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Predictive ECG Monitoring with Machine Learning:
Detecting Sudden Cardiac Arrest and Assessing
Hospitalization Risk
Dona Joy Alappatt

X23276657
Abstract

Sudden cardiac arrest (SCA) is associated with approximately one-fifth of all the
deaths on Earth therefore, it is a major health concern. Increased levels of survival are not
optimal since better first- response measures are established. The SCA nature cannot be
predicted, which minimizes the potential of preventive services. Machine learning (ML)-
based computational models are considered in this case a plausible and computerized
alternative to conventional diagnosis. Mathematical processing of bulk of medical records
allows use of sophisticated algorithms and allow identification of trends that have potential
to forecast a heart complication. Al and deep learning (ML) are becoming increasingly
relevant to each other within the healthcare domain, particularly within the domain of
precision medicine, clinical analytics, and diagnostic decision support. In this regard, this
project has been proposed as a development of a real time electrocardiographic monitoring
system to assess the appropriateness of the patients in hospitals. The overall task is to log
acute cardiac arrest incidence, and it will be addressed by relying on the advanced
machine-learning models and the progressive signal-processing methods.

Keywords: Heart Signals, ECG — Electrocardiogram, Machine Learning, sequencing
models

Chapter 1: Introduction

SCD (Sudden Cardiac Death) is a term which is used in patients with known or unknown
cardiac illness to characterize the unexplained death with a cardiac ailment (Kelly, K.L., 2023).
It is believed that an estimated 15-20 percent of the deaths in the world can be caused by SCD
(Srinivasan, N.T. and Schilling, R.J., 2018). Cardiac arrhythmia usually initiates the pumping
failure for the blood circulation for different organs from heart and is termed as SCD
(Pagidipati, N.J. and Gaziano, T.A., 2013). Arrhythmias that can trigger deadly episodes of
SCD are bradyarrhythmia, ventricular tachycardia, and ventricular fibrillation (VF). Many
examinations point out that VF causes the majority of the incidents related to SCD.

Cardiac Arrest Heart Attack

Cardiac Arrest Is When The Heart Stops.
Beating. Without Immediate Medical
Intervention, Will Result In Cardiac Death

Infarction Is Tissue Death Due To Inadequate
Blood Supply To The Affected Area

(IR R L SN

Pulse Disappearance Heart Attack Pulse

Figure 1: An example of Cardiac Arrest and Heart Attack (Source: Shutterstock)
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Away the hospital setting, it becomes hard to detect unforeseen cardiac arrests because
conventional ECG data are loosely resolved. This is constrained by clinical methods. In the
paper of (Nemati, E., Deen, M.J., and Mondal, T., 2012), it is said that the utilization of
individual ECG tracking devices will soon achieve a new breakthrough in the treatment of
cardiovascular diseases. Also, the sensors can capture the electrical activity of any hour in the
day rather than the conventional electrocardiogram (ECG) which was confined to a specific
moment in time.

Normal ECG Atrial fibrillation

A el

Figure 2: (a) Example of different abnormalities of the heart (b) iOT device
(Source: ScienceDirect)

You would have a small patch or vest to which you are wired wirelessly to their system of
surveilling you and affixed to your chest. It is this vest or patch that transports the electrical
signals that your heart generates. This enables the doctors to notice abnormalities that are not
visible in a normal ECG like the development of a new arrhythmia or the reality that a fatal
heart attack may occur. Heart problem users are benefiting highly by such easy to use gadgets
as it allows them to intervene early and potentially save lives (as described in Kamga, P.,
Mostafa, R. and Zafar, S., 2022) (Jeon, B., Lee, J. and Choi, J., 2013).

1.1 Aim of the project

This paper aims at training and testing four different machine learning models on the data
obtained during the real-time recording of electrocardiogram (ECG). You can use, among
others, logistic regression, naive Bayes, random forest classifier (RFC), and support vector
machine (SVM). The reason behind this practice is that it has developed a system that can
foretell SCAs. The ultimate goal of this study, aimed at identifying ventricular fibrillation is
to increase the precision and promptness of sudden cardiac arrest (SCA) detection. It is
suggested to take prompt measures to assist patients in case this situation occurs.

The paper will test numerous models in order to find out which model will make the most
appropriate choice in the context of real-time SCA forecasting. We shall also evaluate their
technical feasibility to monitor real-time systems during our testing. One of the main long-
term objectives of the work is to have diagnostic tools, which can consistently and correctly
approximate the likelihood of spinal cord injuries (SCAs).

1.2 Research Problem

The overall objective of the study is to identify the most optimal methodologies of forecasting
SCA using sophisticated signal processing methods (Holanda et al. (2023)). Extraction of a
complete set of characteristics of cardiac signals will be made possible by modern signal
processing techniques. These dynamic changes may be examined by time-frequency analysis,
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frequency-domain characterization of the waveform and frequency-domain characterization
using frequency-domain analysis.

1.3 Motivation

The current diagnostic means are not both fast and/or accurate to predict SCA reliably;
therefore, new drugs are urgently required. The research will be grounded in the improvement
of EKG real-time monitoring with the assistance of the state-of-the-art machine learning. This
is what the major aim of undertaking this study is. This research aims at coming up with
effective prediction models that can assist physicians to predict the chances of sudden cardiac
arrest (SCA) and equip patients with it. We should focus on identification of ventricular
fibrillation as our main priority in order to achieve this objective.

1.4 Research Outcome

This technology can be worn in the form of a chest patch or an electrode vest to capture
electrocardiograms over the duration of the monitoring time. This is due to the fact that the
devices mentioned have their ability to transmit data wirelessly to the monitoring systems and
thus there is always the possibility of monitoring the heart rate. There are a number of
significant benefits associated with keeping watch on an electrocardiogram (ECG) in real time.
Centeno-Bautista et al. (2023) discovered that the early warning signs could be detected
independently in case of constant monitoring, including certain changes in the ECG waveform
or minor variations in the variability of the heart rate. Perhaps, one of the most important skills
that should be shown is the ability to respond promptly to issues, which would result in better
outcomes at all times.

1.5 Research Question
RQ1: What will be the role of signal analysis in the heart attack diagnosis process?

RQ2: Can a real-time, low-space, and minimal-computing resources based attack detection
response system be developed?

1.6 Thesis Outline

Below, we shall attempt to interpret the results by concentrating on the research carried out on
various kinds of academic publications. The third chapter, Chapter 3, Methodology, will
concentrate on the numerous approaches and methods it can employ to implement the
implementation. In the next chapter on the proposed implementation we will discuss in details
about the pipeline and the response system that we have built. In the chapter on results and
analysis we will be discussing in details about the findings. Finally we will conclude with the
future works in chapter 6.

Chapter 2: Literature Review

Most of the sudden cardiac arrests are caused by uneven heartbeats, or arrhythmias, as they are
commonly known. A study by (Zimmerman and Tan, 2021) shows that most frequent cause
of potentially fatal arrhythmias is ventricular fibrillation (VF). In fact, this is an irregular and
uncontrolled discharge of electrical impulses by the lower chambers of the heart also known as
ventricles. This would make heart unable to pump blood to the remaining body. The heart
pumping activity is critical in the process of supplying all body parts with oxygen-rich blood.



2.1 Machine Learning and Deep Learning Algorithms for ECG Analysis

(Dhyani et al., 2023) employed a three-dimensional Discrete Wavelet Transform (DWT) with
Support Vector Machine (SVM) methods to analyse and classify electrocardiogram (ECG)
signals. They were mainly concerned with methods of preprocessing, characterizing and
classifying electrocardiogram (ECG) data. The advanced support vector machine (SVM) was
found to achieve an accuracy of 98.5 percent as per the results, the weighted SVM achieved 99
percent and the total classifier had an accuracy of 99.02 percent. Out of these findings, it was
possible to determine that the very approach that was suggested could detect arrhythmias more
accurately as compared to methods that were competing with it. Subsequently, Daydulo et al.
(2023) introduced the gadget that uses the Internet of Things (IoT) to track the
electrocardiogram (ECG) data and provide an alert regarding any irregular heart beats in real-
time through the use of the gadget. The researchers tested with the MIT-BIH Arrhythmia
database three different classifiers. These type classifiers included k-nearest neighbors (KNN),
random forest, and convolutional neural networks (CNN). When the device was used to detect
supraventricular premature beats, the accuracy was 94 percent, in detecting ventricular beat
fusion, the accuracy was 81 percent and in detecting early ventricular contractions the accuracy
was 82 percent.

(Kumar et al., 2023) presented a hybrid architecture in their study with the aim of detecting
the arrhythmias in the electrocardiogram (ECG) data like MIT-BIH Arrhythmia and the PTB
Diagnostic ECG. They take both fuzzy clustering and deep learning approaches into their
model, which they refer to as Fuzz-ClustNet. As a preprocessing step of the electrocardiogram
(ECG) data, IIR Notch and FIR filters were applied to reduce the sources of noise like baseline
drift and power line interference. Also, the network was designed with Max Pooling and
dropout layers, six convolutional layers in total.

Following that, (Challagundla, et. al., 2024) tried to address the problem of arrhythmia
classification with the help of deep learning, and, in particular, convolutional neural networks
(CNNs). For generalising a 6-layers CNN to perform classification tasks, we used the input
of multi-lead electrocardiogram. The four distinct heartbeat types identified by the algorithm
were regular beat, atrial premature contraction, right ventricular beat and left ventricular beat.
The information that was used in this study was based on the MIT-BIH Arrhythmia database.

2.2 Research on Features extraction of signals based ECG (Electro cardio Gram)

(Holanda, Monteiro, and Bastos-Filho, 2023) report that in the study of detecting arrhythmias
and evaluating many preprocessing methods to classify electrocardiogram signals, they used
the MIT-BIH database. They applied high-pass Butterworth filters in order to reduce the
amount of PLI and background noise (BW). The two techniques which we studied to extract
the features were the Continuous Wavelet Transform (CWT) and the Short-Time Fourier
Transform (STFT). Both types of approaches produce spectrograms and scalograms used in
the purpose of feature extraction. A Convolutional Neural Network (CNN) having fewer than
90,000 parameters was trained with the assistance of these qualities. As the study results
suggest, it requires the data to be filtered properly to find the best location to achieve the highest
accuracy in classification.

(Kong et. al, 2023) has suggested a data-driven architecture to improve the preprocessing of
the raw atrial intracardiac electrograms (iEGMs) transduced during a clinical procedure. This



was aimed at improving frequency analysis in atrial fibrillation (AF). The framework
employed different wavelet based density spatial clustering methods which can be used along
with noise filters and other kinds of filters for the determination of best filter parameters.

(Nereli, et. al., 2024) proposed a method that was aimed at ascertaining the reliability of real-
time electrocardiogram information in a manner that was cost effective. In a process of
deciding whether or not their algorithm could distinguish between interpretable and non-
interpretable electrocardiograms, cardiologists listened to the recording of twenty different
individuals. Fixed data was gathered at ten-second intervals, and it was compared 6 times
with the mean, standard deviation, minimum, and maximum readings of two-second signal
frames. This procedure was repeated. The system enabled users to receive accurate responses
in a timely fashion with an accuracy of 95.1 and a specificity of 95.4 and a sensitivity of 94.7.

Of particular interest is that (Fira et al., 2024) have taken the data of mitra-bih
electrocardiogram to determine ventricular fibrillation (VF) through complex-based, temporal,
and spectral parameters. (Mina et al., 2023) applied support vector machines, adaptive neural
networks, bagging classifiers, denoising, and alignment instead of logistic regression to time-
frequency Pseudo Wigner-Ville (PWV) distributions, however. This was done so as to refine
their results. (Oh & Choi, et. al., 2024) applied the ensemble empirical mode decomposition
(EEMD) with the aim of assessing the orthogonality of intrinsic mode functions (IMFs).
Besides, (Banrejee et al., 2022) have tested four machine learning classifiers on the prediction
of SCA using ECG features, and (Pham et al., 2023) suggested related methods.

2.3 ECG in Sudden cardiac Arrest Detection (SDA)

The main goal of the study is to figure out whether or not it is possible to predict sudden cardiac
death (at least 30 minutes before it occurs) using the variations in the electrocardiogram (ECG)
signals (Centeno-Bautista, M.A., 2023). This technique steps one of them is known as
CEEMD and it is tasked with the dissection of cardiac signals into intrinsic mode functions
that compose each constituent. The current use of convolutional neural networks (CNNs) can
potentially open the door to automated diagnosis in the further stages. Other methodologies
like EMD and EEMD are researched and compared with other research. The CEEMD and
CNN combination yielded an accuracy rate of 97.5 in accordance to the findings of the
researchers.

The research by (Kelly, K.L., 2023) incorporated both the MIT-BIH SCD Holter database and
the MIT-BIH Normal Sinu Rhythm Database, which were needed to collect electrocardiogram
(ECQG) signals. In the former, 41 entrants were there. The electrocardiogram (ECG) data was
classified in four different models to achieve an insight on sudden cardiac death (SCD). The
experiments had three that used a hybrid setup that incorporated LSTM and 2D CNN with
modified parameters and data processing. One of the experiments utilized a 2D CNN alone and
the other three used a hybrid architecture. In the analysis of the two-dimensional grayscale
electrocardiogram (ECG) information, the models concentrated their attention on the down
sampled image of the input pictures that had a size of 800x400 pixels. The processing was
devoid of both the feature extraction and noise filtering. When the performance of the CNN-
LSTM hybrid model was compared with the 2D CNN model not receiving time-series data,
the former performed poorly. All considered, the sensitivity was 100, the specificity 92.90, the
precision 94.40, and the F1-score 97.10, producing a total accuracy of 96.67. It was successful
with pre-VF ECG signal snippets of one to three minutes.
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Chapter 3: Methodology

3.1 Dataset

In this study we use the three datasets.

3.1.1 Normal Sinus Rhythm database

In case your electrocardiogram (ECG) does not reveal any abnormalities that can be caused by
illness, you can see the Normal Sinus Rhythm Database as your reference point. You will see
18 long ECGs recordings in the database. The database contains thirteen females and five males
of the age between twenty-six and forty-five with the sample rate of 128 hertz. Such recordings
can give a nice illustration of the typical ECG patterns which can be observed among
individuals of any age or gender.

Link to the Dataset: https://www.physionet.org/content/nsrdb/1.0.0/

3.1.2 Sudden Cardiac Death Holter

The Malignant Ventricular Arrhythmia Database at Massachusetts Institute of Technology and
the Boston Biomedical Institute has been in the public since its inception in 1989. The audio-
recordings were sampled at 250 Hz and contain 23 participants; 15 of them are men and 8 are
women.

Link to the dataset: https://physionet.org/content/sddb/1.0.0/

3.1.3 Images ECG Data

The ECG Arrhythmia Image Dataset was built using MIT-BIH Arrhythmia Dataset and PTB
Diagnostic ECG Database. This data is a graphical implementation of the Kaggle-hosted
heartbeat dataset. Also included are:

e Arrhythmia data: 109,446 samples of 5 classes (N, S, V, F, Q) with 125 Hz.
o PTB dataset: 14,552 samples, 2 classes, 125 Hz.

Link to the dataset: https://www.kaggle.com/datasets/erhmrai/ecg-image-data

3.2 Signals Processing and Features Extraction

Once we have reviewed the information received carefully we will locate the features that are
most indicative to the onset of cardiac arrest. The list would contain all possible features such
as the common time domain features as well as the frequency domain features.

3.2.1 ECG analysis

Electrocardiogram (ECG) is one of the basic diagnostic materials to evaluate the functional
capacity of the heart; it typically involves the P-QRS-T complex. The P-QRS-T complex is a
complex that requires a comprehensive knowledge to identify the abnormalities in cardiac
rhythm, conduction and other heart diseases. An essential tool in cardiology, the
electrocardiogram (ECG) aids in the identification of diseases.


https://www.physionet.org/content/nsrdb/1.0.0/
https://physionet.org/content/sddb/1.0.0/
https://www.kaggle.com/datasets/erhmrai/ecg-image-data
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Figure 4: P-QRS-T complex (Source: AnalyticsVidhya)

The origin of this phenomenon is the P wave, which is some form of electrical activity that
leads to the atrial depolarization or contraction. Nothing more than a slight and smooth bending
of the membrane may indicate the arrival of the QRS complex. P waves are highly significant
when it comes to therapeutic objectives as it provides an insight into atrial functioning. The
occurrence of the P wave disturbances is commonly employed in diagnosis of diseases like
atrial fibrillation and atrial hypertrophy.

ST
Segment

PR Interval

QT Interval

Figure 5: QRS complex (Source: Wikipedia)

As a demonstration of the electrical activity that triggers ventricular contraction, or ventricular
depolarization, the QRS complex is a manifestation of this electrical activity. The three distinct
formation components that constitute this phenomenon are the slightly dipping Q wave, the
steeply rising R wave and the slightly dipping S wave that immediately follows R wave. Since
QRS complex anomalies may indicate myocardial infarction, ventricular hypertrophy, or
bundle branch block, and therefore a one-of-a-kind pattern, it is crucial to identify the
cardiovascular well-being of the ventricles.

Figure 6: T wave (Source: Medium)

Ventricular repolarization is a process that occurs after the ventricles contract back to their
resting position. This occurs when the comparable T wave occurs. Most of the times it is in the
form of a slow rising wave following the completion of the QRS complex. Changes of the T
wave can be the signs of electrolyte distortions, ischemia, or problems in the repolarization of
the heart. The T wave relates to clinical practice due to its importance as it refers to the fact
that the ventricles are taking a rest and preparing to start the next cardiac cycle.


https://www.researchgate.net/publication/262384778_Hiding_Patients_Confidential_Datainthe_ECG_Signal_viaa_Transform-Domain_Quantization_Scheme/figures?lo=1&utm_source=google&utm_medium=organic
https://en.wikipedia.org/wiki/Electrocardiography
https://medium.com/analytics-vidhya/data-visualisation-the-heart-in-motion-818e86be2e44

3.2.2 Skewness

A means of quantifying how a signal distribution is not precisely symmetrical with respect to
signal mean is to look at the skewness of the signal. As an example, a skew of 0 means that the
distribution is symmetrical, however, skew of + or - means that the distribution is shifting to
the right or left respectively. Detecting probable deviations in the waveform of normal sinus
rhythm is an activity that can be undertaken with the aid of skewness by electrocardiogram
(ECQG) analyzers. Therefore, to evaluate cardiac activity abnormalities it might be useful to
determine skewness values that are not normal.
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Figure 7: Skewness (Source: dynamox)
3.2.3 Kurtosis

The kurtosis is a statistical quality that analyzes how the values of a signal are spread around
the mean, that is, how much weight tails of that distribution possess. As the kurtosis increases
to more positive, the tails are lighter, whereas when it becomes large, it indicates that there are
outliers, which are more extreme values than the mean that appear to be quite away in value.
One can analyze an electrocardiogram (ECG) signal with the help of kurtosis which can
identify the presence of abnormal spikes. Kurtosis has the same mathematical expression as
the fourth standardized moment of the distribution. This calculation can be done in practice
using the kurtosis function of Python which is included in the scipy.stats package.

3.2.4 Spectral Entropy

It is possible to measure the level of uncertainty or irregularity which is present in the frequency
distribution of a signal by utilising its spectral entropy. It is derived by the power spectral
density (PSD) of the signal and provides the information about the tradeoff existing between
regularity and unpredictability. When the spectral entropy is large, the signal is unstable and
unpredictable due to the presence of many distinct frequencies and is not highly structured
about any particular structure. The reason is that the signal does not have the same distribution.
Spectral entropy is used to analyze electrocardiograms (ECGs), especially in the scenario
where the heart activity is either aberrant or extremely variable.

Mean Spectral Entropy
B

Figure 8: Mean Spectral Entropy (Source: dynamo)
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A lower spectral entropy number is evidence of a more predictable and orderly frequency
spectrum. This advantage is extremely practical in studies that utilize electrocardiograms
(ECGs), because it allows them to determine arrhythmias, as well as to evaluate the changes in
the frequency content of the signal that is caused by the rise in the degree of stress. After
developing a probability distribution through the normalization of the standard deviation of the
signal, the entropy formula is applied so as to determine the power spectral density (PSD).

3.2.5 Fast Fourier Transform (FFT) and Welch.

A computer algorithm (usually called the Fast Fourier turn FFT) can rapidly transform a
discrete-time signal into its frequency-domain representation. This change may occur with a
certain level of rapidity. This enables calculation of the Discrete Fourier Transform (DFT) to
be accomplished effectively. Once this has been changed one can examine the frequency
components of the signal.
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Figure 9: Signal in Time and Frequency Domain (Source: dynamo)

The application of FFT in signal processing is popular because it can process large volumes of
data at a fraction of the computational effort that it would otherwise require just to perform a
discrete Fourier transform (DFT). Using FFT, one can observe how the power is distributed
across a large number of many frequency bands, and this helps to detect periodic activity, non-
characteristic deviations and an overall appearance of the signal and its properties.
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Figure 10: FFT of ECG (Source: TowardsDataScience)

Power Spectral Density or PSD is a method that is commonly referred to as a tool used in
describing the power distribution of a signal across a frequency range in the frequency domain.
This method of Welch is generally taken as one of the most reliable and common methods of
PSD estimation. Reliability of the method used by Welch is enhanced compared with that of
simple periodogram, which relies on few data. This is achieved by computation of large
numbers of periodograms presented by overlapping areas of the signal. To minimize the
spectral leakage, the signal is segmented by the window-function taper method into
overlapping segments. Once this averaging has been done, the spectral information is
represented in a more precise and smooth way.
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Figure 11: PSD (Source: Medium)

The next step that must be completed is the creation of periodogram across each of the
windowed areas. These periodograms are averaged so as to give a more reliable and accurate
assessment of the PSD. This leads to noise being much less of an issue and the frequency
content showing fewer of the random oscillations. The reason is that the technique is more
frequency-resolution and the picture of the power distribution of the signal is more accurate.

3.3 Machine Learning Models

In this study we will compare four machine learning models.

3.3.1 Logistic Regression

A common statistical technique is known as logistic regression and is applied to model binary
outcomes when a dichotomous/categorical dependent variable is chosen. An example of a yes-
or-no event to which it can be applied is the conjecture of sudden cardiac arrest (SCA) to be
discussed further below. Unlike linear regression, which examines continuous products on the
assumption that there are linear ties among the continuous products, the logistic regression uses
the logistic (sigmoid) function to convert predictions into probabilities between the value 0 and
1. It can provide binary categorization tasks with substantial benefits due to this reason.

Figure 12: Logistic Regression S curve (Source: AnalyticsVidhya)

3.3.2 Random Forest Classifier

One of the numerous strong ensemble learning methods is that of the random forest classifier,
which works quite well with classification problems, including SCA and a binary event. It does
this through the creation of numerous decision trees on different portions of the training data
in a random manner and by combining the outcomes of the trees, typically by majority vote, in
an attempt to lessen the quantity of overfitting and enhance the precision of the forecasts.
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Figure 13: Random Forest tree structure (Source: GeeksforGeeks)
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3.3.3 Naive Bayes Classifier

Naive Bayes classifiers are based on Bayes theorem and are typified by the capacity to combine
the likelihood of predictors and the antecedent likelihood of categories. The method identifies
the most likely class, based on its posterior probability and assigns this class, on the assumption
that the predictors are independent of each other.

P(B|A) P(A)
B)

using Bayesian probability terminology, the above equation can be written as

P(A[B) =

Posterior = —PiorX likelihood

evidence

Figure 14: Naive Bayes (Source: Medium)

Naive Bayes is highly advantageous because of its high processing rate. Due to its fast
prediction time and training, it is applicable in real-time applications.

3.3.4 Support Vector Machine

Among the supervised learning methods that are specifically effective in classification and
regression, one can include support vector machines (SVMs). Both situations where they work
well are those where the number of dimensions involved is very large and when the decision
constraints are non-linear. To enhance generalization, support vector machines (SVMs) build
hyper planes in a space of additional-dimensional characteristics. When they are built, these
hyperplanes maximize the margin between classes.

T2

Figure 15: In the case of SVMs, the goal is to identify the hyperplane that
separates the classes as much as possible (Source: Analytics Vidhya)

3.4 Evaluation

Our evaluation matrix for the in-depth investigation will consist of four parts: accuracy,
precision, recall, and F1-score. The following is a definition:

TP+TN
TP+TN+ FP +FN
TP
TP + FP
TP
TP +FN

2 * Precision * Recall

Accuracy =

Precision =

Recall =

F1 Score =

Precision + Recall
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Figure 16: Example of Confusion Matrix (Source: Google)
3.5 Cross Validation

Some of the most critical tasks of cross-validation include avoiding overfitting, checking the
success of the model on the unseen data, and ensuring that the success would not be reliant on
a single train test split. This approach will provide a fair assessment of the performance of a
model as the model will be compared to predict the performance of the model based on multiple
subsets of the data as opposed to just one division. In its turn, this assists in the minimization
of prejudice.
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Figure 17: K-Folds Cross Validation (Source: Medium)

The data is split into k subsets commonly referred to as folds to perform the k-fold cross-
validation procedure. Each iteration learns k-1 folds and then one fold is reserved as a test. As
part of this procedure, every fold will have been tested at least one time. Immediately all the
iterations are done; the total performance is calculated by averaging the results of all the folds.
This approach makes this assessment more reliable and gives a more accurate view of the
generalizability of this model to new data. This is achieved using all the information that is
available in order to train and validate.

Chapter 4: Implementation

4.1 Flow Diagram
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Figure 18: Proposed Pipeline

The above architecture diagram can be expanded as the steps below,
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Algorithm Steps:

Step 1: collect the data: Much and varied set of electrocardiogram (ECG) data is needed. The
data must contain recordings of people that had a sudden cardiac arrest (SCA) and were not
exposed to SCA. This will ensure that the model is trained to a large variety of cases.

Step 2: Data Preparation: Raw electrocardiogram (ECG) data usually include artifacts, noise
and even baseline drift and all these can make interpretation difficult. Different preprocessing
methods such as as resampling, baseline correction and filtering among others are employed in
an attempt to clean the signals so that they can be fit in feature extraction.

Step 3: Feature Extraction: It entails extraction of important properties using the processed
data of electrocardiogram. What may be included may be the variability of the heart rate, the
morphology of the P-QRS-T complex, and the frequency domain information available by the
spectral analysis.

Step 4: Expert Annotation and Labeling: Labeling and annotation of every ECG recording must
be carried out by a qualified person. At this point, ground-truth labels, including has the patient
suffered a sudden cardiac arrest, or not, should be included. This phase of guided labeling is
critical so that the model can be in a position to identify meaningful patterns that are linked to
SCA events.

Step 5: Model Selection and Training: The models are trained using ECG signal which is
tagged with the corresponding probabilities to identify the likelihood of sudden cardiac arrest
(SCA).

Step 6: Error Minimization: The sixth step is called Error Minimization and consists of testing

a variety of different algorithms to find out which one of them works best in the given situation.
In the initial phases of machine learning, it is a normal practice to use classical techniques in
the aim of enhancing the accuracy as well as minimizing the number of errors made during
prediction. Such methods utilize the retrieved traits.

Step 7— Model Evaluation: This will be done by testing the trained model once more on another
data to ensure that it can forecast unforeseen cardiac arrest. It is also made sure that there is
generalizability and there is no overfitting.

Step 8: Hyperparameter Tuning: This step is where you can adjust the performance of the
algorithm by changing hyperparameters including the learning rate, the size of the batch, or the
architecture of the model.

Step 9: Deployment: Finally, the trained model has been integrated into a system with the
capacity to detect the electrocardiograms in real time. With the continuous signal analysis that
is available with this deployment, there is a possibility of early detection of sudden cardiac
arrest. This, in its turn, can raise alarms or emergency measures when needed.
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Chapter 5: Results

5.1 Case 1: Signal Dataset Analysis with Machine learning algorithms
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Figure 19: Histogram of the chosen machine learning algorithms was
conducted on the segments of electrocardiogram (ECG) of the Normal Sinus Rhythm
and Sudden Cardiac Death Holter databases.

The main objective of the experiments was the evaluation of the models in terms of their
capacity to distinguish between the signals that were linked to normal cardiac activity and those
that were linked to pathological events resulting in sudden cardiac arrest (SCA). Performance
was measured using several measures that included accuracy, recall, precision, F1-score, and
confusion matrices that were verified across the cross-validation folds to guarantee reliability
and resistance.

5.1.1 Using Logistic Regression Model

Due to the fact that it can be easily interpreted and is suitable to binary classification tasks, the
logistic regression model was initially employed as a baseline classifier. The overall accuracy
of the logistic regression technique, with 98 being remarkable, proved its worth in
distinguishing cardiac segments related to abnormal rhythms and normal heart function when
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performed with the balanced dataset. The confusion matrix indicated that the model was
balanced with the few misclassifications. Logistic regression was responsive to minor
abnormalities in the ECG waveform and strong recall and F1- scores in both normal and
abnormal groups. It is evident in these findings that logistic regression is a practical instrument
in the early identification of cardiac events and it is also effective in handling data sets which
hold significance in a medical sense.
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Figure 20: Results along with the confusion matrix of logistic regression

5.1.2 Random Forest Based Model

The RFC also did remarkably well with a test accuracy of 99.07. The ensemble method allowed
it to identify non-linear correlations in data, and it minimizes the risk of overfitting inherent in
operating on single decision tree models. Cross-validation used to ensure the generalizability
of RFC yielded an average accuracy of 96.76% across folds. RFC is typically accurate, but its
predictive ability might be affected on some of the data segments; however, accuracy was
minimally different between subsets (0.81-1.00). Because ECG signals inherently differ across
individuals, this underlines the need to make different folds in medical classification activities.
Nevertheless, RFC can be a serious competitor of automated arrhythmia detection systems,
which are demonstrated by the high average scores.
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Figure 21: Results along with the confusion matrix of Random Forest Classifier

5.1.3 Naive Bayes based Classifier

Naive Bayes classifier on the other hand did not work so well with an accuracy of 77.8%.
Although the model also exhibited a high-memory Class 0 of normal ECG cases, it became
very difficult when dealing with Class 1 of abnormal cardiac segments, and recall and F1-score
for the latter category dropped considerably. Due to the intricate interdependences among ECG
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features, it is likely that the lack of assumption of feature independence in the algorithm is the
source of the performance gap. It is a handy reference point due to its power of processing
power and the resistance of characterizing the common patterns. Naive Bayes can be beneficial
in lightweight or real-time monitors since, although less precise in recognizing arrhythmic
conditions than other classification algorithms, it can be interpreted and trained quickly.

Confusion Matrix - Naive Bayes

- 100
- 80
[
60

Predicted Label

precision recall fl-score  support

=] a.71 ©.93 8.81 183 '§’ 40
1 @.89 9.63 a.74 las ~
20
accuracy e.78 216
macro avg @.8a 8.78 8.37 218
weighted avg 0.80 9.78 8.77 216 Normal Cardiac

predicted Label

Figure 22: Results along with the confusion matrix of Naive Bayes

5.1.4 Support Vector Machines (SVM)

According to the findings of the present analysis, the Support Vector Machine is the most
suitable model at present. After optimizing the hyperparameters with the help of grid search, a
perfect score of 0.9942 in cross-validation and the test set accuracy of 1.00 were obtained.
SVM was useful in widening the margin between normal and abnormal ECG samples in high-
dimensional feature space with the help of an optimum separation hyperplane. The findings
indicate that SVM is discriminative because it processes spectral and temporal variations of
ECG measurements as a mechanism by which these mechanisms can be used to generalize on
new samples. The confusion matrix gave support to this enhanced classification ability as it
had a reduced number of false positives and false negatives. Regarding clinical-grade ECG
analysis, the outcomes reveal that the SVM is the most trustworthy model. This is especially
so when recall and precision are equally critical in reduction of misdiagnoses.
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Figure 23: Results along with the confusion matrix of SVM

5.2 Evaluation of Significance of Features.

The identification of the features, which most significantly contributed to categorization
decisions, enabled the exhaustive exploration of model behavior. This can help medical
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professionals get an idea of the ECG characteristics most likely to be indicative of pathological
illnesses and enhance interpretability.

5.2.1 Support Vector Machine

The SVM model always gave a higher weight to variables in the frequency domain including
the Spectral Entropy, Power Spectral Density (PSD) coefficients, and the energy measures
generated by the FFT. Notably, Spectral Entropy demonstrated the level of abnormality and
uncertainty of the cardiac rhythms. The introducing of RMS, total signal power, and standard
deviation to the ECG data demonstrated their randomness and energy distribution, which was
associated with the established signs of arrhythmic diseases. Scenarios of sudden cardiac arrest
tend to appear as chaotic and unorganized frequency spectra; SVM appears to detect such cases
well because of the focus on spectral and energy characteristics.
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Figure 24: SVM based top 10 features analysis

5.2.2 Logistic Regression

Both time-domain and frequency-domain data are incorporated into logistic regression. Such
important parameters of the temporal interval as median signal amplitude, average QRS
duration and PR interval, all suggest that these intervals are valuable indicators of cardiac
health. The morphological and frequency data on the spectral entropy and FFT energy variables
values are significantly weighted to provide the exact categorization presented in logistic
regression. It is a two-pronged method to emphasize the therapeutic importance of signal
variability and conventional interval measurements to predict arrhythmia.
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Figure 25: Logistic Regression based top 10 features analysis

5.2.3 Random Forest Classifier

On the contrary, the kurtosis, skewness, median, and mean had higher weight in the Random
Forest model. Since RFC employs signal shape variations to identify abnormal patterns with
the help of characteristics, such as the QRS duration and heart rate, as revealed by the emphasis
on kurtosis and skewness, it improves its predictive efficacy. The possibility of FFT to represent

17



variability on multiple dimensions of the signal was also emphasized with the fact FFT-derived
low-frequency bands of energy are identified as noteworthy by the RFC.
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Figure 26: RFC based top 10 features analysis

5.2.4 Evaluation in Comparison

Some features such as Median, Spectral Entropy, Standard Deviation and Total Power were
found in several models as being essential. These continually measured traits can be credible
predictors of heart health. Standard deviation presents variability, total power stresses on the
distribution of energy across the signal, median values suggest regular amplitude differences,
and spectral entropy measures the complexity of rhythmic pattern. Combined together they
give the whole picture of electrical activity of the heart. It should also be noted that specific
PSD values were also relevant but that low- and mid-frequency ranges played a more
significant diagnostically important role in differentiating normal and abnormal rhythms than
any of the high-frequency components.

5.3 Case 2: Analyzing ECG Image Collection

Both signal-based analysis and ECG pictures were used to perform the tests. Raw ECG data
were transformed to visual representations to train algorithms to differentiate morphological
features. The analysed heatmap representations of the predicted outcomes had strong
correlations on the recovered features. Heart rate and the mean RR interval showed a negative
relationship whereas there was a positive relationship between amplitude and spectral entropy.
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Figure 27: Sample of ECG images with the labels
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Figure 28: line plot showing the 1D signal extracted from the ECG image
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Figure 29: Heatmap of true vs. predicted labels after initial model training.

Initial performance of the Random Forest classifier on the image data were a recall rate of 74.9,
Precision rate of 91.7 and accuracy of 93.1. These results dramatically improved on retraining
with extra characteristics gained through images and attained 98.37% recall, 99% precision,
and 99.78% accuracy. This is an indication that the signal-based techniques are incapable of
matching or outpacing image-based ECG analysis as far prediction is concerned. This
multimodal approach is better than the morphological and spectral approach because it
enhances the ability of the system to make diagnoses reliably.

Chapter 6: Conclusion and Future Plans

This experiment illustrates the effectiveness of machine learning algorithm in classifying
electrocardiogram (ECGQG) records and identifying possible risk factors of sudden cardiac arrest.
The long-term analysis revealed a significant difference in the duration of critical ECG
intervals (PR, QT, and QRS) as between the patient groups and normal sinus rhythms. When
suitable feature engineering and classification models suitably captured these differences, then,
it became feasible to effectively distinguish between cardiac conditions of health and disease.

Among all the tested models, the Support Vector Machine was the most effective and
demonstrated near-complete accuracy in the test and the validation sets. The second in rank
was the Random Forest Classifier. Naive Bayes was very useful in identifying common cycles
fast whereas Logistic Regression yielded very reliable results. Collectively, our findings
indicate that machine learning has a solid foundation to be used in the early prediction of
potentially life-threatening cardiac events. Image-based ECG analysis was used to provide
additional evidence of the effectiveness of multimodal methods, in which visual signal
representations, as they are combined with engineering features, can yield exceptional
predictive accuracy.

6.1 Possible Future Paths

A number of future research questions are put forward based on such findings:

1. Although RNNs and Transformers to examine temporal sequences and Convolutional
Neural Networks (CNNs) to examine morphological features are also examples of
advanced deep learning models, this paper mainly concentrated on classical machine
learning algorithms. These methods may be used to demonstrate more complex and non-
linear correlations in ECG data.
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2. Enhancing Real-Time Monitoring Systems: The proposed methodology can be
implemented in practice in real-time clinical applications by adding machine learning
models to wearable or bedside ECG monitoring devices. This would enable ongoing
observation of the heart in case of a cardiac arrest, or suspected arrhythmia, and provide
rapid notifications of the medics.

3. Enhancing Dataset Diversification: It is important to enhance the diversity of the dataset
(adding more patients of various ages, races, and cardiac conditions) to enhance
generalizability. To control bias and maximize external validity, consider big and diverse
datasets.

4. The multimodality of ECG analysis could be enhanced by adding other types of
physiological data, e.g., pulse oximetry or blood pressure, or oxygen levels of saturation.
Multimodal systems can enhance cardiovascular health measurements accuracy by
integrating the findings of two or more imaging modalities.

More effective and more generalized and therapeutic monitoring instruments to determine the
health of the heart can be designed provided that the current framework is extended in the
mentioned directions. With the help of machine learning, cardiologists believe that they will be
able to detect severe problems earlier and transform the nature of cardiac care.

References

Banerjee, P., Bhattacherjee, S. and Dasgupta, K. (2022) ‘Performance evaluation of machine
learning classifiers for sudden cardiac arrest detection’, Journal of the Institution of Engineers
(India): Series B.

Daydulo, Y.D., Thamineni, B.L. and Dawud, A.A. (2023) ‘Cardiac arrhythmia detection using
deep learning approach and time-frequency representation of ECG signals’, BMC Medical
Informatics and Decision Making, 23(1), p. 232.

Fira, M., Costin, H.-N. and Goras, L. (2024) ‘Prediction and detection of ventricular fibrillation
using complex features and Al-based classification’, Applied Sciences, 14(7), p. 3050.

Goldberger, A.L., Amaral, L.A., Glass, L., Hausdorff, J.M., Ivanov, P.C., Mark, R.G., Mietus,
J.E., Moody, G.B., Peng, C.K. and Stanley, H.E. (2000) ‘PhysioBank, PhysioToolkit, and
PhysioNet: Components of a new research resource for complex physiologic signals’,
Circulation, 101(23), pp. €215—e220.

Groeneveld, R.A. and Meeden, G. (1984) ‘Measuring skewness and kurtosis’, Journal of the
Royal Statistical Society: Series D (The Statistician), 33(4), pp. 391-399.

Ha, A.C., Doumouras, B.S., Wang, C.N., Tranmer, J. and Lee, D.S. (2022) ‘Prediction of
sudden cardiac arrest in the general population: Review of traditional and emerging risk
factors’, Canadian Journal of Cardiology, 38(4), pp. 465-478.

Holanda, R., Monteiro, R. and Bastos-Filho, C. (2023) ‘Preprocessing selection for deep
learning classification of arrhythmia using ECG time-frequency representations’,
Technologies, 11(3), p. 68.

Jeon, B., Lee, J. and Choi, J. (2013) ‘Design and implementation of a wearable ECG system’,
International Journal of Smart Home, 7(2), pp. 61-69.

20



Kamga, P., Mostafa, R. and Zafar, S. (2022) ‘The use of wearable ECG devices in the clinical
setting: A review’, Current Emergency and Hospital Medicine Reports, 10(3), pp. 67-72.

Kelly, K.L., Lin, P.T., Basso, C., Bois, M., Buja, L.M., Cohle, S.D., d’Amati, G., Duncanson,
E., Fallon, J.T., Firchau, D. and Fishbein, G. (2023) ‘Sudden cardiac death in the young: A
consensus statement on recommended practices for cardiac examination by pathologists from
the Society for Cardiovascular Pathology’, Cardiovascular Pathology, 63, p. 107497.

Kumar, S., Mallik, A., Kumar, A., Del Ser, J. and Yang, G. (2023) ‘Fuzz-ClustNet: Coupled
fuzzy clustering and deep neural networks for arrhythmia detection from ECG signals’,
Computers in Biology and Medicine, 153, p. 106511.

Lynge, T.H., Nielsen, J.L., Risgaard, B., van der Werf, C., Winkel, B.G. and Tfelt-Hansen, J.
(2023) “Causes of sudden cardiac death according to age and sex in persons aged 1-49 years’,
Heart Rhythm, 20(1), pp. 61-68.

Mina, M.F., Roy, A.D. and Uddin, M.B. (2023) ‘Detection of ventricular fibrillation from ECG
signal using hybrid scalogram-based convolutional neural network’, in Ahmad, M., Uddin,
M.S. and Jang, Y.M. (eds.) Proceedings of International Conference on Information and
Communication Technology for Development. Cham: Springer, pp. 311-322.

Nash, M.P., Mourad, A., Clayton, R.H., Sutton, P.M., Bradley, C.P., Hayward, M., Paterson,
D.J. and Taggart, P. (2006) ‘Evidence for multiple mechanisms in human ventricular
fibrillation’, Circulation, 114(6), pp. 536-542.

Neri, L., Gallelli, 1., Dall’Olio, M., Lago, J., Borghi, C., Diemberger, I. and Corazza, 1. (2024)
‘Validation of a new and straightforward algorithm to evaluate signal quality during ECG
monitoring with wearable devices used in a clinical setting’, Bioengineering, 11(3), p. 222.

Oh, S. and Choti, Y.-S. (2024) ‘Detection of ventricular fibrillation using ensemble empirical
mode decomposition of ECG signals’, Electronics, 13(4), p. 695.

https://doi.org/10.3390/electronics 13040695

Pham, V.S., Nguyen, H.D.T., Le, H.C. and Nguyen, M.T. (2023) ‘Sudden cardiac arrest
detection using deep learning and principal component analysis’, in Vo, N.S. and Tran, H.A.
(eds.) Industrial Networks and Intelligent Systems (INISCOM 2023) (Lecture Notes of the
Institute for Computer Sciences, Social Informatics and Telecommunications Engineering, Vol.
531). Cham: Springer, pp. 189-202. https://doi.org/10.1007/978-3-031-47359-3 16

21


https://doi.org/10.3390/electronics13040695
https://doi.org/10.1007/978-3-031-47359-3_16

