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ABSTRACT

Cardiovascular diseases (CVDs) are unpredictable, with life-threatening consequences
leading to death. Subjects with CVD have been rapidly rising, particularly within
urban communities. Detecting CVD before its occurrence using an Electrocardiogram
(ECG) signal helps in risk stratification, better medical assistance, and patient treat-
ment. Deep learning models (DLM) have been widely used for detecting cardiac ab-
normalities. Although DLMs outperform conventional machine learning models, they
lack interpretability or explanation of the model predictions. According to General
Data Protection Regulation, the importance of reasons behind a diagnosis predicted
by the models is also essential. In the medical domain, explanations are also crucial,
and the lack of interpretability limits the real-world deployment of DLMs.

The thesis investigates the interpretability perspective of deep learning models
for detecting cardiac abnormalities from ECG signals. The recordings get contami-
nated with low-frequency noise baseline wander (BW) noise during the ECG signal
acquisition, making classification challenging. BW is removed using Variational Mode
Decomposition (VMD), a signal decomposition technique, and its efficacy is com-
pared with other signal decomposition and filtering techniques. The clean single and
multichannel ECG is used for detecting irregular heartbeats and rhythmic cardiac
abnormalities using DLM. The predicted diagnosis is later explained to stakeholders
using interpretability techniques.

The first contribution aims at the detection and classification of irregular heart-
beats such as supraventricular ectopic beat (SVEB), ventricular ectopic beat (VEB),
and normal beats (N) from a single-lead ECG signal. Initially, the R-peaks are
extracted from the ECG signal using fractal-based mathematical morphological oper-
ators. The peaks are used for segmenting heartbeats. The rare occurrence of SVEB
and VEB stemming from complex biological, physiological systems causes scarcity
of irregular heartbeats and limits the development of a generalized classifier. There-
fore, SVEB, VEB, and N beats are synthesized using a deep convolution conditional
generative adversarial network. The heartbeats are classified using Penalty Induced
Prototype-based eXplainable Residual Neural Network (PIPxResNet) that addresses
the black-box nature of deep neural networks by providing explanations. PIPxResNet
encodes the temporal variations of heartbeats through a pretrained Residual Neural
Network (ResNet) following the concept of task transfer learning. The algorithm then

extracts prototypes that are most representative of the training dataset that explain

TH-2764_156201001



model predictions to general physicians. PIPxResNet has been tested on four public

datasets acquired from different geographical locations.

Life-threatening arrhythmias such as atrial fibrillation (AF) and ventricular tach-
yarrhythmia are caused due to prolonged occurrence of SVEB and VEB. In addition,
these cardiac arrhythmias occur rhythmically with varying episode lengths in the
nonstationary and nonlinear ECG signals making the classification challenging. The
smaller segments might miss an abnormal rhythm, and larger segments might not
focus on the relevant regions causing the cardiac abnormality. Therefore, an analysis

of optimum signal length is also performed in the subsequent two contributions.

In the second contribution, ventricular tachyarrhythmias such as ventricular
tachycardia and ventricular fibrillation are detected using ResNet. The ResNet mod-
els were tested on five datasets acquired from different geographical locations. The
predictions are interpreted using three model agnostic gradient backpropagation-
based posthoc interpretability techniques such as guided backpropagation (GBP),
gradient class activation map (Grad CAM), and guided Grad CAM. The techniques
are validated through sanity checks by performing a data permutation and model
weight randomization test. Although the techniques passed the sanity checks, Grad-
CAM highlighted the most critical signal timestamps. GBP and Guided Grad CAM
worked as peak detectors that help detect heartbeats.

The third contribution aims at detecting and interpreting AF from single-channel
ECG using convolution neural network (CNN), attentive CNN (ACNN), ResNet, and
transformer neural network (TNN). The models are verified using PhysioNet Com-
puting in Cardiology Challenge 2017 database. ResNet achieves good performance
but hinders interpretability. The interpretability aspect is incorporated through at-
tention mechanism in ACNN and TNN models that provide explanations by high-
lighting clinically meaningful characteristic ECG waves responsible for/against the

diagnosis. TNN highlights more meaningful timestamps compared to ACNN.

The single-channel ECG provides lower resolution and often misses information
required to detect several cardiac abnormalities. Moreover, the cardiac abnormality
interpreted by one cardiologist may differ when interpreted by another cardiologist,
leading to multiple possible cardiac abnormalities for a multichannel ECG (MECG)
recording. Therefore, the fourth contribution uses the multi (12,6,4,3,2) channel ECG
that provides better resolution for classifying thirty cardiac abnormalities. Initially,

a ResNet is used for single-label 12-lead ECG classification and compared with re-
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current and attention-based models. Convolution-based ResNet outperformed other
models in terms of performance and computation time. Next, demographic and heart-
beat features are fused with static CNN to perform multilabel MECG classification.
Multiple labels improved the performance drastically, but adding heartbeat features
increased training and inference time multifold, and hence heartbeat features were
excluded. Lastly, demographic feature fused channel-specific dynamically built CNN
(CSD-CNN) is used that eliminates manual effort and provides less trainable param-
eters for reduced lead ECG, making the model less prone to overfitting and memory-
efficient. The models are verified on six publicly available standard datasets. In addi-
tion, the CSD-CNN model introduces an interpretability mechanism that highlights
the crucial leads and relevant signal timestamps responsible for cardiac pathology
prediction.

The proposed methods would be useful for automated pre-screening of subjects
with CVD and potentially could be incorporated into the clinical decision support
system. The visual explanations improve model assessment, increase transparency,
enhance trust in the model, and increase the likelihood of model acceptance by the

medical practitioners.
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Introduction

Cardiovascular diseases (CVDs) are the most widespread disease with unpre-
dictable and life-threatening consequences throughout the world [1,9]. The total cases
of CVD nearly doubled from 271 to 523 million from 1990 to 2019, and the number of
deaths steadily increased from 12.1 million in 1990, reaching 18.6 million in 2019 as
illustrated in Figure 1.1. The number of subjects with CVD has been rapidly rising,
particularly within the urban communities [10]. Detecting CVD through long-term
non-invasive ECG signal helps in risk stratification, better medical assistance, and pa-
tient treatment [11]. The ECG signal measures the skin surface measurement of the
heart’s electrical activity from different angles through different leads and describes
the morbid status of the cardiovascular system. An abnormality in ECG or deviation
of electrical impulses from normal sequence leads to a host of cardiac abnormalities
ranging from arrhythmias to coronary heart disease to electrolyte imbalance. The
number of leads varies from single lead to standard twelve-lead configuration depend-
ing on the resolution of ECG required by physicians. In recent years, miniaturized
ECG recorder have enabled recording of the single-lead ECG signals in urgent sit-
uations or remote locations as twelve lead devices suffer from limited accessibility.
Moreover, the limited accessibility of twelve lead devices motivates the use of reduced
lead devices that are cheap and easily accessible but capture limited useful informa-
tion [12]. The length of the ECG signal varies from a few seconds to several days,
depending on the disease the cardiologist aims to detect. The amount of cardiac
data depends upon the sampling frequency, the number of leads and recording time,
etc. Ideally, the sampling rate during ECG acquisition ranges from 100 Hz to 2 kHz,
thereby generating a vast amount of data for further interpretation. The popula-

tion growth has also led to massive amounts of ECG that require examination by
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skilled physicians or cardiologists. Cardiologists manually interpret the ECG signal
through visual inspection, but this process is expensive in terms of human resources
and prone to error. A skilled cardiologist uses single or multilead ECG for screening
and diagnosing the source of cardiac abnormalities [11]. The intervention of experi-
enced medical personnel is an exhaustive process that needs to be automated using

automatic detection algorithms [13].
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Figure 1.1: Number of Cardiovascular Deaths from 1990 to 2019 [1].

The detection algorithms are embedded in a Computer-Aided Disease Diagnosis
System (CADDS) that effectively detect cardiac abnormalities from the ECG signal
and work as clinical decision support system to assist physicians in making accu-
rate and informed decisions. Since quality is an essential constraint for CADDS,
many automatic quality-controlled classification methods have been attempted based
on well-designed evaluation metrics for guaranteeing correct predictions. However,
the practical deployment of developed models is limited as the models lack explana-
tions/justifications behind the prediction. Explanations must be designed in such a
manner that they fit healthcare provider needs. Unfortunately, due to the lack of in-
terpretability evaluation metrics focused on medical applications, most claims regard-
ing model interpretability lack rigorous evaluations utilizing real end-users [14, 15].
CADDS encompasses different modules that perform noise removal, heartbeat de-
tection, and disease classification. The noises present in ECG ranges from low to
high frequencies that corrupt the signal and reduce the classification performance.
For fine-grained ECG classification, the clean ECG signal is used to segment heart-
beats to perform heartbeat classification. The beat classification is also necessary
because they are a precursor or indication of life-threatening arrhythmias that may
arise in the future. Therefore, beat detection is essential before classification. A good

detector aims at minimizing capturing of extra beats that may take more storage
TH-2764_156201001



1. INTRODUCTION

space, computing power and precisely capture irregular and regular beats without
missing critical beats. Detected beats are classified into normal beats and abnormal
beats. As ECG is a non-stationary signal, irregular rhythms may arise at any time.
Therefore, coarse-grained ECG classification is performed in which single-channel and
multi-channel ECG rhythms are examined for detecting cardiac abnormalities.
Many automated methods have been proposed in the literature for both fine and
coarse-grained ECG classification. These methods exploit the short-term correlation
between adjacent timestamps of beats, the considerable similarity between adjacent
ECG beats (long-term correlation), and the correlation between the intra-lead ECG
beats. The automated methods can be categorized into three broad categories: (i)
Handcrafted feature extraction and classification with traditional machine learning
(ML) approaches; (ii) Deep learning-based approaches for end-to-end ECG classifi-
cation; and (iii) Hybrid approaches incorporate handcrafted features and uses raw
ECG signal with deep learning models [16]. The classifier performance is highly de-
pendent upon the selection of relevant handcrafted features [17]. The features could
be temporal, morphological, statistical, frequency domain features, entropy features,
etc. In recent years, deep learning-based approaches have shown promise as they
automatically extract, select, and achieve good performance for ECG classification.

However, the deep learning models (DLM) suffer from the following limitations.

1. The requirement of a considerable amount of labeled and realistic-looking ECG
is challenging to obtain in practice. The challenge in synthesizing ECG oc-
curs because of the complex biological and physiological systems generating the
electrical impulses.

2. The developed classifiers are not generalized as they are trained on dataset
acquired from a couple of geographical locations and perform poorly on unseen
dataset from different geographical locations.

3. In the medical domain, the explanations behind the diagnosis are essential. The
black-box nature of DLM lacks interpretability or the ability to explain model

predictions, inhibiting their real-world deployment.

Several interpretability approaches have been proposed in the literature that
aim at providing explanations or interpretations of the model to stakeholders. In-
terpretability in DLM allows failure identification and establishes trust for providing
better decisions in the future. Interpretability also explains where the network focuses
on the input, activated neurons, and the decision-making process. The model inter-

pretation could be weights assigned to features responsible for a specific prediction.
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1.1. MOTIVATION

Depending on the end-user, different explanations about the model may be required.
Recently, there has been increased attention to the lack of user-specific explanations,
despite the acknowledgment that user goals, expertise, and time constraints are cen-
tral in defining explanation needs [14,15,18-23]. A good and useful explanation is left
to the judgment of expert model developers, whose knowledge and backgrounds are
generally not representative of end-user expertise [21,22,24]. Developers are primarily
concerned with the statistical and modeling challenges of generating an explanation.
The display of the explanation often receives less attention and is rarely influenced by
end-user needs or insights from the literature [15,21,24,25]. Moreover, it is unclear
from the current evaluation studies how end-users interpret and utilize explanations
designed by modeling experts, which often require some level of understanding of ML
models to interpret accurately, leading to a lack of usability for end-users.

The explanation design methodology influences the perceptions mentioned ear-
lier for CADDS that fit physician requirements. For instance, whether a physician can
comprehend the information provided by CADDS affects whether physician knowl-
edge can be integrated and alter physician perceptions about the effort required to use
the system to make better and informed decisions. In addition, interpretability should
not increase the time and cognitive resources as it may reduce the likelihood of sys-
tem deployment. Researchers in the ML. communities have proposed frameworks for
providing explanations based on ML models [25-30]. The explanations are focused on
the task to be accomplished and why the explanations are required [26,28,30]. These
are essential elements in understanding the context of an explanation yet receive little
attention about where or when users require explanations. Thus, the current inter-
pretability frameworks fail to consider the end-user needs when utilizing a predictive
model in clinical practice. Moreover, limited approaches have been proposed in the

past that provides interpretations or explanation for an ECG classification system.

1.1 Motivation

The above discussion shows that an automatic interpretable ECG signal classifica-
tion system requires the following components to be readily deployed in the healthcare
industry: (i) Training data that encompasses diverse ECG characteristics account-
ing for different patterns of cardiac abnormalities to develop a generalized classifier;
(ii) Classifier capable of learning correlations between input-output from the data;
(iii) Classifier should provide explanations or justifications of their predictions. This

research work attempts to present an interpretability perspective of deep learning

TH-2764_156201001
4



1. INTRODUCTION

models for cardiac abnormality detection from ECG signals by considering the design
philosophy of the mentioned components.

The training data is crucial in developing a generalized classifier that achieves
good performance when tested for new subjects with CVD. An alternative for diverse
training data is transferring pre-trained models, but prior ECG classification models
are not open-sourced, limiting the transfer learning approach. The data could also be
collected from multiple geographic locations or generated for broader data distribution
of cardiac abnormalities.

The second component focuses on building a generalized model with sufficient
trainable parameters to extract and learn the information from the training dataset
and achieve good performance during the inference on unseen test data. This gener-
alized classifier could, in practice, be deployed into CADDS.

The third and most crucial component is generating explanations or reasons for
model predictions to circumvent the black box problem of DLM. However, classi-
fication performance and explainability are the trade-offs that must be considered
simultaneously. A highly explainable classifier might not achieve good performance,
and a black box DLM might not provide explanations of its predictions. Thus, this
work is oriented towards developing a good classifier that achieves good performance

and model interpretability.

1.2 Challenges

There are various challenges in developing a model based on deep learning approaches,
particularly models that are interpretable in nature. The challenges are provided as

follows:

1. Noisy Datasets: The low-frequency Baseline Wander, dirty or loose electrodes,
might deteriorate the acquired signal quality during the data acquisition, mak-
ing ECG signal classification challenging.

2. Detecting Heartbeats: Heartbeats extracted from a single-lead ECG signal in-
dicate the occurrence of arrhythmia that might turn fatal if left untreated. But
detecting the beats is challenging as ECG is a non-stationary signal, and the
signal varies from patient to patient. Heartbeat detection or finding QRS com-
plexes from ECG is necessary as its a precursor to finding heart rate, which is
a crucial parameter to analyze many heart diseases, such as arrhythmias. It
also serves as a reference for detecting other characteristic waves and parameter

measurements.
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1.2. CHALLENGES

3. Synthesising Heartbeats: Irregular beats such as supraventricular ectopic beat
(SVEB) and ventricular ectopic beat (VEB) need to be detected and classified
as prolonged occurrence of SVEB, and VEB may lead to atrial and ventricular
fibrillation, which are life-threatening arrhythmias. The classification methods
can achieve good performance, but they require huge amount of labeled, di-
verse, and realistic-looking heartbeats, that are difficult to acquire in practice.
The challenge in synthesizing ECG occurs because the biological and physio-
logical systems that generate these beats are highly complex. Publicly available
datasets often might miss out on relevant information, thereby failing to sat-
isfy specific criteria concerning a study, leading to synthesis of heartbeats for
improving the classification performance.

4. Explaining and Classifying Heartbeats: The data generated by the increasing
population makes it difficult for cardiologists to analyze heartbeats (Normal,
SVEB, and VEB) manually. In addition, the human eye is poorly suited to
detect the morphological and temporal variation in a patient’s heartbeats, im-
posing the need to develop an automated diagnostic system. The traditional
methods perform well on the training data but fail on test sets of new subjects
with CVD as the testing is limited to one or two datasets. The recent deep
learning models have achieved good performance, but their black-box nature
limits real-world deployment. In the medical domain, the explanation behind
diagnosis is also necessary.

5. Classification and Interpretation of Single-Channel ECG Rhythms: CVD in-
dicators may appear in random episodes on the nonstationary and nonlinear
ECG signals. The CVD episodes present in single-channel ECG might be of
different lengths making the segment classification necessary due to their fatal
nature. Defining the optimum episode length is crucial as small segments might
miss an abnormal rhythm. Large segments might not focus on a specific part
of the segment responsible for classifying the rhythm as arrhythmic. Diseases
such as Atrial and Ventricular Fibrillation occur in an episodic fashion. They
are related to rapid irregular contractions of the heart’s muscle fibers which are
generated due to untreated SVEB and VEB beats. In addition, the explanation
of the classification is also required to support the model decisions.

6. Multichannel Multilabel ECG Classification and Interpretation: The cardiac
abnormalities on single-channel ECG often persist in lower resolution but pro-
vide better resolution on the multi (12,6,4,3,2) channel ECG. Moreover, the

limited accessibility of standard 12-Lead ECG demonstrates a need for smaller,
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lower-cost, and easier-to-use devices. Subsets of the standard twelve leads can
be comparable to the full set of leads in limited contexts. Still, there is limited
evidence that reduced-lead ECGs can capture the wide range of diagnostic infor-
mation captured by 12-lead ECGs. The cardiac abnormality interpreted by one
cardiologist may differ when interpreted by another cardiologist, leading to mul-
tiple cardiac abnormalities for a single recording (Note: The abnormality might
be a sub-category of the same class). The classification studies performed in the
past are trained, tested, or developed in single, small, or relatively homogeneous
datasets. In addition, most algorithms focus on identifying small numbers of
cardiac arrhythmias that do not represent the complexity and difficulty of ECG

interpretation.

1.3 Contributions

This research work mainly focuses on investigating the perspective of interpretabil-
ity in deep learning models for detecting cardiac abnormalities from ECG signals
and explaining the predictions to the stakeholders. The thesis contributes in the fol-
lowing directions. Initially, the low-frequency baseline wander is removed from the
ECG signal for effective analysis, followed by detecting heartbeats (QRS complex)
from the ECG signal and synthesizing irregular heartbeats to circumvent the imbal-
anced heartbeat distribution. In the first contribution, a penalty-induced prototype-
based explainable ResNet is proposed for heartbeat classification that addresses the
black-box nature of deep neural networks and provides explanations in the form of
candidate heartbeats of the corresponding class. In the second contribution, gradient
backpropagation-based posthoc interpretability techniques are investigated to explain
ventricular tachyarrhythmia prediction using ResNet. The techniques are validated
through sanity checks, thereby providing reliable diagnosis explanations to clinicians.
In the third contribution, an attentive transformer neural network is proposed to
classify and interpret varied length ECG segments into atrial fibrillation, normal si-
nus rhythm, noisy rhythms, and other rhythms. In the fourth and last contribution,
multichannel multilabel ECG classification and interpretation is performed using a
channel-specific dynamic CNN with demographic features, eliminating manual effort
with less trainable parameters for reduced lead ECG configuration, making the model
less prone to overfitting and memory-efficient in real-time processing. The contribu-
tions are summarised and represented in Figure 1.2. The detailed contributions are

described below.
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1.3. CONTRIBUTIONS

[ Baseline Wander Removal using VMD

Fractal Analysis Based R-Peak Detection using Mathematical Morphological Operators

Synthesis, Classification,
Explanation of Detected Deep Convolution Conditional GAN Based Heartbeat Synthesis

Heartbeats

-

Single Channel Single Label ) Attentive Transformer Neural Network for AFib Classification and Interpretation
ECG Rhythm Classification and

Interpretation ) Post-hoc Interpretability Techniques with Sanity Checks for VA Detection & Interpretation

ResNet Model for Single-Label 12-Lead ECG Classification

Multichannel Multilabel ECG
Rhythm Classification and

Penalty-Induced Prototype-based eXplainable ResNet for Heartbeat Classification ]

Demographic and Heartbeat Feature Fused Multi-Label MECG Classification using Static
Parallel Convolution Neural Network with Global Average Pooling Layer

Interpretation )

Demographic Feature Fused MECG for Detecting and Interpreting Multiple Cardiac
Abnormalities using a Channel Specific Dynamic Convolution Neural Network Model

Figure 1.2: Thesis Contributions.

1. Baseline Wander (BW) Removal using Variational Mode Decomposition (VMD):

The ECG signal recordings get contaminated with BW during signal acquisi-
tion, making classification challenging. BW is removed using VMD in this work,
and the results are shown for normal sinus rhythm and ventricular tachycardia.
Firstly, the ECG signal is decomposed into variational modes using VMD, and
the noisy modes are removed, and the remaining variational modes are combined
to obtain the clean signal. The performance of VMD is estimated using percent-
age root mean square difference, pearson Correlation, maximum absolute error,
and the signal decomposition time. In addition, mean filtering, mean median
filtering, empirical mode decomposition, ensemble empirical mode decomposi-
tion, and complete ensemble empirical mode decomposition with adaptive noise

are compared with VMD.

Heartbeat Detection: The R-peaks indicate heartbeats in the ECG signal. A
simple, reliable, and intuitive algorithm is proposed for real-time R-peak detec-
tion using the pattern recognition property of fractals. Mathematical morpho-
logical operators such as erosion and dilation are implemented using dynamic
programming with memoization to calculate the area under the ECG signal, and
peaks are extracted after resampling and thresholding the area curve. The al-
gorithm achieved higher sensitivity and predictivity for non-arrhythmic records
compared to arrhythmic records. The predictivity was high compared to sensi-
tivity; thus, fewer extra beats were detected with more missed beats. A similar

pattern was observed in the detection error rate. Fractals’ fast and low compu-
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tational complexity properties make an effective real-time QRS detector.

3. Heartbeat Synthesis: A Deep Convolution Conditional Generative Adversarial
Network is proposed for synthesizing different beat classes, namely, supraven-
tricular ectopic beats (SVEB), ventricular ectopic beats (VEB), and normal
beats (N) as recommended by the Association for the Advancement of Med-
ical Instrumentation [7] to circumvent the imbalanced heartbeat distribution.
The generated beats are evaluated quantitatively through five metrics, namely,
Frechet Distance, Dynamic Time Warping, Maximum Mean Discrepancy, Root
Mean Square Error, and Time Warp Edit Distance. Qualitatively, the beats are
visually analysed by plotting against the original beats.

4. Heartbeat Classification and Explanation: A Penalty Induced Prototype-based
eXplainable Residual Neural Network (PIPxResNet) is proposed to classify N,
SVEB, and VEB. The model addresses the black-box nature of deep neural net-
works. PIPxResNet encodes the temporal variations of heartbeats by employing
pre-trained ResNet following the concept of task transfer learning. The algo-
rithm extracts prototypes that are most representative of the training dataset
that explain model predictions to general physicians, making them clinically rel-
evant. The prototypes of a particular class having a close resemblance to other
class prototypes are penalized, and their contribution towards the correspond-
ing class is reduced. PIPxResNet is adopted from xDNN [31]. PIPxResNet
takes into account the following conditions: (i) Beats and prototypes of class
should be in close vicinity; and (ii) Other class prototypes should be farther
away from corresponding class prototypes. PIPxResNet uses the beats and
generates encoded and actual prototypes associated with that beat class and
the actual prototypes are used for explaining the predictions. PIPxResNet is
tested on four publicly available standard datasets such as Massachusetts Insti-
tute of Technology-Beth Israel Hospital Arrhythmia Database [32], MIT-BIH
Supraventricular Arrhythmia Database [33], St. Petersburg INCART 12-lead
Arrhythmia Database [34], and China Physiological Signal Challenge 2020 [35].
The data is collected from multiple geographical locations and is diverse enough

to account for a real-world scenario.

CVD indicators may appear in random episodes on the nonstationary and non-
linear ECG signals making the segment classification necessary. In the subse-
quent two contributions, diseases such as Atrial and Ventricular Tachyarrhyth-

mia are covered that occur in an episodic fashion. They are related to rapid
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1.3. CONTRIBUTIONS

irregular contractions of the heart’s muscle fibers which are generated due to
untreated SVEB and VEB beats.

5. Posthoc Interpretability Techniques for Explaining Ventricular Tachyarrhyth-
mia Prediction using ResNet: Ventricular Tachyarrhythmias such as Ventricu-
lar Tachycardia and Ventricular Fibrillation along with Normal Sinus Rhythm
are classified using ResNet and the predictions are interpreted using gradi-
ent backpropagation-based posthoc interpretability techniques such as Guided
Backpropagation (GBP) [36], Gradient Class Activation Map (Grad CAM) [37],
and Guided Grad CAM [37] that highlight the signal timestamps responsible
for a particular diagnosis. The models are tested on five datasets acquired from
different geographical locations, which include Massachusetts Institute of Tech-
nology [38], Malignant Ventricular Arrhythmia Database [39], Creighton Univer-
sity Ventricular Tachyarrhythmia Database [40], Ideo Ventricular Arrhythmia
Database [41], and American Heart Association Database [34]. Quantitatively,
ResNet layers and ECG signal length were varied, and the effect of Augmenta-
tion techniques, namely, Synthetic minority oversampling technique (SMOTE)
[42], Borderline SMOTE using Support Vector Machine [43], and Adaptive syn-
thetic sampling approach [44] was also analyzed for achieving optimum perfor-
mance. Qualitatively, the saliency maps generated by posthoc interpretability
techniques are used for interpretation, and the techniques are validated us-
ing sanity checks; namely, weight randomization and training data permuta-
tion [45]. Grad CAM performed better than other interpretability techniques
and precisely highlighted relevant signal timestamps responsible for/against the
diagnosis. GBP and Guided Grad CAM worked as peak detectors that usually
aid in detecting heartbeats for most cases. The sanity checks validate inter-
pretability techniques by perturbing the respective saliency maps, providing

reliable diagnosis explanations to clinicians.

6. Attentive Transformer Neural Network for Atrial Fibrillation Classification and
Interpretation: An end-to-end framework is developed for detecting Atrial Fib-
rillation from varied length ECG segments using CNN, ResNet, Attentive Con-
volution Neural Network, and Transformer Neural Network. The framework
is verified using PhysioNet Computing in Cardiology Challenge 2017 database.
The effect of ECG length is also analyzed. ResNet achieves good performance
but is not interpretable. The interpretability aspect is incorporated in DLM
through Attentive Convolution Neural Network and Transformer Neural Net-
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1. INTRODUCTION

work models that provide explanations through feature maps highlighting the
clinically meaningful characteristic ECG waves responsible for and against the

diagnosis.

7. Multichannel Multilabel ECG Classification and Interpretation: The cardiac
abnormalities often provide lower resolution on single-channel ECG but pro-
vide better resolution on multi (12,6,4,3,2) channel ECG. Moreover, the car-
diac abnormality interpreted by one cardiologist may differ when interpreted
by another cardiologist, leading to multiple possible cardiac abnormalities for a
single ECG recording. This problem is tackled in three stages. Initially, 12-lead
ECG classification is performed with a single label through convolution, re-
current, and attention-based models. Convolution-based ResNet outperformed
other models in terms of performance and time complexity and are preferred in
later stages. Next, demographic and heartbeat features extracted from modi-
fied limb lead II are fused with static CNN to perform multilabel classification.
Multiple labels improved the performance drastically, but adding heartbeat fea-
tures did not improve the performance significantly. The training and testing
time of feature-based models increased due to the extraction of heartbeat fea-
tures. Therefore, heartbeat features were excluded in the next stage. Lastly, a
demographic feature fused channel-specific dynamically built CNN is used that
eliminates manual effort and provides less trainable parameters for reduced lead
ECG, making the model less prone to overfitting and memory-efficient in real-
time processing. The methods are verified on six publicly available standard
datasets [8,34,46]. In addition, the model also introduces an interpretability
mechanism that highlights the important leads and relevant signal timestamps

responsible for cardiac pathology prediction, which builds trust in the model.

1.4 Thesis Outline

This thesis comprises of seven chapters and the organisation of the chapters in the

thesis is as follows:

1. Chapter 1 provides the introduction, motivation to pursue the problem, vari-
ous underlying research challenges, contributions made to tackle the challenges,
and a brief outline of the thesis.

2. Chapter 2 provides the background about the cardiovascular system, includ-
ing electrophysiology behind heartbeat genesis, history of clinical ECG, and
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its acquisition. It provides an overview of an ideal ECG classification frame-
work, including denoising, heartbeat segmentation, synthesis, cardiac abnor-
mality classification, and interpreting diagnosis. Lastly, the chapter covers the
interpretability landscape, including a brief literature review of interpretability
and explainability approaches such as implicit and model agnostic posthoc ap-
proaches. Overall, the chapter presents a systematic review of the application
of deep neural networks and the perspective of interpretability in these models.

3. Chapter 3 describes the preprocessing steps applied to single-lead ECG signals.
Firstly, Low-Frequency Baseline Wander is removed using Variational Mode
Decomposition and compared with variants of Empirical Mode Decomposition
and filtering techniques. Secondly, a fractal-based approach is described for
R-peak Detection from ECG signals for segmenting heartbeats. Lastly, a deep
convolution conditional generative adversarial network is discussed to synthesize
minority class or irregular heartbeats.

4. Chapter 4 describes a framework for heartbeat classification and explanation of
predictions using a penalty-induced prototype-based explainable ResNet. The
method classifies heartbeats into N, SVEB, and VEB and provides explanations
through visual prototypes supporting the model diagnosis.

5. Chapter 5 investigates three gradient backpropagation-based posthoc inter-
pretability techniques for explaining Ventricular Tachyarrhythmia prediction
using ResNet. The interpretability techniques include GBP, GradCAM, and
Guided GradCAM, highlighting the signal timestamps responsible for Ventric-
ular Tachyarrhythmia. The validity of these techniques is verified using sanity
checks, namely, weight randomization and training data permutation.

6. Chapter 6 proposes a framework that classifies single-lead ECG segments into
atrial fibrillation, normal sinus rhythm, noisy rhythms, and other rhythms us-
ing CNN, ResNet, attentive CNN, and transformer neural network. The trans-
former neural network provides interpretability by highlighting the essential
characteristic waves responsible for and against the clinical features responsible
for the diagnosis.

7. Chapter 7 performs multichannel multilabel ECG classification and interpre-
tation. Different lead configurations of ECG are used to detect cardiac ab-
normalities. Convolution, recurrent, and attention-based models are examined.
The effect of fusing demographic and heartbeat features with raw MECG is
also analyzed. A channel-specific dynamically built CNN is also proposed that

introduces an interpretability mechanism that highlights the essential leads and
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relevant signal timestamps responsible for the corresponding prediction.
8. Chapter 8 is the final chapter of the thesis, which highlights the conclusions

with a discussion on new avenues for future research in this field.
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Background

This chapter provides the background about the cardiovascular system, individ-
ual components of an ideal ECG classification framework, and a brief overview of in-
terpretability techniques proposed in the literature. Section 2.1 provides an overview
of the cardiovascular system, which includes electrophysiology behind heartbeat gen-
esis, history of clinical ECG, and ECG acquisition. Section 2.2 provides an overview
of an ideal ECG classification framework which includes signal denoising, heartbeat
segmentation, heartbeat synthesis, cardiac abnormality classification, and diagnosis
interpretation. Section 2.3 provides a literature review on interpretability, includ-
ing the definition of interpretability, its relationship to explainability, approaches
for achieving interpretability, and taxonomy of interpretability approaches such as
implicit and posthoc approaches, and the available frameworks for generating expla-

nations in the ECG domain. Section 2.4 summarises the chapter.

2.1 The Cardiovascular System

The cardiovascular system is composed of the heart and blood vessels which facilitate
blood circulation throughout the body. Mechanical events of the cardiac cycle are
initiated and synchronized by electrical events [47-49]. An Electrocardiogram (ECG)
is an essential tool for assessing the working of a cardiovascular system for diagnosing
several cardiac abnormalities [49,50]. Therefore, this section presents a brief outline
of the cardiovascular system, which includes details about the heart, ECG, and its
acquisition.

The heart is an autonomous muscular organ about the size of a fist, located just
behind and slightly left of the middle of the chest. The heart pumps blood through
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2.1. THE CARDIOVASCULAR SYSTEM

the network of arteries and veins [47]. The cross-sectional view of the heart is depicted
in Figure 2.1. The heart has four chambers. The upper two chambers are the atria
that fill with the blood returning to the heart from the body and lungs. The lower
two chambers are called the ventricles that send blood to the body and lungs. First,
the de-oxygenated blood is received by the right atrium through large veins called
superior vena cava and inferior vena cava [51]. Then, the blood is transferred from
the right atrium (RA) to the right ventricle (RV) through the tricuspid valve. The
function of the tricuspid valve is to prevent the backflow of blood from RV to RA.
The right ventricle pumps the blood to the lungs for oxygenation. The left atrium
collects the oxygen-rich blood. The blood is then passed to the left ventricle through
the mitral valve. The left ventricle (the strongest chamber) pumps the oxygenated

blood to the aorta through the aortic valve. Then, the aorta transfers the oxygenated
blood to the whole body [47].

Aorta

Superior
Vena Cava
To Lungs

Pulmonary Artery
From Lungs
Pulmonary Vein

Sinoatrial Node Left Atrium

Mitral Valve

Right Atri
'9 ium Aortic Valve

Pulmonary Valve

Atrioventricular Node Bundle of His

Tricuspid Valve Left Ventricle

Right Ventricle

Purkinje Fibres

Inferior Vena Cava

Figure 2.1: The Cross Sectional View of the Heart.
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2.1.1 Electrophysiology behind Heartbeat Genesis

The entire heart activity is coordinated by an electrical conduction path or sys-
tem [52]. This electrical conduction path is established using four specialized cardiac
myocytes or pacemaker cells, namely, sinoatrial (SA) node, atrioventricular (AV)
node, the bundle of HIS, and Purkinje fibers [51]. Firstly, the left and right atrium
are depolarized due to the firing of the SA node. The firing rate of the SA node
varies from 60 to 100 beats per minute. Then, the firing of the AV node transfers the
heart’s electrical activity from the atria to the ventricles. The AV node is also called
the gatekeeper of the heart. The AV node has a firing rate varying from 40 to 60
beats per minute. The depolarization of septum and ventricles are due to the firing of
HIS bundle and Purkinje fibers [52]. The intrinsic peaks of these two pacemaker cells
vary from 25 to 45 beats per minute. The aforementioned electrical conduction of
the heart is measured through an ECG signal that captures the electrical activity of
the heart from different angles through multiple electrodes placed at different body
parts. Figure 2.2 represents normal conduction of the heart. Starting from phase
1 to 6. The atria contracts causing the P-wave followed by ventricular contraction
that generates QRS-complex and ending by ventricular relaxation, causing T-wave.
This electrical signal follows a pattern [53]: atrial depolarization (P wave), ventric-
ular depolarization (QRS complex wave), and ventricular repolarization (T wave).
Atrial repolarization is masked by ventricular depolarization as both coincide, and
therefore atrial repolarization is not evident in the ECG signal. Here, the Q wave
represents the activation of the anteroseptal region of the ventricular myocardium,
the R wave represents the depolarization of the ventricular myocardium, and the
S wave is the activation of the posterior basal portion of the ventricles [54]. Each
ECG cycle contains several time-varying characteristic waves (P, Q, R, S, T). These
waves are examined through their amplitudes, intervals, and shapes. The alteration

in characteristic waves are the signs and symptoms of cardiac conditions [55, 56].

2.1.2 A Brief History of Clinical Electrocardiogram

The timeline of important landmarks in the development of ECG highlighting the
efforts of researchers is illustrated in Figure 2.3. In 1786, Luigi Galvani recorded
electrical activity from dissected skeletal muscles at the University of Bologna, Italy
[3]. In 1842, Carlo Matteucci demonstrated that electrical current accompanies every
heartbeat in a frog at the University of Pisa [57]. The first ECG was recorded with

a mercury capillary electrometer by Augustus Waller in 1887 at St. Mary’s Hospital,
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2.1. THE CARDIOVASCULAR SYSTEM

Figure 2.2: Conduction System of Heart [2].

London. He demonstrated that electrical activity preceded ventricular contraction,
but the tracings were poor and exhibited only two distorted deflections [58]. In 1891,
William Bayliss and Edward Starling improved triphasic cardiac electrical activity

using capillary electrometer [59,60].

Matteucci recorded Einthoven first Cohn introduced Wilson invented the central AHA standardized
electrical activity coined the term ECG in New York, terminal. 12-Lead ECG as
from frog heart EKG us Precordial leads are born. we know it.
1786 1887 1901 1924 1942
1842 1893 1909 1934-1938 1954
Galvani recorded Waller recorded Einthoven buiilt string Einthoven won Goldberg used the central
electrical current first electrical galvanometer based the Nobel Prize terminal with augmentation.
from dissected activity from 3 lead ECG Machine Augmented unipolar leads
skeletal muscles. human heart are born.

Figure 2.3: Timeline of important landmarks responsible for the ECG development.

In 1893, Willem Einthoven refined the capillary electrometer by adjusting inertia
resulting in the PQRST deflections and coined the term ‘electrocardiogram’ at the
Dutch Medical Meeting [61,62]. In 1901, he successfully developed a new string
galvanometer with very high sensitivity and recorded his electrocardiograph [60, 63]

as illustrated in Figure 2.4. The positive leads were placed on the left arm and leg to
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produce positive deflections on the electrocardiogram tracing as the normal electrical
activation of the heart was noted to be from the upper right quadrant to the lower
left quadrant [64].

Figure 2.4: String galvanometer illustrating the machine with the patient rinsing
his limbs in the cylindrical electrodes filled with electrolyte solution. [3].

Alfred Cohn introduced the ECG machine at Mt. Sinai Hospital, New York,
the United States, in 1909 [60]. In 1909, Thomas Lewis observed irregular heart-
beat as a result of atrial fibrillation using the ECG at University College Hospital,
London [65]. In 1924, Willem Einthoven was awarded the Nobel Prize in physiology
and medicine for the invention of the electrocardiograph. By 1930, the importance
of ECG was recognized for differentiating between cardiac and non-cardiac chest
pain. While 3-lead ECG was satisfactory, researchers realized that some regions of
the heart appeared silent, leading to less detection rate of myocardial infarction [66].
In 1934, Frank N. Wilson developed the ‘central terminal’ concept by connecting
the three limb electrodes, a central negative lead reflecting ‘ground’ or reference ter-
minal. These ‘unipolar’ leads contrasted with the ‘bipolar’ leads that measure the
potential difference between two sites on the body surface. In 1938, the American
Heart Association (AHA) and the Cardiac Society of Great Britain published their
recommendation for recording the exploring lead from six sites named V1 through
V6 across the precordium. Thus, the chest leads/ Precordial leads/ frank leads were

born that represented the horizontal plane of the heart.
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2.1. THE CARDIOVASCULAR SYSTEM

In 1942, Emanuel Goldberger used Wilson’s central terminal, constructed unipo-
lar leads with the central (zero) terminal and connected to additional positive unipolar
leads on each of the left and right arms and the left leg [67] to provide more detailed
coverage of the frontal plane. To increase the signal amplitude of unipolar leads,
Goldberger designed a method to augment these signals resulting in the augmented
unipolar limb leads a-VL, a-VR, and a-VF. The invention of the unipolar leads con-
cluded the major advancement toward the 12-lead ECG. In 1954, the AHA published
their recommendation for standardization of 12-lead ECG [68]. The 12-Lead ECG
remains a standard diagnostic tool that provides a complete picture of the heart’s

electrical activity by recording information through 12 different perspectives.

2.1.3 Multichannel Electrocardiogram and its Acquisition

The standard 12-lead ECG is a non-invasive yet most valuable diagnostic tool that
records the heart’s electrical activity. A lead is a glimpse of the heart’s electrical ac-
tivity from a particular angle. In 12-lead ECG, ten electrodes provide 12 perspectives
of the heart’s activity using different angles through two electrical planes - vertical
and horizontal planes. These 12 views are collected by placing electrodes through
patches on the chest (precordial), wrists, and ankles. These electrodes are connected
to a machine that registers the heart’s electrical activity. The 12-lead ECG consists
of bipolar leads (I, II, IIT), unipolar limb leads (aVR, aVL, aVF), and precordial leads
(V1, V2, V3, V4, V5, V6).

The bipolar leads and the unipolar limb leads are derived using the electrodes
that are placed on the left leg (LL), the right leg (RL), the left arm (LA), and the
right arm (RA), respectively [69] to provide information about the heart’s vertical
plane. The placement of limb lead electrodes and their respective recording method
are illustrated in Figure 2.5a and Figure 2.5¢. The following lead configurations are
produced: Lead I, Lead II, Lead III, Augmented Vector Right (aVR), Augmented
Vector Left (aVL), Augmented Vector Foot (aVF). Leads I, II, and III require a
negative and positive electrode (bipolarity) for monitoring. Lead I, II, and III are
developed by Einthoven, and aVR, aVL, and aVF are developed by Goldberger [4].
The leads represent the Einthoven’s Triangle formed by leads placed at RA, LA, LL.

The precordial leads are obtained from six standardized positions on the surface
of the chest or thorax to provide information about the heart’s Horizontal Plane.
The placement of chest lead electrodes is illustrated in Figure 2.5b. It is important

to correctly place V1 and V2 because the remaining chest leads are placed following
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Figure 2.5: Standard 12-Lead ECG Placement on Human Body [4].

these leads. Leads V1 to V6 are placed on the chest. The lead V1 and the lead
V2 are positioned at the fourth intercostal space just to the right sternum and left
sternum, respectively [69]. The lead V4 is placed on the fifth inter-coastal space at
the midclavicular line. The lead V3 is positioned in between the lead V2 and lead
V4. The lead V5 and lead V6 are placed at the anterior auxiliary and midaxillary

lines. V4-V6 should line up horizontally along the fifth intercostal space [70]. The
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CLASSIFICATION FRAMEWORK

12-lead ECG of normal sinus rhythm is illustrated in Figure 2.6. The variation in
morphological features of multilead ECG such as amplitude, duration, and shape of
local characteristic waves are indicators of life-threatening cardiac ailments [71]. The
cardiologist examines the aforementioned components of ECG for diagnosing cardiac

abnormalities [52].
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Figure 2.6: Standard 12-Lead ECG Waveform depicting Normal Sinus Rhythm.

2.2 Overview of a Typical Electrocardiogram Clas-

sification Framework

The cardiologist examines standard 12-lead ECG for detecting life-threatening cardiac
abnormalities [52]. However, the large amount of data generated during continuous
recording of 12-lead ECG makes it difficult for the cardiologist to manually inspect
the ECG for diagnosing cardiac ailments. In addition, the human eye is poorly suited
to detect the morphological and temporal variation in ECG signals. Therefore, the
need for a Computer-Aided Disease Diagnostic System (CADDS) is urgent to assist
the cardiologist in diagnosing the cardiac abnormalities [72]. Figure 2.7 illustrates
CADDS which consists of ECG preprocessing stage, diagnostic information extrac-
tion stage, classification stage, and decision explanation stage [73]. The preprocessing
stage involves ECG filtering, segmentation, and augmentation (depends on data dis-
tribution). The classification stage performs feature extraction using signal process-
ing techniques, and the extracted diagnostic information is classified into one or more
cardiac abnormalities. In the last stage, the diagnosis are explained to the physician

using interpretability techniques.
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Figure 2.7: Computer Aided Disease Diagnostic System.

2.2.1 Denoising ECG Signal

Low and high-frequency noises distort the ECG signal during acquisition and make
the subsequent processing challenging [74]. For effective analysis, the signal has to
be denoised from embedded noises [75]. The interfering noise could be originating
from different sources such as Power line interference (PLI) [76,77], Baseline Wander
(BW) [76, 78], Muscle artefacts (MA) [79], and Channel Noise (CN) [80]. Table 2.1
describe the characteristics of different noise sources present in ECG signal [75]. The
noises change the amplitude of the ECG signal, degrade the PQRST morphology, and
finally hinder the doctors in analyzing the signal and increase the chances of wrong
diagnosis [81,82]. The noises could be removed using various filtering techniques,
wavelet transform and signal decomposition techniques. Chatterjee et al. [75] provided
a review of several noise removal techniques in ECG signals. The preprocessing stage

is followed by heartbeat segmentation from a single lead ECG.

Table 2.1: Characteristics of different noise sources present in ECG signal.

Type Causes Changes Frequency Effects
BW Body Movement, Respiration, Depending on skin impedance ) Distorts ST-segment,
[76,78] Bad Electrode Contact, clcctrodc—cl-cctrolytc property Between 0.05 and 1 Hz. other LF components.
Skin-Electrode Impedance and subject movement.
PLI Inductive and capacitive couplings 50% of the peak-to-peak Narrowband centered at 50 | Distortion in duration
[76,77] of 50/60 Hz during acquisition. ECG signal amplitude. 60Hz with bandwidth<1Hz and amplitude.
MA Muscle activity arising from eyes, 10% of the peak-to-peak Bandwidth ranges between | Alter shapes of local
[79] muscle, neck movement, swallowing. ECG signal amplitude. 20 and 1000 Hz waves of ECG signal
CN [80] Transmission Channel - - -
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2.2.2 Heartbeat Segmentation from Single Lead ECG

Heartbeats extracted from ECG signals might indicate the occurrence of irregular
or arrhythmic beats that are a precursor to determining several heart diseases such
as arrhythmias, making heartbeat segmentation necessary [13|. The detected beats
serve as a reference for detecting other characteristic waves and extracting heart rate
features, ST segments to detect heart rhythm abnormalities or abnormal heartbeats.
An ideal heartbeat constitutes a P-wave, QRS-complex, and T-wave. The QRS com-
plex is the most striking waveform that plays a significant role in the detection of
arrhythmias and irregular rhythms [83]. Widely used Holter monitors include a QRS
detector that records ECG when arrhythmia appears and these recorded segments
are further interpreted by cardiologists. These devices require accurate QRS detec-
tors, which minimizes false negative and false positive rates so that no unnecessary
transmission occurs, and the device does not need massive memory to store ECG
segments [84]. QRS detection is difficult because of the physiological variability, and
various noises present in the ECG signal [85]. QRS detection has been researched
in the past three decades and a detailed discussion is provided in Section 3.2. The

detected beats are provided to a classifier that performs heartbeat classification.

2.2.3 Synthesising ECG Signals

An ECG classifier achieves state-of-the-art performance using a massive amount of
labeled, diverse, and realistic-looking ECGs [86]. Acquisition of high-quality nor-
mal and arrhythmic class ECGs is difficult. Often, the access to personal ECGs is
restricted due to privacy concerns, hindering the development of a generalized clas-
sifier [87]. In addition, the public databases sometimes fail to satisfy a particular
criterion concerning a study as they might miss out on relevant information, necessi-
tating ECG synthesis [88]. Data imbalance could be mitigated through augmentation,
improving model performance [89]. ECG synthesis is challenging because the biolog-
ical and physiological systems generating these signals are complex. Synthesis could
be performed using the traditional augmentation techniques such as Synthetic minor-
ity oversampling technique (SMOTE) [42], Borderline SMOTE using Support Vector
Machine [43], and Adaptive synthetic (ADASYN) sampling approach [44]. Recently
developed Generative models [90] could also be employed to synthesize class-specific
ECG signals [87,91]. The augmented signals mitigate the problem of data imbalance
and provide sufficient data to develop a generalized classifier that could, in practice,

be deployed in real-world scenarios.
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2.2.4 Classification using Deep Learning Models

An ideal classifier should correctly perform disease diagnosis of a new patient without
their prior information [92]. It should be able to cope with the inter-patient vari-
ability as similar cardiac abnormalities might have different waveforms for different
subjects with CVD, and different cardiac diseases may have similar waveform resem-
blance [93]. Cardiac abnormalities such as Atrial and Ventricular Fibrillation appear
rhythmically with varying episode lengths, where smaller segments might miss an
abnormal rhythm, and larger segments might not localize the segment responsible for
arrhythmic rhythm, making segment classification necessary [94,95]. The rhythmic
cardiac abnormalities can be prevented through early-stage heartbeat classification as
irregular heartbeats are precursors to life-threatening arrhythmias. Although single
lead devices are portable, they suffer from limited resolution. Therefore, multichannel
ECG is used, which provides better resolution and captures a large variety of cardiac
abnormalities [8,46]. The extracted heartbeats, single-lead ECG segments, and mul-
tichannel ECG segments could be classified using traditional machine learning (ML)
classifiers with handcrafted features or deep learning models (DLM). Handcrafted fea-
tures include time and frequency domain features, morphological features, statistical
features, entropy features that extract information from ECG [96]. These features
are classified using traditional ML classifiers; namely, support vector machine, naive
bayes, boosting classifier, and linear classifiers [96]. In contrast, DLM perform end-
to-end ECG classification and achieve state-of-the-art performance [97-99]. DLM
extracts complicated and abstract features from the raw ECG signals. Figure 2.8
summarizes different approaches for detecting cardiac abnormalities from ECG sig-
nals. The rule-based methods do not have ML modules and rely on handcrafted
features. Transforming medical knowledge into hard-coded rules for computers is
more challenging. Therefore, the ML methods and DLM are widely used for ECG

classification.

2.2.5 Interpreting Model Diagnosis

Researchers have demonstrated commendable performance of DLM, yet they lack
practical deployment due to lack of interpretability, or black-box nature, which in-
hibits the model from explaining its predictions [100-102]. According to General Data
Protection Regulation [103], the reasons behind the model’s predictions are as im-
portant as the prediction. Especially in the medical domain, the explanation behind

diagnosis is also necessary to support the model decisions. The problem of the black
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Figure 2.8: ECG Classification Approaches

box could be mitigated by providing explanations or model interpretability to estab-
lish trust in stakeholders. Several interpretability techniques have been proposed in
the literature to provide insights into the model predictions, which are discussed in
Section 2.3.

2.3 Interpretability Landscape

Interpretability can be defined using the following definitions: (i) Degree to which
an individual can comprehend the cause of a prediction [21]; (ii) Degree to which
an individual can consistently predict the result [104]. As the interpretability of a
machine learning system increases, its comprehension becomes more straightforward
about the predictions. Interpretability in DLM allows failure identification, estab-
lishes trust in stakeholders, and generates rules to enable better decisions in the
future [105]. Although there has been significant progress in this direction [106-108],
the interpretability methods developed in the past are mainly oriented towards com-
puter vision applications rather than time-series data such as ECG, which has re-
ceived relatively scarce attention. Few interpretability methods have been published
for time series classification [109,110] and ECG in particular [111]. The demand for
interpretability has arisen when the goals of real-world deployment require a system
to satisfy evaluation criteria that are hard to formalize or quantify [14,29,112]. Inter-
pretability is a multi-faceted concept closely related to explanation. Thus, when users
demand interpretability, they often seek some explanation about a model or a system
to assist them in evaluating whether specific criteria are satisfied. This close relation-
ship between the concepts of interpretability and explanation often results in the term
“explainability” being used interchangeably with “interpretability” [14,112-114]. The

following sections describe the differences between interpretability and explainability,
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the evaluation criteria to be considered when choosing an interpretability technique,
the taxonomy of interpretability, and highlight the perspective of interpretability in
cardiology.

2.3.1 Defining Interpretability and Explainability

The methods proposed in the literature have used the term interpretability and ex-
plainability interchangeably and also lack a concrete definition for the term inter-
pretability [23,29,112,113,115-117]. Interpretability generally takes the form of an
explanation, but explanations are qualitative, which are widely debated within the
ML community [21,29,118,119]. Miller et al. [21] defined explainability as an answer
to a “why-question”. Interpretability is achieved when the system provides satisfac-
tory explanations for all user questions. However, the questions and explanations
depend on the user system relationship [120] and a single explanation cannot sat-
isfy all users. The user expertise, time constraints, and goals are also important
to obtain explanations that answer a question [19, 20, 29, 114, 118,120]. The diffi-
culty of developing adequate explanations for varied users while still providing an
accurate description of the underlying ML system operations has been noticed by
researchers [19,20,113,118,120,121]. Gilpin et al. [118] suggests that explanations
should be comprehensive, meaning it is human-understandable and takes into account
the cognition, knowledge, and biases of end-user. Explanations should be complete,
meaning that they should describe the system operations accurately. However, the
trade-off between comprehensive and completeness is that an explanation with com-
pleteness may generate technical explanations, resulting in low comprehensiveness.
Thus balancing this trade-off heavily relies on the user [112,113,122].

2.3.2 Interpretability Criteria

Auditing and debugging of DLM can be made easier if they are interpretable. The
ability to interpret proves valuable for research and development and even after de-
ployment in low-risk environments, such as item recommendations in online shopping
websites such as Amazon or Flipkart or song recommendations in Gaana or Shazam.
Interpretation for an erroneous prediction helps to understand the cause of the error,
thereby delivering directives for fixing the system. Considering an example from [123],
where the model tries to differentiate between a husky versus wolf and misclassified
some huskies as wolves. Using interpretability, the cause was the snow in the image

and the classifier learned snow as a feature for classifying images as a wolf in the
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training dataset, but the same is not applicable in real-world use. Therefore, the

following traits ensure that the model correctly explains its decisions:

1. Fairness and Bias Reduction: Ensuring that predictions are unbiased and do
not implicitly or explicitly discriminate against underrepresented groups [15,29,
112,116,124].

2. Privacy: Ensuring that sensitive information in the data is protected [29,124].

3. Causality: Only causal relationships are selected [29,125].

4. Trust: It is easier for humans to trust a system that explains its decisions com-
pared to a black box [125]. An explainable system is trustworthy as compared
to black-box model.

5. Adherence to ethical principles: Algorithm decisions or suggestions conform to
ethical standards [112,124].

6. Accountable and Liable: Assigning responsibility of a suggestion or decision to
an algorithm [15,120, 124,126, 127].

7. Transferable, Reliable, and Robust: Algorithms exhibit a certain level of preci-
sion or accuracy when deployed in new environments such that minor changes
in the input do not cause drastic changes in predictions [20,29,112].

8. Informative: Provide new information or insights from data to increase user
knowledge base to improve decision-making [15,112].

9. Justification: Model justifies existing domain knowledge [113,128].

2.3.3 Taxonomy of Interpretability Methods

Interpretability techniques provide model interpretations that take the form of expla-
nations. Hence, in this thesis, the broader class “interpretability” describes the inter-
pretability techniques. Researchers differentiate between the interpretations based on
whether they describe the model behavior [19,112,115,118,121,126,129-131]. Inter-
pretability encompasses different aspects such as training algorithm, hyperparameter
settings, weight representation, mathematical relationships between inputs and out-
puts [112,115]. Figure 2.9 provides the taxonomy of interpretability techniques that
can be categorized through the following aspects: (i) Generating interpretations; (ii)
Scope; (iii) Level of Evaluation; and (iv) Nature of the technique.

Generating Interpretations: Interpretation methods can be differentiated
according to the interpretations they produce. The interpretability techniques can

generate interpretations in the following ways:
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Interpretability || In the form of > Explanations
Interpretations Scope Evaluation Nature
| | Feature Summary | | | Algorithmic | o | Intrinsic/
Statistics Transparency Exceitaaldation Model-Specific
Feature Summary | | | Global, Holistic (- e L. Posthoc/
Visualization Interpretability Dilettapie valdation Model-Agnostic
Trained Model | .| Global, Modular L Proxy Model
Weights Interpretability Validation
| | Training Data | | Local Interpretable:
Instances Single Prediction
L Intrinsically || Local Interpretable:
Interpretable Multiple Predictions

Figure 2.9: Taxonomy of interpretability techniques.

1. Feature Summary Statistics: A statistical summary for input features denotes
individual feature importance, or pairwise feature correlation [125].

2. Feature Summary Visualization: The statistical summary could be visualized
to provide better insight into the feature contribution responsible for the pre-
diction. For instance, partial dependence plots [132], shapley Additive expla-
nations [133], local interpretable model-agnostic explanations [123].

3. Trained Model Weights: The intrinsically interpretable models fall in this cat-
egory. A few examples are linear model weights, the features and thresholds at
nodes of decision trees, visualization of convolution filter maps in CNN [125].

4. Training Data Instances: The techniques producing data instances (either train-
ing data samples or a combination of training data samples) to make a model
interpretable. For example, an explainable deep neural network that generates
explainable prototypes to make the model interpretable [31,134]. The method
is suitable for computer vision and the natural language processing domain
but provides less valuable insight for data with large numerical and categorical
features.

5. Intrinsically Interpretable: Black box models can be interpreted through ap-
proximation using a piece-wise linear or an interpretable model. The inter-

pretable model could be interpreted either through learned weights or sum-
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marised feature statistics [125].

Scope of Technique: The interpretations provided by the technique could be
local or global or somewhere in between local and global [19,20,29,114,120, 125,135
137]. The global interpretations provide an understanding of the logic that the model
follows and a generalized reasoning leading towards different outcomes [114]. Global
interpretations provide insight on how a model is working, where the insight includes
training information, functional level performance such as F1 score, and failure modes,
i.e., where the model fails to predict correctly [137]. Although the interpretations have
completeness, they suffer from a lack of comprehensiveness. On the other hand, local
or instance level interpretations are specific model outputs that are comprehensive,
but lack completeness [114,125,137]. Global interpretations describe model processes,
and local interpretations describe model behavior. Hall et al. [135] suggested that best
interpretations are a combination of global and local interpretations. Following are

the major scopes defined in the literature:

1. Algorithmic Transparency: The scope highlights the transparency of the model’s
learning procedure using the training data and relationships learned during
training. In CNN; the convolution filter visualization explains the type of de-
tectors learned but not how individual predictions are made. Linear models are
transparent, but gradient backpropagation of DLM is less transparent [112].

2. Global, Holistic Model Interpretability: If the overall model decision-making is
comprehensive through a holistic view of input features, trained model weights,
and model architecture, the model is interpretable at a Global level [23]. It
helps to understand the distribution of target outcomes based on the features.
However, it is difficult to achieve as a large number of model parameters make
it difficult for humans to comprehend, as a larger dimension space cannot be
understood by humans [112].

3. Global Modular Interpretability: Interpreting a large number of parameters
could be performed by understanding the individual weights or a group of
weights at a modular level to achieve global model interpretability. However,
models might not be interpretable at a parameter level. For instance, the split
and leaf nodes are helpful for decision trees, the weights are beneficial for linear
models [112].

4. Locally Interpretable for Single Prediction: The models can be interpreted lo-
cally for the individual prediction that may depend on a few features. Local

explanations could be more accurate than global explanations [112]. This the-
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sis focuses on interpreting individual predictions for model-agnostic posthoc
methods and model-specific implicit methods.

5. Locally Interpretable for Multiple Predictions: A group of predictions could also
be explained with global and modular methods or instance-based explanations.
Here, the group of instances is treated as if they represent the complete dataset
followed by individual explanation methods for each instance followed by ag-

gregation of explanations for the group [112].

Evaluating Interpretability Techniques: Although measuring interpretabil-
ity is an active research field, a real consensus about interpretability in machine
learning and evaluation metric is still lacking. However, there are a few evaluation

approaches proposed in the literature [29,125]:

1. Expert Validation: The technique embedded in a product performing a real
task is validated by experts. For instance, an ECG classification system will
generate heatmaps highlighting relevant signal timestamps for a diagnosis, and
the cardiologist will evaluate the model.

2. Dilettante Validation: The technique is validated by dilettante/non-experts.
The advantage is that no domain expert is required and could be validated by
several users. For instance, users can choose the best explanation from various
explanations.

3. Prozy Model Validation: The technique adopts a proxy function/model that
is already validated by non-experts. Suppose users understand decision trees,
then tree depth can be provided as a proxy for explanation where short trees

get a high explainability score.

Nature of Interpretability Techniques: The techniques can be applied to
a model after or during the model building. The nature of the techniques becomes
intrinsic if they are part of the model architecture and posthoc if they are applied
later to a pretrained model. The intrinsic and posthoc techniques are the main focus

of the thesis and are discussed in detail in Section 2.3.4.

2.3.4 Implicit vs Posthoc Techniques

The nature of interpretation techniques can be categorized into implicit or posthoc
interpretations [125]. The implicit or transparent or white-box interpretation provide
insight to the detailed model internal operations, such as why the model may fail,

and also aid during model debugging, monitoring, and model improvement [112,115,
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118,121,126,129,131]. On the other hand, the techniques focusing on model outputs
and highlighting changes in inputs are known as posthoc interpretations as they
provide reasons for output and not the information regarding the model’s internal
working [115,121, 126,127,130, 131, 131]. The posthoc interpretations also provide
insights into why a model may fail or generate undesired effects [129]. However,
the interpretations change with the posthoc techniques, but they can be adopted for
pretrained models, and retraining can be omitted. Thus, these interpretations have
better comprehensiveness with less completeness [131]. Model interpretability has
been classified into various categories in the literature [14,20, 112,114, 118,125,129,
135, 138] but the general consensus is that it can be categorized into implicit and
posthoc approaches [14,15,112,114,117,120,125,129,138-140]. A general description
and various sub-categories of implicit and posthoc techniques are provided.
Implicit Approaches: The intrinsic or implicit interpretability methods are
considered interpretable due to their simple structure, which restricts the complexity
of ML models [125]. The implicit approaches are generally model-specific as they
are embedded in model architecture and describe model behavior at local and global
levels, where global-level interpretation is more common [14,114,125]. Decision trees
and linear models are considered intrinsically interpretable due to their simple struc-
ture. The interpretation of regression weights in a linear model is an example of
model-specific interpretation. Implicit approaches can be sub-divided into transpar-

ent, hybrid, and approaches generating prototypes as explanations [14,118].

1. Transparent Approaches: Family of models whose internal mechanisms are com-
prehensive [14,112]. These include decision trees, Naive Bayes, logistic, and lin-
ear regression models. These models themselves serve as an explanation and are
also termed as an intrinsically interpretable model, transparent model, white-
box model [20,22,114,120,141]. These models generate explanations that have
completeness, but comprehensiveness depends on model complexity, which leads
to inferior performance, such as in the case of the linear regression model.

2. Explainable Prototypes: The approaches are applied in a cascaded fashion to a
black-box model that provides prototypes as explanations for improving trans-
parency of internal mechanisms of the model [118]. The trade-off between
completeness and comprehensiveness varies with the approach. For instance,
in [31,134], the authors combined clustering and neural networks for classifica-
tion and generation of explainable prototypes.

3. Hybrid Approaches: Approaches that combine transparent and black-box mod-

els, thereby sacrificing comprehensiveness but achieving better performance [14].
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In [14], authors combined logistic regression and support vector machine, and
the resultant model was transparent and provided explanations. The attention-
based models produce heatmaps that highlight relevant signal timestamps for
ECG classification [142-149]. However, these models are inapplicable to previ-

ously developed pretrained models.

Posthoc Approaches: Posthoc approaches are applied to already built trained
models and are also applicable to intrinsically interpretable models [20,112,114, 125,
129]. The posthoc approaches are generally model-agnostic or model-independent.
They can be applied to a pretrained intrinsically interpretable model to analyze the
input-output relationship to describe the model’s internal mechanism [14,114,125,135,
139, 140]. The approaches work at global and local levels, where local-level interpre-
tations are more common. The generated interpretations have low completeness but
high comprehensiveness and are more generalized. The approaches allow customiza-
tion for varying user needs, thereby enabling comparisons and model switching in
an already deployed system [140]. The posthoc methods approximate the reasoning
rather than providing a cause-effect relationship for a pretrained classifier [31]. They
are deprived of model weights or architectural information. Moreover, their explana-
tions change with classifier, leading to multiple conflicting yet convincing explanations
for a prediction [31]. The posthoc approaches generate visualizations through par-
tial dependence plots, rule-extraction, feature influence methods such as sensitivity
analysis [114,125]. For instance, feature ranking is calculated for decision trees.

Posthoc techniques can be categorized into Perturbation and Backpropagation
based methods. The perturbation-based methods perturb the input signal with noise
and observe the changes in predicted probability. The perturbation of most con-
tributing signal timestamps reduces the likelihood with the maximum amount [150].
However, multiple feed-forward runs are required for a given input, making the tech-
nique computationally expensive. The method is unstable to surprise artifacts as sud-
den perturbations to a normal class signal might result in a diseased class prediction,
making the technique unsuitable. The backpropagation-based posthoc techniques are
computationally cheaper and measure the contribution of input signal timestamps
through backpropagation-based methods. The backpropagation-based posthoc tech-
niques can be categorized into relevance score backpropagation-based techniques and

gradient backpropagation-based techniques.

1. Relevance score backpropagation methods: These techniques calculate the rele-
vance of each input signal timestamp by backpropagating the probability score
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instead of the gradient. In the literature, two relevance score-based techniques
are proposed, namely, Layerwise Relevance Propagation (LRP) [151] and Deep
Learning Important FeaTures (DeepLIFT) [152]. LRP propagates relevance
scores and redistributes as per the proportion of the activation of previous lay-
ers. Since the redistribution is based on activation scores, the technique does
not suffer difficulties with non-linear activation layers. DeepLIFT explains the
difference in the output prediction and prediction on a baseline reference signal
instead of directly explaining the output prediction [152].

2. Gradient backpropagation methods: These techniques backpropagate the out-
put gradient to the input layer to describe the influence of input timestamp
on the predicted class. The methods describe the local behavior of the out-
put at specific input timestamps. The method requires a single forward and
backward pass instead of multiple forward passes for the perturbation-based
methods, making it computationally inexpensive and free of artifacts. The
Gradient backpropagation-based techniques include Guided Backpropagation
(GBP) [36], Gradient Class Activation Map (Grad CAM) [37], and their hybrid
Guided Grad CAM [37].

This thesis focuses on gradient-backpropagation-based posthoc techniques for
ECG interpretation, including GBP, Grad CAM, Guided Grad CAM, and implicit

approaches, including attention mechanism and explainable prototypes.

2.3.5 Model Interpretability in Cardiology

The stakes are high in cardiology, motivating the use of the DLM to assist physicians
in achieving various goals [19]. DLM analyzes patient data and derives insights to
aid clinical decision-making [19, 22,153, 154]. Effective use of DLM requires medical
personnel to assimilate knowledge from the model with proper reasoning and combine
prior domain knowledge to make informed decisions [100,114,153,154]. The black-box
nature of DLM limits the clinical deployment of models that undermines their useful-
ness to clinicians [155]. Lack of interpretability in DLM can reduce trust, especially in
cardiology, which deals with life and death issues [156]. Despite the wide application
of DLM in cardiology [157-159], cardiologists are cautious of blindly trusting the pre-
diction of a DLM that does not provide insight into the decision-making process due
to their black-box nature [160]. Medical personnel is legally and ethically responsible
for decisions based on DLM, making it unlikely to adopt these models without proper
justification to account for errors or data bias [19,22,100, 113,124,128, 154].
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Model interpretability is needed to derive actionable insights, verify model out-
puts, defend care decisions, generate new knowledge that could help advance the
field [19,154,161], provide a critical understanding of the model’s strengths and weak-
nesses [162]. The newly discovered knowledge can assist experts in causal reasoning
and hypothesis generation in identifying explanatory variables to study [161, 163]
potentially leading to new therapies and interventions that improve prediction per-
formance with low costs [154, 163, 164]. Since medical practitioners are already
overwhelmed by vast amounts of data, explanations must be delivered in a man-
ner that does not exacerbate this problem [19,124]. In addition, the user should
be satisfied with the provided information [19,124]. If a CADDS predicts the car-
diac abnormality without indicating appropriate reasons, the predictions may cause
a delay in treatment and waste cardiologists’ time for false positives [165]. Thus,
much of the literature motivates the need for model interpretability in cardiology
by claiming that it is integral to a DLM’s usability, acceptability, and trustworthi-
ness. [19,22, 100, 113,124, 161, 166]. The objective is to provide better and more
effective care for a patient [19].

Researchers have published several articles supporting interpretability in DLM
[167]. However, the research focuses more on creating intelligible explanations that
explain the model’s decision-making process through a transparent design that more
closely mirrors evidence-based clinical reasoning or by identifying the important fea-
tures that describe how it predicts specific predictions [168,169]. The techniques tar-
get transparency [169] to increase clinician trust in black-box models [168]. Krause
et al. [170] performed a human evaluation of a custom visual explanation approach,
but the users were data scientists/analysts and not healthcare providers. Lundberg et
al. [171] evaluated whether explanations improved anesthesiologists’ ability to predict
hypoxemia risk during surgery without considering the system satisfaction achieved

by anesthesiologists regarding explanations.

2.4 Summary

This chapter presents the background of the cardiovascular system, ECG classifica-
tion, and interpretation. The cardiovascular system includes electrophysiology be-
hind heartbeat genesis, history of clinical ECG, its acquisition. Then individual
components of an ideal ECG classification framework are discussed, including signal
denoising, heartbeat segmentation, heartbeat synthesis, cardiac abnormality classi-

fication, and interpreting model predictions. Lastly, the interpretability landscape
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is explained, which defines interpretability, the difference between interpretability
and explainability, the criteria for developing an interpretable model, the taxonomy
of interpretability methods proposed in the literature, and the perspective of inter-

pretability in cardiology.
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Preprocessing Electrocardiogram Signal

The preprocessing of ECG involves noise filtering, segmentation to extract heart-
beats, and synthesis of heartbeats to alleviate data imbalance. ECG signal is contam-
inated with low and high frequency noises that deteriorate the signal quality during
the data acquisition, making further processing challenging. Section 3.1 describes
different types of noises corrupting ECG and provides an empirical study for baseline
wander removal techniques from ECG signal. The heartbeats extracted from clean
ECG signal indicate the occurrence of arrhythmia that might turn fatal if left un-
treated. Detecting the beats is challenging as ECG is a non-stationary signal, and the
signal amplitude varies in both intra and inter patient ECG. Heartbeat detection or
finding R-peaks from ECG is necessary as its a precursor to finding heart rate, which
is a crucial parameter to analyze many heart diseases, such as arrhythmias. R-peaks
also serves as a reference for the detection of other characteristic waves and parameter
measurements. Section 3.2 describes a fractal based approach to detect R-peaks from
ECG signals. The classifiers can achieve good performance using labeled, diverse,
and realistic-looking heartbeats, which are difficult to acquire in practice. The chal-
lenge in synthesizing beats occurs because of the complex biological and physiological
systems generating these beats. Publicly available datasets often might miss out on
relevant information, thereby failing to satisfy specific criteria concerning a study.
This necessitates synthesising heartbeats to improve the classification performance.
Section 3.3 describes a heartbeat synthesis approach that uses generative models to
synthesise class specific heartbeats.
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3.1 Baseline Wander Removal to Enhance ECG
Signal Quality

ECG signals are usually non-stationary, containing low and high frequency noises
that distort the ECG signal. The presence of noise and artefacts corrupt the signal
and make the subsequent signal processing analysis less accurate. For effective ECG
analysis, it has to be decluttered from embedded noises. The noises originating from

different sources are as follows:

e Power line interference (PLI) originates from power sources such as wires with
interfering frequency of 50 Hz. A typical PLI corrupted signal is shown in Figure
3.1a. A number of filters have been proposed for removing PLI [172].

e Electrode contact noise (ECN) originates due to disconnected measurement
system from the subject which maybe caused due to movements and vibration.

An ECN corrupted signal with 60 Hz frequency [173] is shown in Figure 3.1b.

e Motion artefacts are transient baseline changes occurring due to variations in
the electrode-skin impedance. It can be caused due to movement or vibrations

of the patient. A typical motion artefact is shown in Figure 3.1c.
e Muscle contractions cause artefact of millivolt-level as shown in Figure 3.1d.

e Electrosurgical noise is caused by the electrosurgical instrument that is used
to record ECG and operates on high voltages [174], see Figure 3.1le. During
electrosurgical instrument activation, extraordinarily large transient voltages
(100 - 400 V) are generated ubiquitously over the patient’s skin surface with
frequencies between 100 KHz and 1 MHz.

e Baseline Wander (BW) occurs due to variations in electrode-skin impedance
[175]. BW can be represented as a sinusoidal component at the frequency of
respiration added to the ECG signal, see Figure 3.1f. Low-frequency noise
caused due to BW ranges between 0.5 + 0.5 hertz frequency and is caused due
to respiration or motion of the subject, dirty leads and improper skin contact of
electrode. BW hinders the doctors in analyzing the ST segment as both of them
have a similar frequency spectrum [81,82]. BW introduces a gradual increase in
the amplitude of ECG signal, thereby degrading the PQRST morphology. This

section focuses on removing BW for effective ECG analysis.

TH-2764_156201001
38



3. PREPROCESSING ELECTROCARDIOGRAM SIGNAL

2000 : . . . 2000
1500} 1 1500
1000 4 1000 -
500 4 500
500, 2000 4000 6000 8000 100007590 2000 4000 6000 8000 10000
Sample number Sample number
(a) Power Line Interference (b) Electrode Contact Noise
2000 . . : 2000 - - . .

1500
1500

r =500 |-

2000 4000 6000 8000 10000 %% 2000 4000 6000 8000 10000

=

=3
——=
=
=]

-500
0

Sample number Sample number
(c) Motion Artifact (d) Muscle Contraction
2000 T T 500 T T T T

1000
-500

:XWMWMMWMUMWWWM

0 2000 4000 6000 8000 10000 0o 2000 4000 6000 8000 10000

-1000

Sample number Sample number
(e) Electrosurgical Noise (f) Baseline Wander

Figure 3.1: Types of noises corrupting ECG signals.

3.1.1 Brief Overview of Baseline Wander Removing Tech-

niques

In the past, researchers have removed baseline wander from ECG signal using cubic
spline curve fitting method [176], non-linear filter banks [177], median filters [178],
mean median filters [179], adaptive filters [180] and combination of wavelet and adap-
tive filters [181]. Lifting-based discrete wavelet transform [182], statistical techniques
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like independent component analysis [183] have also been used to remove artefacts
from ECG. Filtered residue [184], independent component analysis [183, 185] have
also been used for BW removal from ECG singals. BW removal from ECG signal
has also been performed using empirical mode decomposition (EMD) and its vari-
ants [186-191]. EMD itself is unable to remove BW as it distorts the QRS complex
and attenuates R-peak. So, different techniques were employed in addition to EMD
including mathematical morphology [187], adaptive filter [188], and wavelet trans-
form [189]. Ensemble EMD was also used to remove noise [190]. Complete ensemble
EMD with adaptive noise and wavelet threshold [191] was also used to remove BW.
In most of the aforementioned techniques, filtering, wavelet transform and EMD
based methods are prevalent for BW removal. The techniques based on EMD and
its variants provide comparatively better results but require a high execution time.
EMD performs signal decomposition into high and low frequency components that
are commonly known as Intrinsic Mode Function (IMF). High frequency component
denotes the QRS complex and high frequency noise such as the interference from
power sources. Low frequency components are P, T waves, ST segments and BW. Di-
rect removal of higher order IMF ruptures the ST segment morphology. Hence, EMD
is used in tandem with different techniques. The problem with wavelet transform is
the requirement of the P, T wave morphology that is difficult to obtain and also the

methods fail in the presence of other noises.

3.1.2 Investigated Techniques

Several signal decomposition and filtering techniques are explored for detecting base-
line wander from ECG signals. The signal decomposition techniques include Empirical
Mode Decomposition, Ensemble Empirical Mode Decomposition, Complete Ensemble
Empirical Mode Decomposition with Adaptive noise, and Variational Mode Decom-
position. The filtering techniques include median filtering and mean median filtering.

A brief description of these techniques is as follows.

Empirical Mode Decomposition (EMD) [192] is a data-driven technique that
decomposes a non stationary signal (generated from non linear systems) in narrow-
band monocomponent signals also called as intrinsic mode functions (IMF). IMFs are
zero mean amplitude modulated frequency modulated (AMFM) components. How-
ever, it is not guaranteed that an IMF consists of a single oscillatory mode, and
neither be narrowband signal nor meaningful due to its limitations. The IMF should
satisfy the following stopping criteria: (i) Number of extrema (local maxima and local
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minima) and zero-crossings must differ at most by one; (ii) At any timestamp, the
mean value of the envelope defined by the local maxima and the envelope defined by

the local minima is near zero [192]. Algorithm 1 calculates EMD of signal y(t).

Algorithm 1 Empirical Mode Decomposition

Input: ECG signal (y(t))

Output: ]MFEMD (Z(t))
1. Determine all local maxima 4., (t) and local minima y,,;,(¢) for y(t).
2. Interpolate Yqez(t) and ymqn(t) using cubic spline.
3. Calculate mean m(t): m(t) = (Ymaz(t) + Ymin(t))/2.
4. Calculate d(t): d(t) = y(t) — m(t).
5. Check if d(t) is an IMF using the stopping criteria, if it satisfies the criteria then
goto step 6 or else goto step 1.
6. The above procedure is called sifting. After obtaining the first IMF, subtract it
from y(t) and obtain the remaining signal. Perform sifting on the obtained signal
until the residue persists any meaningful frequency information.
7. The final decomposed signal can be obtained as a sum of IMF’s d,(t) and a
residue 7, (t) as provided in Equation 3.1.

2(t) = ) dn(t) + () (3.1)

The IMF's obtained using EMD suffers from oscillation with multiple frequencies
in a single mode or single frequency in multiple modes. This problem is commonly
known as “mode mixing”. Adding multiple realizations of a specific amount of noise
removes mode mixing by utilizing the dyadic filter bank behaviour of EMD [193].
This phenomenon was termed as ensemble EMD (EEMD) [194].

EEMD [194] decomposes the original signal for multiple ensembles of noise and

produces the modes by averaging. Algorithm 2 calculates EEMD of signal y(t).

Algorithm 2 Ensemble Empirical Mode Decomposition

Input: ECG signal (y(t))

Output: IMFgpyp (Dy)
1. Generate a new input by adding multiple noise realizations of N(u = 0,0 = 1).
2. Decompose each new input using EMD and obtain the IMF dj.
3. Assign dj, as the k' IMF obtained from y(¢) by averaging the corresponding IMFs
as given in Equation 3.2.

I

1 .

i=1

Each pair of signal and noise is individually decomposed and their residue r;* =
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re' ' — d;’ is obtained thereby eliminating the estimation of local means.

EEMD alleviates mode mixing problem but introduces the problem of residual
noise that corresponds to the difference between reconstructed and original signal.
Another problem is that the averaging of IMF's is difficult due to the fact that varying
number of IMFs are generated by EEMD. This led to the development of Complete
Ensemble EMD using Adaptive Noise (CEEMDAN) [195].

CEEMDAN [195] not only achieves negligible reconstruction error but also
solved the problem of varying number of modes for different noise realizations. The
basic intuition of CEEMDAN comes from the fact that it utilises all final modes
generated by multiple noise realization of signal for the calculation of the next mode.
This estimates the local mean of modes in an efficient and sequential manner for each
noise realization. Suppose Ej(.) generates k' IMF via EMD. Then CEEMDAN of
signal y(t) is calculated using Algorithm 3.

Algorithm 3 Complete Ensemble EMD with Adaptive Noise
Input: ECG signal (y(t))
Output: ]MFCEEMDAN (l’) ' ‘
1. For every j = {1,...,J}, decompose each y) = y + Byw") using EMD until the

_ e
firss CEEMDAN mode is obtained. Then compute dy = 5 > d.
7=l

2. Calculate first residue using r; =y — dj.
3. Generate first mode of r; + 81 F;(w"%) by EMD, where j = {1,...,J} and
J

calculate second CEEMDAN mode as dy = & > Ey(r1 + 1 By (w")).
j=1
4. For k = {1,..., K} calculate the k' residue as r;, = T(k—1) — dp.
5. Calculate first mode of r, + B Ep(w") by EMD, where j = {1,...,J} and
J

calculate the (k + 1) CEEMDAN mode as di41) = 3 > Ei(ry + BpEy(w"))).
j=1

6. Goto step 4 for the calculation of next mode k.

7. Iterate steps 4 to 6 until the residue satisfies IMF conditions or it has less than
K __

3 local extremum points. The last residue satisfies: rx =y — > di, where K is the
k=1

number of IMFs. Therefore, the overall signal can be represented by Equation 3.3.

K
x = Zd_k+rK (3.3)
k=1

Modes extracted using CEEMDAN provide exact reconstruction of the original
signal. Final number of IMFSs is solely determined by the data and the stopping
criterion. However, CEEMDAN also suffers from residual noise as the signal informa-
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tion appears in higher order IMF as compared to EEMD and some “spurious” lower
order modes [195]. Theoretical and mathematical literature still lacks in finding out
the number of ensembles and the amplitude of noise to be added in order to boost
performance.

Variational Mode Decomposition (VMD) [196] is a data adaptive technique
that generates the variational modes from multicomponent signal y(¢) in an entirely
non recursive and concurrent fashion. The variational modes (uy) are quasi orthogonal
and bandlimited around center frequency (wy) that are capable to reproduce the
input signal. VMD comprises of a strong mathematical framework. It uses the
concepts of Wiener filtering, Fourier transform, Hilbert transform, analytic signal
and the frequency shifting through harmonic mixing. Algorithm 4 describes signal

decomposition through VMD.

Algorithm 4 Variational Mode Decomposition

Input: ECG signal (y(t))

Output: IMFyyp (yx(t))
1. For each mode, the analytical signal is computed using the hilbert transform to
acquire a unilateral frequency spectrum.
2. The spectrum of the obtained mode is mixed with an exponential that shifts it
to an estimated center frequency.
3. The bandwidth of the mode is estimated through the squared norm of the de-
modulated signal.
4. Perform above steps until convergence and calculate y,(¢) using Equation 3.4.

min
{yrt{wr} { Z

k

% K‘S@ + %) * yk(t)] e Iext

} sty y(t)=y(t)  (34)

2 k=1

where, ¢ is the dirac distribution, ¢ is the time, K is the number of modes and * is
the convolution operator.

Mean-Median Filtering (MMF) [197] utilizes the convex combination of the

sample median and sample mean of signal y(t) as provided in Equation 3.5.
MMF = (1 — «)*mean(y(t)) + a * median(y(t)) (3.5)

where, a € [0, 1] is the ‘contamination factor’.

3.1.3 Dataset Description

Massachusetts Institute of Technology-Beth Israel Hospital (MIT-BIH) database [32,
38] is used for experimental purposes. The Database is freely available at Phys-
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ioNet [34] since 1999. It consists of 23 normal and 25 arrhythmic dual-channel ECG
recordings with sampling frequency of 360 Hz. The two channels are Modified limb
lead IT (MLIT), MLII lead signal is used for experimental purposes. Figure 3.2a rep-
resents a normal sinus rhythm from record 103 that is contaminated with BW and
Figure 3.2b represents the clean normal sinus rhythm (NSR). Similarly, Figure 3.3a
represents a segment of ventricular tachycardia (VT) from record 205 that is contam-

inated with BW and Figure 3.3b represents the clean segment of VT.
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Figure 3.2: Normal Sinus Rhythm from record 103 of MIT-BIH Dataset.
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Figure 3.3: Ventricular Tachycardia Segment from record 205 of MIT-BIH Dataset.
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3.1.4 Methodology

A detailed analysis is presented for estimation of BW using Variational Mode Decom-
position. Different parameters of VMD are varied, namely, the bandwidth constraint
and number of modes for better decomposition of the input signal into a clean sig-
nal and BW. A comparison between different variants of EMD, filtering techniques,
namely median, mean median filtering, and Variational Mode Decomposition, is also
performed for an effective estimation of BW. For testing the robustness of the tech-
niques, artificially generated noise of frequency around 0.4 + 0.4 Hz was added to the
original signal. These frequencies correspond to the BW frequency. The noisy signal
was provided to different BW estimation techniques. The techniques include median
filter [177], MMF [197], Blanco EMD [186], combination of MMF with EMD [198],
EEMD with fixed cut off frequency [194], and VMD [196]. The estimated baseline
is subtracted from noisy signal producing the denoised signal as illustrated in Figure
3.4.

[ Original Signal e Noisy Signal ]—{ BW Estimation H Denoised Signal ]

Figure 3.4: Baseline wander estimation workflow.

3.1.5 Results and Discussion

For comparing the technique efficacy, three evaluation metrics have been employed:
Percentage root mean square difference (PRMSD), Maximum Absolute Error (MAE),
and Pearson Correlation (PC) as provided in Equation 3.6, 3.7, and 3.8, respectively.
In addition to the metrics, time taken by each technique for BW removal was also
measured. Here, x[n]| represents the signal contaminated with baseline wander, Z[n|
represents the clean signal and N represents number of samples in the signal. x[n]
and Z[n| are similar length signal.

The NSR segment is decomposed into variational modes/components using VMD
and then original signal is reconstructed from variational modes after removal of noisy
component. The difference between the original and reconstructed signal is illustrated
with the help of Figure 3.5. The number of modes/components varied from 2 to 15 and
center frequencies varied from 1000 to 60000. The PRMSD and MAE are maximum
when number of modes is less, and bandwidth constraint is very high. As variational
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modes increases, the bandwidth constraint should also be increased in order to obtain

less error while reconstructing the original signal.

5 [2(n) — 3(n)]?
PRMSD = | "= — x 100% (3.6)
3 e’
MAE = max{fa(n) — (1) } (37)

As specified by [196], both over-binning and under-binning have advantages and
disadvantages. During under-binning (less number of variational modes), mode shar-
ing occurs between the neighbouring frequency for small center pulsation and high-
frequency variational modes are discarded, as these modes are considered as noise
for large pulsation. During over-binning (higher number of variational modes), larger
values of pulsation allows a low-frequency band in the decomposed modes provid-
ing very compact band in frequency spectrum but with increased execution time for
mode extraction. After the signal decomposition using VMD), the baseline wander
was mostly present in the 1% component. A similar pattern can be observed for
correlation where the PC increases as K and w increase together. In the case of
low K and high w, the correlation becomes insignificant. The memory consumption
also increases by 50 mega bytes for each additional variational mode. The time for
mode extraction via VMD increases exponentially with each new mode. Hence, for
higher number of modes, the execution time limits the real world use. Therefore, it
can be inferred that there exists a relation between the variational modes and band-
width constraint such that if either of them increases then the other has to increase
in order to produce consistent modes with least reconstruction error in least square
sense. It is also clear that larger values of variational modes and bandwidth con-
straint produce modes with compact frequency spectrum when compared to smaller
values, but the execution time and RAM requirement also increases. Moreover, the
variational modes extracted by VMD for the corresponding signal precisely captures
their center frequencies. The trend and mid frequency bands of the obtained modes
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Figure 3.5: Application of VMD on NSR where the variational modes vary from 2 to
15 and center frequencies vary from 1000 to 60000.

consists of less spurious oscillations when compared to EMD. In addition to the above
characteristics, no additional spectral and temporal feature estimates are required for
discriminating the BW components from the ECG. As a precise value for number of
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variational modes and bandwidth constraint was difficult to determine, w = 8000 and

K = 8 was chosen for achieving least reconstruction error.

Comparison with Other Techniques: Comparison with median filter, mean
median filter and EMD along with its other variants for BW removal in NSR and
VT is also performed. Median filters [177] were employed in a cascading fashion
where the output of first filter was provided as input to second filter and a step like
waveform is obtained as the resultant BW. The window length for the filters was
kept at 251 and 601 for first and second filter, respectively. Thus providing a high
value of correlation between obtained and BW present in the signal. Mean median
filter (MMF') [197] were also applied in a similar fashion as the median filters with
similar window length with w = 0.6. The mean median filters produce a very smooth
baseline because of the presence of mean filter. The mean filter overestimates BW
because of the presence of QRS complex and the median filter produces trimmed
mean that in turn leads to severe wave distortion. Hence, MMF not only preserves
the outline of BW but also avoids step like waveform as generated by the traditional
median filter. However, the drawback is that the discontinuity is still present in the
obtained baseline at the signal endpoints. Blanco’s EMD. [186] method was chosen
where EMD is employed for signal decomposition to obtain IMFs with multiband
filtering for BW estimation. The EMD algorithm produces high frequencies in lower
order IMFs and low frequencies in higher order IMFs. So, the BW is present in higher
order IMF's (except the residual mode due to less number of extrema). However, it is
worth mentioning that generated baseline has phase difference compared to original
baseline. Hence, if the two baselines are aligned together, they produce a very high
correlation. BW obtained through MMF resulted in discontinuities at the starting
and ending point of the baseline. Hence, the fourth experiment combines MMF and
EMD [198], where EMD smoothens the baseline obtained from MMF. Two mean
median filters with window length of 250 and 600 were used that produced the BW.
The obtained BW was decomposed using EMD and noisy IMFs were removed using

statistical methods.

According to the results, BW was present up to the last 6 IMF with L = 0.05.
These values were obtained in contrast to the PRMSD and Pearson correlation which
turn out to be around 0.85 and 61.37. It can be observed from the Figure 3.6 that
due to the shifted baseline, the performance metrics deteriorated. We performed
two more variations to the [186] approach by employing EEMD and CEEMDAN in
place of EMD that helped in better estimation of baseline wander. However, the
time required by CEEMDAN was very high making it unreasonable for real-time
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applications. Hence, the results of CEEMDAN are not included in this work. The
performance for all the techniques for NSR are provided in Figure 3.6. The best
PC was obtained for VMD at 0.98 followed by median filter, and EEMD with fix
cut off frequency. Median Filter correlation constantly reduced from 0.97 to 0.83 as
the artificially induced noise was increased. Except for Blanco EMD method, other
techniques did not produce much change in MAE when the noise was increased.
VMD produced least MAE among all at 27%. Median filter, EEMD_Fixcut, and
Blanco EMD produced MAE in an increasing fashion as the noise was increased. For
PRMSD, median filter and Blanco EMD produced an increase in error as the noise
increased. VMD again provided the least error irrespective of the noise. The time
taken by decomposition techniques namely EMD, EEMD and VMD were higher than
other techniques. Median filter, MMF and MMF-EMD took the least time at around
0.1, 0.6, and 3 seconds, respectively. VMD took around 5 seconds.

Results on VT for all techniques for all evaluation metrics are provided in Figure
3.7. The best PC was obtained for VMD at 0.97 followed by EEMD_Fixcut, and
median filter. The PC values for MMF and MMF with EMD were better than
the ones obtained for NSR. Blanco EMD method performed similar to MMF for
high noise frequencies. MAE values kept varying for all the techniques at different
noise frequencies. However, VMD provided less error at most frequencies and MMF,
MMF-EMD and Blanco EMD method provided highest error. VMD, EEMD fix cut
achieved low PRMSD ranging between 20% to 25%. PRMSD kept increasing for
MMF, MMF-EMD, and Blanco EMD method producing the highest PRMSD values.
Median filter, MMF and MMF-EMD took the least time, whereas decomposition took

relatively higher execution time.

The higher the complexity of the present baseline, the more execution time the
algorithm took to decompose the signal. Hence, as the noise increased the time to
decompose also increased. Results for CEEMDAN are not included as its execution
time exceeds by a huge margin as compared to other approaches. The comparison
depicted that VMD estimates better baseline as compared to other techniques in terms
of PC, PRMSD, and MAE. However, the time required to decompose the signal is
relatively higher than the filtering techniques. The preprocessing stage is followed by
segmentation of heartbeats from single lead ECG signal.
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Figure 3.6: Comparison between the techniques for BW removal from NSR.
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Figure 3.7: Comparison between the techniques for BW removal from VT Segment.

3.2 R-Peak Detection from Single Lead ECG

Heartbeats extracted from a single-lead ECG signal might indicate the occurrence of
TH-276 4_1562163%11ar or arrhythmic beats that might turn fatal if left untreated. But detecting
51
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the beats is challenging as ECG is a non-stationary signal, and the signal varies from
patient to patient and irregular beats may occur sporadically. Heartbeat detection
or finding QRS complexes from ECG is necessary as its a precursor to finding heart
rate, which is a crucial parameter to analyze many heart diseases, such as arrhyth-
mias. It also serves as a reference for the detection of other characteristic waves
and parameter measurements. Figure 3.8 provides an illustration of regular and ir-
regular heartbeats extracted from single-lead ECG. An ideal heartbeat constitutes
a P-wave, QRS-complex, and T-wave representing atrial depolarization, ventricular
depolarization, and ventricular repolarization, respectively as described in Figure 3.9.
According to the medical definition [83], R-peak is positive, Q-peak and S-peak are
negative. Accurate QRS detection enables individual beat examination for acquiring
information about heart rate variability, ST segments, heart rhythm abnormalities,
and effective fine grained heartbeat classification. The QRS detection is challenging
due to the dynamic behaviour of heart that produces non-stationary ECG signals and
the presence of high and low frequency noise in ECG signal that gets added during
signal acquisition. The types of noise and preprocessing needed is provided in Section
3.1. Efficient QRS detectors avoid storing unnecessary segments and capture essential

irregular segments for clinical examination by physicians.

QRS
Complex
MJD\MMJ .

PR Interval Q

QT Interval

Figure 3.8: Heartbeats Extracted from ECG. Figure 3.9: Normal Beat.

3.2.1 Brief Overview of Beat Detection Techniques

The first robust QRS detection technique analyzed positions and magnitudes of sharp
waves [85]. However, the technique was not sensitive to the change of the integral
information of QRS, leading to mistakes in the cases of low-amplitude QRS, sudden
change of amplitude and high P-waves and T-waves. Li et al. [199] employed dyadic
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wavelet transform (WT) to decompose signals into elementary building blocks that
further provide sharp variation points of ECG. WT does not require any predefined
cutoff frequency for detection but are non adaptive and put ECG under microscopic
examination, making the method computationally expensive, restricting real world
deployment. Xu et al. [200] used slope vector waveform where variable stage differ-
entiation extracts slope vectors and non-linear amplification improves signal-to-noise
ratio. Suarez et al. [201] employed template matching (TM) algorithm that calculates
similarity between the predefined template and input signal using cross correlation.
However, TM can not be adapted to nonstationary patterns, requires predefined tem-
plates and similarity metric. As patient’s ECG might change over time, TM requires
reconfiguration, involving regular human supervision. Training TM requires data
which might be unavailable for new subjects with CVD. Yeh et al. [202] employed
difference operation method that splits ECG signal into positive and negative halves
and performs R peak detection, but the fixed thresholding makes the method, person
and disease dependent. Pal et al. [203] used EMD to decompose ECG signal into
high and low frequency components followed by nonlinear transformation to enhance
QRS complex. However, the extracted components were sensitive to noise requiring
effective filtering and threshold selection. Kim et al. [204] utilised the dual criteria
of amplitude and QRS complex duration using finite impulse response filter, differ-
entiation, and thresholding. He et al. [205] used K-nearest neighbours algorithm
with model parameters adjusted through Particle Swarm Optimization. Malik et
al. [206] utilised changes in heart rate and local amplitudes to detect R-Peak. Chen
et al. [207] used exponential transform to narrow the magnitude difference of R-Peak
and proportional-derivative to control the threshold to detect R-Peak. The afore-
mentioned methods focus on strengthening the QRS complex and weaken noise. The
filtering methods are simple and require less computational power but the selected
frequency range limits precise R-Peak detection. The wavelet-based techniques re-
quire selection of mother wavelet apriori, making the algorithm unsuitable for real

world.

3.2.2 Proposed Fractal Based R-Peak Detection

A simple, reliable, and intuitive algorithm for real-time R-peak detection is proposed
using the geometry of fractals that meets the clinical needs. Fractals are described
as an object with a never ending self similar structure that are created by repeating
a simple process over and over as in recursion [208|. Fractal geometry provide meth-

TH-2764_156201001
53



3.2. R-PEAK DETECTION FROM SINGLE LEAD ECG

ods for analyzing irregular structures existing in nature. It helps to understand the
amount of similarity between two objects. The fact that ECG signal is produced by
a nonlinear system, generating small or large variations, motivated the use of fractals
for QRS detection. The QRS complex structure repeats periodically in ECG making
it suitable for detection using fractals. The fast and low computational complex-
ity properties of fractals make an effective real-time QRS detector. The approach
consists of a Preprocessing stage, Fractal Analysis, and a Post Processing stage as
described in Figure 3.10. During preprocessing, ECG is cleaned from noise followed
by calculation of area under the curve using Mathematical Morphology (MM) oper-
ators such as erosion and dilation. The operators are implemented using dynamic
programming with memoization that helps in achieving accurate results in a shorter
duration. During post processing, the final peaks are extracted after resampling and

thresholding the area curve to produce the peaks of ECG signal.

Fractal Analysis Using Mathematical Morphological Operators Post Processing

ECG Signal [ Resampling J

l

Normalization
{ Hard ]

Thresholding

PLI Removal

BW Removal [ R-Peaks J

Figure 3.10: Different stages of the proposed approach.

The validity of the application of MM principles for signal analysis depends on
the following two properties: 1) Partial ordering and 2) Each subset should have a
maximum and minimum. To check the above mentioned properties in the context of
ECG signal, consider a signal z[n] where xz[n] C R. Any set that is a subset of R
satisfies the property, partial ordering < by the relation < for any pair of elements
x;, x; Vi,j,€ N. The second property is satisfied in z[n] because of the existence
of peaks and valleys in the signal. They are the local maxima and local minima of
any subset of elements in z[n|. Therefore, MM operators are applicable for R-peak
detection from ECG signals.

Data Description and Preprocessing: MLII lead from recordings of MIT-
BIH database described in Section 3.1.3 are used for R-Peak detection. The original
ECG signal is shown in Figure 3.11a. PLI is removed using a notch filter and BW is
removed using a mean median filter with an initial window of 70 and the final window
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of 250. The clean signal is illustrated in Figure 3.11b.
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Figure 3.11: R-Peak Detection for Record 100 from MIT-BIH.

Fractal Analysis Using MM Operators: The MM operators, dilation and

erosion are given in Equations 3.9 and 3.10 respectively. The area under a curve is
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calculated as the difference between dilation and erosion and is given in Equation
3.11. The key idea of morphological analysis is the understanding of features of the
regions in the signal by filling those regions by different operators. The Steps to
calculate area are described in Algorithm 5. The recursive nature of Algorithm 5 was
further optimised using the approach of dynamic programming with memoization that
reduced the time complexity of the algorithm and made it computationally efficient.
For a discrete-time finite-length ECG signal S[n], n(= 0,1, ..., N), covers are used at
discrete scales € = (1,2, ..., signal_length/2) then the structuring element Gn| (at
scale € = 1) is restricted to three sample support with only two shapes: a triangle,
defined by Gi[—1] = 0, G¢[1] = 0 and G4[0] = h > 0, or a rectangle, defined by
G.[—1] = G,[1] = G.[0] = h > 0. The height h matches the amplitude range of the
signal S[n| and controls finesse or coarseness of multi-scale area measurements [209)].
The final area is calculated using the difference between dilation and erosion. Figure

3.11c depicts the area obtained after applying MM operators.

S @ Gn] = _1&%521{5[71 + k| + Glk]}, e=1

(3.9)
SO©G1=(SDGE) DG, €>2
S©Gn]= min {Sn+k]—G[k]}, e=1

e (3.10)
SOG4 =(S6G.)0G, €22

A=Y [ (S @ G.)n] — (S © G)[n] (3.11)

n=0

Post-Processing: After obtaining the area through fractal analysis in Figure
3.11c, the length of area is reduced with a factor of frame size. So for accurate QRS
detection we resampled the signal to original signal length. Figure 3.11d depicts
the resampled area curve. The frame size is varied to achieve best results. After
resampling, thresholding was performed to reduce false detections. However, it leads
to some missing beats. Figure 3.11e depicts the thresholded signal. The thresholding
was also varied to obtain best results. Thresholding also led to both false and missed
beats. Figure 3.11f depicts the overlapping of obtained peaks and original signal. For
the comparison of obtained beats with the annotation provided in the data set by
cardiologist, a window of size 60 samples was employed. If the extracted markers are
not in this range then the beat is assumed to be missed by our algorithm and if more
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Algorithm 5 Area Calculation using MM operators
Input: ECG signal S[n|, F'S: Frame size
Output: Area
N frames A lengthfsignal/FS
k<0
Area + ()
for k <= 0 to nfremes do
seg < signal[F'S * k : FS x (k+1)]
h < mazx(seg) — min(seg)
h < h/len(seg)
areay, < dilation(seg, h) — erosion(seg, h)
k<« k+1
Area < Area U areay,

end

than one marker is found out by our algorithm then it is assumed to be an extra beat.

3.2.3 Results and Discussion

The performance of proposed R-peak detection method is measured using Sensitivity,
Predictivity, and Detection Error Rate (DER) as provided in Equation 3.12. Here,
TP represents a real peak that is identified correctly, FN when a real peak is not
detected, FP when a false peak detected as a real peak. So, if the algorithm misses
more number of beats, the sensitivity reduces and if more number of extra beats are
detected then the predictivity is reduced. Similarly, if the algorithm finds actual beats
with minimum extra and missed beats, the DER reduces. The frame size was varied
from a window of 10 timestamps to 150 timestamps and the thresholding was varied
from 1 to 9 times of mean area curve. Fixed hard thresholding was performed [84]
for detecting final R-Peaks.

Sensitivit TP
ensitivul = —_——
YZTP+FN

TP
FP+FN
DER= ——

TP

Detection using Triangular Structuring Element: The sensitivity and pre-
dictivity achieved with varying frame size and thresholding using triangular structur-
ing element for area calculation is provided using the radar plot in Figure 3.12. An
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increase in frame size, the detection performance increased till frame size 120 and
gradually deteriorated with increasing frame size with lower threshold. It can also
be observed that with increasing frame size, an increase in threshold also provides
better performance. Increasing the hard thresholding after five times of mean area
signal degraded the model performance. The performance remains consistent when
both thresholding and frame size are increased together. The maximum sensitivity
and predictivity were not obtained at a particular threshold and frame size. Max-
imum sensitivity was obtained using area mean as threshold and frame size of 10
timestamps. Maximum predictivity was obtained using mean area as threshold and
frame size of 120 timestamps. Figure 3.13 depicts the Logarithmic Column Chart for
change in detection error rate with varying frame size and thresholding using trian-
gular structuring element. The minimum DER was achieved for mean thresholding
and a frame size of 90 timestamps. Increasing thresholding with less frame size also
enabled the algorithm to detect significant peaks thereby minimizing DER. The al-
gorithm achieved a sensitivity of 95.78%, predictivity of 97.53%, and DER of 8.44%
using triangular structuring element with frame size of 90 timestamps and mean
thresholding. In the figures, only those combinations of threshold and frame size are
depicted where the algorithm was able to detect significant amount of peaks in the
MIT-BIH records. Those combinations are excluded where the algorithm completely

missed out on R-peaks.

Detection using Rectangular Structuring Element: The sensitivity and
predictivity achieved with varying framesize and thresholding using rectangular struc-
turing element for area calculation is provided using the radar plot in Figure 3.14.
The performance is quite similar, if not better than triangular structuring element.
Increase framesize increases sensitivity and predictivity till framesize 120 and grad-
ually deteriorates later. Increasing framesize with threshold provides consistent per-
formance. As explained earlier, maximum sensitivity and predictivity were obtained
using different combinations. Maximum sensitivity was obtained using area mean
as threshold and framesize of 10 timestamps. Maximum predictivity was obtained
using twice the mean area as threshold and framesize of 20 timestamps. Figure 3.15
depicts the Logarithmic Column Chart for change in detection error rate with vary-
ing framesize and thresholding using rectangular structuring element. The minimum
DER was achieved for mean thresholding and a framesize of 90 timestamps. Increas-
ing thresholding with less framesize also enabled the algorithm to detect significant
peaks thereby minimizing DER. The algorithm achieved a sensitivity of 94.95%, pre-
dictivity of 97.70%, and DER of 8.21% with framesize of 90 timestamps and mean
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Figure 3.12: Radar Plot of Sensitivity and Predictivity with varying threshold and
frame size using Triangular Structuring Element.

thresholding. In the figures, only those combinations of threshold and framesize are

depicted where the algorithm was able to detect significant amount of peaks in the
MIT-BIH records.

Detailed MIT-BIH Evaluation using Rectangular Element: Area calcu-
lation using rectangular element achieved better performance than triangular element.
Detailed results for MIT-BIH records are provided in Figure 3.16. The highest num-
ber of beats detected in each record was obtained using mean of area as thresholding
and framesize of 90 timestamps. Figure 3.16a depicts the change in predictivity, Fig-
ure 3.16b depicts the change in sensitivity, and Figure 3.16c depicts the change in
detection error rate using the mentioned parameters. It is evident from the figures
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Figure 3.13: Logarithmic Column Chart of DER with varying threshold and frame-
size for Triangular Structuring Element.

that the proposed algorithm was able to achieve higher sensitivity and predictivity
for non-arrhythmic records (100-124) in comparison to arrhythmic records (200-234).
The predictivity is high in most of the records as compared to sensitivity, meaning
that less extra beats are detected but more beats are missed by the algorithm. A sim-
ilar pattern was observed in DER, less DER was observed in non-arrhythmic records
as compared to arrhythmic records, meaning that higher number of actual and extra
beats were detected and fewer beats were missed. The few key areas or patterns we
discovered that caused the algorithm to under preform were broad duration and small
amplitude QRS complexes. The reason behind low accuracy and high DER were re-
versed QRS polarity and low-amplitude QRS complexes as the area amplitude was
insufficient for detection. The false positives increased due to reversed QRS polarity
and high amplitude P and T wave. To counteract this issue, we implemented a new
function that checked for multiple peaks in a window and choose the later peak as
the former peak occurred probably due to the P wave. This lead to reduced sensi-
tivity but high predictivity as many beats were missed. This issue was tackled by
reducing the framesize from 200 to 60 timestamps. FN occurred due to high magni-
tude thresholding in the algorithm. Fixed hard thresholding was performed [84] for
detecting final R-Peaks.

Comparison with Existing Methods: The proposed fractal based QRS de-
tection approach is compared with state of the art methods in Table 3.1. Since the
performance of the algorithms depend strongly on the selection of the ECGs for the
evaluation purposes, PT method [85], KNN-PSO method [205] and the DOM [202]
are re-implemented for comparing the proposed approach. Often the previous ap-
proaches exclude extremely noisy data before peak detection. The proposed approach
achieves Sensitivity, Positive predictivity and detection error rate of 95.82%, 95.15%
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Figure 3.14: Radar Plot of Sensitivity and Predictivity with varying threshold and
framesize using Rectangle Structuring Element.

and 10.16%. All judgements of correctness are based upon the annotations in the

database.

Table 3.1: Comparison with Existing Methods.

Method Sensitivity (%) | Predictivity (%) | DER

PT [35] 96.08 97.89 9.43
KNN-PSO [205] 96.26 98.33 5.97
DOM [202] 96.81 97.95 5.78
Fractal_Rect 99.03 99.41 8.21
Fractal _Tri 95.78 94.99 10.43
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Figure 3.15: Logarithmic Column Chart of DER with varying threshold and frame-
size for Rectangular Structuring Element.
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Figure 3.16: Results using Rectangular Structuring Element with mean threshold-
ing and a framesize of 90 timestamps.

The proposed R-peak detection algorithm uses erosion and dilation operators
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for area calculation. The area obtained using either rectangle or triangle structuring
elements is further resampled and thresholded to detect peaks. The method achieved
a sensitivity of 95.82%, predictivity of 95.15%, and DER of 10.16%. The algorithm
was tested against all the records available in the dataset. The detected beats are

provided to a classifier that performs fine grained heartbeat classification.

3.3 Heartbeat Synthesis using Generative Models

A generalized classifier can achieve state of the art performance using huge amount of
labeled, diverse, and realistic-looking regular and irregular heartbeats, which is dif-
ficult to acquire in practice. Privacy concerns restrict the access to personal ECGs,
hindering the development of a generalized classifier. The challenge in synthesiz-
ing heartbeats occurs because the biological and physiological systems generating
these beats are highly complex. Publicly available datasets sometimes fail to satisfy
a certain criterion concerning a study as they might miss out on relevant informa-
tion, making heartbeat synthesis crucial. This necessitates the synthesis of regular
(Normal beat) and irregular beats: supraventricular ectopic beat (SVEB) and ven-
tricular ectopic beat (VEB) as recommended by the Association for the Advancement
of Medical Instrumentation (AAMI) [7]. The ectopic beats are felt as palpitations
caused due to an extra or skipped heartbeat making the patient feel the heart lurch
or an extra strong beat occurring momentarily. They usually occur in succession like
ectopic-normal-ectopic or continuation of several ectopic beats within a small dura-
tion. Ectopic beats are more sinister when arising from ventricles than those arising
from atria. SVEB originates from the upper chambers of heart or atria. These are
also called atrial premature beats or premature atrial contraction and may lead to
atrial fibrillation. VEB originates from the lower chambers of heart or ventricles.
These are also called Premature ventricular contractions (PVC) and may lead to
ventricular tachycardia and ventricular fibrillation. A Normal Beat (N), SVEB, and
VEB is illustrated in Figure 3.17. In a normal beat, all the characteristic waves P,
QRS, T are visible. In SVEB, the P wave is usually missing, and in VEB, the QRS

complex is wider than the normal beat with a discordant ST segment.

3.3.1 Brief Overview of ECG Synthesis Techniques

In the past, ECG has been generated synthetically using predefined synthesizers, in-
terpolation, and extrapolation, but these methods generate limited variation in syn-
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N —

(a) Normal Beat (b) SVEB (c) VEB

Figure 3.17: Illustration of regular and irregular beats.

thesized beats. The augmentation techniques could be categorised into traditional
methods that generates ECGs using heart rate features [210], 3-D vectorcardiogram
formulation and non-linear models [211]. However, these techniques depend on pre-
defined functions making it difficult to incorporate sufficient information about the

basic ECG characteristics.

ECG can also be generated with the help of deep learning based generative mod-
els such as Generative Adversarial Networks (GAN) models that learn the train-
ing data distribution and then generates ECG segments of a cardiac abnormal-
ity [91,212,213]. Brophy et al. [212] used Wasserstein GANs (WGANs) [214] with
gradient penalty to synthetically generate sinusoidal waves, PPG signals, and ECG
signals by feeding rasterized images of these signals to GANs and generated new im-
ages. However, their approach was limited by the resolution of the generated image.
Haradal et al. [213] employed a recurrent neural network (RNN) based long short term
memory (LSTM) model for ECG and EEG generation. Zhu et al. [215] employed two
layers of bidirectional LSTM (BiLSTM) for generator followed by a convolution neu-
ral network (CNN) based discriminator to generate ECG signals. They compared
the developed model with recurrent neural network autoencoder and recurrent neural
network variational autoencoder. Zhou et al. [216] detected anomalous rhythms in
ECG by proposing Beat GAN that generated new beats by extracting the latent in-
put noise from actual ECG rhythms, making the model input dependent. Delaney et
al. [217] generated synthetic Sine waves and normal ECG using two BiLSTM followed
by CNN along with a mini-batch discrimination layer. Hazra et al. [218] proposed
SynSigGAN using bidirectional grid LSTM in generator and CNN in discriminator
and generated ECG, EEG, Electromyogram (EMG), and PPG signals.

Researchers have also encoded conditional dependencies in GANs to generate
class specific signals. Wang et al. [219] employed an auxiliary classifier GAN (AC-
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GAN) to generate normal beat, left bundle branch block (LBBB), right bundle branch
block (RBBB), premature atrial contraction (PAC), and premature ventricular con-
traction (PVC). Ye et al. [220] proposed RPSeqGAN by training a sequence gen-
erative adversarial network (SeqGAN) using the concept of policy gradient from
reinforcement learning. Wulan et al. [221] proposed three GAN models, namely,
WaveNet-based model, SpectroGAN model, and WaveletGAN model for the gener-
ation of normal, LBBB, and RBBB. Their first model preprocesses the input using
p-law companding transformation followed by convolutional layers with dilation; the
second and third model used short-term Fourier transform (STFT) and stationary
wavelet transform (SWT) to obtain suitable input for GAN. Golany et al. [87] pro-
posed a personalized GAN (PGAN) using an LSTM model that synthesizes minority
class beats, including SVEB and VEB, and incorporated two loss functions, mean
square loss and binary cross-entropy loss. Golany et al. [88] in their second work
incorporated ordinary differential equations representing the heart dynamics into the

optimization process of GAN.

Aforementioned methods have generated synthetic ECG signals. However, the
drawbacks include: (i) Only a few methods follow the AAMI [7] recommended beat
generation, thereby posing a problem of lack in minority class beats that needs to
be tackled; (ii) Use of latent input extracted from actual ECG beats, making the
generative model biased; and (iii) Lack of evaluation metrics for generated signal
verification. In this work, AAMI recommended N, SVEB, and VEB are generated by
encoding class related dependencies in the Deep Convolution Conditional Generative

Adversarial Network (DCCGAN).

3.3.2 Proposed Deep Convolution Conditional GAN

The heartbeat generation framework generates three classes of beats using a convolu-
tion based conditional GAN. GANSs consist of a generative (probabilistic) model that
learns the input probability distribution and a discriminative model that discrimi-
nates between the real and generated samples. Generator G(z) maps latent input
to the probability distribution of real data P,. Here, z represents the latent input.
Discriminator D(z) classifies the input sample as real or fake, here x represents the
input beats provided to the discriminator. Mathematically, GAN training resembles
a two-player minimax game, where the generated data distribution is brought as close
as possible to the real data distribution, and the discriminator aims to be better at
differentiating between the real and generated beats. GAN optimisation is performed
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using the loss function defined in Equation 3.13. Here, z is randomly sampled from
synthetically generated data distribution (P,) and z is randomly sampled from real
data distribution (P,). The former term in Equation 3.13, log[D(x)] predicts that the
data is real and the latter term log[l — D(G(z))] predicts that synthetically gener-
ated data is fake. The generator and discriminator training alternates by keeping the
training of other model constant and alternately maximizing and minimizing V (G, D)

until synthetically generated data is indistinguishable from real data.

minmax V(D,G) = Byop, o llog D(@)] + Foopflog(l — DG())]  (3.13)

Broadly categorising, GANs can be classified into: Vanilla GAN [90], Conditional
GAN [222], and Deep Convolutional GAN (DCGAN) [223]. Vanilla GAN is the basic
GAN built using the multi-layer perceptron (MLP) that optimizes the Equation 3.13
using stochastic gradient descent. The Conditional GAN encodes conditional depen-
dencies in generator and discriminator along with the conventional input allowing for
the generation of specific beats. Deep Convolutional GAN (DCGAN) is the most
popular and successful GAN that replaces traditional MLP with convolution layers
(with strides) without max-pooling layers, making GAN training fast and stable.

Conditional GAN: A class encoded convolution GAN is used to generate class-
specific heartbeats (N, SVEB, and VEB). The class information (¢) is incorporated
with conventional input transforming G(z) to G(z|c) and D(x) to D(z|c) leads to the
deep convolution conditional generative adversarial network (DCCGAN). Figure 3.18
illustrates the architecture of the proposed DCCGAN. The architecture details of the
generator and discriminator are illustrated in Figure 3.19.

Modified DCCGAN Loss Function: The proposed DCCGAN takes two
inputs, a class label (¢) and the real beats corresponding to that class (z|c) or the
generated beats corresponding to that class (G(z|c)). This modifies the basic GAN
loss function as described in Equation 3.13 to DCCGAN loss function in Equation
3.14. Here, P,(z) and P,(z) are the real and generated beat distributions, respectively.

minmax V(D, G) = Byep,ollog D(ale)] + Fovrp, o log(1 = D(G(:1))]  (3.14)

Generator Model: The generator model intakes a latent input vector (z) and
class label (¢) and generates a fake heartbeat (G(z,)), where z = {2,})_;, N is the

n=1’
length of noise vector, G(z,) € R¥, and k is similar to the dimension of a real heart-
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Figure 3.18: Basic Architecture of Conditional GAN.

beat. The latent input is randomly sampled from a gaussian noise distribution. The
generator aims to approximate the underlying real heartbeat distribution given the
corresponding class label P(hb|c) and produces fake beats to deceive the discriminator
model. The modified generator loss is depicted by Equation 3.15. It tries to minimize
the log probability predicted by the discriminator model for synthetically generated
beats, thereby encouraging the generation of those beats with less probability of being
fake.

L(G) =minimize[log(1 — D(G(z|c)))] (3.15)

Figure 3.19a depicts the architecture of the generator. Generator model intakes
a latent input (z) of length 100 sampled from a gaussian (normal) noise distribution
(N(p = 0,0 =1)) [91,224] and a class label (¢), where ¢ € {0,1,2}. Here, (0,1,2)
corresponds to Normal beat, SVEB, and VEB. The label is incorporated by employing
an embedding layer followed by a fully connected layer with 100 neurons, similar to
input shape, and later reshaped to match the dimensions of gaussian input noise.
The Gaussian noise is provided to a fully connected layer with 100 neurons followed
by LeakyReLU activation function with a negative slope coefficient of 0.2 followed by
a reshaping layer for concatenation with the encoded class information. The input
noise and class label are then concatenated and provided to a 1-Dimensional (1D)
Upsampling layer that increases the dimension of input by a factor of 2 followed
by a 1D Conv layer with 32 x 16 filters of size 15 and stride 1 with LeakyReLU
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activation function with a negative slope coefficient of 0.2. Six more Upsampling
and Conv layers are added in a cascaded fashion for making the generator model as
illustrated in Figure 3.19a. The combination of the 1D Conv layer and 1D Upsampling
layer imitates a 1D Deconvolution layer. In penultimate layer, activation function is
changed from LeakyReLU to hyperbolic tangent function, and generated heartbeat

with 186 dimensions, in practice, should resemble a realistic-looking heartbeat of class
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Figure 3.19: Illustration of Generator and Discriminator Architecture.

Discriminator Model: The discriminator model intakes real heartbeats (x),
and synthetically generated heartbeats (G(z|c)) along with their corresponding class
label (c) and classifies them as either real or fake. Here, x is represented as z,, € R,
G(z) is represented as G(z,) € RT, T corresponds to the beat dimension. The
modified discriminator loss is described using Equation 3.16. The loss function aims at
maximizing the log probability of real beats and inverse log probability of synthetically

generated beats.

L(D) = maximize[log D(z|c) + log(1 — D(G(z|c)))] (3.16)
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Figure 3.19b depicts the architecture of the discriminator. The discriminator
model intakes the heartbeat (both real and fake) (z) of 186 length and a class label
(c), where ¢ € {0,1,2}. Here, (0,1, 2) corresponds to Normal, SVEB, and VEB class
of beats. The class label is incorporated in a similar fashion as described in the
generator model. The input beats and reshaped embedded class label are further
concatenated, and a parallel convolution neural network is employed. The main idea
behind applying such convolution layers in parallel is that the beats of 186 dimension
consist of both local and global patterns. The global patterns are extracted using the
large kernels embedded in the left part of PCNN, and the local patterns are extracted
using the small kernels embedded in the right branch of PCNN. The number of filters,
stride, and activation function in each adjacent convolution layer are kept similar,
and only the kernel size is varied. For instance, the first convolution layer in the left
branch after input concatenation encompasses a 1-Dimensional convolution layer with
48 filters of size 19 and stride 4 with LeakyReLU activation function with a negative
slope coefficient of 0.2. Four more convolution layers are added in a cascaded fashion

in both branches, followed by 1-Dimensional global average pooling (GAP) layer [225].

GAP calculates the spatial average of filters, making it robust to spatial transla-
tions present in input ECG beats. The advantages of GAP over the combination of
flatten and fully connected layer are (i) less prone to overfitting; (ii) no dependency
on external regularization as it behaves like a structural regularizer; (iii) no trainable
parameters similar to max-pooling layer. The reduced parameters lead to significantly
faster training and reduced model size, making it suitable for mobile devices. The
GAP layer reduces the last layer dimensions from (2,112) to (112). These outputs
are further concatenated and provided as input to two fully connected layers with
100 neurons, each with a linear activation function followed by a single neuron layer
with the sigmoid activation function that generates a value (v), where v € (0,1). (v)
is thresholded and is classified as fake if v € (0,0.5) and real if v € [0.5,1).

DCCGAN Training: The training alternates between generator and discrimi-
nator. During the discriminator training, n samples are randomly sampled from real
heartbeats and n synthetic heartbeats are generated using the generator network for
the three corresponding classes. For the real heartbeats, the discriminator is pro-
vided with labels in the range [0.8, 1], and for synthetic heartbeats, the discriminator
is provided with labels in the range [0,0.2]. It can be observed that the labels are
modified from 0 and 1 to an interval using the concept of soft labels allowing a faster

convergence in the discriminator loss during initial batches of training.

After training the discriminator, the generator model is trained where the dis-
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criminator model weights are frozen so that they do not get affected during generator
training. During generator training, 2 x n samples are randomly sampled from the
Gaussian noise distribution and provided to the generator in addition to the class
information allowing the generator to generate fake heartbeat samples. These fake
and real heartbeats are provided as input to the discriminator with the corresponding
class labels. Again soft labels are provided as input to the discriminator, i.e., labels in
the range [0.8, 1] for real beats and labels in the range [0, 0.2] for synthetic beats. The
discriminator performs a forward propagation and compares the predicted label with
soft labels and backpropagates the error to the generator network. During the back-
propagation, the discriminator weights are not changed, and the generator weights
are modified, thereby training the generator. Therefore, the generator network is
trained in an adversarial fashion using the discriminator.

This training sequence is followed for training both the networks alternatively for
several batches, and their losses are recorded. The training is not stopped following
any early stopping criteria as this remains an open problem in the research area of
GANs and because the GAN training is unstable. However, the generator models
were saved after every second batch. The training aims to achieve Nash Equilibrium
by approximating generator probability distribution P,(z) to the real heartbeat dis-
tribution. Adam optimizer [226] is employed during the training with LR = 0.0002
as suggested in [223] along with batch-wise training. More filters with large sizes are
preferred for generator and discriminator as larger filters cover more signal times-
tamps and account for more information present in the beat and previous filter. It
also allows for maintaining smoothness in the information present in the filters.

Moreover, DCCGAN took several hundred batches of training before generating
any meaningful beats for the corresponding class. In initial batches, random noise
signals were generated, and later, realistic-looking beats were generated. For this
reason, early stopping criteria was not used as sometimes the generator model was
unable to generate meaningful beats after several hundred batches of training. For
some models, the discriminator loss approached 0, and the generated beats resembled
random noise-looking signals. Therefore, the training was restarted after modification

of certain parameters such as the kernel size or adding or removing certain layers.

3.3.3 Dataset Description and Preprocessing

Four publicly available standard datasets are adopted to evaluate the performance of
proposed methodology. The datasets include Massachusetts Institute of Technology-
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Beth Israel Hospital Arrhythmia Database (MITARDB) [32], MIT-BIH Supraventric-
ular Arrhythmia Database (MITSVDB) [33], St. Petersburg INCART 12-lead Ar-
rhythmia Database [34], and China Physiological Signal Challenge (CPSC) 2020 [35]
data. The data is chosen such that it covers multiple demographics and is diverse
enough to account for any real-world scenario. The dataset includes normal and clin-
ically significant arrhythmic beats. The modified limb lead II signal from each record
is used for this work. The annotations provided in the dataset categorize the beats
into 15 different classes (f, /, N, L, e, R, j, Q, A, J, a, V, S, E, F), each denoting
a different type of beat. Table 3.2 describe the major and minor division provided
by AAMI [7] into N, SVEB, VEB, Fusion beats (F), and Unknown beats (Q). This
chapter focuses on N, SVEB, and VEB class beats.

Table 3.2: AAMI [7] recommended beat labels and classes

Group Symbol Class

Any heartbeat N Normal Beat
not categorized L Left Bundle Branch Block Beat
as SVEB or VEB. R Right bundle branch block beat
Normal Beat e Atrial escape beat
(N) j Nodal (junction) escape beat
. A Atrial premature beat
Supraventricular .
4 a Aberrated atrial premature beat
ectopic beat . .
(SVEB) J Nodal (junction) premature beat
S Supraventricular premature beat
Ventricular ectopic \Y% Premature ventricular contraction
beat (VEB) E Ventricular escape beat
Fusion beat (F) F Fusion of ventricular and normal beat
P Paced beat
Unknown .
f Fusion of paced and normal beat
Beat (Q) U

Unclassified beat

Preprocessing: The records are decluttered from high and low frequency noises.
The Power Line Interference (PLI), i.e., high-frequency noise (50 or 60 Hz) is removed
using a notch filter, and Baseline Wander (BW), i.e., low-frequency noise, is removed
using a mean median filter [227,228]. The beats are extracted from the clean signal
using the annotations provided in the dataset from a window of 234 ms before and
486 ms after the R-peak. Since the datasets are sampled at different sampling fre-
quencies, the extracted beats are resampled to the lowest sampling rate of 257 Hz or
186 samples. The beats are represented as hb(i) = {vy, ..., v186}, where v; represent

normalised value at time t¢.
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The extracted beats are split into the train (DS1) and test (DS2) sets. DS1 and
DS2 distribution for MIT ARDB [229] and MIT SVDB [230] datasets are shown in
Table 3.3. CPSC and INCART data were split in half, and the first half (DS1) was
used for training and the other half (DS2) for testing as no split strategy was provided

in the literature. DS1 is used for training, and DS2 for testing/inferencing.

Table 3.3: Data distribution for MIT ARDB and MIT SVDB.

MIT ARDB recordings
101, 106, 108, 109, 112, 114, 115, 116, 118, 119, 122, 124,
201, 203, 205, 207, 208, 209, 215, 220, 223, and 230
100, 103, 105, 111, 113, 117, 121, 123, 200, 202, 210, 212,
213, 214, 219, 221, 222, 228, 231, 232, 233, and 234
MITSVDB recordings
802, 804, 805, 808, 810, 812, 841, 843, 845, 849, 866, 871,
873, 876, 877, 886, and 890
800, 803, 806, 807, 809, 811, 840, 842, 844, 846, 850, 867,
872, 874, 875, 878, and 879

DS1

DS2

DS1

DS2

3.3.4 Evaluation Metrics

DCCGAN performance is measured by the quality and diversity of the generated
signals obtained from the generator model. Beats generated from the generator
and randomly sampled from the real dataset are evaluated on five metrics, namely,
Frechet Distance (FD), Dynamic Time Warping (DTW), Maximum Mean Discrep-
ancy (MMD), Root Mean Square Error (RMSE), and Time Warp Edit Distance
(TWED). A lower score of these metrics depicts similarity in real data distribution
(P;) and generated data distribution (P,;). Details of each evaluation metric are
provided as follows.

Frechet distance [231] is adopted to measure the difference between real data
distribution (P,) and generated data distribution (P,;). Assuming the distributions
to be multivariate gaussian distributions with mean (y,) and covariance matrix (o)
for real data distribution and mean (4,) and covariance matrix (o,) for generated
data distribution, the distance can be calculated using Equation 3.17. T'r refers to

the sum of elements along the diagonal of square matrix.

d2<<ﬂra o), (Ngv ‘79)) = ||pr — ,“gH2 +Tr(o, + 0g— 2 X \/ Or X Ug) (3.17)

Maximum Mean Discrepancy [232] tests the similarity between the distri-
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bution P, and F,. n samples are independently and identically drawn from the two
distributions. Smaller MMD corresponds to high similarity of the two distributions.
Gaussian MMD is adopted that is calculated using Equation 3.18. Here, x and y

k
denotes samples drawn from P, and P, respectively, x(z,2’) = ) e—llz=2'lI? with
bandwidth « denotes pairwise distance between the joint data.

n n

MMD? = " ZZ K2, ;) — nQZZ (2, )+ —— 1)22"0(%%‘)

11]7&7, i=1 j=1 i=1 j#i
(3.18)

Root Mean Square Error quantifies the distance between generated signal x
and real signal y. It can be calculated using Equation 3.19. Here, n represents the

number of samples in each signal (beats from both distributions are of equal length).

n

RMSE(z,y) = | Y (zx — yx)? / n (3.19)

k=1

Dynamic Time Warping Since the generated heartbeats might suffer from
the condition of bradycardia or tachycardia, meaning slow or fast pace that regular
rhythms, DTW is introduced to estimate dissimilarity between the generated and
real heartbeats [233]. DTW aligns the two beats and calculates the distance between
generated (x) and real (y) heartbeats with length (V). An optimised version of DTW,
namely, Fast DTW, approximates DTW and reduces the computational complexity
to O(N) time [234]. Fast DTW is calculated using Equation 3.20. Here, f(xz;,y;) =
(zi — Z/j)z-

Dij = f(zi,y;) +min{Dij1, Di1j, Dio1 i1} (3.20)

Time Warp Edit Distance It measures the minimum cost sequence of “edit
operations” required to transform the generated beat to the real beat. Edit operations
are defined using a graphical editing process and produce a dynamic programming
recursive algorithm called TWED [235]. It highlights a parameter that drives the
stiffness (v) of the elastic measure. TWED between real beat « and generated beat y

of length N is calculated using Equation 3.21. Here, \ represents a mismatch penalty.

9(wi, y;) = min{g(zi, y;) + 6(2i, y5), 9(wi1,y;) + 0(x:), 9(wi,y;-1) +6(y;)} (3.21)
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Here, g(xo,y0) =0
d(xi,yj) = cost(x;y;) + cost(xi—1,yj-1) + 2v.]i — j]
0(z;) = cost(x; xi1) + A+ v
0(y;) = cost(y;yj—1) + A+ v
)
)

cost(z;,y;) = |z — y;°

The dissimilarity value g(zy,yn) between P, and P, is defined as the TWED
metric. Twenty four possible constant combinations for A = [0,0.2,0.4,0.6,0.8, 1] and
v =[0.001,0.01,0.1, 1] were computed to obtain a series of TWED values. Minimum

of these values is used as the final value.

3.3.5 Results and Discussion

DCCGAN performance is evaluated both quantitatively and qualitatively. The real
beats of N, SVEB, and VEB classes are randomly sampled from the training data,
where equal beats of each class are extracted so that model has enough information
about each class of beats. The fake beats are generated from the generator using the
Gaussian noise as latent input and class labels. An equal number of fake beats of each
class are generated so that discriminator does not get biased during the training. The
DCCGAN is trained for 800 batches, and the generator loss, discriminator loss, and
evaluation metrics for all classes are recorded. The models are saved after every second
epoch during training as the training is unstable, and any intermediate model could
generate the best quality of beats. Figure 3.20 depicts the generator and discriminator
loss during DCCGAN training. It can be observed that multiple local minima are
obtained by generator loss at batches 255, 525, 649, 663, and 757. The beats generated
by the generator model at these batches depict a perfect resemblance with the real
beats present in the training dataset. So, a detailed analysis of the generator models
saved at these particular batches is performed.

Quantitative Evaluation: Five evaluation metrics are monitored during the
training of the DCCGAN model, as mentioned above. The TWED metric is com-
putationally expensive, and therefore, only 200 real and generated samples of each
class are compared against each other after every two batches. The average of each
evaluation metric is provided in Figure 3.21. The individual evaluation metric for
Normal, SVEB, and VEB class is provided in Figure 3.22, 3.23, and 3.24. Overall
and class respective metrics display similar pattern to training loss curves.
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Figure 3.20: Generator and Discriminator Loss during training.
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Figure 3.21: Overall Evaluation Metrics during DCCGAN training.

The normal class evaluation metrics in Figure 3.22 depicted a larger variation
than the irregular beat evaluation metrics. The reason behind this might be the
random undersampling performed for the normal class during data preparation. The
Normal class beats were reduced as they were around 80% of the total beats, whereas
SVEB and VEB contributed nearly 20% of total beats. The reduction in Normal beats
might have reduced the variation present in the patient beats, thereby increasing the
error in evaluation metrics.

SVEB and VEB class evaluation metrics in Figure 3.23 and Figure 3.24 depicted
comparatively less error than Normal beats. The reason might not be because the
model produced a good variation in irregular beats but because SVEB and VEB
might have less variation in irregularities in the actual training dataset. Therefore,
the generated beats could easily adapt to the variation present in SVEB and VEB
class beats.
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Figure 3.22: Evaluation Metrics for Normal Class during DCCGAN training.
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Figure 3.23: Evaluation Metrics for SVEB class during DCCGAN training.
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Figure 3.24: Evaluation Metrics for VEB class during DCCGAN training.

Similarly, less error in evaluation metric and less generator loss are observed
in Figure 3.20, 3.21, 3.22, 3.23, and 3.24 for batches 255, 525, 649, 663, and 757,
respectively. Therefore, the models saved at these batches are used to generate data
for heartbeat classification. The model with lowest error in evaluation metrics is used
to depict the generated beat quality.

Qualitative Evaluation: Out of the selected batches, the least error in eval-
uation metrics is obtained for batch 649. The model saved at batch 649 is used to
generate beats of Normal, SVEB, and VEB class. Figure 3.25 illustrates original
beats from DS1 and GAN Augmented beats from generator model saved at batch
649. Figure 3.25 (a), (b), (c) describe normal, SVEB, and VEB class beats from
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training set of DS1. Figure 3.25 (d)-(f) describe the generated Normal Beat, Figure
3.25 (g)-(i) describe the generated SVEB, and Figure 3.25 (j)-(1) describe the gen-
erated VEB. The high error in evaluation metrics of normal beats might be due to
irregularity or slight problem in generation of R-wave of QRS complex, i.e., the ven-
tricular depolarisation of the heart. The other characteristic waves, such as P-wave
and T-wave, resemble the real normal beats. The generated SVEB depicts a clear
absence of P-wave and narrow QRS complex resembling real SVEB. This might be
the reason for less error in evaluation metrics of SVEB. The generated VEB depicts
an abnormal QRS complex with prolonged duration and elevated ST segment with a
dominant S wave. It also shows an inverted or retrograde P-wave. This might be the

reason for less error in the evaluation metrics of VEB.

(a) (b)

(d) (9

ig

Normalised Amplitude

(h)
\/W\/v/A‘\'m\/\/ _
() (i)
0)

Signal Timestamps

Figure 3.25: Tllustration of Original beats from DS1 and GAN Augmented beats
from generator model saved at batch 649. (a) Normal Beat, (b) SVEB, (c) VEB;
(d)-(f) Generated Normal Beat, (g)-(i) Generated SVEB, (j)-(1) Generated VEB.

Figure 3.26 illustrates the incorrect beat generation by the generator model from
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the models saved at different batches. Figure 3.26 (a-b) describe incorrectly generated
normal beat , Figure 3.26 (c-d) describe incorrectly generated SVEB , Figure 3.26 (e-f)
describe incorrectly generated VEB. The beats of all three classes do not resemble the
actual beats of the respective class. Moreover, the generated beats are contaminated

with high frequency noises.

(@)

(b)

(c)

(d)

Normalised Amplitude
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Figure 3.26: Illustration of Incorrect Beat Generation by the Generator Model.
(a-b) Normal Beat, (c-d) SVEB, and (e-f) VEB.

The DCCGAN model generated different classes of ECG beats, including N,
SVEB, and VEB recommended by AAMI. In DCCGAN, binary cross-entropy loss
is preferred for discriminator and Gaussian noise as input for generator. Soft labels
are preferred for faster convergence of the discriminator model. The results are pre-
sented both quantitatively and qualitatively. Quantitatively, the generated beats are
evaluated using five quantitative metrics, and qualitatively, the beats generated by
the generator model are plotted against the real/original beats to illustrate the sim-
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ilarity in real and synthetically generated beats. The training curves of DCCGAN
depicted stable training, and the change in evaluation metrics followed a similar pat-
tern. Generated synthetic heartbeats resemble real beats as they encompass essential
characteristics present in beats and follow the intricate structure present in the dif-

ferent classes of beats.

3.4 Summary

This chapter discusses preprocessing techniques involved in filtering the noisy ECG
signals, segmentation to extract heartbeats, and heartbeat synthesis to improve mi-
nority class beat distribution. An empirical study is performed to remove BW from
ECG signals using signal decomposition techniques such as EMD, EEMD, CEEM-
DAN, VMD and filtering techniques such as mean and mean median filtering tech-
niques. The higher the complexity of the present baseline, the more execution time
the algorithm took to decompose the signal. As the noise increased, the signal decom-
position time also increased. CEEMDAN execution time exceeds by a huge margin as
compared to other approaches. The comparison depicted that VMD estimates better
baseline as compared to other techniques in terms of PC, PRMSD, and MAE. How-
ever, the time required to decompose the signal is relatively higher than the filtering
techniques. The clean ECG signal is used to extract heartbeats using a fractal based
approach that incorporates erosion and dilation, mathematical morphological oper-
ators which are implemented using dynamic programming with memoization. The
method achieved an overall sensitivity of 95.82%, predictivity of 95.15%, and DER of
10.16% when tested against all the records available in the MIT-BIH dataset. Lastly,
a DCCGAN model is employed to generate different classes of heartbeats, including
N, SVEB, and VEB as recommended by AAMI. The generated heartbeats are veri-
fied quantitatively using five evaluation metrics and qualitatively by plotting against
original beats. Generated heartbeats resemble real beats as they encompass essential
characteristics and follow the intricate structure present in the different classes of

original beats. The beats are provided to a classifier for heartbeat classification.
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Penalty Induced Prototype-Based eXplain-
able ResNet for Heartbeat Classification

An abnormality in heart rhythm or deviation of electrical impulses from normal
sequence leads to irregular heartbeats or cardiac arrhythmias. The heartbeats con-
sidered for this work are non life threatening heartbeats such as normal beat (N),
supraventricular ectopic beat (SVEB), and ventricular ectopic beat (VEB) as these
are the major categories of beats recommended by the Association for Advancement
of Medical Instrumentation (AAMI) [7]. This chapter focuses on classifier design and
explanation generation aspect of CAD as it highly influences the classifier perfor-
mance [17]. To achieve state-of-the-art performance, the developed models require
huge amount of labeled, diverse, and realistic-looking heartbeats. Therefore, heart-
beat synthesis of regular and irregular heartbeats is performed as described in Section
3.3. The beats are classified by deep learning models [16]. Although deep learning
models achieve good performance for heartbeat classification, their black box nature
inhibits real world deployment [236]. A Penalty Induced Prototype based eXplain-
able Residual Neural Network (PIPxResNet) is proposed for heartbeat classification
that provides explanations along with improved diagnostic performance. PIPxRes-
Net is adopted from explainable deep neural network [31] due to its non-iterative and
non-parametric nature that eliminates hyperparameter tuning. PIPxResNet employs
pretrained residual neural network that extracts features from decluttered heartbeats
and minimizes resource consumption (eliminating the need for GPU, reduced train-
ing and inference time) following the concept of task transfer learning. The features
similar to other class features are penalised and their contribution towards the corre-
sponding class is reduced. The selected encoded features represent prototypes. The
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prototypes are combined to make rules that explain model predictions and enhance
trust in predictions. In addition, the encoded and actual prototypes are utilised to
generate a reliability score that depends on nearest prototype support and correlation
between the actual prototype and heartbeat. PIPxResNet is verified on four publicly
available standard databases.

The chapter organization is as follows. Section 4.1 provides the literature review
of the previous heartbeat classification methods. Section 4.2 describes the proposed
PIPxResNet technique. Section 4.3 describes experimental setup and results. Section

4.4 summarizes the chapter.

4.1 Literature Review

Heartbeat classification has been performed using a combination of feature extrac-
tion, feature selection, and classification methods. Several time domain, frequency
domain, and morphological features have been proposed in the literature. The most
commonly used features include RR interval (RRI), defined as the interval between
two adjacent R-peaks, that achieves the best performance [229]. Other features in-
clude, Morphological features such as position, amplitude, and interval features [237],
wavelet based features [17,238-244], discrete cosine transform [245], Hilbert trans-
form [246], Kalman filter-based features [247], stockwell transform (ST) [248], higher
order statistical (HOS) features [249], Hermite polynomial based features (HBF') [250],
mixture of features [251] and complex heartbeat representations such as mean connec-
tivity degree, maximum connectivity degree, joint entropy, joint energy, mean joint
degree extracted from temporal vectorcardiogram (TVCG) [252]. Redundant features
are removed through dimensionality reduction techniques such as principal compo-
nent analysis (PCA), linear discriminant analysis (LDA), independent component
analysis (ICA) [243]. Feature selection has been performed through particle swarm
optimization (PSO) [252,253], genetic algorithm (GA) [254], and bacteria foraging
optimisation (BFO) [248] have been employed to reduce feature redundancy.

The classification of extracted features has been performed using weighted con-
ditional random fields (CRF') [237], support vector machines (SVM) [93,96, 245, 248,
252, 255], mixture-of-experts [256,257], and K-nearest neighbors [240]. Clustering
methods [250,258] such as maximum margin clustering with immune evolution [259],
fuzzy-entropy-based clustering [260], K-means clustering [260] have also been em-
ployed for classification. The handcrafted features sometimes fail to capture essential
information present in data and limit the learning capability of machine learning
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models and reduce the performance.

Therefore, end to end Deep Neural Networks have been applied that have achieved
exceptional performance for heartbeat classification. These include recurrent neural
networks (RNN) [239,261] based long short term memory (LSTM) [239], fuzzy neu-
ral networks [241], convolution neural networks (CNN) [262-265], multiscale wavelet
CNN [244], feedforward neural network (FFNN) [245], probabilistic neural network
(PNN) [245], multilayer perceptron (MLP) [251], modular neural networks [256],
hybrid neural network [266], deep belief networks [267], artificial neural network
(ANN) [93], learning vector quantization NN [268], and radial basis function net-
work [242,269].

The developed classifiers lack explainability, leading to reduced confidence in
model diagnosis. The intrinsic interpretation methods create interpretable models
and explain the prediction using data points from training dataset. The selected data
points or prototypes represent data in a condensed format that encompasses basic
characteristics of the respective class [31]. Several such methods have been developed
in the past including prototype with autoencoders [265], deep sequence model con-
sisting of sequence encoder and prototype layer for classification and reasoning [270],
and explainable deep neural network (xDNN) [31].

The methods developed in the past have achieved excellent performance but
the limitations are: (i) Only a few methods follow the ANSI/AAMI EC57:2008 [7]
recommended beat classes; (ii) Extraction and selection of handcrafted features; (iii)
existing models perform inconsistently when tested on other datasets as their testing
was limited to a single or couple of databases; (iv) the black box nature of neural
networks limits real-world deployment. The aforementioned issues are addressed by

performing heartbeat classification and prediction explanation through PIPxResNet.

4.2 Penalty Induced Prototype-Based eXplainable
Residual Neural Network

The proposed approach is adopted from explainable deep neural network (xDNN) [31].
xDNN [31] is a non parametric approach that uses recursive search procedures requir-
ing no hyperparameter tuning, eliminating human intervention. It addresses Deep
Learning bottlenecks by offering an explainable architecture with minimal computa-
tional resources. The xDNN algorithm extracts prototypes for each class that effi-
ciently represent training data in a condensed format. xDNN architecture encom-
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passes the following layers: Feature, Density, Typicality, Prototype, and MegaClouds
layer. The Feature layer extracts features from data using either conventional feature
extraction methods or pretrained NN. The Density layer uses a distance metric for cal-
culating mutual proximity of data instances using preceding layer features. Instances
closer to global mean persist higher density values thereby indicating strong influence
with neighboring samples. The Typicality layer empirically derives probability distri-
bution function of density layer. The core of xDNN classifier is the Prototype layer
which is responsible to provide an explainable model using prototypes, representing
local peaks of data density. The prototypes are combined together using logical OR to
form linguistic logical if-then rules. Lastly, the MegaClouds layer merges the neigh-

bouring prototypes having the same class label facilitating human interpretability.

The Penalty Induced Prototype-based eXplainable Residual Neural Network
(PIPxResNet) inspired from xDNN is proposed that addresses the black-box nature
of deep neural networks. PIPxResNet encodes the temporal variations of heartbeats
by employing pretrained residual neural network following the concept of task trans-
fer learning. The algorithm extracts prototypes that are most representative of the
training dataset that explain model predictions to general physicians, making them
clinically relevant. The prototypes of a particular class having a close resemblance to
other class prototypes are penalized and their contribution towards the corresponding
class is reduced. PIPxResNet incorporates the information of other class prototypes in
addition to corresponding class prototypes whereas xDNN [31] uses only single class
data during prototype extraction. PIPxResNet follows these conditions: (i) Beats
and prototypes of class C' should be present in close vicinity; and (i) Other class
prototypes should be farther away from corresponding class prototypes. PIPxResNet
initializes the following for each class: encoded prototypes (FP,), actual prototypes
(P4), mean (), variance (o), number of prototypes (N) associated with that class,
minimum density (pmin ), maximum density (pma.) of that class, and number of beats

contributing towards the corresponding prototype (5).

Algorithm 6 extracts the prototypes using the original heartbeat (X), 3-D en-
coded beat (X.) as input and produces actual prototypes (P), encoded prototypes
(P.), and support (S) as output. The encoded beats are extracted from the pre-
trained neural network using the concept of transfer learning. The first sample of
each class initialises the meta-parameters by creating the first prototype from line 2
to 5. In line 6 the Density function is calculated using Equation 4.1 that determines
mutual proximity between the beat, y, and o of the corresponding class, similar to
xDNN [31]. Heartbeats closer to the mean have higher density values. Therefore, the
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value of the data density indicates how strongly a particular heartbeat is influenced by
other principal beats in data space due to their mutual proximity. The density func-
tion utilises an Euclidean distance-based density function to find similarity between

existing prototypes and the encoded beat.

Algorithm 6 Prototype Extraction For Each Class

Input: Original Beats (X) and Encoded Beats (X,)

Output: Actual Prototypes(P), Encoded Prototypes(P.), Support(.S)
for i :=0 to Number of Original Beats do

if © = 0 then

// CREATE FIRST PROTOTYPE

P.+ X 1] P+ X[

p=Xeli] o || Xe[i] |7
N+1 S+1
Pmin = OO Pmaz = — OO

d = Density(X.[i], u, o)

else
Penalty = Penalise Beat(P, X.[i])
E = Penalty x X,|[i]
O = Penalty x X|i]
d = Density(F, u,0)
if d > pmae or d < ppin then
// CREATE A NEW PROTOTYPE
P+ FE P+ 0O
S+1 N +1

else

// UPDATE THE NEAREST PROTOTYPE

j* = Nearest Prot_Index(E, P.)
P.[j*] = Update Prot(S, j*, P., F)
P[j*] = Update_Prot(S, j*, P,O)
ST =S +1
d = Density(P.[j*], p, o)

end

IXu+E
A |
ixo+||EH2

O T

end
Pmin = Minimum(p,in, d)
Prmaz = Maximum(pmee, d)

end
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1

D=
I+ || Xe —p |2 —o+ [ |2

(4.1)

The subsequent beats either create a new prototype or update an existing pro-
totype. In both cases, the density of the encoded beat (EB) is compared with the
minimum and maximum density of that class. Algorithm 7 uses all class prototypes
(P) and EB (X.) as input and calculates Penalty by penalising encoded and actual
beats that are near to other class prototypes and distant from their respective class
prototypes. Here, Py represents the class to which EB belongs, whereas P, and P,
denotes other class prototypes. Ming represent the distance between EB and nearest
prototype of corresponding class, Mwn, and Min, denotes the distance between the
EB and nearest prototype of other classes. The distance MinDist is calculated using
Equation 4.2. Assuming that each class has only one prototype with several beats
supporting the prototype, three possible scenarios are illustrated in Figure 4.1, where,
the triangle represents the class in which EB belongs, and circle and plus represent
the other class prototypes. In scenario 1, X, lies closer to its own class prototypes
(triangles) making Ming less than Min, and Mins, using the beat without penalty.
In scenario 2, X, lies closer to second class prototype (plus) making Ming less than
Ming and Miny, penalising the beat with Miny/(Ming + Mins). In scenario 3, X,
lies closer to third class prototype (circle) making Min, less than Ming and Mins,
penalising the beat with Min; /(Ming + Miny).

(a) EB close to actual class. (b) EB closer to second class. (¢) EB closer to third class.

Figure 4.1: Illustration of possible penalty scenarios. Star: New normal class encoded
heartbeat; Triangle: Existing normal class encoded heartbeats; Circle and Plus: En-
coded heartbeats of other classes.

Min = min | P — X, |? (4.2)

71=12,...,
After penalising, if data density of penalise beat lies between p,,;, and pp,qz, the
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Algorithm 7 Penalise Beat
Input: All Class Prototypes (P) and Encoded Beat (X,)
Output: Penalty
Penalty =1
Min; = oo Ming = 00
Ming = MinDist(Fp, X,)
if P, # ¢ then Min; = MinDist (P, X,)
if P # ¢ then Miny = MinDist(FPs, X,)
if Min; < Min, then

‘ if Min, < Ming then Penalty = %
else

‘ if Min, < Ming then Penalty = m
end

existing prototype is updated otherwise a new prototype is created. For updating
the nearest existing prototype, the nearest prototype location is determined using

Nearest Prot_Index provided in Equation 4.3 that resembles EB.

j* 4+ argmin || E - P | (4.3)
k=1,2,...,len(P)

Variable j* updates the number of beats supporting prototypes (S), encoded
(P.) and actual (P) prototype using Update Prot given in Equation 4.4. The data
density is updated as updating the prototype might have changed the data density
of the class. After updating the prototypes, i, o of the class and data density range
(Pmin and ppaz) are updated.

S x Plj*] + Xe
Sl +1

Inferencing: The inferencing is performed using original test beats (X), encoded

Pl5"]

(4.4)

test beats (X,), extracted actual prototypes (P), extracted encoded prototypes (P.),
and support (S) as inputs. Algorithm produces the following: (i) Model Diagnosis
(Ya); (ii) Prototype-based Explanation (Y.); and (iii) Reliability score (Y;.) supporting
model diagnosis. Algorithm 8 searches for the nearest prototype from extracted pro-
totypes in a linear fashion. For each class, the density is calculated by Test function
provided in Equation 4.5 using the EB, prototypes, i, and . The prototype nearest
to EB is provided as explanation (Y.), corresponding prototype class as diagnosis (V)
and the Reliability Score (Y;) is calculated by Equation 4.6 using actual beat (X),
actual prototype (P7*) and normalised support (S7%) associated with corresponding
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prototype. The testing is performed in O(N x K'), where N and K represent number

of encoded beats and all class prototypes, respectively.

Algorithm 8 Prototype Based Diagnosis, Explanation and Reliability
Input: X, X, P, P,, and S
Output: Yy, Y., and Y,
D= —o0
for j :=0 to Number of Classes do
for £ :=0 to Corresponding Class Prototypes do
T = Test(X,, PI* 1, 07)
if T'> D then
DT
Yd %]
Y, < PI*
Y, < Reliability(X, P/* SiF)

end

end
end

1

T =
I+ | X = P* o+ || 1 |I?

(4.5)

, . pik

4.6
VIEX? - PP a

4.3 Experimental Setup and Results

The framework for heartbeat classification and explanation is described in Figure
4.2. The single lead ECG signal is preprocessed to remove noise. The obtained clean
data is split into train and test sets followed by augmentation of training data using
DCCGAN. The synthesised heartbeats are used to train neural network models which
are later used for feature extraction from heartbeats. The prototypes are extracted
through PIPxResNet from the encodings generated from pretrained models. The

extracted prototypes are later used for inferencing and reasoning on test data.

4.3.1 Data Description and Preprocessing

The PIPxResNet is evaluated on Massachusetts Institute of Technology Beth Israel
Hospital (MIT-BIH) Arrhythmia Database (ARDB) [32], MIT-BIH Supraventricular
Arrhythmia Database (SVDB) [33], St. Petersburg INCART twelve lead Arrhythmia
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Figure 4.2: Heartbeat classification and explanation.

Database [34] available on PhysioNet website [34] and China Physiological Signal
Challenge (CPSC) 2020 [35]. The data covers multiple demographics and its diver-
sity accounts for real world scenarios. The detailed description and preprocessing is
provided in Section 3.3.3 which includes Power Line Interference, Baseline Wander
removal followed by N, SVEB, VEB beat extraction using the annotations provided
in the database and resampled to the lowest sampling rate of 257 Hz or 186 sam-
ples. The beats were split into training and testing datasets. Distribution strategy of
MIT-BIH ARDB [229] and MIT-BIH SVDB [230] was provided in literature whereas
CPSC and INCART data were randomly split as splitting strategy was unavailable
in the literature. The Deep convolution conditional generative adversarial network

(DCCGAN) augmentation is described in Section 3.3.

4.3.2 Evaluation Metrics

The classification performance is evaluated quantitatively using Accuracy (Acc), Sen-
sitivity (Se), Specificity (Sp), Precision (Pr), and F1 Score (F1) as described in Equa-
tion 4.7. Here, TP, FN, TN, and FP represent True Positive, False Negative, True
Negative, and False Positive. Sensitivity measures the fraction of SVEB, VEB beats
correctly classified as SVEB, VEB. Specificity measures the fraction of N beats that
are correctly identified as N. Accuracy corresponds to the fraction of rhythms that are
correctly classified, irrespective of the beats. Qualitatively, the method is validated
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through prototype-based explanation and reliability scores (RS) using Equation 4.6.

Accuracy (Acc) = TP+ 1IN
TP+ FP+FN+TN
Sensitivity (Se) = 1;;_—]3”
Specificity (Sp) = % (4.7)
TP
Precision (Pr) = @S
r-Se
F1Score (F1) =2 x PriSe

4.3.3 Feature extraction using Neural Networks

Convolution neural networks have produced benchmark results in domains like Image
classification [271] and Sentence classification [272]. The basic idea of CNN was
proposed long back in 1980s by Kunihiko Fukushima [273]. CNNs have also produced
benchmark results for ECG classification [244,263]. CNNs have the ability to process
multidimensional data and are immutable to local spectral and spatial variations
which makes them translational and shift invariant. The model encompasses four 1-D
convolution layers, each followed by batch normalization (BN) [274] and Maxpooling
[275] layer. The description of the individual layers is as follows.

1. Input: Takes raw signal or handcrafted features as input.

2. 1-Dimensional Convolution: Performs computations over the input and filters.
It works as both feature extractor and selector. The convolution layer has the
following main parameters: Number of filters (F), Kernel Size (K), and Stride
(S).

3. Batch Normalization (BN) [274]: A regularizer that accounts for the co-variance
shift in the incoming inputs from the previous layer.

4. Dropout [276]: A regularizer that shuts off neurons/filters of a particular layer
with probability p.

5. Max-pooling [275]: A sub-sampling layer that reduces the number of parameters
and computational burden of the NN thereby reducing overfitting. It tries to
capture only the most salient elements of the previous layer. It has a parameter
(P) that pools or calculates the maximum of P values from the kernel.

6. Flatten: Reshapes the values of the previous layer.

7. Fully-connected (FC): Connects all the neurons of the previous layer with the
current layer.
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Increasing the size and number of layers does not always optimize the neural
network, it instead deteriorates its performance due to overfitting and suffers from
problems such as the notorious vanishing and saturation of the gradient. To tackle
this, Residual Neural Networks (ResNet) was invented that introduced the concept
of “identity shortcut connection”, that controls the amount of information allowed
to flow across the shortcut [277]. It solves the problem of vanishing and exploding
gradients, by reusing activations from the previous layers. The shortcut connection
simplifies the network by using a few layers and less backpropagation thereby reducing
the model size and execution time. Without these identity mapping, the model ex-
plores more feature space and leaves the original hypothesis and leads to performance
deterioration and necessitates the use of extra training data.

CNN (C) and ResNet (R) are used for feature extraction. Figure 4.3a and Figure
4.3b illustrates the architecture of CNN and ResNet. The models were trained with
L layers, where L € [1,9]. Here, a ResNet with 5 layers is represented as R5. The
layers are repeated depending on the depth of CNN and ResNet. The trained model is
transferred from first layer upto the penultimate layer following the transfer learning

concept.

4.3.4 Pretrained Neural Network Performance

The neural network models were trained for 50 epochs while monitoring the val-
idation loss with early stopping criteria. The models were trained with following
configurations: (1) Original Data (OD); (2) WWT Augmented Data (WWTOD);
(3) ADASYN Augmented Data (ADAOD); (4) Models trained with class weights for
normal, SVEB, and VEB class as 1.30, 5.85, and 5.63 using original data (CWOD).
Weights depend on number of training instances for each class; DCCGAN synthesised
data as described in Section 3.3 at batch (5) 255; (6) 525; (7) 649; and (8) 757. The
performances of these 8 configurations on test data is provided in Figure 4.4. The
specificity was always better than the accuracy. The F1 score for all models except
CWOD was is in range [0.8,0.85] but in CWOD it deteriorated. The performance of
conventional augmentation techniques were less as compared to the DCCGAN aug-
mented data. The CNN models underperformed in comparison to ResNet models.
Overall the model performance improved with increasing the layers of ResNet, but
the same trend was not observed when the CNN layers were increased. The CNN
performance initially improved but later got deteriorated. The comparison of best
performing model is provided in Figure 4.5a. Following are the details of model with
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Figure 4.3: Neural Network Architecture.

respective data configuration: R5 on OD, R5 on CWOD, R6 on WWTOD, R3 on
ADAOD, R5 on 255" batch, R8 on 525" batch, R6 on 649" batch, R6 on 757" batch
of DCCGAN augmented data.

4.3.5 Evaluation of Prototype-Based Techniques

The prototype based techniques are evaluated in three stages: (i) Prototype extraction
is performed on raw heartbeats; (ii) eXplainable ResNet; (iii) PIPxResNet.
Prototype Extraction from Heartbeats: The extraction of prototypes from
raw heartbeats without using pretrained neural network as feature extractors dete-
riorated the performance. However, the explanations and reliability scores provided
evidence for misclassified beats, thereby allowing better model assessment. Figure
4.5b provides the performance over original data and augmented data. Since, no
neural network is employed, CWOD is skipped. The Pr and Se is consistently low
for all the models. The training time was around 100 seconds for full training set
and testing time (7'e_-T%) was around 300 seconds for testing set. The time (=~ sec-

onds) is significantly less than training neural networks (& day). The testing time
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Figure 4.4: Neural Network Model Performance. The x-axis represent models and
y-axis represent the performance achieved for corresponding metric.

is directly proportional to the number of prototypes extracted during training phase.
Table 4.1 shows the number of extracted prototypes from each configuration without
using pretrained neural networks. DCCGAN generated very less prototypes for all
batches as compared to other configurations. The reason might be the high resem-
blance of synthesised beats which were not generated of so better quality with other
augmentation techniques. Majority beats (N) generate more prototypes compared
to minority beats (SVEB and VEB). For individual class performance, the method
produces highest Pr, for Normal class beats, highest Se for SVEB, and highest Acc
and Sp for VEB.

eXplainable ResNet (xResNet): Pretrained Neural Networks were used to
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Figure 4.5: Best performing models from each configuration.

Table 4.1: Number of individual class prototypes extracted from heartbeats without
using neural networks.

Class | DCCGAN | OD | WWTOD | ADAOD
N 14 66 66 66
S 12 28 17 30
\Y 10 23 33 25

extract features and ResNet [31] was used for heartbeat classification and explanation
without penalising the beats. Figure 4.5¢ provides the performance of all configu-
rations. Model trained using DCCGAN augmented beats on batch 255 performed
better than ADAOD and WWTOD. Table 4.2 shows the number of extracted pro-
totypes from each configuration using xResNet. The prototypes of OD, WWTOD,
and ADAOD reduced as compared to the prototypes extracted from heartbeats with-
out using neural networks as described in Table 4.1. The number of individual class
prototypes follow the probability distribution of corresponding class beats for DC-
CGAN synthesised beats, i.e., N prototypes are highest followed by SVEB followed
by VEB. Other configurations also produce highest number of N prototypes followed
by irregular beat class. CWOD configuration produced many prototypes of Normal
class which might be due to the less penalising of missclassified Normal class beats
during network pretraining. The results improved significantly over prototype-only
method and reduced the prototypes resulting in reduced testing time. The training
and testing times reduced due to the reduction of the data dimension from 186 to
3. Moreover, whenever the data dimension reduces, the method tends to perform
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better and faster. Model performed better on CPSC and INCART data with good

explanation maybe because same patient beats (at different period) were present in

the train and test data.

Table 4.2: Number of extracted prototype using xResNet

Class | 255 | 525 | 649 | 757 | OD | CWOD | WWTOD | ADAOD
N 21 15 16 14 8 45 15 17
S 10 13 15 14 10 9 8 12
AY 8 11 9 12 16 16 11 9
All 39 | 39 | 40 | 40 | 34 70 34 38

PIPxResNet: A data driven penalty is imposed on encoded and actual beats
if they are near to other class prototypes as compared to their corresponding class
prototypes. Suppose, encoded N beat resembles with SVEB then it contributes less
during prototype updation to reduce missclassification while inferencing. Table 4.3
shows the number of extracted prototypes from each configuration using the pro-
posed PIPxResNet. The number of prototypes reduced for 649" batch of DCCGAN,
OD, CWOD, and WWTOD and increased in other configurations as compared to
xResNet, increasing the performance. Introducing the penalty helps in extraction of
better prototypes that are more representative of the training dataset rather than
influencing the number of prototypes. Figure 4.5d provides the performance of all
configurations and shows that imposing penalty increases the model performance in
general. The testing time also reduced by 10 times making the model suitable for
mobile devices as provided in Figure 4.6. The Pr and Sp improved as penalising
reduces the contribution of ambiguous beats, thereby reducing the undesired over-
fitting effects, and provides better model generalization. Normal class prototypes
reduced without major change in performance. SVEB prototypes increased with an
increase in Pr, Acc, and Sp. VEB prototypes nearly doubled and reduced Pr but

increased Acc and Se.

Table 4.3: Number of individual class prototypes extracted using PIPxResNet.

Class | 2565 | 525 | 649 | 757 | OD | CWOD | WWTOD | ADAOD
N 21 18 16 23 ) 22 7 13
S 8 11 8 10 7 23 11 14
Vv 14 15 13 14 11 16 13 15
All 43 44 | 37 | 47 23 61 31 42

Comparing xResNet and PIPxResNet: We compared the best performing
xResNet with PIPxResNet and calculated the percentage increase in performance for

TH-2764_156201001
05



4.3. EXPERIMENTAL SETUP AND RESULTS

B xResNetTrain [ xResNet Test [} PIxResNet Train B PIxResNet Test

200

100

6

° | | i
. i i

CwOD WWTOD ADAOD DCCGAN

o O

Time (Seconds)

Figure 4.6: Training and Testing time taken by xResNet and PIPxResNet for vari-
ous data configurations.

all evaluation metrics as described in Table 4.4. Inducing the penalty in xResNet
algorithm generated better quality prototypes and had less influence in the number
of prototypes, improving the prediction performance of the classifier. The Pr for
DCCGAN augmented data at 757 batch improved by 9.68%, Acc for CWOD improved
by 24.68%, Se for DCCGAN augmented data at 525 batch improved by 10.69%,
and Sp for CWOD improved by 26.35%. The best performing PIPxResNet was at
DCCGAN augmented data at 255 batch, which is further compared for individual
classes with best performing ResNet.

Table 4.4: Comparison between the best performing xResNet and PIPxResNet.

xResNet PIPxResNet Change (%)

Pr Acc Se Sp | Pr Acc Se Sp | Pr Acc Se Sp
OD 0.66 0.85 0.83 091|069 086 0.84 091|420 065 1.12 0.06
CWOD 0.59 0.69 0.61 069 |0.59 086 0.66 0.87|0.15 24.68 852 26.35
WWTOD | 0.66 0.86 0.86 0.92 | 0.68 0.88 0.87 093|425 240 050 1.10
ADAOD |0.72 089 0.84 092|077 091 0.87 093|571 280 3.35 0.42
255 0.76 092 086 094 |0.78 093 088 094|168 068 212 0.25
525 0.68 0.89 0.80 092|074 092 0.88 094|869 287 10.69 1.66
649 0.73 091 0.84 094|074 092 0.88 094|087 080 438 0.34
757 0.68 0.89 0.81 092 ]0.75 092 088 0931969 3.75 866 1.09

4.3.6 Prototype Interpretation

The 3-D encoding of extracted prototypes for DCCGAN batch 525 provided in Table
4.3 is illustrated in Figure 4.7. The encoding is obtained from penultimate layer of

pretrained neural network. The prototypes represented in the 3D space display a
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clear separation between the three classes. The extracted prototypes for DCCGAN
batch 525 representing the 186 dimensional heartbeat described in Table 4.3 are
illustrated in Figure 4.8 to provide an explanation to the general physician. According
to the medical definition [278], ECG signal captures P-wave, QRS complex, and T-
wave, where R-peak is positive, Q-peak and S-peak are negative. An abnormality
in these waves deteriorates ECG and leads to cardiovascular problems. In Normal
beats, all the characteristic waves P, QRS, T are visible. In SVEB, the P wave is
usually missing, and in VEB, the QRS complex is wider than the normal beat with
a discordant ST segment. The ectopic beats are felt as palpitations caused due to an
extra or skipped heartbeat making the patient feel the heart lurch or an extra strong
beat occurring momentarily. SVEB originates from the upper chambers or atria and
are also called atrial premature beats or premature atrial contraction and may lead to
atrial fibrillation. VEB originates from the lower chambers or ventricles and are also
called Premature ventricular contractions and may lead to ventricular tachycardia

and fibrillation. Both atrial and ventricular fibrillation are life threatening.

Figure 4.8a represent the normal class prototypes with the presence of a P-wave,
QRS-complex, and T-wave, capturing the characteristics of normal beats correctly
and therefore provide good explanation of normal beats. Figure 4.8b represent the
prototypes of SVEB. It is characterized by an abnormal P-wave (either missing or
negative P-wave) and a very short duration of the QRS-complex, mainly a missing
P-wave and narrow QRS-complex describe SVEB as compared to N. The SVEB pro-
totypes also represent the ideal SVEB correctly and thus provide a good explanation.
Figure 4.8c represent the prototypes of VEB. They are categorized by abnormal QRS-
complex lasting longer than normal QRS-complexes. The identified prototypes match
the beats of subjects. These prototypes can further verify the knowledge learned by
the model and point out if the model misses on some important information. Since
prototypes represent ideal candidate beats of the class, they might provide additional
insight and increase the knowledge base of the physicians. If the prototypes are un-
able to represent the corresponding class correctly then more data could be added to
further improve the model performance. The reliability score quantifies the diagnosis
significance. A high score represents a reliable diagnosis, i.e., more beats supporting
the prototype with a good pearson correlation between test beat and actual prototype

and vice versa.

Additional Experiments: Few additional experiments were also performed:
(1) Medoid based testing; (2) Correlation based testing; (3) Voting during testing;
and (4) Use of Cosine similarity in place of euclidean distance. In medoid based test-
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Figure 4.8: Actual Prototypes of N, SVEB, and VEB Class.

ing, encoded prototypes are replaced with nearest EB in training data. O(P x N)
time is consumed for replacing the beats with medoids, where P and N represent
the number of prototypes and training beats. The results degraded as several proto-
types were a linear combination of the respective class beats and after swapping, the
new prototypes were unable to capture corresponding class characteristics. Table 4.5

depict the results of medoid based testing. In correlation based testing, correlation
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between actual beats and actual prototypes was calculated and performance degraded
as correlation performs a linear one to one mapping whereas beat deformity might
occur at any timestamp and may not resemble with any existing prototype. Table
4.5 depict the results of correlation based testing. Testing without voting resem-
bles 1-Nearest Neighbor. Following this, a K-Nearest Neighbor inspired voting was
performed, where 3 nearest prototype votes were considered for classification. The
performance degraded as described in Table 4.5. The performance declined during
voting because majority votes might have been from other classes than corresponding
class votes. The euclidean distance based metric in density function does not fully
capture the high dimensional data distribution. To remedy this, cosine distance was
exploited but the number of prototypes increased from 40 to ~ 3000, N to 1144, S to
1036, V to 68 and testing time also increased manifold, making the metric unsuitable

for real time applications.

Table 4.5: Results of KNN based Voting, Medoid and Correlation Based Testing.

Testing KNN Voting Medioid Testing Correlation Testing
Set Pr Acc Se Sp | Pr  Acc Se Sp | Pr Acc Se Sp
oD 0.68 0.83 0.80 0.89 | 0.36 0.63 0.46 0.72|0.56 0.79 0.71 0.85

CWOD |0.68 0.90 0.74 090 |0.34 0.73 0.32 0.73 |0.60 0.82 0.73 0.85

WWTOD | 0.63 0.84 0.80 0.90 | 0.25 0.67 0.22 0.64 | 0.57 0.80 0.74 0.85

ADAOD | 0.66 0.88 0.78 0.90 | 0.41 0.63 0.46 0.74 | 0.55 0.75 0.64 0.81
255 0.77 090 0.83 092|046 0.72 0.49 0.76 | 0.56 0.86 0.56 0.83
525 0.73 090 0.88 0.94|0.41 0.75 0.54 0.85|0.55 0.78 0.69 0.84
649 0.71 0.90 0.87 0.93]0.38 0.73 0.52 0.84 | 0.61 0.83 0.66 0.81
757 0.71 090 0.87 0.93]0.39 0.71 050 0.83|0.54 0.76 0.71 0.83

4.3.7 Comparison with Existing Methods

The comparison of PIPxResNet with previous techniques is provided in Table 4.6.
The previous methods used RR interval [229], morphological features [237], wavelet
based features [17,239,241,243,244], discrete cosine transform (DCT) [245], stockwell
transform (ST) [248], higher order statistical (HOS) features [249], Hermite poly-
nomial based features (HBF) [250], mixture of features [251], and complex heart-
beat representations from temporal vectorcardiogram [252]. The extracted feature
redundancy is handled through dimensionality reduction techniques such as principal
component analysis (PCA), linear discriminant analysis (LDA), independent com-
ponent analysis (ICA) [243]. Lastly, the classifiers with meta-heuristic techniques
such as particle swarm optimization (PSO) [252,253] and bacteria foraging optimi-
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Table 4.6: Comparison of proposed method with previous methods on the basis of
different evaluation metrics.

Paper Features and Classifier Data Class | Se | Sp | Pr | Ac | Exp
[229] Morphological features, RR intervals MIT ARDB \S/ ;(7; - 22 - X
Morphological, WT, Temporal Features / S .63 1 .99 | .53 | 97
17 PCA, PSO, and FFANN MIT ARDB \Y% .84 | .98 | .87 | .98 %
N .76
RRI, Morphological features, HBF, HOS /
[237) Weighted Conditional Random Fields MIT ARDB \S/ ) ) ) Zg %
PCA, LDA, ICA reduced DWT subbands.
[243] ANN, SVM, PNN MIT ARDB | All | .99 | .99 | .99 | .99 X
. . N 99 | .97 | .99 | .99
244] Stationary ;gaéﬁfl Trinstogg MIT ARDB | S | .87 |.99 | 93| .99 | x
\Y% 98 | .99 | 97 | .94
PCA reduced DCT coefficients
[245] FFNN, SVM, PNN MIT ARDB | All | 98 | .99 | - | .99 X
1248 Stockwell Transform MIT ARDB S 74098 | 73| .97 «
BFO with SVM Classifier INCART \Y% 91 1].99 | .91 | .98
Temporal vectorcardiogram
Mean, Maximum connectivity degr N 94 “w
[252] can, Alaximuin connectivity degree |\ yym ARpg | 8 | 62| - | 53| .94 | x
Joint degree entropy and energy v 87 60
Mean joint degree. PSO with SVM ’ ’
Temporal features N .89 .99
[249] Morphological features MIT ARDB S 83| - .33 - X
Satistical features \Y% .86 .75
ST and Temporal features N .95 .94
[251] Mixture of features MIT ARDB S T8 | - - |97 | %
MLPNN classifier A% .89 .96
Morphological and Temporal features
[253] PSO with SVM MIT ARDB | All - - - .89 X
279] o T | MIT ARDB | All | 94 | 99| - | 99| x
Deep genetic ensemble of classifiers
Signal denoising using DWT
[280] | QRS features optimized with cuckoo search | MIT ARDB | All | 95| - | .98 | .98 | x
SVM with feed-forward neural network
Wavelet features, LBP, HOS, RRI N 7 98
[96] Ensembfe of S{/M b MIT ARDB S 8 - | 50| - X
A% .95 .94
Temporal and morphological features / S b4 | .84 | .23
[258] Clustering Based Classification MIT ARDB \Y 43 | 82| .16 | x
[270] Combination of Sequence Encoder MIT ARDB | A1l 92 | - 85| o7 | v
Prototype layer and Dense layer
RRI and Morphological features MIT ARDB
[281] Echo State Networks AHA All 82198 .85 | .97 x
DCCGAN for Auglnentatlf)n MIT ARDB N 92| 011 84 o1
ResNet for Feature extraction INCART
Our . S 77 1.96 .74 .94 | V
Prototype Based Explanation MIT SVDB v 94 | 94| .76 | 92
Reliability Score Supporting Diagnosis CPSC ’ ’ ’ ’

sation (BFO) [248] are applied for effective heartbeat classification. Although a few
methods [243-245, 279, 280] exhibit substantial performance but the evaluation is
performed solely on MIT ARDB dataset or an additional dataset, making the model
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biased towards the dataset. PIPxResNet is generalised as it has been tested on
four public datasets acquired from different geographical regions. The deep learning
models have fared better, but the black-box aspect limits real-world implementation.
The PIPxResNet and [270] provide prototype based explanations with better perfor-
mance. Fixed number of individual class prototypes hinders in capturing diversity
for majority class beats and creates redundant prototypes for minority class beats
with increased inference time [270]. The PIPxResNet prototype generation process is
data-driven, requires no parameter adjustment, making it better suited for heartbeat

classification.

4.4 Summary

A Penalty Induced Prototype based eXplainable Residual Neural Network is devel-
oped that addresses the black-box nature of deep neural networks. PIPxResNet
extracts prototypes from heartbeats using pretrained residual neural network and
minimizes resource consumption by eliminating GPU requirement. The method pe-
nalises prototypes of a class that resembles other class prototypes and reduces their
contribution towards corresponding class. The performance is improved by DCC-
GAN synthesised heartbeats. Quantitatively, PIPxResNet achieved state-of-the-art
performance without compromising individual class performance when tested on four
publicly available standard datasets. Qualitatively, the model simulates a clinical
decision support system for general physicians by providing explanation through ex-
tracted prototypes. The method can also be adopted to domains that require ex-
planations for classification purposes. The lower dimension data achieved better
performance with significant reduction in training time. However, euclidean distance
is less suitable for complex data, as more dimensions disrupt the Euclidean norm.
The order in which encoded beats are provided to PIPxResNet might alter prototype
creation and updation.

The supraventricular ectopic beat and ventricular ectopic beat may lead to atrial
and ventricular fibrillation, respectively. Atrial fibrillation and ventricular fibrillation
are life threatening cardiac abnormalities. The detection and diagnosis explanation

of atrial and ventricular tachyarrhythmias is covered in Chapter 5 and 6, respectively.
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Posthoc Interpretation Techniques for Ex-
plaining Ventricular Tachyarrhythmia Pre-

dictions using ResNet

Ventricular Tachyarrhythmias such as Ventricular tachycardia (VT) and Ventric-
ular fibrillation (VF) accounted for 4.5% of the subjects with CVD and heart failure
in India [282]. VT is a rapid and well-organized heart rhythm with 100 beats per
minute. VF is a fast, disorganized, and erratic cardiac activity where multiple heart
cells trigger together, leading the heart muscles to quiver and generate smaller am-
plitude waveform with fibrillation frequencies. The heart struggles to pump blood to
the brain during these lethal arrhythmias, leading to unconsciousness and eventually
death. Therefore, correct classification of VT and VF is of utmost importance [283].
In the past, deep learning models (DLM), have been employed to detect VT and
VF through single channel Electrocardiogram (ECG) signal. DLM have achieved
greater performance but they lack interpretability. Therefore, gradient backpropaga-
tion based posthoc techniques are explored in this chapter that highlight relevant sig-
nal timestamps. The physician might interpret the highlighted signal timestamps as
an explanation even if the saliency methods work as peak detectors. For instance, the
techniques might highlight R peaks that are responsible for detecting heartbeats from
ECG signals. Therefore, sanity checks proposed by Adebayo et al. [45] are explored
to verify whether the techniques highlight relevant signal timestamps responsible for
the corresponding diagnosis.

The chapter organization is as follows. Section 5.1 provides the literature survey.
Section 5.2 describes the methodology followed in the chapter. Section 5.3 describes
experimental setup and results. Section 5.4 summarizes the chapter.
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5.1. LITERATURE REVIEW

5.1 Literature Review

Studies conducted for ventricular tachyarrhythmia detection can be categorized into
two broad categories: conventional feature-based and deep learning-based techniques
(5,94, 284-297]. Feature-based algorithms extract temporal, morphological, spec-
tral, wavelet, and fractal features followed by a classifier for classification. Santos et
al. [290] extracted Power Spectral Density (PSD) from ECG signals. Li et al. [94]
extracted 14 features and selected optimal feature subsets using Genetic Algorithm
(GA). The selected features were auxiliary count and Filter Leakage measure (FLM)
followed by Support Vector Machine (SVM) classifier. Alonso et al. [295] extracted
morphological and spectral features followed by SVM. Prabhakar et al. [291] used
Zero-Crossing Rate (ZCR) and Peak-to-Peak Interval (PPI) features. Figuera et
al. [285] extracted slope, waveform complexity, time-frequency, and time-domain fea-
tures. Mohanty et al. [287] extracted FLM, spectral features, covariance measure,
frequency, area, kurtosis, exponential algorithmic features, skewness, and few Non-
linear entropy features that include Shannon, Norm, Log, Threshold, and Sure entropy
followed by SVM and Decision Tree (DT). Xu et al. [293] used adaptive variational
mode decomposition (VMD) and extracted variational modes followed by Boosted
Classification And Regression Tree (CART) classifier. Tripathy et al. [294] used Dig-
ital Taylor-Fourier transform to decompose ECG into various oscillatory modes and
calculated magnitude and phase difference with SVM. Taye et al. [284] extracted
Time domain Heart Rate Variability (HRV) features that include mean, standard
deviation, root mean square differences of R-to-R Peak Interval (RRI); Frequency-
domain HRV features include power in following bands (0-0.04 Hz), (0.04-0.15 Hz),
(0.15-0.4 Hz), and ratio of low over high frequency; Mean and standard deviation of
QRS signed area; Mean and standard deviation of R-peak amplitude. Mandala et
al. [288] extracted mean and standard deviation of RRI, mean heart rate, standard
deviation of RRI, mean QRS duration, mean and standard deviation for the ampli-
tude of Q, R, and S wave. A brief comparison of these techniques in terms of dataset,
features, classifier, and results is provided in Table 5.4. Amann et al. [298] imple-
mented ten existing algorithms and concluded that the algorithms failed to achieve
the claimed performance. Therefore, testing on multiple databases is essential for

algorithm reliability.

The deep learning techniques exploit raw signals and perform end to end ECG
classification. Recurrent Neural Networks (RNN) have proven to be effective and
efficient for time dependent and variable length signals as they can integrate the
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temporal relations present in signals. Picon et al. [286] used 1-D Convolution Neural
Networks (CNN) and Long Short Term Memory (LSTM) that integrated the long and
short time relations in the feature map. Fujita et al. [296] employed a six layer NN
for detecting Normal, Atrial Fibrillation, Atrial Flutter, and Ventricular Fibrillation.
Acharya et al. [5] detected shockable and non shockable VA using 11 layer 1-D CNN.
In another work, Acharya et al. [297] performed diagnosis of congestive heart failure
from ECG signals using 11-layer CNN. Nguyen et al. [292] used modified Variational
Mode Decomposition (VMD) to decompose ECG into variational modes followed by
CNN for feature extraction and Boosting classifier. Although DLM achieved car-
diologist level performance, they lack interpretability. Researchers have developed
interpretability methods to understand the reasoning behind model diagnosis. Only
Strodthoff et al. [147] have used gradient based attribution method for detecting my-
ocardial infarction, but did not verify the validity of extracted saliency maps. This
leaves a research gap to develop and validate interpretability techniques that provide
correct and reliable explanations.

The results presented in the literature are substantial but suffer with a few
limitations. The handcrafted features are rhythm sensitive. The deep learning models
achieve good performance but lack model interpretation. The implicit interpretability
techniques are model specific and are inapplicable to pretrained models. The validity
of interpretability techniques is not verified. The models developed in the past are

trained and tested on limited data.

5.2 Methodology

The steps involved for achieving ventricular tachyarrhythmia classification are illus-
trated in Figure 5.1. The data from multiple geographical locations is acquired and
preprocessed before feeding to the classifier. The inadequate VT and VF rhythms are
synthesized using Synthetic minority oversampling technique [42] (SMOTE), Border-
line SMOTE using Support Vector Machine [43], and Adaptive synthetic [44] augmen-
tation technique. The convolution based residual neural networks are employed to
detect VT, VF, and NSR from segmented ECG data. The effect of ResNet layers and
ECG segment length is analysed to provide faster treatment in early stages. ResNet
predictions are explained using three gradient backpropagation-based posthoc inter-
pretability techniques, namely, Guided Backpropagation [36], Gradient Class Activa-
tion Map [37], and Guided Gradient Class Activation Map [37] to highlight relevant
signal timestamps that contribute towards or against the diagnosis. The validity of
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interpretability techniques is verified using sanity checks [45].

-
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Figure 5.1: Block diagram of the proposed framework.
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5.2.1 Data Description and Preprocessing

The databases include Creighton University Ventricular Tachyarrhythmia Database
(CUDB) [40], Massachusetts Institute of Technology Database (MITDB) [38], Ideo
Ventricular Arrhythmia Database (IVADB) [41], Malignant Ventricular Arrhythmia
Database (VFDB) [39] and American Heart Association Database (AHADB) [34,299].
Table 5.1 describes detailed database description. Episodes of VT, VF, and NSR are
extracted from the databases. Single channel recording from each record is considered
to avoid redundancy in extracted signals. The mean was subtracted and the signals
were min-max normalized.

The signals suffered from high and low frequency noises caused due to elec-
tromyogram induced noise or power line interference and baseline wander. Low fre-
quency noises increase the amplitude of ECG that degrades the PQRST morpholo-
gies [82,228]. Baseline wander, and power line interference was suppressed using a
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Table 5.1: Detailed description of all databases.

Database | Channel | Recordings | Sampling
MITDB [38] | Double 47 360 Hz
VFDB [39] Double 22 250 Hz
CUDB [40] Single 24 250 Hz
IVADB [41] Twelve 6 2 KHz
AHADB [34] | Double 10 250 Hz

high pass filter with a cutoff frequency of 1 Hz and a notch filter centered at 50 Hz,
respectively [300].

Resampling and Segmentation: Cleaned signals were resampled to 250 Hz. Then
overlapping segmentation was performed, ranging from 1 to 10 second segments [263].
The dataset was split into a 80 : 20 split for train and test dataset. The train dataset
was further split into a 80 : 20 split for training and validation dataset.

Augmentation: Inadequate VT and VF rhythm bias the neural network towards
NSR rhythms. This class imbalance was handled using augmentation techniques,
namely, SMOTE, Borderline SMOTE using SVM, and ADASYN. SMOTE [42] gener-
ates new instances between existing samples using the K-Nearest Neighbors algorithm
without considering majority class data. This leads to the generation of ambiguous
instances if strong overlapping is present in the classes. ADASYN [44] generates
synthetic samples that are inversely proportional to the density of existing samples.
SVM SMOTE [43] replaces KNN with SVM and generates new instances in the close
vicinity of each class’s support vectors. It is important to note that the data augmen-
tation is not applied on the test and validation dataset. The validation data is used
to determine the optimum number of resnet layers for better performance and less
computation and memory requirement. The results in Section 5.2.2 are performed
only on the test dataset. The total number of segments for each second before and

after data augmentation are provided in Table 5.2.

5.2.2 Residual Neural Network Classifier

The details of ResNet architecture are described in Section 4.3.3. Figure 5.2 illus-
trates a 1-layer ResNet. Consider G(z) as a mapping of stacked layers with z denoting
the identity connection, the residual block output is denoted by G(z) 4 z. The iden-
tity connections do not introduce computational burden. 1-D Convolution performs
feature extraction using convolution filters (f) of size W x N, where W is the filter
width and N is the number of filters, pooling with & and stride of r generates s(f)
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Table 5.2: Number of segments before and after data augmentation. NSR: Normal
Sinus Rhythm; VT: Ventricular Tachycardia; VF: Ventricular Fibrillation.

Segment Length Original Augmented

Samples | Seconds | NSR | VT VF | NSR | VT VF
250 1 39301 | 18043 | 16846 | 39301 | 39514 | 39056
500 2 19596 | 9160 | 8336 | 19596 | 19053 | 18791
750 3 13040 | 6071 | 5616 | 13040 | 13038 | 13595
1000 4 9818 | 4516 | 4210 | 9818 | 10196 | 9947
1250 5 7879 | 3608 | 3347 | 7879 | 8186 | 7981
1500 6 6519 | 3071 | 2771 | 6519 | 6488 | 6685
1750 # 5642 | 2540 | 2412 | 5642 | 5689 | 5589
2000 8 4920 | 2265 | 2083 | 4920 | 5083 | 5027
2250 9 4338 | 1998 | 1903 | 4338 | 4348 | 4327
2500 10 3897 | 1819 | 1698 | 3897 | 3981 | 3957

as represented in Equation 5.1.

[k/2) Vp
sinl =1 2 fowsml’ (5.1)
w=—k/2]
where, g(w,j,u) = (r - j + w,u) function maps s to f, p is the p-norm order.
If p <+ o0, it resembles max pooling and if » > k, no overlapping pooling regions.
Comparing the pooling operation defined in Equation 5.1 to convolutional layer ¢

applied to feature map f given in Equation 5.2.

k/2] N

Cj,u(f) =0 Z Z ew,u : fg(w,j,u) (52)
w=—|k/2) u=1
where, 6 represent filter weights, o(-) is Rectified Linear Unit (ReLU) activation

function with o(x) = max(z,0), and u € [1, N] is feature map index.

5.2.3 Posthoc Interpretability Techniques

The interpretation workflow is depicted in Figure 5.3. The input signal () is provided
to the pretrained ResNet model (M) and the predicted targeted class score (C') before
softmax activation function is extracted. The score (C') and last convolution layer
filters (A*) to visualize are further used for interpretation. Algorithm 9 explains the
generation of saliency maps. First, a model is built with input similar to pretrained
ResNet and output as the convolution layer. The ReLU activations are modified to
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Figure 5.2: Single Layer Residual Neural Network. BN: Batch Normalization;
ReLU: Rectified Linear Unit.

guided ReLU so that the gradient are overridden and only non negative gradients
backpropagate. Finally, the clean ECG segment is forward propagated and gradients
of the target class with respect to convolution feature maps are calculated. The score
and gradient are used to calculate GBP, Grad CAM, and Guided Grad CAM saliency
maps. The description and calculation of class discriminative localization maps for
each interpretability technique is explained subsequently. Similar phenomena can be

extended for other convolution layers.

Guided Backpropagation: The Guided Backpropagation (GBP) or guided
saliency is the combination of vanilla backpropagation and DeconvNets [301], where
only the positive gradients are backpropagated, and the negative gradients are clipped
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Figure 5.3: Proposed Interpretation Workflow generating Saliency Maps of GBP,
Grad CAM, and Guided Grad CAM.

Algorithm 9 Posthoc Interpretability Maps

Input: Pretrained Model (M), Signal (S), and Convolution Layer to Visualize (A*)
Output: GBP Maps (Ggpp), Grad CAM (G ), and Guided Grad CAM (Ggae)
// Build new model with input similar to M and output as A*
Mewy = Model( Mipput, AF)
// Change ReLU to Guided ReLU in M,
for L, in M., do
if L, == ReLU then
// x < input of L.
// dy < gradient backpropagated to L.
Lot = (dy > 0) x (z > 0) x (dy)
end

end

Target Class Score (Y©) = Predict S using M.
G = oy ¢
= 0AF

// Calculating Ggpp by Min-Max Normalizing G
. _ G-Min(G)
GBP Maz(Q)

// Calculating Ggc by Multiplying Ay with Mean of A; and applying
ReLU activation

Goe = ReLU (X, 32, GAY)

// Calculating Gggec by Element-wise Multiplication of Ggpp and Ggco
Goee = Gae - Gapp

to zero [36]. Figure 5.4 illustrates the forward and backward propagation during
the training, where the input is passed through the ReLU activation function as
described in Equation 5.3. Here, the input 2! represents the output of i neuron
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of I layer. During the backward propagation, only those values are propagated
that were positive during the forward pass and other values are clipped as described
in Equation 5.4. The error signal Ef“ represents the error backpropagating from
i'" neuron of (I + 1) layer. GBP modifies the backward propagation by passing
only those values that were positive during the forward and backward propagation.
The new error signal takes into account both z! and Ef“ before passing the error
to previous layer as described in Equation 5.5. Hence, the new gradient is guided
by the input from the preceding layer and error from the succeeding layer. The
backpropagated gradients highlights only those timestamps that highly influences the
diagnosis, whereas, the conventional backpropagation does not mask negative entries
during backward propagation. The intensity values of heatmap are divided by the
maximum intensity value of heatmap to normalize the heatmap such that intensity
values range between 0 and 1. The heatmaps are overlapped with input signal to
obtain guided backpropagation heatmaps. GBP calculates the imputed version of
gradient with respect to input, keeping the network weight matrix 6 constant while
using ReLLU. Being a posthoc interpretable technique, GBP does not influence the

decision-making capability of ResNet model.

Forward Propagation

20 7 (+1)
—’@’— Activation Function

Backward Propagation

E® E(*7)
% Saliency Map
£ () ey oy )

: RelLU : RelLU
@ Backward @ Forward

Figure 5.4: Hlustration of GBP Method

2 = ReLU(2}) = max(2,0) (5.3)
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5 out
E'=E™' Y (2! > 0), where EF! = % (5.4)
Zi
El = E"'V (24> 0) and (EF! > 0) (5.5)

Gradient Class Activation Map: The Class Activation Mapping (CAM)
technique indicates the discriminative regions used by a specific class of CNN to
identify the predicted class [302]. CAM applies to CNN with Global Average Pooling
layer, leading to inferior accuracies as new models needs to be trained [302]. Grad
CAM improves over CAM shortcomings, does not require modifications to existing
CNN models [37]. Grad CAM saliency is generated by performing weighted com-
bination of A* and backpropagated gradients followed by a ReLU as described in
Equation 5.6. This results in generation of coarse heatmap of similar size as that of
A*. ReLU makes sure that features having positive influence on the target class are
only highlighted otherwise more information is highlighted, leading to low localization

performance.
ove .
Gee = ReLU [ Y ) A (5.6)
koo i

Guided Gradient Class Activation Map: Guided Grad CAM combines
the best aspects of Grad CAM and GBP through element-wise multiplication and
produces class-discriminative saliency maps for any arbitrary CNN architecture [37]

as described in Equation 5.7.
Geae = Gao - Gapp (5.7)

5.2.4 Sanity Check Mechanism

Ideally, the saliency maps should correlate with model parameters/weights learned
during training using the training data. Moreover, visual assessment of saliency maps
is insufficient for understanding whether meaningful explanations are provided to
stakeholders. Therefore, sanity checks proposed by Adebayo et al. [45] are employed
to verify the validity of saliency maps by performing model parameter randomization
and data permutation test. The sanity check mechanism is illustrated in Figure 5.5.

Model Weight Randomization Test: The weights of convolution layer filters
are modified and the effect on saliency maps is observed. If the saliency maps gets
changed, that means they depend on model’s learned parameters, making the tech-
nique effective for diagnosis interpretation and if saliency maps remain unchanged, it
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Figure 5.5: Sanity Check Mechanism. (1) Model Weight Randomization Test; (2)
Training Data Permutation Test.
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means that the saliency maps are unrelated to model parameters, the technique fails
and will provide wrong diagnosis interpretation. Algorithm 10 describes the model

parameter randomization test.

Algorithm 10 Model Weight Randomization

Input: Convolution Layer to Visualize (A¥)
Step 1: AMP* < Reinitialize A¥ with HeNormal Initializer
Step 2: Update Model by replacing A* with AM*
Step 3: Predict Test data using Updated Model
Step 4: Generate saliency maps using Algorithm 9
if Maps Remain Same as Earlier then
| Maps depend on model weights, Pass
else
| Maps independent of model weights, Fail
end

Training Data Permutation Test: The test measures the sensitivity of in-
terpretability techniques with respect to the relationship between training data and
label combination. An explanation method insensitive to randomized data label com-
bination cannot possibly provide correct explanation mechanisms present in the data
generating process. Algorithm 11 describes the training data permutation test, where
the labels corresponding to the ECG segments are permuted to destroy their rela-
tionship. The task is accomplish by training a new ResNet model until 95% accuracy
is achieved for uncorrelated segment-label pairs (overfitting). For instance the NSR
with label 1 is now trained with label 0. During testing, the model performs similar
to a random guessing classifier.
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Algorithm 11 Training Data Permutation

Input: Training Data (D) with Labels (L)

Step 1: Create Single Layer ResNet (M)

Step 2: Permute/Randomize D and L

Step 3: Train ResNet till 95% accuracy is achieved (Overfit)
Step 4: Predict test data using ResNet

Step 5: Generate saliency maps using Algorithm 9

if Maps Remain Same as Earlier then
| Maps depend on train data and label, Pass

else
| Maps independent of train data and label, Fail

end

5.3 Experiments and Results

For quantitative analysis, the model performance is calculated by varying the effect of
ResNet layers, augmentation technique, and optimum ECG segment length required
for accurate diagnosis. The model performance is measured using Accuracy (Acc),

Sensitivity (Se), Specificity (Sp), and Precision (Pr) as described in Equation 4.3.2.

5.3.1 Quantitative Evaluation

ResNet Layer Effect: The model performance increases upto five ResNet layers but
declined thereafter due to data scarcity for 2 second ECG segment as described in
Figure 5.6. The performance achieved by 1-layer ResNet and 5-layer ResNet are
almost similar. Therefore, 1-layer ResNet was preferred as it achieved an Acc of 0.97,
Se of 0.94, Sp of 0.98, and Pr of 0.95. The 4 MB model took 5 minutes per epoch
for training and 1 milli second inference time. It can be easily deployed in automatic
external defibrillators and bedside monitors.

It can be seen in Figure 5.7 that in single layer model, the size of model is 3.5 MB
which increases exponentially to 183.3 MB in 15 layer model. As the layers increase,
the performance increases upto five resnet layers but declined thereafter due to data
scarcity. The curse of dimensionality was observed in many models that deal with
larger size ECG segments as the model performances drastically reduced when large
ECG segments were provided as input to the model.

Effect of Augmentation Technique: The results obtained using original and aug-
mented data for 2 second segment using 1-layer ResNet are described in Figure 5.8.
The models trained on ADASYN augmented data as descried in Figure 5.8¢c, achieved
best results as ADASYN considers the minority class density distribution rather than
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Figure 5.6: Model performance variation for increasing number of ResNet layers for
two second ECG segment.
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Figure 5.7: Model size variation with increasing number of ResNet layers for two
second ECG segment.

assigning a uniform weight for all minority points while generating synthetic samples.
Therefore, the newly generated instances are non linearly correlated with the original
samples and persist high resemblance towards the minority classes. This helps model
in generalizing towards the minority classes. A steep decline in model performance
was observed without augmentation due to limited availability of training data. The
performance increased when augmentation was applied as the number of training
instances were sufficient. ADASYN outperformed other techniques for all segment
lengths and was therefore preferred for further experimentation.

Varying Segment Length: The effect of segment length is described in Figure 5.8.
It can be observed that, for all the segments, the model produces Sp that is better than
Se, which is desirable as a lesser number of people would receive shocks and might
suffer from cardiac arrest. The reason for lower Se was the limited number of training
samples that capped the ResNet’s generalization capability. The model performance
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Figure 5.8: Single layer ResNet model performance for original and augmented data
for varying segment lengths.

also deteriorated with increasing signal length due to the decline in training instances
causing model underfitting. The model performed better for ECG segments ranging
between 1-4 second segments as shown in Table 5.3. The shorter duration segments
perform relatively better than longer duration segments. Data augmentation enabled
the model to generalize much better and provide a significant improvement over the
baseline results. 1-layer ResNet achieved an Acc of 0.98, Se of 0.96, Sp of 0.98, Pr
of 0.96 for 1 second segment and Acc of 0.97, Se of 0.95, Sp of 0.98, Pr of 0.94 for 2

second segment using ADASYN augmentation.

Model for Interpretation: Single layer ResNet developed for 2 second ECG with
ADASYN augmentation is used for interpreting diagnosis. Figure 5.9 illustrates the
confusion matrix for the prediction on test data (combined from test data of all
sources). The model distinguishes between the NSR and VT-VF segments, but dete-
riorates while differentiating between VT and VF segments as 148 VF episodes were
classified as VT and 174 VT episodes were classified as VF. Hence, we further examine
the reasons behind the correct and incorrect diagnosis for 2 second segments.
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Table 5.3: Single layer ResNet Performance for varying segment lengths on
ADASYN augmented data.

Time | Class | Accuracy | Sensitivity | Specificity | Precision
NSR 0.99 0.99 0.99 0.99
1sec. | VT 0.97 0.94 0.98 0.95
VF 0.97 0.95 0.98 0.94
NSR 0.98 0.98 0.99 0.99
2sec. | VT 0.97 0.92 0.98 0.93
VF 0.96 0.94 0.97 0.90
NSR 0.99 0.99 0.98 0.99
3sec. | VT 0.95 0.92 0.96 0.89
VF 0.96 0.88 0.98 0.93
NSR 0.99 0.99 0.99 0.99
4 sec. | VT 0.94 0.86 0.97 0.90
VF 0.95 0.90 0.96 0.86

2 Second Segment

6000

4500

Mormal

3000

True label
WT

- 1500

11

WF

i
MNormal VT VF
Predicted label

Figure 5.9: Confusion Matrix on test data for two second segment using single layer
ResNet model.

5.3.2 Comparison with State of the Art Techniques

Table 5.4 compares the single layer ResNet classifier when tested on 1 second ECG
segment with the techniques provided in the literature. Existing methods are verified
on mostly two or three datasets, making them unreliable and underperform in real
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world scenario. The proposed method has been verified on five datasets acquired
from multiple geographic locations. The Normal Sinus Rhythm Database (NSRDB)
was excluded as sufficient NSR were available for experimentation. ResNet was pre-
ferred as it had outperformed other CNN based models [303]. Moreover, to increase
the model performance, augmentation techniques, namely, ADASYN, SMOTE, and
SVM-SMOTE were employed for circumventing data imbalance and increasing per-

formance.

Table 5.4: Performance comparison with state-of-the-art methods on the basis of
different evaluation metrics.

Paper Data Method Se Sp | Acc
[5] MITDB, CUDB, VEDB 11 layer 1D CNN 091 | 0.95 | 0.93
Morphological and Spectral features

[205] | MITDB, CUDB, VFDB N 0.92 | 0.97 | -
[300] | AHA, CUDB, MITDB Time-delay based algorithm 0.79 | 0.97 | 0.96
[94] AHA, CUDB, VFDB CA Y o2 0.98 | 0.98 | 0.98

SVM Classifier
Temporal, Spectral, Statistical features
SVM and Decision Tree Classifier
202 CUDB. VFDB CNN for feature extraction 097 | 099 | 099
’ Boosting classifier ] ' '
[286] AHA, CUDB, VFDB 1-D CNN and LSTM Model 0.99 | 0.98 | 0.99
, Entropy features
[304] MITDB, CUDB, VFDB Random forest Classifier 0.96 | 0.97 | 0.97
Adaptive-VMD
Boosted CART classifier
Phase Difference features
[294] GUDERRDD SVM Classifier with RBF Kernel 0.500F 0.9371-0.89
11 HRV, 2 QRS, 2 R-peak features
ANN Classifier

5 time-domain, 7 QRS features

[287] MITDB, CUDB, VFDB 0.98 | 0.99 | 0.99

[293] MITDB, CUDB, VFDB 097 | 0.98 | 0.98

[284] | CUDB, PAFDB, NSRDB 0.98 | 0.99 | 0.98

[288] NSRDB, VFDB SVM. DT, NB Classifir 0.89 | 091 | -
CUDB, VFDB, PTBDB

[289] NSRDB Box Count Features b - 0.94

1290] CUDB, VFDB, MITDB Modified Power Spectral Density B B 0.37

NSRDB SVM Classifier '

[291] MITDB, CUDB, VFDB ZCR and PPI 99.61 | 99.96 | 99.92
AHA, CUDB, VFDB, ResNet Classifier

Ours | \ITDB, IVADB ADASYN Augmentation 0.96 1 0.98 | 0.98

5.3.3 Qualitative Evaluation

The predictions are interpreted using three posthoc gradient backpropagation based
interpretability techniques, namely, GBP, Grad CAM, and Guided Grad CAM that
highlight relevant signal timestamps responsible for and against the prediction. The
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analysis is performed for correct and incorrectly classified rhythms. In addition, the
validity of aforementioned techniques is verified using Sanity checks that explains the
reliability of interpretability techniques. The single layer ResNet performed better
than other configurations. Hence, the diagnosis interpretation for 2 second ECG
segment is explored using single layer ResNet. Firstly, the origination of NSR, VT,
VF with their respective ECG waveforms is shown in Figure 5.11 followed by posthoc
interpretation of the saliency maps of last convolution layer of correctly classified and
miss-classified ECG segments. In addition, the interpretability technique efficacy is
verified through sanity checks. The training data permutation test performs retraining
of single layer ResNet using permuted training data and label combination until the
model achieves 95% accuracy. Figure 5.10 illustrates the training curves of the model
trained on permuted data. Table 5.5 describes the prediction on test data which
resembles to random guesses. It can be concluded that convolution filters have learned
something entirely different as compared to the previously trained models. The model
weight randomization test is also performed to generate another class of models. The
original model and the modified class of models are used to generate qualitative
saliency maps for visualization. The colour coding of saliency maps represent the
attribution score, where the blue colour influence the signal timestamps towards the
model diagnosis and the white colour influence the signal timestamps against the

model diagnosis.

1.25
== | 0oss == Accuracy

1.00

0.75

0.50

0.25

0.00

200 400 600 800 1000 1200
Epoch

Figure 5.10: Model training curves for permuted data.

5.3.4 Ventricular Arrhythmia Origin

The origination of NSR, VT, and VF with their respective ECG waveforms is provided
in Figure 5.11. During NSR, the impulse is generated from sinoatrial node and the

waveform depicts narrow QRS complex with P-wave and T-wave as shown in Figure
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Table 5.5: Prediction on test data using the model trained on permuted data and
label combination.

Label | Precision | Accuracy | Sensitivity | Specificity
NSR 0.50 0.47 0.53 0.40
VT 0.24 0.65 0.24 0.77
VF 0.17 0.63 0.16 0.77
Average 0.31 0.58 0.31 0.65

5.11a. The reentrant monomorphic VT with left bundle branch block morphology
generated from the right ventricle with wide QRS complexes is illustrated in Figure
5.11b. VT is a rapid and well-organized heart rhythm with a heart rate of more
than 100 beats per minute (bpm). Sustained VT lasting more than 30 seconds or
is symptomatic leads to polymorphic VT, which then degenerates to VF [305]. The
coarse VF generated from various sites throughout the ventricle giving rise to multiple
fast QRS complexes with uneven width and unclear R-peaks is illustrated in Figure
5.11c. VF is a fast, disorganized, and erratic cardiac activity where multiple heart cells

trigger together, leading the heart muscles to quiver and generate smaller amplitude

waveform with fibrillation frequencies.

ventricular
quiver fast and
erratically

Figure 5.11: Ilustration of (a) Normal Sinus Rhythm with impulse generated from
Sinoatrial Node; (b) Reentrant monomorphic Ventricular Tachycardia with left
bundle branch block morphology generated from the right ventricle; (¢) Coarse Ven-
tricular Fibrillation generated from various sites throughout the ventricle. (Edited
from [5])

5.3.5 Correctly Diagnosed Rhythms

The saliency maps obtained from last convolution layer of ResNet model for correctly
classified NSR, VT, and VF rhythms using GBP, Guided Grad CAM (GGC), and
Grad CAM (GC) are illustrated in Figure 5.12, 5.13, and 5.14. The maps highlights
essential areas responsible for/against diagnosis. Since, saliency maps were destroyed
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during training data permutation test, only correct predictions from test data using
overfit model are displayed. During correct classification of NSR in top row of Figure
5.12, 5.13, and 5.14, GGC and GBP find precise R-peaks whereas GC highlights the
area from P-wave to R-peak. GC also highlights Q-wave with slight focus on T-wave.
GBP work as R-peak detector and highlights areas of increasing slope in the waveform.
During the sanity checks, the saliency maps were destroyed making the techniques
suitable for interpretation. The middle row of Figure 5.13 and 5.14 describe correct
classification of VT where GBP follows a similar behaviour as mentioned for NSR. It
highlights increasing slope in the waveform. GGC also highlight slight R-peaks. All
three techniques highlight wide QRS complex regions (seen in blue). The blue regions
in VT are more as it is a faced paced rhythm. The saliency maps of GC were destroyed
the most whereas the maps of other techniques retained some similarity with a focus
on QRS complexes. Therefore, it can be inferred that they do not depend on train
data as much as GC, making GC a better technique. Moreover, GBP again worked
as a peak detector. The last row of Figure 5.12, 5.13, and 5.14 describe correct
classification of VF where GC puts less focus on QRS complex but more on absent
P-waves (basically before and after QRS complexes). GBP highlighted peaks present
in ECG segment.

5.3.6 Incorrectly Diagnosed Rhythms

The saliency maps obtained from last convolution layer of ResNet model for miss-
classified rhythms are illustrated in Figure 5.15. The miss classifications can be
categorized into two broad categories. Firstly, the model is usually confused while
classifying between VT and VF rhythms as sustained VT leads to VF. In later stages
of VT the visibility of P-waves and T-waves start to diminish, making correct diag-
nosis difficult. Secondly, the fast heart rate around 150 bpm, confuses the model to
classify between intermediate and shockable VT'. In Figure 5.15a, the model predicted
NSR as VT. The wide QRS complexes are highlighted in GC saliency maps, resulting
the model to predict VT and not NSR. GGC and GBP highlight random signal times-
tamps. In Figure 5.15b, VT is classified as NSR. The GC maps highlight narrow QRS
complexes and miss out evident P-waves, thereby predicting NSR. The GGC maps
follows similar highlighted timestamps. GBP highlights only the increasing slopes. In
Figure 5.15¢ coarse VF is predicted as NSR but GC focuses on narrow QRS complexes
that are present in NSR. Saliency maps highlight TP segment rather than focusing
on wide QRS complexes. GGC and GBP maps highlight random timestamps thereby
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Figure 5.12: Original Saliency maps of correctly classified episodes. Top row: NSR,
Middle Row: VT, Bottom Row: VF.
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Figure 5.13: Saliency maps with Randomized Weights of correctly classified
episodes. Top row: NSR, Middle Row: VT, Bottom Row: VF.
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Figure 5.14: Saliency maps of Permuted Data-Label combination for correctly
classified episodes. Top row: NSR, Middle Row: VT, Bottom Row: VF.

TH-2764_156201001
124



5. POSTHOC INTERPRETATION TECHNIQUES FOR EXPLAINING
VENTRICULAR TACHYARRHYTHMIA PREDICTIONS USING RESNET

lacking the focus on specific morphologies. In Figure 5.15d NSR is predicted as fine
VE. The amplitude of the signal is very low, ranging from [0.9,1.1]. GGC shows
clear demarcation on QRS. GGC and GBP focus on QRS complexes and two beats
are present, causing a heart rate of 60 bpm. Low focus is provided to P and T-wave
occurring in NSR and missed in the VF. In Figure 5.15e sustained VT is predicted as
VF. GC maps highlight high number of wide QRS complexes. GBP maps highlight
increasing slope regions. GGC maps focus on QRS complexes. The HR is 240 bpm as
8 beats are captured in 2 second ECG segment leading to classification of sustained
VT as VF. Moreover, sustained VT leads to VF. Lastly, Figure 5.15f classifies VF as
VT. The HR is 180 bpm. GGC focus mainly on R-peaks and work as peak detec-
tor and provide less focus on QRS complex. GC also provides slight focus on QRS
complex. GC focuses on sides of QRS complex and classify VF as VT.

5.3.7 Interpretability Technique Comparison

The comparison of posthoc interpretability techniques is provided in Table 5.6. Al-
though the techniques rely on trained model weights and relation between training
data-label combination, GC deteriorated the most, whereas GBP and GGC mostly
worked as peak detectors rather than providing reliable explanations. Therefore,

GradCAM is the best technique followed by Guided GradCAM and Guided Back-

propagation for generating saliency maps.

Table 5.6: Interpretability Technique Comparison

Sanity Checks GC | GGC | GBP
Randomized Model Weights | v v
Permuted Train Data-Label | v

Rank 1 2

SESEN

5.4 Summary

In this chapter, gradient backpropagation based posthoc interpretability techniques
are investigated for explaining ResNet model predictions. The ResNet models de-
tect VT, VF, and NSR from ECG signal. The effect of layers of the ResNet model,
augmentation technique, and segment length were analysed and the optimum per-
formance was obtained for 1-layer ResNet for 1 second segment using ADASYN
augmentation technique. The models were tested on datasets acquired from mul-
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tiple geographical locations. The interpretability techniques, Grad CAM highlighted
relevant timestamps whereas GBP and Guided Grad CAM mostly worked as peak de-
tectors which aid in heartbeat detection. The interpretability techniques were verified
using sanity checks, namely, model weight randomization and training data label per-
mutation test. All techniques passed the sanity checks and but Grad CAM saliency
maps deteriorated the most, making it a better choice for signal interpretation. In
conclusion, 1-layer ResNet with ADASYN augmentation and Grad CAM highlighted
most relevant signal timestamps responsible for prediction. The next chapters high-
light the importance of implicit interpretability techniques for ECG classification and

interpretation.
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(a) NSR predicted as VT.
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Figure 5.15: Saliency maps of incorrectly classified NSR, VT, and VF rhythms.
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Figure 5.15: Saliency maps of incorrectly classified NSR, VT, and VF rhythms.
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(e) Sustained VT predicted as VF.
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idiure 5.15: Saliency maps of incorrectly classified NSR, VT, and VF rhythms.
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Classification and Prediction Interpreta-
tion of Atrial Fibrillation using Attentive

Transformer Neural Network

The World Health Organization reported that around six million people in the
United States and around ninety million people worldwide suffer from Atrial Fib-
rillation (AF) and these numbers will become two-fold till 2050 [306,307]. AF can
be detected using the Electrocardiogram (ECG) signal clinically. AF occurs due to
disorganized electrical activity at the upper left chamber of the heart (left atrium)
making the atria quiver or fibrillate. This phenomenon introduces a chaotic activity
between the QRS complexes during which the P-waves are absent and are replaced
by f-waves. The absence of P-wave signifies no PR interval and presence of f-waves
produces irregular RR intervals. The heart acts as a pump and sends blood through-
out the body, and during AF, the blood may form a clot which is passed during blood
circulation and causes stroke when the clot reaches the brain [308]. People having AF
suffer from a higher risk of having a stroke and since it is sometimes asymptomatic,
it is mostly diagnosed after the patient faces stroke or heart failure. The occurrence
of AF episodes might be sustained or intermittent making its diagnosis challenging
during routine clinical visits [309]. In this chapter, the interpretability aspect of deep
learning models is investigated through an attention-based transformer neural net-
work model. For comparison, baseline Convolution Neural Network, Residual Neural
Network, Attentive Convolution Neural Network are also investigated. The impor-
tance of segment length is analyzed by varying ECG segment length from 1 second
to 10 seconds. The models are trained, validated, and tested on PhysioNet Comput-
ing in Cardiology 2017 Challenge Database. Attentive Convolution Neural Network
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and Transformer Neural Network provide explanations by highlighting clinically rel-
evant features such as absent P-wave and Fibrillation wave, supporting the model
predictions.

The chapter organization is as follows. Section 6.2 describes the methodology
which includes dataset description, data preprocessing, investigated models, and the
interpretation mechanism used to generate explanations. Section 6.3 describes the

experiments and results followed by Section 6.4 which summarises the chapter.

6.1 Literature Review

Conventional AF detection is performed through visual inspection by nurses, physi-
cians, and cardiologists. However, the increasing number of CVD subjects generating
vast amounts of ECG increases workload of medical professionals, making manual
ECG inspection time-consuming, tedious, and inefficient. This necessitates the devel-
opment of automated AF detection for accurate and efficient diagnosis. Clinically, AF
is detected by observing the absence of P waves [310] and irregular RR intervals [311]
in the ECG. Algorithms using P wave morphology are prone to noise artefacts [312].
Clifford et al. [6] organised the physionet computing in cardiology challenge in 2017
that aimed towards AF classification using single lead ECG signals. The approaches

could be categorised into the following three categories.

1. Feature extraction and classification using ML techniques [313-316]: The fea-
ture extraction methods extract features from ECG, followed by classifiers [313].
Several methods detect P, QRS, T waves and calculate heart rate variability
(HRV) features, detect atrial activity by the presence of a P-wave and f-waves
during TQ intervals [314], template-based wave morphology features [315]. Gar-
cia et al. exploited the variability in ventricular and atrial activities reflected
on ECG by extracting RR intervals and fibrillatory waves contained in the TQ
intervals and estimated Coefficient of Sample Entropy and classified using multi-
class support vector machine (SVM) [317]. Combination of HRV, RR interval,
PR interval, P-wave and f-wave features have also been used for AF detec-
tion [318-320]. Datta et al. [316] also extracted RR intervals, HRV features,
frequency domain features, statistical features and morphological features from
detected PQRST points. The features were selected using Maximal Information
Coeflicient and minimum Redundancy Maximum Relevance and classified using
adaptive boosting, an ensemble learning approach.
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2. Classification using Deep Learning Approaches [263,321,322]: The Neural Net-
work approaches are able to achieve better performance for end-to-end AF de-
tection using Convolutional neural networks (CNN) Recurrent Neural Network
(RNN), and Residual Neural Network (ResNet) [263]. Tran et al. [322] combined
fully connected layer and residual blocks to detect AF. The hybrid methods use
an R-peak detector for heartbeat extraction from single lead ECG followed by
CNN [321]. Hong et al. [323] extracted features from centerwave and classified
using an ensemble deep neural network classifier. Zihlmann et al. [324] em-
ployed a convolutional recurrent neural network and used log spectrogram of
ECG signal as input to the neural network. Recently, Murat et al. [325] pub-
lished a review of deep learning-based AF Detection that cohesively describes
the recent advancement of neural network models for AF detection.

3. Hybrid methods: These methods extract features in tandem with deep learning
models. Hong et al. [323] used a combination of expert features, including
statistical features, medical features, center wave frequency features extracted
using the dynamic time warping technique, and features extracted using a deep
neural network for AF detection. Although significant performance is achieved
by deep learning and hybrid models, they lack interpretability which inhibits

their real-world usage.

The shortcomings of these methods is that they use a fixed set of handcrafted
features that might fail in practical scenarios. This happens due to the drastic change
in ECG rhythm either from AF to normal or normal to AF as they suffer from high
variations. Such features might not even be sufficient to perfectly characterize an
ECG signal. Although significant performance is achieved by deep learning models,
they lack interpretability.

Researchers have developed interpretable techniques such as Attention mecha-
nism [142], Transformer Neural Network (TNN) [143], shapley additive explanations
(SHAP) [326] and class activation map (CAM) [327] to mitigate the black box na-
ture of deep learning models and gain better insight into the relationships learned
by these models. Duan et al. [144] employed attention mechanism followed by deep
neural network for arrhythmia classification. Mousavi et al. [145] employed a bidirec-
tional recurrent neural network followed by three attention mechanism levels, wave
level for computing wave weights, beat level for computing beat weights, and window
(multiple heartbeats) level to compute window weights, responsible for AF detection.
TNN adopts attention mechanism and captures long-distance signal dependencies
and identify relevant signal timestamps [143]. Yan et al. [146] fused transformer
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encoder with RR interval features for heartbeat classification whereas Natarajan et
al. [149] used transformer encoder and fully connected layer for multichannel ECG
classification. Rouhi et al. [326] employed SHAP to rank important features based on
relevance. Vijayranjan et al. [327] used global average pooling and softmax activa-
tion to visualize CAM. Yao et al. [148] employed an attention based time incremental

convolution neural network that fused spatial and temporal information present in

ECG.

6.2 Methodology

The methodology is described in Figure 6.1. Initially, the dataset is preprocessed
and provided to deep learning models for classification. The models investigated for
AF detection include Baseline Convolution Neural Network, Residual Neural Net-
work, Attentive Convolution Neural Network, and Transformer Neural Network. The
trained models are later used to perform inference and generate interpretations for

model predictions.

Data and Preprocessing Imbalance Correction Investigated Models  Prediction Interpretation
PhysioNet CinC ] 3
[ 2017 D?tabase [ NormeII ECG ] [ BCNN ] [ Tralneci Model ]
( Norma{lyization ) [ Undersampling ] | [ ResNet ] [ Extract Encoding ]
(BWandrLiremovall) || | (CNoisyECG_ ) [+ ACNN ]| - t
! eatmap
([ Segmentaton ] [ Augmentation ] [ TNN ] [ Generation ]
_— \Splitting

(Test J(_Train validation H

[ Normal ][ AFib ][ Noisy ][ Others ]

I Test ECG Signal plot with Generated Heatmap |

Figure 6.1: Overall methodology encompassing data preprocessing followed by
modelling and interpretation mechanism.

6.2.1 Dataset Description and Preprocessing

The PhysioNet/CinC Challenge 2017 Database [6] is used for experimentation that
consists of 8528 single lead annotated ECG recordings that were acquired and band-
pass filtered by an AliveCor device: a portable ECG monitor. The database consists
of four classes (recordings): AF (771), normal (5154), other (2557) and noisy (46)
rhythms of lengths between 9 and 60 seconds (sec.) sampled at 300Hz. An instance
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of each class is depicted in Figure 6.2. The normal class rhythms contain the P-wave,
QRS complex and T-wave morphology. In AF, the absence of P-wave with irregular
RR interval is reflected. The noisy rhythm overshadows the ECG waveform due to
the presence of low and high frequency of noises. The other rhythms include all those

that do not belong to other categories.
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Figure 6.2: Illustration of different rhythms [6].

Preprocessing: The raw ECG recordings are normalized by subtracting the
mean and dividing by maximum amplitude of the record. The records are contami-
nated with high-frequency noise or power line interference and low-frequency noise or
baseline wander (BW) caused due to respiration, the motion of the subject and dirty
or loose electrode. BW introduces a gradual increase ECG amplitude and hinders
the analyses of ST segment morphology. Therefore, a bandpass Butterworth filter
with the frequency range of [5,45] Hz was employed to eliminate these noises. Then
segmentation is performed to extract equal length segments ranging from length of 1
second to 10 seconds. The segment length plays a major role in evaluating the per-
formance of the model and it has not been much explored in the literature as per the
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best of our knowledge. After the segment division, one-hot encoding was performed

before feeding the data to the neural network model.

Imbalance Correction: The data of the noise class was removed prior to
modelling in the literature, but we decided not just to keep it but rather augmented
it to make the model more robust towards random perturbations. Our objective of
developing an end-to-end framework relies negligibly on the signal processing methods
and majorly on deep learning methods. Since, the minority class data (Noise class)
is significantly less as compared to majority class data (Normal Class), the classifier
becomes biased towards the majority class in producing results. Possible solutions to
the problem of data imbalance in the literature consists of: (i) Collection of minority
class data; (ii) Resampling: either under-sampling (loss of important information) or
over-sampling (reduces decision boundary of the minority class data) or both to equate
the number of samples in each class; (iii) Synthetically generating minority class
samples. The noisy rhythms were augmented using the adaptive synthetic technique
(ADASYN) [44] to make the model robust towards random perturbations. ADASYN
does not introduce a bias towards noisy rhythms and increases the decision boundary.
Random undersampling was also performed over the normal class data to reduce it in
half of its original size so that the number of instances in each class are almost equal.
The final number of segments in each rhythm class are described in Table 6.1. The
extracted segments are split into training, validation, and test sets, classified using

the deep learning models.

Table 6.1: Final number of segments in each rhythm class.

Length Original Final
(Sec.) | Other | AF | Noisy | Normal | Other | AF | Noisy | Normal
1 82822 | 49033 | 6801 108702 | 82822 | 49033 | 34005 81498
2 41411 | 24516 | 3400 54349 41411 | 24516 | 17000 40749
3 27607 | 16343 | 2267 36234 27607 | 16343 | 11335 27166
4 20705 | 12257 | 1700 27174 20705 | 12257 | 8500 20374
5 16564 | 9805 1360 21739 16564 | 9805 | 6800 16299
6 13803 | 8171 1133 18115 13803 | 8171 5665 13583
7 11831 | 7003 971 15526 11831 | 7003 | 4855 11642
8 10352 | 6128 850 13587 10352 | 6128 | 4250 10187
9 9202 0447 755 12075 9202 o447 | 3775 9055
10 8282 4902 680 10869 8282 4902 | 3400 8149
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6.2.2 Baseline Convolution Neural Network

The basic details of a typical Baseline CNN (BCNN) are described in Section 4.3.3.
The BCNN architecture is illustrated in Figure 6.3a. The model encompasses four 1-D
convolution layers, each followed by batch normalization (BN) [274] and Maxpooling

[275] layer. The convolution layer has the following parameters: Number of filters
(N), Kernel Size (K), and Stride (S).

6.2.3 Residual Neural Network

Increasing the size and number of layers does not always optimize the neural network,
it instead deteriorates its performance due to overfitting and suffers from problems
such as the notorious vanishing and saturation of the gradient. To tackle this, Residual
Neural Networks (ResNet) was invented that introduced the concept of “identity
shortcut connection”, that controls the amount of information allowed to flow across
the shortcut [277]. It solves the problem of vanishing and exploding gradients, by
reusing activations from the previous layers. The shortcut connection simplifies the
network by using a few layers and less backpropagation thereby reducing the model
size and execution time. Without these identity mapping, the model explores more
feature space and leaves the original hypothesis and leads to performance deterioration
and necessitates the use of extra training data for the model to recover. ResNet was

implemented using 8 layers as depicted in Figure 6.3b.

6.2.4 Attentive Convolution Neural Network

The Attentive Convolution Neural Network (ACNN) employs an additional self-
attention block after the stack of convolution, batch normalization, and ReLU ac-
tivation layers. The ACNN architecture is provided in Figure 6.4. The attention
approach is adapted from Luong-Style Attention, i.e., multiplicative or dot-product
attention [328]. The intuition is to capture relative importance or attend the signal
encoding globally. In the absence of a mechanism that highlights the salient informa-
tion across the entirety of the encoding, important information may not be effectively
focused. The attention mechanism addresses this, especially for larger ECG segments.
The ECG segment provided as input generates encoding of length similar to input
ECG as the convolution filter stride is unity. The last convolution filter produces
encoding of size (S) for F filters, represented as Cf. |, which is provided to attention
block that calculates self-attention through the following equations.
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Figure 6.3: Hlustration of the Model Architectures.

1. Alignment score (AS%L, g) is calculated using the dot product of CNN filter
outputs (CE, ;) using Equation 6.1. The scores indicate how well the encodings

align with the current output.

AS§><S = ngl ’ ClFXS (61)
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2. Then the relative importance between signal encoding is calculated by passing
ASE., ¢ through softmax function to generate the weights, representing proba-

bilities using Equation 6.2.

€xp (ASSEXS>
Zf:l exp (Asgxs)

ASN§, g = (6.2)

3. The probabilities scaled with encodings generate a context vector using Equa-
tion 6.3.
vagxl :ASNng'ngl (63)

4. The context vector across all filters (F) are averaged using the 1-D global average

pooling layer to generate the Attention Map (AMgy1) using Equation 6.4.

F
AMsa = > CVL, (6.4)
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The attention map outputs are provided to the Classification block consisting
of two fully connected layers with ReLLU activation followed by one fully connected
layer with softmax activation function for classification. The attention map highlights
relatively important signal encodings responsible for generating the output prediction
class for the input ECG.

6.2.5 Transformer Neural Network

The last investigated model is transformer neural network (TNN) that captures long
and short-term signal dependencies to identify important signal timestamps with
high training efficiency [143]. TNN architecture depends on the parallel self-attention
mechanism that learns global dependencies between input and output. The multi-
head self-attention blocks introduce parallelism in the model. TNN consists of an
encoder block and decoder block, we employed only the encoder. The architecture of
TNN is illustrated in Figure 6.5.

The input ECG is provided to the encoding block, and the output of the last
convolution filter followed by BN and ReLU activation is added with positional en-
coding (PE) output and provided to the transformer block. The PE block also uses
the convolution filter output and establishes the relationship between the timestamp
and its relative position in the encoded output. PE is computed using Equation 6.5,
where, pos is position, i is encoded dimension, and d,,,,qe; is the number of convolution

filters in last layer.

PE(pos,Qi) = sin (Lsm)
]_000 dmodel

pos
PE(pos,%—i—l) = COs (—m>
1000 dmodel

(6.5)

The output is provided to the multi-head attention (MHA) module as Query (Q),
Key (K), and Value (V). MHA allows the model to jointly attend the information from
different representation subspaces at different positions, whereas the single attention
inhibits this behavior. Rather than only computing the attention once, the multi-
head mechanism runs through the scaled dot-product attention multiple times in
parallel. MHA uses Q, K, and V to compute independent attention outputs that are
concatenated to generate context vector (CV) using Equation 6.6. Here, Q, K, V use
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Figure 6.5: Transformer Neural Network

CV = softmax (%) xV (6.6)

The output of the MHA module is provided to the dropout layer, and the output
of the dropout layer is added with MHA output through an additive residual con-
nection and passed through a normalization layer. The normalization layer is similar
to batch normalization, but instead of considering the whole minibatch of data for
calculating the normalization statistics, all hidden units of the same layer are con-
sidered, overcoming the drawback of estimating the statistics for the summed input
to any neuron over a minibatch of the training samples. The output is provided to
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a feedforward layer (Dense, ReLU, Dropout). This mechanism is repeated several
times, and the final output is provided to a 1-D GAP layer that performs filter aver-
aging to generate an attention map. A classification block follows the attention map

to classify the ECG segment.

6.2.6 Interpretation

The trained models, ACNN and TNN, are used during inference to predict the ECG
segments, and the output of the 1-D GAP layer (AMgy,) is extracted to describe
the contribution of essential timestamps responsible for the prediction. The output
of the 1-D GAP layer is similar to the input ECG segment due to the convolution
filter stride of unity. The self-attention map is plotted against the original signal to

visualize the important regions for the corresponding ECG segment.

6.3 Experiments and Results

The system configuration that we used during experimentation had 32 GB of RAM, an
Intel Xeon Processor and a NVIDIA TITAN Xp GPU. All the codes were implemented
using Keras [329] library in python. Since, the test set is not publicly available, the
models are verified on publicly available validation set. The training dataset is split
into two parts: training set (80%) and validation set (20%). Validation set is used
to tune the hyperparameters of the model such as convolution filter size, number
of filters, pooling stride and dropout probability. All the convolution kernels are
initialized by Xavier initialization [330] that initializes the weights through a Gaussian
distribution to maintain activation and gradient variances. The model performance
is measured using Accuracy (Acc), Sensitivity (Se), Specificity (Sp), and Precision
(Pr) as described in Equation 4.3.2.

6.3.1 Quantitative Performance Evaluation

The model architectures with internal details are described in their respective sections.
The MHA parameters in TNN were tuned to achieve high F1 scores by varying number
of heads and layers with and without PE as described in Table 6.2 for three second
ECG segment. It is evident that PE is essential, as merely increasing the number
of layers without PE deteriorated model performance. The best F1 score was 0.8157
without PE with single layer, whereas, with PE, best F1 score was 0.8722 with three
layers and two heads. The other parameters of TNN are as follows: channels in
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convolutional layers (d,,o4e = 64), hidden layers in FFNN (dy; = 64) and dimension

of key/query/value depend on the convolution filter output.

Table 6.2: TNN parameter selection for three second ECG signal.

Layers | Heads | F'1 without PE | F1 with PE
1 2 0.8157 0.7335
1 3 0.6746 0.7447
1 4 0.6500 0.6917
2 2 0.7576 0.7428
2 3 0.7272 0.7793
2 4 0.6911 0.8047
3 2 0.5500 0.8722
3 3 0.5500 0.5500
3 4 0.5500 0.5500

The performance of all the models using different segment length (ranging from
1 to 10 seconds duration) ECG signals is provided in Figure 6.6 using Precision
(Pr), Accuracy (Acc), Sensitivity (Se), Specificity (Sp), and F1 Score (F1). All the
models were trained for 100 epochs during the training phase and were tested on
the validation set. It can be observed that ResNet achieved the highest performance
among all the models for all length ECG signals followed by TNN, BCNN, and ACNN
as can be seen in Figures 6.6b, 6.6d, 6.6a, and 6.6¢, respectively. The optimum length
of ECG segment that resulted in best model performance was found between 1 to 3
second length ECG. The results show a clear improvement in performance when the
signal length was increased from 1 to 3 seconds and the performance deteriorated
for larger length ECG signals. In longer segment lengths, the number of instances
were relatively inadequate thereby obstructing the model to familiarize itself with the
training set and generalizing on the validation set. The lower performance in 1 second
ECG was because the segment size does not contain enough information to allow the
model to distinguish between the four classes and due to the fact that AF detection
is comparatively easier for relatively larger length ECG signal clinically. Table 6.3
describes the overall F'1 score of all the models for varying length ECG signals.

The confusion matrix for all models for 2 and 3 second segment are provided
in Figure 6.7 and 6.8. The figures depict less false positives and false negatives as
compared to true positives and true negatives. However, for a large population this
might not be suitable because a higher percentage of normal subjects might have
to go through unnecessary treatment procedures and diseased subjects might be left
untreated. The noisy and normal rhythms were having more correct classifications as
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Figure 6.6: Overall Model performance for all length signals.

compared to AF and other class rhythms. Most of the misclassification happens in
other rhythms as the morphologies vary from one cardiac disease to another which
hinders the model to tune its weights and reduces its performance. This problem can

be solved if the classification is performed in fine grained ECG classification rather
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Table 6.3: F1 score of all the models for varying length signals.

Length | BCNN | ResNet | ACNN | TNN
1 0.63 0.87 0.68 0.82
2 0.75 0.94 0.75 0.81
3 0.76 0.95 0.73 0.87
4 0.71 0.94 0.74 0.75
5 0.54 0.93 0.68 0.73
6 0.61 0.94 0.62 0.71
7 0.68 0.91 0.74 0.70
8 0.79 0.95 0.48 0.70
9 0.56 0.93 0.72 0.70
10 0.73 0.91 0.68 0.69

than coarse grained ECG classification. A similar trend could be observed for the 3

second length ECG signal.

6.3.2 Comparison with Existing Methods

The comparison of the ACNN, BCNN, ResNet and TNN models with the state-of-the-
art models is provided in Table 6.4. It is worth mentioning that the developed models
were tested on validation set as the test set was not publicly available. Therefore, for
fair comparison between the models, the F1 scores described in Table 6.4 represent
the scores achieved by the state-of-the-art models on the validation set. It can be
observed that ResNet performed better than other models. Although attention based
models achieved lower performance, the explanations provided by the models make

real-world deployment easier.

6.3.3 Qualitative Prediction Interpretation

The model interpretations generated by ACNN and TNN models representing clini-
cally relevant signal timestamps for 2 and 3 second ECG segment are provided in this
section. The interpretations of correctly classified two second ECG signals are illus-
trated in Figure 6.9. The darker dots represent relatively higher clinical importance
of the signal timestamps. Figure 6.9a and 6.9b represent correctly classified AFib
signal as predicted by ACNN and TNN models. The model focuses on QR segment
with a slight focus on f-waves, TP-segment throughout the signal. In Figure 6.9¢ and
6.9d correctly classified Normal signals are illustrated as predicted by ACNN and
TNN models. The ACNN model do not focus on f-waves or fibrillation frequencies
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Figure 6.7: Confusion Matrix of all models for 2 second ECG signal.

but rather focus on P-waves with slight focus on QRS complexes as seen in Figure
6.9c. The TNN model highly focuses on the presence of P-waves and ST-segment as
seen in Figure 6.9d.

In Figure 6.10, miss classified two second ECG signals are represented. Figure
6.10a and 6.10b represented AF segments predicted as NSR by ACNN and TNN
models. The models somewhat focus on f-waves but also focus on QRS complex
and maybe that is the reason model confuses between AF and NSR and predicts the
segment as NSR. The TNN puts more focus on f-waves and less on QRS complex and
only QRS complex of one beat is highlighted as illustrated in Figure 6.10b, making

TNN a better choice. Figure 6.10c and 6.10d represent the Normal segments predicted
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Figure 6.8: Confusion Matrix of all models for 3 second ECG signal.

as AF by ACNN and TNN models, respectively. The models clearly highlight the
P-waves but do not highlight the QRS complex.

In Figure 6.11, correctly classified three second ECG signals are illustrated. Fig-
ure 6.11a and 6.11b represent correctly classified AF rhythms as predicted by ACNN
and TNN models, respectively. The models focus on f-waves without focusing on QRS
complexes while classifying the segments as AF. The focus on three second segments
is better as compared to two second segments. The TNN is better as it completely
focuses on fibrillation frequencies and not on QRS complexes. Figure 6.11c and 6.11d
represent Normal rhythms that are correctly classified by ACNN and TNN models.

Although ACNN correctly classifies, it focuses on f-waves with a strong focus on T-
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Table 6.4: Comparison with existing techniques.

Paper Method F1i
. Low-quality ECG determined by signal quality index is classified as noisy
Rubin et al. [331] Good quality ECG is transformed to the spectrogram, classified using CNN 0.82
U-Net for locating R peaks, calculating RR intervals
Fan et al. [332] 34-layer ResNet for capturing morphological features 0.85
Classifying both features using 2-layer FCN
Zhao et al. [333] C'NN to Clvassﬁy the'QD spectro—tvempo?al EQG obtained from 0.80
time-varying coefficients of Fourier series using Kalman filter
Multiplicative fusion net that combines ResNet-LSTM-FCN using ECG

Tran et al. [322] with FCN Network that uses morphological and RR interval features 0-80

Augmentaed data through duplication, concatenation, resampling
Cao ef al. [334] 2-layer LSTM trained with augmented dataset. 0.82

Classified features extracted from ECG using a
Nguyen et al. [335] CNN with Stacked support vector machine. 0.83
Time, frequency, and HRV features, clustering of beats on Poincare plots. 0.79
Andreotti et al. [336] | Ensemble of 50 trees and MLP (2-layer, 10 hidden neurons) output averaged
Compared with a ResNet model 0.83
Behar et al. [319] Features.: time domain, coeﬂiment‘ of §an1ple entropy, Morphological 0.80
Trained support vector machine in a one-vs.-rest approach

— RR interval features reduced through linear discriminant analysis

Billeci ef al. [313] and classified using Least Squares SVM 0.90
AF features: RR intervals. Shannon Entropy, Kolmogorov-Smirnov test value
Bin et al. [337] Morphology Features, RR Interval Features, Similarity Index Between Beats 0.86
' Beat similarity calculated through correlation of QRS wave and R amplitude | ™
Classified using decision tree ensemble (adaBoost. M2)
Christov et al. [314] HRV, morpholo.gy ana@ysg, (}etectlon of atrial activity 0.79
A Linear discriminant classifier
Ghiasi et al. [338] Features: correlatlgn coefﬁ(31ent7‘fractal.dl%nensm.n., variance of R peaks, 0.80
RR-intervals classified using a decision tree

Our Approach Baseline Convolution Neural Network 0.76
Our Approach Residual Neural Network 0.95
Our Approach Attentive Convolution Neural Network (with interpretation) 0.73
Our Approach Transformer Neural Network (with interpretation) 0.87

wave. TNN focus on P-wave and not much on TP segment, making TNN a better
choice.

In Figure 6.12, miss classified three second ECG rhythms are depicted. Figure
6.12a and 6.12b represent AF rhythms predicted as NSR by TNN and ACNN models.
The models highlight f-waves without a clear demarcation of P-wave. TNN model
precisely highlights the f-waves as compared to ACNN model. Figure 6.12c and 6.12d
represent NSR rhythms predicted as AF by TNN and ACNN models. The models are
unable to focus on P-waves but rather focus on f-waves. So the models predicted AF
by focusing on AF related clinical characteristics. These missclassified examples pro-
vide an insight on where the ACNN and TNN models are making mistakes, knowing
these caveats may aid the user to make changes and reduce false alarms and increase
the chances model deployment in real world scenarios.

Overall, the three second ECG signal provides better interpretation for both
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Figure 6.9: Correctly Classified two second ECG signal.
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Figure 6.10: Miss Classified two second ECG signal.

rhythms as the model highlights more relevant timestamps for both correct and miss
classified samples. The TNN and ACNN emphasize on F-waves, the clinical fea-
tures used to recognize AF. The TNN model relatively emphasises more on relevant
timestamps as compared to ACNN model, making it a better choice for interpreting
model diagnosis. For miss-classified samples, model focused on T-wave or detected
noise causing irregularity between T and P waves creating non-uniform RR intervals.
Clinically, the normal class rhythms is characterised through P-wave, QRS complex,
T-wave morphology and the AF is characterized by the absence of P-wave.
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Figure 6.11: Correctly Classified three second ECG signal.
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Figure 6.12: Miss Classified three second ECG signal.

6.4 Summary

In this chapter, an attention based convolution neural network and transformer neural
network are developed for automatic classification and interpretation of atrial fibril-
lation from ECG signals. For comparison, a baseline convolution neural network and
residual neural network are also developed. The residual neural network achieved the
highest F1 Score followed by the transformer neural network, baseline convolution
neural network, and attentive convolution neural network on PhysioNet Comput-
ing in Cardiology Challenge 2017 database. TNN with three layers, two heads in
MHA module, and positional encoding achieved an F1 score of 0.87 on CinC dataset.
Positional encoding was necessary when TNN depth is increased. From the experi-
mentation, it is evident that ECG segment length also plays a crucial role in model
performance. The optimum length was found between one to three seconds. Both
ACNN and TNN highlight clinically meaningful timestamps responsible for predic-
tion, but TNN is better suited for such tasks as demonstrated by the experiments.
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The ACNN and TNN were also capable of detecting R-peaks in ECG rhythms. The
cardiac abnormalities on single-channel ECG often persist in lower resolution but pro-
vide better resolution on the multichannel ECG. In addition, the cardiac abnormality
interpreted by one cardiologist may differ when interpreted by another cardiologist,
leading to multiple cardiac abnormalities for a single recording. Therefore, the next

chapter aims at classifying several cardiac abnormalities from multichannel ECG.
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Feature-Fused Multichannel Multilabel ECG
Classification with Prediction Interpreta-

tion using Channel Specific Dynamic CNN

The standard 12-lead ECG is a standard method that is representative of the
heart’s electrical activity. However, the limited accessibility of 12-lead devices in
suburban areas motivates the use of reduced lead mobile or handheld devices that
have easy accessibility for recording ECG. However, there is a trade-off between the
resolution and device availability. Here, resolution refers to the amount of infor-
mation captured by ECG from different angles. The reduced lead devices capture
limited useful information as they sometimes miss relevant information about heart
as compared to standard 12-lead ECG, but the device availability reduces and vice
versa [12]. This chapter explores the feasibility of predicting multiple cardiac abnor-
malities from multichannel ECG (MECG) signals that are captured through different
lead combinations. The challenge of multilabel MECG classification is relatively new
with respect to the thesis as till now single channel ECG classification has been
discussed. Therefore, the task of multilabel MECG classification is performed in
different stages as described in Figure 7.1. In the first stage, single label 12-lead
ECG classification is performed through investigation of convolution, recurrent, and
attention based models. In the second stage, heartbeat and demographic features
are incorporated into a parallel static CNN to predict multiple cardiac abnormalities
for an MECG segment. The model achieves good performance but lacks the aspect
of interpretability. In the third stage, a channel specific dynamically built CNN is
employed with demographic features for multilabel MECG classification. In addition,
the channel specific dynamically built CNN introduces an interpretability mechanism
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7.1. LITERATURE REVIEW

that highlights the important leads and relevant signal timestamps responsible for

corresponding prediction, thereby enhancing trust in the model.

Single Label 12-Lead ECG

Feature Fused MECG

Interpretable Dynamic CNN

Single Label Predicted Multiple Labels Predicted Multiple Labels Predicted
Task 12-Lead ECG Classification Multichannel ECG Classification Multichannel ECG Classification
Performed Models Investigated: CNN, Models: Heartbeat, Demographic Channel Specific Dynamic CNN
RNN, Attention Based Models Features with Static CNN with Demographic Features
8-layer ResNet Best Model Multiple Labels with Features Generalized CSDCNN increased
RNN and Attention Models and Static CNN having large performance on new Dataset
Observation achieve lower performance filters increased performance Provided interpretability: Lead
with higher training time. Higher Training and Testing Time and Signal Contributions

CME (12 Lead): -0.035 CME (12 Lead): 0.36 CME (12 Lead): 0.393

Figure 7.1: Overall Stage Wise Workflow.

The rest of the chapter is organized as follows. Section 7.1 describes the liter-
ature review of MECG classification. Section 7.2 describes the experimental setup
which includes the problem formulation, dataset description, and evaluation metrics
for evaluating the proposed approaches. Section 7.3 discusses the CNN, RNN, and
Attention based models investigated for single label 12-lead ECG classification. Sec-
tion 7.4 describes the usefulness of heartbeat and demographic features fused with
MECG and extends the problem to multiple labels using a Static CNN architecture.
Section 7.5 describes an interpretability mechanism for multilabel MECG Classifica-
tion using a channel specific dynamically built CNN and discusses the performance

quantitatively and qualitatively. Section 7.6 summarizes the chapter.

7.1 Literature Review

Several studies have been published that aim at solving the problem of 12-lead ECG
classification. Traditional machine learning (ML) models such as K-Nearest Neigh-
bour [339] and Support Vector Machines [340] combined with hand-crafted features
have achieved significant performance for 12-lead ECG classification. The recent in-
surgence of Deep learning models outperformed conventional ML models for 12-lead
ECG classification [341]. A combination of convolutional layers with Long Short term
memory (LSTM) have been proposed to classify ECG signals [324,342]. Strodthoff
et al. [147] found cardiologists’ rules for Myocardial Infarction (MI) Detection us-
ing an ensemble of Convolution Neural Network (CNN) on Physikalisch-Technische
Bundesanstalt (PTB) [343] dataset and also investigated channel selection with its
clinical implications. Yao et al. [148] used an attention-based time-incremental CNN
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to detect eight types of arrhythmia and sinus rhythm on China Physiological Signal
Challenge [344] dataset. The spatial information was fused using CNN and tempo-
ral information was combined using LSTM, and an attention module was employed
to locate the informative signal segment, thereby providing interpretability. Sev-
eral studies have applied deep domain adaptation approach to reduce the discrep-
ancy between the training and test distributions caused due to different acquisition
methods [345-347]. Ammour et al. [345] used fully connected hidden layers to miti-
gate disparities among ECG from different datasets. Jin et al. [346] used multi-layer
multi-kernel maximum mean discrepancy strategy and Chen et al. [347] used a cluster-

aligning loss and a cluster-separating loss.

Recently, the performance of 12-lead ECG classification models has been greatly
benefited because of the newly surface online challenge datasets such as the PhysioNet
Computing in Cardiology Challenge (CinC) 2020 and 2021 [8,34,46]. The challenges
allowed investigation of different lead configurations from MECG for detecting a vari-
ety of cardiac abnormalities [8,34,46]. The new datasets present a unique opportunity
to tackle the problem of multi-class cardiac abnormality detection from large ECG
datasets. Table 7.1 provides the methodology and Challenge Metric Scores, a modified
accuracy metric, achieved during CinC 2020 [8] using 12-lead ECG signals.

The works demonstrate the application of DLM, including CNN and RNN; for
arrhythmia detection using ECG signals [264]. Augmentation techniques such as
vertical flip are unsuitable due to left and right axis deviation rhythms, which cause
label error during flipping [349, 350]. Researchers have used the same convolution
kernels for different ECG leads, and it does utilize the benefit of similarity present
in leads. However, since every lead captures a different orientation of the heart’s
electrical activity, the same filter might not be suitable for different lead signals. In
[350], authors demonstrated the effectiveness of demographic and heartbeat features

in improving the model performance.

The studies performed in the past have achieved significant performance for
MECG classification. However, these methods do not consider the distribution dis-
crepancy within the training set as data has not been collected from multiple sources
with different characteristics. The studies assume that test samples are available dur-
ing the training phase and do not focus on generalization on the unseen test dataset.
Moreover, the studies are limited to a few cardiac pathologies. An extensive study
for a large group of cardiac pathologies is still lacking. Analysis on reduced lead ECG
classification has not been performed. The models lack practical deployment due to
lack of interpretability, or the ability of the model to explain its prediction.
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Table 7.1: Methods and Challenge Metric Score achieved during CinC 2020 [8].

Paper Method CMS
Jia Combination of Squeeze and Excitation (SE) network and 0.653
et al. [348] | ResNet, which selectively enhance useful features. '
Nonaka Data augmentation such as flipping, padding and zooming. 0.581
et al. [349] | Efficient Net model for classification. '
Chen Data enhancement using signal shifting, noise addition.
ot al. [350] Multi-scale shared convolution kernel with sizes of 5 and 3 0.640

) followed by SE-Net. Age and gender were also exploited.
Feng Encoder based on ResNet; a multi-instance classification 0.486
et al. [351] | module and a decoder to classify through sigmoid. '
Zchﬁ 1352 Embedded SE layer into ResNet with large kernel size. 0.672
Bortolan | Morphological, time-frequency (TF) features extracted from 0.395
et al. [353] | ECG. Rules from features made using physician knowledge. \
Bortolan CNN trained using scaleogram (TF representation) images 0.496
et al. [353] | generated through continuous wavelet transformed ECG '
Singstad CNN using Raw ECG, age, gender with a rule-based model 0.377
et al. [354] | using heart rate variability (HRV) features from R-peaks '
. Important HRV, Morphological features selected via random
Natarajan . . .
ot al. [149)] forest which are combmed with age, gender, and features 0.533
learned from ECG using Transformer Neural Network.
. ECG augmentation through random padding, cropping,
Hasani 5 .
ot al. [355] add1t19n o'f low-frequency artifacts, and lead dropout. 0.437
Combination of 2 parallel CNN followed by LSTM.

7.2 Experimental Setup

The developed models were trained locally on a workstation with an Intel Xeon
processor with 32 GB RAM and an NVIDIA GeForce Titan Xp graphics card with
12 GB GDDR6 VRAM. To avoid loading whole data in memory at once, the training
procedure is optimized by employing the generator method available in keras library
to perform batchwise training. During testing, the prediction of all segments of the
record is averaged and that class of diagnosis is chosen that is predicted most number

of times. An early stopping criteria is employed to avoid model overfitting.

7.2.1 Problem formulation

MECG classification could be generalized as a multiclass time-series classification
problem. The goal is to develop a highly complex nonlinear decision function that ex-

TH-2764a¢ks 400 information and classify the segment into one or more cardiac abnormali-

156



7. FEATURE-FUSED MULTICHANNEL MULTILABEL ECG
CLASSIFICATION WITH PREDICTION INTERPRETATION USING
CHANNEL SPECIFIC DYNAMIC CNN

) yC]a
where £k is the number of signal timestamps, [ is the number of leads, ¢ = 30 for scored

ties. The model takes input signal X = [z1,... 2!] and output label Y = [y, . ..
cardiac abnormalities, y; = 1 if cardiac pathology is present, and y; = 0 if cardiac
pathology is absent. The objective is to minimize the binary cross-entropy loss for
each MECG segment between the reference labels and predicted output as provided
in Equation 7.1. The loss represents the negative average log of corrected predicted
probabilities, where o(z;) is the probability of the sample z; belonging to the respec-
tive cardiac pathology.

c
[ = —é ;yz logo(x;) + (1 —y;) - log(l — o(x;)) (7.1)

7.2.2 Dataset Description

A total of nine databases are used with 1,31,155 12-lead ECG recordings acquired from
PhysioNet Computing in Cardiology Challenge 2020 and 2021 [8,46]. The databases
include: China Physiological Signal Challenge in 2018 (CPSC 2018) [344], St Peters-
burg INCART 12-lead Arrhythmia Database [356], Physikalisch-Technische Bunde-
sanstalt (PTB) [343] and PTB-XL [357] database, Chapman University, Shaoxing
People’s Hospital (Chapman-Shaoxing) [358] and Ningbo First Hospital (Ningbo)
database [359], University of Michigan (UMich) database, Georgia database which
represents a unique demographic of the Southeastern United States and an undis-
closed American database that is geographically distinct from the Georgia database
[8,46]. The detailed dataset description is provided in Table 7.2.

Table 7.2: Detailed Dataset Description.

Number of ECG Recordings | Frequency | Duration
Dataset Train | Val | Test Total | (Hertz) (seconds)
CPSC [344] 10,330 | 1,463 | 1,463 | 13,256 500 6 to 144
INCART [356] 74 0 0 74 257 30 minutes
PTB [343,357] | 22,353 0 0 22,353 500/1,000 | 10 to 120
Chapman [358] | 10,247 0 0 10,247 500 10
Ningbo [359] 34,905 0 0 34,905 500 10
Georgia [8,46] 10,344 | 5,167 | 5,167 | 20,678 500 5 to 10
UMich [8,46] 19,642 0 0 19,642 250/500 10
Unknown [8,46] 0 0 10,000 | 10000 - -
Total 107,895 | 6,630 | 16,630 | 131,155 - -

Exploratory Data Analysis: The dataset consists of patient records consisting

TH-2764 1562901691ead ECG, Analog to Digital conversion (ADC) gain, the baseline for each lead,
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age, gender, patient history, symptoms, medical prescription, and diagnosis or cardiac
rhythm information (disease labels). Since patient history, symptoms, and medical
prescription are not available for majority of the records, this information is not used.
The diagnosis distribution of SNOMED scored classes is described in Figure 7.2a. The
labels in the dataset belong to one of the 30 scored classes. The abbreviations of the
diagnosis in Figure 7.2a are described in Table 7.3. The challenge specified three
identically scored diagnosis pairs: SVPB and PAC, PVC and VPB, CRBBB and
RBBB. These diagnosis were not merged and the models were developed considering
thirty output labels. Since homogenization of ECG signal length is important before
feeding it to a neural network, the signal length that is most common in the dataset is
selected. The signal length distribution is described in Figure 7.2b and 5000 sample

length is most common. Therefore, 5000 sample length is selected for modelling.
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Figure 7.2: Distribution of Diagnosis and Signal Length in the dataset.

Table 7.3: Diagnosis with Abbreviations (Abbrev).

Diagnosis Abbrev Diagnosis Abbrev Diagnosis Abbrev
Premature atrial contraction PAC Pacing rhythm PR Low QRS voltages | LQRSV
Ventricular premature beats VPB Poor R wave Progression | PRWP | Atrial fibrillation AF
Left bundle branch block LBBB 1st degree AV block IAVB Sinus rhythm NSR
Complete left bundle branch block CLBBB Prolonged PR interval LPR Bradycardia Brady
Complete right bundle branch block CRBBB Prolonged QT interval LQT Atrial flutter AFL
Premature ventricular contractions PVC Q wave abnormal QAb T wave abnormal TADb
Incomplete right bundle branch block | IRBBB Right axis deviation RAD T wave inversion TInv
Supraventricular premature beats SVPB | Right bundle branch block | RBBB Sinus arrhythmia SA
Left anterior fascicular block LAnFB Bundle branch block BBB Left axis deviation LAD
Nonspecific intraventricular conduction | NSIVCB Sinus bradycardia SB Sinus tachycardia STach

The leads in the reduced set are (I, II, 111, aVL, aVR, and aVF) in 6 lead, (I, II,
I1I, V2) in 4 lead, (I, II, V2) in 3 lead, and (I, II) in 2 lead. A multi-label stratified
five-fold cross-validation was applied on the combined dataset so that the training

TH_ﬂ@pCig@@Og@]é@ation sets in each fold have similar class distribution. The distribution
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is similar across all folds as illustrated in Figure 7.3. The dataset consists of 111
abnormalities. Out of these, 30 scored abnormalities were used which reduced around
4000 recordings. Finally, 88253 records were available during training. Out of these,
70602 recordings were used for training, and 17651 recordings were used for validation
in all folds.
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(a) Training Data Distribution (b) Validation Data Distribution

Figure 7.3: Pathology distribution in training and validation set while splitting.

7.2.3 Evaluation Metrics

The model performance is evaluated using modified accuracy metric or challenge met-
ric (CME) as recommended in [8,46]. Since, few misdiagnoses are more harmful than
others, CME awards partial credit to misdiagnoses that result in similar outcomes
as correct diagnosis as judged by cardiologists. Let C' = {¢;}7, be a collection of
m distinct diagnoses for a database of n recordings. A multi-class confusion matrix
A = |a;j], where a;; is the normalized number of recordings in a database that were
classified as belonging to class ¢; but actually belong to class ¢; (¢; and ¢; may be
same or different). Since recordings can have multiple labels and classifier can predict
multiple labels, the challenge organizers normalized the contribution of each record-
ing to the scoring metric by dividing by the number of classes with a positive label
and/or classifier output. Specifically, for each recording k = (1,...,n), let z; be the
set of positive labels and y; be the set of positive classifier outputs for recording k.

Multi-class confusion matrix A = [a;;] is defined as

- —L_ if¢ €x,and ¢ €
aij = Zaijk, where, a;, = % Uy .k € Yk
TH-2764_156201001 k=1 0, otherwise

(7.2)

159



7.2. EXPERIMENTAL SETUP

The quantity |z;Uyg| is the number of distinct classes with a positive label and /or
classifier output for recording k. The classifiers receive higher score from recordings
with multiple labels than from those with a single label, but more predicted positive
labels may reduce the score. Next, a reward matrix is defined W = [w;;], where w;; is
the reward for a positive classifier output for class ¢; with a positive label ¢; (where
¢; and ¢; may be the same class or different classes). The weight matrix provided by
challenge organizers [8]. The following class pairs: PAC and SVPB; PVC and VPB;
CRBBB and RBBB are considered similar, so a predicted output in one of these
classes is considered to be a positive label or classifier output for all of them.

The weight matrix provided by challenge organizers is described in Figure 7.4.
The following class pairs: PAC and SVPB; PVC and VPB; CRBBB and RBBB are
considered similar, so a predicted output in one of these classes is considered to be
a positive label or classifier output for all of them. The highest values of the reward
matrix are along its diagonal, associating full credit with correct classifier outputs,
partial credit with incorrect classifier outputs, and no credit for labels and classifier

outputs that are not captured in the weight matrix.

AF-
AFL

BBB
Brady -0.9
CLBBB|LBBB

CRBBB|RBBB

0.8

PAC|SVPB
PVC|VPB -
STach

CLBBB|LBBB
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Figure 7.4: Ilustration of the Reward Matrix for the scored diagnoses with rows
and columns labeled by diagnoses abbreviations.

TH-2764 156 the modified accuracy metric or CME is defined in Equation 7.3, where
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Sinactive 18 the score for the inactive classifier and s, is the score for ground-truth
classifier. A classifier that returns only positive outputs will typically receive a neg-
ative score, i.e., a lower score than a classifier that returns only negative outputs,

which reflects the harm of false alarms.

m m
o Sunnormalized — Sinactive h o 7
Snormalized = , WIETE, Synnormalized = wijaij ( 3)
Strue — Sinactive .
i=1 j#1

In addition the model evaluation is performed using the evaluation metrics: Sen-
sitivity (Se), Specificity (Sp), Accuracy (ACC), and F-measure (FME) described in
Section 4.3.2. Area Under the Receiver Operating Characteristics Curve (AUC) is
also employed which represents false alarm rate versus the hit rate or false positive
rate (FPR) versus the true positive rate (TPR) for threshold € (0,1). AUC can
be calculated as (Se+Sp)/2. AUP represents precision vs recall curves for different
thresholds.

7.3 Model Investigation for Single Label Twelve
Lead ECG Classification

In the first stage, single label 12-lead ECG classification is performed through inves-
tigation of five categories of models that include convolution neural networks (CNN),
recurrent neural networks (RNN), combination of CNN and RNN, RNN with at-
tention based models [142], and lastly the combination of CNN, RNN, and attention
based models. Figure 7.5 illustrates the schematic of investigated models. The details
of each category of models is provided in subsequent sections. In this stage, only the
first label from each diagnosis is considered and similarly a single class is predicted for
each record. Hyperparameters such as number of convolution and recurrent layers,

size of kernels in CNNs and cells in RNNs were adjusted using the validation data.

7.3.1 Convolution Based ResNet

The first category employs the convolution based Residual neural network (ResNet)
[277]. The architecture of the proposed 8-layer ResNet is illustrated in Figure 7.6.
The model consists of a variety of layers including one dimensional convolution layer
(1-D Conv), batch normalization (BN), dropout, max pooling, and fully connected
TH-2764 15620¥6p1or dense layer. Table 7.4 describe the details of the parameters used in the

161



7.3. MODEL INVESTIGATION FOR SINGLE LABEL TWELVE LEAD ECG
CLASSIFICATION

[ Investigated Models ]

—{ Convolution }——{ 8Layer ResNet |

( Recurrent

BILSTM

——{ Convolution+Recurrent+Attn

ResNet+BiLSTM+Attn
ResNet+BiGRU+Attn

LSTM+Attn |
- Recurrent+Attn GRU*Attn |
BILSTM+Attn |
BIGRU+Attn | ResNet+LSTM |
ResNet+GRU |
——{ Convolution+Recurrent ResNet+BiLSTM |
ResNet+BiGRU |
ResNet+LSTM+Attn |
ResNet+GRU+Attn |
J
J

Figure 7.5: A schematic of different investigated models.

8-layer ResNet model. The convolution filters present in the CNN makes the need of
peak detection, feature extraction, ranking, and selection insignificant as the model
recognises patterns of each rhythm during training as uses the learned representation
during inference. Regularization of the model is attained using batch normalization
and dropout to avoiding overfitting on the training data. Batch normalization [274]
normalizes the inputs of preceding layer. Dropout [276] drops random convolution
filters by temporarily removing their contribution during training with dropout prob-
ability p and vice versa during the testing phase. The 1-D Conv accounts for tem-
poral relations present in samples of ECG signal. The skip connections skip over the
non-contributing layers, allowing the gradient to backpropagate to the initial layers,
mitigating the problem of vanishing and exploding gradient. This allows the model
to train faster with better accuracy. The non-linearity is introduced using Rectified
Linear Unit (ReLU) activation in the model. The dense layer with 27 neurons is
employed to provide more abstraction to the model representation. The softmax ac-

TH-2764vatigpohaation assigns a probability to the final model prediction. In the network
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described in Figure 7.6, 1-D CBR describes a combination of 1-D convolution, BN,
and ReLU. BRD describes the combination of BN, ReLLU, and dropout. The convo-
lution filter weights were initialised using Xavier initialization [330]. 64 filters were
used with the size of 16 x 1 and a stride of 1. Stride of Max Pooling is kept at 2 and
dropout probability of 0.5.
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Figure 7.6: Proposed architecture of the 8-layer ResNet.
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Table 7.4: Details of the ResNet Model Parameters.

Parameter Value
Convolution Weights | Xavier initialization [330]
Convolution Filter Size 16 x 1
Convolution Filter Stride 1
Number of Filters 64
MaxPool Stride 2
Dropout Probability 0.5
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7.3.2 Recurrent Neural Network Models

The Recurrent Neural Network Models consists a chain of repeating modules of neu-
ral network that learns about the 12-lead ECG signal and stores information in its
repeating cells. Similar to the CNN, they also ingest a constant sized input. Inher-
ently, RNNs work over sequences that makes it suitable for our application. However,
RNNs struggle to remember information for longer period of time which led us to
use long short term memory (LSTM), special class of RNN, designed to remember
information for long periods of time without any struggle [360]. As arrhythmias oc-
cur arbitrarily in long term ECG, making long term information retention important,
leading to the use of LSTM. Gated recurrent unit (GRU), special class of RNN, is also
used that consists of update, reset, and current memory gates and does not maintain
any internal cell state and passes the information to next GRU [361]. Bidirectional
LSTM and GRU were also employed as they focus on past and future samples during
predictions. The architecture of the Recurrent Neural Network Models is illustrated
in Figure 7.7. Since, four models are used, the dotted line represents the other RNN

model configurations used for classification.

12 T Tca

( LST™™ (50, TanH, Rs=True) | [ GRU (50, TanH, RS=True) ] [ BILSTM (50, TanH, RS=True) | [ BIGRU (50, TanH, RS=True) ]

] ; H i
[ LSTM (50, TanH, Rs=True) | [ GRU (50, TanH, Rs=True) | [ BILSTM (50, TanH, Rs=True) ] [ BIGRU (50, TanH, Rs=True) |

1 | | |
Y Y Y

[ Dense (2\7, ;oﬁmax) ]

Figure 7.7: Proposed architecture of the RNN.

7.3.3 RNN with Attention Mechanism

The aspect of interpretability is also explored to explain the predictions of our models
using attention mechanism along with the recurrent based networks [142]. It is better
than conventional RNN based models because in attention mechanism the entire input
is passed along the network without creating any bottleneck situation, alleviating the
learning problem of neural network. This allows recurrent networks to focus at specific
morphologies present in ECG at different timestamps. Attention layer softly searches

TH-276#T 188 G190 1he signal that are relevant to predicting a specific class of arrhythmia.

164



7. FEATURE-FUSED MULTICHANNEL MULTILABEL ECG
CLASSIFICATION WITH PREDICTION INTERPRETATION USING
CHANNEL SPECIFIC DYNAMIC CNN

The architecture of the RNN Models with Attention Mechanism module is illustrated
in Figure 7.8. The dotted line represents the different RNN model configurations with

Attention Mechanism module used for classification.
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[ Dense (27, Softmax) ]

Figure 7.8: Proposed architecture of the RNN and Attention.

7.3.4 ResNet with RNN

In the fourth category of models, the combination of ResNet model with RNN models
is investigated. The architecture of eight layer ResNet with different configurations
of RNN based models is illustrated in Figure 7.9.

[ Input ECG Signal (2500,12) |

LSTM (50, TanH, RS=True) ] [ GRU (50, TanH, Rs=True) | [ BILSTM (50, TanH, R=True) ] [ BIGRU (50, TanH, RS=True) ]

| ; H ;
[ LST™ (50, TanH, Rs=True) | [ GRU (50, TanH, RS=True) | [ BILSTM (50, TanH, RS=True) | [ BIGRU (50, TanH, RS=True) |

l | | |
v ] 11

[ Dense (27, Softmax) ]

Figure 7.9: Proposed architecture of the 8-layer ResNet and RNN.

7.3.5 ResNet with RNN and Attention Mechanism

The final category of models includes a combination of ResNet followed by RNN
TH-2764 15620%0ants followed by an attention decoder to provide the models with more flexibility
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to learn the data representation. The architecture of the combination of 8-layer

ResNet with RNN models and Attention mechanism module is illustrated in Figure

7.10.
[ Input ECG Signal (2500,12) |
B ‘
[ LSTM (50, TanH, Rs=True) | [ GRU (50, TanH, RS=True) | [ BILSTM (50, TanH Rs=True) | [ BIiGRU (50, TanH, RS=True) J
] ; ! H
[ LST™™ (50, TanH, Rs=True) | [ GRU (SO,TanH RS=True) | [ BILSTM (50 TanH, Rs=True) ] [ BIGRU (50, TanH, RS=True) |
Attention Mechamsm
A

- K
( LSTM (50, TanH, Rs=False) | [ GRU (50, TanH RS=False) | [ BILSTM (0, TanH, RS=False) ) [ BiGRU (50, TanH, RS=False] J

[ Dense (27, Softmax) ]

Figure 7.10: Proposed architecture of the 8-layer ResNet with different RNN config-
urations and attention mechanism module.

7.3.6 Observations

Convolution layers in ResNet, LSTM, GRU layers, and cells in each layer were finalised
empirically. The challenge score [362] described in Section 7.2.3 is calculated for all
the above mentioned models after training for all training data is described in Figure
7.11. ResNet with LSTM and GRU with attention achieved scores of —0.128 and
—0.418. Figure 7.12 describes the training time taken per epoch by each model. The
8-layer ResNet model outperformed other model configurations in terms of challenge
score and execution time. The attention based models did not provide better results
even after having a larger context vector. Training time per epoch of ResNet was
around 110 sec. as compared to 9070 sec. by attention based models because the
attention decoder module was not optimized for GPU. Therefore, the convolution
based model is selected for further evaluation.

Figure 7.13 describes the results over stratified 10-fold cross validation (CV) on
the training data by 8-layer ResNet model. Table 7.5 describes the final results for
different evaluation metrics on validation and test data. The main reason behind low
performance of models might be the selection of single label for each record. ResNet
produced a score of 0.21 4+ 0.04 during stratified 10 fold CV on training data, 0.305

TH-27620 M2dstden data, —0.035 on the full test set.
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Figure 7.12: Time to train per epoch for all the models.

Table 7.5: Performance for the 8 layer ResNet model on validation and test data.

Metrics Valid. | CPSC | GE12EC | Undisclosed | Full Test
AUROC 0.825 | 0.919 0.812 0.694 0.742
AUPRC 0.326 | 0.711 0.318 0.239 0.229
Accuracy 0.331 0.527 0.277 0.08 0.181
F-measure 0.286 | 0.228 0.259 0.118 0.182
Challenge Score | 0.305 | 0.648 0.25 -0.287 -0.035

TH-2764_156201001
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Figure 7.13: 10-fold cross validation results for best performing ResNet model.

It can be observed that the model achieved a negative score on undisclosed test
set and overall test set, it happened because of two interrelated reasons: (i) Model
always predicts a cardiac abnormality, as softmax activation function is applied in the
last layer which always predicts a scored label (30 classes) even for a segment which
has an unscored cardiac abnormality (111 total classes); (ii) Design of the challenge
metric that assigns a negative score for the models that returns only positive outputs,
i.e., a lower score than a classifier that returns only negative outputs, which reflects
the harm of false alarms. Since the test data is hidden and not available online, the
final validation and test data results for other model configurations are not available.
Moreover, as the models achieved significantly less performance than the convolution
based ResNet, the convolution neural network is further investigated to achieve better
performance.

The shortcomings of the first stage are: (i) single label is considered for an MECG
segment; (ii) the models are not generalized as they achieved low performance for test
datasets; (iii) Even though attention mechanism module is applied the performance
is very less therefore the model lacks interpretability; (iv) investigation on reduced

lead ECG is not performed. These shortcomings are improved in the next stage.

7.4 Heartbeat and Demographic Feature Fused Mul-
tilabel MECG Classification with Static CNIN

In the second stage, the convolution based models are preferred and heartbeat, de-

TH-276mogsapbipdqatures are incorporated to predict multiple cardiac abnormalities for an
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MECG segment using a static Parallel Convolution Neural Network with Global Av-
erage Pooling (PCNN-GAP) network. PCNN-GAP network is fused with age, gender,
and patient specific features extracted from Lead II. Several preprocessing steps are
employed, including noise removal, resampling, and segmentation before classifying
the MECG segment. Lastly, the sigmoid activation function classifies the rhythm
into one or more cardiac abnormalities. Multiple channel configurations are explored.
The workflow followed in this stage encompasses a preprocessing and classification
stage as described in Figure 7.14. The lead information, age, gender, and diagnosis
from the patient record are used in this stage. The preprocessing stage prepares the
dataset which is classified by the proposed PCNN-GAP classifier.

Preprocessing

Extract Selective Extract
Leads ECG, ADC Age and
Gain, and Baseline Gender

ECG = ECG ADC Gain
[ Basellne
Patient [ Removal of BW and PLI 3
Normalised Age Z
Record [ ] —— || £
[ Resample to 500 Hz ] OHE Gender (,")
|—> w
12 Lead ECG } —3 %
ADC Gain [ Extract 10 sec. segment ]—\— a i S
Baseline é g | =
Age K [ R- Pelal\kElggeStlon f'r;)%Lead ] \ i E.D?
Gender i ) 8 =
. JilllE
Diagnosis Peaks S QCT)
i Detected &
History =
Symptom Ne® No ( 2
Prescription
p Return a Zoro ] | L Feature Vector
Correct peaks
\ ) Feature Vector | [ 2 I 1 I 994 ]

Calculate Normalised Heart rate
and MSD from RR Interval

——[ Calculate mean QRS amplitude ]7
Compute HBF, HOS, and WABF

from Six Concurrent Beats

Figure 7.14: Proposed workflow consisting of patient record description, preprocess-
ing, and classification stages.

TH-2764_156201001
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7.4.1 Preprocessing

The MECG is normalized using the respective ADC gains and baselines. The re-
sultant signal (ECG yey) is decluttered from low frequency noise (< 0.6 Hz) such
as baseline wander (BW) and high frequency noise (50 Hz) such as powerline in-
terference (PLI). The data is procured from different sources with different sampling
frequencies, resampling to 500 H z is performed as 4/6 sources are sampled at 500 H z.
Then, segments of 10-second are extracted from resampled signals as it is the most
common duration among all the records. The longer length segments are divided into
10 second segments are short segments are padded with zeros. Then heartbeat fea-
tures and demographic features are extracted that includes age and gender encoding,
followed by classification.

Heartbeat Features: The Lead II signal is selected from segmented MECG
for R-peak detection using the Pan Tompkins Detection (PTD) algorithm [85]. Lead
IT provides better depiction of characteristic waveforms present in ECG rhythm and
is the common lead in all sets [363]. If PTD algorithm fails to extract R-peaks from
the clean signal, then a 997 dimensional zero feature vector is returned. If the peaks
are detected using PTD, they are updated with the local maxima present in the close
vicinity. The correct R-peaks are used to extract the following features: (i) Average
Heart rate; (ii) Mean Square Difference between the RR intervals (MSDRR); (iii)
Mean QRS Amplitude; and (iv) Beat Level Features (BLF). The average heart rate
(HRu,y) and MSDRR are calculated using Equation 7.4. The RR intervals (RRI) are
calculated using the difference between adjacent R-peaks. Mean QRS amplitude is
the mean of R-Peak amplitude.

60 x F's
HR =
R — PeakCurrent - R— PeakPrevious
>_(HR)

HR,,, = 7.4
9100 x Len(HR) (74)

< 2

MSDRR — Mean|Dif flRRI)?

100
The BLF are calculated for up to six concurrent beats enclosed inside a window
of 130 timestamps left to the R-peak and 230 timestamps right to the R-peak so
that at least a heartbeat is enclosed in the window. The BLF include: (i) Hermite
Polynomial Coefficients (HPC) [250]; (ii) Statistical Features [96,250]; and (iii) Wave
Amplitude-Based Features (WABF) [96]. The HPC exploits similarity between the
beats by representing them with Hermite basis function coefficients. Assume, z(t)

TH-276den9gso4lp peat, the Hermite series expansion yields Equation 7.5. Here, ¢, is the
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expansion coefficient, o is width parameter, Hy(z) = 1 and H;(z) = 2z. The higher
the Hermite polynomial order, the higher is its frequency of changes within the time
domain, and the better is its capability to reconstruct quick changes of the ECG

paradigm.

£(t) = " cabult,o)

WA T Ly (7.5)
¢n(t70) . \/We -2 H, <O’>

H,(x)=2xH, 1(x) —2(n — 1)H,_o(z)

For computing the statistical features, the beat is divided into five intervals, and
Kurtosis and Skewness value over each interval is computed. For computing WABF,
euclidean distance is calculated between R-peak and the characteristic waves such as
P, Q, S, T-wave. The BLF produce a 994 dimensional feature vector. If the number of
beats are less and the features are less than 994, then zero padding is performed. The
obtained feature vector is combined with H R,,,, MSDRR, and mean QRS amplitude
to make a 997 dimensional feature vector.

Demographic Features: The age and gender values are extracted for each
patient. The age is normalised between 0 and 1. The negative and empty age fields
are replaced with zero. One hot encoding (OHE) is performed for the gender attribute,
where the male and female are encoded as (1,0) and (0,1), respectively. The gender
with Nan value is encoded as (0,0). The OHE age and normalised gender attributes
account for three features.

The final feature vector consisting of cleaned 10 second MECG of 5000 times-
tamps with L leads, and a 1000 dimensional feature vector are provided to the pro-
posed PCNN-GAP with feature classifier. L depends on number of leads available in
the dataset. For 2-lead ECG, L = 2.

7.4.2 PCNN-GAP Classifier

The proposed architecture of Parallel Convolution Neural Network - Global Average
Pooling (PCNN-GAP) incorporated with age, gender, and heartbeat level features
is illustrated in Figure 7.15. The idea behind the application of parallel convolution
layers is that MECG consists of local and global patterns. The global patterns are
extracted using the large kernels embedded in the left branch and the local patterns

TH-2764 1562Ff06%tracted using the small kernels embedded in the right branch of PCNN-GAP
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network. The number of filters, stride, and activation function of each convolution
layer are mentioned in Figure 7.15. For instance, the first convolution layer in the left
branch encompasses a 1-D convolution with 48 filters of size 19 and stride 4 followed by
a Batch Normalization (BN) [274] layer and Rectified Linear Unit (ReLU) activation.
Four more layers are added in a cascaded fashion in both branches with more number
of filters of reduced size followed by 1-D GAP layer [225].

The GAP layer calculates the spatial average of filters, making it robust to spatial
translations of MECG. GAP layer has the following advantages over the combination
of flatten and fully connected (FC) layer:

1. Calculates the spatial average of filters, making the GAP layer robust to spatial
translations present in ECG.

2. Less prone to overfitting with no dependency on external regularization.

3. Compresses spatial information of feature maps into channel description vectors.

4. No trainable parameters leads to significantly faster training time and reduction

in model size, making the final model suitable for low resource devices.

The reduced parameters lead to significantly faster training and reduced model size,
making it suitable for low resource devices. The GAP layer reduces the last layer
dimensions from (53,112) to (112). The output of GAP layer is concatenated with
other lead encodings along with the demographic features which are provided to the
fully connected layer with 100 neurons having linear activation function. Finally,
these encodings are classified using fully connected layer consisting 30 neurons with
sigmoid activation function. Sigmoid layer generates scores (s € [0, 1]) for ‘scored’
cardiac pathologies. The predicted scores are thresholded and labels are assigned

only if the respective threshold is surpassed.

7.4.3 Observations

The last layer sigmoid predicts probabilities p € [0, 1] rather than predicting classes
directly, thereby providing the flexibility to calibrate the threshold for class prediction.
A default threshold of 0.5, leads to a negative outcome of 0 if p € [0.0,0.49] and a
positive outcome of 1 if p € [0.5,1.0]. The tuned threshold helps balance the amount
of False Positive (FP) and False Negative (FN) during ECG classification. FP and FN
represent disease prediction when there was no disease and no disease prediction when
there was a disease, respectively. Experiments were performed to finalise sigmoid

TH-2764resBobsling; to be used for testing as illustrated in Figure 7.16. Thresholding the
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Figure 7.15: Architecture of Feature Fused PCNN-GAP Model.
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scores at 0.1 produces optimum results for all evaluation metrics and deteriorates at
other intervals. Therefore, thresholding at 0.1 is preferred for further model testing.

During training, early stopping criteria was employed and validation AUC was
monitored for 5 epochs to avoid overfitting. Challenge scores for the 5-fold Cross

TH-2764 15628abidation (CV) on the public training set, hidden validation, and test set for the
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Figure 7.16: Performance deterioration with increasing threshold of sigmoid.

investigated models: PCNN-GAP; PCNN-GAP-Big; and PCNN-GAP-Feature are
described in Table 7.6. While performing CV, MECG of the same patient was not
included in both the training and validation set. The PCNN-GAP method consists of
parallel CNN and GAP layer, PCNN-GAP-Big consists of two additional convolution
layers in each branch, PCNN-GAP-Feature incorporates demographic and heartbeat
features in PCNN-GAP model. The methods improved over 8-layer ResNet model
that performed multi-class classification and predicted only single-label for MECG.
In addition multiple lead configurations were also performed to find a reduced lead
combination that could be used in sub-urban areas where standard 12-lead ECG is
unavailable. Introducing multiple labels improved the score to 0.5. Fusing demo-
graphic and heartbeat features with MECG proved to be beneficial for classification
for increased number of lead sets. Adding features improved the performance for
more number of leads and reduced the performance for reduced lead sets. The model
with less number of trainable parameters performed better for reduced lead sets and
models with more number of trainable parameters performed better for standard 12-
lead ECG. The training time of feature fused models was around 3000 seconds and
200 seconds for non-feature based models. Therefore, the heartbeat features are not
used and only the demographic features with the CNN architecture is investigated to

further improve the performance.

Table 7.7 describes the detailed performance evaluation of PCNN-GAP-Feature

model for different test sets. The datasets in Table 7.7 include China Physiological

Signal Challenge Test Database (CPSC2) [344], Georgia database (GE12EC), Uni-
versity of Michigan (UMich) and an Undisclosed American database (UDC) [8,46]. It

can be observed that the model performed well for the CPSC2 and GE12EC test sets
TH-276%8 iBesvfgpasets had a similar distribution as the training datasets. But the model
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Table 7.6: Comparison of PCNN-GAP-Feature with other investigated approaches.

Models PCNN-GAP PCNN-GAP-Big | PCNN-GAP-Feature
Leads | Training | Valid. | Training | Valid. | Training | Valid. | Test

12 0.53+0.06 | 0.495 | 0.54+0.07 | 0.466 | 0.50+0.03 | 0.478 | 0.36
0.18+0.07 | 0.516 | 0.19+0.05 | 0.426 | 0.19+£0.04 | 0.467 | 0.41
0.55+0.04 | 0.496 | 0.56+0.02 0.5 0.56+£0.04 | 0.517 | 0.41
0.57+0.02 | 0.493 | 0.53+0.10 | 0.491 | 0.53£0.04 | 0.532 | 0.45
0.56+0.04 | 0.499 | 0.58+0.04 | 0.514 | 0.59+0.04 | 0.498 | 0.49

N Wk O

performance deteriorated when the Undisclosed and UMich datasets were used this

means that the model is not generalized and needs improvement.

Table 7.7: Performance Evaluation of PCNN-GAP-Feature model for test sets.

Data CPSC2 G12EC
Lead | AUC | AUP | ACC | FME | CME | AUC | AUP | ACC | FME | CME
12 0.941 | 0.773 | 0.27 | 0.172 | 0.543 | 0.835 | 0.378 | 0.14 | 0.349 | 0.458
6 0.937 | 0.753 | 0.037 | 0.158 | 0.355 | 0.871 | 0.387 | 0.051 | 0.331 | 0.492
4 0.93 | 0.732 | 0.171 | 0.157 | 0.51 | 0.871 | 0.406 | 0.122 | 0.372 | 0.512
3 0.94 | 0.755 | 0.234 | 0.169 | 0.572 | 0.881 | 0.411 | 0.177 | 0.373 | 0.52
2 0.933 | 0.751 | 0.09 | 0.167 | 0.424 | 0.88 | 0.413 | 0.162 | 0.368 | 0.509
Data Undisclosed UMich
Lead | AUC | AUP | ACC | FME | CME | AUC | AUP | ACC | FME | CME
12 0.907 | 0.534 | 0.261 | 0.335 | 0.256 | 0.858 | 0.383 | 0.163 | 0.358 | 0.376
6 0.896 | 0.549 | 0.204 | 0.349 | 0.415 | 0.872 | 0.405 | 0.054 | 0.334 | 0.391
4 0.902 | 0.548 | 0.19 | 0.345 | 0.291 | 0.88 | 0.426 | 0.145 | 0.379 | 0.429
3 0.91 | 0.547 | 0.231 | 0.344 | 0.32 | 0.883 | 0.429 | 0.217 | 0.382 | 0.474
2 0.908 | 0.576 | 0.33 | 0.369 | 0.465 | 0.877 | 0.426 | 0.221 | 0.379 | 0.506

The shortcomings of the model are as follows: (i) PCNN-GAP-Feature model
was preferred for all lead configurations making the approach sub optimal as making
the model with varying number of parameters might reduce the training and inference
times. (ii) Not generalized as performance reduced on the datasets with different data
distributions. (iii) The model still lacks interpretability and therefore fails to highlight

the relevant signal timestamps responsible for the prediction.

7.5 Demographic Feature Fused MECG Classifica-

tion and Interpretation using Dynamic CNN

In this stage, the observations from Section 7.3 and 7.4 are combined and a Chan-

TH-2764 1562ealgprecific Dynamically built Convolution Neural Network (CSD-CNN) is developed
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that detects cardiac abnormalities from MECG signals. Demographic features such
as age and gender are incorporated into CSD-CNN to improve model performance.
The dynamic construction eliminates manual effort and continuous modification. It
retains less trainable parameters for reduced lead ECG, making the model indisposed
to overfitting and memory-efficient. However, CSD-CNN'’s size and training time
increases depending on the lead configuration. CSD-CNN also introduces an inter-
pretability mechanism highlighting the crucial leads and relevant signal timestamps
responsible for the prediction. The workflow followed encompasses a preprocessing
stage, cardiac abnormality prediction stage, and interpretation stage as described in
Figure 7.17. The preprocessing step extracts the selective lead ECG signals, age, and
gender attributes which are provided to CSD-CNN that classifies the ECG segment
into one or more cardiac abnormalities. The model is further exploited to extract

lead and signal contributions towards the prediction.

Preprocessing Stage Cardiac
/ﬁ Abnormality
Extract Selective Extract Prediction
Leads (L) ECG, ADC Age and
Beilan Gain, and Baseline Gender
Record
12 Lead ECG Basellne Channel Specific
ADC Gain Dynamically built

Convolution
Neural Network

Removal of BW and PLI

Age
Gender

Normalised Age

ECG,_ = ECG ADC Gam]
)
)

[
Baseline a [
|
|

OHE Gender =)
Diagnosis Resample to 500 Hz E
! ) 5 Intra-Lead Signal
\ ) Extract 10 sec. segment ) = Contribution
@ Inter-Lead
Contribution

Figure 7.17: Illustration of the workflow.

Preprocessing Stage: The preprocessing applied is similar as described in

Section 7.4.1 without the extraction of heartbeat features as they increased the
training time without any significant performance gain. The label corresponding

to each MECG segment is represented as a One-Hot Encoded (OHE) vector given

as y = [y1,Y2,---,Yc), where C' = 30, total number of scored classes, and y; = 1 if

class ¢ is positive and 0 otherwise. Demographic Features such as age and gender are
extracted for each patient wherein age is normalized such that age € (0,1) and gender

is OHE where the male and female are encoded as (1,0) and (0,1), respectively. The
TH-2762¢gagv0 powh empty age fields are replaced with zero. The gender with Nan value is
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encoded as (0,0). The normalized age and OHE gender attributes account for three
additional features provided to the classifier. The final feature vector consists of a
clean 10-second MECG with L leads and a 3 dimensional feature vector. The feature

vector is provided to the CSD-CNN model for classification and interpretation.

7.5.1 Channel Specific Dynamically built CNN

The Channel Specific Dynamically built Convolution Neural Network (CSD-CNN) is
inspired by [355], where the authors utilize the same convolution filters for each lead.
In contrast, different filters for each lead are employed. The term “dynamic” refers
to adding new branches with CNN block depending on the input lead configuration.
Multiple parallel CNN blocks followed by the Global Average Pooling (GAP) layer
are employed to produce final feature vectors. The architecture of CSD-CNN incor-
porated with demographic features is illustrated in Figure 7.18. The details of the
CNN block are provided in Figure 7.19a. The CNN block uses an additional layer
that adds input signal and penultimate layer convolution filter output. The addi-
tion layer allowed better loss convergence and improved validation AUC compared to
concatenate, merge, and multiplication layers. Therefore, addition layer is chosen as

compared to other layers. The intuition of dynamic CNN branches is as follows.

1. Parallel branches are built according to the leads present in the dataset, thereby
eliminating manual intervention for different lead configurations.

2. Dynamic memory allocation for fewer leads makes the model computationally
cheap in terms of time, memory, and computation power.

3. Model uses independent convolution filters to learn distinct features of each lead
rather than using the same filter for all leads as each lead records the electrical
activity from different angles and information learned by CNN of one lead might
not be relevant for another lead.

4. Independent analysis of individual lead contribution and respective signal times-
tamps towards the candidate cardiac abnormality alleviates the black-box na-
ture of deep learning models. The interpretations aid in locating regions causing

the abnormality in ECG, thereby improving model reliability.

For making the model interpretable, the challenge was to generate the convolution
filter outputs similar to the input signal. Therefore, the stride of convolution filter

was kept to unity and varying size convolution filters are employed to account for

TH-2764 15629001 and local patterns in the ECG signal.
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Figure 7.18: Ilustration of Model Architecture for Standard 12 lead ECG. Models
for reduced lead ECG could also be generated using similar architecture.

CSD-CNN Interpretation: The model generates visual interpretations dur-

ing inference supporting the candidate cardiac abnormality prediction. The model

TH-276ep5eapob G for each lead, and the output of the penultimate CNN block of shape
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Figure 7.19: Illustration of Model Architecture and its Interpretation to generate
Signal and Lead Contribution.

(5000, 112) is used for interpretation, where 112 is the number of convolution filters.
The CNN block summation along the channels generates (5000, 1) dimensional output
resembling the individual lead ECG shape depicting signal timestamp contribution
towards the cardiac abnormality. Finally, the output summation along the filters
generates a scalar value that determines the corresponding lead contribution towards
the cardiac abnormality. The process of generating signal and lead contribution to-
wards the cardiac abnormality prediction is described in Figure 7.19b. Theoretically,
the highlighted timestamps and leads should correlate with the signs recognized by

cardiologists as indicative of the respective candidate cardiac abnormality.

7.5.2 Quantitative Evaluation of CSD-CNN Model

The quantitative evaluation of the CSD-CNN model is provided in this section. The
five-fold cross-validation results on training data for all lead configurations are pro-
vided in Figure 7.20. The model achieved high AUC but lower ACC for all leads. The
AUP and FME were almost equivalent for all leads. All the metrics were consistent
for 3, 4, and 6 lead models, but the variance was high for 2 and 12 lead models. The

low variance in metrics made the models generalized and reliable for real-world use.

TH-2764 1562bhgdi-lead model achieved lower performance than other lead models.
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Figure 7.20: Violin Plots for evaluation metrics during five-fold cross-validation on
training data for all lead configurations.

The challenge metric scores for all lead configurations for five-fold cross-validation
on training data are provided in Table 7.8. While performing cross-validation, the
stratified holdout MECG of the same patient was not included in both the training
and validation set. The scores in bold highlight the best-performing model that is
further used for validation and testing on unseen data. For 2, 3, 4, 6, 12-lead, the best
performing model was developed in second, fourth, second, second, and fourth fold
during cross-validation. Table 7.8 also describes the average run time per epoch (on
our system) with trainable parameters in the respective CSD-CNN model for each
lead. The time per epoch and the model parameters increased as CNN branches were
dynamically added due to the increasing number of leads in the training dataset. The
trainable parameters increased from 0.3 Million to 2.1 Million to account for additional
information present in the standard 12-lead ECG configuration. The model adapts to
available leads in the dataset and dynamically modifies the CSD-CNN architecture.

Table 7.8: Five fold cross validation results over challenge metric with execution
time per epoch and number of trainable model parameters for all lead configura-

tions.

Fold /Leads 2 3 4 6 12

1 0.476 0.47 0.476 0.248 0.483

2 0.509 0.451 0.527 0.316 0.405

3 0.445 0.488 0.482 0.251 0.329

4 0.463 0.504 0.478 0.287 0.49

5 0.411 0.45 0.496 0.268 0.432

Average 0.46 +0.02 | 0.474+0.02 | 0.49£0.02 | 0.27 £0.02 | 0.42 + 0.06
RunTime(s) 1598 2154 2827 4161 7952
Parameters 359,938 538,082 716,226 1,072,514 2,141,378
TH-2764—156201001
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The detailed performance of the best performing models for all lead configura-
tions on different test sets for all evaluation metrics are provided in Table 7.9. The
datasets in Table 7.9 include China Physiological Signal Challenge Test Database
(CPSC2) [344], Georgia database (GE12EC), University of Michigan (UMich) and
an Undisclosed American database (UDC) [8,46]. Since the models are generalized,
they performed well on the Georgia database, University of Michigan database, and
the Undisclosed American database. The models achieved less performance for the
CPSC2 dataset even though the models were trained on the China Physiological
Signal Challenge Test Database. Since CPSC2 dataset was part of original CPSC
dataset and early stopping criteria was used, the models did not overfit and therefore

the performance deteriorated on CPSC2 dataset.

Table 7.9: Performance of best performing models on unseen test set.

Data CPSC2 G12EC
Lead | AUC | AUP | ACC | FME | CME | AUC | AUP | ACC | FME | CME
12 0.867 | 0.604 | 0.017 | 0.127 | 0.312 | 0.821 | 0.287 | 0.004 | 0.257 | 0.434
6 0.858 | 0.551 | 0.011 | 0.112 | 0.275 | 0.814 | 0.249 | 0.018 | 0.247 | 0.406
4 0.868 | 0.59 | 0.024 | 0.122 | 0.317 | 0.824 | 0.282 | 0.01 | 0.255 | 0.428
3 0.859 | 0.577 | 0.013 | 0.123 | 0.294 | 0.827 | 0.277 | 0.007 | 0.253 | 0.422
2 0.848 | 0.547 | 0.023 | 0.118 | 0.314 | 0.82 | 0.258 | 0.017 | 0.259 | 0.421
Data UDC UMich
Lead | AUC | AUP | ACC | FME | CME | AUC | AUP | ACC | FME | CME
12 0.859 | 0.431 | 0.055 | 0.249 | 0.385 | 0.827 | 0.317 | 0.009 | 0.275 | 0.39
6 0.838 | 0.407 | 0.048 | 0.232 | 0.307 | 0.808 | 0.274 | 0.024 | 0.262 | 0.406
4 0.854 | 0.434 | 0.067 | 0.246 | 0.347 | 0.822 | 0.311 | 0.012 | 0.277 | 0.414
3 0.855 | 0.445 | 0.051 | 0.253 | 0.393 | 0.821 | 0.309 | 0.007 | 0.271 | 0.391
2 0.833 | 0.389 | 0.042 | 0.246 | 0.341 | 0.811 | 0.289 | 0.018 | 0.276 | 0.414

Table 7.10 describes the comparison between static CNN with and without fea-
tures and the CSD-CNN model. The performance is calculated based on challenge
metric scores for five-fold cross-validation on training, validation, and unseen test
data. A challenge score of 0.393, 0.377, 0.397, 0.394, and 0.394 is achieved for 12,
6, 4, 3, and 2-lead ECG on the unseen hidden test set of CinC Challenge 2021
database [8,46]. Although static CNN models achieved good performance on training
and validation data, performance on test data deteriorated which means that the
models are not generalized. The CSD-CNN model achieved consistent performance
for validation and test data for all lead configurations making the model more gen-
eralized and reliable for real-world use. The PCNN-Feature model achieved better
scores for reduced lead configuration and lower scores for more leads. It may be due

TH-2764 1562®10batic model architecture that provides enough parameters for fewer leads, but
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the same number of parameters may be insufficient for increased leads. Therefore,
the CSD-CNN architecture was made dynamic to account for information available
in the standard lead configuration. CSD-CNN does not have a scarcity of trainable

parameters and could, in theory, extract more information from the available data.

Table 7.10: Comparison between previously developed models and CSD-CNN
model on the basis of challenge metric scores for five-fold cross validation on train-
ing data, validation data, and unseen test data.

PCNN PCNN-Feature Proposed CSD-CNN
Leads | Training | Valid | Test | Training | Valid | Test | Training | Valid | Test
12 0.53£0.06 | 0.495 = 0.50£0.03 | 0.478 | 0.36 | 0.43£0.07 | 0.414 | 0.393
6 0.1840.07 | 0.516 B 0.19£0.04 | 0.467 | 0.41 | 0.27£0.03 | 0.385 | 0.377

4 0.55+0.04 | 0.496 - 0.56£0.04 | 0.517 | 0.41 | 0.49+0.02 | 0.412 | 0.397
3 0.57+0.02 | 0.493 0.53£0.04 | 0.532 | 0.45 | 0.47+0.02 | 04 | 0.394
2 0.56+0.04 | 0.499 0.59+0.04 | 0.498 | 0.49 | 0.46+0.04 | 0.399 | 0.394

The detailed challenge metric scores for the proposed CSD-CNN model and
Feature-based PCNN for unseen test datasets for all lead models are provided in
Table 7.11. Since the data distribution of CPSC2 and G12EC resembles training
data, the models achieved lower scores as early stopping was applied during train-
ing, making the models generalized to prevent overfitting. The CSD-CNN models
are more generalized than PCNN-Feature model, they achieved good performance for
UDC and UMich datasets as their distribution is different from training datasets.

Table 7.11: Detailed challenge metric scores on test dataset for all leads.

PCNN-Feature Proposed CSD-CNN
Leads | CPSC2 | G12EC | UDC | UMich | CPSC2 | G12EC | UDC | UMich
12 0.54 0.46 0.26 0.38 0.312 0.434 0.385 0.39
6 0.36 0.49 0.42 0.39 0.275 0.406 0.307 | 0.406
4 0.51 0.51 0.29 0.43 0.317 0.428 0.347 | 0.414
3 0.57 0.52 0.32 0.47 0.294 0.422 0.393 | 0.391
2 0.42 0.51 0.47 0.51 0.314 0.421 0.341 | 0.414

7.5.3 Qualitative Evaluation of CSD-CNN Model

An efficient model with high performance on training data might fail on unseen test
data acquired from a different source. Therefore performance alone is not sufficient
to deploy a model into the real world. Here, interpretability comes into the picture
that provides the reasoning about the model predictions. In the healthcare domain,

TH-27642$58988 Dgays an essential role as wrong decisions might be hazardous for the patient.
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A generalized model should predict cardiac abnormalities based on fundamental ECG
characteristics that reflect specific pathology rather than systematic bias present in
the dataset. From this perspective, the intra-lead and inter-lead contributions are
visualized through the convolution filters of the proposed CSD-CNN model.

Figure 7.21 describes the individual lead contribution during the final prediction
over the whole dataset for correct classifications of various cardiac abnormalities for
all lead configurations during inference. For two leads, lead II is mainly responsible,
as depicted in Figure 7.21d. For three and four leads, lead I and II are primarily
responsible, as illustrated in Figure 7.21a and 7.21b. For six leads, lead I, II, and
aVR are primarily responsible, as illustrated in Figure 7.21c. For standard 12 leads,
lead I, II, aVR, and V1 are mainly responsible, as depicted in Figure 7.21e. It can be
inferred that the CSD-CNN model assigns a higher weight to lead II for almost all
lead configurations. The physiological reason might be the orientation of the heart
and lead II, which captures the most beneficial electrical information generated from

heart cells.

However, the lead contributions had few exceptions when a close inspection was
performed, as illustrated in Figure 7.22. For four lead configurations, V2 also con-
tributed significantly for pathologies like BBB, LBBB, and LAD as depicted in Figure
7.22a, 7.22b, and 7.22d. Lead III contributed significantly to LAnFB pathology as
depicted in Figure 7.22e. For six lead configurations, lead III had a significant con-
tribution in NSR and LAD pathologies as depicted in Figure 7.22¢ and 7.22f. It can

be inferred that lead importance is disease dependent.

The contribution of signal timestamps in each lead for correctly classified AF
pathology during inference is illustrated in Figure 7.23. A candidate cardiac abnor-
mality such as AF is selected to describe the model interpretations. The same can
be extended to other cardiac abnormalities. The most contributing lead II in the
two lead model highlights more relevant signal timestamps than lead I. Although the
summation of CNN filter outputs focuses on the regions around R-peaks, the fibrilla-
tion frequencies or missing P-wave are also densely highlighted, which correlates with
the medical definition of AF [364]. According to medical practitioners, the missing
P-wave and F-wave or fibrillation frequencies provide enough information to classify
the corresponding ECG segment as AF. For the three lead model, lead II highlights
relevant timestamps with high significance compared to other leads. The filters fo-
cus from Q-onset to T-onset with moderately high focus F-waves. For the four lead
model, lead I, I, and III highlight timestamps with high attribution scores following

TH-2764 1562010mtlar pattern observed in the two lead model. For the six lead model, lead I,
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Figure 7.21: Individual lead contribution over the full dataset for correct classifica-
tions for all lead configurations during inference.

IT, and aVR have higher attribution scores than lead III, aVL, and aVF. For the
standard 12-lead model, lead I, II, aVR, and V1 highlight relevant timestamps with
significantly high attribution scores compared to other leads. The extracted attribu-
tion scores from convolution filter outputs are inherent properties of the underlying
models. For simplicity, the focus lies on a single CSD-CNN model rather than a wide
variety of models. Through visual inspection, the most typical attribution pattern
for a candidate cardiac pathology, AF, is demonstrated in detail for all lead models,

and the same can be extracted for other pathologies.

7.6 Summary

This chapter proposes a novel approach for detecting cardiac abnormalities from
MECG signals. The work has been performed in three stages. Firstly, five categories
TH-2762 medgsoye investigated for single-label 12-lead ECG Classification. The ResNet
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Figure 7.22: Exceptions in individual lead contribution over the full dataset for few
pathologies for four and six lead configurations.

achieved better performance and significantly less training and inference time than
recurrent and attention-based models. However, the model achieved a negative chal-
lenge score for test data due to the last layer softmax. Secondly, Heartbeat and
Demographic Feature Fused MECG Classification is performed using Static CNN,
wherein the softmax activation was replaced with sigmoid to predict multiple cardiac
abnormalities for a segment. Thresholding the sigmoid at 0.1 produced the best re-
sults for all evaluation metrics and deteriorated at other thresholds. Incorporating
heartbeat features increased the training time by orders of magnitude without pro-
viding a significant performance gain. Lastly, Demographic Feature Fused MECG
(Classification and Interpretation using a CSD-CNN model. CSD-CNN eliminated
manual intervention and used less trainable parameters, making the model mem-
ory efficient and less prone to overfitting and generalized than existing models as
testing is performed on multiple datasets. The model provides information about
the most contributing ECG leads and the respective signal contribution towards the
pathologies. The highlighted regions of interest often correlate with the cardiologists’
interpretation of the abnormalities. The intra-lead and inter-lead modules contribute
individually to improve the model performance by focusing on relevant information
within and across the channels. The results demonstrate the high prospects of al-
gorithmic ECG analysis for future clinical applications considering both quantitative
performance and the possibility of assessing decision criteria on a per-example basis,

which enhances the comprehensibility of the approach.

TH-2764_156201001
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Conclusions and Future Work

In this thesis, the cardiac abnormality detection from ECG signals is performed
using deep learning models with an interpretability perspective. The contributions
made in this thesis aim to develop a classification system that provides explanations
of its predictions. The classification approaches investigated in this thesis can be
categorised into: single lead heartbeat classification, single lead rhythm classification,
and multichannel ECG classification. Several interpretability based techniques have
been investigated for the developed classifier. This chapter presents a summary of
the contributions made within the scope of the thesis and then concludes with the

future research and directions for the extension of this work.

8.1 Summary of the Thesis

In Chapter 2, background is presented that provides an overview of the cardiovascular
system which includes electrophysiology behind heartbeat genesis, history of clinical
ECG, its acquisition. Then individual components of an ideal ECG classification
framework are discussed, including noise removal, heartbeat segmentation, heartbeat
synthesis, cardiac abnormality classification, and the interpretability landscape. In
interpretability landscape, definition of interpretability is discussed, the difference
between interpretability and explainability, the criteria for developing an interpretable
model, taxonomy of interpretability methods, and the perspective of interpretability
in cardiology are discussed.

In Chapter 3, ECG preprocessing is described where single lead ECG signal is
decluttered from Low-Frequency BW using VMD and compared with signal decompo-
sition techniques such as EMD, EEMD, CEEMDAN, and filtering techniques such as

TH-2764_156201001
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mean and mean median filtering. The higher the complexity of the baseline, the more
execution time the algorithm took for signal decomposition. CEEMDAN execution
time exceeds by a huge margin as compared to other approaches. The comparison de-
picted that VMD estimates better baseline as compared to other techniques in terms
of PC, PRMSD, and MAE. However, the time required to decompose the signal is
relatively higher than the filtering techniques. The decluttered signal is used to ex-
tract heartbeats (R-Peaks) using fractal based mathematical morphological operators
such as erosion and dilation, that are implemented using dynamic programming with
memoization. The method achieved an overall sensitivity of 95.82%, predictivity of
95.15%, and DER of 10.16% when tested against all the records available in the MIT-
BIH dataset. Lastly, a deep convolution conditional generative adversarial network is
employed to synthesise different classes of heartbeats, including N, SVEB, and VEB
as recommended by AAMI. The generated heartbeats are verified quantitatively using
five evaluation metrics and qualitatively by plotting against original beats. Generated
heartbeats resemble real beats as they encompass essential characteristics and follow

the intricate structure of beats.

In Chapter 4, a penalty induced prototype based explainable residual neural net-
work is proposed for heartbeat classification and prediction explanation. PIPxRes-
Net extracts prototypes from heartbeats using pretrained residual neural network
and minimizes resource consumption by eliminating GPU requirement. The method
classifies heartbeats into N, SVEB, and VEB and also provides explanations in the
form of visual prototypes that support model diagnosis. Quantitatively, PIPxResNet
achieved state-of-the-art performance without compromising individual class perfor-
mance when tested on four publicly available standard datasets. Qualitatively, the
model simulates a clinical decision support system for general physicians by provid-
ing explanation through extracted prototypes, addressing the black-box nature of
deep neural networks. The lower dimension data achieved better performance with

significant reduction in training time.

In Chapter 5, three gradient backpropagation based posthoc interpretability
techniques are investigated for explaining VT-VF predictions using ResNet from ECG
signals. The models were tested on five publicly available datasets. The effect of lay-
ers of the ResNet model, augmentation technique, and segment length were analysed
and the optimum performance was obtained for single layer ResNet for one second
segment using ADASYN augmentation technique. The interpretability techniques in-
clude Guided Backpropagation, Gradient Class Activation Map, and Guided Gradient
Class Activation Map that highlight the signal timestamps responsible for VT-VF de-
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tection. Grad CAM highlighted relevant signal timestamps whereas GBP and Guided
Grad CAM mostly worked as peak detectors which aid in heartbeat detection. The
validity of these techniques is verified using sanity checks, namely, weight random-
ization and training data permutation. All techniques passed the sanity checks but
Grad CAM saliency maps deteriorated the most, making it a better choice for signal
interpretation. Single layer ResNet with ADASYN augmentation and Grad CAM

highlighted most relevant signal timestamps responsible for prediction.

In Chapter 6, AF is detected from single lead ECG signals using baseline CNN,
ResNet, attentive CNN, and transformer neural network. ResNet achieved the high-
est F'1 Score followed by the transformer neural network, baseline CNN, and attentive
CNN on PhysioNet Computing in Cardiology Challenge 2017 database. The length
of ECG segment between one to four seconds was found optimum in terms of both
quantitative and qualitative analysis. The attentive CNN and transformer models
provided interpretability by highlighting the essential characteristic waves respon-
sible for and against the correct and miss classified ECG rhythms. Moreover, the
transformer model is better suited than attentive CNN as it highlighted more rele-

vant characteristic waves as demonstrated in the experiments.

In Chapter 7, a novel interpretable methodology is proposed to detect multiple
cardiac abnormalities from MECG signals in three stages. In the first stage, five
categories of models are investigated for single label 12-lead ECG Classification. The
models include CNN, RNN, combination of CNN and RNN, RNN with interpretability
based attention mechanism, and combination of CNN, RNN, and Attention Mecha-
nism. It was observed that a ResNet achieved better performance with less training
and inference time as compared to recurrent and attention-based models. However,
the model consistently predicted a single cardiac abnormality for the records that
wither had multiple diagnosis or had other abnormalities than the training labels,
thereby achieving a negative score for test data. In the second stage, heartbeat and
demographic features are fused with MECG and Multilabel Classification is performed
using a Static CNN with softmax replaced with sigmoid activation function in the
last layer. The effect of thresholding was observed and a threshold of 0.1 produced
best results for all evaluation metrics. It was also observed that large convolution
filters achieved higher performance as compared to small kernel sizes. Incorporating
heartbeat features increased the training time by orders of magnitude without pro-
viding a significant performance gain. In the third stage, only demographic features
were incorporated with MECG and a CSD-CNN model was used for multilabel classi-
fication. The dynamic nature of CSD-CNN eliminated manual intervention with less
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trainable model parameters, less prone to overfitting, and more generalized than pre-
vious models. CSD-CNN introduces interpretability by providing information about
the most contributing ECG leads and the respective signal contribution towards the
pathologies. The intra-lead and inter-lead modules contribute individually to im-
prove the model performance by focusing on relevant information within and across

the channels.

8.2 Future Research Directions

The work performed in this thesis opens up several directions for future research.

The fractal-based beat detection approach proposed in Chapter 3 could be tested
on additional datasets to test the robustness of the algorithm. The hard thresholding
in the post-processing stage could be modified to adaptive thresholding for reduced
false negatives or missed beats. A sample-by-sample approach could be investigated
to improve the detection accuracy rather than windowing the signal in the post-
processing stage.

The DCCGAN proposed in Chapter 3 for heartbeat synthesis could be extended
to generate single-lead or multi-lead ECG rhythms to mitigate the data imbalance
while performing rhythm classification. The approach could also be extended for
other physiological signals such as electroencephalogram, photoplethysmogram, and
phonocardiogram signals.

PIPxResNet proposed in Chapter 4 for single-lead heartbeat classification could
be extended to include counter-examples to explain the wrong predictions along with
the supporting prototype-based explanations for correct predictions. The explana-
tions could also be provided in some human-understandable clinical rules, such as
the amplitude and width of ECG characteristic waves. PIPxResNet could also be
extended to other classification problems where predictions can be explained through
prototypes.

The single-channel rhythm classification performed in Chapter 5 and 6 through
convolution neural networks and interpretation by visualizing penultimate layer con-
volution filters could be extended such that saliency maps of all convolution layers of
the network are utilized to generate better interpretations, to increase the confidence
of the user in the model predictions and explanations.

Recently, PhysioNet challenges 2020 and 2021 have open-sourced 12-lead ECG
databases, enabling the development of generalized classifiers to detect a large group
of cardiac abnormalities. It is evident from Chapter 7 that the proposed and state-
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of-the-art models have not yet achieved significant results, and there is a scope of
improvement. The parallel CNN branches in the proposed CSD-CNN model inde-
pendently learn the information from each lead ECG. The branches are not influenced
by other lead ECGs, deteriorating the model’s performance. This could be mitigated
by using a guided signal from one CNN branch to another, which could make the
model more effective for classification and generate better interpretations for explain-
ing the predicted diagnosis.

The CSD-CNN model in Chapter 7 predicts several cardiac abnormalities for
a MECG segment by using a fixed threshold in the last layer sigmoid activation
function. A constant threshold might not suit all cardiac abnormalities and could be
varied with respect to different cardiac abnormalities to achieve better performance
for MECG classification.
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