms helped to solve
such problems. As the multi-lead ECG, hybrid models, and real-time monitoring continue to
evolve, deep learning models will be able to revolutionize the process of MI detection by
giving more precise diagnosis and allowing earlier interventions, which will eventually
improve patient outcomes and save lives.
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Table 2.1: Summary of Literature Review

SN Author Year Methodology Key Findings Accuracy
(s)
1 Radwa 2024 Deep Reviews ~97%
et al. Learning for DL-based
MI Detection approaches for
using ECG MI detection
and ECHO using ECG and
ECHO.
2 Khan et 2021 ECG Images Dataset Not provided
al. dataset of containing ECG
Cardiac and images for
COVID-19 multiple
Patients conditions,
including MI and
COVID-19.
3 Newaz 2023 Predicting MI Proposed data Not explicitly
et al. Complications mining reported
with Data techniques for
Mining predicting
Techniques complications in
MI patients.
4 Radwa 2024 Deep Comprehensive ~99% (in
et al. Learning for review of DL various
MI Detection techniques for studies)
using ECG MI detection,
and ECHO focusing on ECG
and ECHO.
5 Abbas 2024 Novel Deep Proposed 99.39%
et al. Learning DL-based (binary)
Approach for method for MI
MI Detection detection.
6 Xiong 2024 MI Detection Used CNN-LSTM 99.8% (CNN),
et al. using CNN and Ensemble 99.88%
and LSTM models for MI (CNN-LSTM),
detection. 99.89%
(Ensemble)
7 Li et al. 2024 MI Detection Utilized CNN for 99.78%
with CNN and MI detection (12-leads),
RNN across various 99.95% (lead
leads. V4)
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8 Liu et 2024 MI Detection MI detection and 99.92%
al. and localization (detection),
Localization using the ResNet 95.49%
Using ResNet architecture. (localization)
9 Zhang 2024 MI Detection Used DenseNet 98.9%
et al. with and CNN for MI (DenseNet),
DenseNet and detection. 98.5% (CNN)
CNN
10 Li et al. 2024 MI Detection MI detection 96.4%
Using using a residual (training),
Residual network. 94.4%
Network (validation)
11 Liu et 2024 MI Detection Applied SSD 98%
al. Using SSD MobileNet for
MobileNet MI detection.
12 Yang et 2024 MI Detection Applied 99.84%
al. Using BiGRU ML-BiGRU for
MI detection.
13 Cheng 2024 MI Detection Used VGG and 99.02%
et al. Using 12-leads CNN models for (VGG-MI1),
VGG and CNN MI detection. 99.22%
(VGG-MI2)
14 Sridhar 2024 Accurate Focused on 97.96%
et al. detection of nonlinear (SVM),
myocardial feature 98.89%
infarction extraction (e.g., (sensitivity),
using bispectrum, 93.80%
non-linear sample entropy) (specificity)
features with for MI detection
ECG signals using ECG.
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2.3 Gap Analysis

Deep learning (DL) models applied in myocardial infarction (MI) detection have achieved a
lot of progress, yet there are a number of gaps. One of the main weaknesses is the inability
to have diversity in data sets since the majority of models are trained on smaller datasets
and consequently, these models are not able to extrapolate to different patients and
healthcare environments. The other issue is data imbalance because MI cases are not that
common, and certain methods such as SMOTE can be used to overcome the problem, but
most models cannot cope with it, thus, influencing their performance. Also, model
interpretability is an ongoing obstacle, since the inability to be transparent in the choice of
decisions can diminish the trust of the clinicians in the system. Multi-modality combination
(e.g., the ECG and ECHO) is usually neglected, which restricts the intensity of MI detection.
In addition, most of the existing studies lack practical use of these models in clinical setting
where timely judgement is paramount. Lastly, the long-term prognosis of MI patients is not
an important issue, despite the fact that post-MI complications predictability may
dramatically enhance patient outcomes. The solution of such gaps would make DL models
more effective and applicable to clinical practice in order to have more appropriate and
reliable diagnoses and care.

Table2.2: Comparative gap analysis with previous work

Paper Gap 1:|Gap 2:Data|Gap 3:| Gap 4: | Gap 5: | Gap 6:
Dataset | Imbalance | Model Multi-Mod | Real-Time | Long-Term
Diversity | and Class | Interpret | al Diagnosis Monitoring
and Distribution | ability Integration | and and
Generali Clinical Prognosis
zability Application

1. Radwa et

al., 2024

2. Khan et

al., 2021

3. Newaz et
al., 2023

4. Radwa et
al., 2024
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5. Abbas et
al., 2024

6. Xiong et
al., 2024

7. Li et al,
2024

8. Liu et al.,
2024

9. Zhang et
al., 2024

10. Li et al.,
2024

11. Liu et al.,
2024

12. Yang et
al., 2024

13. Cheng et
al.,, 2024

14. Abbas et
al., 2024
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24 Summary

This chapter provided me with a general idea of Myocardial Infarction (MI) detection and
deep learning capacity to enhance the diagnostic process. Other conventional tests such as
Electrocardiograms (ECG) and Echocardiograms (ECHO) are common but have limitations
such as being subjective, requiring an expert to interpret their results and are not able to
identify early-stage infarctions. Noise and artifacts also influence these methods and lower
their accuracy. Deep learning has contributed to the field greatly by providing the chance of
using automated systems which learn automatically using the raw ECG signals thus providing
better performance in diagnosing. Convolutional neural networks (CNNs) and Long
short-term memory (LSTM) networks have been successfully used and neural network
hybrids, such as CNNs and LSTMs, have been further used to increase performance by
allowing the model to capture both time domain and space domain features of ECG.
Nevertheless, some problems exist, including a lack of diversity in datasets, imbalance in
classes, and a poor understanding of the model. The vast majority of models are trained on
small datasets that are homogeneous and do not provide much generalizability. Furthermore,
the incorporation of multi-mode data and continuous, real-time monitoring with wearable
devices used with early intervention are also some of the topics that require research. Further
research on the detection of MI in clinical practice should address the following areas: better
generalization of the model, its explainability, and heterogeneity.
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Chapter 3
Research Methodology

The automated system of Myocardial Infarction (MI) complications detection using deep
learning models on annotated ECG images is created in the given study. The methodology
will involve preprocessing the information, selection of the appropriate models, and the
fine-tuning of the already trained models using the transfer learning technique. The model
will be tested using the following performance measures, namely, accuracy, sensitivity, and
Fl-score and the goal is to have a good and effective MI-detecting system.

3.1 Methodology

3.1.1 Overview

The main aim of the research is to construct the automated method of identifying Myocardial
Infarction (MI) and its complications based on the deep learning models in relation to the
annotated electrocardiogram (ECG) images. This part presents the methodology that was
used in the study to accomplish this aim.

The methodology begins by first collecting data before subjecting it to preprocessing to
transform the ECG images into model training. High-quality ECG images of various types
(normal ECG, abnormal heartbeats, patients with a history of MI and patients with active MI
cases) are annotated in high quality and gathered. The images are then preprocessed to
achieve consistency of size, clarity and standardization so as to be evaluated and trained on
better models.

Thereafter we perform model selection and training. A big variety of pre-trained deep learning
models, including ResNet, DenseNet, InceptionV3, MobileNetV2 and EfficientNet, are tried.
These models are fined tuned using transfer learning techniques since they would be more
effective in the special task of identifying the presence of MI complications using ECG
images. The trained data is processed on the models and the models are optimised to obtain a
high degree of accuracy and generalisation.

To address the issue of class imbalance, which is characteristic of medical data, such
techniques as class weighting and data augmentation are applied. These methods will be able
to make the models target underserved categories, especially active MI cases. The models will
be compared based on the mixture of performance measures such as accuracy, sensitivity,
specificity, and Fl-score. These measures give an idea of the effectiveness of the models to
classify ECG images and detect MI complication with a high precision. This systematized
procedure adds the strength and dependability of the system, which can help the healthcare
professionals with real-time and precise MI recognition.
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3.1.2 Proposed Methodology

The suggested system is concerned with automated identification of Myocardial Infarction
(MI)-related complications on high-resolution electrocardiogram (ECG) images with the help
of deep learning. The approach has a clear structure by covering data collection,
preprocessing, model selection, training, evaluation, and real-time application. The system
will be of benefit to healthcare professionals as it will offer an automated tool, which is quick
and precise at diagnosing MI. The cross-validation approach that is used in the methodology
consists of K-fold cross-validation to provide robustness and generalization of the model on
various subsets of data. Also, the system provides useful diagnostic visualizations and
measures, such as Grad-CAM to understand model interpretability, classification reports, ROC
curves, and confusion matrices, which are used to evaluate performance and improve the
precision of the model.

« » « Training Set

« « « Validation Set
Input Image Data Dataset Spilt . . . .Test Set
Dataset preprocessing

""" K-fold Cross Validation

Model Selection

« « « Normalaization

+ =+ Resizing
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Figure 3.1: Block diagram of proposed methodology to Myocardial Infarction
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Proposed Architecture:
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Figure 3.2: proposed model architecture to Myocardial Infarction

The image illustrates an image classification pipeline using several deep learning models,
including EfficientNet, InceptionV3, ResNet, DenseNet, Xception, and MobileNetV2. The
original image undergoes feature extraction through these models, which are pre-trained
on the ImageNet database. The extracted features are then processed through a Dense
Layer, followed by a Classifier that makes the final classification decision. This approach
leverages multiple models to improve the accuracy of the classification task.
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3.1.3 Functional and Nonfunctional Requirements

3.3.1 Functional Requirements

The functional requirements provide the essentials of the system in terms of features and
behavior under particular conditions. These specifications are concerned with the
functionalities the system must perform to achieve its purposes in identifying ECG image
complications of myocardial infarction (MI). The detailed functional requirements are the
following:
1. ECG Image Upload:
Description: The system should enable users (healthcare professionals) to upload the

images of ECG through web interface or desktop application.

o Condition: The system should be able to receive common ECG picture formats
like JPEG, PNG and TIFF.

o Functionality: The system is to display feedback in case of unsupported file
format, or a corrupted uploaded image.

2. Image Preprocessing:

o Description: After uploading an ECG image, the system needs to preprocess
the image, to maintain a consistency and to improve quality.

o Condition: The system must decrease the image into a normal size (224x 224
pixels) and normalize the pixel values to the range [0, 1].

o Functionality: Noise should be removed and contrast enhanced so that the
ECG signals have been cleaned and are in a condition to be analyzed.

3. MI Classification:

o Description: The system is expected to recognize the ECG images in separate
categories.

o Categories:
m  Normal ECG: Heart has a good rate.

m  Abnormal Heartbeats: Heart rhythms that are not normal like what is
known as arrhythmias.

m  MI history: MI in the past that resolves.
m  Active MI: Ongoing MI event.

Condition: This should be done with the classification output giving the category a probability
score and this represents the confidence of the model in its prediction.
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4. Performance Metrics Display:

o Description: The system will have to give the performance measures after
being classified to determine the system model performance.

o Metrics:
m Precision: Proportion of accurate forecasts..
m  Sensitivity (Recall): The capability of model to identify MI cases.
m Specificity: Model is able to classify cases of non-MI correctly.

m Fl-Score: An unbiased metric of accuracy and recall, particularly for
disproportionate data.

5. Result Storage:

o Description: The system will have an ECG data, classifier result, and
performance data stored in an insecure database.

o Condition: The database should enable clinicians to obtain the past outcomes
and see the changes through the years.

o Functionality: The clinicians must be in a position to access and view
historical information, comparing previous diagnoses.

6. Real-time MI Detection:

o Description: The system should be able to detect MI in real time in order to aid
in instant decision-making.

o Condition: The classification has to be done 3-5s upon upload of the ECG
image.

o Functionality: The system must be able to provide real time processing
without delays, even in case of high work load on the clinical settings.

7. User Interface (UD):

o Description: The system must provide the clinicians with a user-friendly
interface.

o Condition: The UI must enable easy upload of ECG images, easy display of
result and easy navigation of past data.

o Functionality: The UI must give feedback about the classification results,

display performance indicators and enable clinicians take the necessary action
with the fewest steps.
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8. Data Security:

Description: The system should be able to provide security and privacy of
patient information.

Condition: The patient information (ECG images, results and personal
information) should be encrypted during transit and rest.

Functionality: The system must be in accordance with the rules of healthcare
data security (HIPAA and GDPR).

9. Error Handling:

Description: The system should be team players.

Condition: In case of a mistake (e.g. invalid file format or server problems), the
system is supposed to show meaningful errors to the user.

Functionality: The user should be directed to fix the problem by the error
message without any crashing or freezing of the system.

10. Model Updates:

o Description The system should support periodical updates of the underlying
deep learning models.

o Condition: The system should be able to re-train the model as additional data
becomes available or models are improved through the development of
algorithms.

o Functionality: The system must be made so as to automatically install the
latest version of the model without causing serious downtime.

3.3.2 Nonfunctional Requirements

The nonfunctional requirements determine the way the system will perform and emphasize
quality attributes that will affect the user experience, the efficiency of the system, and its
operation capabilities. These features make the system work in the real-life clinical setting.
The nonfunctional requirements are as follows:

1. Performance:

o

Description: The system should be able to perform highly meaning that the
results of classification should be generated fast and correctly.

Condition: The system should be able to process ECG images, and deliver the
results in 3-5 seconds after uploading the image so that the decision-making
process is real-time.

Functionality: The system should be able to work efficiently at high workloads,
enabling the system to handle a number of user requests at the same time.
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2. Scalability:

o Description: The system should have the ability to be scaled to meet the
growing data and the rising users.

o Condition: The system must have the capability of either horizontal or vertical
scaling to support more data volume and user load.

o Functionality: The system should have the ability to be deployed on a cloud to
be flexible and growable with an enlarging healthcare environment.
3. Reliability:

o Description: The system must be dependable, meaning it should have high
availability and downtime should be minimal.

o Condition: The system is supposed to have a 99.9 or above uptime.

o Functionality: The system should possess mechanisms of fault tolerance such
as having back up systems, redundancy and graceful handling of errors.

4. Usability:

o Description: The system must be simple to operate so that health professionals
do not require a lot of training to interact with the system.

o Condition: User interface should be Intuitive and have clear labels, navigable
menus and understandable results.

o Functionality: The system must provide meaningful tooltips or instruction to

new users and must be capable of providing quick navigation to the
experienced user.

5. Security:

o Description: The system should be able to fulfill security standards to secure
patient data, and adhere to privacy regulations.

o Condition: Data shall be encrypted when it is stored and when transmitting,
only users with authority should gain access.

o Functionality: The system must combine role-based access control (RBAC) to

guarantee protection in the management of patient information as well as
limiting unauthorized access.
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6. Maintainability:
o Description: It must be a system that can be easily upgraded and maintained.

o State: The system should be a modular system with a well-documented code
and with clear instructions on how to maintain the system.

o Functionality: The system must be easy to troubleshoot, update and improve
and not interfere with the functionality of the system.

7. Portability:

o Description: It needs to be portable and run on a variety of platforms and
devices.

o Condition: The system must be Windows, macOS and Linux compatible both
locally and remotely.

o Practicality: it must be scaleable to specific hardware configurations so that it
can be used in a wide range of healthcare hospital settings.

8. Efficiency:

o Description: The system is supposed to be resource efficient, i.e. there will be
low consumption of resources at the cost of the performance.

9. Compliance:

o Description: The system should be integrated with the currently existing
healthcare systems such as Electronic Health Records (EHRs) and Hospital
Information Systems (HIS).

o Condition: The system must be able to communicate with the other healthcare
technologies based on standard data formats (e.g., HL7, FHIR) and APIs.

o Functionality: The system is to enable easy exchange of data across platforms
without any loss or compatibility problems.

10. Interoperability:

Description this means that the system must be compatible with the existing
healthcare systems such as Electronic Health Records (EHRs) and hospital
information systems (HIS).

Condition: It should be capable of working with the common data standards (e.g.,
HL7, FHIR) and APIs so that it could be easily integrated with other healthcare

technologies.

Functionality: There should be proper exchange of data between systems without
any loss and compatibility issues.
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3.1.4 Data Flow Diagram

The data flow diagram shows the analysis of ECG images by beginning with the uploading of
an ECG image as the input signal into the system. This is followed by preprocessing of the
image whereby algorithms like noise removal, resizing and normalization are used to improve
the quality and obtain pertinent features of the image. Refined image is then sent through the
model inference step, where a machine learning or deep learning model is used to analyze the
data to identify possible abnormal behavior or classify the patterns in the ECG. The outcomes
of such analysis are then visualized usually with the use of graphs, emphasized areas or
annotated indicators which help in making the findings more meaningful. After visualization
system produces final output in a structured and user friendly way. The result of this output is
finally presented to the user in an interface giving easy to understand indicators on the
analysis of ECG that can be reviewed by the medical team or at an individual level.

ECG Image Upload

Preprocessing the
ECG Image

l

Model Inference

Display for user

Visualization

Output Generation

Figure3.3: Data Information Flow

Data Collection

The data applied in this research is the Ecg Image Dataset of Myocardial Infarction
Complication, freely available on Mendeley Data. This dataset consists of high-resolution
ECG images that are reflective of the various myocardial infarction (MI) complications.
Clinical ECG recordings were curated to retrieve the data in which images were taken using
equipment adjusted to a frequency range of 0.67-25Hz and 10mm/mV lead voltage.

The data are in the form of four classes of images:

Normal ECG Images (284)

ECG Imagery of Patients with MI History (172).
ECG Pictures of Myocarial Infarction Patients (239)
Abbnormal HR ECGs (233)

2 2 2 2
LSO X O X4
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Distribution of ECG Image Categories

Abnormal Heartbeat ECG

Normal ECG Images

ECG Images of Patients with History of MI

Myocardial Infarction Patients

Figure3.4: Data Visualization

The quality and accuracy of labeling process was confirmed by having certified cardiologists
or expert clinicians annotating these images. This data set has a DOL doi:
10.17632/6dhyd9t26m.2 and are available at the Mendeley Data repository to be extended into
the deep learning and machine learning applications aimed at the automated detection of
myocardial infarction and the associated complications.

The data is expected to be used in research and development of Al based diagnostic tools,
and lead to the improvement of early detection systems of myocardial infarction and more
accurate and efficient clinical decisions.

Dataset Split Visualization
Test (15%)

Validation (15%)

Training (70%)

Figure3.5: Dataset spilt Visulaization
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3.1.6 Ul Design

Automated Myocardial Infarction (MI) Detection System has a user interface (UI) that is
simple and user friendly to healthcare professionals.
Key features include:

1. ECG Image Upload:

o Users find it easy to upload ECG images in jpeg, png and Tiff.
o Easy steps are given to facilitate easy image posts.

2. Preprocessing Feedback:

o The status of the image preprocessing of resizing and normalizing is displayed
in the system.

o In case of any problems (such as incompatible file format), the system
provides obvious error messages.

3. Results of classification:

o Following processing, information of the classification results (normal,
abnormal, history of MI, or active MI) is presented in the UL

o It also presents such important metrics as accuracy, sensitivity, and F1-score.
4. Access to Historical Data:

o Medical practitioners are able to see the previous diagnostic outcomes and
therefore make comparisons with the current data.

5. Real-time Monitoring:

o The system offers real time MI detection with results in 3-5 seconds after
upload.

6. Data Security:

o The privacy standards such as those of HIPAA and GDPR are adhered to in the
Ul to ensure the safety of patient data.

The UI is user-friendly and therefore a healthcare professional can easily use the system to
detect MI quickly.
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Figure3.7: Myocardial Infarction (MI) not detected

3.2 Detailed Methodology and Design

The Automated Myocardial Infarction (MI) Detection System is described in detail in this
section along with its design. The process consists of multiple steps, starting with the
preparation of the dataset and ending with the evaluation of the model, so that it will be
possible to state that the system is able to recognize MI complications using ECG images.

1. Data Collection and Preprocessing:

e Data Collection: A dataset of annotated ECG images of high quality is collected and it
is classified into classes (normal ECG, abnormal heartbeats, history of MI, and active
MI).

e Preprocessing: The ECG images obtained undergo image resizing to a uniform size
(224x224 pixels) and are normalised to fall within the range of [0, 1]. Noise cancelling
strategies are used to improve the quality of ECG signal and eliminate undesired
artifacts.

©Daffodil International University 36



2. Model Selection:

e These models were selected for their proven effectiveness in image classification and
their capability to capture complex patterns within ECG data.

List of 11 Models Used in MI Detection System

EfficientNet V2B2 |
EfficientNet B5 |
EfficientNet B3 |
MobileNetV2
InceptionV3
DenseNet121
DenseNet201 |
Xception |
ResNet50V2
ResNet101
ResNet50
° Models
Figure3.8: Number of model use for detection
3. Model Training :

e Transfer Learning: Pre-trained models are adjusted to the ECG data to shorten training
duration and increase the performance on the particular task.

4. Model Evaluation:

e The models are verified on the basis of different measures:

o Accuracy: The model in general.

o Specificity: Capability to appropriately detect non-MI cases.

o Specificity: Ability to correctly identify non-MI cases.

o A metric balancing accuracy and recall, especially for imbalanced
datasets.Models are tested on independent validation and test sets to assess
generalization..

5. Real-Time Classification:
It is made to deliver real-time outputs with ECG images being grouped within 3-5 seconds,
which can allow immediate clinical decision-making.

6. Security and Compliance:

The patient information is encrypted when stored or when transferred, thus meeting the
requirements of such standards as HIPAA and GDPR. Controlles have been installed such that
only authorized staff members can access sensitive information.
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7. System Integration:

The MI Detection System will be easily integrated with the current hospital infrastructure,
Electronic Health Records (EHRs), with the ability to exchange data effectively and integrate
into the clinical workflow.

3.3 Project Plan

The Automated Myocardial Infarction (MI) Detection System Project Plan lays the whole
procedure of development, i.e., starting with the planning development to system
deployment.Such system aims at automating detection of MI complications based on
high-resolution electrocardiogram (ECG) images, based on deep learning models that can be
used to improve the accuracy of diagnoses in a clinical environment.The project will facilitate
the process of MI detection, enhance patient outcomes and help to relieve the workload of
healthcare professionals by offering a fast, precise and scalable diagnostic device.

Table3.1: Planning Table

Phase Task Duration
Planning Literature review and requirements analysis Week 1
Dataset Collecting & preprocessing ECG dataset, applying | Week 2-3
Preparation augmentation

Model Building CNN and Vision Transformer, implementing [ Week 4-5
Development pretrained models

Training Training the selected models Week 6-7
Evaluation & | Model evaluation, performance testing, bug fixing Week 8-9
Testing

Deployment Deploying the system, user training, and documentation Week 10
Final Review Final system evaluation, reporting, and presentation Week 11

3.4 Task Allocation

In this section, the timeline of the key activities that the Automated Myocardial Infarction
(MI) Detection System project took is mentioned. The workload and the timeframes are
presented in the table below, where the time spent on each of the main activities between
week 12 and 48 is presented. Some of the activities that are present in the timeline and fall
under various timings of the project include data collection, preprocessing, model training
and developing a demo application.
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Table3.2: Task finish
Tasks Week 12-14 | Week 1522 | Week 23-30 | Week 31-48

Data collection phase v

Preprocess all the data v

Model training v

Create a demo application v

3.5 Summary

The last phases of the Automated Myocardial Infarction (MI) Detection System project were
discussed in the previous chapter and the next aspects were discussed in the previous
chapter: the deployment of the system, testing and evaluation process and finally the system
performance and usability review. To categorize ECG images in different classes in an exact
and logical way including normal ECG, abnormal heartbeat, history of MI and active MI, we
described the process of the system development, training, and fine-tuning.

This project was undertaken using various steps like data collection, model selection, training
and testing. Each of the phases was designed in a manner that would enable the system to be
as efficiently applicable in the clinical setting. It compared the model performances in the
future, in the detection of MI, with regard to accuracy, sensitivity, specificity and F1-score.
The class imbalance of medical datasets was addressed by class weighting and data
augmentation to generate a better performance.

This system was also related to a user-friendly interface, and medical workers could easily
upload ECG images, real-time classification, and performance data. Clinicians were trained
and documented to ensure a smooth integration of clinicians in the clinical environment.

The system proved to be sound, precise, and scalable once it was assessed comprehensively
to enhance clinicians in their pursuit to diagnose MI and complications occurring as a result
thereof.

As the given project demonstrates, the field of medical diagnostics, particularly ECG
imagesanalysis to identify MI, will be automated and optimized by deep learning. The second
course of action in research could be connected with the improved model interpretation, the
application of multimodal information, and the application of the system to other areas of
medical diagnosis.
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Chapter 4
Implementation and Results

Focuses on the testing, evaluation and the performance analysis of the deep learning.
models used in Automated Myocardial Infraction (MI) Detection System. It includes an
detailed explanation of the performance of the model by various metrics: accuracy,
sensitivity, specificity, and Fl-score, real-time detection and the possibility to. explain it
using Grad-CAM visualizations.

4.1 Environment Setup

The Automated Myocardial Infarction (MI) Detection System is very sensitive to its ambient
conditions. part in the effective operation of the system to educate the model and introduce
the system. This segment requires the hardware and software characteristics needed to build
and deploy the system, both. hardware and cloud based infrastructure in the locality.

Hardware Requirements

1. Local Hardware (Dell Inspiron 153501):

o CPU: The computer is based on an Intel Core i5-1135G7 chip. This processor is
deployed in data preprocessing and augmentation operations that do not
require as many operations as computationally intensive as the actual training
of the deep learning models. The CPU has the ability of processing multiple
cores meaning that it can effectively perform parallel operations.

o RAM: RAM of the laptop is 8GB DDR4. This will be good enough in cases of
preprocessing operations but in the situation of the large models, they are
transferred to the cloud-based resources, where there are available
GPUs/TPUs.

o GPU: There is no dedicated GPU in the local system to train the model. In
place, Kaggle TPU/ GPUs are available on the cloud, and are used to train deep
learning models, which are needed to provide the required computational
power to train more complex and large models faster.

2. Cloud Resources (Kaggle TPU/GPUs):

o TPU/GPUs: Kaggle cloud-based TPU/ GPUs are used to train the deep learning
models. The resources are high-performance prerequisites that are needed to
accelerate the training of large neural networks. The TPU/GPUs of Kaggle
provide parallel processing, which is essential when dealing with the
computational requirements of training deep learning models on large data
sets.
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o Storage: The dataset is stored on Kaggle Dataset, which allows effortless
access to the images in the cloud and use them directly by the training
process.

Software Requirements

1. Operating System:

o Windows 11 is used as the environment of the operating system development.
It also provides a modern interface, as well as is more supportive to an
extensive variety of development tools and libraries needed to perform data
science and machine learning tasks.

2. Programming Language:

o Deep learning Python is favored by the deep learning community because it
has many libraries and frameworks, which are suitable when creating machine
learning models.

3. Integrated Development Environment (IDE):

o The development environment of the models is Jupyter Notebook. Jupyter
offers an interactive platform, which is perfect to develop machine learning
and deep learning, and provides the ability to quickly test and iterate on results
and also visualize them.

4. Deep Learning Frameworks:

o The deep learning models are constructed and trained with the help of
TensorFlow (Keras) software. TensorFlow offers an active and open-source
base of creating custom models and experiments, and Keras makes it easier to
build neural networks.

o In other instances, PyTorch is adopted to allow flexibility and research
applications, specifically those models that are more suited to PyTorch.
5. Libraries:

o NumPy and Pandas are programs to handle and manipulate data, including the
loading and processing of large data volumes.

o Image preprocessing (resizing, normalization, and data augmentation) is
performed with OpenCV, which makes the ECG images prepared to be trained.

o Data visualization is done using matplotlib and seaborn in order to plot
training curves, performance metrics and confusion matrices.

o Scikit-learn offers other machine learning-related utility (data splitting and
classification reports).
6. Cloud Integration:

o Kaggle Datasets is a storage and maintenance of massive image datasets.

These datasets are safely stored in the cloud and are readily available to train
models which is essential in working with vast data in a remote setting.

©Daffodil International University 41



o Kaggle API is utilized to access datasets directly and process them when
training the models without the need to download or upload the data manually.

Data Storage and Backup

1. Local Storage:

o The Dell Inspiron 153501 will be used in the storage of smaller datasets,
interim results and model checkpoints. Local storage is another option to
back-up the processing and analysis of data and then upload it into the cloud.

2. Cloud Storage (Kaggle Datasets):

o Kaggle Datasets store majority of the large ECG image datasets. Cloud storage
allows up to vast volumes of data to be easily accessed and processed directly
in the cloud without the need to incur extra overhead. This supports the ease
of workflow of model training and evaluation.

Development Workflow

e Preprocessing: First, it is done by data preprocessing (resizing, augmentation,
normalization) that is done locally on the Dell Inspiron laptop using OpenCV and
Pandas. The prepared data is uploaded to Kaggle Datasets after.

e Model Training: The next step is developing the model training on Kaggle resources
and the deep learning models are trained on the large dataset using the GPU/TPU
resources. Training of models is also much faster with the cloud-based processing
power of Kaggle than with a local CPU.

e Assessment and Testing: Model testing is done on the cloud resources at Kaggle
following training. This is then tested on a set of test and performance measures like
accuracy, Fl-score, sensitivity and specificity are evaluated.

4.2 Comparative Analysis

Here, a critical analysis of the performance of the models employed in the Automated
Myocardial Infarction (MI) Detection System is done in detail. The aim is to evaluate the
performance of each model in terms of its detection of Myocardial Infarction based in ECG
images, and to evaluate how the models perform based on different performance measures.
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Figure4.1: Model performance Comparison
Evaluation Metrics:
The models are evaluated and compared by the following metrics:

e Accuracy: The overall fraction of correct predictions by the model, the general
classification ability.

e Recall: Evaluates whether the model is able to correctly determine cases of MI (True
Positives). Increased recall will mean that the model is useful in identifying MI.

e Precision: Precision is a metric that measures the accuracy of positive predictions
made by a model. It calculates the proportion of true positive predictions (correctly
predicted positives) out of all predicted positives, including false positives. A high
precision value means the model is good at correctly identifying positive cases,
minimizing false positives.

e [I'1-Score: A unified tool that takes into account both accuracy and the recall,
especially when the data is skewed. It gives an adequate indication of the overall
performance of the model in managing both MI and non-MI cases.
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Figure4.2: Precision, Recall, F-1Score, Accuracy(%) visualaization
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Table4.1: Model result visulaizations

SN Model Name Precision(%) Recall(%) F1-Score(%) Accuracy(%)
1 DenseNet121 99 99 99 99
2 DenseNet201 99 99 99 99
3 ResNet50V2 99 99 99 99
4 ResNet50 97 97 97 97
5 ResNet101 97 97 97 97
6 Xception 96 96 96 96
7 MobileNetV2 98 98 98 99
8 EfficientNet B3 98 99 98 99
9 EfficientNet B5 97 97 97 97

10 EfficientNet V2B2 97 97 97 97

11 inceptionV3 97 98 98 98

Comparative Analysis:

The models are compared based on the assessment figures. This helps us to

understand what model has the most appropriate and correct MI detection.

The performance curves (confusion matrices, ROC curves, and AUC) are plotted out
on a model-by-model basis. These help to examine the tradeoffs between the True
Positive Rate and False Positive Rate at various levels.
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Grad-CAM/Feature Map Visualization:

e The visualization of the influence of the ECG images is performed with the help of
Grad-CAM (Gradient-weighted Class Activation Mapping), which depicts which areas
of the ECG images played the most significant role in the model decision-making

process.
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Figure4.17: Resnet50V2 Grad-CAM
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4.3 Results and Discussion

Top 3 Models and Their Accuracies
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1. Model Evaluation Results:

This study evaluates the performance of 5 deep learning models using k-fold cross-validation
for the Automated Myocardial Infarction (MI) Detection System. The models tested include:

ResNet50

ResNetb0V2

MobileNetV2

EfficientNet B3

EfficientNet V2B2

The models were assessed using key metrics: accuracy, precision, sensitivity (recall),
specificity, and Fl-score.

Top 5 Models Based on K-Fold Cross-Validation:

ResNet50: 98.50% accuracy
ResNet50V2: 99.03% accuracy
MobileNetV2: 98.82% accuracy
EfficientNet B3: 98.70% accuracy
EfficientNet V2B2: 99.35% accuracy

The accuracy comparison of the models after k-fold cross-validation shows that ResNet50V2
and EfficientNet V2B2 achieved the highest accuracies at 99%, with ResNetb0 and
MobileNetV2 close behind at 98%.
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2. Comparative Model Analysis:

In evaluating the five deep learning models for the Automated Myocardial Infarction (MI)
Detection System using k-fold cross-validation, we can observe distinct differences in model
performance. The models assessed include ResNet50, ResNet50V2, MobileNetV2, EfficientNet
B3, and EfficientNet V2B2, with the key metrics of accuracy, precision, sensitivity (recall),
specificity, and F1-score used for evaluation. Here's a detailed comparative analysis of these
models based on their performance:

Accuracy:

e ResNetb0V2 achieved the highest accuracy at 99.03%, followed closely by EfficientNet
V2B2 at 99.35%. These two models stand out in terms of overall performance, making
them the top choices for MI detection.

e MobileNetV2 also demonstrated strong performance with 98.82% accuracy, just below
the top two models.

® ResNetb0 and EfficientNet B3 follow closely behind with 98.50% and 98.70%
accuracies, respectively, both of which are still commendable but slightly lower than
the top performers.

Performance Summary:

e The EfficientNet V2B2 model stands as the highest-performing model in terms of
accuracy at 99.35%, indicating that it is slightly more effective in MI detection
compared to others.

e ResNetb0V2 (99.03%) is another excellent model with only a marginal difference in
accuracy compared to EfficientNet V2B2.

¢ The MobileNetV2 (98.82%) is notable for its high performance while potentially being
more lightweight, which could be beneficial for real-time applications where
computational resources are limited.

e ResNetb0 (98.50%) and EfficientNet B3 (98.70%) are still strong performers but fall
behind in terms of raw accuracy when compared to the top two models.

Overall Performance:

The models showed high performance with ResNetb0V2 and EfficientNet V2B2 leading the
pack, both achieving near-perfect accuracy of 99%. These models are recommended for
applications requiring high precision, such as clinical MI detection systems.

e Precision:
ResNetb0V2 and DenseNet201 (which was also tested in other comparisons) had the
highest precision. These models demonstrated excellent performance in minimizing
false positives, ensuring that MI cases are identified accurately.

e Sensitivity (Recall):
EfficientNet B3 and MobileNetV2 showed the best sensitivity (recall), excelling in the
detection of Mpyocardial Infarction (MI) cases. This is particularly important in
medical applications where missing a positive MI case could have serious
consequences.
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e Specificity:
ResNetb0 and Xception were noted for having high specificity, meaning they
performed well in avoiding false positives. This could be particularly beneficial in
minimizing unnecessary treatments in clinical settings.

e ['1-Score:
The Fl-score was highest in DenseNet201 and EfficientNet B3, as they balanced
precision and recall effectively. Both models demonstrated strong overall
performance in reducing both false positives and false negatives.

3. Training Performance:

e (Convergence and Overfitting:
Training curves showed that the models converged well. Notably, ResNetb0V2 and
MobileNetV2 had steady increases in validation accuracy, without significant
overfitting. This demonstrates the ability of these models to generalize well to unseen
data, a crucial feature for deployment in clinical environments.

e Early Stopping:
Early stopping was employed during training to prevent overfitting. This mechanism
ensured that the models did not memorize the training data, but instead, generalized
well to new, unseen data, maintaining model robustness.

4. Real-Time Performance:

e Processing Time:
For real-time MI detection, processing time is critical. EfficientNet B3 and
MobileNetV2 were the quickest, making predictions in less than 5 seconds. This is
vital in emergency medical settings where rapid decisions are necessary.

e Hardware Efficiency:
All models demonstrated acceptable latency and were capable of running efficiently
within the system's hardware constraints, making them suitable for deployment in
real-time environments.

5. Grad-CAM Visualizations:

e Interpretability:

The use of Grad-CAM visualizations with models like ResNetb0V2, DenseNet201, and
MobileNetV2 provided valuable insights into which parts of the ECG images were
critical for model predictions. These visualizations showed that the models focused
on significant areas such as the R-peaks and QRS complexes, which are essential for
detecting MI.

e Clinical Trust:
These Grad-CAM visualizations helped build trust among clinicians, as they could
clearly see which features of the ECG image influenced the model’s prediction. This
improves the overall interpretability and acceptance of Al models in clinical practice.
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6. Discussion:

44

The best performing models in terms of k-fold cross-validation results were
EfficientNet V2B2 and ResNetb0V2, both of which achieved high accuracy and
Fl-scores. These models are highly recommended for clinical applications where
both accuracy and reliability are essential for Myocardial Infarction (MI) detection,
as they consistently outperformed others in terms of overall performance. In
real-time MI detection, MobileNetV2 and EfficientNet B3 emerged as the top choices
due to their fast processing times, which make them particularly suitable for
emergency situations where rapid diagnosis is critical. The use of k-fold
cross-validation, coupled with data augmentation, played a pivotal role in enhancing
the generalization of these models, ensuring they were not overly fitted to any
specific dataset and performed well across diverse unseen data. Furthermore,
Grad-CAM visualizations contributed significantly to the interpretability of the
models, allowing clinicians to better understand model decisions. This transparency
in model behavior is crucial for fostering trust and ensuring the effective deployment
of Al models in clinical settings.

Summary

In this section, a brief overview of the evaluation process and the major findings of testing
and performance analysis of the Automated Myocardial Infarction (MI) Detection System has
been given. Models were strictly tested and assessed on several performance parameters
namely accuracy, sensitivity (recall), specificity and F1-score.

Key Points:

Best Models: Leading models (ResNetb0V2, MobilenetV2Z and EfficientNet B3)
achieved 99 percent accuracy and high performance in MI cases with FP reduction.

Real-Time Detection: The system was able to efficiently assist with real-time detection
and the best achievers took only 5 seconds to deliver, thus appropriate in clinical
settings where the speed is essential.

Model Interpretability: Grad-CAM visualizations that improved model interpretability
were applied to aid clinicians in gaining an idea of what section of the ECG images
contributed the most to the predictions.

Challenges: Although the models performed well, it was observed that these models
had certain problems such as class imbalance, and the complexity of computing some
of the models.
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Chapter 5

Engineering Standards and Design
Challenges

Design and engineering guidelines and the challenges that one had to encounter in
coming up with the Automated Myocardial Infarction (MI) Detection System. It
discusses in the chapter the adherence to the relevant software and hardware
requirements, the complexity of the implementation of the deep learning models, and
the multiple difficulties of the process of the efficiency of the system, its reliability, and

its practical application in the real world.

5.1 Compliance with the Standards
5.1.1 Software Standards

The Software Standards of the Automated Myocardial Infarction (MI) Detection System are
set to give the system strength in terms of maintenance and compliance to the industry best
practices. Importance of the standards which the software should meet with is to ensure that
the system would be reliable, scalable and easy to assimilate into the clinical environment.
The key software requirements that are employed to create and implement this system
include:

1. Compliance with Best Practices in Software Development

Code Quality: The system is constructed on excellent principles of clean code. This
entails the coding of modular, reusable and well-documented code in which the
system is easily maintainable and extensible in future. As a condition, version control
systems like Git are needed to track the alterations of the codebase and bring the
work of the team members effective.

Documentation: Documentation is done in detail to the developers and also to the
users.This consists of documentation of the code in details and a user manual to the
clinicians. The system design, both in terms of architecture and data flow is well
documented to enable it to be understood and modified.

2. Adherence to Deep Learning Framework Standards

TensorFlow Standards: The deep learning models are created through the application
of two popular standards of the deep learning community, including TensorFlow and
Keras. The models adhere to the stipulated guidelines in these frameworks of:

o Model architecture: Employs an architecture of ready-made layers and parts to
create models, including convolutional layers, dense layers, activation
functions, and so forth.Training procedures:Following the standard practices
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of model compilation, loss functions, optimizers (like Adam), and metrics
(accuracy, precision, recall).

e PyTorch: PyTorch is also employed to run some experimentations in addition
toTensorFlow because this package is flexible and supports dynamic computation
graphs. The system is developed according to the official standards of the PyTorch
library of developing and training the models.

3. Compliance with Data Privacy Regulations

e HIPAA Compliance: The system complies with the Health Insurance Portability and
Accountability Act (HIPAA) of sensitive healthcare data. ECG images and results are
securely processed and kept as per the HIPAA guidelines.

e GDPR Compliance: The system will be suitable in that it meets the General Data
Protection Regulation (GDPR) where data of EU citizens are concerned. Patient
consent to use their data will be provided and the system will have in place data
access, correction and deletion requests mechanisms as required by GDPR.

e Encryption Standards: Patient data are encrypted during transit and at rest utilizing
industry standard encryption algorithms like AES-256 and the SLL/TLS in order to
provide secure communications among the system components.

4. Performance and Efficiency Standards

e Real-time Performance: The system is intended to comply with performance
requirements of real-time MI detection. The classification procedure should not take
more than 3-5 seconds once the ECG picture is uploaded to enable the clinicians make
decisions in time.

e Optimized Model Inference: The models are optimized to perform with least
computational overhead and consuming minimum resources in case of classification
tasks. Reducing the size and complexity of the models are methods like model
quantization and model pruning that accelerate the deployment of those models and
their execution on clinical devices with limited resources..

5. Code and Data Integration Standards

e API Standards: The system is based on RESTful APIs between the front and back-ends
(user interface and model inference respectively). The API design is based on
standard practices of stateless communication and thus is scalable and flexible.

e Data Format Standards: The system is based on standard data format, such as, but not
limited to, the use of the JSON data format in the transmission of the results and the
CSV or the JSON data format in data storage and transfer. This ensures that it can also
interoperate with other medical systems like Electronic Health Records (EHR) and it
can be effortlessly incorporated into existing workflows.

6. Testing and Validation Standards

e Unit Testing: Unit tests are written in each unit and all the modules are tested to make
sure that a single unit such as data preprocessing, model training and result
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generation functions as required. Test-driven development (TDD) is used to write tests
in advance of the code in order to ensure quality and reliability.

Model Validation: Standard cross-validation and holdout methods are also commonly
used in testing the models to ensure that they can behave on unseen data, and that
they do not overfit the training data.

Automated Testing: Automated testing and deployment (CI/CD) pipelines are set to
offer automatization of the testing and deployment processes such that once the new
updates or model versions have been completely tested they can be pushed to
production.

7. Interoperability Standards

Integration with Healthcare Systems: The system complies with the standard
healthcare data types, including the HL7 and FHIR, to make sure that the system is
able to be integrated with the current Electronic Health Record (EHR) and Hospital
Information Systems (HIS). This lets it be easily exchanged with the MI detection
system and other clinical applications.

8. User Interface Standards

Accessibility: A user interface is also based on the principles of accessibility to make
sure healthcare professionals with different degrees of technical skills can use the
system successfully.

Internationalization and Localization: The UI is multilingual and supports various
formats so that it could be applicable in other regions. The system is also to support
different date, time and currency formats depending on where a particular user is.

5.1.2 Hardware Standards

The Hardware Standards of Automated Myocardial Infarction (MI) Detection System have
been made to ensure that the system works efficiently with the computational power needed
to handle the data, train models and make inferences either locally or in the clouds. In this
section, the requirements of the hardware and performance standards of the development
and deployment of the system are identified.

1. Local Hardware Standards

Pre processing of data, testing of models, and other tasks that do not require the intensive
usage of a GPU are performed on the local hardware. The standards also ensure that the
system is capable of performing its functions reasonably without having delays during the
developmental stage or in the use.

1.

Processor (CPU):

o The processor that datapreprocessing and augmentation is done on is Intel
Core i5-1135G7. It is a quad-core processor with a base clock of 2.4 GHz and a
turbo boost of 4.2 GHz that is capable of supplying power to support a typical
machine learning process such as data loading and other simplistic feature
extraction.
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o The CPU is adequate to do non-GPU-intensive tasks but not to train deep
learning models with complex architecture, which explains the use of
cloud-based GPUs in the course of model training..

2. Memory (RAM):
o The system contains 8GB DDR4 RAM, which is the typical memory demand to

work with medium-sized data sets and carry out preprocessing operations
such as data augmentation, resizing, and normalization of ECG images.

In the case of bigger datasets or more memory-demanding tasks, like local
deep learning model training, extra RAM, or a faster configuration might be
needed.

3. Graphics Processing Unit (GPU):

o

The Dell Inspiron 153501 locally is not equipped with a dedicated GPU,
restricting its capability to train big deep learning models. Accordingly, the
models are trained on Kaggle cloud-based TPU/GPUs. But to perform simple
operations such as testing smaller models or inference on trained models, the
2. Systems on a chip hardware standards are provided through the cloud.

As the system uses training large models on cloud-based GPU/TPU resources, the
specifications of the cloud-based hardware are aimed at a high-performance computing to
facilitate quick training duration and effective processing.

- TPU/GPUs (Kaggle):

*

*

Kaggle is available to NVIDIA Tesla V100 GPUs and TPUs, both of which have
high parallelization capabilities needed to train large models such as ResNet,
DenseNet, and EfficientNet. The CPU-based processing is significantly slower
than the GPU or TPU, as the latter speed up the model training process,
executing processes in parallel, and thereby taking a fraction of the time.

TPUs (Tensor Processing Units) are specialized units designed for high
throughput in Al tasks, offering efficient training for large-scale models..

-> Storage:

*

Large image datasets are stored using Kaggle Datasets so that they can be
accessed and processed quickly during model training. This cloud
infrastructure is fast and secure in retrieving data and integrates well with the
training pipelines.

Cloud Standards: Kaggle Dataset data are handled with secure cloud storage. It keeps
the data as redundancy to avoid data loss and only authorized users can access
sensitive information in the system.

4. Performance Standards

The hardware configuration has to be of a certain performance level to guarantee that
the system is capable of dealing with the computational load, working with large sets
of data effectively, and with the time constraints acceptable.
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- Training Performance:

The computationally scalable cloud-based GPUs/TPUs should be in a position to
facilitate the training of models in a time-range that is reasonable. Training must be a
few hours to a few days depending on the size of the model and complexity of the
datapoints.

During training, large datasets are broken into small batches via batch processing that
maximizes the use of memory and efficient utilization of the GPUs/TPUs.

-> Inference Speed:

€ To be able to detect MI in real time, the system must be able to categorize the
Ecg images in 3-5 seconds after uploading them so that clinicians can be
provided with fast feedback capable of making a timely response.

@ This requirement must be satisfied by the system in inference even when
running on a wide range of hardware settings such as local systems that have
moderate computational capacity.

- Scalability:

The system must have the capability to scale horizontally with the addition of more
instances of a GPu/Tpu, when required during intense training or when the dataset
becomes large. The cloud service enables the scaling of resources according to the
demand, such that it will be possible to support the increase in user requests or
volume of data in the future.

5. Data Storage and Backup Standards

The data storage in the system should be secure, redundant and backed up to a
standard to maintain data integrity and availability:

1. Local Storage (Dell Inspiron 153501):

o Intermediate data and preprocess results are stored in the local PC. Though it
is enough with small datasets, it has to be regularly backed to avoid the loss of
data during local operations.

o A 500GB SSD will be suggested in order to process and access data more
quickly.

2. Cloud Storage (Kaggle Datasets):

o Kaggle Datasets is the site where large ECG image datasets are stored. The
system will meet the requirements of cloud storage; this means that there will
be regular backups and the storage and storage will be encrypted.

Cloud redundancy is the designation that guarantees that the datasets are replicated

in more than one place, lowering the chances of data loss and providing a high degree
of availability.
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6. Integration Standards

The system should have the capacity to be incorporated with the current healthcare
infrastructure including Electronic Health Records (EHR) and other diagnostic aids in order
to support a consistent data flow and improve ease of use.

e API Integration: The system relies on RESTful Api-s to enable a free flow of data
between the user interface and the backend model. The APIs guarantee the seamless
connectivity with the hospital databases and EHR systems.

Interoperability: The system must have the capacity to adopt common data formats in
the healthcare sector such as FHIR and HL7 in order to allow the system to be
compatible with other clinical systems.

5.1.3 Communication Standards

Automated Myocardial Infarction (MI) Detection System has been designed to meet the
conventions and communication requirements of a secure, efficient and seamless exchange of
information with the system components and other healthcare systems. It uses RESTful APIs
to communicate among user interface (UI) and the backend which is flexible and scaled. The
transmission of data is done in the JSON format, which guarantees the compatibility of
different systems. The system is FHIR and HL7-compliant and can be easily integrated with
Electronic Health Records (EHR) and other clinical applications. To maintain the
confidentiality of the data, the transmission is carried out with the help of the encryption of
the data offered by the use of SSL/TLS methods which corresponds to the requirements of the
HIPAA and GDPR. Auth is done by using OAuth 2.0 as well as encryption is done on all
sensitive data as it is stored and transferred. These communication standards ensure
interoperability of the system in the healthcare ecosystem and give clinicians secure, reliable
and accurate diagnostic results.

5.2 Impact on Society, Environment and Sustainability

5.2.1 Impact on Life

Automated Myocardial Infarction (MI) Detection System has massive and farreaching
implication on the human life particularly on the improvement of the healthcare outcome
through the early and proper identification of the myocardial infarction (MI) complications.
Early diagnosis of MI is necessary as it is possible to provide an adequate response to the
identified issue much sooner and, as a result, reduce the risk of developing severe
complications (heart failure, arrhythmias, and even death). Early detection is a matter of life
and death in most scenarios especially when it comes to cases of patients not exhibiting
symptoms of the same. The system computerizes the detection process thus ensuring that
even the symptoms of MI that would otherwise be unnoticed are detected and put on the
radar of the clinical workforce to be dealt with immediately.

The idea of the system is to ensure that healthcare professionals would be capable of
diagnosing MI in real-time in order to achieve faster and more accurate decisions. Automated
MI Detection System particularly benefits the emergency environment, which consists of
emergency rooms or other urgent care environments where rapid decision-making can
substantially benefit patients. The system can enable clinicians especially in under-staffed or
remote settings to obtain consistent and accurate results and hence reduce the risk of human
error that could arise due to fatigue, time limitation, and lack of experience. This may come in
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handy especially when clinicians involved may not have the required experience in the
analysis of complex ECG results or where the patient count was quite high and the clinician
was to attend to the patients at the same time.

The system can also improve the living of the patients in addition to save lives. By identifying
MI complications at an early stage, the patients will receive the relevant treatment and
monitoring sooner, and it can significantly enhance their health conditions in the long-term.
As an example, early intervention will prevent the emergence of MI into a chronic heart
disease, which reduces the risk of experiencing consequences in the future and enhances the
likelihood of recovery.

Also, the system is affordable and this is a significant point that should be taken into
consideration in its life effectiveness. The system reduces the cost of healthcare since it
enables the prompt diagnosis and reduces the need to undergo more complicated treatment
or be hospitalized due to advanced MI. This is most important in the resource limited settings
where there are limited resources and man power in the field of medicine. The medical
practitioners are also relieved by the system of some of the heavy workload since the
diagnostic process is treated automatically, and the medical practitioners are able to focus on
urgent treatment rather than wasting time in preliminary diagnosis.

The point is that the Automated MI Detection System is changing the healthcare landscape in
terms of faster, more accurate, and convenient diagnosis, resulting in life-saving treatment
and improvement of health outcomes. The technology is focal in enhancing the quality of
care, increasing the survival rates, and the general well-being of the patients, particularly in
situations where the timeliness of medical care is the key factor. The system has a positive
effect and changes the lives of millions of individuals throughout the globe since it enables to
diagnose and treat myocardial infarction at earlier stages and more efficiently.

5.2.2 Impact on Society & Environment

Automated Myocardial Infarction (MI) Detection System does not simply fulfill the interests
of the individual patients, but it is also a positive contribution to society. Early detection of
myocardial infarction (MI) complications can benefit the broader healthcare system in three
ways, by increasing accuracy of diagnosis, improving efficiency and reducing healthcare
expenses. In a society whereby the prevalence of heart disease is high, the majority of the
western countries, then there is a possibility of reducing the instances of dangerous cases,
prolonged hospitalization, and health with early diagnosis and treatment. The system relieves
the burden on the healthcare systems as it is automated at the diagnostic process which is
otherwise time consuming, and prone to human error.

Under this automation, decisions can now be made more precise and faster by the healthcare
professionals particularly in high pressure situations such as the emergency room or the
intensive care unit (ICU) where the minute matters. Under the Automated MI Detection
System, the healthcare facilities will be able to increase throughput, and more patients will be
raised without affecting the quality of care. This increases the efficiency of the overall
healthcare delivery and makes it possible to utilize more resources and allows clinicians to
spend their time on the treatment process and patient care and not waste it on the first-line
diagnostics. It may be particularly handy in situations where there is not enough supply of
specialty cardiologists or in remote locations of health care where specialist care may be an
issue.

Due to the system to promote early diagnosis, the severity of the MI complications is also
minimized and the number of patients that manifest the long-term heart illness or require
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intense treatment following the surgery also decreases. With this reduced long-term medical
complications, there are a lot of benefits which can be reduced on the overall cost of cards
with chronic cardiovascular diseases which can be a great economic burden in most
countries. In this case, prevention of heart failure, arrhythmias and other complications will
be able to translate into a healthier and more productive society and reducing absenteeism in
the work force and quality of life with individuals.

Environmentally, the system can help to reduce the carbon footprint of medical facilities on
environmental grounds. Through more effective diagnosis and treatment, the number of
unnecessary visits to the hospital has been reduced at all times and therefore there is a
decrease in travel, paper work and also there is a decrease in physical infrastructure needed
to facilitate the diagnostic processes. This can result in reduction of the overall energy
consumption in the healthcare and waste production. When the system is utilized in remote
or rural settings, one can access it remotely without patients walking long distances to locate
a consultant and hence reduce carbon emissions brought due to transportation.

Moreover, the system is designed to be linked with the existing healthcare systems, including
Electronic Health Records (EHRs) and hospital information systems (HIS), which facilitates
the use of medical networks to be linked to each other. This allows enhanced data-exchange
of the medical facilities and patients can be given treatment regardless of the geographical
location. The broader implementation of this technology can lead to equal access to
healthcare (at least in under-served communities, where there is a shortage of healthcare
professionals).

The Automated MI Detection System can aid in closing the disparity in healthcare inequality
as far as global healthcare is concerned. It provides care in low-resource settings with some
level of care that would otherwise be the prerogative of large hospitals or developed nations
by providing a diagnostic tool that is easily accessible and reliable. The general adoption of
this system can help the reduction of healthcare disparities since today more sophisticated
diagnostic tools can reach a significant number of people irrespective of their geographical
locations or the quantity of healthcare professionals.

In conclusion, the Automated MI Detection System has a potential to leave a strong impact on
the society not only on the environment. The system would be leading to a greater public
health by the aspects of efficient health care delivery, reduction in pressure on clinicians, and
higher health outcome, all which would result in a more sustainable healthcare system.
Further, its potential that has been implemented globally could be applied to eradicate the
healthcare disparity in access to ensure that more people, irrespective of their geographical
area, have access to quality diagnostic services.

5.2.3 Ethical Aspects

Enhancing and implementing the Automated Myocardial Infarction (MI) Detection System
also bring up considerable ethical issues, especially the aspects of data privacy,
decision-making, accountability, and automation impact on the field of healthcare. It is
important to ensure that the system functions in an ethically responsible way to win the trust
of the users, patients, and health care providers. Some of the important ethical points that
should be covered are given below:

1. Data Privacy and Security

Privacy and security of patient data is one of the leading ethical issues associated with the
Automated MI Detection System. It contains sensitive healthcare data, including ECG images
and medical histories, and thus, it must comply with the strictest data protection
laws,including, but not limited to, HIPAA (Health Insurance Portability and Accountability
Act) and GDPR (General Data Protection Regulation).
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e Data encryption encrypts both the data in transit and data at rest.
e The patients give their consent to use their data in the training process, and
individuals have the control over the use of their personal medical data.

e The anonymization of patient information is performed where it is required, in
particular, when training the model on the use of datasets, to safeguard the identity of
individuals.

2. Transparency and Accountability

The system should be transparent in its decision-making process in such a way that clinicians
are aware of how the model reaches its decisions. Deep learning black-box models may also
yield results without an explanation, which may be counterproductive to trustworthiness of
the system. To address this:

e Explainable AI methods, including Grad-CAM (Gradient-weighted Class Activation
Mapping) and feature map visualization, ought to be introduced to provide clinicians
with an option to interpret the system output and know which elements of the ECG
image the model used to make a decision.

e [t is significant that the final decision-making process should be controlled by the
clinician. The system is not to replace clinicians but to support them with some useful
facts and enable them to make the correct decision.

3. Bias and Fairness

The system should be made to be non-biased and be fair in its prediction especially when the
systems are trained on diverse populations. The threat of the algorithmic bias entails in the
case when the training data is not wide and heterogeneous in terms of patients. An example is
that a model that is trained mostly on the data of one group of people may result poorly when
used on another group thus discriminatory results.

e The system must be exposed to varied data sets that can accommodate diverse age
brackets, gender, ethnicities and geographical areas.

e During the model development, bias mitigation measures must be used, including data
augmentation or rebalancing the dataset to make sure that the underrepresented
groups are represented sufficiently.

4. Autonomy and Human Oversight

Automation in the healthcare industry leads to the question of dehumanization of control.
Although the Automated MI Detection System is meant to improve the accuracy and
efficiency of diagnosis, it should not be used fully to take the place of human judgment. The
system must also offer clinicians the real-time assistance yet, the ultimate diagnosis and
treatment should always be taken by experienced healthcare workers.

e Autonomy: The patients must be allowed to make their own choices as to whether to
use the system or not. Best practices should include informed consent and awareness
of the patients of how they will use their data and how the automated system will
contribute to their diagnosis.

e Human-in-the-loop: In any case, clinicians must be able to override or challenge the
system recommendations. This model is purported to aid and assist clinical decisions
and not override them.
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5. Accessibility and Equity

Automated MI Detection System must be oriented on making it available to the entire field of
the population irrespective of their socio-economic and geographical conditions as well as
access to advanced medical services. The system can also close the healthcare gap especially
in poorly resourced or remote regions by offering affordable diagnostic equipment that is of
high quality.

e The access to the system must be fair, and the attempts must be put to make the
system accessible to the underserved groups such as rural or low-income populations.

e The deployment model should be in a way that makes it possible to have healthcare
facilities with a small number of resources to be able to use the system effectively
either through the use of cloud-based services or lightweight versions of the system
that will have only a few hardware requirements.

6. Impact on Healthcare Jobs

The adoption of automated diagnostic tools in healthcare may arouse the issue of the
implications of this adoption on the healthcare employment. Although the Automated MI
Detection System will make the process of diagnostics more efficient, it cannot be regarded
as the substitute of the healthcare professionals. It should rather be placed as a facilitating
tool which enables the clinicians to concentrate on the important part of patient care in
decision making.

e Job Displacement: The system should be adopted in such a manner that improves the
potential of healthcare workers, instead of substituting them. It is supposed to ease
the cognitive burden and time expenditure on routine activities which will enable
clinicians to dedicate more time to more difficult cases and attention to patients.

e Job Creation: The implementation of these systems also creates new positions in the
healthcare technology such as system administrators, data analysts, and Al model
developers.

7. Ethical Review and Compliance

To be ethically sound, design and execution of Automated MI Detection System should be
ethically examined by the relevant committees, such as the Institutional Review Boards
(IRBs), and within the provisions of healthcare. Such a review procedure will justify that the
system will adhere to the ethical standards and that the rights of patients and clinicians will
not be violated. The system will have to be monitored to identify the unintended
consequences (the emergence of new biases or ethical issues) and remove them by
conducting an audit post-implementation.
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5.24 Sustainability Plan

Myocardial infarction (MI) Detection System Sustainability Plan automation offers the way of
ensuring the long-term effectiveness, reliability, and eco-friendliness of the system. The
sustainability in this case will encompass the life of the system and the environmental effect
of such a system to the extent that they can stay useful to the healthcare givers and patients
in the long years ahead with minimal environmental footprint.

1. System Longevity and Continuous Improvement

To ensure that the Automated MI Detection System would operate over a long duration and
be in a position to withstand technological and medical changes, the following plans will be

adopted.

1. Regular Model Updates:

o

The system will involve regular updating of the models with the new training
data, research developments and clinical healthcare feedbacks. This will be to
ensure that the system is also precise and applicable in the diagnosis of MI
complications.

Transfer learning will be employed to reduce retraining time and
computational expense fine-tuning the existing models on new data as
opposed to initializing them.

2. Ongoing Training and Retraining:

o

O

After the further information of the new ECG images or patient outcomes are
made accessible, the models will be re-trained to increase their performance
and generalization ability. Such ongoing training process helps to keep the
system abreast with the emerging medical research and practice approaches.

Active learning strategies can be adopted whereby the system can point out
those areas in which it is unconfident and new information is gathered to fill
those gaps.

3. Scalable Architecture:

The system infrastructure is designed to be scalable such that any new
features or improvements can be easily added to the infrastructure. In a
specified example, it is possible to add more categories of classification or
more advanced analysis functions (such as predicting further cardiovascular
events) without making significant systems redesigns.

4. Feedback Mechanisms:

(¢]

The feedback loop will be well-established, and clinicians and other healthcare
providers will have a possibility to discuss difficulties and suggest how to
work toward the improvement of the system and provide feedback regarding
the real performance of the system in the practice. This feedback shall serve as
motivation to make the continuous system optimizations and adjustments.
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2. Environmental Sustainability

The minimization of the environmental impact of the Automated MI Detection System is
essential in ensuring the long-term sustainability of the methodology especially because the
system can be expanded to deal with large quantities of data and execute the process under
great pressure. Its carbon footprint will be reduced by following the measures as follows:

1. Cloud-based Training:

o

Machine learning training deep learning on the TPU/GPUs of Kaggle or other
cloud providers reduces the hardware requirements, saving energy used to
keep powerful servers in healthcare facilities. There will be shared resources;
the cloud-based infrastructure is therefore more energy-saving than the
traditional, on-site data centres.

Google Cloud, Amazon AWS, and Microsoft Azure are cloud service providers,
and they have invested in the shift to renewable energy sources, which would
even minimise the environmental footprint of operating the cloud-based
service.

2. Model Optimization:

o

The system will integrate model optimization methods such as quantization
and pruning to decrease the computation needs of the deep learning models.
The techniques reduce the size and efficiency of the models and make them
run faster and consume less resources without compromising accuracy.

In future versions of the system, edge computing can be utilized in which local
devices (smartphone or workstations) do some of the processing work, so that
the system does not need to send data to the cloud to complete each task.

3. Data Storage Efficiency:

o

Compression of data will be used to ensure that the storage space taken by
ECG images and model results is minimized. This saves on the storage
infrastructure that may be required at excess levels hence reduces on energy
consumption.

By means of storing the large datasets in Kaggle Datasets, data is kept in an
efficient and optimized format, without any considerable consumption of
resources on local servers.

4. Paperless Workflow:

o

The system promotes paperless workflow through the digitization of ECG
readings and diagnosis reports, thus minimizing the use of paperwork in health
care facilities. This contributes to reducing the level of waste thus promoting
the environmental sustainability of the healthcare facilities.
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3. Cost Sustainability

Along with environmental and technical sustainability, cost sustainability of the system is a
essential aspect in the continuity of its adoption and utilization in healthcare systems across
the globe. The long-term financial sustainability of the system will be provided through the
following strategies:

1. Cost-effective Deployment:

o The training and inference of the model should be done with the help of cloud
resources to enable the system not to invest heavily in local hardware
infrastructure.This makes the system economical to health providers in
high-income as well as low-resource institutions.

o The system will be developed in a way that it can be scaled in relation to the
level of demand, such that the healthcare providers only have to pay what they
need and this solution is economically viable to smaller clinics or hospitals.

2. Open-Source Collaboration:

o The system will also be built based on the open-source to ensure that the
system is cost effective and affordable. The project can continuously enhance
through the assistance of the community, reducing costs of development and
accelerating the pace of innovation with the help of the researchers, health
institutions, and other developers.

o There will also be the use of open-source models like TensorFlow, Keras and
PyTorch which will further reduce the price of prop software licenses.

3. Affordable Licensing:

o A pyramid pricing program will be put in place so that the system is easily
accessible to many healthcare providers. As an example, major hospitals and
health systems can spend money on a premium feature, and smaller clinics or
research institutions can get the basic functionality at a lower cost.

o This economic efficiency of the system will make it a viable choice among the
population health campaign programs and non-profit organizations that are
concerned with enhancing access to healthcare in the underdeveloped areas.

4. Social Sustainability

The social sustainability of the Automated MI Detection System is important in ensuring that
it is accessible, affordable and effective in various healthcare environments. The system is
developed to encourage equity and inclusiveness, ensuring that the system is in favor of all
populations, regardless of geographic location, income, and access to special care.
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1. Global Access:

o The system will be implemented in low resource environments by partnering
with international health bodies. This enables the technology to be availed in
areas where special care is low and eventually enhance the access to
healthcare among the under-serviced populations.

2. Training and Support:

0 To ensure the use of the system over the long term, the training material and constant
technical assistance will be offered to the healthcare professionals working in
different settings, so that they could be able to use the system efficiently and face any
problems.

5.3 Project Management and Financial Analysis

The Automated Myocardial Infarction (MI) Detection System relies on the solid project
management and financial model in order to support the development of the project and its
implementation and long-term functioning. This section will describe the strategies to be used
in the management of this project, the allocation of resources and financial analysis including
budget requirements and the revenue model to be proposed to make this system profitable
and viable.

1. Project Management Approach

The project model adopted is the agile project management; it can be attributed to the
flexibility, short cycles, and feedback. This is an ideal methodology of developing deep
learning systems where there might be need of modification and optimization in the
development process.The project will be broken into stages and their objectives and
milestones are clear cut.

1. Planning and Requirement Gathering:
o The definition of the system is the first stage that is to develop the goals of the
system, non-functional and functional requirements and obtain feedback in
order to adapt the project to the needs of healthcare professionals.

2. Design and Development:
o Design phase will entail architecture planning and system design and
development of deep learning models, user interfaces and integration with
cloud based resources.

3. Testing and Evaluation:
o Extensive testing is carried out in order to test the performance of the system
with real world data. This stage involves debug, optimization of the models
and accuracy and usability of the system.
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Deployment and Integration:
The system is implemented in healthcare settings and connected with
Electronic Health Record (EHR) systems and trained to process
real-time information.

Maintenance and Updates:
Having an ongoing support and updating the system to improve it,
retrain the models using new data, and introduce new feedback
provided by healthcare professionals.

At the start of every phase milestones are set to monitor progress and make sure the system
is on schedule. The project manager aligns the resources, risk monitoring and efficient project
execution as per the timeline.

2. Financial Analysis

It is necessary to conduct a comprehensive financial analysis to make the Automated MI
Detection System sustainable. The financial plan aims at creating cost-effectiveness,
scalability and profitability whilst ensuring that the system is affordable to the small and large
healthcare provider, both small clinics and large hospitals..

a. Budget Breakdown

The financial resources required to develop, deploy, and maintain the system have been
divided into a few areas: development costs, deployment costs and operating and
maintenance costs.

Table5.1: Budget distribution

Category Estimated Rationale

Cost
Development $210,000 Includes salaries for personnel, software
Costs tools, and cloud-based services for

training the models.

Deployment $70,000 Covers system integration, user training,

Costs documentation, and API integration with
EHR systems.

Operational & $50,000 Includes ongoing costs for cloud hosting,

Maintenance model updates, and technical support.

Total Project $330,000

Budget
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b. Alternative Budget and Rationale

An alternative low-cost budget is offered in the event of budget limitation. The updated

budget will focus on the most important parts of system functionality but will cut the

expenses on non-essential areas.

Tableb.2: Alternative Budget distribution

Category Alternat Rationale

ive Cost
Development $120,000 Reduced personnel costs and extended
Costs project timelines to save costs.
Deployment $30,000 Reduced deployment costs by using more
Costs cost-effective integration tools.
Operational & $25,000 Reduced cloud services usage and limited
Maintenance model retraining in the initial phase.
Total $175,000
Alternative
Budget

The advantage of this alternative budget is that it saves on the cost by limiting resource

allocation during the initial stages of the project without the necessity that key features be

compromised. This option is relatively more viable in a small-scale / early-stage

implementation.

3. Revenue Model

The revenue model is proposed to have a financial sustainability of the Automated MI

Detection System:

1. Subscription-Based Pricing:

Healthcare Providers (e.g., hospitals and clinics) will subscribe to the system

based on the size of the organization and the number of users. A tiered pricing

model is proposed:

m Large Hospitals & Health Systems: These will have their access to

premiums, such as improved analytics, EHR integration, and complete

technical support. Large hospitals would be charged more because the

integration would be more complicated and scale-based.
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m  Small Clinics: Small clinics will have an option of a less expensive plan
with simple MI detection capabilities and less analytics.

m  Non-profit and Research Organizations: A reduced or no fee will be
offered to institutions that do research in the field of public health or
reside in underserved areas.

2. One-Time Licensing Fees:

o Besides the subscription model, the system may also include one-time
licensing charges to healthcare organizations wishing to have a perpetual
software license. This may work especially well with large health systems or
government entities that have the funds to buy one, long-term license.

3. Model Updates and Retraining:

o Regular updates and retraining of the model, which will guarantee that the
system will keep delivering detailed and credible results as new data sets are
uploaded, will be billed on a recurring basis. This is in addition to
enhancements on the model following the feedback of the healthcare
providers.

4. Customer Support and Training:

o There will be a premium support package where the hospitals and clinics will
need the priority support or further training of staff. The system will also
support webinars and online courses to train the users on the functionality of
the system and the ways of incorporating the system into their clinical
processes.

5. Licensing for Research Use:
o Discounted license or access to the system to the research institutions or other

public bodies with healthcare improvement projects will be offered to make it
more affordable in areas of healthcare that have limited funds.
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4. Financial Sustainability

The financial model will keep the Automated MI Detection System sustainable as it will
produce a recurrent revenue in terms of subscriptions, model updates, and support packages.
It is scaled to have more uses in the future as more healthcare providers implement the

system, but it is also cost-effective to small clinics and underresourced regions. The
alternative budget gives the flexibility during the initial stages whereby the system can be
built and implemented even when financial constraints are experienced with the option of

scaling and expanding to provide further facilities when more funds are availed.

54 Complex Engineering Problem

5.4.1

Complex Problem Solving

In this section, provide a mapping with problem solving categories. For each mapping
add subsections to put rationale (Use Table 5.3). For Pl, you need to put another
mapping with Knowledge profile and rational thereof.

Table 5.3: Mapping with Complex Engineering Problem.

EP1 EP2 EP3 EP4 EP5 EP6 EP7
Dept of Range Depth of | Familiarity] Extent of Extent Interdependence
Knowledge Of Conflicting Analysis of Issues | Applicable Of Stake-
Requirements Codes holder
Involvement
/ v v v v v

Mapping with Knowledge Profile for EP1

Table 5.4: Mapping with knowledge Profile.

K3 K4 K5 K6 K8
Engineering Specialist Engineering Engineering Prectice Research Literaure
Fundamentals Knowledge Design
4 v v v v
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5.4.1.1 Justification for EP Attributes Mapping

e EPI: Dept of Knowledge:
o Deep Learning : Expertise in machine learning, especially deep learning
models like ResNet, EfficientNet, and MobileNetV2, is essential to train and
optimize these models for ECG image classification.

o Medical Data Processing: A comprehensive understanding of ECG signal
processing, noise cancellation, and medical image analysis is crucial to ensure
accurate detection of MI complications.

o Realtime Systems Design: To meet the system's real-time diagnostic
capabilities (3-5 seconds per ECG), engineering knowledge of systems
architecture, hardware integration, and low-latency software development is
required.

® EP2: Range of Conflicting Requirements:
o Model Complexity vs. Interpretability: While complex models may yield higher
accuracy, they often lack transparency, which is critical in a clinical setting
where understanding the rationale behind decisions is important.

o Performance vs. Accuracy: The trade-off between real-time detection and high
diagnostic accuracy is a key challenge, requiring optimization of deep learning
models to provide rapid results without compromising performance.

o Cost vs. Scalability: While the system needs to be affordable, especially for
deployment in small clinics or low-resource environments, it also needs to
scale to larger settings, such as hospitals, without significant cost increases.

® EP3: Depth of Analysis:

o Data Processing Challenges: ECG data is often noisy and inconsistent,
requiring sophisticated preprocessing techniques, such as noise reduction,
data augmentation, and class balancing to ensure that the models can
generalize well.

o Model Evaluation: The models are evaluated using metrics like accuracy,
precision, recall, and Fl-score, and adjustments are made to improve their
ability to handle the imbalanced and heterogeneous nature of medical
datasets.

o EP4: Familiarity of Issues :

o Medical Context: The domain-specific challenges related to myocardial
infarction detection, such as the variability of ECG patterns and the need for
real-time results, are familiar but require innovative solutions.

o Technological Innovation: The integration of deep learning models into
real-time clinical environments, particularly in terms of ensuring robustness,
accuracy, and interpretability, presents new challenges.

o EP6: Extent of Stakeholder Involvement :

o Clinicians: Need a user-friendly interface that provides quick, accurate results,

enabling them to make informed decisions in real-time.
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o

Patients: The ultimate beneficiaries, whose treatment outcomes depend on
accurate, timely diagnoses that can be achieved through the system’s
automated MI detection.

e EP7: Interdependence:

o

Data Collection: ECG data must be accurately captured by sensors and
pre-processed for use by deep learning models.

Model Inference: The Deep Learning models must integrate with real-time
diagnostic systems, ensuring that they operate effectively within a clinical
setting.

Healthcare Systems: The system must be interoperable with existing
Electronic Health Records (EHR) and other clinical tools, facilitating smooth
communication between systems.

5.4.1.2 Justification for Knowledge Profile Mapping (linked to EP1):

¢ K3: Engineering Fundamentals:

O

Mathematics and Algorithms: The design of the deep learning models (e.g.,
ResNet, EfficientNet) and the optimization of these models for real-time
performance rely heavily on mathematical principles such as linear algebra,
statistics, and probability. Understanding how to properly implement loss
functions, backpropagation, and optimization algorithms is key to achieving
high accuracy and speed.

Data Structures: Efficient management of large, heterogeneous medical
datasets requires an understanding of data structures, particularly when
dealing with large image sets and data pipelines.

e K4: Specialist Knowledge:

o

Deep Learning: Expertise in convolutional neural networks (CNNs) and
transfer learning is necessary to implement models capable of accurately
detecting myocardial infarction from ECG images. This includes choosing the
appropriate pre-trained models and fine-tuning them for optimal performance.

Medical Imaging: Understanding the ECG signals and how myocardial
infarction (MI) manifests in these signals is essential for developing accurate
models.

Data Imbalance Management: Specialized techniques for handling class
imbalance in medical datasets are crucial for ensuring the system's reliability,
especially when MI cases are underrepresented.

e K5: Engineering Design:

o

System Architecture: The design of the end-to-end solution, from data
collection (ECG image acquisition) through preprocessing, model inference,
and final results presentation, requires a holistic understanding of how to
design scalable, efficient, and fault-tolerant systems.

Interface Design: The user interface must be simple and effective for
healthcare professionals, ensuring ease of use while integrating seamlessly
with existing hospital workflows (e.g., Electronic Health Records, or EHRs).
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o

Algorithm Design: Designing efficient deep learning algorithms that can be
deployed in real-time clinical environments while balancing the trade-offs
between accuracy, speed, and computational efficiency.

e K6: Engineering Practice :

o

Model Training and Testing: Implementing and testing deep learning models
requires hands-on knowledge of tools like TensorFlow, Keras, and PyTorch.
Practical experience with data augmentation, cross-validation, and
hyperparameter tuning is essential to ensure that the models generalize well.

Deployment and Integration: The system must be deployed in clinical settings,
ensuring that it works reliably in real-time and integrates with existing
healthcare infrastructures such as EHRs. This requires practical experience in
software deployment, system integration, and working with healthcare data.

Security and Compliance: Ensuring that patient data is secure and complies
with regulations like HIPAA and GDPR requires expertise in both
cybersecurity and healthcare data management.

e KB8: Research Literature :

o

Deep Learning for Medical Imaging: The system builds upon the latest
research literature on applying deep learning to medical imaging, specifically
ECG signal analysis. It also incorporates advancements in model
interpretability, such as Grad-CAM visualizations, which help clinicians
understand the reasoning behind model predictions.

Healthcare Applications of Al: The system also draws from research in the
application of AI in healthcare, particularly in areas like early disease
detection and automated diagnostic systems. This includes studies that have
explored the integration of Al tools in clinical workflows and the impact of
these tools on clinical decision-making.

5.4.2 Engineering Activities

In this section, provide a mapping with engineering activities. For each mapping add
subsections to put rationale (Use Table 5.5).

Mapping with Complex Engineering Activities

This section is designed to map the overall problem and EA’s (multiple).

Table 5.5: Mapping with Complex Engineering Activities.

EA1l EA2 EA3 EA4 EA5
Range of re- | Level of Innovation Consequences Familiarity
sources Interaction for society and
environment
v v v v v
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https://docs.google.com/document/d/1o2xNYRdmRVYw4MJnKXVLMxn8P0EHXKcN/edit#heading=h.no2f4pgylhlc

5.4.2.1 Justification for Engineering Activities Mapping:

e EAI: Range of Resources:

o

The project leverages a diverse range of resources, including cloud computing
for model training (e.g., Kaggle TPU/GPUs), ECG sensors for real-time data
acquisition, and deep learning frameworks (e.g., TensorFlow, Keras, PyTorch)
for model development. The Mendeley dataset, containing annotated
high-resolution ECG images, is used for training and validating the models.

o EA2: Level of Interaction:

o

The level of interaction in the development of the Automated MI Detection
System primarily involves regular collaboration with the supervisor. This
ongoing interaction is critical for ensuring that the thesis aligns with academic
standards, research goals, and the overall vision for the system. The supervisor
provides essential guidance on tackling complex problems, refining
methodologies, and ensuring the system’s design and functionality meet both
technical and clinical expectations. Regular feedback and mentorship from the
supervisor help navigate challenges, promote innovation, and keep the
development process on track.

e EAS3: Innovation :

o

Deep Learning Innovations: The use of advanced models like ResNet,
EfficientNet, and MobileNetV2 in ECG image analysis is a key innovation.
Additionally, the system addresses data imbalance using techniques like data
augmentation and transfer learning.

Interpretability: Grad-CAM visualizations are utilized to ensure the model's
decisions are transparent and interpretable by clinicians, making the system
more trustworthy in clinical environments.

® EA4: Consequences for Society and Environment:

O

Societal Impact: The Automated MI Detection System has a profound societal
impact by providing faster and more accurate diagnoses of myocardial
infarction (MI), which significantly improves patient outcomes. It is
particularly beneficial in resource-limited settings, where access to specialized
cardiologists may be limited. By offering early detection, the system can help
prevent severe complications and save lives, making it a vital tool in
emergency care. Additionally, the system enhances healthcare efficiency,
streamlining workflows and reducing the burden on healthcare professionals.
Environmental Impact: The system contributes to environmental sustainability
by reducing the need for manual diagnostic interventions and promoting
paperless workflows. As healthcare systems transition to automated
diagnostics, there is less reliance on physical records and processes, reducing
paper waste and lowering energy consumption. Furthermore, by optimizing
clinical workflows, the system helps minimize unnecessary patient visits and
transportation, thus reducing the overall carbon footprint associated with
healthcare activities.
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® EAb: Familiarity:

o Developing the system requires familiarity with both medical data challenges
and deep learning techniques. Must be familiar with ECG signal
characteristics, as well as the Mendeley dataset used for training. Additionally,
there must be familiarity with real-time system design, ensuring the system
operates with minimal latency and integrates effectively with existing
healthcare systems.

5.5 Summary

The chapter throws into focus the engineering standards and design issues in the design of
the Automated Myocardial Infarction (MI) Detection System. Various software and hardware
standards guide the system to make it effective and also reliable in a clinical setting. This may
be recapped by adherence to privacy legislation and regulations including the HIPAA and
GDPR, data protection, and optimization of real-time MI detection.

The other issues mentioned in the chapter to deal with include the difficulties in integrating
the deep learning models, imbalance of the classes in the dataset, and the insights of the
model to the clinicians. To manage such issues, the system will improve the accuracy of the
MI detection, provide real-time feedback, and help clinicians make decision-informed
conclusions.

Lastly, this system will improve the patient care process by reducing the time and error in the
process of diagnosis such that the detection of MI will be quicker and more precise.
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Chapter 6

Conclusion

The chapter will summarize the most important findings, limitations of the system, as well
as the possible directions of future work in order to improve its performance and suitability
to real life situations in a clinical setting.

6.1 Summary

This chapter gives brief summaries of the conclusion that was reached at the end of the
research on Automated Myocardial Infarction (MI) Detection System. The ECG-based deep
learning models-based system to identify MI has been tested and evaluated in terms of
accuracy, sensitivity, and real-time performance. The findings indicate that a few of the
models, namely, ResNet50V2, DenseNet201, and EfficientNet B3 are highly accurate with high
sensitivity in identifying the MI cases (99).

Key Highlights:

e Model Performance: The best models have demonstrated good performances in
important measures such as accuracy, sensitivity (recall) and Fl-score where
EfficientNet B3 and DenseNet201 are the most consistent models in detecting MI.

o Real-Time Detection: The system has real-time feedback, which is imperative in
clinical settings, to make a speedy decision in an emergency case.

e Interpretability: With Grad-CAM visualizations, the system can assist clinicians with
transparency and trust by explaining where the ECG images are most relevant to the
predictions made by the model.

e Difficulties and Disabilities: Despite the encouraging outcomes, such issues as the
imbalance of the classes and difficulty of the models are present. Further research can
be done regarding techniques such as SMOTE to improve the class balancing and also
the optimization of models so that the computational load becomes less.

6.2 Limitation

Although there are some promising outcomes of the Automated Myocardial Infarction (MI)
Detection System, it presents a number of limitations that must be considered in order to
enhance the accuracy, efficiency of the system, as well as, its applicability to the real world.

1. Class Imbalance:

e The imbalance in the classes in the dataset was one of the major problems
encountered when training the model. The frequencies of MI are fairly small in
comparison with the frequencies of normal or abnormal ECGs, and this leads to
models that are skewed to the majority.
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e Although the techniques of data augmentation were applied to reduce this problem,
additional data augmentation approaches such as SMOTE (Synthetic Minority
Over-sampling Technique) may be utilized to form a more balanced dataset and
increase

2. Model Complexity and Computational Resources:

e Models such as DenseNet201 and EfficientNet B3 are computationally intensive, and
are very accurate. Multiple memory and processing power are needed, and in this
case, this might be a constraint in environments with limited resources.

e This complexity can also result in the inference time taking longer, which can affect
the real time performance of this system, particularly in the environment where fast
decision making is of paramount importance.

e The next step in future work could be to optimize models further to use pruning,
quantization, or, to run models that are lightweight like MobileNetV2 and achieve
better results faster and with less power consumption.

3. Data Quality and Generalization:

e A given set of ECG images was used to train the system. Although the models can
work well on this data, it might be a concern that the models can generalize to a
variety of populations, devices, or data sources.

e Differences in the quality of ECG signals, noise, other conditions of the heart could
influence the capability of the system to identify MI in actual conditions.

e Efforts to build a larger dataset that contains more and more varied and realistic ECG
samples, low-quality ECGs, or data across other demographics may enhance
generalization.

4. Interpretability Limitations:

e Although, the model interpretability was enhanced with the help of Grad-CAM, the
system is considered by many clinicians as a black box. Further research is required
to fully appreciate arguments behind predictions particularly in complex cases in
which the model might not be most effective.

e Additional tools, such as Layer-wise Relevance Propagation (LRP) or SHAP (SHapley
Additive exPlanations), may also improve the transparency of models and make
clinicians trust Al-based diagnoses.

5. Real-Time Constraints:

e Although the system is fine regarding real-time detection, further refinements are
required to have the model produce predictions within less than 5 seconds regardless
of the models.

e Certain models like ResNet50 and Xception take longer time to execute the
processing than MobileNet V2 or EfficientNet B3.
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e The real-time processing capacity of the system could be optimized to enhance the
clinical usefulness especially when dealing with emergencies.

6. Limited Multi-Modal Integration:

e The ECG images are only utilized in the current system to detect MI. Although it has
demonstrated positive outcomes, a combination of ECG with other types of data
(including ECHO or MRI scans) may offer a more diagnostic system.

e The incorporation of multi-modal data could be examined in future work that would
facilitate more effective and strong detection of MI and its complications.

6.3 Future Work

The Automated Myocardial Infarction (MI) Detection System can be enhanced by two
innovations and advances in future. The models will be of crucial importance as far as their
application in the resource-limited clinical settings is concerned and efficient and real-time
processing. Such techniques are model pruning and quantization that can help us to make
models like DenseNet201 and EfficientNet B3 computationally lighter and make them
efficient and faster. Moreover, the problem of the imbalance between the classes will be
resolved with the help of the SMOTE, which will result in the improved identification of
uncommon MI cases, particularly, the recall. Another area of future work is also to take into
consideration the integration of multi-modal data of ECG, ECHO, and MRI to provide the
more comprehensive diagnostic tool and the ability to provide real-time monitoring with
wearable equipment that could be used to preempt MI occurrence. Other enhancements of
the interpretability of the models like the Layer-wise relevance propagation (LRP) will help in
ensuring that clinicians are more confident with the system such that the medical field can
adopt the system. Finally, the system must be tested on various datasets and with health care
providers, which will ensure that the system can generalize effectively to various groups of
patients and health care environments and ultimately improve patient care and outcomes.
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