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ABSTRACT

MACHINE LEARNING FOR ABNORMALITIES OF THE HEART
RHYTHM CLASSIFICATION

AHMED, FIRAS HAMAD AHMED
M.Sc, Computer Engineering , Altinbas University

Supervisor: Sefer KURNAZ

Date: 08/2021

Pages: 60
Artificial Neural Networks (ANNSs) are inspired by biological neural connections in the brain. In
ANNSs, biological neurons are replaced by artificial neurons (perceptrons), which were first described
by Rosenblatt in 1958. Abnormalities of the heart rhythm (arrhythmia) are among the most
common health problems in the population. They range in severity from benign
palpitations to total loss of cardiac function and death .Electrocardiogram signal is a recording
of the electrical activity of the heart. Electrodes on the skin detect small changes of voltage
which are caused by heart muscle depolarization and the following repolariza- tion. Two
electrodes can measure the electric potential between them. This pair of electrodes is called
an ECG lead. Every lead provides a different viewpoint of a heart’s electrical activity. The
most clinically used lead formation is 12-lead from ten electrodes. This work focuses on 1-
lead (two electrodes) ECG often used in telemonitoring devices.
One of the methods to diagnose heart arrhythmia is an analysis of electrocardiogram.
However, a trained human expert is needed for precise diagnosis of a heart condition. Some
arrhythmia, such as atrial fibrillation, require long-term monitoring for days or even weeks.
However, long-term cardiac monitoring signals are too long to be thoroughly analyzed by a
human effectively, so the analysis has to be done automatically by a model. With automated
arrhythmia classification, the expert only has to look at parts of the signal suggested by the
model.

Keywords: EEG Data, ANN, Diagnosis , Biomedical Engineering.
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1. INTRODUCTION

Machine Learning is a field of study in Artificial Intelligence (Al) that enables programing of
intelligent computer software that is able to learn from experience to improve its performance [16].
This definition fits a very broad amount of techniques including linear and logistic regression,
clustering, decision tree learning, probabilistic classification, deep learning using artificial neural
networks and many more [1]. The advancements at the end of 20th and the beginning of 21st century
brought many improvements in Machine Learning (ML) and Natural Language Processing (NLP)
algorithms allowing us to predict and determine the correct action in many domains based solely on
prior knowledge with almost no human interaction [2]. The possible applications of these techniques
are very broad ranging from medicine to transportation, engineering, research and many more [2, 3].
Abnormalities of the heart rhythm (arrhythmia) are among the most common health
problems in the population. They range in severity from benign palpitations to total loss
of cardiac function and death [3]. One of the methods to diagnose heart arrhythmia is an
analysis of electrocardiogram. However, a trained human expert is needed for precise
diagnosis of a heart condition. Some arrhythmia, such as atrial fibrilla- tion, require long-
term monitoring for days or even weeks. However, long-term cardiac monitoring signals
are too long to be thoroughly analysed by a human effectively, so the analysis has to be
done auto- matically by a model. With automated arrhythmia classification, the expert
only has to look at parts of the signal suggested by the model.

The model has to be able to classify heart rate abnormalities, the normal rhythm and

noisy ECGs.



1.1 ELECTROCARDIOGRAM
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Figure 1.1: Electrocardiograms of normal rhythm, atrial fibrillation and a noisy signal
(CINC2017 dataset [2]).

Electrocardiogram signal is a recording of the electrical activity of the heart. Electrodes on
the skin detect small changes of voltage which are caused by heart muscle depolarization
and the following repolariza- tion. Two electrodes can measure the electric potential
between them. This pair of electrodes is called an ECG lead. Every lead provides a
different viewpoint of a heart’s electrical activity. The most clinically used lead formation

is 12-lead from ten electrodes. This work focuses on 1-lead (two electrodes) ECG often
used in telemonitoring devices.



1.1.1 Telemonitoring

Electrodes

Holter Monitor

Figure 1.2: Holter monitor, a type of ECG telemonitoring device [3].

Telemonitoring is defined as “the use of information technology to monitor patients at a
distance” [4]. In the context of ECG monitoring, a telemonitoring device is usually a
small, wearable device such as a Holter monitor (Figure 1.2). Telemonitoring system can

help decrease hospital admissions in cardiac patients [5].

1.1.2 Specific ECGelements

In order to identify heart arrhythmias, we have to recognize the characteristic patterns in
ECG. The essential elements of an ECG include P wave, QRS complex and T wave [1].
All these waves are shown together in Figure 1.3.
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Figure 1.3: ECG of a single beat in normal sinus rhythm [6].

The P wave represents the electrical depolarization and the re- sulting muscle contraction
of both atria, the upper chambers of the heart. The QRS complex represents the
depolarization of the ventri- cles, lower chambers of the heart. The horizontal ST segment
follows, and the cardiac cycle ends with a broad T wave, which represents the ventricular

repolarization [7].

RR interval

RR interval, also called the inter-beat interval, is the time elapsed be- tween two

consecutive R waves which can be directly used to calculate the average heart rate HR:

HR = 60

~ RRinterval in seconds

(1.1)

where the RR interval in seconds is averaged over several consecutive R peaks.
Several relevant machine learning features can be extracted from the RR intervals. Heart
rate variability methods are concerned pre- cisely with the problem of analysing inter-

beat intervals. We discuss these methods more thoroughly in section 2.3.5.



1.2 SELECTED ARRHYTHMIA DESCRIPTIONS

To get a basic idea of the labels that are being classified in this work, a brief description of
a few heart arrhythmiafollows.

1.2.1 Atrial Fibrillation

Atrial fibrillation (AF) is an arrhythmia usually detected from ECG by irregular heartbeats
(RR interval length is unstable) and an absence of a P wave preceding the QRS complex.
AF is the most common cardiac rhythm disorder and is dangerous for the patient [8]. Atrial
fibrillation increases the risk of heart failure, stroke, coronary heart disease and death
[9]. An example of atrial fibrillation electrocardiogram is shown in Figure 1.1. In the

figure, we can see the characteristic irregular RR intervals.

1.2.2 Premature Ventricular Contraction

A premature ventricular contraction (PVC) is a premature beat that most often happens
by low oxygenation of the ventricles. It is easily recognizable by the usually enlarged
QRS on the ECG (Figure 1.4) and the compensatory pause after the P\VC which is longer
than usual.

Single premature beats normally occur even in healthy people, but six or more PVCs per

minute are considered pathological [10].
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Figure 1.4: Premature ventricular contraction (CPSC2018/A0080) oc- curing at 1.1 seconds from

the start of the recording.



1.2.3 Ventricular Tachycardia

Ventricular tachycardia is a run of four or more premature ventricular contractions. An
example of this arrhythmia is shown in Figure 1.5.

Ventricular tachycardia is a dangerous arrhythmia as it can progress into a ventricular
flutter and ventricular fibrillation, which requires immediate defibrillation as there is no

effective cardiac output [11].

Ventricular tachycardia
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Figure 1.5: Ventricular tachycardia / fibrillation (CUDB/cu05) [12].

1.3 AIMS OF THE THESIS

The thesis aims to design and compare various machine learning mod- els to classify heart
rhythm. The resulting experiment is designated with respect to reproducibility and

extensibility.



2. NEURAL NETWORKS

Artificial Neural Networks (ANNSs) are inspired by biological neural connections in the brain. In
ANNs, biological neurons are replaced by artificial neurons (perceptrons), which were first
described by Rosen- blatt [53] in 1958. Artificial neurons have multiple weighted inputs that are
added and passed to an activation function such as sigmoid or threshold function. The output of a

neuron is defined by the function

F(X) = s(xw), (2.1)
where X is the vector of features, w is the vector of weights, ' is a
dot product operation and ¢ is the activation function. For a visual example, see Figure 2.2. The
common variation is to add bias, which is implemented by expanding vector x by one dimension
and inserting 1 at zero dimension. The vector w is also expanded, therefore the product of first
elements in both vectors gives the bias.
The network consists of hierarchically ordered layers of neurons, as seen in Figure 2.3. The first
and the last layers are called input and output layers, respectively. Between the input and output
layers, there are hidden layers. The number of hidden layers and the number of neurons in the
hidden layers is a hyperparameter. The number of neurons in the input and output layers is given
by the number of features and the number of predicted classes, respectively. Since a network
consists of multiple layers of artificial neurons (perceptrons), it is sometimes called the Multi-
Layered Perceptron (MLP).
At prediction time, neurons from the previous layer pass output to the inputs of neurons in the
next layer through learned weighted connections. That is referred to as the feed-forward pass.
The learning process starts with a random weight initialization. The network is then trying to
compute weight updates for each batch of data by optimizing Gradient Descent (GD) or its variants
with respect to a loss function. Weight updates are computed with a backpropaga- tion algorithm,
as described by Goodfellow et al. [23].
The most crucial hyper-parameter, except for the architecture of ANNSs, is the learning rate. The
learning rate determines what fraction of updates is used in the GD. With a high learning rate, a
network is likely to fluctuate around a minimum or even diverge, while a small learning rate leads

to slow convergence.



o = 1

Figure 2.1: An example neuron unit with five inputs and bias

2.2 PERCEPTRON

The basic constituent unit of most neural networks is called a perceptron or simply an (articifical)
neuron. It can be viewed as a simplified model of a biological neuron. Much like its biological
counterpart, a perceptron is sort of a ‘black box’ with some fixed number of inputs (sometimes
referred to as dendrites) and a single output (also known as the axon).

Each input has a corresponding weight indicating the extent to which the particular connection
influences the resulting output.

The rough idea described above can be formalized as follows. Let X = (x1...... xn) be the vector
of input values and w = (wl...... wn) the vector of the corresponding weights. To calculate the
output, we need to compute the weighted sum

E-wX - FLwai

(sometimes called the inner potential of the neuron) first. The weighted sum is subsequently
passed to the activation function _, yielding the output

I Y — L
Y J{":.:I J{ZEZ] H:Ia:L (2.2)

The activation function _ may be of various kinds, depending on the task the neuron is designed
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to perform. In the case of (two-class) classification, threshold activation functions are widely
used. A threshold The (two-dimensional) sample vectors are split into two groups, labeled either
as 0 (red points) or 1 (blue points). The current weight vector w(k) defines a hyperplane h(k)
which splits the vector space into two half-spaces. Samples in one half-space (the ‘left’ one in the
graph) are classified as 0, samples in the other one as 1.

This configuration gives rise to two classification errors: one false negative (x1) and one false
positive (x2). The new weight vector w(k+1) is obtained from the old one by adding all the
vectors corresponding to the false negative samples (here only x1) and subtracting the false
positive vectors (X2 in our case). (In fact, the error vectors are multiplied by the parameter " first;
here € = 1.) It is the normal vector of a new separating hyperplane h(k+1), which already

classifies all the samples correctly.

1
o) = {
0
(2.3)

activation function has a general form where h is an arbitrary (but fixed) real-valued parameter.

Y,

Sy Iy
|\.
- o=

A

Like in a biological neuron, the ‘action potential’ (i.e. non-zero output) is generated whenever the
weighted sum of inputs exceeds a pre-defined threshold value and vice versa.

A variant of an artificial neuron is a neuron with bias. Such a neuron contains an extra formal
input X0 whose value is always 1. This input has a corresponding weight w0. When the weighted
sum is computed, the product wOx0 = w0 is also included in it, effectively adding wO to

the weighted sum of the remaining inputs. Note that if w0 = h where h is the threshold mentioned

above, the activation function _ can be equivalently defined as

(2.4)
This approach is more convenient for many uses, notably for learning, as will be shown
in a short while. Henceforth, any mention of the term ‘neuron’ is to be understood as a neuron

with bias unless specified otherwise.



| pk)
I| L] »
|I .
s pk+D) /
[ owlkD, *
H N x] 'II ’ 1 [ _:‘:—] *
> L} | ;- | »
L ] ) - - \ | P “ ’ | .
. N . 5
- . S \' III X ]\\.
h L L . —— \' L J
Y A
. i » (k)
. . W
[ ] { ‘ - 5
[X2 T

Figure 2.2: Geometric interpretation of perceptron classification and learning.

2.3 PERCEPTRON LEARNING ALGORITHM
Considering what has been said so far, a neuron can be viewed as an nary function from Rn to the

set f0; 1g. For each n-dimensional real vector, it returns either 0 or 1, the choice being made as
+ wnxn = 0 is an equation of an (n - 1)-dimensional

defined in 3.2. Note that = w0x0 +
precisely those vectors X for which £(X) > 0; the other half-space those for which £( X) < 0. This
wn): the components (wl

hyperplane which separates the space Rn into two half-spaces. The first half-space contains
= (wO0......wn): the components (wl...... wn)

hyperplane is fully defined by the vector w
constitute the normal vector of the hyperplane, while the terms w0 w1
intersection points with the corresponding axes. In every subsequent step, the weights are

computed as
10



wlt) = wlt=1) 4 <. Z[nﬁ. —a(w'" VX)) - X,
k=1 (2.4)

It was shown already by Frank Rosenblatt that the algorithm always converges, provided that the
sets of examples labeled with O, resp. 1 are linearly separable. That is to say, if a hyperplane
exists such that all examples labeled as 0 are located on one side of it and all examples
labeled as 1 on the other, the algorithm guarantees to find it in a finite time.
The condition of linear separability imposes a strong limitation on the data to which the
perceptron algorithm can be applied. Not only it fails to learn functions as simple as the logical
XOR, but—more importantly—the algorithm is not robust enough to cope with outliers.
A single outlier in the vicinity of the other cluster is enough to make the algorithm run ad
infinitum without success. Since real-life data are generally not linearly separable, other

techniques must be employed to build a succesful classifier.

2.4 FAST PERCEPTRON TRAINING

The basic perceptron algorithm, as formulated in the previous section, raises a couple of
questions which ought to be discussed first in order to boost the algorithm’s effectively (most
importantly, the rate of convergence).

First, what values should the weights be set to during the initialization? And second, how to
choose the optimal value for the parameter ", i.e. learning rate? Should it be constant, or is it
better for it to change in each iteration?

One method to tackle these issues was proposed by Gkanogiannis and Kalamboukis (2009). In

their approach, the centers of both classes of samples are computed first in the following manner:

I
Cyp = — X;
v 1Col x;“ '
' (2.4)
l
C = — Xi
| '(‘]| )C;|

(2.5)
The vector w = C1 - C0j is then used as the initial weight vector (w1.....wn). The method to find
11



the initial weight vector is illustrated

Figure 2.3: Initialization of weights

According to the centres (C0;C1) were computed for both classes of samples. The initial weight
vector w(0) was then set to C1-CO0. Finally, the bias w0 was set to CO+ C1-C02 which ensures
that the initial separating hyperplane h(0) passes halfway between CO and C1. In this setup, a
substantial number of samples is already assigned to the correct class, even though a handful of
samples are still classified incorrectly.

In Figure 2.3. As regards the initial bias w0, the authors suggest using the Scut method, originally
developed by [12]. Roughly speaking, it means to go through the training samples one by one,
shift the separating hyperplane to pass through the particular sample by choosing an appropriate
bias value and compute the ‘quality’ of such a configuration (e.g. accuracy or F-measure). The
best scoring bias value is then used as the actual bias in the initialization.

Apart from the initialization, the authors also suggest a modified stepwise learning rule for the

adaptation of the weights, see Figure 2.4.

12



In the traditional approach, the output values are computed for each sample and the weights are
subsequently updated in such a way that the separating hyperplane is rotated in the direction of
the misclassified samples. The extent to which the weights are modified is co-determined by the
parameter ", which has to be assessed experimentally. The modified variant is both similar and
different. It also determines the incorrectly classified samples of both types—false positives (FP)
and false negatives (FN)—using the current weights first. After that, the respective centers FP

and FN are computed in the following fashion:

1
FP =
7P| D

(2.5)

(2.6)

\ pkH1) - ;

Y

'-,I - FN e - —
S0 e

gy (B

w k)

Y

Figure 2.4: lllustration of one step in fast perceptron training

We are trying to find a hyperplane (in this case, line) which separates two classes of examples

from each other. The separating line corresponding to the current weight vector w(k) is labeled as
h(k). Apparently, a certain number of samples from the class O are incorrectly classified as 1
(“false positives” in the left grey area) and contrarily, other samples from the class 1 are

misclassified as 0 (“false negatives” in the right grey area). The centers FP, resp. FN are

13



computed for all false positives, resp. false negatives, following which the error vector e can be
obtained. Finally, the weights are adapted in such a way that both FP and FN lie on the new
separating hyperplane h(k+1).

The major benefit of the new approach is that the value of " can be calculated precisely. It is done
by adopting the assumption that a hyperplane passing through the points FP and FN will lead to
an improvement in the classification rate. Since these points are the centers of the respective
misclassified sets, it follows that about half of the previously misclassified samples will now be

classified correctly. (Naturally, new erroneously classified samples may emerge instead.)

2.5 MULTI-LAYER FEED FORWARD NETWORKS

In the case of a single neuron unit described above, the output value was directly used as the final
result indicating the class assigned to the input vector. An alternative option to make use of the
output is to pass it as an input of another neuron instead. In this way it is possible to create a
network of interconnected neurons, in certain aspects analogous to biological neural networks.
Numerous different topologies have been used in practice for different purposes. One of the most
widely used type of neural networks are the so-called multi-layer feedforward networks. Since
these have been employed in part-of-speech tagging as well, they are of a particular importance
for this thesis. It is therefore worth saying a few words about their structure, computation and

mechanism of learning first.

14



OUTPUT LAYER

2ND HIDDEN LAYER

1ST HIDDEN LAYER

INPUT LAYER

Figure 2.5: An example MLP network with two hidden layers

As the name hints, multi-layer feedforward networks, also known as multi-layer perceptrons
(MLPs) consist of a certain number of neurons which are split into several disjoint sets, so called
layers. Every MLP contains an input layer, to which the input vector is fed, and an output layer,
which produces the vector of output values. In addition, the network may contain one or more
hidden layers, located between the input and the output layer. Each neuron is connected to all the
neurons in the adjacent layers: the outputs of the neurons from the previous layer serve as inputs
and the output is passed to input of the neurons in the next layer.

As with a single perceptron unit, various activation functions can be used. For reasons that will
be shown shortly, it is required that it be differentiable. As the threshold function cannot be used
(it is discontinuous in 0), other functions of a similar shape are often employed instead.

These functions behave in an analogous way to the threshold function in that they return a value
close to the maximum (1 in this case) in for sufficiently large inputs; similarly, a value close to
the minimum (0, resp. -1) is returned for inputs low enough. Between these two extremes, the
functions grow continuously, their growth rate being determined by the parameter _ (in the

logistic sigmoid), resp. b (in the hyperbolic tangent).

15



2.6 BACK-PROPAGATION LEARNING ALGORITHM

Let us consider an arbitrary multilayer perceptron network. Let N be the set of all the neurons it
consists of, IN N the set of the neurons in the input layer and OUT _ N the set of the neurons in
the output layer. The individual neurons are indexed by numbers from 1 to jNj. The weight of the
connection from a neuron i to a neuron j is denoted by wji, the set of all the weights by W. The
notation i! refers to the set of all the neurons to which a connection from i exists, and contrarily, i
is the set of all the neurons which are connected to the input of i.

Once all the output vectors yk have been obtained, they need to be compared to the desired
output vectors dk to determine how well the network does and in what way the weights should be
modified to improve the performance.

The more training samples generated incorrect outputs, the higher the value of the squared error
function is, and vice versa. If the network produces correct outputs for all the samples, the
squared error is zero. The problem of finding the best weights for a network is therefore
equivalent to the problem of finding the global minimum of the function E. One way to find the

global minimum is to compute the gradient VE(w) = (5Wji Jwjiew in the point w,

corresponding to the current vector of all the weights wji in the network. The gradient is a vector
which determines the direction of the fastest growth of the error function in the specified point, as
well as the steepness of the slope in the respective direction. If the gradient is subtracted from the
current weight vector, we obtain a new vector which is likely to lie ‘below’ the original one in

terms of the value of E. Therefore, the vector w is updated in the t-th iteration (t=1; 2....)

16



3. MACHINE LEARNING ALGORITHMS

Machine learning is a subset of the Artificial Intelligence (Al) field which used to build a model
or algorithm for specific purpose base on given data using special technique which includes
programs and statistics computation.

The main type of ML.:

a) Supervised learning.

b) Unsupervised learning.

¢) Reinforcement learning.

d) Semi-supervised learning.

3.1 UNSUPERVISED LEARNING:

In this type of ML it contains data without a label.

Training set = {(X1), (X2), (X3), (Xn)}.

The main target is to understand the structure of that data given by algorithms.

Types of unsupervised learning: clustering, association.

3.2 REINFORCEMENT LEARNING

In this type of ML, the main goal is to maximize the reward action when the agent is performing
the right path (increase the behavior), otherwise, decrease the behavior considered to result in a
punishment. And the next step of the agent path will be according to the kind of reward of the

previous step if it positive keep on the same path, otherwise change the path.

17
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Figure 3.1 Reinforcement Learning

Types of Reinforcement Learning:

a) Positive Reinforcement.

b) Negative Reinforcement.

The main factor of RL:

a) Reward (R): denote to the feedback signal that indicated how well the step that the agent
makes in a particular time.

b) Action (A): is the function of reward (R) and state (S).

c) State (S): that describes the environment.

d) Policy (P): the transfer from the environment to action is (P)

e) Value Function (V): a measurement tool to indicate how good the step is.

f) Model (M): is the demonstration of the agent's environment.

3.3 SEMI-SUPERVISED LEARNING:

The techniques which combine both of supervised learning and unsupervised learning to build a
model which able to predict a large number of unlabeled data, with supervised learning which use
a small number of label data at first time to train the model with a known target to build the
model. While unsupervised learning is used by unlabeled data to the same model which trained
before predicting this kind of data, this operation named semi-supervised learning.

This technique is used in web mining, text mining, and video mining. Where there are huge

numbers of unlabeled data and a small number of label data.
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The main reasons to use semi-supervised learning is the number of label data is less than the
number of unlabeled data because obtain label data very expensive and difficult, so by using this
method that will make use of a large number of unlabeled data as well as to increase the model

accuracy.

3.4 SUPERVISED LEARNING:

It also called "learning with a master™ in this type of ML contains data and label.

Training set = {(X1, Y1), (X2, Y2), (X3, Y3), (Xn, Yn)}.

The main target is to build a model0 that map X to Y label.

Type of supervised learning:

a) classification, regression :Classification is a supervised learning use to predict category using
specific algorithms and label data, by takes data as input and map it to which group or
category it is.

In binary classification each input image will classify to one of two classes (like predict whether

the animal is a dog or cat or the mail is spam or non-spam) . In the other hand multi-classification

the input image will classify to one of the number of classes (like classify MNIST handwritten
digit, DR levels). Some samples of classification issue are speech recognition, handwriting
recognition, biometric identification, image recognition, etc.

Most commonly algorithms which used for image classification are:

a) Support Vector Machines

b) Decision Tree

c) Feed-Forward neural network

d) Back-propagation network

e) Deep Learning

On my research, we will pre-trained deep learning convolutional neural network which is widely

used and considered as a state-of-art for image classification, shows high accuracy and spend less

time than other machine learning algorithms, using a lot of data and make a good performance

despite a noise of data and require less image pre-processing.
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3.4.1 Support Vector Machine

3.4.2 History

SVM was imagined by Vladimir N.Vapnik and Alexey Ya. Chervonenkis (Institute of Control
Sciences of the Russian Academy of Sciences, Moscow, Russia) in the system of the "Summed
up Portrait Method" for PC learning and example acknowledgment it was for straightly
information isolated. The advancement of these thoughts began in 1962, and they were first
distributed in 1964. In 1992 Vapnik et al. had the plan to apply what is known as the piece stunt
which permits utilizing the SVM to characterize directly non-distinguishable information hard
edge. The delicate edge is given by Vapnik et al. 1995 it is broadened the adaptation of hard edge
SVM.

Hard edge SVM can work just when information is totally straightly distinguishable with no
mistakes (commotion or exceptions). If there should be an occurrence of blunders either the edge
is littler or hard edge SVM falls flat. Then again, delicate edge SVM was proposed by Vapnik to
take care of this issue by presenting slack factors. SVM becomes popular because of its success
in both regression and classification task:

a) Support Vector Machine (SVM): is used for classification.

b) Support Vector Regression (SVR): is used for regression.

But it is widely used in classification objectives.

3.4.3 Kernel function

Used to convert non-linear space into linear space so we can use a linear model to separate non-
linear separated data and reduce the computation cost, it takes the inner product of the new
vectors.

Let we have binary classification with x input and single feature (non-linear separated data).

By map the input example to new representation or too high dimensionality we can use a linear

model to classify the non- linear dataset.
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gx) = w'o(x) + b (3.1)
9w = ) € 0(x) () +b (3.2)

i€sv
K(xq,xp) = O(xq) O(xp) (3.3)

Where:

K is kernel function.

@ Is mapping from X to an (inner product) feature space.
3.4.4 Kernel trick:

It implies the bit work change the information into a higher dimensional component space to
make it conceivable to play out the straight division, which has the ability to compute inner
product of defines space without visit it and make the number of dimensions depends on the
number of examples, not on the dimension of space that defines.

Lety = {y,, y,} with two feature space and it's non-linear separable.

The inner product is a function between the transformation of x and x':

z'z' = K(x,x")the kernel (3.4)
Let
y= 0(x)
y= 0(x)
N N m
1
l(a) = Z - EZ Z Zananamynym
n=1 n=1M=1
Conditions: a,, = Oforn=1,2...Nand ¥N_, «, y, =0

g(x) = sin(wt.z +b)
We need yhy
b= z,(Wy, +b) =1
Use the original method for classification without using kernel function:
By using transformation function will convert from non-linear separable to linear separable as

follow:
21
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Where: ®(y) is a transformation function convert from 2- dimension to 3-dimension.
By using the decision boundary in 3-dimension space:
Bo + B1yi + B3y/2yy. =0 (3.6)

For i point

(i) = Oivs Yiz)
= (}’isz’izz'\/ 2Y11Yi2)
here we use 4 operations for i point.

On the other hand, we have j point:

®(y;) = j1,¥j2)

= Vi Y /Zyjly,-z)

Again we use 4 operations for j point.
Finally to compute the dot product between the vector (similarity measure)
(O(yi),D(y))) = yi21yj21 + vh 3’j22 + 2YuYVi22¥11Y)2 (3.7
Here we use 3 operations of the product and 2 additional operations.
Total number of operation using original method is: 4+4+3+2 = 13 operations

Use the kernel trick method.

(yi'yj)z = (v, yi2} {J’j1»J’j2})2 (3.8)
= VuYiz + Yj1Yj2)? (3.9)
= YaYh + YhYh + 2V Vi 2Yi1Y)2 (3.10)

The number of operation used by the kernel as follow:

a) Used 3 multiplication operations (two for dot product & one for square operation).

b) Used 1 additional operation

The total number is 3+1 = 4 operation used by kernel less than the original method that mapping
data from 2-dimension space to 3-dimension space then apply the required operations while by
using kernel trick is about to stay in same 2-dimension space and compute the same result as in 3-

dimensional space.
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3.4.5 Kernel Types

a) Polynomial

b) Gaussian.

c) Gaussian Radial Basis Function(RBF)
d) Laplace RBF

e) Hyperbolic tangent

f) Sigmoid

g) Bessel function of the first kernel

h) Anova radial basis

1) Linear splines kernel in one-dimension.

3.5 FEED FORWARD NEURAL NETWORK:
3.5.1 History

FFNN has been around for a long time, the idea of model neural network of human brain was
begin in 1943 by WARREN S.McCULLOCH and WALTER PITTS by define threshold logic
and introduced neural network model, it was kind of trying to simulate the human brain, this lead
to understanding to structure of brain especially on external cortex of the brain which consists of
huge number of neurons that connection between each other in parallel distributed process so as
to speed up and robust learning process.

Using weights that need to be tuned by human interaction manually.

(Cell Body)
Soma

Axon

Dendn Terminal

Nucleu

Figure 3.2 Single Neuron of Human Brain
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As shown in Figure 2.2 every single neuron in the human brain has three operations[33]:
a) input operation using synapse (receive signals from another neuron)
b) Excitation or damping collected signals using the cell body (soma) depends on the chemistry

of the cell body.
c) Output operation using Axon send the final signal to another neuron.
So each of the neurons is fired (On or off) with a non-linear function, where the output of neuron
will be the input to another neuron. In the human brain, around 100 billion neurons that connect
to each other by 100 trillion connections and transmission rate of the synapse is around 100 bits
per second.
On 1949 Donald Hebb defines the first learning methods formulated named “Hebbian Learning”
introduce the idea of "relationship learning” this is the possibility that the heaviness of
association is balanced dependent on the estimations of the neurons it interfaces:

Aw;; = aa;a; (3.11)

On 1959 Rosenblat introduce perceptron algorithm with one layer that solves linear classification

problems (binary image classification), as shown in Figure 2.3.

Input Sumation Activation
< < XiWi function
15
B
=
X, = XoWs
g
R
1 :g 1w
&

Figure 3.3 Perceptron Architecture

The limitation of perceptron algorithm it could not solve non-linear classification (XOR) problem
so people like Marvin Minsky was skeptical of neuron nets for a long time when he declares the
limitation of perceptron algorithm for solving the non-linear problem this was in 1969. That
coincided with an AL winter, neural network had a revival on 1974 by PAUL J. WERBOS define

Backpropagation algorithm with three-layer perceptron network. On 80s decade the interest to
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Backpropagation algorithm is increase and developed to Backpropagation algorithm with MLP
(multi-layer perceptron) by Rummelhart and Mclelland which can deal with non-linearity
problem and consist of three main components (input layer, hidden layers, output layers), and
open the new window to more research and development for neural network field and an ability

to solve many problems which were difficult to solve.
3.5.2 Activation Function:

It translates the input signals to output signals, after computes the weight summation and add the
bias and pass it to activation function which control the output and manage the fire operation (on,

off) of the nodes in the specific layer (hidden layer, output layer) where

Output = ActivationFunctionZ[(Weight * Input) (3.12)

+ bias]
If the output more than the threshold then the output will pass and be as input to another neuron
otherwise the will not. By choosing appropriate activation function on the neural network that
will effect on the result and the performance of the network.

Two main type of activation function:-
3.5.3 Linear activation (identity) function:

It has simple structure:
Z=cx

It receipts the inputs then multiplied it by the weights for each neuron, and generate an output

signal comparable to the input.

The main drawback of linear activation function:

a) With constant derivative it cannot be use in BP (GD).

b) Whatever the numbers of hidden layers, with linear activation function it will be as one layer
and the final output of a network is still a linear function of the input in spite of the number of
the hidden layers that was the limitation of using the linear function on a hidden layer because
it does not allow us to have many hidden Layer as we use in deep learning.

Also, it performs a limitation with high-dimension of data and various type (images, audio,

speech, etc...) also a limitation with big data.
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The main use of this type of activation function is at the output layer for the classification task to
separate the data into classes, while using a non- linear activation function in the hidden layer.

3.5.4 Non-linear activation function:

The factor that make ANNs and BP develop and widely used in many research solving large
numbers of complicated problems is the non-linearity activation function.

The main feature of this type of activation function:

a) It is derivative that will allow to the network to be learn from the weights.

b) Allow to use many hidden layers and use with a different type of data and can perform with

big data also allow us to learn non-linear problems.
Most popular no-linear activation function:-

Sigmoid (logistic) function:

1
F0) = = -

With curve shape like “S” letter, the output of this function change continuously but not change

linearly and we can observe that the value of output is between (0, 1) . as the information is bit by
bit changed from negative to positive endlessness. So it utilizes when the yield is relied upon to
be a positive number (MLP, Backpropagation calculations) and is viewed as a sensible guess of
genuine neurons.

By using sigmoid it will be bad choice because of the vanishing gradient issue which happens
when the function directs the input to small range [0, 1] of output so any change on the input
parameter even it big the result is very small change on the value of the output and the gradient
will be very small which cause vanishing gradient obstacle [34]

Hyperbolic Tangent (Tanh) function:

It commonly used activation function, as it works with both negative and positive number.so the
output is range between [-1, +1] .the equation is:

1—e 2 (2.13)
A P

And it also has a vanishing gradient manner.
Rectified Linear Unit (ReL.U):
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Is a familiar activation function because of it simple and has good effect where it gets rid of
vanishing gradients, and used in hidden layers but the week point here is dead neurons.

In 2017 Shumin Kong et al. demonstrate that "ReLU edges all negative an incentive to zero (f(x)
= max (0, X)), its positive part has a fixed angle of 1. Henceforth, ReLU won't soak at the positive
part. In any case, on the negative part, the angle of ReLU concerning the information is zero,
which implies once ReLU neuron produces negative yield, the slope stream into the neurons will
consistently be zero. The heaviness of the neuron would in this way never be enhanced, because

of zero inclination.” [2 p.2563]
0,x< 0 3.14

x,x=0
EXPONENTIAL LINEAR UNIT (ELU):
This function overcomes the dead neurons problem by using exponential process so it is better
than ReLU function. This function is used in hidden layers.

) = {oc (eZTx1;)6< 0} (3.15)

Softmax Function:

this function is kind of sigmoid function with range between [0, 1], and the main difference is
that sigmoid function was used to classify two classes while Softmax use to classify more than
two classes (multiclass) and it placed on the final layer(O/P layer) that turn logits which is the
vector of numbers to a probability for each class, higher probability could indicate the predicted
class where the sum of these probability is equal to one.

e¥i (3.16)

2ie¥i

(0)(x;) =

3.5.5 Feedforward neural network overview

A Feedforward neural network is a non-recurrent range which contains information sources,
yields, and shrouded layers; the signs can just go one way. What's more, the information is
passed onto a layer of handling components where it performs the computations by weighted
summation of its inputs and add the bais value, after that apply activation function where the new
calculated output value becomes the new information esteem that takes care of the following
layer, this procedure proceeds until it has experienced all the layers and decides the yield. A limit

move work is now and again used to measure the yield of a neuron in the yield layer.
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4. EVALUATION

4.1 DATASETS USED

We use three datasets in total for evaluating the models. Several ar- rhythmia public
datasets exist, but their structure is variable. In par- ticular, they are varied by the
lengths of recordings, the number of classes and number of ECG leads. From these,
we have chosen The PhysioNet Computing in Cardiology Challenge 2017 and The
China Physiological Signal Challenge 2018 dataset. For an interested reader,
comprehensive lists of arrhythmia datasets is a part of the PTB-XL publication [36].

We also used a private dataset which is larger than any open one we havefound.

4.1.1 The PhysioNet Computing in Cardiology Challenge 2017

AF Classification from a short single lead ECG recording was the theme of The PhysioNet
Computing in Cardiology Challenge (CINC) 2017 [2]. It is of our interest since the
samples provided resemble our use case — single lead data from a telemonitoring device.
The 8528 recordings ranging from 9 to 61 seconds are sampled at 300 Hz. The files are
already preprocessed by a band-pass filter with a bandwidth of 0.5- 40 Hz. There are
only three classes included in the challenge original scoring metric — the noise class X was
added subsequently. Five teams shared the first place in the competition. The winners
mainly used ensemble methods: XGBoost + RNN [37], random forests [38, 39] and

custom ensemble algorithms [40, 41].
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Table 4.1: CINC2017 labels

Label (Condition Count
N Sinus Rhythm 5154
A |Atrial Fibrillation 771
O [Other Rhythm 2557
X INoisy 46

Total 8528

4.1.2 The China Physiological Signal Challenge 2018

A set of 12-lead ECGs was made public for The China Physiological Signal Challenge
(CPSC) 2018 [42]. There is a total of 9831 recordings from 9458 different patients. Out of
those, 6877 is available in the form of a training set. The recordings are sampled at 500
Hz. The length of the recording ranges from six to 60 seconds. There is a total of nine
distinct classes. There is a total of 477 multi-label recordings (the patient had more than
one heart condition); we do not use them as some of our models are not fit for multi-label
classification. We used only the first lead | as it is similar to a single-lead ECG. Moreover,
the winners of the challenge achieved only slightly worse performance when using a

single lead for classification [43].
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Table 4.2: CPSC2018 labels

LabelCondition Count
Normal [Sinus Rhythm 918
AF Atrial Fibrillation 1098
I-AVB  |Atrioventricular Block 704
LBBB  |Left Bundle Branch Block 207
RBBB  |Right Bundle Branch Block 1695
PAC Premature Atrial Contraction 556
PVC Premature Ventricular Contraction 672
STD ST Segment Depression 825
STE ST Segment Elevation 202
Total 6877

4.2TRAINING

This chapter is concerned about the training of the models. The models are trained on each
dataset separately as there is little overlap between the labels in the datasets.
The precise model hyperparameters and architectures are also available in the source

code.

4.2.1 Train-test Split

Wesplitallthe datasetsintotrainandtest partitionswhicharesamefor all the models. The
models are trained on the train partition, and the final evaluation is done on the test
partition, which the model has not seen so that we can evaluate the generalization
power of the model. For neural network-based models, we further separate a hold-out
validationset outofthe training setto evaluate learning performance during training.

The split is 90-10 % of data for the train and test partitions, respec- tively. When using the
validation partition, the final splitis 80—10-10 % of train, validation and test partitions. All
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the models are trained and evaluated on the same train-test split.

Because the private datasets contain a large number of recordings from the same
patients, the train-validation-test partitions are split using GroupShuffleSplit from
scikit-learn by the telemonitoring device ID. Therefore, it should not happen that the same

patient’s record is both in the training and test partition.

4.2.2 Cross-validation

Cross-validation is an alternative way of evaluating the generalization performance of a
model. The K-fold cross-validation splits a dataset into K partitions (folds), then trains
the model K’ times training on K 1 of the folds and evaluating on the last one. The K

scores can be averaged to get the validation score.

For all models except CNN and RNN models, we use 5-fold cross-validation as the
validation score. For CNN and RNN, we use the hold-out validation set score.

4.2.3 Models with hand-engineered Features

This family of models is trained using the 5-fold cross-validation on 90 % of the data. All
the models use balanced class weights — the fewer samples the class has, the larger the
class weight is. The parameters used were found by a cross-validated grid search on the
training partition of the CINC2017 dataset. If a parameter of the classifier is not stated, we
use the default value provided by the library.

Logistic regression
The missing features are imputed by the mean of the column and then standardized
(Section 2.2.3). The regularization parameter C = 100.0 is used.

Random forest

The missing features were imputed but not scaled, as random forests can deal with

unscaled featureseasily.
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The max_depth of the trees in the forest is set to 20, the minimum number of samples at a
leaf node (min_samples_leaf) is 5, and the number of estimators in the forest is 1000.

XGBoost

We use a learning rate eta of 0.1, a minimum loss reduction (gamma) of 0.1. The maximum
allowed depth (max_depth) of a tree is 7. The min_child_weight parameter is 4, number
of estimators is 1000, the same as in the random forest classifier. The subsample
parameter is set to 0.8.

MLP

The default learning rate of 0.001 with the Adam optimizer [64] is used for minimizing
the cross-entropy loss function. A batch size of 128 is used.

Early stopping is used — when the validation score is not improving for ten consecutive
epochs, the training stops. Early stopping can help the generalization power of the neural
network [65].

4.3 MODELS WITH DIRECT SIGNAL INPUT

4.3.1 Data Augmentation

Data augmentation techniques help us to increase the model’s training dataset size by
introducing transforms that do not change the label of the recording. We used random
flipping of the sign of the signal, as it commonly happens that the patient switches the
electrodes, and the resulting signal is inverted.

Random cropping of the signal would be possible if we had the information about the
location of the arrhythmia. As the information is not available, random cropping could
crop out the arrhythmic part, and the label would be wrong. Thus, we decided not to use

random cropping.

ResNet

We use a ResNet implementation from the torchvision library used for computer vision

tasks. The convolutional layers are rewritten to be one-dimensional. We use an 18-layer
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and 50-layer convolutional residual networks. We train the ResNets for 20 epochs and
after each epoch measure the validation score. We take the model with the best validation
score as the final trained model.

We use a batch size of 32 for the ResNet18 model. The batch size is dependent mainly on
the available CUDA memory. We use a cross-entropy loss function, the Adam
optimizer with a learning rate of 0.0003. For regularization of the networks, we use a
weight decay of 0.0001. We do not use weight decay for the batch normalization
parameters, as it is shown to degrade the performance of learning [66]. We use gradient

norm clipping [67], which helps us with unstable gradients problem.

CnnGru

For training the CnnGru classifier, we use learning hyperparameters same as the ResNet
ones — Adam, a learning rate of 0.0003, weight decay of 0.0001, cross-entropy loss. We
train with a batch size of 32 for ten epochs and again save the model trained on the epoch
with the highest validation score.

k-NN with DTW

The n_neighbors parameter is set to 1, as we want to use the 1-nearest neighbour classifier.
However, the evaluation takes too much time to calculate scores on even the smallest of
our datasets. Therefore, we do not have the scores for this baseline. For our use case, the
inference time is crucial, so this classifier is apparently not applicable.

4.4 MODEL PERSISTENCE

To save the models for future evaluation, we used the PyTorch and joblib libraries,
which both use the pickle module under the hood. This solution is not perfect because the
saved models have no guarantee of being transferable to the future versions of the
machine learning libraries. Our mitigation is to use the reproducible Python virtual
environment which has exactly the versions of libraries we used. Also, the exported
ONNX models are independent of any library and should be usable on any platform
supporting the ONNX Runtime.
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After training of the models, we compare them against eachother. In this chapter, we will
describe the F1 score metric, which we use in the final comparison table and then discuss
the final results.

45 METRICS

We need to evaluate the performance different models on the same data. For a binary
classification problem with two classes, say Pos and Neg, a confusion matrix has two rows
and two columns. True positives are the examples labelled as Pos and classified as Pos, true
negatives are Neg classified as Neg, false positives are Neg classified as Pos, and false

negatives are Pos classified as Neg.

Table 4.3: A binary classification task confusion matrix.

True Positives (TP) | True Negatives(TN)

False Positives (FP) | False Negatives (FN)

A confusion matrix for a multi-class problem has shape N N, where N is the number of
classes. A single score instead of a full matrix is preferable for comparing the classifiers’
performance. We calculate the Fi1 score for all classifiers and use it for a rough
comparison.

45.1 F1 Score

The F1 score is the harmonic mean of precision (positive predictive value) and recall
(sensitivity) [68]:

precision = recall

=2 — ,
precision + recall
(4.2)
i ] i ]
precision = L and recall = L
TP 4+ FP TP + FN (4.2)

The above definition is valid for binary classification. With multi- class classification,

we do macro averaging. That means, we take separate F; score for each class versus all
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the others as a binary prob- lem; then, we get the resulting macro F1 score as the mean of
all the class scores.

F1 score is a simple way to compare classifiers. It favours classifiers with similar precision
and recall; this is not always what we want when our task is classifying heart pathologies.
We use F1 score for simplicity, but some types of arrhythmia are more dangerous than
the others. For example, ventricular tachycardia is life-threatening as it can lead to
deadly ventricular fibrillation. Therefore, a metric that takes into account the severity of

different classes could prove useful in future work.

46 RESULTS

In Table 4.3 and figures 4.1 and 4, we can see the F. scores, macro averaged over all
classes of the datasets. Our best trained model on the CINC2017 dataset is the
MLPClassifier, the best model on the CPSC2018 dataset is the ResNet18Classifier and
on the private dataset it is the CnnGruClassifer On the CINC2017 dataset with four
classes and thousands of recordings, the methods based on hand-engineered features
and on the direct signal are comparable. However, when the dataset has more different
classes or is bigger in size, the automated feature extractors can provide better
performance and good inference time.

As the private dataset is the most similar to the telemonitoring data, we will likely use the
methods trained on the direct signal. The hand-engineered feature methods could
probably be tuned and have better results with more domain knowledge and expert-

designed features.
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Table 4.4: The F1 macro averaged scores on the test partitions.

Model CINC2017] CPSC2018
LogisticRegression 0.7419 0.5532
RandomForestClassifier 0.7513 0.5323
XGBClassifier 0.7480 0.5824
MLPClassifier 0.7824 0.5840
ResNet18Classifier 0.7539 0.7296
CnnGrucClassifier 0.7470 0.6432
F1 Score, CINC2017
0.79
0.78
0.77
0.76
0.75
0.74
0.73
0.72
Logistic | XGBClassif | MLPClasso | Random | ResNet18C | CnnGruCla
Regression ier fier forest lassifier ssifier
EF1| 0.7419 0.748 0.7824 0.7513 0.7539 0.747

Figure 4.1: The F1 macro averaged scores on the test partitions, CINC2017 dataset
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Figure 4.2: The F1 macro averaged scores on the test partitions, CPSC2018
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5.CONCLUSION

The EEG signals have a high potential of uncovering many neurological disorders in an early
stage. We have shown why it is better than MRI. Being cheap and efficient, it can be used for
many researches even with a lower budget as compared to MRI. Many Deep Learning algorithms
have been applied on EEG signals in order to classify various neurological disorders and brain
interface applications. In this paper we have done an extensive literature survey about application
of different neural networks on EEG signals and how using these neural networks one was able to
classify several neurological diseases like Seizure, AD and Depression. The preprocessing step
greatly affects the performance of the model. In this work, we train seven different models on
three different ECG databases and compare their performance between each other. We
find that at least in our experiment, both hand-crafted features and the neural network

feature extractors each have both its positive and negative aspects.

The next step is the integration of the model to the ECG processing solution running on

the telemonitoring server.
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