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Abstrakt

Elektrokardiogram (EKG) je neinvazivní metoda k měření elektrické aktivity
srdečního tepu. Normální aktivita srdečního tepu je kontrolována komplexní
množinou elektrických impulsů. Přerušení těchto elektrických impulzů nebo
jejich nesprávná činnost může vést k srdeční arytmii, která může být in-
terpretována jako srdeční nemoc. Hlavním cílem této práce je navrhnout a
testovat novou EKG klasifikační metodu ke zpřesnění současných automat-
ických metod detekce srdečních arythmií. Testování navržené metody bude
rozděleno do tří experimentů. První experiment bude věnován Intra-Patient
paradigmatu, který ukáže jaká klasifikační metoda má předpoklad k testování
s realnějšími scénáři. Zbylé dva experimenty zaměřené na Patient-Adapted
a Inter-Patient paradigmata budou měřit robustnost navržené metody a
součaně navržená metoda bude porovnána s výsledky současných metod v
této oblasti. Pro měření výsledků jednotlivých experimentů budou využity
tři následující EKG databáze: MIT-BIH Arrhythmia Database, Physionet
Challenge 2017 a St.-Petersburg Institute of Cardiological Technics 12-lead
Arrhythmia Database.
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Abstract

The electrocardiography (ECG) is a non-invasive routine to measure electri-
cal activity of the heartbeat. Regular heartbeat activities are controlled by a
complex set of electrical impulses. If these electrical impulses are interrupted
or misguided the arrhythmia is occurred and it can be interpreted as a heart
disease. The main aim of the thesis is design and test novel ECG classifi-
cation approach to improve accuracy recent results. The testing of the pro-
posed method will be divided into three experiments. First experiment will
be devoted to Intra-Patient paradigm and will show what exactly classifier
has suitable assumptions to further testing with more realistic scenario. Last
two experiments will follow the Patient-Adapted and Inter-Patient paradigm
to measure robustness of proposed method and also the proposed approach
will be compared with state-of-the art results. In order to measure results
of each experiment it will be used three following ECG databases: MIT-BIH
Arrhythmia Database, Physionet Challenge 2017 a St.-Petersburg Institute
of Cardiological Technics 12-lead Arrhythmia Database.
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1. Introduction

1.1 Motivation

The electrocardiography (ECG) is a non-invasive routine to measure electri-
cal activity of the heartbeat. These electrical activity represents underlying
heart conditions. There exist many areas of the usage, such as cardiology,
sports medicine or even entertainment industry. Regular heartbeat activi-
ties are controlled by a complex set of electrical impulses. If these electrical
impulses are interrupted or misguided the arrhythmia is occurred and it can
be interpreted as a heart disease. Therefore the ECG heartbeat classification
is one of the most important task in non-invasive diagnostic methods. The
aim of the ECG arrhythmia detection in medicine is to diagnose arrhyth-
mias diseases such as Atrial Fibrillation, Ventricular Tachycardia, AV Block
or Myocardial Infarction. Besides the ECG monitoring is the non-invasive
method, there is another important advantage. It can be recorded the ECG
activities hours or even days and not only in a hospital but during patient
normal day by using an ECG holter device. Even the ECG monitoring dur-
ing normal patient activities brings advantages as it were mentioned above
and it can be consider less expensive than the hospital service, it also has
disadvantage. One of the major disadvantage related to time and cost con-
suming is the need to annotate each ECG heartbeat activity by cardiologists.
In order to decrease time-consuming ECG annotation process together with
cost reduction and finally human’s potentially mistakes many researchers
are focused on automation of such process. Nowadays, there are invented
lot of approaches in order to automatically detect the ECG heartbeat ar-
rhythmia with high accuracy. And yet there is still room for improvement
such an expert system. The focus of the thesis is proposed novel method
to increase accuracy of the ECG arrhythmia detection and compare it with
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recent results.

1.2 The state-of-the art

Researchers employed number of different approaches to detect automati-
cally heartbeat arrhythmia. They created many classifiers based on simple
or more complex statistical methods. The classification itself is only one
part of the whole classification pipeline of such expert system. Before clas-
sification step itself, there are another important parts of the expert system
for automated arrhythmia classification: a preprocessing and a feature ex-
traction step. The preprocessing step is commonly and important part of
the classification methodology, because it transforms raw ECG signal and
other metadata belongs to current ECG signal to suitable form for classi-
fication step. The preprocessing mainly solves two problems. One is as-
sociated with classifier itself. Many of classifiers are sensitive to form of
input data. For example, the Artificial Neural Network classifier requires
normalized input to train properly. The second one is a problem of overall
accuracy. The proprocessing step can significantly help to increase overall
accuracy in classification task. Works such as [5, 44, 12] have been proven
that the preprocessing is very important phase. In preprocessing step, the
ECG signal is denoised and possibly detrend. For example, the work [42]
uses Finite Impulse Response (FIR) method to reduce the noise. According
to [56, 53] the wavelet transformation offers another promising alternative
to remove noise from raw ECG signal. There also exist publications that
have been used different method in compare with conventionally methods,
such as the (Extended) Kalman filtration or Bayesian filters [54, 51]. After
remove noise and detrend the ECG sinal the feature extraction has to be
performed. The feature extraction plays very important role in the ECG
arrhythmia detection and it has significantly impact on the overall accuracy
of designed expert system. Therefore, the feature extraction needs to pay
special attantion in the ECG classification tasks. Very commonly technique
in the feature extraction step is work with ECG morphology [15, 30, 47, 33].
The second kind of the extracted features are temporal features. Works [24,
14, 61] have been used R-R interval and statistical properties based on the
R-R intervals obtained from batch heartbeats. The last kind of extracted
features callled statistical features. It includes mean, standard deviation, en-
ergy and coefficient variance obtained from time-frequency domain [63, 21].
Also researchers try to reduce dimension of the feature vector obtained from
ECG signal. They mainly have been used statistical methods such as PCA
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or ICA for this purpose [52, 10]. The extracted features are forwarded into
the classifier model in the final step. There exists numerous model that can
be employed for ECG classification tasks. Namely, researchers have been
used the Linear Discriminant Analysis [15], the Support Vector Machines
[62, 6], the Artificial Neural Networks with different topology, loss func-
tions, or different kind of neurons [58, 31]. They have also been included the
chaotic modeling [13, 48], the random forests [37] or genetic programming
techniques [49]. Not only expert systems themselves have been improved in
last decades, but also methods to measure performance and robustness of
the expert system. For example, the Association for the Advancement of
Medical lnstrumentation (AAMI) has been published a standard method to
measure the expert system for the ECG arrhythmia detection [3]. The thesis
involved the AAMI standard into experiments inspired by [15].

1.3 Contributions

The main aim of the thesis is design and test new approach in ECG classifica-
tion task in order to increase accuracy of the ECG arrhythmia detection. For
the testing purpose of proposed models it uses standard statistical measure-
ment tool such as confusion matrix, cross validation technique and statistical
metric such as specificity, sensitivity or overall accuracy. Even those statisti-
cal metrics themselves have been invented and designed to bring high report-
ing value, in the context of the ECG arrhythmia detection can be failed. The
problem with rubostness of automated expert systems for ECG arrhythmia
detection has been well described in [41, 15]. Therefore the second goal of the
thesis is tested proposed methods in a way that solve the problem mentioned
above and at the same time proposed methods compare with state-of-the art
approaches. For these purposes it follows the standard designed by AAMI
association to measure the ECG classification expert system. The third goal
is reduced feature space for classification step that can increase accuracy
of the proposed method. In the first part of experiments proposed models
are performed by using three publicly available ECG databases. There are
the MIT-BIH Arrhythmia Database (MIT-BIH), the Physionet Challenge
2017 dataset and St.-Petersburg Institute of Cardiological Technics 12-lead
Arrhythmia Database (INCART). In second part of experiments, the mod-
els that achieved the most suitable results in the first part are tested along
AAMI standards and also compared with several state-of-the art methods
by using MIT-BIH Arrhythmia database in the same way as [15].

The thesis has following structure:
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1. Introduction to the ECG signal: the ECG signal will be discussed into
more details. It will described how the heartbeat activity work, how
the ECG signal look like and what parts of the ECG signal denoted
to one heartbeat are divided. Besides the ECG signal theory, the time
series in general will defined as well as the meaning of the time series
in context of statistics.

2. Machine Learning: second part of the thesis will focused on machine
learning techniques that are used for ECG experiments. There ex-
ists two general categories in the Machine Learning: supervised and
unsupervised. Both of them will be covered in this part of the thesis.
Concretely, it will introduce several techniques belonging to supervised
learning technique such as Support Vector Machine, Linear Discrimi-
nant Analysis, Neural Network and Gradient Boosting. In the same
manner it will describe Principle Component Analysis, Hessian-based
Locally Linear Embedding, t-Distributed Stochastic Neighbor Embed-
ding and Auto-Encoder in the section denoted to unsupervised learn-
ing technique. All statistical techniques presented in Machine Learning
part will be used in following experiments.

3. Experiments and results: the last part will be denoted to ECG ex-
periments themselves. First of all, it will describe the methodology
of all experiments into the details and it will present results of each
experiment. The part will describe all three possible scenarios for the
ECG arrhythmia detection. There are the Intra-Patient experiments,
the Patient-Adapted experiments and the Inter-Patient Experiments.
At the end of the part the proposed methods will show the ability to
compete with state-of-the art methods in particular ECG arrhythmia
classes.

1.4 The Heartbeat Activity

Mechanical contractions of the heart are caused by electrical depolarization
of the heart muscle cells. This electrical signal begins in the Sinoatrial (SA)
node, located at the top of the right atrium, then the signal goes through the
Atrioventricular (AV) node to the Hiss node and comes to the left and right
Tawaras arm wherefrom it goes to the Purkinje Fibres, where the mechanical
contractions are originated. The consequence of the mechanical contraction
is blood ejection into the circulatory system. If the electrical activity of the
heart is faster, slower or irregular compared to what is normal then these
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beats are called arrhythmias.

1.4.1 The ECG description

The ECG signal is generated by a nerve impulse stimulus to a heart. The
current is diffused around the surface of the body surface. The current at the
body surface will build on the voltage drop, which is a couple of μV to mV
with an impulse variation [26]. Figure 1.1 shows typical trace of one ECG
cycle [4]. One normal ECG cycle consists of five peaks and waves. The peaks
are labelled by the letters P, Q, R, S, T and they help to compose segments
and intervals of ECG signal. The peaks Q, R and S are grouped to QRS
complex. Other segments are PR and ST segment. Also it is appropriate to
track intervals between individual segments. The PR interval is between 120
- 200 ms duration and includes the ECG signal from the beginning of the P
wave to the start of the QRS complex. Second interval is QT interval. The
QT interval contains ECG signal from start of QRS complex to the end of T
wave. The duration is less than 400 ms. The third important interval is RR
interval. The RR interval denotes distance between two R peaks. Besides
intervals and segments is also important to watch frequency of ECG signal.
In case of normal heartbeat the P and T waves have low frequency whereas
QRS complex has mid to high frequency. Table 1.1 summarizes important
features of all segments and intervals mentioned above.
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Segment/Interval Features

PR segment

It reflects conduction through the AV node.
The normal PR interval is between 120 – 200
ms duration

QRS Complex

Spot diagnoses: Specific morphology
patterns that are important to recognise.
Normal QRS width is 70-100 ms

ST segment
It represents the interval between ventricular
depolarization and repolarization.

PR interval

The PR interval is between 120 - 200 ms
duration. The beginning of the P wave to
the start of the QRS complex.

QT interval
It represents the time taken for ventricular
depolarisation and repolarisation.

RR interval
The RR interval denotes distance between
two R peaks

Table 1.1: Description of segments and intervals of ECG signal

1.4.2 Arrhythmia

If the heart has abnormal, irregular rhythm or different rate of the rhythm
than normal it is an arrhythmia of the heart. In other words the arrhytmia
means any deviation or malfunction in the conduction system of the heart.
The patients feel heart beating very fast or in opposite very slow than normal
beat or possibly with an irregular rhythm. It is important to note, the more
time is arrhythmia undetected it is higher probability to cause of permanent
disfunction of the heart in the future. Therefore it is very important to detect
the arrhitmia in the early stage. In this work the five basic arrhythmias are
distinguish. These arrythmias are describe as follows:

• Asystole is basically an ECG event when completely QRS complex and
P wave are missing. It means a patient is clinically dead.

• Bradycardia is an abnormal beat when heart rate is very slow. Typi-
cally the heart rate is less than 60 beats per minute. If the heart beats
too slowly, a brain and body might not get enough blood to function
well.

• Tachycardia is also dangerous ECG event but in opposite to Bradycar-
dia the heart rate excess 100 beats per minute (in adults).
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P
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R
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T
ST

SegmentPR
Segment

PR Interval

QT Interval

QRS
 Complex

Figure 1.1: One cycle of ECG signal of normal heart

• Ventricular Tachycardia is an ECG event when QRS complex is very
broad (> 120 ms) and also the heart rate excess 100 beats per minute.

• Ventricular Flutter/Fibrillation is extreme form of Ventricular Tachy-
cardia. The heart rate is more than 200 beats per minute.

Each of described arrhytmia has specific evolution of ECG signal, see [12,
pp. 12 - 25].

1.5 Theory of time series

Obviously, when researchers talk about the ECG signal in classification tasks
they mean a time series of the ECG signal. Therefore the following state-
ments introduce the definition of the time series, formal notions and two
basic categories of the time series. The time series is measurements of or-
dered sequence values, which belong to a random variable, collected over
time. Note that, measuring the values often made at uniform time inter-
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Figure 1.2: Stationary and non-stationary time series comparison

vals. In other words, the time series is a set of observations of a random
variable {Yt} or {y1,y2, ..., yt} where the value yt is measured at certain time
t. From a practical viewpoint, it is possible to capture only finite number
of observations yt. There exist two essential way how to capture time series
from mathematically point of view. The discrete-time series is one in which
the set of time T at which observations are made at fixed time interval. In
opposite, continues-time series are obtained when observations are recorded
continuously over some time interval [9, pp. 1 - 8]. Let now denote two basic
kinds of time series related to statistical properties of a time series. Figure
1.2 shows stationary and non-stationary time series that they will introduce
in next statements.

1.5.1 Stationary time series

There are two possible definition what is stationary time series [55, pp. 22 -
23]. A strict version of the definition is that the time series is stationary if
the probability behaviour of each set of values

{xt1 , xt2 , ..., xtk}

is identical to that of the time shifted set

{xt1+h
, xt2+h

, ..., xtk+h
}.

It means that

P{xt1 ≤ c1, ..., xtk ≤ ck} = P{xt1+h
≤ c1+h, ..., xtk+h

≤ ck+h} (1.1)

for all k = 1, 2, ..., all time points t1, t2, ..., tk, all numbers c1, c2, ..., ck, and
all time shifts h = 0,±1,±2, .... In other words the stationary time series is a
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series where mean, covariance, autocorelation and other statitistic properties
do not change over time. All moments of all degrees of the stationary time
series anywhere are the same. The definition 1.1 describes strictly stationary
time series. It means the definition is too limited rather than is applicable
in the majority applications where stationary time series occur. Therefore
there exist second definition what is stationarity in the time series. It is
commonly named weak stationary and it has following definition [22, pp. 44
- 45]:

xt, is a finite variance process such that the mean value function, µt is
constant and does not depend on time t, and the autocovariance function,
γ(s, t), depends on s and t only through their difference |s − t|. The µt

function is defined as:

µxt = E(xt) (1.2)

where E means expected value and the autocovariance function γ(s, t)
has following form

γx(s, t) = cov(xs, xt) = E[(xs − µs)(xt − µt)] (1.3)

1.5.2 Non-stationary time series

Let define an Autoregressive model (AR) of time series [55, pp. 84 - 85]. The
equation (1.4) describes the AR model of order 1, AR(1):

Xt = α1Xt−1 + ϵt (1.4)

where α1 is a parameter of the model and ϵt is an uncorrelated innovation
process with zero mean in current time t. Consecently, the AR(1) model has
variance defined by

var(Xt) = var

∞

i=0

αiϵt−i = σ

∞

i=0

α2i (1.5)

where σ2 is the variance of the noise ϵt. If |α1| ≥ 1 the variance does
not converge and the time series will not stationary. Note that, the variance
tends to infinity in that case. The AR(1) model described by Equation 1.4
can be extended to general case AR(p), where order p > 1. Equation 1.6
describes general AR(p) model of order p with a white noise ϵt:

Xt = α1Xt−1 + α2Xt−2 + ...+ αpXt−p + ϵt (1.6)
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2. Machine Learning

2.1 Introduction

The Machine Learning (ML) is scientific field for finding (lattent) features
or patterns inside the data by using computer algorithms. The ML offers
different techinques and algorithms that seek releationships between data
features in order to fully understand the data. In terms of the ML, the
understanding of the data is processed automatically. The following sections
of this chapter is organized as follows: first section is focused on the overview
of machine learning techniques, basic terminology and meaning, the second
section dedicates to measure performance of the certain machine learning
techinque, the last two sections look closely at concrete machine learning
techniques and theirs advantages and disadvantages.

2.2 Overview

There exist two basic categories of the ML techniques1: supervised and un-
supervised. Which one is more suitable for concrete ML analyse depends on
the available data and also the objective of the task. If the data has input and
output pairs, for example the ECG time series as inputs and theirs arrhyth-
mia classifications as outputs, one can perform supervised ML techniques.
On the other hand, if there is no outputs in the data, the appropriate ML
candidate will be one of the unsupervised ML techniques. In other words,
if the data consists of the true output values, it is possible to perform ML
technique with a “teacher”. Therefore it is called supervised ML techniques.
There are the Artifical Neural Network, the Gradient Boosting model or the

1There exist third category, Reinforcement learning, but this category is not suitable
for tasks of the thesis and therefore the Reinforcement learning will be omitted.
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Support Vector Machines in the supervised category. In opposite direction,
the unsupervised ML techniques try to understand patterns into the data or
extract features from the data without the teacher. There are the Principle
Component Analysis, the Autoencoders or the Hessian Eigenmaps in the
unsupervised category.

More formally, let suppose the dataset with input and output pairs D =
{(Xi, Yi)}Ni=1, where D is training set and N is the number of pairs. The
goal of the supervised ML technique is to build the ML model f such as:

Yi = f(Xi) (2.1)

How to achieve the goal is available in the section Supervised Learning
on page 23. The aim of the unsupervised ML technique is to build ML model
that extract useful patterns (information) for predicts or decision making,
such as remove the noise from the dataset or reduce the number of dimensions
of the dataset [59]. Let suppose the dataset with only input values: D =
{(Xi)}Ni=1 where Xi = {x1i, ..., xmi}, N is the number of inputs and m is the
number of dimensions of each input value. In general sense, the unsupervised
ML goal is:

Ȳi = f(Xi) (2.2)

where Ȳi = {y1i, ..., yli} is the output value and l is the number of the
output dimensions. For example, if the ML model reduce the number of input
dimensions, then l ≪ m. For further reading see the section Introduction on
page 47. Figure 2.1 shows the general ML concept.

2.3 Perfomance

After the ML model is built, the measure of the performance comes into
play. Obviously, during the building of ML model, the dataset is divided
into two subset. One subset, called training subset, is to train a ML model,
and second one, called test subset, dedicates for the model testing. The ques-
tion is, how well measure the perfomance of the ML model with the testing
subset that has built after the learning phase? Another no less important
question, how the ML model behaves if several training samples switch with
samples obtained from the testing subset? Both questions will answered in
the following sections.
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Unknown Target Distribution
P (y|X)

target function: f : X → Y
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g(X) ≈ f(X)
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Learning
Algorithm

A

Hypothesis Set
g : H

Figure 2.1: The general ML concept

2.3.1 Confusion matrix

The confusion matrix is a way how can visualize evaluation of the ML model.
It denotes by a matrix. Each row of the matrix represents predicted class,
whereas each column means actual result from the ML model for current
class. For better imagination, Table 2.1 shows the general concept of the
confusion matrix.

Predicted class
Positive Negative

T
ru

th Positive True Positive (TP) False Negative (FN)
Negative False Positive (FP) True Negative (TN)

Table 2.1: The general concept of the confusion matrix

Based on the confusion matrix, it is possible to compute another impor-
tant scoring values for the ML model evaluation. There are the sensitiv-
ity, the precision, the specificity, the accuracy and the F1 score. Following
equations (2.3), (2.4), (2.5), (2.6) and (2.7) describe all of the score values
mentioned above:

Sensitivity(%) =
TP

TP + FN
∗ 100 (2.3)
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Precision(%) =
TP

TP + FP
∗ 100 (2.4)

Specificty(%) =
TN

TN + FP
∗ 100 (2.5)

Accuracy(%) =
TP + TN

TP + TN + FP + FN
∗ 100 (2.6)

F1 =
2TP

2TP + FP + FN
(2.7)

The meaning of each scoring value is as follows:

• Sensitivity measures the proportion of positives that are correctly iden-
tified as such (e.g. the percentage of sick people who are correctly
identified as having the condition).

• Specificty measures the proportion of negatives that are correctly iden-
tified.

• Precision measures the proportions of positive and negative results.

• Accuracy measure the total accuracy of the ML model.

• F1 score measures how precise the ML model is as well as how robust
it is.

2.3.2 Cross validation

Meanwhile, the first question from the section Perfomance was answered in
the section 2.1. It still remains to answer the second question. Consider
the ML model brings good results in one selected scenario where the cer-
tain training subset and testing subset were selected. However in different
scenario the trained ML model can have worse performance than the first
one. The effort of the cross validation is to avoid these situation. The cross
validation principle is simple. It divides the original dataset into N equal
sized cases. Each case has training subset derived from the original dataset
and the rest samples of the original dataset are marked as the testing sub-
set. The way how can mark concrete samples as training and or testing
subset is random. The ratio between size of the training and testing subset
is usually 80:20%. After learning ML model and measure it’s performance
as was described above in the section Confusion matrix for the first case it
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follows next iteration of the cross validation until it reaches the last (Nth)
case. Finally, the results from all cases are averaged. Based on the averaged
results it decided if the ML model is prepared to real deployment or if it
does need to further improvement. Commonly, it is used 10-fold or 5-fold
cross validation. The number (10 or 5) just indicates the number of the
cases created from the original dataset. The result of the cross validation
procedure is the estimation of expected fit of the ML model based on the
shuffling the original dataset into several folds and tracking the performance
results obtained from each case.

2.4 Supervised Learning

2.4.1 Introduction

Because the thesis is focused on detection the ECG arrhythmia the key
idea of the supervised learning will present on the example with an ECG
classification problem. One of the popular problem in cardiology is recognize
normal/abnormal heart beat based on the ECG data2. Look at the problem
from machine learning perspective now: it means find a statistical model that
“somehow transform” input ECG data to the answer the heart beat is either
normal or abnormal. The question is how to build the statistical model that
correctly recognized normal/abnormal beats with high accuracy. If there
exist a dataset of the ECG data with annotated heart beats by cardiologists,
one of the options how to build such model is to improve iteratively the model
based on knowledge of that dataset with correct heart beat annotations.
This procedure calls learning phase. In other words, the supervised learning
technique tries to understand relationship between each ECG sample and
its annotated heart beat during learning phase. The word supervised simply
means the learning algorithm knows for each ECG sample the expected value
of the heart beat. Based on that expected value of each ECG sample, the
learning algorithm corrects outputs of the model in order to achieve better
accuracy than previous time. The learning phase happens iteratively in a
loop until the model will achieve stop criteria. The stop criteria can be (but
not limited) convergence accuracy curve, number of iterations to prevent
overfiting of the model or their combinations.

2Note that, each ECG sample consists of heart beat record with its annotation.
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2.4.2 Loss function

The loss function is basic building stone for all machine learning supervised
techniques. Therefore, in this section it is briefly introduced properties of the
loss function, behaviour of selected loss functions and at end of the section
also the impact of the loss functions on the classification tasks.

Let suppose a function V : R × Y → [0,∞). The function V is the
loss function and represents a cost for predicting ȳ = f(x). Also there exist
mapping (2.8)

t→ V (t) (2.8)

where t is t = wy for classification task or t = w − y for regression task.
One of the important feature of the loss function is Lipschitz condition

(or Lipschitz continuity). It means there must exist K such that:

|V (w1, y)− V (w2, y)| ≤ LM |w1 − w2| (2.9)

for all w1, w2 ∈ [−M,M ] and for all y ∈ Y . Also there exist a constant
C0 such that, ∀y ∈ Y :

V (0, y) ≤ C0 (2.10)

The conditions above ((2.9) and (2.10)) guarantee the loss function V is
differentiable almost everywhere and it is convex. The values of LM and C0

depends on concrete choosed loss function. The following statement describes
loss functions that appear in many supervised techniques. Depends on the
learning task, the loss functions are split into two groups: loss functions for
regression tasks and for classification tasks. Following Table 2.2 shows both
of the groups with the constant LM and C0. Because one of the goal of this
thesis is focused on the ECG arrhythmia recognition, the following statement
describes the impact of the loss function for classification tasks.

Even the square loss function is convex and smooth, one of the disadvan-
tage for classification task is slower convergence than the hinge and logistic
case. On the other hand the hinge loss is not smooth and therefore is not
suitable with (stochastic) gradient descent methods. Finally, the logistic
function is sensitive to outliers in the dataset. Therefore it needs to care-
fully choose suitable loss function based on the purpose of the classification
task and also machine learning technique.
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task loss V (w, y) LM C0

regression square (w − y)2 2M + δ δ2

regression abs val |w − y| 1 δ

regression ϵ-insensitive max{|w − y| − ϵ, 0} 1 δ

classsification square (1− wy)2 2M + 2 1

classsification hinge max{1−wy, 0} 1 1

classsification logistic (ln 2)−1 ln(1 + e−wy) ln(2)−1 eM

1+eM
1

Table 2.2: The properties of the loss functions

Figure 2.2: The classification loss functions

Figure 2.2 shows various classification loss functions. Let suppose the
dataset for the classification task. The dataset consists of input and output
pairs ((X1, Y1), ..., (XN , YN )) where Xi = (x1i, ..., xpi) is ith sample input
and Yi = (y1i, ..., ymi) is ith sample output. The connection between super-
vised learning technique and the loss function V can be explained by the
association between student and teacher. More concretely, supervised learn-
ing technique minimizes the difference between correct answer (teacher’s
knowledge Yi) and the student’s answer (the model’s output Ȳi = f(Xi)) as
follows:

argminθEY |XV (f(X, θ), Y ) (2.11)

where E is the expected operator, V is the loss function, X is sample
inputs, Y is sample outputs, f(X, θ) is machine learning model and θ is
the model parameter set. One can say, the loss function V plays important
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role in supervised learning and says how well the student (model) learns
lattent features about the dataset based on input and output variables. The
following sections cover several supervised machine learning model that were
used by this thesis.

2.4.3 Support Vector Machines

The Support Vector Machines (SVM) is a statistical model for classification
tasks where the aim is to define a hyperplane that effectively seperate the
sample points of the dataset into two sub-space. The next sections is organ-
ised as follows: first section introduce the SVM model, second section covers
the SVM algorithm itself and final sections show concrete implementation of
the SVM model and how can SVM use for classification tasks.

2.4.3.1 Introduction

Let assume the dataset with two classes. If the sample points can not be
optimaly divide into two sub-space directly, because there is no the possibility
to find the linear model that clearly separates both classes, the SVM offers
two scenario how to deal with this kind of the classification task. First
scenario is the SVM still works within feature space of the dataset. It means
sample points are not modified before classification procedure. Instead, the
SVM redefines the optimization constraint problem in such a way that can
find the hyperplane. The second scenario is to transform the datapoints into
new data space, where the data points will linearly separable. In the new
space a statistical model maximizes the gap between datapoints of the first
and second classes.

2.4.3.2 Overview of the SVM

The SVM is a classifier method to divide feature space of the training subset
of the dataset into two separable parts. Let assume the dataset has p ordered
pairs {x1, y1}, ..., {xp, yp}. Each label (output pattern) yi can represent only
one of two classes, yi ∈ −1, 1and each input pattern xi is in Rn space where
n is number of the dimensions. By applying the SVM on the training subset
of the dataset, the SVM maximizes a gap between the two possible classes in
input space Rn. In other words, the SVM finds a hyperplane that maximizes
margin between the labeled training data xi depending on its class yi with
using support vectors. The support vectors are training data xi that are
closest to the hyperplane with respect to its class denoted by yi. Figure
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Figure 2.3: The SVM concept

2.3 shows how SVM maximizes margin between two separable classes using
hyperplane that is described by an equation wx− b = 0.

The goal of the SVM can be interpreted as the problem of minimizing
a function LP (w, b, α) in the section equation (2.12) subject to several con-
straints in equations (2.13) and (2.14), whereαi is the langrange multiplier
[46, pp. 496 - 505].

LP (w, b, α) =
1

2
||w||2 −

N

i=1

αi[yi(xiw − b)− 1] (2.12)

(wxi + b) ≥ 1 for y = 1 (2.13)

(wxi + b) ≤ −1 for y = −1 (2.14)

Note that, equations (2.13) and (2.14) can be rewritten to only one (2.15):

yi(wxi + b)− 1 ≥ 0 (2.15)
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2.4.3.3 SVM kernel

If the dataset can’t be effectively separate by using the hyperplane described
above, it is also possible to transform the datapoints to different space. Con-
cretely, transform data to a space with higher dimension. In this enlarged
space can the SVM linarly seperate classes as before. It means the prod-
uct of xixj is replaced with a kernel function K(·, ·). In other words, the
data points are transformed to higher dimension where they are solved by
linear separation. There exist several kernel functions that transform data
to higher dimension. Two classical choices are polynomial kernel (2.16) and
second one is the Radial Basis Function kernel (RBF) (2.17) [46, pp. 507 -
513].

K(x, x′) = (xx′ + 1)d (2.16)

K(x, x′) = e−
||x−x′||2

2σ2 (2.17)

The implementation of SVM The last decade brings several state of the
art implementations of the SVM model. Namely, libSVM, MATLAB built-in
API family functions for the SVM or scikit library. As the implementation of
the SVM model for this work it was decided to choose the Scikit library. The
library is written in Python language, it is actively developing until today
and it also looks forward very popular in the science society.

Scikit Library for SVM The usage the SVM model in Scikit library is
pretty straightforward as it shows Listing 2.1.

import numpy as np
from sk l e a rn import dataset s , svm

i r i s = data s e t s . l o ad_ i r i s ( )
d i g i t s = data s e t s . l oad_d ig i t s ( )
svc = svm .SVC( ke rne l=’ l i n e a r ’ )
svc . f i t ( i r i s . data , i r i s . t a r g e t )
svc . p r ed i c t ( [ [ 5 . 0 , 3 . 6 , 1 . 3 , 0 . 2 5 ] ] )

Listing 2.1: The Scikit SVM classifier
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2.4.4 Linear Discriminant Analysis

The Linear Discriminant Analysis (LDA) is one of the classic statistical
model for classification tasks. The Discriminant Analysis offers the answer
for the question which is the best feature or feature set to discriminate the
two classes? In other words, the general goal of the Discriminant Analysis is
to find a linear combination of features which separate two or more classes
in the dataset. The following sections describe how the LDA works, the
mathematical formulas behind the LDA and how to use the LDA model in
practice.

2.4.4.1 Introduction

Figure 2.4 shows graphical idea how the LDA seperates two classes. There
is an effort to find the optimal projection where is maximize the separation
between classes as it is mathematically describes in the next section. One of
the reason why the LDA has enjoyed unprecedented popularity among clas-
sifiers is a closed-form solution. Besides that, the closed-form solution can
be easily computed and the LDA has no hyperparamers to tune. Another
similar classification model is Quadratic Discriminant Analysis. Also there
exist several extensions to LDA such as the Quadratic Discriminant Anal-
ysis (QDA), the Flexible Discriminant Analysis (FDA) or the Regularized
Discriminant Analysis (RDA).

Figure 2.4: The concept of the Linear Discriminant Analysis

2.4.4.2 Overview of the LDA

The Linear Discriminant Analysis (LDA) is a classification method to find
optimal projection of data set in order to maximize the separability of sam-
ples. It was developed by Ronald Fisher in 1931. The LDA is also re-
lated to the PCA that will describe in the section section 2.5.2. Let assume
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data set which consists of samples X ∈ Rm×N , where m is dimensionality
of input space and N is number of samples. And suppose set of classes
C = {C1, ..., Cl} in the data set where l is number of classes and each sam-
ple xj of data set belongs to a class Ci. The class Ci has Ni samples and
therefore N =

l
i=1Ni. The aim of LDA is to find an optimal samples

projection matrix W such that each set of samples belonging to certain class
Ci is maximally separated from the other classes. One can see that the
LDA finds projection yi = W Txj in accordance to maximize the objective
equation (2.19) as shown in equation (2.18) [46, pp. 103 - 109].

w⋆ = argminw J(w) (2.18)

J(w) =
wTSbw

wTSww
(2.19)

where Sb and Sw are described by equations (2.20) and (2.21).

Sb =
1

N

C

i=1

Ni(yi − y)(yi − y)T (2.20)

Sw =
1

N

C

i=1



j∈Ci

(yj − yi)(yj − yi)
T (2.21)

Equation 2.20 shows between-class scatter matrix, whereas Equation
equation (2.21) represents the within-class scatter matrix, where y is the
global mean vector and yi is the mean vector of the ith class in the feature
space. One can see, the optimal projection w⋆ is possible to calculate using
Rayleigh quotient.

2.4.4.3 The implementation of LDA

import numpy as np
from sk l e a rn import dataset s , lda

i r i s = data s e t s . l o ad_ i r i s ( )
d i g i t s = data s e t s . l oad_d ig i t s ( )
ldc = lda .LDA( )
ldc . f i t ( i r i s . data , i r i s . t a r g e t )
ldc . p r ed i c t ( [ [ 5 . 0 , 3 . 6 , 1 . 3 , 0 . 2 5 ] ] )

Listing 2.2: The Scikit LDA classifier
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2.4.5 Artificial Neural Network

In recent years, one can observe hype with usage the neural networks for
various classification and regression tasks. The Artificial Neural Network
(ANN) has enjoyed unprecedented popularity, not only between academic
societies, but also within commercial sector. For example, the problem where
is high deployment of the ANN model today is self-drive car as the regression
task or detailed object recognition on pictures as the classification task. The
ANN model is a non-linear function that transform an input variable (vector)
to its output variable. The model seeks latent relationship between the intput
variable and the output one by using composite function. The NN model
is constructed by neurons, that they organized into layers. The neurons
and layers create together a topology of the ANN model. The following
sections are organized as follows: first section looks at the basic terminology
and concept of the ANN model, next statements are developing the basic
concept into concrete mathematical description and finaly tha last section
shows pseudo-code of the general NN model.

2.4.5.1 Introduction

The ANN is a model inspired by biological neural network. It is a par-
allel, distributed computing structure consists of elements interconnected
together. The basic element, which called neuron, has certain number of
inputs, one output and activation function. The set of neurons belong to
ANN are organised into layers. The layers, neurons, and their connections
create basic topology of each artificial neural network. The ability of neuron
is transmitting signal from its inputs to its output depending on activation
function. The output of the neuron is connected with one or more neu-
rons. Each connection between neurons has a weight that affects power of
the transmitting signal. The two basic concepts of multilayered ANN are
feed-forward and recurrent neural network. Let assume one input layer, two
hidden layers in the middle and one output layer in both cases. The main dif-
ference between these two neural networks is their topology. In other words,
the topology of neural network defines the way how signals are transmitted
through the neural network. In case of feed-forward neural network signals
from the neurons of the input layer are transmitted directly through hidden
layers to the neurons of the output layer. Hence the signals have only one
direction. On the other hand, the signals, which are transmitting through
layers of recurrent neural network, can have two directions simultaneously.
It means, the neurons from current layer can be connected with the neurons
belong to current layer, next layer(s) and or previous layer(s). Therefore the
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signal from the output of the neuron can be transmitted back to the input of
the neuron from current or previous layer(s). This kind of topology brings
ability to memorise transmitted signal.

2.4.5.2 Overview of the ANN model

For classification task, the neural network needs to learn and adapt to the
data set. The data set consists of p ordered pairs (x1, t1), ..., (xp, tp) where x
represents an input pattern and t is an output target. Both of them, input
pattern and output target, are represented with n andm dimensional vectors.
For example, the data set contains pairs of ECG records together with an
information what kind of the arrhythmia is recorded. It means each pair has
ECG records as an input vector and also associated type of arrhythmia as
an output vector. The question then arises as how to adapt neural network
and measure an accuracy of learning. Before learning process, the common
practice is to divide the data set into three independently subsets that hold
patterns from original data set: training, validation and testing subset. The
training subset is dedicated to learn of the neural network where it calculates
a gradient and updates weights of the neural network. Then it is possible
to measure accuracy of training and again recalculate weights if a result is
unsatisfactory. The validation subset check if the neural network does not
overfit after each learning iteration. It means if the neural network start to
overfit after a while, the error on validation subset will rise. The accuracy
of neural network is performed on the testing subset. Figure 2.5 shows the
topology of the feed forward neural network.

x1

x2

...

xp

f11

f12

...

f1p

f21

f22

...

f2p

fl1

fl2

...

flp

o1

...

om

Figure 2.5: The concept of the feed forward neural network
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2.4.5.3 The Algorithm

While it performs training neural network, the goal is to maximize predictive
accuracy. One way how to measure predictive accuracy of NN is the Root
Mean Square Error function (RMSE). The RMSE measures how well the
neural network minimizes different between actual output patterns from NN
and the output patterns belong to the data set. Equation 2.24 describes the
RMSE function, where p is number of patterns, m is number of dimensions
of an output pattern vector, oi is ith output vector of the output layer, ti is
ith target. More precisely, the goal is now to find a local minimum of the
RMSE function instead of maximize predictive accuracy. One would expect
if there is no different between output patterns from NN and the data set
(RMSE = 0), it means the predictive accuracy achieves maximum on the
data set. One of basic approach to find the local minimum of RMSE function
of feed forward NN is the Back Propagation algorithm (BP). The following
equations describe BP algorithm [46, pp. 569 - 573]:

zi,j =

n

k=1

wi,j,kxk (2.22)

yij = fij(zi,j + bj) (2.23)

E =
1

2

p

i=1

∥oi − ti∥2 (2.24)

δi,l = −(oi − ti)f
′(zi) (2.25)

δi,j =W T
i,jδi,j+1f

′(zi) (2.26)

∂E

∂Wi,j
= δi,j+1y

T
i,j (2.27)

The first step of the back propagation algorithm is to call a forward func-
tion that provides transmission of signals from the input layer to the output
layer. Equations 2.22 and 2.23 describe how a signal is transmitting over
connections to ith neuron of jth layer. The function BackPropagateError
determines an error between outputs of neural network and associated target
patterns. The error is described by equation (2.24). Last step of the back
propagation algorithm is to update weights. The idea how to update weights
is a propagation sum of errors calculated by equation (2.24) back through net
from the output to the input layer and determine correction of each weight.
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The correction is calculated by the gradient descent method as described by
equations 2.27, 2.26 and 2.25. Note that, for the update of weights belong to
last layer l it is used equation (2.25), otherwise equation (2.26). There exist
several modifications of back propagation algorithm to improve find local
optima and also avoid overfitting, such as adding learning rate, momentum
or stochastic gradient descent optimization method. The reader can find
more details about these improvements in [46].

θjx1

...

xp

w1

...

wp

∑
ϕj øj

input activation

Figure 2.6: The concept of the neuron

2.4.5.4 Implementation of ANN

There exist several state-of-the-art frameworks for the ANN. Namely, there
are TensorFlow, Microsoft Cognitive Toolkit (CNTK), Torch, MXNet, or
Theano. Most of them offer API interface for C++, Python, R or Java lan-
guage. The CNTK was chosen as the framework to build the ANN model
for purpose of this thesis. One of the domain of The CNTK is advanced sup-
port for recurrent neural network, batch packing and padding, data readers
or multi-gpu support. Next section introduces the CNTK framework and
how can build the ANN model, especially in the Python environment.

2.4.5.5 CNTK framework

The CNTK is an open source framework for deep neaural network learning.
It offers tool for the Feed Forward Neural Network (FFNN), Recurrent Neu-
ral Network (RNN) like Long-Short Term Memory (LSTM) network. Listing
2.3 shows an example of the ANN model in the CNTK framework.

import matp lo t l i b . pyplot as p l t
import numpy as np
import sys
import os
import cntk as C
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np . random . seed (0 )

# Define the data dimensions
input_dim = 2
num_output_classes = 2

de f generate_random_data_sample ( sample_size ,
feature_dim , num_classes ) :
# Create s y n t h e t i c data us ing NumPy.
Y = np . random . rand int ( s i z e =(sample_size , 1) , low=0,

high=num_classes )

# Make sure t ha t the data i s s epa rab l e
X = (np . random . randn ( sample_size , feature_dim )+3) ∗

(Y+1)
X = X. astype (np . f l o a t 3 2 )
# conver t ing c l a s s 0 in t o the ve c t o r "1 0 0" ,
# c l a s s 1 in t o ve c t o r "0 1 0" , . . .
c las s_ind = [Y==class_number f o r class_number in

range ( num_classes ) ]
Y = np . asar ray (np . hstack ( c las s_ind ) , dtype=np .

f l o a t 3 2 )
re turn X, Y

mysamplesize = 64
f ea tu r e s , l a b e l s = generate_random_data_sample (

mysamplesize , input_dim , num_output_classes )

num_hidden_layers = 2
hidden_layers_dim = 50

input = C. input_var iab le ( input_dim )
l a b e l = C. input_var iab le ( num_output_classes )

de f create_model ( f e a t u r e s ) :
with C. l a y e r s . de fau l t_opt ions ( i n i t=C. l a y e r s .

g lorot_uni form ( ) , a c t i v a t i o n=C. s igmoid ) :
h = f e a t u r e s
f o r _ in range ( num_hidden_layers ) :
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h = C. l a y e r s . Dense ( hidden_layers_dim ) (h)
l a s t_ laye r = C. l a y e r s . Dense ( num_output_classes ,

a c t i v a t i o n = None )

re turn l a s t_ laye r (h)

z = create_model ( input )

l o s s = C. cross_entropy_with_softmax ( z , l a b e l )
eva l_error = C. c l a s s i f i c a t i o n _ e r r o r ( z , l a b e l )

# In s t a n t i a t e the t r a i n e r o b j e c t to d r i v e the model
t r a i n i n g

l ea rn ing_rate = 0 .5
l r_schedu le = C. learn ing_rate_schedule ( l earn ing_rate , C

. UnitType . minibatch )
l e a r n e r = C. sgd ( z . parameters , l r_schedu le )
t r a i n e r = C. Trainer ( z , ( l o s s , eva l_error ) , [ l e a r n e r ] )

# I n i t i a l i z e the parameters f o r the t r a i n e r
minibatch_size = 25
num_samples = 20000
num_minibatches_to_train = num_samples / minibatch_size

# Run the t r a i n e r and perform model t r a i n i n g
tra in ing_progress_output_freq = 20
f o r i in range (0 , i n t ( num_minibatches_to_train ) ) :

f e a tu r e s , l a b e l s = generate_random_data_sample (
minibatch_size , input_dim , num_output_classes )

# Spec i f y the input v a r i a b l e s mapping in the model
to a c t ua l minibatch data f o r t r a i n i n g

t r a i n e r . train_minibatch ({ input : f e a tu r e s , l a b e l :
l a b e l s })

batchs i ze , l o s s , e r r o r = pr int_tra in ing_progre s s (
t r a i n e r , i , verbose=0)

test_minibatch_size = 25
f ea tu r e s , l a b e l s = generate_random_data_sample (

test_minibatch_size , input_dim , num_output_classes )
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t r a i n e r . test_minibatch ({ input : f e a tu r e s , l a b e l :
l a b e l s })

out = C. softmax ( z )

predicted_labe l_probs = out . eva l ({ input : f e a t u r e s })
p r i n t ( "Label : " , [ np . argmax ( l a b e l ) f o r l a b e l in

l a b e l s ] )
p r i n t ( " Pred ic ted : " , [ np . argmax ( row ) f o r row in

predicted_labe l_probs ] )

Listing 2.3: The code example of the CNTK train and test model (Listing
is shortened)

2.4.6 Gradient Boosting model

The Gradient Boosting method is one of the machine-learning supervised
technique that successfully used for classification and or regression problems.
In contrast with other machine learning tenchniques such as SVM or ANN,
a fundamental idea of the Gradient Boosting method is compose “weak”
predictive models into the one strong model. Over time it was describe and
developed two base implementations of the Gradient Boosting algorithm.
Namely, these algorithms are the Adaptive Boosting (AB) and the Gradient
boosting machines.

2.4.6.1 Introduction

Some authors claim the Gradient Boosting model is one of the most powerful
learning method introduced in the last decades. The first idea about Gra-
dient boosting model was published by Freund and Schapire (1997). They
describe general framework of the Gradient boosting model, but also they
introduced the concrete algorithm of the GBM model called the Ada Boost-
ing. Still today, the AB algorithm is one of the most important algorithms
belongs to the Gradient Boosting methods.

2.4.6.2 Overview of Gradient boosting model

The Gradient Boosting model (GBM) can informally divide into three basic
parts as follows:

1. Loss function
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2. A “weak” model

3. Additive (“strong”) model

The form of the loss function depends on the type of the learning problem.
In any case, the loss function has to meet one important condition. The
Gradient boosting algorithm is supervised technique that needs to update
the model depending on the difference between actual output and expected
variables somehow. Therefore the loss function for the Gradient boosting
method must be differentiable. What kind of the loss function will be selected
to solve in the Gradient boosting method relates to type of the learning
problem. If the learning problem is the regression task the loss function
will be obviously defined as mean squared error 2.28 or absolute error 2.29
. On the other hand, if the learning problem becames classification task
the negative log likelihood of the Bernoulli distribution function 2.30 will
be used as the loss function. The following equations describe different loss
functions:

MSE =
1

n

n

i=1

(ȳi − yi)
2 (2.28)

MAE =
1

n

n

i=1

|ȳi − yi| (2.29)

C = − 1

n

n

i=1

(yi log yi + (1− yj) log(1− ȳi)) (2.30)

where n is the number of samples in a dataset, yi is a true output value
and ȳi is an predicted/actual output value of the classificator model.

The gradient boosting method utilizes many type of the learning model
as “weak” models. In summary, it is possible to divide these models into four
categories as listed below. There is no specific limitation for choosing weak
learning model in order to successfully solve the regression or classification
task. The following statements briefly introduce each of them with formal
definition.

1. Linear models

2. Smooth models

3. Decision trees

4. Other models
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2.4.6.3 Weak models

The models, such as the Ordinary Linear Regression (OLR), the Ridge Penal-
ized Linear Regression (RPLR) or the Random Effects (RE), belong to the
Linear model. Equation for general form of the Linear model can be infor-
mally describe as a linear relationship between the multivariate (real-valued)
input variable and the univariate (real-valued) output variable. Formally, the
function Φ : Rd → R described in Equation (2.31) is called General Linear
model (GLM):

Φ(Y ) = β0 +

d

i=1

βiφi(Xi) + ϵ, i = 1, ..., n (2.31)

where d is the number of dimensions of the multivariate input variable,
X = {x1, ..., xd} is the multivariate input variable, Y ∈ R is the univariate
output variable, β = {β0, ..., βn} is regression coeficients, φ = {φ1, ..., φn}
is nonlinear functions and ϵ ∼ N(0, 1) is i.i.d. (random) variable represents
error in the relationship.

Typical example of the Smooth model is the RBF. The RBF described
in following Equation (2.32) is every function such that Φ : Rd → R if there
exists a function φ : [0,∞) → R. Note that, from the above definition implies
the variable X is a multivariate real-value.

Φ(X) = φ(∥X∥) (2.32)

One of the representative function of RBF is the Gaussian Radial Basis
Function (GRBF). The GRBF function ((2.33)) is defined as follows:

Φ(X) =
d

i=1

λi exp(−
(X − Y )2

r2
) (2.33)

where X = {x1, ..., xd} is an multivariate (input) variable of an dataset,
Y is a distinct center point, r is its radius and λ = {λ1, ..., λd} is an coefi-
cient. One of the characteristics feature of GRBF is the output (“response”)
monotonically decreases with increasing distance a datapoint X from the
center r.

Figure 2.7 helps to understand how the decision trees work. The left
side of Figure 2.7 shows two variables x1and x2 and one output variable
Y ∈ {1, 2, 3}. Now, it is possible to recursively divide space between variables
x1and x2 into rectangular sets Aj . The right side of Figure 2.7 shows a tree
that represent how rectangular sets Aj were divided.
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X2 ≤ 6

X1 ≤ 4

3 2

X1 ≤ 6

1 3

Figure 2.7: (Left): A dataset with x1 and x2 variables and (right): corre-
sponding decision tree

Other methods representing the weak learner include Markov Random
Fields or Wavelets. If not otherwise stated, next statements suppose the
GBM model uses decision tree as a weak lerner.

2.4.6.4 Additive model

As was previously mentioned, the GBM model use weak learner models to
ensemble “strong” model. This behaviour has important impact for the learn-
ing phase of the model. The model additively increase weak learner models
in order to minimize the loss function, for example MSE function (2.28) de-
scribed above. The goal of the GBM approach is define greedy procedure for
the stagewise minimization of the loss function. Next statement describes
the greedy procedure of the GBM model.

2.4.6.5 The Algorithm

After the description of the loss function, weak models and additive model,
the following statement denotes the GBM algorithm itself. As well as in
supervised machine learning, the general goal of the GBM model is also
effort to minimize of the loss function. Let suppose N datapoints pair Xj , Yj
of an dataset, where Xj = {x1, ..., xd} is a multivariate input variable of the
dataset and Yj is an univariate output variable of the dataset. For example,
the variable Yj represents labels Yj ∈ {0, 1} for binary classification problem
or the variable can be continues (Yj ∈ R) for regression task. The function
f̄ : Rd → R is minimization of expactations of the loss function as it shows
in Equation (2.34):
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f̄(X) = argminf(X)Ey,x[L(Y, f(X))] (2.34)

where f̄ is the additive model with minimized loss function for the mul-
tivariate input variable X and univariate output variable Y , L is the loss
function and f is the additive model. The definition of f is shown in Equa-
tion (2.35):

f̄(X) =
M

i=1

βifi(X) =
M

i=1

βihi(X; θi) (2.35)

where M is the number of algorithm iterations and fi is the weak model
and βi is the expansion coefficient. The function hi represents parameterized
decision tree of weak model fi, where θi = {Ai, γi} is parameter set of the
tree. The parameter set θi has the region set Ai (describe in 2.4.6.3 on
page 39) and the coefficients γi. The γi represents all outputs for all examples
X associated to the region set Ai.

The question is, how the additive model f̄ is constructed because there is
no closed-form solution for Equation (2.34). Even the closed-form Equation
does not exist, still for the minimization procedure can be used the steepest
gradient descent approach because the loss function L is differentiable. After
compute the gradient of the loss function L, the new additive model forith
iteration step is constructed. In other words, the expected value of the loss
function from previous iteration step, i − 1, is equal or greater than the
expected value from current iteration step i. Equation (2.36) shows the first
step of the gradient descent update:

gij(Xj , Yj , f) =
∂L[Yj , f(Xj)]

∂f(Xj)
(2.36)

where Xj is an jth mutlivariate input variable, Yj is an univariate output
variable associated with the Xj variable, L is loss function and f is the
function of additive model at step i − 1. The second step of the gradient
descent update is the gradient originating from 2.36 transforms to construct
ith decision tree. The step seems to very hard task because it means find
the solution for the boost increment in function space. The solution of this
particular problem is a “proxy”, where instead of working in function space,
one can construct new additive model that is most correlated with −gi(x)
with step-size ρ:
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(θi, ρi) = argminθ,ρ =
N

j=1

(ρh(Xj ; θ)− gij(Xj , Yj , f̄i−1))
2 (2.37)

where N is number of samples in the dataset, θi is found new tree pa-
rameters at ith iteration, h(Xj , θ) is parameterized decision tree. Also the
expansion coefficients can be estimated by Equation (2.38):

βj = argminβ

N

j=1

L(Yj , fi−1(Xj) + βh(Xi; θi)) (2.38)

Finally, Equation (2.39) defines construction of the new model with
(βi, θi) by using least squares fit method obtained from equations 2.37 and
2.38 as follows:

f̄i = f̄i−1 + βih(X, θi) (2.39)

Following Algorithm 2.1 shows pseudo-code of the Gradient Boosting
procedure with Decision Tree:

Algorithm 2.1 The Gradient Boosting procedure with Decision Tree
1: for i=1 to M do
2: Solve gij(Xj , Yj , f) =

∂L[Yj ,f(Xj)]
∂f(Xj)

3: (θi, ρi) = argminθ,ρ =
N

j=1(ρh(Xj ; θ)− gij(Xj , Yj , f̄i−1))
2

4: βj = argminβ
N

j=1 L(Yj , fi−1(Xj) + βh(Xi; θi))

5: f̄i = f̄i−1 + βih(X, θi)
6: end for

2.4.6.6 Implementation of GBM

Today, there exist many mature implementations of GBM models available to
use for classification and regression tasks. Not only commercial software, but
also lot of open-source libraries implement the GBM algorithms. Namely,
the GBM package for R language, sci-kit package for Python language or
XGboost framework written in C++, which has wrappers for Java, R or
Python. The XGBoost became popular among the Kaggle community, where
it has used for larger number of competitions. Therefore the XGboost was
chosen as the implementation of the GBM model for the purpose of this
thesis. Next statement briefly introduces the XGboost framework and how
does it use, especially in the Python environment.
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2.4.6.7 XGBoost

As it was mentioned above, the XGBoost is the GBM framework written
in C++ (based on mxnet framework) and provides several interfaces for
different languages such as R, Python, Java. The XGBoost also offers parallel
and distribute tree boosting and last versions get GPU support. Following
Listing 2.4 shows base example how train and test GBM model using the
XGBoost framework:

import numpy as np
import xgboost as xgb
xg_train = xgb . DMatrix ( train_X , l a b e l=train_Y )
xg_test = xgb . DMatrix ( test_X , l a b e l=test_Y )
# setup parameters f o r xgboos t
param = {}
# use softmax mult i−c l a s s c l a s s i f i c a t i o n
param [ ’ o b j e c t i v e ’ ] = ’ mult i : softmax ’
# sca l e we igh t o f p o s i t i v e examples
param [ ’ eta ’ ] = 0 .1
param [ ’max_depth ’ ] = 6
param [ ’ s i l e n t ’ ] = 1
param [ ’ nthread ’ ] = 4
param [ ’ num_class ’ ] = 6
wa t ch l i s t = [ ( xg_train , ’ t r a i n ’ ) , ( xg_test , ’ t e s t ’ ) ]
num_round = 5
bst = xgb . t r a i n (param , xg_train , num_round , wa t ch l i s t )
# ge t p r e d i c t i on
pred = bst . p r ed i c t ( xg_test )
e r ro r_rate = np . sum( pred != test_Y ) / test_Y . shape [ 0 ]
p r i n t ( ’ Test e r r o r us ing softmax = {} ’ . format ( e r ro r_rate

) )
# do the same th ing again , but output p r o b a b i l i t i e s
param [ ’ o b j e c t i v e ’ ] = ’ mult i : s o f tp rob ’
bst = xgb . t r a i n (param , xg_train , num_round , wa t ch l i s t )
# Note : t h i s convent ion has been changed s ince xgboos t−

un i t y
# ge t p r ed i c t i on , t h i s i s in 1D array , need reshape to

( ndata , n c l a s s )
pred_prob = bst . p r ed i c t ( xg_test ) . reshape ( test_Y . shape

[ 0 ] , 6)
pred_label = np . argmax ( pred_prob , ax i s =1)
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er ro r_rate = np . sum( pred_label != test_Y ) / test_Y .
shape [ 0 ]

p r i n t ( ’ Test e r r o r us ing so f tp rob = {} ’ . format (
e r ro r_rate ) )

Listing 2.4: The code example of the GBM train and test model (Listing is
shortened)

2.4.7 The hyperparameters optimization

Obviously, the supervised learning model consists of units, tens or even hun-
dreds parameters. These parameters called hyperparameters. For example,
in the case of the neural network model, there can be set many hyperparam-
eters such as number of layers, how many neurons will be in each layer, how
the neurons will be connected to neurons from next/previous layer, learning
rate, momentum, loss function or activation function (even for each neu-
ron). It is evident the every admissible set of these hyperparameters can
have great impact on the accuracy of the model. Therefore special attention
must be devoted to the hyperparameters and a way how to find optimal hy-
perparameters set. There exists several different methods how to optimize
hyperparameters set of the supervised learning model in order to achieve
possibly highest accuracy for concrete machine learning task:

1. Grid Search

2. Random Search

3. Hand-tuning

4. Bayesian optimization

2.4.7.1 Grid search

The simplest way how to explore the hyperparameters space is the Grid
search method. The Grid search method employes all possible choice of the
hyperparameter sets. It means the Grid search method creates the admis-
sible sets from cartesian product of all hyperparameters. Next it calculates
accuracy of the model with each hyperparameter set. Finaly, it choose the
hyperparameter set with highest accuracy. The Grid search is good choice
only for the model with low time consuption. If compution time for the
model is high or hyperparameter space is too large, it is better to choose
different approach to find the optimal hyperparameter set.
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2.4.7.2 Random search

The idea behind random search is simple. It will choose randomly n admissi-
ble hyperparameters set. Now the accuracy of the model with each selected
hyperparameters set will measure. Let imagine the scenario where there ex-
ist 100 000 possible combinations of the hyperparameters. It can take even
several years to explore that hyperparameters space. The advantage of the
random search approach in opposite to explore the whole space is takes into
account much lower subspace. If the original space has 100 000 combina-
tions, one can take randomly 1000 sets with the random search technique
with uniform distribution. It takes significantly less computation time than
explore the whole original space.

2.4.7.3 Hand-tuning

The hand-tuning approach is find optimal hyperparameter set by manual
search. Consider the example with neural network model with one hidden
layer. The hidden layer has 100 neurons and the accuracy of the neural
network model is 75 %. In this example, one can try change the number of
the neurons in hidden layer from 100 to 160. The accuracy will be 94%. Next
trial with change the number of hidden neurons from 160 to 260 gets 98%.
It means the impact of the second change is not significant as the previous
one. Of course, the searching space by human achieves better accuracy
than the Grid or Random search. On the other hand, it is clear that for
large hyperparameter space and or very time-consuming supervised learning
model the Hand-tuning aprroach is impractical for real machine learning
tasks. Therefore the next method for find optimal hyperparameter set shows
a way how to automate the Hand-tuning process.

2.4.7.4 Bayesian Optimization

The main goal of the Bayesian Optimization is to compute a posterior dis-
tribution over the objective function based on the dataset and then choose
next hyperparameter set to try with respect to the distribution. Generally
speaking, the goal is to maximize an unknown function which measure the
performance of the hyperparameter set:

xt = argmaxx∈A⊂Rdf(xt−1) (2.40)

The function f is unknown, therefore it doesn’t known if it is possible
to reconstruct the function f and easily find their maximum. Instead of
(re)construct the unknown function f the Bayesian Optimization is focused
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on the posterior distribution over the function f . Therefore the Bayesian Op-
timization employes the Gaussian process (GP) as the function f : X → R,
where X ⊂ RD, in order to find optimal hyperparameter solution. The
reason why choose GP as a prior distribution is due to its flexibility and
tractability. Now, let define a function u : X → R+ that measure how useful
will be to try next point xt+1 if the function f is drawn from the GP prior.
The function u called utility funtion. Based on the utility function u is possi-
ble to maximize posterior over the function f and therefore determine what
hyperparameter set xt+1 should be evaulated next: xt+1 = argmaxxu(x).
In other words, maximize the function u gives the answer what is the best
hyperparameter set xt+1 for next evaluation. There exist several functions
((2.41),(2.42) and (2.43)), called acquisition functions, that maximize the
function u and determines which xt+1 to observe next as the posterior of the
function f . Let assume the observations are of the form {xt, yt}Nn=1, where
yn ∼ N (f(xn), ν) and ν is the variance of noise introduced into the function
observations. The acquisition function depend on the previous observations,
as well as the hyperparameters u(x; {xt, yt}, θ). The GP has mean function
defined as µ(x; {xn, yn}, θ) and it’s variance function as σ2(x; {xn, yn}, θ).
The following statement shows three acquisition functions:

• Probability of Improvement (PI):

u(x; {xt, yt}, θ) = Φ(γ(x)), γ(x) =
f(xbest)− µ(x; {xt, yt}, θ)

σ(x; {xt, yt}, θ)
(2.41)

where the function Φ is the normal cumulative distribution function
and xbest is the current best value such that: xbest = argminxtf(xt).

• Expected Improvement (EI):

u(x; {xt, yt}, θ) = σ(x; {xt, yt}, θ)(γ(x)Φ(γ(x))+N (γ(x); 0, 1)) (2.42)

• GP Upper Confidence Bound (UCB):

u(x; {xt, yt}, θ) = µ(x; {xt, yt}, θ) + κσ(x; {xt, yt}, θ) (2.43)

where κ is a parameter to define tradeoff between exploration and
exploitation

Note that, the Bayesian Optimization, unlike the other methods, takes into
account the history of the hyperparameter searching. It means the Bayesian
Optimization brings tradeoff between exploration and exploitation of the
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hyperparameter space. Therefore the Bayesian optimization method was
chosen to find/optimize hyperparameter sets over the classification tasks in
this thesis. Figure 2.8 shows the distribution of the Gaussian process.

Figure 2.8: The Multivariate Gaussian distribution example

2.5 Unsupervised Learning

2.5.1 Introduction

The unsupervised learning offers a way how the input points of the dataset
can be reduced (compress) or extract lattent features (knowledge discovery)
from the dataset. One of possible view on the unsupervised learning is the
probability model. Let suppose the dataset with time series x1, ..., xt−1 and a
probability distribution model P (xt|x1, ..., xt−1). The unsupervised learning
technique estimates the probability distribution P based on the time series
x1, ..., xt−1 according to the bayes rule:

P (y|x) = P (x|y)P (x)
P (x)

(2.44)

where P (y|x) and P (x|y) are conditional probabilities and P (x) is ob-
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servation probability3.
Before show the formal goal of the unsupervised learning, consider the

unsupervised learning model as a model based on bayes rule. Let suppose a
discrete dataset D = {x1, ..., xN} and a space of models Ω and also let Ω =
{1, ...,M}. Choose the model m ∈ Ω. Its probability distribution over data
points is P (x|m). After observing a dataset D with iid4 the unsupervised
model is given by:

P (m|D) =
P (m)P (D|m)

P (D)
∝ P (m)

N

n=1

P (xn|m) (2.45)

Equation (2.45) describes the posterior over models where P (m) is prior
probability and

N
n=1 P (xn|m) is the likelihood (conditional probability).

The predictive over new observation/data point is estimated as follow:

P (x|D) =
M

m=1

P (x|m)P (m|D) (2.46)

The difference between unsupervised and supervised learning from sta-
tistical point of view is the supervised learning has conditional probability
distribution P (yi|xi,m) meanwhile the unsupervised learning has uncondi-
tional probability distribution P (xi|m). If the model m has parameter set θ,
the goal of the unsupervised machine learning is to find maximum likelihood
θ̄ over all admissible model parameter sets θ:

θ̄ = argmaxθP (D|θ,m) = argmaxθ


n

logP (xn|θ,m) (2.47)

One can think about unsupervised learning as an algorithm to find effi-
cient compression of the data. Let suppose the data D has true probability
distribution P (x) and the goal is to find an efficient encoding model with
probability distribution Q(x). The way how to define the expected coding
cost shows Equation (2.48). It is called the Kullback-Leibler (KL) diver-
gence (or relative entropy). In other words, Equation (2.48) says how the
compression Q(x) is efficient if the “true” probability distribution of the data
is P (x) or how many bits for the model with probability distribution Q(x)
it is needed to efficiently encode data D.

3Note that, the P denotes the probability distribution for discrete case and p is dedi-
cated for the probability density for continues case

4The shortcut iid means independent and identical distribution
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KL(P ∥ Q) =


x

P (x)log
P (x)

Q(x)
(2.48)

In the case P = Q, the KL divergence equals zero, otherwise the KL
divergence is non-negative value.

2.5.2 Principle Components Analysis

The Principal Component Analysis (PCA) is a statistical method which uses
orthogonal transformation to transform a set of possible correlated features
to a set of linearly uncorrelated variables called principal components. The
main goal of this algorithm is to reduce the size of the original feature space.
The PCA extracts the most important information from dataset. In other
words, the PCA computes variables principal component, which are linear
combination of the original variables. Also the PCA reduces size of the
original feature space. Let matrix X represents dataset D = {X1, ..., XN},
where Xi ∈ Rd, N is the number of observations and d is the number of
coordinate components. The original dataset D can be decompose to latent
(hidden) factors zi5, orthonormal matrix Λ and noise ϵ:

X = ΛZT + ϵ (2.49)

where the λ is N × k matrix, the Z is N × l matrix, and noise ϵ is iid.
The goal is minimize average reconstruction error, such that:

J(λ, Z) =
1

N

N

i=1

∥ Xi − X̄i ∥2 (2.50)

Equation (2.50) can be rewritte into the Equation (2.51):

J(λ, Z) =∥ X − λZT ∥2 (2.51)

In this context, the factors zi ∈ Rl wich represents ith row of the matrix
Z are principal components (linear combinations of columns of the matrix
X). Figure 2.9 shows graphical concept of the PCA.

5In the PCA analysis, the zi vector is called scores
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Figure 2.9: The concept PCA

2.5.2.1 Probabilistic PCA

Let assume the model has Ψ = σ2I and Λ is orthonormal. The Ψ means the
noise ϵ is isotropic or it has equal variance, where I is N ×N matrix. The
observed data log-likelihood is defined as:

logp(X|Λ, σ2) = −N
2
ln|C| − 1

2

N

i=1

xTi C
−1xi (2.52)

or alternatively:

logp(X|Λ, σ2) = −N
2
ln|C|+ tr(C−1Σ) (2.53)

where C = λλT + Ψ . The goal is to maximize log-likelihood (2.52) or
(2.53).

2.5.3 Hessian-based Locally Linear Embedding

The Hessian Locally Linear Embedding (HLLE) is the unsupervised learning
technique that mapping data points from the original data space to non-
linear structure called the non-linear manifold. The manifold lies in the
smaller space than the original one. More formally, given n data points
xi

n
i=1, xi ∈ M , and each point lies in a high dimensional space, such that

M ⊂ RD. There exists function ψ as the mapping ψ : RD → Rd, where
d≪ D. The local structure of the manifold is preserved. Also note that, the
mapping from high dimensional space to low dimensional space is non-linear.
The mapping from original space to lower dimensional space can be written
as:
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M = ψ(Θ) (2.54)

where Θ ⊂ Rd is parameter space where is described the manifold of the
dataset M . As was written before, the local structure of the manifold is
preserved. It can be formal defined as isometry. Therefore let suppose two
points that lie in the original space M :

m = ψ(θ), m̄ = ψ(θ) (2.55)

The isometry is defined as following Equation (2.56):

dM (m, m̄) = ∥θ − θ̄∥ (2.56)

The isometry says, the distance dm between points m and m̄ in the
original space M is equal to the distance of same points in the manifold (low
dimensional) space: ∥θ − θ̄∥.

Second important condition that must be met is convexivity. It means
the parameter space Θ is convex subset of Rd. If θ and θ̄ is a pair of points
in Θ, then the line segment (1− t)θ + tθ̄ : t ∈ (0, 1) lies in Θ. The HLLE
algorithm consists of following steps:

1. Find nearest neighbors: For each data point mi, find the indices corre-
sponding to the k-nearest neighbors in Euclidean distance. Let N(mi)
denote the collection of those neighbors.

2. Obtain tangent coordinates: Perform the Singular Value Decomposi-
tion (SVD) on the points in N(mi), getting their tangent coordinates.

3. Develop Hessian estimator: Develop the infrastructure for least-squares
estimation of the local Hessian operator H i.

4. Develop quadratic form: Build a symmetric matrix H̄ having, in coor-
dinate pair ij, the entryH̄i,j =


l


r((H

l)r,i(H
l)r,j). H̄ approximates

the continuous operator H.

5. Compute the embedding from the estimated H functional: Perform an
eigenanalysis of H̄ and choose Y to be the eigenvectors corresponding
to the d smallest eigenvalues, excluding the constant eigenvector.

Figure 2.10 shows graphical representation of the mapping ψ−1 from original
space M to transformed low dimensional space using (H)LLE.
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Figure 2.10: The example of Hessian LLE algorithm

2.5.4 t-Distributed Stochastic Neighbor Embedding

The t-Distributed Stochastic Neighbor Embedding (t-SNE) is a probabilistic
approach to place objects with high-dimensional representation to lower-
dimensional space regarding to preserve neighbor identities. This method do
approximation of probability distribution of neighboring points in the high-
dimensional space with their probability distribution in a lower-dimensional
space. Figure 2.11 shows example of the t-SNE algorithm.

The asymmetric probability in high-dimension qij that object i picks as
its neighbor j from set S is done by Equation with Gaussian neighborhoods:

qij =
exp(−d2ij)

k∈S,k ̸=i exp(−d2ik)

where d2ij is dissimilarity between two points xi and xj in high-dimensional
space. It may be described in problem definition or may be computed using
the scaled Euclidean distance:

d2ij =
∥xi − xj∥2

2σ2i

where σi is a variance and could be set by hand or found by binary search.
Lower-dimension probability rij that point i picks as its neighbor point

j is obtained by Equation:

rij =
exp(−∥yi − yj∥2)

k∈S,k ̸=i exp(−∥yi − yk∥2)
where the dissimilarity between points yi and yj is with fixed variance (set

to 1
2). Finally the aim of dimension reduction in SNE is to match probability
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distributions qij and rij as much as possible. It is done by minimizing cost
function which is sum of Kullback-Leiber divergences between these two
distributions over neighbors for each object from set S:

C =


i,j∈S,i̸=j

qij log
qij
rij

=


i∈S
KL(Qi||Ri)

Minimization could be done by gradient descent approach using this func-
tion:

∂C

∂yi
= 2



j∈S,j ̸=i

(yi − yj)(qij − rij + qji − rji)

Figure 2.11: The example of t-SNE algorithm

2.5.5 Auto-Encoder

The Auto-Encoder model (AE) is the kind of the ANN designed for unsu-
pervised learning. Let’s remind the concept of the neural network including
the backpropagation algorithm was described in one of the previous section,
concretely the section Artificial Neural Network on the page 31 in the chap-
ter Supervised Learning. The goal of the AE is reduced the input space
to the lower dimensional space. Figure 2.12 shows the AE topology. Each
neural network has the input and output layers. But in this case, the AE
doesn’t work with the target values (the target value may not exist). In-
stead, Figure 2.12 shows the output layer has identical number of neurons
as the input layer. Therefore the input values of the dataset play role as the
input of the AE, but also as the output of the AE. In other words, the AE
model is self-supervised regression technique where the desired output vector
is the input vector. It means the loss function knows the target values and
the AE employs the backpropagation algorithm to estimate neuron weights
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as in case the “standard” ANN. For explanation how the AE work, consider
multi-channels ECG dataset. The aim is to reduce input space to lower
dimensional manifold, like the previous techniques such as (Prob)PCA or
(H)LLE. The most middle layer of the AE has equal number of the neurons
with dimension of the reduced space. If the ECG dataset has m channels,
and the manifold space has n dimension, where d ≪ m, the input and out-
put layers have m neurons and the middle layer has n neurons. In other
words, the AE model projects the input values to the output values (same
as the input values) through reduced space. According to the general ANN
topology, the AE can have several layers between the input and the middle
layer and or the middle and the output layer. Also there can be recurrent
layers in the AE.
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Figure 2.12: Concept of the Auto-Encoder
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3. Experiments and results

3.1 Introduction

In this section I introduce methodology and experiments based on the classi-
fication methods described in the previous chapter Machine Learning. There
exist three paradigms how to evaluate the automated system for classification
of the ECG recordings:

• Intra-Patient

• Inter-Patient

• Patient-Adapted/Patient-Specific

The Intra-Patient paradigm is focused only on classification of the ECG
annotations without care if the part of the patient ECG signals are already
included in the training or testing subset. It other words, there is no rule how
to ensamble training and testing subset based on the patient identification
and therefore training and testing subset are created by randomly splitting
the whole ECG dataset. For example, the one part of the ECG signals
belonging to the one patient can occur in training dataset and simultaneously
the second part of the ECG data originated from the same patient is in the
testing dataset. Therefore the Intra-Patient paradigm brings very optimistic
evaluation of the performance and it is not suitable with realistic scenario,
see [41].

The second paradigm is called the Inter-Patient. The Inter-Patient para-
digm does not split the ECG signals of one specific patient between training
and testing subset. Instead, if ECG signals belong to one specific patient are
in the training dataset, it can not be in the testing subset simultaneously.
Therefore the evaluation of the expert system with Inter-Patient paradigm
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has more realistic results and it shows robustness of such classification system
than in the case Intra-Patient paradigm, see [23].

The last paradigm is Patient-Adapted or sometimes called Patient-Specific
paradigm. This paradigm mix approaches of both paradigms described above
in specific way. Instead of randomly splitting the whole dataset of all ECG
signals between training and testing subsets as it is in the case of the Intra-
Patient paradadigm, the testing subset can have up to 5 minutes from the
ECG signal beginning belongs to tested patient, see [11, 24].

In this work, I present evaluation of all paradigms mentioned above.
In case of Inter-Patient and Patient-Adapted paradigms I follow the AAMI
standard [3]. The following sections discuss methodology, and experiment
results with proposed novel methods of the supervised and the unsupervised
techniques in the tasks of the arrhythmia classification. The Intra-Patient
experiments were performed based on following works: [67, 69, 70, 68]. The
results of all AAMI experiments have been submitted in [66].

3.1.1 Methodology

Figure 3.1 shows the scheme of proposed approach. In first step called ECG
preprocessing, it was removed noise and trend from the raw ECG signals.
The first step is described in section 3.1.2 in more details. Next I seg-
mented preprocessed ECG signal based on ECG annotations, see section
section 3.1.3. After segmentation of the ECG signals I extracted impor-
tant features from each segment and prepared training and testing subsets.
Fourth step represents classification model learning with training subset.
Finally, in the last step I evaluated of proposal methods and compare the
results with other works.
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Raw ECG signal

ECG preprocessing

Segmentation

Feature extraction

Training Classifier

Measure Performance

Figure 3.1: The proposed scheme of experiments
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3.1.2 ECG Preprocessing

Each ECG timeseries contain trends regardless dataset or kind of the nor-
mal/arhythmia ECG beat and one can say the trend is not intrinsic to the
dataset. The trends in the timeseries can decrease the performance of pro-
posed method. Therefore each trend was removed from the timeseries. As
a method to remove the trend from ECG data was choosed a Polynomial
curve fitting (3.1):

y = a0 +
n

i=1

pix
i (3.1)

where y is an output vector, x is an input vector, n is the order of the
polynomial and pi is the polynomial coefficient. Also each ECG beat was
centered and scale to range from -1 and 1. Figure 3.2 show ECG timeseries
before and after the detrending and normalizing process.

Figure 3.2: ECG timeseries before and after detrending and normalizing

After the detrending procedure of the ECG timeseries, I calculated the
Discrete Wavelet transformation (DWT) as describe Equation 3.2.

Wsf(x) = f(x) ∗Ψs(x) =
1

s

 +∞

−∞
f(t)Ψ(

x− t

s
)dt (3.2)

where s is scale factor and Ψs(x) = 1
sΨ(xs ) is the dilation of a basic

wavelet Ψ(x) by the scale factor s [65, 69]. As the mother wave for DWT
we selected “db4”. After DWT computation we performed thresholding in
the wavelet domain. Next, we shrank wavelet coefficients by thresholding.
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Figure 3.3: Comparison ECG signals before and after applied DWT

Finally, we reconstructed the ECG signal from thresholded wavelet coeffi-
cients using inverse DWT transformation. See Figure 3.3 for details how
ECG signal looks before and after removing high frequency noise. After sig-
nal denoising procedure I rescaled the ECG recordings to normal range from
-1 to 1.

3.1.3 Segmentation

For classification purpose we divided each preprocessed ECG waveform into
segments and created segmented dataset, such as (X1, Y1), ..., (Xp, Yp), where
p is the number of all segments created from preprocessed recordings, Xi

represents vector of samples belongs to one segment and Yi is associated
annotation located nearby each R-peak in original MIT-BIH database. Con-
cretely, for every segment we chose 70 samples before and 20 samples after
R-peak location.

3.1.4 Feature Selection

The feature selection is the most important step to achieve high accuracy
in the ECG classification task. In last decades there were invented several
methods what and how it is possible to get from the ECG raw (prepro-
cessed) signal. In general sense, depends on what it is extracted/calculated
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Parameter Value/Type
Topology [I(90), D(90), BN, D(32), BN, D(90), O(90)]
Loss function RMSE
Optimizer RMSPROP
Learning rate 0.01

Table 3.1: The AE setup and hyperparameters

from the ECG signal as feature for classification step, the feature selection
can be divided into three basic groups. First group is temporal features. The
temporal features include statistics information about the ECG signal, for
example, R-R interval, average R-R interval over the past several beats or
width of the QRS complex, see [24, 14]. The second group is morphological
features. It includes features such as slopes, peaks, amplitudes and shape of
the ECG signal and or cosine, wavelet transformation or Hermite functions
[15, 30, 47, 33]. The last group is statistical features, such as mean, stan-
dard deviation, energy and coefficient variance obtained from time-frequency
domain [63, 21]. However, in this thesis it was used mixed approach of mor-
phological temporal features. It is hard to determine what morphological
feature can significantly increase accuracy of the ECG arrhythmia classifi-
cation. Therefore, instead of the manual determination what could be pos-
sibly useful morphological features, it was performed the neural network to
extract useful features based on the morphological properties of the ECG
signal. Concretely, In this thesis, I employed AE model (see section 2.5.5 of
this thesis) for extracting important features from ECG waveform. In addi-
tion to extracted features, I also included temporal features for classification
step. There were calculated R-R intervals from last 30 heartbeats (included
the current one). The other works have been proved that the AE model has
higher efficiency in the task of the ECG arrhythmia classificiation, such as
[17, 7, 60, 2]. It was performed the bayesian optimization method (as it was
described in 2.4.7.4) to find optimal hyperparameters of the AE model. Con-
cretely, the AE model with 3 dense layers was built. The first and last dense
layer has 90 neurons and second dense layer (“latent layer”) has 32 neurons.
Table 3.1 shown details of the AE model. Note that, I(n) means an input
layer, D(n) is a dense layer, BN is a batch normalization layer, O(n) is an
output layer and n is number of output neurons from each layer. The AE
transforms each segment Xi into 32 dimensional latent space. Figure 3.4
shows one example how extracted features obtained from the normal ECG
heartbeat look like.



61

Figure 3.4: The example of the selected features obtained from the normal
ECG heartbeat

3.1.5 Classification

The Inter-Patient and Patient-Adapted paradigm have specific scenario how
to divided the ECG dataset into the training and the testing subsets as it was
discussed in the introduction of this part. There were two classifiers in the
experiments based on the results obtained from Intra-Patient experiments
and or promising results achieved across different research areas. First was
the GBM model based on the Intra-Patient results and second one was ANN
model because the model, especially deep Neural Network has high attention
in last decade in many industry and research areas. See Tables 3.2 and 3.3
for concrete setup and hyperparameters of the GBM and ANN models. Also
I measured confustion matrix, sensitivity, specificty, precision and overall
accuracy. These statistics were calculated in the same way as it was proposed
in [15, 39]. Table 3.4 shows confusion matrix as is described in [39]. For the
i-th class nTii is the number of correctly classified examples and nFij is the
number of examples of class i classified as class j; Ni is the total number of
examples for class i, Pi is the number of examples classified as class i and
NT is the total number of examples in the dataset, see [39].

The classification step depends on the paradigm that was used. In the
case of the Intra-Patient paradigm, there were performed 10 cross validation
to evaluate classification methods. As it was mentioned in section §3.1, the
Intra-patient paradigm does not care if the whole ECG data belonging to
the patient is only in one subset: the training subset or the testing sub-
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set. It means each ECG dataset dedicated to Intra-Patient experiments was
divided into training and testing subsets according k-fold cross validation
method. The performance of the experiments was performed by measure
the confustion matrix, the sensitivity, the specificty, the precision and the
overall accuracy as it was discussed in Section Perfomance.

Ni = nTii +


m̸=i

nFim (3.3)

Pi = nTii +


m̸=i

nFmi (3.4)

NT =

C

i=1

Ni =

C

i=1

Pi (3.5)

Ti =

C

m̸=i

Nm −
C

m ̸=i

nFmi (3.6)

Then Si , P+
i and Spi for the i-th class are defined as

Si =
nTii
Ni

(3.7)

P+
i =

nTii
Pi

(3.8)

Spi =
Ti

Ti + Pi − nTii
(3.9)

And the Overall Accuracy (Oa), the Sensitivity (Se) and the Positive
predictivity value (Pp) and the Specificity (Sp) are calculated as

Oa =
1

NT

C

i=1

nTii =

C

i=1

Ni

NT
Si (3.10)

Se =
1

C

C

i=1

Si (3.11)

Pp =
1

C

C

i=1

P+
i (3.12)
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Sp =
1

C

C

i=1

Spi (3.13)

Parameter Value/Type
Topology [I(62), D(32), BN, D(16), BN, O(5)]
Loss function Cross-Entropy
Optimizer RMSPROP
Learning Rate 0.01

Table 3.2: The ANN setup and hyperparameters

Parameter Value/Type
Depth 10
Eta 0.01
Estimators 200
Boost Round 200
Min child weight 1
Subsample ratio 1

Table 3.3: The Gradient Boosting setup and hyperparameters

Estimated classes
1 · · · i · · · C






1 nT11 · · · nF1i · · · nF1C N1
...

...
. . .

...
...T

rue
classes

i nFi1 · · · nTii · · · nFiC Ni

...
...

...
. . .

...
C nFC1 · · · nFCi · · · nTCC NC

P1 · · · Pi · · · PC NT

Table 3.4: The Confusion matrix for AAMI experiments
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3.2 Intra-Patient Experiments

3.2.1 MIT-BIH Experiment

The MIT-BIH Arrhythmia Database has 48 half-hour excerpts of two-channel
ECG recordings. These records were obtained from 47 subjects sutdied by
the BIH Arrhythmia Laboratory between 1975 and 1979. Twenty-three
recordings were chosen at random from a set of 4000 24-hour ambulatory
ECG recordings collected from a mixed population of inpatients (about 60%)
and outpatients (about 40%) at Boston’s Beth Israel Hospital; the remain-
ing 25 recordings were selected from the same set to include less common
but clinically significant arrhythmias that would not be well-represented in
a small random sample.

Before learning and testing each supervised learning model there were
choosed several kind of the ECG arrhythmia beat and ECG normal beat
obtained from the MIT-BIH dataset. The reason why did not use all dataset
was small number of occurences in several ECG classes. Table 3.5 describes
what kind and how many of the ECG beats were used for the arrhythmia
classification experiments.

Name Shortcut Annotation Count
Normal Normal N 74434

Premature ventricular contraction PVC V 7075
Atrial premature beat AP A 2525

Right bundle branch block beat RBBB B 7200

Table 3.5: MIT-BIH annotation

Before classification phase each trial of the dataset was also preprocessed
in order to detrend signals and reduce noise. The next sections describe the
performance of each classification model in more details.

3.2.1.1 SVM model

Table 3.6 shows the performance results for SVM classifier in average based
on 10-fold cross validation procedure. The SVM classifier detected all ECG
beats with high accuracy. More concretely, the SVM correctly detected
4776.9 normal beats, whereas the SVM classifier misclasified only 215.1 nor-
mal beats as different class. In case of PVC there were 4925.9 correctly clas-
sified beats and misclassified only 66.1 beats. The SVM model had slightly
worse result in case of the AP beats. There were 3855.5 correctly classified
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beats and in opposite 1136.5 misclassified beats. The SVM model achieved
highest accurace for the last one, the RBBB beats. Concretely, the classifier
detect correctly 4983.3 beats and only 8.7 beats were misclassified. Figure
3.5 shows the sensitivity, precision, specificity and accuracy results for each
cross validation fold. Note that, the x-axis of Figure 3.5 represents 10 folds
and y-axis shows the result in percentage (higher is better).

Normal PVC AP RBBB
Normal 4776.9 103.0 48.2 63.9

PVC 30.9 4925.9 24.9 10.3
AP 84.6 788.8 3855.5 263.1

RBBB 8.6 0.0 0.1 4983.3
Sensitivity 95.69 98.68 77.23 99.83
Specificity 99.17 94.05 99.51 97.75
Precision 97.49 84.86 98.15 93.66
Accuracy 98.3 95.2 93.94 98.27

Table 3.6: The confusion matrix of the SVM classifier

Figure 3.5: The SVM cross validation statistics
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3.2.1.2 LDA model

Table 3.7 shows the performance results for the LDA classifier in average
based on 10-fold cross validation procedure. Also the LDA classifier achieved
higher accuracy. The LDA model correctly detected 4426.5 normal beats and
misclassified 565.5 normal beats. As shown in Table 3.7 the LDA correctly
classified 4879.5 beats and misclassified only 108.6 beats in case of PVC.
The LDA was worse result in case of the AP beats as it was in the SVM
classification. Concretely, the LDA classifier correctly determined 3576.3
beats and incorrectly 1415.7 beats. The 4961.7 RBBB beats was correclty
identified by the LDA model and 30.3 beats were wrong classified. Figure
3.6 shows the sensitivity, precision, specificity and accuracy results for each
cross validation fold.

Normal PVC AP RBBB
Normal 4426.5 319.6 94.8 151.1

PVC 36.2 4879.5 40.5 35.8
AP 256.4 862.7 3576.3 296.6

RBBB 4.9 23.3 2.1 4961.7
Sensitivity 88.67 97.75 71.64 99.39
Specificity 98.01 91.95 99.08 96.77
Precision 93.71 80.51 96.31 91.14
Accuracy 95.68 93.4 92.22 97.43

Table 3.7: The confusion matrix of the LDA classifier



67

Figure 3.6: The LDA cross validation statistics

3.2.1.3 NN model

Table 3.8 shows the performance results for NN classifier in average based
on 10-fold cross validation procedure. The NN classifier detected correctly
3864.2 normal beats and wrongly detected 1127.8 normal beats. In the
case of the PVC class, the NN corrected detected 3546.1 beats, but there
were misclasified 1445.9 beats. Next class, the AP class, brings following
results: there were 1727.6 correctly annotated beats by the NN model and
incorrectly annotated 3264.4 beats. Last class was RBBB beats. The results
of the RBBB class were as follows: 1979.3 beats were correctly detected
and 3012.7 beats were wrongly detected. Figure 3.7 shows the sensitivity,
precision, specificity and accuracy results for each cross validation fold. Note
that, the x-axis of Figure 3.7 represents 10 folds and y-axis shows the result
in percentage (higher is better).
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Normal PVC AP RBBB
Normal 3864.2 474.4 539.5 113.9

PVC 68.8 3546.1 203.2 1173.9
AP 1027.5 1727.6 1935.8 301.1

RBBB 1667.3 582.9 762.5 1979.3
Sensitivity 77.41 71.04 38.78 39.65
Specificity 81.55 81.4 89.95 89.39
Precision 61.0 64.34 nan 73.43
Accuracy 80.51 78.81 77.16 76.96

Table 3.8: The confusion matrix of the NN classifier

Figure 3.7: The NN cross validation statistics

3.2.1.4 GBM model

Following Table 3.9 shows the performance results for Gradient Boosting
classifier in average based on 10-fold cross validation procedure. The Gra-
dient Boosting classifier also detected all ECG beats with high accuracy.
In more detail, the Gradient Boosting model was corrected detected 4660.7
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normal beats and 331.3 normal beats were detected wrongly. In case of sec-
ond class, PVC class, Table 3.9 shows that 4893.5 correctly classified beats
and misclassified 98.5 beats. Third class, AP class, gets following results:
3456.9 correctly classified beats and in opposite the AP class gets 1535.1 mis-
classified beats. The Gradient Boosting model in the last case, RBBB class,
detected 4752.8 beats correctly, whereas 239.2 beats was detected incorrectly.
Figure 3.8 shows the sensitivity, precision, specificity and accuracy results
for each cross validation fold. Note that, the x-axis of Figure 3.8 represents
10 folds and y-axis shows the result in percentage (higher is better).

Normal PVC AP RBBB
Normal 4660.7 116.8 62.0 152.5

PVC 9.2 4893.5 68.4 20.9
AP 422.9 864.8 3456.9 247.4

RBBB 123.4 45.2 70.6 4752.8
Sensitivity 93.36 98.03 69.25 95.21
Specificity 96.29 93.14 98.66 97.19
Precision 89.37 82.93 94.5 91.87
Accuracy 95.56 94.36 91.31 96.69

Table 3.9: The confusion matrix of the GBM classifier
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Figure 3.8: The GBM cross validation statistics

3.2.1.5 Results

The experiment compares the performance of the following classifiers: LDA,
SVM, NN and GBM model. In summary, all classifiers have similar and
very high results. Concretely, the LDA and SVM classifiers have highest
and very similar results. On the other hand, the NN classifier has the results
unstable. As shown in Figure 3.7 for some folds the accuracy decrease to only
50%. The reason why the NN model has worse the accuracy in comparison
with other classifier is that the model is more sensitive to oversampled ECG
dataset and the noise. Therefore the NN model requires more original ECG
beats in the classes where there are the lower number of the ECG beats.
On the other hand, Figure 3.8 clearly shows the GBM achieved promising
results for all investigated ECG classes.

3.2.2 Physionet Challenge 2017

The database denoted to the PhysioNet/CinC Challenge 2017 contains four
types ECG timeseries. There are normal sinus rhythm, the Atrial Fibrillation
(AF), an alternative rhythm, or is too noisy. For the following experiments
were involved all of these ECG timeseries. The Atrial Fibrillation is defined



71

Name Shortcut Annotation Count
Normal Normal N 5011

Atrial Fibrillation AF A 733
Noisy Noisy ~ 282

Other rhythm Other O 2437

Table 3.10: Physionet Challenge 2017 annotation

as a “tachyarrhythmia characterized by predominantly uncoordinated atrial
activation with consequent deterioration of atrial mechanical function” by
the American College of Cardiology (ACC). Each ECG sample has between
30 and 60 secodns in length. Table 3.10 describes what kind and how many of
the ECG timeseries were used for the arrhythmia classification experiments.

3.2.2.1 SVM model

The following Table 3.11 shows the performance results for SVM model in
average based on 10-fold cross validation procedure. The model predicted
correctly 421.3 normal beats, but the model predicted misclasified 574.7
normal beats. There were annotated correctly 628.5 beats and incorrectly
367.5 beats in the case of the PVC class. For third class, the AP class, model
determined correctly 166.5 beats and in opposite incorrectly 829.5 beats.
Also Table 3.11 shows, that the SVM model detected correctly 181.1 beats
and 814.9 beats were misclassified for the RBBB class. Figure 3.9 shows the
sensitivity, precision, specificity and accuracy results for each cross validation
fold. Note that, the x-axis of Figure 3.9 represents 10 folds and y-axis shows
the result in percentage (higher is better).

Normal PVC AP RBBB
Normal 421.3 385.2 115.2 74.3

PVC 85.6 628.5 161.7 120.2
AP 111.8 570.2 166.5 147.5

RBBB 54.9 594.0 166.0 181.1
Sensitivity 42.3 63.1 16.72 18.18
Specificity 91.56 48.15 85.18 88.55
Precision 62.92 28.36 nan nan
Accuracy 79.24 51.89 68.06 70.96

Table 3.11: The confusion matrix of the SVM classifier
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Figure 3.9: The SVM cross validation statistics

3.2.2.2 LDA model

Table 3.12 shows the performance results for the LDA classifier in average
based on 10-fold cross validation procedure. The LDA classifier identified
correctly 234.5 beats and misclassified 761.5 beats for the normal class. As
Table 3.12 shows the LDA correctly classified 473.1 beats and misclassified
522.9 beats in case of the PVC class. There were determined correctly 258.2
beats and incorrectly 737.8 beats for the AP class. The model predicted
correctly 379.8 beats and incorrectly 616.2 beats for the RBBB class. Figure
3.10 shows the sensitivity, precision, specificity and accuracy results for each
cross validation fold.
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Normal PVC AP RBBB
Normal 234.5 377.2 143.7 240.6

PVC 99.4 473.1 148.1 275.4
AP 111.2 345.6 258.2 281.0

RBBB 91.8 363.5 160.9 379.8
Sensitivity 23.54 47.5 25.92 38.13
Specificity 89.88 63.64 84.85 73.33
Precision 37.3 33.03 33.39 33.38
Accuracy 73.3 59.61 70.12 64.53

Table 3.12: The confusion matrix of the LDA classifier

Figure 3.10: The LDA cross validation statistics

3.2.2.3 NN model

Table 3.13 shows the performance results for NN model in average based
on 10-fold cross validation procedure. The NN model detected correctly
370.8 beats and detected wrongly 625.2 beats for the normal class. There
were predicted correctly 327.3 beats and the model misclasified incorrectly
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668.7 beats for the PVC class. Table 3.13 shows the model determined
correctly 180.3 beats and the model annotated incorrectly 815.7 beats for
the AP class. The results of the RBBB class were as follows: 348.7 beats
were correctly detected and 647.3 beats were wrongly detected. Figure 3.11
shows the sensitivity, precision, specificity and accuracy results for each cross
validation fold. Note that, the x-axis of Figure 3.11 represents 10 folds and
y-axis shows the result in percentage (higher is better).

Normal PVC AP RBBB
Normal 370.8 215.8 199.5 209.9

PVC 193.0 327.3 181.3 294.4
AP 213.8 290.6 180.3 311.3

RBBB 161.5 309.9 175.9 348.7
Sensitivity 37.23 32.86 18.1 35.01
Specificity 80.98 72.68 81.37 72.7
Precision nan nan nan 30.96
Accuracy 70.04 62.73 65.55 63.28

Table 3.13: The confusion matrix of the NN classifier
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Figure 3.11: The NN cross validation statistics

3.2.2.4 GBM model

The following Table 3.14 shows the performance results for GBM model in
average based on 10-fold cross validation procedure. The model correctly
detected 289.3 beats as normal beats, whereas the model misclasified 706.7
beats as other class. In case of second class, the PVC class, there were
predicted corretly 172.7 beats and incorrectly 823.3 beats. For the class AP,
the model predicted correctly 299.8 beats and in opposite 696.2 beats were
misclassified. Table 3.14 shows the GBM in the last case, the RBBB class,
detected correctly 508.7 beats, whereas the model determined incorrectly
487.3 beats. Figure 3.12 shows the sensitivity, precision, specificity and
accuracy results for each cross validation fold. Note that, the x-axis of Figure
3.12 represents 10 folds and y-axis shows the result in percentage (higher is
better).



76

Normal PVC AP RBBB
Normal 289.3 118.3 246.8 341.6

PVC 83.4 172.7 271.6 468.3
AP 92.2 157.2 299.8 446.8

RBBB 65.1 164.5 257.7 508.7
Sensitivity 29.05 17.34 30.1 51.07
Specificity 91.94 85.27 74.03 57.94
Precision 52.09 31.74 26.36 29.89
Accuracy 76.22 68.29 63.04 56.22

Table 3.14: The confusion matrix of the GBM classifier

Figure 3.12: The GBM cross validation statistics

3.2.2.5 Results

The experiment shows the performance of the LDA, SVM, NN and GBM
in the task of the arrhythmia Challenge 2017. In opposite to previous ex-
periment, the results show worse performance in classification task. The
reason why the results in all cases was significantly lower than the results
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in the MIT-BIH experiment is due to small number of the samples in the
dataset. In the case of AF and noisy classes the dataset had to be signif-
icantly oversampled before training phase. There is no clear “winner” in
this experiment, but the SVM and GBM models achieved the most suiTable
accuracy for further usage in the expert system.

3.2.3 St.-Petersburg Institute of Cardiological Technics 12-
lead Arrhythmia Database

The database INCART consists of 75 ECG recordings obtained from 32
Holter records. Each record was annotated and it is 30 minutes long. Each
record contains 12 standard leads, each sampled at 257 Hz, with gains varying
from 250 to 1100 analog-to-digital converter units per millivolt. In summary,
the database has roughly 175,000 annotated beats. The original records were
collected from patients undergoing tests for coronary artery disease (17 men
and 15 women, aged 18-80; mean age: 58). Table 3.15 describes what kind
and how many of the ECG beats were used for this arrhythmia classification
experiments.

Name Shortcut Annotation Count
Normal Normal N 149163

Premature ventricular contraction PVC V 19847
Atrial premature beat AP A 1927

Right bundle branch block beat RBBB B 3147

Table 3.15: INCART annotation

Within the preprocessing step described in the Bayesian Optimization
on page 70 the 12 leads of each record were reduced by dimension reduction
techniques desribed in the section Unsupervised Learning on page 47. Fol-
lowing methods were used for dimension reduction: the Autoencoder, the
PCA, the tSNE, the HessianLLE and the ProbPCA.

3.2.3.1 SVM with AE model

The following Table 3.16 shows the performance results for SVM classifier
in average based on 10-fold cross validation procedure. The SVM classifier
with Autoencoder detected 1850.3 normal beats, whereas misclasified 3141.7
normal beats as different class. For the PVC class there were 1636.7 correctly
classified beats and misclassified 1106.8 beats. Third class was AP beats.
In this case the pair SVM and Autoencoder model had following results:
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1847.8 correctly classified beats and 3144.2 misclassified beats. There were
1923.3 correctly classified beats and in opposite 3068.7 misclassified beats
for the class RBBB. Figure 3.5 shows the sensitivity, precision, specificity
and accuracy results for each cross validation fold. Note that, the x-axis
of Figure 3.5 represents 10 folds and y-axis shows the result in percentage
(higher is better).

Normal PVC AP RBBB
Normal 1850.3 1196.0 907.3 1038.4

PVC 1111.9 1636.7 1136.6 1106.8
AP 1175.9 1273.2 1847.8 695.1

RBBB 1148.0 1220.3 700.4 1923.3
Sensitivity 37.07 32.79 37.02 38.53
Specificity 77.06 75.36 81.68 81.03
Precision 35.18 30.72 40.81 39.8
Accuracy 67.06 64.72 70.51 70.41

Table 3.16: The confusion matrix of the SVM with AE model

Figure 3.13: The SVM with AE cross validation statistics
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3.2.3.2 SVM with PCA model

Table 3.17 shows the performance results for the SVM classifier and PCA in
average based on 10-fold cross validation procedure. The SVM with PCA
model achieved following results: for the Normal class the SVM with PCA
model correctly classified 4249.2 normal beats and misclassified 742.8 normal
beats as other class. Also Table 3.17 shows the SVM with PCA model
correctly predicted 3539.5 beats and misclassified 1452.5 beats in case of
PVC class. The SVM with PCA model correctly determined 4223.4 beats
and incorrectly 768.6 beats in case of the AP class. The 4439.1 RBBB beats
were correclty identified by the SVM with PCA model but 552.9 RBBB beats
were wrong classified. Figure 3.14 shows the sensitivity, precision, specificity
and accuracy results for each cross validation fold.

Normal PVC AP RBBB
Normal 4249.2 496.2 128.9 117.7

PVC 1109.1 3539.5 322.3 21.1
AP 185.3 579.9 4223.4 3.4

RBBB 431.1 91.0 30.8 4439.1
Sensitivity 85.12 70.9 84.6 88.92
Specificity 88.48 92.21 96.78 99.05
Precision 71.54 75.04 89.75 96.88
Accuracy 87.64 86.88 93.74 96.52

Table 3.17: The confusion matrix of the SVM with PCA model
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Figure 3.14: The SVM with PCA cross validation statistics

3.2.3.3 SVM with tSNE model

The following Table 3.18 shows the performance results for SVM with tSNE
model in average based on 10-fold cross validation procedure. The SVM
with tSNE model detected 1531.6 normal beats and 3460.4 normal beats
were detected wrongly. For the PVC class, the model correctly identified
1589.8 beats and misclassified 3402.2 beats. The AP class gets the following
results: 641.3 beats were correctly classified and in opposite the AP class
gets 4350.7 misclassified beats. For the last class, the RBBB, the SVM with
tSNE correctly classified 1729.9 beats and misclassified 3262.1 beats. Figure
3.15 shows the sensitivity, precision, specificity and accuracy results for each
cross validation fold. Note that, the x-axis of Figure 3.15 represents 10 folds
and y-axis shows the result in percentage (higher is better).
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Normal PVC AP RBBB
Normal 1531.6 1500.3 619.8 1340.3

PVC 1451.0 1589.8 643.5 1307.7
AP 1403.3 1629.1 641.3 1318.3

RBBB 1384.8 1694.9 182.4 1729.9
Sensitivity 30.68 31.85 12.85 34.65
Specificity 71.69 67.79 90.35 73.52
Precision 26.64 25.03 29.72 30.11
Accuracy 61.44 58.8 70.97 63.8

Table 3.18: The confusion matrix of the SVM with tSNE model

Figure 3.15: The SVM with tSNE cross validation statistics

3.2.3.4 SVM with HessianLLE

Table 3.19 shows the performance results for NN classifier in average based
on 10-fold cross validation procedure. The model SVM with HessianLLE
detected correctly 1549.7 normal beats and wrongly 3442.3 normal beats
as other class. Second class was PVC class and Table 3.19 shows that the
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model SVM with HessianLLE correctly detected 1539.7 beats, but there were
misclasified 3452.3 beats. The model for the AP class brings following results:
there were 1335.4 correctly annotated beats and incorrectly annotated 3656.6
beats. Last class was RBBB beats. The RBBB class gets following results:
1725.3 beats were correctly detected and 3266.7 beats were wrongly detected.
Figure 3.16 shows the sensitivity, precision, specificity and accuracy results
for each cross validation fold. Note that, the x-axis of Figure 3.16 represents
10 folds and y-axis shows the result in percentage (higher is better).

Normal PVC AP RBBB
Normal 1549.7 1511.8 839.9 1090.6

PVC 1223.3 1539.7 1088.1 1140.9
AP 1167.6 1460.7 1335.4 1028.3

RBBB 1240.7 1438.0 588.0 1725.3
Sensitivity 31.04 30.84 26.75 34.56
Specificity 75.75 70.55 83.2 78.23
Precision 29.97 26.18 34.64 34.64
Accuracy 64.57 60.62 69.09 67.32

Table 3.19: The confusion matrix of the SVM with HessianLLE model
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Figure 3.16: The SVM with HessianLLE cross validation statistics

3.2.3.5 SVM with ProbPCA

The following Table 3.20 shows the performance results for SVM with Prob-
PCA model in average based on 10-fold cross validation procedure. More
concretely, the model correctly detected 3601.9 normal beats, whereas the
model misclasified 1390.1 normal beats as other class. For second class,
the PVC class, there were 3430.7 correctly classified beats and misclassi-
fied 1561.3 beats. For third class, the AP class, there were 3069.8 correctly
predicted beats and in opposite 1922.2 wrongly predicted beats. Last class
was the RBBB class. Concretely, the model correctly predicted 4169.8 beats
and 822.2 beats were incorrectly predicted. Figure 3.17 shows the sensitivity,
precision, specificity and accuracy results for each cross validation fold. Note
that, the x-axis of Figure 3.17 represents 10 folds and y-axis shows the result
in percentage (higher is better).
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Normal PVC AP RBBB
Normal 3601.9 388.0 517.0 485.1

PVC 925.1 3430.7 488.0 148.2
AP 684.4 1181.3 3069.8 56.5

RBBB 769.2 44.4 8.6 4169.8
Sensitivity 72.15 68.72 61.49 83.53
Specificity 84.12 89.22 93.23 95.39
Precision 60.42 68.05 75.09 85.81
Accuracy 81.13 84.1 85.3 92.43

Table 3.20: The confusion matrix of the SVM with ProbPCA model

Figure 3.17: The SVM with ProbPCA cross validation statistics

3.2.3.6 LDA with AE model

The following Table 3.21 shows the performance results for LDA with Au-
toencoder model in average based on 10-fold cross validation procedure.
The LDA with Autoencoder model correctly detected 1571.7 normal beats,
whereas the LDA with Autoenocer model misclasified 3420.3 normal beats
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as other class. In case of the PVC class there were 1340.9 correctly classified
beats and misclassified 3651.1 beats. The model had in case of the AP beats
1652.5 correctly classified beats and in opposite 3339.5 misclassified beats.
For the last class, the RBBB class, the model achieved following results:
there were 1631.1 correctly predicted and 3360.9 incorrectly predicted beats.
Figure 3.18 shows the sensitivity, precision, specificity and accuracy results
for each cross validation fold. Note that, the x-axis of Figure 3.18 represents
10 folds and y-axis shows the result in percentage (higher is better).

Normal PVC AP RBBB
Normal 1571.7 1303.4 993.3 1123.6

PVC 1202.7 1340.9 1245.5 1202.9
AP 1226.0 1335.2 1652.5 778.3

RBBB 1253.6 1313.9 793.4 1631.1
Sensitivity 31.48 26.86 33.1 32.67
Specificity 75.41 73.61 79.75 79.27
Precision 30.03 25.4 35.26 34.46
Accuracy 64.43 61.92 68.09 67.62

Table 3.21: The confusion matrix of the LDA with AE model
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Figure 3.18: The LDA with AE cross validation statistics

3.2.3.7 LDA with PCA model

The following Table 3.22 shows the performance results for the LDA with
PCA model in average based on 10-fold cross validation procedure. There
were predicted 4160.9 correclty beats and 831.1 incorrectly beats as other
class in the case of the normal class. In case of the PVC class there were
3436.6 correctly classified beats and misclassified 1555.4 beats. The LDA
with PCA model correctly detected 4189.1 beats and in opposite incorrectly
detected 802.9 beats in case of the AP class. The model correctly determined
4383.3 beats and wronly determined 608.7 beats. Figure 3.19 shows the
sensitivity, precision, specificity and accuracy results for each cross validation
fold. Note that, the x-axis of Figure 3.19 represents 10 folds and y-axis shows
the result in percentage (higher is better).
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Normal PVC AP RBBB
Normal 4160.9 572.9 134.2 124.0

PVC 1184.7 3436.6 349.9 20.8
AP 200.0 599.8 4189.1 3.1

RBBB 460.8 113.9 34.0 4383.3
Sensitivity 83.35 68.84 83.92 87.81
Specificity 87.68 91.41 96.54 99.01
Precision 69.34 72.75 89.01 96.75
Accuracy 86.6 85.77 93.38 96.21

Table 3.22: The confusion matrix of the LDA with PCA model

Figure 3.19: The LDA with PCA cross validation statistics

3.2.3.8 LDA with tSNE model

The following Table 3.23 shows the performance results for LDA with tSNE
classifier in average based on 10-fold cross validation procedure. The classifier
predicted 1531.6 normal beats, and misclasified 3460.4 normal beats as other
class. For the class PVC there were 1589.8 correctly classified beats and
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misclassified 3402.2 beats. The model classified correctly 641.3 beats but
the model misclassified 4350.7 beats in the case of the AP class. Lastly, the
model achieved determined correctly 1729.9 as RBBB beats and the model
incorrectly predict 3262.1 RBBB beats as other class. Figure 3.20 shows the
sensitivity, precision, specificity and accuracy results for each cross validation
fold. Note that, the x-axis of Figure 3.20 represents 10 folds and y-axis shows
the result in percentage (higher is better).

Normal PVC AP RBBB
Normal 1531.6 1500.3 619.8 1340.3

PVC 1451.0 1589.8 643.5 1307.7
AP 1403.3 1629.1 641.3 1318.3

RBBB 1384.8 1694.9 182.4 1729.9
Sensitivity 30.68 31.85 12.85 34.65
Specificity 71.69 67.79 90.35 73.52
Precision 26.64 25.03 29.72 30.11
Accuracy 61.44 58.8 70.97 63.8

Table 3.23: The confusion matrix of the LDA with tSNE model
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Figure 3.20: The LDA with tSNE cross validation statistics

3.2.3.9 LDA with HessianLLE model

Table 3.24 shows the performance results for the LDA with HessianLLE
model in average based on 10-fold cross validation procedure. The LDA with
HessianLLE model achieved following results: for the Normal class the LDA
with HessianLLE model correctly predicted 1549.7 beats and misclassified
3442.3 beats as other class. The 1539.7 PVC beats were correclty identified
by the model and 3452.3 PVC beats were misclassified. The model correctly
determined 1335.4 beats and incorrectly predicted 3656.6 beats in case of the
AP class. Also Table 3.24 shows the LDA with HessianLLE model correctly
predicted 1725.3 beats and misclassified 3266.7 beats in case of RBBB class.
Figure 3.21 shows the sensitivity, precision, specificity and accuracy results
for each cross validation fold.
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Normal PVC AP RBBB
Normal 1549.7 1511.8 839.9 1090.6

PVC 1223.3 1539.7 1088.1 1140.9
AP 1167.6 1460.7 1335.4 1028.3

RBBB 1240.7 1438.0 588.0 1725.3
Sensitivity 31.04 30.84 26.75 34.56
Specificity 75.75 70.55 83.2 78.23
Precision 29.97 26.18 34.64 34.64
Accuracy 64.57 60.62 69.09 67.32

Table 3.24: The confusion matrix of the LDA with HessianLLE model

Figure 3.21: The LDA with HessianLLE model cross validation statistics

3.2.3.10 LDA with ProbPCA model

The following Table 3.6 shows the performance results for LDA with Prob-
PCA model in average based on 10-fold cross validation procedure. More
concretely, the model correctly detected 3601.9 normal beats, whereas the
LDA with ProbPCA model misclasified 1261.1 normal beats as other class.
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There were 3430.7 correctly classified beats and misclassified 1561.3 beats
in case of the PVC class. For the third class, the AP class, the SVM model
correctly predicted 3069.8 beats and in opposite 1922.2 misclassified beats.
Last class was RBBB class. The model fort this class achieved 4169.8 cor-
rectly beats and 822.2 beats incorrectly detected as other class. Figure 3.22
shows the sensitivity, precision, specificity and accuracy results for each cross
validation fold. Note that, the x-axis of Figure 3.22 represents 10 folds and
y-axis shows the result in percentage (higher is better).

Normal PVC AP RBBB
Normal 3601.9 388.0 517.0 485.1

PVC 925.1 3430.7 488.0 148.2
AP 684.4 1181.3 3069.8 56.5

RBBB 769.2 44.4 8.6 4169.8
Sensitivity 72.15 68.72 61.49 83.53
Specificity 84.12 89.22 93.23 95.39
Precision 60.42 68.05 75.09 85.81
Accuracy 81.13 84.1 85.3 92.43

Table 3.25: The confusion matrix of the LDA with ProbPCA model



92

Figure 3.22: The LDA with ProbPCA model cross validation statistics

3.2.3.11 NN with AE model

The following Table 3.6 shows the performance results for NN with Autoen-
coder model in average based on 10-fold cross validation procedure. There
were correctly detected 2767.8 normal beats and misclasified 2224.2 normal
beats by the model. For the second class, the PVC class, there were 2087.0
correctly classified beats and misclassified 2905 beats. Next class was the
AP class. The model achieved 4252.4 correctly classified beats and in op-
posite 709.6 misclassified beats for the AP class. Lastly, Table 3.26 shows,
that the model achieved following results: 4114.1 correctly classified beats
and 877.9 incorrectly classified beats. Figure 3.23 shows the sensitivity, pre-
cision, specificity and accuracy results for each cross validation fold. Note
that, the x-axis of Figure 3.23 represents 10 folds and y-axis shows the result
in percentage (higher is better).
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Normal PVC AP RBBB
Normal 2767.8 153.9 1550.1 520.2

PVC 273.8 2087.0 2515.5 115.7
AP 287.8 317.8 4252.4 134.0

RBBB 287.2 145.8 444.9 4114.1
Sensitivity 55.44 41.81 85.18 82.41
Specificity 94.33 95.88 69.88 94.86
Precision 80.01 78.42 51.8 85.93
Accuracy 84.61 82.36 73.71 91.75

Table 3.26: The confusion matrix of the NN with AE model

Figure 3.23: The NN with AE cross validation statistics

3.2.3.12 NN with PCA model

The following Table 3.6 shows the performance results for NN with PCA
model in average based on 10-fold cross validation procedure. There were cor-
rectly classified 3915.2 normal beats, whereas the model misclasified 1076.8
normal beats as different class. In case of PVC there were 2789.6 correctly
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classified beats and model misclassified 2202.4 beats. As Table 3.27 shows,
for the AP class the classifier correctly determined 4467.3 beats and in op-
posite there were 524.7 misclassified beats. The model predicted correctly
4784.3 beats and predicted incorrectly 207.7 beats. Figure 3.24 shows the
sensitivity, precision, specificity and accuracy results for each cross valida-
tion fold. Note that, the x-axis of Figure 3.24 represents 10 folds and y-axis
shows the result in percentage (higher is better).

Normal PVC AP RBBB
Normal 3915.2 82.5 890.1 104.2

PVC 927.3 2789.6 947.3 327.8
AP 126.9 378.2 4467.3 19.6

RBBB 146.9 22.2 38.6 4784.3
Sensitivity 78.43 55.88 89.49 95.84
Specificity 91.98 96.78 87.47 96.98
Precision 78.37 84.42 73.94 91.95
Accuracy 88.59 86.55 87.98 96.7

Table 3.27: The confusion matrix of the NN with PCA model
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Figure 3.24: The NN with PCA cross validation statistics

3.2.3.13 NN with tSNE model

The following Table 3.6 shows the performance results for NN with tSNE
classifier in average based on 10-fold cross validation procedure. The classifier
predicted correctly 3277.1 normal beats, whereas the classifier misclasified
1714.9 normal beats as different class. In case of the PVC class, there were
3559.1 correctly classified beats and the NN model misclassified 1432.9 beats.
For third class, the AP class, the model determined correctly 1822.0 beats
and in opposite 3170 misclassified beats. For the RBBB class the model
determined correctly 3329.9 beats but 1662.1 beats were mislcassified by
the model as different class. Figure 3.25 shows the sensitivity, precision,
specificity and accuracy results for each cross validation fold. Note that,
the x-axis of Figure 3.25 represents 10 folds and y-axis shows the result in
percentage (higher is better).
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Normal PVC AP RBBB
Normal 3277.1 608.6 708.0 398.3

PVC 229.0 3559.1 914.2 289.7
AP 672.1 2216.2 1822.0 281.7

RBBB 541.9 838.3 281.9 3329.9
Sensitivity 65.65 71.3 36.5 66.7
Specificity 90.36 75.54 87.29 93.52
Precision 76.05 53.62 49.85 82.38
Accuracy 84.19 74.48 74.59 86.82

Table 3.28: The confusion matrix of the NN with tSNE model

Figure 3.25: The NN with tSNE cross validation statistics

3.2.3.14 NN with HessianLLE model

The following Table 3.6 shows the performance results for NN with Hessian-
LLE classifier in average based on 10-fold cross validation procedure. The
model achieved following results for the normal class: there were detected
correctly 3503.1 normal beats and misclassiefied 1488.9 normal beats as dif-
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ferent class. In case of the second class, the PVC class, the model predicted
correctly 3848.2 beats and misclassified 1143.8 beats. For the AP class, the
NN classifier determined correctly 3730.9 beats and in opposite 1261.1 mis-
classified beats. For the last RBBB class, the model predicted 4463.7 beats
and 528.3 beats were misclassified. Figure 3.26 shows the sensitivity, pre-
cision, specificity and accuracy results for each cross validation fold. Note
that, the x-axis of Figure 3.26 represents 10 folds and y-axis shows the result
in percentage (higher is better).

Normal PVC AP RBBB
Normal 3503.1 633.4 646.3 209.2

PVC 228.9 3848.2 800.2 114.7
AP 310.3 920.5 3730.9 30.3

RBBB 214.7 258.8 54.8 4463.7
Sensitivity 70.17 77.09 74.74 89.42
Specificity 94.97 87.9 89.98 97.63
Precision 83.58 68.75 77.63 93.11
Accuracy 88.77 85.19 86.17 95.58

Table 3.29: The confusion matrix of the NN with HessianLLE model
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Figure 3.26: The NN with HessianLLE cross validation statistics

3.2.3.15 NN with ProbPCA model

The following Table 3.6 shows the performance results for NN with ProbPCA
classifier in average based on 10-fold cross validation procedure. The model
correctly detected 3264.9 beats as normal beats, whereas the model mis-
clasified 1727.1 beats as different class. Table 3.30 shows there ware 3052.8
correctly classified beats and 1939.2 misclassified beats in case of the PVC
class. Also Table 3.30 shows that the model determined correctly 3350.3
AP beats and in opposite 1641.7 AP beats were misclassified. The NN with
ProbPCA classifier achieved following results: there were correctly annotated
4682.7 RBBB beats and 309.3 RBBB beats were incorrectly annotated. Fig-
ure 3.27 shows the sensitivity, precision, specificity and accuracy results for
each cross validation fold. Note that, the x-axis of Figure 3.27 represents 10
folds and y-axis shows the result in percentage (higher is better).
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Normal PVC AP RBBB
Normal 3264.9 1017.6 675.1 34.4

PVC 902.3 3052.8 1002.8 34.1
AP 232.7 1392.6 3350.3 16.4

RBBB 254.1 39.3 15.9 4682.7
Sensitivity 65.4 61.15 67.11 93.8
Specificity 90.72 83.64 88.69 99.43
Precision 73.6 55.82 68.22 98.23
Accuracy 84.39 78.02 83.3 98.03

Table 3.30: The confusion matrix of the NN with ProbPCA model

Figure 3.27: The NN with ProbPCA cross validation statistics

3.2.3.16 GBM with AE model

The following Table 3.31 shows the performance results for the GBM with
AE classifier in average based on 10-fold cross validation procedure. The
model correctly detected 3798.0 beats as normal beats, whereas the model
misclasified 1194 beats as different class. Also the classifier identified cor-
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rectly 3992.4 beats and misclassified 999.6 beats in case of the PVC class.
Table 3.31 shows the model predicted correctly 2428.7 beats and in opposite
the model misclassified 2563.3 beats for the class AP. The GBM with AE
classifier achieved following results: there were correctly annotated 3693.4
RBBB beats and 1298.6 RBBB beats were incorrectly annotated. Figure
3.28 shows the sensitivity, precision, specificity and accuracy results for each
cross validation fold. Note that, the x-axis of Figure 3.28 represents 10 folds
and y-axis shows the result in percentage (higher is better).

Normal PVC AP RBBB
Normal 3798.0 402.1 164.0 627.9

PVC 257.2 3992.4 152.7 589.7
AP 500.1 1644.0 2428.7 419.2

RBBB 718.8 447.8 132.0 3693.4
Sensitivity 76.08 79.98 48.65 73.99
Specificity 90.14 83.35 97.0 89.07
Precision 72.06 62.7 83.84 69.25
Accuracy 86.63 82.5 84.92 85.3

Table 3.31: The confusion matrix of the GBM with AE model
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Figure 3.28: The GBM with AE cross validation statistics

3.2.3.17 GBM with PCA model

The following Table 3.32 shows the performance results for GBM with PCA
classifier in average based on 10-fold cross validation procedure. As Ta-
ble 3.32 shows the model annotated correctly 4833.8 beats as normal beats,
whereas the model misclasified 158.2 beats as different class. Also Table
3.32 shows there were 4813.0 correctly identified beats and 179 misclassified
beats in case of the PVC class. For the third AP class, the model pre-
dicted correctly 4030.4 beats and 961.6 beats were misclassified. At the last,
the model achieved following results: there were correctly annotated 4856.0
RBBB beats and 136 RBBB beats were incorrectly annotated. Figure 3.29
shows the sensitivity, precision, specificity and accuracy results for each cross
validation fold. Note that, the x-axis of Figure 3.29 represents 10 folds and
y-axis shows the result in percentage (higher is better).
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Normal PVC AP RBBB
Normal 4833.8 78.2 62.1 17.9

PVC 127.5 4813.0 39.4 12.1
AP 169.4 787.4 4030.4 4.8

RBBB 49.6 29.6 56.8 4856.0
Sensitivity 96.83 96.41 80.74 97.28
Specificity 97.69 94.02 98.94 99.77
Precision 93.33 84.51 96.18 99.29
Accuracy 97.47 94.62 94.39 99.14

Table 3.32: The confusion matrix of the GBM with PCA model

Figure 3.29: The GBM with PCA cross validation statistics

3.2.3.18 GBM with tSNE model

The following Table 3.33 shows the performance results for GBM with tSNE
classifier in average based on 10-fold cross validation procedure. The model
correctly detected 3918.0 beats as normal beats, whereas the model misclasi-
fied 1074 beats as different class. The model determined correctly 4329.5
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beats and 662.5 misclassified beats in case of the PVC class. For the class
AP, the model predicted correctly 1751.9 beats and in opposite 3240.1 beats
were misclassified. The classifier there annotated correctly 3862.3 beats and
incorrectly 1129.7 beats for the last class. Figure 3.30 shows the sensitivity,
precision, specificity and accuracy results for each cross validation fold. Note
that, the x-axis of Figure 3.30 represents 10 folds and y-axis shows the result
in percentage (higher is better).

Normal PVC AP RBBB
Normal 3918.0 769.1 227.3 77.6

PVC 254.7 4329.5 203.0 204.8
AP 682.7 2359.6 1751.9 197.8

RBBB 503.1 572.1 54.5 3862.3
Sensitivity 78.49 86.73 35.09 77.37
Specificity 90.38 75.29 96.76 96.79
Precision 73.28 55.43 76.52 88.87
Accuracy 87.41 78.15 81.35 91.94

Table 3.33: The confusion matrix of the GBM with tSNE model
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Figure 3.30: The GBM with tSNE cross validation statistics

3.2.3.19 GBM with HessianLLE model

The following Table 3.34 shows the performance results for GBM with Hes-
sianLLE model in average based on 10-fold cross validation procedure. The
model correctly detected 4427.5 beats as normal beats, whereas the model
misclasified 564.5 beats as other class. Table 3.34 shows the model predicted
correctly 4608.6 beats and the model annotated 383.4 misclassified beats in
case of the PVC class. The classifier determined correctly 2918.8 AP beats
and in opposite annotated incorrectly 2073.2 AP beats. Table 3.34 shows
the GBM with HessianLLE classifier identified correctly 4543.4 RBBB beats
and incorrectly 448.6 RBBB beats. Figure 3.31 shows the sensitivity, pre-
cision, specificity and accuracy results for each cross validation fold. Note
that, the x-axis of Figure 3.31 represents 10 folds and y-axis shows the result
in percentage (higher is better).
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Normal PVC AP RBBB
Normal 4427.5 428.9 87.2 48.4

PVC 253.3 4608.6 103.4 26.7
AP 304.6 1760.5 2918.8 8.1

RBBB 123.8 285.2 39.6 4543.4
Sensitivity 88.69 92.32 58.47 91.01
Specificity 95.45 83.48 98.46 99.44
Precision 86.69 66.27 93.02 98.19
Accuracy 93.76 85.69 88.46 97.34

Table 3.34: The confusion matrix of the GBM with HessianLLE model

Figure 3.31: The GBM with HessianLLE cross validation statistics

3.2.3.20 GBM with ProbPCA model

The following Table 3.35 shows the performance results for GBM with Prob-
PCA model in average based on 10-fold cross validation procedure. Table
3.35 shows there were detected correctly 3967.8 beats as normal beats and
also the model misclasified 1024.2 beats as different class. The model anno-
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tated correctly 4437.1 beats and annotated incorrectly 554.9 beats in case
of the PVC class. Also Table 3.30 shows that the classifier predicted cor-
rectly 2071.4 beats and in opposite 2920.6 beats were misclassified for the
AP class. The GBM with ProbPCA model identified correctly 4355.9 beats
and the model identified incorrectly 636.1 beats for the RBBB class. Figure
3.32 shows the sensitivity, precision, specificity and accuracy results for each
cross validation fold. Note that, the x-axis of Figure 3.32 represents 10 folds
and y-axis shows the result in percentage (higher is better).

Normal PVC AP RBBB
Normal 3967.8 725.9 233.2 65.1

PVC 449.2 4437.1 94.2 11.5
AP 729.8 2130.8 2071.4 60.0

RBBB 549.7 58.7 27.7 4355.9
Sensitivity 79.48 88.88 41.49 87.26
Specificity 88.46 80.53 97.63 99.09
Precision 70.06 61.43 84.36 96.94
Accuracy 86.21 82.62 83.6 96.13

Table 3.35: The confusion matrix of the GBM with ProbPCA model



107

Figure 3.32: The GBM with ProbPCA cross validation statistics

3.2.3.21 Results

The experiment shows, the AE in combination with SVM and or LDA model
has the lowest accuracy. Concretely, the accuracy of the SVM with AE is
67.06, 64.72, 70.51 and 70.41 as Table 3.13 above shows. Also Table 3.18
shows that the accuracy of the LDA with AE are very similar with the results
of the SVM with AE: 64.43, 61.92, 68.09 and 67.62. Therefore SVM with
AE model and LDA with AE model are unsuiTable for this classification
task. The AE features extraction technique in the case of the NN and the
GBM models achieved slightly better results. The PCA dimension reduc-
tion significantly help for all models. Especially, the accuracy of the GBM
model with PCA reduction (Table 3.32) achieved the following values: 97.47,
94.62, 94.39 and 99.14. Therefore the model has most higher accuracy in the
experiment. The classifiers LDA and SVM in combination with tSNE and
HessianLLE received worse accuracy in comparison with the the NN and the
GBM classifier with the same feature extraction methods. The last group of
classifiers with using ProbPCA in order to dimension reduction have similar
results as in case of the PCA method. The results were expected because
the ProbPCA is based on the PCA method.
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3.3 Experiments followed by AAMI standards

The Patient-Adapted and the Inter-Patient paradigms are suitable with
AAMI standards. The main difference between these two paradigms and
the Intra-Patient paradigm that was discussed in the previous statements is
not to share the ECG data obtained from the same patient in the training
and testing subsets. The following experiments were performed with using
MIT-BIH database. Table 3.36 summarizes classes, shortcuts, symbols and
number of beats in the MIT-BIH database. The mentioned class V and S
are commonly marked as VEB and SVEB [15]. In order to compare the ap-
proach presented in this thesis with other publications such as [11, 24, 25,
27, 35, 39, 19, 20] the AAMI scheme for MIT-BIH database was applied in
the same way as in [15]. Concretely, the MIT-BIH database was divided into
two subset called DS1 and DS2. Each subset has unique patients that do
not belong to second subset. There are 48 records in the MIT-BIH database.
The DS1 subset has following records: 101, 106, 108, 109, 112, 114, 115, 116,
118, 119, 122, 124, 201, 203, 205, 207, 208, 209, 215, 220, 223, 230 and the
DS2 subset has following records: 100, 103, 105, 111, 113, 117, 121, 123,
200, 202, 210, 212, 213, 214, 219, 221, 222, 228, 231, 232, 233, 234. The DS1
subset represents the training subset and the DS2 subset is denoted to the
testing subset. Table 3.37 summarizes number of heartbeats for each classes
belonging to the DS1 and the DS2 subset.

Class name Shortcut Symbol Number of beats

Normal N N, e, j, L, R 90125
Ventricular Ectopic V V, E 2781

Supraventricular Ectopic S A, a, J, S 7009
Fusion F F 803

Unknown Q U 15

Table 3.36: AAMI annotation groups for MIT-BIH database

Datasets N S V F Q Total
DS1 45866 944 3788 415 8 51021
DS2 44259 1837 3221 388 7 49712
Total 90125 2781 7009 803 15 100733

Table 3.37: The AAMI scheme for MIT-BIH database
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3.3.1 MIT-BIH Patient-Adapted

In this section I present the result obtained from the Patient-Adapted ex-
periment with using GBM and Feed Neural Network model as classificator.
Table 3.38 shows confusion matrix for the DS2 as the testing set. There are
summary of the ECG classification results for the GBM classifier. There are
5 classes (N, S, V, F, and Q) recommended by AAMI standard. As we can
see the class F and Q achieved lower accuracy than classes N, S and V. The
reason why the class F and Q have lower accuracy is lower number of heart-
beats in those classes, see Table 3.36. The algorithms achieved higher true
positive ratio for the class V in compare to the class S. The total accuracy
of the GBM classifier was 97.9 %.

Classifier

T
ru

th

N S V F Q Total
N 43886 140 39 123 0 44188
S 525 1297 13 2 0 1837
V 172 10 3013 25 0 3220
F 70 1 32 285 0 388
Q 4 0 3 0 0 7

Total 44657 1448 3100 435 0 49640

Table 3.38: The confusion matrix of the GBM classifier for DS2 dataset

Table 3.39 shows the confusion matrix for the ANN classifier. There is the
same problem as in the case of the GBM classifier. The classes F and Q have
lower number of heartbeats and therefore again these two classes achieved
lower accuracy in compare to classes N, S and V. The ANN classifier correctly
recognized only 249 S beats of the total 1837 S beats and 1898 V beats of
total 3220 V beats. The classifier was unable to recognize any Q beat due
to a problem with the number of Q beats.

The propsed methods I compared with other existing methods. I compare
our results with [11, 24, 25, 27]. Each of those works have followed AAMI
standard. Table 3.40 shows comparison of the proposed methods with men-
tioned publications. As we can see, proposed methods with GBM, and ANN
clearly outperformed other mentioned methods. First of all, classes F and
Q were avoided from this experiments. As it was discussed several times
before, those classes have lower number of heartbeats and therefore there
is no reason to use F and Q classes for the comparison. Concretely, Table
3.40 shows that proposed method with GBM classifier was higher positive
predictive ratio and specificity for both classes S and V. Also the sensitiv-
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ity of the class V has highest value, 94.0 %. Only in case of the S class
the proposed method with GBM classifier has lower sensitivity ratio. But,
in the whole context of the measured statistics, such as sensitivity, positive
predictivity and specificty, the GBM classifier for class S also achieved bet-
ter performance then other methods. Mainly, the positive predictivity of the
GBM classifier was 89.6 %. Second classifier which we proposed, the ANN
classifier, achieved lower performance than the GBM classifier in both of the
classes S and V.

Classifier

T
ru

th

N S V F Q Total
N 44158 1 28 1 0 44188
S 1433 249 155 0 0 1837
V 1320 2 1898 0 0 3220
F 308 0 48 32 0 388
Q 5 0 2 0 0 7

Total 47224 252 2131 33 0 49640

Table 3.39: The confusion matrix of the ANN classifier for DS2 dataset

Method SVEB VEB
Se Pp Sp Oa Se Pp Sp Oa

de Chazal et
al.[11]

87.7 47 N/A 95.9 94.3 96.2 N/A 99.4

Hu et al.[24] N/A N/A N/A N/A 78.9 75.8 96.8 94.8
Ince et al.[25] 81.8 63.4 98.5 96.1 90.3 92.2 98.8 97.9
Jiang and
Kong[27]

74.9 78.8 98.8 97.5 94.3 95.8 99.4 98.8

Proposed
(GBM)

70 89.6 99.7 98.6 94.3 98.3 99.9 99.5

Proposed
(ANN)

13.6 98.8 99.9 96.8 58.9 91.2 99.6 96.9

Table 3.40: Comparison patient-specific results for DS2 (In percent)

3.3.2 MIT-BIH Inter-Patient Experiments

The most robust paradigm is the Inter-Patient paradigm. It disallows any
patient-specific ECG data in the testing set as it was discussed earlier. There-
fore I tested only the model which achieved the best results from previous
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Classifier

T
ru

th

N S V Total
N 43876 209 107 44192
S 1616 113 107 1836
V 255 15 2950 3220

Total 45747 337 3164 49248

Table 3.41: The confusion matrix of the GBM classifier for Inter-Patient
paradigm and DS2 subset

Method SVEB VEB
Se Pp Sp Oa Se Pp Sp Oa

Lin & Yang[35] 81.0 31.0 N/A N/A 86.0 73.0 N/A N/A
Llamedo &
Martínez[39]

77.0 39.0 95.3 94.7 81.0 87.0 99.0 97.7

Garcia et. al,
2016[19]

30 26 98.3 95.0 85 66 96.2 95.4

Garcia et. al,
2017[20]

62 53 97.9 96.6 87.3 59.4 95.9 95.4

Proposed (GBM) 6.0 33.5 99.5 96.0 91.6 93.2 99.5 99.0

Table 3.42: Compare Inter-Patient results for DS2 (In percent)

experiments (see Table 3.40). Based on the Patien-Adapted experiments
I chose proposed method with GBM classifer to further test and compare
with publications denoted to the Inter-Patient paradigm. Also in this case,
the class F and Q has been removed from the Inter-Patient experiment.
Therefore, only the class N, S and V were employed in order to measure the
performance of the GBM classifier. Firstly, Table 3.1.1 shows the confusion
matrix of the GBM classifier with using the DS2 subset as the testing set.
The GBM classifier has recognized 43876 N beats and 2950 V beats but it
had lower predictivity rate of the S beats. Concretely, it has predicted only
113 S beats of total 1836 S beats.

Table 3.42 shows comparison the proposed method with other state of the
art methods. The GBM model has significantly outperformed other methods
in case of the class V. Concretely, the GBM classifier achieved 91.6 % for
sensitivity, 93.2 % for positive predictivity, 99.5 % for specificity and 99.0 %
accuracy for the class V. But in case of the class S the GBM classifier has
only 6 % sensitivity because it predicted only 113 S beats class of total 1836
S beats.
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3.3.3 Results

The experiments followed by AAMI standard were performed with MIT-BIH
database. The first case was the Patient-Adapted paradigm. In this scenario
there were NN and GBM model. The measured results show the GBM model
outperform state of the art methods for VEB and SVEB heartbeats. In the
second case, Inter-Patient paradigm, the GBM model achieved higher accu-
racy for the VEB class. In summary, the GBM model clearly outperformed
other methods in case of the VEB class and had higher accuracy of the SVEB
class in the Patient-Adapted scenario.
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4. Discussion and Conclusions

In this thesis I proposed novel approach to detect the ECG heartbeat ar-
rhythmia. Firstly, I defined what is time series and introduced the ECG
signal as a kind of the time series. Alongside the definition of the ECG time
series there is definition of the heartbeat and how could be decomposed into
smaller parts that could help for better classification results. Next I dis-
cussed about the three basic paradigms for the ECG arrhythmia detection
that has to be taken into account. Specifically, there is mentioned problem
with Intra-Patient paradigm and how to solve it by using AAMI standard
that offer more realistic scenario how to evaluate classification an expert
system in the task of detection the ECG arrhythmia. Besides the Intra-
Patient experiments I performed also the Patient-Adapted and Inter-Patient
experiments in accordance the AAMI standard. In the chapter 2 I discussed
the possibilities of the machine learning technique in order to detect the
ECG arrhythmia in general. Besides two categories of the machine learn-
ing: supervised and unsupervised, I mentioned concrete models belonging
into those categories. For example, the HLLE or t-SNE belonging to un-
supervised learning methods and represent a way how to map an original
input space to a new reduced space using the non-linear transformation are
defined in Chapter Unsupervised Learning. One of state of the art represen-
tative belongs to supervised learning that is commonly used in the task of
the classification is Neural Network or Gradient Boosting model. These two
classification models became also as a basic solution for my proposed method
to classify the ECG arrhythmia. One of the integral part of an automated
classification task in ECG arrhythmia alongside the knowledge the machine
learning is also statistical approaches to measure performance of proposed
expert system. The statistical methods offer a way how to measure the per-
ofmance and the robustness of such system. Therefore Chapter Perfomance
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is denoted to the confusion matrix and statistical metrics to uncover true
properties of the classification solution such as specificity, sensitivity, posi-
tive predictivity and overall accuracy. In order to measure robustness of the
proposed solution there is mentioned the cross validation technique. In the
last Chapter Experiments and results I discussed about proposed solution
for the detection of the ECG arrhythmia. Firstly, I propose the method-
ology of all my experiments. Especially I showed how the ECG signal was
preprocessed, how the important features were extracted from the prepro-
cessed ECG signal and explained how I evaluated the proposed solution for
each experiment regardless of used paradigm. The raw ECG signal was clean
from noise with wavelet transformation and it was normalized. In phase of
the feature selection I extracted morphological properties from preprocessed
ECG signal by using Auto-Encoder model. In this phase I added to selected
features also temporal features such as length of the R-R interval between
heartbeats. Next I focused on the experiments denoted to Intra-Patient
paradigm. In that scenario I included five classificator defined in Chapter
Machine Learning and I measured accuracy of such soluton. Concretely, I
used SVM, LDA, NN and GBM models and compared to each other. The
comparison was perfomed over three ECG databases: MIT-BIH, Physionet
Challenge 2017 and INCART. The results obtained from Intra-Patient ex-
periments served as an input to more realistic paradigms. Therefore based
on the results I chose the NN and GBM as part of the classification solution
for Patient-Adapted and Inter-Patient paradigms.

The Intra-Patient experiments bring following results: the GBM model
achieved promising results over all intra-patient epxeriments. In the experi-
ment using MIT-BIH database the GBM has very high accuracy. Concretely,
95.56% Normal beats, 94.36% PVC beats, 91.33% for AP and 96.69% of
RBBB beats. The Physionet 2017 database brings lower accuracy in general.
There were promising results of the GBM classifier in the INCART database.
The GBM model with PCA reduction method had following results: 97.47%
Normal beats, 94.62% PVC beats, 94.39% AP beats and 99.14% RBBB
beats. Therefore the GBM was chosen to the Patient-Adapted and the Inter-
Patient experiments to further exploration. I added Neural Network as an
alternative to GBM model because of the reason that was mentioned in the
introduction section of the AAMI experiments.

In the Patient-Adapted and the Inter-Patient experiments I compare two
classifiers, namely GBM and NN and also their results with other state-of-
the art approaches. Moreover, the Auto-Encoder model was chosen as an
approach to extract important features from morphological characteristics
of the preprocessed ECG signal. Again, the GBM classifier had significantly
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better results in particular ECG classes. The GBM classifier had overal
accuracy 98.6% for the SVEB class and 99.5% for the VEB class in Patient-
Adapted experiment. The other important statistical metrics sensitivity and
positive predictivity, the GBM model obtain 94.3% and 98.3% respectively
for the VEB class. The same model achieved 99.0% accuracy with 93.2%
positive predictivty for VEB class in the Inter-Patient experiment.

In summary, the results obtained in the thesis implies the proposed novel
method consisting of the Auto-Encoder model for the feature extraction and
the GBM classifier has suitable accuracy to use it in the expert system for
ECG arrhythmida detection. Both main part of such solution, the Auto-
Encoder model and GBM classifier can easily train on new ECG patterns or
integrate the model into more complex solution as a part of the advanced
medical system. The focus of the future work will be increasing accuracy
of Supraventricular Ectopic heartbeats, mainly in the context of the Inter-
Patient paradigm.
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