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Electrocardiograms (ECG) are a non-intrusive and highly accurate tool for mon-
itoring cardiac abnormalities. They are widely used in clinical settings and can be
measured on wearable devices such as smartwatches and Holter monitors. Early de-
tection of cardiac arrhythmias through continuous ECG monitoring has the potential
to reduce mortality rates and improve lives. This thesis presents a comprehensive
and efficient pipeline for personalized and zero-shot ECG arrhythmia detection suit-
able for low-end wearable devices. Earlier methods for arrhythmia detection require
labeled healthy and anomalous heartbeats for training; however, such data is often
unavailable, particularly for healthy individuals with no history of cardiac disorders.

This thesis addresses a real-world scenario where a healthy individual requires
continuous monitoring for early detection and prevention of potential cardiac is-
sues. First, we propose a lightweight representation error-based arrhythmia detec-
tion method using the nullspaces of the learned sparse representation dictionaries.
Our lightweight method reduces computational complexity while maintaining detec-
tion accuracy. Then, we improve representation error-based detection performance
via compact dictionaries learned through single hidden-layer sparse autoencoders.
Then, we propose a sparse representation-based domain adaptation technique to
learn morphology transformation matrices for the target individual, which are used
to adapt the morphology of existing ECG data from other patients to the domain of
the target. This enables a zero-shot classifier to be trained for a healthy individual
without any anomalous beats. Then, we design an ensemble classifier by combining
the lightweight representation error-based classifier with the zero-shot classifier and
achieve an accuracy of 98.2% and an F1-Score of 92.8%. Finally, we propose an
energy-efficient monitoring system for mobile devices capable of automatically clas-
sifying up to 40% of the test samples with minimal computation, making continuous

monitoring feasible for wearable sensors.

Keywords: Personalized ECG Monitoring, Zero-shot Arrhythmia Detection, Sparse

Representation, Dictionary Learning
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1 Introduction

An electrocardiogram (ECG) is a painless and non-intrusive recording of the elec-
trical activity in the heart. Since its invention by Willem Einthoven a century ago,
ECG has had a substantial impact on clinical practice and has become a fundamen-
tal tool in cardiovascular diagnostic procedures [1, 2]. ECG continues to be used
routinely to monitor cardiac arrhythmia and various cardiac abnormalities [1, 3],
and it has made its way to wearable devices such as the Holter device and smart-
watches [4, 5]. For decades, ECGs have been among the most accurate means of
detecting heart disturbances and cardiac arrhythmia [1].

Cardiac arrhythmia is an abnormal heart rhythm and can be caused by dis-
ruptions in the orderly electrical excitation of the heart [6]. Cardiac arrhythmia
often leads to stroke, heart failure, and even sudden cardiac death [7, 8]. In 2018
and 2019, cardiovascular diseases were the leading cause of death globally [9, 10].
According to the 2024 report by the American Heart Association, cardiovascular
diseases still result in immense health and economic burdens and cause millions of
deaths worldwide [11]. Tt is thus clear why monitoring and classifying digital elec-
trocardiograms have piqued the interest of many researchers, from signal processing
and machine learning communities to medical professionals and healthcare organi-
zations, as advancements in this field can significantly improve the accuracy and
efficiency of cardiovascular disease monitoring and diagnosis.

Remarkable progress has been made in ECG classification over the years. Nonethe-
less, there are many research areas open to improvement and areas that are yet to
be explored. This thesis focuses on real-time and efficient monitoring of cardiac ar-
rhythmia suitable for low-performance computing systems such as wearable devices,
and addresses two important challenges that arise when healthy individuals want
to benefit from continuous monitoring: (i) lack of data for effective learning using
machine learning methods, and (ii) discrepancies in ECG morphology when existing
data is reused for ECG classification across different patients. The first challenge
arises because healthy individuals typically do not experience arrhythmia, leading
to a scarcity of relevant ECG data to train machine learning-based classifiers. The
second challenge is due to differences in physiological characteristics among patients,
which leads to morphological differences in their ECG, making it difficult to gener-
alize models across different individuals [12, 13]. In fact, it is possible to perform
robust person identification from ECG due to these morphological differences, and
researchers have extensively studied and developed various methods on this topic
(14, 15, 16, 17].

A vast amount of literature exists on ECG analysis in the machine learning



community. Main research directions in the literature can be categorized into person
identification, heartbeat detection (i.e., beat segmentation), beat classification, and
beat generation. The first stage of analysing an ECG typically starts with finding
the individual heartbeats. Beat detection is critical as any error made in this step
will naturally propagate to subsequent steps and hinder the quality of analysis [18].
ECGs have several key segments corresponding to different phases of the heart’s
electrical cycle [1]. One of those components, the QRS complex, is generally the
largest wave in the ECG for a healthy beat, and the peak of this wave is called
the R-peak. The primary objective in beat detection is to find the R-peaks in a
given ECG band. Pan and Tompkins developed one of the most widely used R-peak
detection algorithms and set the baseline for heartbeat detection [19]. Since then,
numerous advancements have been proposed for accurate R-peak detection [20, 21,
22], including segmentation of challenging low-quality Holter ECGs [23].

The next step after heartbeat detection is to process and classify the beats as
healthy or as one of the several arrhythmia types. A wide range of methods have been
developed for beat classification, including those based on hand-crafted or manually
extracted ECG features [24, 25, 26, 27, 28], statistical analysis [29, 30], frequency-
domain analysis [31, 32, 33], and several machine learning algorithms like k-nearest
neighbors and support vector machines [34, 35|. Early approaches have focused
on training a single classifier to detect arrhythmias across all patients (i.e., global
classifiers), which soon realized that ECG classification is a highly personalized
problem. Subsequent works have shifted towards personalized classifiers, as seen
in works such as [36, 37, 38]. However, the proposed classifiers relied on large
amounts of labeled healthy and anomalous beats from the patient during training,
limiting their applicability when dealing with healthy individuals who lack sufficient
abnormal data.

Researchers have explored methods for generating synthetic ECG beats to over-
come the lack of sufficient arrhythmia in healthy individuals. Beat generation is
closely tied to beat classification, as beat generation serves as a way to improve classi-
fication performance. Among the proposed methods, various Generative Adversarial
Network (GAN) architectures have been developed to synthesize both healthy and
arrhythmic beats [39, 40, 41, 42, 43]. These methods primarily address the data
imbalance problem inherent in most ECG datasets rather than enabling zero-shot
arrhythmia detection—where the classifier has no prior exposure to the individual’s
arrhythmia during training. Nonetheless, generative techniques enable more robust
personalized classifiers to be trained by enriching training datasets with artificially
generated beats. In a landmark study [44], Kiranyaz et al. proposed a personalized
beat generation method called abnormal beat synthesis (ABS). In their work, the

authors model the degradation from healthy beats to abnormal beats as a linear



time-invariant (LTI) system and obtain a filter bank by modeling several common
causes of heart disease. These filters are then used to generate anomalous beats
directly from healthy beats.

Drawing inspiration from innovations such as ABS, this thesis contributes to the
field by introducing a novel sparse representation-based (SR) domain adaptation
(DA) method for inter-patient beat transfer. Our approach eliminates the need to
generate synthetic beats altogether; instead, it addresses the arrhythmia scarcity
problem by transferring real anomalous beats from other individuals into the tar-
get patient’s domain, enriching their healthy beat database with original domain-
adapted beats from other individuals and thus enhancing personalized arrhythmia
detection.

Then, this thesis proposes a practical and robust arrhythmia monitoring system
through an ensemble classification model. The first part of the ensemble model is
a representation error-based lightweight classifier (RE-C) built upon the proposed
nullspace projection error (NPE) that confidently classifies a large portion of the
healthy beats immediately from their NPE. The rest of the beats are forwarded to a
more sophisticated convolutional neural network (CNN), which is trained on a small
set of healthy beats belonging to the individual and additional domain-adapted beats
from others. The suspicious beats are passed through the CNN, which predicts the
probability of each beat being healthy. Based on the confidence level of the CNN,
the final classification is determined either by the RE-C or the CNN.

1.1 Motivation

Electrocardiograms provide a non-intrusive and accurate way to monitor cardiac
arrhythmia and remain indispensable in modern healthcare. Given that cardiovas-
cular diseases are still the leading cause of death worldwide, any advancements in
ECG analysis can have a profound impact on the early detection of cardiac ar-
rhythmia, and prevent life-threatening conditions such as stroke, heart failure, and
sudden cardiac death. Improvements in arrhythmia detection, particularly through
personalized and zero-shot monitoring systems, have the potential to be employed
in real-life conditions and deliver substantial health benefits. As such, this field of
study continues to be highly important in healthcare, and every improvement offers

a chance to impact millions of lives.

1.2 Contributions

The contributions of this thesis can be summarized as follows:

« Complete Pipeline for Personalized and Zero-shot ECG Monitoring:

This thesis proposes a comprehensive pipeline for personalized and zero-shot



ECG arrhythmia detection, enabling continuous monitoring for healthy indi-

viduals with minimal healthy and no anomalous ECG data.

Efficient Representation Error-based Detection: Leveraging linear al-
gebra, we propose an efficient representation error-based arrhythmia detection
method using nullspace projection error (NPE) and least-squares approxima-
tion error (LAE), reducing computational costs significantly while maintaining

performance.

Compact Dictionary Learning via Autoencoders: Through single hidden-
layer autoencoders, we learn compact dictionaries, reducing computational

complexity and improving representation error-based arrhythmia detection.

Sparse Representation-based Domain Adaptation: We propose an SR-
based domain adaptation method through morphology transformation matri-
ces (MTMs), enabling inter-patient beat transfer and substantial performance

improvements without synthetic data generation.

Ensemble Arrhythmia Detection: We design an ensemble classifier by
combining RE-C and CNN models, improving detection performance and

achieving state-of-the-art accuracy and F1-scores.

Energy-efficient Arrhythmia Monitoring: We present an energy-efficient
monitoring system by leveraging NPE for efficient arrhythmia detection, suit-
able for mobile devices and capable of reducing energy consumption without

sacrificing performance.

1.3 Thesis Structure

The rest of the thesis is organized as follows: Chapter 2 presents the necessary back-

ground, including a brief introduction to sparse representation theory, a review of

relevant literature on sparse representation-based classification, and methods for car-

diac arrhythmia detection and synthesis. Chapter 3 describes the methods developed

and employed in this research. This includes computationally efficient representa-

tion error-based classification, SR-based domain adaptation, and the development

of a robust ECG monitoring system. Chapter 4 details the experiments conducted

to evaluate the proposed methods, including comparisons with existing literature.

Finally, Chapter 5 concludes the thesis, summarizing the findings and suggesting

directions for future research.



2 Background
2.1 Electrocardiogram

2.1.1 Salient Characteristics of ECG

An ECG captures the heart’s electrical activity over time as a series of voltage
changes. These voltage changes form distinctive structures that characterize the
ECG. Figure 2.1 shows a complete cardiac cycle of a typical healthy heartbeat.
The ECG consists of several patterns: the P wave, PR interval, QRS complex, ST
segment, T wave, and QT interval, each corresponding to specific phases of cardiac
activity. Severe morphological differences in these patterns or their absence usually

indicate cardiac abnormalities.
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Figure 2.1 On the left is the structure of a heartbeat during one complete cardiac cycle,
consisting of the P wave, PR interval, QRS complezx, ST segment, T wave, and QT interval.
On the right is the interval between two neighboring R-peaks, known as the R-R interval,
which is a measure of the heart rate [45]. Morphological differences in these patterns of
the ECG may be indicators of cardiac arrhythmia.

The most prominent of the features of a healthy ECG is typically the QRS
complex, which begins with a negative deflection, followed by a rapid spike, and
ends with another negative deflection. The peak of the QRS complex, namely the
R-peak, is usually the largest wave in the ECG [1]. Due to this property, most beat
detection algorithms, such as Pan and Tompkins [19], work by detecting the R-peaks
in a band of ECG.

Another important feature in ECG analysis is the R-R interval, which measures
the time between two consecutive R-peaks. The R-R interval serves as an indicator

of heart rate, and its variability, known as heart rate variability (HRV), is also a



key diagnostic feature often used to assess overall cardiovascular health [46]. Steady
R-R intervals are a sign of a regular heartbeat, while irregular intervals may suggest
arrhythmias or other abnormalities in heart rhythm [47]. Accurate analysis of the R-
R interval is thus essential in identifying both normal and anomalous heartbeats in
clinical practice. To this end, in Chapter 3, we use single heartbeats and additionally
include their neighboring R-peaks (together called a beat-trio) when building our
arrhythmia detection system. An example of a single beat and its corresponding

beat-trio is given in Figure 2.2.

Healthy Single Heartbeat Healthy Beat-Trio
. 0.6 . 04
204 b=
a .02
g0.2 g
< <
0 20 40 60 80 100 120 0 20 40 60 80 100 120

Sample Index Sample Index

Figure 2.2 A single healthy heartbeat and its corresponding beat-trio from patient 100
in the MIT-BIH Arrhythmia Database [48].

2.1.2 Categories of ECG Arrhythmia

The Association for the Advancement of Medical Instrumentation (AAMI) recom-
mends combining anomalous heartbeats under the following four heartbeat types:
ventricular ectopic beats (V or VEB), supraventricular ectopic beats (S or SVEB),
fusion beats (F'), and uncategorizable beats (Q). S-type beats are premature heart-
beats, and their R-peaks occur earlier than the next expected normal R-peak. V-
type beats are identified by their broad, abnormal QRS complexes. VEBs do not
have preceding P waves, and the QRS complex is often followed by a full compen-
satory pause. F-type beats appear as intermediate complexes that are part normal
(narrow) and part ectopic (wide). They create a hybrid appearance between normal
and V-type beats. Finally, Q-type beats have unclear morphology and do not follow
typical patterns [1]. Figure 2.3 presents an example for each type of arrhythmia in
the MIT-BIH database.
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Figure 2.3 An example for each type of arrhythmia in the MIT-BIH Arrhythmia Database

[48]-

2.1.3 Personalized and Zero-shot Arrhythmia Detection

ECG patterns may exhibit significant variations across individuals due to physiolog-
ical differences, making ECG signals highly personalized [12, 13]. This variability
poses a considerable challenge for classification models, as they often struggle to
generalize across different patients. Figure 2.4 shows small ECG segments from
4 patients in the MIT-BIH Arrhythmia Database [48]. Although the morphology
of heartbeats within each patient’s ECG remains relatively consistent, there are
pronounced differences across different patients. These morphological variations be-
tween patients complicate, or even prevent, the reuse of ECG data for one patient
to train an arrhythmia detection system for another patient. This necessitates the
development of zero-shot learning approaches, which aim to robustly detect arrhyth-
mias in previously unseen data without requiring patient-specific anomalous training

examples.
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Figure 2.4 Examples of ECG segments from four different patients from the MIT-BIH
Arrhythmia Database [48]. Each plot shows a segment belonging to a different patient.
Heartbeat morphology remains similar for a certain patient (with small variations due to
measurement noise and patient movement) but varies significantly between patients.

2.2 Sparse Representation-based Classification

2.2.1 Notations

Throughout this thesis, the p-norm (i.e. 7 norm) of a vector & € R for p > 1 is
defined as

1/p

K
lzll, = | D _lal”| (2.1)
i=1

while the special case, the (° norm, is defined as ||z||, = #{i | #; # 0}, which counts
the number of non-zero elements of . Similarly, the p-norm of a matrix X € RX*8

for p > 1 is defined as
1/p

10, = DD x5 - (2.2)

i=1 j=1

Finally, X .; denotes the i-th column, and X;. denotes the i-th row of a matrix X.

2.2.2 Sparse Representation

Sparse representation (SR) is a fundamental concept in signal processing and ma-
chine learning. SR is rooted in the idea that many signals—such as images and

audio signals—can be represented by a linear combination of a small number of
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atoms from a dictionary. Consider a linear system of equations
s = Dux, (2.3)

where s € R” is a measured signal, D € R¥*¥ is a dictionary of atoms, and & € R¥
is the coefficient vector. For simplicity, we can assume that D is a full rank matrix
and eliminate the case of having no solutions. If the system is determined (K = L),
each signal is uniquely represented in D and we can find the coefficient vector as
x = D7 's. In the case of an underdetermined system (K > L), the set of all
solutions forms a K — L dimensional subspace in R¥, and thus there are infinitely
many x that satisfy 2.3 [49]. We can introduce a cost function, J, to evaluate each
solution and narrow down the solutions, possibly finding a unique one. Thus, we

define the following optimization problem:

min J(x) subject to s = Duw. (2.4)

xr

A standard choice for J is the p-norm (or % norm) as the (% norm is a convex
function of @ for p > 1 [50]. In particular, for p > 1, the % norm is strictly convex,
which ensures that a unique solution exists. The p-norm minimization problem can

be formulated as

min |z[|, subject to s = Dz. (2.5)

It might be tempting to minimize the ¢* norm as it yields a simple closed-
form solution &t = D*s through the pseudoinverse of D. If D is full rank, then
Dt =DT (DDT)_I. Otherwise, we can find DT = VETUT through the singular
value decomposition (SVD) of D [51]. However, ™ is typically not sparse and often
has many small components [49].

To promote sparsity, one could minimize the /° norm instead, aiming to represent

s with only a small number of non-zero components:

min |[z|, subject to s = Dz. (2.6)

Problem 2.6 is called the sparse representation of the signal s. However, (¢
norm lacks the desirable properties of #2 norm: ¢° norm is neither convex nor an
actual norm (since ||cz||o = ||z]lo # |c|||x|lo for non-zero scalar ¢). No polynomial-
time algorithm exists to solve Problem 2.6; it is NP-Hard. In the literature, there
are several studies on greedy algorithms that provide approximate solutions to
2.6, like Matching Pursuit [52] and Orthogonal Matching Pursuit (OMP) [53]. The
convergence of these algorithms can be guaranteed for sufficiently sparse solutions
49, 54]. Other methods for tackling 2.6 include relaxing the ¢° norm with its closest
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convex counterpart, the ¢! norm, called Basis Pursuit [55]. Moreover, in practice,
the equality condition in 2.6 is too strict and is often relaxed to allow for small

deviations in the representation:

min ||z|, subject to ||s — Dxl, <e. (2.7)

This problem is referred to as sparse coding in many dictionary learning algo-
rithms [49, 56]. Similar to Basis Pursuit, there are algorithms designed to solve the
convex-relaxed variant of 2.7, known as Basis Pursuit Denoising (BPDN) [55] in
the literature. A closely related optimization problem to 2.7 is the Lasso [57], which
also seeks a sparse solution but introduces a regularization parameter A to balance

the trade-off between the approximation error and sparsity:

m;n ||s—Dw||2+)\||m||1. (2.8)

In sparse representation, dictionaries are often overcomplete (K > L) to enhance
their ability to represent a broader range of signals with fewer atoms. In contrast,
when the linear system is overdetermined (K < L), the column vectors of the dic-
tionary cannot span the entire signal space RY, and the signal s may lie outside the
column space of D, denoted as C'(D). Nonetheless, 2.7 is still valid for undercom-
plete dictionaries as it permits close approximations of the signal. In Chapter 3, we

go into detail about such systems and undercomplete dictionaries.

2.2.3 Dictionary Learning

A fundamental part of sparse representation is determining a proper dictionary D.
In early literature, the popularity of signal transforms played a significant role in
dictionary design. These transforms, such as the Fourier Transform, Discrete Co-
sine Transform (DCT), and Discrete Wavelet Transform (DWT), naturally led to
the creation of the often called analysis dictionaries using their respective bases [58].
Analysis dictionaries are simple and often fast; however, they have their shortcom-
ings: Fourier basis and DCT generate dense coefficient vectors in the presence of
discontinuities or localized features in the signal, and DW'T depends heavily on the
choice of the wavelet function. In recent years, the direction of research has shifted
towards dictionary learning to overcome these shortcomings [59, 60, 61, 62]. Dictio-
nary learning adapts the dictionary to the specific patterns of the signal, leading to
sparser and more accurate representations.

Dictionary learning often starts with a set of signals § € R¥*Z of some arbitrary
size B. The goal is to find a dictionary D, along with a matrix of coefficients

X € REXB_ that satisfy the following optimization problem:
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%li)r(l | X|l, subject to || —DX||, <e. (2.9)

A strategy to address this optimization problem is to iteratively optimize the dic-
tionary D} and the coefficient matrix X{t} at each iteration t in an alternating
fashion. At each iteration, D=1} from the previous iteration is used in solving
2.7 to find the sparse codes x; for each sample s; with a basis pursuit algorithm.
These sparse codes are then stacked to form the updated coefficient matrix X {t}.
Then, we fix X {#} and solve for D}, The optimal D} at each iteration is given by
D — § X This algorithm is called the Method of Optimal Directions (MOD)
[63]. Another such well-known algorithm is K-SVD [64], which sequentially learns
the atoms in the dictionary one by one instead of learning the entire dictionary
at once. An array of algorithms have been designed for dictionary learning using
different strategies, such as online dictionary learning [56], training feed-forward
encoder architectures for sparse code prediction [65], algorithms based on FOCal
Underdetermined System Solver [66, 67] and its variants [68, 69], and more [58].

Deep Dictionary Learning

Following the rise in popularity of machine learning and deep learning methods,
many researchers have demonstrated that dictionary learning is possible through
deep neural networks (NN). There is a vast body of literature dedicated to train-
ing various neural network architectures for the dictionary learning task, including
Restricted Boltzmann Machines [70, 71, 72|, Variational and Sparse Autoencoders
(AE) [73, 74], and Convolutional Neural Networks [75, 76]. This thesis is interested
in training autoencoders for dictionary learning, which boils down to the following

generalized approach:

E,D = argmin L(S,D(¢(E(S))) + J(E,S) + Ri(6p) + Ro(0p).  (2.10)

where D is the dictionary (otherwise called the decoder), E is the encoder, L is the
penalty on reconstruction error, J is the penalty on encoder activations, and Ry, Ro
are regularization terms for the model weights, Op, @g. ¢ is an activation function
applied after the encoder, which is typically the ReLLU activation, but it can also be
omitted.

In the most classical case, we have a single hidden-layer sparse autoencoder,
where 8 € REXL and 6p € RE*K. Tt is common to set £ as the 2 norm of the
original and reconstructed signals, and J as the /' norm of the encoder activations

to promote sparsity [74, 77|, similar to Section 2.2.3. Weights may be regularized
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through weight decay for robustness [78], i.e., R = Ry = |-||%. This yields the
following optimization problem to find the model weights, 8 and Op, which is

typically optimized through backpropagation:

Op.0p = arg min ||S — 0p0pS||, + [05S||, + 0o + 105 . (2.11)
EYD

where OgS corresponds to the coefficient matrix X of Op and ¢ is omitted. The
depth and complexity of the encoder and decoder models, E and D, have drastically
grown as the dataset sizes increased and problems turned more difficult. On this
account, deep dictionary learning has been used to address many challenging prob-
lems such as ECG classification [79], face, object, and handwritten digit recognition
[80], machine fault diagnosis [81], image denoising [75], and for support estimation

to aid in many classification and regression tasks [76].

2.2.4 Sparse and Collaborative Representation-based Clas-

sification

Conventional sparse representation-based classification (SRC) deals with overcom-
plete dictionaries learned from a set of labeled training signals with multiple distinct
classes [82]. Overcomplete dictionaries are desirable, as they allow for more flexibil-
ity in representing signals, leading to sparser and more robust representations. In
conventional SRC, we have a supervised training scheme where the overcomplete
dictionary D is composed by learning and concatenating multiple sub-dictionaries

D, for each class ¢;:

D-|[D., D. - D.|. (2.12)

Each sub-dictionary D, can be learned through one of the methods described in
Section 2.2.3 with a sub-set of the training signals S., corresponding to class ¢;. In
their seminal paper [82], Wright et al. form each sub-dictionary D., by downsam-
pling and arranging the training signals S., as the columns of the matrix D,,. This
simple method does indeed form a dictionary that achieves sparse representations;
however, learning the dictionary can provide better generalization by capturing the
essential features and structures of the data. Moreover, the former method results
in large dictionaries that linearly scale with the size of the training set, whereas a
learned dictionary can be compact, depending on the number of atoms desired.

In the test stage, given a new signal s, from an unknown class, its sparse co-
efficients can be obtained through BPDN or a greedy algorithm like OMP. After

obtaining the sparse coefficient vector x,, the residual error is computed for each
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class:

rCi(SU) = Hsu - DciwCiHZ ) (2'13)

where x., is the part of x, corresponding to class ¢;. Finally, we can classify the

test signal into the class that minimizes the residual error:

Class(s,) = ¢; = argmin 7, (S4). (2.14)

SRC has proven to be a powerful tool in various applications, including face recogni-
tion [82], hyperspectral image classification [83], audio classification [84], and brain
tumor diagnosis [85], demonstrating its effectiveness in handling diverse classifica-
tion tasks.

Conventional SRC is a multiclass classification problem, where the coefficient
vector x is calculated over the entire dictionary D that is comprised of several
class-specific sub-dictionaries D,,. The method of using training samples (or learned
atoms) from all classes to represent the test signal s,, is called collaborative repre-
sentation (CR) [86]. The authors of [86] show that CR-based classification (CRC),
which uses ¢? regularized coefficients instead of ¢!, works as well as SRC in the
canonical problem of face recognition due to both being collaborative representation
methods. Unlike SRC and CRC, the central problem of this thesis, personalized and
zero-shot ECG arrhythmia classification, is a one-class classification problem where
the dictionary atoms are learned from only a single class. Therefore, this thesis fo-
cuses on SR for anomaly (or outlier) detection schemes, which are not collaborative

representations.

2.2.5 Sparse Representation for ECG Classification

Sparse representation has been successfully used in several ECG classification tasks,
such as [87, 88]. However, these methods construct the dictionaries by extracting
the features of the ECG (see Section 2.1.1) rather than directly from the raw signal.
Therefore, their performance is limited by the effectiveness of manual feature ex-
traction methods. On the other hand, in [89] and [90], the authors propose learning
the dictionary directly from the healthy heartbeats of a specific patient.

In [89], Carrera et al. utilize SRC for personalized zero-shot ECG arrhythmia
classification on the MIT-BIH Arrhythmia Database [48, 91]. The authors gather
500 healthy ECG beats and learn patient-specific dictionaries, D, € RY*X | for
each patient p € [1, M] using the K-SVD [64] algorithm mentioned in Section 2.2.3.
In contrast to conventional SRC, the dictionaries are undercomplete (K < L) and
represent only a single class: healthy ECG beats for patient p. To reiterate, the

optimization problem 2.7 to find a sparse solution is still valid even if a signal
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belonging to patient p is not in the column space of D, as it solves for the closest
approximation of the signal in D,, instead of an exact solution.

To detect whether a new signal s,(,i) belonging to patient p is an arrhythmia or
not, Carrera et al. solve 2.7 by adopting the greedy and iterative OMP algorithm,
()
P

and obtain the sparse coefficient vector x,’. Then, the residual error is computed

as

rp(8$) = |len|, = ||s — Dpwg)HQ. (2.15)

The residual error is used to discriminate whether sg) belongs to the healthy beat
space of p or not. The authors conclude that large values of rp(sg)) indicate a
signal with a different morphology than the healthy beats of p. Thus, Carrera
et al. empirically find a threshold 7 and classify any beat whose residual error
is greater than 7 as anomalous [89]. In a subsequent study [92], Carrera et al.
propose a dictionary and threshold adaptation mechanism based on the changes in
the patient’s heart rate for long-term ECG monitoring.

Throughout the thesis, if the coefficient vector :z:,(,i) is sparse, we refer to its
corresponding residual error vector as the sparse approximation error (SAE),
denoted with e,. SAE-based classification is a special case of SRC, using only a
single class and an empirical threshold for classification. On the other hand, SRC
is a multiclass problem, where a given signal is classified as the class that results in

minimum residual error.

2.3 Methods for Cardiac Arrhythmia Detection

There is a vast amount of literature for cardiac arrhythmia detection using signal
processing and machine learning methods, including statistical analysis [29, 30], fre-
quency analysis [32, 31, 33|, self-organizing maps [93], k-nearest neighbor classifiers
[34], and support vector machines (SVM) [35]. In [24], Chazal et al. propose a
method to extract the salient features of the ECG, such as the R-R interval, T-
wave offset, QRS onset and offset, and fit a linear discriminant classifier to detect
arrhythmia. They fit a single global classifier, i.e., a classifier for all patients in the
MIT-BIH database. In their follow-up work [25], Chazal et al. improve the global
classifier by fitting patient-specific linear discriminant models for each patient. Sev-
eral other feature extraction-based methods exist that utilize linear discriminant
analysis for ECG classification [26, 27, 28]. Due to relying on handcrafted features,
most of these methods are not robust to the variations in ECG patterns.

Several ML paradigms have been proposed for ECG classification, including Con-
volutional Neural Networks (CNN) [94, 95], Long Short-term Memory Networks
(LSTM) [96], and Transfer Learning [97]. In [98], the authors train a 2-D CNN



16

for arrhythmia classification from images of ECG bands. In [99], once again, vari-
ous features of the ECG are extracted (e.g., R-R intervals, beat-to-beat correlation,
etc.). Then, the features are stacked to create 3-D inputs and fed into a 3-D CNN
for classification. The main pitfall of these methods is training a single global clas-
sifier, which does not generalize well to the physiological changes between different
patients.

A personalized classification system is proposed in [36], which builds a block-
based CNN structure for arrhythmia detection. In [37], Kiranyaz et al. conduct
a pivotal study on using 1-D CNNs for personalized arrhythmia detection. In a
later publication [38], the authors improve their results and propose a novel neuron
model called generative neurons. In [100], Zhai et al. represent ECG signals as
2-D matrices by taking the outer product of two adjacent dual-beats (i.e., two pairs
of adjacent beats). This so-called dual-beat coupling matrix captures the temporal
morphological characteristics of the adjacent beats. Then, a 2-D CNN is trained on
the coupling matrices in a supervised fashion for personalized arrhythmia detection.
Despite performing robustly and offering unique perspectives on arrhythmia detec-
tion, these methods rely on both healthy and anomalous heartbeat data from the
patient. Therefore, such methods cannot be used as early detection systems for a

healthy individual for whom we have no anomalous ECG data to train a classifier.

2.4 Arrhythmia Synthesis for Detection

Arrhythmia synthesis has garnered considerable attention from researchers focus-
ing on ECG classification and arrhythmia detection. This interest stems from the
fact that a healthy individual with no history of cardiac arrhythmia does not have
anomalous ECG beats. As discussed earlier (e.g., see Section 2.1.3), reusing ECG
beats from different patients often fails due to morphological variations between each
individual’s heartbeats. Consequently, the ability to generate synthetic arrhythmia
directly helps in training dedicated classifiers for such healthy individuals. In [44],
Kiranyaz et al. contribute a landmark study. In their work, the authors propose a
beat generation method named abnormal beat synthesis (ABS). The idea is to model
the degradation from healthy to abnormal beats as a linear time-invariant (LTT) sys-
tem. Then, a filter bank is obtained by modeling several common causes of heart
disease through the LTI system. The degradations are modeled as follows. First,
the authors find the average healthy beat for a patient p in the system, denoted as
5, € RL. This beat can be found by averaging all the healthy beats and finding the
closest beat to the average. Then, for each anomalous beat séA") belonging to p,
the authors estimate a filter hz(,i) € R% such that:

8p + h() = s{A), (2.16)
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In other words, the filter h,(,i) is convolved with the average healthy beat to produce
its corresponding arrhythmia. By solving Equation 2.16 through regularized least-
squares filtering, the authors show that abnormal heartbeats can be modeled as
linearly degraded versions of healthy heartbeats. After obtaining all filters, similar
ones are pruned, and the remaining filters form the filter bank for patient p. When a
new individual ¢ registers to the system, the authors collect a small set of heartbeats
from ¢ and find their average healthy beat, s;. Then, any filter h,(,i) from any of
the patients already registered to the ABS system can be applied to §; to generate
abnormal beats. Using these filter banks, Kiranyaz et al. propose an innovative beat
generation method that can supply healthy individuals with synthetic abnormal

beats, allowing compact and lightweight classifiers to be trained, such as a 3-layer

1D CNN.

2.4.1 GAN-based Synthesizers

In the related literature for ECG classification and arrhythmia detection, GANs are
widely used for beat generation and classification. To provide a fair comparison
with the work presented in this thesis, the related studies are categorized into four
groups: (i) data generator GANs, (ii) vanilla GANs, (iii) personalized GANs, and
(iv) personalized and zero-shot GANs.

Data generator GANs focus on generating beats that are similar to the orig-
inal beats from the patient, but they do not perform arrhythmia detection. In
[101], the authors train several GAN architectures, combining LSTM and bidirec-
tional LSTM generators with CNN discriminators to produce synthetic beats. They
evaluate the quality of their generations using metrics such as maximum mean dis-
crepancy (MMD) and dynamic time warping (DTW). In another study, Wulan et
al. evaluate the quality of the generated beats with two novel measures, namely
GAN-train and GAN-test [102]. GAN-train is calculated by training an SVM on
the generated beats and testing on the real beats, while GAN-test is calculated by
training the SVM on the real beats and testing on the generated beats. The per-
formance of the SVM on both metrics reflects the similarity between the generated
and real beat distributions. In [103], Zhu et al. train bidirectional LSTM generators
and CNN discriminators similar to [101], but they evaluate their generations using
Frechet distance (FD), mean square distance (PRD), and root mean square error
(RMSE).

Vanilla GANSs serve as both beat generators and classifiers for the entire
database of patients, where the model is trained including each individual’s ab-
normal beats. A global GAN model generates abnormal beats akin to all anomalies
in the database without any personalization. Therefore, vanilla GANs are neither

personalized nor zero-shot, making direct and fair comparisons with the methods
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in this thesis difficult. Nonetheless, a wide array of work exists on vanilla GANs
(104, 39, 40, 41, 42], primarily to address the data imbalance problem inherent in
most ECG datasets rather than to perform zero-shot arrhythmia detection. Per-
sonalized GANSs are similar to vanilla GANs, except they go a step further using
transfer learning and fine-tuning to personalize the GAN to a certain patient before
classification, such as in [43]. In Chapter 4, we compare our work with the global
GAN synthesizer and end-to-end classifier proposed by Shaker et al. in [104]. De-
spite the limitations of our experimental setup, the results showcase the strength of
the proposed methodology in this thesis.

Personalized and zero-shot GANSs are fair to compare with this work, as
proposed by Zhou et al. in [105]. First, the authors train a global generator that
produces a 2-D coupling matrix similar to [100]. At the same time, a discrimi-
nator predicts the beat class from the coupling matrix. After the initial training,
the discriminator is fine-tuned for each patient using only their healthy beats and
any generated synthetic abnormal beats by the GAN. This fine-tuned discriminator
is then used for arrhythmia detection. We compare our work with [105] later in
Chapter 4.
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3 Methods

3.1 Dictionary Learning for the Healthy ECG Space

As in [89], the work in this thesis begins by building a dictionary to represent an
individual’s healthy ECG beat space. The first task is to collect a small set of
healthy beats, H, € RE*B_ for an individual p (called the dictionary beat set of p),
following the recommendations of the Association for the Advancement of Medical
Instrumentation (AAMI) [106] (the recommendations are detailed in Chapter 4).
Then, we use the Lasso formulation of 2.9 to simultaneously learn a sparse coefficient
matrix, X, € RE¥*5 and a dictionary, D,, € RF*K | for the healthy ECG beat space
for p, where L is the length of each signal, K is the number of atoms in the dictionary,

and B is the number of beats used for learning. The problem is formulated as follows:

min - |[Hp — Dp X, + A [| Xl - (3.1)

- Xp
In order to solve 3.1, we implement a variant of the MOD [63]. As in the orig-
inal MOD, we iteratively solve for D,{,t} and X;t} at each iteration ¢ in an al-
ternating fashion. Omnce again, the optimal Dét} at each iteration is given by
D,{,t} = HpX;t}Jr. To find the optimal XI{,t}, we implement the Alternating Direc-
tion Method of Multipliers (ADMM) [107] similar to [90]. ADMM is a well-studied
split optimization algorithm that can be applied to any optimization problem of the

form:

min Fi(x) + Fy(x) subject to x € convex set K, (3.2)

where F} involves an ¢! norm and Fy involves an % norm [108]. Thus, ADMM
suits perfectly when solving for X, in the optimization problem 3.1. The formal
implementation of the algorithm is provided in Algorithm 1. In Figure 3.1, we
provide the first five atoms from the learned dictionary of patient 100 in the MIT-
BIH database. A sparse combination of these atoms can form any healthy ECG in

H,, with a small representation error.

Atom 1 Atom 2 Atom 3 Atom 4 Atom 5
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Figure 3.1 The first five atoms of the dictionary for patient (a) in Figure 2.4. The dictionary
is learned with Algorithm 1, where L = 128, K = 20, and A\ = 0.01.
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Algorithm 1 MOD Variant for the Lasso Formulation
1: procedure MOD__ LASSO(H,, € RY*P K \ 7., iterations)
2: D, <+ N(u=0,0>=1),

3: Dy, < D,, - diag (1/ || (DP)~iH2) > Normalize Atoms of D,
4: for it < 1 to iterations do

5: X, « ADMM_ LASSO(D,, H,, \)

6: D, « H,X;

7 D, + D, - diag (1/|| (DP)~iH2) > Normalize Atoms of D,
8: ep < [[Hp — Dp X5,

9: if ey < 7,4 then

10: break

11: end if

12: end for

13: return D,, X,

14: end procedure

In conventional SRC, the dictionaries are overcomplete in order to represent a
broader range of signals with a small number of atoms. The dictionaries for per-
sonalized arrhythmia detection are undercomplete (K < L) as they should represent
only a single class—the healthy ECG beats for patient p—and should not be able
to represent the anomalous ECG beats. To this end, the dictionaries are learned to
be as compact as possible, and in Section 3.4, we show that the dictionary for one
individual fails to represent even the healthy ECG beats from another individual
due to their morphological differences.

Finally, we note that dictionary learning is an offline procedure, meaning that
the dictionaries for each individual p € [1...M] can be learned beforehand and
stored. Thus, we form a collection of dictionaries for various individuals and keep

expanding this collection for each new individual.
3.2 Representation Error-based Arrhythmia Detection

After learning the dictionary D, for the individual p, we can calculate the repre-
sentation error of any ECG beat belonging to p. In [89], Carrera et al. use the
iterative OMP algorithm to solve for the sparse coefficients and use Equation 2.15
to compute the residual error of a given signal. We start with the Lasso formulation

of 2.7 for a given signal sz(,i) and D,,:
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min |85 — Dyl + [l ], - (3:3)
Tp
This optimization problem is equivalent to the update step for X, when learning
the dictionary in Section 3.1. Therefore, we once again use the ADMM algorithm
to find the sparse coefficient vector zcg). After solving for azg), we can compute the

sparse approximation error vector as:

€n = sg) — Dpar;z(f). (3.4)

Then, an empirical threshold can be selected as in [89] to classify any ECG belonging
to p based on the energy of SAE, i.e., |€q . Figure 3.2 clarifies how this threshold
mechanism can classify healthy beats from arrhythmia. The healthy beat is nearly
perfectly reconstructed using the dictionary, whereas the anomalous beats cannot

be reconstructed and produce large error vectors.

Healthy Heartbeat S-Type Anomalous Heartbeat
0.757 = Original = Qriginal
f;’ 0.501 == Reconstruction :%’ 0.51 me= Reconstruction
20,25 =
< <
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Figure 3.2 Example of healthy, S-type, and V-type beats and their corresponding recon-
structions. The bottom right plot shows the reconstruction error vectors for all heartbeat
types. Both abnormal beats have noticeably large SAE compared to the healthy beat. The
beats belong to patient 100 from the MIT-BIH database [48].

Much like OMP, ADMM is also an iterative algorithm and requires consider-
able floating point operations (FLOPs) to compute. Moreover, this process must
be repeated for every new signal in an online monitoring setup. Having laid the
groundwork, we pursue a different and more efficient approach to find the repre-
sentation error by utilizing the fact that D, is an undercomplete dictionary (K <
L), as shown in Figure 3.3 (b). Since D, is undercomplete, a given healthy ECG
signal may not be in the column space of D,, i.e., s,(,i) ¢ C(D,). In such cases, it

is impossible to fully represent the signal without any error:
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Figure 3.3 Overcomplete (a) vs. undercomplete (b) dictionaries for the sparse repre-
sentation of a signal, Dx = s.

sz(,i) = Dp:ng) + eg) (3.5)

Moreover, the Fundamental Theorem of Linear Algebra [51] tells us that the left
nullspace of D,, (denoted as N(D])) is non-trivial and at least L — K dimensional,
as depicted in Figure 3.4. The figure helps us paint a geometric view of the whole
picture. One way to describe the sparse representation of s,(,i) is that the coefficients
a:,(,i) define how the column vectors of D, should be combined to construct the best
approximation of sg). This is the standard view of matrix-vector multiplication,
ie., Dpa;,(,i). Another equivalent description is the one painted by Figure 3.4;
the transformation defined by D, takes any coefficient vector w,‘f& from the row
space C(D]) to a unique signal §§,") in the column space C(D,). Since D, is
undercomplete (K < L), the column vectors cannot span the entire signal space RL,
but can only span a rank(D),) dimensional subspace (i.e., the column space, which is
at most K dimensional). The part of the signal that does not lie in C(D,), the error
e,(,i), cannot be represented by D,,. Thus the error lies in the left nullspace, N (Dg ),
which is perpendicular to C(D,). In the following sections, we describe how to
utilize the left nullspace of D, to significantly reduce the computational complexity
of the classification task by eliminating the need to compute the coefficient vector

and directly inferring the error vector.

3.2.1 Nullspace Projection Error

When the dictionary is undercomplete, the left nullspace of D,, N (Dg ), is non-
trivial, and the representation error resides in the left nullspace. Let IN, be the
matrix whose columns are the orthonormal basis vectors of NV (Dg ), i.e., Dg N, = 0.

In other words, multiplying N, or any vector spanned by the columns of N, with
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Figure 3.4 [51]: The four fundamental subspaces and the action of Dy with rank r. Dy

takes the row space to the column space (blue arrow) and the nullspace to zero (gray arrow).
1(,1) may not lie in the column space, in which case the representation error
emerges and resides in the left nullspace (dotted red line). The transformation, Dpa:g)
a(@)

(green arrow), can only represent 8y’ , which is the component of sg) in the column space

dotted purple line). If D, is undercomplete and full rank (r = K ), there is a unique
P

g) for any .§§,J) in the column space, as the nullspace is trivial and only contains

(%) (2) (3) _

p

=Tpr and Tpp =

The signal s

solution x

the zero vector; in other words x

DZ equals zero. Then, we define F,, € RE=5*L to be the transpose of N, and thus

F, is the left annihilator matrix of D,, i.e.:

T
D/N, = (D)N,)" = N/D, = F,D, =0. (3.6)

When a new signal sg) belonging to p is collected, we can calculate the alignment
of sg) and the left nullspace N (Dg ) by multiplying F}, and sg), ie., Fps;(,i). By

multiplying Equation 3.5 from the left with F},, we can compute this alignment:

FpDp = 0
e )
Fps;’) = Fpr:vz(f) +Fpe§,’) (3.7)

Fpsz(f) = Fpel(f) =e€en.

We call the resulting vector, en, the nullspace projection error (NPE). Multi-
plication with F}, effectively removes the healthy beat components from SS) through
a simple matrix-vector multiplication. Therefore, if sz(,’) is a healthy ECG beat, its

NPE would be small; however, if sg) is anomalous, then its NPE would be much
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greater in magnitude. In Chapter 4, we show that nullspace projection error and
sparse approximation error perform equally. Yet, SAE requires the sparse coef-
ficients to be computed with an iterative algorithm either by solving 2.7 (e.g.,
through OMP) or 3.3 (e.g., through ADMM). On the other hand, NPE can be
calculated directly through the input signal with a single matrix-vector multiplica-
tion, making it much more computationally efficient than SAE. Note that F}, can be
calculated once and stored along with D,, and accessed when required, thus finding

F,, does not affect the computational cost of NPE.

3.2.2 Least Squares Approximation Error

Additionally, we provide another computationally efficient method as an alternative
to NPE. As discussed in Section 2.2.4, the authors of [86] proved that in many
multi-class classification problems, CRC performs similarly to SRC. As opposed to
SRC, CRC uses ¢? regularized coefficients instead of /. We adopt a similar strategy
and rewrite the Lasso formulation in 3.3 as the Ridge formulation:

min [sf? — Dpa ], + |25 ], (3.8)

The Ridge formulation can be solved directly using the method of regularized least
squares:

zl) = (DID, + AI) "' DT s®. (3.9)

2

.

Lp

When A = 0, Equation 3.9 becomes the ordinary least squares solution. However,
ordinary least squares cannot provide a solution if D, is not full rank, as Dg D,
has no inverse. Moreover, even if a solution exists, it may be unstable if D, is ill-
conditioned (i.e., full rank, but one or a few singular values are too small). Therefore,
we prefer the Ridge formulation, which ensures that the solution is well-posed; when
A > 0, it controls the trade-off between smaller coefficients and the magnitude of
the representation error.

After finding the coefficients zd

. 20
lated simply as €, = sg) — Dpa:g). We call the resulting vector, €,2, the least

the representation error vector can be calcu-

squares approximation error (LAE). Similar to F},, L, in Equation 3.9 can be

calculated and stored; therefore LAE can be equivalently expressed as:

€p = si) — DpL,s$. (3.10)
In Figure 3.5, we provide an example pair of coefficient vectors a:é? and a:g).

Although the Lasso formulation 3.3 provides sparser solutions, the energy of the
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Figure 3.5 Example coefficient vectors a:é? and a:g;) for a healthy ECG beat using a

dictionary with K = 20 atoms. :Bg) is more sparse compared to wﬁ?
representation errors (SAE and LAE) are almost identical for our task.

In the next section, we provide the number of FLOPs needed to calculate NPE,
LAE, and SAE and show that the former two require significantly less computa-
tional power compared to SAE. On top of the computational efficiency, all of the
approximation errors yield almost identical classification performance with a simple

thresholding-based classifier as in [89], which we discuss in Chapter 4.
3.2.3 Computational Complexity Analysis

We begin the analysis with NPE. Given the pre-constructed left annihilator matrix
F, € RE-EXL and an ECG beat s € RL for individual p, the NPE is simply the
result of a matrix-vector multiplication. Therefore, the exact number of FLOPs for

calculating NPE is:

Twep(L,K) =2-L- (L — K) FLOPs. (3.11)

The analysis for LAE is similar. Once again we have a pre-constructed matrix
L, € RE¥*L and an ECG beat sz(f) € RY. Following Equation 3.10, LAE can
be calculated with a matrix-vector multiplication of L, and sg), followed by a
matrix-vector multiplication of D, € R¥*X and the intermediate result, and lastly
a subtraction from the original signal sg). Thus, the number of FLOPs needed to
calculate LAE is:

Tiap(L,K) = (4- K +1) - L FLOPs. (3.12)
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Table 3.1 Number of FLOPs needed for calculating different representation errors and
the processing time of a single ECG beat on an i7-10870H CPU and an RTX 3080 Laptop
GPU. The measurements are averaged over 10 runs and 1000 beats.

Error Complexity (FLOPs) CPU Time (us)|GPU Time (us)
SAE |Tomp(L, K, %)+ (2- K +1)- L 4.7933 11.6808
NPE 2. L (L-K) 0.2047 0.1032
AR (i) 2. L? (i) 0.2498 (i) 0.1062

(i5) (4-K +1)-L (i7) 0.2133 (i4) 0.1196

ARE 4-K+1)-L 0.3522 0.3164

ARE-R (2-K+1)-2-L 0.3558 0.3096

Another approach for calculating LAE is to parenthesize Equation 3.10 as (I —
D,,Lp)s,(f) and pre-construct the matrix I — D,L,. Then LAE can be calculated

with a single matrix-vector multiplication, and the required FLOPs would be:

Tiap(L) =2- L2 (3.13)

The more preferable approach depends on L and K, and the computational platform.
In general, Equation 3.12 will require fewer FLOPs since K < L; however, Equation
3.13 may be faster in parallel platforms since all the inner products can be computed
in parallel.

The analysis for SAE requires two parts. First, we find the sparse coefficients
:B,(,i) with an algorithm described in Section 2.2.2 or 3.2. Then, we compute the
error using the coefficients and the dictionary as in Equation 2.15 or 3.4. Since
there are multiple ways to find the sparse coefficients, there is not an exact number
of FLOPs to calculate SAE. For analysis, we select OMP as the algorithm to find
the sparse coefficients similar to Carrera et al. [89]. In OMP, we have one more
hyperparameter: the maximum number of non-zero coefficients, k. The number of

FLOPs required for OMP is approximately:

Tomp(L, K, k) ~2-L-k-(k+15)+2-5-K - (L+1) FLOPs. (3.14)

With the sparse codes, SAE can be calculated with an additional (2 - K + 1) - L
FLOPs.

3.3 Joint Embedding and Dictionary Learning via Person-

alized Autoencoders

In this section, we provide an autoencoder-based dictionary learning method as an

improvement over MOD-based dictionary learning. In Chapter 4, we show that the
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representation errors obtained from autoencoder-based dictionaries provide better
classification performance than all three error types, SAE, NPE, and LAE when

used in a simple thresholding-based classifier.

Figure 3.6 Symmetrical single hidden-layer autoencoder network architecture for dictio-
nary learning. After training, the learned model weights Op,, correspond to the dictionary.

We follow the same procedure as in Section 3.1 to collect a small set of healthy
beats, H,, € RE*P for an individual p. Then, we train a symmetrical single hidden-
layer autoencoder (AE), whose decoder, Op, € RL*E corresponds to the dictionary.
In a symmetrical autoencoder, the encoder is tied to the decoder, i.e., O, = 07T3p.
This network architecture is illustrated in Figure 3.6. The autoencoder is trained

by minimizing the following optimization problem through gradient descent:

Op, = arg min HHP — 0p,6(65, H,)

0p,

T
.+ e,

g (3.15)

There is no need to regularize Op, since keeping the decoder and encoder tied
T ~
0p,0p, —1 , ™ 0.

We train two such autoencoders; the first one omits ¢, and thus, it learns a linear

implicitly forces the columns of 8p, to be orthonormal, i.e., ’

model as in 3.1. The second one sets ¢ = ReLU for non-linearity, which additionally
acts as a regularizer for the activations (i.e., the coefficients).

As opposed to the sparse representation of a new signal, s,(,i), there is no need to
solve for the coefficient vector since the encoding stage of the autoencoder already
computes it, i.e., mg) = 01T,ps,(,i). Thus, calculating the representation error from
the reconstructions of the autoencoder is computationally more efficient than SAE.
In Figure 3.7, we provide an example set of activations from both autoencoders and
show that when ¢ = ReLU, the coefficients become sparser than when ¢ is omitted.
On the upper side of the figure, we plot the entire transformation GDPO%p for both
autoencoders. For the first autoencoder where ¢ is omitted, the transformation

affects the entire beat with an emphasis on the QRS complex. For the second



28

autoencoder where ¢ = ReLU, the transformation can focus entirely on the localized

region around the QRS complex due to the non-linearity.

pregp, ¢ omitted (log scale) 9317917);, ¢=ReLU (log scale)
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Figure 3.7 Erample autoencoder weight matrices, Bppe%p, acting on Hy, for the two
autoencoders. On the left, app07T3p is without any activation functions, and on the right,

91),,91T)p has a ReLU activation in-between. The bright spots on the diagonal on both
matrices correspond to the QRS complex, typically the largest and most prominent wave
in the ECG beat. The bottom plot shows the sparsifying effect of ReLU on the coefficients,
Xp = 0p, Hy, where the coefficients decay faster when ReLU is present (i.e., sparser, in
red), and much slower when it is not (in blue).

3.3.1 Autoencoder Reconstruction Error

After training the two autoencoders, we can obtain the reconstruction (i.e., repre-

sentation) error for a given signal s,g,i) simply as:

€AE = S,(f) - 91),,¢(91T>p8§,i))- (3.16)
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We call the reconstruction error vector, €, the autoencoder reconstruction
error (ARE). When ¢ is omitted, we can see from Equations 3.10 and 3.16 that
calculations for the LAE and ARE are identical with matrices of the same size.

Thus, their computational complexity in terms of FLOPs is identical:

Tars(L, K) = Tyap(L, K) = (4- K + 1) - L FLOPs. (3.17)

When ¢ = ReLU, the only difference is an additional L FLOPs to calculate the
activations. In Table 3.1, We provide the overall complexity analysis for all four
error vectors, SAE, NPE, LAE, and ARE, along with their runtime performance
measured on a CPU and a GPU. Although their computational complexity is iden-
tical, due to differences in the programming frameworks, LAE and ARE perform
differently on our testing hardware. Nonetheless, among all four errors, the NPE
achieves the lowest computational complexity and the fastest runtime, especially
when parallel processing units are available. Later in Chapter 4, we compare the
performances of four different thresholding-based classifiers built on the respective

error vectors and provide their classification performance.

3.4 Sparse Representation-based Domain Adaptation

In this section of the thesis, we aim to tackle two important questions in the litera-
ture for personalized and zero-shot ECG arrhythmia detection: (i) How can we train
robust machine learning models to perform arrhythmia detection for healthy indi-
viduals with no anomalous ECG to learn from? (ii) How can we utilize the abundant
normal and anomalous ECG beats from existing patients to aid in arrhythmia de-
tection for healthy individuals? To address both problems simultaneously, we draw
inspiration from the related literature work [44], in which the authors transform
the normal heartbeats of a patient into potential anomalous beats through an LTI
degradation system by modeling the relationship between normal and anomalous
beats. Differently, in this thesis, we investigate the morphological relationship be-
tween the healthy ECG beats of two individuals named source, s, and target, t, and
build a monitoring system to detect anomalous beats. In our study, s is a patient
registered to the system with a certain number of normal and anomalous beats. At
the same time, t is a healthy individual for whom we only have access to a small
number of healthy beats but no abnormal beats.

Following either Section 3.1 or 3.3, we can learn a dictionary, Dy, to represent
the healthy ECG beat space of t using the small number of healthy beats. Using
Dy, we calculate the NPE for both t’s and s’s beats. In Figure 3.8, we present
these representation errors using two example patients from the MIT-BIH dataset

corresponding to s and t. Despite being healthy beats, the beats of s are not
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represented well in Dy due to morphological differences between the beats of s and
t. In mathematical terms, the set of healthy beats of s, Ss, are not in the column

space of Dy, i.e., Ss ¢ C(Dy), and the representations result in large errors.

0 B |y of S, on D,

351 B ey[3 of S on Dy

Count,
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Figure 3.8 Histogram of NPE energies, HENHg, for the healthy beats of source, Ss, and
target, St, on the dictionary of target, Dy. Despite Dy being learned on healthy ECG
beats, it fails to represent the healthy beats of s due to morphological differences between
the two patients’ ECGs.

Figure 3.8 makes it clear that we cannot directly use Ss to aid in arrhythmia
detection for t. For a thresholding-based classifier, despite being healthy beats, all
of S5 may have been classified as arrhythmia due to their large representation errors.
Therefore, we seek a transformation that adapts the beats of s to be morphologi-
cally consistent with the beats of t. We linearly model this transformation with a

morphology transformation matrix (MTM), denoted with Qs_,¢, as follows:

Ss—)t = QsﬁtSs- (318>

The resulting beats, Ss_s¢, are the beats adapted from s to t to have a similar mor-
phology with t. Finding such a transformation from s to t can be challenging since
only a very limited number of healthy beats are available for t, and no anomalous
beats. This may result in overfitting to this small number of beats for any learning
algorithm. With such a problem at hand, we turn to sparse representation. SR
allows us to generalize well even with limited data by capturing the most important
features of t’s healthy beats in a compact dictionary, D;. A well-learned dictionary
can sparsely represent the healthy ECG beats of t with minimal representation error.
In Figure 3.9, we depict a geometric view of the information encoded within Dy.

The column space of Dy is adjusted during learning to be a compact subspace that
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can represent t’s healthy beats, Sy, with minimal error, i.e. ||Sy — D¢ X¢||, = 0. In
other words, if an ECG beat can be represented in Dy, we can infer that it belongs to
the healthy ECG domain of t. As such, we form the following optimization problem
to adapt s’s beats to t:

Qs—>ta s+ = argmin ||Qs—>tS Dy s*Hg—'—)‘ ||Xs*||1+7 ||Ss - Qs—>tSs||§a (3'19)

s—t 7X *

where A and ~ are positive trade-off terms, and X+ is the sparse coefficient matrix
for the domain-adapted ECG beats of s. The goal of this optimization problem is
to find an MTM such that the transformed beats, Ss_,¢, are represented well on
the target’s dictionary, D;. As before, A determines the sparsity of the coefficients.
The last term, v ||.Ss — Qsﬁtsnga ensures that the problem does not have a trivial
solution at Qs_.4 = 0, X« = 0. Moreover, for large values of v, it ensures that Ss_,¢
does not deviate too much from Sy and overfit onto Djy.

In Figure 3.10, we provide a different view of what 3.19 aims to achieve. Before
the transformation, s’s healthy beats, S, are not represented well on D; as shown
in Figure 3.8. After the transformation, i.e., S5t = Qs+ Ss, the resulting beats
can be represented by Dy. Since Dy represents a compact subspace for the healthy
beats of t, any transformed beats, Ss_,¢, can also be classified as healthy beats for
t.

In order to solve 3.19, we follow a similar strategy to the MOD, and iteratively
solve for Qs_,; and Xg+ in an alternating fashion. Given Dy and S at each iteration,
the solution for the morphology transformation matrix at the last iteration t — 1,
denoted by QS Ht , is fixed and the problem is solved for X s{f} via the reduced form
of 3.19:

Xs{f} = arg min HS{t_l} — Dth{f}

s—t
x{

2+AHX{3}
2 S

g (3.20)

where SS _)t are the transformed and unit normalized signals at step ¢ — 1 using
Qi:tl} . The optimization problem 3.20 is solved With ADMM as in Section 3.2.

After obtaining the sparse coefficients for step t, X Vs fixed and Q is obtained

s—t

by solving:

{t} g

s—>t

(3.21)

s—>t

Q{t} — ar
st = arg min
QY.

Despite being a quadratic function with a closed-form solution, we optimize 3.21

through gradient descent to obtain a smooth transition from Sg to Ss_¢ in a fixed
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Figure 3.9 For a well-learned dictionary for t, the column space, C(Dy), represents
a compact subspace for the healthy ECG beats of t. The projections of t’s beats onto
C(Dy), namely S, contain most of the components of Sy, whereas the projections onto
N(D;‘F)—the residuals or representation errors—contain very few components, and have
low signal energy, i.e. ||Sy— DyXi|5 =~ 0. The many colors in C(Dy) and N(DY)
represent different types of signals that also fall onto these subspaces by coincidence. The
key point of the figure is that most components of the signals in Sy fall onto C'(Dy) rather
than N(DT).

number of steps. We provide a step-by-step implementation of the overall procedure
to derive the morphology transformation matrix in Algorithm 2.

In Figure 3.11, we provide the representation errors of the transformed healthy
ECG beats of s on Dy. After comparing with Figure 3.8, it is evident that the MTM
adapts the morphology of Ss to align with the healthy beats of t, and improves their
representation on Dy. Moreover, experiments in the related literature work [44]
show that there is a linear relationship between the healthy and anomalous beats
of an individual. Therefore, our linear MTMs, which transform the healthy beats
of source to the domain of target, can be used on the anomalous beats of source
to generate morphologically consistent anomalous beats for target. To summarize,
through domain adaptation, we find a morphology transformation matrix, Qs ¢,
that adapts the abundant healthy and anomalous ECG beats of a source patient,
s, to the domain of a healthy target individual, t, with limited healthy beats. The

transformation matrix, Qs_s¢, is strictly for transforming the beats from source to
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Figure 3.10 A wvisual view of the effect of the transformation Qs—t on Ss. As shown
in Figure 3.8, most of Ss cannot be represented by Dy, thus, most of Ss lives in N(D{).
After the transformation, the new beats, Ss_st, can be represented by Dy, the dictionary for
the healthy beats of t. Therefore, the transformation creates novel beats that are adapted
from Ss to be morphologically similar to the beats of t.

Algorithm 2 SR-based MTM Derivation Algorithm
1: procedure MTM__ DERIVATION(Dy, S, A, v, 7, iterations)

2: Qs < Inxn

3: for it < 1 to iterations do

4: Sest ¢ Qs Ss > Domain Adaptation
5: St — Ss_y¢ - diag (1/ ||(SS_>t),i||2) > Normalize Columns of Ss_,¢
6: X+ ar,:e;;(min | Ss—t — Dy X+ Hg + A || X, > Solve with ADMM
7: VQs_ it +— (Szl +9) Qsst — YInxn) SsST — D X« ST > Gradient
8: Qs—t < Qsot — NV Qst

9: end for
10: return Qq_,¢, X~

11: end procedure
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target; however, the same process can be repeated for any patient registered to the
system with known healthy and anomalous beats, {s; | i € [1...n]}, to find n
transformation matrices, Qs,¢+. Therefore, we propose the following comprehensive
data generation scheme to populate a large dataset for t, for whom we only have a

few healthy beats otherwise:

Algorithm 3 Dataset Generation Algorithm using MTMs

1: procedure DATASET GENERATION(Sy, Sy, .. 82 K, A, 7,1, Teg, iters)
2: Dy <+ MOD_LASSO(S;, K, A, Teg, iters)

3: Dataset < {S;}

4: forie1...ndo

5: Qs,t < MTM__DERIVATION(Dy, Ss,, A, v, 1, iters)

6: Ss,—t < Normalize (Qs,tS5s,) > Domain Adaptation
7: S2 ¢ < Normalize (Qs, ¢ SZ) > Domain Adaptation (Anomalous)
8: Dataset <— {Dataset, Ss, ¢, S&_4

9: end for

10: return Dataset

11: end procedure

In Algorithm 3, S; and S| are all sets of healthy ECG beats, whereas Sé41...n

are anomalous beats belonging to the source patients.

S1...n

3.5 Personalized Domain-adapted Arrhythmia Detection

This section builds upon the findings of Section 3.4 to propose a neural network-
based ECG arrhythmia detection scheme for the target individual after creating
a morphologically consistent, large dataset using many source patients. First, we
repeat the data generation procedure described in Algorithm 3 for beat-trios (as in
Figure 2.2) to obtain two domain-adapted datasets for the target: a single beat
dataset and a beat-trio dataset. Beat-trios introduce timescale information, which
can help identify anomalies based on the location of the R-peak (or other ECG
segments) in between two other R-peaks. Then, we train a convolutional neural
network that takes in a single beat and its corresponding beat-trio and outputs
whether this beat is anomalous. We train the same 1D CNN model as in the work
[44]. The architecture of the CNN is given in Figure 3.12, and the network and
training details are given in Chapter 4. The model is extremely parameter efficient
with only 6/ parameters and can be deployed on low-end devices due to its memory
and runtime efficiency. The model takes up only 24 KB of space and performs 350 K
FLOPs per input.
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Figure 3.11 Histogram of NPE energies, ||§N||§, after domain adaptation, for the
domain-adapted healthy beats of source, Ss—t, and healthy beats of target, St, on the
dictionary of target, Dy. The error energies for the original beats, Ss, are provided in pale
red for comparison. After domain adaptation, the representations of the healthy beats of s
on D¢ are much improved.
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ECG Input K:7 K:3 K:7 K:3 K:7 K:3 N: 16 N: 32 N:2
N: 32 N: 16 N: 16

Figure 3.12 The two-channel convolutional neural network used in all experiments. K
is the filter size, and N is the number of neurons in the layer.

3.6 Ensemble Learning via Probabilistic Threshold Estima-

tion

In Sections 3.2 and 3.3, we explain three different methods (namely NPE, LAE, and
ARE) for efficiently calculating representation errors of ECG signals on a dictionary
D. In [89], Carrera et al. show that representation errors can be used to classify
healthy and anomalous beats by thresholding. In their work, the threshold must be
determined empirically, and therefore, they report the area under the curve (AUC)
of their method’s receiver operating characteristic (ROC). In this section, first, we

propose a probabilistic threshold selection procedure for the simple thresholding-
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based classifier built upon NPE (or either one of the error vectors). The threshold
is selected as follows: first, we calculate the NPE of each heartbeat in the domain-
adapted dataset of the target individual as described in Section 3.2. This dataset
includes both healthy and anomalous beats. Next, we fit two probability distribu-
tions to the NPE of these healthy and anomalous beats using maximum likelihood
estimation (MLE). Upon evaluation of the distributions of NPE for healthy and
anomalous beats, we assumed an exponential distribution for the healthy beats and
a Gaussian distribution for the anomalies (Figure 3.8 shows an example of how the
NPEs of these beats are typically distributed). Finally, when classifying a new beat
belonging to t, sgi), we find its NPE through Fts,gi) and calculate the likelihood
of the error belonging to one of the two distributions. Thus, we create an auto-
matic procedure to classify beats using a very simple and computationally efficient
(as given in Table 3.1) thresholding-based classifier without needing to empirically
tune a threshold. Since the classification is performed based on the representation
error, we refer to this lightweight classifier as the representation error-based
classifier (RE-C).

RE-C is efficient but performs worse than the CNN described in Section 3.5.
Instead of choosing one of the two and sacrificing either efficiency or performance,
we merge both classifiers into an ensemble model. Whenever the confidence of the
CNN is low, we consult the RE-C and classify the heartbeat to its decision. The
confidence of the CNN is determined by the maximum of its two output neurons (see
Figure 3.12). If the confidence is above the threshold, C, then the CNN is used to
classify the heartbeat. If the confidence is less than C, we calculate the representation
error of the heartbeat (e.g., NPE) and use the RE-C for classification. C is chosen
as the confidence that maximizes the F1-Score of the validation set that we split
from the target’s domain-adapted dataset. Despite introducing a threshold C that
needs to be selected, we show that in our experiments, any choice of C results in a

performance improvement (see Chapter 4).
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4 Experiments

4.1 Experimental Setup

4.1.1 MIT-BIH Arrhythmia Database

In this thesis, to provide a fair comparison with many related ECG works in liter-
ature [37, 44, 89, 99], we use the benchmark MIT-BIH Arrhythmia Database [48].
The database contains 48 two-channel ECG recordings from 47 different patients.
Each recording is approximately half an hour long and digitized at 360 samples per
second with 11-bit resolution over a 10 mV range. The recordings are independently
annotated by two or more cardiologists, and the reference annotations for each beat
(=~ 110,000 annotations) are included with the database.

A AMI Standard

The MIT-BIH database is processed following the guidelines of the AAMI standard
[106]. The heartbeats are combined into the following five heartbeat classes: N
(beats occurring in the sinus node), V (ventricular ectopic beats), S (supraventricular
ectopic beats), F (fusion beats), and @ (uncategorizable beats). During arrhythmia
detection, heartbeats are classified as either normal (N) or anomalous (V, S, F,
Q). The recordings from patients 102, 104, 107, and 217 are excluded because they
contain paced beats as a result of a pacemaker. Patients 105, 114, 201, 202, 207, 209,
213, 222, 223, and 234 are excluded as their recordings show significant heartbeat
variations. Thus, of the original 48 recordings, we use 34 records belonging to 34

different patients.

Preprocessing

Using the annotations provided in the MIT-BIH database, we segment the half-hour
long recordings into singular heartbeats. First, we locate the R-peaks of each beat
from the annotations. Then, to obtain each beat, we identify the two neighboring
R-peaks and exclude 10% of the samples from each side of the interval, resulting in
a segment that spans 80% of the distance between the adjacent R-peaks. Moreover,
we construct beat-trios to capture the temporal and morphological characteristics
of the beats. A beat-trio is obtained similar to a single beat; we identify the two
neighboring R-peaks and extend 10% outward, resulting in a segment that contains
3 R-peaks in total. We resample each beat segment to 128 samples, remove the

. . . . . 2
baseline wander, and normalize them to have unit signal energy, i.e., ||s||; = 1.
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4.1.2 Patient-specific Domain-adapted Datasets

Healthy Dictionary Beat Set

After preprocessing, we have 34 recordings from 34 patients with different numbers
of healthy and anomalous heartbeats, where all recordings are segmented into single
beats and corresponding beat-trios. Following the AAMI recommendation, we form
a small set of healthy beats for each patient p, H, € RL*Pr by extracting all the
healthy beats from the first five minutes of their recording. The remaining twenty-
five minutes of the recording and all the anomalous beats within the first five minutes
(if any) form the test set for the patient p. Following the methodologies described

in Section 3.1, we learn dictionaries for each patient, denoted as Dy, using Hp,.

Learning MTMs and Generating Datasets for each Patient

In Section 3.4, we propose the morphology transformation matrix (MTM) from a
source patient with abundant healthy and anomalous beats to a target individual,
for whom we only have a small set of healthy beats and no anomalous beats. In
Algorithm 3, we propose a dataset generation procedure to create a large dataset
with healthy and anomalous beats for the target individual through MTMs. In our
experiments, we repeatedly apply Algorithm 3 to generate datasets for each of the 34
patients in the MIT-BIH database. At each time, a new patient p becomes the target
(with only healthy beats, H),), and the remaining 33 patients become the sources
(with healthy and anomalous beats). Using the learned MTMs, we transform all
healthy and anomalous beats in the half-hour recordings of the sources to the do-
main of target and generate target’s dataset. As a result, we obtain 34 x 33 = 1122
transformation matrices, Qs, ¢, from each patient to every other patient, and 34
domain-adapted datasets. We leave out 20% of the beats in each dataset for
validation and the remaining 80% for training. To reiterate, the test set for each pa-
tient is their remaining twenty-five-minute recordings, which are left unseen. These
patient-specific, domain-adapted datasets are used in the following experiments to
train our classifiers, RE-C and a CNN.

Additionally, we generate 34 baseline datasets alongside the domain-adapted
datasets for a fair comparison. The baseline dataset for a patient p contains their
small set of healthy beats, H)p, and the half-hour recordings of the remaining pa-
tients without domain adaptation. The baseline datasets allow us to directly see the
effect of domain adaptation on arrhythmia detection performance. Once again, we

separate 20% of the beats in each dataset for validation.
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4.1.3 Network Training Setup

We train a separate CNN for each patient using their corresponding domain-adapted
dataset to obtain 34 personalized CNNs in total. As given in Figure 3.12, we train a
1-D CNN with 3 convolutional layers and 2 dense layers. The convolution kernel size
is set to 7, with no padding and unit stride. Each convolutional layer is followed by
a max-pooling layer with a stride of 3 and a hyperbolic tangent activation. The first
dense layer has a ReLU activation, and the final layer uses the softmax activation.
We use 32, 16, 16, and 32 neurons in the layers, respectively, and 2 neurons in the
output layer, one for each class. The model takes a two-channel ECG input: a
single beat and its corresponding beat-trio. This is the same CNN architecture as
in [44] for a fair comparison. We use the cross-entropy loss function and the weight-
decayed Adam optimizer [109] for training. The model stops training after 15 epochs
have passed without improving the validation loss. We repeat the training process
10 times with randomly initialized weights and average the results. At the end of

training, the weights that obtain the lowest validation loss are used for evaluation.

4.1.4 Performance Metrics

At evaluation time, we obtain cumulative confusion matrices of the following form:

Table 4.1 The format of the obtained confusion matrices during evaluation.

Ground Truth

Arrhythmia (A) Healthy (H)
A| True Positives (TP) | False Positives (FP)
H| False Negatives (FN) | True Negatives (TN)

Predicted

True positives are the correctly detected anomalous heartbeats, and true nega-
tives are the correctly detected healthy heartbeats. Since there is a separate classifier
for each patient and there are 10 training runs, we report the cumulative confusion
matrix (i.e., the sum of all confusion matrices). We compare the proposed and

competing methods with the following performance metrics:

TN
ificity = ———— 4.1
Specificity TN TP’ (4.1)
TP
Precision = ’I‘P——f—FP7 (42)
TP
Recall = —— (4.3)

TP +FN’
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Precision - Recall
F1-S =2. i 4.4
core Precision + Recall (4:4)

Additionally, we report a separate confusion matrix for patient 232 to show the

effectiveness of domain adaptation for patients with significant beat variations.

4.1.5 Hyperparameters

Number of Dictionary Atoms

We set the number of dictionary atoms, K, to 20 to compare fairly with prior art
[89]. We provide this section to discuss the effect of K. The dictionary can only
utilize a K-dimensional column space to represent all the healthy beats. If K is too
small, the dictionary may lose its representation power, even for a patient’s small
healthy dictionary set. Therefore, the representation errors will be high for both
healthy and anomalous heartbeats, which will hinder the performance of RE-C, the
representation error-based classifier. Furthermore, Algorithm 2 may fail to find a
transformation matrix since the target dictionary is not a good subspace for healthy
beats. If K is too large, the column space of the dictionary may also be too large
and may be able to represent even the anomalous beats alongside the healthy beats.

Figure 3.9 provides a good geometric view for the effect of the size of C (D).

Dictionary and MTM Learning

When learning the dictionaries for each patient with Algorithm 1, X is set as 0.01
and 7., as 1075, When learning the MTMs with Algorithm 2, ~ is set as 0.2 with a
learning rate of n = 0.002 and 25 iterations. The hyperparameters are empirically

selected.

4.2 Comparisons Between Representation Errors

In Sections 3.2 and 3.3, we introduce three different representation errors, namely
NPE, LAE, and ARE, and compare their computational complexity with the com-
peting method [89] that calculates SAE. We show in Table 3.1 that computing the
NPE is the most performant among these errors. In this section, we compare their
arrhythmia detection performance by building a simple thresholding-based classifier
from each error type. In their work, the authors of [89] only compute the AUC
score of SAE; otherwise, an empirical threshold must be selected. We provide a way
to automatically select this threshold and evaluate its performance later in Section
4.4. Now, we compare the AUC scores of NPE, LAE, and ARE with SAE. To get
the AUC score, first, we calculate the representation errors of the test sets of each

patient, S, on their corresponding dictionary, D,, as follows:
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) ep = Sp — Dp Xy

) €p = Sp - DprSp
(NPE) en=F,S,

) €am =Sy, —0p,0(0p,5,).
Once again, Fy,, Ly, and Op, are learned beforehand according to Section 3.2 and
X, is calculated using ADMM. Since the ECG beats are normalized at each step,
the energy of the error vectors is at most 1, e.g., [[€n]5 < 1. In Figure 4.1, we
plot the ROC curves and report the AUC score of each error type. Our experiments
show that NPE, LAE, and SAE perform equally at ~ 0.97, with ARE following
just behind. Moreover, when non-linearity is introduced in the autoencoder with
¢ = RelLU, the AUC score improves to ~ 0.985. As shown in Figure 3.7, ReLU
allows the dictionary to learn a more compact representation of the ECG, focusing
locally around the QRS complex. The compactness of the dictionary allows healthy
and anomalous beats to be better separated with a simple threshold compared to
the other error types. Afterward, in Figure 4.2, we plot the F1-Scores against all
possible thresholds. Similarly, ARE with ReLU performs the best at ~ 0.87 peak
F1-Score and an overall larger area under the F1 curve. The larger area under
the curve implies that many choices of a threshold will yield a robust classifier.

The rest of the error types perform equally in F1-Score, with NPE being the least

(4.5)

computationally demanding (see Table 3.1).
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Figure 4.1 ROC curves of each error type, namely SAE, LAE, NPE, ARE, and ARFE
(ReLU). The plots indicate that autoencoder representation error with a ReLU activation
function separates the healthy and anomalous beats the best. The rest of the error types
perform almost equally, with NPE being the fastest to compute among all.
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Figure 4.2 F1-Score vs. threshold of each error type, namely SAE, LAE, NPE, ARF,
and ARE (ReLU). The plots show that autoencoder representation error with a ReLU
activation function performs the best at = 0.87 peak F1-Score. The rest of the error types
perform equally, with NPE being the least computationally demanding.

4.3 Personalized and Zero-shot Arrhythmia Detection through

Domain Adaptation

We generate two datasets for each patient in the MIT-BIH database, namely base-
line datasets and domain-adapted datasets. We explain how these datasets are
generated in Section 4.1.2. To reiterate, the baseline dataset contains the dictionary
beat set of patient p, Hp, and all of the healthy and anomalous beats from the
remaining patients without domain adaptation. On the other hand, the domain-
adapted datasets contain the dictionary beat set and the healthy and anomalous
beats from the remaining patients with domain adaptation using our MTMs. We
train a separate CNN for each patient and repeat the process 10 times. After each
training run, we evaluate every CNN using the corresponding patient’s test set, Sp.
The CNN has two output neurons, one for healthy and the other for anomalous
beats. Each beat is classified according to the class of the neuron with the higher
activation. Since there are 34 patients in the database and 10 independent training
runs, we calculate our performance metrics from a cumulative confusion matrix. We
report the confusion matrices for the baseline and domain-adapted datasets in Table
4.2.

The changes in the two confusion matrices are a direct result of domain adap-
tation since the two training setups are the same otherwise. We can see significant
improvements due to domain adaptation. The number of correctly identified ar-

rhythmias increases from 64447 to 72212, meaning that DA helps detect around
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Table 4.2 Cumulative confusion matrices for the baseline (left) and domain-adapted
(right) datasets over 10 independent training runs. A = Arrhythmia, H = Healthy.

Ground Truth

A H A H
A | 64447 | 7210 A | 72212 | 7065
H | 15183 |557070| | H | 7418 |557215

Predicted

8000 more arrhythmias accurately. As a result, we report fewer false negatives (i.e.,
arrhythmias that the CNN misses). On top of that, the baseline dataset achieves
96.5% accuracy and 85.2% F1-Score, while the domain-adapted dataset achieves
97.8% accuracy and 90.9% F1-Score, summarily improving the performance. The
overall performance of both classifiers are reported in Table 4.4, along with our
other methods. The results are compared with the competing methods later in this
chapter.

In addition to reporting the accumulated results, we analyze patient-specific con-
fusion matrices. The results indicate that domain adaptation significantly improves
arrhythmia detection for patients with healthy heartbeats dissimilar to other pa-
tients’ healthy heartbeats. This is due to the different ECG beat types in healthy
heartbeats. The AAMI standard groups all healthy beats under the single type N,
but there are different sub-types, such as the left bundle branch block beats (L),
right bundle branch block beats (R), atrial escape beats (e), and nodal (junctional)
escape beats (j). These beat types may show variations between them, resulting in
very distinct healthy beats for one patient compared to other patients. We provide
patient 232 from the MIT-BIH database as an example of a patient whose healthy
beats are shown in Figure 4.3.

Patient 232’s healthy beats are significantly different from other patients. Thus,
directly using other patients’ beats during arrhythmia detection for patient 232 neg-
atively affects the detection performance. In Table 4.3, we provide the confusion
matrices for only patient 232, without domain adaptation vs. with domain adapta-
tion. The CNN trained on the baseline dataset has 10449 false negatives, meaning
10449 anomalous beats are being classified as healthy, and only =~ 25% of all ar-
rhythmias are detected by the classifier. The reason for the high number of false
negatives is that healthy ECGs from other patients resemble anomalous beats for
patient 232, as in Figure 4.3. The CNN is trained to classify such beats as healthy;
thus, when it processes the real anomalous beats for patient 232, it detects them as
healthy. Through domain adaptation, we adapt the morphology of these beats to

be consistent with patient 232. Consequently, we drastically reduce the number of
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Figure 4.3 A set of N-type healthy beats from patient 100 vs. R-type healthy beats from
patient 232. Despite being healthy, R-type beats have distinct morphological differences
from N-type beats.

false positives from 10449 to 4756, and catch ~ 65% of all arrhythmias instead of
~ 25%. Arrhythmia detection for patient 232 utterly fails with a global classifier.
On the other hand, domain adaptation significantly improves detection performance,
demonstrating that personalized adaptation is crucial for accurate monitoring. This
case study highlights the importance of tailoring classifiers to individual patients,

especially in cases where inter-patient morphological variability is high.

Table 4.3 Accumulated confusion matrices belonging to patient 232 for the baseline (left)
and domain-adapted (right) datasets over 10 independent training runs. A = Arrhythmia,
H = Healthy.

Ground Truth

A H A H
3361 | 185 A | 9054 | 218
H | 10449 | 2965 H | 4756 | 2932

Predicted
>

4.4 Ensemble Arrhythmia Detection

At this stage, we have access to trained CNN classifiers and the domain-adapted
datasets for each patient. Now, we merge the CNN classifiers with the representation
error-based classifier, RE-C. First, we estimate the parameters of the two probability
distributions in the RE-C: an exponential distribution for the healthy beats and a
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Gaussian distribution for the anomalous beats. The probability density functions
(PDF) of these distributions are:

Le=z/B 2 >0 1 N2
f&’E ($75) = g N ) f auss (LE;/L,O’) = 6_5(7) . (46)
! 0 z <0 I oV 2T

The maximum likelihood estimate for the parameter [ is:

~ " A
p = arg maxH —e /P = Zz:—lm, (4.7)

n
B

and for the parameters p and o are:

n

ﬂ:%Zw 5= %;m—m. (4.8)
Afterward, when a new ECG beat is measured, we can calculate its NPE and mea-
sure the likelihood of it belonging to either fe;, or fyeuss- The beats belonging to feup
are classified as healthy, and those belonging to fy.uss are classified as arrhythmia.
The standalone performance of the RE-C is given in Table 4.4 for the error types
SAE and NPE.

Next, we evaluate the performance of the ensemble classifier. The confidence
threshold, C, is determined for each patient as the one that maximizes F1-Score
in the validation set. If C < 0.5, we only use the CNN as the classifier and never
consult the RE-C. Likewise, If C > 1, we only use the RE-C and never consult the
CNN. Any value in between is a possible confidence threshold that offers a trade-off
between the CNN and the RE-C. Nonetheless, we show in Figure 4.4 that any

choice of C in a broad range improves the classifier’s performance.
4.5 Comparisons with Competing Methods

We provide a comprehensive analysis of the proposed methods with the prior art
in Table 4.4. There are few algorithms in the literature regarding personalized
and zero-shot ECG arrhythmia detection. The algorithms included in the table are
the abnormal beat synthesis (ABS) method proposed in [44], sparse approximation
error-based detection described in [89], and GAN-based arrhythmia generation and
detection given in [105]. We mark all personalized methods with a diamond (¢) and
all zero-shot methods with a star (*). In addition to personalized and zero-shot
methods, we include state-of-the-art CNN-based ECG classifiers [37, 100, 99], and
a GAN-based ECG generation algorithm from [104].
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Figure 4.4 The F1-Score of the ensemble classifier for any choice of C compared against
the state-of-the-art arrhythmia synthesis method in [44] and the standalone CNN with
domain adaptation. Any choice of C in a broad range improves the performance over the
CNN.

Among the CNN-based methods, [37] and [100] are personalized classifiers, and
[99] is a global classifier (i.e., a single classifier for all patients). These methods
rely on the set of anomalous beats from the target patient; therefore, they cannot
be directly compared with the proposed zero-shot methods. Likewise, the GAN-
based ECG generation proposed in [104] also uses anomalous beats to generate
more arrhythmias. We include them in Table 4.4 to demonstrate the strength
of domain adaptation, which allows our proposed zero-shot algorithms to perform
better than one-shot methods. Despite using anomalous beats during training, [37,
100, 99] achieve a maximum of 89.9% F1-Score, and Shaker et al. achieve 92.4% on
their two-stage, and 92.9% on their end-to-end classifier. On the other hand, our
CNN trained on the proposed domain-adapted datasets achieves 90.9% F1-Score,
and the ensemble classifier built from RE-C and the CNN achieves 92.8% F1-Score,
surpassing nearly all of the aforementioned one-shot methods without using any
arrhythmia from the target patient.

The baseline dataset, which includes all healthy and anomalous beats from the
source patients without domain adaptation, results in 85.2% F1-Score, performing
significantly behind domain adaptation with 5% F1-Score difference. This is due to
variations in heartbeat morphology across patients, which domain adaptation aims
to address. Moreover, Table 4.4 clearly indicates that ensemble classification with
RE-C greatly improves our domain adaptation method and achieves the highest
accuracy, recall, and F1-Score among all methods, improving recall by over 11%
and F1-Score by over 4% compared to ABS [44].
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Method Accuracy Specificity Precision Recall F1-Score
CNN

Kiranyaz et al. [37] ¢ 0.959 0.971 0.842 0.888 0.864
Zhai et al. [100] © 0.968 0.976 0.879 0.920 0.899
Li et al. [99] 0.920 0.918 0.628 0.933 0.751
GAN

Zhou et al. [105] o * 0.979 0.989 0.908 0.897 0.902
Shaker et al. Two-stage [104] 0.986 0.988 0.886 0.964 0.924
Shaker et al. End-to-end [104] 0.987 0.990 0.901 0.959 0.929
SR-based (RE-C) o x

SAE-based 0.947 0.968 0.779 0.794 0.786
NPE-based (ours) 0.947 0.968 0.779 0.794 0.786
CNN o %

ABS [44] 0.977 0.995 0.956 0.825 0.886
Baseline (ours) 0.965 0.987 0.899 0.809 0.852
Domain Adaptation (ours) 0.978 0.987 0.911 0.907 0.909
Ensemble (ours) 0.982 0.988 0.919 0.937 0.928
Ensemble (avg.) (ours) 0.981 0.988 0.918 0.926 0.922
Energy-efficient (40%) (ours) 0.973 0.990 0.920 0.859 0.888

Table 4.4 Comparison of the proposed methods, namely RE-C with NPE, Baseline,
Domain Adaptation, Ensemble Classification, and Energy-efficient Classification, with the
competing methods. The detection performances of prior art, including global and one-
shot classifiers, are presented. The results show that our personalized zero-shot ensemble
model surpasses all the other methods in F1-Score and is on par with [104], even though
[104] is a global one-shot GAN-based classifier with a signal length of 300 (as opposed to
128). The ensemble classifier’s confidence threshold, C, is chosen using the validation set.
The average ensemble classifier is the average performance over all possible confidence
thresholds.

o Personalized classifiers.

* Zero-shot classifiers.

4.6 Energy Efficient Monitoring through Sparse Represen-

tation

We dedicate this section to describing and evaluating an energy-efficient and con-
tinuous ECG monitoring system to be deployed on mobile wear with the proposed
methods described in Chapter 3. Cardiac monitoring on wearable devices such as a
smartwatch has the potential to improve personalized care and provide early diag-
nosis for cardiovascular diseases. The current state of robust neural network-based
solutions for arrhythmia detection has the downside of being energy inefficient and
unsuitable for mobile wear [89, 110].

Our proposed system is built on the observation that healthy ECG beats can

be represented with very little representation error on the person-specific dictionary
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Figure 4.5 Energy efficiency over F1-Scores, where the x-axis shows the percentage of
test samples that are classified solely based on NPE, hence being more computationally
efficient.
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Figure 4.6 Energy efficiency over F1-Scores, where the x-axis shows the percentage of
test samples that are classified solely based on NPE, hence being more computationally
efficient.

(see Figure 3.8). Therefore, a large number of heartbeats can be immediately clas-
sified as healthy with high confidence based on their representation error. Moreover,
a continuous monitoring device is likely to encounter healthy beats through most
of its monitoring lifetime and occasionally needs to detect anomalies. To this end,
we propose a practical ECG monitoring system depicted in Figure 4.5. The system
utilizes our representation error-based classifier (RE-C) built on the nullspace pro-
jection error (NPE) since NPE is highly energy efficient compared to other methods
(see Table 3.1). Any newly measured heartbeat first passes through RE-C to detect
whether it is healthy or suspicious. Then, if the beat is suspicious, it is forwarded to
the proposed ensemble classifier with its corresponding beat-trio for a more detailed
analysis. This simple system allows up to 40% of all the 64391 heartbeats in the 34
patients’ test datasets to be immediately classified as healthy without significantly
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affecting the F1-Score. We show the overall performance of the system in Figure
4.6. The horizontal axis shows the percentage of the beats classified solely using RE-
C (i.e., efficiency). We show that through our efficient monitoring system, a more
heavyweight classifier (e.g., the ensemble classifier) needs to be used only around

50% of the time, while the rest of the time, RE-C performs the monitoring.
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5 Conclusion

In this thesis, we address the problem of personalized and zero-shot ECG arrhyth-
mia detection. We provide a complete pipeline of continuous ECG monitoring for
the following realistic scenario: A healthy individual registers to the monitoring sys-
tem, and only a small set of healthy beats are acquired for continuous monitoring.
The pipeline works by learning person-specific dictionaries and morphology trans-
formation matrices and adapting the heartbeats of existing patients in the system to
the domain of the newly registered individual. We approach the problem from the
perspective of sparse representation and propose novel ideas through sparse coding,
autoencoder-based dictionary learning, sparse representation-based domain adap-
tation, and an energy-efficient ensemble classification and arrhythmia monitoring
system. Our proposed methods achieve state-of-the-art performance on the bench-
mark MIT-BIH Arrhythmia Database. Through rigorous experimentation on the

proposed methods, we conclude this thesis with the following remarks.

Efficient Representation Error-based Arrhythmia Detection

Given a patient p and their dictionary D), we can construct its left annihilator
matrix, F,,. When we obtain a new ECG for this patient, called s, instead of solv-
ing for the sparse coefficient vector through computationally expensive and iterative
methods, such as OMP or ADMM, we use F}, to directly project the error component
of s, onto the left nullspace of D,. In Chapter 4, we demonstrate that nullspace
projection error-based classification provides nearly 20 times faster computations
without any performance drawbacks. Moreover, we provide an alternative method
to calculate the least-squares approximation error that performs equally well
with similar computational costs. The choice between NPE and LAE depends on
the computational environment and hardware configurations. We provide the com-
putational analysis in Table 3.1 and their respective performances in Figures 4.1
and 4.2. We conclude that NPE and LAE can be used for efficient arrhythmia
detection with only a few FLOPs through simple thresholding on the representation

error energy.

Compact Dictionary Learning via Personalized Autoencoders

In Section 3.3, we show that we can train a symmetrical single hidden-layer autoen-
coder With only a small set of healthy heartbeats from an individual. The weights

of this autoencoder correspond to the personalized dictionary for this individual.
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Autoencoder-based dictionaries provide many benefits. First, they allow the repre-
sentation errors to be efficiently calculated at the encoding stage with a few FLOPs
(see Table 3.1). Second, we can build non-linear dictionaries through the use of non-
linear functions on the activations. The non-linearity makes the dictionary learn a
more compact representation of the ECG and focus locally around the QRS complex
(see Figure 3.7). In return, the compactness allows healthy and anomalous beats
to be better separated with a simple threshold compared to the other error types,

as shown in Figures 4.1 and 4.2.

Sparse Representation-based Domain Adaptation through MTMs

In Section 3.4, we propose morphology transformation matrices between source and
target patients to adapt the ECG morphology of the source patient to target. Using
MTMs, we can perform inter-patient beat transfer. Thus, we create large domain-
adapted training datasets for each user by transferring the healthy and abnormal
beats from all of the remaining users. Our CNN architecture trained on the base-
line dataset only achieves 85.2% F1-Score, while the same network trained on the
domain-adapted dataset achieves 90.9% F1-Score. We eliminate the need to gener-
ate synthetic abnormal beats through domain adaptation and drastically improve

personalized and zero-shot arrhythmia detection performance.

Ensemble Arrhythmia Detection

By fusing our RE-C and CNN, we create an ensemble classifier. Depending on the
confidence of the CNN, we consult the RE-C and detect arrhythmias with both
models. In Figure 4.4, we show that the ensemble classifier improves the detection
performance for any choice of the confidence threshold in a broad range. Nonetheless,
we choose the confidence threshold from the validation set and achieve state-of-the-
art detection performance with 98.2% accuracy and 92.8% F1-Score. The results

are presented in Table 4.4.

Energy Efficient Arrhythmia Monitoring

Lastly, we propose an energy-efficient monitoring system that utilizes the compu-
tational efficiency of NPE and the superior performance of the ensemble classifier.
The idea behind such a system is that many healthy beats will be represented in
the dictionary with a small representation error and can be classified through NPE.
The system outline is provided in Figure 4.5. The proposed monitoring system can
classify up to 40% of all test samples solely based on the NPE without sacrificing no-
ticeably from performance. Therefore, we conclude that with sparse representation-

based domain adaptation and ensemble classification, energy-efficient monitoring for
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mobile devices achieves state-of-the-art results for ECG arrhythmia detection.
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